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2 The European Council for 
Computing in Construction 
(EC3)  

About the EC3 

The European Council on Computing in Construction (EC3) is a society of construction 
professionals, academics, researchers, and national professional bodies, aspiring to 
become the leading European forum in the area of digitalisation and information technology 
in construction engineering and management. 

EC3 aims to advance professional knowledge and improve engineering practice in the built 
environment by fostering research, education and policy in current and emerging computing 
and information technologies. EC3 is founded on the following four pillars and corresponding 
Technical Committees: 

• Data Sensing & Analysis (DSA) 

• Modelling & Standards (M&S) 

• Human Data Interaction (HDI) 

• Education (EDU) 

EC3 engages with other Architecture, Engineering, Construction, Operations, and Facility 
Management (AECO/FM) societies in related areas, where it strengthens the collaborations 
between academia and industry in topics related to EC3’s mission, spearheads relevant 
research, identifies and promotes effective ways to advance the state of knowledge and 
level of education and practice in these topics, assists in the making of policy, and supports 
existing and new related specialty conferences and publications. 

EC3’s ‘White Paper’ Series 

Started in May 2020 and addressed to the broad scientific community, EC3's 'White Paper' 
Series aims to bring forward, in non-technical terms, technical knowledge and state-of-the-
art research and practice in EC3-related domains, and to advance the level of collaboration 
and knowledge transfer in such domains between researchers and practitioners. 

One of the main concerns in the construction sector is the integration of methodologies and 
technologies, as well as the use of collected and stored data by several systems. This white 
paper addresses the aforementioned issues, focusing on three areas: (i) Enabling 
technologies for data collection in the operational stage of urban infrastructures; (ii) Future 
perspectives: data management processes towards developing digital twins for urban built 
assets; (iii) stakeholder analysis for the built environment. 

The report, developed by a diverse group of experts, was assembled by the Human-Data 
Interaction (HDI) Committee of EC3 and reviewed by several experts in relevant domains. 

 
Suggested citation:  
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Construction and the Built Environment: A White Paper by the Human-Data Interaction 
(HDI) Committee of the European Council on Computing in Construction (EC3). European 
Council on Computing in Construction (EC3).  



 

 

3 About the Human-Data 
Interaction (HDI) Committee 
The Human-Data Interaction (HDI) Committee of the EC3 aims to stimulate research around 
the HDI themes in engineering and construction projects, as well as the operation of the 
built environment. Areas of focus include but are not limited to: methodologies and theories 
for investigating and explaining emerging HDI; frameworks for analysis, design and 
application of HDI; development and evaluation of platforms or component technologies 
that extend or improve interactions between human actors and data systems within projects 
and the built environment; evaluation of existing technologies and designs through different 
testing methods (e.g., experiments, simulations, case studies, benchmarks, etc.); 
understanding of users and their behaviours to inform the improvement and design of new 
systems and policies; extending interactions through the development of new uses and 
techniques; and ethics and societal implications of emerging interactions and novel uses of 
Information and Communications Technology (ICT) and artificial intelligence (AI)-related 
applications. 

The HDI Committee operates by liaising with relevant industry and policy actors 
(professional bodies and industry associations/societies, communities of practice, funding 
bodies, and legislators) to identify actions and priorities for research and education in HDI. 
Moreover, it promotes leading HDI research and practice in the selected areas of priority. 
Finally, it supports existing and new conferences and journals in relation to HDI topics in 
engineering and construction projects, as well as the operation of the built environment. 

To view the members of the HDI committee, please visit the EC3 website. 

Dr Jennifer Li 

 

Chair of the HDI Committee 
Lecturer, Northumbria University Amsterdam, the Netherlands 
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Preface  
The world has moved from a position where technology-mediated interactions were siloed 
and specialised, to a world where they have become ubiquitous and part of our everyday 
lives. The construction sector and the built environment are no exceptions. Advances in 
sensing, computing and communication technologies are changing the interactions 
between humans and the built environment in which they live and operate. The growing 
digitalisation of processes within the built environment are transforming it into an 
interconnected and interactive system in which data, collected with a varying level of 
automation from the physical environment (e.g., buildings, bridges, highways, water 
networks, offsite factories) and exchanged with other ‘things’ and ‘humans’ in various ways, 
play a central role. Existing interactions are being altered and new interactions are being 
introduced. Understanding such interactions is of paramount importance to improving the 
social, economic and environmental performance of the built environment for all involved 
parties.  

Existing approaches and techniques, available to academia and industry, mostly originated 
from the field of ‘Human-Computer Interaction’ (HCI) in a world of desktop computers as 
artefacts and are being extended to ‘human-to-thing’ interactions. However, the context of 
‘interactions’ within construction and the built environment is fundamentally different to that 
of HCI due to the variety of ‘data’ sources, the multitude of data transformation opportunities, 
and the versatility of the role of ‘humans’. Although Human-Data Interactions (HDI) within 
the construction and built environment literature are, at times, ‘implicitly’ studied, their 
explicit contextualisation is not sufficient, thus limiting our understanding of this field.  

To respond to this challenge, this white paper by EC3’s HDI Technical Committee aims to:  

• Introduce the first working definition of HDI that is suitable for the Architecture, 
Construction, Engineering and Operation (AECO) sector. 

• Review and analyse emerging developments of key digital innovations relevant to 
the AECO sector from a human-centred lens. Six areas were analysed in this paper: 
i) smart buildings and cities, ii) virtual and augmented reality, iii) machine learning 
and deep learning for construction, iv) sensored construction sites, v) robotics for 
industrialised construction, vi) blockchain and distributed ledger technologies. 

• Outline ethical, regulatory and human factors relevant to the AECO sectors when 
adopting digital innovations. 

This white paper provides evidence supporting the establishment of 'Human-Data 
Interaction' as a central research domain within the AECO sector – one that reconciles the 
various annotations (e.g., Human-Building Interaction, Human-Robot Interaction, Human-
Computer Interaction, Human-Machine Interaction, among others) and enables the re-
focusing of attention on human-centred aspects, data and interactions.  

Each of the aforementioned six areas provided a snapshot of emerging applications of 
digital innovation, identified human-centred issues and proposed some directions for future 
research and consideration.  

This white paper is intended as an initial manifest by the EC3 HDI Technical Committee both 
to raise the awareness about HDI aspects in the AECO sector among researchers, 
practitioners and policymakers, and to invite collaborations and investment in this field. 

Dr Mohamad Kassem 

 
Professor 
Newcastle University, UK 

Dr Dimosthenis Kifokeris 

 
Associate Professor 
Chalmers University of Technology, Sweden



 

 

6 1 Human-Data Interaction 
(HDI) in the Built 
Environment: A Working 
Definition 

Dr Mohamad Kassem 
Professor, Newcastle University, UK 

 

As networked and distributed computation 
continues to permeate the built 
environment, alongside the digitalisation of 
design, construction, and operation 
processes, data ubiquity has significantly 
increased. This trend prompts new 
inquiries into how individuals interact with 
data and how comprehending these 
interactions can enhance the performance 
outcomes of built assets for all the 
stakeholders involved in their delivery and 
utilisation. HDI is a nascent field that places 
individuals at the centre of these data flows 
and focuses on understanding the 
mechanisms through which they interact 
with the data and systems generating, 
transforming or consuming these data.   

Crafting a definitive definition of HDI 
tailored for the construction sector and the 
built environment proves challenging at this 
initial stage. This prospect could 
materialise once a comprehensive 
understanding of all ‘human actors’ (e.g., 
planners, designers, manufacturers, 
contractors, facility managers, and built 
asset users), data (e.g., data types and 
systems involved in data generation, 
processing, and use), and interactions 
(e.g., human-system-human, system-
human-system, etc.) are fully understood. 
Nevertheless, we can propose a working 
definition drawing from existing definitions 
and our comprehension of computing and 
digital advancements within construction 
and the built environment.   

Some of the existing definitions, examined 
by Mortier et al. (2014), postulate that: 

• HDI is about federating disparate 
personal data sources and enabling 
user control over the use of data 

(McAuley et al., 2011); 

• HDI is about human manipulation, 
analysis, and sense-making of large, 
unstructured, and complex datasets 
(Elmqvist, 2011); 

• HDI is about processes of 
collaboration with data and the 
development of communication tools 
that enable interactions (Kee et al., 
2012); 

• HDI is about delivering personalised, 
context-aware, and understandable 
data from big datasets (Cafaro, 2012); 
and 

• HDI is about providing access and 
understandings of data that is about 
individuals and how it affects them 
(Mashhadi et al., 2014). 

The analysis of these definitions reveals 
that HDI is focused on ‘digital’ data, a ‘large 
amount’ of personal data, interaction topics 
(such as data analytics and data tailoring), 
and enabling access, control, and 
collaboration. Mortier et al. (2014) argue 
that HDI is not just about data itself; its core 
lies in digital data relevant to individuals, 
particularly data that hold personal 
significance. As such, they propose three 
principles for HDI:  

• Legibility: making data and analytic 
algorithms both transparent and 
comprehensible to users; 

• Agency: ability to opt-in or opt-out of 
data collection and processing, 
engage with data collection, storage, 
and use, and understand and modify 
data and the inferences drawn from it; 
and  
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• Negotiability: ability to re-evaluate 

decisions as contexts change.  

Another human-centred definition argues 
that HDI is about designing interactions that 
enable stakeholders to promote desired, 
and avoid undesired, consequences of 
data use: “To be able to understand 
consequences or even design ‘data 
interaction’ that promotes or inhibits certain 
consequences, it is necessary to consider 
complex contextual factors including the 
systems of beliefs, values and norms of the 
involved people […] and not only people 
who directly access and use data, but also 
those who affect and are affected by results 
of their usage” (Hornung et al., 2015, p. 42). 

Although many of the identified concepts in 
these definitions are relevant to HDI in 
construction and the built environment, the 
domain – as previously mentioned – has its 
own peculiarities. Moreover, it entails a 
complex landscape of: systems generating, 
processing and using data; human actors 
involved in the process of design, building 
and operating the built asset; and 
interaction types. Based on the 
understanding of existing definitions, the 
three HDI principles (legibility, agency, and 
negotiability), and advances in computing 
and digitalisation of construction and the 
built environment, this paper proposes the 
following working definition for HDI:  

HDI is about understanding the interactions between actors 

and data throughout the lifecycle of built assets – spanning 

planning, design, production, operation, and use of built 

assets – to improve the outcomes (e.g., economic, 

environmental, and societal) and value of data and 

interactions for both involved and affected parties. 

Within this definition's context, a ‘built 
asset’ spans the physical asset scale – 
from an individual building/infrastructural 
component, system, or space, through an 
entire building/infrastructural asset, to 
whole districts and cities. ‘Data’ are not 
solely generated from Internet of Things 
(IoT) systems, but also from diverse 
sources such as Building Information 
Modelling (BIM), Virtual and Augmented 
Reality (VR and AR), Artificial Intelligence 
(AI) and Machine Learning (ML), 

Distributed Ledger Technologies (DLT) like 
blockchain, Production Automation and 
Robotics, and other in-use/operational 
management systems (e.g., smart 
buildings and cities). Data states can 
include primary data (i.e., available to an 
actor for use without requiring further 
transformation) and derivative data (i.e., 
transformed from primary data – e.g., 
through ML – to enable certain decisions or 
make the data consumable and valuable).

 



 

 

8 2 HDI in Sensored 
Construction Sites  

 
Pedro Mêda 
Invited Professor, University of Porto, Portugal 

Dr Diego Calvetti 
Invited Professor, University of Porto, Portugal 

 

Construction sites are key places within the 
industry, because it is where designs gain 
shape into becoming built objects. While 
performing this role, sites can be upgraded 
into being sensored or digitally controlled – 
thus becoming rich in the use of advanced 
sensing, computing, robotics, and 
automation technologies set to improve 
various site-related metrics – such as 
safety, quality, productivity, and 
environmental impact (Edirisinghe, 2018; 
Calvetti et al., 2020a; Calvetti et al., 2020b). 
Construction sites tasks rely on: 

• Products that are used, mixed, 

transformed or assembled to become 

components of the object that is being 

built;  

• Labour (i.e., human resources that 

perform different tasks, shape 

products, or operate equipment using 

their strength, tools or other 

accessories); 

• Equipment utilized for diverse 

applications and which can range from 

simple handheld tools and appliances, 

to mechanized, robotic and automated 

devices, to construction vehicles of all 

sizes and weights.  

Despite changes and evolutions in the way 
the construction phase develops, sites still 
maintain these three dimensions – and will 
probably continue doing so. This 
understanding is foundational when it 
comes to considering HDI in sensored 
construction sites.  

Manual work systems are often applied in 
the construction sector (e.g., laying bricks 
and painting with a brush) (Groover, 2007). 
In such systems, workers perform one or 
more tasks with their hands (supported by 
their body structure), partly utilizing 

handheld tools (without the use of power 
tools or machines) (Groover, 2007). 
Conversely, worker-machine systems 
consist of workers performing the tasks 
utilizing machines or electric/electronic 
devices (e.g., making a hole with a drill and 
digging with a backhoe) (Groover, 2007). 
Often, the combination of manual and 
worker-machine work systems is 
performed to build a construction element 
(e.g., a wall, a roof, or a pathway) (Groover, 
2007). Finally, there are automated 
systems (not frequently encountered in 
cosntruction), where a machine processes 
a work unit on site without demanding the 
worker's direct effort (Groover, 2007). The 
operators' role in such systems is to 
conduct a periodic evaluation of the work 
unit output process. However, it can be 
inferred that the insertion of autonomous 
activities in construction work will still be 
demanding both manual (e.g., the 
finishings and the connection elements) 
and worker-machine processes (e.g. 
supply of materials such as pumpable 
concrete). 

