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Abstract

The interest in advanced robotic equipment in construction has increased in recent years. However, actual industry adoption
lags behind—and fundamental considerations might be at fault. To date, little scholarship in Architecture, Engineering and
Construction (AEC) addresses the stakeholder perception of construction robot design. Therefore, we ask, “How do visual
attributes of a construction robot influence the perception of AEC stakeholders?”” To conduct our study, we performed a
bibliometric analysis on a corpus of 59 scholarly research articles, 5 expert interviews and created and pre-validated a robot
database of 50 robot pictures classified on their visual attributes of morphology, color and material. As a result, we present
a study with 161 construction professionals who judged these robots based on three visual main criteria: ease of use, work
task adaptability and risk of job loss. In total, more than 6500 data points are collected and analyzed using binary logistic
regression. The five key findings are that construction professionals perceive that: (1) Zoomorphic (animal-like) robots are
easier to use than anthropomorphic (human-like) or mechanomorphic (machine-like) robots, (2) Bright robots are easier to
use than dark robots, (3) Zoomorphic and anthropomorphic robots are more multifunctional than mechanomorphic robots,
(4) Anthropomorphic and mechanomorphic robots are more of a risk to job loss than zoomorphic robots, and (5) Dark
robots are more of a risk to job loss than bright ones. These results are important for academics and practitioners that aim to
increase the likelihood of positive stakeholder perception of robots in construction. The findings can further help to develop
specific user-centered design principles. Such implementation can reduce the risk of construction professionals rejecting
future robots when they are introduced at the AEC job site.

Keywords Construction equipment - Robot design - User perception - Quantitative research methodology

1 Introduction

Worker and industry perception of robots can greatly influ-
ence their adoption in practice. For this reason, the actual
appearance and presentation of robots is important. What
constitutes good robot design? According to a study by
DiSalvo et al. (2002), the presence of facial features greatly
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influences the human perception, or first impression, of
robots. The study further elaborated the threshold in which
perception is positive and when it is “uncanny”, or too
human. General user principles, such as the Technology
Acceptance Model (TAM, Davis 1989) aim at mitigating
the risk of technology rejection and abandonment by the user
(de Graaf et al. 2017). Some more recent studies in social
sciences and health care robotics have further investigated
the design attributes with a focus on the user perception of
the robots’ visual attributes (Reeves et al. 2020; Klueber and
Onnasch 2022).

Concurrently, there is a strongly increasing trend of
robotic applications in the construction sector. In 2021,
a leading producer of robotic equipment and automation
technologies conducted an international survey with 1900
small, medium and large construction and associated busi-
nesses, such as planners (architects, designers), component
suppliers, contractor, subcontractors and consultants (ABB
Robotics 2021 Construction Survey). The majority (91%)
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of respondents predicted a skills crisis in the construction
sector by 2030. 81% of the respondents (or more than 1500
companies) will introduce robotic systems in the next 10
years, out of which 65% stated that they will introduce on-
site robotics, compared to only 20% for off-site fabrication
and merely 15% for 3D-printing. Participants identified
concerns on health and safety, and environmental distress
as catalysts for accelerated investments into construction
robotics.

Current construction robots are commonly classified as
single-task robots, general purpose robots and integrated
automated robotic systems (Pan and Pan 2020; Garcia de
Soto and Skibniewski 2020). Due to the limited capac-
ity (e.g. autonomy, payload, navigation) of today’s robotic
systems, Human—Robot Systems (HRS, e.g. collaborative
robots) can play an important role for the low to medium
size batch production predominant in AEC. Multiple
designs have been proposed over the years, some of which
aim to combine performance and human safety (Zinn et al.
2004). The level of interaction and collaboration varies
according to HRS technology and application (Hentout
et al. 2019). Recent academic studies by Kyjanek et al.
(2019) and Mitterberger et al. (2022) investigate inter-
active fabrication process application for HRS in AEC
that include the use of augmented reality interfaces for
industrial robots in on-site construction and prefabrica-
tion settings, such as an off-site factory floor. Brosque and
Fischer (2022) demonstrated that construction robots can
have a positive impact on human safety. Their study further
indicates that project quality, schedule and costs can be
positively influenced by the introduction of construction
robotics.

However, psychological perspectives on robotics and
automation in construction have not gained as much atten-
tion in AEC scholarship when compared to research focus-
ing on technology development and application engineer-
ing. Today’s construction field is still a highly manual work
industry and it is not clear how the current human workforce
will use, accept or adopt new robotic technology (Muishout
et al. 2020). More particularly, construction field workers
are prone to risk-taking behaviour (Low et al. 2019) and
reluctant towards vocational skill training (Wang et al.
2018). Currently, we lack an understanding of individual
AEC stakeholder groups’ perception of HRS. For greater
HRS adoption in construction, one fundamental question is
to understand how user acceptance of and engagement with
robots may be impacted by visual and morphological aspects
of the system’s design.

Therefore, this empirical study seeks to identify rela-
tionships between objective, visual attributes and indi-
vidual, subjective perceptions of construction robots. The
insights may suggest best practices for existing and emerging
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Table 1 Top 3+2 word frequencies in the selected corpus

2021 1. Human 2015-2017 1. BIM

2. System 2. System

3. Automation 3. Building

4. Work 4. Skill

5. Task 10. Human
2020 1. Task 2008-2014 1. System

2. Human 2. Automation

3. Study 3. Force

4. Process 4. Research

5. Site 5. Action
2019 1. System 2000-2007 1. System

2. Research 2. Control

3. Technology 3. Force

4. Automation 4. Human

5. Building 5. Position
2018 1. System Before 2000 1. Work

2. Technology 2. System

3. Automation 3. Cost

4. Design 4. Equipment

5. Human 8. Design

construction robotic design considerations to help increase
the likelihood of positive AEC user perception, acceptance
and ultimately adoption using participatory design principles
(Muller et al. 1993), e.g. for and with construction worker
safety in mind (Gambatese et al. 2005). Additionally, princi-
ples of work design and hedonic motivation should be con-
sidered as worker’s “safety” should not only focus on the
avoidance of physical danger.

