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Abstract
Human–Robot Collaboration (HRC) represents an innovative solution able to enhance quality and adaptability of produc-
tion processes. However, to fully exploit the benefits of HRC, human factors must be also taken into account. A novel 
experimental setting involving a repetitive assembly process is presented to investigate the effects of prolonged HRC on user 
experience and performance. Each participant was involved in two 4-h shifts: a manual assembly setting and a HRC one. 
The response variables collected in the study included self-reported affective state, perceived body discomfort, perceived 
workload, physiological signals for stress (i.e., heart rate variability and electrodermal activity), process and product defec-
tiveness. Experimental results showed less upper limb exertion in the HRC setting, emphasizing the contribution of cobots 
in improving physical ergonomics in repetitive processes. Furthermore, results showed reduced mental effort, stress, and 
fewer process defects in the HRC setting, highlighting how collaborative robotics can improve process quality by supporting 
operators from a cognitive point of view in repetitive processes.

Keywords Human–robot collaboration · Industry 5.0 · User experience · Repetitive assembly · Mental workload · Human 
factors

1 Introduction

The recent paradigm of Industry 5.0 has proposed a novel 
approach to manufacturing. One of the most challenging 
goals pursued by this concept consists in the adoption of 
automation technologies to improve humans’ working condi-
tions [1]. In this regard, there is a growing amount of litera-
ture that is starting to recognize the importance of workers’ 
well-being within the workplace, both from a mental (e.g., 

stress and attention) and physical (e.g., fatigue and mus-
cle exertion) point of view and its consequent impact on 
efficiency and performance [2, 3]. Recent years have wit-
nessed a crucial shift from a management approach exclu-
sively aimed at optimizing times and methods, towards a 
more human-centric perspective [4]. As a result, technol-
ogy and automation should be intended to collaborate with 
humans rather than replace them. One of the main enabling 
technologies of this transition is collaborative robotics. In a 
manufacturing process, collaborative robots (or cobots) are 
typically used to support humans with repetitive processes. 
Unlike traditional robots, collaborative robotics is based on 
the co-presence of humans and robots and on the possibility 
to work simultaneously in a shared workspace [5, 6]. This 
new paradigm is referred as Human–Robot Collaboration 
(HRC). On the one hand, the robot assists humans in repeti-
tive and higher-precision actions; on the other hand, humans 
intervene where there is a need for greater flexibility. One of 
the application areas where cobots are most widespread are 
assembly processes. Collaborative assemblies, in fact, are 
processes in which operators and robots work simultane-
ously to assemble a product together.
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To obtain the full benefits from HRC, human-related 
aspects must also be taken into consideration [7]. Accord-
ingly, the evaluation of the effects of HRC on the psycho-
physical state of humans proves to be crucial in promot-
ing and improving the well-being of operators [8, 9]. In a 
repetitive assembly task cobots can be used to support the 
operator, however knowledge about the impact that a cobot 
can have on the operator's state during entire work shifts is 
still quite limited.

This paper aims to address this gap by presenting an 
experimental setting designed to emulate work shifts and 
investigating the differences between a manual and an HRC 
repetitive assembly. 4-h shifts of a tile-cutter assembly pro-
cess were implemented in both manual (i.e., without the help 
of the cobot) and HRC (i.e., with the cobot support) modali-
ties. Three main aspects were analyzed:

 (i) The user experience in terms of perceived workload, 
affective state, and physical exertion of various body 
parts.

 (ii) The physiological response, in terms of electrodermal 
activity (EDA) and heart rate variability (HRV) to 
quantify the operator’s stress.

 (iii) The process and product defects generated during the 
repetitive process.

The main novelty elements of this works are: (i) replicat-
ing real-working conditions to capture the effects on stress, 
user experience, and defectiveness in a repetitive assembly 
process; (ii) highlighting the differences between repetitive 
assembly processes carried out manually and with a cobot 
with respect to the operator perspective.

The paper is organized as follows. Section 2 provides a 
review of the current literature on human factor in HRC 
manufacturing processes. Section 3 is concerned with the 
experimental methodology adopted, while Sect. 4 focuses 
on the analysis of the results obtained. Finally, Sects. 5 and 
6 discuss the main findings of the experimental analysis and 
future works, respectively.

2  Literature review

2.1  Human–robot collaboration (HRC)

In a collaborative production process, cobots support 
humans in the most repetitive and strenuous actions, while 
humans make up for the robot's rigidity with their flex-
ibility and dexterity [5, 6, 10]. One of the main challenges 
for the implementation of HRC is to provide technologies 
that make interaction fluent and natural. Wang et al. [11] 
emphasised the importance of the communicative interface 
between robots and humans, to achieve a symbiotic HRC. 

Inkulu et al. [12] highlighted prospects and major challenges 
related to HRC. Human–robot communication modes, such 
as gestures and voice, enable fluent and immediate interac-
tion, although they still need deeper investigation. Although 
the main safety devices are well established and suitable 
for a collaborative approach for low-load and low speed 
robots, such safety systems are still rigid and only partially 
allow symbiotic work with high-load robots working at high 
speeds. Further exploration of advanced adaptive robotic 
systems is also needed to improve production efficiency.

