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Abstract

In the vision of Industry 5.0, collaborative robots (or cobots) play a central supporting role in various industries, especially
manufacturing. Close interaction with cobots requires special attention to user experience to fully exploit the benefits of
this paradigm. Consequently, understanding the impact of a cobot’s physical size on user experience becomes critical to
optimizing human-robot collaboration (HRC). This research aims to investigate the relationship between cobot size (UR3e
— small cobot vs. UR10e — large cobot) and user experience in HRC contexts, in conjunction with other factors (i.e., cobot
movement speed and product assembly complexity). Through a series of controlled experiments involving 32 participants,
user experience data were obtained by collecting physiological measures (i.e., electro-dermal activity, heart activity, eye-
tracking metrics) and subjective responses with questionnaires (i.e., perceived workload, interaction quality, and affective
state). Results showed that the large cobot was generally perceived to be safer, more natural, efficient, fluid, and trustworthy.
With the large cobot, there was a decrease in dominance; however, it was offset by the learning effect. Perceived workload
was mainly influenced by product complexity. No clear difference in terms of mental strain emerged from the physiologi-
cal data comparing the cobot sizes. In addition, the interaction term between cobot size and cobot movement speed never
emerged as significant. The results of this research can offer practical insights to improve the effectiveness and acceptance
of cobots during the implementation phase.

Keywords Human-robot collaboration - Industry 5.0 - Cobot size - User experience - Physiological measures - Mental
strain

1 Introduction enhance overall efficiency and productivity [3]. As cobots

are central to the vision of Industry 5.0, it becomes impera-

In the era of Industry 5.0, the integration of collaborative
robots, commonly known as cobots, is revolutionizing the
landscape of various industries, particularly in manufac-
turing [1, 2]. These kinds of robots are designed to work
alongside humans, emphasizing a collaborative approach to
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tive to study the implications of human—robot collaboration
(HRC) to fully exploit the potential benefits of this paradigm
shift [4].

A critical aspect demanding attention in HRC is the user
experience during close interaction with cobots [5]. For opti-
mal collaboration, it is essential to comprehend how certain
factors, such as the physical size of cobots, influence the
user’s perception during the interaction [3].

In one of the first works aimed to explore this aspect,
Rahimi and Waldemar Karwowski [6] found out that the
selection by the operator of safe speed for a traditional
industrial robot depended on the size of the robot, leading
to the conclusion that larger robots produce the perception
of a more dangerous motion in space. Karwowski et al. [7]
investigated the effects of exposure to a simulated accident,
involving a robot hitting a mannequin placed inside the work
envelope by exploring also industrial robot size. Results,

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s00170-024-14060-2&domain=pdf
http://orcid.org/0000-0002-3006-3382
http://orcid.org/0000-0002-4669-2140
http://orcid.org/0000-0002-8454-5918
http://orcid.org/0000-0001-7131-4419

5778 The International Journal of Advanced Manufacturing Technology (2024) 133:5777-5791

surprisingly, showed that industrial workers felt safer in the
presence of an arm of the larger robot than the smaller one.
Hirori and Ito [8] explored the influence of size, in terms of
robot height (small, medium, and high), of a mobile robot
on the anxiety or threat felt by a human to be caused by a
robot approaching him or her and determining the appropri-
ate human-robot distance. They observed a tendency for the
human-robot distance to increase along with the size of the
robot, but surprisingly, the one that resulted in less anxiety
was the robot with the medium height.

From the literature, it is not entirely clear how the size of
the robot affects the user experience, especially in HRC. This
research aims to address this crucial aspect by investigating
the relationship between cobot size — specifically, comparing a
small cobot (UR3e) with a large one (UR10e) — and user expe-
rience in HRC contexts in terms of both subjective and physi-
ological responses. To provide a comprehensive understand-
ing, this exploration is conducted in conjunction with other
factors, namely cobot movement speed and product assembly
complexity. Two main research questions are addressed: (i)
How does the cobot’s physical size affect user experience?
(i1) Do the joint effects of the cobot size with movement speed
or product complexity affect user experience?

The study employs a methodology incorporating con-
trolled experiments with 32 participants. Data collection
encompasses both physiological measures, including elec-
tro-dermal activity, heart activity, and eye-tracking metrics,
as well as subjective responses obtained through question-
naires addressing perceived workload, interaction quality,
and affective state. Through this multifaceted approach,
the dynamics that modulate user experience in the context
of cobots of different sizes are explored. The main novel
elements of this study reside in (i) the comparison of two
morphologically identical cobots that differ only in size,
effectively eliminating possible other confounding elements
that can affect human perception; (ii) the joint analysis of
multiple physiological signals to provide a broader view on
the cognitive aspects involved in the HRC.