2 Theoretical point of departure

Muishout et al. (2020) conducted exploratory interviews
with ten stakeholders (research academics, 3D-concrete-
printing companies and labour union staff) in the Dutch AEC
sector. The authors found that there is still an unclear gen-
eral definition of the term “robotisation” and related socio-
economic factors amongst these stakeholders. According to
a study with 63 construction project managers by Sam et al.
(2022), respondents were more likely to consider a robot as a
teammate, as opposed to a machine, tool or equipment when
the robot moved in a predictable way, was considered dura-
ble, remained constantly active, took its surroundings into
account before moving, simply worked well when alongside
human workers, was reliable and made the particular task
more predictable.

To further identify trends in robotic construction schol-
arship across several decades (1988-2021), we manually
collected 59 related academic articles (see supplementary
materials) in the field of AEC for a time-trend analysis. We
added robot* and construction to the list of stop words. The
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results here are two-fold: The term Auman has not been in
the Top 10 most frequent words in most periods, but ranked
2nd in 2020 and 1stin 2021 (Table 1). Second, we are able to
find correlations of keywords. For example, the term human
showcases strong bibliometric correlation with the terms
characteristic, sequence, intelligence and sensor (0.99),
hand and performance (0.97), actions (0.94) and services
(0.90). Surprisingly, however, our query shows that the term
design was only placed 8th before 2000 and 2008-2014, 7th
in 2018 and is not present in any of the more recent arti-
cles. This indicates that even though human has become a
more frequently used term in our corpus, the term design
has eventually dropped out. The terms perception, impres-
sion or ethic* could not be found in any of the most frequent
words in this data set but have been discussed in scholarship
outside of AEC.

For example, Knight (2014) promoted five partnership
principles of robotic design, namely to: (1) Implement
safeguards to ensure robots augment human experience
rather than increase social barriers. (2) Account for the
consequences of a robot’s social abilities when design-
ing industrial guidelines and technologies. (3) Consider
regulating the machine’s treatment as well as encouraging
positive experiences for the user. (4) Design some robots
to be intentionally machine-like since humans view robots
as agents and react to them socially. (5) Decide whether a
more machine-like or human-like design is most beneficial
for the human context.

As construction robotics enter the growth phase on their
way to ubiquity (Bock 2015), it is important to discuss
the social-economic impact of those technologies on the
workforce. Recent estimates state that roughly 50% of all
construction tasks can be automated. This would indicate
a replacement or displacement of 2.7 million construction
workers in the US alone until 2057, and a reduced labor
income by a net of US$31.5 billion (Manzo et al. 2018). At
last, automation and new technologies in construction will
challenge many existing roles and create new ones, eventu-
ally attracting an emerging generation of tech-savvy work-
ers to AEC (Garcia de Soto et al. 2019). Technologies have
been transforming work throughout the economy for many
decades (Badham 2009). In some cases, technology can
assist workers in performing jobs faster or more efficiently.
In other cases, however, some human workers are simply
being replaced by machines. According to Rumberger
(1984), job opportunities are put at risk by a combination
of forces, out of which high technology and automation
are the most threatening. Furthermore, poor physical health
and mental distress are predicting indicators of long-term
unemployment in construction worker cohorts (Leino-Arjas
et al. 1999), perpetually increasing the worker’s stress levels
and impacting the sector’s productivity negatively.

Fig. 1 Googly eyes on Dusty Robotics Prototype (2020)

3 Problem statement and research gap

Today, users may encounter cartoon-like, googly eyes placed
on field robots, including in the context of construction
(Fig. 1).

Although this simple strategy proves to be even success-
ful with inanimate objects (Powell et al. 2012), it indicates
a limited understanding of user-driven design attributes.
Scholars such as van de Poel (2013a) have widely discussed
that new technology development should be considered a
social experiment, not an engineering task. Therefore, it is
paramount to understand that when social and psychologi-
cal considerations are not addressed, human workers might
refuse to collaborate with or abandon such systems in the
long term (e.g. de Graaf et al. 2017).

Given the delicate position of the construction industry
facing automation and the related fear of job loss, a better
understanding of barriers to the introduction of robots (incl.
HRS) for the construction field should be considered impor-
tant and urgent. Both studies by Muishout et al. (2020) and
Sam et al. (2022) provide valuable insights into the human
systems engineering (HSE) subject of robots in construc-
tion. The main restrictions, however, are the limited num-
bers of stakeholder groups (only four) and robotic systems
under study (only three). Looking beyond AEC scholarship,
Klueber and Onnasch (2022) have conducted a study to
research the perceived “likeability” of feature combinations
for social care robots in healthcare. The image-based online
survey design combined and compared appearance attributes
(human-like, animal-like, machine-like), size (small, large)
and communication (speech, sound, text) using best-worst
scaling. So far, to the best of knowledge, no similar study
has been conducted on the appearance of construction robots
with construction professionals.
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1.) Expert interviews { 2)) Attributes & Perception 3.) Image Database

"6.) Statistical Data
Analysis

5.) Quantitative
Perception Survey

4.) Attribute
Validation Study

Fig.2 Flowchart of the applied research method

4 Research question and hypothesis

Accordingly, we pose the research question: How do
visual attributes influence AEC stakeholders’ perception
of construction robots? Further, we address the need to
understand key attributes and key perceptions of particu-
lar construction robots from various viewpoints. Hence,
we formulate our main hypothesis: “The attributes mor-
phology, color and material have an impact on the defined
perceptions of ease of use, work task adaptability and risk
of job loss in various stakeholder groups within the AEC
industry.”