Enabling HRC in manufacturing processes implies the 
removal of barriers used to traditionally divide the work 
area of humans from that of robots. For this reason, safety 
remains a topic of primary concern in HRC. The introduc-
tion of ISO 10218–1 and ISO 10218–2 defined the main haz-
ards that can be encountered when implementing industrial 
robots in manufacturing settings. In addition, the subsequent 
ISO/TS 15,066 allowed for greater robot’s autonomy while 
working closely with humans. Zanchettin et al. [13] intro-
duced a metric to assess safety in collaborative manufactur-
ing processes. This metric considers distance between man 
and robots, type of robot and operational speed as crucial 
variables affecting safety in HRC.

2.2  Human factors in HRC

Working while sharing space and time with a robot can 
cause stress and fatigue issues in human operators. This is 
consequently reflected in the quality of the output produced, 
and thus in the occurrence of product and process defects. 
Gervasi et al. [7] developed a conceptual framework to eval-
uate HRC. This work highlighted the importance to adopt a 
holistic view in the assessment of HRC, including variables 
such as mental and physical ergonomics, safety, robot adap-
tiveness, communication and interaction, team organization, 
ethics, and cybersecurity.

Human factors have become increasingly relevant in 
manufacturing process design. Concepts such as stress, 
fatigue, mental load, and physical ergonomics have long 
been addressed [14–16]. Over the years many tools and 
methods have been proposed to assess these constructs. 
Some methods are self-reporting tools that assess subjec-
tive perceptions of physical and mental exertion, while oth-
ers include psychophysiological measures aimed at tracking 
the psychophysical state of the worker. Examples of widely 
used self-reporting tools include the NASA-TLX [17] and 
the Subjective Workload Assessment Technique (SWAT) 
[18]. Marinescu et al. [19] have pointed out the weakness 
of these tools, finding them unsuitable and unreliable for 
continuous process monitoring in manufacturing settings. 
Consequently, attention has shifted in recent years to under-
standing the operator's state by including objective physi-
ological measures [20, 21].
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Different recent works have shifted the focus to human 
factors in HRC. Khalid et al. [22] investigated safety of HRC 
systems when using high-load robots. In defining potential 
hazards, the authors also included physical and mental 
strain associated with a collaborative task. Galin and Mesh-
cheryakov [23] analyzed both human- and robot-dependent 
factors that may impact HRC efficiency. Among human 
factors, emotional and cognitive aspects were found to be 
crucial for HRC efficiency. Khamaisi et al. [24] proposed 
a framework for assessing user experience in manufactur-
ing context, which included questionnaires and non-inva-
sive sensors to collect physiological signals. The aim was 
to assess the most stressful activities that may negatively 
impact operators’ performance. Kühnlenz et al. [25] studied 
the effects on humans of several trajectory patterns of an 
industrial robot by analyzing heart rate variability (HRV) 
and electrodermal activity (EDA). Colim et al. [26] estab-
lished guidelines for designing safe and ergonomic collabo-
rative workstations.

To date a limited number of studies adopted an experi-
mental approach to investigate the effect of HRC on mental 
and physical workload of operators in repetitive industrial 
activities. Table 1 summarizes the main articles concern-
ing experimental assessment of human factors in HRC in 
manufacturing context, including their contribution and 
unexplored topics. Several works focused on studying the 
effect of robot trajectories on user experience and stress. 
Most of the works implemented self-reporting tools, such as 
the NASA-TLX for assessing workload or the Self-Assess-
ment Manikin (SAM) for collecting users’ affective state. 
Some pioneering work integrated the use of bionsensors to 
collect physiological signals to assess human aspects such 

as stress, cognitive load, and fatigue. However, the study of 
human factors in repetitive industrial HRC processes is still 
almost unexplored. The objective of this paper is to address 
this gap.

3  Methodology description

The experimental campaign was carried out in the "Mind-
4Lab" collaborative robotics laboratories of “Politecnico di 
Torino” (Italy). The aim of the experiment was to analyze 
the differences between manual assembly and collabora-
tive modality in terms of user experience, operator affective 
state, workload, stress, and physical effort in a repetitive 
assembly process. This section is concerned with the meth-
odology adopted for this study, describing the experimental 
setting, participant selection, materials and instruments, and 
experimental procedure.

3.1  Experimental setting

The experiment consisted of performing a repetitive assem-
bly process aimed at simulating a 4-h work shift [33]. The 
assembly process was performed both in manual and HRC 
modality. The process considered in this study concerns the 
assembly of a tile cutter (Fig. 1). In Table 2 the list of all 
the components and their identifiers are provided. Figure 2 
shows the ten components of the tile cutter and the five 
bolts with their respective identifiers. At the beginning of 
the assembly process, the components are arranged on a tray 
as shown in Fig. 3 and then the tray is placed in the work 
area (Fig. 4).

