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Preface 
The project emerged in relation to a special call from the Innovation Fund Denmark, 
Bloxhub, and Realdania1 regarding establishing a network of a group of researchers 
focusing on Smart Buildings and Cities. Aarhus School of Architecture, Schmidt 
Hammer Lassen, and Soren Jensen Consulting Engineers summarized a conceptual 
idea expanding the field of research within the user-centric design. The digital twin 
became the Smart Building concept aiming to explain the possibilities of using 
modern technology to support user-centric design. The research project aims to 
support the long-term goal of developing and applying the technical possibilities to 
support the architects in the design process and ultimately strengthen the user-
centric design. 
 
The Ph.D. was part of Realdania’s industrial research projects that formed the 
“Smart Buildings & City Research Team”. A network of nine projects, including 
sponsors, universities, and researchers (seven Ph.D.s and two PostDocs), formed 
new collaborations, knowledge sharing, and disseminated recent research findings 
to the built industry (construction, civil engineering, and architecture). Each 
researcher in the network addressed a specific topic related to smart cities and 
buildings: technologies and people. 
 
  

 
1 https://bloxhub.org/smart-city-research/ (assessed 2022.03.23) 
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i. Summary 
 
With every building we construct, we construct it from a holistic perspective to create 
the best environment for those inhabiting the building. Adapting modern sensor 
technology and advanced data analytics is however necessary to reduce the 
performance gap between the architectural interior design of workspaces and the 
inhabitants' expectations of their physical surroundings as we do know and register 
that there are performance gaps. The transition from a static to a more dynamic 
understanding is necessary to improve and sustain the user experience. Our 
physical surroundings should respond and adapt more quickly, as human behavior 
and needs vary over time. 
Overall, the present dissertation has aimed to build evidence that the latest 
technological developments support new methods that can improve user-centered 
design in work-related environments. The methods are based on a strengthened 
statistical basis, which results in a suitable match between the users 'needs and the 
physical environment, thus improving the users' experience.  
 
Extensive literature study shows that research focusing on understanding the 
correlation between humans and the physical environment has existed for decades. 
The majority of this empirical research is based on methods that often lack 
quantitative measurements that can statistically explain how interior design affects 
users' experience. Previous methods are mainly ethnographic observations, 
questionnaire surveys, or based on monitoring a sample of people with portable 
sensors. Thereby, for natural reasons, there are restrictions on the inclusion of the 
area and the population as well as the duration of the study, which limits and 
fragments the overall understanding. In addition, the methods are criticized for their 
static approach, which fails to include temporal dynamic variations. As the focus is 
on human behavior and needs, it is necessary to emphasize that this is not a linear 
science. Sometimes, our behavior changes for reasons that can be challenging to 
determine. Therefore, even good design guidelines will always have an expiration 
date, just like physical products or services. Several studies highlight the need for 
physical spaces to need an ongoing adaptation concerning the respective users and 
their needs. In conclusion, it should be emphasized that the previous methods 
involve the users to a great extent and most likely affect them (bias effect). 
 
The portfolio of existing methods contributes to fragmented and independent studies 
that most often follow different protocols. This makes it challenging to build a 
common holistic understanding of the relationship between people and the physical 
environment. A group of researchers emphasizes holistic understanding as crucial in 
creating an accurate understanding between the subject (the human being) and the 
object (the environment). Based on human and user-centered design, the present 
dissertation aims to develop generic mathematical models for converting sensor data 
into information about users' experiences in the workplace. The use of modern 
technological non-invasive sensors and data algorithms differentiates the present 
study, as the statistical basis is significantly strengthened compared to previous 
studies. The outcome of the present study does not result in an overall holistic model 
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describing all the nuances in the interplay between the subjective and the objective. 
On the other hand, generic mathematical models are derived, each of which can be 
considered individual building blocks. Each model focuses on converting different 
sensor data to calculate a specific parameter that describes a type of user 
experience. The combination of several models results in a more nuanced 
understanding of how the various architectural design space attributes affect the 
users and their experience. 
 
A digital twin is a computer model based on sensors and data analytics. The 
combination of sensors and mathematical models that continuously identify the effect 
of how different architectural design space attributes affect users' behavior and 
experience define the digital twin of Dokk1. 
 
Digital Twin of Dokk1 
Two physical environments in Dokk1 were selected as test areas, including a public 
space and a secluded private office environment. Academic students primarily used 
the public space to carry out their class school assignments. The private office 
environment is a workplace for administrative staff. Initially, it was only planned to 
test in the public space, but due to the pandemic (Covid-19), the last test was forced 
to a new physical area delimited to the public.  
 
Digital Twin of the public space 
The digital twin in the public space consisted of four depth cameras in a delimited 
area dedicated to the academic students. Thus, a semi eco-system was established 
in which the entire area and population were constantly monitored. The use of depth 
cameras results in exclusively in depth data, which is not personally sensitive 
information, and thus the consent of the users is not required. Furthermore, the 
depth cameras are smaller devices, which are mounted at almost six meters in 
height under the ceiling, where they are more or less not visible to visitors. The setup 
prevents users from knowing that a field study is being conducted. Therefore, the 
measured data is the raw unaffected representation of user behavior. 
The field studies lasted approx. four weeks and measured how users' behavior and 
experience were influenced by the various architectural design space attributes that 
constituted the selected area. The studies began with a pre-study of short duration, 
in which ethnographic observations and questionnaires were used to collect users' 
subjective experience or behavior. By correlating the subjective data with the 
sensors 'objectively measured data, it was possible to derive mathematical models 
(set of algorithms) that convert sensor data into information describing the users' 
experience. As the modeling achieved statistically valid results, it was subsequently 
used in more extensive field studies. Concerning the more extensive studies, it was 
possible to increase the statistical basis and identify which space attributes 
influenced the users' decisions and experience as well as whether this was positive 
or negative. 
Several independent models were developed to identify students 'choices of table 
and seating, group size, groups' internal interaction with each other, individual 
productivity levels, and decision-making processes, including prioritizing different 
space attributes and their critical thresholds before seating. Each model can be 
considered an independent building block, which provides limited insight into how the 
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users' inhabit the space. The field studies and the use of the algorithms establish an 
understanding of how the selected space attributes affect the users. Statistically 
significant results were obtained, identifying how the respective space attributes best 
support the users' experience. 
 
Despite short pre-studies (one week) and limited participants, we succeeded in 
developing several statistically robust models that created a novel approach to 
studying people indoors. The subsequent extensive field study of several weeks 
demonstrated that the models were able to create statistically significant results, 
differentiating the effectiveness of the various space attributes in relation to the 
specific user experience parameters the models were trained to measure. 
 
Digital twin of the private workspace 
The digital twin in the private workspace consists of two different sensor types that 
could measure the number of people in individual workplaces and joint spaces, such 
as meeting rooms and lounges. The private workspace also corresponds to a closed 
eco-system, as the entire area and population are constantly monitored. Therefore, it 
is possible to form a holistic picture of the whereabouts of all the people in the office 
environment. The study lasted four weeks and ended with a questionnaire. 
Subsequently, the sensors’ objective measurements were compared with the 
employees' subjective feedback. 
A general low utilization rate of approx. 15% were measured for the joint spaces. 
Furthermore, in use, 85% of the time, the joint spaces only hosted a maximum of two 
employees. Comparing the employees' self-reported productivity levels across the 
different individual zones, the most productive employees are also physically more 
present at their respective workplaces. However, productivity decreases as the 
number of colleagues increases. More than half of the employees did not assess that 
their physical workspace supported their productivity, identifying noise, transient 
traffic, and lack of privacy as the main reasons. 
Overall, the results highlight the need for a re-disposition of the workspace. It should 
be noted that this is an analysis of the situation measured over four weeks in 
November when the pandemic (Covid-19) has very possibly changed the traditional 
workflows. However, this also shows the purpose of using the digital twin, which 
continuously collects data from the users and the office space. As the situation is 
now and with the identified symptoms the employees are suffering from, it is 
necessary and physically possible to adjust the workspace disposition. In a few 
months, the situation may be different, but it is ensured that the design and 
disposition of the office do not exceed its expiration date. 
 
The digital twin as design tool 
The combination of sensors and mathematical models has proven practical in 
quantifying users' behavior and experience. The models have also proven suitable 
for correlating the surrounding interior design space attributes with the users' 
behavior and experience.  
Each individual model can be considered a building block trained to solve a focused 
task, such as calculating users' productivity levels and identifying the best framework 
to optimize this parameter. Therefore, the productivity model does not consider other 
design-relevant parameters and is not trained to identify an overall design basis for 
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an environment. By combining several building blocks, the basis for optimization can 
be nuanced as more parameters are involved, and the design basis becomes more 
compromising. At present, the portfolio of building blocks is limited, and at the same 
time, the development and training are limited to a few environments. 
As the capabilities of sensor technology and data analytics tools, including those 
supported by artificial intelligence, become more widespread, the development of 
similar models becomes more feasible. Such models should be experimented in 
other environments, after which they can be trained, matured, and adapted to handle 
the specific space, people, culture, etc. Each iteration strengthens the robustness 
and practical applicability of the models. As the number of models increases, the 
digital twin will mature to a greater extent as a design tool that will also be able to 
solve holistic design tasks.  
Like products and services, interior design also includes an expiration date. The 
expiration date can be brought forward by drastic changes in our external 
environment, such as a pandemic that in so many ways manage to change our 
behavior from day to day. Although a significant number of design parameters 
remain in the digital twin's analytical approach and the problem cannot be explained 
from a complete holistic picture, the analytical results manage to identify potential 
symptoms associated with an existing design. The current constitution of the digital 
twin is limited in terms of building blocks or the inclusion of design parameters. 
However, indoor user activity monitoring and data handling in real-time is considered 
helpful for continuously diagnosing an existing interior design. The subsequent 
intervention must be led by an architect or interior design professional, as the digital 
twin does not currently produce design proposals. 
 
Conclusion and future work focus 
The digital twin of Dokk1, including both the private and public space, consists of 
different mathematical models that independently analyze specific user parameters 
and associate this with the respective physical environment. With several field 
studies, the presented digital twin has demonstrated that the technology can be 
widely used to promote user-centric design in work-related environments. In the 
present study, the focus has been on the user parameters: 
 

• individual productivity levels 
• number of people within a given area 
• clustering of group members 
• group's interaction level 
• logical descriptions of the users' decision-making processes 

 
From a technical point of view, it is assessed that the portfolio of sensors and 
mathematical models can and should be matured and expanded so that the digital 
twin's analysis of physical indoor spaces becomes more valid and more holistic. 
The focus should also be on how tools similar to the digital twin can mature to 
support the interior architects' practical workflows in the design process. For 
instance, the need to mature the digital twin concerning the holistic approach is 
highlighted. However, there is also a need to form a deeper understanding of how 
similar tools can better accommodate architects' thinking, value propositions, and 
self-understanding so that the digital twin is naturally accepted within the profession. 
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ii. Resumé (Danish version of Summary)  
 
For hver bygning vi konstruer så udføres det ud fra et holistisk perspektiv forankret i 
at skabe de bedste rammer for brugerne i bygningen. Integrationen af moderne 
sensorteknologi og avanceret dataanalyse bliver nødvendig for at reducere 
forskellen mellem den arkitektoniske indretning af arbejdspladser og brugernes 
forventninger til deres fysiske omgivelser. Overgangen fra en statisk til en mere 
dynamisk forståelse er nødvendig for at forbedre og opretholde brugeroplevelsen. 
Vores fysiske omgivelser bør reagere og tilpasse sig hurtigere, da menneskelig 
adfærd og behov tilsvarende varierer over tid. 
Overordnet har nærværende afhandling haft som formål at opbygge evidens for, at 
den nyeste teknologiske udvikling understøtter nye metoder der fremmer bruger-
centreret design i arbejdsrelaterede omgivelser. Metoderne bygger på et styrket 
statistisk grundlag, som resulterer i et kvalificeret match mellem brugernes behov og 
de fysiske omgivelser, således brugernes oplevelse forbedres.  
 
Omfattende litteraturstudie viser, at forskning med fokus på at forstå korrelationen 
mellem mennesket og de fysiske omgivelser har eksisteret i årtier. Hovedparten af 
denne empiriske forskning er baseret på metoder, hvor der ofte mangler kvantitative 
målinger, der statistisk kan forklare hvordan arkitektonisk interiør design, påvirker 
brugernes oplevelse. Metoderne er hovedsaglige etnografiske observationer, 
spørgeskemaundersøgelser eller baseret på at monitorere et udvalg af personer 
med bærbare sensorer. Derved bliver der af naturlige årsager indskrænkninger for 
inklusionen af arealet og populationen samt varigheden af undersøgelsen, hvilket 
begrænser og fragmenterer helhedsforståelsen. Derudover kritiseres metoderne for 
deres statiske tilgang, der ikke formår at inkludere temporale dynamiske variationer. 
Når fokus er på menneskets adfærd og behov, er det nødvendigt at fremhæve, at 
dette ikke er en lineær videnskab. Nogle gange ændres både vores adfærd og 
behov af årsager, der kan være udfordrende at fastlægge. Derfor vil retningslinjer for 
god design altid have en udløbsdato. Flere studier fremhæver behovet for, at fysiske 
rum har behov for en løbende tilpasning i forhold til de respektive brugere og deres 
behov. Afslutningsvis, bør fremhæves, at de nævnte metoder i høj grad involverer 
brugerne og højest sandsynligt påvirker dem (bias effekten). 
 
Porteføljen af eksisterende metoder bidrager med fragmenterede og uafhængige 
studier, der oftest følger forskellige protokoller. Dette besværliggør at opbygge en 
fælles holistisk forståelse af forholdene mellem mennesket og de fysiske omgivelser. 
Netop den holistiske forståelse fremhæves af en gruppe forskere, som værende 
afgørende for at kunne skabe en valid forståelse mellem subjektet (mennesket) og 
objektet (omgivelserne). Med udgangspunkt i mennesket og bruger-centreret design, 
har nærværende afhandling til formål at udvikle generiske matematiske modeller til 
konvertering af sensor data til information om brugernes oplevelse på 
arbejdspladsen. Brugen af moderne teknologiske non-invasive sensorer og data 
algoritmer differentierer nærværende studie, da det statistiske grundlag styrkes 
signifikant i forhold til forrige studier.  
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Udfaldet af nærværende studie resulterer ikke i en samlet holistisk model 
beskrivende samspillet mellem det subjektive og objektive. Derimod udledes en 
række generiske matematiske modeller, der hver især kan betragtes som enkelte 
byggesten. Hver model fokuserer på at konvertere forskellige sensor data til en 
analyse af en specifik parameter, der beskriver en form for brugeroplevelse i 
kontorrummet. Kombinationen af flere modeller skaber en synergieffekt, som 
resulterer i en mere nuanceret forståelse af hvorledes de forskellige arkitektoniske 
design elementer påvirker brugerne og deres oplevelse.  
 
En digital tvilling er en computermodel baseret på sensorer og dataanalyse. 
Kombinationen af sensorer og matematiske modeller, der løbende identificerer 
effekten af, hvordan forskellige arkitektoniske design elementer påvirker brugernes 
adfærd og oplevelse, definerer Dokk1's digitale tvilling. 
 
Digital Tvilling i Dokk1 
To forskellige fysiske miljøer i Dokk1 blev udvalgt som testområder, herunder et 
offentligt rum og et aflukket privat kontormiljø. Det offentlige rum blev primært 
benyttet af akademiske studerende til udførelse af deres skoleopgaver uden for 
undervisningen. Det private kontormiljø er arbejdsplads for administrative 
medarbejdere. Oprindeligt var det kun planlagt at teste i det offentlige rum, men 
grundet pandemien (Covid-19) blev den sidste test nødsaget til et nyt fysisk område 
afgrænset for offentligheden.  
 
Digital Tvilling i det offentlige område 
Den digitale tvilling i det offentlige område bestod af fire dybdekameraer i et 
afgrænset område dedikeret til de akademiske studerende. Således blev etableret et 
semi øko-system, hvor hele arealet og populationen blev monitoreret konstant. 
Brugen af dybdekameraer resulterer udelukkende i dybdedata, som ikke er 
personfølsom information, og dermed bliver der ikke stillet krav om brugernes 
samtykke. Endvidere, er dybdekameraerne mindre enheder (på størrelse med en lille 
router), som monteres i næsten 6 meters højde under loftet, hvor de mere eller 
mindre ikke er synlige for de besøgende. Opstillingen forhindrer brugernes kendskab 
til gennemføring af testene. Den målte data, er derfor den rå ikke påvirkede 
repræsentation af brugernes adfærd.  
Feltstudierne varede ca. fire uger, og målte hvorledes brugernes adfærd og 
oplevelse blev påvirket af de forskellige arkitektoniske design elementer, som 
konstituerede det udvalgte område. Studierne blev indledt med et præ-studie af kort 
varighed, hvor etnografiske observationer og spørgeskemaer blev anvendt til 
indsamling af brugernes subjektive oplevelse eller adfærd. Ved at korrelere den 
subjektive data med sensorernes objektive målte data var det muligt at udlede 
matematiske modeller (algoritmer), der omregner sensor data til information 
beskrivende brugernes oplevelse. Når modelleringen opnåede statistisk valide 
resultater, blev den efterfølgende anvendt i større feltstudier. I forbindelse med de 
større studier var det muligt at øge det statistiske grundlag og identificere hvilke 
elementer der havde en indflydelse på brugernes beslutninger og oplevelse, samt 
om denne var positiv eller negativ. 
Sammenlagt blev udarbejdet flere uafhængige modeller til identificering af de 
studerendes valg af bord og siddeplads, gruppestørrelsen, gruppernes interne 
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interaktion med hinanden, individuelle produktivitetsniveauer og 
beslutningsprocesser, herunder prioritering af forskellige elementer og deres kritiske 
grænseværdier før valg af siddeplads. Hver model kan betragtes som en uafhængig 
byggesten, som giver en begrænset indsigt i brugernes ophold i det respektive rum. 
Feltstudierne og brugen af algoritmerne danner en forståelse for hvorledes de 
udvalgte elementer påvirker brugerne. Det lykkedes at opnå statistisk signifikante 
resultater, som identificerer hvordan de respektive elementer bedst mulig 
understøtter brugernes oplevelse.  
Trods korte præ-studier (én uge) og begrænset deltagere lykkedes det, at udvikle en 
række statistiske robuste modeller der skaber en helt ny måde at studere mennesker 
indendørs. Det efterfølgende feltstudie på flere uger påviste, at modellerne skabe 
statistiske signifikante resultater, værende i stand til at differentiere effektiviteten af 
de forskellige elementer i forhold til de specifikke brugeroplevelses parametre 
modellerne var trænet til at måle.  
 
Digital twin af det private kontorområde 
Den digitale tvilling i det private kontorområde bestod af to type sensorer, der 
kombineret var i stand til at måle antal personer på individuelle arbejdspladser og 
fælles arealer, som mødelokaler og lounges.  
Det private område tilsvarer også et semi lukket øko-system, da hele arealet og hele 
populationen bliver monitoreret konstant. Derfor er det muligt at danne et holistisk 
billede af hvor samtlige personer på kontoret befinder sig. Studiet varede fire uger, 
og sluttede af med en spørgeskemaundersøgelse blandt medarbejderne. 
Efterfølgende blev sensorernes objektive målinger sammenlignet med 
medarbejdernes subjektive tilbagemeldinger.   
Generelt var der en meget lav udnyttelsesgrad af fællesarealerne, der i dagtimerne 
var i brug ca. 15% af tiden. Når fællesarealerne var i brug, var der 85% af tiden 
højest to personer i lokalerne. Sammenholdes medarbejdernes selv-rapporterede 
produktivitetsniveau med de forskellige zoner, fremgår det, at de mest produktive 
medarbejdere også er fysisk mere til stede på deres respektive arbejdspladser. Dog, 
falder produktiviteten når antallet af kolleger øges. Over halvdelen af medarbejderne 
vurderede ikke, at de fysiske omgivelser understøttede deres produktivitet på 
arbejde, og udpegede støj, forbigående trafik og mangel på privathed, som de 
primære årsager. 
Overordnet, formår resultaterne at fremhæve behovet for en omdisponering af 
kontorområdets arealer. Der skal gøres opmærksom på, at dette er en analyse af 
situationen målt over fire uger i november måned, hvor pandemien (Covid-19) meget 
muligt har ændret de traditionelle arbejdsgange. Dog, formår dette også at vise 
formålet med anvendelsen af den digitale tvilling, som løbende indsamler data fra 
brugerne og kontorområdet. Som situationen er nu og med de identificerede 
symptomer medarbejderne lider af, er det nødvendigt og fysisk muligt at tilpasse 
området. Om et par måneder er det meget muligt, at situationen vil være anderledes, 
men på denne måde sikres, at disponeringen af indretningen ikke overskrider sin 
udløbsdato. 
 
Den digitale tvilling som design redskab 
Kombinationen af sensorer og matematiske modeller har vist sig praktisk anvendelig 
til at kvantificere brugernes adfærd og oplevelse. Modellerne har også vist sig 
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egnede til at korrelere de omgivende interiørdesign elementer med brugernes 
adfærd og oplevelse.  
Hver enkel model kan betragtes som en byggesten, der er trænet til at løse en 
fokuseret opgave, for eksempel beregning af brugernes produktivitetsniveau og 
identificere de bedste rammer for at optimere denne parameter. 
Produktivitetsmodellen tager ikke hensyn til andre design relevante parametre og er 
derfor ikke trænet til at identificere et samlet designgrundlag for et miljø. Ved at 
kombinere flere byggesten kan grundlaget for optimeringen nuanceres da flere 
parametre involveres og designgrundlaget bliver mere kompromissøgende. På 
nuværende tidspunkt er porteføljen af byggesten begrænset, og samtidig er 
udviklingen og træningen begrænset til få miljøer.  
Som mulighederne inden for sensor teknologi og data analytiske redskaber, 
herunder understøttet af kunstig intelligens bliver mere udbredte, bliver udviklingen 
af lignende modeller lettere gennemførlige. Lignende modeller skal eksperimenteres 
med i andre miljøer, hvorefter de kan trænes, modnes og tilpasses til at håndtere det 
specifikke rum, mennesker, kultur, osv. Hver iteration styrker modellernes robusthed 
og praktiske anvendelighed. Som mængden af modeller øges, vil den digitale tvilling 
i højere grad modnes som et design redskab der også vil være i stand til at løse 
holistiske design opgaver. 
Ligesom produkter og servicer, så indeholder interiør design også en udløbsdato. 
Udløbsdatoen kan eventuel fremrykkes ved drastiske ændringer i vores omgivelser, 
såsom en pandemi, der på mange måder formår at ændre vores adfærd fra dag til 
dag. Selvom der udestår en betydelig række parametre i den digitale tvillings 
nuværendes analytiske tilgang samt så kan resultaterne fra analyserne effektivt 
identificere potentielle symptomer tilknyttet det eksisterende design. Den nuværende 
forfatning af den digitale tvilling er begrænset i forhold til byggesten eller inklusionen 
af design parametre. Dog, så vurderes monitoreringen af indendørs brugeraktivitet 
og håndteringen af data i realtid anvendeligt til løbende at diagnosticere et 
designgrundlag. Den efterfølgende intervention skal på nuværende tidspunkt ledes 
af en faglig person, da den digitale tvilling på nuværende tidspunkt ikke producerer 
designmæssige forslag. 
 
Konklusion og fokus af det videre arbejde 
Den præsenterede digitale tvilling har med flere feltstudier påvist, at teknologien i høj 
grad kan anvendes til at fremme bruger-centreret design i arbejdsrelaterede 
omgivelser. Den digitale tvilling af Dokk1, herunder både af det private og offentlige 
område, består af forskellige matematiske modeller, der uafhængigt analyserer 
specifikke bruger parametre, og associerer dette med de respektive fysiske 
omgivelser. I nærværende studie har der været fokus på følgende 
brugerparametrene: 
 

• Individuelle produktivitetsniveauer  
• Antal personer inden for et givent areal 
• Gruppesammensætning (identificering af gruppemedlemmer) 
• Gruppens interaktions niveau 
• Logiske beskrivelser af gruppens beslutningsprocesser 
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Ud fra et teknisk synspunkt, vurderes det, at porteføljen af sensorer og matematiske 
modeller kan og bør modnes og udvides således den digitale tvillings analyse af 
fysiske indendørs rum bliver mere valid og mere holistisk.  
Der bør også rettes fokus på hvorledes lignende redskaber som den digitale tvilling 
kan modnes til at understøtte arkitekternes praktiske arbejdsgange i 
designprocessen. Som eksempel er fremhævet behovet for at modne den digitale 
tvilling i forhold til den holistiske tilgang. Dog, er der også behov for at danne en 
dybere forståelse for hvorledes lignende redskaber i højere grad kan imødekomme 
arkitekternes tankegang, værdiforslag og selvforståelse således den digitale tvilling 
bliver naturlig accepteret. 
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1 Introduction 
 
1.1 Background 
1.1.1 Motivation and Relevance 
In recent decades, declining productivity in knowledge-based workplaces has 
emerged as a fundamental trend in Western countries (Gensler, 2013; Leesman, 
2017, 2020). The general explanation can be challenging to simplify, but from an 
architectural point of view, several decisive events within workplaces are considered 
game-changers. Urbanization has led to a great demand to work in metropolises. For 
the last 20 years (exceptionally for a short period post the financial crisis in 2008), 
the real estate rental cost (square meter price per employee) has constantly been 
rising (James et al., 2021; Węziak-Białowolska et al., 2018). This increases the 
financial pressure on commercial tenants, which, among other things, are 
responding by increasing the number of employees per square meter in the office 
spaces. In recent decades, an interior design solution that has gained ground is 
open-plan offices (Węziak-Białowolska et al., 2018). The underlying reasons for this 
development are diverging, but the fact is that it has succeeded in forcing more 
people into fewer square meters. From 2010-2012, the average square feet per 
person fell from 225 to 176, which is expected to continue (Bernstein & Waber, 2019; 
Gensler, 2013). In parallel, elements such as the amount of space, visual comfort, 
and visual privacy have also become critical to the user experience, which are 
associated with reducing square meters (Cha & Kim, 2018). 
 
Recent studies indicate that many employees do not assess their workplace to 
support their performance. The most comprehensive and significant study conducted 
by Leesman (2017), involving 276,422 employees across 2,160 workplaces in 67 
countries, concluded that almost 50% of the employees do not assess that their 
workspace enables them to work productively. Elisabeth (2014) and Danielsson 
(2010) report the need of ‘generous design’, or, in other words, designs that allow to 
be modified or to be adapted to the needs of the end user, which can change over 
the course of time. Interior design also has a life expectancy or "life cycle", as with 
products. Therefore, it is necessary to reduce the planned and current discrepancy 
by adjusting the interior design continuously. Augustin (2009) contributes to this 
perspective by emphasizing that no space with the associated design can meet 
users' needs without continuous adaptation. Taylor (Haynes, 2007) identifies the lack 
of non-biased methods to correlate interior architectural attributes to employee 
performance as the leading cause organizational attempts are preferred rather than 
architectural. As several independent studies reveal that approximately half of the 
employees do not find support in their physical workplace, the figures state that the 
current and previous approaches have been unsuccessful. We have failed to justify 
the practical architectural interior design investments needed to support the 
individual employee. The practice so far has undoubtedly prioritized the reduction of 
real estate office expenses, higher than the well-being of employees.  
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Historically, the position of an architect is to carry the leading role in building and 
interior design. Architectural services have their primary focus during the design 
process and before commissioning the building and, to a lesser extent, remodeling. 
Architects' access to building data is typically limited to pre-occupancy and post-
occupancy evaluations. On the other hand, emerging building technologies over the 
past decade are pushing for a paradigm shift in architecture, requiring architects to 
re-think and challenge how this change will influence their work (Aksamija, 2021). 
Several stakeholders are accelerating the paradigm shift within the industry. More 
specifically, subcontractors have advanced up the value chain with services that 
challenge the architect's position (elaborated with commercial examples below). With 
specific building related products and services, such as room sensors, IT 
infrastructure, cleaning services, etc., such companies have in common that they 
were initially rooted in the daily operations of buildings. The rise of sensor 
technology, data storage and analytics, data from the building operations have been 
more efficiently archived, processed, and used to gain deeper insights on people's 
behavior and experience in indoor spaces. Stakeholders, have successfully 
managed to capitalize on this understanding and provide a consultancy service to 
the building owners in the early stages of the design process, thereby becoming a 
competitor to the architects.  
 
This industrial Ph.D. is sponsored by two companies (the architectural firm Schmidt 
Hammer Lassen and the engineering company Soren Jensen), which are 
experiencing the mentioned threat. As an example, the following briefly includes two 
examples of how companies have managed to change their services and become 
competitors in the architectural industry. The Danish facility management and 
service company ISS was initially established as a security company and 
subsequently expanded with cleaning services within buildings2. Today, ISS is a 
worldwide company of over 500,000 employees, and in 2017 acquired the 
architectural firm Signal with the aim of "working with the relation between space & 
behavior”3. A cooperation with IT giant IBM sets the foundation to experiment with 
state-of-the-art artificial intelligence to improve the building management industry4.  
Another example is the story of HolmrisB8, which primarily focuses on the 
manufacturing of office desks. Inspired by the fact that employees spend an average 
of 80% of their time at horizontal surfaces, the company today offers Digital Space 
Management as a service. Adding the tables with intelligent sensors enables the 
company to provide consultancy to optimize the client’s business performance5. 
   
Architects represent a historical heritage, where the design process prioritizes users' 
needs (Farahat et al., 2020). Providing services in relation to the design of the 
building and the indoor space that supports humans in their principal purpose 
describes the fundamentals of architectural practice (Bukola et al., 2015; Salama, 
2021). The poor performance results from office spaces indicate that this has been 
far from achieved. Whether the lack of well-designed workspaces can be attributed 
to the architects can be discussed. The traditional architectural approach is at risk, 

 
2 https://www.dk.issworld.com/ 
3 https://signal-arki.dk/signal-iss-nyt-globalt-innovationscenter/ 
4 https://internetofbusiness.com/iss-uses-watson-iot-buildings/ 
5 https://www.holmrisb8.com/da/vi-tilbyder/digital-space-management/ 
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along with their lack of ability to use operational building data in the design process. 
On the other hand, it is also a risk to put the responsibility of the future design 
process in the hands of former subcontractors. What values will govern their design 
of indoor spaces?  
Regardless of the challenging stakeholders, architecture is moving into an era of 
new digital possibilities, so they should reflect on contributing and sustaining their 
historical position as lead designers of buildings and indoor spaces. The interaction 
between space and humans, the cause and effect between architectural interior 
attributes and behavior or experience, is becoming statistically possible to measure 
without the show-stopping bias errors reported by Taylor (Haynes, 2007). Therefore, 
the discipline of architecture is required to adapt and justify the value of its services. 
 
1.1.2 Digital Twin, definition, and purpose 
A transformative journey is facing the architectural interior design discipline. Recent 
years of technological development have defined new standards to measure and 
interpret people's behavior and experience in workspaces (Kizilo, 2018; Nepal et al., 
2022; Spook et al., 2019). Although numerous studies indicate that the indoor 
environment significantly correlates with human behavior and cognitive abilities 
(Edelstein, 2013; Fox, 2008; Rolls, 2019; Vago & Zeidan, 2016), there are no 
standard protocols for measuring and quantifying human behavior and experience. 
Workspaces consist of two components: the physical and the social environment. 
Even though they are mutually dependent, studies indicate that approximately 60% 
of the employees' perceived experience depends solely on the physical environment 
(Morgan & Goldsmith, 2017).   
 
The overall research aims to develop a user-centric digital tool that targets architects 
to establish evidence-based documentation reporting the effect of architectural 
interior space attributes (Cha & Kim, 2018) on user behavior and experience. To 
succeed, the method needs to provide statistically significant insights to support 
architects during the building design process, but at least as necessary, during the 
building operational life cycle to limit the performance gap, as mentioned earlier.  
 