Although not an established practice, the 
adoption of advanced sensing, computing, 
robotic, and automation technologies has 
been slowly increasing in construction, 
taking after industrial production – and can 
support the transition from traditional to 
digitally controlled sites (Barbosa et al., 
2017). The key related technologies are the 
ones presented in Figure 2.1 (Calvetti et al., 
2020a).  

HDI Considerations 

Despite the relevant technological 

advancements, there is still a long way to 

reach the full potential of construction site 

performance improvement (Barbosa et al., 

2017).   Tasks  are  still  largely  based  on  
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Figure 2.1 Worker 4.0®: Key technologies in sensored construction sites (Calvetti et al., 2020a) 

manual work systems or automated 

worker-machine systems – while fully 

autonomous processes without human 

assistance are much less frequently 

encountered (Groover, 2007; Freivalds, 

2009). Moreover, the monitoring of 

construction tasks, supplies and equipment 

is made manually or heavily dependent on 

human intervention. HDI within digitally 

controlled construction sites is thus 

concerned with multiple issues:  

• How can the site management and 

supervision teams interact with or be 

connected to products, tools, and 

machines used on sites?  

• How do machine operators interact 

with their equipment (e.g., tower 

cranes, drones) and vehicles (e.g., 

trucks, inspection cars)?  

• How do craftsmen and on-site 

working teams interact with site 

supervision and management?  

• How do site environment conditions 

affect the interactions between site 

workers and the supervision/ 

management team?  

• How do site crews, as well as the 

supervisors and managers, perform 

their day-to-day activities and how is 

task performance affected?  

These HDI-connected questions raise 
some awareness – on the one hand, of 
challenges in establishing such a type of 
environment; and, on the other hand, of 
evidence that there cannot be a universal 
solution suiting all purposes. 

As in the case of smart buildings and cities 
described in Chapter 2, the notion of 
digitally controlled construction sites 
presupposes the ability to collect significant 
amounts of dynamic data using sensory 
technologies. This contributes to enabling 
an integrated form of construction 
management, novel approaches utilizing 
4D and 5D BIM, and the development of 
data-rich Digital Twins for Construction 
(DTC). 

Therefore, sensors play a strategic role 
and, in addition to their abilities/ 
characteristics, there are relevant aspects 
to consider in finding the best-suited sensor 
or combination of sensors for defined 
purposes. Studies highlight that such 
purposes can primarily affect the sensors’ 
installation position (e.g., on products, 
workers, or equipment’s/tools). 
Additionally, the selection of sensor 
devices should be based on the specific 
characteristics and scope of monitoring at 
each site. The combination of various 
sensing technologies usually leads to more 
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effective results. This should in turn 
account for the complexity of sensoring a 
construction site across its constituents, as 
well as the requirements of specialised 
resources. For example, when embedding 
sensors on tools or machines, it is 
necessary to consider battery autonomies, 
recharge systems, and compatibilities with 
wireless devices. 

When the scope of sensoring is the 
workforce itself, small and low-weight 
devices can be preferable; wearable 
devices into PPEs (Personal Protective 
Equipment) are easier to handle. However, 
if a sensor is to be placed in a piece of 
equipment, other aspects might arise such 
as radiofrequency noise. Similar protocols 
apply when selecting sensors for site 
logistics – tracking the supply and 
assembly of products (e.g., a sensor that 
can geolocate a product delivered on-site). 
The desired longevity of sensors is also a 
requirement, as different types with 
different costs apply to sensors only to 
assure tracking (can be removed after 
being delivered/placed on-site) or to those 
that should be embedded in the product 
and last for 50 or 100 years. Finally, while 
the size of the sensor is often not an issue 
when monitoring vehicles and equipment, it 
is indeed desirable to contain devices in a 

single enclosure without the requirement of 
external elements such as wires or 
antennas. 

Featured examples of the interaction 
between humans and data can be 
observed and collected from the 
construction site environment as presented 
in Figure 2.2 (Calvetti et al., 2020a).  

Similarly, unmanned aerial vehicles 
(UAVs), commonly called drones, are 
gaining significant momentum in research 
and practice supporting the shift to digitally 
controlled construction sites. During the 
construction phase, drones can mostly 
perform two functions: continuous and 
autonomous monitoring of the work and 
automation of construction tasks. Then, the 
progress of the work performed can be 
captured by images collected by drones 
(Dupont et al., 2017; Han and Golparvar-
Fard, 2017). Drones can perform 
continuous inventory control on storage 
yards (Dupont et al., 2017). Furthermore, 
the use of drones for viewing and 
inspections of high-altitude and hard-to-
reach sites facilitates operations (Dupont et 
al., 2017) while preventing human 
exposure to the risk of work accidents. As 
with other examples mentioned before, 
challenges   for   the    application   of   this

 

Figure 2.2 Worker 4.0®: Human data generated (Calvetti et al., 2020a) 
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technology are observed: The need for safe 
autonomous navigation in congested sites 
(Dupont et al., 2017; Han and Golparvar-
Fard, 2017), the integration of data and 
technologies applied in construction 
projects (Dupont et al., 2017; Han and 
Golparvar-Fard, 2017), and a large amount 
of collected high-resolution images taking 
up a lot of data storage (Han and 
Golparvar-Fard, 2017). Finally, the 
operator-drone interaction, depending on 
the purpose or role of the task to be 
performed, is also part of this ecosystemic 
challenge (Dupont et al., 2017). 

Evaluating the return-on-investment and 
defining KPIs that can positively potentiate 
the application of such technologies on site 
(e.g., cost per monitored element) is key. 
Moreover, while construction sites will 
continue relying on craftsmen labour, it 
seems that relevant tasks will be 
increasingly performed with higher 
mechanisation levels (Calvetti, Mêda, 
Chichorro Gonçalves, et al., 2021) and/or 
with the support of robotics (Shayesteh and 
Jebelli, 2022; Zhou et al., 2022) – as will 
also be shown in Chapter 6 on “HDI in 
Robotics for Industrialized Construction”.  

In another vein, the COVID-19 pandemic 
has proven to be a game changer, as many 
innovation deployment barriers were 
surpassed and, in some contexts, the 
willingness to invest in sensored sites has 
increased. For example, monitoring the 
workers for their body temperatures and 
keeping social distancing, 
helped the return from 
from a scenario of self-
isolation to common 
practice on sites – 
especially from late 
2021 onwards. 
However, this also 
raised several issues 
associated with the boundaries of what to 
measure and how (e.g., profiling/not 
profiling). Physiological aspects can be 
monitored by appointing the right type of 
sensor to each observed parameter (Gatti 
et al., 2014; Calvetti et al., 2020a). 
Relevant examples include:  

• Electrodes or pulse oximeters for 

producing electrocardiograms (ECG) 

to monitor heart rate;  

• Piezoelectric or piezoresistive sensors 

capturing the rate of respiration;  

• Adhesive sensors monitoring body 

temperature;  

• Accelerometers detecting body 

movement and orientation;  

• Pulse oximeters measuring oxygen 

saturation;  

• Galvanic response sensors detecting 

transpiration; and  

• Electrodes for producing 

electromyograms to monitor muscle 

activity.  

The knowledge of these aspects could be 
essential for safety initiatives, but it can 
also serve the purposes of understanding 
workers’ productivity, and mapping 
interrelations between human factors (e.g., 
motivation, fatigue, and skills) (Gatti et al., 
2014). Very recently, the concepts of DTC 
(Sacks et al., 2020) and the Digital Building 
Logbooks (DBLs) (Mêda et al., 2021) have 
added emphasis on data collection from 
construction sites.  

Future Research 

As part of future research and 
implementation efforts, it is imperative to 
explore the efficient and effective 
processing of the large amounts of data 
that can be collected within digitally 
controlled construction sites. AI and cloud 
computing can help achieve that by 
automating the transmission of such data 
and deploying scalability over the cloud 

(Kassem et al., 2021). 
Indeed, on-site electronic 

performance monitoring 
(EPM) is becoming 
more feasible and 
affordable as the IoT, 
data analytics and ML 

are advancing (Sanhudo 
et al., 2021; Calvetti et al., 2022). To help 
frame the function of EPM in the context of 
a construction site, Table 2.1 below 
represents the correlation between the 
relevant actors, their tasks or conditions, 
and the data interaction that occurs 
between them.  

Considering the data interactions above, 
Europe’s General Data Protection 
Regulation (GDPR) can be understood to 
constitute both a bottleneck and an enabler 
in the establishment of sensored, digitally 
controlled construction sites (Calvetti et al., 
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2020a). Data ownership should be critically 
considered when automating the data 
collection and monitoring pertaining to the 
on-site workforce. In that vein and from a 
direct HDI perspective, monetising data is 
one possible future prospect; employees 
and employers may thus share the financial 
gains from data usage. However, this 

approach can face many challenges, such 
as choosing the appropriate model of 
return-on-investment, considering whether 
this would lead to the profiling of workers’ 
performance, systemic and algorithmic 
inequity, design bias, and potential friction 
between productivity and on-site health and 
safety. 

Table 2.1 Data interaction use cases at sensored construction sites 

Actors Tasks/Condition Data Interaction 

Craft workers Tasks processes Data about the status of tasks, machines and tools used, 
and progress made are shared and updated in near real-
time 

Craft workers Performance and 
Site supervision 

Supervisors collect and analyse data about the craft 
workers’ performance for crews’ evaluation and 
improvement 

Site 
supervision 

On-site activities Supervisors use data from on-site activities to plan, audit, 
and ensure design compliance 

Operators Equipment 
operation 

Operators receive data about the equipment status and 
operation instructions and provide feedback data about the 
operation results 

Workforce Construction site 
environment 
conditions 

The workforce receives data about the current and 
forecasted site conditions and provides data about their work 
status under these conditions 

Workforce Site occupation 
and idleness 

Data about the workforce’s active and idle times are 
collected and analysed to optimise site performance  
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Associate Professor, Ege University, Türkiye 

Dr Yasmin Fathy 
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Buildings and cities are complex systems, 
consisting of several subsystems (e.g., 
lighting, heating, ventilation, air 
conditioning (HVAC), electrical, and 
plumbing), and involving users and 
occupants with different behaviours and 
needs. They are considered ‘smart’ when 
significant amounts of dynamic data are 
collected from deployed sensory 
technologies, and then processed through 
scalable and efficient analytics models to 
enable the monitoring of their conditions. 
Such data are often multi-modal and 
spatio-temporal, and found in diverse 
types, structures, and qualities (Fathy et al., 
2018). Smart buildings and cities can thus 
play a vital role in aiding the development 
of a sustainable and human-centred built 
environment.  

Smart buildings can be characterised by 
the following fundamental features (Lê et 
al., 2012): 

• Automation: the ability to deploy 

automatic devices or perform 

automatic functions in the building. 

• Multi-functionality: the ability to allow 

the performance of more than one 

function in the building. 

• Adaptability: the potential to learn, 

predict and satisfy the needs of users, 

and the ability to change according to 

the external environment. 

• Interactivity: the ability to allow the 

interaction among users. 

• Efficiency: the ability to optimize the 

use of resources. 

What HDI means for Smart Buildings 
and Cities  

Smart buildings involve various interactions 

between their building subsystems and the 
users; those are grouped under the 
concept of “Human-Building Interaction” 
(HBI). HBI puts humans at the centre of the 
data flow by offering dynamic interactions 
between automation systems in buildings 
and inhabitants, allowing them to shape 
their optimal subjective comfort (e.g., 
visual, thermal, and acoustic) (Alavi et al., 
2016). Understanding data and interactions 
involved in HBI can play a central role in the 
way buildings operate (Heydarian et al., 
2015; Hong et al., 2017; D’Oca et al., 2018; 
Langevin, 2019). Specifically, such an 
understanding can provide digitally 
enabled services to occupants (Finnigan 
and Clear, 2020; Sowles and Huisinga, 
2020), as well as data-driven and decision-
making insights about building energy 
performance connected to occupants’ 
activities (Aste et al., 2017; Hong et al., 
2020). This can subsequently improve the 
sustainability and efficiency of buildings 
while considering user experiences (Alavi 
et al., 2016). Humans interact with smart 
buildings in various ways, which 
contributes to building energy consumption 
and the quality of the surrounding 
environment. As such, data involved in HBI 
have a primary role in improving both the 
design and the operation of a building – by 
making them ‘smart’. Specifically, HBI data 
can be beneficial in reimagining and 
dynamically repurposing the built 
environment via providing information 
about mobility routines, occupant 
behaviour, and utilisation trends of the 
building floors, zones and/or spaces 
(Urquhart et al., 2019). Alavi et al. (2016) 
summarise the HBI data agenda in 
architecture as follows:  

• Developing ethnographic methods to 

investigate how people interact with 

buildings and designing interactive 
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experiences that match occupant’s 

mental state. 

• Understanding the interaction design 

research, including design heuristics 

and Strong Concepts – namely, design 

elements which can be isolated and 

abstracted to be appropriated in a 

range of applications (Höök and 

Löwgren, 2012). 

• Developing theoretical foundations for 

studying the interactive experiences 

with(in) built environments at the 

individual and social levels. 

In operation, the use of HBI data can be 
clustered around optimising the operation 
of building systems (Ghofrani et al., 2019; 
Chen et al., 2020; Homod et al., 2020), 
increasing energy efficiency of the 
buildings (Degha et al., 2019; Song et al., 
2020), maximizing the building security 
(Tankard, 2015; Chatzigiannakis, 2016), 
and tracking and controlling building 
systems from remote locations (Kumar et 
al., 2021). 

To enable these developments via HBI 
data, smart buildings rely on sensors and 
actuators embedded in smart devices. IoT 
can facilitate the ecosystem of such smart 
devices (Belli et al., 2020), while changing 
the design of interactions with buildings – 
with the general trend shifting from tangible 

interactions (Angelini et al., 2018) towards 
intangible interactions (e.g., movement-
triggered door sensors, shades that 
respond to daylight conditions, 
programmable thermostats etc.). Thus, 
connectivity gradually becomes the central 
requirement in smart buildings, as it 
concerns the networking of tangible and 
intangible components with interfaces and 
people (Minoli et al., 2017; Savic, 2017).  