The significance of this research extends beyond concep-
tual considerations, offering practical insights that can signifi-
cantly impact the implementation of cobots in real-world sce-
narios. By understanding how users perceive and interact with
cobots of different sizes, we aim to provide valuable guidance
for designers, engineers, and industry stakeholders seeking to
optimize HRC for enhanced effectiveness and acceptance. The
subsequent sections present detailed findings and analyses
derived from our experiments, shedding light on the intricate
interplay between cobot size, movement speed, and product
assembly complexity in shaping the user experience.

The paper is structured as follows. The Section 2 pre-
sents the methodology used to explore the research ques-
tions, describing the experimental setup, collected data, and
data processing. The Section 3 illustrates the results obtained
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by analyzing the data collected through the experiment. In
the Section 4, a discussion of the implications of the cobot
size and movement speed on user experience is presented.
Finally, future work and conclusions are presented in the
Section 5.

2 Methodology

In this section, the implemented methodology to explore the
cobot size effect is explained.

2.1 Experimental setup

In the “Mind4Lab” (Manufacturing Industry 4.0 Laboratory)
at the “Politecnico di Torino,” collaborative assembly tasks
were implemented in an HRC setting. To explore the effects
of cobot size (Size) on user experience, two collaborative
workstations were used: one with the UR3e cobot (Small)
and the other with the UR10e cobot (Large) (Fig. 1). These
cobots were chosen for their similarity in terms of esthetic
features, differing only in physical size, and both had a setup
hanging above the operator (i.e., overhead) (Fig. 2). The
UR3e weights 11.2 kg, has a reach of 0.5m, and a payload
of 3 kg, whereas the UR10e weights 33.5 kg, has a reach of
1.3 m, and a payload of 12.5 kg. Two types of products with
different assembly complexity were considered (Product). A
mechanical component (Fig. 3a), consisting of a base, two
oval flanges, and one square flange, was considered a prod-
uct of low assembly complexity (Low), whereas a tile cutter
was considered a more complex product (High) (Fig. 3b).

The operations for assembling the mechanical component
can be divided into the following phases:

7
a

URbe

UR10e

Fig. 1 Size comparison between cobots UR3e and UR10e [9]
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4. Assembling the second oval flange. The cobot takes
the remaining oval flange and places it correctly on the
base. The operator takes the final two screws, inserts
them into the holes, and tightens them. The cobot takes
the assembled mechanical component and places it in
another work area.

The operations for assembling the tile cutter can be bro-
ken down into four macro-phases:

1. Assembly of the side supports. The cobot brings the base
of the tile cutter closer to the operator, who assembles
the side supports for the rail rods. When the operation is
finished, the cobot sets the assembled component aside.

2. Assembly of the cutting mechanism. The cobot takes the
main component of the cutting mechanism and holds it
in an ergonomic position in front of the operator. The
operator positions and assembles the round blade and
the remaining two components of the mechanism. When
the operations are finished, the cobot releases the cutting
mechanism close to the operator.

3. Assembling the base with the cutting mechanism. The
cobot brings the base with assembled side supports back
to the operator; the operator picks up the cutting mecha-
nism, inserts the rail rods through the appropriate slots
of the cutting mechanism, and joins the rail rods to the

Fig.2 Collaborative workstation with overhead UR3e setup base through the side supports.

4. Completion of the tile cutter. The operator takes the
handle and inserts it into the threaded slot of the cutting

1. Positioning the base. The cobot picks the base and mechanism. When finished, the cobot takes the com-
brings it closer to the operator. pleted tile cutter and sets it aside.

2. Assembling the square flange. The cobot picks the
square flange and places it in the correct position on the Two levels of the robot’s joint speed (Speed) were imple-
base. The operator takes the screws, inserts them into mented: 90°/s (Normal) and 270°/s (High). These values
the holes, and tightens them. represent the maximum speed that all the robot’s joints could

3. Assembling the first oval flange. The cobot takes the oval ~ reach.
flange and places it correctly on the base of the square A within-subject experimental design was imple-
flange. The operator takes two screws, inserts them into ~ mented in this study to examine the effects of two fixed
the holes, and tightens them. factors (i.e., cobot size and cobot movement speed) on

Fig.3 The mechanical compo-
nent (a) and the tile cutter (b)

(a) (b)
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perceived interaction quality, affective state, workload, and
physiological response. A between-subject approach was
used to explore the effect of product complexity in order
to reduce the duration of the experimental session per
participant (Fig. 4).

Thirty-two participants, with no prior experience with
cobots, were recruited from the “Politecnico di Torino” and
the surroundings for the study (27.3% females and 72.7%
males). After randomly selecting the product to be assem-
bled, each participant performed the assembly task twice
in all four possible configurations (i.e., small cobot — nor-
mal speed, small cobot — high speed, large cobot — normal
speed, and large cobot — high speed) in random order.

At the end of each trial, three different questionnaires
were administered. An interaction quality questionnaire

(Table 1) composed of seven items was used to collect par-
ticipants’ perceptions on different dimensions related to the
interaction with the cobot. The items were evaluated on a
seven-point scale (from “strongly disagree” to “strongly
agree”).