Table 1  Main articles adopting an experimental approach for analyzing human factors in industrial HRC

Year Authors Human factor – Data collected Main contribution

2005 Kulic and Croft [27] • Physiological signals (HRV and EDA)
• Subjective responses

Analysis of the effect of robot’s motion on human physiological 
state

2010 Arai et al. [28] • Physiological signals (EDA) Assessment of operators’ mental effort in collaborative assembly 
tasks, varying operator-robot distance and operational speed

2011 Dehais et al. [29] • Self-reporting tools
• Physiological signals (EDA, electro-

myogram (EMG), oculometry)

Analysis of the effects on human physiological parameters and 
subjective responses of different robot motion types

2015 Lasota and Shah [30] • Self-reporting tools Analysis of human response to different robot’s adaptation levels in 
collaborative tasks

2017 Ustunel and Gunduz [31] • Self-reporting tools (NASA-TLX) Analysis of the effects of workplace design and gender on perceived 
workload in collaborative assembly tasks

2018 Kühnlenz et al. [25] • Physiological signals (HRV and EDA)
• Self-reporting tools (SAM)
• Questionnaires

Analysis of different robot trajectory patterns on mental stress

2021 Colim et al. [26] • Physical ergonomics assessment Development of a novel methodology to improve physical ergonom-
ics industrial work cells through cobots

2022 Gualtieri et al. [32] • Self-reporting tools
• Questionnaires

Analysis of the effects of different collaborative assembly scenarios 
on perceived workload and operator errors/abnormal behaviours
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The assembly process was broken down into elementary 
operations (i.e., pick and place, screwing). In manual modal-
ity, all operations were performed by the human operator. In 
collaborative modality, however, the elementary operations 
were divided between the human operator and the cobot. The 
cobot was mainly assigned pick and place tasks, while the 
human operator was assigned tasks requiring more flexibility 
and dexterity, such as screw positioning and joining process 
(i.e., screwing and insertions). Table 3 show the details of 
the elementary operations and the agent assigned to perform 
them. Elementary operations in Table 3 can be grouped in 
four main phases (Fig. 5):

 Phase 1. The cobot takes the tile cutter's base closer to the 
operator, positioning it in the assembly area, and then 

the operator assembles the two side supports. At the 
end of the assembly operation, the cobot removes the 
base and supports from the assembly area.

Fig. 1  Final assembly of the tile cutter (44 × 14 × 9 cm)

Table 2  List of the tile cutter components with their respective identi-
fiers

Identifier Component

Base Base plate of the tile cutter
C1a Support for the rails of the tile cutter
C1b Support for the rails of the tile cutter
B1a Bolt for fixing the rail support to the base plate
B1b Bolt for fixing the rail support to the base plate
C2 Joint component between the rails and the cut-

ting mechanism
B2 Bolt for joining C2 with C3
C3 Component of the cutting mechanism
L1 Washer blade to cut the tile
B3 Bolt for joining the washer blade with C3
C4 Component to break the tile
B4 Bolt for joining C3 with C4
P1a Rail rod of the tile cutter
P1b Rail rod of the tile cutter
P2 Handle of the tile cutter

P1b

Base
P1a

P2 

C1a C1b

C4

C3

L1 

C2

B1a B1b

B4

B3

B2

Fig. 2  Tile cutter components and bolts with their respective identi-
fiers

Fig. 3  Tray with workpieces of the tile cutter

Innitiall positioon (ttrayy)

Possitioon 1

Possitioon 2

Fig. 4  Work area of the collaborative assembly process
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Table 3  Detailed list of operations composing the HRC assembly process of the tile cutter

Phase ID Operation Allocation Esti-
mated 
time 
(s)

Phase 1: Assembling the base holders (sub-assembly 
A1)

1 Pick the Base from the tray to assembly area (Position 1) Cobot 9 s
2 Assembling components C1a and C1b to either side of 

the Base. Screwing with soft tightening of bolts B1a 
and B2b (sub-assembly A1)

Human 44 s

3 Placing sub-assembly A1 out of the assembly area (Posi-
tion 2)

Cobot 4 s

Phase 2: Assembling the cutting mechanism (sub-
assembly A4)

4 Pick component C2 and place in the assembly area (Posi-
tion 1)

Cobot 7 s

5 Assembling component C3 with component C2 via bolt 
B2 (sub-assembly A2)

Human 50 s

6 180° rotation of sub-assembly A2 Cobot 3 s
7 Assembling blade L1 with component C3 via bolt B3 

(sub-assembly A3)
Human 24 s

8 Assembling component C4 with component C3 via bolt 
B4 (sub-assembly A4)

Human 35 s

9 Placing assembly A4 to the tray (Initial position) Cobot 7 s
Phase 3: Joining the cutting mechanism with the base 

(sub-assembly A6)
10 Pick sub-assembly A2 and place in the assembly area 

(Position 1)
Cobot 9 s

11 Pick assembly A4 and place in the assembly area (Posi-
tion 1)

Human 2 s

12 Inserting rods P1a and P2b into holders of assembly A4 
(Assembly A5)

Human 7 s

13 Inserting the assembly A5 into the holders of components 
C1a and C1b of assembly A1

Human 14 s

14 Tightening the bolts B1a and B1b (Assembly A6) Human 13 s
Phase 4: Completing the tile cutter (sub-assembly A7) 15 Screwing rod P2 into the holder of component C3 of 

assembly A6 (Assembly A7)
Human 13 s

16 Pick assembled product and place it in the tray Cobot 11 s

Fig. 5  Flowchart of the main 
phases of the tile cutter HRC 
assembly process
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 Phase 2. The operator assembles the cutting part with the 
assistance of the cobot, that keeps the main component 
in an ergonomic position.

 Phase 3. The operator inserts the two rods into the appropri-
ate locations on the cutting component while the cobot 
returns the base with supports to the assembly area.