While the concept of smart buildings and its 
most common aspects are mostly agreed 
upon among researchers and practitioners, 
there is no universally referrable definition 
of a smart city yet. Sikora-Fernandez 
(2018) has argued that existing smart city 
definitions only provide pointers, as the 
topic is still being explored. However, the 
current progress towards the development 
of smart cities may be described as isolated 
and segmented in terms of technology 
integration and application development, 
mainly due to the limitations of current IoT 
applications and sensor networks (Gyrard 
and Serrano, 2015). Regardless, Al 
Dakheel et al. (2020) offer quite a 
streamlined definition of smart cities as 
networked infrastructure coupled with 
digital technologies, composed of ICT, 
smart buildings, smart grids and smart 
meters, energy storage systems, 
renewable energy systems, and building 
automation systems. The key components 
of a smart city are presented in Figure 3.1.  

 

Figure 3.1 Smart city components (Dakheel et al., 2020, p. 3)
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From a technological point of view, the 
most common aspect of smart cities is the 
connectivity between their different 
subsystems (e.g., the 
surveillance and traffic 
control systems (Nam 
and Pardo, 2011; 
Albino et al., 2015)). 
In that vein, the 
integrated smart grid 
in buildings can play a key role 
in supporting smart cities in a 
sustainable way (Geisler, 2013; 
Zhu et al., 2022). A smart grid is an 
electricity grid that relies on digital 
technologies to manage the operation of 
renewable energy resources, smart 
appliances, and sensory devices to avoid 
energy waste and reduce carbon emissions 
(Syed et al., 2020). Smart cities rely on 
smart grid development to ensure resilient 
energy delivery to urban infrastructure and 
services, optimise electricity and energy 
production, and reduce operational costs in 
buildings (Morvaj et al., 2011; Aliero et al., 
2021; Fathy et al., 2021). However, smart 
cities involve more than the mere 
technological aspect, like the 
interconnection of the physical, social, 
business, and ICT infrastructure to develop 
and improve the city’s ‘smartness’ 
(Hollands, 2008; Harrison et al., 2010). It 
should be noted that just the diffusion of 
ICT in the relevant infrastructure does not 
necessarily warrant ‘smartness’ in cities, 
since ‘smartness’ is also connected to the 
people’s and communities’ needs (Albino et 
al., 2015; Ghansah et al., 2020; 
Mozūriūnaitė and Sabaitytė, 2021). Macke 
et al. (2018) highlight that smart cities 
include a network of people, processes and 
data which can improve the inhabitants’ 
way of living, as well as the cities’ liveability, 
workability, and sustainability. As such, 
humans, society, and the way digital 
technologies are utilized have an impact on 
the development of smart cities for offering 
better social and public services, improving 
the citizens’ quality of life, and reaping 
environmental benefits (Nam and Pardo, 
2011; Batty et al., 2012; Neirotti et al., 
2014). Furthermore, smart governance is 
also crucial to achieving these goals. 
Vandercruysse et al. (2020) argue that data 
are the main underlying resource of smart 
cities, where it is gathered through (smart) 
technology, generated by (smart) people, 
and is used to efficiently, effectively and 

inclusively (i.e., smartly) govern the city 
(Huang et al., 2021; Karimi et al., 2021; 
Bibri, 2022). Subsequently, a smart city 

needs to consist of 
smart infrastructure, 

smart governance, 
smart policies, smart 
transportation, smart 

healthcare, smart 
agriculture, smart 

education, smart economy, 
smart environment, smart 
industry, smart energy, and smart 

feedback mechanisms (Nam and Pardo, 
2011; Su et al., 2011; Balakrishna, 2012; 
Guelzim et al., 2016). 

HDI Opportunities in Smart Buildings 
and Cities 

HDI can significantly enhance the social, 
economic, and environmental performance 
of buildings by fostering smarter, more 
sustainable environments. By collecting 
and analysing data on factors like 
occupancy patterns, energy consumption, 
and indoor air quality, building systems can 
be optimized to create more comfortable 
and efficient spaces. This not only 
improves the well-being of occupants but 
also reduces operational costs, making 
buildings more economically viable. In 
particular, smart buildings can adapt to 
occupants' preferences by using data to 
adjust lighting, temperature, and other 
environmental factors. This personalization 
enhances comfort and convenience, 
making living or working in the building 
more enjoyable. In addition, automation of 
routine tasks and the ability to control the 
environment with ease can lead to a more 
relaxed and stress-free experience. Smart 
buildings can use data to monitor air quality 
and adjust ventilation systems to create a 
healthier indoor environment. This can lead 
to better health outcomes for occupants 
and reduce the risks associated with poor 
indoor air quality. Secondly, interaction with 
data allows for real-time monitoring and 
control of energy consumption. Smart 
buildings can optimize heating, cooling, 
and lighting, reducing energy waste and 
lowering utility bills for occupants. This 
contributes to energy conservation and 
environmental sustainability. For example, 
Deloitte's headquarters in Amsterdam, 
which is renowned for its innovative and 
human-centric design, utilizes a smart 
lighting system that adjusts based on 
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natural light and occupancy, creating an 
optimal work environment. Employees 
have access to a mobile app that allows 
them to personalize their workspace, 
control lighting and   temperature, and find 
colleagues. Overall, enabling interaction 
between humans and data in smart 
buildings leads to more user-centric, 
efficient, and sustainable spaces, 
enhancing the quality of life and well-being 
of occupants while contributing to broader 
social and environmental goals. 

On the other hand, cities can make data-
informed decisions to improve the lives of 
their residents through the collection and 
analysis of data on various urban 
parameters. Smart transportation systems 
reduce congestion and enhance public 
transit, leading to better mobility and 
reduced environmental impact. In 
particular, HDI can provide accurate 
information about transit options, resulting 
in less time spent commuting and 
decreased stress for residents. HDI can 
also enable more efficient use of resources 
such as water, electricity, and waste 
management, which reduces costs and 
minimizes waste, contributing to a more 
sustainable and economically stable city. 
Environmental sustainability benefits from 
data analysis, allowing cities to reduce 
emissions, improve air quality, and 
enhance resource efficiency. Urban 
planning, green spaces, and resilient 
infrastructure are all improved through 
data-driven insights. Additionally, 
community engagement is heightened, as 
citizens become active participants in 
decision-making, 
resulting in more 
inclusive and 
responsive policies. 
This not only results in 
improving cultural and 
recreational offerings, 
such as smart park 
systems, interactive public 
art, and event planning that 
caters to the interests of residents but also 
accessibility for people with disabilities, the 
elderly, and other marginalized groups, 
ensuring that urban services and 
infrastructure are accessible to all. It should 
be noted that data collected from the 
interaction between humans and smart 
buildings can inform urban planners, 
architects, and policymakers about the 
needs and preferences of people. This 

information can guide future development 
and urban planning decisions. For 
example, Singapore’s Smart Nation is 
actively seeking for citizen feedback 
through digital platforms to understand their 
needs and concerns for optimising their 
waste, parking and energy consumption. In 
Copenhagen, bike counters provide real-
time data on bicycle traffic, allowing the city 
to optimize bike lane infrastructure. 
Citizens are actively engaged through 
digital platforms to share their experiences 
and contribute to the planning process. In 
essence, HDI empowers buildings and 
cities to become more liveable, 
economically prosperous, and 
environmentally sustainable places for 
people.  

HDI challenges in Smart Building and 
Cities 

The realisation of smart buildings and cities 
includes, but is not limited to, sensor 
deployment, big data engineering and 
analytics, cloud and fog computing, 
software engineering development, and 
simulations (Jia et al., 2019). Within this 
context, smart buildings and cities can be 
regarded as data sources to detect and 
provide detailed information about complex 
events involving human interactions. 
Human-generated data within smart 
buildings and cities plays an important role 
in the development of human-centric 
structures and infrastructures, where the 
focus is on understanding and responding 
to the users’ needs, behaviours, actions, 
and surrounding environment. Likewise, 

users should be able to 
understand and respond 
to the built asset. Cloud 
computing and big data 
analytics can allow 
smart buildings to 
connect the physical 
and digital worlds and 

unleash their potential for 
occupants, the economy, and 

the environment (Omani et al., 2019). 
However, advanced user-system 
interactions in buildings and city systems 
remain at a distance, and the instances of 
concrete collaborative projects are few 
(Fadell and Koolhass, 2014).  

Although smart buildings and cities offer 
opportunities for interactive and 
interconnected environments, there are still 
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challenges to address: privacy and 
security, interoperability, integration, 
scalability, and (big) data processing 
capabilities (Qolomany et al., 2019). 
Specifically, the interconnectivity between 
subsystems in smart buildings imposes 
security and privacy challenges. To counter 
those, various encryption techniques can 
be used to ensure data confidentiality and 
integrity (Islam et al., 2012). Moreover, 
privacy-preserving technologies (using 
machine learning and cloud services while 
handling sensitive data) can be used to 
address the issue of user privacy 
(Bandyopadhyay and Sen, 2011), as 
personal information about occupants' 
tracking and location is stored and 
analysed – thus becoming potentially 
vulnerable to hackers and attacks (Hitaj et 
al., 2017; Atitallah et al., 2020). 

Furthermore, addressing the challenge of 
data interoperability (with the latter being 
generated by heterogeneous sensory 
devices with different structures), requires 
a particular infrastructure that handles and 
processes big data (Thakuriah et al., 2017; 
Atitallah et al., 2020). In other words, a 
middleware software layer is required while 
developing automation management 
systems for smart buildings and cities. This 
layer provides interoperability by 
converting the collected data from different 
formats into a common data representation 
using standardised programming 
interfaces and protocols (Schantz and 
Schmidt, 2001; Badica et al., 2013). 
Following form that, scalable and efficient 
data mining and knowledge discovery 
solutions are key factors in developing 
large-scale, multi-purposed smart city 
scenarios (Fathy et al., 2018). Such 
scenarios include ‘efficient lighting’, ‘smart 
metering data for planning and optimizing 
the low voltage grid’, and ‘emergency 

response corridor’, among others. A large-
scale data analytics framework for smart 
cities has been proposed by Puiu et al. 
(2016). The framework aims to support the 
development of smart city applications and 
services that meet citizens’ needs, 
including data aggregation from different 
sensory resources, adaptive and 
continuous data processing, and decision-
support solutions. 

Integrating multiple building systems such 
as lighting, heating, and plumbing, is very 
challenging. Each system is characterized 
by its design assumptions and 
development architecture. In addition, 
some automated decisions might lead to 
conflict between systems. For instance, an 
energy system should not recommend 
switching off medical appliances for energy 
saving while these appliances are used by 
the healthcare system (Alur et al., 2016). 
To this end, it becomes crucial to satisfy 
different integrated systems based on their 
purposes and recommended actions, while 
considering those as parts of an ecosystem 
(Qolomany et al., 2019). Minoli et al. (2017) 
propose a building management system 
(BMS) that utilises cloud services to 
support different system responses based 
on the integrated data collected from 
various sensors, and provide data analytics 
to discover trends and patterns. 

To deliver different dynamic visions for 
future smart buildings and cities, the 
innovative use of data about the interaction 
of humans and technology, along with the 
relevant data governance, need to be 
further investigated. Only with this holistic 
approach, new collaborative projects that 
can address the physical, spatial, and 
social opportunities and challenges of 
human-centric smart buildings and cities, 
can be initiated. 
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Industrial robots are flexible machines for 
production. They are equipped with 
sensors and tool heads that can be 
configured for diverse tasks (Krüger et al., 
2009). These robots have been developed 
to replace humans in repetitive or 
dangerous manufacturing tasks, primarily 
in structured factory settings (Hentout et al., 
2019). Traditional industrial robots have 
been characterized by fixed installations, 
being heavyweight, and exhibiting high 
stiffness, while their programming and 
deployment have been limited to 
repeatable tasks with infrequent changes 

(Hentout et al., 2019). The high costs 
associated with integrated safety systems 
have been prohibitive, making most 
industrial robotic work cells dangerous to 
humans. In some cases, production system 
design has intentionally limited the 
possibility for humans and robots to 
interact. However, recent advances in both 
hardware and software have made it 
possible for greater levels of Human-Robot 
Interaction (HRI) in many industries, 
including construction. Figure 4.1 
visualizes this interaction in a humorous 
way. 

 

Figure 4.1 Illustration by Andrew Rae (used with permission) 
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Human Robot Interaction 

Historically, industrial robots were 
categorised as a form of Human-Machine 
Interaction (HMI) due to low levels of 
robotic autonomy and complexity (Bengler 
et al., 2012).  In  factory  contexts,  most 
industrial robotic processes are 
programmed inflexibly with 
manual teaching and 
jogging methods, 
facilitated with simple 
HMI user interfaces. 
However, industrial robots 
are increasingly used to assist or 
collaborate with humans in diverse 
production tasks through adaptive (sensor-
feedback-based) workflows, especially for 
tasks that are too complex or expensive to 
achieve through full robotic automation 
(Hentout et al., 2019).  

HRI has in turn emerged as a general term 
for interaction between humans and robots 
(Schmidtler et al., 2015; Hentout et al., 
2019). Fang et al. (2015) defined HRI as 
“the process of conveying human intentions 
and interpreting task descriptions into a 
sequence of robot motions complying with 
robot capabilities and working 
requirements”. Additionally, Onnasch and 
Roesler (2021) suggested a three-cluster 
taxonomy for HRI, covering contextual 
factors, human roles, and team dynamics. 
HRI can also be understood as a 
particularization of HDI. 

According to Kopp et al. (2021), there are 
three distinct degrees of increasing 
interaction within HRI:  

1. Human-Robot Coexistence (HRCx) – 

Humans and robots share a dynamic 

workspace but do not share a 

common task. HRCx does not require 

mutual contact or coordination of 

actions and intentions other than 

collision avoidance.  

