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Abstract

Objective: Physical and cognitive workloads and performance were studied for a corrective shared
control (CSC) human—robot collaborative (HRC) sanding task.

Background: Manual sanding is physically demanding. Collaborative robots (cobots) can potentially
reduce physical stress, but fully autonomous implementation has been particularly challenging due to skill,
task variability, and robot limitations. CSC is an HRC method where the robot operates semi-
autonomously while the human provides real-time corrections.

Methods: Twenty laboratory participants removed paint using an orbital sander, both manually and with a
CSC robot. A fully automated robot was also tested.

Results: The CSC robot improved subjective discomfort compared to manual sanding in the upper arm
by 29.5%, lower arm by 32%, hand by 36.5%, front of the shoulder by 24%, and back of the shoulder by
17.5%. Muscle fatigue measured using EMG, was observed in the medial deltoid and flexor carpi radialis for
the manual condition. The composite cognitive workload on the NASA-TLX increased by 14.3% for
manual sanding due to high physical demand and effort, while mental demand was 14% greater for the CSC
robot. Digital imaging showed that the CSC robot outperformed the automated condition by 7.16% for
uniformity, 4.96% for quantity, and 6.06% in total.

Conclusions: In this example, we found that human skills and techniques were integral to sanding and can
be successfully incorporated into HRC systems. Humans performed the task using the CSC robot with less
fatigue and discomfort.

Applications: The results can influence implementation of future HRC systems in manufacturing
environments.

Keywords
human—robot collaboration, corrective shared control, fatigue, discomfort, manufacturing

University of Wisconsin-Madison, USA
Received: December |, 2023; accepted: June 28, 2024
Corresponding Author:

Robert G. Radwin, Department of Industrial and Systems Engineering, 1550 Engineering Drive, Madison, WI 53706, USA; e-mail:
rradwin@wisc.edu


https://us.sagepub.com/en-us/journals-permissions
https://doi.org/10.1177/00187208241272066
https://journals.sagepub.com/home/hfs
https://orcid.org/0000-0002-0973-2203
https://orcid.org/0000-0002-4532-2949
https://orcid.org/0000-0002-9456-1495
https://orcid.org/0000-0003-3295-4071
https://orcid.org/0000-0002-7973-0641
mailto:rradwin@wisc.edu
http://crossmark.crossref.org/dialog/?doi=10.1177%2F00187208241272066&domain=pdf&date_stamp=2024-08-08

Konstant et al.

247

Introduction

Workers frequently sand in aviation manufacturing
during surface preparation, paint removal, and
composite repair. Sanding requires strong, repet-
itive exertions and awkward postures while being
exposed to vibration and noise (Musgrave et al.,
2019). Such exposures can result in muscle fa-
tigue, discomfort, and increased risk for muscu-
loskeletal disorders (MSDs) (Armstrong et al.,
1987; Bernard, 1997; Mani & Gerr, 2000). One
study reported that shoulder injuries represented
the biggest area of risk from sanding for painters in
aircraft maintenance (Irwin & Streilein, 2015). In
addition to injury risk, fatigue often limits the
ability to work at the maximum level of quality and
productivity (Desmond & Hancock, 2000).

Fully automated solutions can eliminate physical
strain because they can operate endlessly without
fatigue (Sanneman et al., 2020). However, tasks
requiring manual dexterity, judgment, and perception
are often difficult to automate (Hopko et al., 2022;
Sanneman et al., 2020) due to surface and task
variability, the constraints of the surrounding envi-
ronment, and loss of human capabilities (Bogue,
2009; Hopko et al., 2022; Kabir et al., 2018;
Sanneman et al., 2020). Sanding is an example of a
task with these characteristics, requiring years of
experience, dexterity, and human senses.

When looking for automated solutions, ergo-
nomics, productivity, and flexibility are important
goals for companies (Sanneman et al., 2020).
Researchers have attempted to create automated
robotic sanding solutions but have been unsuc-
cessful due to constant trial and error and re-
programming to achieve satisfactory performance
(Kabir et al., 2018). The physical stress experi-
enced by operators and the automation challenges
motivate our research.

Collaborative robots (cobots) have additional
safety sensors, flexibility in programming, are
smaller in size, and are less costly than industrial
robots (Sanneman et al., 2020). Unlike their indus-
trial counterparts, isolated from workers placed in
cages, cobots are intended to work alongside human
workers (Sanneman et al., 2020). Humans and robots
working together form a human—robot collaboration
(HRC) (Christiernin, 2017). Because cobots typi-
cally work in proximity to humans, they are un-
derpowered and move slowly to provide additional

safety (Sanneman et al., 2020). Christiernin (2017)
describes different levels of HRC, from level zero (no
collaboration) to level three (fully interactive). HRC
has been used for other physically demanding jobs
involving assembly (Colim et al., 2020), variable
tasks (Peternel et al, 2017), and harvesting
(Vasconez et al., 2019) to improve physical ergo-
nomics conditions. The tasks described in these
papers involve similar physical stresses as sanding,
such as vibration, awkward postures, and repetitive
motions that can lead to MSDs. The cobot can
perform repetitive tasks or assume awkward posi-
tions, potentially freeing the worker from the
physical stress and strains associated with sanding.