Previous attempts to quantify users' behavior and experience are primarily 
ethnographic studies, questionnaires, and wearable devices. Ethnographic studies 
are significantly more resource-intensive (Holder and Lange 2014) and less possible 
to generalize upon (LeCompte and Goetz 1982) due to statistical limitations. On the 
other hand, the qualitative comparative analysis techniques (Hodson 2004), are 
helpful to explore intimate details. Quantitative research offers an investigation of 
facts or trends (Alnaim 2015). Specifically, questionnaires are not suitable for 
continuous data collection due to respondent fatigue but are ideal for providing a 
snapshot of users' points of view (Dolnicar, Grün, and Leisch 2011). Finally, such 
studies are most likely biased due to the Hawthorne effect, as subjects are either 
aware of the survey or actively involved (Gale 2004). The use of wearable equipment 
also comes with several study-related challenges. Interventions are challenging to 
ignore and biases the population. In addition, for various practical reasons, it is not 
possible to expect the entire population to be willing to participate or carry them over 
an extended period. 
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This study aims to document the feasibility and potential of digital tools for use by 
architects in optimizing future interior design projects and remodeling existing 
spaces. Inspired by the recent decade of technological evolution, the project has 
adopted the concept of a Digital Twin, a virtual representation that serves as the 
real-time digital counterpart of a physical object. By equipping the object with 
sensors that feed live data into a database, the Digital Twin compiles data and 
allows for its analysis. Algorithms can be put in place to enable evidence-based 
decisions to benefit the object in focus. A Digital Twin is a computer model that 
reflects a real-world physical phenomenon (Trauer et al., 2020). A Digital Twin of a 
building bridges the physical and digital worlds through sensors that collect real-time 
data within the physical environment. It provides real-time understanding of how a 
building performs, enabling immediate adjustment to optimize efficiency and 
providing data to improve future buildings' technical design. The result is a more 
cost-effective, straightforward, and sustainable building6. 
 
To date, Digital Twins of buildings primarily represent the technical facilities (such as 
HVAC) and the optimization of this. Scientific studies can unanimously underline the 
need to adapt the climate for humans to be functional indoors. On the other hand, 
from an architectural point of view, it is arguable as important to position the user in 
focus and measure how aesthetic space attributes within the building can support 
the purpose of the user. As mentioned earlier, there is no doubt about the significant 
link between architectural interior design and the users' behavior and experience. 
Especially considering how humans distribute their daily 24 hours. In the Western 
world, we spend most of our waken hours indoors. Research across 44 U.S. cities 
involving 9,386 participants showed employed persons spend approximately 90% of 
their time indoors, mostly between being at home or work (Klepeis et al., 2001). 
Therefore, the purpose will be to develop a Digital Twin with associated sensors for 
data collection, which exclusively describes the users' behavior and experience. To 
this end, algorithms must be developed that can process the measured data and 
convert this into results that describe how the various architectural interior space 
attributes affect the users' behavior and experience.  
 
From a research perspective, developing a practical, feasible tool capable of 
generalizing this correlation rather than intimate silo studies is necessary. The 
literature review has not shown the existence of digital practical solutions to analyze 
the value of architectural interior design. In this context, the term practical covers a 
method that makes the application possible from an economic, data ethical, and 
statistical point of view, and results in a generic model linking space attributes with 
human experience.  
As mentioned, previous studies are mostly manually and provide focused in-depth 
insight into limited relationships between space attributes and humans. Böhme 
(2016) introduces the concept atmosphere as the phenomenon existing in the 
interaction between the subject (humans) and the object (surrounding environment). 
Kinch (2014) reports that the challenge related to prior studies is the failure in 
understanding the environment from a holistic point of view. According to Kinch 
(2014), an atmosphere consists of 10 interdependent dimensions: temporality, 

 
6 https://new.siemens.com/global/en/products/buildings/digital-building-lifecycle/building-twin.html 
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spatiality, sociability, relationality, habituation, affectivity (emotionality), sensorially, 
corporeality, technology. None of these dimensions have a detailed or exhaustive 
definition. Therefore, it can be challenging to make them measurable. Each 
dimension can presumably consist of many elements, including different interrelated 
architectural interior space attributes. 
Understanding the effect of one space attribute becomes less valid in an 
uncontrolled practical setup with multiple surrounding factors influencing. It is 
necessary to mature solutions that support the holistic approach. The research 
project carried out by Kinch (2014) concludes by emphasizing that the dimensions 
have not yet matured into concrete tools that can integrate the atmospheric 
experience into the design process. In addition, it is recommended that the 
dimensions evolve in the future through practice and field studies.  
From an architectural point of view, this research project attempts to establish the 
initial building blocks towards a digital tool capable of analyzing environments from a 
holistic point of view. The novel contribution of this research is to demonstrate the 
proof-of-concept of such a digital tool. This includes conducting field studies in 
restricted semi-controlled environments and focusing on a set of relevant space 
attributes in relation to human characteristics. The outcome is a methodology 
describing the use of mathematical algorithms for converting objective sensor data to 
quantitative measures that describe the impact architectural interior space attributes 
have on users' experiences in indoor spaces.  
 
1.1.3 Research hypotheses and research questions 
The overall hypothesis must explore whether it is possible to use digital tools (Digital 
Twin) to measure the relationship between architectural interior design attributes and 
user behavior and experience in work-related environments. From a research point 
of view, the purpose is to experiment with in-the-field studies and produce statistical 
significance results. The intention is not to conduct a constraint study focusing on the 
relationship between two specific variables. Numerous focused qualitative studies 
describe the relationship between specific space attributes and the associated 
human response, including behavioral or cognitive. The purpose is to demonstrate 
how modern sensors and algorithms can address some of the limitations associated 
with previous studies. In summary, it is necessary to highlight three factors. 
Primarily, it is the conduct of indoor human studies simultaneously as the subjects 
are negligibly aware. Measurements must be performed non-invasively, without the 
users being actively involved in the study or their consent being required. Thus, the 
Hawthorne effect will most likely be eliminated or reduced. Secondly, it is necessary 
to increase the volume of data measurements so that it becomes possible to obtain 
results with a statistically significant. This enables generalizations of the correlation 
between interior space design and humans in the long run. Finally, the studies need 
to become more holistic in covering the physical area. Previously referenced studies 
are often fragmented, covering only a defined area or a subpopulation, potentially 
omitting essential parameters from the research. Table 1.1.3-1 summarizes the main 
research hypothesis and the associated three questions. 
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Research hypothesis The use of digital tools in indoor workspaces will enable to identify 
statistically significant correlations between architectural interior space 
attributes and human behavior as well as their user experience. 

Research question #1 Which space attributes are applicable for influencing user behavior so 
a change can be registered by the Digital Twin? 

Research question #2 How can the Digital Twin utilize sensors and data algorithms to 
measure and analyze user behavioral features relevant for analyzing 
the user experience? 

Research question #3 Can the Digital Twin distinguish and prioritize space attributes 
supporting the user experience? 

Table 1.1.3-1 – Research hypothesis and research questions 

1.1.4 Case building “Dokk1”: public spaces and private workspaces 
A collaboration with Aarhus Municipality's (Denmark) public libraries opened the 
doors for the project to carry out all field studies within their facilities. In 2015, a new 
headquarters was built for Aarhus Municipality's main library, citizen service, several 
administrative units, and office space for external companies. With its unique and 
central location in the city harbor, the library has become a focal point for many 
different population groups. The new building, Dokk1, hosts between 3-4000 visitors 
daily, primarily for the use of the library. Dokk1 received the Library of the Year 
Award in 2016 from the International Federation of Library Associations and 
Institutions (IFLA) congress and is considered a revolutionary piece of public 
architecture in the 21st century as it redefines the typology of a public library through 
its layout, organization, and services7. 
 
The reason for Dokk1 being chosen as the project's experimental center is the 
positive feedback among users across all visitor groups. The public areas, in 
particular, have experienced very high visitor numbers. As mentioned, the building 
has also received official honors, and the idea was to experiment in an environment 
with the opportunity to learn from best practices. In contrast, the building, especially 
the public areas, does not reflect the average standard for public spaces within 
libraries. Therefore, it is essential to emphasize that the project intends to focus on 
the methods and their ability to identify relationships rather than generalizing or 
identifying specific relationships between design and behavior. 
Initially, all tests were planned in a selected public area with desk tables available for 
the public. Most visitors were academic students from the local university, working 
on their school-related assignments alone or in groups. Due to the outbreak of the 
Covid19 pandemic, several restrictions were introduced, which also affected visitors 
to Dokk1. In particular, this affected the public areas in Dokk1, which either led to full 
closure or the introduction of restrictions that made it impossible for visitors to follow 
their subjective preferences freely. Instead, they were forced to follow some specific 
guidelines, which would affect our studies. Therefore, in the final part of the research 
project, the digital twin studies continued in the Dokk1 private office areas where 
restrictions were significantly less dominant. More specifically, Aarhus Municipality 
libraries' administrative head office was selected for this purpose. An enclosed office 
area, consisting of individual workstations and joint spaces.  
 

 
7 https://archello.com/project/dokk1 
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Another reason for the selection of Dokk1 is related to the fact that one of the 
project's industrial sponsors is the architectural firm that designed the building. 
Therefore, an understanding and collaboration with the building owners are already 
aligned. This has led to more efficient planning of the field studies in practice. 
   
1.1.5 Thesis structure  
This thesis is structured in seven chapters 
 
Chapter 1 – Introduction 
This chapter introduced the topics addressed in this thesis and highlighted their 
relevance. The objectives of this work, the research and the research questions were 
presented. Furthermore, this chapter also presented the background for the 
investigations carried out as part of this PhD, and gives an overview of the state-of-
the-art. Finally, this chapter introduces the research overall process and methods. 
 
Chapter 2 – Case Studies 
This chapter is a volume of all seven papers published throughout the research 
project. All papers are included in their original format. 
 
Chapter 3 – Summary discussion 
This chapter discusses the most relevant findings from all presented papers in a joint 
perspective and evaluates the stands for the Digital Twin. 
 
Chapter 4 - Architectural aspects of data-driven design 
This chapter discusses the status of the research findings in relation to the field of 
architecture. 
 
Chapter 5 – Summary conclusion 
This chapter presents the overall conclusions, recommendations on how the Digital 
Twin can become a tool for the architect discipline, and the focus of future research.   
 
Chapter 6 – Bibliography 
This chapter is a list sources used in the process of this research. 
 
Chapter 7 – Appendices 
This chapter contains documents not presented or included in this summary but 
relevant for this research project. 
 
1.2 Literature study 
As technology has evolved, so has the purpose of visiting and spending time in 
public libraries (Michalak, 2012; Troll, 2002). Aabø & Audunson (2012) reports that 
libraries have transformed from being mainly a provider of books to the public to 
becoming a space provider for multiple different purposes and activities. Most library 
users (more than 55%) do not borrow or use library materials such as books. By 
focusing on public and private workspaces within the Dokk1, this section aims to 
present a definition of human behavior and experience. 
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1.2.1 Literature review: human behavior and experience  
Our environmental surroundings affect us psychologically, causing us to respond on 
three different but related stages: perception, cognition, and spatial behavior. They 
all share the lack of standardized measurable metrics (Branch, 1999; Crum, 1933), 
which is necessary for statistical research.  
The individual articles (see Chapter 2 Case studies) contain a more specific literature 
study, which relates to the sub-hypothesis in each question. 
 
1.2.1.1 Human experience 
According to research across various disciplines, including, anthropology, 
neuroscience, education, psychology, and religious studies, experience from an 
individual perspective is a complex interaction between body, sensory input, and 
neurological processing (Fox, 2008). Measurable changes in mental activity or a 
person's ability to attend, focus and learn are affected while varying environmental 
and social conditions. Vago & Zeidan (2016) describe a neural network that 
responds to many external inputs, including visual, auditory, and somatic conditions. 
For instance, electrical and solar lighting through windows has a measurable impact 
on mental performance, cognitive decision making, mood, and health factors 
(Edelstein, 2008, 2013). Rolls (2019) describes a neural network connecting 
emotion, action, and memory involved during mental tasks. 
 
The term experience is comprehensive, and in this study, the focus is on the 
cognitive functions, specifically on our experience of our productivity (self-assessed). 
Productivity defines the quantity of output to input in terms of value/cost (Sink 1985). 
It is possible to measure and quantify the result in a manufacturing economy. As 
economies have migrated from manufacturing to service and on to knowledge-
based, the whole issue of assessing productivity has become less transparent 
(Mawson 2002). One reason for this is not necessarily because the latter contains a 
higher complexity, but because inputs and outputs in the calculation are less clear to 
define quantitatively (Haynes 2007). Acknowledging the lack of suitable measures 
for productivity, Oseland (1999) evaluates the Self-assessed approach to 
productivity. The outcome supports the fact that perceived productivity could be as 
valid as actual productivity. 
Furthermore, Oseland (1999) suggests that perceived productivity is a surrogate or 
proxy for actual productivity. An alternative study (Leaman and Bordass 2000) also 
acknowledges the lack of meaningful measures for knowledge-related productivity 
and therefore proposes that perceived productivity as the most suitable surrogate 
measure. Subsequently, within the research area of productivity, multiple studies of 
knowledge-based environments are already conducted based on the self-assessed 
approach (Johnson, Zimmermann, and Bird 2019; Leesman 2015; Candido et al. 
2019). Humphreys and Nicol (2007) demonstrate the relationship with cases in which 
subjects performed tasks with quantitatively measurable outcomes. Despite a 
sample size of only eight, a correlation coefficient of 0.99 was obtained. Another 
case study with 109 students participating in 3-hour written mathematics tests 
compared the written tests' subjective self-assessment outcome with the subsequent 
grading. The result showed a correlation of 0.77. These studies suggest that self-
assessed productivity measures are considered reasonable and the most qualified 
surrogate for productivity studies in knowledge-based work environments. 
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The level of group interaction is assumed to be another sub-definition of human 
experience in this research. Increased group interaction cannot be correlated one by 
one with increasing productivity. This depends, among other things, on the context of 
the group and the nature of their work task. However, the increase in group 
interaction within the right conditions is highly relevant since studies show that 
outcome is typically more valuable than the individual outcome of the group 
members (Miller & Katz, 2014). International design firms such as Gensler and 
Steelcase have socializing and collaborative spaces as essential design principles 
for workplaces (Gensler, 2009; Steelcase, 2009). Therefore, understanding which 
physical design space attributes positively stimulate individuals' ability to interact and 
collaborate in group work is of great value. Space attributes are related, and multiple 
studies report their impact on group collaboration and interaction. Allen & Henn 
(2007) reports that people seated closer also interact more, which implies that table 
size and form can stimulate the level of interaction. Another study highlights the 
importance of the workspace location as an enabler of interaction. Augustin (2009) 
suggests group spaces should be placed along circulating or trafficked routes and 
not at their ends if the intention is to stimulate the interaction.  
 
1.2.1.2 Human behavior 
The activity of an organism interacting with its environment states the term behavior 
(Popescu, 2014). This study introduces two types of human physical behaviors, 
including macro and micro-movements. Depending on the purpose of the study, the 
focus is on a specific type of behavior. 
 
Macro-movements 
Humans automatically engage in the study as they arrive in the workspace areas. On 
a macro-level, the focus is on measuring their whereabouts, whether this is at a 
specific location, meeting room, seating position. All measurements are continuously 
time-stamped, so information about arrival, length-of-stay, and departure are 
registered. 
 
Micro-movements 
Once humans are seated, settled, and engaged in their work, their behavioral profile 
transit into the micro-level. The focus becomes on the human body language, an 
immensely complex subject as the human body is said to produce 700,000 different 
movements (Hartland and Tosh, 2001). Initiated by studies exploring the 
relationships between physical stillness, movements, and productivity, the focus is 
on the finer head movements in centimeter resolution. Sarver et al. (2015) compare 
gross motor activity and attentive behavior while completing working memory tasks 
to identify a positive correlation. Alderson et al. (2012) reported a positive correlation 
with stillness as tasks become cognitively more demanding in 22 children aged 8-12. 
Such literature supports the value of measuring movement as an indicator of 
productivity and performance.  
Another element of body language is related to the more voluminous head 
movements. According to (Patel, 2014), the movement of the head plays an 
essential role in oral communication. In continuation of this, the head movements of 
group members are also used to measure their level of interaction. 
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1.3 Digital Twin & Dokk1 
A digital twin is developed and trained for each case study to quantify user 
characteristics, including specific behaviors and experiences in particular indoor 
settings. The first six case studies focus on the public workspace in Dokk1 and use 
the same type of sensors, while the seventh study covering private workspace uses 
different sensors. Depending on the specific behavior and experience to be 
measured, the algorithms are trained for that particular purpose. Therefore, the 
analytical setup varies for each case study. Each case study begins with a detailed 
introduction to the technical setup. The following provides a brief overview of the 
applied sensors and algorithms, enabling the measurement of specific human 
behavior and experience features. 
 
1.3.1 Dokk1 Digital Twin concept 
Depending on the application, a digital twin can represent a restricted physical space 
or the complete building. Figure 1.3.1-1 illustrates the most basic building blocks 
constituting the digital twin. Sensors provide data from a number (N) of different 
physical spaces. Unprocessed raw data is stored in the Raw database, and once 
processed, data storing happens in the Information database. Depending on the data 
type, algorithms are applied to process the raw data; therefore, a digital twin can 
contain several algorithms. Finally, the results are reported. Results that do not 
depend on future temporal comparisons are available immediately after 
measurements. 
 

 
Figure 1.3.1-1 – Digital Twin concept and infrastructure 

Correlating architectural interior space attributes with user experience aims to prove 
the feasibility of the statistical significance. Therefore, the research focuses on 
selecting proper sensors and developing algorithms to process the measured data. 
For commercial aspects such as graphical user interfaces, efficient database 
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infrastructure, and cloud-based CPU power, short-term non-scalable manual 
solutions are applied.  
The practical digital twin in this project consists of installed sensors and a cloud 
database, which automatically receive and store data in the Raw database. Data 
analysis takes place on a local computer. Dissemination of results is assembled 
manually by papers, figures, tables, and presentations. 
 
1.3.2 Public workspace & depth sensors 
Four three-dimensional (3D) depth sensors were installed below the ceiling with 5.65 
meters between lens and floor, making it possible to monitor the entire workspace of 
160 square meters. The depth-sensors outputs coherent x and y coordinates 
measured at the center of the head. The spatial resolution is 1.00 centimeters, and 
the temporal resolution is four samples per second (4 Hz). Permission to conduct the 
studies (1-6) was obtained from the facility.  
Data consisting of XY coordinates falls in line with European Commission General 
Data Protection Regulation (ECGDPR, 2016). Depth data differs from conventional 
optical images; thus, all data was not personally identifiable or traceable. On top of 
that, depth sensors had camera recordings, which were roughly blurred, and stored 
offline. Once each subject had been validated, meaning to match the XY coordinates 
with the person on the optical image, including verifying arrival and departure time, 
choice of table and seating number, and group dynamics, videos were deleted. 
 
Data representing a person's physical position and movements down to centimeter 
resolution and a temporal resolution of four times per second supports the analysis 
of macro and micro-movements. Initially, the technology had, and still has, its 
application in larger indoor spaces, such as airports and malls, where the purpose is 
to measure users' gait movements and queues. The present application uses high 
spatial and temporal precision to experiment with entirely new dimensions in human 
behavior measurements. Such depth data creates a qualified basis for analyzing 
human productivity based on physical behavior. 
 
1.3.3 Private workspace & people-counting sensor 
Two types of sensors are used to count the number of employees in the workplace, 
broken down into individual workstations (tables) and joint spaces such as meeting 
rooms and lounges. Although the sensors are anonymous, it is possible to associate 
data measured from the individual tables with those who regularly use it. Therefore, 
sensor data from individual tables are clustered (of four and six) to avoid data being 
attributed to individual employees. As it is a private workspace, privacy restriction is 
less critical than public spaces.  
 
1.3.4 Questionnaires & observations 
Training the algorithms requires correlating objective sensor data with the users' 
subjective experience which is categorized as the true-labelled data (ground truth 
(Krig, 2014)). Comparing data allows to train and validate the algorithms. For public 
workspaces, the subjective data is collected through paper-based questionnaires 
handed out within the same physical environment. This is done before conducting 
the actual extensive study to avoid bias. For the private workspaces, the 
questionnaires were sent out (by mail) in parallel with the actual study. The content 
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and procedure of the questionnaires differ from study to study and is elaborated in 
the respective papers. Alternatively, the subjective data to train the algorithms and 
predict group interaction were collected by monitoring the users from a distance. 
 
1.3.5 Holistic approach 
Regardless of the analysis, the purpose is to establish a coherent and 
comprehensive understanding of the environment. Previous methods fragmented the 
studies, potentially leaving essential factors out of the equation. It is not physically, 
within the resources available nor considered realistic for a Ph.D. project to monitor 
the entire Dokk1. Still, the two selected areas are viewed as closed eco-systems, 
where the population will vary during the day. All individual workstations and joint 
spaces are monitored for the private and public areas. The selected sensors 
measure all subjects entering the areas and are therefore automatically included in 
the study without the need for their consent. A more holistic understanding of the 
user’s subjective actions, including choices, opt-outs, is achieved by covering the 
entire area and the total population. 
 
1.3.6 Ethical considerations  
The Digital Twin of Dokk1 handles data related to people, both in public and private 
spaces. Two views on the ethical considerations of data use are reviewed. First and 
foremost, from a regulatory point-of-view (ECGDPR, 2016), specific requirements 
must be met. Ultimately, to a greater extent, the users' subjective requirements for 
the use of data acts as the decisive parameter if the application is to succeed. If 
users do not buy into the idea and its application, it most likely will not gain ground in 
practice. A study among larger companies shows that less than 30% of employees 
trust their own organization's (Teamblind, 2018). Therefore, the concern about the 
willingness of employees to be part of solutions that involve collecting person-
sensitive data can be genuine. While international directives and legislation define 
the former, the subjective requirements depend on the respective persons involved. 
Although the benefits can be obvious from a management point-of-view, users will 
also have concerns about their privacy being in danger and mistakenly ending up as 
victims (Moussa, 2015). A typical example that causes skepticism among when 
using digital models is bias and discrimination. Potential sources of error that are 
very likely to be included in the development of the models and its algorithms will be 
transferred to any future data analysis. This will lead to results that are downright 
wrong and misleading. Therefore, the success criterion for using the digital twin 
cannot be satisfied with the fulfillment of the formal requirements. It is crucial to 
understand the users' requirements and needs to ensure that they feel safe. 
 
1.4 Research Process 
1.4.1 Research method 
This research aims to study human behavior in physical constraint environments. To 
examine the research hypothesis and evaluate the associated research questions, it 
is necessary with an appropriate research process. Methodologically, the three 
research questions require different approaches.  
Overall, a mixed-method approach is selected to investigate the central hypothesis. 
Each study includes different elements of basic research characteristics, such as 
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experimental, non-numerical (qualitative), and numerical (quantitative). In this 
research project, qualitative methods are used to establish an initial understanding of 
the environment and the associated social and behavioral elements to be studied.  
Sensor data is numerically analyzed to identify specific patterns and correlations of 
the experimental study. Finally, qualitative data validates the processed sensor data. 
The following sections elaborate on the chosen methods. 
 
It should be emphasized that the research project consists of seven different studies. 
However, the present section presents the basic ideas behind the project, while the 
respective papers introduce adjustments (Chapter 2 Case studies). 
 
1.4.2 User behavior and experience 
Before initiating the field-test setup, an inductive qualitative pre-study examines the 
purpose of the user's inhabiting the test area and identify the relevant space 
attributes affecting their workspace experience.  
Archive study is the initial input where existing literature clarifies previous studies 
and results within comparative research. The primary data source is published 
papers focusing on workspaces, cognitive functions, academic libraries, productivity, 
architectural interior space attributes, etc. The researcher's analysis and 
interpretation of data is the natural approach and the basis for a critical source of 
error as well. Therefore, it is vital to ensure access to well-documented data, avoid 
incomplete or missing data sources, and preferably use multiple sources. 
By narrowing down the list of relevant space attributes affecting users' workspace 
experience, a validation of the literature study is necessary to ensure coherence with 
the users' subjective experience of being in the test area at the Dokk1. An open-
ended survey is used to collect subjective opinions and experiences related to the 
environment. It is necessary to include a sample size representative of the entire 
population (Emmel, 2013). Once a relevant hypothesis exists between the interior 
architecture and the users, the next step is to design the experimental study to 
statistically evaluate the relationship's characteristics. 
 
1.4.3 Experimental setup and sensor data 
In architecture, experimental research examines a hypothesis, more specifically, in 
this context, to determine the cause-effect relationship between variables and 
statistically quantify the link. Such experiments typically evaluate people's behavior 
concerning design outcomes (Aksamija, 2021). The research method relies on a 
significant data volume and outputs a numerical correlation analysis between two or 
more dependent variables.  
 
In this study, the context is a real-world phenomenon where the variables 
(architectural interior space attributes) are varied, either directly or indirectly. The 
experimental study will be in the field, which reduces our control (compared to a 
laboratory setting). For instance, controlling the amount and type of worktables to 
equip the test area is within our hands, whereas the occupancy level is not. 
Simultaneously, sensors will monitor users, pre-process data, and algorithms 
calculate the correlation coefficient to determine the strength of the relationship 
between the variables and the user's behavior and experience (Digital Twin setup). 
Figure 2.3.3 - 1 splits the process into two steps: a pre-study and an extensive study. 
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The pre-study can become necessary to re-iterate until it proves possible to use 
sensors non-invasively and discreetly to numerically measure the desired human 
behavioral parameters. Therefore, a pre-validation study can become necessary 
before the full-scale experiment. It is required to demonstrate the Digital Twin’s 
ability to output statistical significance results. 

 
Figure 2.3.3 - 1 Research process simplified into a two step process, pre-study to validate model (1) and 
extensive study to identify human features (2) 

The validation study includes sensor data from a representative sub-population over 
a shorter period. In addition, the validation study also includes subjective measures, 
either from the users themselves (self-assessed questionnaires) (Oseland, 1999) or 
manually instructed observers (ethnographic approach (Hodson, 2004)). Assuming 
the subjective data represents the ground truth (Muller et al., 2021), comparing it 
with Digital Twin data allows for examining the method's validity. Proven valid, the 
Digital Twin classifies as a mathematical model, converting sensor data to user 
experience metrics. 
 
1.4.4 Improving the user experience 
The Digital Twin output can be divided into two. Initially, it aims to diagnose the 
environmental setup by identifying correlations between architectural interior space 
attributes with user experience. A positive result indicates that the space attributes 
support the user or vice versa. Once the diagnosis is established, architects can 
propose evidence-based design changes to improve the user experience. This step 
is a mix-method approach, combining the Digital Twin's diagnostic data and the 
architect's ability to include such data during the design process. The Digital Twin is 
not trained independently to recommend specific design changes.   
 
1.4.5 Industrial partners 
This Ph.D. program is an industrial research project sponsored by the architectural 
firm Schmidt Hammer Lassen (SHL) and consulting engineer Soren Jensen (SJ).  
Recognizing the need to integrate digital tools in the design process, SHL has taken 
an active part in all the field studies. Specifically, they have been involved in 
selecting relevant human characteristics and the different space attributes to 
experiment as variables in the environments. 
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2 Case studies 
2.1 Digital Twin of Public Workspace  
2.1.1 Paper 1: Understanding & Mapping Social Behavior in Relation to Spatial 

Design Elements 
 
2.1.1.1 Abstract 
Research has shown strong relations between the spatial space design and social 
behavior. Quantifying behavior provides a new tool to progress the architectural 
design process of indoor spaces to improve the experience and well-being of the 
users. This study presents a new methodology to measure specific types of human 
behavior related to social interaction without the need to involve the users. The new 
public cultural center “Dokk1” (Aarhus, Denmark) is the case building. With more 
than 3.500 daily guests spread over 50.000 m2, there are multiple indoor areas that 
will be used as real-life laboratories for testing purposes. In this case the specific 
study hall chosen as the area to be covered welcomes both individual users as 
groups.   
The methodology differs from previous research by avoiding wearable devices, 
manual observations, Interviews and/or surveys, but solely the use of non-invasive 
sensors. This change makes monitoring larger populations significantly more 
feasible and thereby improving the volume of data and the statistical validity of the 
study. Based on computer vision, three specific types of social behavior will be 
identified, tracked and mapped: large-group activity (>3 persons), small-group 
activity (2-3 persons) and singles. Only for validation purposes, users will be involved 
in surveys and manual observations to continuously validate the proposed method 
and related results.  
This paper will present a non-Invasive in-the-field method capable of, 1: Identifying 
and mapping of the physical Indoor activity of the users (behavior) and categorize It 
Into a (group) activity type, and 2:  associating design elements In the Indoor spatial 
space with social behavior of the users. Once a baseline for the indoor behavior is 
established and quantified, spatial design changes can be performed on the space 
and potential changes in behavior can be identified and mapped. 
 
Keywords: human behaviour, space design, social interaction, public spaces 
(library), mapping   
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2.1.1.2 Introduction 
The role and purpose of an indoor public space such as a library has changed 
parallel with the era of digitization (Fabunmi, 2006). Once being a provider of 
literature and collections, libraries have also become a provider of space for different 
purposes to the local community (Applegate, 2009). This trend has not resulted in a 
lack of interest among the public to use libraries, but the purpose of a visit has been 
influenced. In Denmark and Norway, studies indicate that 55-60% of public library 
users do not borrow or return books, films or other library materials during a library 
visit, but use the library for other activities (Aabø and Audunson, 2012).  Libraries are 
still considered an important element being capable of supporting the development 
of the local society such as social capital ((Kretzmann et al., 2005)). A study 
conducted by (Johnson and Griffs, 2009) indicated that frequent library users have a 
higher degree of social capital compared to users with less frequent users. 
Furthermore, studies in work related environment has shown that experiences of 
social interaction have a positive effect on human capacity such as recourse-fulness 
and physical health (Heaphy and Dutton, 2008)). 
Being a provider of space to the public with specific public purposes, it is necessary 
to stress the importance of a well-designed space. Studies has shown that there is a 
strong association between space design and human behaviour (Augustin et al., 
2009). Therefore, dependent on the type of behaviour intended to be attracted or 
stimulated the appropriate design must be deployed. A well-designed space is 
defined as an environment capable of fulfilling the specific needs of the users. In the 
case of a modern library, this could be zones for the public to gather and socially 
interact, appropriate study halls for students, family friendly zones etc. 
The aim of the study is to validate a in-the-field methodology to understand the 
relationship between space design and the associated human behaviour in the field. 
This topic has been the basis for multiple studies such as (Montgomery, 2014) (Cha 
and Kim, 2018)(Onnela et al., 2015). Previously used methods within this field have 
a limitation on the ability to collect large amounts of data to strengthen the statistical 
power. This prevents researchers in making statistically supported conclusions on 
the relationship between how space design impacts human behaviour. With 
technology adding new possibilities to analyse indoor activity without involving the 
actual users - new methods arise to improve the statistical power.     
This paper introduces a new non-Invasive method to map human behaviour in an 
Indoor public space. The chosen indoor space is a study hall located at the corner of 
the building with a large glass section that gives a visual view of the harbour. This 
area is chosen as a test environment due to the possibilities to experiment and/or 
manipulate with different design settings. Initially and for this paper, the area has 
been simplified to four large tables, see Figure 2.1.1-1A for an optical image of the 
environment. Furthermore, the area is also an attractive part of the building with 
more than 150 daily users on average. The high level of responders is necessary to 
achieve the intended statistical evidence.  
In this case, human behaviour is defined as the level of social interaction in a limited 
part of the study area in the public library Dokk1 (located in the City of Aarhus, 
Denmark). Furthermore, the level of social interaction is quantified into users’ being 
part of large groups (>3 persons), small groups (2-3 persons) and single persons 
working or studying alone (group categories are based on behavioural mapping 
studies by ((Ittelson, 1970)). Therefore, it is necessary to measure with a high 
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resolution how users occupy and utilize a space (single-handed or in groups). The 
new value proposition is a micro-mapping level of identifying detailed x & y 
coordinates of all users. This is a radical shift compared to previous methods based 
on manual observations, having users carry wearable devices (invasive) or a zone-
based mapping of users’ whereabouts. Previously methods were limited on the 
statistical power due to lack of users involved.  
 

