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Abstract
This dissertation proposes a novel computational method for quantitatively describing the
spatial behavior of building occupants to be used as a complement to qualitative techniques in
post-occupancy evaluations.
The main elements of the proposed method are, first, a comprehensive computational
assessment framework of behavioral variables and metrics that describe a wide variety of patterns
of presence, movement, and spatial activity; and second, a computer vision algorithm that
captures anonymous, high-resolution spatiotemporal data in a more efficient and accurate manner
than comparable benchmarks. The proposed method is conceptually grounded in an architectureoriented redefinition of the notion of spatial behavior, and in a thorough analysis of the limitations
of current post-occupancy evaluation protocols.
The method was evaluated and validated in a series of case studies of post-occupancy
evaluations of occupants’ spatial behavior in different university buildings. The results
demonstrated the robustness, convenience, and applicability of the method, even in challenging
situations of complex spatial configurations and privacy-sensitive environments. The method is
simple to implement, flexible to adapt to multiple contexts, and cost-efficient, making it potentially
competitive for scalable massive applications.
Ultimately, the study contributes to the use of computational methods to enhance the flow
of information from occupation to design and the development of a data-driven culture in the
building industry.
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1. INTRODUCTION

1

1.1.

Problem statement

Frequently occupants use buildings in ways that are much less efficient than what building
designers and managers expect. The most visible examples are buildings with constantly empty
or overcrowded rooms, buildings requiring “renovations” shortly after delivery, air conditioning
systems operating at full capacity with no activity taking place inside, improvised signs on door
and hallways directing lost visitors, decommissioned or repurposed facilities due to low use, lights
on in empty spaces, and many other similar situations. Far from being mere anecdotes of the
inefficiencies of the building industry, these problems have profound consequences. In the United
States, less than 40% of the workspaces in a typical office building are actually used during a
normal day (Hurley 2018, Eldib et al. 2016, GSA 2011); a space inefficiency that costs more than
$220 billion in the U.S. and $1.5 trillion worldwide (Bean 2017). Unexpected occupant behavior
related to building systems, such as operating thermostats and switching lights on/off, has a
substantial impact on the energy performance of the building, causing up to 50% of the overall
energy consumption —a factor that can be more decisive than the insulation or the thermal
properties of the façade (Happle et al. 2018, Schweiker et al. 2018, Tam et al. 2018, Asadi et al.
2017, Delzendeh et al. 2017). Less visible but equally detrimental are problems of airport delays
and passengers missing flights due to ineffective wayfinding behavior (Krijnen et al. 2009,
Takakuwa and Oyama 2003), low productivity in offices due to layouts that do not reflect the work
dynamics of the employees (Alavi et al. 2018, Verma et al. 2017, Sailer and McCulloh 2012, Knapp
et al. 2009), ineffective product placement in retail stores due to erroneous assumptions about
consumer behavior (Larson et al. 2005, Sorensen 2003), casualties and injuries during
emergencies due to evacuation routes that do not consider the particularities of crowding behavior
(Kobes et al. 2010, Sagun et al. 2011, Ronchi and Nilsson 2013), low occupancy in libraries and
academic buildings due to spaces that are hostile to contemporary digital learning strategies
(Scarletto et al. 2013, Simpson and Given 2013, Wang and Shao 2018), exhibitions that go
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unnoticed in museums due to confusing circulation schemes (Tzortzi 2004, Psarra 2007, Wineman
and Peponis 2010, Krukar 2015), and the list goes on and on.
There is consensus that the root of the problem is not a designers’ lack of interest in
human behavior, but really a broken feedback loop in the industry that prevents designers from
having sufficient information to understand how occupants use buildings (Deutsch 2015a, 2015b,
Göçer et al. 2015). In fact, once buildings are delivered to owners, very little information on the
behavior of occupants is collected, if any. Facility managers gather information on building
systems performance, energy consumption, and operating costs, but not on occupant behavior.
Information tools available to architects and engineers, such as Building Information Modeling
(BIM), Building Automation Systems (BAS), or Building Management Systems (BMS), do not
include any data on occupants. Other traditional design knowledge sources such as programming
guides, design handbooks, and building codes only cover the topic tangentially and generically
(Peña and Parshall 2012, Cherry and Petronis 2016). As a result, designers are forced to make
crucial decisions related to human behavior based only on a dangerous combination of intuition,
tacit knowledge, and anecdotal references. For instance, the commonplace “photorealistic”
images that designers produce to illustrate (i.e., predict) how a project will be used are seldom
backed by any data or tested in real life, but rather are only based on the free imagination of the
rendering artists. Unfortunately, numerous studies have proven that frequently these design
predictions are wrong; human behavior is too complex to be predicted accurately based only on
simple or generic assumptions alone (Bennett 1977, Deasy and Lasswell 1985, Caulfield 2008,
Birt and Newsham 2009, Schakib-Ekbatan et al. 2015, Caplan 2016, Coffin and Young 2017).
The industry’s default answer to this issue is the Post-Occupancy Evaluation (POE), the
last step of the design professional services in which buildings are evaluated to make sure they
meet the expected performance, and if not, make recommendations to improve their operation
and capture lessons-learned for future projects (AIA 2014, RIBA 2013, Preiser et al. 2017). Different
from other purely technical assessments (e.g., building commissioning), a POE is an occupant-
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centric evaluation focused on the understanding of how people use buildings (Preiser et al. 1988,
Baird et al. 1996, Hiromoto 2015, BRE 2017). By definition, POE represents the pivotal step in the
building delivery process that enables the collection and flow of information from the occupation
to design, and in turn, the accumulation of knowledge for the benefit of all stakeholders (Hadjri
and Crozier 2009, Göçer et al. 2015). Numerous authors and public and private institutions
recognize the value of POEs for improving occupants’ experiences in buildings, and therefore,
support, encourage, or even mandate their use (Clark 2016, Meir et al. 2009, FFC 2002). However,
POEs are also criticized because they are expensive and complicated to implement, usually entail
contentious legal consequences, and their qualitative methods yield results that are subjective,
anecdotal, non-transferable, and impractical for design professionals (Cooper 2001, Roberts
2001, Zimmerman and Martin 2001, Hadjri and Crozier 2009, Wener et al. 2016, Hay et al. 2017,
2018, Brown 2018). Consequently, POEs today are in a rather paradoxical situation: while on the
conceptual level they are widely praised as valuable tools for obtaining feedback and building a
disciplinary body of knowledge, at a practical level they are heavily questioned about their real
applicability and effectivity and rarely used in the industry.
In response to this worrying scenario, practitioners and researchers have suggested
exploring other methods based on physical and digital technologies to obtain information on
occupant behavior in a more objective and convenient manner (Deutsch 2015a, 2015b, Malone
2018, Pease 2018, Peters 2018a, Sullivan and Abarbanel-Grossman 2019). The sharp decline in
the cost of sensing electronics paired with the rise of powerful data analysis techniques based on
machine learning methods have fueled the aspiration to use these technologies to unveil patterns
of occupant behavior that provide a broader and deeper understanding of how buildings are used
(Derix and Izaki 2013, Izaki and Helme 2014, Berger and Mathew 2016). For example, an approach
that has received much attention is the use of environmental sensors to detect occupancy patterns
by monitoring changes in physical variables that are affected by human presence: temperature,
humidity, light, sound, carbon monoxide (CO), carbon dioxide (CO2) (Gilani and O’Brien 2017,
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Chen et al. 2018, Jin et al. 2018). Mechanical sensors (e.g., piezoelectric mats) have also been
used in similar ways. Another popular approach is using Wi-Fi tracking to monitor presence and
movement in buildings where occupants typically rely on the open networks, such as libraries,
dorms, and shared office spaces (Dong et al. 2011, Martani et al. 2012, Balaji et al. 2013, Lin and
Huang 2018, Wang and Shao 2018). Similarly, radio-frequency identification (RFID) has been used
to study movement patterns, for example, using tagged shopping carts in grocery stores
(Sorensen 2003, Larson et al. 2005), or personal IDs in office buildings (Li et al. 2012, Manzoor et
al. 2012). Although promising, results have fallen short in accuracy and simplicity. Environmental
and mechanical sensing can only provide general occupancy data at a coarse resolution which is
not enough for the types of fine spatial analysis that designers need. On the other hand, RFID,
Bluetooth, Wi-Fi, and other radio-based tracking technologies can provide fine-grained data, but
require direct user participation—with individuals either carrying an RFID/Bluetooth tag or
authorizing the tracking of personal devices—which immediately limit their scalability to massive
applications.
Computer vision (CV) technology appears as a logical alternative since in theory it allows
the collection of data with high spatiotemporal resolution without requiring the participation or
intervention of occupants (Geronimo et al. 2010, Paul et al. 2013, Benenson et al. 2015, Nguyen
et al. 2016, Brunetti et al. 2018). The extraordinary applications of CV in other industries are,
without a doubt, powerful motivators for exploring the possibilities of the technology in buildings,
but transferring the techniques to buildings pose a whole new set of technical and methodological
challenges that remain unresolved. In the first place, computer vision technologies raise serious
privacy concerns, to the point that most regulations simply prohibit capturing images or video in
buildings. Without guaranteeing the protection of privacy of building occupants, any use of CV for
occupant behavior studies is essentially unfeasible. In second place is the issue of the increasing
requirements of computing power for CV methods —particularly those based on convolutional
neural networks— which is a technical obstacle that seriously threaten the scalability and

5

economic viability of their application in the building industry. Next in order are the issues of
accuracy and reliability of the algorithms, as many CV methods have been developed for other
contexts considerably different (e.g., self-driving cars) and their utilization in indoor building
settings is not trivial. There are also crucial methodological aspects to be addressed. It is unknown
what specific occupant behaviors can be observed with CV techniques and which ones are useful
to inform building design and management decisions. There are no metrics for describing and
assessing occupant behavior with CV methods, nor standard computational methodologies for
collecting and structuring the data. And finally, it is not clear how to integrate these technologies
with the existing POE frameworks to produce actionable information for building designers and
managers.
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1.2.

Purpose and objectives

The purpose of this study is to explore how computer vision technologies can be used to
analyze quantitatively the spatial behavior of building occupants in order to augment qualitative
assessments in post-occupancy evaluations.
Conceptually, the study is situated at the intersection of three currently disconnected
areas of research: spatial behavior —a subset of occupant behavior that is especially relevant for
architects—, post-occupancy evaluation, and computer vision technologies (Figure 1).

Occupant
(Spatial)
Behavior

PostOccupancy
Evaluation

Computer
Vision

Figure 1: Research area of the study.

The specific research objectives of the study are:
1.

To propose a conceptual definition of spatial behavior in buildings

2.

To examine what data on spatial behavior is collected by contemporary post-occupancy
evaluation protocols and identify what information could be added or redefined using
quantitative computational methods.

3.

To propose a computational assessment framework for describing and measuring spatial
behavior using computational methods.
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4.

To evaluate the performance of existing computer vision methods in collecting
anonymous, fine-grained spatial behavior data and to determine the best technique for
massive applications in the building industry

5.

To prototype and demonstrate at the level of proof-of-concept the application of the
proposed computational method for analyzing spatial behavior in buildings.
The significance of the study lies in the growing need of the building industry to have more

robust and convenient methods to evaluate occupant behavior in buildings, which, in turn, would
support designers and managers in the disciplinary duty of providing buildings that respond more
directly and efficiently to the actual needs and actions of their occupants.
At a more general level, the ultimate aspiration in this study is to contribute to enhancing
the flow of information from occupation to design, promoting the development of a data-driven
culture in the building industry.
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1.3.

Overview of the study

The research process began with a detailed review of the literature, which is summarized
in Chapter 2. Additional literature was subsequently reviewed throughout the study, but it was
ultimately compiled and reorganized in this chapter for the convenience of the reader. The
literature review had a hybrid interdisciplinary nature covering the impact of occupant behavior on
building performance (§2.2), fundamental concepts and research methods on occupant behavior
in environmental psychology (§2.3), the availability of occupant-related information in architectural
design (§2.4), the definition, historical development, and current status of post-occupancy
evaluation (§2.5), contemporary occupant sensing technologies (§2.6), and advances in computer
vision methods for people detection (§2.7).
An important finding of the literature review was the identification of a critical gap in the
delimitation of the concept of occupant behavior in architecture, which, if it had not been
addressed, it would have posed significant methodological challenges for the subsequent steps
of the research. Chapter 3 discusses this gap and, in response, presents a revised (re)definition
of the concept of “spatial behavior” to act as a conceptual umbrella and delimiter of the scope of
the research.
Then, the research strategy was organized as three semi-consecutive, interrelated
projects addressing the three different sides of the research problem (Figure 1): an analysis of
current POE protocols, the definition of a computational assessment framework for measuring
spatial behavior, and the development of a novel computer vision technique for analyzing spatial
behavior.
The first project, presented in Chapter 4, was a comparative analysis of contemporary
post-occupancy evaluation protocols from a methodological perspective to determine how these
protocols are or can be used to evaluate spatial behavior of building occupants. The original
objective was to identify qualitative behavioral variables that later could be redefined based on
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quantitative computational metrics, but, as results showed that POEs collect very little or no data
on spatial behavior, the analysis shifted to identify methodological limitations and opportunities of
POEs that eventually could be addressed with computational technologies.
The second project addressed the question of what computational metrics can be used
to describe and analyze spatial behavior. Chapter 5 presents a novel framework of nine main
variables and 84 quantitative metrics created specifically to describe spatial behavior using
computational methods for data collection and analysis. After introducing the framework’s
purpose and structure as well as defining each variable and metric, the chapter describes its
computational implementation, testing, and empirical validation.
Chapter 6 describes the third project, an experimental evaluation of existing computer
vision methods for people detection to determine how they could be used for spatial behavior
analysis in buildings. Five different methods were subjected to a number of incremental
performance tests carefully designed to replicate the typical conditions of building applications.
However, as no method met the predefined performance criteria, the study shifted to proposing a
novel integrated method that eventually showed superior performance results while being
completely anonymous, inexpensive, and simple to implement.
With all the conceptual, methodological, and technical foundations already completed,
the next step in the research process was to combine them altogether into an integral method for
spatial behavior evaluation based on computer vision, and then test it in a real-life application.
Chapter 7 shows a case study of post-occupancy evaluation of spatial behavior of several spaces
of a university building. The chapter discusses the technical performance of the method,
compares the method against traditional POE instruments, and discusses the practical
implications of its utilization. The results demonstrate the applicability and efficacy of the method,
acting as a proof-of-concept and fulfilment of the overall objective of the study.
Finally, the last step in the research process was a general discussion of the results,
contribution to the field, and potential future steps, all presented in Chapter 8.
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2.1.

Introduction

Chapter 1 introduced the lack of methods for obtaining feedback on occupant behavior
in buildings as the fundamental issue addressed in this dissertation, and presented computer
vision as a potential solution worth exploring due its significant technical advantages over other
available methods. The literature review presented here supports and expands these two ideas.
First, the direct relationship between occupant behavior and building performance is
reviewed in many types of buildings and design problems, demonstrating the breadth of the issue
and justifying the crucial importance of the research topic for architectural design.
Then, the review momentarily turns away from architecture to examine how occupant
behavior is studied by environmental psychology and behavioral sciences —arguably the two
disciplines with the greatest development in the area—, showing how the fundamental concepts
and research methods used in the social sciences do not fully translate to architecture, and
therefore, that new architecture-oriented concepts and methods are needed.
The next two sections return to the architectural domain to show how the current
information cycle in the discipline (§2.4) —and Post-Occupancy Evaluation (POE) in particular
(§2.5)— do not cover occupant behavior sufficiently to satisfy the needs of building professionals.
The review includes a discussion on the conceptual definition of POE, its historical context, and
current barriers to its massive adoption, as preliminary background for the expanded review and
analysis presented later in chapter 4.
Finally, the last two sections of the chapter cover the current state of the art in
computational technologies to collect data on occupant behavior, and their limitations for use in
spatial behavior analysis. Section §2.6 presents a comprehensive review of current occupant
sensing technologies with example applications, and section §2.7 delves specifically in computer
vision methods for people detection, introducing the most important algorithms and example
applications in buildings.
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2.2.

Occupant behavior in buildings

In the first pages of his famous book How Buildings Learn: What Happens After They’re
Built, Stewart Brand tells the story of an embarrassingly long line of ladies waiting to enter the
restrooms at the chic annual gala at the Opera House in San Francisco. Given how familiar the
scene is in almost any major public event, Brands asks whether theaters should have more
restrooms for women than for men (Brand 1994). Brand’s idea is not farfetched; studies show that
women take an average of 90 seconds in restrooms versus 40 seconds for men, which, in turn,
may explain why 59% of women regularly have to queue compared to only 11% of men (George
2018). However, most public buildings, if not all, have an equal number of women’s and men’s
restrooms. This parity is just one of the many unspoken rules in architectural design that have
been followed without questioning by decades.
The incongruity between the number of restrooms and toilet behavior is only one rather
trivial example of a much serious issue: often occupants use buildings much less efficiently than
what designers and managers assume. Unexpected occupant behavior is a silent but highly
detrimental factor in the functional performance of buildings.
One of the most visible examples is wasted built space. In offices, studies have found that
workspaces are used notably less than expected, with oversized personal offices and unused
common spaces (e.g., meeting rooms) adding up to half of the available space in some buildings
(Eldib et al. 2016). In the United States, the General Services Administration (GSA) found that only
20% to 50% of the provided space is actually used during a typical workday (GSA 2011). In private
office buildings, between 30% to 40% of workspaces are underutilized (Hurley 2018), as
employees typically spend more than half of their work time outside of their offices or away from
their workstations (McGregor 2000). Of course, all this space inefficiency is not without a cost;
according to research conducted by Philips®, about 1.5 trillion dollars could be saved worldwide
($220 billion in North America) if office spaces were used more efficiently (Bean 2017).
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Together with wasted space, the second most visible example of the mismatch between
the expected and actual use of buildings is wasted energy. Numerous number of studies have
demonstrated that the way occupants use —or do not use—spaces and building systems has a
tremendous impact on the energy performance of buildings (Balvedi et al. 2018, Happle et al.
2018, Tam et al. 2018, Zhang et al. 2018, Asadi et al. 2017, Delzendeh et al. 2017, Stazi et al.
2017). Occupancy patterns and human-building interaction (HBI) patterns —such as operating
heating, ventilation, and air conditioning (HVAC) systems, or switching lights on/off— can explain
up to 50% of the overall energy consumption of a building, becoming a factor more decisive than
the insulation or thermal properties of the façade (Schweiker et al. 2018, Andersen 2012,
Schweiker and Shukuya 2010, Emery and Kippenhan 2006). Moreover, as buildings are becoming
increasingly hermetic and automated, even seemingly innocuous behaviors, such as opening a
curtain, begin to have significant impacts not only on the overall energy performance, but also on
personal comfort, occupant satisfaction, indoor environmental quality (Figure 2) and even health
(Stevens 2001, Newsham et al. 2004, Galasiu and Veitch 2006, Toftum 2010, O’Brien et al. 2013,
Asadi et al. 2017, Stazi and Naspi 2018).
Despite of the importance of occupant behavioral patterns, designers usually do not have
detailed information and have no option but to resort to energy simulations based on generic
patterns (“normal conditions”) that most likely will not accurately reflect the facilities’ future use
(Hong et al. 2017, Hoes et al. 2009). Increased research on energy-related occupant behavior has
become such an urgent priority in the field (Wagner et al. 2018) that in 2013 International Energy
Agency (IEA) created the Annex 66 on Definition and Simulation of Occupant Behavior in Buildings
specifically aimed at studying the influence of occupant behavior on building energy and indoor
environment quality (IEQ) (EBC Annex 66 2018, Yan et al. 2017).
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Image removed due to copyright concerns

Figure 2: Interrelationships between human behavior and other IEQ determinants.
Image credit: Phillips and Levin (2015).

Image removed due to copyright concerns

Figure 3: Research topics in energy-related occupant behavior. Image credit: Zhang et al. (2018).
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Some researchers have gone even further and rejected the aspiration that a building
should adapt to the (unknown) behaviors of its occupants, and instead of aiming for a perfectly
conditioned space based on expected behavior, they propose to let occupants use personal
comfort systems (PCS) to condition their immediate environment based on their actual behavior
and preferences (Zhang et al. 2015). The most popular (and polemic) example is the HyperChair,
a normal-looking office chair with battery-powered heating pads and cooling fans that occupants
can control via Bluetooth or Wi-Fi. Naturally, architects question these systems, but different
studies demonstrate the HyperChair provides comfort to users under a wide range of base
ambient temperatures, drastically reducing the energy demand for building HVAC systems (Pasut
et al. 2015). The HyperChair might not be an ideal solution, but it does point to the right problem:
the goal is the comfort of occupants, not the conditions of the space.

Image removed due to copyright concerns

Figure 4: HyperChair. Image credit: Pasut et al. (2015).
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The impact of occupant behavior reaches all spheres of building performance. In airports,
passenger wayfinding behavior is a significant factor that determines circulation efficiency: if they
get lost, they not only delay their own trips, but affect all terminal circulation systems (Krijnen et
al. 2009, Verbraeck and Valentin 2002). It has been estimated that passenger walking behavior
alone can account for up to 30% of waiting times (Schultz et al. 2018). Traditionally, it has been
believed that inefficient wayfinding behavior can be corrected only with palliative measures such
as signs, informational screens, or more staff. When the Dallas-Forth Worth Airport opened, the
layout was considered so disorientating that several dozen “passenger service agents” were hired
just to direct people around the terminal building (Fewings 2001). However, with the recent
skyrocketing of passenger numbers, especially first-time travelers, airport planners and designers
are now considering wayfinding behavior as a fundamental driver for design. For example, studies
show that current design and simulation models do not predict passenger behavior accurately at
check-in counters (Joustra and Van Dijk 2001), and with proper design and operational measures
that reflect actual behavior, the number of passengers missing flights could be reduced to less
than half (Takakuwa and Oyama 2003). In terminals and walkways, including architectural cues in
the space to facilitate wayfinding could reduce up to 80% of the time passengers spend reading
maps and screens to orient themselves (Krijnen et al. 2009). Figure 5 shows a simulation of
passenger behavior movement in the OpenGL-based OpenSteer platform.

Image removed due to copyright concerns

Figure 5: Simulation of passenger behavior in airports. Image credit: Krijnen et al. (2009).
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Another example of the relevance of walking behavior is found in museums, art galleries,
and other similar exhibition spaces. Several studies show consistent results on how the spatial
configuration of these buildings has a direct impact on circulation patterns, and in turn, on the
quantity and quality of visual attention deployed to the artworks, the memorization of their content,
and the overall learning levels of visitors (Tzortzi 2004, Psarra 2007, Wineman and Peponis 2010,
Krukar 2015). When designers are aware of the different visitor styles, they can optimize the spatial
morphology and improve visitors’ experiences (El-Halawany et al. 2018). Understanding
circulation behavior and designing efficient paths for visitors can also lessen crowding, maximize
turnover rate, and increase attendance (Yalowitz and Bronnenkant 2009).

Image removed due to copyright concerns

Figure 6: Visitors' paths at the Museum of Modern Art, New York. Image credit: Psarra (2007).

18

In fact, the study of wayfinding behavior is one of the few topics of occupant behavior in
architecture that has been studied in a relatively systematic manner for years. Already in 1966,
Winkel and Sasanoff highlighted the importance of understanding how people move in buildings
and proposed a basic categorization of “path behaviors” based on the direction of movement.
However, it was not until the late 1980s that environmental psychologist Romedi Passini laid the
foundations for the study of wayfinding behavior as a formal research niche in architecture. His
book Wayfinding in Architecture explicitly showed the relationship between architectural design
(e.g., spatial configuration, plan layout, environmental qualities) with occupant behavior,
particularly sense of orientation and navigation patterns. Shortly after, he proposed a typological
structure of circulation patterns to study wayfinding problems that remains as a standard in
architectural analysis (Passini 1984, Arthur and Passini 1992). Since then, wayfinding has been
studied in all types of buildings: hospitals (Peponis et al. 1990, 1997), airports (Symonds 2014),
transit stations (Foljanty 2015), healthcare buildings (Khattab 2013, Ibrahim 2019), shopping
centers (Dogu and Erkip 2000, Alam 2018), libraries (Mandel 2010), multi-level buildings (Hölscher
et al. 2006), complex buildings (Li and Klippel 2016), and many others.

Image removed due to copyright concerns

Figure 7: Wayfinding study in a shopping mall in Santiago, Chile. Image credit: Mora (2019).
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Retail design is another interesting example of how occupant movement is related to
purchasing patterns, yet the nature of the relationship is much less intuitive than expected (Cenani
and Cagdas 2008). For example, Sorensen (2003) and Larson et al. (2005) used similar
radiofrequency tracking systems (v. §2.6) installed on shopping carts to detect canonical paths of
shoppers in grocery stores and found several unexpected paths that questioned common intuition
about how people navigate stores, including the importance of end-caps and the position of sale
items. Other researchers have studied the influence of layout, interior design, and “atmospheric
effects” (i.e., visual appearance and sensory qualities) on movement, store coverage, time spent
in different zones, and purchasing decisions (Turley and Milliman 2000, Yaeli et al. 2014, Esteky
2017). Aydo and Emin (2017) compared shopping malls built and managed by the same company
that shared many design and marketing features but had different architectural layouts, showing
that spatial configuration had a direct influence on shopper circulation patterns and spontaneous
gatherings which are associated with purchasing actions.

Image removed due to copyright concerns

Figure 8: Two canonical paths of shoppers in a grocery store. Image credit: Larson et al. (2005).

20

Occupant behavior in office buildings has been extensively studied, particularly linking
spatial configuration, workers’ behavior, and business goals. For example, office layouts that
facilitate casual interaction have been correlated with greater social interaction, and in turn, greater
innovation and productivity (Lechler 2001, Haynes 2007, Rashid et al. 2009, 2016, Wineman et al.
2009, Sailer and McCulloh 2012). Room configuration, location of meeting spaces and shared
facilities (e.g., coffee stations), and circulation layouts are believed to be the design factors most
affecting the frequency of workers' contact and interaction (Penn et al. 1999).
A long-debated topic in office design is, of course, open-plan office layouts versus
individual cubicles and offices (Brennan et al. 2002, Zalesny and Farace 1987, Kim and De Dear
2013). Research has covered almost every side of the issue, from the obvious impact on privacy
and concentration to the less clear effect on health, teamwork, and overall happiness (Hoskins et
al. 2016). Results have been inconclusive, with ample evidence supporting both approaches that
have motivated drastic and swinging changes in office design trends in the last decades (Mick
2012). What seems to be the only clear takeaway for architectural design is that there is no “onefits-all” rule that can be applied to all cases, but instead quite the contrary; designers should make
an effort to understand the behavioral patterns and spatial needs of each particular group of users
when approaching a new project. Verma et al. (2017), for example, used Bluetooth tracking
systems together with occupant questionnaires to analyze space use in an office building and
behavioral profiling. They identified six types of occupants divided into three categories of space
use, each with different spatial needs. Alavi et al. (2018) studied behavioral patterns associated
with visual characteristics of office spaces, Sailer et al. (2016) investigated micro behaviors of
social interaction that were not apparent to designers, and Knapp et al. (2009) found occupancy
patterns in offices that differed significantly from the building managers assumptions. Miller (2005)
investigated the relationship between occupant behavior, office design, and employee creativity,
and Oseland (2009) proposed a broader framework to understand the impact of psychological
needs on office design, to ultimately improve workers satisfaction and productivity.
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Figure 9: Social interaction in offices spaces based on spatial integration.
Image credit: Sailer et al. (2016).

Image removed due to copyright concerns

Figure 10: Simulation of occupancy behavior in an office space.
Image credit: Afkhamiaghda et al. (2018).
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Libraries are good examples of how behavioral patterns can change with time. New
information technologies, such as digital research tools, have triggered behavioral changes in
space and facilities use that are not always acknowledged by managers or reflected in the building
operation (Worpole 2013). For example, Ng (2016) used behavioral tracking techniques (v.
Research methods in §2.3) to study patrons’ behavior in a small public library, registering data as
everyday activities, areas used, traffic, and occupancy patterns. Results showed severe
inconsistencies between expected and actual use, causing conflicts between quiet reading and
talking. Simpson and Given (2013) also used field observation but combined with GIS technology
movement tracking to assess user behavior in an academic library, also finding discrepancies
between the intended and actual use of the spaces. Wang and Shao (2018) and Scarletto et al.
(2013) conducted independent but similar studies on the use of two different academic libraries,
revealing that operation hours did not correlate with actual usage.
The last few years have seen an increased interest in the effect of the architectural and
urban design on healthy occupant behavior, particularly physical activity. A comprehensive review
conducted by Hammink et al. (2019) showed that most studies have focused on walking behavior,
stair versus elevator use and sedentary activities. For example, Handy et al. (2002) showed that
layout and route options are directly related to the level of physical activity of occupants, Nicoll
(2007) studied spatial qualities that affect the use of stairs in academic buildings the most, and
Cohen et al. (2007) investigated how urban park design influences the type of activities and level
of physical activity of visitors.
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2.3.

Behavioral studies in environmental psychology

Beyond architecture, the study of occupant behavior in buildings has been historically
dominated by the social sciences, particularly environmental psychology. Several reviews
describe the evolution of this field from their early developments in the sixties and seventies until
today: Bechtel et al. (1987), Gifford (2007, 2016), Namazian and Mehdipour (2013). However, given
the importance of this field, this section gives a succinct overview of some of the theories and
methods that are the most influential in building design and management. First, the “big four”
fundamental concepts in socio-spatial analysis are introduced: territoriality, personal space,
crowding, and privacy. Then, the main research methods used by social scientists are
summarized, emphasizing the similarities and differences with methods used in building design.

Fundamental concepts
Territoriality is a concept borrowed from animal sciences and applied to the social
sciences when biological paradigms begin to dominate human behavior research in the late 50s
(Baldassare 1978). Originally defined as a “type of privacy used to communicate personal control
over an area” (Hall 1966), the concept evolved to describe the behaviors of an individual or group
to establish control of a defined a physical space or object, for example, through habitual
occupation, defense, personalization, and marking of the territory (Gifford 2007). Territoriality
theory could be used, for instance, to explain what areas in a building are or should be used
exclusively by one person or group and what areas are or should be shared among occupants.
In a famous study which proved to be highly influential for architecture, Sommer (1969)
distinguished four categories of territories: public, home, interactional, and body. Public territories
are open to everybody and therefore are shared among individuals with no visible boundaries
among them. Urban spaces, parks, shopping malls, and atrium spaces belong to this category
(Nussbaumer 2014). Home territories are those in which a person or group can take over and have
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a sense of intimacy, like offices, clubhouses, or university student lounges. Interactional territories
are where temporal social gathering takes place; they have fragile boundaries which can be easily
broken. For example, a special corner in a cafeteria that is always used by the same group of
students. Body territories relate to one personal space defined by the human body.
In architecture, territoriality is especially important when designing public buildings where
occupants expect to have relatively exclusive areas for use, like public libraries, gyms, and
restaurants. The use of territorial makers, like physical or virtual dividers, becomes a fundamental
aspect of design. For example, territoriality analysis has been used to analyze the design of
Starbucks cafeterias where customers feel they can establish personal territories (Griffiths and
Gilly 2012).
Personal space refers to the area with invisible boundaries surrounding a person into
which intruders may not come (Sommer 1969). In his seminal book The Hidden Dimension, Hall
(1966) studied how interpersonal relationships are affected by individuals’ perception and use of
space. He introduced four distance zones for different types of interpersonal relations: intimate
zone (only for intimate interactions), personal distance (for family/friends interactions), social
distance (for acquaintances interactions) and public distances (for group interactions). His work
gave rise to a whole new area of research called proxemics.
Personal space is paramount in architecture because the amount of space a person needs
to perform a certain activity does not depend only on the physical space that the person requires
to move physically (i.e., anthropometric or ergonometric perspective), but also on the
psychological space that is required to perform the activity in a comfortable manner. Sometimes
it is actually the psychological space that is the most influential factor for the actual behavior.
Many studies have shown than personal space is affected by personal factors (gender, age,
personality, disabilities, etc.), cultural factors (ethnicity, religiosity, language, etc.), social factors
(attraction, cooperation/competition, power/status, etc.), and physical factors, including those
directly related to environment and architecture space. For example, it has been shown that

25

lighting levels, floor-to-ceiling height, and room configuration affect interpersonal distance (Gifford
2007). Personal space is fundamental for distributing seats in a theater (Namazian and Mehdipour
2013), designing waiting rooms in hospitals or offices, creating comfortable study spaces in
libraries, distributing tables in restaurants, and in general, in any design decision related to
interpersonal distances.
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Figure 11: Personal space levels defined by Hall (1966). Image credit: Grall (2011)

Crowding is the phenomenon of lack of space and surplus of people (Baum et al. 1978).
It is evidently related to the number of people in a space, but, unlike density, crowding is a
subjective psychological concept not necessarily determined by an objective measure; what can
be considered crowded for one person in one context may be normal for others (Stokols 1972).
Crowding usually implies negative emotional responses in occupants and triggers
detrimental behavioral effects, like leaving (not using the space) or withdrawing from social
interaction. In architecture, crowding is a crucial factor in the design of spaces that must
accommodate large groups of people, like airports, shopping malls, sport venues, or casinos.
Spatial visibility, spatial connectedness, view-block furniture, floor-ceiling height, or even the
amount of sunlight have been correlated to crowding feelings (Gifford 2007). Crowding has also
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been associated with a number of unwanted behaviors in prisons, including suicides, nonviolent
deaths, inmate-on-inmate assaults, disciplinary infractions, and others (Cox et al. 1984).
Crowding can also be related to interpersonal distances (personal space). For example,
interpersonal distances defined by Hall (1966) have been used to distribute seat spaces in libraries
for maximum utilization to avoid patrons using every other seat as a measure to create distance.
Similar situations are observed when distancing urinals or solo tables in restaurants.
Privacy is defined as the selective control of access to oneself or to a group (Altman 1975).
It is a complex psychological concept that can be understood as a behavior, a value, a preference,
a need, or an expectation (Gifford 2007). As a behavior, and particularly, as a spatial behavior, it
is related to actions performed by individuals seeking to separate themselves from others.
There are different types of privacy. A classification proposed by Westin (1967) and later
expanded by Nussbaumer (2014) distinguishes between solitude, i.e., the need to be alone;
anonymity, i.e., the need to be not identified/seen; reserve, i.e., the need for limited
communication; isolation, i.e., the need to be separated from others; and intimacy, i.e., the need
to prevent unwanted intrusions. This classification allows for a much better understanding of
privacy-seeking behavior in built environments. For example, glass partitions in office space
enable isolation and solitude, but not anonymity or reserve.
Architectural design is directly related to privacy behavior. Osmond (1959) introduced the
idea of the distinction between sociofugal space, i.e., one that keeps people separated, and
sociopetal space, i.e., one that brings people together. Spatial configuration and spatial proximity
are fundamental design variables determining the sociofugal or sociopetal qualities of a space
(Jacobs 1961). Studies have applied these concepts in the analysis of social interaction in waiting
rooms in hospitals, public facilities, offices, and schools.
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Figure 12: Different privacy conditions based on location of the lounge area. Top: sociofugal
location. Bottom: sociopetal location. Image credit: Deasy and Lasswell (1985).

Privacy is related to social interaction, a well-researched area with important effects on
architecture. At an urban scale, seminal authors such as Jacobs (1961) and Whyte (1980) studied
urban spaces and the effects of apparently small elements such as walkways or benches on social
activity, based on field observations of pedestrian behavior. These studies have been largely
influential to architecture.
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Research methods
Although the study of occupant behavior has a long history in these academic fields, the
advances have remained isolated from their practical application in the design industry. In part,
this is explained because the nature of academic studies differs from the needs of professional
practice. Academic researchers seek rigorous studies with specific research questions aimed at
understanding explicit relationships between a few variables that can be translated into
generalizable knowledge (Shipworth and Huebner 2018). On the other hand, building designers
and managers usually look for simple studies with open-ended questions aimed at identifying
unsuspected issues that can be quickly and easily translated into project-specific improvements.
Consequently, their collection, analysis, and use of the data also differ substantially, despite the
attempts by some authors to adapt methods used in the social sciences into applicable methods
fit for architecture, engineering, construction and operation (AECO) needs (Wagner et al. 2017).
Most fundamental concepts and methodologies for the study of occupant behavior were
introduced in the sixties and seventies by seminal authors such as Jacobs (1961), Hall (1966),
Westin (1967), Sommer (1969), Ittelson et al. (1970), and Proshansky et al. (1970). In general,
research methods can be classified as direct or indirect methods. Direct methods are those in
which the researcher observes the actual behavior directly, such as photo-video recordings, lab
experiments, and field observation. Indirect methods are those that provide evidence about past
behaviors but do not allow the researchers to observe them, for example, using interviews, surveys
(questionnaires), focus groups, self-diaries, self-reports, and physical traces (Zeisel 2006,
Farbstein et al. 2016). Direct methods are much more commonly used by social scientists and
less by designers. Indirect methods are also used by social scientists —usually as supplementary
methods to direct observation— but they are much more popular with AECO professionals. Direct
methods are more closely related to the scope of this dissertation, and therefore, they will be
reviewed in detail next.
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By far, the most common and usually preferred direct method is field observation. In its
most traditional form, a researcher observes (either physically present or through a camera or
other unobtrusive technology) the people conducting their normal activities, unaltered, while
taking notes in a systematic manner. Whyte (1980) famously used this technique to study the
behavior of pedestrians at urban plazas, but the methods have been widely used by social
researchers since at least the 60s (Proshansky et al. 1970).
Direct observation can be done as fieldwork or video recordings (Bauer et al. 2009). Using
direct observation requires a person to be in the place observing, normally without being identified
as a researcher as to not influence occupants’ behaviors. The observer must be absolutely
focused on the task as any behavior not observed will not be recorded with no chance to correct
the omission. Using video recordings, on the other hand, provides the opportunity to have an
undisturbed space as well as the chance to review the recordings many times to make sure even
micro behaviors are noted. However, privacy issues prevent using video recordings in many
situations.
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Figure 13: Social behavior in public spaces using direct observation.
Image credit: Whyte (1980).
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John Zeisel, a sociologist and architecture professor who applied occupant behavior
research methods in design and architecture problems, explained that studying occupant
behavior in architecture means watching people systematically in building environments and
answering the question “Who is doing what, where, and with whom?”. This implies gathering data
on six aspects: the actor (the subject(s) of the behavioral observation); the act (what the actor is
doing); the significant others (other people present that may or may not be included in the act);
the relationships (between the actor and the significant others); the context (the cultural and
situational context); and the setting (the range of choices that the actor has) (Zeisel 2006). The
question of why is omitted as it arguably belongs more appropriately to the domain of social
psychology (Bourdieu 1977, Bandura 1986, Ajzen 1991).
With direct observation methods, to facilitate recording of the behaviors and also to
reduce observer bias from, most studies use behavioral mapping techniques. A behavioral map is
a technique for studying the relationships between behavior and the physical space in which it
occurs, widely used in environmental psychology to record where people are, what they do, and
how their behaviors are distributed in space (Ittelson et al. 1970, Sommer and Sommer 1997). The
technique can be used for describing the distribution of behaviors throughout a particular space,
to identify general patterns in space use, and to support predictions of behaviors in new spaces.
Therefore, in building design and management, behavioral maps can be used in the pre-design
phase to support architectural programming or, conversely, in the post-design phase to check if
the assumptions behind the design are accurate
There are two types of behavioral maps: place-centered (in which the focus is on the
space and locational-temporal patterns of behaviors), and user-centered (also called behavioral
tracking), where the focus is on one or more specific individuals and what activities they do in
relation to the space. Both approaches are useful for building design and management, depending
on the type of information is needed.
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Traditionally, behavioral mapping has been done manually using simple techniques such
as head counting at the cross-section of virtual gates (“thresholding”) and hand-drawn paths of
people movement (Gehl and Svarre 2013), regardless of if the observation was done live or using
a video recording. Several digital technologies have been proposed to facilitate the recording and
structured logging, such as many software programs for handhelds devices (tablets, cell phones,
PDAs) (Farrell 1991, Kahng and Iwata 2000, Kuhnmünch and Strube 2009, Dalton et al. 2012,
2015). However, these technologies only function as facilitators to reduce human errors (for
example, by having structured lists of codified behaviors) and they do not automatize the process,
as they still require human participation.
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Figure 14: Screenshots of two computer applications for assisting behavioral mapping:
PeopleWatcher® (left) and WayTracer® (right). Image credit: Dalton et al. (2012) and Kuhnmünch
and Strube (2009), respectively.

Behavioral mapping is a widely used technique. For example, it has been used to study
settings in which interaction with occupants is not possible or desirable, such as physical activity
in children’s spaces (Coates and Sanoff 1972, Cosco et al. 2010), healthcare facilities for seniors
(Hernandez 2007, Milke et al. 2009), and jails (Wener and Keys 1988).
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Figure 15: Behavioral mapping of physical activity in children. Image credit: Cosco et al. (2010).

Regardless of the method used to study spatial behavior, either direct observation or
indirect methods such as interviews or proxies, there is consensus among researchers using
manual behavioral observation methods to produce the necessary amount of data needed for an
in-depth study of occupant behavior is expensive, time-consuming, and inconvenient. There is a
need for innovative methods that make use of new digital technologies as they can capture
substantially larger amounts of data and enable more sophisticated analysis. The more data
available, the easier it is to detect regularities and identify relevant behavioral patterns (Hillier 1996,
Tomé, Heitor, et al. 2015). Studies on occupant behavior detection methods, particularly spatial
behavior, tend to be technologically oriented and limited in the number of variables and data
collected. Timestamp, count, and approximated location are the most common variables gleaned,
noticeably different from the richness of behavioral mapping done using traditional manual
methods. Combining both the richness of subtleties of observation of behavioral mapping with
the continuous and fine-grained objectivity of automated systems is what is needed.
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2.4.

Occupant behavior information in architectural design

In 1966, Gary Winkel and Robert Sasanoff, professors of architecture at the University of
Washington and renowned pioneers in the field of environmental psychology, wrote:
“[T]he design profession has long lacked a method for the objective analysis of behavior
in architectural spaces. Architects continue to rely upon intuitive design concepts evolved
from individual experiences even though increasing environmental complexity and rapid
technological change place severe restrictions upon the human being’s ability to encode
this complexity and utilize it in a rational manner”. (Winkel and Sasanoff 1966)

More than half a century later, the issue has not noticeably improved. In most cases, the
information on occupant behavior available to designers is scarce, if there is any at all. Although
the advances in information technologies in the AECO industry in the last few decades are
indisputable, current building information systems have other purposes, partially neglecting the
occupant dimension. For example, Building Information Modeling (BIM) is usually defined as
digital databases that integrate “all physical and functional characteristics of a building throughout
its complete lifecycle [emphasis added]” (Eastman et al. 2011). As such, BIM represents the
epitome of a structured information platform for data-driven decision making in building design.
But BIM does not include any information on occupant behavior. Building Automation Systems
(BAS) and Building Management Systems (BMS) are focused on the mechanical and electrical
systems of buildings (i.e., HVAC, lighting, power, security), so any information on occupant
behavior that could be obtained from these systems has to be only by interpreting data on systems
use. Widely used digital architectural and building databases, such as ArchDaily (ArchDaily 2018),
Structurae (Structurae 2009), Building Research Information Knowledgebase (BRIK 2018), or
archNFORM (archINFORM 2018), do not provide any occupant information either; not even basic
information such as user characterization. Building standards and codes touch the topic tacitly by
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establishing normative rules that are supposedly based on occupant behavior (e.g., fire evacuation
guidelines), but, by definition, these are only generic guidelines that do not capture the
particularities of each project, owner, and group of users.
For these reasons, there is a number of authors that for decades have been clamoring for
more consideration of occupant behavior in design (Bennett 1977, Marans and Spreckelmeyer
1981, Deasy and Lasswell 1985, Coffin and Young 2017). They claim there is a fundamental
contradiction in the discipline: while human factors are seen as crucial for architecture —the
human being is the ratio essendi of architecture—, at the same time, they are usually overlooked
during the design process. Caplan (2016) laments that human factors are nowadays secondary to
others and asks architects and designers to reconsider human aspects as a crucial factor for a
truly sustainable architecture.
It is consensual among most authors that the root of the problem is not so much the lack
of interest of architects on human factors, but more a broken feedback loop in the industry that
prevents the flow of information from occupation to design (Peters 2018b, 2018c). In fact, typically,
once a building is constructed, very little information flows from the owners and users to the
designers (except, of course, when it is in the form of lawsuits filled with detailed accounts of why
people cannot perform their expected activities because the building does not work as was
promised). The theory, instead, is that once a building is delivered and occupied by their owners
and users, feedback information should be sent to designers in order for them to correct particular
problems, but more importantly, to create a disciplinary body of knowledge to inform future
projects (Bartholomew 2008). This is particularly important for occupant behavior and actions, as
their inherent complexity makes any simulation or assumption usually too simplistic to be taken
literally.
Zeisel (2006) explains that the flow of information about occupant behavior in buildings is
continuous between the two bookends of the project cycle: at the beginning, during the
programming phase, when future building occupants are investigated in order to identify their

35

needs transferable as design requirements, and at the end, where the building is built and the
actual behaviors can be observed to verify if the design assumptions were fulfilled. In theory, the
cycle works continuously from one project to another, as a growing spiral of knowledge.

Image removed due to copyright concerns

Figure 16: Flow of knowledge on occupant environment-behavior during the life cycle of a
project. Image credit: Zeisel (2006).