5 Methods

The study by Reeves et al. (2020) studied social robot
attributes and perceptions in two separate studies that are
based on a self-developed image database. Similarly, our
methodology consists of a research approach involving the
following steps: (1) Qualitative data collection via semi-
structured interviews, (2) Definition of attributes and per-
ceptions, (3) Development of image database, (4) Attrib-
ute validation study of defined attributes, (5) Quantitative
perception survey with defined perceptions, (6) Statistical
data processing and (7) Presentation of results and inter-
pretation (Fig. 2).

(1) Interviews First, we conducted five qualitative, semi-
structured interviews with five experts in different sub-areas
of AEC (architects, professors, product- and branch man-
agers, researchers and engineers). The interview duration
ranged between 30 and 45 min. Recruiting of the participants
was done by convenience and proximity in the research net-
work on a voluntary basis and without monetary compensa-
tion. The interviews were conducted in German and English
and transcribed verbatim leading to 21 pages of interviews.
The interview questions are available in Appendix 1. Table 2
shows the evaluated themes that were collected during the
interviews. Productivity and price/cost—all economic via-
bility terms—are not considered due to them not primarily
being visual objectively measurable.

(2) Based on the interviews, key characteristics are
evaluated qualitatively: Objective features are referred to
as “attributes”, whereas subjective features are referred
to as “perceptions”. Table 3 illustrates the chosen set
of three objective attributes and subjective perception
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Table 2 Qualitative evaluation interviews themes (N = 5)

Perceptions Attributes
Interview 1 Price/cost Morphology
Adaptability Color
Productivity
Interview 2 Price/cost Morphology
Adaptability Color
Interview 3 Productivity Color
Ease of use
Interview 4 Price/cost Morphology
Productivity Color
Ease of use
Interview 5 Adaptability Color

Table 3 Selected attributes and perceptions

Objective Attributes Subjective perceptions

Morphology Ease of use
Color Work task adaptability
Material Risk of job loss

chosen due to a combination of interview results and lit-
erature review. Our final research methodology consid-
ers three attributes with each two to three expressions,
such as in the study design of Klueber and Onnasch
(2022): (a) Form factor, or Morphology: anthropomor-
phic (human-like), zoomorphic (animal-like), mechano-
morphic (machine-like). (b) Color: bright, dark. (c) Mate-
rial: soft, hard. Perceptions: (d) Ease of use (inspired by
Davis 1989). (e) Work task adaptability (or production
flexibility, such as studied by Hartmann et al. 2009) and
(f) Risk of job loss (Brand 2015).

(3) Image database Inspired by the Stanford Social Robot
Database (2020) we developed a database of 50 construction
robots'; 86% are existing machines, 14% are virtual visuali-
sations and do not exist (yet). Surveys that rely on images
are easy to understand, more engaging and thus tend to lead
to higher response rates (Treiblmaier and Filzmoser 2011).
The images in the database are subjectively chosen by the
authors to achieve a balance according to the three defined
attributes and expressions, e.g.: for each robot of attribute
1, expression I there shall be one of attribute 1, expression
2. The images are prepared in a resolution of 400x400px.

! For the sake of readability throughout this manuscript the term
“robot” is used for both “robot” and “machine” images in the devel-
oped database. The Discussion section also further highlights the
ambiguity of terms and the need for clarification in future research.
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Table 4 Results of the attribute validation study (N = 142)
Morphology Anthropomorph
Zoomorph
Mechanomorph 26
Color Bright 27
Dark 16
Material Soft 1
Hard 33

Fig.3 Excerpt of the developed robot picture database (n = 50)

Human operators, other background objects, brands and the
environment have been removed to standardise the visual
stimuli and thereby stimulate a spontaneous and mostly
unbiased perception. Figure 3 shows a selection of the data-
base entries. The full data set can be found in Appendix 3.

(4) Attribute validation study In this first survey, the
robots’ visual characteristics are measured. We developed a
quantitative online study on the survey platform Qualtrics™
that collected data on the attributes of 20 randomly chosen
pictures of the 50 robots in the database. No relation to the
broader AEC sector was required for the participants and
recruitment occurred by convenience within private net-
works. This survey used the following items for validation
by the participants: Morphology (anthropomorphic, zoomor-
phic, mechanomorphic), color (bright, dark), material (soft,
hard) and was conducted during 4 weeks in Spring 2022.
The survey was available in German and English with an
estimated duration of 15-20 min. A cut-off value of 0.8 is
used to determine if an attribute can be treated as objective
by the majority of participants (e.g. see Gaul et al. 2010):
Attribute expressions with less than 80% agreement between
participants were considered unclear in our data set and were
not further used for analysis.

(5) Quantitative perception survey For an eight week
period in Spring 2022, we conducted a quantitative study
on the same platform. For this survey, however, participants
from the AEC industry were recruited via direct email out-
reach to more than 200 Swiss construction companies, phys-
ical posters at construction sites and direct messages within
the authors’ extended professional, social and research net-
works. The survey was designed to be intuitive and interac-
tive for the participants and responses were collected via
a 5-point Likert scale. Participants were shown a random
sample of 20 of the 50 robot images in the data set to reach
an assumed completion time of 15-20 min. They were asked
to judge three predefined perceptions in the context of the
construction industry: (a) Ease of use: How easy to use does
the robot appear to be? (b) Work task adaptability: How flex-
ible is the application of the robot? In particular, we asked
if the machine appears to have only a single or several use

cases. (c) Risk of job loss: How likely is the robot to replace
humans?

