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ABSTRACT 

Buildings have become one of the most energy-intensive sectors globally, contributing to 

about one-third of the worldwide energy consumption. The response to growing global 

concerns regarding energy-use has prompted the building sector to develop strategies for 

energy efficiency and investigate potential areas for optimizing building energy performance. 

The research efforts have highlighted several underlying factors that are attributed to this 

performance. Occupant Behavior (OB), or the way people interact with building systems, was 

found to have significant influence on building’s performance, and further investigations 

revealed the lack of understanding the sector has regarding this phenomenon. Moreover, 

considerations of building occupants during the design stage rely on simplistic or 

deterministic approaches that do not provide an accurate representation of occupants. This 

challenge is also present in building performance simulation tools that are used to develop 

policies and provide recommendations for enhancing building energy efficiency. The lack of 

provisions for a dynamic human-building interaction is often attributed to the gap in expected 

and actual performance of buildings. The difficulties in addressing the topic arise from OB 

being a complex culmination of several phenomenon, including the occupant’s presence, 

movement, actions, clothing, habits, social parameters and other contextual factors. 

Consolidated research efforts in this area, such as the International Energy Agency’s Annex 

reports highlight the need for improving the accuracy of monitoring and modeling OB. Key 

recommendations also include the investigation and inclusion of social factors underlying OB, 

which are often neglected or underreported in energy research. 

This thesis aims to provide a better understanding of OB by analyzing several aspects of it, in 

diverse contexts and settings. The work carried out can be categorized into three topics: OB 

Monitoring, OB Profiles, OB Modelling. The first one of these comprises of case studies 

using diverse methods to monitor and analyze occupants in different built environments. The 

second one focuses on the preparatory work needed for developing OB models, by creating 

occupant profiles, databases, and frameworks. The last one aims to provide insight and 

recommendations regarding the modelling and simulation part. The four research questions 

framed under these categories and their outputs can be summarized as follows: 
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How to monitor and analyze the impacts of occupant behavior in different spaces: Three 

distinct case studies were carried out to answer this question. The work consisted of using 

multiple sensing modalities to monitor occupant presence, energy-use, movement, and 

activities. Each study provided a unique perspective, with the first one using a combination of 

PIR and environmental sensors to collect and examine granular device-level, office-level, and 

occupant-level data in a shared office space. The second one made use of depth registration to 

monitor occupant influences in an operating room, and the last study focused on capturing an 

extensive activity-based dataset for smart homes. Since the lack of shared standards and 

benchmark datasets is another challenge in the development of guidelines and models, one of 

the goals of these studies was also to provide benchmark datasets that are available for a 

broader use. 

How can the social aspects of OB be evaluated for modelling/simulation purposes: The 

research question was divided into three tasks, starting with the development of a hypothetical 

framework and extended Theory of Planned behavior model, which was useful in quantifying 

the social aspects. The second task put this model in implementation, by collecting data 

through surveys and analyzing the factors that influence people's behavior. The investigation 

process involved creating structural equation models, regressions, and path analysis. 

Regression was found to be the best fit, while path analysis was acceptable. Influence factors 

for occupant's energy-related behaviors were obtained for each building system. The addition 

of additional variables improved the predicting power of current models. The framework and 

evaluation of variables led to the creation of OB profiles, supported by analysis highlighting 

valid and significant variables. The k-modes clustering technique yielded suitable clusters for 

modelling purposes. 

How can the social aspects of OB be modelled/simulated: An important part of this thesis 

was incorporating an interdisciplinary approach, connecting social behavioral theories to the 

engineering aspects of modeling and simulation. Addressing this question required assessing 

modeling techniques that would be best suited to include the diversity and flexibility required 

to include social aspects. Agent-based models were used to simulate this aspect, which proved 

capable of executing the already defined fixed and static models while also accommodating 

the diversity of OB.  
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What kinds of prerequisites are needed to map environmental layouts around the 

occupant: This question was part of a broader study aimed at developing a hypothetical OB 

model that attempts to address multiple modeling requirements for OB, a part of which was to 

simulate the environment around the occupant. The work carried out in this thesis aimed to 

map occupant environmental layouts in a room by identifying seven variables for a library 

and developing a Matlab application for spatial information collection. The library was tested 

using a sample dataset of 80 offices at NTNU. A database was created to connect the 

information generated from this study to larger models, which were expanded to include other 

datasets from previous studies.  

By addressing these questions, this thesis was able to contribute to a broader understanding on 

the subject of occupant behavior, providing insights about the monitoring and modelling 

process, and highlighting additional challenges in the subject. The findings may contribute to 

a better design of building operation and management that places its occupants at the center.  
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1 INTRODUCTION 

The rise in global energy-use has led to worldwide concerns and calls for sustainable 

transitions across several disciplines. The building industry is a significant contributor to this 

consumption, and as such, sustained effort has been directed to implement energy efficient 

technologies in the whole life cycle of buildings. An integral part of the building are its users, 

or occupants, and the interactions between them and the building systems have a major impact 

on the building’s energy consumption. This interaction has been the focus of several research 

efforts during the last decade, and there still exist several gaps in the understanding of this 

human-building interaction. This thesis aims to explore aspects of this interaction, to provide 

understanding of occupant behaviors, and lay the groundwork for developing models of the 

same. 

1.1 Motivation 

The last few decades have seen buildings emerge as one of the most energy-intensive sectors 

with regards to global energy consumption, contributing to about one-third of the total figure 

[1]. The same sector has also been responsible for 39% of the nationwide consumption in the 

United States, and 40% on average in countries part of the European Union [2][3]. These 

numbers are projected to be increasing at a higher rate as well. In the global context, there is a 

need to shift towards strategies that drive a more sustainable future, which is perhaps best 

reflected in the United Nations Sustainable Development Goals, that advocate for more 

energy efficient technologies and responsible consumption [4]. This has led to an increase in 

efforts to optimize and bolster energy efficiency in buildings, which have taken the form of 

certification programs, energy codes, financial and other incentives etc. The advent of low-

energy or zero-energy buildings contribute to the same cause as well. However, in operation, 

it has been found that buildings far exceed their expected consumption, and this gap is more 

pronounced in low-energy buildings [5][6]. In addition, studies have indicated that building 

energy consumption is driven by several diverse factors, such as engineering technology, 

geographical context, local climate, cultural background, social equity, occupant behavior 

(OB), and more [7,8]. In order to advance energy-efficient strategies, it becomes imperative to 

have an understanding of the underlying factors. 
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Over the past decade, a central underlying theme has surfaced to the forefront, due to the 

consolidated efforts of several global researchers and scientists. The theme is that of occupant 

behavior, that is, the way that users/occupants interact with building systems [9]. The 

International Energy Agency (IEA) has had multiple annexes devoted to the task, under the 

Energy in Buildings and Communities (EBC) program, wherein researchers have studied, 

analyzed, and documented this branch of study in detail. It has been evident that OB plays a 

defining role in influencing the total consumption of buildings. This role has been 

documented by several studies that demonstrated the differences in OB that can lead to 

significant changes in the resulting building energy consumption, whether it is through 

monitoring different occupants, or developing energy models with different occupant profiles 

[10][11]. This behavior, however, is multifaceted in terms of the interaction with different 

kinds of building systems, varied building physics and available technology, and needs to be 

studied accordingly. Moreover, efforts directed at building energy management have adopted 

approaches that classify the building into certain seasonal or temporal cycles, or gauge the 

end-use of different building types, with the goal of reducing or optimizing the energy 

consumption. Such strategies have been met with counter proposals that argue for a more 

holistic approach that considers each influential component of the building system to arrive at 

a sustainable building design. This approach gives space for including OB, which is one of 

the main sources of uncertainty in building energy consumption [12]. In addition, 

discrepancies between the expected and actual performance of buildings can often be 

attributed to oversimplification in occupant’s presence and schedules [13]. 

A significant approach to tackle these issues is by using building performance simulation 

(BPS) programs to identify the needs and schedules of the users and efficiently improve the 

design and operation of buildings. Coupled with simulations, recommendations regarding 

energy saving measures and improving comfort of the users benefit occupants as well as the 

building facility managers. In addition, the results of these simulations provide better decision 

support, including policy support, early phase design support and multi-scale approaches from 

construction detail to district level. These programs include the modelling and evaluation of 

different systems in buildings, such as the thermal or electric systems [14]. The models in 

simulation sciences have had considerable advances in the past few decades. Physical 

phenomena are being represented by increasingly sophisticated algorithmic domain models. 

Geometrical representation of the building components, elements etc. has achieved substantial 
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progress [15], and so has the representation of dynamic boundary conditions. Compared to 

these developments, implemented models of people in buildings have been rather simplistic, 

making use of fixed and static schedules, which are not accurately representative of OB [16]. 

In addition, the lack of shared methods and standards represents another challenge in this 

field. These challenges invoke the need for sustained research and development efforts for 

improving OB models.  

As identified in the IEA EBC Annex 66 report, current research needs to be directed at 

improving the accuracy of monitoring occupants and simulating procedures involving OB 

[17]. Key directions highlighted by the experts in the community include occupant monitoring 

and data collection, model development, model evaluation, and integration into building 

simulation tools. This thesis aims to provide insight into the first two directions. The first of 

which is to conduct case studies of occupants in different settings of the built environment, 

such as private/shared office spaces, residential areas, and specialized zones like hospital 

rooms. These studies use a range of data acquisition techniques to extract information about 

several different aspects of occupant behavior, ranging from movement, presence, activities, 

and energy-use behaviors. 

The second key direction concerns OB modeling, which has its complications based in the 

diverse set of actions as well the different aspects of the OB itself. The complexity and 

uncertainty in this field stem from the fact that OB contains various similitudes in the form of 

presence, movement, activity level, comfort level, social influences etc., and detailed attention 

has to be given to each of these in order to construct a complete individual profile. 

Furthermore, OB models tend to focus on the physical occupant interactions, neglecting the 

socio-psychological factors that drive them [18]. This thesis aims to provide a bridge between 

social behavioral theories and OB models, by identifying influencing factors and datasets that 

need to be used to prepare profiles for a proposed agent-based modelling approach. The 

studies in this thesis also focus on other aspects of OB such as their movement and 

surroundings, and the preparatory work and profiles needed in order to construct the models. 

This thesis is also a part of the overarching work proposed by Dziedzic [19], wherein a 

bottom-up approach would be used to combine a series of simulators based on different 

aspects of OB. Such an undertaking is vast in scope and would need significant effort directed 

at each relevant topic, taking into consideration the datasets that need to be collected for each 

OB aspect, the sensing modalities to be used, the privacy implications, suitable data 
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processing techniques, model development and validation, and so on. Through the questions 

raised and studies undertaken, this thesis also aims to contribute to the body of knowledge 

required to build such a holistic model. 
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1.2 Research questions and research tasks 

Occupant behavior is a result of diverse, multidisciplinary phenomenon, and the approach to 

modelling OB needs to consider several different aspects of it. This thesis aims to understand 

and analyze OB with regards to several diverse contexts and settings. The three main areas 

explored in the study were related to:  

(i) OB monitoring: conducting case studies that use diverse modes of data acquisition to 

monitor and analyze OB in various settings of the built environment 

(ii) OB Profiles: Collecting occupant behavioral data with regards to their environmental 

layouts, social influences, movement, and energy-use habits, in order to generate profiles for, 

and conduct preparatory work for OB modeling 

(iii) OB Modeling/Simulation: Develop an agent-based model based on (2) to simulate the 

social aspect of OB. 

Figure 1-1 provides a visual description of the three research areas in focus. 

 

 

Figure 1-1. Research Areas 

The following four questions were considered to achieve the objective of this thesis, each 

accompanied by a set of tasks outlined to answer them: 
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Question 1.  How to monitor and analyze the impacts of occupant behavior in different 

spaces? 

Task 1.1: Case study monitoring and analyzing occupant presence, and energy-use patterns 

in shared office spaces 

Task 1.2: Case study in Living Lab to collect data regarding activities of daily living 

Task 1.3 Case study on influence of OB in operating rooms 

Question 2.  How can the social aspects of OB be evaluated for modelling/simulation 

purposes? 

Task 2.1: Perform a literature review to understand the extent of social influences and the 

tools/methodologies that are used to assess it. Develop a framework for measuring these 

influences in the context of energy-related occupant behavior in buildings. 

Task 2.2: Conduct a study to collect data regarding social aspects of OB and analyze it to 

identify significant factors 

Task 2.3 Analyze different factors and clustering strategies to develop behavioral profiles to 

be used for modelling purposes 

Question 3.  How can the social aspects of OB be modelled/simulated? 

Task 3.1: Develop agent-based models using the profiles generated from (Q2) to conduct a 

proof-of-concept study for OB modelling. 

Task 3.2: Develop ABMs targeted at diversity in OB models 

Question 4. What kinds of prerequisites are needed to map environmental layouts 

around the occupant? 

Task 4: Analyze variables required to construct a library for a zone/floor layout simulator. 

Develop an application for geometric data collection and conduct a study for developing a 

database for zone layout simulator. 

Figure 1-2 categorizes the research questions and task into their respective research areas. 
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1.3 Structure of the thesis 

The rest of the thesis is structured as follows: Chapter 2 introduces the background of the 

different topics covered in the study, in an order that explains the progression of the thesis. 

The next three chapters follow the theme that is highlighted in Figure 1-1. As shown in the 

figure, there are three main areas of research covered in the study (OB monitoring, OB 

profiles and preparatory work, OB modelling), and each of the chapters is segregated based 

on these themes. Chapter 3 explains the methodology for the OB monitoring case studies, the 

preparatory work for OB models, the investigation and evaluation of the social aspects, and 

finally the models developed. Chapter 4 then presents the results for each of these sections. 

Chapter 5 outlines the main conclusions, provides the key limitations, and the considerations 

for the future work.  
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1.4 List of publications 

The foundation of this thesis is built on a collection of nine papers, six of which were journal 

articles, and the remaining three were part of conference proceedings. An overview of these 

articles is presented in Figure 1-3. Here, they are distinguished between primary papers and 

supporting papers, wherein the primary papers address the key research questions, and 

supporting papers provide preparatory work for the former, along with additional insights 

around the subject of Occupant Behavior. Each paper addressed one or more of the following 

five different aspects of Occupant Behavior (OB):  

• Presence: Having to do with the occupant’s presence within an area 

• Social: Effects and influences that the occupant has from their beliefs, perceptions, 

or other people around them 

•  Environmental: Interaction of the occupant with their immediate surroundings, or 

influences that an occupant can have on them. 

•  Activity: General activities that an occupant undertakes, specifically categorized 

based on the zone/room they occupy. 

• Energy-use: More specific activities that directly impact energy-use, such as plug 

loads, lighting, heating/cooling, or intention to perform these. 

The papers included in the thesis are listed below, along with the author’s contributions to 

each: 

Primary Papers 

Paper 1 

Annaqeeb M K, Dziedzic J W, Yan D, Novakovic V. Exploring the tools and methods to 

evaluate influence of social groups on individual occupant behavior with impact on energy 

use. Proceedings of the IOP Conference Series: Earth and Environmental Science. 2019; 352 

(1): 012044. 

Contribution: This paper presented a review of the social features in energy-related OB, and 

their significance. The author was responsible for preparing the conceptual framework, 

conducting the literature search, and original draft. Jakub Dziedzic, Da Yan and Vojislav 

Novakovic reviewed and commented on the article. 



INTRODUCTION 

10 
 

• Review of social features in energy-related OB, and their significance 

• Developed conceptual framework on tools to assess social aspect of OB 

• Preliminary factors identified to investigate topic 

• Aspects of OB addressed: Social 

Paper 2 

Annaqeeb M K, Markovic R, Novakovic V, Azar E. Non-intrusive data monitoring and 

analysis of occupant energy-use behaviors in shared office spaces. IEEE Access, 2020; 

8:141246-141257. 

Contribution: This paper developed a framework for monitoring OB with regards to energy-

use in shared offices. The conceptualization was done in collaboration with Elie Azar. The 

author conducted the experiment, data collection and processing, formal analysis, and wrote 

the original draft. Data visualization was done with Romana Markovic. Elie Azar Vojislav 

Novakovic reviewed and commented on the work. 

• Framework for monitoring OB with regards to energy-use in shared offices 

• Case-study using sensors to monitor OB, environmental parameters and Miscellaneous 

Electric Loads  (MELs) 

• Analysis of MEL energy-use behaviors 

• Aspects of OB addressed: Presence | Environment | Energy-use 

• Methods: Sensors 

Paper 3 

Annaqeeb M K, Azar E, Yan D, Novakovic V. Evaluating occupant perceptions of their 

presence and energy-use patterns in shared office spaces. Proceedings of the 16th Conference 

of the International Society of Indoor Air Quality and Climate: Creative and Smart Solutions 

for Better Built Environments, Indoor Air 2020. 