However, in practice, the feedback loop is interrupted. Programming (or “briefing” in the
United Kingdom), is well-established in the industry, widely recognized as part of the professional
services, but its understanding is far from what Zeisel and others assume. The scope of this task
depends on the magnitude and complexity of the project, but in its most traditional form,
information collected by designers includes site data, list of rooms/spaces needed, special
building features, available budget, timeframe, construction conditions, and other project goals of
the owners (e.g., certifications) (Barekati and Clayton 2014). Information about behavioral patterns,
or even typical characteristics of users are not usually investigated beyond the information that
the clients can provide based on their own self-perception of needs, which, by definition, is not
an objective source of information.
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Therefore, numerous programming guides and experts strongly recommend architects
and designers collect additional information on occupants, including studying facility users,
activities, and schedules (Peña and Parshall 2012, Cherry and Petronis 2016); investigating
behavioral patterns through interviews and surveys (Hershberger 1999); increasing interaction
among designers, clients and occupants during the design process to better identify occupant
needs (Spreckelmeyer 1987); and even conducting scientific experiments (Duerk 1993). A more
systematic, evidence-based approach to programming is needed, as occupant behavior cannot
be predicted intuitively by designers —quite the opposite, as many times actual occupant behavior
is counter-intuitive (Deasy and Lasswell 1985). Some authors have gone even further and
suggested conducting “behavioral programming” (Farbstein et al. 2016), “behavioral-based
architectural programming” (Hershberger 2002), and “behavioral evaluations” of buildings (Marans
and Spreckelmeyer 1981), using methods from environmental psychology, behavioral science,
and even neuroscience to investigate built environments and assist design (Zeisel 2006).
Some authors also question the designers’ abilities to collect data on occupants properly,
and suggest that the programming should be conducted independently from designers by experts
in behavioral science, so they can “challenge potentially preconceived notions about what the
design should be like" (Farbstein et al. 2016). Behavioral programming should study, they argue,
the functional, organizational, psychological, sociological, emotional needs of users, rather than
technical aspects only. For example, a behavioral program does not cover sanitary facilities
requirements, but rather the aspects of privacy in bathrooms. Although there are some isolated
cases of behavioral programming techniques applied to large and complex buildings such as
prisons, hospitals, and airports (Hershberger 2002), their expensive methods and convoluted
results that are hard to transfer to design decisions have deterred their application in industry.
The opposite end of programming in the information cycle and fundamental source of
occupants’ knowledge is Post-Occupancy Evaluation (POE), which is reviewed in the next section.
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2.5.

Post-occupancy evaluation

Post-Occupancy Evaluation (POE) is generally understood as the last step of the project
delivery process (and by extension, of the architects’ professional services) in which buildings are
evaluated to make sure they meet the expected performance, and if they do not, professionals
can make recommendations to improve their operation and capture lessons-learned for future
projects (AIA 2014, RIBA 2013, Preiser et al. 2017). As such, it is widely agreed that POE
represents the pivotal point that enables the collection and flow of information from the occupation
to design as well as the accumulation of knowledge for the benefit of all stakeholders (Hadjri and
Crozier 2009, Göçer et al. 2015). However, the exact definition of POE —and therefore the
definition of what should be evaluated and how—is much more ambiguous and inconsistent
among authors. Table 1 shows twelve of the most referenced definitions of POE with added
emphases on key concepts to highlight their differences. Despite of the inconsistencies, three
main ideas repeat across definitions, delineating a universal understanding of the essential
characteristics of POEs: occupant-centric approach, systematic and rigorous methods, and
actionable feedback.
First, POEs are centered around the actual occupants' actions and experiences. Distinct
from other purely technical assessments (e.g., building commissioning), a POE is a human-centric
evaluation focused on understanding of how people use buildings (Preiser et al. 1988, Baird et al.
1996, Hiromoto 2015, BRE 2017). For example, in offices, POEs tend to measure workers’ comfort
and productivity; in residential buildings, they are commonly study residents’ experiences on the
use of shared facilities; in healthcare buildings, they evaluate accessibility/wayfinding from the
perspective of staff, patients, and visitors (and also check the compliance of strict IEQ levels); and
in retail buildings, the most common topic for evaluation is shopper behavior and movement
patterns. This is a key difference from other building-in-use evaluations focused on other
performance aspects of a building, such as structural, financial, or mechanical systems
assessments.
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Table 1 Well-referenced definitions of Post-Occupancy Evaluation.

“an appraisal of the degree to which a designed setting satisfies and supports explicit and
implicit human needs and values” (Friedman et al. 1978)
"the examination of the effectiveness for human users of occupied designed environments
(…) 'Effectiveness' includes the many ways that physical and organizational factors enhance
achievement of personal and institutional goals" (Zimring and Reizenstein 1980)
“the process of evaluating buildings in a systematic and rigorous manner after they have been
built and occupied for some time” (Preiser et al. 1988)
“a systematic study of buildings in use to provide architects with information about the
performance of their designs and building owners and users with guidelines to achieve the
best out of what they already have” (RIBA Research Steering Group 1991)
"the objective of Building Evaluation is to gain knowledge about our buildings and the way we
use them" (Baird et al. 1996)
“[POE refers to] any and all activities that originate out of an interest in learning how a
building performs once it is built, including if and how well it has met expectations" (Vischer
2001)
"the purpose of POEs is to facilitate the accumulation of information and knowledge that can
be subsequently utilized to improve the procurement of buildings to the benefit of all
stakeholders involved" (Hadjri and Crozier 2009)
“process of evaluating an asset/facility after it has been completed and is in use to understand
its actual performance against that required and to capture lessons learned” (BSI 2015)
“[POE is] the final phase of the design process where strengths and weaknesses of a
building’s form and function are examined after users have moved in” (Wener et al. 2016)
“process of obtaining feedback a building’s performance in use” (BRE 2017)
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Second, POEs are conducted using systematic and rigorous methods that result in clear,
well-defined evaluation metrics. This is, again, a key difference from other spontaneous or casual
evaluations that owners, occupants, or professionals can make, for example, architectural
criticism, which is "highly individual, idiosyncratic, subjective and only useful as the author's
judgment” (Wener et al. 2016). Most POEs use a combination of qualitative and quantitative
methods. Qualitative methods include surveys, focus groups, interviews, and casual observational
studies (walkthroughs), and they are used to evaluate the actions and perceptions (e.g.,
satisfaction levels) of building occupants. Walkthroughs are mainly used when surveys or
interviews have indicated specific problems (e.g., occupants’ complaints) and quick and direct
confirmations are required. Quantitative methods refer mostly to instrumental measurements of
IEQ physical conditions to establish correlations —and ideally causal relationships— between
building environment conditions and people satisfaction levels. Instrumental quantitative metrics
focus only on environmental variables; human variables are always studied qualitatively.
Finally, the third agreed distinctive characteristic is that POEs are expected to produce
actionable feedback that can be implemented as immediate corrective measures for the evaluated
building, as opposed to, for example, academic studies aimed at increasing disciplinary
knowledge about a certain phenomenon, or government studies aimed at informing and
supporting regulations. A POE is one of the several feedback loops, along with program review,
design review, or commissioning, aimed at evaluating building performance during the lifecycle of
a project to ensure it meets the project goals (Preiser et al. 2017). Although POEs have been
heralded as tools for capturing general lessons learned that could be used for new projects, or to
increase a shared body of knowledge, in practice this has proven difficult and even published
POEs are presented only as “case studies” with little transferable or generalizable knowledge. The
value of POEs is clearly for short-term benefits for the evaluated project.
Beyond these three general common topics, the notion of POE varies significantly among
authors and also among historical moments. In fact, the term “Post-Occupancy Evaluation” has
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meant noticeably different things at different periods. The following paragraphs provide a
summarized history of the concept’s evolution from its appearance in the 1960s until today, in an
effort to understand how and why POEs have dramatically changed over time.

Historical context
The most direct ancestor of modern POEs is a group of systematic, evidence-based
evaluations of buildings conducted by American and British scholars in the late 1960s and early
1970s. For example, Ryn and Silverstein (1967) and Hsia (1967) evaluated college dorms (at
Berkeley and Utah, respectively); Manning (1965) evaluated offices and schools; Field (1971)
evaluated hospitals, and Becker (1974) evaluated multifamily housing. In the academic sphere,
the interest was immediate; studies included not only single-building evaluations but also
transversal phenomena such as building configuration and social relationships (Preiser 1969),
building systems costs (Markus et al. 1972); or methodological issues in the evaluation of urban
spaces (Cooper 1970, 1975).
At that time, the Royal Institute of British Architects (RIBA) was already advising architects
and owners conduct inspections of completed buildings and gather information on user
experience as part of the regular professional services. The RIBA's 1963 Plan of Work—a model
for the building design and construction process— included a final chapter Stage M: Feedback
recommending the inspection of buildings two or three years after completion (RIBA 1963).
During the following years, the number of these studies increased, and several
governmental agencies in the United States and the United Kingdom started programs to explore
ways to convert results from these building evaluations into applicable products, such as building
systems performance standards (GSA 1975), or design guidelines for new facilities (Department
of Army 1976). By the mid-1970s, the term "Post-Occupancy Evaluation" was already widely
accepted in the industry (McLaughlin 1975).
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The 1980s saw a dramatic increase in the number and complexity of POE studies. The
original single-case studies evolved to multi-case, multi-variable, cross-sectional studies aspiring
to obtain generalizable and reproducible results (Preiser 1995). The topic was formally
institutionalized as a research area, and several books on the subject were published (Marans and
Spreckelmeyer 1981, Parshall and Peña 1982, Preiser et al. 1988). However, as the studies
increased in complexity and scope, they also began to distance themselves from the needs of the
industry and became research efforts confined to academic institutions.
The POE research was heavily dominated by the social sciences, particularly
environmental psychology. For example, Preiser et al. (1988) explained that the notion of "building
performance" comprised the relationship between (1) technical aspects (health, safety, building
systems), (2) functional aspects, and (3) sociological and psychological needs of the building
users. From these, the technical and functional aspects represented only a small part of the total
spectrum of POE issues, while the sociological and psychological aspects were dominant. Issues
such as proxemics and territoriality, privacy and interaction, meaning and symbolism of buildings,
social interactions, perceptions of density, and environmental cognition and orientation were
included in POEs as behavioral elements for evaluation. The emphasis was placed more on the
theoretical value of understanding human behavior than on obtaining practical results that could
be used in the short term by the construction industry. In 1973, RIBA dropped the Stage M:
Feedback from its Plan of Work because it was considered impractical and too difficult to
implement (RIBA Research Steering Group 1991).
It took several years for the idea of evaluating buildings in use to regain momentum in the
industry. The turning point was the publication of several reports in the United States and the
United Kingdom in the mid-1990s that highlighted the need for systematic methods to evaluate
the client's satisfaction as a way to improve the overall quality and efficiency of the construction
industry (Latham 1994, Construction Task Force 1998)(Latham 1994). POEs reappeared redefined
as practical tools to address concrete issues in the construction industry, such as sick building
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syndrome and low office productivity due to poor environmental conditions. The psychological
and sociological approach typical of POEs in the 1980s was swept away and replaced by a more
technical and applied approach dominated by engineers and building scientists (Baird et al. 1996,
Preiser and Schramm 1997).
By the late 1990s, a series of standardized POEs protocols had been proposed. The two
most important ones were the PROBE (Post-occupancy Review of Buildings and their Engineering)
protocol in the United Kingdom and the CBE Occupant IEQ Protocol at the University of California,
Berkeley, in the United States. These two protocols —as many other similar ones born in those
years— were clearly aimed at evaluating indoor environmental conditions and occupant
satisfaction, and left out most, if not all, of the sociological and functional aspects typically
included in previous POEs.
This new approach to POEs led to an explosive increase in studies around the world. The
global environmental and sustainability agenda of the early 2000s pushed POEs to focus almost
exclusively on aspects related to the energy performance of buildings, such as occupant thermal
comfort and building systems efficiency. By that time, several studies had shown considerable
differences between the predicted and actual energy consumption of buildings explained by
unexpected occupant behaviors (i.e., opening windows), and POEs seemed to be a perfect
method for addressing these issues. In 2006, RIBA reincorporated the Stage M: Feedback
(redefined as Phase 7: In Use in 2013), explicitly recommending that POEs be conducted as a part
of a strategy to achieve sustainability goals (RIBA 2013).
Today, environmental motivations drive the vast majority of the current research on POE.
The main goals behind current POEs are linked to optimizing energy consumption, improving
indoor environment quality, increasing occupant comfort and well-being, and reducing building
systems operational costs (Oseland 2007). Occupant behavior is only important in cases where
the behaviors can be directly linked to environmental performance (Preiser and Vischer 2005).
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Adoption and barriers
Despite its progressively reduced scope, POEs are widely praised for their recognized
value in improving occupants’ experiences in buildings. Conducting POEs has been correlated
with higher levels of productivity, health, safety, comfort, satisfaction, and a sense of belonging
(Cohen et al. 1999, Zimmerman and Martin 2001). When used appropriately, the information given
by POEs is one of the few ways designers and managers have to understand how people use
spaces and what can be done to improve their experiences. Therefore, several authors and public
and private organizations support, encourage, or even mandate their application (Meir et al. 2009,
Clark 2016) (FFC 2002).
However, the fact is that POEs are rarely used in practice. Studies report only 3% of
architectural firms regularly conduct POEs, and less than 9% even offer the service (RIBA 2015,
Clark 2016). Other studies report that less than 5% of building projects are subjected to POEs.
(Cooper 2001, Roberts 2001, Hay et al. 2018, Stevenson 2019).
Part of the problem is, without a doubt, the constantly changing, elusive, and high-level
definition of the concept that has an obscure translation into practical terms. As the exact details
of how to conduct a POE —what to measure and how— are left to the discretion of the researcher,
the actual feedback obtained is highly volatile and inconsistent among evaluations. The lack of
agreement is definitely a deterrent for its massification as it effectively thwarts any comparison or
benchmark between buildings, even between different evaluations of the same building.
Yet most experts agree that there are more structural reasons preventing a broader
industry use of POEs. Most common explanations revolve around economic, technical, legal, and
even cultural reasons (Zimmerman and Martin 2001, Hadjri and Crozier 2009, Hiromoto 2015,
Stevenson 2019).
The first barrier is, unsurprisingly, money. In general, the construction sector is driven
fundamentally by time and budget, not as much by improvement and quality, and therefore,
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economic restrictions are syndicated as the most significant impediment for the uptake of POEs.
“[T]he terrible psychology of short-termism” (Hay et al. 2018) curtails any action that does not
translate into immediate and quick profits, it is argued, especially in projects owned or led by
construction companies that have no interest in understanding how a building is used. Moreover,
given the acknowledged fragmentation of the construction industry, it is not entirely clear who
needs to pay for a POE as every stakeholder seems to believe that others are benefited most.
There are concerns over liability, contentious legal actions, and even bad professional
reputation if negative findings are unveiled. This is also the reason many POEs are kept
confidential, with results that are never shared with others, not even members of the same
professional team. Owners also desire to control or limit the amount of POE information about the
project that is made public, and insurance companies also seem to be concerned that POEs may
increase professional indemnity risks, all rooted in the widespread belief that POEs focus (only)
on the negative aspects of a project.
Lack of expertise is also seen as a fundamental problem. Designers are not trained in
research methods, and therefore, POEs are ultimately conducted by social scientists foreign to
the idiosyncrasies of design. Architects also point out that POEs are inherently fruitless for design,
or at least partially impractical, since evaluations are conducted when buildings are already built
and the range of options for architectural modifications —i.e., morphological or spatial— is very
limited.
As always, some practitioners also blame the government and policy-makers, pointing
out that the authorities “need to take the lead” and mandate POEs, at least in public projects, or
alternatively, provide support to the private sector (Hay et al. 2018).
At the technical level, POEs qualitative methods have been criticized as subjective and
not sufficiently systematic, as well as highly prone to implicit psychological biases including the
Hawthorne effect, the Pygmalion effect, and social desirability bias (Galatioto et al. 2014). Because
POEs rely on voluntary surveys with typically self-selected samples and self-administered
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instruments, coverage and sampling errors are not infrequent (Dykes and Baird 2013). Moreover,
studies have shown that often self-reported behaviors do not agree to the actual (observed)
behaviors (O’Brien et al. 2018). POEs methods are also labor-intensive, time-consuming, and
complicated to implement in many buildings as they need the participation of occupants. Frequent
sampling is not practicable, and longitudinal studies tracking variables over time are not possible
(Turpin‐Brooks and Viccars 2006).

46

2.6.

Occupant sensing technologies

Undoubtedly, Internet-of-Things (IoT) technologies and smart systems have profoundly
impacted the construction industry. Today, any major building incorporates dozens of electronic
sensors and actuators for control and automation purposes. The majority of these systems have
precise and focused objectives related to the operation of the building, such as access control,
building systems monitoring, or automation of maintenance tasks. But, as in many other fields,
researchers have quickly realized that the value of the data collected far exceeds their originally
intended use (Caulfield 2008, Dibley et al. 2011, Peters 2017, 2018a). In the field of occupant
behavior, IoT technologies have given rise to an explosive increase of in-situ studies, as opposed
to the more common laboratory studies (Gilani and O’Brien 2017, Dong, Kjærgaard, et al. 2018).
Among the advantages of IoT over more traditional methods (v. § 2.3) are the lower long-term
costs (i.e., cost per datapoint), the possibility of having long continuous data collection periods,
less disturbance to occupants (which, in turn, leads to decreased bias), and more objective and
reliable data (Akkaya et al. 2015, Berger and Mathew 2016, Peters 2018a).
Today, many buildings incorporate IoT technologies for evaluating occupancy, but few
include any method to observe or evaluate occupant behavior, if any (Jia et al. 2017, Mane and
Rao 2018). Therefore, this section reviews the occupant sensing technologies that could be
eventually used for occupant behavior, categorized in six major groups: radio-based technologies,
image-based technologies, mechanical sensing technologies, motion-sensing technologies,
environmental sensing, and human-in-the-loop (HITL).
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Radio-based technologies include radio frequency identification (RFID), Wi-Fi/Bluetooth,
and less frequently, Ultra-Wide Band (UWB). These are used to detect location, presence,
quantity, identity, and movement of building occupants. RFID systems allow the identification and
tracking of occupants carrying a small transceiver (RFID tag) by triangulating proximity
measurements between different reading stations. It is an effective and precise system for
situations in which the occupants are willing (or can be requested) to carry an RFID tag, limitedsize controlled experiments, or when users are indirectly carrying the transceiver by other means
(e.g., workers’ IDs in office and commercial buildings, shopping carts in retail stores). For example,
Li et al. (2012) and Manzoor et al. (2012) used RFID tracking in office environments to detect
occupancy patterns and, in turn, estimate demands for HVAC and lighting systems, respectively.
Sorensen (2003) and Larson et al. (2005) used similar approaches to study consumer behavior in
grocery stores using RFID tags installed on shopping carts; Kuipers et al. (2014) and Tomé, Heitor,
et al. (2015) used RFID in combination with video recordings to study occupancy and navigation
patterns in an academic building; Spataru and Gillott (2011) utilized RFID monitoring to detect
home appliance utilization patterns; and Cattuto et al. (2010) and Atzmueller et al. (2016) used
RFID tracking to understand the spatial dimension of social interaction patterns.
WiFi/Bluetooth systems operate under a similar principle, using people’s mobile devices
as transceivers, with the main advantage that in many cases the infrastructure required (access
points, AP) is already installed in the buildings. On the other hand, their disadvantages are related
to higher power consumption and elevated privacy concerns. Wi-Fi tracking is especially popular
in public buildings with open networks used by visitors, such as libraries, museums, and stores.
For example, Yaeli et al. (2014) used Wi-Fi APs to triangulate the location of customers in a store
and detect patterns of presence and movement, which were then compared to online shopping
behavior metrics (e.g., store visit time was associated to webpage visit time). Lin and Huang (2017)
studied temporal patterns of movement and facility use in a ski resort, and then applied the same
methodology in a collaborative office environment (Lin and Huang 2018). Wang and Shao (2018)
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studied occupancy and space use patterns in a library building, and Martani et al. (2012) and Balaji
et al. (2013) used Wi-Fi tracking to infer occupancy patterns related to energy consumption in
commercial office buildings. Dong et al. (2011) studied presence, movement, and social
interaction in student dormitories using cellular phone location tracking. Bluetooth is less
frequently used due to its small coverage area and increased implementation costs. Cheung
(2007) used BT to track office workers in an office space for one month, Hu and Park (2017) used
Bluetooth-enabled smartphones with a custom online application to track occupants’ movement
and detect social gathering patterns, and Stopczynski et al. (2013) tracked smartphones carried
by participants of a large-scale music festival to identify presence and movement patterns. Chen
et al. (2019) used a combination of Wi-Fi and Bluetooth to locate building occupants in an
institutional building and detect building occupancy and space use patterns.

Image removed due to copyright concerns

Figure 17: Temporal and spatial patterns of facilities use. Image credit: Lin and Huang (2017).
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Image removed due to copyright concerns

Figure 18: RFID-based people tracking. Top: occupancy map. Bottom: movement map
Image credit: Tomé, Kuipers, et al. (2015)
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Mechanical sensing technologies detect mechanical movement in building components
that are indicative of human action. For example, window and door operations, elevator
movement, turnstile operation, and furniture movement. Common mechanical sensors include
reed switches, piezoelectric mats, pressure sensors, tilt sensors, and IR beams. These are lowcost sensors that can be easily installed on building components and furniture elements in
inconspicuous ways. However, they are subject to frequent errors as occupant detection is done
indirectly, so they are usually employed together with other sensors. For example, Labeodan et
al. (2015) used micro switches in chairs to detect presence in a commercial office building and
compared results to occupancy detection based on environmental sensors (CO2 and
temperature). Liang et al. (2016) used mechanical sensors to capture time series of occupants
entering and exiting a building, using an ML-based method to process the data accurately. Sound
detection systems are sometimes included among mechanical sensors, as the measurement of
sound waves is really the measurement of vibrations. By detecting the sound vibrations, sensors
can be triangulated to detect presence and sometimes location. For example, Yavari et al. (2013)
and (Zhu et al. 2015) used microphones and doppler radars to approximate the number of persons
in a space. However, as they are not the most accurate, sound sensors are almost never used
alone.

Image removed due to copyright concerns

Figure 19: Mechanical sensor in an office chair to detect occupancy.
Image credit: Labeodan et al. (2015)
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Motion sensing technologies, which could be technically understood as a subset of
mechanical sensors, work by detecting movement in agents in the space. However, as they are
so widely used in the industry, they are usually considered an independent category. The two
most common systems are passive infrared (PIR) sensors and ultrasonic sensors. PIR sensors are
found in countless applications from anti-theft systems to outdoor lighting systems, mainly due to
their low cost and simple operation. However, they have limited accuracy and low resolution
(Narayana et al. 2015). Ultrasonic sensors work by measuring the time a sound wave takes to
bounce back to the sensor. Comparatively, they are more sensitive and offer higher resolution
than PIR sensors. A popular application is on door thresholds to count the number of people
entering or exiting a room, for example, in shops, office buildings, public buildings. and even
home. A major drawback of these systems is that they cannot distinguish between human
presence and other sources of movement.

Image removed due to copyright concerns

Figure 20: Motion sensor installed on door threshold. Image credit: Hnat et al. (2012).
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Environmental sensing technologies measure the environmental impacts caused by the
presence of persons (such as temperature, humidity, noise, or CO2 variations) as proxy to
estimate occupancy within a space. Normally, an array of different sensors are needed to achieve
acceptable precision levels (Gilani and O’Brien 2017). These systems are increasingly common
due to three reasons: they are inexpensive; they are usually already installed in buildings for other
purposes; and they can go unnoticed by occupants. For example, Dong and Lam (2011) achieved
83% accuracy in detecting occupancy in office spaces using acoustic, lighting, and CO2 sensors.
D’Oca and Hong (2014, 2015) used an array of sensors to discover patterns of window opening
and closing behavior in offices and predict occupancy with precision rates fluctuating between
72% and 97%. Zhao (2014) obtained similar numbers using data from appliance use. Jeon et al.
(2018) proposed an occupancy detection system using change patterns of dust concentrations
using inexpensive particulate matter (PM) sensors, Pedersen et al. (2017) used CO2 in combination
with PIR sensors and volatile organic compound (VOC) sensors, and Tagliabue et al. (2016) took
air change rates and internal heat gains as input parameters to predict occupancy patterns in an
academic laboratory. Ryu and Moon (2016) achieved acceptable results for occupancy detection
using a combination of CO2 concentrations and electricity consumption metering of lighting
appliances.
There are also several commercially available environmental sensors for occupancy. For
example, Adappt® offers several real-time occupancy sensing technologies based on thermal
measurements, light sensors, and ultrasonic sensors on chairs and desks (Adappt 2018).
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Image-based technologies include infrared (IR) and visible light cameras, and both can
be based on video or time-lapse photography. These are used to detect people presence in a
room, to monitor people's movements, to observe people interacting with the building, or
employed as a secondary data collection method for assessing the accuracy of other sensors. For
example, Nicoll (2007) used IR sensors strapped to the handrails of stairs and elevator doors in
an academic building to investigate movement patterns, and the architectural firm SOM developed
a prototype occupancy sensing technology based on an array of infrared sensors placed on the
ceiling of an office space to collect data on space use and occupant behavior, particularly
occupancy, circulation, and congregation (Berry and Park 2017). Although promising, the
technology requires a lot of infrastructure and the resolution is still very low.

Image removed due to copyright concerns

Figure 21: Infrared sensor and setup array used for occupancy tracking.
Image credit: Berry and Park (2017)

Image-based technologies are among the most accurate and versatile data collecting
methods, but at the same time, among the most complex and demanding in terms of data
analysis. When recordings are analyzed manually, the data are reliable and accurate, but when
automated algorithms are used (e.g., to detect presence or interaction between people), the

54

output data are subject to frequent errors. Image-based technologies are also more expensive,
require more complex set-ups (without visual obstructions and requiring defined lighting or
temperature conditions), and most importantly, they arouse strong privacy concerns. The range
of available image-based technologies is as wide as the types of photo and video devices that
exist. For example, Shapiro and Hall (2017) studied social interaction and mobility in a museum
space using data from small body video cameras worn by occupants; Williams et al. (2014) used
time-lapse photography in combination with other methods to study social interaction behavior in
a shared design studio space, and later in a collaborative work environment (Williams et al. 2015);
Erickson et al. (2014) used seven stationary cameras to detect occupancy patterns; Kamthe et al.
(2009) used Cyclops® action cameras; and Gade et al. (2012) used thermal cameras to avoid
“violating any privacy issues”.

55

Finally, human-in-the-loop (HITL) methods are those that use data collected by humans
directly involved in the measurements, including manual observation, Internet-based data (e.g.,
calendar data, social networking, room reservations), and self-reported activity. HITL methods are
relatively easy to implement, but they may be highly biased and imprecise.
For example, Davis (2016) used data from meeting room online bookings with machine
learning techniques to detect patterns of space use, and ultimately, to define requirements for the
design of new offices meeting spaces. Melfi et al. (2011) used data from IT infrastructure,
particularly monitoring MAC and IP addresses in routers and access points, to detect occupancy
patterns in offices. Ghai et al. (2012) used data from “opportunistic context sources” —access
badges, Wi-Fi access points, calendar apps, and instant messaging clients— to detect occupancy
in commercial buildings.
Due to its technological simplicity, HITL approaches are particularly popular among
design practitioners conducting preliminary research for projects. in their New York office,
architecture firm Gensler tested a new proprietary IoT technology aimed at tracking occupancy ,
“observing activity patterns (…) and learning [occupant] behavior” (Gensler Research Institute
2018, Caulfield 2019). For a renovation project of a large lobby space with intense traffic flow, the
architecture and interior design firm FXCollaborative studied data from card readers used by
employees and visitors to understand which entrances and exits were frequented most (Caulfield
2019).

56

2.7.

Computer vision for people detection

The use of image-based data —photography, video, time-lapse recordings— to study
people in buildings (and other contexts) has a long history in research as it is universally
recognized as one of the most widespread and versatile methods for obtaining accurate, reliable,
and fine-grained information. However, as it is also known for involving extremely time-consuming
and labor-intensive analytic tasks, it has been traditionally relegated to limited applications, such
as short studies or secondary data collection method for ground truth validation, due to practical
and economic reasons. The real upswing of image-based methods arose in the last couple of
decades with the rise of machine learning methods that automated the process of identifying
humans in the images and eliminated the need for manual visual analysis. In the field of computer
vision, this task is known as people detection.
The field of people detection is an extremely rapidly evolving research field with
considerable advances in the last fifteen years driven fundamentally by applications in the
automobile industry (i.e., pedestrian detection for self-driving cars) and in the security/law
enforcement industry (public space monitoring). Multiple reviews and surveys have been
frequently conducted to provide updates on the progress of the field: Brunetti et al. (2018), Liciotti
et al. (2017), Nguyen et al. (2016), Benenson et al. (2015), Solichin et al. (2014), Paul et al. (2013),
Su et al. (2012), Dollar et al. (2011), Geronimo et al. (2010), Enzweiler and Gavrila (2009).
Technically, the problem of people detection (also “human detection” and “pedestrian
detection”) refers to the process of localizing all persons in an image and outputting the
coordinates of the smallest polygons containing each person, called boundary polygons (formerly
“boundary rectangles”). It requires two interdependent computational steps: first, analyzing the
image to extract visual features that can be used to describe a human object, and second,
classifying each particular set of features as a human or not. Visual features are typically based
on shape data, texture data (also known as appearance data), or motion data.
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To use shape-based features, first the edges and/or patches of the objects in an image
must be computed and isolated for classification (Wang 2011). Using edges to determine the
shape and interpret the presence of a person is an intuitive process, similar to —it is believed—
how humans detect other humans. Probably the most influential and widespread method using
shape-based features is the Histogram of Oriented Gradients (HOG), which was proposed by Dalal
and Triggs (2005) and was originally for detecting pedestrians in public spaces, but later was
expanded to detect all types of objects in various contexts. The HOG algorithm works by dividing
the image into small regions and then computing the distribution of local intensity gradients (edge
directions) for each region (Figure 22). The histograms of all distributions are concatenated into a
high dimensional vector that acts as the descriptor of the image and is then classified as human
or not using standard machine learning classificators, usually Support Vector Machines (SVM) as
it was the authors’ original choice. Given its simplicity and computational inexpensiveness, it is
one of the most common algorithms for all kinds of people detection problems. The effectiveness
of this intuitive approach has been verified multiple times (Wang 2011, Lai and Teoh 2014), serving
de facto as the base reference algorithm for all shape-based approaches. For example, in
buildings, the HOG algorithm has been used by Zou, Zhao, Yang, et al. (2017) with security
surveillance videos to detect occupancy in office buildings for energy purposes, and it was chosen
as the base method for an image-processing occupancy sensor (IPOS) developed at the National
Renewable Energy Laboratory (Brackney et al. 2012).
Texture-based features capture the qualities of color patterns in images. An iconic
example is the Haar Cascades Classifier (HCC), originally proposed by Viola and Jones (2001). The
core of the method is the definition of “Haar-like features”, defined as small adjacent rectangles
that represent the general pixel intensity of a region (Figure 23). In the HCC algorithm, Haar-like
features are computed at multiple small regions of an image and then used to classify the region
as human or not by a progressive series or “cascade" of weak classificators. This method has
proven to be highly effective in detecting faces and moderately effective for whole-body
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detections. For example, Liu et al. (2013) used HCC to analyze surveillance video to count human
heads at the entry and exit of a room using very low resolution (320 x 240 px) IP cameras and
Hemangi and Nikhita (2016) used HCC to detect faces and count people walking through doors
at the entrance of a building.

Image removed due to copyright concerns

Figure 22: HOG algorithm. From left to right: test image, computed HOG descriptor, SVMweighted descriptor. Image credit: Dalal and Triggs (2005).

Image removed due to copyright concerns

Figure 23: HCC algorithm. Two Haar-Like features describing the pixel intensity in the eye
region. Image credit: Viola and Jones (2001).
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Other popular people detection methods that use texture-based features are Local Binary
Patterns (LBP), which describe the texture of an image based on the comparison of each pixel
with its surrounding neighborhood of pixels, and Scale-Invariant Feature Transform (SIFT), which
as the name suggests, it is invariant to scaling transformations but also to translations and
rotations (Lowe 1999). However, LBP and SIFT have not been used as much as HCC in buildings.
Motion-based features can be extracted from video data, analyzing temporal differences
in frames (Viola et al. 2005) detecting flow vectors (Dalal et al. 2006), or more commonly, using
image depth and skeleton data. For example, Petersen et al. (2016) installed a Kinect® camera at
the ceiling of a room entrance and detected persons entering or leaving a room to, ultimately,
estimate occupancy number. Dziedzic et al. (2019) used also a Kinect® camera to capture depth
and color information to detect humans and estimate skin exposition and clothing insulation
values. Diraco et al. (2015) utilized 3D depth cameras in combination with background subtraction
techniques (see below) to detect occupants and building occupancy profiles for better energy
management.

Image removed due to copyright concerns

Figure 24: People detection using a Kinect depth camera. Image credit: Diraco et al. (2015).
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A special type of motion-based method is background subtraction, as it is an indirect
method that can be used for people detection based on the context of the application. The method
works by comparing pixels among frames and differentiating “moving” objects from the
“background” based on a previously defined model of static background, which is the
fundamental component of the system. It is an extremely efficient for detecting movement in
videos captured with stationary cameras, as the basic principle of the method is to detect changes
in pixels across frames. When used in cases where most of the frame remains unchanged except
for the moving objects, —such as indoor environments—, and the sources of movements are
presumably known —persons—, it can serve as an indirect people detection method. Several
approaches exist to automate the creation of the background model (Elgammal et al. 2000), but
by far the most popular in building applications is the use of a mixture of Gaussian functions, as
it allows for handling various dynamic light conditions such as shadows or reflections (Stauffer
and Grimson 1999, Nurhadiyatna et al. 2013). Here this approach is called generically Gaussian
Mixture Model (GMM) algorithm. Benezeth et al. (2011) used background subtraction as the first
step in their computational model for detecting human presence and characterizing activity in
video analysis. Kuipers et al. (2014) proposed a space use analysis system that employed a
combination of background subtraction for people detection, blob tracking for registering
movement, and RFID identification for occupant individualization.

Image removed due to copyright concerns

Figure 25: Background subtraction in buildings. From left to right: original image, detection of
moving objects, and grouping. Image credit: Benezeth et al. (2011).
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All these approaches —HOG, HCC, GMM— share the characteristics of being
computationally inexpensive and easy to implement. In fact, they are readily available in many
contemporary computer vision libraries (e.g., OpenCV). They are reasonably accurate, but they
are also extremely sensitive to a number of factors, namely occlusions, nontraditional postures
and unnatural movements, perspective distortions, unnatural movements, lighting conditions,
clothing colors, and also computational issues such as image artifacts.
A more recent approach is the use of deep learning techniques to automate the process
of selecting the visual features used for classification. Instead of predefining specific visual
features to be extracted, deep learning algorithms —particularly Convolutional Neural Networks
(CNN)— work by self-constructing non-linear series of layers of abstract image features that are
not relatable to intuitive visual properties. Although this is a new research niche, studies show that
CNN-based techniques outperform all traditional algorithms, fundamentally due to the richer and
higher dimensional feature representations (Benenson et al. 2015). Some of the most promising
techniques include Faster R-CNNs (Ren et al. 2015), YOLO (Redmon et al. 2016) and Single Shot
Detectors (Liu et al. 2016). These techniques are much more computationally expensive,
challenging to train, and harder to implement, but they promise greater levels of accuracy as well
as the possibility of detecting not only occupants, but also relevant objects such as strollers or
wheelchairs. The main limitation of these techniques is the higher computational power
requirements —in fact many require dedicated GPU acceleration in order to provide frame rates
comparable to traditional techniques.
Techniques based on CNN algorithms have only recently begun to be explored in building
applications. Lee and Kim (2018) used a CNN method based on the MHI algorithm developed by
Bobick and Davis (2001) to track occupancy for energy optimization, with accuracy levels
fluctuating between 50% and 88.17%. Zou, Zhao, and Cong (2017) proposed a CNN-based
tracker to detect occupants in sequential frames that can handle occlusions to measure
occupancy with video surveillance software.
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Finally, occupant activity recognition refers to analyzing images or videos of people and
interpreting what they are doing. It is, by definition, a much more sophisticated and challenging
task that simply people detection. Although it is a recent research area, and the technology is by
any measure still in its infancy, the evolution has been remarkable; cf. reviews by Vishwakarma
and Agrawal (2013), Ke et al. (2013), Subetha and Chitrakala (2016), Zhang et al. (2017), and Zhang
et al. (2019). It is expected than in a few years the methods will be mature enough to be used in
real-world applications in buildings, including surveillance, identity recognition, child and elderly
supervision, gender classification, abnormal event detection, crowd control and more.

Image removed due to copyright concerns

Figure 26: Types of human activity recognition tasks.
Image credit: Vishwakarma and Agrawal (2013).
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Machine learning methods
Machine learning (ML) is generally understood as a type of artificial intelligence that
provides computers with the ability to learn to do something without being explicitly programmed
to do it. Machine learning algorithms examine large datasets and used statistical tools to discover
underlying patterns or relationships between data, without having prior knowledge of them in the
form of a formal model of relationships (Oladipupo 2010, Alpaydin 2014, Marsland 2014, ShalevShwartz and Ben-David 2014).
According to the type of interaction with the data, machine learning algorithms can be
classified as: supervised learning, where the objective is to analyze a set of labeled data mapped
as input output pairs and to infer a general function that allows mapping previously unseen values;
unsupervised learning, where the objective is to analyze a set of unlabeled data and to infer a
function to describe its structure, typically groups or clusters; and reinforcement learning, where
the objective is to automatically determine an ideal value or behavior within a specific context
based on the maximization of an external reward feedback. Some of the most common and most
influential algorithms used in occupant behavior research are the following:
Decision trees are supervised learning algorithms that construct a model (in the form of a
decision tree) that predicts the value of output value (leaves) based on several inputs values
(branches). When the output value is a class, the tree is called classification tree, and when the
output value is a real number, it is called regression tree. Therefore, decision trees algorithms are
also called classification and regression trees (CART). Most decision tree algorithms are
constructed following a top-down approach, choosing at each step (or branch) the variable that
best divides the data set. Algorithms vary in the metrics used to evaluate the effectiveness of each
division. In certain problems, in order to compensate for the habit of decisions trees to overfit the
training set, multiple but different decision trees are simultaneously utilized, and then, the mode
or mean are taken as the final value. This technique is called random forests. (Rokach and Maimon
2008)
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Artificial neural networks (ANNs) are growingly popular algorithms, with many
applications in structured and unstructured learning. Inspired by biological neural networks, they
are series of interconnected "artificial neurons" (i.e., weighted composition of mathematical
functions) that process and analyze data in a non-linear fashion, constantly updating their weights
based on iterative results (i.e., learning). Multilayer perceptrons are probably the most popular
ANN in use today to model unknown complex relationships between inputs and outputs and to
find unexpected patterns or structures in data. When an ANN has multiple layers of artificial
neurons (as opposed to a simple single-level ANN with only input-output neurons) it is called deep
learning. A special type of deep learning networks is Convolutional Neural Networks (CNN), which
are ANN based on convolutional calculations, i.e., the integral of the product of two functions after
one is reversed and shifted. Convolutional processes are the basis of computer vision, using a
kernel or convolutional matrix as one function, for example to blur, sharpen, or detect edges.
Support vector machines (SVMs) are a set of related supervised learning algorithms used
for classification and regression. They are linear classificators, i.e., algorithms that separate group
based on the value of a linear combination of their similar features. From a labeled dataset, a SVM
obtains an optimal n-dimensional hyperplane which is used to categorize new cases. They are
frequently used to detect if a case is similar to a particular class, for which, notably, they do not
require training examples of all classes, but only that required for evaluation.
Cluster analysis, or simply clustering, as its name suggests, is a set of unsupervised
learning methods that classifies a set of values into classes or clusters according to a certain
criterion. The variety of criteria gives rise to different clustering algorithms. One of the most
common algorithms is k-means, which divides a space into k clusters in which each case belongs
to the cluster with the closest mean, in a sort of multidimensional Voronoi cells. This algorithm
only describes convex clusters, although it can be paired with other algorithms to cope with this
limitation. One of its main weaknesses is that it is excessively sensitive to outliers.
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3. SPATIAL BEHAVIOR OF BUILDING OCCUPANTS
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3.1.

Introduction

The literature review showed that the last twenty years have seen an increased interest in
the relationship between occupant behavior and building performance manifested in an explosive
number of studies in virtually all domains of building design and management. However, as the
research field grows, it is also becoming evident that many of these studies on “occupant
behavior” refer to substantially different topics, as each discipline has adapted the scope of the
concept to better fit their own research goals. Architecture is significantly behind on delimitating
a unique and meaningful research area distinguishable from others. This gap, albeit subtle, is
highly detrimental as it hinders the development of research efforts focused on the particular
aspects of behavior that are most significative for the discipline.
This short chapter addresses the issue by proposing an architecture-oriented delimitation
of occupant behavior centered on the spatial dimension of human actions. The concept of “spatial
behavior”, existing but overlooked in the literature, is revised and redefined with greater precision
and applicability. The proposed definition is decisive because it acts as conceptual umbrella for
all subsequent chapters and the delimiter of the scope of this dissertation.
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3.2.

Occupant behavior

In the broadest sense, “occupant behavior” refers to all observable actions and reactions
of a person or group of persons in response to external or internal stimuli within a building space.
These actions include, for example, how people move within and across rooms, the activities they
engage in (e.g., talking, working, reading), the way they operate or interact with building
components such as windows or furniture, their facial expressions and body gestures (e.g.,
stretching, shivering, tapping), their metabolism and physiological processes, their mood changes
and observable emotions, their social interaction patterns, and even what they say or where they
look. Analyzing occupant behavior as such is an extremely difficult problem because it requires
considering a large number of physical, physiological, psychological, and sociocultural factors,
some of which are external and easily observable (e.g., environmental conditions, physical
factors), while others are internal and hard to measure (e.g., preferences, attitudes, beliefs, cultural
background) (Fabi et al. 2012, Yan et al. 2015). Therefore, efforts to generate comprehensive
theories and holistic models to explain occupant behavior based on a large number of influencing
factors have been arguably unsuccessful.
In practice, each discipline has redefined the concept of “occupant behavior” according
to what appears to have the most significant impact on its own research goals: not all occupant
behavior is equally important for all AECO disciplines. For example, in energy and environmental
studies, relevant occupant behavior is comprised of actions that consciously or unconsciously
alter the physical parameters of the indoor environment and have an impact on the energy
demands, as it has been explicitly defined by the International Energy Agency Annex 66 (Yan et
al. 2017, EBC Annex 66 2018). In structural engineering, relevant occupant behavior is that which
produces mechanical effects on the structure, such as the impact on floors due to occupantinduced vibrations (Ebrahimpour and Sack 2005), or the irregular distribution of live loads due to
occupant dynamic activities (Parsons et al. 2014). In fire protection engineering, critical occupant
behavior is how people react during massive emergency evacuations (Kuligowski et al. 2005,
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Kobes et al. 2010, Sagun et al. 2011, Ronchi and Nilsson 2013). In mechanical engineering,
occupant behavior research is focused mostly to generating occupancy models used to estimate
loads on building systems (Harish and Kumar 2016, Ioannidis et al. 2016, Dong, Yan, et al. 2018),
and secondly, on human-building interaction (HBI) patterns of building systems utilization
(Langevin et al. 2015, 2016, Yan et al. 2017). Other sub-disciplines are interested in even more
specific subsets of occupant behavior, such as elevator/stair use patterns, window opening
patterns, or restroom use patterns. Many more examples demonstrating how broad and mutable
the concept is within AECO disciplines are found in §2.2.
In architecture, the notion of occupant behavior (also “user behavior” and “human
behavior”, indistinctly) is significantly less formalized and delimited than in other disciplines, giving
the impression, at first, that it is used as a sort of catch-all concept to refer to any action performed
by people in architectural spaces. However, a deeper consideration of the literature review shows
that there is, indeed, an implicit distinctive shared characteristic in most architectural-oriented
research on occupant behavior: the focus on the spatial dimension of behavior appears as the
most fundamental aspect of analysis. In fact, architects are interested not only in what people do,
but, more importantly, in knowing what spatial conditions best accommodate those actions. In a
sense, architectural design revolves around expected occupant behavior. When architects
observe and study human behavior in buildings, one of their most important aims is to identify
geometric and formal properties of human behavior that can be then translated into physical and
spatial requirements for design. The spatial dimension prevails as the fundamental layer of
analysis, on top of which all other correlational, causal, or explanatory analyses are (later)
conducted.
This subtle characteristic is most evident when comparing similar studies on occupant
behavior conducted by researchers in architecture and those in other disciplines. An iconic
example is the field of wayfinding behavior, i.e., the study of how people orient themselves and
navigate in physical environments. Studies conducted by social scientists, particularly
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environmental psychologists, are normally focused on the internal cognitive mechanisms of spatial
perception and route planning, like the construction of mental maps, and the symbolic and
semantic qualities of space to act as frames of reference for spatial navigation (Golledge 1999,
2003, Golledge et al. 2000). Interior and graphic designers understand wayfinding behavior as
essentially related to the information systems that help guide people in complex settings, such as
maps, signs, and other visual aids in physical space (Gibson 2009, Calori and Vanden-Eynden
2015). But architects, instead, study the navigational paths of movement of occupants in the
space to identify spatial qualities that help (or deter) people to move efficiently and naturally.
Architects understand wayfinding behavior as directly related to the geometric and sensorial
physical properties of the space (e.g., legibility of the space) (Passini 1984, Peponis et al. 1990,
Arthur and Passini 1992, Dogu and Erkip 2000).
Another clear example is found in the field of social behavior in workplaces. For example,
psychologists and management scientists have studied workplace environments and worker
behavior to establish the link between social interaction, innovation and productivity (Lechler 2001,
Haynes 2007, Wineman et al. 2009), and building scientists have studied the relationship between
social interaction and energy performance (D’Oca et al. 2017). Instead, architectural studies have
focused on how determining certain spatial configurations and layouts promote casual movement
that has a direct impact on the frequency of contact among workers, or how the spatial layout is
related to patterns of presence that may provoke shared activities (such as eating) that, in turn,
trigger increased social interaction (Penn et al. 1999, Williams et al. 2014, Koutsolampros et al.
2015, 2017, Berry and Park 2017). Similar differences are observed in studies on consumer
behavior in stores (cf. Esteky 2017 and Bacon 1984), seating behavior in auditoriums (cf. Mumcu
et al. 2010 and Moon and Han 2015, Chun et al. 2019), inmate behavior in prisons (cf. Giber 1983,
Cox et al. 1984 and Morris and Worrall 2014), and others.
The preponderance of the spatial dimension of behavior, or more specifically, on the
spatio-temporal patterns of behavior, is clearly recognizable in the works of architectural
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researchers of human behavior in buildings, despite the lack of a common conceptual framework
and dissimilar terminology. For example, it is deeply entrenched in the early categorization of “path
behaviors” (i.e., occupant movement) of Winkel and Sasanoff (1966), and even more explicit in the
notion of “behavioral dimensions” proposed by Deasy and Lasswell (1985) to consider the
dynamic size of human activities in space rather than only static anthropometric and ergonomic
guidelines as is the norm in architectural design. It is also embedded in the idea of “activity shapes”
proposed by Gómez et al. (2012), Gómez (2017) to “obtain distinctive analyses of [human] activities
in aggregated and spatiotemporal terms”, in the concept of “space-use” proposed by Kuipers et
al. (2014) and Tomé, Kuipers, et al. (2015) to analyze occupant presence and movement in
buildings, and in the Occupant Layout Interaction Analysis (OLIA) methodology proposed by
Basarir (2018) to perform occupant movement analysis for spatial layout evaluation. Beyond
scientific literature, the importance of the spatial dimension of human behavior is also found in the
narratives of leading architectural practitioners, such as in the notion of “behaviorology” proposed
by Atelier Bow-Wow Tsukamoto et al. (2010), and the idea of human-centered “conscious design”
promoted by Fumihiko Maki (Sanscartier 2018).