 
Figure 2.1.1-1 – Optical image of the space and the floor map 

 
This paper presents a scalable methodology allowing analysis of human behaviour 
(specific types) with a much higher degree of statistical power which could lead to 
valid statements on how spatial design elements impact human behaviour in the 
field. Furthermore, the methods fall in line with regulations and restrictions regarding 
measures concerning person sensitive data. This is due to the fact that the sensors 
measure depths, which makes data not personable. 
This methodology allows the possibility of studying human behaviour with an unseen 
level of detail and statistical evidence. It will be obvious to experiment with different 
scenarios where the environment and design elements are varied. Thus, it becomes 
possible to observe causal relationships between the environment/design and the 
associated behavioral change.     
 
2.1.1.3 Method 
The selected area for field testing contains four zones, each with a table 
accommodating 10 users (see Figure 2.1.1-1). Each zone is monitored with a 3D-
camera, so in total four units are utilized. Based on questionnaires, users are 
primarily students in the age 20-30 working alone or in groups of 2-4. The method to 
be validated is based on upon three steps as illustrated in Figure 2.1.1-2.  
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Figure 2.1.1-2 – Three steps to validate methodology 

 
Step 1: Data collection 
3D depth camera technology is used to measure the detailed indoor position of the 
users (by identifying the form shoulder-head-shoulder). This is particularly prevalent 
in indoor areas to capture people flow, such as in supermarkets, malls, airports, 
events etc. (Corbetta et al., 2018). In this paper the purpose is to apply the 3D-
camera to measure x- and y-coordinates for users in the selected area. Each 3D-
camera is ceil-mounted, and with a ceiling height of 5 meters app. 40-50 square 
meters can be covered. Figure 2.1.1-3B illustrates the functionality of the 3D-
camera. This allows us to label users with unique id's and track them at any given 
time through their stay.  
Furthermore, the sensitivity of the 3D-camera allows measures of head movements 
down to centimetres resolution. This is illustrated in Figure 2.1.1-3A. Due to the high 
sensitivity it is possible to deduct a mathematical profile of the different users based 
on the type of activity the specific person is engaged in such as individual work or 
group work.  
 

 
Figure 2.1.1-3 – Mechanism of 3D-camera and mapping of human behavior as xy coordinates 

 
During the data collection period I performed manual observations of the area 
observing the users, group dynamic, levels and type of social interaction to validate 
measured sensor data. 
 
Step 2: Data analysis 
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The purpose is to convert raw x- and y-coordinate data to information containing 
level of social interaction among the users within the area being monitored. For this 
specific assignment two different methods will be used, A: proximity measures 
between users, B: 2-dimensional mathematical models (see Figure 2.1.1-3B) called 
Kernel-Density-Estimation (KDE) profiles (Chen, 2017). A combination of both 
methods will also be experimented to strengthen the analysis. 
 
A: Proximity measures between users 
The default seat arrangement invites users to occupy the tables with a particular 
pattern, see Figure 2.1.1-4A. Due to a number of different reasons, the default seat 
arrangement is adhered to and an alternative actual seat occupation (and utilization) 
Figure 2.1.1-4B.  
 

 
Figure 2.1.1-4 – Normalized proximity measures in matrix format between users at table 

Because the 3D-cameras provide a high resolution, this shift in the use of seats can 
be measured. For both scenarios in Figure 2.1.1-3, a symmetric proximity-matrix is 
shown between all users around the table (not real numbers, but made-up to 
illustrate an example). The proximity-matrix contains all the distances each user has 
relative to each other occupying the table. The relative change in distance is 
correlated with the level of grouping occurring. This assumption is based on manual 
observations from the same area. Comparing the proximity-matrix for the Default 
(baseline) vs. Actual seat occupation allows access to information concerning how 
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the users are grouped around the table. The example illustrated with Figure 2.1.1-4 
(bottom) shows a proximity-matrix where it is obvious that user at seat nr. 4 is not 
socially involved with the other users. The increased proximity (compared to the 
default measures) between users at seat no. 1 and 2, 6 and 7 as well as 9 and 10 
could indicate that there were three groups of 2-person size. Furthermore, although 
user number 8 is seated next to no. 7 and 9, the proximity to them and their 
respective neighbours (no. 6 and 10) indicate that user no. 8 is socially not involved. 
 
B: 2-dimensional mathematical models 
High resolution measurements of the heads x- and y-coordinates makes it is 
possible to establish a 2-dimensional spatial pattern of the head-motion profile during 
a stay. Preliminary manual observations indicate a correlation between the head-
motion profile and the type of activity. On Table 2.1.1-1 a list of most frequent 
observed activity types (observed from the Dokk1) are listed together with the 
observed head-motion profile. It is necessary to highlight that the statistical 
uncertainty is high due to limited amount of observations, but still considered 
relevant for further studies. Therefore, it becomes a hypothesis that the head-motion 
profile can contribute with information about the user's activity type and thereby the 
level of social interaction.  
 

 
Table 2.1.1-1 – different types of activity type and related head-motion profiles 

 
The head-motion profile area shown for each activity is based on the circumference 
of the x- and y-coordinates and the intensity of measurements within (3D-plot). 
Comparing the different types of activities (no. 1-4), highlights a clear difference in 
the head-motion profiles. For activity no. 3 and 4 (observing more than one person) a 



 
 

24 

center of gravity point have been introduced (red cross). This represents the average 
x and y coordinate for the group which can be an indicator for the orientation of each 
group member. This can be used to further strengthen the process of identifying the 
group and their behaviour.  
An alternative approach is to convert the spatial mapping of the head-motion profiles 
into KDE function. This is a conversion of the data into an alternate domain where 
the comparison of profiles is based on 2-dimensional probability density functions.  
 
Step 3: Change environment/design 
The last exercise has not been implemented but selected to be presented as a future 
next step to further strengthen and/or validate the method. It focuses on 
experimenting with different design options to examine how people/users are 
affected by different environments. Study conducted by (Augustin et al., 2009) 
indicates that a space can be designed to attract a certain type of behaviour, more 
specifically, either more or less social combined with the level of physical activity. A 
list of space design elements such as visual effects, colours, lighting, sounds, tactile 
inputs, smells, spatial details, territorial zones are specified as stimulators for the 
different types of behavior. The purpose of step three is to use the design 
specifications and experiment whether it is possible to stimulate or attract the 
specific type of behaviour according to the model. 
 
2.1.1.4 Results 
To illustrate the functionality of the method with a simple overview only results from 
tables A and C are presented over a time span of 15 minutes. Based on manual 
observations nine students are identified to occupy the two tables forming six groups 
(three groups of two and three groups of singles). Figure 2.1.1-5A shows the raw 
data consisting of 7.327 x- & y-coordinate points. In Figure 2.1.1-5B an unsupervised 
clustering algorithm has been applied to identify all nine students and Figure 
2.1.1-5C identifies the respective groups based on proximity measures between 
students and their respective profile patterns of head-motions.  
 

 
Figure 2.1.1-5 – Going from raw data to identifying and clustering of groups 
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Figure 2.1.1-6 gives an overview of how the mathematical models of the x- and y-
coordinates of the head-motion are being applied to extract information about the 
behaviour of observed persons. Two different person profiles are selected for 
illustration purposes. Based on manual observations following characterizes the 
profiles: profile 1: single person working/reading very concentrated on laptop with 
limited spatial movements whereas profile 2: engaged in group of two with dynamic 
spatial movements towards group member. Figure 2.1.1-6 compares mathematical 
models of the respective students. The grey-scale images are probability density 
functions indicating the likelihood of appearance (within 1000x1000 mm2). It is 
obvious that profile 1 has a high likelihood to remain in his/her center-point 
compared to profile 2 which has a higher likelihood to deviate from the center point 
and most likely in south-western direction.  
 

 
Figure 2.1.1-6 -  Converting the raw xy coordinates to mathematical profiles: 2-dimensional probability density 
functions indicating the likelihood of user position 

 
2.1.1.5 Discussion and conclusion 
An automatic non-invasive method was used to identify and map physical indoor 
activity of the user’s behaviour and categorize it into groups. Test cases have been 
limited but the results have proved to be promising despite limited time spent 
developing the backend program. Identifying amounts of users in the field were 
achieved with satisfying results while determining the group-structures involves level 
of uncertainty.  
The strength of the model is that it provides insight to how users utilize an area. This 
is performed without biased observational studies or the need to involve the users 
with wearable devices. Furthermore, no regulations for data will be breached since 
3D-camera only records depth-images because no optical images are involved. This 
approach forms the foundation for measuring volumes of data about people 
behaviour and thereby strengthening the statistical power of future studies.   
The next step is to determine several test scenarios alternating the architectural 
design setup in the selected area while analysing if-and-how the behaviour of people 
is affected. In-the-field studies capable of providing (statistical supported) 
associations between specific design elements and types of behaviour is considered 
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a valuable tool for public space providers, such as the Dokk1. An important feature 
of this specific tool is the time-to-result aspect. Based on a method not involving 
human supervision, results are delivered on short-term basis. Such a tool would 
potentially gain building owners quick insight about how to accommodate the indoor 
design to address the needs of different types of users.   
Future work involves experimenting with more data over longer time frames. 
Labelling the data (adding ground truth of actual behaviour based on manual 
observations) provides an opportunity to further develop and train the algorithms to 
better determine different types of behaviour and group-structures. Specially, group-
structures across tables needs more attention to be correct determined. The 
presented results originated from a 15-minute time frame. The purpose is to increase 
the time frame to continuously cover the entire day rather than blocks of 
independently minutes. This adds to the complexity of the algorithm but will 
strengthen the level of certainty.  
As described previously, the time spent on development of backend algorithms has 
been limited. From a mathematical and programming point of view, a significant 
variety of options exist for using different types of algorithms to create better human 
behaviour analyses. With the amount of growing data, it is not excluded that machine 
learning methods can be applied thus predicting human behaviour becomes a 
realistic option. 
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2.1.2 Paper 2: Quantifying Human Behavior with Non-Invasive Sensors 
2.1.2.1 Abstract 
Research shows that human behavior correlates with the choice of space design. In-
the-field research of this link between humans and space design is limited to studies 
with data from manual observations, wearable device participants, or 
interviews/surveys. Due to the nature of these methods, the data volume is 
restrained. By applying technological improvements such as computer power, 
analytical algorithms, and non-invasive sensors (from other industries) to the study of 
humans in indoor spaces, it has become possible to improve the statistical power 
and thereby strengthen the evidence-based architectural design process. This study 
presents a new methodology for analyzing human behavior in indoor spaces using 
3D-depth cameras as sensors. Depth cameras assure the method falls in line with 
regulations and restrictions regarding measures concerning person-sensitive data. 
All users within the space automatically become part of the study without prior 
consent. This significantly increases the number of participants and scale of data 
compared to similar studies conducted in the past. The methodology review is based 
on an in-the-field test period of 8 days in a restricted public library space, primarily 
occupied by academic students. The approach enables the analysis of individual 
human behavior metrics with an unseen volume, precision, and accuracy. Metrics 
such as seating patterns, length-of-stay, number of breaks, group dynamics, and 
level-of-social-interaction are quantified. To examine the link between human 
behavior and space design and validate the method, a radical interior object in the 
space was changed halfway through the test period. Comparing prior and post data 
revealed changes in human behavior. This paper presents a validated tool to be 
used by architects and environmental psychologists to study human behavior in 
indoor spaces. Furthermore, this can complement the human-orientated design 
approach by adding a higher level of statistical power and intelligence behind the 
decision process. 
 
Keywords: intelligent building, non-invasive sensors, behavioral science, data-driven 
design, interior design, social science 
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2.1.2.2 Introduction 
Research has proven the existence of a correlated link between the interior design of 
space and the human behavior within the space (Hoskins, 2014). Furthermore, 
studies show that interior design is capable of influencing human behavior thus 
stimulating certain types of activities (Augustin, 2009),(Mahmoud, 2017),(Allen & 
Henn, 2007). This study presents an automatic and resource-limited method in line 
with GDPR regulations (ECGDPR, 2016) to quantify human behavior with a high 
statistical power. The aim is to increase the volume of data in order to increase the 
statistical significance of the correlation of patterns in human behavior with interior 
space design attributes compared to former studies.     
Prior research of the relationship between interior design and human intellectual 
behavior is primarily based on methods such as manual observations (Montgomery, 
2014), participants carrying wearable devices or through interviews and surveys 
(Cha & Kim, 2018). On the other hand, these types of methods can provide deep 
insight into user behavior but have natural limitations in data volume. Manual 
observations require the presence of a human resource. This is an accumulative 
expense and replication of data comes with the possibility of reliability issues (Denis 
et al., 2002). Furthermore, wearable devices require the acceptance of the users of 
the specific space. Depending on the space and size – there will be a natural 
limitation on how large of a user fraction can be involved. It is both resource 
intensive and costly as the number of users involved increases. Furthermore, users 
offered to carry wearable devices are at risk of being biased (McCambridge et al., 
2014). To obtain a high unbiased response rate on questionnaires, it is necessary to 
assign manual resources to the task. Besides coming with a high cost, if aim is to 
involve the majority of the users – it also comes with the implication of being a static 
data feed. Common to these methods is that the cost for collecting data is 
proportionally increasing with the amount of data.  
The type of activity and behavior in focus in this study is intellectual desk work. The 
space to be experimented is within a public library in Aarhus, Denmark, hosting 
primary academic students within the age 21-30. This is performed either as an 
individual or in groups. People in groups can either be working independently within 
the group or collaboratively and thereby socially interacting with other group 
members. Recent years, libraries in the western world has shown a transition from 
being book providers to become space providers for different purposes for the local 
community (Aabø & Audunson, 2012). In this new role libraries are still considered 
an important element in supporting the development of the local society such as 
social capital (Kretzmann et al., 2005). A study conducted by (Johnson & Griffis, 
2009) indicated that frequent library users have a higher degree of social capital 
compared to less frequent users. Furthermore, studies in work related environment 
has shown that experiences of social interaction have a positive effect on human 
capacity such as recourse-fulness and physical health(Heaphy & Dutton, 2008). A 
key interest of the architects involved in this project and the client (in this case the 
library) is to understand how to measure whether a space attracts singles or groups, 
the level of social interaction and whether design can stimulate these parameters.  
 
The selected space is subjected to what is considered a radical change halfway 
through the period. Based on the collected and analyzed data, the intension is to 
identify a number of insightful behavioral routines that are quantitatively calculated, 
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and detect a difference in behavior, before and after the radical design change. The 
focus of this study is not to address the architectural design changes and its impact 
on user behavior, but rather on the methodology that can measure and quantify this 
change. The purpose is to present a tool that can be used to experiment and validate 
different architectural considerations. 
 
2.1.2.3 Method 
Space and design changes 
The selected space within the public library covers app. 1,600 sq. ft and is equipped 
with four identical tables each with a capacity of 10 seats (with corner seats, the 
layout of the space appears in Figure 2.1.2-1A). The design change is illustrated with 
two images showing the space with view (Figure 2.1.2-1B) and with blinders (Figure 
2.1.2-1C). This change is considered radical due to window view being ranked 
among the top three space attributes impacting self-perceived space satisfaction 
(Cha & Kim, 2018). Furthermore, with a 19 ft. high glass section going from top to 
bottom and covering the two facades, the view represents a relatively large element 
of the space identity. 
 

 
Figure 2.1.2-1 - Selected area for testing – setup and design change 

Therefore, an altercation of this space attribute will most likely have an impact on 
utilization of the space. The experiment is set to last eight days, with the first half 
being with view, while the last is with blinders. Each day begins at 8.00 am and ends 
at 19 pm. In addition, to ensure comparability between the two periods, the four days 
are selected to be Monday to Thursday for two consecutive weeks in ultimo 
September. By then, academic students have settled into the new semester and 
weather conditions for the two weeks are relatively similar8.  
 
Non-invasive sensors 
To measure human behavior 3-dimensional (3D) depth cameras are positioned 
above each table. Based on a depth-image, an algorithm can identify a human being 
with centimeter accuracy. The output of the non-invasive sensor is x and y 
coordinates measuring the center of the head for the identified person(s). Depth data 
is not personable and thereby this technology differs from conventional optical 

 
8 https://www.dmi.dk/vejrarkiv/ 
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images, why the method fall in line with regulations and restrictions regarding 
measures concerning person sensitive data5. 
For validation purposes, optical videos of the four tables are recorded in parallel. 
These optical videos are blurred so that individuals cannot be identified, but still with 
suitable quality so the activity type of individuals and the group composition at the 
table can be recognized by manual observation.  
 
Human behavior quantified 
Compared to parameters such as temperature and speed, there is no clear metric to 
define human behavior(Barakova et al., 2013). Therefore, it is necessary to define 
quantitative metrics describing human behavior within an indoor public space. 
Basically, there are no immediate constraints, but it depends on what data type the 
selected sensors can provide as well as what specific type of human behavior and/or 
changes in human behavior are relevant to understand, in this case from an 
architectural point of view. As mentioned earlier, the selected space primary hosts 
academic students studying alone or in groups. Based on interviews with architects 
(experienced in designing public spaces) and the building-owner, following human 
behavior metrics have been selected to be quantified: 
 
A - seat utilization (percentage occupancy of tables and seats) 
B - table/seat preferences (quantifies users’ primary choice of seating) 
C - group histograms (group sizes occupying the tables) 
D - length-of-stay (duration of time spent at the tables) 
E - activity type and level of social interaction 
 
Going from xy-coordinates to human behavior metrics 
To calculate the mentioned metrics all coordinates are converted to a 2D probability-
density-function (2D-PDF) (Chen, 2017). This represents a profile of a person’s 2D 
body-language based on the movements of the head-center-point in a given time 
period. The 2D-PDF is illustrated in Figure 2.1.2-2A consisting of a nine-celled-circle: 
one center-cell (no. 0) surrounded by eight pie-formed cells (no. 1-8). In a PDF, the 
sum of all cells always equals one. 
 

 
Figure 2.1.2-2 - Going from people coordinates to human body language 
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Figure 2.1.2-2B exemplifies how a given output of coordinates from the sensor could 
be distributed for one persons over a period of time. Converting these coordinates 
into the 9-celled 2D body-language profile provides a heat map with details about the 
behavior of the specific person during a given period of time, Figure 2.1.2-2C. The 
body-language profile complements two characteristics about the persons, 1: center-
point-time (CPT): time spent in the center cell (cell no 0), 2: direction: dominating 
directions away from the center-point (cell no 1-8). A high CPT-value represents a 
physically still person. Based on manual observations and video recording, a high 
CPT-value correlates positive with a person more focused on independent activities 
such as reading a book, taking notes, using a laptop, etc. On the other hand, a low 
CPT-value correlates with a person having a higher outward activity: someone who 
is more involved with his/her environment, most likely being socially interactive with 
the neighboring people. The component direction complements by putting a direction 
and size on the outward activity. Sudden moves, such as stretching or moving from 
backward leaned to forward leaned position adds noise to the method. Due to the 
massive amount of sampled data such disturbances can be neglected.  
This is possible due to each person identified by the 3D-depth sensor generates 240 
xy-coordinates pr. minute. Such a resolution of coordinates, both in time and space, 
provides a grid of values containing not only the center point of the person, but also 
a high-precision insight into how much and in which directions the person physically 
moved. The 2D body-language profile is also essential when predicting group 
members, activity type and level of social interaction. Figure 2.1.2-3 exemplifies how 
this is performed. 
 

 
Figure 2.1.2-3 – Applying the human body language to identify behavioral metrics (fictious example) 

Figure 2.1.2-3A and Figure 2.1.2-3B shows three users occupying a table and their 
associated coordinates over a given time period (fictional examples for illustration 
purposes). Based solely on the component proximity (Figure 2.1.2-3C), detecting 
group members and sizes comes with a varying level of uncertainty depending on 
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where the users are seated. By including the body-language (Figure 2.1.2-3D/E) and 
thereby adding two components (CPT-value and direction) to the detection of the 
group members/sizes it becomes possible to strengthen the detection rate. In the 
fictional example (Figure 2.1.2-3E), the body-language shows that person A and B 
have a high level of direction facing each other (positive correlation), and a relatively 
lower self-centered value. This is an indicator of two persons socially interacting 
since the component direction peaks in the cells facing each other in the same time 
window. Person C, on the other hand, has a high CPT-value and a weak dominating 
direction which also is not directed towards the others. 
 
Data 
The eight days of study resulted in app. 350 hours of recording. In order to validate 
the efficiency of the developed algorithms the camera also recorded a blurred optical 
version of the tables/peoples. In total, the area has more than 250 visitors over the 
eight days which sums up to app. 13M xy-coordinates. 
 
2.1.2.4 Results and discussion 
Seat utilization (metric A) 
The absolute utilization rate of seats during the test period is Table 2.1.2-1. Based 
on utilization rates, seats along the table long sides (seats 1-4 and 6-9) will be in 
focus (seats 5 and 10 are corner seats). As illustrated in Figure 2.1.2-1, due to the 
orientation of the tables, seats 1-4 have a lower degree of direct exposure to the 
window view compared to seats 6-9.  
 

 

Table 2.1.2-1 - seat utilization, 4 days with open window view + 4 days with blinders 

All tables have comparable levels of utilization rates (subtotal pr. table on Table 
2.1.2-1), whereas the utilization rate of the specific seat differs significantly. Across 
all tables and in both scenarios (with view and with blinders) the edge seats (in the 
longitudinal direction) on both sides of the table (seats 1,4,6 and 9) comes out as 
most utilized. Furthermore, it also appears, that having a better window view results 
in a significant higher utilization rate (39%) for seats 6-9 compared to seats 1-4 
(30%). Blocking this view with blinders equalizes this difference. The results 
indicates that users of the space have a preference for edge seats independently of 
the direction of the seat or the orientation of the table relative to the window view. 
Furthermore, the results also indicate a correlation between choice of table side to 
be seated and window view. In this case, with a view, the average utilization of seats 
6-9 at all tables exceeds the average utilization of seats 1-4. This clear difference in 
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preferences between the table sides vanishes when using blinders. The risk of sun 
glare is present when facing spaces with direct exposure to sunlight. In this case, 
random chosen users (n=121) were asked (at all tables and different days) 
specifically about glare issues. In all cases the impact of sunlight and glare did not 
have any influence of their choice of seating and behavior during their stay (self-
perceived answers).   
 
Table & seat preferences (metric B) 
When all tables and/or seats are empty, a special insight into the users’ preferences 
is obtained, as there is absolutely free choice. The user arriving at an empty space 
will not be influenced by other users in their choice of table or seating. Table 2 
presents a histogram of the order in which the respective table was selected, ranging 
from 1-4. For example, with view table 2 were occupied as the first table three times 
and one time as second choice. Whereas, with blinders, table 2 were never selected 
as the number one choice. 
 

 Order of table 
selection with 
open window 

view 

 Order of table 
selection with 

blinders 

Order of selection 1 2 3 4  1 2 3 4 
Table 1 0 2 1 1  1 0 2 1 
Table 2 3 1 0 0  0 1 2 1 
Table 3 0 1 1 2  0 2 0 2 
Table 4 1 0 2 1  3 1 0 0 

Table 2.1.2-2 - Priority of table preferences 

Changes in preferences do occur between the two periods. It is clear that Table 
2.1.2-2 is replaced by table 4 as the most attractive. An explanation for this could be 
that table 4 is adjacent the nearest window section without blinders.  
Another preference study covered which long side users chose when the respective 
table was empty. The interesting aspect were to analyze whether blinders would 
affect their choice. With the view, the seats facing the view were preferred app. 80% 
of the time. Using blinders made this preference not only vanish, but users preferred 
the seats facing the hall (63%). This study is limited to the number of days as this 
free choice disappears as soon as the first user has established herself.  
Group histograms & length-of-stay (metric C) 
The majority of groups (>90%) occupying the space consists of maximum three 
members why larger groups are excluded. The percentage distribution between 
these three group sizes are singles: 60-65%, groups of two: 20-25% and groups of 
three: 7-9%. Furthermore, users spend app. 20 minutes more in the space (2 h. 30 
min) without blinders compared to with blinders (2 h. 10 min).  
Activity type and level of social interaction (metric E) 
To illustrate how the predicting of activity type and level of social interaction is 
performed, a specific case from the Dokk1 has been selected as a go-through 
example. Figure 2.1.2-4A shows a snapshot from the table 1 validation video. In this 
case, the analysis covers the time span from 5:10-5:30 pm. Manual observation of 
the video clearly shows five persons at the table, one group of three and two singles. 
During the 20 minutes time frame, persons 4 and 5 are relative physically still with 
limited movement. The members of the 3-person group behave differently. Person 2 
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and 3 have a higher degree of interaction with each other whereas person 1 tends to 
work more independently and behave physically more still.  
  

 
Figure 2.1.2-4 - Validation video and group dynamics 

Figure 2.1.2-1B shows the group structure (categorized by colors) predicted by the 
algorithm, which is consistent with the manual observations. Furthermore, the 
positioning of the 2D body-language template shows persons 2 and 3 are closer to 
each other compared to the last group member. As expected, the CPT-values 
(Figure 2.1.2-4C) for persons 1, 4 and 5 are found to be higher. These persons 
spend more time physically concentrated around their own center point compared to 
persons 2 and 4, who have a much higher physical activity towards each other.    
 
Figure 2.1.2-5A shows the correlation value of the component direction between 
adjacent persons occupying the table. A positive correlation is calculated for the 
persons within the group, whereas the correlation between the group and non-
members is negative. This indicates that the persons in the same group have 
direction values that have mutual patterns within the selected time frame.   
 

 
Figure 2.1.2-5 - Level of interaction 

 



 
 

36 

These variables can complement to identify the level of social interaction within a 
group. Figure 2.1.2-5B takes a closer look at the group of three (from 16:40-17:30) 
and based on the 2D body-language components it is possible to detect the state-of-
work for the group.   
 
2.1.2.5 Conclusion 
As architects, we are challenged on the extent to which our design solutions are able 
to fulfill the purpose. It is therefore necessary to continue the maturation of evidence-
based methods to measure the relationship between design and behavior. Such a 
tool will provide the opportunity to customize the interior design of a specific space to 
the respective users. Given that humans in the West spend most of our time indoors, 
it must be stated that optimizing the indoor environment comes with great societal 
and business benefits.  
The study has shown an evidence-based method to analyze human behavior in 
indoor spaces. Due to the applied technology, this comes with a significant statistical 
power, high resolution and low uncertainty making it possible to strengthen our 
understanding of how people behave in indoor spaces. Furthermore, it delivers a tool 
to the field of architecture to conduct in-the-field experiments. This opens doors for 
future studies to experiment with more sophisticated design proposals, thus pushing 
the research of human behavior in indoor spaces from laboratory environments and 
into more practical settings in-the-field. 
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2.1.3 Paper 3: Using Computer-Vision Sensors to Study the Impact of Window 
Views on Occupancy and Self-Assessed Productivity in Flexible Working 
Environments: An Intervention Study  

 
K. Jens and A. Khoudi 
 
2.1.3.1 Abstract 
Changing lifestyles and working behaviours diversify the use demands directed 
towards modern working environments. As a result, building spaces have become 
more flexible with dynamic and varied activity landscapes that often contradict 
subjective perceptions. This research applies data from computer-vision cameras 
and surveys with a total of 229 participants. The participants were randomly selected 
to investigate the effect of installing window blinds on occupancy counts, occupancy 
duration, and perceived productivity, four days before and after blocking daylight and 
natural views. The results show statistically significant decreases in occupant counts 
and perceived productivity rates after the intervention, with an associated increase in 
occupancy duration. With sensors to collect post-occupancy data, this research 
contributes to a better understanding of the role that daylight and natural views can 
have for user experiences and human behaviour. 
 
Keywords: intelligent building, evidence-based design, environment and behaviour, 
occupant comfort, workplace. 
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2.1.3.2 Introduction 
The importance of daylight and natural views for human well-being 
In today’s urban societies, views of natural landscapes have become scarce, and 
indoor environments typically rely on electric light sources that do not reflect the 
natural rhythm of daylight and therefore are misaligned to the human circadian cycle 
(Galán-Acedo et al., 2019). On average, people in the US spend about 90% of their 
time in indoor environments. These are dominated by technical, artificial systems 
that control indoor environmental quality (Aries et al., 2015). However, a growing 
disconnection from the natural environment is evident (e.g., in cultural or food 
products), leading to diminishing levels of interest and appreciation for nature, 
unrealized gains to human health and well-being, as well as lost opportunities, to 
support pro-environmental attitudes (Kesebir and Kesebir 2017). 
 
In the US, artificial lighting contributes 25-40% of the total energy consumption of 
commercial buildings. Organizations and building owners can use technology such 
as sensors, switches, and dimmers to harvest energy savings through daylight while 
benefiting from desired use outcomes such as improved human health and well-
being when providing enough daylight (Al Horr et al. 2016). Empirical research 
suggests a broad range of beneficial impacts of daylight on sleep quality and 
reduced symptoms of myopia, eye strain, headache, and depression (see, e.g., Ko 
et al. 2020; Aries et al. 2015; Li and Sullivan 2016). Measures of air quality, 
ventilation, thermal health, moisture, noise, cleanliness, lighting, and natural views 
are often stated to play a pivotal role in healthy environments with mitigating mood 
disorders and improved job satisfaction and productivity (Göçer et al. 2019; Zhang et 
al. 2020). In terms of productivity, daylight can benefit and hinder individuals from 
performing well visually. In contrast, daylight exposure and access to windows at 
work are associated with improved sleep duration and mood, reduced sleepiness, 
lower blood pressure, and increased physical activity. The lack of natural light was 
associated with physiological, sleep, and depressive symptoms (Aries et al., 2015). 
The Whole Building Design Guide (WBDG) therefore suggests designing windows in 
a way that allows daylight to penetrate as far as possible into a room and diffuse it to 
avoid glare and direct beam sunlight in workplaces. 
Positive relations between high levels of daylight, space preferences, and space 
satisfaction are studied by Heerwagen et al. (1998), for instance, who found that 
80% of occupants near windows in office buildings were delighted with their 
environment, compared to 55% in areas with less proximity to windows. These 
results are confirmed by Day et al. (2019), who conducted a large-scale study in 
commercial offices testing occupants’ subjective visual comfort perceptions about 
the use of automated blinds, electrochromic glazing, and roller shades. Self-reported 
satisfaction was highly dependent on the distances to windows, while the access to 
daylight was more likely to have a higher perceived level of productivity. Another 
study from Göçer et al. (2019) found correlations between perceived productivity 
levels and external views in 20 open-plan offices. These findings coincide with other 
studies indicating that natural views reduce stress levels while promoting well-being 
(Zhang et al. 2020). Tennessen and Cimbrich (1995), for instance, compare different 
(classified into more and less natural) views from dormitory windows of 72 
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undergraduate students and find that attentional restoration can be supported by 
natural views, resulting in better performances on attentional measures, including the 
speed, accuracy, or ability to sustain activities when competing or being distracted. 
Studies focusing on the impact of window views on occupant behaviour further 
indicate that the design and openness that window views provide improves the 
perception of spaciousness, with increased satisfaction rates in spaces with natural 
views (Ozdemir 2010). When comparing levels of job satisfaction in office spaces 
with green interiors and windows, findings indicate that offices with plants and 
window views supported the perceived satisfaction and job performances of studied 
employees (Dravigne et al., 2008). Also, on an urban scale, more robust recovery 
from emotional stress on self-assessed mood and restorative state is found in 
natural environments compared to built environments. At the same time, the 
restoration depends on individual perceptions of stress and nature (Van den Berg et 
al. 2014).  
The studies mentioned above, however, are mainly based on subjective data 
collection methods, while others use physiological measures such as skin 
conductance, body temperature, and heart rates to study attention restoration and 
stress recovery. Access to green window views result in faster recovery rates and 
better performances when it comes to attention, compared to spaces without 
windows or natural views (Li and Sullivan 2016). Some studies indicate that building 
occupants prefer natural light over artificial light (Al Horr et al. 2016). Others state 
that this certainly applies to social activities in social spaces in which sunlight is 
desirable and psychologically beneficial (WBDG 2018). For working activities, 
however, luminance contrasts, colour differences and retinal illumination affect work 
performances of any task and relates to findings that suggest that the excess of any 
light source (natural or artificial) can result in glare and visual discomfort (Aries et al. 
2015). The amount, orientation, and sizes of windows can therefore determine views 
and visual stimulation that can benefit perceived productivity levels (Ko et al. 2020). 
Productivity levels highly depend on subjective preferences of spatial conditions 
concerning the amount of indoor and outdoor light levels, sun position and sky 
luminance (Al Horr et al. 2016). 
 