Contribution: This paper is based on the conceptual framework developed in Paper 1, and 

parts of its datasets are from the experiment conducted in Paper 2. These were used to develop 

profiles for occupant presence and energy-use and perform a comparative analysis. The 

conceptualization was done with Vojislav Novakovic. The author conducted the formal 

analysis, visualizations, and wrote the original draft. Elie Azar, Da Yan, and Vojislav 

Novakovic reviewed and commented on the paper. 
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• Use of conceptual framework from Paper 1 

• Developed profiles for occupant presence and energy-use 

• Comparative analysis of OB profiles (standard, perceptual, actual) 

• Aspects of OB addressed: Presence | Social | Energy-use 

• Methods: Surveys | Sensors 

Paper 4 

Annaqeeb M K, Das A, Arpan L, Novakovic V. Evaluating and Modeling Social Aspects of 

Occupant Behavior in Buildings: An Agent-Based Modeling Approach (To be submitted to 

Building Research and Information) 

Contribution: This paper was an interdisciplinary study connecting social behavioral theories 

with engineering applications. The idea was developed with Laura Arpan, Anooshmita Das 

and Vojislav Novakovic. The author, along with Laura Arpan, developed the theoretical 

model and survey design, who also guided the data analysis and structural equation modeling. 

The data collection, processing, analysis, modelling, and writing were conducted by the 

author. Anooshmita Das developed the profiles and assisted in the data collection and 

analysis. All the authors reviewed and commented on the article. 

• Proof-of-concept study in using Agent-Based Models for social models in OB 

• Investigating influence factors for social aspects in OB 

• Developing profiles for social models 

• Aspects of OB addressed: Social | Energy-use 

• Methods: Surveys 

Paper 5 

Annaqeeb M K, Dziedzic J W, Yan D, Novakovic V. Development of a Library for Building 

Surface Layout Simulator. Proceedings of the 11th the International Symposium on Heating, 

Ventilation and Air Conditioning (ISHVAC). 2019;1137-1144.  

Contribution: This paper was in conjunction with Additional Publications: Paper 1, providing 

supplementary work to build a simulation for zone layouts. The conceptualization and data 

collection were done with Jakub Dziedzic. The author was responsible for developing the 

application and writing the original draft. Da Yan and Vojislav Novakovic reviewed and 

commented on the paper. 
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• Developed application for geometric data collection for surface layout simulator 

• Database for furniture layouts 

• Aspects of OB addressed: Environment 

Paper 6 

Annaqeeb M K, Zhang Y, Dziedzic J W, Xue K, Pedersen C, Stenstad L I, Novakovic V, 

Cao G. Influence of surgical team activity on airborne bacterial distribution in the operating 

room with a mixing ventilation system: a case study at St. Olavs Hospital. Journal of Hospital 

Infection. 2021; 116:91-98. 

Contribution: The concept and experiment design were developed by Jakub Dziedzic, 

Vojislav Novakovic and Guangyu Cao. Dziedzic also developed the data capture and 

processing techniques for the experiment. Christoffer Pederson, Kai Xue, and Yixian Zhang 

assisted in performing the experiment, where Zhang analyzed the bacterial contamination of 

the samples. Liv Inger Stensad provided technical assistance for the equipment at St. Olavs 

hospital. The author was responsible for part of data collection, data analysis, visualizations, 

and writing the original draft. Vojislav Novakovic and Guangyu Cao reviewed and 

commented on the paper. 

• Case study on analyzing human activity on bacterial contamination in ORs 

• Aspects of OB addressed: Movement | Activity | Environment 

• Methods: Sensors 

Supporting Papers 

Paper 7 

Das A, Annaqeeb M K, Azar E, Novakovic V, Kjærgaard M B. Occupant-centric 

miscellaneous electric loads prediction in buildings using state-of-the-art deep learning 

methods. Applied Energy. 2020; 269:115-135. 

Contribution: This paper used the dataset from Paper 2 to develop deep learning models to 

forecast occupant energy-use. Anooshmita Das created the models and the visualizations. The 

author performed the data collection and assisted in the analysis and writing. Elie Azar, 

Mikkel Kjærgaard and Vojislav Novakovic reviewed and commented on the paper. 

• Same study as used in Paper 2 
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• Forecasted MELs, focusing on occupants and their energy-use behaviors 

• Aspects of OB addressed: Presence | Energy-use 

• Methods: Sensors, Deep Learning 

Paper 8 

Das A, Dziedzic J W, Annaqeeb M K, Novakovic V, Kjærgaard M B. Human Activity 

Recognition Using Sensor Fusion and Deep Learning Methods. Submitted to IMWUT. 

Contribution: This was an extensive case-study conducted in ZEB Living Lab, about human 

activities inside residential spaces, the results of which were documented in Paper 8 and Paper 

9. The experiment design was developed by Jakub Dziedzic and Anooshmita Das. The author 

assisted in the data collection, processing the skeleton datasets, and writing the original draft. 

Mikkel Kjærgaard and Vojislav Novakovic reviewed and commented on the paper. 

• Case-study of monitoring human activity in a living lab, and develop HAR models 

• Aspects of OB addressed: Activity | Energy-use 

• Methods: Sensors, Deep Learning 

Paper 9 

Das A, Annaqeeb M K, Schwee J H, Dziedzic J W, Novakovic V, Kjærgaard M B. 

Sequential Activity Recognition and Privacy Implications Using Fusion and Deep Learning 

Methods Inside A Smart Living Lab. Submitted to Information Fusion. 

Contribution: This paper was the second part of the results from the case study done at the 

Living Lab. It focused more on the privacy risk and used additional deep learning models 

developed by Anooshmita Das. The author contributed to the data collection, analysis, 

literature search, and writing. Mikkel Kjærgaard and Vojislav Novakovic reviewed and 

commented on the paper. 

• Same as above 

• Aspects of OB addressed: Activity | Energy-use 

• Methods: Sensors, Deep Learning 
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The abovementioned studies were carried out with the aim of laying the groundwork for OB 

models. As such, each study was conducted with one or more of the three goals: (i) OB 

Monitoring (ii) Developing OB Profiles/Databases (iii) OB Models 

The following table summarizes the contribution of each paper, along with indicating the goal 

of the study: 

Research 

Papers 
Occupant Behavior Studied: Studied in relation to: 

Presence Environment Activity Social Energy-

use 
OB 

Monitoring 
OB 

Profiles/ 

Databases 

OB 

Models 

Paper 1 
   

✓ 
  

✓ 
 

Paper 2 ✓ ✓ 
  

✓ ✓ 
  

Paper 3 ✓ 
  

✓ ✓ 
 

✓ 
 

Paper 4 
   

✓ ✓ 
 

✓ ✓ 

Paper 5 
 

✓ 
    

✓ 
 

Paper 6 
 

✓ ✓ 
  

✓ 
  

Paper 7 
    

✓ ✓ 
 

✓ 

Paper 8 
    

✓ 
   

Paper 9 
    

✓ 
  

✓ 

Table 1-1. Contribution of research papers in respective areas of research 
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Figure 1-3. Overview of papers considered in this thesis 
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Additional publications: 

Collaboration with the IEA Annex-79 and other researchers led to the following additional 

publications: 

 

Conference contributions: 

1. Dziedzic J W, Annaqeeb M K, Yan D, Novakovic V. Zone Layout Simulator for 

energy-related occupant behavior modelling. Proceedings of the 11th the International 

Symposium on Heating, Ventilation and Air Conditioning (ISHVAC). 2019 

 

Other contributions: 

2. Carlucci, S., De Simone, M., Firth, S.K., Kjærgaard, M.B., Markovic, R., Rahaman, 

M.S., Annaqeeb, M.K., Biandrate, S., Das, A., Dziedzic, J.W. and Fajilla, G., 2020. 

Modeling occupant behavior in buildings. Building and Environment, 174, p.106768. 

3. Markovic, R., Azar, E., Annaqeeb, M.K., Frisch, J. and van Treeck, C., 2021. Day-

ahead prediction of plug-in loads using a long short-term memory neural network. Energy 

and Buildings, 234, p.110667.
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2 BACKGROUND 

2.1 Occupant Behavior in Buildings 

In a rapidly urbanizing world, humans spend a vast majority of their lifetimes living and 

working in buildings [20]. They play a central role in the performance of the buildings due to 

their presence and actions, including the use of heating, cooling, water, electricity, and other 

interactions with the building systems. Such interactions, collectively termed as Occupant 

Behavior (OB) include the use of the building’s heating, cooling, and ventilation (HVAC) 

systems to establish thermal comfort, use of shading devices and lighting systems for visual 

comfort, appliance operation, etc. The first point of consideration of occupants comes from 

the building design perspective. Appropriate understanding of the buildings’ occupants is 

necessary to define control settings for its systems. One of the first studies considering the 

active role of an occupant in the building’s performance took place in 1979, where Hunt 

introduced a function for the lighting systems in offices [21]. Subsequent studies explored the 

role of the occupant with regards to either lighting systems [22,23] or window operation [24–

26], providing insights about occupancy control actions. 

The significance of OB from these niche studies became more apparent during the last 

decade, with increasing number of studies documenting the impact that users have on energy-

use in buildings [10,27–29]. Masoso et al. pointed out the way in which user’s actions would 

negatively impact energy-use in commercial buildings, leading more energy used during non-

working hours than during working hours [30]. In another study, Hong et al. created different 

profiles for offices and created building energy models based on them. The authors found that 

mindful behaviors can save up to 50% of the current energy-use and heedless behavior can 

increase it by 89% [11]. Similar studies conducted in residential buildings reflect the same 

impact of OB, where the energy-use varies largely based on the occupants, despite the 

building having the same or comparable physical characteristics and systems [31]. These 

findings span across different geographic and cultural boundaries as well [32,33]. 

The impact of building energy-use and its contributions to carbon emissions around the globe 

has been met with calls for transitions towards low-energy or Zero Energy Buildings (ZEBs 

or nZEBs). This transition has been adopted as a goal by the European Union (EU) 

parliament, with several countries following suit [34]. However, while there exist a 
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pronounced gap in the expected and actual energy performance of buildings [35], this gap can 

be wider in low-energy buildings if the theoretical assumptions about the user behaviors is not 

accurate. Carpino et al. demonstrated the effects of an occupant’s actions on nZEBs, which 

might generate much higher loads if the assumptions made during the building energy 

simulations do not prove to be accurate [36]. In fact, a large-scale study in Netherlands 

considered 200,000 dwellings and found that dwellings that were designed to be energy-

efficient ended up using more energy than predicted, whereas dwelling with poor energy 

labels used less energy than predicted by the label [37]. The implication here is not the 

shortcomings of technological advancements but highlighting the extended role of OB in 

these situations. Since the physical characteristics and the building envelope is optimized for a 

better energy performance, the uncertainty of the loads generated by the occupant now has a 

greater influence on the outcome.  

However, the uncertainties and complexities arising from this phenomenon are not easy to 

mitigate. The challenges exist because OB is multifaceted in terms of its actions, which span 

from direct adaptive actions to establish or restore comfort, to indirect and supporting actions 

such as presence and movement. Furthermore, these are also driven by several underlying 

factors that vary depending on occupant, building type, contextual factors etc. An accurate 

representation of an occupant within a building will have to consider several aspects of OB 

and these aspects, drivers and complexities are detailed in the next section. 

2.2 Drivers, aspects, and complexities of OB 

The consolidated efforts of scientists related to occupant behavior research have been 

documented in multiple annexes of the International Energy Agency (IEA) under the program 

of Energy in Buildings and Communities (EBC). OB was identified as one of the six driving 

factors of total energy-use in buildings in Annex 53 [38], while the completed and ongoing 

Annex 66 and Annex 79 (respectively) established benchmarks and frameworks within the 

topic to cover different aspects of OB, from data acquisition strategies, to modelling and 

integration with building simulation tools [39,40]. The results from the Annex 66 identified 

challenges in OB to be a result of three distinct features: stochastics, diversity, and 

complexity. The first one stem from occupants changing their day-to-day behaviors due to 

several influencing factors [41,42]. The second feature refers to the differences in individuals’ 

actions even when the external stimuli are the same [43]. The third one revolves around the 
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underlying drivers that influence the first two, which can be contextual, environmental, 

physiological, or social.  

The driving factors can be related to the physical environment, such as the building layout or 

orientation, or physiological, such as those related to an individual’s thermal, visual, or 

comfort levels. In addition, all behaviors can be linked to social behavioral theories, and this 

dimension is explored in further detail in section 2.4. The aspects of OB can encompass their 

movement, presence, habits, activities, social influences, clothing, latent emissions and so on. 

Resulting energy-use from these aspects occur in the form of their interaction with different 

building systems, such as operation of windows, shading, lighting, thermostat adjustment, 

appliance use, etc. These aspects are the author’s attempt to group most of the observable and 

unobservable features of an occupant inside a building but are in no way a final 

summarization on the topic. Since the subject is vast and usually interdisciplinary, studies 

conducted in the field tend to focus on one or more aspects of the occupant, such as their 

presence or habits, and their relevance or influence on one particular building system. This 

resultant energy-use is the main component of interest, for application in building energy 

design, optimization, simulation, and operation. 

2.3  Modeling Occupant Behavior 

The goal of creating OB models is to understand how people use a space and how their 

actions or presence impact the building energy-use. The impact from occupant presence stems 

from the release of latent and sensible heat, while their impact from the actions centers on the 

operation of building systems, and appliances. Existing building simulation tools often fail to 

effectively represent this phenomenon, and the impact of such discrepancies has already been 

elaborated in 2.1. OB is also one of the main sources of uncertainties in building energy 

modeling [12]. Due to these reasons, several studies in the recent years have centered on 

developing OB models [44]. The objective of these studies is either to apply this knowledge 

in optimizing the building design, or represent the occupant in building performance 

simulations, or to predict the behavior for the building control systems [45].  Oftentimes the 

precursor for model development is creation of datasets by monitoring occupants in different 

settings. This section provides a brief summary regarding the state-of-the-art and challenges 

in OB monitoring and modeling. 
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2.3.1 Monitoring OB 

Earlier studies involving occupants would rely on manual measurements or self-reported data. 

Technical advancements in sensing technologies have led to the deployment of these in the 

built environment for capturing OB. These sensors or sensing modalities have varying range, 

cost, accuracy, and applications. Their mode of collection can be based on a fixed sampling 

time (periodic) or be triggered by certain events (event-based), such as door opening, window 

interaction etc. A systemic review conducted as part of the activities in the Annex 66 

classified the different sensing modalities into seven types: image-based, mechanical or 

threshold, motion-based, radio signal, mixed, environmental, consumption-based, and human-

in-the-loop. The selection of the sensing modality is dependent on the research context, such 

as the type of data to be collected; whether it is to sense the presence of the occupant, or track 

their movement through a space, or the interaction with windows, shades, lights, or 

thermostat. All of these technologies come with their advantages and disadvantages, ranging 

from their cost, complexity, issues with the privacy of the occupant, under or over-reporting 

of variables, reliability etc. A comprehensive description of each sensing modality and its 

associated features is given in [46]. The first research question in this thesis centers around 

this topic of OB monitoring, and the tasks undertaken to study this phenomenon consists of 

case studies conducted in diverse settings, using multiple sensing modalities. From section 1.4 

(List of Publications), it can be seen that Papers 2, 6, and 9 document three case studies. 

One of the ways to capture OB data is through Non-Intrusive Load Monitoring (NILM), an 

alternative to centralized data collection approaches through a Building Management System 

(BMS) [47]. This concept includes a monitoring system consisting of multiple sensing 

technologies to capture data about individual appliance consumption profiles. The main 

feature of this technology is its non-reliance on existing monitoring infrastructure and the 

little to no intervention from the occupant-side. However, a consistent lack in NILM in 

building energy context is the granularity and resolution of occupancy information [48–50], 

which leads to an open question regarding the combination of NILM with high resolution 

occupancy data. From Paper 2, the first of the case studies in this thesis attempts to address 

this gap [51].  