(6) Statistical data processing Binary logistic regres-
sion (BLR) is used to estimate the relationship between
one or more independent variables and a binary depend-
ent variable. BLR is chosen to be appropriate to prove or
disprove our binary outcome hypothesis as probabilities
are bounded by 0 and 1. In our approach, both independ-
ent and dependent variables are dichotomous (mutually
exclusive, collectively exhaustive). By evaluating Exp(b),
or the Odd Ratio, conclusions can be drawn on the rela-
tionship between attributes and perceptions which are the
main interest of this study. Further information on BLR
can be found in Appendix 2. Raw survey data are exported
from the Qualtrics™ platform, imported into IBM™ SPSS
Statistics Software and prepared for BLR analysis. System-
atic errors are evaluated by scanning the data for system-
atic response bias. This is done by evaluating the standard
deviation from every recorded response. If the standard
deviation SD = 0, the response is considered invalid since
the participant always chose the same answer for the entire
survey. Incomplete responses of the designed online survey
platform are considered “completely at random”. Accord-
ing to Leung and Qin (2006) the missingness of data under
completely random state can be ignored and, therefore, are
kept in the data set. To compare the different characteris-
tics with BLR, every attribute type is coded with a binary
parameter: Consequently, the 5-point Likert scale of the
quantitative perception survey is compressed into net posi-
tive and net negative binary values while neutral values
are ignored.

6 Results

Table 4 shows the number of expressions that were collected
by the attribute validation study (N = 142) with a cut-off
value of 0.8. Note that most robots are considered of mecha-
nomorphic morphology and only one robot is considered
soft. This emphasizes the importance of the validation of
the stimulus material for experimental settings.
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Table 5 Descriptive statistic data from the attribute validation study

Robot/machine Morphology Color Material
Rotating Tower Crane Mechanom. Bright Hard
Hilti Jaibot Mechanom. Unclear Hard
Boston Dynamics Spot Zoomorphic Bright Unclear
In-Situ Fabricator Mechanom. Bright Hard
ANYbotics ANYmal Unclear Dark Hard
Dusty FieldPrinter Mechanom. Dark Hard
Aeditive RSP KUKA Mechanom. Bright Hard
Heavy Excavator Mechanom. Bright Hard
Canvas Robot Mechanom. Dark Unclear
Baubot Mechanom. Bright Hard

Table 6 Professional work distribution (n = 245) of quantitative per-
ception survey participants (N = 161)

Architecture 20%
Civil engineering 18%
Construction management 14%
Construction/deconstruction work 11%
Other 11%
Consulting/planning/designing 9%
Glazing/painting 6%
None 4%
Operating construction equipment 2%
Masonry/concrete work/carpentry 2%
Electricity/plumbing 2%
Ironwork 1%

Table 7 Demographic distribution of quantitative perception survey
participants (N=161)

Under 25 years 4% Male 74%
25-34 years 42% Female 17%
35-49 years 27% Non-binary 5%
Above 50 years 27% Prefer not to state 4%

Table 5 shows the results of the attribute validation study
for ten (out of 50) prominent examples of construction robots
and common equipment. The full table with the results of the
attribute validation study and quantitative perception survey
can be found in Appendix 3.

Quantitative perception survey: In total, 251 participants
of 12 different stakeholder groups participated in the sub-
jective perception survey. Table 6 shows the professional
distribution of the respondents, some of which reported
more than one profession. 60 participants never completed
the entire survey, 25 did not specify a stakeholder group and
5 created an invalid systematic error. Thus, a total of 161
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Table 8 Mean perception value per robot, range: 1-5 (full data in
Appendix 3 and SD in the supplementary materials)

Robot/machine Ease of use Work task  Risk of job loss
adaptability

Rotating Tower Crane ~ 3.98 4.18 2.00
Hilti Jaibot 3.95 3.59 2.60
Boston Dynamics Spot  2.96 2.85 221
In-Situ Fabricator 2.79 3.29 2.56
ANYbotics ANYmal 2.77 2.87 2.39
Dusty FieldPrinter 3.20 2.73 2.33
Aeditive RSP KUKA 331 3.31 3.00
Heavy Excavator 4.07 3.82 2.26
Canvas Robot 3.37 3.02 2.49
Baubot 3.34 3.25 247
Range 1-5

valid responses are collected and analyzed. The respond-
ents’ demographics are presented in Table 7. The major-
ity (70%) of the survey respondents are from or reside in
Switzerland.

Table 8 shows the results of the quantitative perception
survey for ten (out of 50) prominent examples of construc-
tion robots and common equipment with the full table in
Appendix 3.

Figure 4 consolidates the results of the perception of ease
of use and work task adaptability. Note here that dimensions
are qualitatively scaled to according min/max values and do
not represent absolute values. The detailed table including
standard deviation and variance can be found in the sup-
plementary materials.

Figure 5 consolidates the results of the perception of
ease of use and risk of job loss using the same visualisation
approach.

Table 9 indicates low correlation between the attributes
and thus proves the validity of using BLR as statistical tool
for the analysis of our data set. The detailed descriptive sta-
tistic analysis can be found in Appendix 2.