 Phase 4. The operator puts the two rods against the two side 
supports, then screws the handle to the cutting mecha-
nism. The cobot takes away the assembled product.

In manual modality, all operations (see Table 3) were 
performed by humans and both the operations and the 
assembly sequence are the same as in collaborative modal-
ity. In fact, the participants were not required to develop 
their own assembly strategy, but to stick to the sequence 
provided in Table 3. This choice was aimed at keeping the 
experimental setting similar in the two modalities, so as not 
to introduce additional factors.

3.2  Participants

The experimental campaign involved 36 participants (17 
males and 19 females) aged between 20 and 25 with no pre-
vious experience with cobots and the tile-cutter assembly, 
divided into groups of three people. Each group member had 
a specific role. A participant was in charge of assembling the 
tile cutter repetitively and continuously. Another participant 
was responsible for supervising the entire assembly process, 
reporting any process defect and critical issue. Finally, the 
third team member was assigned the task of checking the 
conformity of each assembled product and reporting any 
product defects.

3.3  Materials and instrument

The analysis of the effect of HRC on human operators embraces 
a wide variety of aspects. In this view, an holistic approach 
should be pursued [7]. In order to explore differences between 
manual and HRC assembly, data regarding user experience, 
physiological signals and generated defects were collected in 

this experimental campaign (Table 4). In the next subsections, 
more details are provided for each considered aspect.

3.4  Self‑reporting tools and questionnaires

Operators’ feedback on manual and collaborative modali-
ties were collected through a set of self-reporting tools. In 
addition to an initial questionnaire aimed at collecting per-
sonal data, self-reporting tools included questionnaires on 
perceived workload, affective state and physical ergonomics 
were submitted to participants.

Concerning perceived workload, the NASA-TLX [17] 
was applied (Fig.  6). This widely used tool takes into 
account six dimensions composing perceived workload:

• Mental demand, representing the amount of cognitive 
and perceptual demand required to complete the task.

• Physical demand, describing the amount of physical 
effort a task demands.

• Temporal demand, related to the perception of time con-
straints while performing a task.

• Performance, referring to how well and how satisfied one 
is with the results obtained.

• Effort, which describes the amount of mental and physi-
cal effort required in accomplishing a certain goal.

• Frustration, which reflects the degree of discomfort, stress 
and annoyance experienced while performing the task.

The final workload score is calculated by averaging 
the ratings of the previous 6 dimensions, each of which 
is expressed on a value between 0 and 100 in five-point 
increments.

The Self-Assessment Manikin (SAM) [21, 34] is a com-
mon image-based assessment tool for evaluating an individ-
ual's emotional response to a given circumstance or event. 
SAM was used in this experiment to collect affective state, 
assessing three dimensions:

• Valence (or pleasure), which determines whether a feel-
ing is pleasant or negative.

Table 4  Summary of the response variables

Category Response variable Assessment tool/Indicator

User experience Perceived workload NASA-TLX
Affective state Self-Assessment Manikin (SAM)
Perceived physical exertion Body Discomfort Map (BDM)

Physiological response Electrodermal activity (EDA) Average of skin conductance response amplitudes (Mean_SCR)
Heart rate variability (HRV) Root mean square of successive differences between adjacent 

heart rate NN-intervals (RMSSD)
Defects Process defects Total number of defects

Product defects Total number of defects
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• Arousal, which describes a person's level of arousal, 
regardless of whether this arousal is caused by a pleas-
ant or negative feeling.

• Dominance, which refers to the feeling of being in con-
trol of a certain situation.

Finally, to assess the physical fatigue of operators per-
forming the repetitive assembly process, participants were 
asked to rate perceived exertion in specific areas of the 
body. Thirteen areas of the body that could be prone to 
fatigue were identified, as shown by Visser and Straker 
[35]. The thirteen body areas assessed by participants are: 
neck, right and left shoulder, left and right upper arm, 
right and left forearm, right and left hand, upper back, 
lower back, buttocks, and lower limbs. For each of the 13 
areas, perceived discomfort was assessed by participants 
using the Borg CR10 scale [36–38]. The version of Borg 
CR10 scale adopted in this study is detailed in Table 5. 
This scale was introduced to assess the level of perceived 
exertion on a scale ranging from "No exertion at all” to 
"Maximum exertion". Numerical values associated to cat-
egorical judgements are related to a ratio scale [36, 39].

3.5  Physiological signals

Self-reporting tools provide a subjective evaluation of 
workload perceived. In order to collect objective data 
related to physiological stress, Empatica E4 wristband 
was used. Empatica E4 is non-invasive biosensor able 
to provide EDA data at 4 Hz, heart data through Pho-
topletismogram (PPG) at 64 Hz, and 3-axis accelerom-
eter data at 32 Hz. From PPG and EDA stress indicators 
can be obtained by measuring HRV (i.e., Heart Rate 
Variability) and average SCR (i.e., Skin Conductance 
Response).