The advances in sensing technologies, however, has not been implemented in all building 

typologies where occupants are involved. Most studies centered on OB take place in offices, 

commercial, residential, or institutional buildings. While that is necessary for assessing the 
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relevance to the energy performance, there exist other spaces that can benefit from this kind 

of monitoring. The second of the case studies in this thesis (Paper 6) took such a space into 

consideration, wherein the occupant’s influence were monitored in an Operating Room (OR) 

of a hospital. The activities and movement of an occupant have an influence on the 

contamination of the room [52], and the studies measuring these influences have relied on 

manual or restricted methods [53]. This case study was aimed at using depth registration 

technology to measure the occupant’s influence [54]. 

One aspect of OB and its data acquisition is sensing and recognition of the daily activities of 

the occupant. This kind of monitoring uses diverse sensing modalities to collect information 

about and automate the identification of the occupant’s actions, often using machine learning 

or deep learning models. This field of Human Activity Recognition (HAR or AR) has a wide 

range of applications, from smart homes and intelligent building systems to safety and 

surveillance, and adaptive control of building systems. The last of the case studies (Paper 8 

and 9) was conducted in a smart Living Lab to capture 22 discrete activities of the occupants 

using sensor fusion methods with the goal of developing Deep Learning (DL) models. In 

order to ascertain the trends in the field and gauge the rise of trends in using Machine 

Learning (ML) and DL models, a review was carried out using the PRISMA methodology 

[55]. An overview of the review methodology and number of studies pertaining to the use of 

these models for HAR is given in Figure 2-1. 
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Figure 2-1. From Paper 9: Literature screening procedure using PRISMA framework for the 

recent work in the field of ML/DL 

2.3.2 Current strategies for OB modeling 

As described in 2.1, the first few studies involving occupant were centered around light and 

window operation. These studies made use of probit analysis, based on the correlations 

observed [22,24,25]. Subsequent simulation or modeling strategies could be broadly classified 

into two different groups. The first one comprises of models that focus on the systems that the 

occupant is interacting with, rather than directly with the occupant. These would include 

linear regressions [56], sub-hourly occupancy-based control models [57] etc. The second 

group of models deals directly with the occupant and their actions, making use of Agent-

Based Models (ABMs) [58], and Markov Chains [59]. A benchmark review on OB modeling 

by Carlucci et al. had contributions from the author during the course of this thesis work 

(Additional Publications: Paper 2) [45]. The systematic review selected 278 publications on 

the subject and grouped the OB models into three different paradigms. The first one was 

regarding rule-based models which make use of time-dependent user profiles, also known as 

diversity profiles, such as the ones issued by the American Society of Heating, Refrigeration 
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and Air-conditioning Engineers (ASHRAE) standards [60]. The second paradigm was that of 

stochastic models, which recognizes that OB is a result of complex relationships and varies 

over time and context. The third paradigm covers data-driven models, wherein the goal is less 

to understand OB and more to use ML methods that would replace ‘knowledge-driven’ 

models that target physical behavior. The work in this thesis concerns the last two paradigms, 

developing datasets and profiles to enhance knowledge-based occupancy information, and 

laying the groundwork for and preparing OB models for specific aspects of OB.  

The complexity and uncertainty in the field of OB modeling stem from the fact that OB 

contains various similitudes in the form of presence, movement, activity level, comfort level, 

social influences etc., and detailed attention has to be given to each of these in order to 

construct a complete individual profile. Dziedzic et al. proposed a bottom-up approach 

wherein the collected data from these different fields of simulations could be used to 

eventually develop a Building Occupant Transient Agent-Based Model (BOT-ABM) [61]. 

This kind of approach was proposed as a holistic method, where each aspect of OB has its 

own model, and would be better equipped to represent the diversity in OB (model shown in 

Figure 2-2). 

 

Figure 2-2. Dziedzic (2021): A novel monitoring and modeling technique for energy-related 

occupant behavior 
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A large part of simulating OB is modeling the indoor movement and transition of the 

occupant. Markov chains were used by Wang et al. [62] wherein the movement process was 

simulated by associating each occupant with a homogeneous Markov matrix. A different form 

of data collection was used by Martani et al. where the Wi-Fi connections were used as proxy 

for the occupant sensing [63]. Similar to the occupant monitoring and data collection, this 

comes with its own set of privacy concerns. To overcome those, another study used a depth 

registration camera to track and monitor the movement and presence while maintaining a 

sufficient amount of privacy [64].  

A complementary aspect in consideration with the modeling of movement is the simulation of 

the floor surface layout and the placement of objects/furniture around the occupant. In order 

to accomplish these simulations, the surface simulator will need access to a database or library 

of specific information regarding the furniture, as well as the details of the occupant’s 

interaction with it. Current literature does not contain any specifications that can support a 

surface simulator with that kind of a database. This will have to include the information about 

the order of importance of the object for the occupant, their access points, area of influence, 

placement criteria for each, amongst others. The necessity of this information arises from the 

need to understand the boundaries and potential paths for the occupants’ movement, as well as 

their order of actions with the objects around them. A part of this thesis is centered on the 

work needed to establish such a library of information for simulation purposes. 

2.4 Social aspects of OB 

A landmark study on the advances in the field of OB summarized the research gaps and future 

research directions in the form of ten questions [65]. Two of those questions concern the 

social aspect of OB, the first one regarding the need of using quantitative methods from social 

sciences (such as surveys) to understand and provide insight on OB. The point of emphasis 

was creating appropriate surveys, using suitable social behavioral theories. Despite the 

limitations of these quantitative methods, surveys are quite useful in assessing latent and 

unobserved variables that drive behaviors [66,67]. The second of the two questions concern 

the implication of such an understanding from a social perspective. This understanding, in 

order to be used for promoting energy-efficient strategies and behaviors, would need 

interdisciplinary investigations from the physical and social sciences. While there is a marked 

growth in studying OB in the built environment, technological solutions are often promoted 
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whilst the socio-psychological factors that drive the behavior are ignored[68,69]. Sovacool et 

al. identified social factors as one of the most under-examined in energy research, especially 

the factors related to energy-use and decision-making among individuals. It was determined 

that negligence of these factors during OB or energy modeling would negatively impact the 

reliability of such models [68].  

Quantifying the social drivers of behavior takes place through behavioral theories, and one of 

the most commonly used ones is the Theory of Planned Behavior, that enlists the three 

components of attitudes, subjective norms, and perceived behavioral control as the main 

drivers of an individual’s behavior. Abrahamse and Steg used the theory of planned behavior 

to explain subjective norms in residential households, that is, behaviors that would rely on the 

extent of importance to other members of the household, and the social pressure to carry out 

the actions [70]. Chen and Knight used the same theory to examine the influence of 

colleagues among more than 500 employees in electric power companies in China, and the 

results indicated that the approval or disapproval from the colleagues was the major factor 

influencing the individual’s energy saving actions [71]. Chen et al. also made use of agent-

based modeling to build a network level computational model that simulates the decision-

making process of individuals under different type of network configurations [72]. 

A large part of this thesis is dedicating to using this theory to make a framework for assessing 

and analyzing social aspects of OB, investigating influence factors in that aspect, and use the 

datasets and results generated for a proof-of-concept model. This work also feeds into the 

proposed BOT-ABM, with the contribution aimed at a social structure module. The modeling 

technique considered is described in the next section. 

2.5 Agent-based modeling 

Agent-based modeling or Individual Based Modeling is a computational modeling 

technique which rose to prominence during the 2000s in several fields. The core principle of 

this model is that it consists of autonomous agents, which can be individuals or belong to a 

collective of individuals. These agents interact with other agents and with the environment, 

with the objective of measuring their effect on the system as a whole. It is a microscale model, 

where the high-level system changes come into effect as a result of interactions between the 

low-level subsystems[73]. 
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When it comes to building performance simulations, ABMs have been used to assess 

occupant behavior. Erickson et. al used this process to address issues related to oversizing of 

HVAC equipment, by introducing ABMs to model room occupancy. Their results showed 

that HVAC consumption could be reduced by 14% by using occupancy simulations[74]. In 

another study targeted at zones in healthcare facilities, occupancy modeled using ABMs 

showed that using accurate simulations would lead to changes in the design loads and sizing 

of HVAC equipment that could produce up to 43% reductions in the energy consumptions 

[75]. Furthermore, this approach has been used to incorporate different types of occupant 

behaviors as well, with Lee et. al. testing an agent’s consideration of five different factors 

(ranging from clothing levels, activity level, window use, blind use, and personal heater) to 

restore their comfort levels [58]. Azar et. al. used a similar approach for incorporating three 

different kinds of occupant behaviors and their changing energy-use behaviors. The changes 

were triggered when the agents with less energy-conscious behaviors interacted with agents 

with more energy-conscious ones, thereby learning by simulated social influences between 

occupants in a commercial building [76].  

The last part of this thesis is based on the last two cited examples, to use ABM as a technique 

to model occupant behavior and incorporate social aspects in OB models. 
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3 METHODOLOGY 

This chapter describes the methodology of this thesis. Section 3.1 centers on the monitoring 

of occupant behavior, introducing the different data acquisition strategies and experimental 

setups for the case studies. These studies were conducted to provide answers to the first of the 

research questions (Q1) outlined in the beginning of the thesis. In addition, it provides an 

overview of the data processing undertaken during the process. Section 3.2 explains the 

groundwork for the development of OB models, describing the preparatory work done in 

establishing a database for some aspects of OB. Section 3.3 includes a proposal for a 

framework for assessing social aspects in OB, targeting Q2 and Q4 of the research questions. 

Section 3.4 aims to answer Q3 and details the methods used for developing the models from 

the datasets collected in the first two subsections. 

3.1 OB Monitoring 

One of the main tasks of the studies conducted in this thesis was to contribute to the 

understanding of OB. This was achieved by collecting data regarding occupant presence, 

movement, habits, interactions or influences on their surroundings, and energy-use. Building 

occupants were monitored in diverse settings and spaces, using a variety of sensors and data 

acquisition strategies. Each setting came with its own set of requirements, challenges, etc. 

pertaining to the spatial structure, privacy demands, need for accuracy etc. The following 

subsections delve into each of the individual studies, explaining the selection of the data 

acquisition and data processing strategies according to the needs of the experimental setup. 

3.1.1 Occupant energy-use behaviors in shared office spaces 

In order to control energy-use efficiency, costs, and meet the requirements for occupant 

comfort, building facility managers make use of a system of sensors, networks and controls. 

Such a system is termed as a Building Management System (BMS), which falls under a 

centralized process of collecting data about occupants or building systems in (mostly) 

commercial buildings. While a good number of studies typically gather data through such 

centralized systems, it is important to note that the applicability of these is limited to buildings 

with similar monitoring capabilities. The high cost and incompatibility of such monitoring 

systems with building that are either too old or already have existing BMSs, gives space for 
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other monitoring/data collection alternatives to emerge, and Non-Intrusive Load Monitoring 

(NILM) is one such methodology [77,78]. This alternative to a centralized BMS is based on a 

collection of smart sensors or energy meters that separate the aggregated electrical load to 

individual appliance consumption profiles. The uniqueness of NILM stems from the minimal 

to no intervention required from the end-user (occupants) and its ability to operate without the 

need to connect to any existing infrastructure, thereby making it ideal in cases where the 

application of BMS is either restricted or too expensive. 

However, in both these procedures, studies often lack granular information about occupancy, 

either due to absence of measured occupancy data [79–82] or binary occupancy states about 

zones [83,84]. Studies that do take into account individual occupancy of a space analyze it 

with regards to the energy-use of the entire space or as a sum of all used devices. This leaves 

an open question regarding the potential of identifying energy-saving opportunities by 

applying NILM methods to end-uses such as plug loads or lighting loads, in combination with 

granular occupancy information. 

The goal of this particular study was then to monitor occupants and their energy-use at an 

individualistic level, both to investigate energy-saving opportunities and generate datasets for 

building OB models. The occupants were monitored at the desk level, capturing their 

presence, as well as the electric loads for specific devices. In addition to quantifying the 

relationship between individual presence and energy-use and two end-uses (plug-loads and 

lighting), the data was also used to compare the measured and standard profiles (from 

ASHRAE) that are generally used during building design and simulation [60]. Additionally, 

surveys were used to capture the social aspect of the energy-use as well (Subsection 3.3.6).   
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Figure 3-1. From Paper 2: Area of study and sensor placement 

The experiment was conducted in an academic building in Abu Dhabi, UAE, in a shared 

office space. The area of study consisted of 6 primary workstations, 2 shared workstations, 

and 1 common table. The layout can be seen in Figure 3-1 (Schematic view and View A). The 

space was used primarily by students and was subject to change in occupancy every semester. 

The study was conducted for a period of 8 months, and 8 different occupants were monitored 

during this time. At a time thought, no more than 6 primary users were present at the office, 

occupying the workstations. While the operational hours of the academic institution were 

from 8am-5pm on weekdays, the area was open to access at all times. In addition, the area 
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was not restricted for visitors. Both of these factors were in-lieu with the non-intrusive nature 

of the proposed study. Access to daylight was limited, which meant that the occupants mainly 

relied on the artificial lighting system.  

Three different types of sensors were employed in this study. The first type was Passive Infra-

red based (PIR sensors), to detect the occupancy at each of the workstations, as well as the 

common table. A total of 9 such sensors were deployed, wherein sensor had a unique ID, and 

a range of up to 80 meters. These sensors only communicated with the server during a change 

in occupancy status, reporting a binary measurement (occupied/unoccupied). The position of 

an individual sensor, as seen in Figure 3-1 (View A), was calibrated based on three factors: 

detection of actual occupancy over the entire range of the workstation, avoidance of false 

triggers from passersby, and zero occlusions. 

Each workstation had 6 power outlets, and the plug load sensors were installed in each of 

them, contributing to a total of 48 such sensors. They were installed and configured to each 

specific device (laptops, monitors, docking stations, desk lamp, misc.). The only intervention 

from the occupants that occurred during this study was the agreement to use each outlet for a 

specific device. However, this intervention was not strictly necessary since the reported 

energy-use could be compared to the power specification of the device that was being 

monitored. The last set of sensors were for recording the illuminance of the area. The office 

space was illuminated by 6 fixtures and one sensor was attached to each of them as shown 

(Figure 3-1: Schematic View). The lighting was motion-controlled, without any manual 

control options. Based on the monitored level of illuminance, the status of the lighting was 

inferred. Figure 3-1 shows the placement of all the sensors, occupancy (O), plug-load (P), and 

lighting (L). 

The data collection process was continuous, with each plug-load and lighting sensor reporting 

measurements at 15-minute intervals. The data from (passive infrared) PIR (occupancy) 

sensors, however, was event-based, recording ‘blank’ triggers for an unchanged event. These 

blank triggers had to be first replicated with the last recorded trigger. After this up-sampling, 

the data was in accordance with the 15 minute-interval of the other sensors. 

The data analysis was conducted in three parts, the first of which was to determine the 

relationship between the occupancy and energy consumption in the shared office. The 

consumption included distinct figures for lighting and plug-loads. Box-and-whisker plots 
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were used to visualize the power levels for varying occupancy levels. The second part was to 

measure the amount of energy consumed when an occupant was not present at their 

workstation. Two analyses were drawn for this part, the first one targeting office-level, which 

compared the total office level consumption when occupancy was at zero (vacant), and when 

at least one occupant was present (occupied). This analysis is the one commonly used in the 

literature. The second analysis measured the consumption at a device-level, while also 

distinguishing between each device’s consumption when the occupant is present/absent from 

their workstation. The last part of the data analysis was the development of diversity profiles 

for occupancy, plug-loads, and lighting patterns in the area of study. These profiles show the 

intensity of a variable (such as occupancy) throughout the day (marked hourly). The 

intensities are represented numerically from 0 to 1, 0 being the least possible value and 1 

being the highest. These profiles are generally used by energy models, building facility 

managers etc. while predicting the performance of a building. These were then compared to 

standard ASHRAE profiles that are used for common building types. More information about 

the calculation is presented in 3.3.1. 

3.1.2 Occupant activity influences in operating rooms 

While the perspective of understanding OB relies mostly on its relationship to the building’s 

energy performance, building occupants exert their influence in numerous other ways. Newer 

and more advanced monitoring systems provide a method to quantify and document these 

influences. Specialized settings and spaces offer interdisciplinary opportunities of testing such 

methodologies in conjunction with other fields. One such setting was used in this study, 

which centered on monitoring occupant influences in an Operating Room (OR).  The way 

occupants’ presence and activity play a role in such a specialized space is by being a source of 

contamination. In fact, in modern hospitals, the most significant source of airborne 

contamination is from the dispersal of particles from people in the OR [85,86]. This can be 

caused due to the staff movement that can increase Colony Forming Units (CFUs) by 

shedding [87], re-suspension of settled particles on the floor or other surfaces into the air, or 

pumping effects inside clothes [88]. 