The self-assessment manikin (SAM) [11, 12] was admin-
istered to participants to gather their affective state in the dif-
ferent task configurations by evaluating on a nine-point scale
three dimensions: valence, arousal, and dominance (Fig. 5).
Valence represents the pleasantness relative to a stimulus
(for instance, happiness and relaxation are associated with a
high valence, whereas anxiety or anger with a low valence).
Arousal refers to the intensity of emotion provoked by a
stimulus (e.g., fear and anger are usually associated with a
high arousal, whereas relaxation and boredom with a low

Fig.4 Flowchart of the experi-
mental process

Introduction to
the experiment

Empatica E4
set-up
(~15 min)

Eye-tracking
set-up

Baseline of
physiological
signals
(2 min)

Product
selection
(mechanical
component or
tile cutter)

2 training trials

HRC trial
(Small/Large size,
Low/High speed)

No

Table 1 Questionnaire for

. . : Item No Dimension Questionnaire item
interaction quality [10]
Ql Robot helpfulness The robot was helpful in accomplishing the task
Q2 Interaction unsafety I felt the interaction was not safe
Q3 Interaction naturalness The collaboration felt natural
Q4 Team efficiency The robot and I worked efficiently together
Q5 Team fluency The robot and I worked fluently together
Q6 Discomfort I felt uncomfortable with the robot
Q7 Robot trustworthiness The robot was trustworthy

@ Springer
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arousal). Dominance represents the degree of control felt
relative to a stimulus (e.g., relaxation or anger is usually
associated with a high dominance, while fear or anxiety with
low dominance).

The commonly used NASA-TLX [13] was implemented
to assess operator workload during the collaborative assem-
bly (Fig. 6). NASA-TLX is composed of the following six
dimensions:

e Mental demand, referring to the amount of mental activ-
ity required by the task.

e Physical demand, which represents the amount of physi-
cal activity required by the task.

e Temporal demand, which refers to how much time pres-
sure is perceived due to the task pace.

e Performance, concerning with the degree of success and
satisfaction with the results obtained in performing the
task.

e Effort, which represents how hard one has to work (both
mentally and physically) to achieve a certain level of per-
formance.

e Frustration, referring to the amount of annoyance, frus-
tration, or irritation felt during the task.

Each NASA-TLX dimension is rated on a 0—100 scale
with five-point steps (see Fig. 6), and the final workload
score is obtained by averaging the dimension ratings.

In addition to subjective evaluations, physiological sig-
nals were also collected to deepen the participant’s state
during the experimental trials. Electro-dermal activity
(EDA) data and heart data through photopletismogram
(PPG) were obtained, respectively, at 4 Hz and 64 Hz
using the non-invasive biosensor Empatica E4 wristband
(Fig. 7a). From EDA and PPG signals, stress and arousal
indicators were derived for each HRC configuration, as
explained in the following sub-section. Eye-tracking data
were also collected using the Tobii Pro Glasses 3 at 100Hz
(Fig. 7b), providing information on cognitive processes
and user experience, and analyzing pupillometry and met-
rics related to fixations and saccades.

2.2 Data processing and modeling

Table 2 provides a summary of all the dependent and inde-
pendent variables included in the analysis.

From physiological signals, potential artifacts were
identified and removed. By using the MATLAB “Ledalab,”
EDA signals were decomposed in tonic components and
phasic components through continuous decomposition

2
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Fig.5 Self-assessment manikin (SAM) [11]

@ Springer



5782

The International Journal of Advanced Manufacturing Technology (2024) 133:5777-5791

Fig.6 NASA-TLX question-
naire [13]

Fig.7 The Empatica E4 [14] (a)
and the wearable eye-tracking
Tobii Pro Glasses 3 [15] (b)

@ Springer

Name Task Date

Mental Demand How mentally demanding was the task’

Ll Lttt

Very Low Very High
Physical Demand How physically demanding was the task?
llllllllll|ll|||lllll
Very Low Very High
Temporal Demand How hurried or rushed was the pace of the task?
llllllllll|llllllllll
Vory Low Very High
Performance How successful were you in accomplishing whal

you were asked to do?

EEEEEEEEEE NN NN

Porfoct Failuro

Effort How hard did you have 1o work to accomplish
your level of performance?

EEEEEEEEEEEEEEE NN

Very Low Very High
Frustration How insecure, discouraged, irritated, stressed

and annoyed wereyou?

I I N A O O O

Very Low Very High

(@ (b)
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analysis (CDA) [16]. The tonic component is characterized
by the skin conductance level (SCL), which represents the
long-term fluctuations in EDA that are not directly derived
from external stimuli. Short-term EDA fluctuations elic-
ited by an external stimulus represent a phasic component.
From the phasic component, Skin conductance responses
(SCRs), which are amplitude differences between the SCL
and response peaks, are detected. In the present study, the

Table2 Summary of independent and dependent variables

average SCR (EDA — average SCR) and SCL (EDA — aver-
age SCL) were calculated for each HRC configuration,
representing stress response and mental strain indicators,
respectively. Regarding heart data, NN intervals (i.e., time
intervals between systolic peaks) were obtained from PPG.
As an HRV measure for stress, the standard deviation of
NN intervals (SDNN) was included due to its widespread
usage [17, 18].