In sanding, the operator needs to stand close to
the workspace to monitor the work and inspect the
sanded piece; therefore, using a cobot is an at-
tractive solution. It is challenging to fully automate
sanding in aviation manufacturing because of the
complex surface structure, task variability, and
system monitoring (Kabir et al., 2018). Further, in
manufacturing, capturing the tacit knowledge of
workers is difficult for a robotic program (Guerra-
Zubiaga et al., 2021; Johnson et al., 2019). It is
proposed that rather than fully automating a robot,
an alternative form of robotic control should be
used to exploit human perception.

A telerobotic sanding approach was developed by
Devine et al. (2020) but no human operator testing
was performed. In the current study, we consider
corrective shared control (CSC) adapted from
Hagenow et al. (2021a, 2024) as the robotic control
paradigm that is potentially appropriate for sanding.
A cobot, under human supervision, runs a nominal
program that directs the robotic arm and sanding tool
over the surface, but its operation is adjusted directly
in real-time by the human operator. Hagenow et al.
(2021a) tested the feasibility of using a CSC robot for
mock airplane manufacturing tasks, including fas-
tening, riveting, and composite layup. The experi-
ment compared the manual task to a divisible shared
control and CSC robots. The divisible shared control
condition was similar to telerobotics, where the user
had full control over the position of the robot. Di-
visible shared control resulted in worse performance
and a greater subjective workload. Hagenow et al.
(2021b) also tested CSC for a cleaning task that
allowed a human to make corrections using one to
three degrees of freedom and showed an improve-
ment in performance between the CSC tasks and the
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automated tasks. We chose CSC as the control
paradigm for sanding in the current study because
CSC can potentially reduce stressful reaches and
repetitive motions and maintain performance be-
cause the worker utilizes their technique and skills.

CSC can address variability in material removal
operations by combining a nominal robot program
with input from the user (Girbés-Juan et al., 2021;
Gonzalez et al., 2021; Hopko et al., 2021; Perez-Vidal
et al., 2019). In the current study, the human operator
adjusts the speed and direction of the robot performing
the task. However, alternate inputs can also be given
based on task needs. In CSC sanding, the robot is
assigned the physically straining aspects of the task,
such as handling the vibrating tool, maintaining
continuous contact with the work surface, and moving
and positioning the tool (Gonzalez et al., 2021;
Hagenow et al., 2021a, 2021b; Hopko et al., 2021).
However, it is not known how CSC robot sanding
affects mental and physical workload, and work
performance. Typically, HRC evaluations have as-
sumed cobots completely removed physical dis-
comfort (Gonzalez et al.,, 2021; Perez-Vidal et al.,
2019). Within CSC, humans still utilize their
mental and physical abilities, albeit involving
different motions and exertions. But physical
discomfort from the use of different muscle
groups to operate a CSC robot may be introduced
from devices such as hand-operated controllers
(Ajoudani et al., 2020; Perez-Vidal et al., 2019).
Surgeons can experience discomfort during ro-
botic surgery, particularly in the fingers, neck, and
upper back (Lee et al., 2017). Although CSC robots
can reduce the physical workload, the cognitive
workload may increase, as commonly seen in some
HRC tasks (Chen et al., 2022; Liu et al., 2024). CSC
robots may also impose new mental burdens when
interacting with new interfaces (Ritchey et al.,
2014). Therefore, the current research considers
both mental and physical workloads.

Further, task performance may be affected.
Performance can improve because robots are
consistent (Hagenow et al., 2021b; Hopko et al.,
2021), but it can worsen when robots cannot
handle variability like a human worker. Current
literature specific to CSC demonstrates a de-
crease in performance with CSC compared to
manual performance, but better performance
compared to fully autonomous tasks (Hagenow
et al., 2021a; 2021b). Other literature reports

different performance results. Chen et al. (2022)
described a decrease in human performance
when an autonomous mobile robot was present
in a retail environment because the robot slowed
down and changed the human’s strategy. In
addition, performance improved in a robotic
polishing task because of greater autonomy,
improved accuracy, and decreased irregular
human movements (Hopko et al., 2021). Per-
formance is dependent on the task and level of
HRC and should be measured.

The current study was split into two phases.
Phase I compared physical stress and strain, mental
workload, and user satisfaction between manual
sanding and CSC robotic sanding. Phase II com-
pared the task performance between manual, CSC
robot, and fully automated sanding. Previous
methods have yet to include certain anomalies and
realistic aspects of a sanding task, such as surface
variability, power tool use, or the objective
quantification of physical stress. Additionally, it
was not obvious if this intervention would intro-
duce alternative stresses (i.e., mental workload and
hand repetition) or how it would impact perfor-
mance (i.e., time to completion and sanding
quality). We tested the CSC sanding method in a
controlled, academic environment to understand if
it is a promising method for manufacturing. The
major hypotheses were: (1) physical stress and
strain and mental workload for the CSC sanding
condition is less than for the manual condition and
(2) sanding performance for the CSC sanding
condition is better than for the manual or auto-
mated conditions.