2. Human-Robot Cooperation (HRCp) – 

Humans and robots work toward the 

same purpose and under the same 

time and space requirements. 

Cooperation is enforced through 

advanced technologies such as 

force-feedback sensing or advanced 

machine vision (Krüger et al., 2009; 

Andrisano et al., 2012). 

3. Human-Robot Collaboration (HRC) – 

Humans and robots work to perform 

complex tasks together. There is 

direct human interaction through 

either physical or contactless 

collaboration. Physical collaboration 

is explicit and intentional contact may 

involve forced exchange. Robots 

must predict human 

motion intentions and 

react accordingly. 

Contactless 

collaboration occurs 

through direct 

communication (e.g., speech, 

gestures, etc.) or indirect 

communication (e.g., eye gaze 

direction, facial expression, etc.). 

Typically, the operator performs 

tasks that require dexterity or 

decision-making, and the robot 

performs tasks that require repetition, 

precision, or high-force application. 

Through HRC, collaborative robots – 

known as “cobots” – engage in direct 

HRI within a shared space and in 

proximity to humans.  

When to use HRI? 

The theory of economies of scale assumes 
lower unit costs for increased volume 
output. According to Pires et al. (2006), 
industrial robotics and hard automation are 
only economically viable when the volume 
is high or very high, whereas low volume 
necessitates manual work. The application 
of HRI may present a valid option as 
medium production volumes are frequently 
encountered in construction projects 
(Figure 4.2).  

What does HRI look like for the 
construction industry? 

In the construction industry, HRI will likely 
emerge differently when compared to 
manufacturing industries such as 
aerospace (Matsas and Vosniakos, 2017) 
and automotive (Cherubini et al., 2016; 
Andronas et al., 2020). In these industries, 
workers at each station repeat the same 
task in a factory assembly line. The product 
moves, but the workspace remains 
stationary and constant. On the 
construction site, a craftsman must perform 
various tasks and encounters diverse 
challenges. The final product (e.g., the built 
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Figure 4.2 Proposed Economies of Scale of HRI, adapted from Pires et al. (2006) 

asset) is stationary, but the workers and 
workspace can move and set up the next 
task. Therefore, construction workers have 
traditionally been trained as craftsmen with 
diverse skill sets. Complementing craft 
workers with construction robots on the job 
site requires consideration of many 
complex, interactive, and open-ended 
systems. 

Based on early adoption in Japan, Bock 
and Linner proposed the first classification 
system of robotic systems for construction 
(Bock and Linner, 2015, 2016). They define 
single-task construction robots (STCRs) as 
robotic work cells that are implemented to 
narrowly automate single tasks rather than 
to automate many different tasks within a 
single production workflow. In contrast, 
standard industrial manipulators are 
inherently flexible tools that can be 
deployed towards many tasks but are often 
implemented inflexibly to execute the same 
task in a fixed position. Finally, there are 
integrated automated and robotic systems, 
such as gantry-based designs, which are 
inherently limited in their deployment 
through large mechatronic system design 
with high levels of stiffness and, therefore, 
low levels of flexibility and safety (Pan and 
Pan, 2020; de Soto and Skibniewski, 
2020). Additional robotic types are being 
appropriated and developed for 
construction contexts, such as robotic 
exoskeletons or mobile-legged robots. In 
contrast, conventional construction 
equipment, such as excavators, can be 
controlled through digital methods. 
However, none of these robotic types 
provides a solution to the high task 

diversity, complexity, and flexibility needed 
in contemporary construction workflows. 

The previously mentioned cobots enable 
higher levels of HRI than other types of 
robotic systems. Using cobots can increase 
the safety level for HRI through online 
torque monitoring in the joints, active 
vibration damping, sensitive collision 
detection, and compliant, force-adaptive 
control (Papetti et al., 2022). While cobots 
were initially developed for the 
manufacturing sector, they are increasingly 
becoming relevant to construction through 
mechanical and design innovation and 
enabling payloads up to 30kg and extended 
reachability (considering models like the 
UR30). In the manufacturing domain, using 
cobots reduces the workload on human 
coworkers in shared joint tasks (Scassellati 
and Hayes, 2014). The promise of cobots 
for construction is to facilitate flexibility and 
efficiency (Tobe, 2015), particularly 
towards digital control and coordination in 
complex multi-task workflows that have so 
far resisted full automation.  

What are examples of HRI in today’s 
construction industry? 

Several new research and industry 
prototypes have emerged for HRI in 
construction robotics in recent years. 
Sometimes, HRI has been developed for a 
controlled factory environment (e.g., 
prefabricated, offsite construction). Other 
times, HRI has been used on-site (e.g., in 
situ, on-site construction), which introduces 
greater complexity and safety 
considerations.      Figure 4.3     illustrates  
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Figure 4.3 Examples of HRI for on-site and offsite industrial robotics: a) automated layout by Dusty Robotics, 
b) drywall finishing by CANVAS, c) collaborative welding by Baubot, d) automated welding of wall panels by 

Digital Building Components, e) spatial timber assemblies by ETH Zurich, f) human-in-the-loop timber 
assemblies by University of Stuttgart 

examples of HRI for on-site and offsite 
industrial robotics. A few more examples 
from research and industry are presented 
in Figure 4.3. 

For on-site construction, recent scholarship 
has looked at additive manufacturing using 
mobile robotics (Dörfler et al., 2022). Other 
work has examined the teleoperation of on-
site robots, including using haptic feedback 
for collaborative welding and joint sealing 
(Brosque et al., 2021). Future HRI research 
will be needed to understand how to 
coordinate and manage collaborative 
construction robotic fleets (e.g., unmanned 
aerial vehicles – UAVs, such as drones) 
(Zhang et al., 2022) and the required 
information management backbones of 
such fleets (Borrmann et al., 2021).  

For offsite construction, studies such as 
Dowsett et al. (2017) examine the human-
machine interface in temporary offsite 
prefabrication work. Kyjanek et al. (2019) 
investigate interactive fabrication 
processes for HRC in wood-based 
prefabricated production, including the user 
interfaces for industrial robots. They 
propose an augmented reality (AR) head-
mounted display as an interface for the 
planning of robotic trajectories and 
sequencing of production activities. Thoma 
et al. (2018) describe the construction of 
three-dimensional spatial timber 
assemblies and the associated interactions 
between two robotic arms and one human 
worker, which can be considered a high 

level of HRCp or a low level of HRC.  

What are the future opportunities and 
developments for HRI in construction? 

Construction cobots provide opportunities 
for overcoming some barriers hindering the 
adoption of robotics in construction, 
potentially enabling higher levels of digital 
integration, efficiency, flexibility, and quality 
control.  

In the short term, existing building systems 
characteristically designed for manual 
assembly processes may benefit the most 
from HRC. Assembly and construction 
workflows based on efficiently exchanging 
tasks between humans and robots could 
make the most of either of their skill sets. 
Moreover, intelligent task exchanges can 
solve the diversity of tasks that must be 
executed in a construction process. In 
many cases, it is unrealistic to develop an 
automation system that is not only capable 
of automating every task but can also 
handle all unknowns and unexpected 
occurrences during construction. Such 
cases benefit from humans-in-the-loop, 
where human agents can execute both 
dexterous tasks and also use their superior 
cognitive and observation skills to adjust as 
needed (Fox and Kotelba, 2018). 
Moreover, when coupled and integrated 
with robotic vision and sensing systems, 
such manual adjustments could still be 
digitally incorporated into as-built 
reconstructions to impact downstream 
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construction steps. Concurrently, recent 
start-ups have successfully entered the on-
site construction space. For example, the 
company Canvas has raised $43 million in 
venture funds (Crunchbase, 2022) to 
develop single-task, on-site robots for 
drywall and painting activities (Canvas, 
2022) and has completed several projects. 

However, a simple transfer of collaborative 
robotic systems from industrial contexts to 
construction will still require additional 
technological achievements and policy 
developments. This challenge points 
towards a market opportunity for a suitable 
construction cobot with kinematics 
adjusted for the dimensionality of building 
systems and hardware details or strategies 
to achieve high accuracy and payload. 
Beyond hardware, human safety will 
remain a critical challenge that needs to be 
addressed with multiple strategies and 
safety checks required, 
for instance via 
enhanced Graphical 
User Interfaces (GUIs) 
(Colceriu et al., 2023). 
As such, there will need 
to be additional 
development through electromechanical 
systems, such as compliance and smart 
digital monitoring (Papanastasiou et al., 
2019). Moreover, the realistic widespread 
implementation of robotics in construction 
may still require many other long-term 
systemic developments, including 
redesigning building systems and 
connection details more suited to robotic 
constraints (Dörfler et al., 2022). 

Will these robots take over 
construction jobs? 

The common concern of construction 
robotics is that increased automation will 
replace construction jobs. The Australian 
Broadcasting Corporation ran a survey 
asking, “Could a robot do your job?” 86% of 
construction workers indicated that they 
believe their tasks are susceptible to 
automation. Among the study’s results, 
construction workers, mining labourers, 
glaziers, plasterers, and tilers all face the 
highest risk of automation (Australian 
Broadcasting Corporation, 2017). Such 
findings align with recent scholarship 
(Paolillo et al., 2022). By contrast, however, 
construction robotics may have positive 
outcomes such as replacing routine or 

complex work, reducing workplace injuries, 
and improving low-skilled workers' 
satisfaction. This assumption is to be 
discussed as formerly particularly positive 
attitudes towards robots at the workplace 
have decreased in representative samples 
for Europe (Gnambs and Appel, 2019).  

With the rapid growth of data and the 
emerging use of AI, ensembling employees 
and technologies through automation and 
augmentation strategies may become 
common in the workplace (Raisch and 
Krakowski, 2021). In contrast to 
automation, which suggests that machines 
take over human work, augmentation refers 
to the close cooperation of humans and 
construction robotics to complete a task. 
Liang et al. (2021) envision that human 
workers may convert their current duties 
into high-level cognitive work while having 
construction robots undertake all physical 

work. Yet, due to the 
continual uncertainty of 
construction work, Fox 
and Kotelba (2018) 

suggest that construction 
robots add the most 

value when working with 
workers to enhance human strength and 
endurance. Currently, there is no proposal 
of conditions under which one strategy 
(automation or augmentation) has a clear 
advantage. Because of the fragmented and 
dynamic nature of construction work, either 
strategy may lead to successful outcomes 
depending on the specific tasks. 

To achieve positive outcomes, HRI must be 
deliberately designed. There is a need to 
understand human-centred work design 
principles. This includes job resources and 
demands that should be integrated into the 
construction robots' development. Job 
resources refer to levels of control/ 
autonomy, skill use and variety, job 
feedback, and relational aspects. Job 
demands refer to the performance 
monitoring of the robot itself (Parker and 
Grote, 2022). These work design principles 
should also address challenges imminent 
to the different degrees of interaction 
between the worker and the robot. 
Considering human-centred work design 
principles for designing future construction 
robots will foster further development in 
HRI (Papanastasiou et al., 2019). Still, 
more is needed to guarantee successful 
implementation. For this, human 
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perception of construction robots is not yet 
well understood (Walzer et al., 2022). 
Moreover, acceptance of robotics within the 
construction industry is vital. Technology 
acceptance has been investigated for 
various industries and technological 
applications. However, there are few 
relevant studies pertaining to construction 
robots. As a notable exception, You et al. 
(2018) include the intention to work with 
robots in the future as an outcome variable 
in their Robot Acceptance Safety Model.  

Research from other fields (like social 
robots) can lead to starting points for 
specific considerations for the Architecture, 
Engineering, Construction, and Operations 
(AECO) sector (de Soto and Skibniewski, 
2020). Although at first glance, construction 
robotics seem closer to industrial robots, 
their use in construction sites may 
increasingly be extended to service robots 
such as inspection, cleaning, and providing 
guidance and information (ISO 8373). 
These services are delivered based on a 
complex combination of physical, social, 
and analytical tasks (Wirtz et al., 2018). To 
achieve this, the general trend is to 
increase HRI in construction (e.g., Brosque 

et al., 2021). Regarding the lack of distance 
(e.g., immediate contact between humans 
and robots and the continuous data 
collection), construction robot research 
might benefit from advances in social robot 
research (e.g., Bröhl et al., 2019; De Graaf 
and Ben Allouch, 2013). To increase the 
acceptance and the perception of 
construction workers’ safety working 
alongside robots, the application of 
immersive virtual environments (IVES) can 
provide a promising training and 
habituation opportunity (You et al., 2018).  

Finally, research on privacy-sensitive 
robotics necessitates further investigation 
across various dimensions. These include 
data privacy, manipulation and deception, 
trust, accountability, legal considerations, 
and specific domains where privacy 
concerns are particularly pronounced. 
Incorporating insights from this emergent 
research area (Rueben et al., 2018) could 
provide valuable context. Moreover, future 
studies should consider exploring the 
relationship between HRI and evolving 
business models within the construction 
sector. 
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The growing use of digital information and 
technologies in the built environment is 
influencing the way information is 
generated, interpreted and consumed. 
Delivering construction projects no longer 
produces physical assets only, but also 
their digital counterparts, known as ‘digital 
twins’. In this process, interactive 
technologies such as virtual reality (VR) 
and augmented reality (AR) can be used to 
visualise and examine proposed building 
and infrastructure projects, as well as 
augment the understanding of existing 
assets. These technologies primarily act as 
visualisation and communication media to 
engage users in examining proposed new 
building and infrastructure projects and 
understanding existing built assets. They 
essentially help users to navigate, review, 
and test information through a more 
personalized and contextualized 
experience. In this sense, VR and AR 
technologies address the HDI’s principle of 
legibility (Mortier et al., 2014) by providing 
the means to process and interrogate data 
to draw inferences. Outside of the AECO 
sector, AR and VR were quickly recognized 
as extremely valuable in amplifying users’ 
cognition when visually analysing data 
(Widjojo et al., 2017; Kalakoski et al., 
2019). VR systems are broadly viewed as 
computer-generated environments that are 
displayed using special hardware to give 
users compelling, intuitively interactive, 
and immersive experiences. AR is different 
to VR in that it superimposes virtual 
imagery over the real environment to a 

varying extent (Milgram and Kishino, 1994). 
The varying extents of virtual and real 
information have prompted the use of 
additional terms such as augmented 
virtuality (AV), hybrid reality (HR), or mixed 
reality (MR) (Chalhoub and Ayer, 2018). 