Space Syntax
Probably the most developed attempt to formalize the study of the spatial dimension of
behavior has been Space Syntax, a set of theories and methods for the analysis of spatial
configuration in urban environments proposed by Bill Hillier and colleagues in the late 1970s and
early 1980s at the University College of London (Hillier and Hanson 1984, Hillier 1996). The
foundational idea of Space Syntax is that urban spaces —and by extension architectural spaces—
have geometrical properties that affect or even determine how people navigate and use spaces.
According to the theory, spatial and social structures are not independent, but inherently and
mutually dependent on each other: the configuration of the space has, essentially, a social logic
(Bafna 2003, Klarqvist 2015). To operationalize the theory, Space Syntax offers a large set of
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quantitative methods and computational techniques that can be used to analyze spaces and
behavior —such as visibility analysis, spatial connectivity analysis, human movement analysis—
which have been extensively employed in all types of projects with varying degrees of success (Al
Sayed 2018) (Koutsolampros et al. 2019), and implemented in several computational tools
including Spatialist (Peponis et al. 1998), SpaceBox (Dalton 1988), Omnivista (Dalton and Dalton
2001), and the most well-known, Depthmap (Turner 2004).
Although Space Syntax, and particularly its claim that space and geometry can be used
to explain human socio-spatial behavior (Ratti 2004), has been criticized and even refuted by other
disciplines, it remains a valued tool for architecture. This is because its fundamental assertion,
that the relationship between spatial properties and human behavior is bidirectional allows for the
translation of behavioral patterns into spatial qualities that can be then interpreted as requirements
for design. For instance, according to the theory, human movement patterns are probabilistically
explained by the network of interconnected spaces and the range of navigational choices and
visibility relationships among them. Wayfinding behavior can be facilitated —and by extension,
building usability— by intentionally altering the spatial configuration and increasing or decreasing
the visual field at different points of the space (Hölscher et al. 2012).
In Space Syntax, the concept of spatial behavior is not literally defined as such, yet it is
visibly contained in its general understanding of human behavior:
“It is useful to begin by considering in as generic a way as possible the types of human
behaviour that occur in buildings. We may do this best by considering not the purpose or
meaning of an activity but simply its physical and spatial manifestation, that is, what can
actually be observed about human activity by, say, an extra-terrestrial who had no idea
what was going on and could only record observations. Generically, such an observer
would conclude, two kinds of thing happen in space: occupation and movement.” (Hillier
1996)
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The definition is unambiguous: human behavior in buildings —from an architectural point
of view, it should be assumed— is circumscribed to the physical and spatial manifestation of
human activity; a bold statement with which Space Syntax distanced itself from the prevailing
sociopsychological theories of occupant behavior that dominated the public discourse in the
1980s and were beginning to permeate to architectural thinking (Lang 1971, Heimsath 1977).
However, the main problem with Space Syntax’s notion of behavior is its restrictive scope limited
to occupation and movement only, which may be partly explained because the original spirit of
the theory centered on the urban scale. However, this simplification does not work well at the
architectural scale. Understanding spatial occupant behavior in buildings requires, necessarily,
recognizing the finer spatial nature of human activities. “[C]onversing, meeting, reading, eating or
sleeping” have unique and characterizing spatiotemporal patterns that cannot be equalized nor
simply categorized as “largely static” (Hillier 1996). Architects do need more detailed variables to
capture, describe, and interpret the “small local movements” that distinguish human activity in
buildings, which, in fact, shape large part of everyday architectural design decisions.
In summary, the distinguishing interest of architectural research on the spatial dimension
of human behavior is well established, buy remarkably survives without an explicit and agreed
conceptual delimitation. The most evident term, “spatial behavior”, which exists in the literature of
neighboring disciplines that share the interest of human actions in space at a different scale
(Golledge 1997), remains notably overlooked in architecture.

73

3.3.

Spatial behavior

“Spatial behavior” is not a term explicitly defined or used in architecture, yet most
architects have a natural and intuitive understanding of it. As with many other concepts in the
discipline, its vagueness is normally not seen as an issue, but as an opportunity for constant
reinterpretation. However, such an open definition is impractical for analytical purposes as it
makes measuring, evaluating, and particularly, comparing buildings, methodologically
challenging, if not altogether impossible. An explicit and precise definition is a paramount
requirement for any systematic evaluation effort aspiring to be generalizable.
In this study, spatial behavior is defined as all observable actions that a person or group
of persons perform within a building with the result of establishing or modifying their physical
situation in space through time.
Several considerations must be made:
First, by identifying “observable actions” as the object of study, this definition leaves out
all internal psychological processes —cognitive and emotional— that do not manifest externally.
Spatial behavior is, therefore, exclusively circumscribed to the physicality of behavior.
Second, the expression “a person or a group of persons” is made to emphasize that
spatial behavior can be understood at an individual and collective level simultaneously, as these
two levels of analysis lead to different but complementary results and interpretations.
Third, “within a building” establishes the context of application of the concept. It derives
naturally from the notion that spatial behavior is a subset of building occupant behavior. Of course,
there is also spatial behavior outside buildings, such as in urban spaces, but circumscribing the
scope to buildings facilitates its understanding and eventual extrapolation to other domains.
Fourth, the expression “with the result of” establishes as actions of interest those that
have the consequence of altering the physical situation of occupants, regardless of their original

74

intention. This includes, for example, voluntary and involuntary actions motivated by conscious
and unconscious decisions. In this sense, it is not relevant why people perform a certain action in
order to be considered within the scope of spatial behavior. Of course, establishing causal
relationships between explanatory factors and spatial behavior is a crucial question for any
research effort, but that is, by definition, a secondary process, independent of the description of
spatial behavior itself.
Fifth, the notion of “situation in space” refers primarily, but not solely, to location. It also
includes the occupant’s physical disposition in space, like orientation, posture, and body
movements. These seemingly minor actions are, in fact, decisive to characterize the activities
performed by occupants and the actual use of a space.
Finally, by specifying “through time”, the definition stresses the dynamic dimension of
spatial behavior.

Describing spatial behavior
In essence, analyzing any spatial behavior requires describing the relationship between
three fundamental elements: people, space, and time (Figure 27).
For example, to study occupant spatial behavior on workspaces, data should describe
what workers used which workstations and what times. Similarly, to study consumer behavior in
grocery stores, data should describe the paths and permanence of several types of shoppers, for
example, o later establish associations between spatial behavior and purchasing decisions.
These three elements are always present, so any occupant action or behavior can be
analyzed from this triple point of view. For example, visitor behavior at a museum could be studied
from an occupant-centric perspective, identifying different profiles of visitors based on areas
visited; from a space-centric perspective, identifying areas of more and less intense use; and from
time-centric perspective, identifying quieter moments during the day to organize cleaning and
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maintenance tasks. These three elements are always present and are essential to the analysis of

OCCUPANT

any spatial behavior.

Figure 27: Fundamental elements of spatial behavior.

Each element of spatial behavior can be described with different data resolutions. For
instance, for a study on occupancy of public libraries, temporal data resolutions could be: monthly
(“July has the lowest occupancy rate”), weekly (“the last weekend of each month is always the
busiest”), daily (“weekends are more attended than weekdays”) and hourly (“mornings are busier
than afternoons”). Similar differentiations could be made for spatial data: room-level (“children
area is the most attended”), zone-level (“the reference section is almost never used”), or exact
location (“the seats by the windows are the most preferred”). For people data, usual resolutions
are: count (“there are five persons in the conference room”), posture (“people are sit facing the
fireplace”), and identity (“patrons visit the newspaper zone more often than non-patrons”).
Figure 28 shows a diagram of the different data resolutions for spatial behavior,
constructed based on a similar diagram proposed by Melfi et al. (2011).
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Location
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Figure 28: Model of spatial behavior data resolution.
Own elaboration based on Melfi et al. (2011).

Depending on the data available, spatial behavior can be organized in three categories,
with increasing levels of detail: presence, movement, and activity (Figure 29),

Activity
Movement
Presence

Figure 29: Categories of spatial behavior.

Presence, understood as simply being in a certain space at a defined time, is the most
fundamental category of spatial behavior; no behavior can exist without presence. However,
despite its unsophisticatedness —or maybe because of it—, presence is widely used in all types
of spatial analyses in buildings, from determining the frequency of use of facilities to evaluating
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under and over used areas in buildings. It is typically associated with, confused with, or assumed
as the equivalent of “occupancy”, that is, the condition of a space to be occupied by one or more
persons. However, presence is more than just occupancy; it involves all elements of spatial
behavior: who are present, where (exactly) they are present, and when they are present.
Movement, the change of location through time, is the second fundamental category of
spatial behavior. As with presence, analyzing movement involves observing the three basic
elements of spatial behavior: who is moving, where they are moving (to/from/around), and when
they are moving. Movement refers primarily, but not exclusively, to transportation, i.e., how people
move proportionally large distances within a building to change from one location to another.
However, movement behavior analysis also includes the much finer scale of body movements and
subtle changes of position that persons do while performing everyday activities. In fact,
characterizing the dynamic shape of human activities is one of the central topics in movement
behavior analysis.
Activity represents the third and most elaborated category of spatial behavior, as it
implicitly includes the previous two. It represents the answer to what occupants do spatially. There
is, however, a fine line between describing occupants’ activities and interpreting spatial activity.
Similar to how Zeisel (2006) explains, “a smiling person is not the same of a happy person”, a
person moving quickly from left to right is not the same as a person dancing. In this sense, spatial
activity behavior describes a recognizable pattern of physical changes of situation in space,
without any prejudice to subsequent interpretations that could be made by the researcher in
regard to the motivation or semantic quality of the activity.
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4. COMPARATIVE ANALYSIS OF POST OCCUPANCY EVALUATION
PROTOCOLS FOR STUDYING SPATIAL BEHAVIOR
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4.1.

Introduction

It is frequently argued that a Post-Occupancy Evaluation (POE) is one of the best methods
for observing, understanding, and evaluating how occupants use a building, and ultimately,
obtaining valuable feedback to improve the quality of building design and operation. The peopleoriented approach of POEs, it is argued, is an exceptional tool for assessing the human dimension
of architectural design. However, despite the ample praise and categoric support for the highlevel idea of evaluating buildings from an occupants’ perspective, in practice POEs are rarely used
or severely restricted in their scope to almost exclusively environmental and operational issues,
leaving occupant behavior notably overlooked. The most common explanations for this paradox
revolve around economic, legal, or cultural reasons: POEs are expensive and neither clients nor
designers want to pay for them; conducting POEs may carry legal liabilities; designers reject the
idea that “their” projects are evaluated or "exposed"; POEs are conducted by social scientists
foreign to architecture and they produce results that are hard to understand or simply impractical
for design; architects have no expertise in POE methods; etcetera. Remarkably, technical or
methodological reasons are rarely wielded: it is tacitly assumed that POEs are appropriate tools
for describing and understanding occupant behavior but are simply not used due to other reasons.
This assumption is investigated in this chapter. Twenty-seven POE protocols are analyzed
from a methodological perspective to see if POEs are, in fact, appropriate for understanding
occupant behavior, particularly spatial behavior. The original objective of this research step was
to identify behavioral variables included in contemporary POE protocols that could be later
redefined as quantitative metrics to be obtained with computational technologies, but, as it will
become evident in the rest of the chapter, it was apparent that POEs include only a handful of
variables, if any, related to spatial behavior. Therefore, the analysis shifted to identify the specific
methodological limitations of POEs protocols for measuring spatial behavior and to highlight
opportunities for taking advantage of computational technologies.
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The chapter is organized as follows. Section §4.2, the core of the chapter, provides a
detailed review of each protocol, including its purpose, context, and main focus. Section §4.4
analyzes the methods and instruments used by POE protocols to analyze spatial behavior, and
section §4.5 covers the variables and metrics of spatial behavior organized in the three main
categories —presence, movement, activity— defined in the previous chapter. Finally, section §4.6
is a discussion of the main methodological limitations detected and potential areas for
improvement considering the final aim of developing a method based on computer vision.
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4.2.

Methods

The study was conducted in two phases. The first phase was a meta-review of POE review
papers to identify key POE protocols proposed and/or used in the last 20 years. More than 45
review papers and general papers with extended background sections written in the last 20 years
were found through eight academic search engines (Google Scholar, Web of Science,
ScienceDirect, Scopus, ASCE Library, IEEE Explore, Dimensions) using the key terms "postoccupancy evaluation" in conjunction with "review" and/or "survey". Three main criteria were used
to select protocols for the second phase:


Must be a standardized protocol intended for use in different projects. Custom protocols
designed for one specific project or case were not considered.



Must be explicitly identified as POE. Other building evaluation methods that consider
empirical validations during the operation phase but are not strictly POEs (e.g., green
building certifications were not considered.



Must have public documentation published in English on their methods and instruments,
either as official documentation and/or academic publications.
Thirty POE protocols were originally selected, but after closer inspection, it was noted that

three protocols were de facto duplicated as they had different names or were embedded into
other protocols. So, the final list was comprised of twenty-seven unique protocols. The analysis
was then aimed at identifying their specific objectives, data collection and analysis methods,
instruments, and specific occupant behavior data collected. The analysis was based on the
examination of each protocol's documentation, technical reports, several case studies, and
design-oriented reports describing how architects and engineers use these POEs as tools
informing design. Additional architectural-oriented databases (Avery Index to Architectural
Periodicals and RIBA British Architectural Library Catalogue) were included to compensate the
engineering bias in scientific search engines.
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The full list of protocols is:


AMA WorkWare (AMA)



Building Assessment Survey and Evaluation (BASE)



Whole Building Cost and Performance Measurement (BCPM)



Building Occupants Survey System Australia (BOSSA)



Buffalo Organization for Social and Technological Innovation Survey (BOSTI)



Building Use Studies Occupant Survey (BUS)



Building Performance Evaluation Toolkit (BPET)



Occupant Indoor Environmental Quality Survey (CBES)



Creative Energy Homes (CEH)



Checklist of Work-Related Experiences (CWRE)



Cost-Effective Open Plan Environments (COPE)



Design Quality Indicators (DQI)



Higher Education Funding Council for England Methodology (HEFCE)



Human Factors Satisfaction Questionnaire (HFSQ)



Health Optimization Protocol for Energy Efficient Buildings (HOPE)



National Environmental Assessment Toolkit (NEAT)



NRC Post Occupancy Evaluation (NRC)



Overall Liking Score (OLS)



Performance Measurement Protocol (PMP)



Post Occupancy Review of Buildings and their Engineering (PROBE)



Preiser Protocol (PP)



ProKlima Project (PK)



Physical Work Environment Questionnaire (PWESQ)



Rating of Environmental Features (REF)



Remote Performance Measurement (RPM)
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Smart Controls and Thermal Comfort (SCAT)



TM22 Energy Assessment and Reporting Methodology (TM22)



Tool for Selecting Office Building Upgrading Solutions (TOBUS)



UCI Facilities Survey (UCI)



Work Environment Diagnosis Instrument (WODI)
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4.3.

POE protocols

AMA WorkWare (AMA)
Proposed by Alexi Marmot Associates (UK) in 1990. It is “toolkit of quantitative and
qualitative methodologies [intended to] deliver effectively and economically evidence on how
buildings are really used, combining building measurement and the best social science techniques
(…) to help clients take strategic decisions, and to inform briefing, change management and
evaluation” (AMA 2010). Remarkably, Alexi Marmot, Professor of Facility Management at the
University College London, was trained as an architect and her company AMA was originally a
traditional architectural firm. This is one of the few POE protocols developed with an explicit
architectural purpose, including variables such as space use and functionality. AMA WorkWare
utilizes five methods: web questionnaires (occupants), space occupancy surveys, workshops and
focus groups, interviews (managers), and “space audits”, a mix between walkthroughs and
document review. AMA WorkWare has been applied to over 250 office buildings and has recently
been expanded for use in educational buildings (WorkWare-Learn) and meeting spaces
(WorkWare-Connect) (AMA 2010, Oseland et al. 2011).

Building Assessment Survey and Evaluation (BASE)
Proposed by the Environmental Protection Agency (US) in 1994-1998, the BASE protocol
was originally part of a large cross-sectional study meant to create a baseline from typical public
and commercial office buildings in the U.S. to detect and analyze sick buildings. It covers three
major areas: (1) environmental and comfort measurements, (2) building systems characterization,
and (3) occupant demographics, health status and general perceptions. The full list of evaluation
variables is shown in Figure 30. (Womble et al. 1995, EPA 2006)
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Image removed due to copyright concerns

Figure 30: Evaluation variables in the BASE protocol. Image credit: Womble et al. (1995).

Whole Building Cost and Performance Measurement (BCPM)
Proposed by the Federal Energy Management Program - Department of Energy (US) in
2009, it was intended to be a public tool for assessing building cost and performance in
sustainable design projects. It is not a comprehensive evaluation protocol aimed at measuring all
aspects of sustainable design; instead, it provides high-level comparative measurement results in
a relatively easy and inexpensive way. Twenty metrics are organized in two groups: (1) Building
and Site Characteristics, which describes the background of the project and the “uniqueness of
[the] building” (Fowler et al. 2009), and (2) Building Cost and Performance Metrics, the core of the
protocol, which describes six key sustainable areas (Figure 31). Within the first group, the category
“Occupancy” includes five metrics: type of occupant, hours of operation, total number of regular
occupants, total number of regular visitors, and occupant gender ratio. Other occupant-related
metrics are occupant IEQ satisfaction, self-assessed productivity and absenteeism, and turnover
rate.
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Figure 31: Cost and performance metrics in the BCPM protocol.
Image credit: Fowler et al. (2009).

Building Occupants Survey System Australia (BOSSA)
The BOSSA system originated as a joint project between Australian building science
researchers and practitioners to develop a novel POE toolkit for the Australian industry. The
system is composed of four instruments. The first, BOSSA Time-Lapse, is a 31-item occupant
web questionnaire covering occupant satisfaction (spatial comfort, indoor air quality, thermal
comfort, noise, privacy, visual comfort, building appearance, operational issues), perceived
productivity and health, and general demographics. Subsequent versions included questions on
occupant activities and individual space. The second instrument, BOSSA Snap-Shot, is a short
questionnaire occupants used to describe and evaluate environmental qualities at a specific
moment (“right-here, right-now”), and it is analyzed in conjunction with a series of simultaneous
IEQ measurements taken using a special sensing cart called BOSSA Nova. Together, BOSSA
Snap-Shot and Nova, provide associated subjective and objective assessments on four IEQ
topics: acoustics, thermal comfort, visual comfort, indoor air quality. The fourth instrument,
BOSSA Building Metrics, is a systematic collation of building descriptive information and
operational metrics used to contextualize the results from the other tools. (Candido et al. 2016)
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Figure 32: Sample questions from the BOSSA Time-Lapse protocol.
Image credit: Candido (2019).

Image removed due to copyright concerns

Figure 33: Sample questions from the BOSSA Snap-Shot protocol.
Image credit: Candido (2019).
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Buffalo Organization for Social and Technological Innovation Survey (BOSTI)
Proposed by BOSTI Associates (US) in 1995, the BOSTI questionnaire understands
relationships between environmental qualities of office space and occupant satisfaction,
productivity, and well-being, with the ultimate objective of “support[ing] desired business
outcomes, increas[ing] individual and team job performance, (…) and mak[ing] the most efficient
use of facility resources” (BOSTI Associates 2002). The questionnaire covers descriptive
information on individual and group activities and schedules, office space characteristics, and
social behavior patterns. It also requests evaluative information on work performance (selfassessed), work satisfaction, and general environmental satisfaction (privacy, disruption,
teamwork, furniture, lighting, ergonomics). The BOSTI tools were developed by a team of
environmental psychologists, social scientists, and architects. (Brill and Wiedemann 2001)

Building Use Studies Occupant Survey (BUS)
The BUS Occupant Survey is an instrument originally developed by Building Use Studies
Ltd (UK). in 1985s to provide a rapid and comprehensive study of user needs in a range of building
types as part of a larger effort intended to assess the sick building syndrome (Cohen et al. 2001,
Leaman and Bordass 2001, BUS 2017). It was subsequently adapted in 1995 for the PROBE
project (Leaman and Bordass 2001), and then acquired by Arup in 2009 and refined as the BUS
Methodology in 2013. During its 30 years of continuous application and development, the BUS
survey has been used in more than 900 buildings, accumulating more than 75,000 individual
responses (BUS 2017), placing it as one of the most widely used POE surveys to date. It has been
extremely influential, acting as de facto as reference model for hundreds of custom POEs, mainly
in the UK and Europe. One of its notable characteristics explaining its popularity, is its simplicity:
the survey is a short 2-page questionnaire that is “quick, easy and attractive to use, and affordable
to administer and analy[z]e; (…) it avoids fatigue by the recipient and information overload in the
analysis” (Cohen et al. 2001). The questionnaire covers background and demographics, comfort
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levels (temperature, air movement, air quality, lighting, noise, and overall comfort), personal control
(over heating, cooling, and lighting), health, productivity, building management, and building
design characteristics. Some variations also include questions on occupancy and activity
patterns.

Building Performance Evaluation Toolkit (BPET)
Created by the Center for the Built Environment (CBE) at the University of California (US)
in the early 2000s, the Building Performance Evaluation Toolkit (BPET) is one of the most important
and influential indoor environmental quality (IEQ) measurement standards to date. It is composed
of a wireless software platform associated to a custom sensing cart with multiple environmental
sensors. The cart captures real-time measurements on four IEQ categories: acoustics (sound
level), indoor air quality (CO2,), lighting (illuminance, luminance), and thermal comfort (surface IR
temperature, air and globe temperature, air speed, relative humidity, differential pressure). The
cart is light and wheeled, so it can be freely moved around a room and adjusted to collect multiple
measurements at different heights (floor, ceiling). The cart is wirelessly connected to a web-based
data collection server with a custom analysis and reporting application. It can also be easily
connected to the Building Management System (BMS) of the building, if available (Heinzerling et
al. 2013). Both the hardware cart and the software platform were designed around the
requirements of the Performance Measurement Protocol (PMP), reviewed below.

Occupant Indoor Environmental Quality Survey (CBES)
Created by the Center for the Built Environment (CBE) at the University of California at
Berkeley (US), and therefore also called the “CBE Survey”, the Occupant Indoor Environmental
Quality Survey is, unquestionably, the most popular POE occupant survey in North America.
Originally proposed in the mid-1980s, it has been continuously refined by the CBE until today. It
has been applied on more than 1,200 buildings, and, as a result, constitutes one of the largest
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POE databases in the world. It is normally used in conjunction with the BPET measurement
standard. The CBE Survey is recommended by several building evaluation protocols and
organizations, most notably, the Performance Measurement Protocol (PMP). The most updated
version is a two-part survey: a mandatory module and several optional modules which can be
applied based on the specific information needs of each project. The mandatory module covers
IEQ satisfaction (thermal comfort, air quality, lighting, acoustics), building operation and
maintenance, and space characteristics (office layout, workspace, office furnishings), as well as
some questions on respondent background and general building perceptions (“how occupants
feel about the building overall”). Some of the optional modules are focused on accessibility,
safety/security, building systems issues, wayfinding, and specific building elements and facilities
(e.g., ceiling fans, operable windows, floor diffusers, restrooms, conference rooms) The survey
has been extensively tested, including in cognitive experiments to ensure that respondents
comprehend the questions and respond with minimal bias. (Huizenga et al. 2002, Zagreus et al.
2004) (CBE 2019)
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Figure 34: Sample questions from the CBE protocol. Image credit: Zagreus et al. (2004).

Image removed due to copyright concerns

Figure 35: Web-based benchmarking tool in the CBE protocol. Image credit: CBE (2019).
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Creative Energy Homes (CEH)
The Creative Energy Homes project is a multi-year project initiated in 1999 by the
University of Nottingham (UK) to investigate several energy-related building technologies, from
construction materials and systems, to building systems and sustainable products. Seven
different continuously inhabited houses have been built in a research park in Nottingham in
association with industry patterns. An essential part of the project is the continuous and extensive
POE of the homes. All houses are fully instrumented and, in some of the houses, occupants also
wear RDFI tracking devices for occupancy monitoring. The range of data collected include outdoor
and indoor environmental conditions (temperature, humidity, air quality), energy consumption
(electricity gas, biomass), water consumption, renewable energy generation and other material
indicators. Occupant sensing includes presence and approximated location (based on predefined
home zones), which are reported in real-time and aggregated patterns. (Spataru and Gillott 2011)
(CEH 2018)

Cost-Effective Open Plan Environments (COPE)
The COPE POE protocol is part of a larger project conducted by National Research
Council (Canada) between 1997 and 2002 and is aimed at understanding the impact of the
physical environment qualities of open-plan offices on environmental and work satisfaction. The
POE protocol used in the project’s field study was composed of physical measurements paired
with an occupant survey. The physical measurements were focused on IEQ and were made using
a set of different sensors mounted on an adapted chair. The measured variables included air
temperature, radiant temperature, relative humidity, air velocity, air quality (CO, CO2, THC, CH4),
illuminance, and sound levels. The occupant survey was a 27-item questionnaire covering mainly
environmental satisfaction (lighting, air quality, ventilation, temperature and noise, but also space
size, privacy, and aesthetic appearance), job satisfaction, and occupant’s background (Veitch et
al. 2002)
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Figure 36: Occupant survey in the COPE protocol. Image credit: Veitch et al. (2002).

Design Quality Indicators (DQI)
Proposed by the Construction Industry Council (UK) in 1999, as a response to the
increasing use of construction key performance indicators for evaluating projects, the DQI project
was meant to provide a set of systematic methods to holistically evaluate the design quality of
buildings. The DQI method aspired to evaluate not only the physical and tangible aspects of a
project, but also the more subjective, even emotional, aspects of design. The conceptual
framework was inspired by the design principles proposed by the Roman architect Vitruvius utilitas, firmitas, venustas-, and consisted of three main areas of assessment: functionality (use,
access, space), build quality (engineering performance, construction), and impact (defined as “the
ability to create a sense of place and have a positive effect on the local community”, including
aspects such as form, materials, identity, character, urban and social integration). Instrumentally,
the buildings are evaluated using a qualitative questionnaire responded to which all stakeholders
respond (designers, users/occupants, owners, builders, etc.). (Dewulf and Van Meel 2004) (Gann
et al. 2003)
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Figure 37: Build Quality Questionnaire in the DQI protocol. Image credit: Gann et al. (2003).

Higher Education Funding Council for England Methodology (HEFCE)
The HEFCE POE protocol is the result of a long-researched initiative in 2000 by the Higher
Education Design Quality Forum (UK) to develop a POE review process specially targeted to the
high education sector. The first outcome was the “De Montfort” protocol, later expanded and
officialized as a POE Guide published by the Higher Education Funding Council for England. The
64-page document includes a robust conceptual background on the definitions, origin, benefits,
process, and different approaches to POE. It also includes a toolkit, with detailed sample
documents, tools, and techniques for conducting POEs. Some evaluation techniques outlined in
the guide are walkthroughs, interviews, focus groups, surveys, and physical measurements. The
protocol covers aspects of technical performance (physical systems, environmental systems,
adaptability, durability) and functional performance (strategic value, aesthetics/image, space,
comfort, amenity, serviceability, operational cost, life-cycle cost, operational management) (Blyth
et al. 2006)
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Figure 38: Sample questions from the HEFCE protocol. Image credit: Blyth et al. (2006).

Human Factors Satisfaction Questionnaire (HFSQ)
See Physical Work Environment Questionnaire (PWESQ).

Health Optimization Protocol for Energy Efficient Buildings (HOPE)
The HOPE Project was a collaborative project conducted by 14 research organizations in
9 European countries sponsored by the European Commission, to study the relationship between
energy efficiency, health, and comfort in buildings. As a main part of the project, 164 buildings
were investigated using standardized document reviews and building inspections, interviews, and
occupant surveys, a process thereafter known as the HOPE POE Guidelines. Document reviews
and building inspections (walkthroughs) are focused on general building characteristics
(dimensions, materials, building systems, etc.) and are descriptive in nature. Additional
instrumental measurements (physical, chemical, and biological parameters) and energy meterings
were also added in some cases. Occupant surveys cover comfort perceptions (thermal, IAQ,
noise, lighting, overall comfort, privacy, decoration, cleanliness, personal control of environment,
orientation/wayfinding, views), health conditions, and work conditions, and they were qualitatively
evaluative in nature (HOPE 2005, Bluyssen et al. 2011).
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Figure 39: Comfort questions in the HOPE protocol. Image credit: Bluyssen et al. (2011).

National Environmental Assessment Toolkit (NEAT)
The Center for Building Performance and Diagnostics (CBPD) at Carnegie Mellon
University (US) has a long-standing history of research into POE and building performance
evaluation. The CBPD methodology approaches buildings from a triple assessment perspective:
a descriptive baseline of technical attributes of building systems (TABS), an evaluation of user
satisfaction and perceptions —sometimes carried out using other standard surveys such as COPE
or the CBE Survey— and an series of on-site environmental measurements, for which the NEAT
protocol was proposed. The measurements are obtained using a custom cart equipped with
several environmental sensors: air temperature, relative humidity, air speed, air quality, surface
temperature, and light levels (Aziz et al. 2009, Loftness et al. 2009).
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Figure 40: NEAT Cart for on-site physical measurements. Image credit: Aziz et al. (2009).

NRC Post Occupancy Evaluation (NRC)
Proposed by the National Research Council (Canada) in 2009, the NRC was a POE
protocol for environmental evaluation of occupied “green buildings” with the ultimate goal of finetuning certification systems to ensure better performance. The protocol was comprised of four
data sources: a web occupant survey (on IEQ satisfaction, job satisfaction, health, work activities,
and occupant background —from environmental attitudes to sleep quality), a series of spot and
long-term on-site physical measurements using a proprietary sensing cart, interviews with building
managers, and energy consumption review (i.e., electricity, gas, and water utility bills) (Newsham
2014).
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Overall Liking Score (OLS)
Proposed by Levermore (1994) at the University of Manchester (UK) in 1992, the Overall
Liking Score is a standardized occupant satisfaction questionnaire measuring both positive and
negative perceptions of a building’s indoor environment, and then, summarizing the results into a
single final metric called “Likeness score” (normalized -100 to +100). It was proposed at a time
when most occupant surveys were focused on detecting environmental issues related to the “sick
buildings” syndrome, and, in the view of the author, it focused only on “negative symptoms”. The
questionnaire includes items on occupant background, general occupancy, IEQ comfort (thermal,
IAQ, noise, lighting, overall comfort), and general satisfaction (room colors, room attractiveness,
management, personal control over environment, privacy, aesthetic appearance).

OPN Survey (OPN)
Proposed by Office Productivity Network (UK), it was originally a proposed occupant
survey questionnaire that was part of a published guide to improve office productivity that was
later refined and presented as an independent tool. It is intended to measure occupants’
perceptions of how their indoor office environments facilitated work activities. The 90-item
questionnaire includes questions on IEQ comfort and satisfaction, facilities satisfaction, chair,
desk, network, pc, printers, catering, meeting areas, etc.), productivity (self-assessed), work
patterns (schedules, meetings, conferencing, teamworking, concentration levels, etc.), and
general background (Oseland 2004).
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Figure 41: OLS Questionnaire. Image credit: Levermore (1994).
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Performance Measurement Protocols (PMP)
The Performance Measurement Protocols is a set of standardized procedures for
measuring building performance proposed by the U.S. Green Building Council (USGBC) and the
American Society of Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE) in the U.S.
and the Chartered Institution of Building Services Engineers (CIBSE) in the UK. The PMP is
organized around six performance categories: energy use, water use, thermal comfort, indoor air
quality, lighting and acoustics, and it defines three levels of measurement (basic, intermediate,
and advanced), each of which have their own defined performance metrics and evaluation
techniques. In all three levels, there are instrumented measurements and occupant surveys. The
PMP suggests evaluators use the CBE Survey or the BUS Survey (ASHRAE et al. 2010).

Post Occupancy Review of Buildings and their Engineering (PROBE)
The Post-Occupancy Review of Building Engineering (PROBE) protocol is arguably one
of the most important and well-referenced POE protocols in Europe. It was originally proposed in
the UK by CIBSE in 1995 as a standard methodology for evaluating a set of 23 case studies with
the objective of providing building services engineers with updated information on what worked
well (and not so well) based on data collected in occupied buildings. However, the methodology
proved to have much greater value and became an obligated reference on how to conduct
standardized POEs. The PROBE protocol includes a series of quantitative and qualitative
methods, namely occupant surveys (using the BUS Survey Protocol), interviews (with facility
managers, staff, and occupants), walkthroughs using a structured procedure called PreVisit
Questionnaire (PVQ), and an extensive series of physical measurements and energy
measurements (air temp., RH, surface temp., air velocity, IAQ, sound levels, light levels, pressure
tests, and others) defined based on a modified version of the Office Assessment Method (OAM),
proposed by Energy Assessment and Report Methodology (EARM). (Bordass, Cohen, et al. 2001a,
2001b, Bordass, Leaman, et al. 2001) (Cohen et al. 2001).
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Preiser Protocol (PP)
The commonly called “Preiser protocol”, is, in fact, not a protocol, but a set of guidelines
and sample documents proposed by (Preiser et al. 1988) to provide architects, researchers,
consultants, building owners, and facilities managers with useful guidance on the process and
content of POEs. However, the guidelines have been extremely influential; the PP has served as
the basis for hundreds of individual POEs conducted since its publication and is a key reference
for almost all other subsequent proposed protocols. The guidelines, modeled directly after the
scientific research method, established three levels for categorizing POEs based on their aims and
scope, which in turn, define the data to be collected and methods to be used. Indicative POEs are
short evaluations that provide an indication of the major failures or successes of a building’s
performance. Data gathering includes document inspection, walkthroughs, and interviews with
selected personnel. Investigative POEs are more detailed and focused evaluations that delve into
issues discovered by indicative POEs or involve a number of buildings of the same type for
comparisons. Finally, Diagnostic POEs are comprehensive, longitudinal and cross-sectional indepth studies that include many variables and require a multimethod strategy (occupant surveys,
interviews, focus groups, walkthroughs, physical measurements, etc.), taking several months to
years to complete. Conceptually, Preiser et al. (1988) define three major areas of evaluation:
technical elements (health, safety, and security), functional elements (building systems and
elements), and behavioral elements (psychological and social aspects of user satisfaction and
general well-being).

ProKlima Project (PK)
The ProKlimA project was a large German research project conducted in 1995 by an
interdisciplinary consortium of research groups to understand the positive and negative effects of
air-conditioning systems on the well-being, work efficiency, and health of occupants in office
buildings. Sixteen office buildings were evaluated using two main methods: an occupant survey
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on sick building syndrome symptoms, and instrumental measurements on physical variables
(thermal, noise, light, ions), biological variables (bacteria, fungi, allergens, endotoxins), and
chemical

variables

(gases/vapors,

particles,

toxins.

Additionally,

building

inspections

(walkthroughs) and ergonomic conditions evaluations were carried out for some of the buildings.

Physical Work Environment Questionnaire (PWESQ)
Proposed by Carlopio (1996) in the UK, its main objective was to “assess employees'
satisfaction with elements of the physical work environment”, particularly commercial and
industrial buildings. It is also called Human Factors Satisfaction Questionnaire (HFSQ). It measures
primarily occupant satisfaction in five main areas: environmental satisfaction (thermal, IAQ, noise,
lighting comfort), health and safety satisfaction (accidents, safety precautions, hazards, safety
training, fire prevention), work and systems satisfaction (schedule, work amount, movement,
flexibility, work system, time, information quality), equipment and tools satisfaction (number,
efficiency, effectiveness), and facilities satisfaction (restrooms, recreation, eating spaces).

Rating of Environmental Features (REF)
See UCI Facilities Survey (UCI)

Remote Performance Measurement (RPM)
The RPM Protocol is an automated Internet-based method for measuring the effects of
the indoor environment on occupants’ performance in office buildings, and it was proposed by
researchers at Technical University of Denmark in 2005 as an easy and inexpensive alternative to
traditional in-person POEs. Occupants must perform a series of simulated office tasks (text typing,
addition, proofreading) on an online platform at different moments of day and under different
environmental conditions, while the system automatically records their performance. Additionally,
they have to answer a survey on environmental perceptions (Toftum et al. 2005).
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Smart Controls and Thermal Comfort (SCAT)
The Smart Controls and Thermal Comfort (SCAT) project, conducted by a consortium of
8 research agencies in the European Union in 1997, was originally intended to offer a baseline for
developing adaptive algorithms for HVAC control, with the ultimate objective of reducing energy
use. During the project, a number of buildings were evaluated using standard POE procedures.
Main methods were occupant surveys (demographics, IEQ comfort and satisfaction) and physical
IEQ measurements (temperature, relative humidity, air velocity, IAQ, sound levels, light levels)

TM22 Energy Assessment and Reporting Methodology (TM22)
The TM22 is an official standard issued by the CIBSE (UK) for systematic energy
assessment and results reporting. It was originally developed in the early 1990s as Technical
Memorandum 22 and has been revised and updated multiples times. The TM22 defines a threestep process for measuring energy consumption, cost, and CO2. It is almost always used in
conjunction with other POE methods (e.g., PROBE) (CIBSE 2006).

UCI Facilities Survey (UCI)
The UCI Facilities Survey is a set of survey instruments proposed by researchers at
University of California, Irvine (US) in 1987 with the aim of assessing the physical and social
dimensions of office environments as they relate to employee health, productivity, and morale. It
is comprised of two specialized surveys: Checklist of Work-Related Experiences (CWRE), and
Rating of Environmental Features (REF). The CWRE is 2-page questionnaire on 35 positive and
negative work-related experiences that respondents must evaluate based on frequency of
occurrence. The REF is a 27-question survey on occupant perceptions of a number of physical
variables: lighting, air quality, HVAC, chair comfort, furniture, noise control, privacy, spatial
configuration, building systems, aesthetics, control, and ease of movement (Stokols and Scharf
1990) (Davis and Ventre 1990).
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Image removed due to copyright concerns

Figure 42: CWRE Questionnaire, UCI protocol. Image credit: Davis and Ventre (1990).
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Work Environment Diagnosis Instrument (WODI)
The WODI is a toolkit proposed by researchers at the Center for People and Buildings
(Netherlands) in 2009 to measure employee satisfaction and perceived labor productivity as
affected by different workplace strategies. The toolkit contains several tools for different POE
levels. The most comprehensive, WODI Classic, is meant for diagnostic POEs and includes
protocols for interviews with key stakeholders, workshops, walkthroughs, as well as a long 13module occupant survey. An abridged version, WODI Light, was then developed to provide a
quicker (10 minutes) and easier application on-site. Both tools cover a number of satisfaction
variables, including some non-environmental variables. The WODI Space Utilization Monitor
(SUM), is a software application developed for measuring occupancy and space use. External
researchers walk around the workspaces with a mobile device and register the occupancy status
(occupied, semi-occupied, vacant) and activities performed at different spaces and times.

Image removed due to copyright concerns

Figure 43: Evaluation variables in the WODI Light protocol. Image credit: Maarleveld et al. (2009).
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4.4.

Data collection methods

Just as there is no single definition of or standard approach to POEs (v. §2.5), there is no
single way to conduct a POE. In fact, an analysis by Li et al. (2018) on 269 case studies showed
that the vast majority of POEs are carried out with custom methods that are defined or adapted
for each project, even in cases when “standardized” instruments were used.
Most protocols consider a mix of different data collection methods, including quantitative
techniques (such as physical measurements), quantitative techniques (such as focus groups), or,
most commonly, a combination of both. Table 2 shows a summary of the main methods defined
by each protocol. However, most protocols —particularly the ones that are under continuous
development— also require additional techniques depending on the nature of the project and the
goals of the POE, so the list cannot be considered unalterable. A quick examination of the table
shows that surveys are, by far, the most common data collection method (used by 89% of the
protocols), followed by physical IEQ measurements (59%). In fact, for some experts, these two
techniques are the essential elements in any “true” POE (Leaman 2019, Weidemann 2019). Other
methods —interviews, focus groups, walkthroughs, and document review are less frequent, or in
many cases, optional. The following paragraphs provide a detailed description of each of these
methods.
Instrumental physical measurements normally include thermal variables (air temperature,
mean radiant temperature, air humidity, air velocity), acoustic variables (sound pressure), and
lighting variables (illuminance, glare). Thermal variables are the most common, present in all
protocols that include instrumental measurements. Some protocols (e.g., BASE, CEH, HOPE,
NEAT, PMP, PK, SCAT) include variables to measure indoor air quality (e.g., CO, CO2, PM2.5,
PM10, VOCs, bioaerosols, radon gas, etc.), as well as more specialized variables to measure
thermal, acoustic or lighting phenomena (e.g., reverberation time, luminance, etc.). The
measurements are carried out using sensor units installed in the building (e.g., CEH) in furniture
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such as chairs (e.g., COPE) or in specially designed autonomous measurement carts (e.g.,
BOSSA, BPE, COPE, NEAT). The measurements can be collected for a couple of hours, a few
days, or throughout various weeks or months, depending on the POE scope and budget. Some
protocols include both spot and longitudinal measurements (e.g., BOSSA, NRC). However, they
are typically are conducted only a few times as the process can be intrusive and disruptive for the
occupants and may be significantly altered by the Hawthorne and Pygmalion effects —especially
if the physical measurements are performed by external personnel. Physical measurements are
fundamental for establishing the ground truth of environmental conditions and for interpreting data
from other more subjective sources (e.g., comfort surveys). Only a handful of protocols (e.g., CEH,
WODI) include instrumental measurements of other non-environmental variables, and even so,
they are secondary to IEQ.
Energy and resource consumption metering (electricity, water, gas, etc.) is also
sometimes included in POEs as part of the instrumental measurements. However, most of the
time, when protocols require data about energy consumption, they simply resort to the utility bills
or energy meters already installed in the buildings. Some protocols that include energy metering
are BCMP, CEH, TM22, and PMP.
Occupants surveys are qualitative questionnaires intended to capture the experiences
and opinions of the occupants of the building. Surveys are, by far, the most common methods in
POEs, and are even the only method used in several protocols (BUS, OLS, OPN, HFSQ/PWESQ,
CWRE, REF). Occupant surveys normally include three types of questions: background questions,
satisfaction levels questions, and general questions. Background questions cover demographic
data (gender, age, etc.) and relevant details to characterize occupants and establish baselines for
analysis. For example, this data can demonstrate: type of occupant (permanent, visitor),
occupation hours, activities performed, self-perceived productivity, or general environmental
attitudes. Satisfaction levels questions assess how occupants perceive the building and how
satisfied they are with it. They typically cover environmental variables and comfort levels (thermal,
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acoustic, visual), personal space quality and privacy, and general building characteristics (e.g.,
visual appearance, views to outside, cleanliness, functionality of facilities, etc.). However,
satisfaction levels questions can be sometimes too broad or vague, asking for example, if "the
building lifts your spirits" or if "the building is inspirational" (DQI). These questions can lead to
results that are difficult to interpret, and in some cases controversial. Most survey questions are
based on five- or six-point Likert scale questions (unipolar and bipolar), plus few open questions
for general comments. Occupant surveys can be paper-based or web-based (e.g., BOSSA, RPM),
and applied once or multiple times for longitudinal analysis. However, as surveys are distractive
and demanding to occupants, they tend to be short and applied only a few times, usually as the
same time when the physical measurements are collected.
Interviews and focus groups are intended to gather in-depth information that cannot be
collected easily through surveys, such as unexpected issues with the building operation,
occupancy dynamics, occupant well-being concerns, health hazards, or building character (e.g.,
AMA, BOSTI, DQI, HEFCE, OPN, PWESQ). Consequently, these methods can be applied not only
to occupants, but also to building managers, owners, designers, and other key stakeholders. In
fact, interviews with the building managers are frequently used to gather background data on the
project before the application of the field evaluation processes. Most interviews are semistructured and are meant to be conducted in person by external expert evaluators, although some
protocols consider phone interviews (e.g., BCPM). Focus group are always conducted, or
facilitated, by external POE evaluators. Because interviews and focus groups are time-consuming
and labor-intensive (i.e., preparation, application, analysis), they are much less common than
surveys.
Finally, walkthroughs are organized visits to a building to observe how the facilities are
being used by occupants. They receive different names in different protocols (e.g., “walkaround”,
“building inspection”, “space observation”), but, in principle, they all refer to the same process.
They are usually conducted by external evaluators accompanied by managers or other building
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representatives. The level of structure and systematic observation procedures varies significantly
among protocols, ranging from open casual tours to well-focused visits organized around predefined observational checklists. Most walkthroughs are aimed at detecting functional and
operational issues in the building, although there are other protocols with specialized
walkthroughs or inspections, such as, examining building systems (BASE), analyze space use
(BOSTI), trace movement and interaction throughout the space (AMA), detect health hazards
(HOPE), compare ex-ante and ex-post conditions of a space (TOBUS), etc.
Other less frequent methods include document review (i.e., examination of project
drawings, building management logs, and other relevant documentation), systematic observation
(i.e., observing and recording exact actions, attributes or other relevant variables on site), and
photographic and video recordings. Only a handful of protocols include these methods.
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BASE

•

BCPM

•

BOSSA

•

BOSTI

•

BUS

•

•
•

•

•

•

•

•

•

•

BPET
CBES

•

Systematic Obs.

•

Document Review

•

Wlakthourhgs

Interviews

•

Energy metering

Focus Ggroups

AMA

IEQ measurements

Questionnaire

Table 2: Main data collection methods in POE protocols.
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•
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4.5.