While a number of studies have explored this influence and documented the correlation 

between occupant activity and bacterial distribution in the OR, the experimental methods used 

to monitor occupants show potential for improvement. In some cases, the studies would rely 
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on manual observations and door openings [53], while in other cases the air quality would be 

used to infer the occupancy count [89]. The setting for this study is quite unconventional 

considering that occupant behavior studies tend to take place in commercial or residential 

buildings. However, the lack of individual and dynamic monitoring of occupant activity in 

ORs, combined with developments of sophisticated data acquisition strategies in OB studies, 

served as an opportunity to employ OB monitoring in such a setting. 

This study was conducted in a cardiopulmonary OR located in St. Olav’s Hospital in 

Trondheim, Norway. The OR was used to conduct three mock surgeries, during which the 

occupants playing the role of the surgical staff would perform a controlled series of actions. 

The movement and activity of the staff was then monitored using depth registration cameras. 

The selection of depth registration was based on its capabilities of capturing dynamic 

geographic information of the occupants. The principle behind such a device is similar to that 

of a projector, wherein the device emits an incident infrared beam that gets reflected back to 

the device. An additional sensor measures the time for the reflection of this incident beam, 

thereby inferring the distance of the objects in its field of view.  

 

Figure 3-2. From Paper 6: a) Layout of the mock surgery experimental setup (Top View) (b) 

& (c) Bird’s angle view of different perspectives of the setup 
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The experimental setup is shown in Figure 3-2, wherein 6 participants represented 1 patient 

and 5 staff members (main surgeon, assistant surgeon, sterile nurse, distribution nurse, 

anesthetic nurse). In order to assess the influence of the occupant activities on the airborne 

bacterial contamination, a total of 24 passive agar plates (in groups of 4) were used in 6 

different locations around the operating zone. The mock surgeries consisted of 4 different 

phases, during which the participants performed a designated set of actions for each phase. 

During the start of these phases, a set of agar plates would be opened to record the 

contaminations corresponding to the start of the phase till the end of the mock surgery. Here, 

‘group’ represents the 4 agar plates present at each of the locations (A-F) and ‘set’ is the 

specific plate from each group that would be opened during the start of a phase. Figure 3-3 

provides a visualization of the procedure, depicting the sampling windows.  

The occupants were monitored using 4 Kinect devices (cameras) present in each corner of the 

room. The devices pick up any human body present in their field of view and process it into a 

skeleton model consisting of 25 points in a 3-dimensional matrix. All of them were capable of 

registering 6 people simultaneously and the use of 4 of these negated any possibilities of 

misregistering any activity. Since each device operated on its local coordinate system, the data 

from the 4 devices had to be adjusted by selecting one of them as a reference point. The 

details regarding the activities conducted in the mock surgery, along with the reasoning 

behind them are further elaborated in [54] 
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Figure 3-3. From Paper 6: Sampling windows of the agar plates 

3.1.3 Occupant activities in residential spaces 

Another dimension of monitoring OB that has garnered much attention is the necessity of 

studying occupant movement and activities to develop Activity Recognition (AR) systems. 

The applications of AR are extensive, from establishing smart homes to improve the end-user 

efficiency of the residence [90,91], to healthcare, fitness, safety monitoring and elderly 

assistance [90–94]. The principle behind AR is to infer an action or activity an occupant is 

performing based on discrete consecutive actions or movements they take. For example, 

cooking can be considered an activity that comprises of several atomic actions, such as 

turning the stove on, taking utensils from a cabinet, pour water from the sink, etc. This way, 

an activity gets described as an ordered sequence of events.  

The advancements in sensing modalities combined with the exponential growth of Artificial 

Intelligence and Deep Learning (DL) paradigms has transformed the smart environment and 

made AR a pivotal process to facilitate the ambient intelligence of such environments. 

Establishments of an AR system, however, is dependent on capturing a significantly large 

amount of data about each discrete action undertaken by the occupant. This data must then be 

assigned accurate labels and be granular enough to avoid mislabeling. In addition, real-world 
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data in this context can be generated from multiple sensors. Some of the challenges associated 

with AR have to do with how similarly the atomic or discrete actions are performed within a 

time interval, and how quickly occupants move between different activities. Data collection 

regarding these activities has to be precise enough to address these issues. Depth registration 

cameras provide a better alternative to traditional RGB (red, green and blue) cameras in this 

regard, considering their capabilities for background segmentation and object detection. It 

also offers better possibilities for preserving the privacy of the occupants. 

 

Figure 3-4. From Paper 9: Case scenario and experimental design setups in the smart living 

lab 

Similar to the previous case study (Section 3.1.2), this study utilized Microsoft Kinect 

cameras in a smart living lab to capture occupant activities typically performed in a residential 

space. These activities are mundane everyday tasks, collectively termed as Activities of Daily 

Living (ADL). The living lab is built to resemble a modern home, complete with a bathroom 

and kitchen. Three different experimental setups were utilized to perform the study. As shown 

in Figure 3-4, these setups were centered on kitchen (Setup 1), bedroom (Setup 2) with three 
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participants performing activities typically associated with that space. Three depth cameras 

were used in each setting to avoid occlusion and enhance the accuracy of data acquisition. A 

total of 14 continuous activities were performed, ranging from ‘cooking a meal’, 

‘dishwashing’ in the kitchen, to ‘sleeping’, ‘reading’ in the bedroom. While the participants 

were given a set of tasks to conduct in a specified order, they performed it with their own 

interpretation, in order to have subject variability. Each activity was performed ten times, 

contributing to thirty recordings for each activity from the three participants. These activities 

were punctuated with a calibration pose to provide segmentation between the recordings, to 

make it feasible to identify individual activity for training a DL model. 

3.2 Developing libraries and databases for OB models 

Since the establishment of a holistic OB modeling system such as a BOT-ABM is vast in its 

undertaking, the studies conducted for this thesis centered on laying the groundwork for 

modeling social aspects and aid in the surface layout simulator module. This section discusses 

the preparatory works done in this regard.  For the layout simulator, the task consisted of 

establishing a library of knowledge about indoor office layouts, along with the development 

of an application for the related data collection. The process for the social aspect was more 

comprehensive and is presented in section 3.3. It consisted of identifying key concepts 

regarding OB and social influences and creating a framework which enabled an extensive 

survey for data collection. The data was used to create path diagrams and regression models, 

and eventually develop OB profiles. 

3.2.1 Library for a floor surface layout simulator 

Occupant movement and indoor transitions constitute an important part of OB modelling. 

Dziedzic et al. developed a movement simulator for the proposed BOT-ABM system [95] 

which simulated each step of the occupant’s movement based on pre-defined metrics. A 

complementary aspect for the movement simulator is the simulation of floor surface layouts 

and the placement of objects in indoor areas, since occupants have to navigate their movement 

based on these factors. These layouts need not reflect a ‘standard’ room setting, but the lack 

of information about typical layouts and object placement can be an obstacle for developing 

future models. Generating such layouts can also be useful for deciding the optimal placement 

of HVAC installations, by giving the building designers the ability to compare different 

layouts. More detailed description of Dziedzic’s layout simulator is present in the additional 
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publications. The upscaling of this simulator needed an access to a database or library 

containing information about object placement, along with data about occupants’ interaction 

with it. To achieve this, the work outlined in Paper 5 was focused on identifying the variables 

to be incorporated in such a library.  

The seven variables identified are shown in Table 3-1. The ‘object class’ is to denote the type 

of object/furniture, that would be acquired from a compiled list, whereas the ‘room category’ 

would represent the room type. The ‘order of importance’ would be used to prioritize the 

placement of objects during the simulation process, while ‘placement criteria’ would be based 

on referential distance from doors, openings, edges etc. The ‘area of influence’, ‘access 

points’, ‘hinge points’ would be used to establish the constraints in modeling the path of an 

occupant. In order to collect data that would fulfill the requirements of the study, an 

application was developed using Matlab App Designer toolbox. This application was 

designed to provide users with an interface consisting of a grid based on the room size, and a 

geometric layout where they could proceed to select different objects and place them around 

the two-dimensional grid. Figure 3-5 depicts a sample of the interface. The application also 

registered the order of importance for each object that the user had to denote before placing 

the selection. This information would be then processed into a database to be used by the 

simulator. Further description of the database design is detailed in Section 3.2.2. 

Furniture 

Class 

Room 

Category 

Order Of 

Importance 

Placement 

Criteria 

Area Of 

Influence 

Access 

Points 

Hinge 

Points 

Class1 

1  Criteria1 

  

 

2  Criteria2  

3  Criteria3  

Class2 

1  Criteria1 

  

 

2  Criteria2  

3  Criteria3  

 

Table 3-1. Identified factors for the database 
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The objectives of this study were threefold; to identify the type of information needed for this 

library, develop an application for data collection, and collect a sample dataset to create the 

architecture for a database. The sample dataset was collected at the Norwegian University of 

Science and Technology, consisting of spatial information of 80 individual offices (private 

and shared). This dataset contained details about the placement of objects in offices, location 

of HVAC installations, type of occupancy and number of occupants.  

 

 

Figure 3-5. Interface of the MATLAB Application 
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3.2.2 Database design  

The studies from this thesis generated multiple datasets, and profiles that were developed to 

be used in eventual OB models. In addition, the aim to contribute to a system such as the 

proposed BOT-ABM created a need for having structured databases to be used by simulators. 

A database can be defined as an organized collection of data that can be accessed and 

interacted with. This is done through a Database management System (DBMS) by using 

appropriate queries. A majority oof DBMS use SQL (Structured Query language) to 

communicate with a database, such as to insert, update, or retrieve data. The DBMS used in 

this thesis was MySQL, which is a Relational Database Management System (RDBMS). It 

provides a user interface to perform tasks on the data and organizes it into different tables that 

are linked together. 

The idea behind the creation of these databases is to have an efficient data organizational 

system that provides a platform for simulators connected on a shared server. This process 

involves normalizing the data in databases collected during the thesis. Data normalization is 

done to reduce data redundancy and provide tables of data that only contain relevant 

information. The benefits of data normalization include reduced storage space, limit 

anomalies regarding insertion and deletion of new data, and improve query performance. 

Another reason for establishing these databases through MySQL is to have data that is related 

to each other. Tables are related to each other through primary and foreign keys, which take 

the form of one-to-one, one-to-many, or many-to-many relationships. For one-to-one 

relationships, a single record of data in one table is associated to a single record in a different 

table, whereas one-to-many denotes that single record is associated with multiple records in 

another table. The resulting database from this section is described in Results and Discussions 

(4.2). 

3.3 Social aspects of OB 

As elaborated in Section 2.4, social aspects tend to be largely neglected and underexamined in 

energy research, especially concerning the integration of this aspect in modelling and 

simulation. This provided the motivation for developing a framework to quantify social 

aspects in OB, with the aim of collecting data based on the framework and generating profiles 

of occupants to be used in models. Subsections 3.3.1 – 3.3.5 provide the evolution of the 

framework, data collection, data processing, analysis, and the resulting OB profiles from the 
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study. Subsection 3.3.6 describes an addendum to the case study presented in 3.1.1, where 

surveys were used along with all the sensing modalities to explore the social aspect.  

3.3.1 Addendum to the case study in shared office spaces 

In order to explore social aspects of OB, the case study presented in 3.1.1 included a survey 

that the occupants had to fill in during the course of the experiment. This was done to map an 

occupant’s perception of their own occupancy and energy-consumption patterns, and draw a 

comparison to standard and observed values. This was only an exploratory study, to gain an 

insight into the relationships between perceived and actual occupancy and energy-use. 

The surveys attempted to create a schedule similar to the ones used in ASHRAE. For this 

process, the occupants had to denote their occupancy for each hour, ranging from ‘always 

occupied’ to ‘never occupied’. This was repeated for device-level consumption as well, with 

options ranging from ‘always switched off’ to ‘always switched on’. The profiles resulting 

from these surveys were then compared to the data from sensors and the standard ASHRAE 

profiles.  

The diversity profile values were calculated using the equations (1) and (2), which takes the 

ratio of sensors that indicate ‘occupied’ status over the total number of occupancy sensors in 

the study. This was averaged over the period of study, from the first day ‘d’ to day ‘N’. 

 

3.3.2 Extended TPB model 

The quantification of social aspects occurs through the use of social behavioral theories like 

the Social Cognitive Theory [96], the DNAS framework[97], or the Theory of Planned 

Behavior (TPB) [98]. The last of these, developed in 1991 by Azjen has been used widely in 

conjunction with social sciences and energy research. The implementation of this theory has 

been to analyze energy-related behaviors and target factors that are responsible for more 

environmentally friendly or energy conscious behaviors. According to TPB, the major 

predictor of human behavior is the intention to perform that behavior, which is in turn 
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influenced by three key components: (i) Attitudes: that describe the beliefs and motivations a 

person has towards a behavior or action, (ii) Subjective Norms: beliefs about others will 

respond to their behaviors and, (iii) Perceived Behavioral Control: ideas about the ease of 

performing an action. Subjective norms are further split into Descriptive Norms and 

Injunctive Norms, where the former measures perceptions about how others behave, and the 

latter is about how other might respond to your behavior. Within the field of OB in buildings, 

this theory was used to confirm that the components of TPB were able to predict up to 81% of 

the occupant’s intention to act in an energy-conscious manner [99]. Greaves et al. also 

demonstrated that TPB could explain 61- 46% of the variance in occupant energy-related 

behavior at the workplace [100]. 

With the rise in the use of TPB in energy-related behavior, researchers have also sought to 

construct extended TPB models by integrating it with their behavioral theories, adding 

selected components to it. D’Oca et al. developed an interdisciplinary framework based on 

TPB, DNAS framework and Social Cognitive Theory for OB in buildings [101]. Chen 

demonstrated that an extended TPB model can also be more effective in explaining behaviors 

[102].  An example of extended TPB model can be seen in [103], where Xu et al. added two 

components to the theory to analyze energy-saving at work.  

 

Figure 3-6. From Paper 4: Theoretical extended-TPB model 
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The study in this thesis utilized an extended TPB model as well. There were two reasons 

behind this selection. Firstly, creating models with higher number of variables in the 

hypothesis is helpful because some of the variables might get discarded during the data 

analysis stage, due to lower reliability. Secondly, components such as habits (past behaviors) 

or identity have been shown to be strong predictors when added to TPB [104,105]. The 

addition of habits as a component in an extended TPB model has been applied with successful 

results in consumer behavior, transportation, etc.[106,107] but the application in energy-

related OB is still lacking. In addition to habits, the factors of social connectedness and 

identity were added, to moderate the effect of Descriptive Norms. Furthermore, to test it out, 

another component, that of Self-Construals was added, which was identified as a strong 

potential moderator of pro-environmental or sustainable behavior [108]. This component 

measures whether the behavior is conducted as an independent or collective decision. The 

Extended-TPB model is shown in Figure 3-6. 

3.3.3 Data collection 

This framework was used to create a questionnaire that presented respondents with 40 

questions, wherein each variable from the model was measured with two or more questions 

(items). More items are included to reduce the measurement error or increase the reliability of 

the data. The questionnaire used a 5-point Likert Scale, a commonly employed instrument for 

measuring people’s attitudes towards behaviors. It records a respondent’s reaction to a series 

of statement on a scale from ‘Strongly Agree’ to ‘Strongly Disagree’. Each response has a 

corresponding numerical value, the sum of which contributes to an individual’s score for that 

variable. The questions targeted people’s attitudes and behaviors at the workplace, and their 

intentions regarding energy-related behavior, which was in the form of interactions with the 

building systems. These systems consisted of lighting, thermostat, windows, and appliances. 

Before conducting the data collection, a pilot study was carried out with a focus group of 10 

people to gauge the suitability of the questionnaire. 

The feedback from the pilot study was used to improve the questionnaire by adding 

statements for clarification, adjusting the length etc. The order of questions was also edited to 

avoid bias in the responses. Since it can be difficult to validate models that are based on self-

reported surveys, a section was devoted to asking specific scenario-based questions, 

presenting the respondents with a set of circumstances in the workplace and asking how likely 
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they would be to perform an action. The idea behind this was to create training and testing 

data. The occupant profiles would be based on their scores for each of the variables (training) 

and validate the models with the scenario-based questions. It would involve constructing the 

circumstances in the model and check whether an occupant in the model would behave the 

same way as their corresponding responses in the scenarios.  

