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Abstract— Modern factories have to accommodate high 

flexibility, extreme customization and short product life cycles 

in a cost-effective way. This requires that the operators are 

provided with sufficient system support to aid their decision-

making and hesitation. To investigate how the level of support 

can affect the operators’ behaviour, the current study immersed 

27 participants in a virtual reality factory where they were 

asked to complete three different assemblies with varying levels 

of system support (low, medium, or high). The support was 

provided by a collaborative robot (cobot). The participants’ 

experience was measured via a subjective marker of difficulty 

and an objective eye-tracking feature (gaze switches). The 

results showed that when the level of cobot support was low, 

participants found the assembly step more difficult and were 

gazing at the instruction screen more often compared to the 

medium and high support conditions. This suggests that the 

number of times operators look back at the instruction screen 

during a step could be a promising marker to automatically 

detect hesitation behaviour in instruction-based assemblies. 

This study, therefore, presents the initial effort toward 

validating a behavioural marker of hesitation within this 

context. 
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I. INTRODUCTION 

Nowadays, factories rely on fully automated production 
steps. However, human creativity and adaptability are often 
needed to ensure smoothly running processes resulting in high 
quality production standards. To maintain these standards 
operators must be equipped with efficient support systems that 
aid them in making the right decisions and act optimally [17]. 

One way of providing support is via collaborative robots (i.e., 
cobots) that provide additional information to human 
operators and aid their decision-making [12]. However, if the 
cobots provide the human operators with sub-optimal support, 
unfavourable working conditions might be created. Research 
thus far has addressed this impediment by creating and 
optimising features of physical ergonomics [11,16]. However, 
this paper argues that cognitive ergonomics (e.g., hesitation) 
can affect the operators' behaviour in human-robot 
collaboration (HRC) and should be further investigated [7]. 
More specifically, we propose that if the operator is not 
provided with relevant support they will experience harder 
decision-making process as a result of increased hesitation. 
This, in turn, can lead to increased production times, and 
decreased quality of the final product. Hence, the main goal of 
the current study is to identify an objective marker of 
hesitation by exploring a sample HRC scenario in virtual 
reality (VR).  

Hesitation has been described as a type of micro-
movement (micro slip), which acts as “non-verbal stutter” 
during execution of an action [5]. It can be manifested through 
behavioural cues such as facial expressions, shoulder 
movements, head movements and prosody [22]. In the context 
of factory work and decision making, hesitation can be viewed 
as the uncertainty in following through with a task and the 
need for information reappraisal. This might be observed in a 
situation, where the additional support is inferior, in which 
case the operator will have to continuously refer to the 
provided task instructions. Therefore, they might switch their 
gaze back and forth between the task and the instructions in 
an attempt to moderate their hesitation and improve their 

Figure 1: Overview of virtual environment (left) and participant performing the experiment in the lab (right) 



performance. To address the issue described above, the 
current study aims to find an objective marker of hesitation 
that can be applied to a scenario in which the human operator 
is provided with deficient support. The objective marker that 
is validated in the present study is screen gazes (i.e., looking 
back at the instruction screen while performing an assembly). 
With this goal in mind, we access real-time eye-tracking data 
(i.e., gaze switches between different elements in the 
experimental environment), and integrate it with subjective 
difficulty ratings reported by participants. 

These ratings were noted at each step of three assembly 
tasks. The difficulty level was moderated via different levels 
of cobot support in each step of the assemblies. Furthermore, 
HRC is highly specific to the factory setting and exploring it 
in ecologically valid conditions will greatly benefit the 
applicability of findings to real-life cases. For example, using 
AR glasses to enhance the operations on the assembly floor. 
Accordingly, this study immerses the user in an ecologically 
valid but safety-proof VR environment (see Figure 1). VR 
allows us to create an environment replicating in-situ training 
that is easily moderated to explore the effects of additional 
support on the operator's behaviour [1,15]. Moreover, the 
integration of eye-tracking technology in VR head-mounted 
displays (HMDs) allows us to gather eye-tracking data in an 
unobtrusive way that does not alter the user experience and 
provides uninterrupted continuous readings [13].  

II. METHOD 

2.1 Participants 

27 participants (15 female, Mage=~27.2, SDage=~6.18) took 
part in this study. They were recruited using an online survey 
published on social media platforms. The only inclusion 
criterion was normal or corrected to normal vision. Each 
participant signed informed consent and received 15 euros for 
their participation. 

2.2 Materials and equipment 

The VR set-up consisted of a computer running SteamVR 
[20], an HTC VIVE Pro Eye [6], and manus XSens Gloves 
[23] that were all tracked by two Vive SteamVR Base Stations 
2.0. The Vive Pro Eye has two 3.5" OLED displays with a 
pixel density of 1440 x 1600 pixels per eye (see Figure 1). The 
Manus gloves contain five 2DoF Flexible sensors and six 
9DoF IMU’s with an error margin of 2.5 degrees. The HMD’s 
built-in eye-tracker and the Vive Eye-tracking Software 
Development Kit Sranipal [18] were used to collect eye-
tracking data. 