Spatial behavior data

In general, data collected by POE can be organized into two main categories: occupantrelated and building-related. Table 3 shows a summary of main data variables in POEs according
to these two categories. Within occupant-related data, the most common topic by far is occupant
satisfaction: over three-quarters of reviewed protocols declare it as its main evaluation aspect. It
usually refers to environmental satisfaction, that is, the level to which the indoor environment fulfills
the physical and psychological needs of users, but it can also be expanded to include spatial
satisfaction, building operation/management satisfaction, work/job satisfaction, or other generic
evaluative perceptions and opinions. Occupant satisfaction data is always supplemented with
occupant background data deemed necessary to understand and interpret the results of the
satisfaction surveys, from basic demographics to environmental attitudes (NRC), health conditions
(HOPE), and use of office facilities (PWESQ). Within building-related data, POEs collect descriptive
information of the physical conditions of the building and its indoor environment —from IEQ to
structural health—, that is then used to establish associations between building features and
occupant satisfaction. Building data also include operational data describing the use of the
building, such as schedules, maintenance logs, bills, and other similar documents, but also
qualitative data from interviews, focus groups, and walkthroughs that could reveal problems or
issues with the day-to-day building function.
The next paragraphs delve into the data collected by POEs that is descriptive or related
to spatial behavior of building occupants. The definition and three main categories outlined in
Section 3.3 (presence, movement, and activities) were used as framework for analysis.
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Presence
In almost all POE protocols, presence is understood solely as occupancy, i.e., the
condition of a space to be occupied by one or more persons. Finer-grained spatial or temporal
data related to presence, such as exact location or permanence time, are not captured. In fact,
occupancy data is limited to identifying the presence of persons in a room or space and the hours
during which the space or group of spaces is occupied. Results are often presented as binary
occupancy status (i.e., occupied / not occupied), and only a few protocols attempt to estimate the
number of people in the rooms. Regarding time patterns, occupancy is frequently reported as
continuous hour blocks (e.g., 9 a.m. to 5 p.m.) with no consideration of short occupancy gaps
during the day (e.g., lunch breaks).
The usual resolution unit for presence/occupancy data is the “room”, or in open-plan
spaces, the “desk”. As a consequence, researchers face methodological problems estimating
occupancy in cases where the space boundaries are ambiguous and no room or desk can be
unequivocally delimited, such as public or shared spaces. Furthermore, occupancy data tend to
focus only on major spaces (e.g., personal offices, classrooms, meeting rooms, sales areas), and
neglect spaces where occupancy is presumably low and/or short (e.g., hallways, elevators,
warehouse, restrooms).
Because the exact location is not recorded, it is impossible to conduct any type of finegrained spatial analysis, such as a space utilization analysis to identify unused areas within a room.
In all protocols reviewed, presence data is building-centric, which means that what is
reported is, for example, if a room (or space) is occupied and for how long. On the contrary, an
alternative occupant-centric approach would collect data on what rooms a person uses and for
how long. Because of this, no individualization or characterization of occupants is carried out,
even at a generic level such as teachers vs. students, and no occupant-center behavioral patterns
can be extracted.
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The main method to obtain occupancy data is through occupant surveys. Most protocols'
questionnaires include some questions asking occupants to self-report the average number of
hours that they are in the building or in a particular space (e.g., classroom, office, bedroom) during
a "normal" day, and sometimes they are also required to identify the times of entry and exit.
Answers are approximated averages, and rarely discern between different days of the week.
Another popular method to estimate occupancy patterns is by using operation hours or
activity hours as proxies. For example, class schedules, office hours, or store hours are assumed
to be representative of occupation patterns. These can be discovered by reviewing pertinent
documentation (e.g., room reservations) or by interviewing key people in charge of the operation
of the building (e.g., office managers, school principals, hospital medical chiefs, etc.). However,
the validity of the data is disputed as it is likely that the reported hours mismatch the actual
occupation patterns.

Image removed due to copyright concerns

Figure 44: Occupancy questions in the BUS protocol Image credit: Leaman (1999).
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Both data collection methods —questions in surveys and proxy data—tend to idealize the
occupancy patterns. For example, in offices, it is known that both occupants and managers tend
to report working more hours than they effectively do. In effect, Healy (2009) found that, on
average, occupant hours reported in surveys are overestimated for personal offices and
workstations and underestimated for shared spaces such as meeting rooms.

Image removed due to copyright concerns

Figure 45: Occupancy questions in the HEFCE protocol. Image credit: Blyth et al. (2006).
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Only a few protocols consider other methods to collect occupancy data. For example,
AMA, BOSTI and WODI include walkthroughs to analyze occupancy patterns. In these cases,
external evaluators observe and record how many people use a space, for how long, and how
often they do it. These are, however, anecdotical assessments, and therefore need to be
contrasted with the "normal" averages reported by occupants. One protocol, CEH, includes
instrumental methods (i.e., a radio frequency location system) to gather occupancy data as main
method, but even in this protocol the resolution is coarse (hours/room).

Image removed due to copyright concerns

Figure 46: Occupancy pattern results. Image credit: Spataru and Gillott (2011).

Image removed due to copyright concerns

Figure 47: Room utilization pattern results. Image credit: Spataru and Gillott (2011).
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Movement
Movement, a crucial aspect of spatial behavior with substantial influence on a number of
performance aspects (v. §2.2), is notoriously overlooked in POE protocols. No protocol includes
any movement variable, or dynamic behavior variable, as a main or mandatory assessment
variable. Some protocols (AMA, BOSTI, HEFCE, PP, WODI) understand occupant movement as
part of the operation of a building, and therefore, it is implicitly included in the general functionality
assessment covered by interviews, focus groups, observational studies, and, to a lesser extent,
surveys. It could also be argued that walkthroughs also tacitly include indoor mobility in their
scope as, by definition, they are dynamic data collection methods. However, the common
denominator among all these approaches to evaluate mobility is that they are not explicit.
Movement is only addressed if it is connected to a functional concern, for example, accessibility
issues or mobility efficiency. If no problem is apparent to occupants or researchers, no data is
collected. Figure 48 and Figure 49 show excerpts from sample questionnaires in two POE guides
with questions related to occupant movement. However, no protocol included these types of
questions in their main instruments.

Image removed due to copyright concerns

Figure 48: Occupant mobility questions in the HEFCE protocol. Image credit: Blyth et al. (2006).
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Image removed due to copyright concerns

Figure 49: Functional layouts/flows question in a POE conducted by the GSA, US.
Image credit: FFC (2002).

Activity
Activity data, that is, the description of the specific actions that are performed in a space
at a determined time, is collected only indirectly by POE protocols. In fact, most protocols observe
space functionality issues, and more specifically, conflicts in the efficient operation of the facilities
caused by discrepancies between the expected and actual uses of the spaces. Examples of such
disparities are rooms used for activities other than those intended or inadequate indoor
environmental conditions affecting occupant activities.
The most common methods for gathering activity data are walkthroughs: one or more
external inspectors tour the building and observe the actual use of the spaces, including the
activities performed by occupants. Photographs may be taken if the occupants waive their privacy
rights, otherwise, the records are limited to written notes and sketches. However, as writing and
drawing "everything" would be burdensome, protocols suggest focusing mainly on unforeseen or
conflictive situations. For example, the observation evaluation sheet of the HEFCE protocol asks
evaluators to note "unusual/unexpected features" and to judge if the size of a space is
"appropriate" [for the activity being performed].
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Image removed due to copyright concerns

Figure 50: Observation Evaluation Sheet in the HEFCE protocol. Image credit: Blyth et al. (2006)
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Although the information collected by walkthroughs tend to be more detailed and
objective than the self-reported data from occupant surveys, it is also more anecdotical, and is
only representative of the conditions at the moment the building was inspected. Walkthroughs are
subject to bias from the route and time of the inspection —which can be influenced by building
managers—, and from the occupants themselves, who could alter their normal behavior if they
feel they are being observed. Only a couple of protocols include specialized walkthroughs for
observing occupant activity (AMA, BOSTI). For example, the AMA protocol considers two
specialized tools: "Quality of Interaction Zone" (QUIZ) inspection which assesses interaction
among workers in office spaces, and the "Quality of Learning Spaces" (QUILLS) inspection which
evaluates the functional suitability of teaching spaces (AMA 2010). A second method to indirectly
understand occupant activity is through occupant satisfaction surveys. In these surveys,
occupants are asked to gauge their comfort and satisfaction levels on wide variety of topics, from
indoor environmental conditions and architectural design features, to building management issues
and work activity. Questionnaires also include open questions where occupants can report more
general issues. In an indirect way, these surveys could give hints of what people do in the building
or would like to do but they do not or cannot. For example, Figure 5 shows two questions from
the occupant satisfaction survey in the BOSSA protocol. If the results of these questions were
unusually low, they could be interpreted as indicating that people are not taking breaks in spaces
other than their offices, and they are not interacting with their colleagues in their normal work area.

Image removed due to copyright concerns

Figure 51: Sample question from the BOSSA protocol. Image credit: Candido et al. (2016).
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Table 3: Evaluation variables in POE protocols. In gray, spatial behavior data.
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4.6.

Limitations

Although almost all POE protocols declare their interest in the evaluation of occupant
“actions”, including behavioral traits (v. AMA, BOSSA, BOSTI, BUS, CEH, COPE, DQI, HEFCE,
OLS, OPN, PROBE, PP, UIC, WODI), in practice, the data collected is clearly insufficient to
describe occupant behavior in a way that is useful for building design. At least, four crucial
methodological problems were identified: (1) insufficient number of evaluating variables; (2)
inadequate level of tempo-spatial resolution; (3) data validity and reliability concerns; and (4) low
transferability and comparability of the results. The following paragraphs describe these four major
issues.
Current POE protocols include very few specific variables on occupant spatial behavior,
if any. Most POEs are focused almost exclusively on variables describing IEQ and occupant
comfort perceptions. Variables related to three fundamental domains of spatial behavior —
presence, movement, and activity— are included only if they have a clear, direct, and predictable
relationship to the environmental performance of the building. In the handful of protocols that
included behavioral variables as main topics for evaluation, presence is, by far, the most common
topic, and, in fact, many times is the only behavioral topic. Presence is associated with occupancy,
and usually described with not more than three variables: occupancy status, number of
occupants, and time of occupancy. Other fundamental variables related to presence, such as
location (Where exactly are the occupants?), are very rarely included. Movement was not apparent
in any of the protocols studied. Activity, the most complex behavioral analysis only appeared as
a secondary variable derived from functional evaluations detecting operational issues. In other
words, occupant activity is not treated as an individual descriptive variable, but only as
instrumental, supportive information to detect functional issues. This conflict-oriented approach
in practice severs any collection of data on occupant activities in cases where there are no
apparent functional issues, ultimately preventing designers from understanding how spaces are
used and conceiving new improvements to make them even better.
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The second important issue is that the few variables on occupant behavior that are indeed
collected by POE protocols have an inadequate level of tempo-spatial resolution. Data tend to
be either too generic or too specific. For example, presence data collected by occupant surveys
tends to be too generic (e.g., "offices are used from 9 AM to 5 PM"), and, conversely, data
collected by walkthroughs tend to be too specific and anecdotal ("on the day of the inspection,
only 16,7% of the desks were occupied"). The typical analysis unit for presence is the room, which
obviously poses several measurement issues in all the cases where the spatial boundaries are
diffuse (e.g., shared, public spaces). From a building design point of view, data with the ideal level
of detail would describe the occupancy patterns of a given space at different times, days, or
external conditions, so that unexpected occupancy peaks, vacancies, or plateaus could be
detected. Generic information is not useful because most of the time it only replicates common
knowledge, and therefore does not allow the detection of anomalies or unforeseen situations that
can challenge common design decisions. Anecdotal information is not useful either because it
does not allow for extracting or inferring long-term or regular patterns that are needed to support
permanent design decisions.
The low temporal resolution in the data is particularly critical as most POE data collection
methods (i.e., surveys, physical measurements, walkthrough, etc.) are usually applied only once
or twice in each evaluated building. This approach is insufficient to detect any long-term temporal
patterns. Neither the occupant behavior nor the characteristics of building spaces are static; on
the contrary, their dynamics experience constant and important fluctuations over time. Occupants
change, their activities change, their habits change, and buildings adapt to these changes,
intentionally or unintentionally. Unless a POE is repeated frequently —which would be extremely
impractical—, observing these dynamics is impossible.
The third major issue is that the data collected by some POEs may pose reliability and
validity concerns. First, many of the qualitative variables in POEs are subjective, and in some
cases, ambiguously defined. Since each person could understand the variables in a slightly
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different manner, the validity (i.e., the extent to which the instrument measures what it is intended
to measure) of the data could be compromised. This is normally not a critical issue with occupant
satisfaction levels (these are, after all, personal opinions), but it is highly detrimental when the
same methods are expected to be used to describe objective occupant behaviors. Second, data
self-reported by the occupants may have problems of reliability (i.e., the extent to which an
instrument produces consistent results when repeated measurements are made). It is widely
known that occupant responses vary according to external factors such as when the questions
are asked or how the questionnaires are delivered. The lack of standardization in the application
procedures among different protocols (and among different applications of the same protocols)
exacerbates this problem. In almost all POE protocols, objective instrumental measurements are
only used to evaluate physical environmental qualities, not to observing occupants' actions and
behaviors, for which only qualitative methods are employed.
Finally, POEs also face major challenges for transferring and comparing results between
buildings. Data collected by occupant surveys, interviews, or walkthroughs are always dependent
on and specific to the context of the measurements. Results are always relative, not absolute.
Across POE protocols and methods, there are often similar variables, but these are not exactly
equivalent. Measurement scales are not standardized. In other words, POE results are only
applicable to the building evaluated and cannot be transferred or compared to other buildings. In
some cases, different POEs of the same building cannot even be compared. With no transferability
of results, the practical value of the data to inform (future) building design is very limited. The
dissemination of results, and the eventual construction of a disciplinary body of knowledge —a
longed aspiration in the industry— is impossible.
These four methodological limitations are severe enough to preclude the use of POEs in
the objective and efficient evaluation of occupant spatial behavior, particularly for validating
design assumptions and informing building design.
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Interestingly enough, many POE experts agree and acknowledge these limitations, but
they don’t characterize them as inherent methodological issues of the POEs. Instead, they
perceive them as unwanted consequences of the external restrictions imposed by the conditions
on what POEs are conducted in the industry (Cooper 2001, Hay et al. 2017, 2018, Brown 2018).
Capturing the subtleties of human behavior involves sophisticated methods that are beyond the
domain of AECO professionals, usually involving labor-intensive and time-consuming procedures
that are very expensive that neither clients nor designers are willing to pay for them. Instead,
owners choose to focus only on the easiest methods that can collect the minimum information
required to assess the performance of the building and contrast and validate the work done by
building designers and managers against contractual documents such as the Owner Project
Requirements (OPR) or Basis of Design (BOD) (Hiromoto 2015).
However, based on the analysis presented in this chapter, it does not seem plausible to
only blame structural conditions in the industry for the omission of occupant behavior from POEs.
There are, indeed, methodological problems and limitations that prevent measuring occupant
behavior, and particularly, spatial behavior, in a way that is useful for the needs of designers. By
identifying specific methodological limitations in POEs protocols, this chapter indirectly traces a
path for improvement. Addressing the issues detected in this analysis requires rethinking the data
collection methods and procedures to expand the volume and variety of the data, reduce
subjectivity, and allow for continuous measurements throughout the life cycle of buildings.
Computational technologies, particularly IoT, machine learning, and big data in the long term, are
advantageously situated to address these challenges yet they remain incomprehensibly divorced
from POE.
Finally, beyond the instrumental objective of this study and chapter in the overall research
strategy of the dissertation, reflecting on the urgent need to redefine the role of current POEs in
the construction industry in general is unavoidable. Currently, POEs are seen as tools for the shortterm improvement of individual buildings, particularly in relation to energy, environmental,
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operational, and economic objectives. There is little or no consideration at all how the results could
provide feedback to designers and benefit future projects. In fact, instead of sharing results, POEs
are usually are kept in strict reserve as strategic industrial secrets or due to liability risks. The
declared intent of POEs to serve as a method for "obtaining real feedback on design and
performance and learning from previous experiences" (Hiromoto 2015) and to support the general
learning loop in the industry, looks very far-off. Addressing the methodological limitations
identified in this study should facilitate the process of converting POEs into to generalizable and
transferable knowledge that can inform future projects, close the feedback loop, and accelerate
learning cycles not only in particular projects, but across the entire sector as a whole.
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5. COMPUTATIONAL ASSESSMENT FRAMEWORK FOR EVALUATING
SPATIAL BEHAVIOR OF BUILDING OCCUPANTS
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5.1.

Introduction

Previous chapters have clearly established the existence of a serious gap between the
need of building professionals to obtain feedback on how occupants use their buildings and the
capabilities of contemporary occupant-centered data collection methods, particularly POEs, to
obtain such information. The analysis in chapter 4 showed that the problem is not only caused by
economic, legal, or cultural reasons, as it is typically characterized, but also rooted in the
methodological limitations of current instruments to measure spatial behavior in an accurate and
convenient manner.
Admittedly, observing and evaluating spatial behavior poses significant challenges for
building professionals. The majority of the systematic methods available come from the social
sciences, particularly from environmental psychology, and were intended for other purposes that
do not translate adequately for building design and management needs. Their fundamental
concepts and evaluative variables are abstract, hardly relatable to building features, and difficult
to visualize in a spatial or visual format. Moreover, most methods were proposed in the 60s and
70s and are based on manual data collection techniques that do not take advantage of the
contemporary digital technologies for people sensing, information management, and data analysis
that are available today. On the other hand, methods used by building professionals tend to be
much less systematic and formalized. There is lack of agreement of how to observe, describe,
and evaluate spatial behavior, and consequently, there are no standardized assessment
frameworks that can be transversally and efficiently applied across projects.
This chapter addresses this issue by proposing a full set of standardized computational
metrics to describe the spatial behavior of building occupants. The framework was developed
specifically to be used with physical sensing technologies and computational data analysis
methods to generate intuitive results and visualizations of behavioral patterns that are meaningful
for building professionals.
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The chapter is structured as follows: First, section 5.2 explains the purpose and structure
of the framework and defines a general vocabulary to address the problems of conflicting
concepts in the literature. Then, section 5.3 presents the core of the framework: a comprehensive
list of 9 spatial behavior variables and eighty-four quantitative metrics. All variables and metrics
are defined precisely, including computational formulas when necessary, and are given with the
specific measurement units and delimitators to facilitate computational implementation. In some
cases, examples are provided to illustrate how the metrics can be used in practice. The following
section shows the computational implementation of the framework in a test case purposely
chosen to assess the effectiveness of the variables and metrics in describing spatial behavior in a
useful and meaningful way for design and management professionals.
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5.2.

Purpose and structure

The purpose of this framework is to provide an organized set of computational variables
and metrics to describe spatial behavior of building occupants; i.e., all observable actions that a
person or group of persons perform within a building with the result of establishing or modifying
their physical situation in space through time. Specifically, the variables and metrics are intended
to quantitatively describe spatiotemporal patterns of presence, movement, and activity.
The framework is designed and intended to be utilized with physical occupant sensing
technologies that can provide continuous and high-resolution spatiotemporal data (§2.6). Given
that only a very simple set of raw data is needed for the computation of all the variables and
metrics, the framework can be used with a wide range of occupant sensing technologies.
Almost all variables and many of the metrics are based on variables and metrics that
currently exist in the literature and/or industry but are vaguely or inconsistently defined. Here they
are explicitly defined and intentionally expressed using conventional units, so they can easily be
combined with other metrics to construct higher-level Key Performance Indicators (KPI) for
specific project goals or more general benchmarks. For example, the variables and metrics of the
framework can be used as the basis for monitoring building use, optimizing operation, comparing
projects, supporting industry regulations, or informing design decisions on future projects, to
name a few possibilities.
Consistent with the instrumental definition of spatial behavior proposed in chapter 3, all
variables are defined in relation to the three main dimensions of spatial behavior: time, space, and
people. Consequently, to compute the metrics the minimum raw data required is at least one data
piece of each dimension (Figure 52): timestamp, location coordinates, and occupant identity.
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OCCUPANT
Identification

Figure 52: Minimum required raw data for each of the data dimensions.

The framework is organized in nine main descriptive variables. For each variable, there is
a base metric that is computed directly from the raw data collected by the sensor(s) and provides
a general description of the behavioral trait, as well as a number of additional metrics derived from
the base metric that expand the breadth of analysis. In total, eighty-four metrics are presented,
covering the vast majority of analyses currently done in the industry that use other less robust
methods. However, this framework is an open list; therefore, it could be expanded with newly
crafted metrics adapted to specific analytic needs while maintaining the same structure and
standards that guarantee multi-case comparisons.

Vocabulary
The following paragraphs introduce the basic terminology used in the framework.
At the spatial dimension, space refers to all physical space captured by the sensing
technology. For example, with computer vision sensing technologies, the space equals the area
captured by the field of view (FoV) of the camera; with RFID technologies, the space equals the
coverage area of the transceivers. A zone is a subset of the space defined for analytical purposes.
It may or may not correspond to areas actually delimitated in physical space. For example, in a
restaurant, the entire dining area may be considered the space, and the bar, the dine-in area, and
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the take-out waiting area may be defined as three different zones. If no subdivision is needed,
then there is only one zone that equals the whole space. Finally, a cell is a small subdivision of the
space, usually in the form of a spatial grid, used for visualization purposes. The size of the cell is
called spatial resolution (e.g., 1 ft x 1 ft).
At the temporal dimension, period refers to the extent of time when the data collection
occurred. Since in many applications the data is expected to be collected continuously and
indefinitely, multiple subsequent periods can be defined to facilitate analysis. A cycle refers to a
repetitive regular subset of time defined for computational analysis purposes; for example, day or
week. Finally, an instant is the smallest subdivision of time used for analysis and visualization
purposes. The size of the instant is called temporal resolution and it is normally based on the
technical capabilities of the sensing technology.
At the occupant dimension, a person is any human present in the space. By extension,
persons include all humans present in the space. A group is a subset of persons defined for
analytical purposes, for example, customers versus staff in a store, or persons in different zones.
A person real ID is a unique identifier that is associated with the actual identity of the person, e.g.,
an employee number. It can only be obtained in contexts where privacy rights have been waived.
Instead, an assigned ID, is a unique identifier that cannot be associated with the actual identity of
the person and it is used only for keeping track of individual behavior in an anonymous manner.
An assigned ID is typically an arbitrary alphanumeric code.
Each metric is delimited in each of the three dimensions of spatial behavior. For example,
at the temporal dimension, some metrics describe the behavior at a specific instant, while others
describe a behavior over time. At the person dimension, some metrics are defined at an individual
level, while others describe group behavior. In the next section, Table 4 to Table 12 include three
columns with the temporal, spatial, and person delimiters for each metric:
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Occupant: G (Group), P (Person)
Spatial: Z (Zone), C (Cell)
Temporal: P (Period), C (Cycle), I (Instant)

Figure 53: Spatiotemporal delimiters.
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5.3.

Variables and metrics

Occupancy
Occupancy refers to the presence of persons in a given space and time. The base metric
is occupancy count, a discrete integer value describing the number of persons in a space. In some
cases where only very basic information is needed, the binary metric occupancy state (i.e.,
presence of persons: occupied, vacant) is preferred.
To describe patterns of occupancy over time, the following derived metrics can be used:
total occupancy (i.e., total number of different persons in a period), average occupancy (i.e.,
average number of persons when the space is occupied), and maximum occupancy (i.e.,
maximum number of persons).
To compare actual and modeled/predicted occupancy, the self-explanatory expected
maximum occupancy and expected average occupancy are defined by designers, and then,
occupancy ratio (i.e., occupancy count over expected maximum occupancy) can be used as a
comparison metric. The proposed metric N-occupancy, defined as the presence of at least N% of

the expected maximum occupancy, is useful to make standardized comparisons across projects
and rooms.
The metrics occupancy time (i.e., time blocks when the space is occupied), occupancy
time ratio (i.e., occupancy time over the time when the space is available for use), and Noccupancy time (time when the space is occupied by at least N% of the expected maximum

occupancy) are useful for time-based analyses. Finally, the occupancy pattern is defined as the

change in average occupancy over a defined cycle, usually 24 hours, and it is used for schedulebased analyses.
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Table 4: Occupancy metrics and spatiotemporal delimiters
Metric

Definition

Occupancy state

G

Z

I

Occupancy count

Presence of persons, True/False

G

Z

I

Total occupancy

Number of persons, N

Number of different persons

G

Z

P

Average occupancy

Average number of persons when the space is occupied

G

Z

P

Maximum occupancy

Maximum number of persons

G

Z

P

Expected max occupancy

Expected max number of persons

G

Z

P

Expected avg occupancy

Expected avg number of persons

G

Z

P

Occupancy ratio

Occupancy count / Expect max occupancy

G

Z

I

N-Occupancy

G

Z

I

Occupancy time

Presence of at least N% of the expected max occupancy
Time block when the space is occupied

G

Z

P

Occupancy time ratio

Occupancy time / Time block when the space is available

G

Z

P

N-Occupancy time

Time block when occupancy is >N% of expected max occ.

G

Z

P

G

Z

C

Occupancy pattern

Change of average occupancy over a defined cycle

Delimiters

Spatial Distribution
Spatial distribution refers to the actual and relative position of persons in a given space
and time. The base metric is position, defined as the physical location of a person in a space.
Position is determined differently based on the capabilities of the sensing technology used. For
image-based technlogies, either the centroid position (i.e., location of the centroid of the detection
polygon or boundary rectangle) or head position (i.e., location of the head) are preferred. For radiobased and mechanical sensing technologies, the position of the sensor or transceiver worn by the
occupants is used (sensor position). The set of all position values for all persons in a group is
called distribution.
To visualize the shape the distribution of persons in the space, two standardized diagrams
are proposed. The distribution polygon is defined as the smallest convex polygon including all
persons in a space. The N-network is defined as the set of lines connecting each person with the
N closest persons. Additional spatial distribution metrics are distribution centroid (i.e., arithmetic
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mean of the position of all persons), and the distribution polygon centroid (i.e., geometrical
centroid of the distribution polygon).
A fundamental analysis of spatial distribution is the identification of clusters, i.e., sets of
persons located closely together. They can be easily identified using machine learning methods
(v. §2.7). Descriptive metrics include cluster count (i.e., number of clusters), cluster size (i.e.,
number of persons per cluster), and clustering rate (i.e., cluster size over occupancy count).

Table 5: Spatial Distribution metrics and spatiotemporal delimiters
Metric

Definition

Delimiters

Position

Location of a person (centroid/head/sensor)

P

Z

I

Distribution

Location of all persons

G

Z

I

Distribution polygon

Smallest convex polygon including all persons

G

Z

I

N-Network

G

Z

I

Distribution centroid

Network connecting each person with N closest persons
Arithmetic mean of the position of all persons

G

Z

I

Distribution polygon centroid

Centroid of the distribution polygon

G

Z

I

Cluster count

Number of clusters

G

Z

I

Cluster size

Number of persons per cluster

G

Z

I

Clustering rate

Cluster size / Occupancy count

G

Z

I

Distancing
Closely related to spatial distribution, distancing refers to the distances between persons
and between persons and building features in a given time and space. Distancing is a key variable
for understanding interpersonal relationships (such as social interaction), personal space issues
(such as privacy comfort), and crowd behavior (such as movement). The base metric is
interpersonal distances, defined as the set of distances between all persons in a space. For a
group of n persons, there are (n-1) interpersonal distances for each person, and n(n-1)/2

interpersonal distances in total. From this set, the closest interpersonal distance, the furthest

interpersonal distance, and the average interpersonal distance can be obtained for each person.
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These metrics can also be analyzed at an aggregated level: mean closest interpersonal distance,
mean furthest interpersonal distance, and mean group interpersonal distance.
Distance analysis can also be performed in relation to one or more key building elements
of the interest to the researcher, called features, for example, clearance distances from artworks
at museums. The main metric is feature distance, defined as the set of distance between all
persons in a space and a given building element. For a group of n persons, there is an equal

number of feature distances for each building element. The derived metrics closest feature
distance, furthest feature distance, and average feature distance can be obtained. A particular
feature distance is boundary distance, defined as the distance between every point of the space
boundary and the closest person.

Table 6: Distancing metrics and spatiotemporal delimiters
Metric

Definition

Delimiters

Interpersonal distance

Set of distances between all persons in a space

G

Z

I

Closest interpersonal dist

Minimum interpersonal distance for each person

G

Z

P

Furthest interpersonal dist

Maximum interpersonal distance for each person

G

Z

P

Average interpersonal dist

Average interpersonal distance for each person

G

Z

P

Feature distance

Distance between all persons and a given building element

G

Z

I

Closest feature distance

Minimum feature distance for a given building element

G

Z

P

Furthest feature distance

Maximum feature distance for a given building element

G

Z

P

Average feature distance

Average feature distance for a given building element

G

Z

P

Boundary distance

Distance between every point of the space boundary and

G

Z

I

the closest person

Space Use
Space use refers to the actual area used by persons in a given space and time. It requires
sensing technology capable of identifying not only where a person is in the space, but also how
much space is actually being used. The base metric is the personal area, defined as the actual

137

area physically occupied by a person’s body and immediate objects. For simplicity, it may be
assumed that the used area equals the projection of the body’s volume in a predefined analytic
plane, usually the floor. The sum of all personal areas of one occupant over a period equals the
used area, and that for all persons equals total used area. It is worth noting that the sum of all
personal used areas in a group is different from the total used area of the group, as two or more
persons may share some area. By definition, analyzing used area also generates the opposite
metric unused area (i.e., area not used by any person), which in many cases is an even more
interesting metric as it may show space that is underutilized.
Interesting derived metrics that are highly relevant for understanding social dynamics of
spatial behavior are exclusive area, defined as the area used only by one person while present,
and shared area, defined as the area used by two or more persons while present.
The weighted metric N-area, defined as the area used by at least N persons, quickly

distinguishes areas of high and low usage. This key metric is the basis for a space use map. When
this number is used in conjunction with occupancy metrics it becomes an efficient tool to identify
under or overutilized areas in the space. For example, N can be defined in relation to the actual or

expected maximum/average occupancy to show areas used by at most 25% of the average
occupancy (i.e., underutilized), or at least the 125% of the average occupancy (i.e., overutilized).

Table 7: Space use metrics and spatiotemporal delimiters
Metric

Definition

Personal area

Area used by a person

P

Z

I

Used area

Area used by a person

P

Z

P

Total used area

Area used by all persons

G

Z

P

Unused area

Area not used by any person

G

Z

P

Exclusive area

Area used only by a person while he/she is present

G

Z

P

Shared area

Area used by two or more pers. while they are all present

G

Z

P

N-Area

Area used by at least N persons

G

Z

P

Space use map

-

G

C

P
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Delimiters

Density
Density refers to the number of persons per area unit in a given space and time. Density
is frequently used as a proxy variable for space use and efficiency given its simplicity and
remarkable ease of calculation. The based metric is total density, a straightforward metric
calculated as occupancy count over the total area of the space. However, it may be a misleading
metric because occupants almost never distribute themselves homogeneously in space. Instead,
the proposed metric effective density, defined as occupancy count over total used area gives a
much closer estimation of the actual perceived density of occupants.
Other metrics that can be used to describe density patterns over time are maximum
total/effective density and average total/effective density.
To compare actual and modeled/predicted density, expected maximum density and
expected average density are first computed based on the expected maximum and average
density defined by designers, and then, density ratio (i.e., total/effective density over expected
maximum density) can be used as comparison metric.
The density time pattern is used to show the change of total or effective density over a
defined cycle, usually 24 hours (i.e., daily density time pattern). The proposed metric N-density
time is defined as the time when the total or effective density is at least N% of the expected
maximum density.
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Table 8 Density metrics and spatiotemporal delimiters
Metric

Definition

Total density

Number of persons over total area

G

Z

I

Effective density

Number of persons over used area

G

Z

I

Maximum density

Maximum total/effective density

G

Z

P

Average density

Average total/effective density when space is occupied

G

Z

P

Expected max density

Total/effective density over expected maximum occupancy

G

Z

P

Expected avg density

Total/effective density over expected average occupancy

G

Z

P

Density ratio

Total/effective density over expected maximum density

G

Z

P

Density time pattern

Change of total/effective density over a defined cycle

G

Z

P

G

Z

P

N-Density time

Time when the total/effective density is at least N%

Delimiters

of the expected maximum density

Trajectory
Trajectory refers to the paths of persons moving in a given space and time. It is the most
important variable used for analyzing movement within buildings, and in turn, spatial connectivity
relationships in a building. The base metric is path, thas is, the collection of points describing the
trajectory of a person across the space. By extension, paths describe the trajectories of all
persons.
Significant points on a path are called nodes. The first and last point of every motion paths
are called the start node and end node, respectively. Other significant points along a path where
persons stop for a critical amount of time, to sit at their desks for example, are called stop nodes.
Stop nodes are determined based on the motion status metric with a minimum time requirement
(i.e., the person must stop for at least T time in order for the location to be recognized as a stop

node). Additional nodes can be defined for each case and specific research needs. The nodes
(start, stop, end) are used to compute simplified paths, which are polylines made out of segments
that connect nodes. Simplified paths are used for movement analyses that do not require the
actual geometry of movement, such as connectivity maps between spaces or zones.
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Table 9 Trajectory metrics and spatiotemporal delimiters
Metric

Definition

Delimiters

Path

Trajectory of a person

P

Z

P

Paths

Collection of all individual paths

G

Z

P

Node

Significant point on a path

P

Z

P

Start node

First point of a path

P

Z

P

End node

Last point of a path

P

Z

P

Stop node

Point on a path where the motion status is 0 for at least T time

P

Z

P

Simplified paths

Polyline connecting nodes

P

Z

P

Directionality
Directionality refers to the predominant course of movement of persons in a given space
and time. The base metric is direction, defined as a unit vector describing the direction of
movement of a person at moment. The direction can be also expressed as a simplified vector out
of a set of 8 possibilities, called simplified direction. Both metrics, direction and simplified
direction, can be computed at an aggregated level based on all paths over every cell of the space,
giving rise to predominant direction. This metric is best understood using graphical
representations called directionality maps.
Other valuable metrics are direction ratio (i.e., number of persons moving in a particular
direction over occupancy count), and direction change rate (i.e., number of persons changing
direction).
Orientation refers to the direction where a person is facing. By definition, it requires a
sensing technology capable of identifying the front and back sides of persons.
A common and powerful analysis conducted by social scientists and designers in
observational studies is thresholding, the analysis of the number of persons crossing a pre-defined
virtual threshold located in a given space. Basic occupancy sensors, like ultrasound sensors
located at entryways of retail shops, work under this principle. In this framework, the metric
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threshold count describes total number of persons crossing a virtual threshold demarcated by two
points A and B. By defining arbitrary inner and outer sides, the metrics entry count and exit count

(i.e., number of persons walking in one or other direction) can be computed, and consequently,
the entry and exit ratio (i.e., entry/exit count over threshold count), can be determined.

Table 10 Directionality metrics and spatiotemporal delimiters
Metric

Definition

Delimiters

Direction

Direction of movement of a person

P

Z

P

Simplified direction

Simplified direction of movement of a person

P

Z

P

Predominant direction

Predominant direction of movement of all persons

G

Z

P

Directionality map

-

G

C

P

Direction ratio

Number of pers. moving in a particular direction / occ count

G

Z

P

Direction change rate

Number of persons that change movement direction

G

Z

P

Orientation

Direction a person is facing forward

P

Z

I

Threshold count

Number of persons crossing a threshold AB

G

Z

P

Entry count

Number of persons crossing a threshold AB from outer side

G

Z

P

Exit count

Number of persons crossing a threshold AB from inner side

G

Z

P

Entry ratio

Entry count / Threshold count

G

Z

P

Speed
Speed refers to the how fast persons are moving in a given space and time. Speed is a
key variable for analyzing efficiency of movement where people typically move quickly (such as in
airports, subway stations, self-service restaurants, hospital emergency rooms, and fire stations);
and is also important in buildings where low speed movement with frequent detentions is desirable
(such as supermarkets and retail stores).
The base metric is individual speed (i.e., physical speed of a person), and by extension,
the self-explanatory maximum individual speed, average individual speed, and acceleration (i.e.,
change of individual speed over time). Based on individual speed, the binary metric motion status

142

classifies persons based on movement: stationary (i.e., when the individual speed is lower than a
predefined critical value) or moving (i.e., when the individual speed is higher than the predefined
critical value). To compute motion status, its is recommended to choose a critical value equal to
or higher that the sensor’s margin of error to avoid false positives.
At an aggregated level, metrics that can be used are mean speed (i.e., average of the
individual speed of all moving persons), traffic load (i.e., number of moving persons), and traffic
rate (i.e ratio of traffic load over occupancy count).
A speed-related metric is intensity, defined as how fast people are moving their bodies
while being stationary in space. This is measured by tracking the changes of the detection
window’s size on time and computing the coefficient of variance. Speed and intensity can be used
as proxy variables for physical activity.

Table 11 Speed metrics and spatiotemporal delimiters
Metric

Definition

Delimiters

Individual speed

Speed of person

P

Z

P

Maximum individual speed

Maximum individual speed

P

Z

P

Average individual speed

Average individual speed

P

Z

P

Motion status

P

Z

P

Mean speed

Individual speed > v0

Average of individual speed of moving persons

G

Z

P

Traffic load

Number of moving persons

G

Z

P

Traffic rate

Traffic load / Total occupancy

G

Z

P

Intensity

Coefficient of variance of window size

P

Z

P

Permanence
Permanence refers to the length of time persons remain in a given space. The base metric
is permanence time (also stay time), the total time a person stays within a given zone. There is a
vital distinction between two types of stay time: stationary stay time, when the person is motionless
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and moving stay time, when the person is in motion. The distinction is given by the motion status
metric. The distinction between stationary stay time and moving stay time is essential for
understanding behavioral patterns in constrained spaces. For example, it may help distinguishing
when a person in a library is reading quietly versus looking for a book at the shelves.
Derived metrics that describe general patterns of spatial behavior are, at an individual
level, stationary stay time ratio (i.e., stationary stay time over total stay time), and moving stay time
ratio (i.e., moving stay time over total stay time), and, at an aggregated level, the self-explanatory
maximum stay time, maximum stationary stay time, average stay time, and average stationary stay
time.
For specific purposes analysis, a useful metric is T-stay ratio, defined as the number of
persons that stay at least T time over occupancy count. Turnover time, a metric commonly used

in retail and dinning industries, is defined as the average time after which a space/place is used
by a different person. Similarly, turnover rate is defined as the number of times a space/place is
used by different persons in a period.

Table 12 Permanence metrics and spatiotemporal delimiters
Metric

Definition

Stay time

Time a person stays within a given zone

P

Z

P

Stationary stay time

Time a person stays motionless

P

Z

P

Moving stay time

Time a person stays in motion

P

Z

P

Stationary stay time ratio

Stationary stay time / stay time

P

Z

P

Moving stay time ratio

Moving stay time / stay time

P

Z

P

Maximum stay time

Maximum stay time

G

Z

P

Max stationary stay time

Maximum stationary stay time

G

Z

P

Average stay time

Average of all stay times

G

Z

P

Average stationary stay time

Average of all stationary stay times

G

Z

P

T-Stay ratio

G

Z

P

Turnover time

Occupants staying at least T / total occupancy

Average time after which a place is used by other person

G

Z

P

Turnover rate

Number of times a place is used by different persons

G

Z

P
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Delimiters

5.4.

Testing and validation

The framework was evaluated and validated through a test case of spatial behavior
analysis in a multifunctional architectural space. The objective of the evaluation was twofold: to
demonstrate that the variables and metrics are simple enough to be implemented with simple data
collection and analysis technologies, but at the same time, that they are advanced enough to fully
describe complex spatial behaviors in a way that is informative and meaningful for building
professionals.
The space studied was the west atrium space of the Julius Romo Rabinowitz Building
at Princeton University. This building was designed by KPMB Architects and completed in 2017
with the main purpose of “consolidate[ing] the Department of Economics under a single roof”,
which until that time, had been dispersed across the campus. One of the building’s main
distinctive features is the west atrium, a triple-height space at the core of the building that
connects the main entrance at Washington Street with almost all other spaces in the building,
namely administrative offices, faculty offices, graduate student spaces, classrooms, and study
rooms. Figure 54 and Figure 55 show two professional photos of the space, and Figure 56 shows
a floor plan view of the whole building and atrium space. There are semi-open corridors on three
sides, an elevator nearby, and a monumental staircase open to below and above. At the center of
the atrium, under a floating semi-transparent classroom that provides a low-ceiling human scale,
there is a carpeted area furnished with sofas, armchairs, and coffee tables, as well as outfitted
with many electrical/USB outlets, and low-light lamps. Glass railings and laminated wooden floor
help to delimitate the space.
Considering that this is a relatively new building, the character of the space is not yet fully
consolidated. On the one hand, the cozy spatial qualities and comfortable furniture organized in
self-contained arrangements suggest an area for resting, reading, quiet conversations, and light
work. On the other hand, its scale and location surrounded by multiple corridors, stairs, and the
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main entrance, suggest that it may be a very dynamic space, with occupants circulating in many
different routes and eventually meeting. It is unclear how these two functional dynamics live
together, or if one prevails over the other. According to the architects, the social nature of the
space dominates: they described the space as the “social hub” of the building (Gonzalez 2018,
KPMB 2018) and their project photos depict a space full of people (Figure 55, but the atrium is,
by any measure, a complex architectural space whose actual functional and social nature may not
be as straightforward as presumed.
In the context of this study, the JBB atrium constitutes a perfect case for testing the
computational assessment framework as its unclear utilization dynamics may be reasonably
clarified by revealing patterns of presence and movement of occupants. The simplicity of the
geometry and limited range of presumed activities also reduce the complexity of the problem.

Image removed due to copyright concerns

Figure 54: West atrium, Julius Romo Rabinowitz Building. Photo credit: Williams (2017)
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Image removed due to copyright concerns

Figure 55: Resting area in the west atrium. Photo credit: Williams (2017)

Image removed due to copyright concerns

Figure 56: Ground floor plan of the building , west atrium in red. Image credits: KPMB (2017)

Methods
Computer vision technology was used to collect the required raw data for computing the
analysis metrics. A wide-angle video camera directly connected to a laptop computer (Figure 57)
captured a video stream that was imported into Python for analysis. The standard people
detection method getDefaultPeopleDetector() based on the Histogram of Oriented Gradients

algorithm (v. §2.7) and included in the OpenCV library was used to process the video frames and
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obtain the detections. The capture resolution was set at 640 x 480 pixels and the capture frame
rate was 2 fps. The output of the people detection algorithm was a .csv file with individual
observations for each person detected in the space that indicated the time, an assigned ID in the

form of an arbitrary sequential number, and the coordinates of the detection bounding box. When
there were no occupants in the space, no observations were generated. All video and image data
were eliminated after the analysis, leaving no personal records. A novel and much more efficient,
precise, and privacy-sensitive data analysis algorithm was developed later in this study (v. §6.4).
As detection coordinates provided by the algorithm were based on the 2D bitmap
projection of the camera perspective view, it was necessary map the coordinates the raw data
into a flat “floor plan” projection of the space to compute some metrics that required the actual
dimensions of the space. The perspective change was done using the perspectiveTransform()
function in OpenCV after correcting the wide lens angle distortion using the OpenCV calibration

module. Although not perfect, this method was precise enough to provide representative values
in the context of this analysis. The physical dimensions of the space were extracted from available
technical drawings.
After a pilot session was conducted to make sure that the system worked adequately, the

camera was installed in an inconspicuous location on the second floor of the atrium and set to
capture data for one week —from July 29th to August 2nd, 2019— continuously from 9:00 AM to
6:00 PM, the effective operation hours of the building. The researcher was present at all times in
the surroundings, out of the camera’s field of view.
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Image removed due to copyright concerns

Figure 57: Camera and laptop computer used for capturing the required raw data.

Raw data was analyzed using a combination of the Python statistical library Numpy, Excel,

and the statistical package R. Most metrics could be computed using only basic statistical

functions, although some calculations were automated in as custom functions in R to expedite the

analysis process. However, given the simplicity of the computational assessment framework, all
metrics could be implemented with any programming language or data analysis software provided
that can manage large datasets. Graphs and space-behavior maps were generated in Excel and
R using the data visualization package ggplot, and then slightly edited to include labels,
architectural symbols, and improve color management.

The analysis was conducted in three phases. The first phase was an exploratory analysis
in which only three variables were observed: occupancy, space use, and trajectories. These three
very common variables provide a rough but quick idea of the main spatial behavior patterns, and
offer the basis for a detailed analysis. The second phase was a descriptive analysis where all
remaining six variables were observed. The third phase was the interpretation of results from an
AECO perspective. Five zones were defined for analysis purposes: entrance (zone E), front seats
(zone F), back seats (zone B), stairs (zone S), and hallways (zones H), v. Figure 58
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Results
Occupancy was very low. A total of 186 observations were recorded for the 5-day period.
The average occupancy —when the space was occupied— was 1.34 persons. The maximum
occupancy was 5 persons, achieved only once during the period. On other days, the maximum
occupancy was only 2 persons. Day 1 (Monday) was the busiest, capturing 29.6% of total
occupancy (55 observations), and day 5 (Friday) was the lowest with 11.2% (21 observations).
Circulation areas (zones S and H) showed occupancy levels much higher than resting
areas (zones F and B): 92 observations versus 36, respectively. Zone E had the highest occupancy:
58 observations in the period. The average occupancy in the resting areas was 1.03 persons.
Assuming the maximum expected occupancy is equal to the number of seats available (16), the
occupancy ratio for this zone fluctuated between 6.3% and 12.5%. Total occupancy could not be
calculated as there was no method for identifying returning occupants.
Occupancy time ratio was 0.08, which means that 92% of the time the space was vacant.
Mornings were busier than afternoons: 40% of the occupancy happened before noon, with the
9:00 AM – 11:00 AM block accounting for 31% of all daily occupancy. With the only exception of
a 5-person visitor group that toured the building on day 1, the maximum occupancy occurred
always during the mornings. Notably, the resting area showed a different trend: 77% of the
occupancy of zone B and 63% of the zone F happened in the afternoons. Figure 59 shows a
histogram with 10-minute bins of the average daily occupancy pattern for the period, and Figure
60 shows the daily occupancy patterns for each day in the period.
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Figure 58: Zones defined for analytical purposes.
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Figure 59: Histogram of average daily occupancy.
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Figure 60: Daily occupancy patterns for each day in the period.
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Space use results showed that the average used area by one person was 13.8 m2, which
represents a small fraction (8.7%) of the total available space. Even the maximum used area, 21.1
m2 , reached only once, was very low compared to the total available area. However, considering
the low occupancy of the space, these numbers are no surprise. Total used area averaged 69.6%
of the total available area. Zone E and S were the most popular areas every day, and on the other
hand, zones F and B were less used, and within these, the areas around the seats were never
used. By extension, some equipment —trash bins and lamps—were also never used as there were
no recorded persons in those areas during the whole period.
The average personal used area was slightly smaller for occupants in the back seats than
those in the front seats (1.9 m2 vs 1.1 m2). This could be simply an issue of perspective distortion,
but it could also indicate that occupants in the back seats had a relatively “compressed” posture
(e.g., consistent with people working on a laptop) while occupants in the front seats had a relatively
“expanded” posture (e.g., consistent with persons moving or gesticulating while chatting). Since
the number of simultaneous occupants was very low (<2), the computation of shared and
exclusive areas was not relevant.