Inferential statistics: All attribute expressions are then
cross-compared in three different parameter calculation
iterations ((1)-(3)): Morphology (1): Compares the indica-
tor anthropomorphic to the coded variable of BLR iteration
(1), which is zoomorphic. Morphology (2): Compares the
indicator mechanomorphic to the coded variable of BLR
iteration (2), which is anthropomorphic. Morphology (3):
Compares the indicator mechanomorphic to the coded vari-
able of BLR iteration (3), which is zoomorphic. Color (1):
Compares the indicator bright to the coded variable of BLR
iteration (1), which is dark. Material (1): Compares the indi-
cator hard to the coded variable of BLR iteration (1), which
is soft (Appendix 2).
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Fig.5 Visualisation of robots’ mean perceptions (x = Ease of use, y = Risk of job loss (N = 161), M. Baumann

The number of analyzed stimuli (n) is shown in the
description of each table below. Note that the number of
stimuli (n) is higher than the number of participants ().
This is because each participant judged multiple different
pictures.

When computing the responses of all participants regard-
ing the perception of ease of use, three significant (p < 0.05)
findings are supported by different stakeholder groups

(n=15): Exp(b) = 2.6 suggests that the odds of zoomorphic
robots are 2.6 times higher to be judged as easy to use than
robots in the anthropomorphic group. Exp(b) = 2.3 suggests
that the odds of zoomorphic robots are 2.3 times higher to
be judged as easy to use than robots in the mechanomorphic
group. Exp(b) = 1.7 suggests that the odds of bright robots
are 1.7 times more likely to be perceived as easy to use than
dark robots (Appendix 2).
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Table9 Correlation between robot attributes (n = 2213)

Pearson-correlation Morphology Color Material
Morphology 1 0.097 0.213
Color 0.097 1 —0.204
Material 0.213 —0.204 1

When computing the responses of all participants
regarding the perception work task adaptability, two sig-
nificant (p < 0.05) findings are supported by different
stakeholder groups (n = 5): Exp(b) = 1.7 suggests that the
odds of anthropomorphic robots are 1.7 times higher to be
judged as more multifunctional than robots in the mecha-
nomorphic group. Exp(b) = 1.6 suggests that the odds of
zoomorphic robots are 1.6 times higher to be judged as
more multifunctional than robots in the mechanomorphic
group (Appendix 2).

When computing the responses of all participants
regarding the perception risk of job loss, three signifi-
cant (p < 0.05) findings are supported by different stake-
holder groups (n = 5): Exp(b) = 2.0 suggests that the
odds of anthropomorphic robots are twice as likely to be
perceived as a risk to job loss than zoomorphic robots.
Exp(b) = 1.9 suggests that the odds of mechanomorphic
robots are 1.9 times as likely to be perceived as a risk to
job loss than zoomorphic robots. Exp(b) = 1.5 suggests
that the odds of dark robots are 1.5 times as likely to be
perceived as a risk to job loss of human workers than
robots that are bright (Appendix 2).

Table 10 Findings of the quantitative perception study

7 Key findings

Table 10 summarizes the study’s five key findings. They
are not the only significant findings, but those are the find-
ings that are validated by multiple stakeholder groups as
well as the total sample group. The presented data of these
studies show the results of the total participating sample
group.

While the results of most stakeholder groups point
in the same direction, there are four exceptions among
the different AEC stakeholders: Electrical and plumbing
workers perceive bright robots 6.6 times more adaptable
to work tasks than dark ones. Painting and glazing work-
ers are seven times as likely to perceive anthropomorphic
robots as adaptable to work tasks as mechanomorphic
ones. Construction managers are 2.6 times more likely to
perceive anthropomorphic robots as a risk to job loss than
mechanomorphic ones. Painting and glazing workers are
7.2 times more likely to perceive anthropomorphic robots
as a risk to job loss than mechanomorphic robots. These
values are notably higher than previous stated key find-
ings, yet there is a limited sample size in these stakeholder
groups.

In addition, 191 participants from both surveys vol-
untarily answered an additional prompt on the difference
between the terms robot and machine. The responses have
been grouped qualitatively in the five following themes
in Table 11. However, some respondents have stated that
robots and machines are alike. More attention may be given
to understanding these emerging themes.

Zoomorphic and anthropomorphic robots are being perceived as more multifunctional than mechanomorphic robots

Ease of use Zoomorphic robots are being perceived as easier to use than anthropomorphic or mechanomorphic robots
Bright robots are being perceived as easier to use than dark robots

Work task adaptability

Risk of job loss

robots

Anthropomorphic and mechanomorphic robots are being perceived as more of a risk to job loss than than zoomorphic

Dark robots are being perceived as more of a risk to job loss than bright ones

Table 11 Themes of voluntary responses (N = 191)

Theme Robots Machines

Autonomy Do not require human assistance to work Do require human assistance to work

Technical abstraction More complex, do need programming to work Less complex, do not need programming to work
Task range Bigger task range Limited task range

Characteristics Range of features that are similar to humans Less features similar to humans

Mobility Are mobile Are not mobile
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Further, 30 participants from the quantitative perception
survey indicated prior experience working with robots in a
second voluntary item. No a priori hypothesis on the par-
ticipants’ former experience with robots was formed. We
controlled for experience and could not find a significant
difference of participants perception regarding their previous
experience with robots. This is based on one-tailed, inde-
pendent two sample homoscedastic #-tests (assuming equal
variance) that result in: Ease of use: #(96) = 0.76, p = .23;
Work task adaptability: #(96) = — 0.31; p = .38, Risk of job
loss: #(96) = 0.37, p = .36. The detailed data analysis can be
found in the supplementary materials.