Challenges of measuring productivity and human well-being 
Identifying influential design features on productivity comes with challenges of 
reflecting complex relationships between different personalities, emotional needs, 
and a dynamic activity landscape in modern working environments (Aries et al., 
2015). Harris (2019) defines productivity as a ratio between output to input 
measures. This definition does not apply to a broad range of contexts as they can 
enormously vary according to activities and purpose. Clements-Croome (2006) 
acknowledged the lack of meaningful measures for all office occupants and 
proposed that perceived productivity is the most suitable surrogate measure. 
Subsequently, multiple studies of knowledge-based environments are conducted 
based on the self-assessed approach (Candido et al. 2019; Johnson et al. 2019). 
These and other studies suggest that self-assessed productivity measures can be 
qualified for the study of productivity. For individual occupants in shared spaces, the 
output is not predefined and has no direct economic purpose. The purpose of 
activities in shared spaces are influenced by factors that can be of personal, social, 
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organization and, or environmental nature. The inter-dependency of these factors 
are mainly unclear, and empirical findings biased (Al Horr et al. 2016). 
Post-Occupancy Evaluations (PoE) are methods to evaluate building performances 
after or during the operation phase of a building (Finch 2012). Indirect parameters 
such as measurements of absenteeism, working hours, and employee turnover are 
triangulated with self-reported productivity levels by occupants. These collection 
techniques are changing in line with technological advances that enable building 
managers and architects to adapt designs to actual space-use preferences within 
buildings (Harris 2019). Digital data from pervasive computing allows gathering data 
of real-time from occupancy patterns that, in combination with traditional data 
collection methods such as manual observations and surveys, enable more objective 
building information and spatial mapping (Morrison and Macky 2017). Previous 
studies that make use of sensors for data collection typically focused on 
environmental indicators, often for managing energy performances of existing 
buildings (see, e.g., Gunay et al. 2016; Ke et al. 2013). Next to data quality issues, 
information from sensors is often descriptive and certainly regarding to highly 
subjective productivity measures challenging to collect due to their intangible nature. 
This research, therefore, combines computer-vision data with surveys to test 
previous findings that purely relied on analogue data collection on human behaviour 
and architectural design. 
 
Aim of this research 
Highly granular sensing of human movements and occupancy patterns (i.e., for 
instance, tendencies of increased headcounts at tables proximate to windows) can 
provide detailed insights into the impact of physical modifications on occupancy 
patterns and self-assessed productivity levels. With installing window blinds that 
block the window views in a flexible working space and thereby changes the lighting 
conditions, this research aims to use computer-vision sensors in order to investigate 
mixed empirical findings on the complexities that interior and design compositions 
have on occupancy patterns, i.e. average headcounts and occupancy duration per 
seat on four different tables, and self-assessed productivity rates, using a 10-point 
Likert scale as rating scale to gain insights into the subjective perceptions of 
productivity on the different seats and tables. 
Based on a public Library in Aarhus, Denmark, this research uses sensors that 
provide high granular (4 frames per second) position data from individual space 
occupants. To increase the depth of information about relations between daylight, 
natural views, occupancy patterns, and productivity, the sensor data is combined 
with self-reported productivity rates from surveys. For this, this study uses metadata 
from computer vision cameras are used to supplement the self-reported productivity 
levels. To measure an effect, the authors install window blinds that block the natural 
views towards the horizon and harbour front of Aarhus city; The window front is one 
of the most prevalent design features of the building. By combining digital/ objective 
sensor data to survey/ subjective means of analysing occupancy patterns and 
productivity levels, this research aims to apply a different angle on social phenomena 
that, in the previous, mainly was investigated with analogue data collection methods. 
More specifically, this research contributes with: 
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- An intervention-based real-world case study combining and analysing time- 
simultaneous data from sensors (positions and duration) and surveys (self-
assessed productivity rates). 

- An observational setup that enables the modification of space by installing 
window blinds 

- Extraction of information about the effect of window views and natural lighting 
on use behaviours (i.e., occupancy duration, headcounts) and self-assessed 
productivity rates. 

- Reflections on the strengths and weaknesses of findings and methods applied 
in this study, including recommendations for future research and practice. 

 
Problem formulation and research questions 
Inside buildings, windows are the primary means of visually connecting to the 
outdoors. With applying the data sources as mentioned above - both of objective and 
subjective nature - this research focuses on the effect of blocking natural views, i.e., 
scenic views of the ocean and harbour front, on previously defined occupancy 
patterns and productivity rates attached to differently located seats and tables within 
a flexible working space. 
For an initial understanding, a method outlined in Cha and Kim (2020) is applied to 
rank the importance of general design features concerning the conduction of 
different activities in a library space, followed by a ranking of the perceived 
satisfaction with present design features within the test space. Which design features 
are perceived as necessary for activities drawn out in shared working spaces, and 
how satisfied are space occupants with the design features present in this study’s 
test space? The main research questions of this study are: 
 

- What is the impact of installing window blinds on occupancy patterns (i.e., 
headcounts and occupancy duration per seat in time) and self-assessed 
productivity rates in a flexible workspace environment? 

- What are the statistical changes in occupant counts and occupancy duration 
before and after the intervention, and how are these changes reflected in 
perceived productivity rates in the flexible workspace environment? 

 
This research first compares the perceived importance and satisfaction rates with 
present design features before and after the intervention. Then, this research gives 
an analysis of occupancy patterns and self-assessed productivity rates is conducted.  
 
2.1.3.3 Method 
Case description 
This research collects data from the central library in Aarhus, Denmark9 - a facility 
that provides spaces for multiple purposes. With its publicly accessible study spaces, 
cafeteria, project rooms, classrooms, playgrounds, among others, this building aims 
at supporting informal interaction, knowledge sharing, networking, inspiration, and 
personal growth. The Gross floor area of the building is 28,000 m². Approx. 17.500 
m² are dedicated for the library and citizen service, with daily visitor numbers of 
around 3,500 people. 

 
9 GPS Coordinates of the building: 56° 9' 29.34'' N, 10° 12' 43.308'' E 
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The overall design strategy with the building is to create a cultural meeting place, 
being part of a more significant transformation of the inner harbour in Aarhus. The 
open facade of the building creates a conscious connection between the outside and 
the inside to ensure coherence with its proximate surroundings, i.e., the historic city 
centre and the industrial port, with views overlooking the ocean and horizon. 
 
Observational setup 
This study focuses on a defined limited space located on floor 1 of the southern part 
of the building, overlooking the ocean and harbour front. Natural views in the context 
of this research thus refer to scenic views on blue spaces and far distances over the 
horizon. The space is characterized by spatial variation in terms of furniture types, 
directions, technical equipment, and proximity to circulation flow spaces. The space 
comprises around 150 m2 floor space, with two sides forming a 5.75-meter-high 
window front (triple glazed, neutrally coloured), oriented towards the ocean and 
harbour front (North-East direction). The space is equipped with four image-based 
sensors covering four distinct sub-spaces, each comprising a rectangular table with 
seats uniquely located and oriented, as shown in Figure 2.1.3-1. 
Table A is positioned at the upper window front with a building wall on its side. Table 
B is cornered by two window fronts, making this table the most exposed to daylight 
and natural views of the ocean and horizon. Table C and Table D are located closest 
to the entrance point of the test space from which people transition to Table A and 
Table B. The latter is located furthest away from the inner parts of the building, 
surrounded by vibrancy and noise that may cause distraction and personal 
discomfort. The tables are equipped with ten chairs, four of them oriented towards 
the inside, four of them oriented towards the outside, and two chairs located at the 
ends of the tables. Power plugs at each table enable long duration of working and 
social activities that require electricity. 
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Figure 2.1.3-1 - The observational setup, with identical positions of tables without blindfolds (left) and installed 
blindfolds (right). 

Data collection 
This research combines subjective and objective data sources, including high 
granular position data (4fps) combined with self-assessed productivity rates (daily). 
Figure 2.1.3-2 shows the methodological process. Features from computer-vision 
cameras include headcounts and occupancy duration, which are grouped and 
averaged by hours, tables, and seating numbers. Daily averages of perceived 
productivity rates are grouped by seating and tables and compared to occupancy 
patterns (counts and duration). 
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Figure 2.1.3-2 - The methodological process applied in this research; From the raw data, pre-processing, and 
advanced features to the cleaned hourly data sets. 

The position data include a total of 13,931,172 data readings from the four different 
tables, collected in the September month of 2019, four days before and four days 
after the blinds got installed. The window blinds are black coloured, partly 
transparent. The sky condition during the entire data collection was all overcast. A 
day-to-day sky condition during the eight days of data collection is therefore not 
included.  
The survey data is conducted daily with 229 randomly selected participants and 
consists of initial and main parts. Initially, space design features are applied from 
Cha and Kim (2020). The features are individually ranked (from 1-5) by occupants 
according to their perceived importance and satisfaction with present design features 
in the test space. The tested design features include "Amount of light", "Amount of 
space", "Cleanliness", "Comfort of furnishing", "density", "Ease of interaction", "Noise 
level", "Visual comfort", "Visual privacy", "Window view", and "Access to facilities". 
The documentation of self-reported productivity rates before and after intervening 
with blindfolds are summarized into daily intervals and will be supplemented with 
more granular position data from the cameras. 
To compare the effect of installing window blinds, independent t-tests evaluate the 
statistical significance found in changes between the practical means of occupant 
counts and occupancy duration (both continuous data variables). For perceived 
productivity rates, which reflect Likert-type scales (ordinal data), a Mann-Whitney U 
test evaluates the statistical significance between the changes at each separate 
table, before and after the intervention. 
Based on the assumption that human behaviour is more inconsistent and 
challenging to predict than physical processes, we argue whether the traditional 
significance level (p-values) is valid. As reported by Branch (1999), when studying 
human beings, higher p-values can also become relevant and indicate trends that 
can be the basis for further study. 
In summary, the methodology applied in this research is based on two different data 
sources that are synchronized and analyzed. First, we compare sensor data 
(occupancy patterns, i.e., raw counts and occupancy duration) from four different 
tables in the test space. We identify distinct performances and relate them to self-
reported productivity measures grouped by seating and tables. The analytical 
process is given in Figure 2.1.3-3. 
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Figure 2.1.3-3 - The analytical process applied in this research chronologically guides the analysis. 

Data pre-processing 
Data pre-processing is needed to clean and structure data for analysis. In this 
research, data pre-processing accounts for the raw data from the cameras, while the 
survey data comes in a structured and readable format from Google Forms. The 
time-series data collected for this research comprise real-time position data (x-, y- 
coordinates), timestamps, and unique occupant IDs for individuals within the Field-
of-View (FoV). The cameras used in this research are PC2 models from the 
company "Xovis" (running on software version 3.9.6.) and can detect individual 
occupants under crowded conditions. 
 
Camera placement and limitations in object detection 
The cameras are installed at the height of 5.75 meters with a detection range of 70 
square meters. The data is collected from a bird’s view angle and does not identify or 
collect any sensitive information conceding the identity of occupants. 
Considerations about camera placements are vital as they heavily affect the overall 
performance of detecting occupants and activities. Occlusions and luminance can 
negatively affect the performance of the sensors, as light reflections tend to hinder 
an accurate detection of, for instance, moving occupants within the test space. 
Moreover, cameras are costly investments. The placement determines the detection 
range where the aim should be to cover the maximum space with the minimum 
number of cameras. The raw data from cameras require pre-processing and 
cleaning, as data inconsistencies and errors are typical challenges with real-world 
applications of sensors.              
In this context, a significant challenge is a loss of tracking an occupant when the 
occupant shows limited or no movement over an extended period. After entering the 
Field-of-View, unique IDs are assigned to individual occupants. When sitting still, the 
camera loses track of a given occupant and wrongly attaches an occupant ID to 
occupants that disappear and re-appear within the monitored area. To merge and 
reduce the number of redundant occupant IDs, an algorithm is designed and applied 
in Das et al. (2020). This is a crucial step to achieve accurate measurements, as the 
output from the algorithm is a cleaned and consistent data set for further pre-
processing and analysis. 
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Data privacy 
The data collection complies with the European General Data Protection Regulation 
(GDPR), in addition to formal authorization and permissions granted by the building 
administration. As such, the camera data interface provides visualization tools, such 
as count statistics and heat maps. For this research, however, the raw data is pre-
processed and stored in a SQL database. From here, the raw data is handled with 
Python to analyse and visualize the data. These measurements were put into place 
to ensure the experimental protocols were unknown to the occupants and minimal 
disruptions to their biological activities. 
Due to privacy reasons, we do not reveal the exact dates, nor do we examine any 
data collected outside of the public opening hours, which in this context is between 
08:00 am and 06:00 pm. 
 
2.1.3.4 Results 
In this section, the results are presented, following the chronological order of the 
research questions. First, we analyse the perceived importance of general space 
design features found in Cha and Kim (2020). Second, we conduct a comparison of 
the perceived importance of general design features with actual satisfaction rates of 
architectural design elements present in the test space. Third, we elaborate on the 
obtained findings to elaborate on test the effect of local weather conditions (i.e., sun 
hours) on occupancy patterns extracted from computer-vision cameras (i.e., 
occupant counts and occupancy duration of individual occupants). Finally, we 
compare the occupancy patterns with general productivity and satisfaction rates 
before and after the intervention (i.e., the installation of blinds to block the view). The 
Discussion section provides a discussion of the findings, including the strengths and 
weaknesses of data and methods applied in this research, followed by a reflection 
about the quality of content and findings that is based on in future research. 
 
The perceived importance and satisfaction of architectural design features 
The purpose of this section is to 1) get an initial understanding of general design 
features that are perceived as necessary for given activities, and 2) compare these 
findings with context-specific design features that are perceived as satisfactory for 
given activities in the test space. The authors filtered design features from Cha and 
Kim (2020) according to their contextual relevance for this study. The selection, 
based on empirical findings, indicate influential design features, mainly concerning 
productivity. In total, 11 design features for perceived importance and satisfaction 
are tested and analysed using the absolute changes in the ratings (i.e., the average 
rates without view minus the average rates without blinds) from occupants 
distributed throughout the sub-spaces (Table A-D). Regarding perceived importance, 
most significant changes are found for the window views. In contrast, "Amount of 
light" and "Window views" ranked highest when it comes to the perceived 
satisfaction with present design features in the test space. Figure 2.1.3-4 shows the 
absolute changes in the perceived importance of listed space features. The role of 
window views for space preferences and occupancy patterns is elaborated on in 
Section 2.1.3.3.  
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Figure 2.1.3-4 - The absolute changes in the perceived importance of listed space features (alphabetically 
ordered), compared to the actual satisfaction with their presence in the test-space - before and after the 
intervention. 

Occupant counts and occupancy duration 
In this section, headcounts and occupancy duration are averaged by seating and 
tables, before and after the intervention. Seating and tables oriented towards (or 
proximate to) the windows can be analysed and compared to test empirical findings 
of space preferences for seating opportunities with views and daylight. 
Figure 2.1.3-5 shows that changes in occupant counts are found at all tables, before 
and after the intervention. As shown, Table C decreases least in counts from 3.7 to 
3.5 occupants per table, while Table D is the table with the most substantial 
decrease in counts from 6.6 to 3.9 occupants per seat. Table D stays the most 
occupied table, before and after the intervention. The changes in occupant counts 
were statistically significant (significance level p < 0.01) at Table A (difference of 0.85 
occupants), B (difference of 1.73 occupants), and D (difference of 2.67 occupants). 
Changes found in Table C, however, did not show any statistical significance (p = 
0.61). 
Regarding occupancy duration, we find less significant changes throughout the 
tables, but overall, however, the duration increases after the intervention. The most 
significant changes are found in Table B, where the occupancy duration increases 
from 74 to 104.6 minutes, before and after the intervention respectively. Results from 
the t-test confirm the findings, suggesting significance at Table B statistically, with a 
difference of 30.47 minutes and a significance level p < 0.01. Changes found at the 
other tables did not show statistical relevance in terms of occupancy duration. 
On a seating level, positions and orientations at the different tables can be 
elaborated on in terms of counts (individual occupants) and duration (in minutes). 
Spatial conditions and their relation to general tendencies of density levels and 
occupancy duration can be beneficial for managing these spaces to support certain 
occupant behaviours.  
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Figure 2.1.3-5 - Average occupant counts (individual occupants) (A) and average duration (minutes) (B) by 
tables, before (blue) and after (red) the intervention (with blinds / without blinds). 

Figure 2.1.3-6 gives an overview of the positive and negative changes found after 
the intervention. The colours in the legend indicate high (red) and low (blue) values 
in changes of occupant counts (left) and occupancy duration (right). The figure 
combines distinct seats (x-axis) and tables (y-axis) for a direct comparison. 
In terms of occupant counts, Table D stands out with negative changes found at 
Seat 5 with -7 occupants, Seats 4, 6, and 10 with -4 occupants. Notably, Seat 4 and 
6 surround Seat 5, which is positioned on the end of the table facing towards the 
inner of the space (see Figure 2.1.3-1). In terms of occupancy duration, all seating 
and tables suggest negative changes. Table C stands out with the most substantial 
negative changes at Seats 3 and 4 (more than a reduction of 118 and 127 minutes in 
occupancy duration, respectively). Seat 5 on Table A and Seat 10 at Table B, C, and 
D show most minor changes in duration (-22.5 minutes, -30.4 minutes, -43.9 
minutes, and -28.6 minutes, respectively). 
 

 
Figure 2.1.3-6 - High (red) and low (blue) values in changes of occupant counts (A) and occupancy duration 
(minutes) (B) –grouped by seating and tables. 

Occupancy patterns and perceived productivity before and after the intervention 
In the previous, we found that the occupant counts reduced, and the occupancy 
duration increased throughout all tables after installing window blinds. We identify 
performances of distinct seating that stand out in both terms and will relate these in 
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this section to the averages of perceived productivity rates by tables attained from 
the survey data. This section merges the findings from the perceived productivity 
rates with previous findings from occupancy patterns (counts and duration). 
When looking at the changes in perceived productivity rates before and after the 
intervention (grouped and averaged by tables), exciting results are changes of 
occupant counts before and after the intervention at Table A (p < 0.0.02), Table C (p 
< 0.06), and Table D (p < 0.01). Table B achieved a p-value of 0.39. 
Figure 2.1.3-7 - supplied by Table 2.1.3-1 - shows the combined changes of 
performances in productivity rates, occupant counts, and occupancy. The two plots 
summarize Table A-D according to the averaged self-assessed productivity rates on 
the primary y-axis and the changes in averages of occupant counts (A) and 
occupancy duration (B) on the secondary y-axis. In terms of headcounts, Table D is 
most affected by the intervention, followed by Table B, A, and C. Here, increased 
headcounts correlate with increased productivity rates, with an exception for Table 
D. A low duration on Table A, C, and D may associate with higher average 
productivity rates. On Table B, on the other hand, a generally high duration is paired 
with low productivity rates. In general, the productivity rates and occupant counts 
suggest negative changes after the intervention, while the occupancy duration on the 
tables show significant positive changes. Section 2.1.3.5 includes a discussion of the 
findings. 
 

 
Table 2.1.3-1 - Average values of self-assessed productivity rates (in Likert-scale; 0-10), duration (in minutes), 

and occupant counts (in head counts) – with and without installed blinds. 

 
Figure 2.1.3-7 - The change in perceived productivity rates summarized by Table concerning occupant counts 

 
2.1.3.5 Discussion 
Interpretation of observations 
Research and industry recognize the positive influences of daylight and natural 
views as driving factors for human health and well-being. A profound understanding 
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about the impact of lighting and natural views on perceived productivity is therefore 
needed to make sensitive design decisions and improve the use quality of spaces. 
This paper focused on the changes in occupancy patterns and perceived productivity 
observed within a shared space, before and after the installed window blinds block 
the natural views and daylight. The initial results presented in Section 2.1.3.4 
indicate that views and daylight may play a role in occupancy patterns. The findings 
suggest that occupants perceive window views as less critical after the intervention, 
while the actual satisfaction with window views dropped significantly. The drop in 
satisfaction could indicate that the perceived satisfaction with window views depends 
on their presence within a given space. In other words, this can imply that occupants 
perceive these features less important when they are absent while these features 
become more important when they are present. In Section 2.1.3.4, we find 
substantial reductions in occupant counts post the intervention - except Table C, 
which is furthest away from the windows and positioned in the inner of the space, 
which may reason a minor impact of the intervention on this table. Here, we find the 
slightest changes in occupant counts and productivity levels. The other three tables 
(Table A, B, and D) are closer to the windows and, therefore, more exposed to 
daylight and natural views. Moreover, the different orientations of the window fronts 
offer varying views, which may reason a significantly more considerable decrease in 
the average counts exhibited by Table D and, to a less extend Table B, following 
when the blinds were drawn (See Figure 2.1.3-5A). 
 
The occupancy rates increased consistently throughout the space, while productivity 
rates at Table A, C, and D decreased. Concerning seating, the findings indicate 
strong reductions in occupancy patterns at the ends of the tables directed towards 
the inner of the space, while the changes on the remaining seats varied. The direct 
comparison in Section 2.1.3.4 illustrates the changes in headcounts, occupancy 
duration, and productivity rates, which was a result of the intervention.  
Empirically, density relates to noise and other distractions that can have negative 
impacts on cognitive functions needed to be productive. In the context of this 
research, however, an increase of perceived productivity rates and headcounts is 
linked to window views. After the intervention, the results show significantly higher 
occupancy duration and lower density levels. The effect of windows views on 
occupant counts and perceived productivity may be interdependent and cannot 
entirely be separated. It may therefore be more precise to collect occupant counts 
and occupancy duration with sensors. Sensors enable the objective testing of how 
architectural design elements impact human behaviour. To include influencing 
factors from the surroundings of our test space, it may be required to extend this 
study both in terms of time and area coverage. This could help validate the findings 
from this study and ascertain, whether the differences across the investigated 
variables are caused by the intervention.  
 
Strengths and limitations of the study 
Empirical research mainly relies on subjective data foundations, which are prone to 
human error and costly to scale. Emerging sensing technologies increasingly 
intersect with architectural practice as they can help to improve our understanding of 
the relations between architectural design, human behaviour, and well-being. With 
an aim of informing the design and operation of buildings, this research 
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demonstrates the potential of using sensors for studying human behaviour, in 
providing objective data about the use of shared spaces. With modifying the physical 
space, computer vision technologies enabled the measurement of statistically 
significant changes in human behaviours that would have been tedious and timely 
expensive to be collected manually. 
The benefit of the data collection methods combined in this research is that multiple 
data sources supplement each other and provide precise information on the potential 
effects of natural views on perceived productivity in combination with other indicators 
such as density and duration. The sensor technology used in this study provide x- 
and y- positions of space occupants in second intervals, from which measurements 
of headcounts and occupancy duration derive. Their precision depends on spatial 
conditions, including mounting angles and lighting intensities, varying throughout 
days and seasons. Future research needs to provide clean raw sensor data in real-
world applications. New variables (e.g., information such as group sizes, social 
interaction levels, or physical distances between occupants) need to be developed 
from anonymous position data, transforming them into useful variables that help to 
assess the quality of spaces. This quality highly depends on subjective perceptions 
of space occupants. In the context of this study, self-assessed productivity rates can 
be prone to personal biases. Personal biases can result from different socio-
economic and cultural backgrounds, which are not included in this study. Occupant 
backgrounds and activities in shared spaces are diverse, and their intended output is 
not equally defined. Self-assessed ratings on productivity are used previously in 
research and found suitable for analysing a flexible indoor space.  
Time-simultaneous data limited to a total of eight days reflects another limitation of 
this study and may require a prolonged study to validate the effects from window 
views statistically. Covering a more extended time can confirm and enhance results 
from the impact of natural views on perceived productivity. The paper may benefit 
from collecting environmental variables such as temperature, lighting levels, and 
glare. The measurement of seasonal variables would assist the study in defining the 
effect of the installation of window blinds. The automatized collection of occupant 
data entails the potential also to consider annual trends within the space. Because 
this research cannot fully isolate natural views as the primary determinant of 
increased productivity, other environmental quality factors become relevant for future 
research. While the measurement of environmental variables extended the scope of 
this study, it contributes to existing research in adding digital data sources that 
provide objective insights into socio-physical phenomena. These are typically inter-
connected and, therefore, difficult to grasp manually. Indeed, when it comes to the 
data volume from the cameras, the findings presented in this study are robust. They 
can help architects and building managers to improve existing and new designs of 
shared and flexible spaces that better align with the individual user needs of 
occupants. 
 
2.1.3.6 Conclusion 
Modern workspaces increasingly implement flexible building spaces. Research is 
biased about their benefits for human health and well-being. Window views are 
common design elements in flexible space layouts, often used to attract occupancy 
and increase the productivity of space occupants. In previous research, the effect of 
window views on occupancy patterns and perceived productivity typically relied on 
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subjective data sources such as surveys and manual observations. By 
supplementing these traditional approaches with objective data from computer-vision 
sensors, this study seeks to provide detailed insights into the inherent relations 
between window views, occupancy, and productivity. 
Based on a modern library space with large window fronts and oceanic views, this 
study compares headcounts, occupancy duration, and self-assessed productivity 
rates (i.e., the subjective perception of being productive), before and after installing 
semi-transparent window blinds that partly block the views towards the outside. In 
comparing four different tables with different proximities to the large window front of 
the test space, prior and postconditions were analysed. 
The findings from this research support previous studies about the supportive role 
that window views can have on self-assessed productivity rates and devote attention 
to other contributing factors that influence the perceived productivity of space 
occupants. While sensors provide robust data that can inform future designs of 
flexible indoor spaces, we recommend extending the approach used in this study by 
collecting time-simultaneous survey data over an extended period. An extended 
study enables a more detailed analysis of how window views stand in relation to self-
assessed productivity rates and occupancy patterns under varying design 
configurations. 
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2.1.4 Paper 4: Using Non-Invasive Depth-Sensors to Quantify Human Productivity 

Levels in Desk-Related Workspaces 
 
2.1.4.1 Abstract 
Numerous neuroscientific studies demonstrate the interaction between movement, 
memory, and environmental conditions. We present a new in-the-field tool that can 
be used by interior designers, environmental psychologists, and architects to 
understand and quantify human productivity in desk-related work and study spaces. 
In this study, an interior space, equipped with a new generation of non-intrusive 
sensors and analytical algorithms synchronously measured multiple individuals and 
working groups. The study tested the hypothesis that a positive correlation exists 
between stillness and cognitive function associated with self-reported productivity. 
We explored which design attributes, Seat Orientation, Zones, Table Crowdedness, 
and Table Types were associated with statistically significant changes in users' self-
reported productivity and micro-movements. A mathematical model was developed 
to map a ‘stillness value’ for each person across time, deriving a measurable 
Productivity Factor that could be used to synchronously assess the impact of design 
features in multiple users. 
Experiments were conducted over 12 days involving 640 academic students in a 
semi-enclosed reading/study room within a recently built city public library with 
extensive views of the waterfront, harbor and bay. Three-D depth-cameras 
anonymously measured head and body movement while subjects worked and 
completed productivity surveys. Methods were validated using video recordings, 
sensor data, questionnaires, and observations.  
The results showed the Productivity Factor was significantly correlated to the time 
spent in different Zones and was greatest at Seat Orientations furthest away from 
walk-through traffic and in Zones with the highest exposure to the window wall and 
views. Users in these settings experienced a higher and longer-lasting productivity 
factor during the high-performance phase of their stay. 
 
Keywords: productivity, interior design, human behavior, user experience, data-
driven design, social science, psychological environmental design 
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2.1.4.2 Introduction 
Neuroscience and Productivity 
A growing body of evidence demonstrates that the places where people work and 
study influences their performance.  Studies of self-reported productivity support the 
proposition that space attributes may influence cognitive processes associated with 
performance. Stokols (1978) reported that high-density crowding can independently 
impair the quality of a situation by promoting behavioral constraints, stimulation 
overload, reduced privacy, and negatively labeled arousal resulting from personal 
space violation. Vischer (2008), reported that a physically comfortable environment, 
which leads to functional and psychological comfort are the bases for productive 
cognitive function. Furthermore, a literature review revealed that while many 
workspaces may meet basic needs, they do not always ensure functional comfort, or 
provide the dimensions and lay-outs, windows and daylighting, or access to privacy 
necessary to support concentration or productivity.  
 
Neural Systems 
The field of neuroscience provides perspectives on knowledge-based design 
strategies. Combined with sensor studies, we can begin to understand how specific 
features of the built environment influence measurable changes in mental activity or 
a person's ability to attend, focus, learn, and understand while in the midst of varying 
environmental and social conditions. Vago & Zeidan, (2016) describe a neural 
network that responds to many external inputs including visual, auditory, and somatic 
conditions. For example, electrical and solar lighting through windows have a 
measurable impact on mental performance, mood, and health factors (Edelstein, 
2008, 2013). Rolls (2019) describes a neural network connecting emotion, action, 
and memory involved during mental tasks. The cingulate cortex and limbic structures 
connected to hippocampal memory systems, cortical processing streams, neocortical 
and orbitofrontal cortexes, interact with reward and non-reward systems. Spatial and 
action-related information in parietal cortical areas interacts with action-outcome 
learning and premotor areas. Through these networks, our emotional, physical, and 
cognitive responses may be influenced by the places where we perform mental 
tasks.  
 
Stillness and Movement Associated with Cognitive Performance 
It has been reported that behavioral or environmental changes such as standing up 
or adjusting light-intensity may improve cognitive function. Prolonged sitting has 
been recognized to be associated with poor cognitive attention and performance 
(Chandrasekaran et al., 2021). Wheeler et al. (2017) describe the link between 
sedentary behavior and cognitive decline as a glucose-centric relationship, with 
cognitive function highly correlated to glucose levels. Studies show that dips in 
glucose availability can negatively impact brain functions such as attention, memory, 
learning, etc.  
A small number of studies have explored the relationships between physical 
stillness, movement, and productivity. Sarver et al. (2015) utilized a ceiling-mounted 
digital video camera to monitor the gross motor activity and attentive behavior of 
children aged 8-12 with attention-deficit/hyperactivity disorder (ADHD) while 
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completing working memory tasks. Alderson et al. (2012) reported a positive 
correlation with stillness as tasks become cognitively more demanding in 22 children 
aged 8-12. In other studies, a negative correlation (0.57) between activity and 
increasing age was observed (Reichenbach et al., 1992). 
Such literature suggests the value of measuring movement as an indicator of 
productivity, and provides the basis for this study, which uses observations and 
newly developed video algorithms to objectively measure head and body movement 
associated with varied design attributes and self-assessed productivity surveys.  
 
Sensors to Inform More Effective Workplace Design 
The digital era has great potential to inform more human-centric design by improving 
specific interior space attributes. However, Architectural/Interior Design firms 
consider a lack of technology as one of the primary reasons for not adopting more 
digital services. Approximately 50% of practices in a British study reported being in 
the initial stages of planning their digital transformation strategy and lacking digital 
savvy as the biggest challenge to change (RIBA, 2018). The European Commission 
(2021) also identified the need for the construction industry to adopt more digital 
tools.  
 