Phase I: Comparison of Physical
Stress and Strain, Mental Workload,
and User Satisfaction Between
Manual Sanding and CSC

Robotic Sanding

Methods

Participants. Twenty university student volunteers
(11 female and 9 male) were recruited, with in-
formed consent and IRB approval. All participants
were at least 18 years old (M = 21.15 years, SD =
4.09 years). Nineteen participants were right-hand
dominant, and one participant was left-hand
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dominant. Participants were excluded from the
study if they had any previous or current upper
limb injuries or had an implanted pacemaker.
Prescreening of participants included basic de-
mographic information (i.e., age, biological sex,
and hand preference), prior use of power tools,
cobot experience, video game experience, and the
exclusion criteria. A small remuneration was paid
for participating.

Robotic System. The cobot system was adapted
from Hagenow et al. (2024), which combined end-
user programming and CSC to test sanding tasks
in aviation manufacturing. A collaborative robot
manipulator was used for the automated and CSC
robot sanding tasks. The Franka Emika Robot
System (Figure 3) was outfitted with the same
random orbital sander as the manual condition and
with a Microsoft Azure Kinect Development Kit
depth camera to detect the location and orientation
of the surface to be sanded. The cobot was pre-
programmed to automatically move the orbital
sander across the spray-painted surface along a set

Manual

path. The path consisted of six passes alternating
back and forth, which enabled automatic sanding
of the whole surface in 10 minutes. The sanding
parameters (e.g., pitch, force, and speed) were
tuned to optimize performance for the nominal task
in the 10-min timeframe.

Experimental Design. The within-subject experiment
consisted of two conditions: manual and CSC robotic
sanding. The initial condition was alternated for each
participant to counterbalance the manual and CSC
robotic sanding conditions. A pneumatic random
orbital sander was used to remove paint from a
0.3 m x 0.6 m white polycarbonate panel. The panel
was painted using a blue base coat layer of water-
based spray paint and set to dry for 1 hour. A four-
hole template was used to add additional layers of
spray paint in four random regions, with a ran-
domization scheme, to induce surface variability, as
shown in Figure 1. Each participant received a new
polycarbonate panel and sandpaper for every trial.
The goal of the sanding task was to remove as much
paint as possible uniformly in 10 minutes. Training

Surface Variabilit
Nominal

- N

Automated

Figure |. A painted panel with randomized blemishes (top). Examples of sanded pieces after 10 minutes for manual

(middle left), CSC (middle right), and automated (bottom).
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and each trial occurred at least 48 hours apart to allow
for rest. Participants wore protective coats, gloves,
goggles, hearing protection, and an N95 mask for
health and safety reasons.

Manual Sanding. The manual workstation was set
relative to the vertical height of the shoulder for each
participant. The bottom of the painted piece was set at
0.11 m, and the top was 0.42 m above the vertical
height of the shoulder. Participants sanded the panel
using a random orbital sander with a 180-grit sand-
paper disc, as shown in Figure 2. The experimenters
instructed the participants to hold the sander with their
dominant hand and move slowly across the panel to
uniformly remove the paint within 10 minutes.

Corrective Shared Control (CSC) Robotic Sanding. Participants
collaborated with the cobot using CSC to perform

the same sanding task within the same amount of
time, as shown in Figure 3. The cobot could not
detect and respond to surface variability. The
participant would adjust the robot’s operation to
respond to surface variability and issue real-time
corrective measures. A wired handheld gaming
controller enabled the participant to alter the
amount of sanding performed by the robot at any
time. Using the controller, shown in Figure 3, the
human altered the cobot’s behavior to (a) slow
down the sander’s lateral velocity along its tra-
jectory to spend more time at areas that would
benefit from additional paint removal, (b) speed
up the sander’s lateral velocity along its trajectory
to speed up over areas sufficiently sanded, or (c)
reverse the sander’s direction of movement along
its trajectory to revisit areas that would bene-
fit from additional sanding. An example of the

Figure 2. An example of the manual task (left) and the orbital sander (right).

Faster Slower

- Back

Figure 3. An example of the CSC robot task (left) and Microsoft Xbox controller (right).
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automated path and corrections is shown in
Figure 4.

Localized Muscle Fatigue: Electromyography (EMG). The
dominant forearm, shoulder, and biceps were
cleaned using an alcohol wipe before attaching
the electromyography (EMG) electrodes. The
surface electrodes were placed following rec-
ommendations by the SENIAM group (Freriks &
Hermens, 2007). The electrodes were located on
the dominant medial deltoid, flexor carpi radi-
alis, extensor digitorum, and bicep muscles
lengthwise in the largest area of the muscle. A
Noraxon USA myoMuscle system was used for
EMG recording and data output. Data was col-
lected at a sample rate of 2000 Hz. A Butter-
worth band pass filter from 5 to 500 Hz was
applied to the EMG signals post-data collection.
Two reference exertions were performed in a
random order before each condition to activate
the muscles, as shown in Figure 5. A two-minute
break was provided between each exertion
performed.