8 Discussion and limitations

Our study participant cohort may be positively skewed
towards technological innovation due to their age: The par-
ticipants were younger than the construction industry aver-
age in Germany (Gerlmaier and Latniak 2012). Further, the
study had more female participation than the industry aver-
age in Germany (Hauptverband der Deutschen Bauindustrie
2022). We recognize these numbers are from a neighbouring
country but expect similar averages across Germany, Austria
and Switzerland. A validation study across more dispersed
geographical locations should be conducted to find simi-
larities and differences when studying construction robotics
(e.g. Broehl et al. 2019).

Based on our study it is not clear what type of robotic
system is considered a toy, device, tool, machine, robot or
even a co-worker by the various stakeholder groups. In our
study design we removed not only the context of the construc-
tion robot (such as the environment, control panels, human
operator and brand names) but also its particular task alloca-
tion which might be critical in the scenario of a single task
construction robot. The introduction of one or more specific
construction tasks and collaboration scenarios will increase
the understanding of user needs for such construction robots.
Due to statistical considerations the study was limited to three
attributes and three perceptions. We see the possibility to con-
duct a similar study design with more variables, given access
to a bigger sample group. In addition, the use of continuous
rating scales instead of Likert scales in online surveys has
been proposed by scholars and could be implemented to fur-
ther reduce statistical noise (Treiblmaier and Filzmoser 2011).

9 Conclusion and outlook

Our studies show that construction robot morphology has
a statistically significant impact on these three perceptions:
ease of use, work task adaptability and risk of job loss.

Color has a statistically significant impact on the percep-
tion of risk of job loss: It is shown that brighter colors
have a less negative impact on this perception. No analy-
sis on the material can be expressed due to insufficient
stimuli responses on this attribute. It is assumed that ease
of use and work task adaptability are desired perceptions in
robots, while the risk of job loss is an undesired perception.
Our data also show that there is no superior morphology
expression. In fact, some attributes of a single robot might
perform well in one or two perceptions but fail the third.
Depending on the particular requirements of the robot
under study, the morphology should be determined indi-
vidually. In addition, less represented stakeholder groups
did not generate statistically significant relations between
all attributes and perceptions.

Prospectively we envision the use of configurators as
supplementary design tools to help conceptualize novel,
modular robotic systems according to well-perceived
visual attributes, beyond their purely technical engi-
neering benchmarks. Scholars have coined the term
Value Sensitive Design (VSD) to describe the incor-
porating values of ethical importance into engineering
design (van de Poel 2013b). Therefore, the findings
of this research study may support these user-centric,
industrial design considerations for ongoing and future
developments in the field of construction robotics. For
example, into one or several versions of ETH’s “In-Situ
Fabricator 2” concept (Giftthaler et al. 2017) or Rethink
Robotics’ Baxter (2012) that is tailored to specific
stakeholder groups in AEC—or perhaps one that is on
average well perceived by all. However, to increase the
likelihood of positive acceptance of robotics in the con-
struction sector, the HRS must be deliberately designed.
Additional socio-technical studies on the user’s expec-
tations and acceptance, beyond visual perception,
are required: For example, to extend or combine the
research results with other, existing frameworks such
the Unified Theory of Acceptance and Use of Technol-
ogy (UTAUT, Venkatesh et al. 2003). Further human-
centred work design principles such as job resources
(levels of control and autonomy, skill use and task vari-
ety, job feedback, relational aspects) and job demands
(e.g. performance monitoring) require direct integration
in the development of the construction robots (Parker
and Grote 2020).

Appendix 1: Interview questions
Do you know what a robot is? What is a robot for you? This

question is used as a baseline to determine the expert’s per-
sonal definition of a robot.
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What is the difference between a robot and a machine in
your opinion? The participant describes his or her own views
on the topic of robotics and machinery.

What are the properties that you expect a good robot to
have? This question aims to gather key terms of important
characteristics of robots.

What are your personal doubts or concerns when robots
are applied in the AEC industry? This question highlights
subjective challenges of robotization in the AEC industry.

What are general doubts or concerns when robots are
applied in the AEC industry? This question aims to find
common doubts and concerns in the sector of the AEC
industry where the expert is working.

What could be done to minimize these concerns? This
question leaves space for individual ideas of improvement
for robots.

What kind of visual attributes could be important to pro-
mote acceptance in (respective target group)? This question
can potentially help in evaluating the attributes used in this
study. Respective target groups refer to the profession of the
interviewee.

Appendix 2: Parameter coding, variable
definition and BLR results

Binary logistic regressions (BLR) estimate the relation-
ship between one (or more) explanatory predictor vari-
ables and a single, binary outcome variable. BLR esti-
mates regression parameters by accounting for the fact
that probabilities are bounded by 0 and 1. BLR uses
the maximum likelihood estimation (MLE) to estimate
model parameters. MLE is an iterative process that aims