The virtual environment was developed in Unity [19]. It 
contains a workbench with the robot arm placed (left of the 
operator), a screen with instructions and feedback (on the right 
side of the operator) and the assembly (a base plate and 
assembly pieces) in the middle (see Figure 1). 

The UI on the researcher’s screen provides a reset button 
in case a piece is dropped and unreachable for the participant. 
In-scene interactions that were performed by the Manus 
XSens Gloves, eye-tracking data and participants' feedback 
were all logged in a json file. This was accompanied by a 
screen recording (via Xbox game bar recorder) used for a 
visual check of the algorithm detecting screen gazes.  

After each step of the assemblies, participants were asked 
to rate the experienced difficulty of the completed step by 
selecting one of five selection tiles that represented different 

levels of difficulty ranging from “very easy” to “very 
difficult”. 

2.3 Design and procedure 

This experiment used a within-subjects design. First, 
participants were asked to read and sign the informed consent 
form after which they were given instructions. After mounting 
the HMD and putting on the gloves, an eye tracker calibration 
was performed. Next, participants were allowed to familiarise 
with the in-scene interactions (e.g., grabbing and placing 
pieces, interacting with the instruction screen) and they 
followed a short tutorial to learn how to interact with the 
cobot. 

Subsequently, participants were asked to complete three 
assembly tasks, each consisting of 13 steps during which one 
piece had to be added to the assembly. The instruction screen 
showed a picture of how the assembly should look after 
completing the step. It was stressed by the experimenter that 
each step should be completed as correct as possible. There 
was no time limit to the steps of the assembly. During each 
step of every assembly, participants were provided either with 
a high level, medium level or low level of cobot support. In 
the high level of support condition, the cobot handed to the 
participant a piece of the assembly in correct rotation and 
hovered over the location where the piece should be placed. In 
the medium level of support condition, the cobot handed the 
piece to the participant at the right location but rotated 
incorrectly. In the low level of support condition, the cobot 
handed the piece to the participant without suggesting the 
correct location and rotation. The order of this manipulation 
was randomised across participants. 

When the assembly was completed, performance feedback 
was provided on the instruction screen, after which 
participants had to rate the experienced difficulty. Throughout 
the procedure, the experimenter was able to track the quality 
of the data signal in real-time. The two dependent variables of 
interest were the subjective difficulty ratings of each step and 
the number of times participants looked back at the instruction 
screen during each step. 

2.4 Data analysis 

The data was analysed using one within-subjects factor 

with three levels (i.e., level of support - low, medium or high 

level of support). Data pre-processing was performed using 

Python 3 and a linear mixed-effects model (LMM) was tested 

in R using the lme4 package [2] specifying a random intercept 

for each participant. Degrees of freedom for the LMM and 

the post-hoc pairwise comparisons are corrected using the 

Kenward-Rogers method [10]. Reported p-values of post-hoc 

pairwise comparisons are adjusted using the Bonferroni 

correction. 

 

First, we investigated the subjective feedback 

participants provided after each step's completion. The 

responses were scaled to a continuous measure between 1 and 

5 (1 = “very difficult” and 5 = “very easy”). The other 

dependent variable we investigated was number of screen 

gazes, that is, the number of times a participant looked at the 

instruction screen. This was calculated based on the eye-

tracking data that categorized the virtual object the 

participant's gaze collided at almost any moment. The gaze 

collision data was collected at a rate of 50 Hz and was later 

filtered on the event “watching the instruction screen” and 



converted to data representing the mean number of screen 

gazes during each condition. For this measure, one participant 

was excluded due to critical eye-tracking data loss.  

III. RESULTS 

An effect of level of support on subjective feedback was 
found, F(2, 52) = 47.04, p < 0.001. According to post-hoc 
pairwise comparisons, all three levels of support differed 
significantly as for the reported experienced difficulty. 
Specifically, the low level of support condition was found 
more difficult than the medium level of support condition, t = 
-3.65, p = .002, the medium level of support condition more 
difficult than the high level of support condition, t = -5.96, p 
< .001 and the low level of support condition more difficult 
than the condition in which there was a high level of support 
provided by the cobot, t = -9.61, p < .001 (Figure 2 A).  

We found an effect for level of support on number of 
screen gazes in the constructed LMM, F(2, 50) = 57.85, p < 
0.001. Post-hoc pairwise comparisons revealed that there were 
significant differences between all three of the comparisons. 
In detail, not only the difference between the low and high 
level of support conditions was significant, t = 10.39, p < .001, 
but also were the difference between the low and medium 
level of support conditions and the difference between the 
medium and high level of support conditions, respectively t = 
7.61, p < .001, t = 2.78, p = 0.023 (Figure 2 B). 