Yet, technology that provides real-time data is increasingly available for use by the 
design disciplines.  As building sensors became smaller and less obtrusive, 
quantitative analysis of human behavior has become popular, complementing, or 
replacing manual resource-intensive ethnographic studies.  Research incorporating 
digital sensors in work locations indicates that user experience and productivity is far 
from optimal. Sociometers, small wearable devices carried by individuals (agents), 
have been used in several studies to quantify social interaction patterns associated 
with increased productivity and changes in user behavior and performance (Onnela 
et al., 2015, Cornelissen, 2016). Bernstein and Turban (2018) created a more open 
and transparent desk-related floor plan layout and tracked 52 subjects for three 
weeks before and after the intervention. Significant reductions in performance were 
measured by the company’s own performance management system.  
 
Impact of Interior Attributes 
Many observational and survey studies indicate the impact of interior attributes.  
Research across 44 U.S. cities involving 9,386 participants showed employed 
persons spend approximately 90% of their time indoors, mostly between being at 
home or at work (Klepeis et al., 2001). However, a 2013 survey involving 2,035 
randomly sampled U.S. office workers indicated they are struggling to work 
effectively (Gensler, 2013). Another study conducted by Leesman (2017) involving 
more than 250,000 employees across 2,160 workplaces, concluded that almost 50% 
do not consider their workspace to enhance productivity.  
Numerous studies show a positive correlation between self-assessed and actual 
productivity. Leaman and Bordass (2000), Oseland (1999) and others presented 
evidence that perceived productivity could be used as a proxy for actual productivity 
(Candido et al., 2019; Johnson et al., 2019; Leesman, 2015). Humphreys and Nicol 
(2007) found a correlation of 0.77 between self-assessment and subsequent 
grading, in their study of 109 students participating in two 3-hour written mathematics 
tests. 
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Changing Workplace Environments 
In general, workspaces consist of two components: the physical and the social 
environment. Even though they are mutually dependent, studies indicate that 
approximately 60% of the employees’ perceived experience depends on the physical 
environment (Morgan & Goldsmith, 2017). During the last decade, there has been a 
focus on open-plan offices and activity-based-workspaces (Candido et al., 2016, 
2019). Open-plan and activity-based-workspaces reduced the square foot per 
person. From 2010 to 2012, the average square foot per person dropped from 225 to 
176, and was expected to continue downward (Gensler, 2013).  
During the early COVID-19 pandemic years (2019-2021), people spent even more 
time indoors  (Hanibuchi et al., 2021). More recent studies by Leesman (2020) 
revealed that most individual work activities were better supported at home 
compared to the office, with reading and thinking/creative thinking much better 
supported. The impact of social distance and infection control will continue to have 
an impact on the interior designs of both individual and social workspaces. Open 
spaces and dense seating will remain a challenge as pandemics are projected to 
continue due to super bugs, human denisty and global travel, suggesting a continued 
need for more efficient and different designs for space utilization.  
 
Distraction, Comfort, Aesthetics & Space 
Multiple studies have correlated workplace interior design and the productivity of 
employees. Comprehensive research involving more than 13,000 people across 40 
businesses identified “working without being distracted”, “workspace comfort”, 
“ergonomics”, and “enough space for work tools” as qualities with a significant effect 
on performance and satisfaction (Brill et al., 2001). Based on questionnaires from 
268 students in an academic library, Cha and Kim (2018) reported that “amount of 
space”, “noise level”, “crowdedness”, and “comfort of furnishing” as the four most 
important attributes. User satisfaction was also significantly correlated with “visual 
comfort”, “noise level”, and “window view”.  A study of 8,827 post-occupancy 
evaluation surveys from 61 offices in Australia showed a significant positive 
correlation between perceived productivity and “work area aesthetics”, “furnishings”, 
and “space to perform collaborative work” (Candido et al., 2019).   
A subject’s visual view and proximity to windows may influence performance. 
Augustin (2009) suggested that those seated near a window are more dedicated to 
their work-task due to the relaxing effects of looking away or into nature that contains 
water. Kaplan (1993) concluded that a view positively affects human emotions, and 
this could have an impact on cognitive function and productivity. 
 People have a sense of personal space associated with different situations and 
cultures (Augustin 2009). Hall (1982) described three interpersonal spacing zones, 
(inner, personal and social). Stokols (1978) emphasized that over-crowding reduces 
personal control over the environment, and may influence a sense of comfort (Evans 
& Cohen, 1987). Emotional reactions differ when zones are crossed by others 
(Aiello, 1987), and individual, cultural, or experience may influence responses to the 
observed intent of a space (e.g. a library where it is common to share tables, versus 
an office environment where desk-sharing does not occur). 
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Applying Technological Advances to Measure Human Responses 
To date, few studies have documented the relationship between concentration, 
learning and movement in seated adults in workspaces and libraries, or how the 
specific attributes of table shape, seat position and orientation to others, windows, 
views, or crowdedness influence productivity.  This study uses mixed methods 
including sensor technologies to measure adult behavior, head and body movement, 
and self-reported productivity as a function of design attributes that may influence 
performance or productivity. 
3D-depth cameras installed in the ceiling measured user movement associated with 
self-reported productivity when seated at a variety of desk types and positions (e.g., 
table shapes, sizes and crowdedness; views to window or interior, seat location 
zones, and adjacency to people walking nearby).  
 
2.1.4.3 Method 
An algorithm was created that analyzed the measures from 3D-depth cameras with 
significantly greater resolution in both time and spatial domains. The fine head and 
body movements of seated subjects at centimeter precision was measured several 
times per second. An autonomous, non-intrusive monitoring and data mapping 
system was developed, leveraging the statistical power of increasing the number of 
subjects, finer resolution movements in three planes, and the total recording time per 
subject. This data-driven approach increases the reliability and validity of data, and 
strengthens statistical analyses (Khoudi, in prep.). 
Permission to conduct the study was obtained from the facility. The sensor and 
survey data collected aligned with European Commission General Data Protection 
Regulation (ECGDPR, 2016). The cameras output is depth data that differs from 
conventional optical images; thus all data was not personal identifiable or traceable. 
Camera recordings were blurred, stored offline and deleted after validation of XY-
coordinates. Each agent was tracked continuously from arrival to departure with an 
anonymous ID number.  
 
Subjects 
Participants were mainly academic students between the ages of 20-30. Students 
were free to select their seat within six zones with different table and seating options.  
 
Interior Architecture  
The design study site comprised a workspace area in a public library in Denmark 
where academic students have free access during the day to complete their out-of-
class assignments either alone or in groups. Field-testing was conducted in an open 
corner area (1,500 square feet) on the 2nd floor of a public library (see Figure 
2.1.4-1). Facing North-East, glare from the large windows from floor to ceiling (19 
feet) that covered two full façade was minimal. 
 



 
 

60 

 
Figure 2.1.4-1 - Optical images of the test area, including different Table Types. Four depth sensors (white 
circles) and six zones (orange lines) highlighted. 

 
Zones 
The surroundings of each zone varied between windows, concrete walls, passages 
for walking traffic, and an entrance area. Zone A is a corner area with limited pass 
through traffic and reasonable exposure to window view; Zone B is also a corner 
area with limited pass through traffic and a high exposure to window view; Zone C is 
positioned in the middle with reasonable more pass through traffic and distanced 
from window view; Zone D is in the middle with reasonable pass through traffic with 
reasonable window view; Zone E is positioned in the entry area and exposed to high 
pass through traffic, and distanced from window view; Zone F is positioned in the 
entry area and exposed to high pass through traffic with reasonable window view. 
 
Seat Orientation Grades 
Seat Orientation was graded by professional interior design researchers using the 
unweighted space attributes of visual privacy, visual comfort, and window view, 
similar to the method used by Cha & Kim (2018). Their average grade for each seat 
was assigned as Grade 1 for the least and 5 the best possible orientation. Grade 1 
represents a Seat Orientation with distanced and no window view, and very poor 
visual privacy and comfort (such as having both back and view exposed to 
unnecessary and disruptive activity, visual noise). As the grades increase, these 
three parameters improve. Grade 5 represents a Seat Orientation that is both near a 
window and with a good view, and offers very limited exposure to pass through 
walking traffic (typical a corner seat) or visual noise. 
 
 
Table Crowdedness Ratio 
The Table Crowdedness is the ratio between the instantaneous number of users 
measured at the table by the sensor divided by the maximum capacity. Table 
Crowdedness is conveyed with a value between 0.00-1.00, where 1 indicate that the 
table has reached maximum capacity. 
 
Table Types 
In total, there was a capacity of 60 seats for participants. Tables were distributed into 
the six zones with an approximately equal distance between tables and the boundary 
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walls. Tables positions were rotated each week between zones, so all Table Types 
were positioned on each of the three rows, and Seat Orientation varied weekly due 
to the rotation of tables (see Figure 2.1.4-2).  
Four different Table Types were selected: Two Oval (width x length: 83 x 55 
inches/capacity 10); two Rectangular (width x length: 80 x 40 inches/capacity 8); one 
Large Round (diameter: 86 inches//capacity 12); two Small Round (diameter: 40 
inches//capacity 6).  
 

 
Figure 2.1.4-2 - Test area floor map of each week with layout showing positioning of tables in the Zones A-F. 
Each table has its respective seating capacity shown (manufacturer's specification). Week 3 shows how four 
different seating positions have been graded. 

 
Sensors 
The area was monitored with four XOVIS PC2R-L depth cameras installed below the 
ceiling with 5.65 meters between lens and floor (see Figure 2.1.4-1). At this height, 
each camera covered approximately 750 sq. ft., covering the total test area. The 
depth camera output was in coherent x and y coordinates measured at the center of 
the head and body. The spatial resolution was a minimum of 1.00 centimeters with a 
sampling rate of four per second.  
kHz) with a few short-term spikes, primarily due to children visiting from the other 
corner of the building. There was no temporal overlapping between the three studies. 
A probability density function illustrated in Figure 2.1.4-3, converts the horizontal (x) 
and vertical (y) movement of each person within a 100 cm (appx. 39 inches) circle. 
The central cell represents the greatest stillness (labelled 0 or least movement). For 
cell values more evenly distributed between all nine cells would represent a very 
dynamic person. For example the female in the bottom row of Figure 2.1.4-3, has a 
higher Stillness value (illustrated with a more intense red color in the central Cell = 
0).  
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Figure 2.1.4-3 - Fictitious example illustrating the mapping of raw XY coordinates and conversion to the nine-cell 
probability distribution function (PDF). Cell no. 0 is representative of human motoric stillness. The figure shows a 
higher cell-0 value (more intense red color) for the female character. 

 
Study Protocols 
Three studies were conducted from mid-November to mid-December, a relatively 
constant outdoor weather condition was achieved at latitude 56.3 degrees and 
longitude 9.5 degrees. Sunshine was limited to one to two hours per day, and it was 
typically cloudy with rain/sleet. Average sound levels during opening hours varied 
between 55-65 dBA (frequency range 31.5 Hz – 8kHz. 
 
Study 1: Sensor validation 
An observational study compared sensor data and observations of the users' 
physical behavior. Two observers analyzed the interaction of 44 individuals divided 
into 12 groups of 3-4 students over five different days. Both observers scored the 
level of interaction in each group (1: no interaction through 5: all subjects 
interacting). Data was averaged in five-minute bins to determine different patterns 
associated with individual work (stillness) versus social interaction (movement). 
Observations averaged 93 minutes ranging from 65 to 130 minutes. 
 
Study 2: Creating the Productivity model 
Twenty-three subjects (12 females:11 males) participated in tests conducted over 
five days. Users participated for an average of 97 minutes (40 to 130 minutes). 
Participants were instructed to complete a paper-based survey: “To what extent does 
this workplace enable me to work productively? Please grade between 1-5, 5 being 
the best possible grade.”  For every 10-minute interval, participants assessed their 
self-reported productivity level during a continuous time series. Each time, 
participants related their productivity to their previous 10 minutes, disregarding their 
relative productivity over the entire time. This protocol allowed comparison between 
the participants’ answers with the sensor data for each corresponding person at the 
exact time interval (See Appendix B). 
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Study 3: Volume testing/Applying the Productivity model 
A total of 640 subjects participated in an anonymous study with no person sensitive 
(gender, age, etc.) data gathered. A twelve-day study of 10 hours per day from 8AM 
to 6PM, generated a total of 480 hours of depth-camera data. On average, each user 
participated for 206 minutes (range 5 to 541 minutes) resulting in 31,641,600 
samples of XY-coordinates.  
 
In this study, statistical hypothesis testing compares different groups, but their 
surrounding settings are approximately similar. Each time, a comparison is made 
individually and independently between two groups only. Before a paired t-test, an F-
test is conducted to ensure the variance is similar. Time-series analysis compares 
the same population according to the Kolmogorov-Smirnov test method (Massey, 
1951). The alpha threshold value to test statistical significance for F- and T-testing is 
set to 0.05. 
 
2.1.4.4 Results 
The review of the results first validates the productivity model and determines its 
level of statistical strength. Second, the results focus on the applicability of the model 
to distinguish between design attributes and users’ productivity. 
 
Creating the Productivity-Factor Model 
 
Correlation between Self-Assessed Productivity Grade and Head and Body 
Movement  
The hypothesis in this paper predicted that subjects who were working individually 
would be more still and more productive (Sarver et al. 2015). A model of a 
Productivity Factor (PF) based on each person’s unique movement pattern recorded 
from the sensors was developed. The validation studies (study 1) found a positive 
correlation (r=0.69) between movement and sensor data during social interaction 
(Khoudi, in prep.).  
 
In Study 2, 23 participants yielded 222 subjective self-assessed evaluations. The 
participants’ demographics and physical distribution is shown in Table 2.1.4-1.  
 

 
Table 2.1.4-1 - The demographic of subjects participated in Study 2 to create the Productivity Model. Table 1 also 
presents the number of subjects distributed into Table Types and Zones. 

The data from Study 1 revealed a moderately positive correlation between Stillness 
scores in 10-minute intervals and greater self-assessed productivity scores 
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(r=0.0,55; Probable error rate, P.E.r. = 0.0984). The ratio between r and P.E.r. is 5.6, 
indicating moderately strong dependency (Eells, 1929). 
Figure 2.1.4-4 illustrates the normalized Productivity Factor stillness values (x axis) 
relative to the self-assessed productivity survey score (y axis). When comparing only 
the least and most productive Scores (1 and 5, respectively), a correlation coefficient 
of 0.81 is obtained (P.E.r = 0.0574).  This ratio is 14.2, indicating a statistically 
significant dependence. On the other hand, analyzing only scores 2-4 when subjects 
are somewhat or moderately productive, there is lower correlation (r=0.39), and the 
r/P.E.r. ratio drops to 3.1 which questions the dependency. 
 

 
Figure 2.1.4-4 - Histograms showing the distribution of Productivity Factor for each self-assessed grade 
independently. The two extreme grades (1 and 5) are highlighted with thick solid lines, while the intermediate 
grades (2 to 4) are presented with dotted lines. 

 
Probability values for correlation coefficients examine the probability of no correlation 
(null hypothesis). If this probability value is lower than 5% (p <0.05), the correlation 
coefficient is statistically significant. Looking at all of the data, the p-value is less than 
0.05 (p=0.0068). A highly statistically significant correlation coefficient appears in 
self-assessed Scores 1 & 5 (p=0.0001). While the Grades ranging from 2-4 indicates 
no statistical correlation (p=0.0958). (See Table 2.1.4-2)  
 

 
Table 2.1.4-2 - Key results from the correlation analysis of Study 2. Results are divided into three, 1: all 
responses, 2: responses from extreme grades 1 and 5 only, and 3: from intermediate grades 2-4 only. 
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Correlation Between Design Attributes and Productivity Factor (PF) 
In Study 3, with 640 participants, the following four different space attributes were 
associated with each user: Table Zones, Table Type, Seat Orientation Grades, and 
Table Crowdedness ratios. The cross-correlation of the productivity factor (PF) 
based on Cell-S Stillness values with space attributes indicates the influence of 
these different design elements on movement and self-assessed productivity scores. 
Table 2.1.4-3 shows the number of subjects, the F-test comparison of variances and 
t-tests probabilities for Zones, Seat Orientation Grades, and Table Crowdedness 
ratios that reach or trend towards statistical significance. 
 
Productivity Factor versus Seat Orientation Grade 
It is clear that the Productivity Factor is significantly greater with better Seat 
Orientation. The PF were higher in seats in Grade 5 with the best views towards 
windows, favored Seat Orientations with views, fewer surrounding walls and 
workspaces, less visual noise and fewer people passing behind the subjects. A 
highly statistically significant difference was observed between Grade 5 and Grade 3 
(p ≤ 0.014). A significant difference was observed between Grade 5 and Grade 2 (p 
≤ 0.024), and a trend was observed between Grades 5 and Grade 1 (p≤ 0.054). No 
significant difference was observed comparing all other Seat Orientations. 
 
Productivity Factor versus Zones 
Students in the corner areas, Zone A and B, are more productive than students in 
the entrance area. The Productivity Factor in Zone B with least people traffic and the 
highest window and nature exposure, is statistically significant different to the 
entrance Zones F with highest people traffic and surrounded by hallways and 
workspaces, (p≤0.011), and trends toward a significant difference from Zone E 
(p≤0.054). PF in Zone B is also statistically different to the middle Zone D (p≤0.045). 
Students in the alternative corner area, Zone A, have Productive Factors below Zone 
B, and trend towards a significant difference from Zone F (p≤0.011).  
 
Productivity Factor versus Table Crowdedness Ratio 
A positive relationship between increased Productivity Factors and reduced Table 
crowdedness (TC) appears. PF relative to the TC are significantly different (p≤0.05) 
comparing low TC (10-20%) with high TC (50-60%). No significant difference in PF 
appears when the TC ratio fell between 20% and 50%. TC rarely reached occupancy 
levels <0-10% or TC> 60%. Lack of samples prevents conducting comparisons with 
the alternative intervals. 
 
Productivity Factor versus Table Type 
Table type, appeared to have least association with the PF, out of the four space 
attributes studied, with no significant difference observed between Table Types (p 
>0.20).   
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Table 2.1.4-3 - Key results from the correlation analysis of Study 2. Results are divided into three, 1: all 
responses, 2: responses from extreme grades 1 and 5 only, and 3: from intermediate grades 2-4 only. 

 
Productivity Factor versus Length-of-Stay (LOS) 
It is important to note that the design attributes studied are interdependent and may 
be related in a complex manner to the length-of-stay (LOS). Figure 2.1.4-5 presents 
the averaged PF values for all users over time (x-axis) for each individual’s start and 
stop times at 6 hours. All 640 subjects are involved initially, but as the LOS increases 
the number of subjects decreases. The PF (y axis) is measured in 15 seconds and 
averaged across all users (red line) with the number of users in each time window 
represented (blue line). For all subjects, the Productivity Factor rises to a plateau 15 
minutes after their start time, and maintains this level for approx. 90 min. The PF 
then consistently declines until it reaches a plateau from approximately 3.5-5 hours, 
and thereafter the declines again from 5-6 hrs. (The increased variability observed 
after 4 hours may reflect smaller sample sizes in the later time windows.) 
 

 
Figure 2.1.4-5 - The primary y-axis shows a plot of the Productivity Factor as a function of time spend at the 
workspace. The Productivity Factor is average upon 15 seconds time slots (solid grey line) and presented with 
the averaged value (solid red line). The solid blue line shows the number of subjects present as length-of-stay 
increases (secondary y-axis). 
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There was statistically significant difference (p(F>0.05; p≤0.05) between the PF 
measured during the high plateau (30-90 minutes; n=640 subjects) and 3-4 hours 
later (n=277 subjects). The average PF decreased further in an even smaller subset 
of subjects (n=77) who remained after 6 hours, although greater individual variability 
disqualified use of the t-test to assess the significance of this difference. 
 
Productivity Factor (PF) & Design Attributes 
Productivity Factor, Length of Stay and Seat Orientation 
A statistically significant difference is observed as a function of time when comparing 
productivity factors in seats with the highest and lowest Seat Orientation grades. 
During the first 6 hours (see Figure 2.1.4-6A), subjects in the best Seat Orientation 
Grade (5) with better window views, reduced visual noise and minimal traffic had 
significantly greater average PF compared to the subjects in the lowest Grade (1) 
(n=128/50; p(F>0.05); p≤0.01). During the high plateau period between 30-90 
minutes, the average PF in the lowest grade (1) Seat Orientation (1) was also 
significantly lower (p≤0.05) than all other Seat Orientations (Grades 2, 3, 4). 
 
Productivity Factor, Length of Stay and Zones 
The Zones near corner areas, windows, with more access to views of nature, and 
distanced to passing traffic (Zone A and B) showed the highest and longer-lasting PF 
scores during the high plateau phase (30 minutes to 2.5 hours). (See Figure 
2.1.4-6B.) The PF in Zone B with a corner window, least visual noise and traffic was 
highly significantly different to Zone D in the middle with lesser window views and 
heavier traffic (n=123/118; p(F>0.05); p≤0.01). Zone A with view to windows and a 
wall has PF consistently less than Zone B, but greater than other Zones, during the 
first 2 hours. Zone A only proved to be statistically different to Zones D, E, and F 
during the first two hours (p≤0.05). 
 

 
Figure 2.1.4-6 - The Productivity Factor as a function of length-of-stay (LOS) is separated into subgroups of the 
space attributes Seat Orientation (A) and Zones (B). 

Limitations 
The benefits of large sensor data sets and statistical analyses suggest that the 
Productivity Factor model developed is suitable for identifying conditions where 
people are either very productive or the opposite. More studies are required to 
assess subjects who are not at the extremes of performance. It is possible that the 
repetition of brief surveys every 10 minutes disrupted productivity. Further validity 
could be established by measuring actual performance, and correlating varied 
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design conditions with observed, tested an self-reported productivity (Hviid et al. 
2020). The reliability could be established by iterating the study in multiple settings 
and reveal the extent to which the results could be replicated. In addition, larger 
sample sizes are required to evaluate the interactions between the many design 
attributes introduced. 
 
Several elements could bias this study. Participants who know they were part of a 
study may be subject to a “Hawthorne effect” (Duffy & Powell, 1997); (Gale, 2004). 
Although the sensor output is configured to be anonymous, this does not exclude the 
risk that data could be technically compromised. The choice of design attributes 
produced comparative limitations, such as the table shapes that were not similar in 
diameter. Tests that are limited in time fail to capture many influential dynamic 
parameters, although sensors may capture much longer recording periods in greater 
detail than can human observers. The self-assessed productivity study is based on 
23 participants with an average participation time of 96 minutes. Therefore, 
extrapolating the data to a 600-minute length-of-stay needs further study to 
understand the factors involved in the reduction of the PF over time. Although the 
literature search included study of design in academic libraries, most of the studies 
cited were based on office-based workplaces.  
 
2.1.4.5 Discussion 
Neuro-Behavioral Indicators of Productivity 
Consistent with neuroscientific and behavioral studies that demonstrate the 
interaction between movement, memory, emotions, and the environment (Edelstein, 
2016), this paper introduces a Productivity Factor that relates head and body 
movement to performance. Building upon the work of Sarver et al. (2015) who 
demonstrated the association between physical stillness and cognitive performance 
in different physical settings, an image analysis tool was developed that measures 
head and body movement as a proxy for productivity without compromising privacy 
or interrupting subjects while they work or study.  
The literature associating cognitive activity to different environmental stimuli 
established the basis for developing an objective productivity measurement tool 
(Candido et al. 2016; Oseland 1999). The improving functionality and falling prices of 
advanced technologies makes complex sensor systems more available and feasible 
for large-scale and longer-term studies of the impact of design on performance.  
 
In this study, we installed ceiling mounted high-resolution 3D-depth-cameras in a 
public library workspace to objectively and non-intrusively synchronously measure 
multiple individuals via an autonomous and anonymous tool for data collection. The 
system provides higher resolution spatial and depth mapping, greater frequency and 
precision across longer time domains lending itself to analyses of ‘big-data’ and 
mathematical modelling, thus adding a new layer of intelligence, and delivering 
insight into the users’ experience of design.  
 
Mathematical Modelling of a Productivity Factor 
It is challenging to use absolute quantities from single measurements to understand 
human behavior. There are many measurable quantities that could describe users' 
productivity in a workplace or study setting, and different companies use different 
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measures (Gensler, Leesman). Our mathematical model that derived a productivity 
factor from head and body movement sensor data was based on self-assessed 
productivity surveys and observational training data. The validation study 
demonstrated a positive correlation (n=23; r = 0.55; p < 0.01) between self-assessed 
productivity and head and body movement sensor data.  
 
Correlation between Length-of-Stay and the Productivity Factor 
Importantly, the study demonstrates the importance of the length of time exposed to 
a design attribute. A significantly higher Productivity Factor was observed during the 
initial period for all users, and our study showed that the response could be divided 
into three phases. 1: accommodation, 2: high-performance, and 3: decline. This time 
related PF also varied as a function of the design attribute, with significantly higher 
Productivity Factors measured from  users with better window views, reduced visual 
noise and minimal walk-through traffic.  
 
 
The relationship between the length of stay and the Productivity Factor is consistent 
with observations by Chandrasekaran et al. (2021) showing that the environment is a 
supportive element in maintaining our cognitive abilities during prolonged sitting. 
Multiple studies indicate a correlation between attention levels and the time spent on 
a specific task or in class (Bradbury, 2016; Lamba, 2014; Lodge & Harrison, 2019; 
Rosen & Gazzaley, 2016).  
 
Correlation between Seat Orientation, Zone, Table Crowdedness, Table Type and 
the Productivity Factor 
Several design factors revealed statistically significant correlations with the 
productivity factor. These data show that multiple design variables influence human 
behavior, relating cognitive performance to the quantity of exposure (time), 
environmental stimuli (light, view) and architectural as well as interior design 
elements (window, furniture, layout, space) (Edelstein, 2016).  
Productivity Factors were significantly greater in seats oriented towards the windows 
(Grade 5) compared to orientation towards walls or hallways (p = < 0.05), and in 
Zones near windows (p<= 0.05).  It is suggested that windows and views provide a 
level of tranquility and stillness of mind that serves cognitive function. Windows may 
also stimulate natural circadian rhythms that drive attention and relaxation as well as 
sleep and wake cycles (Edelstein et al. 2013). Kaplan (1993) reported that a view of 
nature, especially water, brought positive emotions. Vago & Zeidan (2016) suggest 
that attention is stable during the natural settling of thoughts and emotions when 
viewing nature.  
Significant results showed a high level of correlation between the Productivity Factor 
and Seat Orientations furthest away from walk-through traffic. Stokols (1978) and 
Evans and Cohen (1987) suggest that crowded surroundings have a negative effect 
on emotions and cognitive function. Having a seat with an orientation that supports 
visual privacy, visual comfort, and window view most strongly correlated with the 
greatest productivity measures.   
 
Table Crowdedness was significantly associated with changes in the Productivity 
Factor in low versus moderately crowded groups, but Table type, on its own, had the 
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least correlation with the PF. Several studies reported that students were emotionally 
affected by curved tables versus rectangular tables (Dazkir and Read (2012), (Harlé 
et al., 2013; Tyng et al., 2017), yet, this did not measurably impact the Productivity 
Factor in this limited investigation. 
 
Future Applications 
Compared to earlier behavioral analyses at the macro-level, micro-level movements 
can increase our understanding of human behavior.  This study differentiates itself at 
a crucial point when it is now possible use mathematical models to analyze 
quantitative data from unobtrusive room sensors that maps users’ movement as an 
indicator of cognitive functions.  Further, the synchronous measurement of all users 
in a large space over longer periods of time heralds a new era of analytical 
approaches available to the design professions. As data volume grows, and machine 
learning tools deployed, such techniques will provide a more profound and precise 
understanding of the correlation between interior design and user experience. 
‘Intelligent spaces’ may thereby be developed to independently sense, analyze, and 
provide recommendations on how the interior design of the space can be adjusted to 
users’ needs . Such tools could ultimately provide interior designers evidence-based 
insights into the relationship between elements and occupants, iteratively analyzing, 
adapting, and optimizing places by design. 
 
Expanding the model with more experiments, each time including a new human 
cognitive function or process, gives us access to a new way of comprehensively 
designing spaces that can be better accommodated to our complex needs, 
behaviors and performance. Future studies could expand to look beyond individual 
measures to group and social interactions, considering the impact of space 
attributes, and mapping human decision patterns upon arrival in a space or when 
evaluating different utilization options. 
With repeated studies and larger sample sizes, the statistical dependencies between 
behavior and design may become clear and ultimately inform new design concepts 
and solutions for a range of settings serving different user types, tasks and 
behaviors. As Crum (1933) elaborates, human behavior changes irregularly over 
time, and that offers a new opportunity to require that our surroundings respond as 
well. 
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2.1.5 Paper 5: A Data-Driven Approach to Identify Interior Design Settings that 

Enables Group Collaboration based on Non-Invasive Sensors 
 
2.1.5.1 Abstract 
Collaboration among students is reported to improve their learning and academic 
performance. Academic students spend much time on out-of-class assignments in a 
variety of different environments. A popular choice is a library that offers designated 
workspaces for students, either for individual or group work. Studies show that a 
strong correlation exists between efficient learning spaces and interior space 
attributes. Spatial design affects human parameters such as behavior, experience, 
and cognitive functions. So far, it has been a challenge to determine the 
effectiveness of space on student collaboration.  
This study demonstrates how advanced sensors can determine the effectiveness of 
specific space attributes on group collaboration among academic students. 
Experiments were conducted over 12 days with 396 academic students working in 
groups. In total, 159 groups were involved, divided into sizes of two, three, or four. 
Technologically, this research differs from previous studies by significantly reducing 
or eliminating the need for users to participate in the study actively. Discrete non-
invasive depth sensors offer micro-level analysis of all users entering the designated 
test area. As all measured data are not personally sensitive, the method complies 
with general data protection regulations, and the need for user consent is avoided. 
As a result, the study demonstrates a novel method to be used by both 
environmental psychologists and architects to understand and quantify the level of 
group collaboration as well as to correlate it with different space attributes. In 
addition, the case study presents statistically significant findings of specific space 
attributes that enable group collaboration. Two different approaches were used to 
validate the outcome of the method, 1: 19 hours of ethnographic monitoring of the 
group’s collaboration level, 2: 142 group members' assessment of internal 
collaboration level. 
 
Keywords: human-behavior, group peer effect, data-driven design, social science, 
interior design, educational environments 
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2.1.5.2 Introduction 
As technology has evolved, so has the purpose of visiting and spending time in 
libraries (Michalak, 2012; Troll, 2002). Aabø & Audunson (2012) reports that libraries 
have transformed from being mainly a provider of books to the public, to becoming a 
space provider for multiple different purposes and activities, and most library users 
(more than 55%) do not borrow or use library materials such as books and films. 
Montgomery (2014) reports that one of the main functions that define library space 
for students is the role as a facilitator to ”foster self-directed learning”. Oblinger 
(2004) describes the library as a place for social learning, where spaces are 
provided to stimulate students to learn from each other. In these environments, open 
conversation and collaborative learning are encouraged in an environment outside 
the classroom, also called informal learning spaces (Hunley & Schaller, 2009). 
Students find it attractive to perform their out of class work at the library, both 
individually and in groups. The “peer effect” among students, also known as social 
interaction or collaboration has been reported to correlate with students’ academic 
achievement (University of Sussex, UK & Telhaj, 2018). 
 
Our cognitive functioning is strongly influenced by our surrounding interior design 
(Stokols, 1978). Vago & Zeidan (2016) describe how the brain operates at different 
states with varying cognitive processes related to external inputs such as visual, 
auditory, and somatic affect and change our mental state. For instance, window view 
and especially views of nature improve our ability to concentrate (Hartig et al., 1991), 
reduces stress level (Kaplan, 1993), and increases cognitive tranquility (Clearwater 
& Coss, 1991). The field of neuroscience documents the obvious correlation 
between our surroundings and our cognitive functioning. The physical surroundings 
play a significant role in the users' experience when performing knowledge work. Up 
to 60% can be attributed to the surroundings, while the remaining can be related to 
social circumstances (Morgan & Goldsmith, 2017). According to Augustin (2009), 
environmental determinism is the belief that you can change people’s behavior by 
modifying the places in which they behave, without changing anything else in their 
lives, and reports how interior design choices can stimulate people toward specific 
behavior, such as more intellectual, collaborative or social.  
 