A root mean square (RMS) amplitude increase
was used to measure muscle fatigue (Basmajian &
De Luca, 1985), calculated from the standard
controlled exertions performed before and after the
condition. The percentage difference between the
RMS values was calculated for each muscle pre-
and posttask. A positive percentage increase in

RMS amplitude indicated that the participant was
fatigued in that muscle group.

Subjective Localized Discomfort. Participants rated
their subjective discomfort using a body map on a
scale from 0 (no discomfort) to 10 (extreme dis-
comfort) before and after each sanding condition.
Discomfort included any feelings of pain, sore-
ness, tingling, or numbness. The body map in-
cluded 26 areas of their upper and lower limbs on
the left and right sides of their body. The difference
between the before and after scores was calculated
to measure subjective discomfort. A positive dif-
ference indicated increased subjective discomfort
after the condition was completed. Participants
filled out a subjective discomfort body map before
each condition to ensure no fatigue effects from
previous days.

Cognitive Workload: NASA TLX. After each sanding
condition, a paper version of the NASA TLX (Hart,
2006) was administered to participants. The
questionnaire included six scales, from 0 (low
demand or perfect) to 100 (high demand or fail-
ure). The six scales included mental demand,
physical demand, temporal demand, performance,
effort, and frustration. The scales were analyzed
separately and together as a composite cognitive
workload, calculated by taking the average of the
six rating scales.

Figure 4. Representation of the automated path and corrections for a CSC condition. Darker gray areas indicate

more corrections in that location.
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Figure 5. Standard exertions were performed in the experiment to measure the muscle activity pre- and posttask.
For the medial deltoid muscle, participants stood with their arm at a 90-degree angle, abducted in the frontal plane at
shoulder height, while holding a 1.36 kg weight for 20 seconds (left). To activate the flexor carpi radialis, extensor
digitorum, and bicep muscles, participants stood with 0 degrees of shoulder flexion and 90 degrees of elbow flexion,
and their arm flexed to a 90-degree angle. Participants then squeezed an electronic hand dynamometer at their
maximum voluntary contraction (MVC) for 10 seconds and 50% of their MVC for 20 seconds (right).

USE Questionnaire. The Usefulness, Satisfaction,
and Ease of Use Questionnaire (Lund, 2001)
measured satisfaction with the manual tool and
CSC system. The average of the seven satisfaction
questions was used in the analysis.

Data Analysis. The R Project for Statistical Com-
puting software was used for statistical analysis.
Separate linear mixed-effect models with one within-
subject predictor (condition) were used to test the
statistical significance of the condition on localized
discomfort, muscle fatigue, and cognitive workload.
Participant was included as a random intercept in the
model. Assumptions in a linear mixed-effect model
were checked for violations based on recommen-
dations from the current literature (Brauer & Curtin,
2018; Loy & Hofmann, 2014). Statistical signifi-
cance was found for a p-value less than .05, and
partial eta-squared values were calculated. A post
hoc power analysis was conducted, and the minimal
detectable effect size for 20 participants was a partial
eta-squared value of .31. Nonsignificant contrasts in
the study that were less than .31 are, therefore, in-
conclusive and may be underpowered.

Results

Localized Discomfort and Muscle Fatigue. The dis-
comfort was observed on the working side of the

body (i.e., the right side for a dominant right hand).
The differences in pre- and postdiscomfort are
shown in Figure 6. Statistical tests indicated sig-
nificant increases in discomfort pre- versus post-
task, as shown in Table 1. There were no statistical
segments observed for the CSC robot condition.

In the manual condition, there was a significant
increase in RMS amplitude for the medial deltoid
muscle, F (1,19) = 7.83, p = .01, 1712, = .29, which
indicated fatigue in the medial deltoid muscle. In
addition, there was a marginally significant increase
in the flexor carpi radialis muscle F (1,19)=3.08, p =
.09, 1712, = .13, indicating flexor muscle fatigue. There
were no statistical differences in the other muscles for
the manual or CSC robot conditions.

Mental Workload: NASA TLX. The sanding condi-
tion had a significant effect on the composite cog-
nitive workload. The mental workload for the
manual condition increased the composite rating by
14.25%, F (1, 19) = 37.84, p < .001, ;72 =.55. The
individual workload ratings were observed between
the two conditions. Figure 7 shows the averages and
standard errors. Statistical results shown in Table 2
compare the manual and CSC robot conditions.