Type of variable Category Variable name Description
Independent variables Fixed factors Size Cobot physical size (Small, Large)
Speed Robot movement speed (Low, High)
Product Product assembly complexity (Low, High)
Covariate Exposure Number of exposures to the same configuration (/, 2)
Random block Participant ID of the participant
Dependant variables  Interaction quality QI1_Helpful Assessment of perceived robot helpfulness (seven-point
scale)
Q2_NotSafe Assessment of perceived interaction unsafety (seven-point
scale)
Q3_Natural Assessment of perceived interaction naturalness (seven-point
scale)
Q4_Efficient Assessment of perceived team efficiency (seven-point scale)
05_Fluid Assessment of perceived team fluency (seven-point scale)

Q6_Uncomfortable
Q7_Trustworthy

SAM Valence
Arousal
Dominance
NASA-TLX Mental demand
Physical demand

Temporal demand
Performance
Effort

Frustration
Workload

Physiological metrics Average pupil diameter

Average duration of fixations
Average peak velocity of saccades

Average amplitude of saccades

EDA — average SCR
EDA — average SCL
HRV — SDNN

Assessment of perceived discomfort (seven-point scale)

Assessment of perceived robot trustworthiness (seven-point
scale)

SAM dimension assessing how positive the emotion is (nine-
point scale)

SAM dimension assessing how agitated a person feels (nine-
point scale)

SAM dimension assessing how strong is the dominance feel-
ing (nine-point scale)

NASA-TLX dimension representing how mentally demand-
ing a task

NASA-TLX dimension representing how physically demand-
ing a task

NASA-TLX dimension representing how temporally
demanding a task

NASA-TLX dimension representing how well a task is per-
ceived to be performed

NASA-TLX dimension representing how much effort is
perceived during the task

NASA-TLX dimension representing how many negative feel-
ings are perceived in a task

NASA-TLX dimension representing the overall perceived
workload score

Average dilatation of pupils [mm]

Mean duration of fixations in the area of interest [ms]
Mean of peak velocities of saccades [°/ms]

Mean of saccade amplitudes [°]

Average skin conductance response [puS]

Average skin conductance level [uS]

Standard deviation of heart rate NN intervals [ms]

@ Springer
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Eye-tracking data were processed using the “Tobii Pro
Lab” software, which filtered raw data and extracted the met-
rics of interest reported in Table 2. Pupillary dilation is influ-
enced by mental and cognitive processes, and an increase
in it is often attributable to a stress response or increased
use of mental resources [19, 20]. Fixations represent peri-
ods of stable gaze during which the eyes remain relatively
still and gain detailed visual information. A longer duration
of fixations may be attributable to increased interest in a
certain area of interest or increased mental effort resulting
from fatigue or difficulty in processing information [19, 20].
Saccades are rapid movements of the eyes, shifting the gaze
from one point of interest to another. Analysis of saccade
amplitude and velocity provides additional insight into men-
tal effort. A decrease in amplitude as well as velocity of sac-
cades is often related to an increase in mental effort [20, 21].

A series of mixed-effect ordinal logistic regression
(MOLR) models were implemented in order to investigate
the relationship of the fixed factors of the experiment and
their interactions with the subjective responses (i.e., interac-
tion quality and SAM dimensions). The MOLR model was
chosen for its suitability in (i) modeling dependent variables
defined on an ordinal scale and (ii) handling the participant
effect as a random block effect [22, 23]. MOLR models are
based on cumulative link mixed models (CLMMs) and can
be specified in terms of cumulative logits as follows (sup-
posing to have K levels of the ordinal response variable, n
observations, and J participants):

P(Y; <k)
1-P(Y; <k)
fork=1,...,K—1

=0,

logit(P(Y; < k)) = 10g<

T
—xl.jﬁ—uj

ey

withi=1, ..., nand j=1, ..., J. The term [F"(Yl-j < k) is the
probability that the observation i of the participant j is associ-
ated with a rating below or equal to k. Note that the logit is not
defined for k=K since P ( Y, <K ) = 1. The coefficients 0, are
called threshold parameters and act as model intercepts. Data
of the independent variables of observation i of participant j
are contained in the vector xl.Tj, whereas the model parameters
are in vector f. The term u; represents the random effect for
participant j, where u; ~ N(0, 62). Note that the negative sign
in front of xg B ensures that positive parameters are associated
with increased probability for higher levels as the independent
variables increase. The “ordinal” package from the software
R was used to fit MOLR models [24].