The data collection was carried out using Qualtrics, an online survey platform. Prior to the 

distribution of the questionnaire, a privacy assessment was conducted by the Norwegian 

Centre for Research Data, to ensure all compliance with data protection legislation. It was 

distributed among the employees at the Norwegian University of Science and Technology, 

collecting 110 responses. Some of these were discarded since they were incomplete, resulting 

in a final tally of 101 samples. 

3.3.4 Data analysis overview 

The collected data was processed and analyzed with the statistical software SPSS [109]. The 

data screening was performed to check for outliers and missing data. A univariate analysis 

was used for outliers, and both the outliers and missing data were under the ordained limit of 

5%. The missing data was handled using replacement methods, based on the average of the 

nearest corresponding values. An overview of the data analysis is shown Figure 3-7, that 

consisted of three steps. The first one was measurement modelling, which was concerned with 

checking the reliability and internal consistency of the data. 
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Figure 3-7. From Paper 4: Overview of Data Analysis 

The reliability analysis was done on each variable in the questionnaire. Here, variable denotes 

the factors identified in the extended TPB model, such as ‘Attitudes’ or ‘Perceived Behavioral 

Control’. Each variable was recorded based on two or more questions. For example, to record 

people’s attitudes towards energy-saving at work, they would be asked to express how much 

they agreed or disagreed with the following two statements: ‘I feel like saving energy at work 

is beneficial’, and ‘I feel like saving energy at work is good’. The answers to both of them 

should be correlated enough to ensure reliability. Similarly, all the answers that are used to 

assess a variable should be strongly correlated to classify the data as reliable and consistent.  

For variables that had two questions (or items) the parameter used was Pearson’s correlation 

coefficient, while for variables with more than two items, Cronbach’s alpha was used. For 

some variables however, this approach was not suitable. Past behavior, or habits, contained 

four items, each dealing with one building system. These items need not be correlated 

strongly because an occupant might have different habits for different systems (for example, 

lighting and windows), that are influenced by the type of installations in the building. In 

addition, the ease of access for both systems can be different. For these variables, a 

confirmatory factor analysis was performed. Factor Analysis is a method for modeling 

observed variables to identify unobserved ‘factors’. Factor Loadings are generated, that show 

the correlation between the original variables and the factors. The analysis is tested using two 
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parameters, the p-value for significance, and the Kaiser-Meyer-Olkin measure of sampling 

adequacy (KMO value). 

3.3.5 Path analysis, SEM, and regression models 

Path analysis, Structural Equation Models (SEM), and regression are all statistical methods to 

study the relationship between multiple variables. Regression models are suitable to analyze 

the strength and direction of relationships between one dependent variable and one or more 

independent variables. SEM, on the other hand, is a broader term that refers to a family of 

models that are more complex and allow researchers to examine the relationships between 

multiple variables simultaneously. In SEM, researchers can examine the relationships 

between multiple observed and unobserved (latent) variables. Latent variables are constructs 

that are not directly observable, but are inferred from observable measures, such as survey 

responses or test scores. These can be the underlying factors that influence people’s attitudes, 

beliefs etc. A theoretical model is first hypothesized, that includes both observed and latent 

variables. This model is then tested using the data to determine if the relationships 

hypothesized are valid. An important difference between SEM and path analysis is the 

inclusion of error terms. Error terms represent the amount of unexplained variation in a 

variable and are included in the model to account for measurement error, unobserved 

variables, and other sources of variance. In SEM, error terms are often included for each 

observed variable and for each latent variable. This allows for the estimation of the amount of 

error associated with each variable, and to assess the overall fit of the model to the data.  

In addition, SEM allows for testing moderation effect. Moderation is when the strength or 

direction of the relationship between an independent variable and a dependent variable 

depends on the level of a third variable (moderator). It is examined by including interaction 

terms between the independent variable and the moderator variable in the model.  
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Figure 3-8. From Paper 4: Path analysis model 

The data collected from the survey had variables as shown in Figure 3-6, with intention being 

the dependent variable. While most of the other variables were independent, there were some 

that were both dependent and independent. For example, ‘awareness of consequences’ is a 

predictor for ‘personal norms’, which is in turn a predictor for intention. Here ‘personal 

norms’ becomes a dependent variable for ‘awareness of consequences’ while being an 

independent variable for intention. Such a variable is also termed as a mediating variable.  

Furthermore, variables like ‘social connectedness’ and ‘identity’ are theorized to moderate the 

effect of ‘descriptive norms’. To address these complexities and challenges, SEM and path 

analysis were both included to investigate the relationships between these variables. The 

models were developed in SPSS Amos [110], a tool for statistical modeling, that works in 

conjunction with SPSS. 

Figure 3-8 depicts one of the path analysis models used. The independent variables were 

determined from the results of the reliability analyses described in the previous section. After 

determining that the variables were reliable and consistent based on the survey data, the 

scores for the questions were averaged to obtain a single score for each independent variable. 

These were used to draw covariance between each of them. Error terms were only calculated 

for the dependent variables, of which there were two (personal norms and intentions; error 

terms e1 and e2, respectively).  
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Figure 3-9. Structural Equation Model 

The SEMs were more complex, as depicted in Figure 3-9. This model was drawn without 

taking the average of the scores, but rather taking the raw input from the survey. For example, 

to determine Attitudes, 2 questions were used in the survey. Here, the scores for each of them 

were used as observed variable, and following the theory of SEM, a latent variable was drawn 

for them. These are the inferred, or unobserved variables. Error terms in an SEM are 

generated for each of the observed variables and dependent variables. 

Individual models were developed for each of the building systems, since occupants can have 

completely different interactions depending on the building system. As depicted in Figure 3-

10, 4 regression models were made, one for each building system (windows, lighting, 

appliances, computers). Similarly, there were 4 SEMs, and 4 path analysis models. It should 

be noted that thermostat is not available as an individual category, but instead, merged with 

windows. This was done since the questions in the survey regarding window opening 

behavior were linked to people’s use of thermostat, such as their willingness to regulate the 

indoor temperature using windows or thermostats. After this step, several model variations 

were applied, along with the baseline TPB model (which includes Attitudes, Perceived 
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Behavioral Control, Descriptive Norms, Injunctive norms and Behavioral Intention).  These 

variations took the form of including one or both moderator variables, the additional variables 

such as Habits and Personal Norms (PN) or those that were not directly predicting the 

dependent variables (Awareness of Consequences). The fit of the models is assessed using 

several fit indices, such as the chi-square test, root mean square error of approximation 

(RMSEA), goodness of fit index (GFI) and comparative fit index (CFI). 

 

Figure 3-10. From Paper 4: Model Variations 

3.3.6 OB profiles 

The dataset and resulting influence factors were then used to create occupant profiles by using 

clustering methodologies. These methods are unsupervised machine learning algorithms that 

use the similarities or dissimilarities between data groups to categorize them together. The 

two clustering techniques considered were k-means and k-modes clustering. For k-means, the 

clusters are based on mathematical measure, i.e., the distance between the centroids of each 

data group. The centroids are computed by the means of each group. This technique is more 

suitable for continuous measures, while k-modes is more suited for categorical variables. 
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Here, the modes (most occurring values) are used to gauge the dissimilarities and mismatches 

between data points. Both SPSS and the programming language Python were used to perform 

these clustering analyses 

In order to pick the optimal number of clusters (k), an elbow score was used. This score is 

calculated based on the sum of squared distances from each data point to its centroid 

(distortion score). A cost curve is then plotted with the number of clusters on the x-axis and 

the distortion score on the y-axis. The line that is drawn on the chart has a point of inflection 

(elbow) that indicates the optimal number of clusters. 

3.4 Agent-based model 

The objective behind this OB model was to develop a proof-of-concept model that can 

simulate behavior based on the social aspects and incorporate occupant diversity. The 

building system that gave the most consistent results from the survey was windows, hence 

window-opening behavior was targeted in this model. The environment used in this project to 

create agent-based models was Netlogo[111]. It is an open-source programmable environment 

for simulating natural and social phenomena, particularly well-suited to handle complex 

models that develop over time. It uses the Logo dialect for directing the agents and runs on 

the Java Virtual Machine. A review of different agent-based modeling tools took into 

consideration several aspects of these tools, from the user-interface to their ability to handle 

complexities. Netlogo was found to have low modelling effort required to deliver models with 

medium to high-scale complexities [112]. The language and user interface were one of the 

easiest, and yet capable of simulating very complex environments. For the purposes of this 

study, it was preferred to develop a model that would be accessible and available to people 

without requiring expertise in using or changing the model. Hence, Netlogo was considered as 

the most suitable option. The following sections delve into the creation of the model, based on 

the findings of the previous sections. 

3.4.1 Environment setup and agent creation 

Traditional BPS tools, such as eQuest and DesignBuilder allow for the construction of a 

three-dimensional layout for building models, providing physical boundaries for the model to 

take place within. One drawback of using an agent-based model is the lack of access to such a 

tool, which requires the user to use their own interpretation of the modeling environment to 

generate a building layout. Netlogo consists of two main elements: ‘turtles’ (mobile agents) 
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and a grid of ‘patches’ (stationary agents), within which the turtles move and perform actions. 

The grid is adjustable, and a default 32 x 32 grid was utilized here, which contained 1024 

distinct patches. Each patch is associated with a label (plabel), color (pcolor), and is 

distinguished by the coordinates (pxcor and pycor) on which it lies. These associated 

variables for patches were used to construct a building office type layout wherein the agents 

would associate the patches with specific variables as elements of a building. The sample 

layout that functioned as an environment for the agents to move around and perform actions 

in is shown in the Figure 3-11. It consisted of 16 office-zones and one central-zone. Each 

office-zone was modeled as a shared office, occupied by two or more people. It also consisted 

of a workstation for each person present inside the zone, as well as a window for the person to 

interact with. The office-zones were all equipped with a door that was connected to a lobby-

zone. The central-zone was created to represent an area that would consist of the entrance, 

stairs, restrooms etc. These were not vital to for the window-opening simulation, hence 

confined to a single area. 

The layout was loosely based on an office building in NTNU (Norwegian University of 

Science and Technology) Dragvoll campus, and was selected because it maximized the access 

to windows for all the people present in the office. It is by no means an extensive 

representation of an office building layout, but ideal for the scope of simulating the interaction 

between occupants and windows. 

The next step was the creation of ‘turtles’, or mobile agents, which would execute actions. 

Similar to patches, agents are associated with distinct variables as well, which included an id, 

size, label, heading, coordinates, shape, and breed. One functionality of an agent-based 

model is that agents can be ‘asked’ to follow certain rules by assigning them to a particular 

breed. Each breed will have to be first defined with respect to the rules it will have to adhere 

to. Two distinct types of agents were created in this model: people, and windows. The 

windows were created as agents so they could record the interactions with occupants and 

denote themselves as open/closed. Furthermore, there were 8 different types of people 

created, based on the OB profiles generated in 3.3.6.  

Upon creation, a person would be assigned the following attributes: my-type, which would 

denote the OB profile the person belonged to; my-window, the window assigned to the 

person; my-office, giving the office number of the person; my-office-mates, the other people 
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sharing the office with them. The windows were assigned two attributes: my-person, and my-

state (open/closed). 

 

 

Figure 3-11. Office-floor layout and elements in netlogo model 

3.4.2 Adding temporal elements 

The need for a temporal element was necessary to dictate when an agent should execute a 

certain action. Normally, the simulation keeps running till it executes the block of code, or 

until it is stopped by the user, with no accounting for the number of simulation runs that have 

passed. However, there is a provision of a feature of ‘ticks’, where the user can design a tick 

counter, which gets advanced according to the model design. For this model, the ticks were 

used to create a timeframe that consisted of hours, days, months, seasons, and years. Each 

advance of the ticks was associated as the passing of one hour. After 24 hours, the ticks 

would be reset to zero and the process would start again. In addition, the passing of 24 hours 

would denote that a day has passed, and a counter for days would record this change. 

Similarly, counters would keep track of months, seasons, and years. The day would also 

consist of working-hours, meaning that all the activity is confined to this time (since the 

simulation is of an office). 
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3.4.3 Movement simulation 

An additional model generated for a different office layout attempted to simulate movement. 

The goal was to provide a possibility to cover another aspect of OB with agent-based models. 

The movement simulation commenced with the occupants generating links with their 

associated workstations. Upon creation, each occupant already had a link with their associated 

desks and windows. The heading variable of the occupant is a value that denotes the direction 

that an agent is facing in, and is measured in degrees (0-360), where the North direction 

would be 0/360. The path selection for the agents was based on a multilayered decision-

making process, wherein the agent examined the patch ahead of it before moving forward by 

one step. If the patch ahead belonged to the lobby-zones, it would continue moving forward. If 

it belonged to the internal-walls, it would take a step back, reset its heading, check the patch 

ahead again, and move forward or backward where it could. It would have to seek out a  door 

through which it could enter, to get to its destination. A simplified version of the control of 

flow and logic in this simulation is shown in Figure 3-12.  

 

Figure 3-12. Logic behind the movement simulation 

3.4.4 Behavioral rules 

Once the value of the tick counter was in motion, an agent would be able to use the counter to 

segregate the days and working-hours, and perform actions based on it. In accordance with 

standard ASHRAE schedules, the working-hours was set to start between 6:00am – 9:00am. 

During this temporal range the agents would ‘arrive’ at their respective workstations, either 

using the movement rules specified above, or just be generated (or ‘spawned’) next to their 

workstations. The next temporal range to take into consideration was the end of working-

hours, which would assign the agents as ‘not working’. 
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The next consideration was the interaction with the building system, in this case, the 

windows. This interaction depended on the season. The occupants would open windows for a 

duration that would be suitable based on the season. This meant that windows would be open 

for longer during summer (around 6 hours), and much shorter during winter (around an hour). 

The window-opening duration was selected based on case studies on shared office spaces in 

different seasons. During the working hours, each agent would ‘open’ the window once till 

the hourly target based on the season is fulfilled. In order to create a baseline model, all 

occupants had to act in the same manner, thereby adopting an aggregated behavior pattern 

where no deviation from the norm was allowed. Realistically, human occupants cannot be 

expected to behave as a programmed entity, which is why this model was designed for the 

inclusion of occupant diversity. Within an agent-based model, it is possible to design each 

agent separately. This model takes into consideration a continuous distribution, wherein the 

traits of window-opening behaviors are across a range. Occupants would be assigned a ‘type’, 

and their chances of opening a window for the set duration would depend on their type. Type 

1, for example, was the standard one, wherein the occupant would use the rules for the 

baseline model for their actions. Types 2-6 would have a decreasing chance of adhering to the 

baseline model, where they would be assigned a probability to act according to its rule (type 

2: 80% probability, type 3: 60%, and so on). Types 7 and type 8 were more dynamic ones, 

which would be based on the actions of their office-mates. Their willingness to act the same 

as, or opposite, to their peers depended on the strength of the subjective norms that was 

calculated in the SEM/regression models. The logic of the simulation is visualized in Figure 

3-13. 

The proportion of each type of occupant was kept flexible, in order to provide the user with 

control over the simulation. For that purpose, a slider was added to the model, which could be 

used by the designer to set the composition and vary the amount of any specific personality 

trait. Extensive testing and analysis can be carried out in this manner, utilizing different 

compositions to determine occupant-window interactions associated with different occupant 

diversities. 
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Figure 3-13. From Paper 4: Logic and flow of the agent-based model 
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4 RESULTS AND DISCUSSION 

This chapter describes the results from the studies conducted as part of this thesis, and their 

association with the research questions raised during the commencement of the work. Section 

4.1 compiles the results generated from the case studies used to monitor occupants along with 

their actions and influences, addressing Q1. Section 4.2 briefly summarizes the outputs from 

the library and database development and contains insights regarding Q4. Section 4.3 

describes the results of the social framework, surveys, and path analysis models targeting Q2. 

Lastly, section 4.4 describes the proof-of-concept model that was developed using agent-

based modelling, exploring the implications of such models and the outputs gained from them 

(Q3). It also includes a summary of the deep learning models that were based on the datasets 

from the case-studies.  

4.1 OB Monitoring 

The case studies for OB monitoring were conducted as described in the previous chapter, in 

three different settings, each with their own set of goals. The results from the shared offices 

are presented in 4.1.1 and include the relationship between occupancy and the electric load, 

energy consumption at occupant and device level, and the diversity profiles. The next 

subsection details the findings from the sensors used in the operating room at St. Olavs, and 

its implications regarding occupant movement and activity levels in surgical rooms. 

Subsection 4.1.3 describes the activity dataset from the living lab and the contribution to 

benchmark datasets. 