USE Questionnaire. The sanding condition signif-
icantly affected user satisfaction, F (1, 19) =25.82
p <.001, 17127 = .58. Participants were 17.8% more
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Manual

Hand ¢
Lower Arm ! ‘ 3
Upper Arm . ‘ *

Front Shoulder - ‘ .
*
Back Shoulder - ‘

Lower Back B

Pre Task

I
I
|
' . Post Task

0.0 2.5 5.0 7.5

10.0 0.0 2.5 5.0 7.5 10.0

Discomfort (0-10)

Figure 6. Average discomfort pre (gray) and post (black) tasks for both the manual (left) and CSC (right) conditions.
Bars represent the standard error (n = 20). Stars indicate the level of statistical significance with pre/post as the
independent variable. No statistically significant effects were observed in the other localized areas or for the CSC
condition. ¥**p < .001, ** .001 > p < 0.01, * .01 > p <.05.

Table I. Pre- versus Posttask Results for Segments in
the Manual Task.

Body Part F (1,19) p-value ’7;
Hand 43.067 <.001 .65
Lower arm 28.102 <.001 .56
Upper arm 25.44 <.001 .60
Front shoulder 22.15 <.001 49
Back shoulder 22.48 <.001 51

satisfied with the CSC robot than with the manual
condition.

Phase Il: Comparison of Task
Performance Between Manual, CSC
Robotic, and Fully

Automated Sanding

Methods

Experimental Design. The experiment was a one-
factor experiment with sanding condition as the
independent variable. The dependent variable was
task performance. Task performance was com-
pared between three sanding conditions: manual,
CSC, and automated sanding. The task perfor-
mance for manual and CSC robotic sanding was
measured for the same participants during the

respective sanding conditions in Phase I. The same
robotic system was used. No participants were
involved in the automated sanding condition.

Automated Robot Sanding. The same cobot was
programmed for automated robot sanding using the
Robot Operating System (ROS) to sand the surface
using a similar nominal algorithm without any hu-
man intervention. The automated system could not
detect the additional paint deposited on the surface.
We recorded 20 trials for this condition to match the
number of participants. The robot used for the au-
tomated condition is shown in Figure 3; however,
there was no human input. The result of the auto-
mated robot sanding is shown in Figure 1.

Task Performance Measurements. ITmages of the
unpainted and painted panels were captured using a
Nikon D3200 DSLR camera with an AF-S DX-
NIKKOR 18-55 mm lens before each trial at a fixed
distance from the panel. Performance was rated on
the quantity removed, uniformity, and a composite
score, the average of the two scores. Quantity
(amount removed) and uniformity (evenness of
surface) were chosen as metrics because they are
important aspects of sanding performance in aviation
manufacturing. After the study, photographs of the
sanded panels were taken on the same day under the
same lighting conditions. This was done to eliminate
inconsistencies between room lighting, bench height
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Figure 7. Average individual workload ratings for NASA-TLX. Average composite ratings for NASA-TLX are shown
on the far right of the graph. Lower ratings indicate less workload and better performance. Error bars represent the
standard error. Stars represent the level of significance. ***p <.001, ** .00 > p <0.01,*.01 > p <.05, period is used

for marginally significant.

Table 2. Statistical Results for Individual Workload
Ratings in NASA-TLX.

Workload Type F(1,19) p-value ’7;2)
Physical demand 204.3 <.001 9
Mental demand 8.19 =.001 3
Temporal demand 3.42 .08 A5
Performance Not significant

Effort 22.48 <.001 .67
Frustration 4.47 .047 19

or distance adjustments, and camera adjustments
throughout the study. MATLAB (2021; MathWorks,
Inc., Natick, MA) software was used to analyze the
digital images.

The panels used in this study were sprayed with
blue paint. Sanding removed the blue paint to
reveal the white color base. These colors in the
image are represented in RGB color space as two,
three by one vectors By and W,. A scale max
vector a = Wy — By contains points representing
(ideally) various color shades of pixels in the re-
gion of interest (ROI). If the color vector of the ith
sanded pixel, x;, does not fall on the vector a, we
may project it onto the vector a:

(xi - Bo)Ta - ||x,» - BOH
[lall |Wo — B

b, = ~a-cos; (1)

where ||a|| and ||x; — Bo|| are magnitudes of these
vectors, and 6; is the angle between vectors a, and

x; — By. We define a percentage of quantity sanded
at the ith pixel i as

161 I — B,
= 100x 20 _ W= Boll e, 2
0 lal = o — o] “*% @

Averaging over the entire ROI:

1
Quantity sanded (%) = WZ ieRO]Qi 3)

where |ROI| is the number of pixels within
the ROL

The uniformity of the sanding task was mea-
sured using the standard deviation of Q;:

Uniformity

1
=100— \/WZIEROI(Q[ — quantity Sanded)2
4)

such that uniformity = 100 if Q; = a constant for all
i€ ROI.

A final composite score of the sanded piece was
calculated by taking the average score of the
quantity and uniformity in equation (5). Examples
of the scoring are shown in Figure §, and examples
from the different conditions and participants are
in Figure 9.
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Q=51.1%|U=4148% |x=463% Q=94.3%|U=280.4%|x =87.4%

Q=15%|U=35.6%|x=253%

Figure 8. Examples to test sanding performance. All performance metrics are displayed, quantity (Q), uniformity (U),

and composite (or average) ().