at arriving at parameter values that most likely produce
the observed sample data: This approach iterates differ-
ent outcomes until the parameters cannot improve the
result any more (Bousterhout 2014). The predicament
to apply BLR analysis on a sample requires the inde-
pendent variables to not be highly correlated (Walther
2020). Correlations in the range of 0.9 < ¢ < 1.0 count
as “highly correlated” (Calkins 2005). Regression Coef-
ficient b represents the logarithmic odds change of the
dependent variable (perception) when the predictor vari-
able (attribute) is changed. It is mainly used to determine
Exp(b). If this variable tends towards 0, this indicates no
relation between the dependent variable and the predictor
(Crowson 2019). Standard Error estimates the standard
deviation from the mean of the used sample to the effec-
tive mean, if the sample would be optimally distributed
(Ilola 2018; Kenton 2021). df counts the calculations
for each predictor variable (attribute) and has no further
impact on the analysis. p lists the statistical significance
of the respective calculation. p > 0.05: results are insig-
nificant and p < 0.05: results are significant (Bhandari
2021; Gallo 2016). Exp(b) expresses the multiplicative
change in odds of an increase in the dependent variable
(perception) when the predictor variable (attribute) is
increased by one unit. If Exp(b) > 1 then an increase in
the predictor variable heightens the odds of the dependent
variable to increase. Contrarily, if Exp(b) < 1, the odds
sink (Crowson 2019). 95% Confidence Interval for Exp(b)
gives an understanding of the accuracy of the estimated
value of Exp(b). It shows the range in which the effective
Exp(b) lies with a confidence of 95% (Crowson 2019)
(Tables 12, 13, 14).

Table 12 Parameter coding for

BLR Expression  Description Occurrences  Iteration (1)  Iteration (2)  Iteration (3)

Morphology 0 Unclear 443 0.000 0.000 0.000

1 Antrophom. 279 Indicator 1.000 0.000

2 Zoomorphic 313 1.000 0.000 1.000

3 Mechanom. 1178 0.000 Indicator Indicator
Color 0 Unclear 284 0.000

1 Dark 765 1.000

2 Bright 1164 Indicator
Material 0 Unclear 697 0.000

1 Soft 45 1.000

2 Hard 1471 Indicator
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Table 13 Descriptive analysis of the BLR analysis of the perceptions ease of use (n = 2213), work task adaptability (n = 2220) and risk of job

loss (n = 2233)

Exp(b) Anthropom.

Zoomorphic

Mechanom.  Dark Bright Soft Hard

Ease of use Anthropom. —
Zoomorphic 2.6 p < 0.001
Mechanom.
Dark
Bright

Soft

Hard
Anthropom. —
Zoomorphic 1.0 p =0.801
Mechanom. 0.6 p < 0.001
Dark

Bright

Soft

Hard

Anthropom. —

Work task adapt-
ability

Risk of job loss
Zoomorphic 0.5 p <0.001 -
Mechanom. 0.8 p =0.079
Dark
Bright
Soft
Hard

12p=0.182 04 p<0.001 —

1.0 p = 0.801

0.6 p=0001 —

2.0 p < 0.001

0.4 p <0001 0.8p=0.182

2.3 p < 0.001

- 0.6 p < 0.001
1.7 p <0.001 —
- 0.5 p = 0.076
1.9 p=0.076 —
1.7 p < 0.001
1.6 p = 0.001

- 1.1p=0.189

09p=0.189 -
- 1.5 p=0.239
07p=0239 -

1.3 p=0.079

0.5 p < 0.001

1.9p <0.001 —

- 1.5 p < 0.001

0.7p <0001 —
- 1.0 p = 0.820
1.0p=0820 —

Table 14 BLR analysis results of the perceptions ease of use (n = 2213), task adaptability (n = 2220) and risk of job loss (n = 2233)

Perception BLR iteration Regression Standard error df P Exp(b) 95% Confidence interval
coefficient b for Exp(b)

Ease of use Morphology(1) 0.945 0.173 1 <0.001 2572 1.831 3.612
Morphology(3) 0.828 0.147 1 <0.001 2288 1.714 3.053
Color(1) -0.513 0.099 1 <0.001  0.599 0.493 0.727

Work task adaptability Morphology(2) 0.553 0.149 1 <0.001 1.739 1.298 2.330
Morphology(3) 0.471 0.137 1 <0.001 1.601 1.224 2.095
Color(1) 0.127 0.097 1 0.189  1.136 0.939 1.373

Risk of job loss Morphology(1) —0.693 0.183 1 <0.001  0.500 0.349 0.716
Morphology(3) — 0.664 0.158 1 <0.001 0.515 0.377 0.702
Color(1) 0.420 0.104 1 <0.001 1522 1.242 1.864

Lower value Upper value

Appendix 3: Full table of robot attributes

and perceptions

See Tables 15, 16, 17 and 18.
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Table 15 Table of robot picture database with attributes and perception responses (continues)

Robot / Machine Objective attributes Subjective perceptions
Image Name Morphology Color Material Ease of Work task Risk of
use adaptability job loss
Pink toy robot unclear bright unclear 3.32 2.30 2.08
) (<80%) (83%) (<80%)
g (7
CalTech LEONARDO unclear dark hard 2.41 2.84 2.72
%r (<80%) (100%) (81%)
FESTO BionicWheelbot zoomorphic bright unclear 2.78 2.78 2.31
g i (89%) (100%) (<80%)
Boston Dynamics Spiderbot zoomorphic dark unclear 3.04 2.75 1.95
(89%) (98%) (<80%)
- Black Panther Robot zoomorphic dark hard 2.09 2.29 2.52
/ ; (93%) (100%) (83%)
i AlphaDog zoomorphic bright unclear 3.23 2.83 2.32
(’ ¢ l\ (93%) (98%)  (<80%)
W .
¥ Humanoid Robot anthropomorphic bright unclear 2.88 3.40 3.02
’Z . (95%) (98%) (<80%)
\
t\
) Boston Dynamics Wildcat unclear dark hard 2.34 2.48 2.23
ﬁ (<80%) (89%) (84%)
DFKI Sherpa TT unclear bright hard 2.61 3.23 2.65
X (<80%) (98%) (94%)
£
DFKI CREX zoomorphic unclear hard 2.75 3.09 2.42
(85%) (<80%) (85%)
3 S\
Boston Dynamics Big Dog zoomorphic dark hard 211 2.59 2.32
ﬂ (86%) (84%) (82%)
”A Westworld Humanoid Robot anthropomorphic bright soft 2.75 3.84 3.29
ﬁj (95%) (100%) (84%)
£\
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Table 16 Table of robot picture database with attributes and perception responses (continues)