Since the NASA-TLX dimension scores and selected
indicators for physiological response can be considered
continuous variables, linear mixed models (LMMs) were
implemented to explore the relationship with the considered
factors and to handle the participant effect as a random block
effect. LMMs can be represented as follows:

@ Springer

_ T . . .
Y,j—xijﬂ+uj withi=1,...,nandj=1,...,J 2)

where xg is the vector containing data of the independent
variables for observation i of participant j, p the vector for
the model parameters, and u; the random effect for partici-
pant j with u; ~ N(0, 62). Models were fitted using the
“ImerTest” package from the software R.

The formula used for the models is reported below using
the Wilkinson notation [25]:

Y ~ 1 + Size = Speed * Exposure + Size * Product
+ Speed * Product + Exposure * Product
+ (1|Participant) 3)

The significance of the model terms will be analyzed
and discussed in the following section for each response
variable.

3 Results

In this section, the results of the fitted regression models are
described and analyzed. See the Appendix for additional
details on the resulting models.

3.1 Perceived interaction quality

The relationships between the experimental factors and
the different aspects of the perceived quality of interaction
with the robot will be presented. In Table 3, the results of
the analysis of deviance (ANODE) for each MOLR model
are reported, showing the significance of each term. The
large cobot was felt during the interaction slightly safer,
more efficient, fluid, and trustworthy. In addition, when the
cobot movement speed was high, the cobot was perceived
as more helpful, efficient, and fluid and also slightly more
uncomfortable. The second experience with the same con-
figuration tended to result in an overall improved interaction
quality: The cobot was perceived to be safer, more natural,
efficient, fluid, and trustworthy. However, it was also per-
ceived as slightly less helpful and less comfortable when
moving slowly. By assembling a more complex product, the
cobot was perceived in the second experience to be further-
more helpful, natural, efficient, fluid, and comfortable. In
addition, assembling a more complex product with higher
movement speed resulted in a slight decrease in perceived
efficiency and fluency.

3.2 Perceived workload
Table 4 contains the results of the analysis of variance

(ANOVA) for each linear mixed model of the NASA-TLX
dimensions, showing the significance of each model term.
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Table 3 ANODE table with resulting p-values for quality of interaction

Model term Q1_Helpful Q2_NotSafe Q3_Natural Q4_Efficient Q5_Fluid Q6_Uncom- Q7_Trust-
fortable worthy
Size 0.099 0.012* 0.055 0.039* 0.046* 0.602 0.016%*
Speed 0.020* 0.098 0.473 <0.001%** <0.001%** 0.005%%* 0.703
Exposure 0.034* <0.001%** <0.001%** <0.001*** <0.001%** <0.001%** 0.016%*
Product 0.834 0.822 0.660 0.799 0.470 0.745 0.164
Size - Speed 0.891 0.894 0.727 0.651 0.587 0.398 0.311
Size - Exposure 0.485 0.373 0.945 0.776 0.453 0.964 0.922
Speed - Exposure 0.660 0.446 0.545 0.627 0.540 0.098 0.621
Exposure - Product 0.003#* 0.147 0.008%*%* 0.0027%# 0.001%* 0.043%* 0.541
Size - Product 0.355 0.624 0.602 0.896 0.231 0.658 0.421
Speed - Product 0.080 0.671 0.635 <0.001*** 0.031°* 0.300 0.357
Size - Speed - Exposure ~ 0.304 0.632 0.639 0.306 0.965 0.701 0.361

#0.05 > p > 0.01
#%0.01 > p > 0.001
% p < 0.001

In general, it emerges that the perceived workload decreases 3.3 Affective state
in the second experience, especially with the more complex
product, due to a learning effect. Looking in detail at the

various dimensions of workload, there emerges a decrease

Table 5 contains the results of the ANODE for each MOLR
model for the SAM dimensions, showing the significance

in mental demand, physical demand, temporal demand, and
effort and an increase in performance. Especially with the
more complex product, the second experience resulted in
a further decrease in perceived mental demand and effort
and an increase in performance. Regarding perceived per-
formance, a decrease was observed with the more complex
product, especially with even higher speed. Concerning frus-
tration, a slight increase was observed in the second experi-
ence, especially when the cobot was moving slower. In fact,
a decrease in frustration was observed with higher speed in
the second experience.

Table4 ANOVA table with resulting p-values for NASA-TLX

of each model term. Initially, the higher speed with a com-
plex product resulted in more negative emotions due to more
initial effort on the part of the participant. However, in the
second experience, the higher speed was more appreciated
once they became familiar with the product assembly. In
terms of arousal, an increase was observed with the highest
speed and in the second experience. However, there was
also a significant decrease in the second experience with the
more complex product. The larger cobot implied an initial
feeling of less dominance, but this increased during the sec-
ond experience, especially with the more complex product.