The MATLAB package 'Ledalab' was used to process 
the EDA data. The EDA signal was decomposed using 
continuous decomposition analysis (CDA) [40] into con-
tinuous signals of phasic and tonic activity. The best way 
to identify tonic activity is through changes in skin con-
ductance level (SCL), which refers to long-term fluctua-
tions in EDA not explicitly caused by external stimuli. 
Phasic activity, on the other hand, describes brief changes 
in EDA that are triggered by a typically recognized and 
externally delivered stimulus. Skin conductance responses 
(SCRs), i.e., changes in amplitude from the SCL to the 
peak of the response, can be detected by analyzing the 
phasic activity signal. In this study the mean SCR was 
used as a measure of stress and arousal. Furthermore, 
HRV measures can be obtained from heart data and can 
also be utilized as a stress and arousal indicator. Due to 
its widespread application in previous studies, as HRV 
measure, the Root Mean Square of Successive Differences 
between Adjacent NN-Intervals (RMSSD) was also uti-
lized in this study as for HRV [16, 41]:

(1)RMSSD =

√

√

√

√
1

N − 1

N−1
∑

i=1

(NN
i+1 − NN

i
)
2

Fig. 6  NASA-TLX questionnaire [17]

Table 5  Borg CR10 scale [37, 38] Rating Description

0 No exertion at all
1 Extremely light
2 Very light
3 Light
4 Somewhat hard
5 Hard
6
7 Very hard
8
9 Extremely hard
10 Maximal exertion
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where N is the number of systolic peaks in the considered 
time window and NN

i
 indicates the time interval between 

the systolic peak i and i + 1 (Fig. 7).

3.6  Process and product defects

Another crucial aspect in comparing manual and collabora-
tive assembly is the analysis of occurring defects. Defects 
can be distinguished in two classes: product and process 
defects. Product defects consist of anomalies in the product 

that impair its functionality. The final product then does not 
conform to specifications. Process defects, on the other hand, 
refer to all those errors that the human operator or robot 
can make in an assembly process. Such problems lead to 
disruptions in the assembly process and result in loss of time 
and thus efficiency. Table 6 details the main process defects 
considered in this study.

3.7  Experimental procedure

Each group was involved in two 4-h assembly sessions: one 
in manual modality (Manual) and the other in HRC modality 
(HRC) with random order. Within each session, a 10-min 
break was included after 2 h of work, thus dividing the ses-
sion in two parts (Part 1 and Part 2). In Fig. 8 the flowchart 
for an experimental session is presented. After a brief intro-
duction concerning experimental objectives, the participants 
took place in the work area and the details of the assembly 
task were presented. Afterwards, the participant who had to 
perform the assembly was equipped with the biosensors. In 
order to collect accurate EDA data using the Empatica E4 
biosensor, 15 min were required for the electrodes to firmly 
adhere to the participant's left wrist. Meanwhile, a couple 
of practice trials were performed in the selected assembly 

Fig. 7  Example of a PPG signal, where NN-intervals are time inter-
vals between two systolic peaks [42]

Table 6  Classification of process defects

Agent involved Process defect Description

Human Wrong part selection The operator picks up the wrong part according to the correct assembly sequence
Dropping of parts Operator drops a part/subassembly/final product involved in the assembly process
Wrong part positioning Operator places a part/subassembly incorrectly with respect to what the task 

requires
Incorrect assembly Operator assembles a part/subassembly incorrectly
Part damage Operator causes structural damage to a part/subassembly/final product
Dropping of screws Operator drops a screw
Dropping of nuts/washers Operator drops nuts/washers
Wrong input to cobot the operator gives input to the cobot at the wrong time according to the assembly 

sequence
Wrong screws/nuts/washers selection The operator picks up the wrong screw/nut/washer according to the correct 

assembly sequence
Wrong screws/nuts/washers positioning Operator places a screw/nut/washer incorrectly with respect to what the task 

requires
Incorrect assembly of screws/nuts/washers Operator uses screws/nuts/washers incorrectly
Dropping of tools Operator drops tools (e.g., screwdrivers)

Robot Picking failure Cobot fails to pick up a part/subassembly/final product
Dropping of parts Cobot drops a part/subassembly/final product involved in the assembly process
Wrong picking Cobot incorrectly picks up a part, preventing the next task from taking place
Wrong part positioning Cobot places a part/subassembly incorrectly with respect to what the task requires
Part damage Cobot causes structural damage to a part/subassembly/final product
Impact with objects Cobot accidentally impacts with objects in the work area
Impact with operator Cobot accidentally impacts with human operator in the work area
Emergency stop Cobot stops as a result of excessive shock
Operator clamping During picking fase the cobot accidentally clamps the operator

1220 The International Journal of Advanced Manufacturing Technology (2023) 126:1213–1231
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modality so that the participants would become familiar 
with their roles. Next, the participant was invited to relax 
for 2 min to record the baseline of the physiological signals 
and then the 4-h assembly session began. The second and 
third participants supervised each session by taking note of 
occurring process defects and checked the conformity of the 
final product to specifications, respectively. The participant 
in charge of assembly was administered the NASA-TLX, 
SAM, BDM questionnaire at mid-session (before the 10-min 
break) (Part 1) and at the end of the session (Part 2). At the 
conclusion of the session, general feedbacks on the experi-
ment were collected.

4  Results and analysis

In this section, the obtained results of the experiment are 
presented and analyzed.