In the West, most employees are knowledge workers (Davenport, 2006). Achieving 
effective collaboration in groups is decisive as the outcome is typically more valuable 
than the individual outcome of the group members (Miller & Katz, 2014). 
International design firms such as Gensler and Steelcase have Socializing and 
Collaborative spaces as essential design principles for workplaces (Gensler, 2009; 
Steelcase, 2009). Therefore, understanding which physical interior design space 
attributes creates the best framework for individuals' ability to socialize and 
collaborate in group work is of great value. Studies have shown remarkable gains in 
understanding the factors influencing students' preferences and experience in indoor 
workplaces associated with the physical surroundings. A study conducted on 
workspaces for the public within a library environment, involving 268 participants, 
identified specific space attributes that were decisive for users' choice of seating and 
overall satisfaction during their stay (Cha & Kim, 2018). The five top-ranked space 
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attributes were amount of space, noise level, crowdedness, visual comfort, and 
window view. Space attributes are related, and multiple studies report their impact on 
group collaboration and interaction. For example, a table's size, form, and position 
influence the mentioned space attributes, such as the amount of space, occupancy 
level, view, etc. Furthermore, Allen & Henn (2007) reports that people who sit closer 
together interact more than people who sit farther from each other, and having eye 
contact also enables more collaboration among peers. Another study highlights the 
importance of the workspace location as an enabler of collaboration. Augustin (2009) 
suggests group spaces should be placed along circulating routes and not at their 
ends. Isolated at the end, it is more likely they are used for individual work.  
Former studies of human behavior in work and learning spaces are primary based 
on qualitative methods such as surveys, observations, photos, mapping diaries, 
focus groups, and interviews (Foster & Gibbons, 2007; Lawrence & Weber, 2012; 
Matthews et al., 2011; Whiteside et al., 2010). Quantitative studies are also applied 
with data primary being collected through wearable devices such as sociometers 
(Onnela et al., 2015). Despite obtaining qualified intimate details, the scope of data is 
often limited due to two circumstances, 1: the need for manual resources, and 2: 
user consent and/or physically involving subjects as part of the measurement. 
Furthermore, the latter introduces a bias effect, the so-called Hawthorne effect (Gale, 
2004), in which users who are aware of being monitored consciously change their 
behavior. 
 
Design hypothesis 
There is a positive correlation between the macro head movement of group 
members and their level of internal interaction (peer effect). In addition, the level of 
interaction may be affected by the surrounding physical environment. 
This study introduces a new conceptual methodology on how to measure the “peer 
effect” level among an academic group of students working together on out of class 
assignments. A statistical significance level is associated with the surrounding 
interior to identify which space attributes enables social interaction and collaboration 
in groups. 
Compared to previous studies, two issues are addressed; 1: avoiding the Hawthorne 
effect. Since the sensor type is 3D depth cameras, the data format does not become 
person-sensitive, eliminating the necessity for consent or inform subjects about the 
measurements. 2: Since no manual resources are necessary to perform the 
measurement, the data volume becomes significantly more extensive, strengthening 
the statistical evidence. 
 
2.1.5.3 Method 
Case study 
Field-testing was conducted within a public library, in Denmark, hosting between 3-
4000 visitors daily. The library has become a focal point for many different population 
groups. With a North-East pointing view of the city harbor, an area of about 1,500 
square feet has been selected to carry out the field tests (see Figure 2.1.5-1). 
Academic students from the local University often use the area to complete their out 
of class assignments. Being a corner area, the space is not trafficked with transit 
visitors. Facing North-East, glare is not a problem, and the large windows from floor 
to ceiling (5.75 m, 19 feet) covering two full facades, ensure continuous lighting of 
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the entire area. Tests were conducted over three weeks with four days of data 
collection each week, Monday – Thursday from 8 AM – 6 PM.  
 

 
Figure 2.1.5-1 - Optical images of the North-East facing corner area (right-hand image highlight depth-sensors 
with red circles) 

A set of desk-related working zones with varying surroundings were required to 
identify how the different space attributes affect group collaboration. The corner area 
(Figure 2.1.5-1) was split into six zones and equipped with four different types of 
table furniture: oval (2 pc), rectangular (2 pc), large round (1 pc), and small round (2 
pc). During the 12 days of testing, the furniture was moved to avoid bias effects. In 
total, there was a capacity of 60 workspaces for the visitors, who were mainly 
academic students between the ages of 20-30. 
 

 
Figure 2.1.5-2 - Floor map illustrating the six locations A-F and table types. Number centered in each table 
represents the table seating capacity. 
 
Sensor type 
As sensors become smaller and smaller and less obtrusive, quantitatively analyzing 
human behavior based on electronically generated data has become more popular 
(Onnela et al., 2015). The development of smaller sensors has made it possible to 
complement or replace manual resource-intensive studies. For this purpose, the test 
space was monitored by four discrete long-distance XOVIS PC2R-L depth cameras 
installed below the ceiling leaving 5,65 meters between lens and floor. Figure 2.1.5-1 
shows the positioning of two sensors mounted nearest to the hall. 
 
Depth cameras do not use optical images but solely measures distances to objects 
within the field-of-view. Depth data cannot be associated with an individual person, 
why the method falls in line with the regulations and restrictions regarding measures 
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concerning person-sensitive data (ECGDPR, 2016). Depth-sensors outputs coherent 
x and y coordinates for each identified person within the field-of-view. Due to the 
high spatial (in centimeters) and temporal (4 samples per second) resolution, it is 
possible to label each person with a unique id from arrival to departure. Figure 
2.1.5-2 is a fictitious animated example of how four different users are behaving 
while seated. Each dot represents a sensor measured XY-coordinate, and the four 
larger black dots are the calculated mean value for each person. Dots colored red, 
green, and blue form a group, while the yellow dots represent a single person. 
Projecting the dots into the X- and Y-axis shows the difference in spread (variance) 
between group members and singles. Such observations determines whether 
subjects are working as singles or in groups and the group interaction/collaboration 
level (peer effect). 
 

 
Figure 2.1.5-3 - Animated example illustrating how data is generated when subjects are seated at table, either 
alone (yellow dots) or in groups (red, green and blue dots). 

The study protocol is two-fold: Initially, a validation study to determine whether the 
processed sensor data correlates with the level of group peer effect. Subsequently, a 
12-day field study is performed on a larger audience to obtain extensive volume data 
and derive statistically significant findings linking space attributes with group peer 
effect. During 12 days of measurements, 638 users visited the workspace with an 
average stay of 205 minutes resulting in approx. 30 million samples of XY 
coordinates. Of these, 470 users were involved in groups of 2, 3, or 4. Groups of 5 
members or larger were excluded as the amount was negligible. Parallel to the test 
study, blurred videos were recorded for validation purposes and deleted afterwards. 
The validation ensured that the sensor data guaranteed to identify each individual as 
either a single or a group members (also to a specific group), together with location, 
table type, seat number, and time of stay. 
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Study 1: Validation study 
The validation study is performed in two steps. Step A: the week before to the 12-
day field study (Study 2) an observational study was conducted in the same 
environment. Two instructed persons were observing a specific group of either 2, 3, 
or 4 members. For each 5-minute interval, the observers scored the internal group 
peer effect level between 1 to 5, 5 being the highest level. Subsequently, the 
average value was used. All members were aware of the observation, and the 
observers were less than two meters distant from the group. In total, 12 groups (44 
individuals) were monitored for an average of 92 minutes. The result is a correlation 
of the subjectively human quantified level of group peer effect with the sensor 
measured variance of XY coordinates. A sufficiently positive correlation value 
demonstrates that the sensor measured spread of XY is an indicator of peer effect.  
 
Step B: During the 12-days of field study, 142 individual group members responded 
to a questionnaire scoring their total group peer effect level during their stay with 1 to 
5, 5 corresponds to the highest level of peer effect. Each rating reflects upon their 
entire time of stay. Knowing their table type, location, seat number, and time of stay, 
it is possible to correlate the individual group members grading with the sensor data 
for the specific group. This provides an additional opportunity to examine and 
validate whether the sensors are converging or diverging with the users' individual 
subjective experience of peer effect.  
 
In both validation studies, an algorithm can be deducted based on the two sets of 
data by converting XY-coordinates to peer effect levels. 
 
Study 2: Field study 
As presented in Figure 2.1.5-2 the floor map offers different workspaces in regard to 
the space attributes location and table type. Study 2 covers a more extensive study 
using the algorithm (converting XY-coordinates to peer effect levels) of 12-days to 
quantify the correlation between group peer effect with the interior space attributes, 
such as work location and table type. Location offers different environmental 
conditions.  
 

• Locations A and B are at the corner, least people traffic and surroundings are 
mainly window view and workspaces.  

• Locations C and D are in the middle, average people traffic and surroundings 
are mainly workspaces. 

• Locations E and F are at the entry, high trafficked and surroundings are 
mainly hallway and workspaces. 

 
The size and shape of the four different table types also offer a variety of conditions. 
 
2.1.5.4 Results 
Initially, it was examined whether the XY spread for individual and group members 
was different, as the fictitious example in Figure 2.1.5-3 illustrates. Movements 
associated with arrival and departure to the seat are omitted. Comparing the XY 
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spread of 154 singles with 484 group members results in a p-value less than 0.01, 
favoring singles having less spread (or seated more still). 
 
Study 1: Validation study 
Validation study A involves 44 subjects and 225 responses (prior to the 12-days field 
study). Figure 2.1.5-4 shows a scatter plot that compares data from the sensor 
measured spread of XY coordinates (x-axis) with the human observed grading of 
peer effect (y-axis). An analysis results in correlation coefficient of r = 0.70, and a 
Probable Error of the correlation coefficient r, P.E.r. = 0.0520. The ratio between r 
and P.E.r. (13.4) and a strong p-value (p≤0.01) indicates a statistically significant 
dependency (Eells, 1929). 
 

 
Figure 2.1.5-4 - Scatter plot of the sensor measured XY spread (x-axis) and human observed grades (y-axis) 
together with correlation results. 

Validation study B involves 142 individual gradings from group members (during the 
12-days of field study). An analysis of the individual gradings with the sensor 
measured spread of XY coordinates of the respective groups results in a correlation 
coefficient of r = 0.55. Both the P.E.r. and p-value indicates statistically significant 
dependency between sensor data and subjective human ratings, see Table 2.1.5-1 – 
Validation Study 1A & 1B correlation results 
 

 

Table 2.1.5-1 – Validation Study 1A & 1B correlation results 

 
Study 2: Field Study 
Initially, a review was conducted to understand how groups have been distributed 
between the respective locations and table types. An approximate even distribution 
of participants (age, gender, table type, and location) reduces biases. This allows a 
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more accurate correlation between location and table type with group peer effect. An 
odd distribution would complicate the comparison. A non-uniform distribution of 
group sizes on different table types was identified, a natural consequence of the 
different table seating capacity. Therefore, there is no statistical difference favoring 
any table type if the numbers are normalized concerning seating capacity. Based on 
the validation study, it is possible to derive a mathematical model for converting the 
spread value of XY coordinates (variance) to a peer effect level corresponding to the 
same grading interval used by the two observers from Study 1A (1 to 5). Figure 
2.1.5-5 illustrates a curve that extends over 5 hours, and the result is derived from 
the mathematical model. The scale is between 1-5, with 5 indicating a high level of 
interaction, while 1 means that group members more or less work without interacting 
with the others. The group arrival and departure are not included, as this part is very 
data noisy and misleading if applied as input to the mathematical model. 
 

 
Figure 2.1.5-5 - For a selected group of 3 members a time plot of peer effect level shown over 5 hours of stay. 

The XY variance of the coordinates is converted to peer effect levels for all groups of 
2, 3, and 4 members. Subsequently, the peer effect levels are associated with the 
space attributes, locations, and table types as well as the group sizes. This analysis 
enables the identification of statistical significance on whether a correlation exists 
between the specific space attributes and the level of peer effect.  
 
Peer effect level and Table types 
Based on mean values for interaction, rectangle tables host groups with higher peer 
effect levels, followed by oval tables, small round tables, and large round tables. 
With the high number of users involved and distributed on the different table types, it 
has been possible to make solid statistical observations. The rectangular tables were 
statistically significantly different compared to both the small round tables (p <0.10) 
as well as the large round table (p <0.05). This difference was not evident compared 
to the lower mean peer effect level at the oval tables. On the other hand, both the 
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oval and small round tables were statistically different compared to the large round 
table (p<0.10). 
 
Peer effect level and Locations 
Comparing the mean values for locations ranks the six zones: D, F, E, C, B, and A. 
Zone D, the highest-ranked location, is positioned in the middle with average passing 
through traffic and surrounded mainly by neighbouring workspaces and one window. 
Compared to the lowest-ranked locations, Zone B and A, the difference is statistically 
significant (p<0.05). Zone B and A are characterized as corner areas with very 
limited passing through traffic and fewer workspaces as surroundings, but window 
view and walls. The entrance areas, Zones E and F, also show statistical differences 
compared to Zones A and B (p<0.10). In contrast, the remaining comparisons 
between the different zones did not qualify as statistically significant.   
 
2.1.5.5 Discussion 
The improving functionality and falling prices of advanced technologies makes 
complex sensor systems more available and feasible for large-scale and longer-term 
studies, enabling new opportunities for behavior analysis to reveal the influence of 
interior spaces on human behavior. In this study, we investigated the use of an 
indoor sensor system to objectively and non-intrusively measure the level of peer 
effect level (social interaction or group collaboration). The purpose was to present a 
new approach to use sensors in buildings to understand how students use and work 
in a learning environment and how this information can be communicated to interior 
designers to improve spaces to accommodate the changing needs of the users 
better. 
 
In particular, the Covid pandemic exposed the vulnerability lurking in our society. We 
changed our behavior at work, school, and even in our homes from one day to 
another. Our societal infrastructure, including the physical circumstances, was 
challenged. What functioned yesterday had no contribution the day after. Whether 
we will experience such an upheaval cannot be ruled out but having statistically 
validated tools ready to inform us about how an environment best meets the users' 
needs is proven necessary. Since advanced non-invasive sensors can measure all 
users in large spaces over a longer period, a new era of analytical approaches 
becomes available to the profession of architectural interior design. As data volume 
grows, machine learning tools will provide a more profound and precise 
understanding of the correlation between interior design and user experience. 
The model can be nuanced by adding the group's task type as an additional 
marking/labeling during the validation studies. The study assumes that the model is 
independent of the nature of the group's task. This applies both to groups where the 
members work to a greater extent in parallel but on their specific independent 
assignments and groups where the members have to exchange knowledge to a 
greater extent. 
 
This study introduced a method to convert head movement within a group of 2-4 
members into a quantitative measure related to the peer effect level. Sensor and 
analytical-based output showed to be statistically significant and highly correlated 
with manual observation (r=0.70, P.E.r.=0.0520, p<0.01) and group member 



 
 

83 

feedback (r=0.55, P.E.r.=0.0395, p<0.01). Findings also showed consistency with 
previous studies, highlighting location as a decisive parameter. In particular, the 
results by Augustin (2009) indicate that spaces placed in circulating areas are more 
likely to enable collocative work. These findings support our measurements, 
indicating Zones D-F being the most collaborative spaces. In contrast, the more 
isolated spaces such as Zones A and B proved to be hosting groups being least 
collaborative or socially engaged.  
 
Previous studies also emphasized the importance of seat orientation, eye contact, 
and proximity as an enabler of peer effect. These studies also fall in line with our 
statistical analysis of the significance of furniture on peer effect. A significant 
statistical difference between different table types showed. Critically poor was the 
large round table compared to the rectangular table (p<0.05) as well as to the oval 
and small round tables (p<0.10). This lack of supporting or enabling group peer 
effect is not a surprise since the large round table lacked the opportunity for users to 
sit near each other and have easy eye contact. 
In line with multiple neuroscientific, psychological and behavioral studies, this 
research project also demonstrate the existing interaction between the environment 
and our movement and interaction with others (Edelstein, 2016). Chandrasekaran et 
al., (2021) reports that the environment is a supportive element in maintaining our 
cognitive abilities. 
 
Compared to earlier behavioral analyses, this study uses macro-level movements to 
understand behavior. In contrast with previous observational methods, this study 
manages to differentiate itself at a crucial point. It is now possible to develop 
mathematical models capable of producing a quantitative output that maps groups 
and individual users’ movement as an indicator of peer effect levels. Our behavioral 
change due to the pandemic is both understandable and noticeable, and however, 
people also continually change needs and behaviors without the underlying cause 
being clear or explicable. As Crum (1933) elaborates, human behavior changes 
irregularly over time, which offers a new opportunity to require those surroundings to 
respond. 
 
The traditional static approach to analyzing behavior in different environments, 
including schools and education, should be performed ongoing rather than when 
considered necessary. Human productivity is lost when there is a poor match 
between users' needs and behavior, and the surrounding environment. Therefore, 
the utilization of technology is encouraged to build intelligent spaces to 
independently and ongoing sense, analyze, and provide recommendations on 
improving the space's interior design. 
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2.1.6 Paper 6: A data-driven approach to quantify human decision patterns in public 
workspaces based on non-invasive sensor-systems 

 
2.1.6.1 Abstract 
An in-the-field study was conducted to provide a quantitative understanding of the 
cognitive decision-making process when humans evaluate and select a workspace in 
a public space library. Visiting academic students had to choose from six different 
zones within a demarcated and cohesive area in a public space library. Each zone's 
interior design varied due to the differences in table type, surroundings such as 
window, wall and hallway passage and table occupancy rates. Utilizing advanced 
non-invasive depth sensors made it possible to include the entire population of 638 
visitors during 12 days of testing as well as record their individual choice of the 
respective zone, table and seating orientation.  
Utilization of depth data to track users does not violate person-sensitive data 
regulations. Therefore, the application becomes more feasible to apply and more 
comprehensive in cases to monitor people, as it is not necessary to obtain the 
consent of the users, and it manages to include the total population. Similar 
measures contribute significantly to reducing phenomena that have previously 
biased social studies. 
Together with the precise and large amount of data, it has been possible to establish 
logical decision-making processes that contain both critical criteria and threshold 
values for specific attributes when choosing between workspaces. Such a tool can 
be used continuously to monitor indoor spaces in operating mode. Results are 
statistically significant evaluations of the interior design to understand users' 
preferences and needs. Furthermore, subjective questionnaire data collected from 
258 users were used to validate the methodology. 
 
Keywords: human-behavior, data-driven design, decision-patterns, social science, 
interior design 
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2.1.6.2 Introduction 
This study provides a novel statistical-based tool to quantitatively describe academic 
students’ preferences and decision-making processes when presented with various 
space attributes in an indoor desk-related workspace. Geographical orientation, the 
position of windows and daylight access, location of the entrance, and choice of 
furniture are to name few examples of space attributes that form a space’s interior 
design. For natural reasons, the choice and combination of space attributes form a 
varied and non-symmetrical interior design containing planned versus actual 
performance discrepancies(Augustin, 2009; Danielsson, 2010; Zou et al., 2018). 
Some differences may be conscious decisions by the designer, while others are 
derived conceptions of the environment and inhabitants. Surrounding space 
attributes affect our emotions and, subsequently, our cognitive abilities (Harlé, 
Shenoy, and Paulus 2013; Tyng et al. 2017). A study involving 209 subjects 
demonstrated this correlation with a Pearson value of 0.6 and a p-value less than 
0.05 (Perez Gonzalez 2017). Identifying specific interior space attributes that 
correlate with the user’s needs leads to an improved workspace experience. 
 
Background 
Previous studies indicate convergingly that there is room for improvement in desk-
related workspace design that supports user needs. An American study involving 
2,035 randomly sampled knowledge workers indicated they struggled to work 
effectively (Gensler 2013). Another study involving more than 250,000 knowledge 
workers concluded that almost 50% “do not assess” or “are neutral” on whether their 
respective workspaces enable them to work productively (Leesman 2015). Multiple 
studies document the strong correlation between user experience and the physical 
environment (Haynes 2008; Augustin 2009). Interior design topics such as personal 
space (Aiello 1987; Hall 1990), the impact of crowding (Baum and Paulus 1987; 
Evans, Lepore, and Allen 2000; Stokols 1978), the need for territory (Brown 1987), 
seat placement (Waxman 2006) and location of the workstation and associated 
view/privacy (Kaplan 1993; 2001) shows to correlate with our behavior and 
experience. Morgan and Goldsmith (2017) conclude that the physical environment is 
more decisive than alternative parameters such as social or organizational. Gaining 
insight into the human decision-pattern process contributes to understanding how 
users prioritize between different space attributes. Fulton (1991) emphasizes that 
such insight due to individuals’ perception of space affects learner satisfaction, 
participation, and achievement. Users seek out environments that satisfy their social 
learning needs (Montgomery 2014). Previous attempts to quantify users’ preferences 
are primarily based on questionnaires or ethnographic studies. Compared to other 
methods, the latter is significantly more resource-intensive (Holder and Lange 2014) 
and more restrictive of generalizing due to certain statistical circumstances 
(LeCompte and Goetz 1982). Ethnographic studies of human behavior, such as 
qualitative comparative analysis techniques (Hodson 2004), are helpful to explore 
events or specific attitudes, whereas quantitative research offers an investigation of 
facts or trends (Alnaim 2015). Cha and Kim (2018) conducted a questionnaire study 
involving 268 respondents to map how students in an academic library rank 18 
space attribute for perceived importance and satisfaction. Space attributes such as 
Aesthetic appearance, Noise level, Visual comfort, and Window view were top-
ranked with high statistical significance (p-value<0.05). Although such studies are 
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recognized to provide subjective user feedback with statistically significant findings, 
questionnaires only manage to include a subset of the population due to response 
rates of 56% and 33%, respectively, depending on whether it is paper-based or 
digital (Nulty 2008). In addition, questionnaires are not suitable for continuous data 
collection due to respondent fatigue but are instead suitable for providing a snapshot 
of users' points of view (Dolnicar, Grün, and Leisch 2011). Finally, such studies are 
most likely biased due to the so-called Hawthorne effect, as subjects are either 
informed of the survey or actively involved (Gale 2004). 
Due to the circumstances, both questionnaires and ethnographic studies are most 
often limited-time studies. As reported by Ionescu (2018) and Augustin (2009), the 
interior space collects several objects with an evolving identity. A space that once 
turned out to be functional for users may at some point prove otherwise. Such time 
variations call for ongoing post-occupancy monitoring of user behavior to identify 
when the spatial space needs to be responsive and what kind of adaptions would 
most likely succeed.  
 
Design hypothesis 
This study introduces a new conceptual methodology to understand user 
preferences and decision-making processes in indoor spaces. To accomplish this 
with a statistical significance, it is necessary to involve a high number of participants. 
The validity is strengthened if the users are not informed about the existence of the 
study and thus it is assumed that they behave more naturally. 
The design hypothesis being tested is based on establishing a workspace area 
where academic students have free access during the day to complete out-of-class 
assignments. Six zones offer the users various space attributes, such as furniture 
shape, zone location, view, and varying crowdedness. Every time a new student 
enters the area, objective non-invasive sensors monitor their choice of workspace. 
Simultaneously, this selection also represents an opt-out of other available options. 
Thus, it becomes possible to analyze how and under which circumstances a total 
population of 638 users over 12 days has prioritized and selected their respective 
workplaces. Furthermore, the subjective feedback from 258 users regarding the 
choice of seating (of the same population) creates the opportunity to evaluate the 
correlation of the objective sensor findings. 
Utilizing discrete high-resolution depth-sensors to track indoor human behavior 
supported by statistical approaches to analyze sensor data differentiates this study 
significantly from previous attempts. As depth-data is non-person sensitive, there is 
no need for user consent, every individual who enters the sensor's field of view is 
automatically included in the survey. High-resolution depth sensors can track 
individuals with four measurements per second and centimeter precision, making it 
possible to push indoor space monitoring from macro-level towards micro-level 
analysis. Four sensors cover the entire test space and include the total population. 
 
2.1.6.3 Method 
Creating a tool with the necessary statistical significance to describe human 
preferences and decision-making processes is three-fold. 1: objective sensor data 
are mapping the user’s selection of table and seat, 2: subjective user questionnaire 
data are describing why the specific table and seat were selected, and 3: correlating 
the objective and subjective data to validate the result. 
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Case study 
Field-testing was conducted within a public cultural center in a metropolitan area. 
Open to the public in 2015, this building has between 3-4000 visitors daily, primarily 
for the library. With its unique and central location in the city, the library has become 
a focal point for many different population groups. With a North-East pointing view of 
the city harbor, an area of about 1,500 square feet has been selected to carry out the 
field tests (see Figure 2.1.6-1). Academic students from the local University often 
use the area to complete their school assignments. Being a corner area, the space is 
not trafficked with transit visitors. Facing North-East, glare is not a problem, and the 
large windows from floor to ceiling (19 feet) covering two full facades, ensure 
continuous lighting of the entire area. Tests were conducted over three weeks with 
four days of data collection each week, Monday – Thursday from 8 AM – 6 PM.  
The setup required a set of zones to provide the users with different seating options. 
Four different table types were selected: oval (2 pc), rectangular (2 pc), large round 
(1 pc), and small round (2 pc). In total, there was a capacity of 60 workspaces for the 
visitors, who were mainly academic students between the ages of 20-30. 
 

 
Figure 2.1.6-1 - Optical images of the North-East facing semi-enclosed test space (with two depth-sensors 
highlighted). 

Tables were distributed into six zones (3x2 matrix) with an approx. equal distance 
between tables and boundary walls, see Figure 2.1.6-2. Tables were rotated each 
week, so all table types were positioned on each of the three rows. 
 

 
Figure 2.1.6-2 - Floor map of the test space with furniture positions in different zones during weeks 1-3 (door to 
the left of the “Z5” marker is an emergency exit and normally closed). 
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As mentioned, the space attributes to experiment are Table type, Location, Seat 
orientation, and Crowdedness (the latter being out of our control). Studies have 
reported that the selected space attributes influence our human behavior and 
cognitive processes. Cha and Kim (2018) conducted a study in an academic library 
that categorized the selected space attributes among the top 10 most important, 
prior and post seating. Dazkir and Read (2012) discovered that furniture with 
curvilinear (rounded) is more pleasing and arousing (Valdez and Mehrabian 1994) 
compared to rectilinear furniture (p-values<0.01).  
Depending on the Location (zone) and Seat orientation, the visual view and proximity 
to the window variates. Humans seated near a window are documented to be more 
dedicated to their work-task than people who are positioned far from windows 
(Augustin 2009). In addition, the ability to relax is more likely when users have easy 
visual access to nature that contains water. Kaplan (1993) concludes that a view 
affects humans emotionally positively.  
The different Table types and levels of Crowdedness expose the users to different 
degrees of surrounding space. All humans carry a bubble consisting of a series of 
concentric spheres, each of which denotes a zone that is appropriate for different 
situations (Augustin 2009). People react emotionally differently when the described 
zones are violated by others (Aiello 1987). Stokols (1978) reports that high-density 
crowding can independently impair the quality of a situation by promoting behavioral 
constraints, simulation overload, reduced privacy, and negatively labeled arousal 
resulting from personal space violation. Furthermore, Stokols (1978) emphasizes 
that over-crowding reduces personal control over the environment. Having control 
over the working space we inhabit makes us comfortable (Evans and Cohen 1987). 
The literature review supports that the selected space attributes are significant 
concerning our behavior and cognitive processes and thus most likely will influence 
our selection of workplace, either consciously or unconsciously. 
 
Depth-sensors (objective data) 
As sensors become smaller and smaller and less obtrusive, quantitatively analyzing 
human behavior based on electronically generated data has become more popular 
(Onnela et al. 2015). The development of smaller sensors has made it possible to 
complement or replace manual resource-intensive studies. For this purpose, the test 
space was monitored by four discrete long-distance XOVIS PC2R-L depth cameras 
installed below the ceiling leaving 5,65 meters between lens and floor. Figure 2.1.6-1 
shows the positioning of two sensors mounted nearest to the hall, whereas Figure 
2.1.6-3 shows the applied depth-sensor hardware.  
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Figure 2.1.6-3 - Image of the non-invasive depth-sensor, manufacturer: XOVIS, product name: PC2R-L. 

Depth cameras do not use optical images but solely measures distances to objects 
within the field-of-view. Depth data cannot be associated with an individual person, 
why the method falls in line with the regulations and restrictions regarding measures 
concerning person-sensitive data (ECGDPR 2016). Depth-sensors outputs coherent 
x and y coordinates for each identified person within the field-of-view. Due to the 
high spatial (in centimeters) and temporal (4 samples per second) resolution, it is 
possible to label each person with a unique id from arrival to departure. During this 
time, each person’s choice of table and seat number is registered. Figure 2.1.6-4 is a 
fictitious animated example of how users of the space generate data as they enter 
the area.  
 
  

 
Figure 2.1.6-4 - Animated example illustrating how data is generated when persons are tracked upon arrival to 
seating.   

Each cursor represents a sensor measured XY coordinate for persons using the 
space. As long as the person is within the sensor’s field of view, the respective XY 
coordinates are unique. During 12 days of study, 638 users visited the workspace 
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with an average stay of 205 minutes resulting in approx. 30 million samples of XY-
coordinates. Parallel to the test-study, blurred videos were recorded for validation 
purposes and deleted afterward. 
 
User feedback (subjective data) 
Seated individuals who had chosen a table within the test space were approached 
and asked to participate. Two hundred fifty-eight visitors agreed to participate in the 
paper-based questionnaire during the test period. In this study, guests were (among 
others) asked to elaborate in a comment box why they had chosen their current 
place. Answers were analyzed, and the nouns explaining their choice of the 
workplace were extracted from the text and categorized into a histogram. 
 
Correlation of objective & subjective data 
Sensors only provide the statistics describing what occurred and reveal no insight 
into why users are seated at the respective tables. User feedback elaborates on why 
the choice has fallen on that specific position. Thus, it becomes possible to examine 
the results from the sensors to validate potential causes. Furthermore, it will also be 
possible to identify any biases that could have increased or decreased the favoritism 
of some positions. 
 
2.1.6.4 Results 
Processing the objective raw data (XY-coordinates) provides an insight into the 
users’ degree of sensitivity concerning the four-space attributes. Average values are 
less insightful since the library is popular among academic students, and the number 
of visitors often exceeds the seating capacity. A low supply means that even less 
attractive workspaces eventually become occupied. Instead, the focus is to identify 
each new arrival and map the circumstances that attracted the respective user and 
made her or him select the specific workplace. Once the mapping of all 638 
selections has been made, an analysis is performed to identify decision patterns in 
user behavior. Subsequently, the analysis compares the objective measurements 
with the subjective user response before presenting the flowchart describing the user 
preferences and decision-making processes. 
 
Space attribute sensitivity 
To understand which table types were most attractive, the aim was to identify the 
selection order during all 12 days. With seven available tables to choose between, 
Figure 2.1.6-5A bar plot presents the selection order of the 84 first arrivals (7 per day 
x 12 days). Groups of users count only for one. 
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Figure 2.1.6-5 A: Bar plot presents the selection order of the 84 first arrivals (7x12). Groups of users count only 
for one. Selection order of the 84 first arrivals (Total column represents the accumulated value for each table 
type). B: Statistical significance matrix calculated by correlating the selection order of the tables individually to 
each other. 

Focusing on the daily first arriving guest indicates that the two Oval tables are the 
most attractive choice (8 out of 12). With only 6 out of 84 selections in total, the 
Large round table appears to be the least attractive choice. Oval tables manage to 
attract the early arrivals, followed by the Rectangular tables. Figure 2.1.6-5B matrix 
presents in pairs the statistical significance values across all table types. Statistically, 
it appears that users prefer Oval tables over the alternative options (p<0.05). Also, 
the Rectangular tables show statistical significance over the Large round table 
(p<0.1), whereas the difference compared to the Small round tables is rejected (or 
random). Comparing the Large round table with the Small round tables also indicates 
that users prefer the latter (p<0.1).  
Expanding the analysis by adding Location allows us to compare the user’s choice 
across the space attribute Table types and the six zones in the test area. Figure 
2.1.6-6 shows a two-dimensional histogram distributing the ten first daily arrivals 
according to zones and table types. In total, both histograms sum to 120 counts 
(groups only count as one registration). It appears that the early arrivers are less 
sensitive to Location compared to Table type. Both the counts for Oval tables and 
Rectangular tables are maintained (with relatively minor deviations) across all zones. 
On the other hand, the Small round tables appear to be most attractive if positioned 
in Zone 1. For groups, Small round tables keeps their attractiveness, but only at 
zones 1, 3, and 5, which are locations positioned on the left column.  
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Figure 2.1.6-6 - Histogram comparing daily first ten (Singles or Groups) arrivals, the x-axis represents Locations: 
zones 1-6, and the y-axis represents Table types. 