Model term Workload Mental demand  Physical demand Temporal demand  Performance  Effort Frustration
Size 0.458 0.270 0.577 0.753 0.073 0.883 0.901
Speed 0.295 0.146 0.705 0.158 0.837 0.586 0.708
Exposure <0.001***  <0.001*** <0.001*** <0.001%** <0.001*** <0.001*** 0.049%*
Product 0.149 0.072 0.908 0.685 0.045* 0.206 0.472
Size - Speed 0.633 0.721 0.717 0.789 0.599 0.806 0.441
Size - Exposure 0.603 0.291 0.700 0.898 0.375 0.833 0.716
Speed - Exposure 0.156 0.527 0.290 0.156 0.505 0.173 0.031*
Exposure - Product 0.012* 0.021 * 0.605 0.623 0.001%** 0.002**  0.250
Size - Product 0.649 0.142 0.101 0.292 0.277 0.531 0.932
Speed - Product 0.179 0.921 0.346 0.867 0.026* 0.442 0.070
Size - Speed - Exposure 0.524 0.958 0.614 0.293 0.949 0.112 0.312

%0.05 > p > 0.01
#40.01 > p > 0.001
% p < 0.001
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Table 5 ANODE table with resulting p-values for SAM dimensions

Model term Valence Arousal Dominance
Size 0.141 0.730 0.036*
Speed 0912 0.002%* 0.180
Exposure 0.072 <0.001***  <0.001%*%*
Product 0.596 0.929 0.864
Size - Speed 0.353 0.679 0.432
Size - Exposure 0.714 0.882 0.404
Speed - Exposure 0.023* 0.682 0.744
Exposure - Product 0.590 <0.001*** 0.022%
Size - Product 0.982 0.549 0.593
Speed - Product <0.001%** 0.377 0.287
Size - Speed - Exposure 0.192 0.173 0.321

0.05 > p > 0.01
#0.01 > p > 0.001
% < 0,001

3.4 Physiological parameters

Analysis of multiple physiological parameters allows for a
broader representation of the mental and cognitive aspects
involved during the process. At the same time, finding
concordances between multiple physiological signals
can provide stronger evidence of the observed phenom-
ena. Table 6 contains the results of the ANOVA for each

Table 6 ANOVA table with resulting p-values for physiological measures

linear mixed model of the physiological measures consid-
ered. Looking at HRV, no particularly significant terms
emerged. Focusing on EDA, only a significant reduction
in average SCR and SCL was noted in the second expe-
rience, mainly due to a learning effect. Regarding eye-
tracking metrics, interesting effects emerged in pupillary
dilation, peak saccade velocity, and saccade amplitude.
The larger cobot and higher speed resulted in an increase
in pupillary diameter, likely due to higher user engage-
ment situations. A decrease in pupillary diameter was also
observed when the user interacted with the larger cobot
while assembling the more complex product. Another
decrease emerged in the second experience, denoting
a learning effect. Having to assemble a more complex
product resulted in a slightly smaller saccade amplitude,
indicative of slightly higher cognitive effort. However,
in the interaction with the larger cobot and in the second
experience, increases in the peak velocity of saccades
were observed with the more complex product, indicative
of an alleviation of cognitive load.

4 Discussion

The quantitative analysis revealed the influence of the con-
figuration factors, i.e., cobot size, speed, and product com-
plexity, on the various response variables related to user
experience, highlighting some interesting relationships.

Model term Average pupil Average Average peak Average EDA —average = EDA —average =~ HRV — SDNN
diameter duration of velocity of sac-  amplitude of SCR SCL
fixations cades saccades
Size <0.001%** 0.089 0.304 0.458 0.214 0.084 0.631
Speed <0.001%** 0.180 0.628 0.648 0.126 0.331 0.638
Exposure <0.001%** 0.994 0.087 0.161 <0.001%** 0.005%** 0.158
Product 0.138 0.791 0.091 0.035* 0.156 0.284 0.152
Size - Speed 0.638 0.517 0.638 0.890 0.752 0.675 0.428
Size - Exposure 0.821 0.257 0.160 0.092 0.494 0.305 0.850
Speed - Exposure 0.133 0.703 0.116 0.090 0.796 0.910 0.361
Exposure * 0.186 0.061 0.030* 0.125 0.348 0.499 0.696
Product
Size - Product <0.001#** 0.471 0.037* 0.072 0.666 0.589 0.683
Speed - Product 0.245 0.862 0.202 0.192 0.580 0.180 0.307
Size - Speed - 0.718 0.502 0.601 0.334 0.975 0.701 0.883
Exposure

*0.05 > p > 0.01
*#0.01 > p > 0.001
#%p < 0.001
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Perceived workload was mainly influenced by product
complexity and learning effect, meaning that the cobot
size and movement speed did not have a significant influ-
ence. Therefore, the workload was influenced mainly by
the product to be assembled.

Cobot size and movement speed were most influential in
the perceived quality of interaction. When the movement
speed was higher, the cobot was perceived as more helpful,
efficient, and fluid, especially during the second experi-
ence of the user. Surprisingly, the larger cobot generally
resulted in better interaction quality, with higher perceived
safety, efficiency, fluency, and trustworthiness. Although
there was lower initial dominance with it, the learning
effect totally compensated for the loss.