4.1  Perceived workload (NASA‑TLX)

Figure 9 shows an overall graphical comparison between 
the HRC and manual assembly modality for each NASA-
TLX dimension. Additionally, since the normality assump-
tion was not rejected with the Shapiro-Wilks test for each 
dimension [43], paired sample t-test were implemented to 
highlight significant differences between modalities. This 
test is suitable for analyzing paired data, as it considers the 
within-subject effect.

The assembly process was generally perceived more 
physical demanding (Physical Demand) in Manual. This 
may be due to the fact that in the HRC setting the robot 
is supportive in handling the larger components. In the 

mid-session this difference was found to be significant (Part 
1: p = 0.038), however it was not at the end of the session 
(Part 2: p = 0.092).

Concerning Temporal Demand, no significant difference 
emerged between the two assembly modalities. This was 
confirmed by the paired sample t-test both mid-session (Part 
1: p = 0.61) and at the end of the session (Part 2: p = 0.83).

Regarding Performance, no difference emerged at mid-
session, and it was confirmed by the paired sample t-test 
(Part 1: p = 0.80). Interestingly, a deterioration can be seen 
for the HRC setting at the end of the session. This may be 
due to a task learning factor, which led to a feeling of lower 
efficiency compared to manual assembly, where process 
performance depends solely on the operator. However, the 
difference between the two modalities was found to be not 
significant (Part 2: p = 0.11).

A significant increase in Mental Demand can be observed 
in Manual, meaning that in this setting the assembly required 
more mental effort. This effect resulted significant accord-
ing to the paired sample t-test both mid-session (Part 1: 
p = 0.025) and at the end of the session (Part 2: p = 0.039).

The perceived Effort was higher for the Manual setting 
in the mid-session and the paired sample t-test highlighted a 
significant difference (Part 1: p = 0.035). However, no signif-
icant difference emerged at end of session (Part 2: p = 0.51).

No difference in Frustration emerged between the two 
modalities at mid-session and the paired sample t-test con-
firmed this result (Part 1: p = 0.69). At the end of the ses-
sion, however, an increase could be observed in the HRC 
setting, although the difference between the two modes was 
not found to be significant (Part 2: p = 0.12). This increase 
may be related to a learning factor that led to a feeling of 
greater constraint of the cobot in the process.

The overall perceived Workload is initially slightly higher 
in the manual setting, as can be seen in Fig. 10. However, 
according to the paired sample t-test, this difference was not 
found to be significant (Part 1: p = 0.12). At the end of the 
session, the difference in Workload between the two modali-
ties is significantly reduced, which was also confirmed by 
the paired sample t-test (Part 2: p = 0.83).

4.2  Affective state

Figure 11 shows an overall graphical comparison between 
the HRC and manual assembly modality for SAM dimen-
sion. Significant differences were analyzed using the Wil-
coxon signed-rank test that is suitable for analyzing paired 
ordinal data [44].

Regarding Valence, slightly higher ratings were reported 
in the HRC setting in the middle of the session, probably due 
to the novelty effect introduced by the cobot. However, the 
difference between the two modalities was found to be not 

Explanation of 
the experiment

Biosensors setup

Training trials

Baseline of 
physiological

signals

Performing the 
repetitive assembly 

task for 2 hours 
(Part 1)

10 minutes break

End-of-session 
questionnaires

End

Performing the 
repetitive assembly 

task for 2 hours
(Part 2)

Assembly modality
selection

(Manual or HRC)

Mid-session
questionnaires

Fig. 8  Flowchart of an experimental session
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significant according to the Wilcoxon signed-rank test (Part 
1: p = 0.41). At end session, a general decrease in Valence 
can be observed as well as a not significant difference 
between the HRC and manual settings (Part 2: p = 0.39).

For Arousal, participants were not particularly agitated, 
and no significant difference emerged between the two 
assembly modalities. This was confirmed by the Wilcoxon 
signed-rank test both mid-session (Part 1: p = 0.82) and at 
the end of the session (Part 2: p = 0.89).

At mid-session, higher Dominance resulted in man-
ual setting and the difference with the HRC session was 

significant according to the Wilcoxon signed-rank test (Part 
1: p = 0.037). This means that participants felt more in con-
trol of the situation in a manual setting. However, at end of 
the session, the difference between the two modalities was 
not significant (Part 2: p = 0.37).

4.3  Perceived physical exertion

Figure 12 presents an overall graphical comparison between 
the HRC and manual assembly modality for each BDM 

Fig. 9  Mean scores with standard deviation of NASA-TLX dimensions for HRC and manual assembly modality at half-session (Part 1) (a) and 
end of the session (Part 2) (b). Significance of the paired sample t-test is also reported
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dimension. The significance of the differences between the 
two modalities was checked using the Wilcoxon signed-rank 
test. At mid-session, slightly more fatigue can be seen in the 
manual session for the left upper arm (Part 1: p = 0.048), 
left forearm (Part 1: p = 0.054), and upper back (Part 1: 
p = 0.076). However, no significant differences between the 
HRC and manual modalities emerged across the different 
dimensions at both mid-session and end of session. This 
means that the perceived physical fatigue in different parts 
of the body was comparable between the two modalities.

4.4  Physiological response

Figure 13 shows the distributions of the physiological 
response between the HRC and manual modalities. Since 
for both Mean_SCR and the RMSSD the normality assump-
tion was rejected by the Shapiro–Wilk test, the Wilcoxon 
signed-rank test was used to check significant differences.