Q=822%|U=619%|x=T72%

Q=280.5%|U=592%|x=69.8% Q=286.1%|U=654%|x=75.7%

Q=93.8%| U=81.1%| X = 87.4%

Q=96.7%|U=285.1%|x =90.9% Q=286.6%|U=657%|x=762%

Q=855%|U=67.5% | x=76.5%

Q=83.8%|U=624%|x=73%

Q=89.5%|U="71.7%| % = 80.1%

Figure 9. Examples from participants (a, b, c) on sanding performance for the manual (left) and CSC task (middle).
Three automated runs are also shown (right). All performance metrics are displayed, quantity (Q), uniformity (U),

and composite (or average) (x).

Composite Score = (Quanmy sanded

\S] |

®)
+ Uniformity)

Data analysis. The same statistical software and
procedures were used as in Phase I. Separate
linear mixed-effect models for each perfor-
mance metric were used to test the statistical
significance of the condition on performance.
Participant was included as random intercept in
the model. For the automated conditions, the
robot was its” own participant, since human
participants were not involved in the automated
condition. No participants were excluded
from the analysis. Tukey contrasts with a

Holm—Bonferroni correction were used for
post-hoc comparisons to test the statistical
significance between groups.

Results

Task Performance. Sanding condition had a sig-
nificant effect on the composite performance, F (2,
5.83) = 24.126, p = .001, 1712] = .89. In addition,
condition had a significant effect on quantity re-
moved, F (2, 2.924) = 24.68, p = .01, 77, = .94.
Sanding condition also affected uniformity, F (2,
7.52) = 21.99, p < .001, 1712, = .85. The multiple
comparisons from the Tukey test are shown in
Table 3. The means and standard errors are pro-
vided in Figure 10.
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Table 3. Tukey Test Comparisons for Performance Metrics.

Performance Metric

Comparison Quantity Uniformity Composite
Manual vs CSC robot p <.00I p <.001 p < .00l
Manual vs automated p < .00l p <.001 p < .00l
CSC robot vs automated p =.002 p = .042 p =0.02
— hkekk
— %k K
100 2t & * 3 ok
S * K ¥ — "
n; 4 I
S 75 ==
= - L
2 1L
g 50
€
5}
a.
i
;C‘E) 25
]
> M Manual
< €5C Robot
0 Automated
Uniformity Quantity Composite
Score

Figure 10. Performance results for each condition. Performance metrics include uniformity (left), quantity (middle),
and composite score (right). Error bars represent the standard deviation. Stars represent the level of significance.
Compositely, manual performance was 14.76% greater than automated performance and 8.7% greater than CSC
robot performance. CSC robot performance was 6.06% greater than for the automated condition. For quantity, the
manual task quantity was | 1.6 1% greater than the automated and 6.65% greater than the CSC robot. The CSC robot
quantity was 4.96% greater than automated. For uniformity, the manual task was 17.91% greater than automated and
10.75% greater than CSC robot. On average, the CSC robot uniformity was significantly greater than automated by

7.16%.

Discussion

In the present laboratory study, we intentionally
simplified the sanding task to test the concept of
using a CSC robot for sanding. The study normalized
conditions among tasks achievable in the allotted
time in the lab. We gave the robot a program that did
not account for any variability. As typically done in
robot applications, the program was optimized
through tuning to provide the robot with the best
chance of outperforming the human. In the current
study, the automated condition did not rely on
sensors or additional programming specific to the

surface variability and was included as a baseline. A
“smarter” robot could have done better with more
programming and or vision sensors specific to detect
the variability. In the current study, we maintained
conditions similar to aviation manufacturing for
the manual condition, such as shoulder exten-
sions, realistic tools, similar movements, and
surface variability. Robotic sanding has been
particularly challenging due to the complexity of
the task (i.e., various shapes and sensing needed)
and variability (i.e., various material sizes) (Hagenow
etal., 2024). The CSC robotic sanding was viewed as
an alternative approach that benefits from the
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endurance of the robot and the perception of the
human workers’ inherent abilities (Hagenow et al.,
2021a).

Our results demonstrate that CSC robotic
sanding performed significantly better than the
automated condition for all performance metrics.
Therefore, participants made meaningful correc-
tions to the automated robot and maintained better
performance levels in the 10-minute timeframe.
Humans identified areas that needed more or less
sanding by altering the sander location and time
over the surface, which is realistic for an industrial
sanding task. The cobot took on more straining
aspects of the task, such as applying consistent,
repetitive motions, holding the tool, and absorbing
the vibration without being limited by endurance.
Humans could provide their expertise with surface
variability without physical strain. The CSC ro-
botic sanding still achieved better performance
levels. Participants used their perception, skill, and
judgment to improve the automated robot’s per-
formance without the physical burdens of manual
sanding. Hagenow et al. (2021a) found similar
results where a similar level of performance was
achieved but with less physical workload, mea-
sured with NASA-TLX. Literature suggests trust,
complacency, and individual factors (i.e., age and
skill) (Sarter et al., 1997; Tsang & Shaner, 1998)
can influence the system’s performance. The
current study was a laboratory simulation to
measure fatigue, performance, and physical and
mental workload under controlled conditions.
Future studies should investigate the factors that
influence the system and the potential biases that
are present.