From a physiological point of view, observing pupil-
lometry, SCR, and SCL confirmed the learning effect,
which resulted in a general decrease in mental strain. From
the pupillary dilation, it was also noticed a higher acti-
vation by the participants with the large cobot and high
speed, which can be interpreted as a higher engagement.
Through saccade-related metrics, a slight positive influ-
ence of product complexity on cognitive load was noted
and how it was also slightly mitigated by the large cobot.
No significant effect emerged in terms of HRV.

The participants’ unstructured feedback was in line
with the results obtained from the questionnaires. A large
proportion of participants showed a slight preference
toward the larger cobot, perceiving it to be more reli-
able and stable during movements. This result is in line
with the one observed by Karwowski et al. [7], in which
industrial workers felt safer in the presence of an arm of
a larger robot than a smaller one. Initially, before start-
ing the experiment, some participants had the impres-
sion that interacting with the large cobot might result
in more anxiety. However, they noticed that during the
assembly process, their attention toward the cobot was
mainly focused on its end-effector (i.e., the gripper),
which was the same for both cobots. As a result, during
the interaction, they did not pay special attention to the
entire size of the cobot, which suggests that the char-
acteristics of the end-effector may have a greater influ-
ence. This aspect needs to be explored further in future
work. Another aspect that will be interesting to explore
in future work is to compare, in terms of cobot size, the
effects of unexpected movements by the cobot on the user
experience of the operator.

5 Conclusions

The proposed study aimed to explore the effect of cobot size,
in conjunction with robot movement speed and product com-
plexity, on user experience during an HRC assembly process.

Experimental results revealed that the larger cobot was
the most preferred during collaborative assembly and did
not induce significant stress responses or negative men-
tal strain. The large cobot was perceived as slightly safer,
more efficient, fluent, and reliable. Initially, a lower sense
of dominance and higher activation in terms of pupillary
dilation were found with the large cobot, but with the sec-
ond exposure to the same configuration, these effects were
compensated.

This result can be particularly useful when a company
decides to implement collaborative robotics in a produc-
tion process and needs to choose the cobot model taking
into account also human factors. A larger cobot, such as
the UR10e, offers the opportunity to work with larger pay-
loads, potentially facilitating reconfigurability and deploy-
ment in production processes. Additionally, there was no
significant interaction observed between cobot speed and
size. This is because, during interaction, the operator’s
attention was more focused on the cobot’s end-effector
(which was the same for both) than the entire body of the
cobot. This phenomenon suggests that it would be benefi-
cial, in future work, to explore the effect of different end-
effectors on user experience in HRC. The results of this
study should indeed be interpreted as an initial exploration
of the effect of cobot size that needs further investigation
of other factors that may intervene during HRC. Future
work will focus on strengthening the results obtained by
evaluating the effect of the cobot larger than the UR10e
and other cobot settings, e.g., with the base resting on the
floor or the work surface, on user experience.

Appendix. List of estimated parameters
of the models

In this section, the estimated parameters for the fitted models
are reported. Tables 7, 8, 9, and 10 contain the estimated
parameters of the models for interaction quality dimensions,
SAM dimensions, NASA-TLX dimensions, and physiologi-
cal signals, respectively.
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Table 7 MOLR model parameter estimates for each interaction quality dimension