HDI Considerations 

The knowledge of what constitutes 
effective visualizations often lags behind 
rapid technological development (Orland et 
al., 2001). Experiencing visualisations is 
inseparable from the technology medium in 
which users view information on various 
displays or interact with input devices. 
Viewing data as artifact-mediated 
representations to which the users give 
meaning for a particular purpose in a given 
context (Hornung et al., 2015) allows 
discerning at least two sets of 
considerations for making effective 
visualisation choices: (1) What the data 
content is and how it may be represented; 
and (2) How users interact with those data 
representations. 

Depending on the users’ characteristics 
(e.g., domain experts or novices) and their 
goals, the aspect of content considers the 
questions of what information is relevant to 
include and what kind of representation is 
appropriate. Dominated by applications in 
architectural design and construction 
practice, VR representations most often 
include realistic 3D models for navigation, 
exploration, and reviewing tasks. 
Interdisciplinary use scenarios may require 
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information at different (spatial or temporal) 
scales or integration with additional data to 
create more dynamic content (e.g., 
visualizing changes over time, simulating 
future performance, crowd simulation etc.) 
(Nikolić and Whyte, 2021). 

The aspect of how users view and interact 
with information depends on the system’s 
interface, or the configuration of selected 
input (e.g., controllers) and output (e.g., 
display) devices. Given that visual displays 
tend to largely define user experience, they 
also serve as a useful way of categorizing 

VR systems into non-immersive computer 
screen configurations that cover a small 
portion of a user’s field of view, to larger 
screens and displays that partially (Figure 
5.1) or fully (Figure 5.2) immerse the user 
in a displayed environment (Whyte and 
Nikolić, 2018). Fully immersive displays 
with stereoscopic capabilities, such as 
head-mounted displays (HMD) or large 
projected room-like systems that cover the 
user’s field of view, aim to afford users a 
sense of presence and immersion – which 
are defining features of a VR experience.

   

Figure 5.1 Fully immersive VR systems; left HMD; right Room-like system (CAVE) 

   

Figure 5.2 Semi-immersive large scale VR systems 

Specific uses 

Many uses cases have been proposed for 
AR and VR technology, including 
construction training (Sacks et al., 2013; 
Getuli et al., 2020), site monitoring (Wang 
et al., 2013), risk prevention and 
management of site operations (Schiavi et 
al., 2022), education (Hajirasouli and 
Banihashemi, 2022; Lather and Messner, 
2018), Occupational Safety and Health 
training (Tender et al., 2023) and 
construction safety more broadly (Li et al., 
2018). Various factors may influence the 
use of VR/AR for selected use cases. For 
example, Castronovo et al. (2019) 
investigated the influence of space, 
purpose, processes, cost, and key 
technological features on the selection of 

the most appropriate technology 
configuration for an interactive workspace 
in a given use context. The configuration 
choice for an interactive workspace 
primarily depends on the user groups and 
the level to which their tasks rely on the 
adequate spatial understanding, where the 
characteristics of a display medium, such 
as the viewing perspective (e.g., object-
centred vs. viewer-centred) and viewing 
scale (e.g., monitor vs. large screen), can 
affect the way users understand 
information (Paes et al., 2017; Whyte and 
Nikolić, 2018). Hence, certain attributes, 
such as display size or types of data 
interactions, may be prioritised over the 
immersion or stereoscopy if the task does 
not necessitate such features. For 
example, viewing spatially distributed data, 
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such as maps or urban-scale environments 
does not rely as much on depth perception 
and stereoscopic viewing, as the goal is 
typically to understand broader links and 
spatial patterns, which is typically done 
from the bird’s eye view (i.e., object-
centred). Conversely, constrained and tight 
physical spaces where the goal may be to 
understand the access to equipment or 
evaluate design ergonomics will largely rely 
on depth perception (i.e., stereoscopy) and 
a viewer-centred experience that will 
benefit from a greater visual immersion and 
viewing scale. Hence, user- and purpose-
tailored designs of VR/AR experiences are 
needed. An example is in Ventura et al. 
(2020), where they developed a VR-aided 
design review protocol in usability-focused 
meetings, in order to improve the clients’ 
and end-users' systematic participation in 
design reviews. 

The advancement of BIM processes that 
generate semantically rich 3D models has 
made a logical connection to advanced 
visualisation and interactive technologies, 
such as VR and AR – to improve the 
evaluation of such models (Liu et al., 2018). 
Parametric, 3D modelling is a central 
principle of BIM, as is the principle of a 
single “version of the truth” shared by all 
stakeholders. Hence, design reviews have 
been the most obvious use cases for using 

VR in order to reduce design errors and 
facilitate communication and coordination 
(Dunston et al., 2010), while other areas of 
application include some practical 
applications covering the usage of AR 
HMDs to support cognitive tasks during on-
site construction works (Kwiatek et al., 
2019); electrical construction design 
communication (Chalhoub and Ayer, 
2018); training frameworks for AR and VR 
systems in the field of oil and gas industries 
(Hou et al., 2017); and the integration with 
BIM to enable remote interactive 
collaborations for facility management. 
While comparing interactions in AR and 
VR, Dallasega et al. (2020) extended the 
project simulation game Villego® with BIM, 
VR and AR to investigate how these 
technologies could inform lean construction 
methodologies to increase efficiency during 
building execution. By using HMDs, the 
users assessed AR to be very intuitive 
while navigation within VR was perceived 
to be very challenging. Thus, improving 
users’ engagement requires both the 
analysis of a process that promotes 
interaction and the design of data 
consumption environments that enable 
users to obtain insights (Victorelli et al., 
2020). Figure 5.3 shows an example of AR 
usage employing the HMD helmet Trimble 
XR10 to intuitively display on-site design 
information.

 

Figure 5.3 AR application with HMD helmet to display design information on-site 

Human-centric considerations 

AR and VR were reported to enable better 
decision-making by designers, contractors, 
managers and owners (Delgado et al., 
2020a). Ultimately, what makes VR and AR 
powerful and engaging platforms is their 
ability to encourage users to interact with 
digital content in novel ways. As well as 

providing an engaging interface, ‘clunky 
user interfaces’ was also identified as a 
barrier to adoption. In built environment 
practice, fewer studies have focused on the 
nature of interaction beyond the basic 
capabilities of navigating and walking 
through a given space. Observations of 
infrastructure teams using a large three-
screen collaborative VR system for design 
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reviews revealed trade-offs with which the 
interaction setup may come (Nikolic et al., 
2019). For example, simple interaction 
where the users only walk or fly through the 
model may enable teams to focus quickly 
on the displayed information, but as the 
interaction needs and possibilities to 
manipulate information increase, so does 
the system’s complexity and the time the 
users need to learn to interact before they 
are able to productively focus on the 
content. 

When it comes to interacting with complex 
datasets and spatial information, some 
display modalities may limit the extent of 
user engagement (Nikolić and Whyte, 
2021). For example, if the users need to 
navigate the model and understand the 
scale of design features or relationships 
between specific elements, small screen 
sizes of phones, tablets or monitors can 
make it more difficult to navigate and 
understand design. Conversely, fully 
immersive virtual environments allow users 
to intuitively 
experience virtual 
facility prototypes at 
human scale and 
through a first-person 
view (Paes et al., 
2017). The benefits 
of fully immersive 
systems, such as a 
single-user HMD are 
that they offer a rich 
set of spatial and depth cues where 
embodied interaction enables users to 
probe and explore volumes of data 
(Victorelli et al., 2020). Yet, when a larger 
group needs to explore and review 
information, such as in design reviews 
(Dunston et al., 2010; Nikolic et al., 2019; 
Liu et al., 2020), large projection-based 
collaborative VR systems (e.g., Figure. 3.1 
right and Figure. 3.2) tend to be more 
beneficial as they afford the level of social 
presence and group interactions needed 
for collaborative decision-making tasks. 
The considerations of representations, 
content characteristics, and technology 
configurations ultimately depend on 
understanding who the intended users are, 
as well as their goals and tasks in order to 
create value propositions for using VR/AR 
and develop effective user experiences 
(Nikolić and Whyte, 2021). 

Challenges for VR and AR are associated 

not only with current technology 
development but also with human-centric 
issues. Users’ engagement through 
participation, such as in design processes, 
is one of the key open challenges related to 
HDI (Victorelli et al., 2020). Improving user 
participation is required in both the data use 
(in terms of better understanding) and the 
production (in terms of quality 
improvement) cycles (Locoro, 2015). VR 
and AR allow access to data in a smooth 
and natural way based on both tangible and 
verbal interaction to convey knowledge to 
the end user and to ensure actionable 
insights that improve decision making 
(Olshannikova et al., 2015). Thus, VR 
systems can demonstrably support 
collaboration through improved 
communication and access to information 
for all stakeholders, regardless of their 
technical background. At the same time, 
these technologies still tend to be largely 
viewed as off-the-shelf, pre-defined and 
thus monolithic, often not examined 

through the lens of 
their distinct 

attributes linked to 
their various 
configurations ranging 
from (non)stereoscopic, 

(non)immersive, as 
well as single-user 

HMDs, to multi-user 
large projection-based 
systems. As a result, 

VR applications often 
reveal the tension between the medium’s 
potency to support users in visualizing 
information, and the elusiveness of 
straightforward VR solutions to consistently 
realize the above said benefits.  

VR as a communication platform may not 
always yield desirable outcomes, and in 
certain instances may even misrepresent 
the intended ‘reality’. If we assume that 
data, even quantitative, can be open to 
interpretation (Hornung et al., 2015) 
depending on the viewer’s perspective, it is 
critical to consider how digitally mediated 
visualization affects the perceptions of 
digital information. This allows us to 
understand how both VR and AR 
applications can alter user perceptions and 
the understanding of digital information, 
which can consequently affect the design, 
construction and operation of the built 
environment (Nikolić and Whyte, 2021).  
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Research Challenges 

The growing interest in VR and AR systems 
and interactive workspaces within the 
construction sector requires further 
research. Some of the main thematic areas 
to be considered are related to the flexible 
and effective integration of such systems 
into structured design, construction and 
operation processes in such a way as to 
realise their full potential in supporting 
decision-making (Delgado et al., 2020b). 
Understanding the effectiveness of VR and 
AR technology investments in construction 
sector applications is an area that warrants 
attention. For example, VR/AR hardware 
will need to be engineered for robustness if 
it is to be used in the challenging conditions 
of a construction site. Moreover, 
understanding how the adoption of VR and 

AR systems for data interaction changes 
cognitive processes in visualization, 
analysis and participatory activities 
requires further investigation. While VR and 
AR offer powerful and novel ways to 
engage allied built environment disciplines 
in shared conversations, their use remains 
largely confined within individual 
disciplines, bound by discipline-specific 
tools. For interdisciplinary practice, 
integrating increasingly diverse datasets 
not only requires overcoming issues of 
interoperability, but understanding salient 
content and technology features for the 
intended users to evaluate longer-term 
consequences of relevant decisions. This 
would also allow for an exploration of 
methodologies to measure the 
performance of VR/AR systems more 
consistently. 
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Machine learning (ML) is generally defined 
as the exploration of algorithms enabling 
computing systems to ‘learn’ and make 
data-driven predictions by building a model 
from a sample dataset (Curtis and 
Scheinberg, 2017; Kifokeris and Xenidis, 
2019). Computer systems that use ML 
automatically improve through ‘experience’ 
(Jordan and Mitchell, 2015; Witten et al., 
2016; Portugal et al., 2018) (i.e. new data 
from the domain of the system). ML 
systems utilize tools from data mining, 
statistics, and optimization theory (Jordan 
and Mitchell, 2015). What is currently 
termed as ‘classic’ ML (Vermeulen, 2020a) 
is frequently classified in three types: 
supervised, unsupervised, and hybrid ML 
(including reinforcement learning) (Gerard, 
2021; Kakarla et al., 2021a). 

Supervised ML algorithms (Jordan and 
Mitchell, 2015; Kakarla et al., 2021a) are 
‘trained’ and validated using labelled 
datasets, assuming that the reasoning of 
the application domain is known. 
Supervised ML algorithms ‘learn’ based on 
real training data, produce certain results, 
and then, after the results’ validation, apply 
the gained knowledge on new instances 
(Portugal et al., 2018). Examples of 
supervised ML algorithms include linear 
regression, decision trees, decision forests, 
Bayesian classifiers (Portugal et al., 2018), 
logistic regression, support vector 

machines, kernel methods (Kifokeris and 
Xenidis, 2019), linear discriminant analysis, 
k-nearest neighbour, and similarity learning 
(Kakarla et al., 2021a). 

Unsupervised ML can be defined as the 
analysis of unlabelled data under 
assumptions about structural properties of 
the data (Jordan and Mitchell, 2015). In 
unsupervised ML, the system is presented 
with data about a domain and has to find 
hidden patterns and develop relational 
models ‘on its own’, by running internal 
procedures (Portugal et al., 2018). Counter 
to supervised ML, there are no pre-set 
assumptions about internals laws in the 
dataset; rather, unsupervised ML systems 
are supposed to find those (Shayboun et 
al., 2019). Examples of unsupervised ML 
algorithms include methods of clustering 
such as k-means++ (Kifokeris and Xenidis, 
2018), latent variable and linear 
dimensionality reduction models such as 
non-negative matrix factorization (Kifokeris 
and Xenidis, 2019), anomaly detection 
methods such as isolation forests 
(Karczmarek et al., 2020), and multivariate 
probabilistic methods for the identification 
of abstract topics in texts, such as the 
Dirichlet allocation (Kakarla et al., 2021b). 