As expected, participants performed signifi-
cantly better for the manual task than in the CSC
and automated robotic tasks for all performance
measures (quantity, uniformity, and composite).
Similar results were found across literature,
where manual performance was better than HRC
(Hagenow et al., 2021a; 2021b). We note that in
Hagenow et al. (2021b), the performance of a
surface sanding task was evaluated by com-
puting the standard deviation between the san-
ded color and a final target gray color. This
amounts to the computation of standard devia-
tion of x; — Wy over the ROI region. It is similar
to our uniformity metric defined in equation (4).
However, note that without any sanding

performed, this standard deviation is zero, while
a perfect sanding result also yields a standard
deviation equal to zero.

In the current study time was fixed to evaluate
other dependent variables in the study, such as
fatigue and discomfort. However, we observed in
the manual condition that participants worked
faster and had more control over the movements of
the sander but with more physical stress and strain.
In the automated condition, the robot could re-
move the base layer of paint but could not detect
the surface variability. Further, humans were still
removed from most of the task, reducing some
physical strain, but they would need to finish what
the robot did not complete. Therefore, a tradeoff
exists between performance and ergonomics, as
seen in other HRC literature (Pearce et al., 2018).
By introducing CSC with the same robot, per-
formance improved significantly because the
participants could easily detect the variability and
make corrections. For CSC robotic sanding, par-
ticipants had to learn the strategy to optimize their
corrections in 10 minutes. Performance was still
significantly worse in the CSC robotic sanding
than manual sanding; however, it was better than
the fully automated system.

More sophisticated programming might en-
hance the automated system or provide the robot
more assistance for the CSC application. However,
fully automated solutions may not always be
preferred. Bhattacharjee et al. (2020) considered
using autonomous robots for feeding assistance for
movement-impaired individuals and tried partially
and fully automated solutions. They found that
participants preferred low autonomy over the fully
autonomous methods, even though it required
more perceived effort. Like manufacturing tasks,
challenges arise, and more or less autonomy may
improve worker satisfaction and performance
(Kaufeld & Nickel, 2019; Munzer et al., 2017). To
enhance the system, we could have given partic-
ipants additional feedback modalities, such as
force feedback or adding a vision technology to
detect surface variability. However, this technol-
ogy may increase the time required for sanding
(Kalt et al., 2016). In addition, we could have
chosen a robot with more power or speed to im-
prove the automated system, but it still may not be
better than the human due to surface variability.
We chose a simplified approach where we
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provided the robot with a program that would sand
the surface except for the surface variability to test
the concept of CSC robot sanding. The CSC robot
condition performed better using the same robot
and programming as the fully automated case.
Flexible and mobile solutions, like a CSC robot,
are desired in manufacturing (Hagenow et al.,
2024; Sanneman et al., 2020). In industry, there
are a variety of sanding tasks. The parameters
important to sanding, such as material removed,
force, and tool pitch, differ each time the task is
performed. Various tasks and parameters make
automated solutions difficult (Hagenow et al.,
2024). In sanding, base nominal programs could
be created for different sanding tasks, and humans
could apply their unique skill sets to each type of
task. Enhancements made to the task could be
specific to the important parameters. Future studies
should address and study these enhancements.

Cobots have been advantageous in reducing
the physical stress and strain in humans for
manufacturing jobs (Gonzalez et al., 2021; Perez-
Vidal et al., 2019). However, cobots can increase
the mental workload of the human (Chen et al.,
2022; Liu et al.,, 2024). Although the manual
condition was expected to have greater levels of
physical strain, it was unclear if the CSC robot
condition would cause new areas of physical strain or
change the task performance due to the new con-
trollers and motions involved. Although there was no
evidence of physical strain in the hands when using
the CSC controller, participants only sanded for
10 minutes, and longer exposures might have re-
sulted in different outcomes. Further, other results
were not as obvious, such as the increase in mental
workload. Computer use and user interface design
impact the worker’s physical and cognitive workload
(Ritchey et al., 2014). Ritchey et al. (2014) found
differences in discomfort of input type in different
types of computer tasks. Participants experienced
localized discomfort and muscle fatigue in the
shoulder and lower arm. We cannot ignore the dis-
comfort in the CSC robot condition in the upper and
lower back, neck, foot, and knee. However, these
segments were not significant.