Model term Model parameter  Coefficient
Q1 Helpful Q2 NotSafe Q3 Natural Q4 Efficient Q5 Fluid Q6 Uncom- Q7 Trust-
fortable worthy
Thresholds (intercepts) 6, —8.44 1.24 —8.37 - - 2.86 —-7.36
0, -6.78 3.18 -6.26 -5.33 —-4.03 443 -6.25
0; -541 3.83 —-4.24 -3.06 -2.70 5.90 —4.64
0, —3.81 4.82 -2.70 -1.63 -0.90 6.92 -3.76
0 -0.59 6.14 -0.13 0.78 1.69 7.68 -1.19
O 2.28 7.26 3.67 342 3.84 - 1.12
Size Large 0.20 —-0.86 0.32 0.12 1.10 0.11 1.40
Speed High 0.67 0.28 0.13 1.73 1.74 1.74 0.25
Exposure 2 -0.76 -1.32 0.43 —0.04 0.67 0.05 1.20
Product High -0.36 0.59 -1.19 0.37 0.70 0.84 -1.17
Size - Speed Large - High 0.64 -0.19 0.06 0.74 -0.26 0.39 -1.03
Size - Exposure Large - 2 0.93 0.26 0.28 0.65 -0.36 -0.29 -0.45
Speed - Exposure High - 2 0.79 0.24 0.55 0.26 -0.29 -1.57 -0.74
Exposure * Product 2 - High 1.63 -1.04 1.40 1.57 1.67 -1.59 -0.33
Size - Product Large - High -0.51 -0.34 0.27 -0.07 —0.61 -0.33 -0.44
Speed - Product High - High -0.96 0.30 -0.25 -1.76 —-1.11 -0.78 0.50
Size - Speed - Exposure Large + High - 2 -1.12 0.67 —-0.49 -1.03 -0.04 0.58 0.98
Random effect - St. deviation
QI Helpful Q2 NotSafe Q3 Natural Q4 Efficient Q5 Fluid Q6 Uncomf. Q7 Trustw.
Participant - 3.52 2.61 3.10 2.24 242 2.54 2.39
;Z?:lfnitel:degtizxgdg : each Model term Model parameter Coefficient
SAM dimension Valence Arousal Dominance
Thresholds (intercepts) 0, - —-2.68 -
0, —8.41 0.18 —-7.77
0; -7.42 2.18 -17.27
0, —5.54 3.97 -6.34
s -2.11 5.23 —5.13
04 —-0.59 6.91 -3.27
0, 1.67 9.61 —-0.63
O 5.29 - 2.34
Size Large —0.11 0.50 -0.92
Speed High -0.25 1.29 -0.62
Exposure 2 —0.50 0.38 0.37
Product High 1.48 1.61 —0.60
Size - Speed Large - High 1.14 —045 0.90
Size - Exposure Large - 2 0.48 -0.76 0.09
Speed - Exposure High - 2 1.82 -0.85 0.68
Exposure - Product 2 - High 0.27 -2.36 1.19
Size - Product Large - High 0.01 -0.29 0.28
Speed - Product High - High —-1.95 —-0.43 -0.55
Size - Speed - Exposure Large - High - 2 -1.32 1.32 -1.02
Random effect - St. deviation
Valence Arousal Dominance
Participant - 3.21 2.44 2.90
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Table 9 LMM parameter estimates for each NASA-TLX dimension
Model term Model parameter Coefficient
Workload Mental demand Physical demand Temporal demand Performance Effort Frustration
Intercept - 18.44 15.26 14.36 22.85 21.86 1556 1125
Size Large -0.95 -0.45 0.54 1.04 —4.51 -1.10 1.38
Speed High 0.95 2.71 -0.21 3.26 —1.80 -0.67 251
Exposure 2 -3.89 -6.07 -2.88 —7.58 -2.76 -3.78  2.00
Product High 8.83 12.46 -0.32 5.21 12.68 8.65 258
Size - speed Large - High 0.31 -0.72 0.98 2.30 -1.26 352 -357
Size - exposure Large - 2 2.27 2.62 1.01 2.71 2.59 265 —-1.30
Speed - exposure High - 2 —-1.54 —-1.37 -0.63 —1.08 —1.64 044 -6.37
Exposure - product 2 - High —4.98 —5.46 0.59 —1.44 —-8.83 —-6.00 -2.30
Size - Product Large - High -0.89 -3.47 —-1.86 -3.09 297 -120 -0.17
Speed - Product High - High 2.65 0.23 1.07 -0.49 6.13 147  3.64
Size - Speed - Large - High -2 —2.51 -0.25 -1.14 -6.17 -0.35 -6.10 4.06
Exposure
Random effect - St. deviation
Workload Mental demand Physical demand Temporal demand Performance Effort Frustration
Participant - 13.30 11.68 10.03 17.95 16.64 12.17 11.81
Table 10 LMM parameter estimates for each physiological indicator
Model term Model param- Coefficient
eter Average pupil Average Average Average EDA —aver- EDA —aver- HRV - SDNN
diameter duration of peak amplitude of  age SCR age SCL
fixations velocity saccades
of sac-
cades
Intercept - 3.759 417.84 232.05 7.226 0.0841 1.1494 62.82
Size Large 0.201 —-19.04 -3.94 —0.004 —0.0231 —0.1869 —-0.50
Speed High 0.129 27.30 7.98 0.464 0.0124 —0.0243 5.21
Exposure 2 —-0.125 —-16.76 -0.96 0.151 —0.0416 -0.2217 -3.70
Product High 0.361 -3.13 -21.73 —1.361 0.1102 0.4953 522
Size - Speed  Large - High  —0.024 —22.35 -0.25 —-0.179 0.0074 0.0059 —7.48
Size - Expo-  Large - 2 —-0.017 7.82 -9.06 -0.573 0.0169 0.1066 0.33
sure
Speed - Expo- High - 2 —-0.053 -17.82 -9.86 -0.575 —0.0075 —0.0824 -8.43
sure
Exposure - 2 - High 0.038 32.01 10.29 0.333 —0.0243 -0.1121 3.10
Product
Size - Product Large - High  —0.098 12.25 9.88 0.391 —-0.0112 —0.0896 3.20
Speed - Prod-  High - High —0.034 —2.96 —-6.03 —-0.283 0.0144 0.2231 8.03
uct
Size - Speed - Large - High 0.021 22.75 491 0.417 0.0016 0.1273 2.33
Exposure -2
Random effect - St. deviation
Average pupil Average Average Average Average SCR  Average SCL SDNN
diameter duration of peak amplitude of
fixations velocity saccades
of sac-
cades
Participant - 0.550 173.5 21.58 1.352 0.1873 1.2699 20.61
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