4.1.1 Occupant energy-use behaviors in shared office spaces 

Box-and-whisker plots were used to analyze the relationship between the occupancy in the 

shared offices and the electricity consumption Figure 4-1. The central, red-colored lines 

represent the median consumption, and the blue boxes mark the 25th and 75th quartiles. Along 

with the red-colored lines outside representing the outliers, the figure shows the distribution 

of the electric loads measured using the plug-load and lighting sensors.  
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Figure 4-1. From Paper 2: Box-and-whisker plots of electric load function of the number of 

occupancy sensors that are indicating occupied status 

The lighting system in the monitored workspace was found to consume an excessive amount 

of energy during vacant periods, with mean power values exceeding 200W and 25% and 75% 

quantiles ranging between 0W and 300W. The system is triggered by motion sensors, which 

were confirmed to be activated by occupants passing by the monitored workspace. 

Interestingly, even with five independent occupancy motion sensors controlling the lighting 

zones, the presence of only 1-2 occupants was sufficient to activate the entire lighting system, 

with an average power level of approximately 350W. This highlighted the importance of 

selecting appropriate light control systems and ensuring their proper calibration and 

maintenance. Similarly, plug-loads were found to exhibit high power levels exceeding 200W 

during vacant periods, indicating that occupants were leaving equipment running when 

leaving their desks. However, unlike the lighting system, plug-loads showed a positive 

relationship between average power levels and occupancy count. Total electric loads were 

characterized by high consumption values during vacant periods and a moderate positive 

relationship with occupancy count. 
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Figure 4-2. From Paper 2: (a) Office-level comparison of energy consumed during vacant and 

occupied periods. (b) Device-level comparison of energy consumed during vacant and 

occupied periods 

The lab's energy consumption was analyzed during periods of occupancy and vacancy, with 

results presented in Figure 4-2. The analysis showed that a significant portion of the building's 

energy systems operate after hours. Specifically, the bar chart on the left side of the figure 

indicates that 35% of the lab's electric consumption occurs during vacant hours. Further 

analysis by end-use showed that the lighting system and plug-loads accounted for 38% and 

26% of consumption during vacant hours, respectively. However, the observed plug-load 

values are conservative because the definition of "occupied" period assumes at least one 
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occupant is present. This assumption may have led to overestimation of plug-load energy 

consumed during operation and underestimation of the energy consumed during vacant 

periods.  

The energy consumption at the device-level granularity was also analyzed, which revealed 

that 64% of the plug-load energy was consumed when the occupancy status of desks is 

reported as "vacant”, reinforcing the need of occupant intervention in controlling the 

unnecessary consumption. The shared personal computer was found to be a major contributor 

to unnecessary consumption with 93% of its energy consumption occurring without the 

presence of an occupant. The analysis demonstrated that device-wise monitoring can reveal 

important energy-saving potentials that were not observed when considering occupancy in the 

office as a binary variable. Overall, the results highlight the need to identify instances of 

unoccupied consumption, particularly for shared equipment such as printers and appliances, 

and to curtail energy consumption during vacant periods for monitors and lamps. 

 

Figure 4-3. From Paper 2: Comparison between the ASHRAE 90.1 profiles with the 

measured occupancy, plug loads, and lighting consumption 

The occupancy and energy consumption patterns of an office building were analyzed and 

compared to the schedules recommended by ASHRAE 90.1 (Figure 4-3). The study found 

significant deviations between the standard schedules and the measured occupancy and 

energy consumption. The absolute hourly error between the theoretical and observed 

occupancy, lighting, and plug-loads was presented to shed more light on the discrepancies. 

The error values showed that occupancy and plug-loads were overestimated over the typical 
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working hours of workdays while being underestimated outside of working hours. In contrast, 

lighting loads were consistently underestimated throughout the week. 

The study found that the observed discrepancies could be attributed to several factors. Firstly, 

the studied area is a shared office space in an educational facility, where the occupants are 

graduate students with a flexible working schedule. Secondly, the number of occupants 

studied is relatively low, making the impact of individual behavior significant on the general 

patterns. Thirdly, schedules, such as ASHRAE's, assume a good correlation between 

occupancy patterns and the energy use levels of systems, such as lighting and plug-loads. 

However, there is an important difference in the scale or magnitude of the profiles. 

The observed discrepancies can lead to inefficient use of lighting and equipment and 

contribute to misestimations of the actual energy use levels, resulting in an energy 

performance gap. This study highlights the importance of considering the unique 

characteristics of each building and its occupants when designing and implementing energy-

efficient systems. A non-intrusive framework with the level of granularity this study 

demonstrated is beneficial in engaging fault detection in buildings, handling 

miscommunication from occupants or mismanagement on part of the facility management.  

4.1.2 Occupant activity influences in operating rooms 

The data collected from the four Kinect cameras was processed and merged to plot an activity 

heat map. This map had a resolution of cells measuring 5cm by 5cm, and the cells 

corresponded to geographic locations of the OR. Each cell registers movement in its 

corresponding location and increments its value by one. No activity is registered for static 

occupants. The spatial activity distribution map shown in Figure 4-4 was developed in this 

manner.  
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Figure 4-4. From Paper 6: Activity levels around the surgical site 

For the data regarding bacterial contamination, the agar plates measured the number of 

Colony Forming Units (CFUs) that were formed by settling on the exposed surface of the agar 

plates. These measurements were standardized for comparison in the form of CFU density 

(CFU/m2/hour). Table 4-1 summarizes the CFU levels at each of the locations along with the 

percentage of activity level during a phase. The average CFU levels at each location are also 

indicated in Figure 4-4. 
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The results indicated that while activity levels played a role in the distribution of 

contamination, other factors also had an impact. For instance, location E had consistently high 

activity levels due to the presence of the Distribution Nurse, who had to move across the 

room, bringing particles from other areas into that location. Higher CFU densities were found 

in locations A, B, and E, where the surgical staff were more active, compared to locations C, 

D, and F, where the anesthetist nurse had less activity. The CFU density in location B was 

particularly high, which can be attributed to the stronger activity levels of the assistant 

surgeon. This participant’s roster of activities included squatting at the location as part of the 

mock surgery procedure and was responsible for opening the lid of the agar plates at A, B, 

and C. Additionally, the obstruction caused by a large table in the area may have obstructed 

air flow, leading to higher CFU densities. 

Experiment 

Phase Phase 0-3 Phase 1-3 Phase 2-3 Phase 3 

Agar Plate 

Location 

Activit

y 

Level 

CFU/

m2/h 

Activity 

Level 
CFU/

m2/h 

Activity 

Level 
CFU/

m2/h 

Activity 

Level 
CFU/

m2/h 

A 12.7% 302.15 20.9% 264.34 18 % 302.02 24.7% 476.03 

B 0.5% 377.68 8 % 469.94 10.3% 855.72 10 % 285.62 

C 1.3% 151.07 0.9% 176.23 0.5% 352.35 3.3% 95.21 

D 23.9% 50.36 37 % 88.11 36 % 100.67 30.1% 285.62 

E 60 % 302.15 31.5% 323.08 34 % 402.69 28.9% 380.83 

F 1.6% 201.43 1.7% 146.86 1.2% 151.01 3 % 95.21 

 

Table 4-1. From Paper 6: CFU measurements and their corresponding activity levels 

However, irregularities were also observed. For example, location D was expected to have 

high CFU due to its proximity to the main surgeon and sterile nurse, but no distinguishable 

CFUs were found. This might indicate a lack of sufficiently large agar plates to capture the 

airborne contamination in the area. The overestimation of CFU counts during the hypothesis 

of the study proved to be a significant limitation. While it was expected that the highest CFU 

levels would correspond to the areas with highest activity levels, the results show that this was 

not always true. 
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4.1.3 Occupant activities in residential spaces 

The case study in the Living Lab resulted in an extensive dataset labelled as ADL SmartLab 

Dataset. The aim of establishing this dataset was to build an Activity Recognition framework 

that represents activities as 3D trajectories of the 25 body joints of the human torso (also 

known as a Skeleton Model). The developed framework was able to segment and identify the 

performed 14 activities (comprised as 22 discrete atomic activities. The deep learning models 

used for this framework were Long Short-Term Memory (LSTM), Bi-directional Long Short-

Term Memory (Bi-LSTM), Gated Recurrent Unit (GRU) and Bi-directional Gated Recurrent 

Unit (Bi-GRU).  

It should be noted that this case study forms a part of the supplementary works as described in 

the Introduction (Figure 1-3). The resulting deep learning models are described in further 

detail in the attached papers (Paper 8 and 9 in Supplementary works). The contributions from 

this study to this thesis comprise of a literature review regarding the use of machine learning 

and deep learning models for AR (Figure 2-2), and the generation of a dataset for occupant 

activities.  

4.1.4 Answer to Question 1 

Based on the above findings, a summary of the case studies conducted is presented in Table 4-

2. An answer to Research Question 1 can be formulated as follows: 

Question: How to monitor and analyze the impacts of occupant behavior in different 

spaces? 

Answer: It is important to note that the question presented here is not unique in its goal. 

Rather, multiple studies have examined it within their respective contexts. However, despite 

the generic nature of the question, it still merits discussion due to the variation of its answers 

depending on the context and setting. The studies presented highlight the importance of 

considering the unique characteristics of each building/environment and its occupants while 

designing an OB monitoring system. It also demonstrates that such monitoring systems can 

vastly benefit from using multiple modalities of sensors, which makes it possible to obtain 

detailed and individualistic data. The use of the sensors also addressed the need for privacy 

and non-intrusiveness of the monitoring system.  
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Each study provided a unique perspective on the answer. The first study achieved a 

framework capable of examining granular device-level, office-level and occupant-level data 

in a shared office space while exhibiting its non-intrusiveness. The second study made use of 

an advanced monitoring system to examine occupant influences in an operating room. The 

last study made use of a similar monitoring system, but with procedures aimed at capturing an 

extensive activity-based dataset suited for smart homes and activity recognition systems. 

The complexities in developing standard OB models often arise from lack of benchmark 

datasets, since each study is focused on a specific case and the models are based on its own 

dataset. This creates difficulties for researchers to compare models or provide meaningful 

information for the building design stage. One of the objectives of conducting these case 

studies was to contribute to benchmark datasets that would be available for wider use. Table 

4-2 summarizes the datasets resulting from the case studies. 

Area of study OB aspect  Sensing modality Dataset generated 

Shared office Energy-use, 

presence 

PIR, Plug Load 

sensors, surveys 

Miscellaneous 

Electric Loads 

(Occupant-centric) 

Operating Room Activity influence on 

surroundings 

Depth registration OR Activity 

Influence 

Residential space 

(Living Lab) 

Activities of Daily 

Living 

Depth Registration ADL dataset 

Table 4-2. Summary of case studies 

In addition, ASHRAE invited researchers to contribute to a global database for OB to address 

the same challenges. This database was processed and launched in 2022 in Nature’s Scientific 

Data, consisting of 34 datasets that were selected as representative samples for different 

aspects of OB [93]. The dataset from the study in shared office spaces was selected as one of 

them and is now available online. The dataset on OB activities has been submitted as an open 

dataset as well. 
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4.2 Database for layout simulator and BOT-ABM 

This section describes the database that was developed to facilitate exchange of information 

regarding different aspects of occupant behavior for an OB model. It also provides a sample 

of the results achieved from the Matlab application built for data collection purposes. The 

methodology for this part of the thesis consisted of (i) identifying key variables needed in a 

library for layout simulation, (ii) establishing an application for the collection of such data, 

(iii) data collection at NTNU. The next step was to create a functional database that could be 

used by OB models, such as the hypothesized BOT-ABM. 

4.2.1 Application for data collection 

The application for the spatial data collection of occupant’s environment consisted of two 

pages. The first one asked the general information regarding the room, such as the occupancy 

type, order of importance for placing the objects around the room, the area etc. The user 

interface, presented in the previous chapter (Figure 3-5), resulted in a data collection format 

as shown in Figure 4-5. This interface generated a grid based on the input of the room area, 

dividing it into cells. The occupant would then have to proceed by highlighting the areas 

inside their rooms that are occupied by a certain object. The object list provides a list of 

common objects, specified for the room type. This list was by no means exhaustive, but users 

had an option to specify what other object was used. 

 

Figure 4-5. Sample output from the Matlab application 
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4.2.2 Database design 

Databases created through MySQL consists of tables that are related to each other via primary 

and foreign keys. A ‘table’ consists of rows of information, wherein one type of information 

is assigned as a ‘primary key’, unique to the table. In most cases, this is an id for the row of 

information. For example, in a table containing data about a room, the id could be the room 

number, and designated as a primary key. Tables consisting of information about other parts 

of the building can now have a ‘foreign key’ that is connected to this room number. Use of 

this foreign key will indicate which table to access to extract information. This helps with 

eliminating data redundancy, since only the desired set of information is accessed for an 

operation. Additionally, the keys might be in the form of one-to-one relationships, or one-to-

many. The former links a single record in one table to a single record in another, whereas the 

latter connects a single record to multiple records. The database schema (Figure 4-6) provides 

a graphical representation of the information present in the tables and the connections 

between them. 

 

 

Figure 4-6. Database schema for the collected datasets 

The database created for surface layouts consists of three tables wherein the parent table in the 

‘room directory’. This table contains a generated id for the room, and additional details about 

the room such as the number of occupants and occupancy type (private/shared). The id in this 
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parent table is connected to a table that displays information about the spatial layout of the 

room. There are multiple layout tables, and each of them has a one-to-one relationship with 

the parent table via the room id. It also has the information about the objects located in the 

room, denoted by specified object id. These ids are connected to another table with 

information about the objects. Hence, information about objects and rooms has to be entered 

only once in the relevant table and just connected to the layout, where information is 

represented with a single- or double-digit id. These connections contribute to avoiding data 

redundancy and reducing computational power.  Instead of having a number of irrelevant 

details in each file, the relevant information can be accessed via queries. 

Similarly, as shown in the schema, the shared offices database contains the dataset from the 

case study, wherein the tables reflect the actual and perceived energy-use behaviors of 

occupants. 

4.2.3 Answer to question 4 

The research question addressed in this section can be summarized as follows: 

Question: What kinds of prerequisites are needed to map environmental layouts around 

the occupant? 

Answer: The response to this question took into consideration the movement of an occupant 

inside a room and their interactions with the objects present inside it. Prerequisites needed to 

map these occupant environmental layouts were identified in the form of a library that 

contains sufficient information for a surface layout simulator. The resulting study had three 

goals, the first one being the identification of seven variables for the library, presented in 

Table 3.1 in the previous chapter. Secondly, a Matlab application was developed for 

collecting spatial information about the environment, the interface and sample output of 

which is described above. These ideas were tested by collecting a sample dataset of 80 offices 

at NTNU. A subsequent part of this answer was the development of a database to connect the 

information generated from this study to larger models, which was then expanded to include 

other datasets from previous studies as well.  

4.3 Social Aspects of OB 

This section details the results obtained to answer question 3, regarding the social aspects of 

OB. To that end, the study explored the literature for quantification of social aspects and 
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developed a framework and extended-TPB model to address it. Using these, a questionnaire 

was created and distributed for data collection. The data analysis (overview in Figure 3-7) 

consisted of three steps (i) Reliability Analyses, (ii) Path analysis/ SEM/ Regression models, 

and (iii) OB profiles. The following subsections 4.3.2 – 4.3.4 describe the results obtained for 

each of these. Subsection 4.3.1 describes the results for the addendum to the case study on 

shared offices (Paper 2). 

4.3.1 Addendum to the case study in shared office spaces - Results 

The reason for including this addendum in this section is that the topic revolved around social 

perception of energy-use behaviors. The study analyzed occupancy schedules and device 

utilization in a building using sensors and occupant surveys. The actual schedules obtained 

from the sensors differed significantly from both the perceived and standard schedules, with 

one of the biggest deviations being a delay in the start of the day. However, occupant 

perceptions about their presence, obtained from the surveys, showed a smaller gap in this 

delay and followed the trend of the actual schedules more than the standards. Statistical 

analysis showed that perceived occupancy had a stronger correlation to actual occupancy, but 

a significant gap still persisted, as can be seen in Figure 4-7 

 

Figure 4-7. From Paper 3: Comparison of Standard, measured and perceived profiles of 

occupancy 
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On the other hand, the study found that device utilization did not yield significant 

correlations. The perceived energy-use of occupants varied greatly from occupant to 

occupant, as well as device to device. Even devices subjected to frequent use, such as laptops 

and monitors, showed discrepancies regarding perceptions. For example, laptops were the 

most consistent, and monitors the least. Occupants that considered themselves to be switching 

off their monitors while leaving found that their perceptions were inaccurate, according to 

plug load sensor measurements. These results are highlighted in Paper 3. 