A weak, yet significant correlation of -0.22 was found 
between the subjective feedback on experienced difficulty and 
number of screen gazes, t = -2.00, p < 0.05. In other words, 
there exists a negative relationship between these two 
variables in that the more difficult a step was judged, the more 
times a participant looked at the instruction screen. 

IV. DISCUSSION & CONCLUSION 

The current study immersed participants in a VR factory 
floor where they were asked to complete three assemblies 
during which they received a different amount of support from 
a cobot. The study found a possible objective marker that 
signifies hesitation in a system-supported factory setting. 
Specifically, it was tested whether the number of times 
participants looked back at the instructions provided for a 
current step was influenced by the amount of additional 
support they received from the cobot. To do so, three different 
levels of cobot support were simulated during a VR assembly 
task. During the assembly, participants' gaze position was 
continuously logged using the HMD's built-in eye-tracker. 
Additionally, they were asked to rate each step of the 

assemblies on their experienced difficulty right after 
completing that step. In doing so, it was expected to gain 
insight into whether the variance in the provided support was 
related to a different difficulty perception and number of times 
participants looked at the instruction, both indicative of 
hesitation behaviour. 

There are two main outcomes of this study. First, the level 
of support of the cobot influenced the perceived difficulty of 
the task. More specifically, when the cobot gave more 
exhaustive support, the human operator found the task easier. 
This is in line with the assumption that the perception of the 
complexity of the task at hand is related to the amount of 
system support [9,12]).  

Second, the objective marker number of screen gazes 
showed promising results as it significantly differed between 
all three conditions (i.e., low, medium or high level of 
support). Consequently, the number of times people looked 
back at the instruction screen was negatively related to the 
amount of provided support by the cobot. Thus, the increase 
in gaze switches could be reflective of the hesitation of 
participants induced by insufficient cobot support. This 
finding shows that it might be interesting to use gaze metrics 
in studies in which operator support systems are evaluated. It 
has been shown, for example, that gaze entropy (i.e., the extent 
to which visual exploration patterns become less 
stereotyped/more random) is indicative for task load in a 
surgical setting [4]. It is likely that this can be translated to 
assembly contexts as well. As such, efficacy of operator 
support systems can be evaluated on the basis to which they 
decrease or increase task load. Therefore, in the continuation 
of the current project, we plan to explore and validate the eye- 
tracking metric gaze entropy as a measure of cognitive load in 
order to evaluate various operator support systems (e.g., light-
guiding systems, cobots, augmented reality instructions etc.) 
at a later stage. 

Even though the current study found evidence suggesting 
that gaze switching can be an objective marker of hesitation, 
it should be noted that this is a first step in the formulation of 
such a measure. As previously outlined, hesitation is a 
cognitive state that is expressed via a range of behavioural 
cues [5,22]. For instance, studies on the effect of mental 
workload in an assembly task have illustrated that hand and/or 
head freezing, head re-positioning and attempted trials are just 
a few of the behavioural components observed when a person 
is hesitating [21]. Hence, it is strongly recommended that 
future research integrates various methodologies (e.g., video 

Figure 2: Box plots showing the main effects of level of support on both subjective difficulty rating (A) and number of screen gazes 

(B). 



coding, full body tracking) to explore an array of behavioural 
cues experienced during hesitation. 

Detecting moments of hesitation is vital for creating 
support systems that can reduce the operators' cognitive load, 
which in turn has shown to increase their mental well-being 
and efficiency [14]. Indeed, if support systems can adapt to the 
operators' behaviour and provide them with the appropriate 
support in targeted moments (i.e., when they hesitate), then 
the operators are less prone to mistakes and tend to rate their 
work as more enjoyable [8]. To this point, better work 
conditions - in the current context, facilitated by an adaptive 
support system - have been shown to have a positive influence 
on the operators' well-being and health, which has advantages 
both for the operator and the organisation (e.g., less 
physiological, psychological or emotional costs) and the 
organisation (e.g., higher productivity, less absence from 
work, etc.) [3]. A disputable limitation of the present study is 
that after completing a step during the task, participants were 
first given feed- back on their performance (i.e., “you 
connected the piece correctly/incorrectly”) and only afterward 
asked to rate their perceived difficulty. Because participants 
were first informed on their performance, their subjective 
difficulty rating might have been biased. A solution might be 
to reverse the order of the feedback and the experienced 
difficulty assessment. However, in that case when per- 
forming a step incorrectly, that step might be judged as very 
easy, although the step had not been completed as it should, 
leaving much unknown about the implemented support 
manipulation. 

In conclusion, the present study has shown that the 
behaviour of looking back at the provided instructions can be 
used to detect hesitation in assembly operators. This, in turn, 
can be used to evaluate different (settings of) support systems 
that are provided to the operator with the final aim to create 
better working conditions and increase operator well-being. 
Even though we need to further fine-tune and investigate the 
methods with which hesitation during an assembly can be 
detected, this study demonstrates how objective measures that 
mark specific cognitive states can be explored and validated 
in an industrial cognitive ergonomics context.  
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