Figure 61: Space use map.
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The analysis of trajectories showed, as expected, that people moved predominantly in
the circulation areas: zones H and S. Most paths were straight, which denote direct and efficient
movement. Interestingly, straight lines were also observed in the seating area (zones F and B):
persons walked in between furniture instead of using the wider surroundings spaces, which,
presumably, were intended to serve as walking space. There is no movement recorded of
occupants changing seats. Simplified motion paths showed that people walked mostly from the
entrance and stairs to hallways and vice versa, and in zone E from one side of the space to the
other. Main stop nodes were at seats, right in the middle of zone E, and on the landing and front
of the staircase.
Figure 62 shows all paths observed during the study period. Color indicates directionality:
occupants moved from red to green. Notably, more occupants went up the stairs than those who
came down. In zone E, the predominant direction was North to South (left to right in the image).

Figure 62: Paths visualization.
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Figure 63: Paths visualization.
(1)-(5) Paths Day 1-5, respectively; (6) zone B; (7) zone E; (8) zone S.
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The mean speed of moving subjects was 1.07 m/s, which is slightly below normal walking
speed. Speed was higher in the entrance areas (1.37 m/s) and naturally lower on the stairs (0.98
m/s). Interestingly, the average speed changed over time: 1.08 m/s in the mornings, 0.93 m/s
around noon, and 1.12 m/s after 3:00 PM. Traffic rate and load was not relevant as most of the
time the space was used by only one or two persons. Intensity analysis showed occupants seated
in the front seats moved more (0.41) than occupants seated in the back seats (0.12).
Permanence was one of the most eloquent variables in this test study. The average stay
time was 37 seconds and the median was 15 seconds —quite a short stay, but with really high
variance (sd = 64 s). The distribution of stay times was heavily skewed left: 73.1% of occupants
stayed less than 30 seconds, 49.5% stayed less than 14 secondsl; and only 8.6% stayed longer
than 90 seconds.
The maximum stay time was 421 seconds (=7 min). Average stay time was seven times
higher in the resting areas (zones F+B, 126 s) than in the circulation areas (zones E+H+S, 18 s).
However, significant differences were found between the front and back seats: average stay time
in zone F was 75 seconds, and 229 seconds in zone B, three times higher (p<0.001). The stationary
stay time ratio was also higher at the back seats (0.96) than front seats (0.71). Stationary stay
times in other areas were, as expected, close to zero, except in the landing of the staircase, where
two occupants stopped, possibly to chat (v. Figure 66).

Figure 64: Permanence analysis. Left: Stay time < 15 s. Right: Stay time > 90 s.
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Figure 65: Average stay time per cell.

In this test study, distancing appeared initially as an important analytic variable as it is
directly related to social behavior, a key element in defining the character of the space. However,
the low occupancy of the space, particularly the low maximum occupancy (mode = 2 persons),
limits the significance of the results. The mean interpersonal distance was 498 centimeters, a
number that results from some occupants walking together and others walking separately. More
interesting are the differences between interpersonal distances in zone F and B: 92 cms, and 341
cms, respectively. As reference, the distance between seats in zone B is 118 cms. In other words,
occupants chose to spread farther apart in the back seats: in the few instances that two persons
were sat in zone B at the same time, they did so in opposite chairs, leaving the maximum possible
distance between them. On the other hand, when two occupants sat in the front seats at the same
time, they usually were seated together on the sofa, next to each other.
To evaluate the designer’s claim that the atrium space acts a “social hub”, a “meeting
metric” was defined as the number of persons who arrived separately (i.e., with interpersonal
distance greater than 500 cms) and then stayed closely together (i.e., interpersonal distance less
than 100 cms) for at least 60 seconds. Only one pair of occupants satisfied this condition in the
whole period (Figure 66).
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Figure 66: Walking paths of the two persons that satisfied the "meeting" metric.

The average total density was extremely low (<0.01 pers/m2), which is explained because
most of the time the space was occupied by only one or two persons. Average effective density,
instead, was 0.41 pers/m2 which is a much more meaningful metric as it denotes a space with
comfortable density level. Slightly higher densities occurred in the morning, possibly because
persons entered the building at the same time and walked in similar paths.
The analysis of spatial distribution was not meaningful as most of the time the occupancy
was only one or two people at the time. The identification of clusters or distribution polygons was
not relevant in this case.

158

Discussion
Taken all together, these results reveal the following spatiotemporal behavioral patterns:


Very low general occupancy: 92% of the time the space was vacant, and when used, the
average occupancy was 1.34 persons.



Flat (constant) low occupant: maximum occupancy was 2 persons (excluding one outlier).



Lower occupancy in resting areas: Circulation areas were used 2.5 times more than resting
areas.



Busier mornings: 31% of all occupancy happened between 9:00 and 11:00 AM.



Little use of available space: average space used was only 8.7% of the total. Total area
used was 69.6% —meaning almost 30% of unused space.



Unused facilities: Equipment in the resting area —tables, trash bins, and some seats—
were never used.



Straight-line, efficient movement paths: even in resting areas. Speed in circulation areas
was 1.37 m/s, 17% higher than average.



Very short permanence: Average stay times was 37 seconds; 73.1% of occupants stayed
less than 30 seconds, and 49.5% stayed less than 14 seconds. Only 8.6% stayed more
than 90 seconds. The maximum stay time registered was 421 seconds.



Short use of front seats: Average stay time in the front seats was 75 seconds, compared
to 229 seconds in the back seats.



Solitary and quieter occupants in back seats. Compared to the front seats, average
personal used area was 42% less, interpersonal distances were 4.2 times higher, and
intensity levels were 70% less.



No meetings: Only one pair of occupants arrived separately and stayed together for at
least 60 seconds.
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In conclusion, the behavioral patterns observed are consistent with a space that is
predominantly used for traffic rather than social activities. Most occupants were in circulation
areas, walking fast and in straight lines, without stopping, predominantly early in the mornings.
Most users were alone; only two persons actually met in the space (they arrived separated and
stayed closer together). The resting area was underutilized —about half of its area was never used.
Results also showed that the architectural character of the area is undefined, coexisting two types
of users: first, there were occupants in the front seats who stayed for short periods, sometimes
with company, and were constantly moving, even standing up and sitting down. Additionally, there
were occupants in the back seats who showed an opposite behavioral pattern: they stayed much
longer, were seated alone or distanced as much as possible form other occupants and had a
much quieter attitude.
In other words, the data shows the space is not as much a “social hub” as described
by the architects, but more a “traffic hub” with occasional independent sitting and studying.
Judging from the available data, it would be advisable to study how the space could be
repurposed to be more consistent with its actual usage. For example, building managers could
replace the unused furniture with other facilities attractive to transient occupants (such as
exhibition space), or they could even rethink the whole resting area as space for momentary or
episodic activities (such as high tables for receptions), combined with a smaller amount of seating
spaces. Unquestionably, the atrium is an impressive architectural space —the flagship of the new
building—, but it is not being exploited to its fullest.
However, these results (and architectural recommendations) must be taken with caution.
The limited scope of the data —collected only one week during the summer—likely may not
represent the building’s normal use during the academic year. In order to have a full and true
diagnosis, it would be necessary to have a much larger dataset, obtained over at least an entire
year of use. Also, the occupant sensing technology —a generic people detection algorithm— may
have unknown accuracy issues as it has not been evaluated for this particular type of application.
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Nevertheless, even with the short testing period and limited dataset, the test study was
successful in demonstrating how the proposed computational assessment framework provided
an objective and accurate description of the occupants’ spatiotemporal behavior in a way that is
useful for evaluating functional aspects of the space. The number of metrics proved to be enough
to cover and describe behaviors with enough detail without falling into oversimplification. Even in
this seemingly simple case, the data showed patterns that were not apparent to the student
researcher who was physically at all times in the room. The analytic process was straightforward
using common statistical software packages. The results were easy to interpret and understand,
and more importantly, easily relatable to design and management decisions. With a more robust
occupant sensing technology, the data collection process could be automated and run
continuously, compiling enough data to compute more metrics, run more sophisticated analyses
(i.e., machine learning), and, ultimately, extract more meaningful and representative patterns.
Subsequent chapters will address these issues.
In conclusion, this test study validates the proposed computational assessment
framework as successful in providing an objective and accurate description of the spatial
behaviors of building occupants in a simple and effective way that is meaningful to designers and
managers.
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6. COMPUTER VISION METHODS FOR ANALYZING SPATIAL BEHAVIOR
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6.1.

Introduction

The computational assessment framework proposed in Chapter 5 proved to be successful
for describing occupant spatial behavior in a way that is objective, accurate and sufficient for
understanding how an architectural space is used. One of the main strengths of the framework is
that it can generate a comprehensive set of spatial behavior metrics using only a very simple set
of raw data: timestamp, identity, and position coordinates.
However, most occupant sensing technologies used today do not provide even this
minimum required set of data. The literature review on occupancy sensors and technologies in
§2.6 showed that commercial technologies only provide general occupancy data at coarse
resolutions (i.e., “occupied/vacant”, or estimated number of persons). Fine-grained temporal and
spatial data may be obtained by some technologies that require the active participation of
occupants, such as carrying RFID devices or authorizing tracking of private devices via Wi-Fi/BT
or other IPS, which make these approaches impossible to scale to massive commercial
applications.
For this reason, it appeared reasonable to look at computer vision (CV) technologies as a
way to obtain high-resolution occupant behavior data without affecting occupants. In the last 10
years, the advances in CV technologies have been remarkable, with applications in a wide range
of industries. However, their use in the building industry is considerably behind. The main
arguments against its use in AECO have been their high complexity, high cost, and privacy
concerns. These are indeed serious limitations, as most advanced CV technologies are in fact,
very sophisticated, expensive, and based on processes that require waiving privacy rights.
In this context, this chapter delves into how to use computer vision technologies to collect
fine-grained occupant data while tackling all the technical, economical, and ethical arguments that
have prevented its use in buildings. The ultimate objective was to develop a simple, inexpensive,
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and anonymous CV method that can be used in AECO settings as the primary data collection
method for spatial behavior.
To meet this objective, the study was first approached by conducting an experimental
comparison of existing CV methods developed for other contexts to determine if they could be
eventually adapted for use in occupant sensing. Several algorithms representing the whole
spectrum of technological approaches for people detection were subjected to a number of
incremental performance tests carefully designed to replicate the conditions of AECO
applications. However, as the rest of the chapter will show, no existing method met the predefined
performance criteria. Thus, the study shifted to proposing a novel approach that combined the
best elements of the individual existing methods into an integrated method specifically designed
for occupant sensing in indoor building spaces. After several rounds of evaluation, the proposed
method showed superior performance results in accuracy and computational efficiency, while also
being simple to implement, inexpensive, and completely anonymous and respectful of occupants’
privacy rights.
The chapter is structured as follows. The next section, §6.2, describes the methodology
of the comparative analysis: performance pre-requirements, hardware setup, CV methods sample,
computational implementation, and evaluation procedure. Section §6.3 shows the results of the
comparative analysis, and section §6.4 presents the development of the proposed integrated
method, its computational implementation, and its performance results. Finally, section §6.5
discusses the value of this method in the overall purpose of the dissertation.
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6.2.

Methods

The use of computer vision in AECO applications is substantially different from that in
other industries. Based on the literature review, three aspects were considered most imperative
and defined as fundamental pre-requirements for any CV method to be used in buildings:
anonymity, cost-efficiency, and operational simplicity.
Anonymity: In most buildings people have reasonable expectations of privacy, so
capturing image or video data is normally not possible. In fact, most privacy protection laws and
rules in private spaces prohibit the collection of any type of personal identifiable information (PII),
that is, any data that can be traced back to natural persons, without the explicit authorization of
participants. Although previous research has been conducted using surveillance video captured
in public areas and in private spaces with the consent of occupants (v. §2.7), these approaches
are impractical or unfeasible for massive applications. Therefore, the first requirement was that
candidate CV methods should not capture or store images, video, or any PPI, including non-visual
and/or machine-only readable data that could be eventually deanonymized using secondary
processes, such as feature vectors associable to biometric data (e.g., face identification keypoints
or body shape descriptors). This requirement meets or exceeds most national and international
regulations, such as the General Data Protection Regulation (GDPR) in the European Union and
the California Consumer Privacy Act (CCPA) in the United States.
Cost-efficiency: Any CV occupant sensing deployment in any large building would require
dozens, if not hundreds, of sensors in order to have full coverage of all spaces. However, most of
the latest CV technologies developed for people detection for other industries —e.g., complex
CNNs— require powerful and costly processors. Using these technologies off-the-shelf, in AECO
applications would be outrageously expensive. Therefore, in order to ensure the potential
economic viability and scalability of the technology, the second requirement was to use the least
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expensive hardware available, and, by extension, to prioritize computational efficiency for the
highest performance possible at the minimum computational cost.
Operational simplicity: The third requirement was to ensure the method was flexible
enough to be adapted to different types of buildings and contexts of use, and was simple to install,
operate, and maintain throughout the entire lifecycle of buildings by AECO professionals with little
or no computational knowledge. In practice, this means the method should require little or no
custom adjustments to setup (such as custom training models), can collect data continuously and
provide results automatically with minimum human intervention, and conform to existing AECO
information standards (e.g., BIM).

Hardware
In order to meet the requirements of cost-efficiency and operational simplicity, an
inexpensive and simple-to-use single board computer (SBC) with a standard RGB camera module
was chosen as technological platform to test the algorithms. The underlying assumption was that
if an algorithm showed good results in this simple and limited SBC, then eventually it wouldn’t be
complicated to use the same method with any other inexpensive, mass-produced board and
sensor.
A Raspberry Pi 3B board (RPi 3B) was used as main processing unit. The RPi 3B has a
quad-core 1.3 GHz CPU and 1 Gb RAM, consumes 5V 2.5A DC, and operates on Raspbian, an

open-source Linux distribution, which, by any standard, classifies as a simple processor. A more
modest version, a Raspberry Pi Zero W (RPi Zero) with a single-core 1 GHz CPU with 512 MB
RAM was also initially tested, but it was eventually discarded due to its limited performance. The
RPi 3B was chosen not only because its low cost (<$25) but also because of its simplicity and
profuse documentation provided by a very active user community of engineers, technologies,
designers, and hobbyists. A standard camera module V2 with an 8-megapixel sensor was used
as the image sensor.
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Computational implementation
Based on the literature review (v. §2.7), four people detection methods representing
different technical approaches were selected for testing: two “traditional” methods —one based
on shape features and another one based on texture features—, one deep learning method, and
one method based on background subtraction.
The methods were chosen because there all have precedents of good performance results
in relatively similar applications, and because they satisfied all pre-requirements. They did not
generate or require any data that could be deanonymized and converted into PII, and they were
fast enough to run in real-time requiring no image or video to be stored. They were among the
least computationally expensive methods, so they could be potentially installed on stand-alone
devices with limited processing power. And finally, all methods had previously implemented
libraries with extensive documentation, as well as existing pre-trained models that could be used
with minimal or no additional intervention.
All algorithms were implemented using Python 3.7 as the programming language and
OpenCV 4.0 as the main library for computer vision methods (OpenCV 2018). Additional libraries
used include: imutils, a set of convenience functions that expands the use of OpenCV proposed
by (Rosebrock 2015a), and the widely used numpy and time libraries for array and time
computation, respectively.

The Histograms Oriented Gradients (HOG) algorithm, proposed by (Dalal and Triggs
2005) was selected as the traditional shape-based detection method. The feature vector, which
gives a gradient that barely resembles a body, does not allow for the identification of individuals
(v. Figure 22 in §2.7). The computational implementation was based on the the HOGDescriptor()

method included in the OpenCV library, using detectMultiScale() for detection and
setSVMDetector() as SVM classifier, which is pretrained on the original INRIA database used by
the authors. To counteract the tendency of HOG to give redundant detections (multiple boundary
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polygons for the same person) a Non-Maxima Suppression (NMS) algorithm (Rothe et al. 2015)
was included to merge overlapping polygons into single large polygons, implemented using the
nonmax() method from the imutils library.

The Haar Cascades Classifier (HCC) algorithm proposed by (Viola and Jones 2001) was

used as an example of a traditional texture-based feature descriptor. Although this method is
typically used for face detection, it has been also used for whole-body pedestrian detection (v.
§2.7). The HCC algorithm was implemented based on the cascadeClassifier() method with the

pedestrian cascade developed by (Kruppa et al. 2003), available as haarcascade_fullbody.xml in
the opencv/data/haarcascades repository in GitHub.

As an example of deep learning method, an approach combining Single Shot Detectors

(SSD) and MobileNET architecture was selected. At the time of this study, the SSD algorithm
developed by (Liu et al. 2016) represented a good tradeoff of accuracy and speed/computational
efficiency in comparison, for example, to YOLO or R-CNNs (v. discussion in §2.7). In order to use
this model with limited computing resources, the SSD algorithm was employed with a MobileNET
architecture, an extremely efficient convolutional neural network architecture developed
specifically for mobile applications by (Howard et al. 2017). The implementation was based on the
dnn module in OpenCV with a pretrained model implemented using the Caffe framework (instead

of the original TensorFlow framework), as proposed by (Rosebrock 2017). The network file was

MobileNetSSD_deploy.prototxt, and the network weights’ file was MobileNetSSD_deploy.caffemodel.
As required by SSD, images were first converted into blobs using the blobFromImage() method,

and passed forward to the network using the setInput() and forward() methods.

Originally, a Mask R-CNN (He et al. 2017) for Keras model was also considered for testing

(based on the Mask_RCNN library), but it was quickly discarded after the first round of tests (v.
§6.3).
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Finally, for the background subtraction approach, an algorithm based on the Gaussian
Mixture Model was selected for comparison. Although OpenCV includes built-in methods for
background subtraction based on the algorithms proposed by (KaewTraKulPong and Bowden
2002) and (Zivkovic and van der Heijden 2006), in this case the implementation was a simpler,
more straightforward, and much faster version proposed by (Rosebrock 2015b) using the standard
OpenCV methods absdiff() and threshold().

To facilitate the assessment of the algorithms, the detection and the analysis tasks were

separated into two different scripts. The first script addressed the people detection task. Although
the implementation was slightly different for each method, the general common structure was the
following:

import libraries
set general variables
set work directory
initialize detection model
initialize camera
while camera is running:
capture frame from camera
adjust frame (i.e., resize and recolor as needed)
run detection model on frame
for each person detected:
assign ID
store timestamp
store coordinates
store additional info if available (e.g., confidence level)
append to list of persons detected
delete frame

To match detected persons across frames without storing any personal identification data
(e.g., feature vector), a simple proximity heuristic was used. Persons detected in consecutive
frames were considered the same person if they were closest to each other than to any other
person in the frame and closer than a predefined maximum distance (Figure 67).
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Figure 67: Proximity heuristic for matching persons across frames.

The underlying assumption in this heuristic was that the video frame rate was high enough
to have very little movement among frames, so a moving person was effectively closest to its
previous location than to any other person in that frame. To avoid errors produced by touching or
overlapping boundary boxes, the centroids were used as reference points for estimating distance.
The actual implementation was based on the centroidTracker() function from the imutils package.

Thus, the pseudo code of the proximity heuristic is the following:

for each person detected:
compute centroid
compute distances to all centroids from previous frame
get minimum distance
if minimum distance < predefined distance:
use existing centroid ID as centroid ID
else
assign new centroid ID
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After the same persons in subsequent frames were matched and their IDs adjusted, the
data was consolidated into a dictionary of detected persons in the form [ID, coordinates]. The final

data output was an independent CSV file for each person (ID.csv) containing one line for each
frame in which the person was detected. The first number indicated the frame number (used later

for time-series analysis), and the following four numbers indicated the coordinates of the boundary
polygon.
The second script imported the data from the first script and consolidated all individual
CSV files into one massive matrix where the rows were frames and the columns were detected
persons. The column index was used as ID, and each cell contained the four coordinates for the

detection. The consolidated matrix was used to compute a selection of behavioral metrics from
computational assessment framework defined in the previous chapter.

Evaluation procedure
The comparative analysis was organized in two phases using two video clips recorded in
the south atrium of the Julius Romo Rabinowitz building (Figure 54). For each phase, multiple
incremental tests were conducted, some of them pre-planned, and others were carried out as
necessary as the research progressed. All tests were identified with the # symbol and a unique
code.
The first phase, exploratory in nature, was aimed at identifying critical factors that
determine the performance of the algorithms and adjusting hyperparameters, if necessary. The
video clip used was 107 seconds long, recorded at Full HD and 30 fps, and showed two persons
walking and sitting in the resting area of the JJRB atrium (v. §5.4 or a description of the space).
The second phase, evaluative in nature, was aimed at understanding in depth what
algorithms performed better in what specific situations. It used a much longer video clip (~20 min),
also recorded at Full HD and 30 fps, that showed also general occupant behavior (walking, talking,
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reading, sitting), as well as four specially staged situations previously identified as challenging for
detection:


occlusions



reversed orientations (i.e., persons facing away from the camera)



distorted side and perspective views



uncommon postures (i.e., persons seated with no legs or arms visible)



low-contrast clothing

Figure 68: A screenshot of the 10-minute video clip used for evaluating the CV methods.

Performance metrics
The performance assessment covered two main aspects: computational efficiency and
detection accuracy.
Computational efficiency was measured by registering total processing detection time,
and then estimating the processing frame rate (PFR). In order for the algorithm to run in real time,
a basic requirement for any practical application, the PFR must be equal to or lower than the input
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frame rate (IFR) (also “refresh rate”). Traditional video is captured at 30 fps, but previous studies
showed that lower frame rates, even time-lapse rates as slow as 1 frame per every 30 s (v. §2.7),
are acceptable for occupant behavior research, However, considering that in indoor spaces
human movements move normally between 1.27 m/s and 1.39 m/s (Bohannon 1997), a target PFR
range of 3-6 fps was considered the minimum acceptable to capture the subtle and fast
movements that are required by some of the analytic metrics defined in §5.3.
Detection accuracy was measured with standard classification performance metrics
using three manually labeled test datasets (TDS). The first and second test datasets (TDS1, TDS2)
were produced using the short and long video clips, respectively. The frame number when each
person appears and disappears from the field of view was manually registered, and this, in turn,
was used to obtain the true values occupancy count for every frame. A person was considered
“in the frame” when about 25% of their body was in the image and when it was evident to a human
observer that the body corresponded to a person. The third test dataset (TDS3) was produced
using a semi-systematic 67-frame sample form the longer video, with specific frames purposely
chosen to include the four challenging detection situations described above. The bounding
polygons for all persons in all frames were manually drawn, which, in turn, were employed to
obtain the true values of occupancy number, position, and used area.
With TDS1 and TDS2, detection accuracy was calculated based on the fraction of frames
with the correct number of occupants detected. This number is, however, only a general reference
of the performance of the algorithm as false positives could coincidentally cancel out with an equal
number of false negatives, which would give a misleading “accurate” result.
As TDS3 was labeled with more detail, more robust metrics could be obtained. First, true
positives (TP) were calculated, defining a detection as correct (true) if the centroid coordinates
were off up to 20% of the frame width and height. By extension, false positives (FP) and false
negatives (FN) were obtained, and based on these, two standard metrics used in classification
problems were calculated: precision (i.e., fraction of TP over TP+FP) and recall (i.e., fraction of TP
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over TP+FN) (Ting 2011). In this context, precision represents the proportion of detections that
corresponded to occupants, and recall describes the proportion of occupants that were correctly
identified over the total number of occupants. For measuring accuracy of position, the mean
absolute error (MAE) of the distance between each pair of detected and true centroids was used.
And finally, for analyzing the accuracy of area used, the Intersection-over-Union (IoU) coefficient
for the boundary polygons was calculated (Figure 69).

Table 13: Test Datasets used in the comparative analysis
Dataset

Source
PFR

Acc

Precision

Recall

MAE

IoU

TDS1

Short video clip

Yes

Yes

-

-

-

-

TDS2

Long video clip

Yes

Yes

-

-

-

-

TDS3

67-frame sample

-

-

Yes

Yes

Yes

Yes

Figure 69: Concept of Intersection-over-Union.
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6.3.

Comparative analysis

First Phase
The first phase consisted of several exploratory tests using TDS1. The initial setup and
preliminary testing of the models (Test #0) were done with an average mid-range laptop machine
(i5-6200U, 2.8 Ghz, 8 Gb RAM), using different video clips from the same location.
The first test was done using the video clip in its original size and frame rate (1920x1080
pixels, 30 fps). In general, all algorithms performed poorly, substantially below the performance
levels reported in the literature (Table 14). The Mask R-CNN model was, in fact, unable to run
properly on the RPi. Though the script ran without issues in the preliminary test conducted on the
laptop machine, it had to be manually aborted after ~20 minutes of processing on the RPi. The RMask CNN model was, therefore, eliminated from the list for subsequent tests. Accuracy was very
low in HOG, HCC, and especially GMM, with results below 0.4. SSD was, as expected, much
more accurate but slower; it had a PFR below 0.2 fps, very far from the intended target of 3-6 fps
that would enable its practical application in real-time tasks.

Table 14: Results for test #1.1: TDS1, Full HD, 30fps
HOG

HCC

SSD

GMM

Keras

Processing Frame Rate (PFR)

0.69

0.88

0.11

3.76

N/A

Detection accuracy

0.39

0.24

0.79

0.20

N/A

The low PFR is mostly explained by the high resolution and IFR (Full HD/30 fps), which is
more than eight times what is reported in the literature for similar applications. Typical resolutions
used in CV applications are much lower: qHD (a quarter of Full HD, 960 x 540 px at 16:9 ratio),
nHD (a ninth of Full HD, 640 x 360 px at 16:9), and even less. Therefore, the natural next step was
to test the algorithms with other resolutions. However, changing the input resolution is not a trivial
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process on a RPi as the PiCamera library has a fixed set of capture modes, which means that not

all resolutions can be captured at all framerates and aspect ratios (Figure 70). More importantly,
some modes have restricted fields of view (FoV) which may compromise the capabilities of the

sensor (Figure 71). Choosing the ideal capture mode, thus, required a fine balance between
resolution, frame rate and FoV.

Figure 70: Input modes for camera module. Image credit: (Jones 2016).

Figure 71: RPi’s capture modes. Image credit: Own elaboration based on (Jones 2016).
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Several combinations of resolution, frame rates, and FoV were explored. As expected, all
algorithms improved in PFR results with smaller resolutions, due to the smaller number of pixels
to be processed. Accuracy, instead, showed much less consistent results, without a clear pattern
that could be used as discriminant. This phenomenon had already been observed in the literature,
and it is probably explained by the multiscale features that are highly sensitive to the image size.
Input frame rate was not significant since tests were conducted offline. All things considered,
obtaining the maximum FoV was defined as the most critical constraint as doing so allowed for
increased coverage and eventually for a reduced number of sensors required, even if that meant
capturing the image at higher resolution and resizing it later. From the list of full-FoV capture
modes, #5 was chosen as the desired capture mode, as it had a 16:9 aspect ratio, better suited
for the proportions of the architectural space used in the tests. The resizing process could have
been done using secondary libraries such as OpenCV, but it was considerably more efficient to
use the RPi’s GPU through the resize parameter within the capture() method.

In general, the proximity heuristic used to keep track of people across frames (v. Figure

67 in §6.2) proved to be effective, with no signs of misidentified persons observed, except for one
situation in which the detection algorithm missed a person for a couple of frames and identified
them as two different persons. To counteract this issue, an additional parameter, bufferFrames,

was added to the heuristic to give the detection algorithm leeway to miss a person for a certain
number of frames without immediately recording them as lost. An indirect consequence of this
was that when persons left the room they were still recorded as present for a number of frames
equal to bufferFrame. This was remedied by using the function dropTail() with bufferFrames as

argument.
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Second Phase
In the second phase, algorithms were subjected to a new series of in-depth tests using
the labeled datasets TDS2 and TDS3 to not only determine their performance levels, but also to
understand precisely when and why the models fail, and more generally, to identify what models
perform better under what conditions. The models were tested with TDS2 with three standard
resolutions: HD+ (1600x900 px, 95.2% of the original in size), qHD (960x540, 34.3%) and nHD
(640x360, 15.2%). TDS3 was used only in qHD. As all tests were conducted offline, IFR was not
significant and the original 30 fps rate was resampled to 15 fps to reduce testing time.
As with the tests in the first phase, the impact of frame resolution (size) on computational
speed and accuracy appeared extremely critical. Test #2.1 at HD+ showed the best accuracy
levels overall but poor speed: all algorithms performed below 1 fps, which in practice excludes
this resolution as a feasible option. Subsequent tests were conducted using qHD as reference
resolution.
In general, results seemed to replicate the results obtained in the exploratory phase, but
with slightly better performance and more pronounced differences among algorithms. These
results may be explained because in the longer video clip some occupants were stationary talking
for several minutes —an ideal posture for detection (v. Figure 72 between frames 8,840 and
14,580). In all tests, GMM was the fastest algorithm (4x-10x faster), but had the poorest accuracy.
HOG and HCC were relatively fast, but their accuracy levels were far from ideal. SSD showed
good accuracy levels but very low speed.

Table 15: Results for test #2.2: TDS2, qHD, 15fps
HOG

HCC

SSD

GMM

Processing Frame Rate (PFR)

1.99

2.21

0.87

8.78

Detection accuracy

0.52

0.27

0.88

0.30
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Figure 72: Occupancy patterns for test #2.2.
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To better understand the reasons behind these results, new tests were conducted with
the labeled sample TDS3. After computing the performance metrics, several frames were
inspected individually to identify when and why models succeeded and failed.

Table 16: Results for test #3: TDS3, qHD
HOG

HCC

SSD

GM

Occupancy Precision

0.80

0.66

0.95

0.54

Occupancy Recall

0.55

0.41

0.78

0.41

Position (MAE)

21

75

25

92

Area used (IoU)

0.51

0.30

0.72

0.26

HOG had acceptable precision levels, meaning that most detections were, in fact,
occupants. Only a couple of FPs were observed. Recall, on the other hand, was lower, meaning
that many occupants were missed. HOG worked well with persons in normal stand-up position
and frontal/back views, but not with persons in other poses or side views (v. Figure 76—G/H).
People with low-contrast clothes were also missed (v. Figure 76-D/E/F). Regarding position and
area used, HOG showed a tendency to properly locate the boundary polygon but it was noticeably
oversized. The low MAE for position shows that the centroid was very close to ground truth, but
the 0.51 IoU was a clear indication of the mismatch in size. The oversizing effect may be explained
by the NMS algorithm which produces larger boundary polygons (Figure 73).
Similarly, HCC showed deficient results compared to those from previous tests, and the
analysis of individual frames was not conclusive in determining the probable cause of the issues.
Precision was low, explained by many FPs that appeared to be triggered by image artifacts and
random patterns of contrasting lines. Recall was also low, yielding many false negatives (FN), with
no apparent common characteristic. Position MAE was very high, but when inspecting true
positive (TP) detections, the centroids seemed to be properly positioned. The area used was
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notably off, usually overestimated. From the literature, it was known that HCC tend to experience
detection flickering, i.e., inconsistent sizes in boundary polygons of the detected object.

Figure 73: Detection process, HOG algorithm. One false positive (large green square, left),
probably explained by image artifacts. One false negative (bottom), probably explained by the
perspective view. One true positive (right), with an oversized boundary rectangle.

SSD was the algorithm that showed the best results overall. Precision was very high,
meaning that almost all detections were, in fact, occupants. Neither shadows, reflections, nor
other artifacts that affected other algorithms seemed to have a negative impact on SSD. Recall
was slighter lower, with FNs in some of the most difficult cases. Recall increased with resolution.
Since MobileNET requires 300 x 300 px images, a 1:1 image ratio sliding window was
implemented subdividing the image to avoid having to downsize the resolution or alter the image
ratio. Position and used area were excellent. The location of the centroid and the size of the
boundary polygon were, in most cases, very close to ground truth. The main problem with SSD
was computational speed. Although PFR was not measured in these tests, it was noticeably
slower than that of the aforementioned algorithms.
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Finally, consistent with previous results, GMM showed low occupancy precision,
explained mainly by a large number of false positives (FP) triggered by shadows, reflections, and
video noise (Figure 74). However, occupancy recall was not as bad: it almost always detected all
occupants, except in rare cases where people were completely still for several frames (reading,
for example). Notably, GMM was able to detect occupants in challenging cases of occlusion, as
long as there was some visible body movement (Figure 76). Regarding position and used area,
GMM proved to be very inaccurate, as the boundary polygons were very irregular, notably affected
by shadows and changes in surfaces around persons (e.g., couches).

Figure 74: Detection process screenshot, GMM algorithm. One false negative (center), probably
explained because the person was still, quietly looking at her phone. Two false positives,
probably explained by light reflections.
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A
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HCSG

HCSG

HSG

SG

Figure 75: Persons in "ideal" positions for detection. In green, algorithms that worked
(H=HOG, C=HCC, S=SSD, G=GMM).

D

E

F

G

H

SG

none

S

SG

SG

I

J

K

L

M

G

HSG

none

SG

S

Figure 76: Persons in challenging situations : low-contrast color clothes (D, E, F), unusual
postures (G, H), occlusions (I, J, K), cropped views (L, M). In green, algorithms that worked in
each case (H=HOG, C=HCC, S=SSD, G=GMM).
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6.4.

Integrated approach

As the comparative analysis showed that no existing method met all the performance prerequirements, the study shifted to proposing an integrated method that balanced the strengths
and weaknesses of each individual method.
As a matter of fact, the idea of combining different methods into an integrated method is
a common approach in CV for solving complex tasks for which no individual method is perfect. In
people detection problems, a very frequent strategy is to use two or more redundant “weak”, but
fast, detection algorithms over the same data to increase detection accuracy without
compromising speed. The algorithms can operate in parallel or in “cascades” (sequentially). HCC
is an emblematic example of this approach. Another common strategy requires using a powerful,
but slow, detection algorithm only on a subset of the data to reduce the computational load, and
then using a secondary method —usually an object tracking algorithm—to interpolate the
detection results in the remaining data. An example of this second approach is given by
(Rosebrock 2018). The primary detector runs every N-th frame of the camera input and detects all
persons in the frame, and in the in-between frames, the object tracking algorithm uses the last list
of persons available to look for the same objects(s) and update the coordinates. The value of N,

the frequency of detection, has to be carefully defined to balance accuracy and speed: the higher
this number, the faster but less accurate the algorithm.
As a first approximation to an integrated method, this combined approach was tested
using SSD as detector with TDS2 and TDS3, here called SSD+OT. Results showed that the

method performed significately better than any of the individual methods previously tested in the
comparative analysis. Speed was ~4x faster and the detection accuracy was only slightly lower
than SSD. After inspecting key frames from detection results with TDS3, it was evident that the
algorithm was very precise in the detection frames, but not so much in the tracking frames. The
number of false negatives was much higher: when the detection algorithm missed a person in a
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detection frame, that person was not registered in any of the subsequent tracking frames until
they were discovered during the next detection phase, multiplying the error N times. The main

problem with this approach was speed: in order to run in real time (>3 fps) at qHD, the frequency
of detection had to be set to one detection every four seconds (N=12), which is unacceptable as
it is enough time for a person to walk and change position drastically, for example, leaving the
space. Speed could be increased by reducing resolution but as it was demonstrated in the
previous evaluative tests, SSD does not perform well when the image is reduced too much.

Table 17: Results for test #4: SSD+OT, TDS2-15fps/TDS3, qHD
Test #4.1.

Test #4.2.

Test #4.3.

SSD

1.69

N=6
2.45

N=12

(Tests #2, #3)

Processing Frame Rate (PFR)

N=3

3.68

0.87

Detection accuracy

0.83

0.8

0.76

0.88

Occupancy Precision

0.93

0.93

0.93

0.95

Occupancy Recall

0.76

0.74

0.71

0.78

Position (MAE)

38

40

46

25

Area used (IoU)

0.65

0.72

0.68

0.72

In conclusion, these results, added to the findings from all previous tests, suggested that
the integrated approach represented the best option for a method to use in spatial behavior
analysis. Traditional people detection methods such as HOG and HCC had accuracy levels that
were insufficient for providing fine-grained data. Deep learning methods, such as SSD, had much
higher accuracy performance but were computationally too expensive. Background subtraction,
GMM, had little discriminative power. However, the SSD+CT was not efficient enough to be used
with high resolution images in devices with limited computing power, such as RPis. Results
showed that high resolution input was mandatory to achieve good accuracy levels: given that
sensors are expected to be placed at strategically distant locations to maximize the field of view,
some occupants may be only a few pixels tall, and therefore not captured at low resolutions. Wide
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angle lenses are not a good option as they distort the captured frames and affect the performance
of detection algorithms trained using standard images. Therefore, the next required step was to
look for ways to aggressively reduce detection load and increase speed. This was achieved by
proposing an innovative technique called “pre-localized detection”, which is explained next.

Pre-localized detection
The basis for the development of the proposed method was the fundamental observation
that there are two important particular conditions in buildings that make the detection problem
more delimited than in other contexts. First, sensors are stationary, and therefore, the detection
background is known and invariable. Second, occupants cannot suddenly appear or disappear in
the frame; they have to walk in or out the space.
The combination of these two observations gave rise to the concept of “pre-localization”:
the introduction of a first-pass detection heuristic to identify areas in the frame where people are
expected to be, and in turn, reduce the area needed to be scanned by the detection algorithm. To
identify such areas (also “regions of interest”, ROI), here called candidate areas, two disjunctive
conditions (computationally, an OR rule) were defined:


Areas where movement is detected using background subtraction



Areas where persons were detected in previous frames
Together, these two rules give a reasonable first guess of the potential presence of

occupants. Movement is, in fact, a powerful predictor, as occupants necessarily have to walk
—move— into the frame, but it is not infallible, as occupants can be quite still for long periods.
Thus, the second rule is needed to account for immobile persons.
The pre-localization approach was tested using GMM as the background subtraction
algorithm, SSD as the main detection method, and a correlation tracker based on the original
algorithm proposed (Danelljan et al. 2014) and implemented in the dlib library (King 2018), as the
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secondary tracking method. The advantages of this correlation tracker is that, first, it works as an
extremely fast ANN that is retrained after each frame, preventing the storage of any feature vector
that could be eventually deanonymized, and second, it can handle changes in shape and size
(e.g., due to perspective changes).
Figure 77 shows a flowchart of the computational implementation of this approach. The
algorithm works as follows. After the traditional initialization protocol (importing libraries, declaring
variables, setting working directory and file structure, etc.), a frame is captured and preprocessed:
resized and recolored to BRG space.
If the frame is a keyframe (i.e., N-th frame), the detection sequence starts. First, the GMM

algorithm is executed: (1) the background model is computed as the weighted average between
the current frame and previous frames using the accumulateWeighted() method from OpenCV; (2)

the absolute difference between the frame and the background model is computed; (3) the

difference is thresholded to eliminate noise and then separated into objects using findContours()

or any other clustering method such as k-NN, and (4) the boundary polygons are found using
boundingRect(). Then, the list of boundary polygons given by GMM is appended to the list of
boundary polygons from detected occupants up to m previous frames. Each boundary polygon is

dilated a certain number of pixels to account for potential movement, and to avoid duplicate
detection, overlapping polygons are merged into larger polygons using the NMS algorithm. At this
point, the list of polygons constitutes the list of candidate areas.
Once the list of candidate areas is set, the SSD detector runs over all candidate areas:
each candidate area is cropped with a 1:1 image ratio window, converted into a blob and then
passed forward to the cnn detector, which returns a list of detected objects. Each detected object

is analyzed using the proximity heuristic (v. §6.2 and Figure 67) to match persons across frames,

if necessary.
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Figure 77: Flowchart of integrated approach with pre-localized detection.
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Once the list of detected occupants is set and cleaned, the timestamp, anonymous ID,
and coordinates of the boundary polygon of each detected occupant are stored in a dictionary
and exported to a .csv file or uploaded to a central server, if available. The algorithm then loops
back to the next frame.
If the frame is not a keyframe, the tracking algorithm is applied instead of the detection
sequence. First, all detected objects from the last frame are retrieved from the dictionary and
passed to the CT tracker (dlib tracker), which computes the new coordinates from their boundary
polygons. These coordinates are analyzed with the proximity heuristic to match new and previous
persons if necessary, and then are added to the dictionary as updated values in their respective
entries.
The algorithm ends when there are no more frames to analyze.

1

2

3

4

Figure 78: Integrated algorithm with pre-localization: (1) original frame; (2) GMM background
subtraction; (3) candidate areas; (4) final detections.
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The integrated approach with pre-localized detection was tested using TDS2 and TDS3, with
similar conditions to previous tests. Results are shown in Table 18, using results from SSD and
SSD+CT as benchmarks. The value of m (the number of previous frames to be added to the
candidate areas) was set to be equal to the value of N (the frequency of detection).

This approach outperformed all previous methods. Computational speed was significantly

faster than that of any methods previously tested. With the frequency of detection set at N=3, the
algorithm could run in real time using an IFR of 3 fps, meaning one detection per second. The

dramatic effect of the pre-localization heuristic on the increase in computational speed is
explained by the fact that the size of candidate zones was only a small fraction of the total given
the distant location of the camera and relatively small size of occupants compared to the frame.
Accuracy was similar to SSD+OT for N=12 and slightly lower than SSD alone. Notably, recall was
not affected or reduced greatly, which means that few FN, missed detections, were produced.
The pre-localization heuristic was successful in capturing (almost) all persons in the room. Position
MAE and area used IoU were not affected significantly.

Table 18: Results for tests: GMM+SSD+CT, TDS2 and TDS3
Test #5.1.

Test #5.2.

Test #5.3.

SSD

SSD+OT

Processing Frame Rate (PFR)

N=3

4.02

N=6

5.69

N=15
7.95

0.87

N=12

Detection accuracy

0.79

0.77

0.71

0.88

0.76

Occupancy Precision

0.93

0.93

0.92

0.95

0.93

Occupancy Recall

0.75

0.73

0.69

0.78

0.71

Position (MAE)

38

40

47

25

46

Area used (IoU)

0.66

0.72

0.69

0.72

0.68
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3.68

6.5.

Discussion

In general, results from the tests conducted during the comparative analysis confirmed
the anticipated fact that no method is perfect. The requirements of high accuracy (to capture
micro-behaviors) and high speed (to run on-board in real-time) are per se contradicted with the
requirements of low-cost and simplicity of implementation and operation. Analyzed
independently, deep learning methods, particularly SSD, showed the best accuracy but poor
speed, and GMM (and to a lesser degree, HOG and HCC) were fast but not precise enough for
uses in spatial behavioral analysis.
The proposed method represented a delicate balance between these mutually exclusive
objectives, combining the speed of GMM to identify areas where occupants are expected to be,
and the accuracy of SSD to perform the actual detections. The pre-localization heuristic proved
successful for dramatically reducing the detection load on the detector without compromising
accuracy. Because of this balance, the proposed method could run in real-time at 3 fps, with qHD
resolution, and high accuracy, using only an inexpensive SBC board with limited processing
capabilities. Moreover, the method proved simple to implement, setup, and operate, as it did not
require special calibration or training data.
Under any measure, the proposed method can be considered a success as it in meets
all the objectives and requirements for use in building settings for spatial behavior analysis.
However, as always, good results must be taken with caution. Careful analysis may
suggest potential overfitting problems. For example, in the test video clips, not more than three
persons ever were in the space simultaneously, and considering the distant position of the sensor
in relation to the area of analysis, the effective number of pixels containing persons was always a
small proportion of the frame, and by extension, the computational load on the SDD was very low.
A different case would be an extremely busy space with dozens of persons, or a sensor situated
very close to the occupants, which would make the effective detection area a large portion of the
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frame, thereby increasing the detection load to a point where the method cannot longer run in real
time. Another example of a potential issue would be if a person was motionless or partially
occluded for a long enough time to be missed by the GMM filter, missed by the SSD detector,
removed from the legacy candidate areas list, and therefore eliminated from the list of detections
at least until the person moved again and was re-detected. This situation would appear as if the
person “disappeared” for a few frames without changing position, an error here called “magician
effect”.
Naturally, further developments could be made to counteract these (and other) issues. For
example, for the overload error, a rule could be added to proportionally adjust the length of
detection cycle (m) based on the size of the candidate areas (and/or the time of the detection
phase), ensuring that the algorithm can always run in real time. The magician effect could be
corrected by another rule that would force the algorithm to keep track of disappeared occupants
in non-boundary/exit areas (e.g., stairs, doors, etc.), and to impute the missed detection
coordinates using the last known or new coordinates.
None of these issues were observed during the tests, so these potential solutions were
not tested either. However, this intellectual experiment shows that potential problems could be
addressed using simple adjustments to the method while still maintaining its simplicity and its fine
balance between accuracy and computational efficiency.
Another possible path for development would be to substitute the rule of legacy windows
by a machine learning method. This idea is further discussed in chapter 8.
Finally, it is foreseeable that this chapter will be technically obsolete in a not distant future.
Research in computer vision is a fast-moving research field with many efficient and highly accurate
algorithms proposed every year. Computer hardware is also becoming significantly more efficient
and affordable. Without a doubt, in a few years (or less), new CV methods and hardware devices
will render the methods presented here as mere historical anecdotes. However, the purpose of
this chapter in the overall dissertation strategy was not to develop a groundbreaking or
192

sophisticated new CV method but quite the opposite; it was to demonstrate that even with the
simplest hardware and CV methods available today it is completely possible to obtain fine-grained
data of spatial behavior while ensuring complete privacy, low-cost, and simplicity of operation.
Ultimately, the overall motivation of this chapter was to provide evidence to dispel three of the
most common apprehensions and arguments against the use of CV in occupant detection in
buildings.
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7. CASE STUDY ON THE PRACTICAL APPLICATION OF THE PROPOSED
METHOD
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7.1.