Hybrid ML involves the mixing of more than 
one approach. These may include semi-
supervised learning (partially integrating 
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supervised and unsupervised ML), and, 
more importantly, reinforcement learning 
(Jordan and Mitchell, 2015; Portugal et al., 
2018). Reinforcement learning is 
concerned with the way intelligent agents 
are supposed to take actions within an 
environment, in order to maximize some 
kind of cumulative reward; in that sense, 
reinforcement learning algorithms learn 
based on external feedback given either by 
a thinking entity (i.e., the human user), or 
the environment (Portugal et al., 2018). 
While it seems similar to supervised ML, 
reinforcement learning is different in not 
needing explicit labelled input/output 
dataset pairs, nor sub-optimal actions to be 
explicitly corrected; instead, the focus is on 
finding a balance between exploration (of 
datasets with unknown internal structure) 
and exploitation (of current knowledge) 
(Kaelbling et al., 1996; Gerard, 2021). 
Examples of reinforcement learning 
algorithms include Monte Carlo 
simulations, SARSA and SARSA-Lambda, 
Q-learning and Q-learning-Lambda, deep 
Q-network (DQN), deep deterministic 
policy gradient (DDPG), asynchronous 
actor-critic algorithm (A3C), Q-learning with 
normalized advantage functions (NAF), 
trust region policy optimization (TRPO), 
and proximal policy optimization (PPO) 
(Vermeulen, 2020b). 

 Over the past years, apart from those 
categories of ‘classic’ ML, the field of deep 
learning (DL) has risen to 
increased prominence. 
In particular, DL is a 
field of ML that is 
informed by, but even 
goes beyond, the 
concepts of supervised, 
unsupervised and hybrid 
ML; it is based on learning several layers of 
representations (typically by using artificial 
neural networks, ANN) (Batmaz et al., 
2019). Through such a structure of layer 
hierarchy, DL models derive higher-level 
concepts from lower-level concepts (Deng 
and Yu, 2014). In that sense, DL systems 
make use of gradient-based optimization 
algorithms to adjust parameters throughout 
a multilayered network, based on errors at 
its output (Jordan and Mitchell, 2015). 

Although research on DL has been around 
for over 50 years, the interest in it as a 
viable solution has been mainly kindled 
over the last decade (Batmaz et al., 2019). 

This primarily reflects current objective 
conditions that have allowed the 
exploration of DL techniques, namely, the 
utilization of big data (DL models learn 
better when provided with larger amounts 
of data), and advances in computational 
power (graphical processing units – GPUs 
– meeting the processing power required 
for complex computations in DL models) 
(Batmaz et al., 2019). Such developments 
have led a number of studies into posing 
that DL is currently producing the state-of-
art solutions for numerous tasks, such as 
computer vision, natural language 
processing (NLP), speech recognition 
(Deng and Yu, 2014), and even 
recommender systems (Batmaz et al., 
2019). Examples of DL algorithms include 
restricted Boltzmann machines, and 
various types of ANNs – such as deep 
belief networks, feed-forward networks 
(autoencoders), recurrent networks, 
convolutional networks (Batmaz et al., 
2019), multilayer perceptrons, and 
generative adversarial networks (Akinosho 
et al., 2020).  

It should be noted that, depending on the 
case and application, there might be an 
integration between several ML types (e.g., 
between reinforcement learning and DL) 
(Hernandez-Leal et al., 2019). It is in this 
integration, as well as the individual 
characteristics of the algorithms used in the 
context of different applications, that the 

utilisation of ML and DL in 
the construction sector 
addresses the HDI 
dimension of improving 

the outcomes and value 
of data for the involved 
and affected actors. We 
will explore these aspects 

in the following sections.  

Machine Learning in Construction and 
Built Environment  

ML for construction has been in the focus 
of continuously increasing interest over the 
past two decades (Bilal and Oyedele, 
2020). The related bibliography is 
constantly expanding at a rapid pace; 
therefore, we will mainly focus on 
presenting (in a chronological order) recent 
and current review studies on ML for 
construction. 

In one of the central wide-reaching review 
studies of the recent years, Bilal et al. 
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(2016) mapped studies describing the use 
of ML algorithms with construction. 
Indicatively, they mentioned the use of: 

• Regression algorithms in predicting the 

cycle times of construction operations, 

identifying construction project delays, 

studying the relationship between the 

cause and effect of delays, predicting 

the accuracy of estimates during the 

early stages of construction projects, 

predicting the partnering success of 

contracting parties, and exploring the 

relationship between safety climate 

and individual behaviour; 

• Naïve Bayes classifiers in detecting 

structural damages, automatically 

classifying actions of workers and 

heavy machinery in complex 

construction scenarios, and predicting 

the effect of severe loading events 

(e.g., earthquakes, long environmental 

degradation) on infrastructure projects; 

• Decision trees in studying mould 

germination in buildings, and 

assessing labour productivity; 

• Support vector machines in identifying 

damages in bridges, automating 

construction document classification, 

developing construction legal decision 

support systems, and detecting faults 

in HVAC under real working 

conditions; 

• ANNs in detecting vibration- and 

fatigue-related faults in engineering 

structures, and detecting structural 

damage; 

• Genetic algorithms in developing 

cost/schedule integrated planning 

systems coupled with BIM, and 

developing an active BIM system for 

assessing the risks emanating from 

schedule and workspace conflicts; 

• Latent document and/or semantic 

analysis in automatically classifying 

construction documents; 

• Clustering algorithms in grouping 

facilities according to their condition 

assessment, identifying construction 

accidents occurred in the past through 

a construction case retrieval system, 

and automatically grouping 

construction documents; 

• Natural language processing in 

developing ontologies from 

construction contractual documents, 

and automatically checking the 

compliance with construction 

regulatory documents; and 

• Information retrieval techniques in 

augmenting search queries within 

construction, facilitating the 

management and reuse of 

construction knowledge from 

unstructured documents, managing 

construction-related dictionaries and 

dependency textual documents, 

exploring 3D CAD documents, and 

retrieving construction-related 

technical documents. 

Following Bilal et al. (2016), Seyedzadeh et 
al. (2018) describe several applications of 
ANNs, support vector machines, 
regression techniques, and clustering 
algorithms, for estimating the energy 
consumption and performance in buildings. 
Gao et al. (2019) then reviewed the 
application of linear regression, ANNs, and 
case-based reasoning, in the analysis of 
facility life-cycle costs. Shayboun et al. 
(2019) noted studies on implementing 
(mostly supervised) ML for construction 
planning issues (e.g., resource leveraging, 
litigations of site disputes, assessing 
scaffolding productivity, and locating on-
site resources). 

Entering the 2020s, Bilal and Oyedele 
(2020) listed studies exploring ML models 
for classifying construction projects as 
attractive and non-attractive for bidding, 
and regressing profit margins for new 
projects. Chaabene et al. (2020) explored 
the use of ANNs, support vector machines, 
extreme vector machines, decision trees, 
and random forests, for predicting the 
mechanical properties of concrete in 
construction. Hashemi et al. (2020) 
collected publications on utilizing ML for 
cost estimation and prediction in 
construction projects, with the main focus 
being on ANNs. Shayboun et al. (2020) 
investigated the application of ML for the 
analysis of occupational accidents’ 
registration data, while reviewing studies 
on the use of ML for considering 
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occupational accidents in construction. 
Guo et al. (2021) mapped studies featuring 
ML algorithms used in computer vision 
technologies for safety science and 
management in construction; such 
algorithms mainly included classifiers like 
support vector machines. Sun et al. (2021) 
reviewed studies on the utilization of ML for 
the assessment of building structural 
design and performance, mentioning the 
application of algorithms such as linear 
regression, kernel regression, decision 
trees, and random forests. Finally, Mirzaei 
et al. (2022) 
documented the use of 
ML in processing 3D 
point cloud data in 
structural and 
infrastructural projects. 

The literature specifically 
related to DL for construction is far more 
recent and far less extensive than the 
literature elaborating on ML; there currently 
are only a handful of review studies on DL 
within the construction context. 

Akinosho et al. (2020) and Kim et al. (2020) 
initially mapped the 2020 state-of-art of DL 
pilots and prototypes in construction, as 
well as prospective future innovations. As 
existing examples, they indicatively listed 
the following: 

• Autoencoders and deep belief 

networks for the classification of BIM 

models; 

• Restricted Boltzmann machines for 

construction cost prediction and 

building energy system behaviour 

prediction; 

• Deep neural networks for short-term 

building cooling load prediction, 

asphalt pavement rut prediction, and 

building design energy prediction; 

• Convolutional neural networks for 

pavement stress detection and 

classification, prediction of the 

compressive strength of recycled 

concrete, safety guardrail detection, 

workforce activity assessment, 

workers’ protective equipment 

detection, and workers’ postural 

evaluation; 

• Recurrent neural networks for long-

term electricity and heating load 

prediction, construction equipment 

activity recognition, and heavy 

equipment parameters prediction; 

• Generative adversarial networks for 

house occupancy modelling; and 

• DL-based computer vision techniques 

for the monitoring of construction sites, 

mostly focusing on variations of ANNs. 

Following on from the previously mentioned 
studies, Jacobsen and Teizer (2022), Lee 
et al. (2022), and Baduge et al. (2022) 

updated the mapping of 
DL-related construction 
pilots and prototypes in 
2022-2023 by noting 
the use of deep neural 

networks in object 
recognition and detection, cost 
estimation, project outcome 

prediction, construction machineries’ 
activity recognition, site productivity 
estimation, workers’ posture recognition 
and safety performance, project planning, 
progress monitoring, site inspection, 
material design and optimisation, additive 
manufacturing processes in offsite 
construction, and the monitoring and 
security of construction sites. Figure 6.1 
depicts the main areas of implementation 
and development of AI (as expressed 
through ML and DL) pilots, prototypes, and 
applications within construction.  

Furthermore, general-purpose generative  
AI applications such as text-to-image 
generative software can spill over to be 
used in architectural tasks (Hanafy, 2023). 
Analysing user’s queries showed that the 
interaction of the user with the generated 
designs took a frequent iteration approach 
rather than using a single query (Hanafy, 
2023), which indicates that the users 
perform some form of judgement and 
learning. Future research might investigate 
further the forms of HDI in terms of making 
collaborative judgement with the data 
output by AI applications. 

HDI considerations: Challenges and 
future directions  

The field of ML and DL applications within 
the construction context is fascinating and 
garners a lot of attention nowadays. 
However, in reviewing the literature 
mentioned above and having ML and DL 
concepts  and  prototypes  in  mind,   some 
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Figure 6.1 Main areas of AI (esp. ML and DL) implementation and development within construction (Baduge et 
al., 2022) 

challenges emerge about the 
implementation of ML and DL for 
construction in general and about the 
relevant dimensions of HDI in particular.  

As to the general challenges, the 
contextualization  of  the  algorithms  within 
construction emerges as a major issue.  In 
most cases, the conceptual matching of 
algorithms to a specific construction-
related problem and dataset is not carried 
out,  and their suitability  is not  contextually 
evaluated – the algorithms are rather 
selected   exclusively   on   a   trial-and-error 
process. This could lead to choices based 
solely on performance metrics (accuracy, 
error) prone to overfitting and not 
necessarily capturing the specificities of the 
respective dataset. Moreover, methods of 
‘repairing’ datasets (such as under- and 
oversampling) are sometimes employed 
without considering whether datasets 
maintaining their initial properties (such as 
degrees of sparsity) can better represent 
reality and therefore inform the respective 
ML algorithms more meaningfully. 
Furthermore, there seems to be an 
overreliance on internal validity testing, 
followed by a lack of external testing of the 
algorithms’ performance and prediction 
accuracy. Finally, considering the level of 
implementation maturity, it seems that in 
2023-2024 ML and DL applications for 
construction largely constitute visions, 
prototypes, and proof-of-concepts, rather 
than established business cases. 

These general challenges heavily inform 

the issues of HDI when it comes to 
implementing ML and DL for construction. 
In such systems, the human user (e.g., an 
engineer working in the office, or a site 
manager) is a crucial part of such system; 
therefore, the system can only be 
conceived as beneficial if it does not seek 
to replace human intelligence, but rather 
augment it. If done properly, this can lead 
to the human users building trust in the 
technology (e.g., regarding on-site 
occupational safety), while partnering and 
interpersonal interactions are facilitated. A 
case study investigating three digital AI-
powered tools showed that a successful 
implementation of AI is conditioned by the 
technology itself, the process at hand, and 
the contextual culture – as well as being 
practically dependent on training, 
transparency, and trust in the output 
(Schia, 2019). In that sense, openness 
about the way data are processed and 
decisions or suggestions are made, is 
crucial; the main underlying issue concerns 
the possibility of explaining to the human 
user how the data have been used and how 
the different deductions or interpretations 
have been made. This in turn reflects the 
level of transparency and explicability in the 
processes and mechanisms involved in the 
interaction between humans and the data 
forming the basis of ML and DL modelling. 

Moreover, the digital triplet paradigm 
encapsulated in volition, maturity and 
domination levels has been used as a 
framework for advocating the Industry 5.0 
paradigm to go beyond interaction to the 
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integration of digital and automation 
technologies with humans (Alimam et al., 
2023). However, there is a risk that we 
currently have little understanding of the 
principles governing HDI to step into an 
integrated approach such as brain-
computer interface when considering ML, 
DL, and AI for construction. Possible 
solutions for these challenges could include 
leveraging interpretable machine learning 
(Bilal and Oyedele, 2020), improving the 
continuous access to datasets while 
holding realistic expectations after 
considering data limitations (Alimam et al., 
2023), leadership and involvement of 
stakeholders (Silverio-Fernández et al., 
2021), and leveraging learning and 
education (Schia, 2019). Overall, there is 
an urgent need for HDI research to keep up 
with fast-paced technological development. 