Crowdedness (occupancy rate) describes the extent to which the table’s seating 
capacity has been utilized (see Figure 2.1.6-2, seating capacities appear in the 
center of each table). Figure 2.1.6-7 shows the occupancy rate at each table the 
moment before the arrival of a new user, separated into Singles and Groups. 
Approx. 90% of all singles are only willing to be seated if the table occupancy rate is 
below 30%. The situation is very different for the Small round tables, as the table 
must be empty in 90% of cases, whereas the Large round table hosts more than 
25% of the users at occupancy rates above 30%. The pattern is comparable but 
slightly different for Groups as they prefer a lower occupancy rate than singles 
before being seated. More than 50% of Groups are only seated if the table is 
maximum occupied by one person in advance (this number is 33% for Singles). 
 
 

 
Figure 2.1.6-7 - Level of crowdedness/occupancy rate the minute before arrival of a new single user or a group of 
members. The number in parenthesis indicates the total number of users, Singles and Group (not group 
members). 

Analyzing which specific seat users most frequently occupied provides an overview 
of their seating preferences. Figure 2.1.6-8 illustrates all table types with their 
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respective seat number together with normalized occupancy rates. On average, the 
60 seats were occupied 26% during opening hours. Based on the occupancy rates, it 
is evident that the users have preferences regarding the choice of seating. Seats 
oriented towards windows and with less background people traffic generally achieve 
higher utilization.  
 

 
Figure 2.1.6-8 - Map of Seat orientation, with seat numbers and average utilization rate over 12 days of testing. 

Subjective user feedback 
Out of the total population of 638 guests, 258 completed the questionnaires. Figure 
2.1.6-9 presents the categorized and summarized responses. Figure 2.1.6-9A shows 
the top seven space attributes decisive for the choice of seating. These seven make 
up approx. 80% of the answers out of a total of 54 different space attributes. 
 

 
Figure 2.1.6-9 – A: Top 7 user responses on “why the seat was selected” and “preferred table types if given a 
free choice”. B: summarizes which table type would have been selected by the user if possible.  

It is evident that the view is a decisive attribute for people's choice of seating, while 
table types Rectangular and Oval are the most preferred tables (Figure 2.1.6-9B). 
The subjective feedback is also consistent with the sensors regarding the low 
popularity of the Large round table. 
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4.3. Decision-making flowcharts 
Based on the previous findings, it is possible to summarize the results into a 
flowchart explaining the decision-making journey from arrival to either 1: selecting a 
workspace in the test space or 2: leaving the test space. Figure 2.1.6-10 illustrates 
the flowchart for a Single user.  
 

 
Figure 2.1.6-10 - Decision-making flowchart for Singles arriving to find a workspace. 

Singles are most interested in seated at the Oval tables but only with occupancy 
rates below 30%. If this is not possible, the next option is most likely the Small round 
tables. This is often not the case since there are only two, and if one person already 
occupies it, the Single will nine out of ten times continue to an alternative table. 
Consequently, it is the Rectangular table followed by the Large round table. It also 
appears in Figure 2.1.6-10 which specific seats are most likely to be selected. The 
flowchart methodology is an initial test description based on Singles and acts as a 
proof-of-concept which is also valid for Groups. 
 
2.1.6.5 Discussion 
Technological advances have made it possible to improve both the precision and 
validity of the behavioral analysis. Compared to previous work, this case study 
exemplifies on a practical level how human behavioral analysis in indoor spaces 
improves from macro to micro-level supported by a solid statistical foundation. A 
particular feature differentiating this method is that all subjects entering and using the 
area are included in the study without the need for instructions, actively being 
involved, or giving their prior consent. Issues such as the Hawthorne effect or 
selection of representative users are significantly reduced if not eliminated. As the 
matrix in Figure 2.1.6-5B shows, half of the correlations had p-values less than 0.05 
and two less than 0.01. Social science variables are often complex, interrelated, and 
exposed to other non-controllable factors (Crum 1933; Branch 1999). Therefore, the 
obtained p-values are a clear indication that the method represents significant 
validity. 
Figure 2.1.6-10 summarizes the findings into a flowchart illustrating the order in 
which the mentioned space attributes affect our decision-making. These findings are 
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consistent with previous studies, based on questionnaires or ethnographic 
observations. 
Oval tables were the users' preferred choice, which can be explained by the more 
working space obtained than the other table types. Cha and Kim (2018) identify the 
amount of space to work as the highest-ranked perceived parameter. It also aligns 
with Stokols (1978) indication that high-density crowding and violation of personal 
space can promote behavioral constraints. Compared to the other table types, the 
relative utilization of the Oval tables is lower than the others (p<0.05). An explanation 
for this low utilization is that the oval-curved positions at seat numbers 2, 4, 7, and 9 
are combined occupied less than 10% of the time, Figure 2.1.6-8. Dazkir and Read 
(2012) reported that users prefer curvilinear tables – which falls very well in line with 
the Oval tables and Small round tables being the top two choices. On the other 
hand, working in specific seating positions exposed to oval curves (not genuine 
circular) becomes less appealing. Furthermore, working at the Large round table 
also contradicts observations made by Dazkir and Read (2012). Tables with seating 
for 12 represent an unfamiliar size, and the high (absolute) population may be an 
argument for its position as the least preferred table. Early arrivals set the basis for 
these observations. As mentioned, the supply of seats is less than the demand, and 
the occupancy rate at the respective tables increases to comparable sizes during the 
day. When looking at numbers for the whole day, it is evident that the Large round 
table most often is chosen due to lack of alternative options. The subjective ranking 
of the four table types’ positions the Large round table as the least attractive choice, 
Figure 2.1.6-9B. On the other hand, the number one preferred choice is the 
Rectangular table, which does not fall in line with the observations made by the 
objective sensors, which clearly shows that there may be a difference in what people 
say and do. According to users’ feedback and studies, other essential space 
attributes are Location and access to View (Kaplan 1993). According to this study, 
Location was undermined by the Table types. Figure 2.1.6-6 illustrates that the first 
arrivals are more sensitive towards table type changes than specific locations. In an 
alternative study, it is possible to experiment with identical furniture in all six zones to 
determine the significance of Location. Out of 258 responders, 101 reported View as 
the reason for selecting the specific seat. As Figure 2.1.6-1 shows, View is so 
extensive and encircling that it is accessible from most seats. Therefore, it has not 
been possible to correlate the association between specific seating options and 
access to view. 
Once the setup is installed, the data and statistical power will continue to grow. Both 
the concept and data format are prepared to integrate artificial intelligence. As the 
volume of data increases, machine learning models can strengthen the identification 
of the decision patterns. This study focused on an academic student environment, 
and the variable space attributes were limited. Additional experiments should be 
conducted with different contexts and space attributes. The database grows with 
additional scenarios where humans are exposed to varying environments. This is 
necessary to create models that can generally describe human behavior in different 
circumstances and are not limited to selected studies. 
Combining interior designers with such technical possibilities leads to a new design 
dimension within interior design. This presents a novel data-driven design tool to 
support the optimization of indoor design. Human behavior is not necessarily 
consistent or is based on logical causalities. Even if the physical circumstances do 
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not change, a change in human behavior is very likely to occur over time (Crum 
1933; Branch 1999). User behavior can be affected by factors that are not 
necessarily associated with the physical environment. Space design should not 
solely rely on technology, data, and models but instead an intersection of disciplines 
between architects and technology. 
 
Conclusion 
This paper reports on a field study where 638 academic students utilized a selected 
area within a public space library to conduct work-based activities. A non-invasive 
depth-sensor system and self-developed algorithms were deployed to measure 
arrival and departure time, seat choice, table type, location, and relations to other 
surrounding group members. By offering users different table types, and locations 
with varying surroundings, the purpose was to establish a quantitative understanding 
and modeling of the human cognitive processes when choosing a table and location 
as a workplace.  
Based on a statistical approach, the outcome is a novel model that manages to 
identify the most important criteria for choosing a workplace. These are simplified 
models that generalize and contain uncertainties. However, the methodology has 
proven feasible, including converting simple non-person sensitive data into decision-
making processes. The basis for scalability exists, making the models more 
complex, accurate, and general so they better reflect our human way of thinking. 
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2.2 Digital Twin of Private Workspace  
2.2.1 Paper 7: A Technical Representation of Office Environments Archive the 

Atmospheric Heritage and can Provide Future Design Recommendations 
 
2.2.1.1 Abstract 
People spend a significant amount of time at workplaces consisting of physical 
and social components, such as the layout, furniture, equipment, organizational 
culture, and workplace employee relations. Combining these components result 
in a unique atmosphere that we experience and affects our human physical 
activities at the workplace. These activities at the workplace are categorized as 
employee behavioral patterns. The atmosphere is not static and varies over 
time; therefore, so will our behavioral patterns. Behavioral patterns contain 
valuable information representing parts of the workspace's atmospheric 
heritage and representing both tangible and intangible elements. Such insights 
enable interior designers to attain a historical understanding of people's 
behavior affected by a workspace environment's physical and social 
components over a given time. 
 
Advanced data analysis of basic sensor data provides a statistically significant 
quantitative profiling of how employees utilize the various workspaces, 
including their private desk spaces and common areas such as meeting rooms 
and lounges. Registering the physical components of the spaces, collecting the 
subjective social opinions through questionnaires, and linking these to 
behavioral patterns offer an unseen opportunity to understand the cultural 
atmosphere over time and what components can affect our experience and 
behavior. A technical representation enables future interior design predictions 
that are more likely to predict user needs. The historical heritage can thereby 
be archived and utilized to improve future user experiences. 

 
This paper presents a proof-of-concept tested technological approach to 
capture and archive the atmospheric state and the behavioral culture in an 
office-related workplace. A technical representation based on discrete non-
invasive and non-person sensitive sensors monitors at all relevant workspaces 
(75 individual desks and 14 common areas) generates observations 
consistently 24 hours a day, seven days a week. The paper is based on a study 
completed over eight weeks and observing approximately one hundred office-
based employees. 
 
Keywords: intelligent workspaces, social science, workspace productivity, interior 
design, employee experience, data-driven design 
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2.2.1.2 Introduction 
Workplace design is recognized to significantly impact the occupants, both on a 
cognitive and physical level. (Samani, 2015; Vischer, 2008). Researchers have 
studied differences in office environments to identify specific workplace 
characteristics that affect employees' satisfaction and performance (Choi, 2011; 
Shipton et al., 2006). Recent decades have shown a trend with office layouts 
adapting to open-plan layouts. Study results are comprehensive but not converging. 
Studies indicate that open-plan offices do strengthen employee relations by 
increasing communication and collaboration between workers (Maher & von Hippel, 
2005). On the other hand, similar studies emphasize that employees face-to-face 
interaction has dropped by approximately 70% (Bernstein & Waber, 2019). An exact 
quantitative answer to right or wrong does not exist; it most likely depends on many 
parameters rooted in the respective environment. On an overall level, the workspace 
environment consists of two components: the physical environment and the social 
environment. Even though they are mutually dependent, studies indicate that 
approximately 60% (Morgan & Goldsmith, 2017) of the experience employees 
perceive is dependent of the physical environment, including the interior design. 
As interior designers, our objective is to understand how the physical workspace 
enables the well-being and satisfaction of the employees. Despite thorough research 
within the field, multiple studies have shown that employee satisfaction with 
workspaces is far from optimal. 
Key findings from a 2013 survey indicated that employees are struggling to work 
effectively (Johnson et al., 2019). Another study conducted by (Leesman, 2017) 
involving more than 250,000 employees and across 2,160 workplaces concluded 
that almost 50% of the employees do not or are neutral on whether their workspace 
enables them to work productively. Furthermore, studies of interior design factors 
concerning human behavior come with an extra dimension of complexity. As 
reported by (Crum, 1933), human behavior changes irregularly over time, causing 
analysis of the very same population to show deviant or directly contradictory results. 
(Augustin, 2009) contributes to this perspective by emphasizing that no room with 
the associated design can meet users' needs without continuous adaptation. 
 
Böhme (2016) introduces the atmospheric concept to bring together the physical and 
social environment in a common understanding. The atmosphere describes the 
phenomenon existing in the interaction between the subject and the object. 
Dalsgaard & Kortbek (2009) experimented with the theory introduced by Böhme 
(2016) to perform an analytical model of the atmosphere. Kinch (2014) emphasizes 
that the dimensions of the model by Dalsgaard & Kortbek (2009) do not manage to 
cover the holistic experience of the atmosphere as formulated by Böhme (2016). 
Therefore, a generative model of the atmospheric concept was developed using ten 
dimensions to make informed decisions about the user experience. The ten 
dimensions are temporality, spatiality, sociability, relationality, habituation, affectivity 
(emotionality), sensorially, corporeality, technology. The research project carried out 
by Kinch (2014) concludes by emphasizing that the ten dimensions have not yet 
matured into concrete tools that can integrate the atmospheric experience into the 
design process. In addition, it is recommended that the dimensions evolve in the 
future through practice and field studies. In general, the research field lacks a 
detailed elaboration and breakdown of the ten dimensions. 
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Measuring the atmosphere does not follow any standardized protocol and can be 
considered fragmented as the different dimensions vary in their level of 
quantification. A dimension such as spatiality may be considered easier to relate to 
quantitatively compared to the dimension corporeality. Ideally, the intention is to use 
a standard methodology and quantitative metrics to describe the atmosphere so that 
it can be logged and compared to others, but also itself over time.  
Vischer (2008) presents an alternative user centric hierarchical model explaining 
three levels of comfort that will support the employee’s well-being and satisfaction. 
Initially, the employees need physical comfort, which refers to the fundamental 
human needs such as climate, hygiene, and safety. On top of this, the level of 
Functional comfort is established and focuses on facilities that support work-related 
activities such as individually immersive tasks, collaborative work, etc. Such facilities 
are limited to workplaces or meeting rooms and cover technical support, such as IT 
tools, ambient lighting, and acoustic conditions. The final level is Psychological 
comfort and focuses on the individuals' sentiments towards the workspace. 
Augustin (2009) reports a more tangible approach dividing the combination of space 
and people into four categories: intellectual, teammate, artisan, and sophisticate. 
Roughly, the categories depend on the behavior of people and the nature of the task. 
Either people are working individually or in groups (social), and the work task is 
either physically active or stiller. 
 
The models mentioned generally show that the description of a space and its 
inhabitants still lacks further development, as Kinch (2014) highlighted. As described 
earlier, the combination is at the same time extremely complex with many 
unpredictable factors that can be difficult to convert from abstract phenomena to 
quantitative quantities. On the other hand, technology that provides real-time data is 
increasingly available for design disciplines. As building sensors became smaller and 
less obtrusive, quantitative analysis of human behavior has become popular, 
complementing or replacing manual resource-intensive ethnographic studies 
(Onnela et al., 2015). Compared to the past, today's technology enables researchers 
to statistically improve their understanding of the atmosphere consisting of humans 
and the space they inhabit. Access to data will change the analytical approach to 
more objective statistical methods. 
 
Design hypothesis 
As Kinch (2014) presents, a description of the atmosphere is preferable; however, it 
lacks practical examples and studies that account for measuring all dimensions. 
Involving sensor technology in interior design research in practical workspace 
environment is still at an early stage. However, it provides an exploratory opportunity 
to create depth in various (aforementioned) atmospheric dimensions. 
The purpose is to determine design proposals based on the intersection between 
what the objective sensors and algorithms can identify and the users' subjective 
feedback about the workplace. Technically, the setup in this case study allows 
scaling, so monitoring larger office workspaces becomes possible and includes the 
entire population without breaching general data person regulations. Using the 
employees' personal experience of the office adds an extra depth and dimension to 
the analysis. 
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The output derived and presented is not a holistic description of the atmosphere. 
Instead, it can offer the basis for further development of the model towards a valid 
tool that architects use to design office spaces that statistically manage to support 
users' expectations. The dynamic aspect is essential, ensuring that the architectural 
design solution is not static but continuously adapts to the users' behavior and 
needs. 
 
2.2.1.3 Method 
Case study 
This study took place over four weeks during November month in a white-collar 
workplace environment positioned next to the harbor with ocean view access in 
North orientation.  
Figure 2.2.1-1 shows the floor map of the office hosting between 60-80 employees 
distributed into individual desk-related workspaces, meeting rooms, and open 
lounges. The employees are responsible for the administrative operation of the 
municipality's libraries and associated cultural events and activities.  
 
A red dotted line surrounds an enclosed section of the physical office space part of 
the study. The gray marked areas represents other organizational departments 
physically detached from the population in our study. To respect the anonymity of 
employees, clusters of a minimum of four individual workstations are measured and 
analyzed. The respective zones are shown on the floor map.  
 

 
 

Figure 2.2.1-1 - Red dotted line encloses the workspace in this study with 77 individual (grouped into clusters Ax, 
Bx, Cx, and Dx) and 17 joint working areas (enclosed by green dotted line).  
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Digital Twin of Workspace 
Testing in a closed office space forms a comprehensive and coherent overview of 
the employees' behavior. To achieve this, it is necessary to measure all possible 
physical workplaces and locations parallel, all the time. Any gaps will present 
challenges in understanding the use of the various workspaces (both individual and 
joint spaces), including whether a specific meeting room is occupied because it was 
the preferred working conditions or a lack of alternatives. 
The Digital Twin aims to discover which physical components currently support 
users' needs by using sensors to monitor employees' objective physical behavior 
and digital questionnaires to collect subjective details. Since there is no exhaustive 
protocol, this approach is conducted exploratively. 
 
Digital Twin (DT) Sensors (objective data) 
Two types of sensors are applied in the DT: TableSensor and SpaceSensor. Both 
sensors are characterized as non-invasive since they are physically distanced from 
subjects (employees). Users never wear or carry any devices. Non-invasive sensors 
provide studies with much higher validity due to less biased employees (Gale, 2004). 
Furthermore, the sensors are anonymous since all registered data is non-person 
sensitive (ECGDPR, 2016), and it is 100% impossible to trace back to the individual 
employees based on the data. 
 
TableSensor 
The TableSensor is a 5V/1A powered circular unit (diameter and height: 80x10 mm) 
containing a microprocessor and accelerometer. Mounted at all individual desks (see  
Figure 2.2.1-1); it measures accelerations caused by the person occupying the desk. 
Accelerations are subsequently converted into a binary occupancy indicator for the 
desk, either in use or empty. Measurements are performed ongoing, and once a 
minute, the TableSensor uploads the data wirelessly. 
 
SpaceSensors 
The SpaceSensor is a 5V/3A powered squared unit (width, depth, and height: 
60x98x31 mm) containing a microprocessor and an optical camera. Mounted on 
either ceilings or walls in all joint spaces; the unit periodically captures an image 
(encrypted and blurred). An artificial intelligent, trained neural network (Redmon & 
Farhadi, 2018) extracts objects similar to the human body/shape and afterward 
deletes the captured image. Measurements are performed ongoing, and once a 
minute, the SpaceSensor uploads the data wirelessly. 
 
Digital Twin (DT) Questionaries (subjective data) 
To establish a subjective understanding of the employee’s perspective on the 
workspace, mail surveys have been applied. The target aims to understand how the 
employees evaluate their private workspace (individual workstations/tables) as well 
as their joint spaces (meeting rooms or lounges). (Cha & Kim, 2018) conducted a 
comprehensive study including a population of 268 desk-related subjects and 
reported a ranked list of 18 space attributes affecting human satisfaction at work.  
Excerpts from the list top five include visual comfort, noise level, window view, 
aesthetic appearance, and crowdedness. Similar space attributes were included in 
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this survey and asked to be evaluated as multiple-choice, while the possibility of 
responding with free text was also present. All employees were asked once to 
perform this evaluation for their specific private workplace, as well as for the joint 
spaces (meeting room or lounges) they most prefer using when available (see 
Appendix C for the paper version of the online questionnaire). As part of the 
questionnaire survey, the focus was also on employee satisfaction and productivity. 
The latter has proven to be particularly challenging to quantify in knowledge-based 
workplaces, where the factors affecting money earned versus money invested can 
be highly complex to clarify (Haynes, 2007). Numerous studies show a positive 
correlation between self-assessed and actual productivity (Leaman & Bordass, 2000; 
Oseland, 1999). Multiple studies of employee productivity in knowledge-based 
workplaces is based on the self-assessed productivity protocol 
(Candido et al., 2019; Johnson et al., 2019; Leesman, 2017). Humphreys & Nicol 
(2007) found a correlation of 0.77 between self-assessment and subsequent 
grading, in their study of 109 students participating in two 3-hour written mathematics 
tests.  
 
2.2.1.4 Results 
Employees who own a personal workstation (individual desk) and show up weekly 
are involved in the survey. Out of 53 recipients of the questionnaire, 44 employees 
responded (response rate of 83%). Table 2.2.1-1 compares sensor data and user 
responses on productivity and satisfaction from 44 employees (in the respective 
clusters). In addition, the access to ocean view has been estimated as an average 
for each cluster ranging between Low, Medium, and High. For example, the seating 
capacity in cluster A2 is six, and all members have responded to the survey. 
Between 8 AM - 4 PM, each member spends an average of 4,2 hours of their time in 
the cluster. When the cluster is in use, the average number of persons present is 
2.2. The self-assessed productivity and satisfaction are 3.3 and 4.0, respectively, 
based on questionnaire responses. Finally, their access to ocean view is categorized 
as Low. 
 

 
Table 2.2.1-1 - Comparison of sensor data and employee responses (Self-assessed productivity and 
satisfaction). 

Results from the correlation analysis results are shown on Table 2.2.1-2. Moderate 
positive correlation coefficients are obtained comparing Hours spent in cluster and 
Self-assessed productivity (r=0.62) and Self-assessed Productivity vs. Satisfaction 
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(0.73). As the ratio between the correlation coefficient and the Probable Error rate 
(P.E.r.) passes six, the dependency in both cases is considered very strong (Eells, 
1929). Comparing Persons in cluster vs. Self-assessed productivity, also shows a 
moderate correlation, but negative. The P.E.r. value is less significant as it does not 
exceed six. 
 

 
Table 2.2.1-2 - Correlation analysis of selected Sensor data and Employee evaluations  

Figure 2.2.1-2 illustrates how Self-assessed productivity is affected by the factor 
Hours spent in the cluster (average daily hours spent in the cluster) and Persons in 
the cluster (average number of persons in the cluster when in use). Self-assessed 
productivity is positively dependent on Hours spent in the cluster. In contrast, the 
opposite appears for Persons in the cluster. The figure shows how Self-assessed 
productivity (the size of the circle) is proportionally increasing with the productivity 
level as employees spend more time at their respective workstations and vice versa 
when the number of people in the cluster increases. The more significant correlation 
coefficient between Self-assessed productivity and hours spent in the cluster 
appears on the graph as changes along the x-axis affect the productivity more than 
changes along the y-axis. 
 

 
Figure 2.2.1-2 - Comparing the subjective parameter Self-assessed productivity across Hours spent in the cluster 
and Persons in the cluster. 
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Table 2.2.1-3 shows the occupancy distribution of all 17 joint spaces. For instance, 
room G2.5, with a seating capacity of 10, is occupied 10% of the time on average 
between 8 AM - 4 PM (corresponding to 48 minutes). When occupied, only 26% of 
the seating capacity is in use, corresponding to 2.6 persons. Finally, the histogram 
details the occupancy distribution into the number of people in the meeting room. 
Out of the 48 minutes the meeting room is occupied, 63% of the time (30 minutes) it 
is only used by 1-2 employees. In a single minute, seven people were registered; 
otherwise, a maximum of six people occupied the meeting room. 
 

 
Table 2.2.1-3 – Occupancy data for Joint spaces, both meeting rooms and lounges 

On average, joint spaces are occupied 13% of the time (approximately one hour), 
with 39% of the seating capacity utilized. In use, nearly 90% of the time, the joint 
spaces are only occupied by 1-2 persons. Figure 2.2.1-3 illustrates the occupancy 
rates of Joint spaces and individual workstations on the most crowded day during the 
four weeks of study. Between 1:00-1:20 PM, a total peak of 69 persons is measured 
(Total number of people at work, red solid line), of which 23 employees are 
distributed into five joint spaces, while the remaining 46 occupy individual 
workstations. The dotted lines highlight different maximum capacities. Figure 2.2.1-3 
illustrates that the current capacity of meeting rooms and workstations is far from 
being exceeded. 
Comparing the occupancy measurements of the daily time series of the workstations 
over four weeks shows a moderative positive correlation: r=0.60 ±0.09. This could 
indicate the presence of a certain usage pattern. In contrast, the usage pattern of the 
joint spaces appears random (r=0.27 ±0.28). 
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Figure 2.2.1-3 - Maximum capacities versus actual occupancy levels of joint spaces and individual workstations during the 
most crowded (measured in persons present at the office) during the testing period. 

Table 2.2.1-4 shows a summary of employee answers and sensor data. The purpose 
is to present the most critical spacious parameters that affect the users concerning 
their private workstations and their most preferred joint spaces. 
 

 
Table 2.2.1-4 - Excerpts of subjective answers and objective sensor data 

 
Many employees are neutral (40%) on whether the physical workspace enables 
them to work productively, while 28% consider the workspace non-productive. For 
instance, the space attributes daylight, view, and visual comfort as the most 
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supportive to fulfill work-related activities. On the other hand, Surrounding noise, 
Passing through traffic, and Lack of privacy are the top three least supportive. 
Regarding joint spaces, the most decisive space attributes for selecting are the 
Amount of space, Daylight, and View. 
 
Table 2.2.1-5 presents three different behavioral profiles in the workplace. This 
includes how the sensors measure and categorize the employees and how they 
assess their own work behavior to match the respective profiles. The profiles are 
selected based on interviews with employees from the respective environment. 
Three profiles represent the majority of work behaviors. 1: concentrated individual 
work, which is primarily performed from the personal workstation, 2: individual and 
collaborative work with colleagues, but primarily performed at the personal 
workstations (not joint spaces), and 3: mainly attending meetings and thus to a 
minimal extent physically present at the personal workplace.  
 

 
Table 2.2.1-5 - Comparing work behavioral profiles based on data from sensors and employees 

Based on the joint space occupation rates, it is fair to expect profiles 1 and 2 to be 
ranked highest. Objective sensor data and subjective employee data identify working 
at the personal workstations (profiles 1 and 2) as the primary behavior, 69% and 
79% respectively. In general, the amount of data is limited to this analysis, so the 
results come with uncertainty.  
 
2.2.1.5 Discussion 
In this study, two different types of non-invasive sensors were installed in a private 
workspace to objectively and non-intrusively synchronously measure multiple 
individuals via an autonomous and anonymous tool for data collection. The system 
provides a mapping of people's locations over a longer time. Simultaneously, we 
supported the study by conducting a questionnaire to collect the employees' 
subjective workplace experiences. 
 
Consisting with previous studies (Gensler, 2013), this research also identifies the 
high inability of the physical workplace to support employee productivity, as 68% 
evaluate this specific workplace as either being non-supportive or neutral in enabling 
employee productivity. This observation confirms the need to improve the physical 
environment in the workplace still exists. Sensor data reveals precisely and 
objectively how employees use the office landscape. It provides a solid overview of 
the frequent occupation of individual workstations and joint spaces.  Although the 
study was limited to four weeks, it became statistically possible to identify specific 
patterns or trends.  
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The data indicate higher productivity among employees who spend more time in 
their clusters (r=+0.6), but productivity declines as the number of employees present 
simultaneously together increases (r=-0.4). Productivity is more sensitive to time 
spent than the number of people present simultaneously, see Figure 2.2.1-2. 
Whether this is due to the nearby seated colleagues being perceived as a disruptive 
factor is unknown. A further investigation is needed to understand the specific 
background of this observation. 
 
Another benefit of a digital twin is different theories can be objectively tested and 
evaluated. Previous studies have shown that windows and natural views support 
employee experience, including satisfaction and productivity. The subjective 
responses from this study also show that employees prioritize daylight and views as 
most crucial to their productivity. However, the sensor data analysis reveals no 
statistical correlation between views of nature (including daylight) and employee 
satisfaction or productivity. It is necessary to emphasize that this is a snapshot for 
November. In Denmark, where the test took place, daylight is minimal during this 
time of the year (a few hours a day). Therefore, it could be considered that access to 
daylight should have an importance to employees, but rejecting the opposite 
argument is not valid either. By having the digital twin as a permanent installation 
that can carry out the analysis continuously over months and years, it will be 
possible to become more confident about the underlying causes. Since this study 
includes the entire population and the entire physical office environment, the results 
have unseen statistical power, but different types of variations, including both internal 
and external, must be collected and analysed over time before final conclusions can 
be drawn. 
A digital twin enables an ongoing understanding of how the physical office landscape 
is used and optimized. Table 2.2.1-3 and Figure 2.2.1-3 clearly shows that the 17 
joint spaces have a low utilization rate. Most often and when in use, only two 
employees occupy the joint spaces.  
Compared with the users' experience of what is most disturbing in their private 
workstations (Table 2.2.1-4); 1: Surrounding noise, 2: passing through traffic, and 3: 
Lack of privacy, it emphasizes that the large area allocation for meeting rooms 
should be re-prioritized. Attention, right now, must focus on optimizing the interior 
design of the private workstations to support the needs of the employees better. 
Table 2.2.1-5 also supports this recommendation, as it shows that the employees' 
primary work behavior centres around their private workstation (app. 70-80% of the 
time). On the other hand, this may just as well be a snapshot that the Covid-19 
pandemic has caused, and the need is just temporary. In general, understanding an 
office environment concerning fulfilling users' needs best possible should be more 
temporary or dynamic. The conditions are not statically defined and will vary over 
time, why ongoing monitoring can create a qualified basis for architects to intervene 
when necessary. 
 
It is not the expectation to present a holistic model with all 10 dimensions elaborated 
or quantified as reported by (Kinch, 2014), but as explained and recommended by 
the researcher, this attempts to mature selected dimensions with practical 
experiments. This explorative study provides quantitative observations related to 
selected dimensions, including spatiality, sociability, habituation, and emotionality. In 



 
 

112 

addition, the questionnaires contribute a necessary understanding of the users' 
personal experience of the office environment. The questions can and should be 
continuously updated to focus on the most ardent aspects of users' individual needs. 
It is precisely this combination of objective and subjective data that creates the 
strength of the present model. 
The technical setup enables the opportunity to accumulate data over time and 
archive both the tangible and intangible concerning spatial design and behavior that 
will be valuable to future designers. Such an archive requires time to establish, and 
adds a historical link between today and the past, which can potentially change how 
future designers work in practice. 
 