Introduction

Previous chapters have presented the conceptual, methodological, and computational
foundations for a method based on computer vision to conduct post occupancy evaluations of
spatial behavior. In this chapter, these foundations are combined into a fully functional prototype
and tested in an operational building as a proof-of-concept case study.
The building studied was the Andlinger Center for Energy and Environment. The spatial
behavior analysis was focused on understanding the patterns of presence, movement, and activity
of occupants in common spaces, particularly resting and hoteling areas in lobbies and common
research spaces for graduate students.
Although the different elements of the computational method for spatial behavior analysis
had already been evaluated separately in previous chapters, their integration into a working
product and utilization in a real facility introduced a new set of practical issues not experienced
before —from privacy apprehensions of occupants and management officials to the installation of
devices without disturbing the normal operations of the building. In this sense, the ultimate
objective of this study was not so much the assessment of the spatial behavior patterns of
occupants, or the judgment of the functional performance of the building, but rather the evaluation
of the applicability of the proposed method under all conditions of real buildings and occupants.
The study was organized into three phases growing in complexity, and this chapter is
organized in a similar structure. After a general presentation of the building studied, sections 7.3,
7.4, and 7.5 describe the objective, methods and results of the three phases separately. Section
7.6 provides a short discussion of the particular results of the case study as a pivotal point for the
extended discussion of the whole study in Chapter 8.
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7.2.

Presentation

The Andlinger Center for Energy and Environment (ACEE) is a relatively new building on
campus, built between 2011 and 2015 to host a new research and teaching center dedicated to
the study of sustainable technologies, energy efficiency, and environmental protection and
remediation. The building was designed by the architectural firm Tod Williams Billie Tsien
Architects, with the renowned firm ARUP as systems engineering consultant.
The building is organized in three distinct areas connected through open gardens and
courtyards: a cluster of laboratories and cleanrooms in the northern part of the site; a central Lshaped block with offices, classrooms, and graduate student spaces; and an auditorium in the
south corner of the site (Figure 79). In total, the building is 129,000 square feet with roughly 60
percent below grade.
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Figure 79: ACEE ground level floor plan. (1) Northern block; (2) Central block; (3) Southern block;
(4) Existing buildings. Image credit: TWBTA (2016).
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Beyond the obvious convenience reasons —the ACEE was an easily accessible building
on campus—, there were general and particular arguments that made this building a suitable and
interesting case study.
In general, academic buildings are interesting cases for studying spatial behavior as rapid
and abrupt changes in educational strategies in the last decade have triggered behavioral changes
in space use that require deeper understanding. For example, spaces for informal learning and
social interaction have acquired a considerable importance, accounting more than 15% of usable
area in modern buildings (McDuffie and Starr 2018).. Information technologies have forced
academic libraries to rethink their role, replacing collection stacks and reading areas with tables
equipped with electric outlets and USB connections, or semi-private spaces for group meetings
and faculty-to-student interactions. Space management, a specialized segment of facility
management focused on optimizing existing space to reduce operation costs, has become widely
popular in educational buildings (Ibrahim et al. 2012) (SMG 2006). Understanding the evolving
dynamics of how educational spaces are used is a critical need for university officials, including
those at Princeton.
At a particular level, the ACEE building has several characteristics that make it an
interesting building to study occupants’ behavior and space use patterns. First, consistent with
the ACEE’s vision, the building was conceived, designed, and advertised as an iconic example of
sustainable and energy-efficient architecture, meeting the equivalent of the USGBC LEED Silver
standard (ACEE 2015). Several walls throughout of the building have panels displaying
sustainability features of the building: natural lightning and ventilation, solar shading, efficient
water management, green roofs, storm water recovery, sustainable landscaping, radiant and heat
recovering systems, operable windows, and others. However, not a single phrase refers to space
utilization efficiency. Thus, analyzing how intensely used these spaces were and determining the
extent to which this use aligned with the building’s spirit of efficiency seemed prudent for this
study.
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Second, the building has a complex spatial configuration with many scattered spaces in
public areas which, based on casual observation, seemed unused more than other spaces or
buildings. Some of these spaces are more architecturally consolidated than others, ranging from
simple benches at the end of hallways or solitary armchairs next to windows, to built-in cushioned
seats separated from adjacent hallways by low walls or desks with drawers and printers for
hoteling work. Notably, not all these spaces were indicated in the original architectural drawings,
suggesting that some of them were actually implemented by the ACEE management.
And third, during the course of this study, the ACEE leadership initiated a renovation
project of the research commons space on the lower level which presented a unique opportunity
for a before-and-after comparison study. As the number of graduate students and post-docs had
increased since the completion of the building, the management decided to change the existing
individual cubicles fto open desks in order to accommodate more occupants. However, the actual
occupancy and space use patterns of the space had not been evaluated, presenting a good
opportunity for an extended occupancy analysis using the proposed method.
In summary, the ACEE building offered a case of a conveniently accessible building
characterized by a moderately complex spatial configuration with several areas whose actual
usage patterns were not completely known. These areas were diverse in spatial and functional
characteristics, offering a wide range of testing situations that were also small enough to be
studied with a simple implementation of the proposed method.
The study was organized into three phases, increasing in spatial and methodological
complexity. The first phase was a survey study of all micro-spaces in the building; the second
phase was a longer and deeper study of two spaces selected from the initial survey; and the third
phase was an even longer before-and-after comparative study of the larger space that was
renovated during the course of this research. The objectives, methods, and results of the three
phases are explained in the next sections.
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Image removed due to copyright concerns

Image removed due to copyright concerns

Image removed due to copyright concerns

Figure 80: ACEE Building. Top and middle: interior spaces. Bottom: exterior view of room 020
(research commons). Image credit: Moran (2015)
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7.3.

First phase

The first phase analyzed presence in all public non-circulation areas in the building. The
purpose of this phase was two-fold: first, to test the functionality of the sensors and
detection/analysis algorithms in different and potentially problematic spatial situations (i.e.
lightning conditions, restricted FoVs, high traffic); and second, to identify areas with unclear usage
patterns that could be further analyzed in a subsequent more in-depth phase.

Methods
After a comprehensive walkthrough of the building surveying all public areas with furniture
suggesting uses other than circulation, thirteen “micro-spaces” were identified for analysis, shown
in Figure 81 and Figure 82.
A Raspberry Pi 3B+ board with a wide-angle Pi camera module with 110 degrees FoV was
used as sensing device. In some cases, the sensor was placed on a tripod, and in other cases it
was attached to the wall or put on a table; the sensor was always positioned to look for the
perspective angle that allowed for capturing the largest area possible. Initially, the board and
camera were exposed and completely visible, but this proven too distracting for occupants, some
of whom even walked around the sensor to avoid “blocking” the camera. Therefore, the camera,
RPi, and battery back were mounted inside a simple black box with a one-way mirror to hide them
from the public. It was, nevertheless, properly labeled with the topic of the research, name of the
student researcher, and contact information (Figure 83).
The sensor was installed in all spaces for varying periods, from 188 minutes to 440
minutes, on various days of the week. As evaluation conditions were not equivalent, comparisons
between spaces could not be made. Sensors were installed in such a way that there were no
private spaces (e.g. entrances to individual offices) within their field of view. The student
researcher was present at all times, outside the field of view of the sensors, manually recording
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every person’s entry and exit time, approximated position, movement path, and general
description of their activity. There was no interaction between the occupants and the student
researcher.
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Figure 81: Some micro-spaces analyzed. Numbers describe the location of the spaces in
relation to Figure 82.
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Lower level
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Figure 82: Location of all micro-spaces analyzed during the first phase.
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Figure 83: Sensor enclosure with one-way mirror.

To detect occupants, the computational method based on pre-localization developed in
chapter 6 (v. §6.4) was used. Given the pilot nature of this first phase, only three spatial behavior
variables (v. §5.3) were analyzed: occupancy, permanence, and trajectories.
In compliance with the university requirements for research with human subjects, the
research protocol was submitted to the Institutional Review Board (IRB) for approval (protocol
#12298). Considering the sensing system did not store any video or image data, nor it did collect
or generate any personal identifiable information (v. §6.2)—, the researcher had no interaction with
the occupants in any direct or indirect way, and the research involved no more than minimal risk
to the subjects, the IRB determined the activity was not considered human subjects research, and
therefore, the project was cleared. The full IRB protocol is available in Appendix A.
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Results
Table 19 shows the results for occupancy and permanence in all micro-spaces. All
numbers are extremely low, with 46% of the spaces with no occupants observed during the whole
observation period, and 15% of the spaces with only one occupant for a few minutes. With such
low occupancy levels, most spatial behavior metrics were not applicable or meaningful. Only
spaces #3 (seating area in the lower level) and #13 (desks area in second level) showed occupancy
rates suitable for in-depth studies.
Several arguments can be provided to justify these results. First, the data collection
happened in July and August, during university’s summer break; the number of building occupants
was, in general, much lower than what is usually observed during the academic year. Second, the
data collection period was short, an average of only ~5 hours per space. Third, there were several
technical, methodological, and practical situations that affected the normal use of the facilities,
which are explained next.

Table 19: Results for occupancy and permanence, all micro-spaces
1

2

3

4

5

6

7

8

9

10

11

12

13

Total occupancy

0

2

8

0

0

3

0

2

1

0

2

0

4

Avg. stay time (min)

-

3

12

-

-

6

-

7

3

-

17

-

8

Observation time (min)

188

242

440

277

210

362

290

375

306

280

310

260
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First, occupants seemed uncomfortable being “recorded” by the camera and/or observed
by the researcher. When the camera was visible —before installing the one-way mirror—
occupants walked around it on purpose. The ground truth data collection was also tricky in narrow
spaces where the researcher had to observe occupants discreetly despite being close to them. It
is highly likely that these situations deterred occupants from naturally and spontaneously using
some of the spaces.
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Second, the detection algorithm struggled in narrow spaces where the sensor had to be
placed very close to the occupants. As persons were proportionally large to the frame —up to 40
percent—, the detection process slowed down to ~1-2 fps (v. §6.4). In extreme cases, when the
sensor was less than 2.5 m (~8 ft) from occupants, the wide-angle lens introduced too much
distortion affecting the performance of the detection process: this resulted in a loss of about 30%
in detection accuracy relative to ground truth. The OpenCV library includes the fisheye() method

to correct distortion, but this correction was not implemented in this case. And furthermore, when

occupants were too close to the sensor, they blocked the view completely, preventing any
detection.
Third, technical issues also affected the data collection process. The unavailability of
power outlets in some spaces forced usage of a battery pack, which in some cases, discharged
or disconnected without notice, thereby terminating the data collection process. A LED light was
later added to the sensor (Figure 84) to indicate power status and facilitate the supervision process
by the student researcher. Other situations that affected the data collection process were tripod
destabilization and the student researcher appearing in the field of view of the sensor. Also, during
the data analysis process it was evident that the device experienced unintended movement during
data collection, probably due to an occupant touching the sensor to find out what it was. This
appeared as a potential problematic matter for detection accuracy. Therefore, the detection
algorithm was slightly modified to capture a snapshot of the space every 12 hours if and only if no
persons were in the frame, as a backup image to check the frame positioning during the analysis.
The planned process of recording ground truth (every person’s entry and exit time,
approximated position, movement path, and general description of their activity) proved to be
impractical, subject to excessive inaccuracies, and fairly demanding for the observer.
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7.4.

Second phase

From the results from the first phase, the two micro-spaces with the highest occupancy
rates were selected for deeper analysis: the desks area in the second level (space #13 in Figure
81 and Figure 82), and the seats area in the lobby at the lower level (space #3 in Figure 81 and
Figure 82). In this phase, the objective of the spatial behavior analysis was to identify patterns of
presence, movement, and activity to characterize the use of these spaces, and to address all
practical issues that were detected in the previous phase.
The micro-space with desks (“desks”) located in second level where the elevator and two
main corridors meet, was configured at the time of this study as a shared temporary workspace.
There was a continuous desk, three drawer racks, an equal number of office chairs, and a second
small desk with a printer and office supplies, all separated from the hallway and nearby elevators
by a low wall that delimitated the space but did not give any sense of privacy or quietness required
for concentration. In the original architectural plans, the area was labeled as “hoteling” (TWBTA
2017).
The micro-space with built-in seats (“seats”) located in the lower level, next to the
staircase, was a semi-private space delimited by ~5 ft wooden panels in an “L” configuration,
facing away from the circulation and hallways. There was a continuous cushioned long seat along
the panels, a central coffee table, and three armchairs which, notably, were not included in the
original architectural plans. On the outside of the wooden panels, there was a shelf or small desk
at 4-feet height, with no seats. Other than two 4-feet gaps on both ends of the “L”, it was a very
intimate space. The architects labeled this area simply “lobby”.
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Methods
Two sensors were used in this phase. In addition to the sensor used in the previous phase
(Figure 83), a new sensor with expanded features, shown in Figure 84, was specially developed.
The core of the sensor was the same —a RPi board (2) with a wide-angle camera module (3)
behind a one-way mirror (9. Additionally, the device included a PIR sensor (6) as benchmark
occupancy detection sensor, a KY-038 sound sensor (5) added to capture sound pressure levels
(i.e. noise) as a key environmental variable in the “desks” micro-space, a SD card slot (8), two
LEDs (7) to serve as status indicators, a 24,000 mAh battery (1), and a tampering-evident
enclosure.

7

5

9

7

6

1

8
2

3

4

5
6

Figure 84: Sensor with expanded features used in the second phase.
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The detection algorithm was slightly modified to include the readings from the sound
sensor and PIR sensors, both as simply digital I/O values. The threshold for the noise level was
adjusted on-site using the built-it potentiometer. The output of the algorithm was an individual
CVS file for each occupant detected with the following: timestamp, boundary polygon
coordinates, a detection/tracking marker, noise level, and PIR reading (Figure 85)

Figure 85: CSV file output of the detection algorithm.

For ground truth, the student researcher registered the entry and exit time of every
occupant and their approximated location using the seating spaces as reference (Figure 86).
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Figure 86: Reference grid used for approximate location ground truth.
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The “desk” micro-space was studied with two sensors, one located on the wall pointing
toward the tables and another one pointing towards the hallways to capture traffic movement and
general noise level. The “seats” micro-space was analyzed using only one sensor covering the
whole seating area. In both cases, data was collected for one week from 9:00 AM to 6:00 PM. The
researcher was present at all times, outside of the field of view of the sensors, and this time, far
away from occupants.

Results
In the “desks” space, results showed very low occupancy rates. Only thirteen occupants
used the space in the 5-day period. Only one person used the space at a time, even though there
were three seats available. The middle seat was the most preferred (62.5%). The average stay
time reported by the sensor was only 253 seconds (~4 minutes), meaning that the space was used
less than 0.1% of the total time available. The ground truth, however, was 338 seconds (33.6%
higher). The difference can to be explained by the fact that when the occupants were too close to
the sensor, they covered the entire frame and the algorithm missed them as true positives.
Interestingly, the reported average stationary stay time ratio —the proportion of time that
occupants were motionless over their total stay time— was about 0.4, which implied that most of
the time occupants were moving. This is a counterintuitive result for this space where the expected
behavior for occupants was to work quietly. The answer was found in the analysis of speed and
trajectories: their average speed was only 1.1 m/s, their total distance was ~4.5 m, and most paths
described repeated walks between the seats and the printing station, back and forth. The ambient
noise analysis was inconclusive: no significant correlation was found (R=0.12). There was a 77%
coincidence between the results of the CV-based sensor and the PIR sensor. Both sensors
detected all occupants, but not consistently during the entire period they were present in the
space. The analysis confirmed that the contiguous hallways and elevator area had a high traffic of
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occupants during day. Occupancy was much higher, 218 persons, walking in both directions.
Average speed was >1.6 m/s, consistent with moderately fast gait.

Figure 87: Weekly occupancy in "desks" micro space

The “seats” space showed slightly higher occupancy rates. Nineteen persons were in the
space during the observation period. The average stay time was very high: 549 seconds (~9 min).
However, leaving out one 36-minute outlier, the average was 404 seconds (>7 min), higher than
the permanence observed in the “desks” micro-space. Interestingly, the stationary stay time ratio
was also higher (0.81), meaning that occupants were quieter in this space. Some occupants even
showed a stationary time ratio higher than 0.95. The average individual speed (0.78 m/s) and
intensity levels (<0.25) were also very low, and the size and proportion of the boundary polygon
suggested occupants were seated (rather than standing). Combined, these results suggest
occupants were doing a quiet activity, such as reading, using their laptops, eating, or other similar
activities. Most occupants (79%) were alone. In two occasions, two people came together
(interpersonal distance < 3 feet), sat together, and left together. Remarkably, noise was detected
not only when two occupants used the space, but also when there was only one occupant,
suggesting that some solitary occupants were listening to music, or more likely, talking on the
phone. The analysis of trajectories showed occupants came to the area from both entries at similar
rates. The PIR sensor and CV-based sensor readings matched 71% of the time.
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Figure 88: Weekly occupancy in "seats" micro space.

Altogether, these results suggest that the “desks” space was used sporadically, for short
intervals, and by occupants moving constantly between desks (probably printing documents).
Very few people used this area for long, concentrated work. A potential reason to be explored is
the observed intense traffic in the adjacent hallway and elevators area and noise from the nearby
elevators. On the other hand, occupants in the “seats” space showed a complete opposite pattern
of spatial behavior. Persons stayed longer periods of time, in quiet poses, probably performing
work activities, chatting, or talking on the phone. The relative sense of quietness and privacy given
by the wooden panels may explain this behavior. In a sense, these results go against the intended
or assumed use of the spaces: the “lobby” area, intended for relaxed activities and social
interaction, is used for work and quiet activities, while the “hoteling” area is used mostly as a
printing station.

Figure 89: Paths in the "desks" (left) and "seats" (right) micro-spaces.
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7.5.

Third phase

The third phase in the case study was the evaluation of spatial behavior patterns in a much
more complex space: the graduate research commons. This room presented several practical
challenges for the application of the sensing system and analysis methods. First, it was a larger
space with columns and office partitions that prevented capturing the whole area with only one
sensor. Second, as a semi-private space, there were major privacy concerns that significantly
restricted the range of data that could be collected. Third, there was a renovation an ongoing
project in the space which shaped the study as a before/after comparison with methodological
considerations not explored before. Fourth, it was expected that the space was used by a
considerably larger number of occupants that could eventually overload the sensor (v. §6.4). And
fifth, a traditional survey-based POE had to be conducted as a benchmark in parallel to the
computational method.
The research commons, formally room 020, is a ~3,000 square foot room located in the
westernmost side of the lower level of the building, and it is used by ACEE graduate students as
office space. At the time of this study, each student had an assigned desk and chair, and had
access to shared facilities such as printers, a microwave, and large tables for group meetings. The
room was accessible through two doors that remained unlocked during the day. Inside the room
there were four private offices with no windows that were used by post-docs or “graduate
theorists”, as described by the architects.
At the beginning of this study, the room was configured for a maximum occupancy of 32
students distributed in three types of workstations: shared continuous desks, group areas with
high panel partitions, and individual cubicles. There were also two resting areas located at both
ends of the space facing the panoramic windows displaying the courtyards. These areas were
originally labeled as “breakout areas” by the architects and depicted in promotional photos with
students chatting in a relaxing atmosphere (Figure 80-bottom). Additionally, there were three
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shared high tables with stools in the central aisle, presumably provided for temporary work or
group meetings.
In Fall 2019, the ACEE management began a renovation project intended to increase the
room’s maximum occupancy capacity up to 56 seats. The central tables, resting areas, group
areas with high partitions, and individual cubicles were replaced with continuous desks with
individual workstations. Shared facilities were located at both ends of the main aisle. The new
layout was designed by the furniture provider without consulting the architects.

Figure 90: Research commons. Before (top) and after (bottom) the renovation project.
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Methods
A new iteration of the sensor was used in this phase. The RPi, camera module, PIR sensor,
LED light, and a very small one-way mirror (<1 cm2) were integrated into a more compact and
discreet box that was 3D-printed and secured with screws to prevent unauthorized access. There
was no battery pack; instead, a cable connected to an external DC power supply was used. Given
the devices’ reduced size and weight, it could be easily installed on walls, window mullions, and
other flat surfaces using only double-side tape. On the front panel there was a label with the name
and contact information of the student researcher.
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Figure 91: Third generation of the sensing device. (1) Raspberry Pi; (2) one-way mirror; (3) PIR
sensor; (4) Pi camera module.

Privacy concerns posed a serious problem for the sensing process. Although the data
collected by the sensor was completely anonymous, each graduate student had an assigned
workstation, so the data could have eventually been deanonymized using the locations of the
assigned desks as proxies for identity. Placing the sensors in such a way that the whole space
could be analyzed without capturing the desk areas became a challenging task.
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The solution was to subdivide the room into several zones (“bins”) accessible only from
common areas at known entry points (“thresholds”). The sensor tracked the movement of
occupants only in common areas and detected the number of times occupants crossed the
different thresholds. For example, in Figure 92-left, bin 6 is only accessible through the f-g

threshold; the other three sides are enclosed by the desks themselves and a wall. Whenever
person crossed f-g from the public center aisle into the desk area —left to right in the figure— the

bin occupancy counter increased by 1. When a person left the desk area —i.e., crossed f-g from

right to left— the occupancy counter decreased by 1. Beyond the common aisles, the desk areas
were blacked out by deleting their pixel values. By doing this, it was possible to estimate the
number of occupants at every bin, at any moment, without any risk of deanonymization.
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Figure 92: Bins defined for analysis purposes.Left: pre-renovation layout. Right: post renovation
layout. In green, location of the sensors.
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In the post-renovation layout, bins #1 to #5 could be accessed from two sides, as shown
in Figure 92-right. Bin #1, for example, was accessible through threshold a-b and g-h. The

algorithm kept track of crossings at both thresholds to maintain an accurate occupancy record.

In the pre-renovation data collection period, two sensors were located at opposite ends
of the main aisle, covering bins #1-#4 and #6-#10 (Figure 92). The sensor redundancy was a
technical decision to increase accuracy detection. Other two sensors were planned for the side
aisle but were eventually not installed due to time constraints. Therefore, all workstations in that
area were considered as part of only one large zone (bin #5). In the post-renovation data collection
period, only one sensor per aisle was installed —one in the main aisle, another one in the side
aisle—, as results from the first period proved that the detection accuracy was high enough that
redundancy was not justified.

Figure 93: Image area captured by the sensor and thresholds.

The spatial behavior analysis covered presence and movement. In the common aisles the
variables analyzed were occupancy, trajectories, speed and permanence. In the desk area (bins),
the key variable was directionality, particularly, the threshold count and entry/exit count metrics
(v. § 5.3).
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Data collection occurred in two rounds: pre- and post- renovation project. The first data
period covered one week, from October 14th to 18th, and the second period covered four weeks,
from February 17th to March 13th. Both periods were arguably impacted by external situations
affecting the normal occupancy of the space. The first period occurred during the last week of
room occupation before the renovation works began, so some students had already moved out.
The second period overlapped with the COVID-19 outbreak, and by March 6th some students had
already started to work from home as a precautionary measure.
To register ground truth, the student researcher was present outside the sensors’ field of
view during the first round of data collection and manually recorded the number of occupants in
the bins and common aisles every 5 minutes. No ground truth was obtained during the second
round of data collection.
During the second period of data collection an occupant survey was conducted to provide
a point of reference to compare traditional and computational methods for POE of spatial
behavior. The survey was anonymous, voluntary, and self-administered, using paper slips and a
sealed plastic box. The questionnaire included only six items aimed at measuring perceived
occupancy and permanence patterns as well as overall satisfaction with the space. It was
developed based on standard questions from the Preiser and HEFCE POE protocols (v. §4.3). The
questionnaire in available in Appendix B.
The research protocol for this activity was submitted for IRB review, detailing the scope
of data collection, measures for privacy protection of the occupants, and survey activities. Since
no personal identifiable information would be collected or generated, and the researcher would
not have any interaction with the occupants —including during the survey—, the IRB authorized
the activity. However, the leadership of the ACEE expressed further concerns about the privacy
protection measures, the content of the survey, and the eventual use and publication of the data
collected. In response, private offices were not analyzed and results are only presented in
aggregated form, with no reference to bin numbers.
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Results
In the pre-renovation period, the average occupancy in the room for the total period was
5.09 persons. Occupancy showed a decreasing trend through the week. Day 1 had the maximum
total occupancy (7.98) and highest daily average occupancy, and day 5 had the lowest results
(2.93). Considering the expected maximum occupancy was equal to the number of workstations
(32) —and assuming zero occupancy in the shared areas—, the occupancy ratio during the week
fluctuated between 0.09 and 0.25. Average occupancy time ratio for the five days was 0.96,
remarkably high number, which means the space was used by at least one person during the
whole business day. This result alone justifies having heating/cooling and lighting on in the room.
During the day, occupancy was relatively homogenous, with no significant peaks and only one
expected drop between 12:00 and 1:00 PM, likely for the lunch break.
Not all bins were used similarly. Three bins account for more than 70% of the total
occupancy during the week, while the other three bins had less than 2% of the total occupancy.
Five bins showed occupancy time ratios lower than 0.20, meaning they were used less than 20%
of the time. One bin had an occupancy time ratio higher than 0.87. The average occupancy by bin
was 0.45 persons. On average, persons left and returned to their desks, 3.6 times per day.
The central aisle was used fundamentally as a circulation space. 72% of persons stayed
in this space for less than 60 seconds, and had a stationary time ratio of 0.19, meaning they were
walking without stopping. The average speed of moving persons was 1.4 m/s. The only stop node
detected was the printer, used by the 18% of persons. The persons’ location, boundary rectangle
ratio and size suggested that seats were not used at any point during the week. All persons in the
central aisle were standing. Their intensity was 0.67, suggesting they were actively conversating
and probably moving around. The duration of these interactions (>2 persons) was 51 seconds,
consistent with short, casual interactions.
Relatively to ground truth, occupancy estimation in the central aisle and bins were 92%
and 76% accurate, respectively.
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Figure 94: Occupancy pattern of the pre-renovation period.

In the post-renovation period, results were surprisingly very similar to the pre-renovation
period up to February 28th. After that date, occupancy dropped rapidly, possibly explained by the
COVID outbreak that was already a serious issue in other countries and was starting to affect the
U.S.

For reference, on March 3rd the president of the university issued a letter asking the

community to prepare for the impacts of coronavirus. Six days later, he announced the
virtualization of all teaching activities. Thus, to ensure a representative basis for analysis, the
period of study was limited to February 28th, covering two weeks of “normal” data.
Average occupancy in the room was 4.34 persons. As with the pre-renovation week,
Mondays showed the highest occupancy rates and Fridays the lowest. In fact, there was a clear
decreasing trend in occupancy during the week (Figure 96). As the expected maximum occupancy
changed due to the greater number of seats available (56), the occupancy ratio during the two
weeks fluctuated between 0.15 and 0.02. The average time ratio was 0.95, showing a similar
temporal pattern to the one observed during the pre-renovation period. Three bins accounted for
more than 60% of all occupancy, and the average occupancy by bin was 0.31 persons.
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Figure 95: Occupancy pattern of the post-renovation period.

In the two common aisles, occupancy was slightly higher than in the previous period, but
not enough to represent a significant difference. Average permanence in these zones was 55
seconds. Remarkably, the greater the number of occupants at close distances (< 6ft), the longer
the stay time (R=0.71), a result that was consistent with the behavior observed in the first period.

Figure 96: Daily average occupancy, all periods.
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The POE survey was answered by 18 persons. As predicted, survey results differed from
the observed patterns. Regarding occupancy, 67% of respondents indicated they typically stay in
the room for more than 6 hours every day and 33% expressed they stay for 2 to 6 hours. Actual
results were much lower: an average of 4.2 hours. Notably, when asked about typical permanence
time of others, the answers more closely resembled the observed results. Only 28% indicated that
others typically stay more than 6 hours every day, and the vast majority, 72%, answered that other
typically stay between 2 and 6 hours. The tendency to overestimate one’s occupancy in selfreported POE surveys has been observed many times in the literature. (v. §4.6). Total occupancy
also appeared overestimated: 78% of respondents answered that, on average, more than 12
people use the room simultaneously, when in reality, not more than 9 people use the space at the
same in a typical day. However, responders were fairly accurate in reporting the hours of
occupancy: more than 90% of respondents expressed that the room is most used from 10:00 AM
to 5:00 PM, which coincides with the observed pattern, but no respondent reported the lunch
drop or the differences between days. On average, respondents liked the space, rating it 7.6. on
a scale from 1 (lowest) to 10 (highest).
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7.6.

Discussion

In general, the data collection and analysis processes developed smoothly, without any
considerable complications. The first phase was effective as a pilot testing the functionality of the
sensor and identifying areas for deeper analysis. The second phase allowed for solving all practical
and technical issues detected in the first phase. The third phase pushed to the limit the capabilities
of the sensor to capture fine-grained anonymous data in a sensitive environment.
The results of the “seats” and “desks” micro-spaces showed that the observed behavioral
patterns differed from the assumed expectations for those areas. Occupants used the desks
sporadically, for short periods, and primarily as a printing station only. On the other hand,
occupants in the seats space stayed longer periods of time, in quiet poses, probably working on
their laptops, reading, or talking on the phone. In other words, the resting area was used more
intensively as a working area than the desk space. The analysis of the research commons showed
that the room was used similarly before and after the renovation project, by roughly the same
number of occupants and for the number of hours. A handful of students used the room intensively
—every day, almost all day— while the vast majority used the space for short periods during the
day, as a sort of base station for other activities. About half of the available seats were not used
during the periods studied. If these behavioral patterns were representative of the building’s
normal operation, they could undeniably inform future decisions by the ACEE management about
the use of the spaces and lead to, for example, the strengthening of the transitory nature of the
desks area with more office supplies —e.g., stapler, hole puncher, coil binding machine—, and
the addition of power outlets and USB chargers in the seats areas. The management could also
further investigate the reasons behind these behaviors and propose operational measures to
counteract any detrimental factor that could be affecting the expected use of the spaces.
However, as this case study covered only a few weeks, it is likely that the results obtained may
not describe the normal operation of the building over a whole year. Therefore, much more data
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would be needed to have a true and complete description of the behavioral patterns of the
occupants.
Beyond the specific results of spatial behavior patterns, the primary objective of this case
study was the meta-evaluation of the proposed sensing and analytic method under real-life
conditions of building operation. In this regard, the results showed that the method worked
effectively. The technical issues experienced during the first phase —the lack of power,
unintended movement, lack of status indicator, and bulkiness of the device— were easy and quick
to solve. The most demanding complications were the apprehensions expressed by the ACEE
management about potential privacy violations of the technology. Although it was demonstrated
that the algorithm recorded no personal identifiable information, and, in fact, the IRB cleared the
activity two times, the managers still voiced concerns and presented opposition to the procedure.
It seems that the idea of having a “camera” in the sensor was worrisome, despite the fact the
camera did not produce or store images. The eventual utilization and publication of the results
also appeared controversial. This reaction, however, was not surprising. The opposition to
conducting POEs by managers, architects, and other stakeholders due to their fear of bad results
is widely documented in the literature (v. §2.5). This case study showed that using computational
methods for conducting POEs is no exception to this instinctive human reaction.
In conclusion, the case study was successful in providing evidence of the practical
applicability of the proposed computational method for evaluating spatial behaviors in buildings,
with no significant issues detected. Although limited in nature, the results of the case study are
valuable as they show how this technology could be helpful for building managers to understand
how spaces are used and to assist their relevant decision-making.
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8. CONCLUSION

224

8.1.

Discussion

This study began with the simple observation that many performance issues in buildings
can be explained by occupants using spaces and facilities in ways not anticipated by designers
or known by building managers. The literature review showed the root of the problem lies in a
broken feedback loop in the industry that prevents the flow of information from occupation to
design, and more specifically, in a severe lack of effective methods for the observation, evaluation,
and, ultimately, understanding of occupant behavior in buildings. In architecture, the problem
appeared even more critical, as the study of occupant behavior is considerably more dispersed,
disorganized, and based on tacit knowledge than in other disciplines.
Therefore, the first step in the research was to establish a robust conceptual delimitation
for the study by proposing an architecture-oriented definition of occupant behavior that was
centered on the spatial dimension of human actions as the most relevant aspect for the discipline.
The concept of “spatial behavior”, existing but overlooked in the literature, was revised and
redefined based on the relationship of three fundamental elements: space, time, and people. The
definition established three categories of spatial behavior —presence, movement, and activity—
which cover the group of human actions that are naturally more pertinent and direct link to
architectural design, facilitating their transfer into practice. The proposed definition is simple,
precise, and clear, meeting all the requirements expected for academic terminology, marking a
radical contrast with the existing situation in the literature characterized by tacit, ambiguous, and
conflicted concepts. In a more general sense, the definition not only allows for focusing this and
future research efforts, but it also establishes a clear niche territory that will help build bridges with
other disciplines and give structure to existing research.
With the conceptual foundation of the study established, the next step was to study how
spatial behavior was included in the current industry methods to evaluate occupant actions in
buildings, particularly post-occupancy evaluation.
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The analysis of the objectives, instruments, and data collection procedures of thirty of the
most referenced POE protocols in the industry showed that occupant behavior, and particularly
spatial behavior, was not sufficiently included in the evaluations. Evidently, “spatial behavior” was
not included literally as such, but it was not implicitly included either. Few actions within the
proposed scope of spatial behavior were tangentially present: less than half of the protocols
included some type of presence analysis —the most basic level of spatial behavior analysis.
Variables regarding movement behavior were almost non-existent, and variables considering
activity were so broad and subjective that precluded any application in quantitative assessments.
The analysis confirmed that the data collection methods used by POEs to understand occupant
behavior —most of them based on qualitative social research techniques originated in the 1960s—
do not apply well to the needs of the building industry. They are labor-intensive, extremely timeconsuming, complicated to implement in large buildings, and impractical to conduct multiple times
or over extended periods. As protocols are heavily based on self-reported data from qualitative
surveys and anecdotal observations, results are inherently biased, not truly representative, and
they are extremely dependent on the particular contextual conditions of each case. In the end,
results are extremely difficult or impossible to transfer to other projects. Information valuable for
iterative learning needs to be generalizable, or at least, based on large volumes of data so that the
differences of individual cases can be averaged and blurred to provide universal underlying trends.
Interestingly, these issues of objectivity and transferability of results from qualitative methods for
studying occupants differ vastly from the highly instrumentalized methods used in POEs to
measure other performance aspects, such as environmental and energy variables.
The analysis concluded that four major methodological limitations of POE protocols
needed to be addressed: the insufficient number of evaluation variables; the inadequate level of
tempo-spatial resolution; data validity and reliability concerns; and the low transferability and
comparability of the results. Computational technologies, particularly IoT and machine learning
appeared advantageously situated to attend to these challenges as they offer more data variety
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and volume, significantly higher resolution, continuous measuring, and above all, greater
objectivity and robustness. The literature review showed that one of the main applications of these
technologies in other industries is, precisely, the fine characterization of the behavior of relevant
individuals —shoppers, patients, workers—, and there is no reason not to follow a similar
approach in the building industry to understand the spatial behavior of occupants.
A possible criticism of this examination of POE protocols is that it had flaws of circular
analysis, since the very definition of post-occupancy evaluation excludes occupant behavior as
an aspect of evaluation. However, the conceptual and historical review of POE dismissed this
argument. In fact, POEs were born heavily focused on sociological and behavioral aspects of
occupants, and slowly evolved towards their current environmental scope mainly because of their
methods’ limitation in obtaining results transferable to building design and management practice.
Interviewed experts also emphasized that POEs are not per se restricted, but in contrast, occupant
behavior should be reinstated as a fundamental assessment variable if convenient data collection
methods were to become available.
By identifying crucial methodological limitations of current POE protocols, the study
indirectly traced a path for improvement. Consequently, the next step in the study was to address
the detected issues, starting with how to evaluate spatial behavior using quantitative methods. A
novel computational assessment framework was designed to observe, describe, and evaluate
spatial behavior quantitatively using physical detection technologies and computational analysis
methods. Specifically, the framework establishes an organized set of nine variables and ninety
quantitative metrics to describe observable occupant actions of spatial behavior that are
traditionally and intuitively considered by building designers and managers. Almost all of the
variables and many of the metrics were based on concepts existing but dispersed in the literature
that were redefined and operationalized as computable entities expressed using conventional
units. Naturally, the framework was refined multiple times during this study following the normal
iterative development process of any new product. The latest version was validated with an
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empirical test conducted in the Julius Romo Rabinowitz that demonstrated the set of variables
and metrics was comprehensive enough to describe most common patterns of presence,
movement, and spatial activity, including some that would traditionally be considered too elusive
for quantitative analysis. In some cases, the metrics can be used as performance indicators in
themselves, but the greatest value to the industry can be obtained when they are combined with
other building metrics to create higher-level key performance indicators (KPI) that are more directly
linked to specific project goals, general benchmarks, or are more suggestive for interpretative
judgments. However, special consideration was taken to include only “neutral” variables and
metrics independent from particular characteristics of any project or building. Distinct from
custom indicators that are pervasive in POEs, the set of standardized metrics offered by this
framework allows for comparisons between different projects or between different moments of
the same project, which, in turn, enables the generalization and transfer of knowledge. A common
instrumental language is, in fact, the fundamental requisite for building a disciplinary corpus that
could be eventually shared in public databases —as is extant in other domains— and used as
basis for certifications, guidelines, and regulations.
Another remarkable feature of the framework is that it was carefully designed to be
intuitively familiar to building professionals. When preliminary versions of the framework were
shared with building experts, they instantly understood its value and foresaw applications in their
respective areas. The framework’s adoption of existing terminology and metrics from different
fields facilitates communication and integration among disciplines, including the today distant
computational and data science fields.
The next major step in this study was addressing problem of how people detection
technologies —computer vision in particular— could be used to collect the raw data required by
the newly proposed framework. The study was focused on how to overcome three major barriers
that arguably have massively prevented the use of computer vision in the construction industry:
privacy concerns, implementation complexity, and elevated costs.
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Five widely used computer vision algorithms for people detection were subjected to a
series of incremental performance tests carefully designed to replicate normal building operation
conditions. The algorithms were implemented using processing units with very limited computing
power and were required to perform all data collection and analysis on board in real-time, aiming
for the highest resolution possible. Naturally, these conditions were mutually exclusive, and the
trade-off was evident in the results. Traditional shape- and texture-based feature algorithms were
very fast but had poor accuracy, and deep learning algorithms showed much better precision but
were excessively slow. After several testing rounds, it was clear that no method met all the
required criteria and a different approach was necessary.
The response was a novel integrated approach specifically developed to exploit the best
features of the individual algorithms and counterbalance their relative weaknesses. The key aspect
of the method was the definition of a “pre-localization” heuristic developed to take advantage of
particular conditions in buildings that make the detection problem more constrained than in other
contexts. Several tests confirmed that the proposed method outperformed all individual
algorithms: computational speed was significantly faster, and accuracy was equal or comparable
to the benchmark. The algorithm did not collect or store any personally information (not even
machine-readable features that could eventually be deanonymized), nod did it require expensive
and powerful, or require any special configuration, hyperparameter fine tuning, or training data—
it met all requirements for use in building settings. This last characteristic, the extreme simplicity
and flexibility of operation, translates into the possibility of using the same algorithm in a wide
variety of contexts with little or no adaptation required, making the method accessible to building
professionals with limited technological expertise and little or no training in instrumental research
methods.
Despite its evident value, it is also easy to foresee that new technology will likely be
developed that will render this method obsolete. In fact, as of the end date of this study, new
algorithms had already shown promising results in accuracy and computational efficiency
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(Gawande et al. 2020), and computational hardware was expected to continue growing
exponentially in efficiency and affordability. In this sense, it is important to note that the purpose
of this study was not to develop a groundbreaking computer vision method, but rather to
demonstrate that even with the simplest hardware and computational methods available today it
is completely possible to obtain fine-grained data of spatial behavior while ensuring complete
privacy, low-cost, and simplicity of operation. Ultimately, this method’s greatest contribution was
providing solid evidence to dispel the most common technical, ethical, and economical
apprehensions impeding the use of computer vision in occupant detection in buildings.
With all conceptual, methodological, and technical foundations already established, the
last step in the study was to combine them into a functional prototype method based on computer
vision to conduct post occupancy evaluations of spatial behavior, and test it in an operational
building as a proof-of-concept case study.
In reality, the case study was a series of mini studies of different spaces in the Andlinger
Center building that met two conditions: first, utilization patterns were not completely evident and
therefore require study, and second, the selected spaces presented significant practical
challenges for the application of the proposed method. After several tests in different spaces and
about 1,000 hours of data collection, results showed that the method worked perfectly, revealing,
in fact, that the observed behavioral patterns differed from the assumed expectations. A hoteling
workspace was barely used only as a stop-and-go printing station; a resting lounge was used
mainly as a temporary work space; and the number of students in a shared research space
remained the same even after a renovation project that was intended to increase occupancy. More
importantly, beyond the results of behavioral patterns, the case study proved that the technical
and practical challenges of using the proposed method in a real building were easily solved,
demonstrating the convenience, simplicity, and applicability of its use. Compared to a traditional
POE survey, the data collected by the computational method was significantly more detailed,
complete, and accurate than the data self-reported by occupants. This confirmed the convenience
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and greater reliability of the computational methods over the traditional self-reported techniques
—which, it is worth remembering, was part of the original motivation of this study.
In one of the spaces evaluated, the occupant detection algorithm was implemented
together with an ambient noise sensor to examine potential correlations between general noise
level and space use patterns. This was a clear example of how the proposed opened up the
possibility of conducting cross-analysis between people and building metrics and modeling
occupant behavior, reconciling the two visions, human and building evaluation, that are today
methodologically disconnected in POE protocols.
The case study’s data collection period of was extended for several weeks, without any
additional action or special supervision required, demonstrating that the method could be used
for continuous analysis over very long or even indefinite periods of time. This differs substantially
from current POEs that typically must be applied only once and for short periods due to the
disruption they cause to normal building operations. In this regard, the possibility of conducting
continuous evaluations in buildings opens up an interesting discussion on what has been called
the “stiffness of architecture” (Verma et al. 2017), that is, the traditional manner in which buildings
are designed such that they only allow for minimal or no changes during their long life-spans,
despite unavoidable changes in usage patterns that are seldom fully predictable. Without going
any further, the “renovation” of the research commons in the ACEE took place less than four years
after building delivery. In general, a bit of flexibility in design informed by continuous monitoring
would be highly desirable as it would give buildings much needed adaptability, resilience, and
guaranteed optimal performance, no matter how drastically the space uses change. This
approach resonates deeply with the recent concept of “cognitive buildings”, i.e. buildings that
have integrated technologies allowing them to understand, memorize, and learn about occupants’
actions and preferences, and adapting to changes to enhance comfort and safety (Pasini et al.
2016). With robust and sufficient information available —such as that produced by the proposed
method—, architects could monitor and evaluate buildings continuously and effortlessly.
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Additionally, they could participate actively during the building’s entire lifespan by proposing
design/operation actions to increase performance; akin to how health and wellness smart
wristbands now enable doctors to monitor patients 24/7 and react immediately to the slightest
troubling symptom. This would be a step towards developing a new role of “building lifecycle
architects”.
In general, the case study provided sufficient evidence supporting the conceptual
definition of spatial behavior and the comprehensiveness of the computational assessment
framework, demonstrated the efficiency and accuracy of the computer vision method, and
validated the applicability and convenience of the use of the method in buildings, with which the
study’s overarching objective of was considered fulfilled and therefore the research was
concluded.
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8.2.

Contribution

Summarizing, the study made the following specific contributions:


Provided a thorough transdisciplinary literature review that revealed how occupant
behavior, and particularly spatial behavior, is a crucial factor for building performance
which is poorly studied due to a lack of reliable and accurate data collection methods.



Proposed a clear and concise definition of spatial behavior delimiting the field of occupant
behavior most relevant for architecture.



Identified critical methodological limitations in current post-occupancy protocols in
evaluating spatial behavior of building occupants.



Developed a novel computational assessment framework of nine main variables and
ninety metrics to measure spatial behavior quantitatively using raw data captured by
occupant sensing technologies.



Characterized the limitations of existing computer vision methods for people detection
when used in buildings and subjected to restrictions of anonymity, cost-efficiency, and
simplicity.



Developed a novel integrated computer vision method to analyze spatial behavior of
buildings occupants that is equal or more efficient, accurate, and simple to use than
existing methods.



Validated the functionality and applicability of the proposed method in a series of spatial
behavior evaluation case studies in real buildings.



Compared the accuracy of the proposed computational method against traditional
qualitative POE methods.
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Taken together, these individual contributions constitute a robust and convenient
computational method for observing, describing, and empirically evaluating the spatial behavior
of occupants in buildings to effectively augment qualitative assessments in post-occupancy
evaluations. The method captures fine-grained and high-resolution data in a completely
anonymous and undeanonymizable manner. It is significantly faster and computationally more
efficient than comparable algorithms with similar accuracy levels. The assessment framework
offers a comprehensive set of standardized variables and metrics to describe a wide variety of
patterns of presence, movement, and spatial activity, and results are expressed in conventional
units that are intuitively familiar to building professionals. Data is structured using open formats
that are readable by any statistical package and interoperable with most building information
management tools such as BIM or BMS. The required sensing hardware is inexpensive and easily
available using off-the-shelf or custom-made components, rendering the technology competitively
cost-efficient for scalable massive applications. The method is simple to implement and flexible
enough to be deployed in multiple types of buildings without requiring any hyperparameter
calibration, special setup, or model training, and it can run continuously and autonomously for
long or even indefinite periods with minimal to no supervision.
In sum, under any measure, the proposed method represents a valuable contribution to
the study of how computational methods can be used for the objective evaluation of human
behavior in buildings, and ultimately, how the flow of information from occupation to design can
be improved to support the disciplinary duty of providing buildings that respond more effectively
to the actual needs and actions of their occupants.
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8.3.

Future work

Several technical and methodological developments are needed to further consolidate the
method to a point that is transferable to practice. Some of these aspects were initially explored
during this study but eventually left to the future due to time constraints. These lines of research
include the following:


Assess the effectiveness of the method in more challenging situations: longer data
collection periods, multifunctional spaces, complex spatial configurations, ill-defined
behavioral problems, crowds.



Validate the practical value of the method to provide information that is relevant and
meaningful to inform architectural design decision making.



Develop more suggestive data visualization formats that communicate statistical results
of behavioral patterns in ways that are exploit the spatial nature of the data and become
more intuitive and meaningful to architects.