Boston Dynamics Petman anthropomorphic unclear hard 2.28 3.14 3.16
(80%) (<80%) (80%)
TU Munich Lola anthropomorphic bright hard 2.29 3.14 2.98
(91%) (82%) (87%)
.-_“-,' Aldebaran Nao anthropomorphic bright unclear 3.00 3.02 2.80
Jar, (86%) (100%) (<80%)
o gvussd
Rl
Boston Dynamics Atlas old anthropomorphic dark hard 2.24 3.10 3.02
(93%) (98%) (91%)
Reconfixx Robot unclear dark unclear 2.83 2.43 2.02
(<80%) (89%) (<80%)
Crawler crane with wrecking ball ~ mechanomorphic dark hard 3.37 2.40 2.03
(95%) (91%) (100%)
Industrial welding robot mechanomorphic bright hard 3.40 3.37 3.15
}!ﬂ‘j (96%) (98%) (91%)
ﬁ S—
Volvo Excavator mechanomorphic dark hard 3.82 3.88 2.56
(96%) (90%) (100%)
PTC Vibration pile driver mechanomorphic bright hard 3.56 2.54 2.06
(96%) (83%) (91%)
Tobbie The Robot unclear bright unclear 297 2.52 2.24
(<80%) (100%) (<80%)
TSM Roadheader mechanomorphic bright hard 3.34 3.07 2.29
s (93%) (98%) (98%)
Aeditive RSP KUKA mechanomorphic bright hard 3.31 3.31 3.00
9 > (83%) (98%) (93%)
ol
Boston Dynamics Spot zoomorphic bright unclear 2.96 2.85 2.21
(87%) (80%) (<80%)
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Table 17 Table of robot picture database with attributes and perception responses (continues)

Heavy Excavator mechanomorphic bright hard 4.07 3.82 2.26

/?f (89%) (98%) (98%)

sy

S. Gier SITEWASP mechanomorphic dark unclear 3.31 3.06 2.04

? (83%) (93%) (<80%)
Hilti Jaibot mechanomorphic unclear hard 3.95 3.59 2.60

.1 (91%) (<80%) (91%)
Belle Group Power Trowel mechanomorphic bright hard 3.81 2.40 2.02

'{’\\’é (98%) (93%) (93%)
HOMAG Robotic Timber Framing mechanomorphic dark hard 3.28 3.40 2.69

(87%) (98%) (91%)

Ay

ICD Stuttgart TIM unclear bright hard 3.07 3.31 2.97

r;;,f_*‘ (<80%) (96%) (83%)
Conveyor belt mechanomorphic unclear hard 4.24 2.71 214

x‘ (94%) (<80%)  (91%)
§ Abus Gantry Crane mechanomorphic bright hard 4.08 3.17 2.09

| (98%) (96%) (96%)

GEKKO Solar Robot mechanomorphic bright unclear 3.50 2.63 2.52
(93%) (98%) (<80%)

(88%) (81%) (<80%)

/_.ﬁﬁa//
i/! GEKKO Facade Robot mechanomorphic bright unclear 4.06 2.81 3.13

Dusty FieldPrinter mechanomorphic dark hard 3.20 2.73 2.33

(96%) (94%) (81%)
Gensler MUPPette unclear dark unclear 3.35 3.25 2.35

Eo A (<80%) (86%) (<80%)
ETHZ In-Situ Fabricator mechanomorphic bright hard 2.79 3.29 2.56

(93%) (98%) (89%)

SheeX

:
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Table 18 Table of robot picture database with attributes and perception responses

ERO Concrete Recycling Robot  mechanomorphic dark unclear 3.44 2.98 2.46
(81%) (81%) (<80%)
& Canvas Robot mechanomorphic dark unclear 3.37 3.02 2.49
g (93%) (82%) (<80%)
% Princeton ABB Industrial Robots ~ mechanomorphic bright hard 2.79 3.33 2.66
lL‘/g’ (83%) (96%) (85%)
et
p BOMAG Vibratory Plate mechanomorphic dark hard 4.20 2.46 2.02
i Y, (100%) (85%) (85%)
"4
S. Baumann Machine unclear unclear hard 2.94 3.22 2.49
1 (<80%) (<80%) (89%)
Baubot mechanomorphic bright hard 3.34 3.25 2.47
R i = (91%) (98%) (91%)
Boston Dynamics Atlas new anthropomorphic bright unclear 2.65 3.39 3.03
,{,‘ (86%) (98%) (<80%)
4y
25
ETHZ dimRob mechanomorphic unclear hard 3.17 3.1 3.06
g (96%) (<80%) (96%)
ANYbotics ANYmal unclear dark hard 2.77 2.87 2.39
(<80%) (100%) (84%)
Concrete Saw mechanomorphic bright hard 3.98 2.56 2.10
(96%) (91%) (100%)
> fa Rotating Tower Crane mechanomorphic bright hard 3.98 4.18 2.00
C (100%) (100%) (100%)
b
Wirtgen Concrete Paver mechanomorphic bright hard 2.65 2.61 2.72
(98%) (96%) (93%)

@ Springer



236

Construction Robotics (2022) 6:221-237

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s41693-022-00087-y.
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