2.2.1.6 Conclusion 
The experiment follows an exploratory approach, which manages to derive relevant 
information about how employees utilize an office landscape and potentially improve 
this. User behavior does not have a specific definition, so the project focuses on 
selected aspects. With a limited test period of four weeks, it was possible to identify 
specific behavioral routines that correlate with users' productivity. Furthermore, it 
was possible to recommend design options to support productivity improvement. 
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3 Results & Discussion 
This research project is driven by the possibility of improving the physical 
environment in workplaces for individual employees. Several international studies 
(Gensler, 2013; Leesman, 2017, 2020) showed converging results, with only 50% 
experiencing their workplace as a positive enabler. Studies from the private 
workspace at Dokk1 fall in line with this distribution, as less than 35% assess their 
workplace to enable them at work or tasks (Paper 710). Given that the environment is 
less than five years old, such an observation is worrying as this respective 
environment can, most likely, be categorized significantly above the average 
workplace from an architectural interior design point of view. Due to a lack of 
historical data, it is impossible to conclude whether dissatisfaction has always 
existed or developed over time. However, there may be a tendency to support the 
reflections of Danielsson (2010), and Elisabeth (2014). They describe that an 
environment needs ongoing adaptation to avoid this discrepancy between the initial 
building performance intention and actual performance. As no adjustments have 
been made to the workspace since the opening, the existing discrepancy exists as 
predicted. Whether the ongoing pandemic (Covid-19) has strengthened the gap 
cannot be rejected. 
The difference between the building's planned and actual performance is diagnosed 
using a digital twin consisting of non-invasive sensors, data storage, and analytical 
software. Seven studies, which have resulted in seven papers, have presented the 
practical possibility of identifying causes that contribute positively or negatively to the 
user experience in semi-controlled environments of the Dokk1. Several peripheric 
algorithms have been developed throughout the research project to analyze the 
sensor data (XY coordinates, optical images, and accelerometer data). Table 3 - 
1lists all algorithms together with a short description of the functionality and the 
technical accuracy. As mentioned, depth cameras are not usually applied to analyze 
people in work behavioral settings. Therefore, it has become necessary to develop 
these algorithms ourselves. The algorithms have successfully converted raw data 
into information about users' behavior and experience. The following section reviews 
selected results assessed as the most relevant contributions to the project's overall 
hypothesis and research questions. 
 
3.1 Productivity Factor 
The literature associating cognitive activity with different environmental stimuli 
established the basis for developing an objective productivity measurement tool 
(Candido et al. 2016; Oseland 1999). Building upon the work of Sarver et al. (2015), 
who demonstrated the association between physical stillness and cognitive 
performance in different physical settings, an algorithm converted the measures of 
head movement to a proxy for productivity without compromising privacy or 
interrupting subjects while they work or study. The correlation of sensor data with 
subjective user responses resulted in a statistically significant mathematical model 
outputting an absolute quantitative measure for human productivity, Productivity 
Factor (PF: 1-5, 5 representing the highest level of productivity). In particular, the 
model excelled in categorizing users in extremes as either very low (PF=1) or very 
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high (PF=5) (r=0.81; p<0.001***). The productivity characteristics overlap in between 
the extremes (PF = 2-4), decreasing the model significance (r=0.39; p<0.10), see 
Figure 2.1.4-4.  
 
 

 
Table 3 - 1: Listing of all peripheric software algorithms developed throughout the research project 

 
From an architectural design point of view, the PF was significantly dependent on the 
seat orientation quality and the table location (p<0.01*). This is consistent with 
previous studies within neuroscientific and behavioral studies.  
This study differentiates itself at a crucial point as it uses mathematical models to 
analyze quantitative data from unobtrusive room sensors that map users’ movement 
to indicate cognitive functions. The novel contribution of this study is the ability to 
convert objectively measured data to an absolute measure for productivity (PF level 
from 1-5) with such a high statistical certainty. Once developed, the model can easily 
explore multiple alternative dependencies as the data is stored. For instance, the 
study also demonstrates the dependency between the users' length of stay and 
productivity level. Chandrasekaran et al. (2021) report the environment being a 
supportive element in maintaining our cognitive abilities during prolonged sitting. 
Consistent with this, our model divides the productivity factor into three phases once 
seated. 1: accommodation, 2: high-performance, and 3: decline; see Figure 2.1.4-5. 
This time-related productivity factor also varies as a function of the design attribute, 
with significantly higher Productivity Factors measured from users with better window 
views, reduced visual noise, and minimal walk-through traffic. Testing in one semi-
controlled environment prevents generalizing the results. However, the p-values 
have shown encouraging results, why there is an optimistic basis for further 
processing of the model. 
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3.2 Social Interaction 
As the outcome of collaborative group work is documented more valuable than the 
contribution of individuals (Miller & Katz, 2014), design principles to stimulate 
socializing and collaboration in workspaces become essential (Gensler, 2009; 
Steelcase, 2009). This study contributes with a mathematical model capable of 
producing a quantitative output that maps group members’ seated movement as an 
indicator of interaction level. Paper 511, presents a method to convert head 
movement within a group of 2-4 members into a quantitative measure, ranking from 
1-5, 5 representing the highest level of group interaction (r=0.55; p<0.01**). From an 
architectural interior design point of view, the findings were consistent with previous 
studies (Augustin, 2009). For instance, depending on the table type and seating 
options, group members seated closer and with more eye contact would measure a 
higher level of group interaction. Group members seated at rectangular tables 
consistently measured higher interaction levels than the large circular table 
(p<0.01**). Also, physically exposed workplaces are more likely to stimulate group 
interaction than isolated corner areas.  
Combining the studies allows the experiment with the results from the public space 
(paper 5) into the Dokk1 private workspace (paper 712). Employees have already 
indicated their preferences through questionnaires. However, access to users' 
subjective preferences can be highly beneficial but misleading as well, as they do not 
necessarily reflect their actions (Nielsen & Levy, 1994). A questionnaire from paper 7 
involving more than 80% of employees from the private workspace (n=44/N=53) 
shows deviations between their self-reported preferences and their sensor-measured 
objective occupancy data. Also, paper 313 shows contradictions between the users' 
perceived evaluations. For instance, it suggests that users evaluated space 
attributes differently depending on their presence in the space. Notably, users 
perceive window views as less critical after the intervention (window views were 
covered with a blinder). In contrast, the actual satisfaction with the window views 
dropped significantly, and more interestingly, the average self-assessed productivity 
level decreased significantly as well. Naturally, it is necessary to relate to the users' 
subjective responses. Still, the digital twin also allows to experiment with targeted 
design suggestions based on the users' objective behavior.  
 
3.3 Decision Patterns 
As there is a detailed insight into the whereabouts of the entire population, it 
becomes possible to create an understanding of the users' decision-making 
processes. It has been crucial to distinguish whether the users' decision comes 
because they had a free choice, or it was the last available option. This is only 
possible by including the entire population and monitoring the entire physical area. 
An overview can be established on an ongoing basis of which locations or types of 
furniture the users prefer, dividing this into individuals or collaborative groups. All this 
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information funnels into a logical flow diagram (see Figure 2.1.6-10, only for 
individuals) that ranks which attributes are most significant for their decisions and 
which threshold values are decisive for the users' decisions. 
For instance, the most decisive criteria for individuals as they arrive is an available 
seat with both neighboring seats empty as well. Despite this, visitors join the 
workspace to be working among non-familiar people but with respect for the 
interpersonal zone (Hall, 1982). Depending on the location of the study, cultural 
differences affect our interpersonal zones (Augustin, 2009). The methodology can 
help gather an understanding of local differences, such as cultural ones. 
Subsequently, the priority is dominated by the table type and crowdedness; location 
makes a less significant difference.  
Building additional similar quantitative analysis is reasonable because the amount of 
data accumulates once the digital twin runs. All data is structured, normalized, and 
labeled, which can be fed directly to advanced artificial intelligence algorithms to 
identify usage preferences that would be impossible to achieve by a manual 
approach. As Crum (1933) describes it, humans are unpredictable in their behavior, 
and the same population can, for no reason, attain new preferences over a short 
time. The Discussion section of Paper 614, also discusses the contradictory 
outcomes from existing literature, collected user preferences from the study, and the 
output data from the digital twin. Therefore, the digital twin provides the opportunity 
to continuously and up to date understand users' current preferences. 
 
3.4 Private Workspaces 
As a result of the pandemic (Covid-19), the final study was in an alternative 
environment. Paper 715 utilizes the digital twin approach on a private workspace 
within the Dokk1. In line with several international studies (Gensler, 2013; Leesman, 
2017, 2020), employees at the Dokk1 private workspace assess their physical 
workspace as not supportive of enhancing their productivity. As only 30% positively 
consider their physical workspace, the digital twin is expected to identify significant 
symptoms. Inspired by the atmospheric holistic concept (Böhme, 2016; Dalsgaard & 
Kortbek, 2009; Kinch, 2014) and in continuation of the studies conducted in the 
Dokk1 public space, this study aims to cover the entire workspace and monitor 
employees’ whereabouts consistently. As the area to be covered was significantly 
larger, different sensors (94 pcs) were only capable of counting people within the 
office landscape. 
Comparing self-assessed productivity measures and sensor data reveals the 
physical surroundings that enable employees to perform more productive. From an 
architectural point of view, a workspace profile can be developed and become a 
reference on how to design workspaces. Based on this study, three relevant 
observations could be attached to the workspace profile. 1: the most productive and 
satisfied (with physical surroundings) employees also spend the most time at their 
respective workstations. 2: clusters having a dense population of employees are less 

 
14 Paper 6: A data-driven approach to quantify human decision patterns in public workspaces based 
on non-invasive sensor-systems 
15 Paper 7: A Technical Representation of Office Environments Archive the Atmospheric Heritage and 
can Provide Future Design Recommendations 
 



 
 

118 

productive. A high presence of colleagues negatively affects our performance at the 
Dokk1. Cultural and organizational differences significantly influence our work 
behavior, why this observation only counts for the specific private enclosed location 
at the Dokk1 (Methot et al., 2021). 3: employees working in secluded environments 
experience the highest productivity and satisfaction. Simultaneously, meeting rooms 
are only in use 15% of the time, while 85% of this time by a maximum of 2 people. 
By comparing the productive workplace profile with the objective measurements of 
the office landscape, an evidence-based insight is offered to the architects to 
remodel the floor map. 
Four weeks of study in November with limited daylight16 and, at the time, increasing 
corona infection17 impacts the analysis and should constrain any form of 
generalization. However, this is also the strength of the digital twin, as it can give a 
snapshot or compare different periods to identify critical changes that may require 
architectural interior design attention. A myriad of factors, including the climate, 
organizational changes, our preferences, etc., can all vary from time to time. The 
workspace profile will identify which physical framework best suits the given time. A 
workspace profile should not be limited to a static profile; on the contrary, previous 
discussions and references to irregular human behavior argue for a more dynamic 
understanding and responsiveness. 
 
3.5 Discussion summary  
Common to the four focus areas (sections 4.1-4.4) and their respective research 
contributions is that they are, in principle, fully autonomous methods and operate in 
real-time. Comparing this to previous methods emphasizes a significant difference. 
Once the digital twin is set up and running, the resources needed for operations and 
maintenance are limited. Additionally, the results are ready for use shortly after the 
data is measured. The digital twin offers a quick response if a workspace begins to 
show symptoms. Insights are immediately available to the decision-makers, and 
adaptation of the space can be continuously achieved, thus minimizing the difference 
between the planned and actual performance of the building (Danielsson, 2010; 
Elisabeth, 2014). 
 
As highlighted in the introduction, the aim is to conduct proof-of-concept studies 
justifying the use of digital tools and mathematical models to measure human 
experience inside a building. From a research point of view, this study has shown the 
feasibility of combining digital tools and mathematical models to identify architectural 
interior design changes that statistically is more likely to improve the user 
experience.  
On the other hand, the method and the developed models are still in their early infant 
state. Kinch (2014) introduced the practical holistic approach, representing the 
atmospheric concept of space consisting of users and ten dimensions, which still 
needs maturing. We succeeded in maturing selected dimensions to become more 
measurable and practically compliant, but the combination of people and spaces is 
complex as many parameters are involved. It is necessary to emphasize that the 
methods have only been exposed to a limited number of variable parameters, such 

 
16 https://www.dmi.dk/ 
17 https://www.ssi.dk/ 



 
 

119 

as only one type of environment, a similar type of population, few types of space 
attributes, and a limited testing period. Despite only presenting a limited portfolio of 
workspace parameters, the models are functional, as they perform statistically 
acceptable. However, the results are initially limited to Dokk1 and only within the 
given conditions. It is important to stress that not all validation studies are 
generalizable, and a new setup may require an iteration. For instance, the model 
converting sensor data to productivity is trained based on users' self-assessed 
productivity. This "ground-truth" cannot be generalized across cultures, populations, 
or locations. However, there is nothing to prevent the application of the methodology 
in alternative locations. The proliferation of sensors and algorithms for new 
environments will mature the mathematical models to be more nuanced for handling 
multiple variables. 
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4 Architectural aspects of data-driven design 
A recent study reported that three out of four millennials (those born between 1980 
and 1995) prefer experiences over things (Eventbrite, 2017). The experience 
economy has taken root, and there is no indication that future generations will 
prioritize differently (Pine & Gilmore, 1999). During the last decade, we have been 
experiencing, and still experience, a technological revolution that is changing the 
way we live, work and relate to each other (Schwab, 2015). This brings us back to 
Aksamija's (2021) statement that emerging building technologies over the past 
decade are pushing for a paradigm shift in architecture, requiring architects to re-
think and challenge how this change will influence their work. Our research project 
has shown a novel method to study human behavior and experience as well as 
coupling this to the architectural interior design discipline. From a statistical point of 
view, the methodology proved sustainable, but improvement is still needed. 
However, before further maturing the technical features of the digital twin, another 
aspect should, first and foremost, come into focus—namely, the use of the digital 
twin in the practice of architecture. Reflecting on the seven published papers, they all 
have in common that they focus on how the digital twin can support the work of 
architects. The digital twin tool is assumed valuable for architects if a statistical 
analysis can account for which space attributes enable particular human behaviors 
and experiences. The digital twin may solve a need, but it is uncertain whether it will 
solve the architects' needs. 
Throughout the research project's lifetime, there have been ongoing presentations of 
the digital twin at conferences, internally in the company and the institution, and with 
various external partners. Indeed, it arouses interest, but there is still significant 
doubt whether the product is a good match for the architectural profession. Or, to put 
it another way, are the architects the right professional group to lift the product 
forward? Concepts consisting of sensors and algorithms are not new. As mentioned 
initially, various firms from the building operation industry have already adopted 
similar solutions and made it their bread and butter. The digital twin of the Dokk1 is 
an initial method that positions social science and architecture at the forefront. It is 
worth reflecting on whether the project should have at least one study (paper) 
focusing on how the tool is carried forward and by whom, or if possible, to integrate 
the digital twin concept as a fixed part of the architects' practice. Previous studies 
(Böhme, 2016; Dalsgaard & Kortbek, 2009; Kinch, 2014) clearly show that the 
analytical approach to environmental user experience is an architectural interest and 
discipline. However, the uncertainty relates to how the data-driven approach 
becomes relevant or attractive. 
 
4.1 Architecture and the adoption of digital tools 
Semi-structured one-to-one interviews were conducted with architects from 
academia and industry to outline reasons for digital tools not being adopted by the 
field of architecture. Four architects participated, one from academia and three from 
the industry. A short names presentation is given in the following, supplemented by 
selected competencies. 
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Participant name Title/profession 
Jody Nyboer Ass. Professor, Environmental and Interior design, Syracuse University 
Hans Vogel Design and planning of major hospital projects in Scandinavia 
Michael Brunbjerg Founder of a design studio with a focus on smaller interdisciplinary projects 
Tina Rasmussen The client's advisor on the planning of a new university hospital 

Table 4-1 1 – List of interview participants, names and titles/profession 

The feedback is reported as a summary and represents the subjective opinion of the 
interviewers. The following work is unpublished and undertaken only for this section.   
 
4.2 Interview summary 
Initially, there is general agreement that digital tools should be more integrated into 
the architects' design process in terms of interior design. The digital twin is positively 
accepted and considered a novel user-centric tool embracing digital transitions.  
Participants perceive the digital twin as a quantitative tool in its current constitution. 
Architecture is described as a discipline in communicating emotions and values, 
qualitative parameters that, according to the interviewed architects, are challenging 
to see integrated into the current digital twin. Spatial surroundings and the relations 
between interior space attributes are essential to contain in the model. Overall, the 
papers only focus on three to four interior space attributes (table type, seat 
orientation, location, and crowdedness). The public and private environments at 
Dokk1 contain other relevant attributes that are decisive to involve and understand 
before an architect can become engaged in the design process. A holistic 
understanding is necessary before entering into the solution mode. 
 
One of the architects made a rewarding comparison, drawing an analogy to another 
technology, initially not aimed at architects but widely used today. Virtual Reality 
(VR) tools have been of great help to engage the building owner closer to the 
architect's holistic understanding of the design proposal. At an early stage, VR tools 
provide a look into the emotional experience of the space that the architect has been 
considering throughout the design process.  
 
Although there was confidence in the digital twin's methodology and results, from a 
validity point of view, participants were curious about when such a model would 
reach the level of matureness to be used for a general-purpose interior design 
project. For now, skepticism exists, as the digital twin simplifies the real world down 
to a few variables and indicators. 
 
Self-assessed productivity is chosen as the digital twin's leading design criterion, 
which for some participating interviewers is considered non-typical within the 
architectural discipline. The worldwide architectural firm Gensler, also known for 
conducting research within workspaces, has recently published an issue of Design 
Forecast (2022) on "Design Strategies for the Human Experience" (Gensler, 2022). 
Gensler emphasizes the importance of holistic design for the human experience and 
highlights design criteria such as inclusive, healthy, purposeful, the health of the 
occupants and the planet. The symbolic value related to Gensler's parameters is 
evaluated to have a more profound concern for the individual and society. At the 
same time, productivity is easier to associate with "greedy" corporate business 
interests. 
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4.2.1 Author’s comments on the interview 
Ultimately, the digital twin intends to support architects in optimizing the user 
experience through a more evidence-based design process. It is not the goal to 
achieve this by the end of the current research project. The first step has been to 
demonstrate how mathematical models supported by technology can complement 
this purpose. Digital tools available have shown maturity for further development to 
become a tool for architects in the design process. 
Although the tool focuses on the user-centric approach and not the technical facilities 
of the building, it is evident that it does not yet meet the architects' expectations for a 
similar tool. As mentioned, specific issues still need to be resolved, but the primary 
obstacle is as follows. The digital twin takes a holistic approach, but only to include 
the physical area and all users. This has been advantageous in attaining statistically 
significant studies, which the architects do not undermine. However, they emphasize 
to a great extent that the holistic approach will have to include the environmental 
complexity to a greater extent.  
This study has shown the practical feasibility of developing mathematical models to 
convert sensor data into valuable insights that describe users' behavior and 
experience. As a first attempt, the range of behavior and experience parameters has 
been limited but supported with unseen statistical significance. More models will 
mature by conducting more tests and increasing the number of parameters. The 
digital twin will accommodate such models and thus contribute to a more nuanced 
and complex picture of the environment, making it more holistic. It includes more 
parameters and, more importantly, their interrelations. 
 
4.3 The data-driven journey 
With the growing adoption of technologies in workspaces, data-driven design is an 
opportunity to improve employee user experience. However, it is unclear how the 
data-driven journey for architects and digital twin tools will evolve. There is no simple 
answer to this, and most likely, the two fields will overlap. Digital tools measuring and 
quantifying social conditions, such as productivity and group interaction, will most 
likely permanently be in a work-in-progress mode. We are not trying to quantify and 
model mathematical and physical conditions, but dynamic social human behavior 
and experiences described as irregular (Branch, 1999; Crum, 1933). 
During the interviews, Virtual Reality (VR) was highlighted as a tool the architects 
greatly benefit from in the design process. It should be emphasized that a lot has 
happened since the first VR product was introduced in 1962 (Cipresso et al., 2018). 
In 1991, Matsushita Electric Works, Japanese (manufacturer of consumer 
electronics), introduced the first commercial VR product for interior design concepts. 
Customers could experience a custom-built kitchen, and the feedback would improve 
the design (Chan, 1997). Much has changed since the introduction, both on the 
technical side but especially concerning the product's application areas. It was 
impossible to track head movements or interact with other people in the virtual room 
a half-century ago. Today, one can virtually interact with other people, and the 
design details are visible to minor details to create a unique impression of a space. 
To an extent, the architect's subjective, unique emotions and values appear in the 
virtual world. The product evolves each year, offering new features that require more 
and different data types. 
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Perhaps, waiting to engage before a complete version of a data-driven tool, such as 
the digital twin, might be considered naive. Of course, nothing precludes other 
industries from developing and subsequently offering the service to the architectural 
industry. However, so far, previous digital twins primarily focus on the technical 
aspects of the building, as mentioned. Therefore, the architect's involvement could 
accelerate the development of digital twin tools within their industry, which can 
benefit the inhabitants and thus the general improvement of design from a user-
centric point of view. 
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5 Summary Conclusion 
The digital twin approach was conducted in two different physical environments 
within the Dokk1; the public area primarily used by academic students and the 
private workspace for the municipal library headquarters. In total, seven papers were 
published based on the studies conducted at the Dokk1. 
An overall evaluation of the Digital Twin demonstrates a significant consistency with 
previous studies on the correlation of user behavior and experience with the 
surrounding environment. From a statistical point of view, the present study 
contributes mathematical models capable of converting sensor data to absolute 
quantities describing human experience features such as users' productivity or the 
group members' level of interaction. Digital tools consisting of sensors and 
algorithms demonstrate how to quantify user behavior into user experience metrics. 
Finally, the results identify architectural interior space attributes that stimulate certain 
types of human experience. Statistically, the algorithm converting head movement to 
a productivity measure performed with a significant correlation coefficient of r=0.55 
(p<0.01**). Other algorithms for analyzing group interaction or user decision-making 
processes also showed statistically satisfactory results. 
 
Building technology is reaching a point that supports measuring the user experience 
indoors without the challenges from previous studies (Haynes, 2007). This allows 
more feasible measuring and validation of interior design solutions and their effect on 
performance, motivating businesses to enhance the workspaces from an interior 
design point of view rather than primarily focusing on organizational changes. 
 
5.1 Status-quo 
Three years of research and field testing have resulted in several algorithms 
converting raw sensor measured behavioral data into user experience metrics. 
Correlating with the surrounding spatial environment identifies space attributes 
having a positive or negative effect on the user experience, thereby justifying 
recommendations on adjusting the interior design based on evidence-based 
empirical data. Compared to other social studies within architecture, it has been 
particularly successful in contributing with analytical models with a high statistical 
significance. However, intended for use in the architectural design process, some 
shortcomings need attention. Initially, the aim to demonstrate whether today's current 
technology and algorithms non-invasively (passive) can measure and extract human-
related experience data has proven possible and feasible. The conceptual method, 
including the assumptions for identifying correlations between interior design and 
user experience, differs from how interviewed architects process similar tasks. In 
order to carry out the research project, it has been necessary to simplify the model, 
which has led to compromising the holistic understanding of the environment. 
Possibly, it is inaccurate to conclude that the digital twin simplifies the 
circumstances. It focuses on a narrow-selected group of space attributes within that 
environment while keeping everything else constant. Feedback from the interview 
(4.2 Interview summary) and consistent with chosen literature (Böhme, 2016; 
Dalsgaard & Kortbek, 2009; Kinch, 2014) describe that the architect typically initiates 
their process based on the client's requirements of an indoor environment by 
assembling a comprehensive interpretation of the design task. Inspired by this 
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holistic understanding, the process combines and experiments with different design 
attributes until the design expectations are met. The digital twin flips the procedural 
order by focusing on specific design attributes to optimize. The client's requirements 
are met by refining the individual building blocks and finding the best possible 
compromise. Unfortunately, all the building blocks do not exist within the digital twin 
portfolio. Arguably, the digital twin turns the process upside down, beginning from 
the bottom up, while the more traditional architectural approach begins from the top 
down. In principle, it can be argued that they do not exclude each other but, on the 
contrary, support each other. 
 
5.2 Digital twin future potential 
The current infant version of the digital twin is based on two different environments 
(two physical environments within the Dokk1). With a limited budget and time, it was 
possible to quantify users' behavior and experience without intervening with the 
users. Of course, the models presented fail to comprehend the complete holistic 
understanding of the environment, which involves the interaction between the 
subject and the objects (Dalsgaard & Kortbek, 2009). However, it is a step toward 
analyzing indoor spaces that align with the holistic analytical approach (Böhme, 
2016; Dalsgaard & Kortbek, 2009; Kinch, 2014). Initially, the premise is that this is a 
first and foremost attempt. Over time, as the number of iterations increases, the 
models will become more complex and include more dimensions supporting the 
holistic understanding (Kinch, 2014). 
One feature of the digital twin that can be categorized as its competitive advantage is 
its non-invasive approach. Compared to previous similar studies, the focus is on 
distancing the sensors and the users from each other, including both physically and 
from the users' subjective understanding of being monitored. Notably, in the studies 
conducted in Dokk1 public space (six out of seven papers), the choice of depth 
sensors was innocent concerning the use of person-sensitive data. It was not 
required to inform users or acquire their consent. As subjects were non-aware of 
being monitored, it was possible to measure users' completely raw non-biased 
behavior. There was no intermediary; the measurements reflect how users behave 
without mediation and interpretation. Access to this novel untouched raw information 
is a contribution that allows completely new research explorations within social 
studies. Suppose similar digital twin tools are installed geographically and with 
different users in multiple environments, all collecting similarly structured data into a 
common platform. In that case, a new potential to quantify human behavior and 
experience enables. 
The data analytical approach in the present studies has been both inductive and 
conductive. In selected studies, there has been a specific hypothesis to be 
investigated in advance, while in other cases, it has been possible to derive 
information from the collected data. In both cases, the processes have been carried 
out manually. Artificial intelligence to review existing data can contribute insights that 
human abilities will never be able to come close to. In particular, this has the 
potential to become a significant factor in the inductive approach if data is 
standardized and collected across projects. It is already considered possible to use 
the artificial intelligence methodology Random Decision Trees (Ali et al., 2012) to 
identify the human decision-making processes concerning the choice of seating in 
Dokk1, the public area. Random Decision Trees are a branch of machine learning 
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algorithms trained to construct hierarchical decision structures to understand 
priorities and threshold values. The outcome is comparable to the manual derived 
human decision patterns in paper 618. 
 
5.3 Data ethical considerations 
In the public space section of the Dokk1, the personal data requirements are 
rigorous, which means many technological possibilities are disqualified, even though 
measured data is guaranteed not to contain any personally sensitive information. As 
a public space, the building owner is obliged to provide a safe space for the public 
users. "Safe place" does not have a legal specification but is assessed from concept 
to concept. Therefore, it is heavily based on the dissemination and purpose of the 
project. For instance, getting projects approved for research purposes is consistently 
easier than commercial ones. 
In the private workspace at Dokk1, the situation is different. As a private and 
enclosed office, the opportunities are significantly more significant; however, 
employees must be aligned. For instance, paper seven was only completed after the 
employees had been consulted. Their feedback limited our access to individual 
worktables/stations, so all personal tables were clustered in groups of 4-6. 
 
The choice of sensors in this project has led to limited data challenges. Concerning 
legal regulations, the requirements are fulfilled. A general concern does exist that the 
ethical non-regulatory challenges will backlash with severe negative consequences. 
Such a concern is considered more general and applies across all sorts of setups 
involving the monitoring of humans. A thin line of difference exists in perceiving the 
same technology for surveillance or supportive intervention (Das Swain et al., 2020). 
Furthermore, employer surveillance and employees' subjective expectation of 
privacy share a competing relationship (Nepal et al., 2022). Therefore, guidelines are 
needed to clarify what is ethically permissible to measure depending on the target 
group. Field studies in this research are completed as the regulatory requirements 
are fulfilled. It is necessary to be at the forefront of technical development and create 
an insight into users' expectations. These guidelines intend to establish the 
necessary balance between risks and benefits associated with data-driven human-
centered tools. Furthermore, it is necessary to think critically about the method so 
that advanced artificial algorithms do not become biased and begin to discriminate 
(Richardson & Gilbert, 2021). 
 
5.4 Recommendation for Architectural Interior Design Professionals 
The progress over the three years has shown that it is possible to develop and 
implement models that statistically provide significant results. It is recognized that the 
focus areas, method, and dissemination of results contain shortcomings to fully 
match the work culture of architects (based on the interviews conducted, see section 
4.2 Interview summary). However, the given feedback is not considered a 
showstopper. On the contrary, the digital twin has embarked several significant 
challenges that require further maturation. 

 
18 A data-driven approach to quantify human decision patterns in public workspaces based on non-
invasive sensor-systems 
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As mentioned, emerging building technologies over the past decade are pushing for 
a paradigm shift in architecture, requiring architects to re-think and challenge how 
this change will influence their work (Aksamija, 2021). The digital twin has 
undoubtedly demonstrated a basis for its existence to benefit users in buildings. The 
field of architecture may not be required to take the most central role in developing 
digital tools. However, to ensure that the tools encounter the best possible use in the 
industry, it is recommended that architects be involved in the development. It is 
doubtful that the digital wave threatens the profession of architects. The risk is more 
associated with how the role of the architects will adapt; whether architects will be 
positioned further down the value chain. Historically, industries further down the 
value chain are competing on commodities, which does not align with the 
architectural self-understanding. 
 
5.5 Future Research 
Before discussing the future focus areas, it is necessary to reflect and re-consider if 
the initial goal of the digital twin concept needs redefinition. After three years of 
research in the field, new insight changes the context and potentially the future 
direction of the research. Initially, the application aimed to demonstrate a novel 
digital twin methodology to optimize the user experience in indoor spaces rather than 
focusing on climate conditions or other technical facilities within the building. By 
focusing on user experience, the target was to develop an evidence-based tool to 
support interior designers in the work process. From a technical and statistical point 
of view, the methodology has proven capable of correlating architectural interior 
space attributes with human behavior and experience. Therefore, the initial objective 
of the project can be considered fulfilled. 
 
The Dokk1 digital twin concept (see Figure 1.3.1-1 for digital twin concept diagram) 
covers two different physical areas utilizing three different sensors to measure data. 
Several iterations resulted in several algorithms (see Table 3 - 1) contributing to 
understanding specific nuances of users' behavior and experience indoors.   
Comparing this to the complete holistic approach reported by Kinch (2014), a gap 
still exists. However, every time an iteration is conducted, regardless of whether it is 
the same physical space, sensors, or design criteria, the model matures with new 
algorithms that nuance the understanding of the users and thus move us a little 
closer to the holistic understanding. Each iteration adds to the digital twin portfolio of 
building blocks (as mentioned in section 5.1 Status-quo). 
Increasing digital adoption in the building operations industry (Aksamija, 2021; Nepal 
et al., 2022) indicates that similar digital twin tools will gain more traction. There is no 
uncertainty as to whether such technological developments will support the 
methodological precision and validity to make an even more intimate analysis of 
human behavior and experience. However, with the architectural profession as the 
final target group, consideration should be given to the fundamental research 
direction of the next step. 
 
The current digital twin research project primarily focuses on establishing a 
prototype. To a lesser extent, the focus has been on how the product is adapted to 
the interior designer’s work process. Figure 5-5 - 1 has been prepared based on the 
author's experience and creative approach to communicating the project's progress. 
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It illustrates that the propulsion driven by this research project primarily appears 
along the horizontal axis, representing the technical progress towards a minimal 
viable commercial product. The vertical axis represents the progress in 
understanding, specifying, and adapting the product to the interior designer’s work 
process and needs. Propulsion along this axis must ensure that the digital twin 
provides an accurate value proposition (if existing) for the architects working with 
interior design. It appears on the figure that the progress along the vertical axis has 
been relatively minor. The progress on both axes is the author's subjective 
interpretation. 

 
Figure 5-5 - 1: Product development progress to accommodate both technical and target group expectations 

A perfect product development process would follow a diagonal line. It is quite 
natural that the propulsion alternately weights back and forth on the two axes. 
Setbacks can also occur as our knowledge of the product and the needs of the target 
group increase. Suppose the focus is solely on the horizontal axis. In that case, the 
result will most likely be a product that does not meet a market need, and the 
reverse situation will result in a product that can be technically challenging to fulfill. 
Therefore, the project must naturally progress along the vertical axis in the next 
phase, illustrated with the dotted arrow. This could potentially lead to two extremes 
or conflicting solutions, but in this field of tension, it has previously proved possible to 
create successful groundbreaking innovative solutions (Kazi et al., 2017).  
My subjective interpretation does not question whether tools such as the digital twin 
are relevant to their profession but how far this methodology is from being naturally 
adapted and used by architectural interior designers. Initially, this requires an 
understanding of how the digital twin can become a valuable tool for architects as 
well as how they can contribute and take part in its development. 
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