Evaluate the incorporation of recent deep learning algorithms for pedestrian detection in
the occupant detection and tracking method, which may be more efficient and accurate
than the SSD algorithm used in this study.



Improve the spatial accuracy of the localization method by developing an automated
method to triangulate positions from two or more sensors. This idea was explored during
the ACEE case study using the OpenCV functions for generating a depth map from stereo
images. Results were promising but further development is needed to accurately match
persons captured by different sensors without storing feature vectors that could
compromise anonymity.



Explore how to integrate data from sensors into BIM and BMS models to develop a
building use monitoring application that works in real-time in conjunction with other
building systems.
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Beyond the development of the method in itself, several lines of research appear
promising and deserve further exploration:


Using machine learning for automated data analysis. One option is to use machine
learning techniques to identify the regions of interest (“candidate areas”) in the occupant
detection CV algorithm in lieu of the heuristic that considers detection areas in previous
frames. This could be approached using reinforcement learning, considering the list of
sliding windows, or a subset of it, as the base for modeling the environment, and the value
from the DL detection algorithm as reward. Another approach would be to use
unsupervised anomaly detection methods to identify persons based on a model of the
space, a sort of “semantic background subtraction”. A third approach could be to use
time-series forecasting algorithms to predict the position of an already detected person
in the immediately subsequent frame. All these should be done on-board in real-time, as
part of the detection method, but machine learning techniques could also be employed in
detecting behavioral trends in the post-processing data analysis conducted off-line. A
preliminary test of this possibility was conducted during the ACEE case study, using
Expectation-Maximization (EM) Clustering to identify spatio-temporal occupancy
“pockets” (subsets). However, given the limited scope of the data (~500 hours), results
were overfitted and not meaningful. With a larger dataset available, this and other
clustering algorithms should be evaluated. In the long term, other physical and operational
variables could be incorporated into the datasets to construct fully comprehensive
“Building Use Models” (BUM).
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Studying spatial behavior patterns in architectural projects. This study was focused on



analyzing spatial behavior patterns in constructed buildings as part of post-occupancy
evaluation, but the methods —especially the computational assessment framework—
could be easily adapted for use in unbuilt projects as part of pre-occupancy evaluations
(PrOE). This idea was explored experimentally during this study as a secondary line of
research and yielded interesting results. Two groups of participants were asked to resolve
simple wayfinding tasks (e.g. looking for a specific object in the space) in an actual
physical space while carrying a wide-angle action camera, and also in a virtual duplicate
of the same building using a virtual reality head-mounted display (Figure 97). Their
wayfinding behavior was quantitatively analyzed using some of the variables defined in
this study. No significant differences were observed in the spatial behavior patterns in
built and virtual environments (beyond practical navigation issues determined by the VR
device interface), suggesting that VR could become an effective and reliable tool for
simulating and predicting the spatial behavior of occupants during design phases.
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Figure 97: Use of VR in analyzing spatial behavior. From left to right: 1) Paths extracted from the
VR navigation, 2) Physical navigation with action camera, 3) Virtual navigation with VR.
Image credit: Bassaure, Campos, Loyola (2020).
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Using environmental sensors to capture spatial behavior data. This line of research was
explored during this study but was eventually left behind in favor of computer vision
technology due to time constraints. The basic idea is to use environmental sensors already
existent in buildings —temperature, light, PIR sensors, etc.— to detect presence and
create fine-grained spatial behavior models, beyond simply occupancy status and count.
A very simple prototype comprising of an inexpensive temperature and humidity sensor,
a sound sensor, a carbon monoxide sensor, a LDR photoresistor, a PIR sensor, a micro
SD card module, an on/off button, and an Arduino board (Figure 98) was used to collect
environmental data and ground truth occupancy data (manually entered using the on/off
button) for about five weeks in a graduate student common room. The dataset was split
into training and validation datasets, and then, a support vector machine (SVM) and a
decision tree (DT) were trained as classifiers. Results had moderate accuracy levels,
between 0.65 and 0.85, even after post-processing the raw dataset using a previously
developed error-cleaning algorithm (Loyola 2019) that eliminated most of the noise. In
theory, a high number of sensors deployed strategically in a space should provide
sufficient datapoints to infer the number and location of persons with enough resolution
to compute most spatial behavior metrics.

Figure 98: Environmental sensor used in preliminary study.
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Using spatial behavior patterns to inform agent-based models. Today, agent-based
modeling (ABM) represents one of the most frequently used techniques to simulate and
predict human behavior in buildings. However, ABM is criticized because many times the
fundamental states and rules governing the agents are defined arbitrarily by researchers
based on simple and rational assumptions of how people may behave in buildings. The
technique offers moderate results in constrained cases, such as emergency evacuations,
but it is not predictive for everyday stochastic behavior. In this regard, observed spatial
behavior data collected empirically in real buildings may offer a more robust basis for
extracting rules to program the agents, ultimately, increasing the fit and predictive power
of the model.



Using pose estimation algorithms to describe activity behavior. Pose estimation refers
to computer vision methods for people detection that can identify key body joints —such
as shoulders, elbows, and knees— and infer the general pose of a person. Although it is
a recent research area, advances have been remarkable (Dang et al. 2019). For example,
OpenPose, a CV library proposed by (Cao et al. 2019), can detect up to 135 keypoints in
multi-person images and video, offering a very precise estimation of the body pose,
hands’ position, and even facial expressions. Using pose estimation algorithms for
evaluating spatial behavior would allow a better estimation of the activity performed by
occupants than the indirect descriptors currently included in the proposed framework (e.g.
intensity, personal area, and others). For example, in stores, it would allow not only to
detect shoppers’ location and permanence time in aisles, but also detect if they take
products from the shelves. Pose estimation raises the bar of the level of detail in activity
data, but also raises more serious privacy concerns and challenges of computer power
requirements and cost.

239

9.

REFERENCES

ACEE, 2015. Building facts on the Andlinger Center for Energy and the Environment [online].
Andlinger

Center

for

Energy

and

the

Environment.

Available

from:

https://acee.princeton.edu/acee-news/building-facts-for-the-andlinger-center-forenergy-and-the-environment/.
Adappt, 2018. Adappt Occupancy Solutions [online]. Adappt Smartspace Solutions. Available
from: https://www.adappt.com/Seat-Occupancy-Sensor.
Afkhamiaghda, M., Mahdaviparsa, A., Afsari, K., and McCuen, T., 2018. Occupants BehaviorBased Design Study Using BIM-GIS Integration: An Alternative Design Approach for
Architects. In: Advances in Informatics and Computing in Civil and Construction
Engineering. Cham, Switzerland: Springer International Publishing, 765–772.
AIA, 2014. Architect’s Handbook of Professional Practice. 15th ed. Hoboken, NJ, United States:
American Institute of Architects.
Ajzen, I., 1991. The Theory of Planned Behavior. Organizational Behavior and Human Decision
Processes, 50 (2), 179–211.
Akkaya, K., Guvenc, I., Aygun, R., Pala, N., and Kadri, A., 2015. Iot-Based Occupancy Monitoring
Techniques for Energy-Efficient Smart Buildings. In: Proceedings of the IEEE Wireless
Communications and Networking Conference. New Orleans, LA, United States, 58–63.
Al Sayed, K., 2018. Space Syntax Methodology. London, United Kingdom: Bartlett School of
Architecture, University College London, Teaching guide for the MRes/MSc Space Syntax
course.
Alam, S., 2018. Study of Customers Wayfinding Experience to Improve Functional Efficiency in a
Large Scale Shopping Complex in Bangladesh. Thesis (Master of Architecture).
Bangladesh University of Engineering and Technology, Dhaka, Bangladesh.
Alavi, H.S., Verma, H., Mlynar, J., and Lalanne, D., 2018. The Hide and Seek of Workspace:
Towards Human-Centric Sustainable Architecture. In: Proceedings of the 2018 CHI
Conference on Human Factors in Computing Systems. Montreal, Canada, 75:1–75:12.
Alpaydin, E., 2014. Introduction to Machine Learning. 3rd ed. Cambridge, MA, United States: MIT
press.
Altman, I., 1975. The Environment and Social Behavior: Privacy, Personal Space, Territory, and
Crowding. Monterey, CA, United States: Brooks/Cole Publishing Company.

240

AMA,

2010.

AMA

WorkWare

AMA

[online].

WorkWare.

Available

from:

http://aleximarmot.com/workware/.
Andersen, R., 2012. The Influence of Occupants’ Behaviour on Energy Consumption Investigated
in 290 Identical Dwellings and in 35 Apartments. In: Proceedings of the 10th International
Conference on Healthy Buildings. Brisbane, Australia, 1–3.
ArchDaily, 2018. Archdaily About - Inspiration and Knowledge to Help Architects Build Better
Cities [online]. ArchDaily. Available from: https://www.archdaily.com/us/content/about.
archINFORM, 2018. International Architecture Database [online]. archINFORM. Available from:
https://www.archinform.net/index.htm.
Arthur, P. and Passini, R., 1992. Wayfinding: People, Signs, and Architecture. Toronto, Canada:
McGraw-Hill.
Asadi, I., Mahyuddin, N., and Shafigh, P., 2017. A Review on Indoor Environmental Quality (IEQ)
and Energy Consumption in Building Based on Occupant Behavior. Facilities, 35 (11–12),
684–695.
ASHRAE, CIBSE, and USGBC, 2010. Performance Measurement Protocols for Commercial
Buildings. Atlanta, GA, United States: American Society of Heating, Refrigerating and AirConditioning Engineers.
Atzmueller, M., Thiele, L., Stumme, G., and Kauffeld, S., 2016. Analyzing Group Interaction and
Dynamics on Socio-Behavioral Networks of Face-to-Face Proximity. In: Proceedings of
the 2016 ACM International Joint Conference on Pervasive and Ubiquitous Computing.
Heidelberg, Germany, 1231–1238.
Aydo, C. and Emin, M., 2017. Architectural Morphology and User Behavior Relationship in
Shopping Malls: In: Proceedings of the 11th International Space Syntax Symposium.
Lisbon, Portugal, 408:1–21.
Aziz, A., Loftness, V., Harmon, R., Vo, D., Katrini, E., Rubin, A., Moustapha, H., Jarrett, J., Wan,
P.-H., Kim, S.H., Srivasta, V., Yang, X., Hua, Y., Gu, Y., and Chiou, Y.-S., 2009. NEAT
National Environmental Assessment Toolkit Manual. Pittsburgh, PA, United States:
Carnegie Mellon University, Center of Building Performance and Diagnostics.
Bacon, R.W., 1984. Consumer Spatial Behaviour: A Model of Purchasing Decisions Over Space
and Time. Oxford, United Kingdom: Clarendon Press.

241

Bafna, S., 2003. Space Syntax: A Brief Introduction to Its Logic and Analytical Techniques.
Environment and Behavior, 35 (1), 17–29.
Baird, G., Kernohan, D., McIndoe, G., Gray, J., and Isaacs, N., 1996. Building Evaluation
Techniques. New York, NY, United States: McGraw-Hill.
Balaji, B., Xu, J., Nwokafor, A., Gupta, R., and Agarwal, Y., 2013. Sentinel: Occupancy Based
HVAC Actuation Using Existing Wi-Fi Infrastructure Within Commercial Buildings. In:
Proceedings of the 11th ACM Conference on Embedded Networked Sensor Systems.
Roma, Italy, 1–14.
Baldassare, M., 1978. Human Spatial Behavior. Annual Review of Sociology, 4 (1), 29–56.
Balvedi, B.F., Ghisi, E., and Lamberts, R., 2018. A Review of Occupant Behaviour in Residential
Buildings. Energy and Buildings, 174, 495–505.
Bandura, A., 1986. Social Foundations of Thought and Action: A Social Cognitive Theory.
Englewood Cliffs, NJ, United States: Prentice-Hall.
Barekati, E. and Clayton, M., 2014. A Universal Format for Architectural Program of Requirement.
In: Proceedings of the 32nd eCAADe Conference. Newcastle upon Tyne, United Kingdom,
385–394.
Bartholomew, D., 2008. Building on Knowledge: Developing Expertise, Creativity and Intellectual
Capital in the Construction Professions. Oxford, United Kingdom: Springer International
Publishing.
Basarir, L., 2018. A Model Based on Occupant Movement Analysis for Spatial Layout Evaluation.
Dissertation (Doctor of Philosophy). Izmir Institute of Technology, İzmir, Turkey.
Bauer, D., Brändle, N., Seer, S., Ray, M., and Kitazawa, K., 2009. Measurement of Pedestrian
Movements: A Comparative Study on Various Existing Systems. In: H. Timmermans, ed.
Pedestrian Behavior. Bingley, United Kingdom: Emerald Group Publishing Limited, 325–
344.
Baum, A., Aiello, J.R., and Calesnick, L.E., 1978. Crowding and Personal Control: Social Density
and the Development of Learned Helplessness. Journal of Personality and Social
Psychology, 36 (9), 1000–1011.
Bean, S., 2017. European Businesses Could Save $243 Billion by Reducing Wasted Space in
Office Buildings [online]. Workplace Insight: People, Places, Technology. Available from:

242

https://workplaceinsight.net/european-businesses-could-save-243-billion-by-reducingwasted-space-in-office-buildings/.
Bechtel, R.B., Marans, R.W., and Michelson, W., eds., 1987. Methods in Environmental and
Behavioral Research. New York, NY, United States: Van Nostrand Reinhold.
Becker, F., 1974. Design for Living: The Residents’ View of Multi-Family Housing. Ithaca, NY,
United States: Center for Urban Development Research, Cornell University.
Benenson, R., Omran, M., Hosang, J., and Schiele, B., 2015. Ten Years of Pedestrian Detection,
What Have We Learned? In: L. Agapito, M.M. Bronstein, and C. Rother, eds. Computer
Vision ECCV 2014. Cham, Switzerland: Springer International Publishing, 613–627.
Benezeth, Y., Laurent, H., Emile, B., and Rosenberger, C., 2011. Towards a Sensor for Detecting
Human Presence and Characterizing Activity. Energy and Buildings, 43 (2), 305–314.
Bennett, C., 1977. Spaces for People: Human Factors in Design. Englewood Cliffs, NJ, United
States: Prentice-Hall.
Berger, M.A. and Mathew, P.A., 2016. Big Data Analytics In the Building Industry. ASHRAE
Journal, (July), 38–45.
Berry, J. and Park, K., 2017. A Passive System for Quantifying Indoor Space Utilization. In:
Proceedings of the 2017 Annual Conference of the Association for Computer Aided
Design in Architecture. Cambridge, MA, United States, 138–145.
Birt, B.J. and Newsham, G., 2009. Post-Occupancy Evaluation of Energy and Indoor Environment
Quality in Green Buildings: A Review. In: Proceedings of the 3rd International Conference
on Smart and Sustainable Built Environments. Delft, the Netherlands, 1–7.
Bluyssen, P.M., Aries, M., and van Dommelen, P., 2011. Comfort of Workers in Office Buildings:
The European HOPE Project. Building and Environment, 46 (1), 280–288.
Blyth, A., Gilby, A., and Barlex, M., 2006. Guide to Post Occupancy Evaluation. London, United
Kingdom: Higher Education Funding Council for England.
Bobick, A.F. and Davis, J.W., 2001. The Recognition of Human Movement Using Temporal
Templates. IEEE Transactions on Pattern Analysis and Machine Intelligence, 23 (3), 257–
267.
Bohannon, R.W., 1997. Comfortable and Maximum Walking Speed of Adults Aged 20—79 Years:
Reference Values and Determinants. Age and Ageing, 26 (1), 15–19.

243

Bordass, B., Cohen, R., Standeven, M., and Leaman, A., 2001a. Assessing Building Performance
in Use 2: Technical Performance of the Probe Buildings. Building Research & Information,
29 (2), 103–113.
Bordass, B., Cohen, R., Standeven, M., and Leaman, A., 2001b. Assessing Building Performance
in Use 3: Energy Performance of the Probe Buildings. Building Research & Information,
29 (2), 114–128.
Bordass, B., Leaman, A., and Ruyssevelt, P., 2001. Assessing Building Performance in Use 5:
Conclusions and Implications. Building Research & Information, 29 (2), 144–157.
BOSTI

Associates,

2002.

About

BOSTI

[online].

BOSTI.

Available

from:

http://www.bosti.com/about.htm.
Bourdieu, P., 1977. Outline of a Theory of Practice. Cambridge, United Kingdom: Cambridge
University Press.
Brackney, L.J., Florita, A.R., Swindler, A.C., Polese, L.G., and Brunemann, G.A., 2012. Design and
Performance of an Image Processing Occupancy Sensor. In: Proceedings of the 2nd
International Conference on Building Energy and Environment. Boulder, CO, United
States, 987–994.
Brand, S., 1994. How Buildings Learn: What Happens After They’re Built. New York, NY, United
States: Penguin Group.
BRE, 2017. Post-Occupancy Evaluation (POE) [online]. Building Research Establishment. Available
from: https://www.bre.co.uk/page.jsp?id=1793.
Brennan, A., Chugh, J.S., and Kline, T., 2002. Traditional Versus Open Office Design: A
Longitudinal Field Study. Environment and Behavior, 34 (3), 279–299.
BRIK, 2018. About the Building Research Information Knowledgebase (BRIK) [online]. Building
Research Information Knowledgebase. Available from: https://www.brikbase.org/.
Brill, M. and Wiedemann, S., 2001. Disproving Widespread Myths About Workplace Design.
Jasper, IN, United States: Kimball International.
Brown, T.L., 2018. A Critical Assessment of the Place of Post-Occupancy Evaluation in the
Critique and Creation of Socially Responsible Architecture. Intelligent Buildings
International, 10 (3), 182–193.

244

Brunetti, A., Buongiorno, D., Trotta, G.F., and Bevilacqua, V., 2018. Computer Vision and Deep
Learning Techniques for Pedestrian Detection and Tracking: A Survey. Neurocomputing,
300, 17–33.
BSI, 2015. BS 8536-1:2015 Briefing for Design and Construction – Part 1: Code of Practice for
Facilities Management (buildings Infrastructure). London, United Kingdom: BSI Standards
Limited.
BUS, 2017. BUS Methodology: Occupant Satisfaction Evaluation [online]. Available from:
https://www.busmethodology.org.uk/.
Calori, C. and Vanden-Eynden, D., 2015. Signage and Wayfinding Design: A Complete Guide to
Creating Environmental Graphic Design Systems. Hoboken, NJ, United States: John Wiley
& Sons.
Candido, C., 2019. BOSSA - Building Occupants Survey System Australia [online]. BOSSA.
Available from: http://www.bossasystem.com/contact-us.html.
Candido, C., Kim, J., de Dear, R., and Thomas, L., 2016. BOSSA: A Multidimensional PostOccupancy Evaluation Tool. Building Research & Information, 44 (2), 214–228.
Cao, Z., Hidalgo, G., Simon, T., Wei, S.-E., and Sheikh, Y., 2019. OpenPose: Realtime MultiPerson 2D Pose Estimation using Part Affinity Fields. arXiv:1812.08008 [cs].
Caplan, B., 2016. Buildings Are for People: Human Ecological Design. Faringdon, United Kingdom:
Libri Publishing.
Carlopio, J., 1996. Construct Validity of a Physical Work Environment Satisfaction Questionnaire.
Journal of Occupational Health Psychology, 1 (3), 330–330.
Cattuto, C., Van den Broeck, W., Barrat, A., Colizza, V., Pinton, J.-F., and Vespignani, A., 2010.
Dynamics of Person-to-Person Interactions from Distributed RFID Sensor Networks.
Public Library of Science, 5 (7), e11596:1-9.
Caulfield, J., 2008. AI Arrives. Building Design + Construction, (April), 32–35.
Caulfield, J., 2019. Data’s Coming Out Party. Building Design + Construction, (October), 26–38.
CBE, 2019. Occupant Indoor Environmental Quality Survey and Building Benchmarking [online].
Center

for

the

Built

Enviroment.

Available

from:

https://cbe.berkeley.edu/research/occupant-survey-and-building-benchmarking/.
CEH, 2018. Creative Energy Homes [online]. The University of Nottingham. Available from:
https://www.nottingham.ac.uk/creative-energy-homes/.

245

Cenani, S. and Cagdas, G., 2008. Agent-Based System for Modeling User Behavior in Shopping
Malls. In: Proceedings of the 26th eCAADe Conference. Antwerpen, Belgium, 635–642.
Chen, J., Chen, H., and Luo, X., 2019. Collecting Building Occupancy Data of High Resolution
Based on Wifi and BLE Network. Automation in Construction, 102, 183–194.
Chen, Z., Jiang, C., and Xie, L., 2018. Building Occupancy Estimation and Detection: A Review.
Energy and Buildings, 169, 260–270.
Cherry, E. and Petronis, J., 2016. Architectural Programming [online]. Whole Building Design
Guide.

Available

from:

https://www.wbdg.org/design-disciplines/architectural-

programming.
Cheung, K.C.-W., 2007. Understanding Behavior with Ubiquitous Computing for Architectural
Design. Thesis (Master of Science). Massachusetts Institute of Technology, Cambridge,
MA, United States.
Chun, J., Psarras, S., and Koutsolampros, P., 2019. Agent Based Simulation for Choice of Seats:
A Study on the Human Space Usage Pattern. In: Proceedings of the 12th International
Space Syntax Symposium. Beijing, China, 505:1–18.
CIBSE, 2006. TM22: Energy Assessment and Reporting Method. London, United Kingdom:
Chartered Institution of Building Services Engineers.
Clark, G., 2016. An Evolving Revolution: Mandatory Post Occupancy Evaluations on Government
Projects [online]. RIBA Journal. Available from: https://www.ribaj.com/intelligence/ribastage-6-and-7-revolution-or-evolution.
Coates, G. and Sanoff, H., 1972. Behavioral Mapping: The Ecology of Child Behavior in a Planned
Residential Setting. In: Proceedings of the EDRA3/AR8 Conference. Los Angeles, CA,
United States, 13:2:1-13:2:11.
Coffin, C. and Young, J., 2017. Making Places for People: 12 Questions Every Designer Should
Ask. New York, NY, United States: Routledge.
Cohen, D.A., McKenzie, T.L., Sehgal, A., Williamson, S., Golinelli, D., and Lurie, N., 2007.
Contribution of Public Parks to Physical Activity. American Journal of Public Health, 97
(3), 509–514.
Cohen, R., Ruyssevelt, P., Standeven, M., Halcrow Gilbert Associates, Bordass, B., William
Bordass Associates, and Leaman, A., 1999. Building Intelligence in Use: Lessons from the
Probe Project. London, United Kingdom: Usable Buildings.

246

Cohen, R., Standeven, M., Bordass, B., and Leaman, A., 2001. Assessing Building Performance
in Use 1: The PROBE Process. Building Research & Information, 29 (2), 85–102.
Construction Task Force, 1998. Rethinking Construction: Report of the Construction Task Force
to the Deputy Prime Minister on the Scope for Improving the Quality and Efficiency of UK
Construction. London, United Kingdom: Department of Trade and Industry.
Cooper, C., 1970. Residents’ Attitudes Toward the Environment at St. Francis Square, San
Francisco. Berkeley, CA, United States: Institute of Urban and Regional Development,
University of California.
Cooper, C., 1975. No Easter Hill Village: Some Social Implications of Design. New York, NY, United
States: The Free Press.
Cooper, I., 2001. Post-Occupancy Evaluation - Where Are You? Building Research & Information,
29 (2), 158–163.
Cosco, N.G., Moore, R.C., and Islam, M.Z., 2010. Behavior Mapping: A Method for Linking
Preschool Physical Activity and Outdoor Design. Medicine & Science in Sports & Exercise,
42 (3), 513–519.
Cox, V.C., Paulus, P.B., and McCain, G., 1984. Prison Crowding Research: The Relevance for
Prison Housing Standards and a General Approach Regarding Crowding Phenomena.
American Psychologist, 39 (10), 1148–1160.
Dalal, N. and Triggs, B., 2005. Histograms of Oriented Gradients for Human Detection. In:
Proceedings of the 2005 IEEE Computer Society Conference on Computer Vision and
Pattern Recognition. San Diego, CA, United States, 886–893.
Dalal, N., Triggs, B., and Schmid, C., 2006. Human Detection Using Oriented Histograms of Flow
and Appearance. In: A. Leonardis, H. Bischof, and A. Pinz, eds. Computer Vision ECCV
2006. Berlin, Germany: Springer International Publishing, 428–441.
Dalton, N., 1988. SpaceBox. Cham, Switzerland: Springer International Publishing.
Dalton, N., Dalton, R., and Hoelscher, C., 2015. People Watcher: An App to Record and Analyzing
Spatial Behavior of Ubiquitous Interaction Technologies. In: Proceedings of the 4th
International Symposium on Pervasive Displays. New York, NY, United States, 1–6.
Dalton, N.S., Dalton, R.C., Hölscher, C., and Kuhnmünch, G., 2012. An iPad App for Recording
Movement Paths and Associated Spatial Behaviors. In: C. Stachniss, K. Schill, and D.

247

Uttal, eds. Proceedings of the 8th International Conference on Spatial Cognition. Kloster
Seeon, Germany, 431–450.
Dalton, R. and Dalton, N., 2001. OmniVista: An Application for Isovist Field and Path Analysis. In:
Proceedings of the 3rd International Space Syntax Symposium. Atlanta, GA, United
States, 25.1-25.10.
Danelljan, M., Häger, G., Shahbaz Khan, F., and Felsberg, M., 2014. Accurate Scale Estimation
for Robust Visual Tracking. In: Proceedings of the British Machine Vision Conference
2014. Nottingham, United Kingdom, 65.1-65.11.
Dang, Q., Yin, J., Wang, B., and Zheng, W., 2019. Deep learning based 2d human pose estimation:
A survey. Tsinghua Science and Technology, 24 (6), 663–676.
Davis, D., 2016. Evaluating Buildings with Computation and Machine Learning. In: Proceedings of
the 2016 Annual Conference of the Association for Computer Aided Design in
Architecture. Ann Arbor, MI, United States, 116–123.
Davis, G. and Ventre, F., 1990. Performance of Buildings and Serviceability of Facilities.
Philadelphia, PA, United States: ASTM International.
Deasy, C.M. and Lasswell, T.E., 1985. Designing Places for People: A Handbook on Human
Behavior for Architects, Designers, and Facility Managers. New York, NY, United States:
Whitney Library of Design.
Delzendeh, E., Wu, S., Lee, A., and Zhou, Y., 2017. The Impact of Occupants’ Behaviours on
Building Energy Analysis: A Research Review. Renewable and Sustainable Energy
Reviews, 80, 1061–1071.
Department of Army, 1976. Design Guide DG 1110-3-106 US Army Service Schools. Washington,
DC, United States: Engineering Division, Military Construction Directorate, Office of the
Chief of Engineers.
Derix, C. and Izaki, Å., 2013. Spatial Computing for the New Organic. Architectural Design, 83 (2),
42–47.
Deutsch, R., 2015a. Leveraging data Across the Building Lifecycle. Procedia Engineering, 118,
260–267.
Deutsch, R., 2015b. Data-Driven Design and Construction: 25 Strategies for Capturing, Analyzing
and Applying Building Data. Hoboken, NJ, United States: John Wiley & Sons.

248

Dewulf, G. and Van Meel, J., 2004. Sense and Nonsense of Measuring Design Quality. Building
Research and Information, 32 (3), 247–250.
Dibley, M.J., Li, H., Miles, J.C., and Rezgui, Y., 2011. Towards Intelligent Agent Based Software
for Building Related Decision Support. Advanced Engineering Informatics, 25 (2), 311–
329.
Diraco, G., Leone, A., and Siciliano, P., 2015. People Occupancy Detection and Profiling with 3D
Depth Sensors for Building Energy Management. Energy and Buildings, 92, 246–266.
D’Oca, S., Chen, C.-F., Hong, T., and Belafi, Z., 2017. Synthesizing Building Physics with Social
Psychology: An Interdisciplinary Framework for Context and Occupant Behavior in Office
Buildings. Energy Research & Social Science, 34, 240–251.
D’Oca, S. and Hong, T., 2014. A Data-Mining Approach to Discover Patterns of Window Opening
and Closing Behavior in Offices. Building and Environment, 82, 726–739.
D’Oca, S. and Hong, T., 2015. Occupancy Schedules Learning Process Through a Data Mining
Framework. Energy and Buildings, 88, 395–408.
Dogu, U. and Erkip, F., 2000. Spatial Factors Affecting Wayfinding and Orientation: A Case Study
in a Shopping Mall. Environment and Behavior, 32 (6), 731–755.
Dollar, P., Wojek, C., Schiele, B., and Perona, P., 2011. Pedestrian Detection: An Evaluation of the
State of the Art. IEEE Transactions on Pattern Analysis and Machine Intelligence, 34 (4),
743–761.
Dong, B., Kjærgaard, M.B., De Simone, M., Gunay, H.B., O’Brien, W., Mora, D., Dziedzic, J., and
Zhao, J., 2018. Sensing and Data Acquisition. In: A. Wagner, W. O’Brien, and B. Dong,
eds. Exploring Occupant Behavior in Buildings: Methods and Challenges. Cham,
Switzerland: Springer International Publishing, 77–105.
Dong, B. and Lam, K.P., 2011. Building Energy and Comfort Management Through Occupant
Behaviour Pattern Detection Based on a Large-Scale Environmental Sensor Network.
Journal of Building Performance Simulation, 4 (4), 359–369.
Dong, B., Yan, D., Li, Z., Jin, Y., Feng, X., and Fontenot, H., 2018. Modeling Occupancy and
Behavior for Better Building Design and Operation—A Critical Review. Building
Simulation, 11 (5), 899–921.

249

Dong, W., Lepri, B., and Pentland, A. (Sandy), 2011. Modeling the Co-Evolution of Behaviors and
Social Relationships Using Mobile Phone Data. In: Proceedings of the 10th International
Conference on Mobile and Ubiquitous Multimedia. Beijing, China, 134–143.
Duerk, D., 1993. Architectural Programming: Information Management for Design. New York, NY,
United States: Van Nostrand Reinhold.
Dykes, C. and Baird, G., 2013. A Review of Questionnaire-Based Methods Used for Assessing
and Benchmarking Indoor Environmental Quality. Intelligent Buildings International, 5 (3),
135–149.
Dziedzic, J.W., Da, Y., and Novakovic, V., 2019. Indoor Occupant Behaviour Monitoring with the
Use of a Depth Registration Camera. Building and Environment, 148, 44–54.
Eastman, C., Teicholz, P., Sacks, R., and Liston, K., 2011. BIM Handbook: A Guide to Building
Information Modeling for Owners, Managers, Designers, Engineers and Contractors.
Hoboken, NJ, United States: John Wiley & Sons.
EBC Annex 66, 2018. IEA EBC Annex 66 Final Report: Definition and Simulation of Occupant
Behavior in Buildings. Berkeley, CA, United States: International Energy Agency.
Ebrahimpour, A. and Sack, R.L., 2005. A Review of Vibration Serviceability Criteria for Floor
Structures. Computers & Structures, 83 (28–30), 2488–2494.
Eldib, M., Deboeverie, F., Philips, W., and Aghajan, H., 2016. Towards More Efficient Use of Office
Space. In: Proceedings of the 10th International Conference on Distributed Smart Camera.
New York, NY, United States, 37–43.
Elgammal, A., Harwood, D., and Davis, L., 2000. Non-parametric Model for Background
Subtraction. In: D. Vernon, ed. Computer Vision ECCV 2000. Berlin, Germany: Springer
International Publishing, 751–767.
El-Halawany, N.B., El-Daly, H.T., and Abdelmohsen, S., 2018. A User-centric Approach to
Optimize Visitor’s Experience in Exhibition Spaces Using Parametric Spatial Analysis. The
Academic Research Community Publication, 2 (3), 1.
Emery, A.F. and Kippenhan, C.J., 2006. A Long Term Study of Residential Home Heating
Consumption and the Effect of Occupant Behavior on Homes in the Pacific Northwest
Constructed According to Improved Thermal Standards. Energy, 31 (5), 677–693.
Enzweiler, M. and Gavrila, D.M., 2009. Monocular Pedestrian Detection: Survey and Experiments.
IEEE Transactions on Pattern Analysis and Machine Intelligence, 31 (12), 2179–2195.

250

EPA, 2006. Building Assessment Survey and Evaluation Study [online]. Available from:
https://www.epa.gov/indoor-air-quality-iaq/building-assessment-survey-and-evaluationstudy.
Erickson, V.L., Carreira-Perpiñán, M.Á., and Cerpa, A.E., 2014. Occupancy Modeling and
Prediction for Building Energy Management. ACM Transactions on Sensor Networks, 10
(3), 1–28.
Esteky, S., 2017. Architecture of Choice: Exploring the Impact of Built Environments on Consumer
Behavior. Dissertation (Doctor of Philosophy). The University of Michigan, Ann Arbor, MI,
United States.
Fabi, V., Andersen, R.V., Corgnati, S., and Olesen, B.W., 2012. Occupants’ Window Opening
Behaviour: A Literature Review of Factors Influencing Occupant Behaviour and Models.
Building and Environment, 58, 188–198.
Farbstein, J., Wener, R., and McCunn, L., 2016. Planning the Built Environment: Programming. In:
Research Methods for Environmental Pyschology. Chichester, United Kingdom: John
Wiley & Sons.
Farrell, A.D., 1991. Computers and Behavioral Assessment: Current Applications, Future
Possibilities, and Obstacles to Routine Use. Behavioral Assessment, 13 (2), 159–179.
Fewings, R., 2001. Wayfinding and Airport Terminal Design. Journal of Navigation, 54 (2), 177–
184.
FFC, 2002. Learning from Our Buildings: A State-of-the-Practice Summary of Post-Occupancy
Evaluation. Washington, DC, United States: Federal Facilities Council, National
Academies Press.
Field, H., 1971. Evaluation of Hospital Design: A Holistic Approach. Boston, MA, United States:
Tufts-New England Medical Center.
Foljanty, K., 2015. Wayfinding Design of Intermodal Passenger Stations from the Perspective of
Passengers. In: Proceeedings of the European Transport Conference. Frankfurt ,
Germany.
Fowler, K.M., Rauch, E.M., Spees, K., Hathaway, J., Kora, A.R., and Solana, A.E., 2009. Whole
Building Cost and Performance Measurement: Data Collection Protocol Revision 2.
Richland, WA, United States: Pacific Northwest National Laboratory, U.S. Department of
Energy.

251

Friedman, A., Zimring, C., and Zube, E., 1978. Environmental Design Evaluation. New York, NY,
United States: Plenum Press.
Gade, R., Jorgensen, A., and Moeslund, T., 2012. Occupancy Analysis of Sports Arenas Using
Thermal Imaging. In: Proceedings of the International Conference on Computer Vision
Theory and Applications. Rome, Italy, 277–283.
Galasiu, A.D. and Veitch, J.A., 2006. Occupant Preferences and Satisfaction with the Luminous
Environment and Control Systems in Daylit Offices: A Literature Review. Energy and
Buildings, 38 (7), 728–742.
Galatioto, A., Leone, G., Milone, D., Pirtruzzella, S., and Franzitta, V., 2014. Indoor Environmental
Quality Survey: A Brief Comparison Between Different Post Occupancy Evaluation
Methods. Advanced Materials Reserach, 864–867, 1148–1152.
Gann, D., Salter, A., and Whyte, J., 2003. Design Quality Indicator as a Tool for Thinking. Building
Research & Information, 31 (5), 318–333.
Gawande, U., Hajari, K., and Golhar, Y., 2020. Pedestrian Detection and Tracking in Video
Surveillance System: Issues, Comprehensive Review, and Challenges. In: Computational
Intelligence. IntechOpen.
Gehl, J. and Svarre, B., 2013. How to Study Public Life. Washington, DC, United States: Island
Press/Center for Resource Economics.
Gensler Research Institute, 2018. Design Forecast: Intelligent Places [online]. Gensler. Available
from: https://www.gensler.com/df2019-intelligent-places.
George, R., 2018. Why Women Face Longer Toilet Queues – and How We Can Achieve ‘Potty
Parity’

[online].

The

Guardian.

Available

from:

https://www.theguardian.com/lifeandstyle/shortcuts/2018/mar/21/why-women-facelonger-toilet-queues-and-how-we-can-achieve-potty-parity.
Geronimo, D., Lopez, A.M., Sappa, A.D., and Graf, T., 2010. Survey of Pedestrian Detection for
Advanced Driver Assistance Systems. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 32 (7), 1239–1258.
Ghai, S.K., Thanayankizil, L.V., Seetharam, D.P., and Chakraborty, D., 2012. Occupancy Detection
in Commercial Buildings Using Opportunistic Context Sources. In: Proceedings of the
2012 IEEE International Conference on Pervasive Computing and Communications
Workshops. Lugano, Switzerland, 463–466.

252

Giber, D.J., 1983. The Psychological Effects of Prison Architecture and Environmental Design. Ann
Arbor, MI, United States: University Microfilms.
Gibson, D., 2009. The Wayfinding Handbook: Information Design for Public Spaces. New York,
NY, United States: Princeton Architectural Press.
Gifford, R., 2007. Environmental Psychology: Principles and Practice. Colville, WA, United States:
Optimal Books.
Gifford, R., 2016. Research Methods for Environmental Psychology. Chichester, United Kingdom:
John Wiley & Sons.
Gilani, S. and O’Brien, W., 2017. Review of Current Methods, Opportunities, and Challenges for
in-Situ Monitoring to Support Occupant Modelling in Office Spaces. Journal of Building
Performance Simulation, 10 (5–6), 444–470.
Göçer, Ö., Hua, Y., and Göçer, K., 2015. Completing the Missing Link in Building Design Process:
Enhancing Post-Occupancy Evaluation Method for Effective Feedback for Building
Performance. Building and Environment, 89, 14–27.
Golledge, R.G., 1997. Spatial Behavior: A Geographic Perspective. New York, NY, United States:
Guilford Press.
Golledge, R.G., 1999. Wayfinding Behavior: Cognitive Mapping and Other Spatial Processes.
Baltimore, MD, United States: Johns Hopkins University Press.
Golledge, R.G., 2003. Human Wayfinding and Cognitive Maps. In: The Colonization of Unfamiliar
Landscapes. Abingdon, United Kingdom: Routledge, 49–54.
Golledge, R.G., Jacobson, D., and Kitchin, R., 2000. Spatial Abilities, Cognitive Maps, and
Wayfinding. Geographical Review of Japan, 73 (2), 93–104.
Gómez, P., 2017. Spatiotemporal Occupancy in Building Settings. Dissertation (Doctor of
Philosophy). Georgia Institute of Technology, Atlanta, GA, United States.
Gómez, P., Do, E.Y.-L., and Romero, M., 2012. Activity Shapes: Towards a Spatiotemporal
Analysis in Architecture. Revista de Arquitectura, 18 (26), 11–19.
Gonzalez, M.F., 2018. Julis Romo Rabinowitz Building & Louis A. Simpson International Building
/ KPMB Architects [online]. Available from: https://www.archdaily.com/889742/julisromo-rabinowitz-building-and-louis-a-simpson-international-building-kpmbarchitects?ad_medium=gallery.
Grall, J.-L., 2011. Personal Spaces in Proxemics. Digital image.

253

Griffiths, M.A. and Gilly, M.C., 2012. Dibs! Customer Territorial Behaviors. Journal of Service
Research, 15 (2), 131–149.
GSA, 1975. The PBS Building Systems Program and Performance Specifications for Office
Buildings. Washington, DC, United States: General Services Administration, Government
Printing Office.
GSA, 2011. Workspace Utilization and Allocation Benchmark. Washington, DC, United States: U.S.
General Services Administration, Office of Real Property Management, Performance
Measurement Division.
Hadjri, K. and Crozier, C., 2009. Post‐Occupancy Evaluation: Purpose, Benefits and Barriers.
Facilities, 27 (1/2), 21–33.
Hall, E.T., 1966. The Hidden Dimension. Garden City, NY, United States: Doubleday.
Hammink, C., Moor, N., and Mohammadi, M., 2019. A Systematic Literature Review of Persuasive
Architectural Interventions for Stimulating Health Behaviour. Facilities, 37 (11/12), 743–
761.
Handy, S.L., Boarnet, M.G., Ewing, R., and Killingsworth, R.E., 2002. How the Built Environment
Affects Physical Activity. American Journal of Preventive Medicine, 23 (2), 64–73.
Happle, G., Fonseca, J.A., and Schlueter, A., 2018. A Review on Occupant Behavior in Urban
Building Energy Models. Energy and Buildings, 174, 276–292.
Harish, V. and Kumar, A., 2016. A Review on Modeling and Simulation of Building Energy Systems.
Renewable and Sustainable Energy Reviews, 56, 1272–1292.
Hay, R., Bradbury, S., Dixon, D., Martindale, K., Samuel, F., and Tait, A., 2017. Building
Knowledge: Pathways to Post Occupancy Evaluation. Reading, United Kingdom:
University of Reading and Royal Institute of British Architects (RIBA).
Hay, R., Samuel, F., Watson, K.J., and Bradbury, S., 2018. Post-Occupancy Evaluation in
Architecture: Experiences and Perspectives from UK Practice. Building Research &
Information, 46 (6), 698–710.
Haynes, B.P., 2007. The Impact of the Behavioural Environment on Office Productivity. Journal of
Facilities Management, 5 (3), 158–171.
He, K., Gkioxari, G., Dollar, P., and Girshick, R., 2017. Mask R-CNN. Presented at the Proceedings
of the IEEE International Conference on Computer Vision, 2961–2969.

254

Heimsath, C., 1977. Behavioral Architecture: Toward an Accountable Design Process. New York,
NY, United States: McGraw-Hill.
Heinzerling, D., Webster, T., Schiavon, S., Anwar, G., and Dickerhoff, D., 2013. A Prototype Toolkit
for Evaluating Indoor Environmental Quality in Commercial Buildings. Berkeley, CA, United
States: Center for the Built Environment, University of California Berkeley.
Hemangi, B. and Nikhita, K., 2016. People Counting System Using Raspberry Pi with OpenCV.
atInternational Journal for Research in Engineering Application & Management (IJREAM),
ISSN, 2494–9150.
Hernandez, R.O., 2007. Effects of Therapeutic Gardens in Special Care Units for People with
Dementia: Two Case Studies. Journal of Housing For the Elderly, 21 (1–2), 117–152.
Hershberger, R., 2002. Behavioral‐Based Architectural Programming. New York, NY, United
States: John Wiley & Sons, 292–305.
Hershberger, R.G., 1999. Architectural Programming and Predesign Manager. New York, NY,
United States: McGraw-Hill.
Hillier, B., 1996. Space Is the Machine. New York, NY, United States: Cambridge University Press.
Hillier, B. and Hanson, J., 1984. The Social Logic of Space. Cambridge, United Kingdom:
Cambridge University Press.
Hiromoto, J., 2015. Post Occupancy Evaluation Survey Report. New York, NY, United States:
Sikmore, Owings & Merril.
Hnat, T.W., Griffiths, E., Dawson, R., and Whitehouse, K., 2012. Doorjamb: Unobtrusive RoomLevel Tracking of People in Homes Using Doorway Sensors. In: Proceedings of the 10th
ACM Conference on Embedded Network Sensor Systems. Toronto, Canada, 309–322.
Hoes, P., Hensen, J.L.M., Loomans, M.G.L.C., de Vries, B., and Bourgeois, D., 2009. User
Behavior in Whole Building Simulation. Energy and Buildings, 41 (3), 295–302.
Hölscher, C., Brösamle, M., and Vrachliotis, G., 2012. Challenges in Multilevel Wayfinding: A Case
Study with the Space Syntax Technique. Environment and Planning B: Planning and
Design, 39 (1), 63–82.
Hölscher, C., Meilinger, T., Vrachliotis, G., Brösamle, M., and Knauff, M., 2006. Up the down
Staircase: Wayfinding Strategies in Multi-Level Buildings. Journal of Environmental
Psychology, 26 (4), 284–299.

255

Hong, T., Yan, D., D’Oca, S., and Chen, C., 2017. Ten Questions Concerning Occupant Behavior
in Buildings: The Big Picture. Building and Environment, 114, 518–530.
HOPE, 2005. HOPE: Health Optimisation Protocol for Energy-efficient Buildings [online]. Available
from: https://hope.epfl.ch/.
Hoskins, D., Pogue, J., Barber, C., Pittman, T., Agarwal, A., Kraut, I., Lapsley, C., Lucken, E.,
Papka, S., Shih, R., and Xie, X., 2016. US WorkPlace Survey 2016. Washington, DC,
United States: Gensler Research.
Howard, A.G., Zhu, M., Chen, B., Kalenichenko, D., Wang, W., Weyand, T., Andreetto, M., and
Adam, H., 2017. MobileNets: Efficient Convolutional Neural Networks for Mobile Vision
Applications. arXiv:1704.04861 [cs].
Hsia, V., 1967. Residence Hall Environments: An Architectural Psychology Case Study. Salt Lake
City, UT, United States: University of Utah.
Hu, Z. and Park, J.H., 2017. HalO [Indoor Positioning Mobile Platform]: A Data-Driven, IndoorPositioning System With Bluetooth Low Energy Technology To Datafy Indoor Circulation
And Classify Social Gathering Patterns For Assisting Post Occupancy Evaluation. In:
Proceedings of the 37th Annual Conference of the Association for Computer Aided Design
in Architecture. Cambridge, MA, United States, 284–291.
Huizenga, C., Laeser, K., and Arens, E., 2002. A Web-Based Occupant Satisfaction Survey for
Benchmarking Building Quality. Berkeley, CA, United States: Center for the Built
Environment, University of California Berkeley.
Hurley, D., 2018. Wasted Space: The Underutilized Office [online]. EMS Software. Available from:
https://www.emssoftware.com/blog/wasted-space-office-utilization-infographic.
Ibrahim, I., Yusoff, W.Z.W., and Bilal, K., 2012. Space Charging Model: As an Effective Space
Management Tool in Higher Education Institutions. Advances in Management & Applied
Economics, 2 (3), 163–179.
Ibrahim, M., 2019. Effects of Art and Design on Orientation in Healthcare Architecture: A study of
wayfinding and wayshowing in a Swedish hospital setting. Thesis (Master of Architecture).
Lund University, Lund, Sweden.
Ioannidis, D., Tropios, P., Krinidis, S., Stavropoulos, G., Tzovaras, D., and Likothanasis, S., 2016.
Occupancy Driven Building Performance Assessment. Journal of Innovation in Digital
Ecosystems, 3 (2), 57–69.