4.3.2 Reliability analysis (Measurement modelling) 

This section details the results from the first step of the data analysis. As described in the 

previous chapter (section 3.3.4), the data collection resulted in 101 samples that were deemed 

suitable for use. A brief look at the demographics indicated that a majority of the respondents 

were from Norway (33%) and the rest were a mixture of different nationalities. The age 

groups in the range 21-35 years constituted the vast majority of the respondents, at 85%. 

Almost all the participants were working in shared offices, which is why the agent-based 

model was centered on shared offices. Post data processing (for outliers and missing data), the 

collected data was ready for testing reliability. 

A reliability analysis is a test performed on each variable of the extended-TPB model to check 

whether the theorized model is reliable and valid. For testing this, each variable in the model 

has minimum two questions. The responses to both needed to be correlated enough, since they 

measured the same variable. The scores used for this test were pearsons correlation 

coefficient (when the variable had 2 questions) and cronbach’s alpha (when the variable had 

more than two questions). Figure 4-8 summarizes the results for this step. 

Variables testing for reliability analysis were ‘attitudes’, ‘personal norms’, ‘awareness of 

consequences’, ‘descriptive norms’, ‘injunctive norms’, ‘social connectedness’, ‘identity’, and 

‘self-construals’. Out of these, all except ‘self-construals’ passed the limit of 0.6 for pearson’s 

coefficient and 0.7 for cronbach’s alpha. ‘Personal norms’ and ‘awareness of consequences’ 

scored the highest (0.8 and 0.79 respectively), while ‘social connectedness’ and ‘descriptive 

norms’ scored the lowest (0.61). 

Since ‘perceived behavioral control (PBC)’ and ‘habits’ targeted different building systems, it 

was not necessary for them to be highly correlated. These were instead subjected to a 

confirmatory factor analysis that models observed variables to have unobserved ‘factors’. In 
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this test for example, the answers regarding habits had one factor that accounted for lighting, 

appliances, and computers, and one factor that accounted for windows. This denoted that 

people’s behavior was similar, or stemmed from similar reasons, when it applied to lights, 

computers and appliances. And this was different from the habits and behaviors while 

interacting with windows. The scores used to test on confirmatory factor analysis were the p-

value for significance, and the Kaiser-Meyer-Olkin measure of sampling adequacy (KMO 

value). Both these variables scored well to clear the ordained limits of these scores. Extensive 

results of these tests are attached in the appendix of paper 4. 

 

Figure 4-8. Results of reliability analysis 

4.3.3 Path analysis/Regression models 

Following the reliability analysis, the variables deemed to be valid were then subjected to the 

second stage of the data analysis, which was aimed at determining the influence of each 

variable on the intention to perform energy-related behavior. This section summarizes the 

results obtained from these models. Recalling the variations of the models run (Figure 3-10), 

each building system had separate models developed to evaluate the behavior associated with 

it. This was done since the previous steps in the analysis pointed out that the behavior for each 

building system could have different results and reasoning behind them. In addition, it could 

provide clearer insights regarding social aspects of OB. However, the results displayed here 

are those from the path analysis and regression. The SEMs required that the dependent 
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variable (intention to perform an action) would be a latent variable that would be associated 

with two observed variables. This meant that it was not possible to create a model for each 

building system. At least two building systems would have to be clubbed together to give a 

valid output. While this made for interesting observations, it did not fit with the objective of 

the analysis. However, results from these SEMs are also attached in the appendix (paper 4). 

For both path analysis and regression, it is important to assess whether the theoretical model 

fits with the observed data. To evaluate the fit of a model, several fit indices are used. These 

indices can be classified into Absolute Fit Indices and Increment Fit Indices. The Absolute Fit 

Indices provide a measure of how well the specified model fits the observed data without any 

reference to a comparison model. These include the Chi-square test (χ²), Root Mean Square 

Error of Approximation (RMSEA), and Standardized Root Mean Square Residual (SRMR). 

Increment Fit Indices provide a measure of how well the specified model fits the data 

compared to a comparison model, such as a null model. Incremental fit indices examine the 

difference in fit between the specified model and a more restrictive model that assumes no 

relationships between the variables. These include the Goodness-of-Fit Index (GFI), Adjusted 

Goodness-of-Fit Index (AGFI), Comparative Fit Index (CFI), and Relative Fit Index (RFI) 

A non-significant chi-square (χ²) value indicates that the observed data fit the specified model 

well, which is generally desirable. However, it's important to note that the chi-square test is 

sensitive to sample size, and small or moderate sample sizes can lead to a significant chi-

square value even if the model fits the data well. Therefore, in addition to the chi-square test, 

it's recommended to use multiple fit indices to evaluate the goodness of fit of the model. 

These fit indices should include both absolute fit of RMSEA and SRMR as well as a 

minimum of two Increment Fit Indices.  

The models were subjected to variations such as testing them with or without the additional 

variables like moderator variables (Social Connectedness and Identity), Awareness of 

Consequences (AoC), Habits, or Personal Norms (PN). These variations were conducted since 

the extended-TPB model was a theoretical one, and it was necessary to assess which parts of 

the hypothesis rang true. Table 4-3 depicts the best of these results, along with the evaluation 

metrics (model fit indices). The desired value of these is present in the parentheses beside 

each of the indices, except the degree of freedom (which needs to be positive but not 

excessively high). The values in red denote the scores that did not pass the mark for the 

desired value, whereas the figures in bold represent the best fit achieved. 
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Table 4-3. From Paper 4: Evaluation of path analysis/ regression models (windows) 

All the models shown in the Table 4-3 pertain to windows, since that was the building system 

that continued giving consistently well-fitted models. This also reflected in the reliability 

analysis, where the factor analysis confirmed that behaviors regarding windows was different 

than other building systems. After determining the goodness of fit, a closer look can be taken 

at the models to understand the influences of each variable on occupants’ intention to act. 

Figure 4-9 shows the results from the two best models, one from regression (+Habits +PN), 

and one from path analysis (+AoC/PN + Habits). It can be seen from the results that 3-4 of the 

variables were statistically significant, i.e., had a p-value less than 0.05. This was in line with 

other models seen in literature, where not all of the variables have statistically significant 

relationships but are nevertheless important for drawing interpretations. The numbers 

indicated beside the path line (arrows) of each variable denotes the path coefficient (between -

1 to 1 for standardized estimates). This indicates the amount of variance that will occur in the 

dependent variable when the independent variable changes by one. For example, from Figure 

4-9, the path coefficient of ‘Attitudes’ is 0.03. This means that if the value of attitudes 

changes by one, the intention will vary by 0.03. Negative signs indicate the direction of the 

relationship. 

The results indicated that around 60% of the variance in the intentions is covered by the 

independent variables in the model. From all the variables, ‘Habits’ was the one that had 

consistently strong influence on intention, in addition to always being statistically significant. 

‘Injunctive Norms’ reported the second highest scores, while ‘Personal Norms’ displayed a 
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strong influence, albeit in a negative direction. The path analysis also proved the ‘AoC’ 

variable to be statistically significant, as well as a strong predictor of ‘Personal Norms’. This 

interpretation was applicable to the windows-related behavior. Since (IN) was a variable that 

measured people’s willingness to act according to the expectations of their peers, this gave an 

important insight into people’s behavior.  

Analysis of the models for lighting, appliances, and computers revealed slightly different 

results. However, ‘Habits’ was still the major influencer across all the building systems. 

‘Descriptive Norms’ proved to be a good influencing factor for lights, whereas ‘Personal 

Norms’ was more strongly associated to appliances. The windows model was also the one 

with the best fit, and hence was selected as a baseline for developing the agent-based model. 

The best ones of these models are summarized with the respective coefficients of the variables 

in table 4-4. 

Variables 

 

Building System 

Windows Lights Computers Appliances 

Attitudes 0.03 0.01 0.01 -0.02 

Personal norms -0.17 0.06 0.06 0.20 

Descriptive 

norms 

0.00 0.10 0.01 -0.01 

Injunctive 

norms 

0.25 -0.13 -0.01 0.02 

Perceived 

Behavioral 

Control 

0.10 0.06 0.02 0.02 

Habits 0.70 0.82 0.70 0.72 

 

Table 4-4. From Paper 4: Variable coefficients for different building systems 
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Figure 4-9. From Paper 4: (top) Regression with +PN +Habits (bottom), Path Analysis with 

+AoC/PN +Habits 

4.3.4 OB Profiles 

After determining the reliable variables as well as their influences, the processed data was 

used to generate OB profiles.  The goal of developing these profiles was to have an optimal 

number of occupant types to use in the agent-based model, as well as adjust their defining 

characteristics based on their profile. The methodology for generating these profiles was k-

means and k-modes clustering, the latter of which was more suitable for the dataset used in 

the study. Establishing an optimal number of clusters was essential, since the data could be 
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adjusted into 5-20 clusters. Elbow score was used in this case, which plots a cost curve as 

shown in Figure 4-10. The x-axis represents the number of clusters, while the y-axis plots a 

distortion score. The drawn curve has a point of inflection that indicates the optimal number, 

which in this case, was 8 clusters. 

 

Figure 4-10. From Paper 4: Cost curve to determine optimal number of clusters 
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Figure 4-11. Distribution of clusters/ OB profiles 

Further analysis of these 8 clusters (or profiles) is shown in Figure 4-11. This represents the 

amount of people present in one cluster. These were divided based on their responses, where 

the scores for each response was used to denote a centroid of a cluster. The densest cluster 

was number 2, with 23 people who gave similar responses, while number 7 was the least 

dense with just 3 people in it. 

4.3.5 Answer to question 2 

Based on the results obtained from these studies, an answer to research question 2 can be 

formulated as follows: 

Question:  How can the social aspects of OB be evaluated for modelling/simulation 

purposes? 

During the formulation of the research questions, this question was divided into three tasks in 

order to be addressed. The study presented provided answers to each part, starting with a 

hypothetical framework and extended-TPB model developed to start the process (Task 2.1). 

This proved meaningful in quantifying the social aspects. The second task (Task 2.2) 

answered this question by deploying the framework to collect and analyze the social aspects. 
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The analysis resulted in eliminating some factors, such as ‘self-construals’ from the extended-

TPB model. Rest of the variables were proved to be reliable and valid based on reliability 

analysis and confirmatory factor analysis (Figure 4-8).  

The investigation process included the creation of structural equation models, regressions, and 

path analysis. Regression proved to be the model that provided the best fit, while path 

analysis was also acceptable (Table 4-3). SEMs did not result in eligible models due to the 

lack of segregation in building systems. The influence factors for occupant’s energy related 

behaviors were obtained for each building system, highlighted in Table 4-4. The addition of 

‘Habits’ strengthened the model significantly, where the variable was the strongest predictor 

for all building systems, in all model variations that were used. 

Lastly, the construction of the framework and subsequent evaluation of all the variables 

enable the creation of OB profiles (Task 2.3). These profiles were now backed by analysis 

that emphasized which variables were valid and significant enough to justify the clustering 

techniques use. The k-modes clustering technique yielded suitable clusters, elig.ible to be 

used for modelling purposes. 

4.4 Agent-based modelling 

This section describes the resulting model using the agent-based modelling in Netlogo. It 

includes the interface of the model, the applicability, and the simulation of window-opening 

behavior. It also includes the result from the movement simulation that was modelled as a 

separate entity, with capabilities for integration with the larger model. 

4.4.1 Model interface 

The idea behind creating a proof-of concept model was to initiate the process of bridging the 

social behavioral theories with the engineering methods of modeling OB. The aim was also to 

provide an open model that would have a degree of flexibility for the user to control and run 

several iterations of the window-opening behavior. For this to be eligible for use to other 

researchers, especially those involved in social sciences, the model had to be simplistic and 

user-friendly, with blocks of code that ran on the press of a button, and the parameters are 

adjustable in the form of sliders. The interface is presented in Figure 4-12. The Setup and Go 

buttons are those common to most agent-based models, the first run setting up the parameters 

to the desired settings as a starting point, and the second one running the simulation. In this 
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example, the starting point was the generation of the layout, the agents, their personalities, 

and the distribution of occupants.   

 

Figure 4-12. From Paper 4: Interface of the agent-based model in Netlogo 

Several provisions are present in the model to investigate the window-opening behavior. The 

resulting profiles from previous steps were modeled into 8 different personalities, or ‘types’ 

that each occupant would be assigned. However, the model had a slider to choose the number 

of profiles to run the simulation on. Moreover, the distribution here was selected to provide a 

sufficient number of types to run simulations with good amount of occupant diversity. This 

feature was also kept flexible to a certain extent, where 4 different distribution types were 

present. This can be expanded and scaled to include more types and distributions as well. 

4.4.2 Simulation of window-opening behavior 

The window-opening behavior would be carried out by each agent (occupant) in accordance 

with the rules. These rules were the ones associated with their respective types, as well as 

general rules about window opening durations during different seasons. The simulation could 

be done from the period of one hour, up to a period of 10 years. The slider for ‘Max-years’ 

gives the user the option to choose the maximum number of years they would like to run the 

simulation for or set a maximum limit. The user could also choose to run the simulation in 

increments of one hour, one day, one month, or one season. A season would last for a period 

of three months, hence one year would have equal distributions for summer, fall, winter, and 



RESULTS AND DISCUSSION 

82 
 

spring. Each season instructed the agent with a standard opening duration of windows during 

the workday. The probability of the agent of following the instruction would differ from type 

to type, which would mimic the OB profiles developed. For example, a person belonging to a 

cluster that scored higher on window interaction would have more chance to follow the 

instruction.  

Based on these behavioral criteria, the simulations would run for the cycle specified in the 

model interface. The data would be shown in the form of a graph that summed the number of 

hours a window was open throughout the day (the increment was originally for each hour but 

was changed to one day to be more visually evident). Figure 4-13 depicts graphs illustrating 

the duration of window openings on each day, one for each sort of occupant/agent. Type 1 

depicts the typical baseline model, with a graph made up of straight lines. The agents in the 

baseline model would simply open the window for a set amount of time each day based on the 

season, resulting in a deterministic model. Winter seasons would be shorter than summer 

seasons, and so on. The remaining graphs can be observed, with some variation in behavior. 

The simulation results were for a complete year, with three months between seasons. 

However, for clarity, the figure only includes one month from each season.  
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Figure 4-13. Window opening duration of different OB profiles 

As can be observed, the graphs progressively demonstrate shorter and shorter window-

opening timings, which corresponds to the tapering structure developed when the agent kinds 
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were created. The results demonstrate the ABM's capacity to add personality-specific traits 

for a set of occupants. This operates within a user-specified range but allows the model to be 

flexible within that range. For example, because type 3 had a 60% chance of obeying the 

guidelines, their deviation from the baseline model would be between 0 and 40%. The 

subsequent versions, which opened the windows for progressively shorter periods of time, 

yielded similar findings. 

The simulation results for types 7 and 8 were particularly noteworthy. These two categories 

were created to express occupants' Subjective/Injunctive Norms beliefs/concerns by either 

acting in the same way as their peers or "officemates" or acting in the opposite way. These 

agents had a greater proclivity to follow routines influenced by those around them. However, 

it was difficult to plot these since they appeared random without the context of which other 

type of agent was present in the workplace with Type 7 and Type 8. Some images in the 

Appendix of Paper 4 exhibit screenshots from the simulations, which demonstrate the office 

layout and the agents impersonating their coworkers.   

4.4.3 Movement simulation results 

The movement simulation was carried out based on the logic presented in the previous 

chapter in Figure 3-13. This simulation was run to mimic a standard day according to 

ASHRAE profiles, wherein the occupant would enter the office at a designated time, move to 

their assigned desks/workstation, and leave at the end of the day. As the agents were 

generated, each agent had a link established to their respective workstation The heading of the 

occupant, that denotes the agent’s direction, would be set based on the angle between the 

occupant and its destination. A simulation in progress is shown in figure 4-14. An occupant 

would be denoted as ‘moving’ if the distance between the agent and its destination was larger 

than one patch (red agents), whereas, when the distance from their target was less than a 

patch, i.e. the occupant was as closest as it can get to the target, it would be denoted as 

‘working’ (blue agents). 
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Figure 4-14. Occupants moving in the direction of their linked desk (2-D and 3-D views) 

4.4.4 Additional deep learning models 

Other OB models contributed from the work of this thesis include support work in developing 

deep learning models, some of which were mentioned in section 4.1.3, as part of 

supplementary work. In addition, the study presented in paper 7 revolved around the use of 

state-of-the-art DL models to predict occupancy and plug loads. It used the dataset from the 

case study on shared offices, with the objective of developing LSTM, Bi-LSTM and GRU 

models to assess which ones predict occupant’s plug load patterns more accurately. This 

dataset was dividing into training, test, and validation sets, where the training set was used to 

develop the models, and predictions were made on the test set. LSTM was selected as the 

baseline model, and the predictions were carried out for a ‘day-ahead’ and ‘week-ahead’ 

period. 