Specific studies have also shed light on 
issues of bias and discrimination in the 
interaction between humans and data 
when ML and/or DL are utilized, which can 
also affect the context of construction. For 
example, Noble (2018) has noted the 
culture of racism, sexism, misogyny, and 
economic inequity, as exposed by data 
connected to Google search results. 
Eubanks (2018) shows the ways data-
driven algorithms in predictive models 
inform policies and decision-making in a 
way disadvantageous to people belonging 
to vulnerable socioeconomic classes. 
Benjamin (2019) draws the attention in the 
reproduction of racism and inequality 
through the discriminatory designs in 
algorithms and technologies found in 
applications ranging from surveillance 
infrastructure and digital security to ML-
enabled smartphone applications. These 

and related problematizations can find their 
counterparts in construction, in terms of, for 
example, handling and interacting with risk 
analysis data, quality defects data, project 
investment data, real estate data, 
construction contractors’ and developers’ 
portfolio data, and on-site worker identity 
and surveillance data. Mishandling such 
data can be especially problematic when it 
is not only used for information purposes, 
but also as a basis to build predictive 
models through ML and/or DL. Examples of 
such predictive models can include on-site 
accident prevention systems; HDI can in 
this case constitute a very sensitive issue, 
as the health and well-being of site workers 
and engineers are on the line – as well as 
insurance claims, accident and fatality 
compensations, and even legal actions. In 
this context, regulatory frameworks are of 
the utmost necessity. The European 
Commission’s (2019) ethical guidelines 
came as a response for the need of 
trustworthy AI, anchoring the latter in the 
principles of respect for human autonomy, 
prevention of harm, fairness, and 
explicability (European Commission, 
2019). Future research should investigate 
how to enforce such regulatory frameworks 
on the organizational level and how it could 
integrate into comprehensive HDI 
principles. 

The field of ML, DL and AI in construction 
is becoming increasingly more elaborated; 
however, the particular issue of HDI is still 
not investigated enough. As such, the 
identified challenges can serve as a basis 
for further research, as the impact of HDI 
will grow while the usage of ML and DL 
systems is becoming more commonplace 
in the built environment. 
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Distributed ledger technologies (DLTs), 
and most particularly blockchain, are 
increasingly drawing attention in 
construction and the built environment. In 
this chapter, the key aspects of HDI in the 
context of the construction sector that are 
applicable to be addressed by DLTs and 
blockchain technologies are discussed; 
then, blockchain (as the most prominent 
DLT technology) and smart contracts (as 
an interactive DLT aspect that can be 
utilized within blockchains) are described; 
next, a short report on their use in the 
construction industry is offered; and finally, 
the associated HDI challenges as well as 
the benefits they can bring into applications 
throughout the built environment are 
explored. 

DLTs are generally used as a prevention 
measure where there is potential for actors 
to operate maliciously. While we focus on 
blockchain, we acknowledge other forms of 
DLT such as a directed acyclic graph 
(DAG) (e.g., IOTA’s Tangle), and 
Hashgraph. Serving as a cross-section of 
the content and insights offered by the 
reviewed blockchain-related studies, 
Figure 7.1 by Tezel et al. (2022a) clusters 
the potential attributes of blockchain 
implementation in construction around (1) 
the relevant features, (2) algorithmic 
structure of the consensus protocols, (3) 
permission levels indicating the 
blockchain’s privacy settings, (4) 
construction sector fields where blockchain 
can be applied, and (5) other technologies 
that can be potentially integrated with 

blockchain. Using these attributes, we can 
begin to conceptualise the key elements 
that require consideration from an HDI 
perspective as blockchain applications in 
construction begin to be adopted in the 
mainstream.  

Considerations of human data in 
construction 

Almost everything humans do leaves a 
data trace, particularly as connectivity 
through IoT is continuously expanding. 
Different types of human data generated 
within the built environment include, but are 
not limited to physiological data (e.g., heart 
rate, body temperature), personal data 
(e.g., date of birth, address), online data 
(e.g., internet usage), and physical data 
(e.g., survey responses, focus group 
participation). Together these data can 
build a picture of habits, interests, 
movements etc. at various levels (e.g., 
individual, demographic, local, regional, 
national, global) and can be used to create 
better, and adapt existing built 
environments addressing what humans 
actually want and need.  

The biggest issue with human data, and 
within the auspices of the built environment 
as described above, is privacy. Article 12 of 
the Universal Declaration of Human Rights 
states: “No one shall be subjected to 
arbitrary interference with his privacy, 
family, home or correspondence, nor to 
attacks upon his honour and reputation. 
Everyone has the right to the protection of 
the    law    against    such   interference   or 
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Figure 7.1 Potential attributes of blockchain implementation in construction (Tezel, et al., 2022a) 

attacks” (United Nations, 1948). The right 
to privacy does not have to be restrictive 
but is designed to give individuals control 
over who knows what about them (Privacy 
International, 2017). Nonetheless, we are 
often presented with governments, 
organisations and institutions that break 
privacy rights and laws for power and 
profiteering. As a stark example, the 
Cambridge Analytica data scandal 
highlighted Facebook’s role in influencing 
the Brexit vote and getting Donald Trump 
into the White House, among other globally 
defining events (Kaiser, 2020). So, it is 
ultimately shown that when human-
generated data (also within the built 
environment) are being collected without 
proper consent and used in ways other 
than for the good of the people, trust within 

the social net is degraded. The General 
Data Protection Regulation (GDPR) and 
similar legislation around the world only go 
so far to protect privacy; more is required 
before power is truly handed back to the 
individual.  

As societies become more interconnected, 
it is imperative that new technologies must 
address such HDI concerns. Considering 
the characteristics of DLTs, the foci of 
describing blockchain and the smart 
contracts therein, and the current visions 
and prototypes for construction, we can 
shape an understanding of the way this can 
be achieved. To use and realise the value 
of those technologies as a collaborative 
tool for the built environment requires 
integration with different technologies 
(Yang et al., 2020).
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Blockchain 

Blockchain is a technology that was initially 
introduced to support Bitcoin (Nakamoto, 
2008), but its application potential has 
since proliferated (Konstantinidis et al., 
2018). It has often been described with a 
focus on its distributed ledger and data 
exchange functions, as well as in terms of 
its sociomateriality, that is, the co-shaping 
of its properties along its practical use. 

Taking first its distributed ledger and data 
exchange functions, blockchain constitutes 
a DLT to decentralise and transparently 
store and access information by facilitating 
peer-to-peer data transactions kept in a 
consensus-updated historical record 
database (Singhal et al., 2018), which is 
shared and decentralised across different 
nodes (Lamb, 2018). This database is 
append-only (Gausdal et al., 2018); every 
entry is permanent and immutable (Singhal 
et al., 2018). The recorded ‘blocks’ store 
data and are then connected in a fixed 
order (i.e., a ‘chain’) (Verhoeven et al., 
2018). By resolving the transactions in this 
‘chain’, not only is the present transactional 
information retained, but also its complete 
history (Verhoeven et al., 2018). Such a 
history can only be updated through 
consensus via certain validation methods, 
such as ‘proof-of-work’, ‘proof-of-stake’ and 
‘proof-of-authority’ algorithms (O’Leary, 
2017; Verhoeven et al., 2018; Rossi et al., 
2019). As such, the need for in-between 
transactional verification, security and 
settlement through 
third-party 
intermediaries is 
mitigated (Singhal et 
al., 2018). Different 
node set-ups lead to different privacy 
settings, from public permissionless to 
private permissioned. In permissionless 
blockchains, the nodes can be set up 
anonymously and without oversight, while 
permissioned blockchains are operated by 
a central authority; the nodes are selected 
according to predefined compliance criteria 
(Chong et al., 2019). 

Taking the sociomaterial perspective, 
blockchain is intertwined with the social 
world at both its protocol and application 
level (Rossi et al., 2019). Thus, the agents’ 
motives, incentives and governance are 
critical for the consensus mechanisms of 
the operation protocols, and the constraints 

of the technology’s application, and the 
understanding of trust, information privacy, 
scalability, security, user behaviour, 
disintermediation, digital ledger 
architecture, and environmental 
sustainability, among the agents in the 
blockchain network (Rossi et al., 2019). 
Finally, blockchain can foster a complex 
sociomaterial system, by digitizing the 
value chain, integrating flows, shifting 
routines and capabilities, and reconfiguring 
existing sociotechnical infrastructure 
(Kohtamäki et al., 2020; Kifokeris and 
Koch, 2022). 

Smart contracts 

Smart contracts are computer protocols for 
facilitating, verifying, or enforcing 
programmed tasks and activities, which 
can in turn represent contractual 
transactions and clauses (Cuccuru, 2017) 
when the terms of what constitutes a 
contract are met. Smart contracts are 
composed of pieces of if/then computer 
code that self-execute based on pre-
defined logic offering automation to create 
efficiencies and increase productivity 
without human intervention or 
intermediaries. They can facilitate the 
creation of powerful, domain‐specific 
decentralised applications (Ye et al., 2022). 
While comm  on transactions often take 
place on centralised third-party servers, 
smart contracts run on a distributed ledger 
and are set up in agreement across a 
decentralised network, thus warranting 

more trust (Freshfields 
Bruckhaus Deringer, 

2020). A collection of 
smart contracts 

operating toward the 
same goal creates a decentralised 
autonomous organisation (DAO); DAOs 
are not managed by any one individual but 
by consensus of the parties setting them up 
(van Rijmenam et al., 2018). 

The DLT technology stack in Figure 7.2 
shows the different layers that are required 
for DLTs (also applicable to, specifically, 
blockchains) and the deployment of smart 
contracts. 

Blockchain and smart contracts in 
construction 

Blockchain (and the smart contracts 
therein) has important potential within 
construction  (Perera  et  al.,  2020)  and  is 
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Figure 7.2 DLT Technology Stack (Hunhevicz and Hall, 2020) 

among the enablers of Construction 4.0 
(Maciel, 2020). However, blockchain for 
construction is still in the early stages of 
technological readiness (Gerber and 
Nguyen, 2019;  Nguyen et al., 2019;  Li and 
Kassem, 2021). Nevertheless, there have 
been academic studies and industry 
reports exploring blockchain visions and 
prototypes for construction, adopting either 
a sector-wide focus, or investigating 
specific niches. Literature that specifically 
refers to HDI and blockchain in construction 
is beginning to emerge. Calvetti et al. 
(2021) discuss HDI in the context of 
sensored construction sites integrated with 
blockchain to facilitate data in contractual 
arrangements. The study discusses the key 
elements for the relationships between 
workers, sensing technologies, systems 
and methodologies, performance, human 
factors, and on-site conditions where data 
are collected about the individual. Data 
collection and information flows between 
workers and companies ensure 
compliance with GDPR and raise the 
standards of transparency. Li et al. (2023) 
present several considerations for HDI and 
blockchain in the built environment as 
follows: technical factors – immutability, 
data storage, transparency, system design, 
integrating technologies; non-technical 
factors – ethics, economic models, 
environmental, political, social; overlapping 
factors – governance, data usage, data 
privacy, control of data. In addition, some 
open questions were raised in the paper as 
follows: Does blockchain increase the level 
of HDI in construction? How does 
blockchain interact with HDI along the 
intersection of factors mentioned above? 
What data types (and the associated HDIs) 
are suitable for blockchain in the built 
environment? When we say HDI in 
construction, do we mostly refer to 
individuals, or larger social groups? Are we 
looking at how HDI could support the 

implementation of blockchain in 
construction, or at HDI emanating itself 
from the usage of blockchain in 
construction? 

Li et al. (2019) introduced a sociotechnical 
implementation framework, considering the 
dimensions of technology, process, 
society, and policy that emphasises the 
need for societal input into development 
and deployment of blockchain-based 
applications in construction. Hunhevicz and 
Hall (2020) proposed a framework to 
decide whether a blockchain is needed, 
determine its privacy settings, and note the 
associated use constraints (e.g., 
throughput, data storage, interoperability, 
privacy, and cost structure).  

Considering HDI in built environment 
applications connected by DLTs, as well as 
the DLT technology stack, we can envision 
entire construction-related marketplaces 
being automated, placing more emphasis 
on HDI challenges. For example, Li et al. 
(2020) proposed a DAO managing an e-
Marketplace to facilitate the procurement of 
goods maintaining a building during 
operation as illustrated in Figure 7.3. This 
DAO also connects to independent 
organisations acting as oracles for 
confirmation of suitable experience and 
qualifications of individuals being procured 
to carry out works, which can help to 
combat fraud and incompetence.  

HDI considerations  

Considering specific niches of the sector, 
three aspects of coordination that can be 
facilitated by blockchain and improve HDI 
in construction are discussed – 
governance, incentivisation, and self-
sovereign identity: 

Governance 

New  governance  models  can  change  the  
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Figure 7.3 Integration of BIM, IoT, DLT and smart contracts for semi-automating maintenance and repairs 
during the operation of a built asset (Li et al., 2020) 

way humans participate in the built 

environment.  In current systems, bottom- 

up participation attracts a high cost of 

information  exchange   (Hunhevicz  et  al., 

2022), whereas governing via a blockchain 

can reduce these costs and simultaneously 

re-empower citizen participation through 

more distributed governance models. 

According to De Filippi and Wright (2018, p. 

5) blockchains can “create order without 

law and implement what can be thought of 

as private regulatory frameworks”. DAOs 

offer a specific form of governance that 

decentralises power between participants 

where smart contracts make up the logic of 

the organisation, while participants of the 

organisation manage it (Lombardi and 

Dounas, 2022). They can operate without 

any centralised management or authority 

(Wang et al., 2019) thereby challenging 

existing governance models and 

hierarchies that have perpetuated for 

centuries, through leveraging the internet 

and collaborative technologies (i.e., 

blockchain and smart contracts) to offer 

transparent processes based on 

automation and distribution (Lombardi and 

Dounas, 2022). 