Regarding EDA, a greater average SCR (Mean_SCR) 
was observed in the manual setting at mid-session and the 
difference resulted almost significant (Part 1: p = 0.052). 
More stress in the manual setting may result from more 
cognitive effort required to remember some operations, 
such as assembling the cutting component of the tile cut-
ter. At the end of session, the difference between the two 
modalities was not significant (Part 2: p = 0.57).

With respect to HRV, in the manual setting a higher 
RMSSD can be noted at both mid-session and end of ses-
sion, leading to potentially slightly less stressful situa-
tions. Both the differences resulted significant according 
to the Wilcoxon signed-rank test (Part 1: p = 0.009; Part 
2: p = 0.009). It is interesting also to observe a general 
increase of the RMSSD between the first and second part 
of the session.

4.5  Process and product defects

In Fig.  14, a graphical comparison of process defects 
between HRC and manual modalities is provided. The nor-
mality assumption was not rejected by the Shapiro–Wilk 
test. In manual setting, more process defects can be observed 
at both mid-session and the end of session. Moreover, the 
difference between the two modalities emerged to be signifi-
cant according to the paired sample t-test (Part 1: p = 0.02; 
Part 2: p = 0.007). This result highlights that the robot inter-
vention also supported the participants from a cognitive 
point of view. Specifically, through the operations performed 
by the robot that paced the process, the operator more easily 
remembered the next operations to be performed.

Figure 15 provides a graphical comparison of product 
defects between HRC and manual modalities. The normality 
assumption was rejected by the Shapiro–Wilk test. In manual 

Fig. 10  Distribution of 
Workload for the assembly 
modality and part of the session 
 (nsample = 12)
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setting, slightly more product defects can be observed at 
both mid-session and the end of session. However, according 
to the Wilcoxon signed-rank test, the differences between the 
two modalities were not significant (Part 1: p = 0.37; Part 
2: p = 0.075).

Figures 16, 17 and 18 show the Pareto charts of the 
process defects divided by modality and by the agent that 
caused them. Considering all 12 groups, a total of 928 
trials were carried out in manual modality and 705 in 
HRC modality. As can be seen, with regard to the defects 
caused by humans (Figs. 16 and 17), 75% of these are 
represented in both cases by: “Dropping of nuts and wash-
ers”, “Wrong part positioning”, “Incorrect assembly” and 
“Dropping of parts”. These defects were often caused by 
both mental and physical fatigue of the operators. Even 
from these preliminary data, however, it can be seen that 
the cobot reduces the frequency of occurrence. Note, for 

example, the significant reduction in the number of times 
the defect 'Wrong part positioning' was found. Therefore, 
although fewer trials were carried out in HRC modal-
ity, “wrong part positioning” accounted for 18% of total 
human process defects in collaborative modality and 27% 
in manual modality. Cobots, in fact, support the operator 
in following the correct assembly sequences, bringing the 
correct parts to use and in the correct position to complete 
the assembly. Concerning the process failures caused by 
the cobot, it can be noticed that most of them consist of 
emergent blockages mainly due to collision with objects. 
The presence of force sensors in the cobots determines, 
for safety reasons, the emergency stop of the cobot in 
the presence of impacts. This, on the one hand, is cru-
cial to ensure safety of the human operators within the 
work area, while, on the other hand, it may lead to lower 
productivity of the collaborative process compared to a 
manual one.

5  Discussion

Comparison of the two settings, manual and HRC, for a 
repetitive assembly process revealed interesting differences 
in user experience, physiological feedback, and perfor-
mance (Table 7).

From the workload point of view, the perceived Mental 
Demand was higher in the manual setting. This was mainly 
due to the fact that the robot, by moving and positioning 
the various components,indirectly helped the operator to 
remember the sequence of operations. Initially, in the first 
part of the session, the gap between the manual setting and 
the collaborative setting was greater in terms of perceived 
Physical Demand and Effort. However, due to the learning 
process of the participants, this difference was quite attenu-
ated at the end of the shift. Regarding physical exertion, a 
slightly higher perception of fatigue of the entire left upper 
limb in the manual setting could be noted, however, this 
difference was attenuated at the end of the session.

The presence of the cobot generated in the participants 
a lower sense of situational dominance (Dominance) in the 
first part of the session. However, in the second part this 
effect practically disappeared. It is also interesting to note 
that there were fewer process defects in the HRC setting. 
Most of the process defects involved incorrect selection, 
positioning, and assembly of components that occurred 
during the assembly of the cutting mechanism (Phase 2, 
see Table 3). In the HRC setting, the robot always held 
component C2 of the cutting mechanism in the same way, 
thus making it easier for participants to remember how to 
position and assemble the other components. Such support 
therefore allowed fewer defects to be made.

Fig. 11  Median scores with interquartile range of SAM dimensions 
for HRC and manual assembly modality at half-session (Part 1) (a) 
and end of session (Part 2) (b). Significance of the Wilcoxon signed-
rank test is also reported
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From a physiological point of view, it was noticed that in 
the first part of the session the Mean_SCR was higher in the 
manual session. This may be due to higher initial stress from 
trying to remember how to assemble the cutting mechanism 
correctly, a phase in which more process defects were also 
generated. From the HRV, more relaxation was observed in 
the manual setting, which may have also led to more distrac-
tions. Thus, the presence of the cobot may have contributed 
to more sustained attention during the session, which also 
led to the generation of fewer process defects.