 The result was three predictive models developed in the Python language, which were 

evaluated using the RMSE and Mean Absolute Error (MAE). The methodologies and 

optimization strategies are better outlined in the attached paper. The plug loads being 

predicted were for six devices (laptop, two monitors, docking station, desk lamp, and 

miscellaneous). The miscellaneous plug-loads proved to be the real challenge, since it had 

unstable consumption patterns. However, the Bi-LSTM model was the best one to forecast 

these with the least amount of error. All the three models performed well on the day-ahead 

predictions, capturing the peaks and lows of all devices with minimal deviations. For the 
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week-ahead predictions, it was again the Bi-LSTM model that performed the best. These 

predictive models are useful for implementing demand-response assessments, as well as 

providing insights for pricing and tariffing energy-usage. 

4.4.5 Answer to question 3 

The results obtained from these simulations can be used to formulate an answer to research 

question 3 as follows: 

Question: How can the social aspects of OB be modelled/simulated? 

Answer: It can be worthwhile to note that this was the original question considered while 

formulating the goal of this doctoral study. It is a fairly straightforward question at first glance 

and addresses the core objective of aiding building energy performance simulations and 

optimizing energy efficiency of the same. However, as the work progressed, it was evident 

that there were several questions that lay in the background that had to be addressed first. This 

question was originally about modelling OB in general, and got modified to center around 

social aspects of OB. It also proved to be the source of all the other questions considered in 

the thesis. 

The key to answering the question lay in Question 2, about assessing and evaluating social 

aspects in order to prepare them for simulation purposes. All in all, social aspects in OB can 

be modelled using diverse modelling strategies, but first require a framework that is suited to 

the method of modelling selected. Agent-based models were the ones selected in for this task, 

and were assessed to be a suitable conduit for capturing and channeling the complexities in 

OB. It had the capability of implementing the already established fixed and static models, 

while also accommodating the diversity of OB. Furthermore, the simulations could be 

adjusted using a simple user interface and incorporate flexibility as desired by the user
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5 CONCLUSIONS 

This chapter summarizes the key takeaways from the studies conducted in this thesis. Section 

5.1 provides the main conclusions of the three main parts, or themes that the work in this 

thesis can be divided into. Section 5.2 talks about the various limitations present in these 

studies. Section 5.3 presents some considerations for future work. 

5.1 Concluding Remarks 

Regarding monitoring of occupant behavior 

Occupant behavior has a vital influence on the energy performance of buildings, and it is 

therefore essential to understand and document it to improve building design and operation. 

The first focus of this thesis, hence, was to build strategies to monitor OB and their influence 

in diverse settings using an assortment of sensing modalities. 

The first case study of OB in shared office spaces yielded interesting insights. The use of a 

non-intrusive monitoring framework made it eligible for application in different buildings, 

especially those lacking BMS infrastructure. The insights about energy-related OB after 

monitoring a shared office for a year showed large amounts of energy being consumed when 

the occupants were not present in the area. In addition, device-level and occupant-level 

granularity made it possible to point out the devices that were causing the unnecessary 

consumption. Lastly, discrepancies were observed between the standard ASHRAE profiles 

and measured values of occupancy, lighting, and energy-use. These also provided insights for 

the kind of patterns that occur in academic buildings. 

The second study was undertaken inside an operating room of a hospital. The aim of this 

research was to tackle the issue of limited investigation into human activity in hospital rooms 

during experiments. The findings indicate a correlation between higher activity levels and 

increased bacterial contamination in various areas. However, the study also revealed that 

areas near physical obstructions had the highest CFU densities, indicating that airflow 

patterns may have a role to play in such environments. Insights gained from studies like this 

could help to implement infection control measures, such as optimizing airflow and 

positioning of surgical instruments based on staff activity, as the current indoor environment 

design does not consider the effects of human activity during real surgical procedures. By 
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dynamically recording human activity and using reproducible techniques to measure airborne 

contamination and airflow patterns, valuable information could be obtained that could 

influence the design of operating theatres and working practices. 

It is crucial to acknowledge that the outcomes obtained in these studies are not intended to be 

broadly applicable or extended to conventional buildings. Rather, they demonstrate the 

effectiveness of the proposed high-resolution occupant monitoring systems in identifying 

possibly wasteful energy consumption patterns in office spaces, and potential sources of 

contaminations due to occupant activities in ORs. The results reveal the significant influence 

of individuals on their environment and can be beneficial including facility managers who 

maintain and adjust centralized systems. 

The case study in residential spaces successfully demonstrated the precision of data fusion in 

capturing human activities by using multiple depth registration devices. An automated, real-

time, and reliable activity recognition framework was able to monitor and assess occupant’s 

activities of daily living in an unrestricted environment. The data collected from three 

cameras were fused into a single skeletal model and calibrated to synchronize spatial and 

temporal dimensions. In addition, the study showed the reliability of depth registration in 

accurately capturing activities, with 22 discrete atomic activities labeled and recognized. The 

resulting dataset is vital in establishing benchmark datasets for occupant activities. 

Regarding OB profiles and preparatory work for OB models 

While the first theme of the thesis focused on using sophisticated data acquisition techniques 

to collect detailed datasets, the second theme revolved around the preparatory work needed 

for OB models. This was a direct question generated while addressing the complexities of 

creating holistic models. Since OB has several aspects to it, the chosen ones to address here 

were the social aspects. In addition, supplementary work was done for generation of surface 

layouts for an occupant’s environment. Both of these also tied into the proposed BOT-ABM 

model, covering two of the aspects mentioned in the model hypothesis. Lastly, a database to 

be used for OB models addressing multiple aspects was established. 

The support work done for the simulation of the occupant’s environmental layout and the 

database development is more of a methodological approach, making it difficult to draw 

conclusions on. Since there exist no such application that collect the data or contains variables 

that were defined, there cannot be a comparative analysis on it either. The main conclusions 
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hence comprise of the methodology. To map occupant environmental layouts, a prerequisite 

library containing sufficient information for a surface layout simulator was identified. The 

study had three objectives: first, the identification of seven variables for the library; second, 

the development of a Matlab application for collecting spatial information about the 

environment, with the interface and sample output described above; and third, testing the 

ideas by collecting a sample dataset of 80 offices at NTNU. Additionally, a database was 

developed to connect the information generated from this study to larger models, which was 

then expanded to include other datasets from previous studies. 

Meanwhile, the preparatory work for the social aspect of OB was much more complete, 

conducted from start to finish, including the conceptual theories, proposed extended-TPB 

model framework, data collection, analysis and evaluation. The necessity of using behavioral 

theories was well highlighted during the survey formulation, since it provided ground for 

quantification of these behaviors. These theories also assisted in the evaluation of the 

variables obtained from the data collection, in terms of their reliability and accuracy. The 

theoretical extended-TBP model finally concluded in one that included habits and injunctive 

norms as the best fit, although the models including awareness of consequences were not far 

behind. The addition of moderating variables did not prove to significantly change the 

outcome of these models. The data analysis to determine the influence of the different 

variables consisted of using path analysis, regression, and structural equation modelling. The 

latter of these did not have good capabilities to address the individual building systems, and 

the models created were for a general behavior pattern. This was not consistent with the 

objective of the study, hence the focus turned to the path analysis and regression models. 

Although SEM and path analysis are powerful tools to analyze complex relationships, 

regression analysis allows for the examination of relationships between a small number of 

variables, which can be useful when the goal is to identify the most important predictors of a 

particular outcome. 

Habits consistently proved to be the best predictor for behavioral patterns regarding all 

building systems, while personal norms, injunctive norms, and descriptive norms competed 

for the second most influential predictors for different systems. Furthermore, the results of 

these models aided in the construction of OB profiles to be used for models. The optimal 

number of profiles was calculated using the elbow score in k-modes clustering methods, 

which turned out to be 8 profiles. 



CONCLUSIONS 

92 
 

 

Regarding OB models 

While the bulk of this thesis focused on preparatory work for OB models, the end goal was to 

develop accurate and more representative models, that could be used for building performance 

simulations. Two of the datasets became available as benchmark datasets and were used for 

developing machine learning and deep learning models. One of them even became part of the 

global OB database that has been made available by the IEA’s Annex-79. The results from the 

deep learning models summarized the performance of state-of-the-art DL models with regards 

to occupancy, plug-loads, and activity recognition. Bi-LSTM models predicted the energy-use 

patterns most accurately. 

The agent-based model was developed to simulate the social aspects of OB, as part of a proof-

of-concept study to showcase the abilities of ABMs in capturing the diversity and 

complexities of this phenomenon. Moreover, an important contribution of this study was to 

provide an interdisciplinary connection for social sciences and the engineering part of the 

field. Studies concerning OB often highlight the necessity of incorporating multiple branches 

of sciences in order to provide an accurate and representative assessment of occupant’s 

energy-use behaviors in buildings. This recommendation extends to it modelling and 

simulation as well. The agent-based model created in this study was grounded in and based on 

the social behavioral theories, and then used the assessments and profiles provided by the 

preparatory step to simulate window-opening behavior. It also provided a simple and 

accessible user interface and flexibility for simulations and is scheduled to be released for 

access as a Netlogo model. This can serve as a starting point for building larger and more 

detailed models and optimize the research methodology on OB. 

5.2 Limitations 

Occupant behavior is an evolving topic, where the lack of global standards regarding OB 

modelling and simulation leads to the need for several assumptions. There are also restrictions 

due to the scale and complexities involved in the topic. This section briefly discusses the key 

limitations regarding the studies, with more detailed discussion provided in the individual 

papers.  

Regarding monitoring of occupant behavior 
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The main limitations with regards to OB monitoring studies in this thesis can be summarized 

in three key points: scale, homogeneity, and lack of additional considerations. 

1. Scale: The sample size of the participants in the studies was sufficient enough to test 

the framework, assess the occupants’ influences etc. However, it was only sufficient to 

point out the eligibility of either the framework or the methodology. For example, 8 

occupants were monitored in the shared office space, and while this was to show the 

efficiency of a granular monitoring framework, it could benefit vastly from an 

increased sample size. Similarly, the study conducted in the residential Living Lab 

could benefit from a larger number of occupants, as well as scalability. All three 

studies were very specific for their environments and need to incorporate scalability in 

their approaches. 

2. Homogeneity: The homogeneity referred to here is with respect to the building types, 

building systems or monitoring systems involved in the studies. For instance, passive 

sampling strategies were used to collect data about the bacterial accumulation in the 

operating room, which has several limitations in comparison with active sampling 

strategies. Moreover, the ventilation systems present in the study come with their own 

set of limitations. Studies need to be conducted in rooms with different ventilation 

systems to see if the occupant activity levels are impactful enough in other 

environments. Similarly, the room layout and placement of furniture is always kept 

constant in order to have a controlled study. However, this can reduce the applicability 

of the monitoring methodologies, since different environments may contribute to 

different results. Lastly, additional sensors such as wearable sensors, HVAC 

monitoring etc would have improved the application of these monitoring systems as 

well. 

3. Lack of additional considerations: Some of the considerations missing in the studies 

are those of HVAC systems. This is a significant part of energy-use in buildings and 

could not be considered due to the requirements of the study, either being non-

intrusive or due to lack of valid data. Other additional considerations include occupant 

bias in reporting and the need for strong computing systems for the activity 

recognition. 

Regarding OB profiles and preparatory work for OB models 
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Both the library for the surface layout simulator and the database developed for connecting 

different datasets across a platform are in the initial stages. There is a lack of testing and 

validation involved, due to these being developed for hypothetically larger models. However, 

this scope was taken into account since works like these would be parts of a larger project. 

That makes it difficult to run them in a real-world scenario. In addition, there is a 

computational expense involved that makes it expensive and laborious to implement, thereby 

requiring a lot more optimization. 

For the work regarding the social aspect of OB, the sample size is again one of the major 

drawbacks. Since this was more of a proof-of-concept study, the aim was to build a functional 

model and provide an interdisciplinary link between two different sciences concerning OB. 

For social aspect, larger sample size, different types of buildings and rooms, more 

investigation around behavior regarding appliances, computers etc. needs to be addressed. 

Regarding OB models 

The most significant drawback of the agent-based model developed in the study is the lack of 

validation. While the model offers flexibility and incorporates the diversity in OB, there is no 

way to gauge how accurately that is done. This problem persists in OB models in general, 

since behavior is hard to predict, and even harder to validate. Protocols for validation were 

adopted in the study but fell out of scope. The future work considerations elaborate on the 

proposed validation strategies. The model is also extremely limited to a specific office layout 

and cannot be easily transferred to other settings. The agents in the model, representing the 

occupants, already have ties to the layout, setting, and desks/windows. This limits the 

transferability of the model. While other layouts can be made keeping the occupants intact, 

the process is time-consuming and computationally demanding, at least to encompass a bigger 

range of layouts and environmental settings. 

5.3 Considerations for future work 

Regarding monitoring of occupant behavior 

All the considerations for future work of OB monitoring stem largely from the limitations 

observed. First and foremost is the scalability. All the case studies mentioned in the thesis can 

benefit from a larger sample size. More occupants would make it viable to draw standard 

conclusions regarding OB, as well as test out the applicability of the monitoring frameworks 
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proposed in the individual studies. The diversity of occupants would make it easier to train 

models on a large scale of data with varying energy-use and activity patterns. Secondly, the 

monitoring systems can be expanded to be used in different building types, thereby increasing 

the scope of the studies. Different monitoring strategies can be compared, which take into 

account the sensing modalities used here and compare it with other sensors. A significant 

hindrance on setting up such monitoring systems is the cost involved. Economic assessments 

need to be made about these systems with regards to the capital needed and the improvement 

in energy efficiency offered. Incorporation of HVAC systems is another goal for the future 

considerations, which would introduce more complexities and would need more capable 

monitoring systems to accurately record the use-patterns. 

These considerations would provide building facility managers with adequate data about how 

building energy performance is being affected by occupant behavior, and what optimization 

strategies could be adopted to improve it. This also helps policymakers provide better 

guidelines and make decisions in a more informed manner. 

Regarding OB profiles and preparatory work for OB models 

The developments around these have been all about initial steps. In order to take it forward, 

the application developed for the surface layout needs to be used in different environments to 

evaluate its applicability. Future work can also start with testing out the capabilities of the 

database, by connecting it to multiple models, or simply releasing it for wider use for entering 

benchmark datasets that are accessible to a larger community. 

While a major part of this thesis focused on the social aspects of OB, starting from conceptual 

frameworks to a working model, similar care and effort has to be given to the other aspects as 

well. For example, some aspects identified in the BOT-ABM proposal have been researched 

on and analyzed in a similar manner, whereas others need to be assessed. This has to 

contribute in building a holistic OB model that can standardize datasets from across 

disciplines, use profiles for multiple aspects of OB, and have dedicated models for each. 

Regarding OB models 

In order to proceed with OB models, the question of validation has to be tackled. The 

selection of agent-based models was also done due to its capacity to program individual 

agents and monitor the outcome on a larger scale. A validation protocol can hence be 
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established by programming the agents based on the profiles and subjecting them to a 

scenario where we already know what the outcome is supposed to look like. This protocol 

was initiated in the study during the survey creation. Two scenarios were presented to the 

participants, one regarding their interactions with lighting systems and the other regarding 

appliances. Since all participants are categorized into profiles, agents can be modelled 

according to the general rules of the profiles. A single agent from a profile can then be placed 

in a scenario that is the same as presented to the participants during the survey. The actions of 

these agents would give an idea to the accuracy of the behaviors being simulated. This would 

be the next step in terms of agent-based modelling. 

The DL models provided forecasts and predictions around energy-use of the occupants. The 

benefit of developing these models would include the awareness of OB and their patterns of 

energy-use, which could be further utilized by building facility managers to develop energy-

efficiency programs. These programs can aim at spreading awareness, identifying the 

requirements of the occupants through feedback systems, and incentivize reduction in energy 

consumption. 
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