It is likely that if CSC robotic sanding was to be
implemented in a manufacturing environment, a
worker might use the system for up to 8 hours a day.
Prolonged system use with the hand controller could
cause other hand, wrist, and finger issues. Literature

has explored the development of MSDs in video
gamers. Tholl et al. (2022) reviewed studies that
distributed surveys with pain reports in different
body areas, including reports of pain in different
areas of the body in school-aged kids, young adults,
college students, and e-sport athletes. The reviewed
studies found negative effects of video gaming on the
musculoskeletal system, especially when gaming for
more than 3 hours per day. The most affected areas of
the body included the neck, shoulder, and back.
Many of the populations studied in Tholl et al. (2022)
are younger, which may not represent workers in
manufacturing.

Further, the NASA-TLX composite results
were significantly greater in the manual condition
than the CSC robot condition. However, this is
mainly driven by the physical demand and effort
required for the manual condition. Other subscale
data indicate that the mental and temporal demands
were greater in the CSC robot condition. Hagenow
et al. (2021a) found similar trends, where the
workload increased for mental and temporal de-
mand. An increase in mental demand could be due
to new attentional demands, more concentration,
new technologies, and new processes in the CSC
robot condition (Sarter et al., 1997). The increased
temporal demand could have resulted from feeling
rushed or hurried during the CSC robot condition.
Participants had less control over their time and
could not work as fast as the manual condition,
which is expected in HRC (Hagenow et al., 2024;
Sanneman et al., 2020). Participant’s performance
could be perceived better in the manual sanding
condition because they had more control over the
movements and force applied during the sanding
task. Hagenow et al. (2021a) found similar results.
Digital imaging confirmed that participants per-
formed better in the manual condition.

Limitations in the current study include testing
using university students instead of manufacturing
workers and the small sample size. However, N =
20 participants was sufficient for the statistically
significant factors. It is also important to note the
difference in setup between the manual and CSC
robotic sanding conditions. The horizontal setup
for the robot was selected because it offered the
best performance in both the automated and CSC
conditions. The comparison was fair since the CSC
robot and automated conditions had the same
setup. Despite the manual case having a worse
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viewpoint and being the most physically stressful for
the operator, the human still performed the best
compared to the CSC and automated robot condi-
tions. We chose to measure the discomfort and fa-
tigue in a worst-case scenario for a manual sanding
job. We could quickly measure the onset of fatigue in
10 minutes in a controlled environment. Because the
current study involved a simple task, future studies
should include evaluating discomfort, fatigue, and
performance  with workers in an actual
manufacturing sanding task. The surface variability
was also created with extra paint on the plastic
surface. However, surface variability in practice may
involve more than excess material. Workers may
encounter other surface impurities, such as scratches,
dents, or bubbling. Although these limitations may
underestimate the effect of the CSC robot in a
manufacturing setting, the study was controlled,
systematic, and an academic exercise to understand if
HRC with CSC in a sanding task is a promising
solution. In the field, it may be difficult to measure
discomfort, fatigue, and performance because of the
inability to control the task, and using sensors to
measure fatigue may interrupt daily work.

Future studies should evaluate discomfort over
a longer period to ensure additional body areas do
not experience discomfort with the CSC robot.
Additional cognitive workload areas, such as trust
and engagement, can be explored. Alternative
solutions, such as telerobotics or multirobot shared
autonomy (Hagenow et al., 2023), could also be
utilized to explore changes in productivity and
human workload. The CSC robot can potentially
free up the worker in a task allowing them to work
on a secondary task, such as two tasks shown in
(Hagenow et al., 2023). However, we suspect
multirobot shared autonomy and telerobotics may
require more attention and mental resources, but
less physical workload than a fully manual solu-
tion. Both solutions remove the human from the
repetitive motions, gripping, and sustained forces.
However, the solutions are more cognitively de-
manding due to the need for more attention and
coordination of the robot’s movements while
performing the task.

Conclusions

A laboratory study compared subjective dis-
comfort, muscle fatigue, and cognitive

workload between a manual and CSC robotic
sanding task. Further, the sanding task perfor-
mance was compared between the manual, CSC
robot, and automated robot sanding conditions.
The current study demonstrates that the CSC
robot had advantages over automated and
manual sanding. Key results included decreases
in discomfort and no observable muscle fatigue
for CSC robotic sanding compared to manual
sanding. The mental and temporal workload
increased for CSC robotic sanding. Further,
performance was significantly better for both
CSC robotic and manual sanding versus the
automated robot condition for uniformity,
quantity, and composite metric.

Key Points

® A human-subject experiment was conducted to
test the difference between manual sanding,
corrective shared control (CSC) robotic sand-
ing, and automated robotic sanding.

e For CSC robotic sanding, the human worked
with a collaborative robot (cobot) to adjust the
speed and movements to incorporate their
judgment into the task.

e Manual sanding increased the subjective
discomfort in the upper extremities and
muscle activity in the flexor and medial
deltoid muscle. However, CSC robotic
sanding increased mental and temporal de-
mand in NASA-TLX.

* Manual sanding performed the best compared
to CSC robotic sanding and automated sanding.
However, CSC robotic sanding performed
better than the automated solution. Therefore,
humans could incorporate their skills to in-
crease task performance.
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