As such, a community of self-organising 

agents can transact using tokens and 

decisions are made via voting (Wang et al., 

2022). From an HDI perspective, a key 

facet offered by DAOs is the removal of the 

need for profit-seeking intermediaries and 

in doing so return some agency to 

individuals/humans. 

Thus, self-owned technological systems 

operating via a DAO can be programmed to 

seek only operational costs and not profit 

(Hunhevicz et al., 2021). In the event a 

profit is made, it can be, for example, 

reinvested into the system or redirected to 

other community-owned initiatives. An 

example of this in practice is research 

being conducted at ETH Zürich – no1s1 

(no-one’s-one) (Hunhevicz et al., 2021). 

This project challenges current ownership 

models where built assets own themselves 

rather than being owned by an individual or 

an entity. Their prototype takes the form of 

a meditation pod that anyone can utilise by 

paying a small fee in ether (Ethereum’s 

native cryptocurrency) via the Ethereum 

blockchain, and access is granted via a QR 

code that triggers the unlocking of the pod. 

The pod will become unavailable if there is 
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insufficient energy (i.e., when its battery 

needs charging, which is done via solar 

panels). The concept can be extended 

beyond this meditation pod to fully self-

owned assets that use data to manage 

themselves to, for example, issue work 

orders for maintenance and cleaning based 

on needs identified via IoT sensors or user 

input. 

Incentivisation 

Current practices in the industry result in 

adversarial relationships leading to an 

unwillingness to collaborate and trust one 

another, and in some cases even result in 

malicious behaviours (Li et al., 2023). 

Blockchain can not only facilitate more 

positive relationships in the built 

environment but can also 

encourage participation 

through incentives. So, in 

situations where 

opportunistic behaviours 

are apparent to exploit 

human actors or 

contracts (i.e., transacting 

parties are incentivised to act 

without integrity), smart contracts can be 

encoded to ensure pre-agreed obligations 

are upheld through enforcing “prescriptions 

that limit uncooperative behaviors” 

(Lumineau et al., 2021). Essentially, this 

flips the coin and incentivises cooperative 

behavi ours. Tokenisation can be used to 

incentivise changes in human behaviour 

through decentralisation and offering 

multidimensional payment systems against 

today’s one‐dimensional monetary system 

(Hunhevicz and Hall, 2020). While not 

based on blockchain, Miller (2020) writes 

about true democracy taking place in 

Canadian cities where citizens are regularly 

engaged with and are part of decision‐

making at municipality levels regarding 

urban planning. Blockchain could facilitate 

such initiatives that reintegrate humans’ 

needs into the fabric of creating and 

adapting built environments. In a similar 

vein, Joachain and Klopfert (2011) discuss 

two complementary currency programmes 

as policy instruments: NU‐Spaarpas was a 

loyalty card scheme in partnership with 

independent shops in Rotterdam, The 

Netherlands, to promote greener 

consumption and behaviour from citizens; 

and E‐portemonnee, based in Overpelt, 

Belgium, and focused on promoting 

sustainable behaviours by rewarding 

sustainable actions of citizens. 

Tokenisation could make similar schemes 

more accessible to cities across the world.  

Self-sovereign identity (SSI) 

With the emergence of blockchain and 

Web3 applications, new forms of data 

ownership are possible through zero-

knowledge proofs (ZKPs). ZKPs allow 

individuals to provide proof of the data 

without providing the actual data, therefore 

removing the need to disclose sensitive 

information (Dieye et al., 2023). The 

proposal of Web3 is to 

decentralise the internet 

and address the current 

concerns of privacy and 

lack of agency over 

personal data (Gasser, 

2023), driven by 

tokenisation (Chaffer and 

Goldston, 2022). Lockwood 

(2021a, 2021b) focuses on data privacy 

from the perspective of surveillance and 

centralised processing of personal data 

removing agency from individuals. 

Blockchain facilitates the regain of control 

over individual data via several principles of 

SSI technology as follows: existence of the 

user; control and access by the user; 

transparency within the system; 

persistence of the identities; portability of 

the information and services about the 

data; interoperability to ensure wide 

usability; consent from the users to use 

their identity; minimalization of disclosure of 

claims; and protection of users’ rights. 

Hunhevicz et al. (2022) discuss how 

blockchain can facilitate the development 

of trusted digital processes that allow 

humans and machines to trade with one 

another without needing to release 

identities.  

The many types of sensors highlighted in 

section 5 can improve health and safety on 

site – and alongside those sensors, smart 

contracts can support integrity, setting out 

the terms under which the data can be used 
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based on the needs of a construction 

project and consent of the individual to 

whom the data pertains. The same can be 

done for the sensors acting both as oracles 

in smart buildings and smart cities, and as 

a secure ledger minimising the potential for 

system hacking and associated malicious 

activity (e.g., locking someone in or out of a 

building (Urquhart et al., 2019)). Taking this 

some steps further, human data collected 

for one purpose can be securely 

transferred or processed differently by 

another application reiterating the 

interconnectedness between the different 

systems discussed throughout this white 

paper; of course, this is subject to obtaining 

informed consent. For example, when 

human feedback is required based on what 

was seen through VR/AR and is attributed 

to an individual, there are issues around the 

ownership and transparency of the 

intended use of those data. Another 

example concerns ML, DL and AI 

applications based on real-world (and 

almost always biased) data utilized in 

managing the built environment; if such 

systems are deployed on a non-repudiable 

blockchain, systemic biases (e.g., 

regarding racism, sexism, discrimination, 

and economic inequality) can be 

perpetuated in the blockchain ledger 

records. 

 

Future research 

Going forward, we can propose some 
directions of research on tackling HDI 
issues in the built environment through 
DLTs, blockchain and smart contracts, 
such as: 

• Understanding the sociomaterial 

implications of co-shaping the 

development of the technologies along 

with the related HDI requirements, 

implementation practices and the 

existing powerplays between actors – 

especially since those technologies 

have been described as more fitting in 

a process-based, rather than the 

dominant project-based approach 

within construction (Sharma and 

Kumar, 2020);  

• Contextualizing the value created by 

leveraging the technologies’ properties 

within the HDI frameworks of different 

settings (e.g., public services, 

business models); and 

• Facilitating HDI on the advent of actual 

use cases, instead of just visions and 

prototypes. This can be especially 

challenging, as there are concerns 

about the level of blockchain (and 

DLTs in general) maturity as well as 

the sector’s inertia to adopt it (Perera 

et al., 2020). 
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This white paper has investigated aspects 
of the emerging notion of Human-Data 
Interaction (HDI) for several state-of-the-art 
and cutting-edge technological concepts 
and applications utilised in, or even 
developed exclusively for, Engineering, 
Construction and Operation (AECO) and 
the built environment. The understanding 
and investigation of the HDI implications for 
each technology is a complex and 
inherently challenging issue that demands 
extensive research and practical 
deliberation. While our white paper is not 
exhaustive, it serves as a starting guide 
providing pertinent directions for 
researchers and practitioners interested in 
investigating digital innovations in 
construction and the built environment from 
a HDI perspective. This reflects some of the 
core aspects of the mission statement and 
the goals of EC3 and its HDI committee. 
Both academia and industry share a 
common stake in this pursuit, emphasizing 
the need to collaborate and unite forces to 
address HDI challenges within an 
increasingly digitalised and automated built 
environment is key. 

Echoed throughout various chapters in this 
white paper, issues like privacy (including 
GDPR), ethics and the feasibility of 
implementing emerging HDI considerations 
are clearly of crucial importance to 
construction and the built environment. As 
implied, data constitutes a pivotal aspect in 
the inception of HDI. Humans, as 
designers, builders, and occupants of 
buildings may produce data both 
intentionally (e.g., by setting personal 
preferences in an air conditioning system) 
and unintentionally (e.g., by using an ID 
card to access a restricted part of a 
building). There are clearly ethical 

implications for how we collect and manage 
data in general (Goodman, 2014), and 
particularly during the design, construction, 
and use of the built environment. The sheer 
quantity of data which can be collected and 
managed can also come into play. What 
are the privacy implications when an 
individual’s data are drowned in an ocean 
of big data? What rights does that individual 
have over the consequences of holistically 
analysing such big data? Scholars such as 
Swan (2015) have been calling for a 
philosophy of big data to address such 
questions. The Cambridge Analytica 
scandal in 2019, and the extraordinary and 
unforeseeable powers of such data, have 
already been alluded to earlier as a typical 
scenario where such an issue is present. 
Moreover, the political agreement reached 
between the European Parliament and the 
Council on the Artificial Intelligence Act (AI 
Act), which was initially proposed by the 
Commission in April 2021, brings data and 
their interaction with humans even more 
into focus; identifiable risks are pinpointed 
in an effort to guarantee “... the safety and 
fundamental rights of people and 
businesses, it will support the development, 
deployment and take-up of trustworthy AI in 
the EU” (European Commission, 2023). 
Particularising this focus in the context of 
HDI for AECO and the built environment is 
therefore a timely process. 

It can be argued that the notion of informed 
consent largely absolves of responsibility 
those who collect and manage data (Timan 
and Mann, 2021). However, human ability 
to give informed consent is questionable in 
many built environment applications. Does 
an occupant entering a smart building 
implicitly give consent for data about them 
to be collected, managed and used for 



 

 

43 
purposes usually unknown to the data 
owner and sometimes even the initial data 
user? The privacy issues in such 
environments have been noted, particularly 
by researchers in energy demand reduction 
(Agarwal et al., 2010). Focusing on 
occupant location data, Boyer et al. (2006) 
propose a three-step approach to privacy-
sensitive release of location information 
collected by sensors: defining an 
ownership model, defining environment 
events to be monitored, and creating a 
sharing model. As a particular example, the 
physicality of robotics and the built 
environment poses particular challenges to 
privacy and data protection (Fabiano, 
2019). 

The above discussion is pertinent to 
humans interacting with data as occupants 
of smart buildings and cities discussed in 
Chapter 3. Similar ethical implications 
emerge from human interaction with data 
in/from construction sites that were 
discussed in Chapter 6. Moreover, data 
about products and materials, captured by 
digital technologies such as blockchain and 
IoT, pose some important challenges. For 
example, technologies such as DLT 
(Chapter 7) present powerful opportunities 
for back-tracing the provenance and 
forward-tracing the end-user destinations 
of products and materials across the supply 
chain and onto construction sites. How can 
interaction with such data be regulated to 
realise benefits such as responsible 
sourcing, while avoiding pitfalls such as 
organisational disenfranchisement or 
protectionism by local or national 
governments? The unfolding of BIM, as a 
more limited forerunner to the broader HDI, 
can provide important lessons. The 
mandating of BIM by many governments 
around the world is now recognised as 
having disenfranchised SMEs (Dainty et 
al., 2017). As with the adoption of BIM, 
consideration of the implementation of HDI 
in AECO must not be limited to individual 
users or even individual organisations but 
entire supply chains (Murguia et al., 2021).  

GDPR policy dictates that all data must be 
used fairly and lawfully and for specific, 
explicit purposes. Data must be handled 
securely and not kept for longer than 
necessary (European Union, 2019). With 
ML and DL being among the dominant 
subfield of AI, the AI regulation landscape 
is also pertinent. In 2022, the UK 

Government published its AI Regulation 
Policy Paper, aiming to foster innovation 
while safeguarding principles such as 
safety, security, transparency and 
contestability of AI-based decisions (UK 
Government, 2022). Before that, the 
European Commission (2018) similarly 
published its strategy in AI, acknowledging 
its benefits (European Commission, 2018) 
but calling for AI to remain ‘human-centred’ 
(European Commission, 2020, 2023). 
Beyond those regulatory efforts, the 
limitations of ML and DL and the almost 
unavoidable biases that are inherent in 
datasets and the algorithms that learn from 
them are still issues of major concern, as 
described in a previous chapter. It is 
imperative to be mindful of the respective 
strengths of humans and computers – ML 
and DL might become more efficient in 
learning from data, but humans are still 
indispensable at forming difficult 
judgements. 

Applications of HDI in the design, 
construction and operation of the built 
environment need to be designed with an 
awareness of strengths and weaknesses of 
human cognition and an appreciation of the 
traits of human behaviour. Returning to the 
delivery and operation of the built 
environment, individuals work in teams with 
emergent group cognition, but individuals 
may have a different organisational 
affiliation (employer), with its own 
institutional collective intelligence. Many 
researchers (e.g., Niforatos et al., 2017) 
consider information systems to amplify 
individual human cognition. Wilke and 
Portmann (2016) furthermore cite the 
application of HDI on a city scale as an 
example of collective intelligence 
amplification. Coining the term ‘cognitive 
ergonomics’, Kalakoski et al. (2019) identify 
the limited capacity for processing 
information and the disruptive 
consequences of non-critical information 
as important factors hindering human 
decision-making. In designing a VR system 
for HDI, Widjojo et al. (2017) identify human 
cognitive limitations in processing colours, 
visual angle, resolution, as well as 
exploitable human strengths in spatial 
cognition and immersion. In any case, VR 
and particularly AR clearly extend human 
cognition. Similarly, AI (and specifically ML 
and DL in the context of construction) 
clearly extends human limits in cognition 
and learning from data. The impact on 
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human cognition in various AECO 
applications using digital innovation is an 
area that warrants significant research in 
the near future. 

Finally, it is important to highlight that this 
white paper marks the commencement of a 
focused initiative aimed at elevating the 
prominence of HDI within the Architecture, 

AECO sector. While it may not represent an 
exhaustive summary of all HDI 
consideration for this sector, it is proposed 
as a starting guide and we consider it as an 
opportunity to invite collaboration from 
academic, industry and policy making 
stakeholders. So, let’s be proactive – 
together! 
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