Participant feedback indicated that in general the sup-
port of the cobot in assembling the cutting mechanism was 
appreciated, making the operation more immediate. Of the 
HRC setting, it was also appreciated that the cobot indirectly 

helped with its operations to remember the operator's next 
operations. However, of the manual setting, greater freedom 
in component handling (especially in the assembly phase of 
the cutting mechanism) and greater autonomy in task tim-
ing were appreciated, which increased perceived efficiency.

6  Conclusions

The aim of this paper was to propose a novel experi-
mental setting to reproduce a set of 4-h work shifts of 
a repetitive collaborative assembly process. By imple-
menting this setting, it is possible to conduct studies 
on the effects of a prolonged interaction with a cobot 

Fig. 12  Median scores with interquartile range of BDM dimensions for HRC and manual assembly modality at half-session (Part 1) (a) and end 
of session (Part 2) (b). Significance of the Wilcoxon signed-rank test is also reported
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on user experience, human state and generated defects 
in a manufacturing context. Additionally, the use of 
non-invasive biosensors makes it feasible to gather 
objective data about the operator's psychophysical state 
without interfering with the process. To the best of 
the authors’ knowledge, no previous study has experi-
mentally investigated the differences between manual 
and collaborative repetitive assembly processes. Conse-
quently, this work represents a first approach to bridg-
ing this gap.

Experimental results revealed some differences between 
the manual and HRC settings. In the manual setting, 

slightly more physical effort was observed as well as 
higher cognitive effort, mainly due to remembering how 
to assemble some components. Although the cobot intro-
duced a few more constraints in the process, it allowed the 
operator to perform fewer process defects (e.g., incorrect 
selection, placement, and assembly of components). This 
result highlights how HRC can be a valuable support for 
the operator not only from a physical but also a cognitive 
point of view. From a physiological point of view, through 
EDA a slightly higher stress was noted initially in the man-
ual setting due to trying to remember how to assemble 
certain components. Observing the HRV, however, it was 

Fig. 13  Boxplot comparison of physiological response (Mean_SCR 
for EDA and RMSSD for HRV) between HRC and manual assembly 
modality at half-session (Part 1) (a) and end of session (Part 2) (b). 

Significance of the Wilcoxon signed-rank test is reported as follows: 
(.) p≈ 0.05, (*) 0.05 > p ≥ 0.01, (**) 0.01 > p ≥ 0.001, (***) p < 0.001

Fig. 14  Boxplot comparison of process defects between HRC and manual assembly modality at half-session (Part 1) (a) and end of session (Part 
2) (b). Significance of the paired sample t-test is reported as follows: (.) p≈ 0.05, (*) 0.05 > p ≥ 0.01, (**) 0.01 > p ≥ 0.001, (***) p < 0.001
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noticed generally more relaxation in the manual setting, 
thus leading to more distraction during the process.

Some limitations of the study are present. The number 
of participants involved is quite limited. Also, the partici-
pants involved were not real operators and consequently 
had no experience in assembly processes in manufacturing. 

However, this allowed for no bias to be introduced with 
respect to one modality over another.

Future work will focus on expanding findings by 
increasing the sample of participants and further inves-
tigating the relationship between cognitive workload, 
stress, and process defects. In addition, operators working 

Fig. 15  Boxplot comparison of product defects between HRC 
and manual assembly modality at half-session (Part 1) (a) and end 
of session (Part 2) (b). Significance of the Wilcoxon signed-rank 

test is reported as follows: (.) p≈ 0.05, (*) 0.05 > p ≥ 0.01, (**) 
0.01 > p ≥ 0.001, (***) p < 0.001

Fig. 16  Pareto chart of process human defects in collaborative modality ( N
trial,HRC

= 705)
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Fig. 17  Pareto chart of process human defects in manual modality ( N
trial,manual

= 928)

Fig. 18  Pareto chart of process robot defects in collaborative modality ( N
trial,HRC

= 705)
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in manufacturing will be involved to explore any differ-
ences and preferences compared to people with no previous 
experience.
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Table 7  Summary of the 
experimental results

(*) 0.05 > p ≥ 0.01 , (**) 0.01 > p ≥ 0.001 , (***) p < 0.001

Category Response variable Session

Part 1 Part 2

Perceived workload (NASA-TLX) Mental Demand Manual > HRC * Manual > HRC *
Physical Demand Manual > HRC * -
Temporal Demand - -
Performance - -
Effort Manual > HRC * -
Frustration - -
Workload - -

Affective state
(SAM)

Valence - -
Arousal - -
Dominance Manual > HRC * -

Perceived physical exertion
(BDM)

Neck - -
Right shoulder - -
Left shoulder - -
Right upper arm - -
Left upper arm Manual > HRC * -
Right forearm - -
Left forearm Manual > HRC -
Right hand - -
Left hand - -
Upper back - -
Lower back - -
Buttocks - -
Lower limbs - -

Physiological response EDA—Mean_SCR Manual > HRC -
HRV—RMSSD Manual > HRC ** Manual > HRC **

Defects Process defects Manual > HRC * Manual > HRC **
Product defects - -
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