256

Ittelson, W.H., Rivlin, L.G., and Proshansky, H.M., 1970. The Use of Behavioral Maps in
Environmental Psychology. In: Environmental Psychology: People and Their Physical
Setting. New York, NY, United States: Holt, Rinehart and Winston, 340–351.
Izaki, Å. and Helme, L., 2014. Encoding User Experiences. Architectural Design, 84 (5), 114–121.
Jacobs, J., 1961. The Death and Life of Great American Cities. New York, NY, United States:
Random House.
Jeon, Y., Cho, C., Seo, J., Kwon, K., Park, H., Oh, S., and Chung, I.-J., 2018. IoT-Based
Occupancy Detection System in Indoor Residential Environments. Building and
Environment, 132, 181–204.
Jia, M., Srinivasan, R.S., and Raheem, A.A., 2017. From Occupancy to Occupant Behavior: An
Analytical Survey of Data Acquisition Technologies, Modeling Methodologies and
Simulation Coupling Mechanisms for Building Energy Efficiency. Renewable and
Sustainable Energy Reviews, 68, 525–540.
Jin, M., Bekiaris-Liberis, N., Weekly, K., Spanos, C.J., and Bayen, A.M., 2018. Occupancy
Detection via Environmental Sensing. IEEE Transactions on Automation Science and
Engineering, 15 (2), 443–455.
Jones, D., 2016. Camera Hardware — 6.1. Camera Modes [online]. Picamera 1.12 documentation.
Available from: https://picamera.readthedocs.io/en/release-1.12/fov.html.
Joustra, P.E. and Van Dijk, N.M., 2001. Simulation of Check-in at Airports. In: Proceedings of the
2001 Winter Simulation Conference. Arlington, VA, United States, 1023–1028.
KaewTraKulPong, P. and Bowden, R., 2002. An Improved Adaptive Background Mixture Model
for Real-time Tracking with Shadow Detection. In: P. Remagnino, G.A. Jones, N. Paragios,
and C.S. Regazzoni, eds. Video-Based Surveillance Systems. Boston, MA, United States:
Springer International Publishing, 135–144.
Kahng, S. and Iwata, B., 2000. Computerized Systems for Collecting Real-Time Observational
Data. In: Behavioral Observation: Technology & Applications in Developmental Disabilities.
Baltimore, MD, United States: Paul H Brookes Publishing, 35–45.
Kamthe, A., Jiang, L., Dudys, M., and Cerpa, A., 2009. SCOPES: Smart Cameras Object Position
Estimation System. In: U. Roedig and C.J. Sreenan, eds. Wireless Sensor Networks.
Berlin, Germany: Springer International Publishing, 279–295.

257

Ke, S.-R., Thuc, H.L.U., Lee, Y.-J., Hwang, J.-N., Yoo, J.-H., and Choi, K.-H., 2013. A Review on
Video-Based Human Activity Recognition. Computers, 2 (2), 88–131.
Khattab, D., 2013. Toward An Inclusive Wayfinding System for Dementia Patients: The Role of
Architecture. Toronto, Canada: OCAD University, Research Portfolio.
Kim, J. and De Dear, R., 2013. Workspace Satisfaction: The Privacy-Communication Trade-Off in
Open-Plan Offices. Journal of Environmental Psychology, 36, 18–26.
King, D., 2018. dlib C++ Library [online]. Available from: http://dlib.net/.
Klarqvist, B., 2015. A Space Syntax Glossary. Nordic Journal of Architectural Research, 6 (2), 11–
12.
Knapp, C., Vickroy, K., De Bruyn, L., and Kwong, D., 2009. Are the Myths of Space Utilization
Costing You More Than You Know? Journal of Corporate Real Estate, 11 (4), 237–243.
Kobes, M., Helsloot, I., de Vries, B., and Post, J.G., 2010. Building Safety and Human Behaviour
in Fire: A Literature Review. Fire Safety Journal, 45 (1), 1–11.
Koutsolampros, P., Sailer, K., Haslem, R., Austwick, M., and Varoudis, T., 2017. Big Data and
Workplace Micro-Behaviours: A Closer Inspection of the Social Behaviour of Eating and
Interacting. In: Proceedings of the 11th International Space Syntax Symposium. Lisbon,
Portugal, 149.1-149.16.
Koutsolampros, P., Sailer, K., Pomeroy, R., Zaltz Austwick, M., Hudson-Smith, A., and Haslem,
R., 2015. Spatial Databases: Generating New Insights on Office Design and Human
Behaviours in the Workplace. In: Proceedings of the 10th International Space Syntax
Symposium. London, United Kingdom, 23:1–16.
Koutsolampros, P., Sailer, K., Varoudis, T., and Haslem, R., 2019. Dissecting Visibility Graph
Analysis: The Metrics and Their Role in Understanding Workplace Human Behaviour. In:
Proceedings of the 12th International Space Syntax Symposium. Beijing, China, 191:1–24.
KPMB, 2017. Julis Romo Rabinowitz Building Floor Plan. Digital image.
KPMB, 2018. Julis Romo Rabinowitz Building & Louis A. Simpson International Building, Princeton
University [online]. KPMB Architets. Available from: http://www.kpmb.com/project/julisromo-rabinowitz-building-louis-a-simpson-international-building-princeton-university/.
Krijnen, T., Beetz, J., and de Vries, B., 2009. Airport Schipol: Behavioral Simulation of a Design
Concept. In: Proceedings of the 27th eCAADe Conference. Istanbul, Turkey, 559–564.

258

Krukar, J., 2015. The Influence of an Art Gallery’s Spatial Layout on Human Attention to and
Memory of Art Exhibits. Dissertation (Doctor of Philosophy). University of Northumbria at
Newcastle, Newcastle upon Tyne, United Kingdom.
Kruppa, H., Castrillon-Santana, M., and Schiele, B., 2003. Fast and Robust Face Finding Via Local
Context. In: Proceedings of the 2nd Joint IEEE International Workshop on Visual
Surveillance and Performance Evaluation of Tracking and Surveillance. Lausanne,
Switzerland, 1–8.
Kuhnmünch, G. and Strube, G., 2009. Waytracer: A Mobile Assistant for Real-Time Logging of
Events and Related Positions. Computers in Human Behavior, 25 (5), 1156–1164.
Kuipers, M., Tomé, A., Pinheiro, T., Nunes, M., and Heitor, T., 2014. Building Space–Use Analysis
System — a Multi Location/Multi Sensor Platform. Automation in Construction, 47, 10–
23.
Kuligowski, E.D., Peacock, R.D., and Hoskins, B.L., 2005. A Review of Building Evacuation
Models. Washington, DC, United States: US Department of Commerce, National Institute
of Standards and Technology.
Labeodan, T., Zeiler, W., Boxem, G., and Zhao, Y., 2015. Occupancy Measurement in Commercial
Office Buildings for Demand-Driven Control Applications—a Survey and Detection
System Evaluation. Energy and Buildings, 93, 303–314.
Lai, C.Q. and Teoh, S.S., 2014. A Review on Pedestrian Detection Techniques Based on
Histogram of Oriented Gradient Feature. In: Proceedings of the 2014 IEEE Student
Conference on Research and Development. Penang, Malaysia, 1–6.
Lang, J., 1971. Architecture for Human Behavior: Collected Papers from a Mini-conference.
Philadelphia, PA, United States: University of Pennsylvania.
Langevin, J., Gurian, P.L., and Wen, J., 2015. Tracking the Human-Building Interaction: A
Longitudinal Field Study of Occupant Behavior in Air-Conditioned Offices. Journal of
Environmental Psychology, 42, 94–115.
Langevin, J., Wen, J., and Gurian, P.L., 2016. Quantifying the Human–Building Interaction:
Considering the Active, Adaptive Occupant in Building Performance Simulation. Energy
and Buildings, 117, 372–386.
Larson, J.S., Bradlow, E.T., and Fader, P.S., 2005. An Exploratory Look at Supermarket Shopping
Paths. International Journal of Research in Marketing, 22 (4), 395–414.

259

Latham, S.M., 1994. Constructing the Team: Final Report of the Government/Industry Review of
Procurement and Contractual Arrangements in the UK Construction Industry. London,
United Kingdom: Her Majesty’s Stationery Office.
Leaman, A., 1999. Building Use Studies: Surveys and data management [online]. Available from:
http://www.usablebuildings.co.uk/Pages/BUSFliersData.pdf/.
Leaman, A., 2019. Personal interview. Videocall.
Leaman, A. and Bordass, B., 2001. Assessing Building Performance in Use 4: The Probe Occupant
Surveys and Their Implications. Building Research & Information, 29 (2), 129–143.
Lechler, T., 2001. Social Interaction: A Determinant of Entrepreneurial Team Venture Success.
Small Business Economics, 16 (4), 263–278.
Lee, S.S. and Kim, M., 2018. Convolutional Neural Network- Based Human Recognition for Vision
Occupancy Sensors. In: Proceedings of the International Confererence on IP, Comp.
Vision, and Pattern Recognition. Las Vegas, NV, United States, 10–15.
Levermore, G.J., 1994. Occupants’ Assessments of Indoor Environments: Questionnaire and
Rating Score Method. Building Services Engineering Research and Technology, 15 (2),
113–118.
Li, N., Calis, G., and Becerik-Gerber, B., 2012. Measuring and Monitoring Occupancy with an RFID
Based System for Demand-Driven HVAC Operations. Automation in Construction, 24, 89–
99.
Li, P., Froese, T.M., and Brager, G., 2018. Post-Occupancy Evaluation: State-of-the-Art Analysis
and State-of-the-Practice Review. Building and Environment, 133, 187–202.
Li, R. and Klippel, A., 2016. Wayfinding Behaviors in Complex Buildings: The Impact of
Environmental Legibility and Familiarity. Environment and Behavior, 48 (3), 482–510.
Liang, X., Hong, T., and Shen, G.Q., 2016. Occupancy Data Analytics and Prediction: A Case
Study. Building and Environment, 102, 179–192.
Liciotti, D., Paolanti, M., Frontoni, E., and Zingaretti, P., 2017. People Detection and Tracking from
an RGB-D Camera in Top-View Configuration: Review of Challenges and Applications. In:
Proceedings of the 19th International Conference on Image Analysis and Processing.
Catania, Italy, 207–218.

260

Lin, Y. and Huang, W., 2017. Behavior Analysis and Individual Labeling Using Data from Wi-Fi IPS.
In: Proceedings of the 37th Annual Conference of the Association for Computer Aided
Design in Architecture. Cambridge, MA, United States, 366–373.
Lin, Y. and Huang, W., 2018. Social Behavior Analysis in Innovation Incubator Based on Wi-Fi
Data. In: Proceedings of the 23rd International Conference of the Association for
Computer-Aided Architectural Design Research in Asia. Beijing, China, 197–206.
Liu, D., Guan, X., Du, Y., and Zhao, Q., 2013. Measuring Indoor Occupancy in Intelligent Buildings
Using the Fusion of Vision Sensors. Measurement Science and Technology, 24 (7),
074023.
Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C.-Y., and Berg, A.C., 2016. SSD:
Single Shot MultiBox Detector. In: Proceedings of the 2016 European Conference on
Computer Vision. Presented at the European Conference on Computer Vision, Cham,
Switzerland: Springer, 21–37.
Loftness, V., Aziz, A., Choi, J., Kampschroer, K., Powell, K., Atkinson, M., and Heerwagen, J.,
2009. The Value of Post-Occupancy Evaluation for Building Occupants and Facility
Managers. Intelligent Buildings International, 1 (4), 249–268.
Lowe, D.G., 1999. Object Recognition from Local Scale-Invariant Features. In: Proceedings of the
7th IEEE International Conference on Computer Vision. Kerkyra, Greece, 1150–1157.
Loyola, M., 2019. A Method for Real-Time Error Detection in Low-Cost Environmental Sensors
Data. Smart and Sustainable Built Environment, 8 (4), 338–350.
Maarleveld, M., Volker, L., and van der Voordt, T.J.M., 2009. Measuring Employee Satisfaction in
New Offices – the WODI Toolkit. Journal of Facilities Management, 7 (3), 181–197.
Malone, D., 2018. The Human Touch. Building Design + Construction, (April), 44–46.
Mandel, L.H., 2010. Toward an Understanding of Library Patron Wayfinding: Observing Patrons’
Entry Routes in a Public Library. Library & Information Science Research, 32 (2), 116–130.
Mane, P.K. and Rao, K.N., 2018. Review of Research Progress, Trends and Gap in Occupancy
Sensing for Sophisticated Sensory Operation. In: Proceedings of the 7th Computer
Science On-line Conference. Vsetin, Czech Republic, 212–222.
Manning, P., 1965. Office Design: A Study of Environment. Liverpool, United Kingdom: Pilkington
Research Unit, Department of Building and Science, University of Liverpool.

261

Manzoor, F., Linton, D., and Loughlin, M., 2012. Occupancy Monitoring Using Passive RFID
Technology for Efficient Building Lighting Control. In: Proceedings of the 4th International
EURASIP Workshop on RFID Technology. Torino, Italy, 83–88.
Marans, R. and Spreckelmeyer, K., 1981. Evaluating Built Environments: A Behavorial Approach.
Ann Arbor, MI, United States: The University of Michigan, Institute for Social Research
and College of Architecture and Urban Planning.
Markus, T., Whyman, P., Morgan, J., Whitton, D., and Maver, T., 1972. Building Performance. New
York, NY, United States: John Wiley & Sons.
Marsland, S., 2014. Machine Learning: An Algorithmic Perspective. London, United Kingdom:
Chapman and Hall/CRC.
Martani, C., Lee, D., Robinson, P., Britter, R., and Ratti, C., 2012. ENERNET: Studying the Dynamic
Relationship Between Building Occupancy and Energy Consumption. Energy and
Buildings, 47, 584–591.
McDuffie, R. and Starr, J., 2018. No More Wasted Space: How Universities Can Prevent Obsolete
Buildings in the Future [online]. PRISM Sustainability in the Built Environment. Available
from:

https://prismpub.com/no-more-wasted-space-how-universities-can-prevent-

obsolete-buildings-in-the-future/.
McGregor, W., 2000. The Future of Workspace Management. Facilities, 18 (3/4), 138–143.
McLaughlin, H., 1975. Post Occupancy of Hospitals. AIA Journal, (January), 30–34.
Meir, I.A., Garb, Y., Jiao, D., and Cicelsky, A., 2009. Post-Occupancy Evaluation: An Inevitable
Step Toward Sustainability. Advances in Building Energy Research, 3 (1), 189–219.
Melfi, R., Rosenblum, B., Nordman, B., and Christensen, K., 2011. Measuring Building Occupancy
Using Existing Network Infrastructure. In: Proceedings of the 2011 International Green
Computing Conference and Workshops. Orlando, FL, United States, 1–8.
Mick, B., 2012. 4 Factors to Designing Workspaces for People’s Behaviors [online]. Work Design
Magazine. Available from: https://www.workdesign.com/2012/06/4-factors-to-designingworkspaces-for-peoples-behaviors/.
Milke, D.L., Beck, C.H.M., Danes, S., and Leask, J., 2009. Behavioral Mapping of Residents’
Activity in Five Residential Style Care Centers for Elderly Persons Diagnosed with
Dementia: Small Differences in Sites Can Affect Behaviors. Journal of Housing For the
Elderly, 23 (4), 335–367.

262

Miller, A.M., 2005. Fun in the Workplace: Toward an Environment-Behavior Framework Relating
Office Design, Employee Creativity, and Job Satisfaction. Thesis (Master of Interior
Design). University of Florida, Gainesville, FL, United States.
Moon, S. and Han, Y., 2015. An Agent Based Model for the Study on Undergraduate’s Choice of
Seat and Seat Distribution. Advanced Science and Technology Letters, 103, 162–167.
Mora, R., 2019. Análisis del Espacio [online]. Wayfinding Consultores. Available from:
http://wayfinding.cl/analisis-espacial-2/.
Moran, M., 2015. Andlinger Center for Energy and Environment. Digital photography.
Morris, R.G. and Worrall, J.L., 2014. Prison Architecture and Inmate Misconduct: A Multilevel
Assessment. Crime & Delinquency, 60 (7), 1083–1109.
Mumcu, S., Düzenli, T., and Özbilen, A., 2010. Prospect and Refuge as the Predictors of
Preferences for Seating Areas. Scientific Research and Essays, 5 (11), 1223–1233.
Namazian, A. and Mehdipour, A., 2013. Psychological Demands of the Built Environment, Privacy,
Personal Space and Territory in Architecture. International Journal of Psychology and
Behavioral Sciences, 3 (4), 109–113.
Narayana, S., Prasad, R.V., Rao, V.S., Prabhakar, T.V., Kowshik, S.S., and Iyer, M.S., 2015. PIR
Sensors: Characterization and Novel Localization Technique. In: Proceedings of the 14th
International Conference on Information Processing in Sensor Networks. Seattle, WA,
United States, 142–153.
Newsham, G., 2014. Post-Occupancy Evaluation of Green Buildings Are They as Green as We
Thought? Ottawa, Canada.
Newsham, G., Veitch, J., Arsenault, C., and Duval, C., 2004. Effect of Dimming Control on Office
Worker Satisfaction and Performance. In: Proceedings of the 2004 IESNA Annual
Conference. Tampa, FL, United States, 19–41.
Ng, C.F., 2016. Behavioral Mapping and Tracking. In: Research Methods for Environmental
Psychology. Hoboken, NJ, United States: John Wiley & Sons, 29–51.
Nguyen, D.T., Li, W., and Ogunbona, P.O., 2016. Human Detection from Images and Videos: A
Survey. Pattern Recognition, 51, 148–175.
Nicoll, G., 2007. Spatial Measures Associated with Stair Use. American Journal of Health
Promotion, 21 (4), 346–352.

263

Nurhadiyatna, A., Jatmiko, W., Hardjono, B., Wibisono, A., Sina, I., and Mursanto, P., 2013.
Background Subtraction Using Gaussian Mixture Model Enhanced by Hole Filling
Algorithm (GMMHF). In: Proceedings of the 2013 IEEE International Conference on
Systems, Man, and Cybernetics. Manchester, United Kingdom, 4006–4011.
Nussbaumer, L.L., 2014. Human Factors in the Built Environment. London, United Kingdom:
Bloomsbury Academic.
O’Brien, W., Kapsis, K., and Athienitis, A.K., 2013. Manually-Operated Window Shade Patterns in
Office Buildings: A Critical Review. Building and Environment, 60, 319–338.
O’Brien, W., Wagner, A., and Day, J.K., 2018. Introduction to Occupant Research Approaches. In:
Exploring Occupant Behavior in Buildings: Methods and Challenges. Cham, Switzerland:
Springer International Publishing, 107–127.
Oladipupo, T., 2010. Types of Machine Learning Algorithms. In: Y. Zhang, ed. New Advances in
Machine Learning. Rijeka, Croatia: InTech, 19–48.
OpenCV, 2018. OpenCV: OpenCV modules [online]. OpenCV Open Source Computer Vision.
Available from: https://docs.opencv.org/4.0.0/.
Oseland, N., 2004. Occupant Feedback Tools of the Office Productivity Network. In: Proceedings
of Closing the Loop: Post Occupancy Evaluation, The Next Steps. Windsor, United
Kingdom, 1–12.
Oseland, N., 2007. British Council for Offices Guide to Post-Occupancy Evaluation. London,
United Kingdom: British Council for Offices.
Oseland, N., 2009. The Impact of Psychological Needs on Office Design. Journal of Corporate
Real Estate, 11 (4), 244–254.
Oseland, N., Marmot, A., Swaffer, F., and Ceneda, S., 2011. Environments for Successful
Interaction. Facilities, 29 (1), 50–62.
Osmond, H., 1959. The Relationship Between Architect and Psychiatrist. In: Psychiatric
Architecture. Washington, DC, United States: American Psychiatric Association.
Parshall, S. and Peña, W., 1982. Evaluating Facilities: A Practical Approach to Post-Occupancy
Evaluation. Houston, TX, United States: CRS Sirrine.
Parsons, B., Bender, D., Dolan, D., and Woeste, F., 2014. Deck and Porch Floor Lateral Loading
by Occupants. Practice Periodical on Structural Design and Construction, 19 (3), 1–7.

264

Pasini, D., Ventura, S.M., Rinaldi, S., Bellagente, P., Flammini, A., and Ciribini, A.L.C., 2016.
Exploiting Internet of Things and building information modeling framework for
management of cognitive buildings. In: 2016 IEEE International Smart Cities Conference
(ISC2). Presented at the 2016 IEEE International Smart Cities Conference (ISC2), Trento,
Italy: IEEE, 1–6.
Passini, R., 1984. Wayfinding in Architecture. New York, NY, United States: Van Nostrand
Reinhold.
Pasut, W., Zhang, H., Arens, E., and Zhai, Y., 2015. Energy-Efficient Comfort with a Heated/Cooled
Chair: Results from Human Subject Tests. Building and Environment, 84, 10–21.
Paul, M., Haque, S.M.E., and Chakraborty, S., 2013. Human Detection in Surveillance Videos and
Its Applications - a Review. EURASIP Journal on Advances in Signal Processing, (1), 176.
Pease, B., 2018. IoT, LEDs, Lightning, and the Future of Workplace Planning. Building Design +
Construction, (April), 16–17.
Pedersen, T.H., Nielsen, K.U., and Petersen, S., 2017. Method for Room Occupancy Detection
Based on Trajectory of Indoor Climate Sensor Data. Building and Environment, 115, 147–
156.
Peña, W. and Parshall, S., 2012. Problem Seeking: An Architectural Programming Primer.
Hoboken, NJ, United States: John Wiley & Sons.
Penn, A., Desyllas, J., and Vaughan, L., 1999. The Space of Innovation: Interaction and
Communication in the Work Environment. Environment and Planning B: Planning and
Design, 26 (2), 193–218.
Peponis, J., Wineman, J., Rashid, M., Kim, S., and Bafna, S., 1998. Spatialist. Atlanta, GA, United
States: Georgia Institute of Technology.
Peponis, J., Wineman, J., Rashid, M., Kim, S.H., and Bafna, S., 1997. On the Description of Shape
and Spatial Configuration inside Buildings: Convex Partitions and Their Local Properties.
Environment and Planning B: Planning and Design, 24 (5), 761–781.
Peponis, J., Zimring, C., and Choi, Y.K., 1990. Finding the Building in Wayfinding. Environment
and Behavior, 22 (5), 555–590.
Peters, T., 2017. Superarchitecture: Building for Better Health. Architectural Design, 87 (2), 24–31.
Peters, T., 2018a. Data Buildings: Sensor Feedback in Sustainable Design Workflows.
Architectural Design, 88 (1), 92–101.

265

Peters, T., 2018b. Building Data for Design Feedback. In: Computing the Environment: Digital
Design Tools for Simulation and Visualisation of Sustainable Architecture. Hoboken, NJ,
United States: John Wiley & Sons.
Peters, T., 2018c. Designers Need Feedback. In: Computing the Environment: Digital Design Tools
for Simulation and Visualisation of Sustainable Architecture. Hoboken, NJ, United States:
John Wiley & Sons.
Petersen, S., Pedersen, T.H., Nielsen, K.U., and Knudsen, M.D., 2016. Establishing an ImageBased Ground Truth for Validation of Sensor Data-Based Room Occupancy Detection.
Energy and Buildings, 130, 787–793.
Phillips, T.J. and Levin, H., 2015. Indoor Environmental Quality Research Needs for Low-Energy
Homes. Science and Technology for the Built Environment, 21 (1), 80–90.
Preiser, W., 1969. Behavioral Design Criteria in Student Housing: The Measurement of verbalized
response to physical environment. Blacksburg, VA, United States: Environmental Systems
Laboratories, College of Architecture, Virginia Tech.
Preiser, W., 1995. Post‐Occupancy Evaluation: How to Make Buildings Work Better. Facilities, 13
(11), 19–28.
Preiser, W., Rabinowitz, H., and White, E., 1988. Post Occupancy Evaluation. New York, NY,
United States: Van Nostrand Reinhold.
Preiser, W. and Schramm, U., 1997. Building Performance Evaluation. In: D. Watson, M. Crosbie,
and J. Hancock, eds. Time-Saver Standards for Architectural Design Data: The Reference
of Architectural Fundamentals. New York, NY, United States: McGraw-Hill.
Preiser, W. and Vischer, J., 2005. Assessing Building Performance. New York, NY, United States:
Elsevier.
Preiser, W.F.E., Hardy, A.E., and Schramm, U., 2017. Building Performance Evaluation. Cham,
Switzerland: Springer International Publishing.
Proshansky, H.M., Ittelson, W.H., and Rivlin, L.G., 1970. Environmental Psychology: Man and His
Physical Setting. New York, NY, United States: Holt, Rinehart and Winston.
Psarra, S., 2007. Tracing the Modern: Space, Narrative and Exploration in the Museum of Modern
Art. In: Proceedings of the 6th International Space Syntax Symposium. Istanbul, Turkey,
70:1-70:16.

266

Rashid, M., Kampschroer, K., Wineman, J., and Zimring, C., 2016. Spatial Layout and Face-toFace Interaction in Offices—A Study of the Mechanisms of Spatial Effects on Face-toFace Interaction: Environment and Planning B: Planning and Design, 33 (6), 825–844.
Rashid, M., Wineman, J., and Zimring, C., 2009. Space, Behavior, and Environmental Perception
in Open-Plan Offices: A Prospective Study. Environment and Planning B: Planning and
Design, 36 (3), 432–449.
Ratti, C., 2004. Urban Texture and Space Syntax: Some Inconsistencies. Environment and
Planning B: Planning and Design, 31, 1–12.
Redmon, J., Divvala, S., Girshick, R., and Farhadi, A., 2016. You Only Look Once: Unified, RealTime Object Detection. In: Proceedings of the 2016 IEEE Conference on Computer Vision
and Pattern Recognition. Las Vegas, NV, United States, 779–788.
Ren, S., He, K., Girshick, R., and Sun, J., 2015. Faster R-CNN: Towards Real-Time Object
Detection with Region Proposal Networks. In: Advances in Neural Information Processing
Systems. Montreal, Canada, 91–99.
RIBA, 1963. RIBA Plan of Work. London, United Kingdom: Royal Institute of British Architects.
RIBA, 2013. RIBA Plan of Work. London, United Kingdom: Royal Institute of British Architects.
RIBA, 2015. The RIBA Business Benchmarking Report 2015. London, United Kingdom: Royal
Institute of British Architects.
RIBA Research Steering Group, 1991. A Research Report for the Architectural Profession. In: F.W.
Duffy, ed. Architectural Knowledge: The Idea of a Profession. London, United Kingdom:
E. & F. N. Spon, 166–170.
Roberts, P., 2001. Who Is Post-Occupancy Evaluation For? Building Research & Information, 29
(6), 463–465.
Rokach, L. and Maimon, O.Z., 2008. Data Mining with Decision Trees: Theory and Applications.
Singapore: World Scientific.
Ronchi, E. and Nilsson, D., 2013. Fire Evacuation in High-Rise Buildings: A Review of Human
Behaviour and Modelling Research. Fire science reviews, 2 (1), 7.
Rosebrock, A., 2015a. My imutils package: A series of OpenCV convenience functions [online].
PyImageSearch. Available from: https://www.pyimagesearch.com/2015/02/02/just-opensourced-personal-imutils-package-series-opencv-convenience-functions/.

267

Rosebrock, A., 2015b. Basic motion detection and tracking with Python and OpenCV [online].
PyImageSearch. Available from: https://www.pyimagesearch.com/2015/05/25/basicmotion-detection-and-tracking-with-python-and-opencv/.
Rosebrock, A., 2017. Object Detection with Deep Learning and OpenCV [online]. PyImageSearch.
Available

from:

https://www.pyimagesearch.com/2017/09/11/object-detection-with-

deep-learning-and-opencv/.
Rosebrock, A., 2018. OpenCV People Counter [online]. PyImageSearch. Available from:
https://www.pyimagesearch.com/2018/08/13/opencv-people-counter/.
Rothe, R., Guillaumin, M., and Van Gool, L., 2015. Non-maximum Suppression for Object
Detection by Passing Messages Between Windows. In: D. Cremers, I. Reid, H. Saito, and
M.-H. Yang, eds. Computer Vision ACCV 2014. Cham, Switzerland: Springer International
Publishing, 290–306.
Ryn, S.V.D. and Silverstein, M., 1967. Dorms at Berkeley. Berkeley, CA, United States: University
of California, Center for Planning and Research.
Ryu, S.H. and Moon, H.J., 2016. Development of an Occupancy Prediction Model Using Indoor
Environmental Data Based on Machine Learning Techniques. Building and Environment,
107, 1–9.
Sagun, A., Bouchlaghem, D., and Anumba, C.J., 2011. Computer Simulations Vs. Building
Guidance to Enhance Evacuation Performance of Buildings During Emergency Events.
Simulation Modelling Practice and Theory, 19 (3), 1007–1019.
Sailer, K., Koutsolampros, P., Zaltz Austwick, M., Varoudis, T., and Hudson-Smith, A., 2016.
Measuring Interaction in Workplaces. In: N.S. Dalton, H. Schnädelbach, M. Wiberg, and
T. Varoudis, eds. Architecture and Interaction. Cham, Switzerland: Springer International
Publishing, 137–161.
Sailer, K. and McCulloh, I., 2012. Social Networks and Spatial Configuration—How Office Layouts
Drive Social Interaction. Social Networks, 34 (1), 47–58.
Sanscartier, J., 2018. Fumihiko Maki on Conscious Design [online]. MISC Magazine. Available
from: https://miscmagazine.com/fumihiko-maki-conscious-design/.
Scarletto, E.A., Burhanna, K.J., and Richardson, E., 2013. Wide Awake at 4AM: A Study of Late
Night User Behavior, Perceptions and Performance at an Academic Library. The Journal
of Academic Librarianship, 39 (5), 371–377.

268

Schakib-Ekbatan, K., Çakıcı, F.Z., Schweiker, M., and Wagner, A., 2015. Does the Occupant
Behavior Match the Energy Concept of the Building? – Analysis of a German Naturally
Ventilated Office Building. Building and Environment, 84, 142–150.
Schweiker, M., Carlucci, S., Andersen, R.K., Dong, B., and O’Brien, W., 2018. Occupancy and
Occupants’ Actions. In: A. Wagner, W. O’Brien, and B. Dong, eds. Exploring Occupant
Behavior in Buildings: Methods and Challenges. Cham, Switzerland: Springer International
Publishing, 7–38.
Schweiker, M. and Shukuya, M., 2010. Comparative Effects of Building Envelope Improvements
and Occupant Behavioural Changes on the Exergy Consumption for Heating and Cooling.
Energy Policy, 38 (6), 2976–2986.
Shalev-Shwartz, S. and Ben-David, S., 2014. Understanding Machine Learning: From Theory to
Algorithms. Cambridge, United Kingdom: Cambridge University Press.
Shapiro, B.R. and Hall, R.P., 2017. Interaction Geography in a Museum. In: Proceedings of the
2017 CHI Conference on Human Factors in Computing Systems. Denver, CO, United
States, 2076–2083.
Shipworth, D. and Huebner, G., 2018. Designing Research. In: Exploring Occupant Behavior in
Buildings: Methods and Challenges. Cham, Switzerland: Springer International Publishing,
39–76.
Simpson, H. and Given, L., 2013. Mapping User’s Activities and Space Preferences in the
Academic Business Library. In: Proceedings of the Annual Conference of the Canadian
Association for Information Science. Victoria, Canada.
SMG, 2006. Space Utilisation: Practice, Performance and Guidelines. London, United Kingdom:
UK Higher Education Space Management Project, No. 2006/38.
Solichin, A., Harjoko, A., and Putra, A.E., 2014. A Survey of Pedestrian Detection in Video. Neural
Networks, 2, 8.
Sommer, B.B. and Sommer, R., 1997. A Practical Guide to Behavioral Research: Tools and
Techniques. New York, NY, United States: Oxford University Press.
Sommer, R., 1969. Personal Space: The Behavioral Basis of Design. Englewood Cliffs, NJ, United
States: Prentice-Hall.
Sorensen, H., 2003. The Science of Shopping. Marketing Research, 15 (3), 30.

269

Spataru, C. and Gillott, M., 2011. The Use of Intelligent Systems for Monitoring Energy Use and
Occupancy in Existing Homes. Intelligent Buildings International, 3 (1), 24–31.
Spreckelmeyer, K., 1987. Environmental Programming. In: Methods in environmental and
behavioral research. New York, NY, United States: Van Nostrand Reinhold, 247–269.
Stauffer, C. and Grimson, W.E.L., 1999. Adaptive Background Mixture Models for Real-Time
Tracking. In: Proceedings of the 1999 IEEE Computer Society Conference on Computer
Vision and Pattern Recognition. Fort Collins, CO, United States, 246–252.
Stazi, F. and Naspi, F., 2018. Impact of Occupants’ Behaviour on Zero-Energy Buildings. Cham,
Switzerland: Springer International Publishing.
Stazi, F., Naspi, F., and D’Orazio, M., 2017. A Literature Review on Driving Factors and Contextual
Events Influencing Occupants’ Behaviours in Buildings. Building and Environment, 118,
40–66.
Stevens, S., 2001. Intelligent Facades: Occupant Control and Satisfaction. International Journal of
Solar Energy, 21 (2–3), 147–160.
Stevenson, F., 2019. Embedding Building Performance Evaluation in UK Architectural Practice
and Beyond. Building Research & Information, 47 (3), 305–317.
Stokols, D., 1972. On the Distinction Between Density and Crowding: Some Implications for Future
Research. Psychological Review, 79 (3), 275–277.
Stokols, D. and Scharf, T., 1990. Developing Standardized Tools for Assessing Employees’
Ratings of Facility Performance. In: Performance of Buildings and Serviceability of
Facilities. West Conshohocken, PA, United States: ASTM International, 55–79.
Stopczynski, A., Larsen, J.E., Lehmann, S., Dynowski, L., and Fuentes, M., 2013. Participatory
Bluetooth Sensing: A Method for Acquiring Spatio-Temporal Data About Participant
Mobility and Interactions at Large Scale Events. In: Proceedings of the 2013 IEEE
International Conference on Pervasive Computing and Communications. San Diego, CA,
United States, 242–247.
Structurae, 2009. Structurae - International Database and Gallery of Structures [online].
Structurae. Available from: https://structurae.net/en/.
Su, S.-Z., Li, S.-Z., Chen, S.-Y., Cai, G.-R., and Wu, Y.-D., 2012. A Survey on Pedestrian Detection.
Dianzi Xuebao (Acta Electronica Sinica), 40 (4), 814–820.

270

Subetha, T. and Chitrakala, S., 2016. A Survey on Human Activity Recognition from Videos. In:
Proceedings of the 2016 International Conference on Information Communication and
Embedded Systems. Chennai, India, 1–7.
Sullivan, C.C. and Abarbanel-Grossman, A., 2019. Smart Buildings Take Hold. Building Design +
Construction, (February), 29–35.
Symonds, P., 2014. The Complexities of Human Wayfinding in Airports. Wales, United Kingdom:
Cardiff Metropolitan University.
Tagliabue, L.C., Manfren, M., Ciribini, A.L.C., and De Angelis, E., 2016. Probabilistic Behavioural
Modeling in Building Performance Simulation—the Brescia eLUX Lab. Energy and
Buildings, 128, 119–131.
Takakuwa, S. and Oyama, T., 2003. Simulation Analysis of International-Departure Passenger
Flows in an Airport Terminal. In: Proceedings of the 2003 Winter Simulation Conference.
New Orleans, LA, United States, 1627–1634.
Tam, V.W.Y., Almeida, L., and Le, K., 2018. Energy-Related Occupant Behaviour and Its
Implications in Energy Use: A Chronological Review. Sustainability, 10, 2635–2655.
Ting, K.M., 2011. Precision and Recall. In: Encyclopedia of Machine Learning. New York, NY,
United States: Springer International Publishing, 781.
Toftum, J., 2010. Central Automatic Control or Distributed Occupant Control for Better Indoor
Environment Quality in the Future. Building and Environment, 45 (1), 23–28.
Toftum, J., Wyon, D.P., Svanekjaer, H., and Lantner, A., 2005. Remote Performance Measurement
(RPM) A New Internet Based Method for the Measurement of Occupant Performance in
Office Buildings. In: Proceedings of Indoor Air 2005. Beijing, China, 357–361.
Tomé, A., Heitor, T., and Nunes, M., 2015. Computer Vision of Mobility: Towards a Space-Use
Analysis Method. Environment and Planning B: Planning and Design, 42 (5), 830–856.
Tomé, A., Kuipers, M., Pinheiro, T., Nunes, M., and Heitor, T., 2015. Space–Use Analysis Through
Computer Vision. Automation in Construction, 57, 80–97.
Tsukamoto, Y., Kaijima, M., and Atorie Wan, 2010. Behaviorology. New York, NY, United States:
Rizzoli.
Turley, L.W. and Milliman, R.E., 2000. Atmospheric Effects on Shopping Behavior: A Review of
the Experimental Evidence. Journal of Business Research, 49, 193–211.

271

Turner, A., 2004. Depthmap 4 - A Researcher’s Handbook. London, United Kingdom: Bartlett
School of Architecture, University College London.
Turpin‐Brooks, S. and Viccars, G., 2006. The Development of Robust Methods of Post Occupancy
Evaluation. Facilities, 24 (5/6), 177–196.
TWBTA, 2016. Andlinger Center for Energy and the Environment [online]. od Williams Billie Tsien
Architects. Available from: http://twbta.com/work/andlinger-center-for-energy-and-theenvironment#.
TWBTA, 2017. Andlinger Center for Energy and the Environment Floor Plans. Digital drawing.
Tzortzi, K., 2004. Building and Exhibition Layout: Sainsbury Wing Compared with Castelvecchio.
Architectural Research Quarterly, 8 (2), 128–140.
Veitch, J.A., Farley, K.M.J., and Newsham, G.R., 2002. Environmental Satisfaction in Open-Plan
Environments: 1. Scale Validation and Methods. Ottawa, Canada: National Research
Council Canada.
Verbraeck, A. and Valentin, E., 2002. Simulation Building Blocks for Airport Terminal Modeling. In:
Proceedings of the 2002 Winter Simulation Conference. San Diego, CA, United States,
1199–1206.
Verma, H., Alavi, H.S., and Lalanne, D., 2017. Studying Space Use: Bringing HCI Tools to
Architectural Projects. In: Proceedings of the 2017 CHI Conference on Human Factors in
Computing Systems. Denver, CO, United States, 3856–3866.
Viola, P. and Jones, M., 2001. Rapid Object Detection Using a Boosted Cascade of Simple
Features. In: Proceedings of the 2001 IEEE Computer Society Conference on Computer
Vision and Pattern Recognition. Kauai, HI, United States, I:511-I:518.
Viola, P., Jones, M.J., and Snow, D., 2005. Detecting Pedestrians Using Patterns of Motion and
Appearance. International Journal of Computer Vision, 63 (2), 153–161.
Vischer, J., 2001. Post Occupancy Evaluation: A Multifaceted Tool for Building Improvement. In:
Federal Facilities Council, ed. Learning from our Buildings: A State of the Practice
Summary of Post Occupancy Evaluation. Washington, DC, United States: National
Academy Press, 23–34.
Vishwakarma, S. and Agrawal, A., 2013. A Survey on Activity Recognition and Behavior
Understanding in Video Surveillance. The Visual Computer, 29 (10), 983–1009.

272

Wagner, A., O’Brien, W., and Dong, B., 2017. Exploring occupant behavior in buildings: Methods
and Cahllenges. New York, NY: Springer.
Wagner, A., O’Brien, W., and Dong, B., eds., 2018. Exploring Occupant Behavior in Buildings.
Cham, Switzerland: Springer International Publishing.
Wang, S., 2011. A Review of Gradient-Based and Edge-Based Feature Extraction Methods for
Object Detection. In: Proceedings of the 11th International Conference on Computer and
Information Technology. Paphos, Cyprus, 277–282.
Wang, Y. and Shao, L., 2018. Understanding Occupancy and User Behaviour Through Wi-FiBased Indoor Positioning. Building Research & Information, 46 (7), 725–737.
Weidemann, S., 2019. Personal interview. Phone call.
Wener, R., McCunn, L., and Senick, J., 2016. Did that Plan Work? Post Occupancy Evaluation. In:
Research Methods for Environmental Pyschology. Chichester, United Kingdom: John
Wiley & Sons, 249.
Wener, R.E. and Keys, C., 1988. The Effects of Changes in Jail Population Densities on Crowding,
Sick Call, and Spatial Behavior1. Journal of Applied Social Psychology, 18 (10), 852–866.
Westin, A., 1967. Privacy and Freedom. New York, NY, United States: Athenum.
Whyte, W.H., 1980. The Social Life of Small Urban Spaces. Washington, DC, United States: The
Conservation Foundation.
Williams, A., 2017. Julis Romo Rabinowitz Building & Louis A. Simpson International Building.
Digital photography.
Williams, M., Burry, J., and Rao, A., 2014. Understanding Social Behaviors in the Indoor
Environment: A Complex Network Approach. In: Proceedings of the 2014 Annual
Conference of the Association for Computer Aided Design in Architecture. Los Angeles,
CA, United States, 671–680.
Williams, M., Burry, J., Rao, A., and Williams, N., 2015. A System for Tracking and Visualizing
Social Interactions in a Collaborative Work Environment. In: Proceedings of the
Symposium on Simulation for Architecture & Urban Design. Alexandria, VA, United States,
1–4.
Wineman, J.D., Kabo, F.W., and Davis, G.F., 2009. Spatial and Social Networks in Organizational
Innovation. Environment and Behavior, 41 (3), 427–442.

273

Wineman, J.D. and Peponis, J., 2010. Constructing Spatial Meaning: Spatial Affordances in
Museum Design. Environment and Behavior, 42 (1), 86–109.
Winkel, G.H. and Sasanoff, R., 1966. An Approach to an Objective Analysis of Behavior in
Architectural Space. Seattle, WA, United States: College or Architecture and Urban
Planning, University of Washington.
Womble, S.E., Girman, J.R., Ronca, E.L., Axelrad, R., Brightman, H.S., and Mccarthy, J.F., 1995.
Developing Baseline Information on Buildings and Indoor Air Quality. In: Proceedings of
Healthy Buildings ‘95. Milano, Italy, 1–8.
Worpole, K., 2013. Contemporary Library Architecture: A Planning and Design Guide. New York,
NY, United States: Routledge.
Yaeli, A., Bak, P., Feigenblat, G., Nadler, S., Roitman, H., Saadoun, G., Ship, H.J., Cohen, D.,
Fuchs, O., Ofek-Koifman, S., and Sandbank, T., 2014. Understanding Customer Behavior
Using Indoor Location Analysis and Visualization. IBM Journal of Research and
Development, 58 (5/6), 3:1-3:12.
Yalowitz, S.S. and Bronnenkant, K., 2009. Timing and Tracking: Unlocking Visitor Behavior. Visitor
Studies, 12 (1), 47–64.
Yan, D., Hong, T., Dong, B., Mahdavi, A., D’Oca, S., Gaetani, I., and Feng, X., 2017. IEA EBC
Annex 66: Definition and Simulation of Occupant Behavior in Buildings. Energy and
Buildings, 156, 258–270.
Yan, D., O’Brien, W., Hong, T., Feng, X., Burak Gunay, H., Tahmasebi, F., and Mahdavi, A., 2015.
Occupant Behavior Modeling for Building Performance Simulation: Current State and
Future Challenges. Energy and Buildings, 107, 264–278.
Yavari, E., Jou, H., Lubecke, V., and Boric-Lubecke, O., 2013. Doppler Radar Sensor for
Occupancy Monitoring. In: Proceedings of the IEEE 13th Topical Meeting on Silicon
Monolithic Integrated Circuits in RF Systems (SiRF). Presented at the IEEE 13th Topical
Meeting on Silicon Monolithic Integrated Circuits in RF Systems (SiRF), Austin, TX, 216–
218.
Zagreus, L., Huizenga, C., Arens, E., and Lehrer, D., 2004. Listening to the Occupants: A WebBased Indoor Environmental Quality Survey. Indoor Air, 14 (s8), 65–74.
Zalesny, M.D. and Farace, R.V., 1987. Traditional Versus Open Offices: A Comparison of
Sociotechnical, Social Relations, and Symbolic Meaning Perspectives. Academy of
Management Journal, 30 (2), 240–259.

274

Zeisel, J., 2006. Inquiry by Design: Environment/Behavior/Neuroscience in Architecture, Interiors,
Landscape, and Planning. New York, NY, United States: W.W. Norton & Company.
Zhang, H., Arens, E., and Zhai, Y., 2015. A Review of the Corrective Power of Personal Comfort
Systems in Non-Neutral Ambient Environments. Building and Environment, 91, 15–41.
Zhang, H.-B., Zhang, Y.-X., Zhong, B., Lei, Q., Yang, L., Du, J.-X., and Chen, D.-S., 2019. A
Comprehensive Survey of Vision-Based Human Action Recognition Methods. Sensors, 19
(5), 1005–1025.
Zhang, S., Wei, Z., Nie, J., Huang, L., Wang, S., and Li, Z., 2017. A Review on Human Activity
Recognition Using Vision-Based Method. Journal of healthcare engineering.
Zhang, Y., Bai, X., Mills, F.P., and Pezzey, J.C.V., 2018. Rethinking the Role of Occupant Behavior
in Building Energy Performance: A Review. Energy and Buildings, 172, 279–294.
Zhao, J., 2014. Occupant Behavior and Schedule Modeling for Building Energy Simulation
Through Office Appliance Power Consumption Data Mining. Energy and Buildings, 82,
341–355.
Zimmerman, A. and Martin, M., 2001. Post-Occupancy Evaluation: Benefits and Barriers. Building
Research & Information, 29 (2), 168–174.
Zimring, C.M. and Reizenstein, J.E., 1980. Post-Occupancy Evaluation: An Overview. Environment
and Behavior, 12 (4), 429–450.
Zivkovic, Z. and van der Heijden, F., 2006. Efficient Adaptive Density Estimation Per Image Pixel
for the Task of Background Subtraction. Pattern Recognition Letters, 27 (7), 773–780.
Zou, J., Zhao, Q., and Cong, R., 2017. Occupancy Measurement by Object Tracking at Building
Entrances. In: Proceedings of the 36th Chinese Control Conference. Dalian, China, 11086–
11091.
Zou, J., Zhao, Q., Yang, W., and Wang, F., 2017. Occupancy Detection in the Office by Analyzing
Surveillance Videos and Its Application to Building Energy Conservation. Energy and
Buildings, 152, 385–398.

275

