Assisting Manipulation and Grasping in Robot Teleoperation
with Augmented Reality Visual Cues
Stephanie Arévalo Arboleda

Franziska Rücker

Westphalian University of Applied Sciences
Gelsenkirchen, Germany
stephanie.arevalo@w-hs.de

Westphalian University of Applied Sciences
Gelsenkirchen, Germany
franziska.ruecker@w-hs.de

Tim Dierks

Jens Gerken

Westphalian University of Applied Sciences
Gelsenkirchen, Germany
tim.dierks@w-hs.de

Westphalian University of Applied Sciences
Gelsenkirchen, Germany
jens.gerken@w-hs.de

Figure 1: (a) In this work, we explore how to improve performance in manipulation and grasping tasks by using augmented
reality to present visual cues in teleoperation of a robotic arm in co-located spaces. To achieve that we designed two types of
augmented visual cues (b) Basic Augmented Cues (c) Advanced Augmented Cues

ABSTRACT

CCS CONCEPTS

Teleoperating industrial manipulators in co-located spaces can be
challenging. Facilitating robot teleoperation by providing additional
visual information about the environment and the robot afordances
using augmented reality (AR), can improve task performance in
manipulation and grasping. In this paper, we present two designs
of augmented visual cues, that aim to enhance the visual space of
the robot operator through hints about the position of the robot
gripper in the workspace and in relation to the target. These visual
cues aim to improve the distance perception and thus, the task
performance. We evaluate both designs against a baseline in an
experiment where participants teleoperate a robotic arm to perform
pick-and-place tasks. Our results show performance improvements
in diferent levels, refecting in objective and subjective measures
with trade-ofs in terms of time, accuracy, and participants’ views
of teleoperation. These fndings show the potential of AR not only
in teleoperation, but in understanding the human-robot workspace.

• Human-centered computing → Mixed / augmented reality;
Empirical studies in interaction design.
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1

INTRODUCTION

Co-located teleoperation of robotic arms can be a challenging task
that requires high level of attention, expertise and a good understanding of the environment, the robot, and the objects in it. In
scenarios where the operator is not in direct proximity to the robot
but at a certain distance (Figure 1a), some problems related to depth
and distance perception may occur which in turn can afect performance. A prevailing problem in robot teleoperation is distance
estimation in manipulation tasks, which is common in assembly environments. In addition, depth perception problems are part of the
lack of situation awareness in teleoperation [15], which can result
in lower performance in manipulation tasks. This also relates to the
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ability to imagine how an object looks from a perspective diferent
to the egocentric view, i.e., spatial orientation, which has been analyzed in remote teleoperation, showing how it afects teleoperation
performance [33]. When analyzing co-located teleoperation (operator and robot located in the same physical space), the operator
can experience problems related to depth perception and misjudge
egocentric distances[43], similar to the problems experienced in
remote teleoperation.
There have been a few eforts to improve the depth perception in
remote teleoperation using cameras to capture diferent angles of a
scene [23]. However, teleoperation has received fewer attention in
co-located spaces. Problems in perception of distances and size can
still occur when objects are located within the observer’s personal
space (2 m), i.e. overestimating distances [9]. The human eye naturally perceives the distance of objects around using visual cues
processed by cognitive processes and can be divided into monocular
and binocular cues [11]. Monocular cues aid to perceive distances
in a near space (< 3m) [6] and comprise static and dynamic cues
[22]. Dynamic cues are acquired by the motion of objects and/or
observers and are crucial to perceive depth and object structure [46].
However, there are some scenarios where this motion is impossible
or difcult (absence of dynamic cues) because the observer or the
objects cannot move, e.g., people with mobility impairments, or
scenarios where the visual angle cannot be changed due to workplace settings. Here, the observer can only count on natural static
cues which might not sufce to get an accurate perception of distance and depth. Inspired by the static cues that humans naturally
use to judge depth, we provide enhanced hints with Augmented
Reality (AR) that consider elements from monocular cues such as
lighting and interposition to provide a better understanding of the
environment, the robot, and object afordances. As a use case, we
considered a manufacturing environment with an industrial robotic
arm where the operator is in a co-located space, teleoperating a
robot to perform manipulation and grasping tasks.
The goal of this paper is to contribute to the research eforts of the
use of AR for robot teleoperation from a human-centered robotics
perspective. We present two designs of visual cues using AR, which
we named, Augmented Visual Cues (AVC). These have the potential
to improve task performance by providing better awareness of the
objects’ location and its depth within co-located spaces. In our frst
design, basic augmented visual cues, we augment the robot and
the environment by providing a combination of real and virtual
hints. In our second design, advanced augmented visual cues, we
utilize sensor-based knowledge of the environment, i.e., using-pose
object recognition, to present virtual hints that enhance the robot,
environment and objects in it.
In the following sections, we present relevant work related to
robot depth perception and the use of AR in robot teleoperation.
Then, we introduce the reasoning behind AVC and present each
design of basic and advanced augmented visual cues, followed
by an experiment where we evaluated the user’s performance in
teleoperation using our designs of AVC against a baseline condition
in a pick-and-place task. Next, we present our results, followed
by a discussion section. Finally, we present the limitations of our
fndings and fnal conclusions.
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2 RELATED WORK
2.1 Depth Perception
The human visual system captures environment information
through the eye, transmits this information through the optic nerve
to the brain, which in turn interprets the received information [2].
Among this information we fnd depth perception, which can be
defned as the ability to see volume and the relative position of
objects in a three-dimensional environment [52]. Further, size perception is closely related to depth perception since humans use
depth cues to perceive size. Thus, in environments where the number of depth cues is reduced, humans’ abilities to perceive size are
also compromised [42].
Depth perception enables our interaction with surrounding objects and helps to determine size and distances, through monocular
(provided by one eye) and binocular (provided by both eyes) cues
[22]. Monocular cues provide information that allows to determine
more or less accurately the distance and size of objects located at
an egocentric distance of approximately 3m [6]. Monocular cues
can be divided into static, i.e, do not need the observer to change
perspective, and dynamic cues which are acquired by motion, e.g.,
the observer needs to move around the environment to change the
egocentric perspective. Static cues comprise of perspective (linear
and texture), interposition (occlusion and transparency), lighting
(shading and shadow), aerial (optical haze and blur) and dynamic
cues involving optical fow, motion parallax and accretion [22]. In
general, humans combine diferent types of cues to understand
distance, position, and the relation among objects in space.
From the cognition perspective, it is relevant to discuss cognitive
maps. These are individual representations about “the spatial and
environmental information of the geographical space” [26]. These
maps help humans to locate objects in the environment, and are
closely related to individual spatial abilities. In robot teleoperation,
spatial orientation (own ability to imagine objects from diferent
visual perspectives) and spatial relation (own ability to mentally
manipulate objects) have proven to be relevant in performance [33].

2.2

AR and the Visual Space in Robot
Teleoperation

AR explores diferent ways to superimpose virtual images into the
real world seamlessly [18]. The latest widespread of the use of AR
head-mounted displays (ARHMD), e.g. Microsoft HoloLens [34]
and Magic Leap One [30], has brought along a growing interest
in incorporating solutions grounded in the alignment of real and
virtual objects in the user’s line of sight [36]. Robotics and HumanRobot Interaction (HRI) can beneft greatly from the use of AR. In
fact, there has been an increasing body of research on using AR in
robotics [31], especially, using AR for robot control [13, 53]. One
of the most explored areas of research is using AR to fnd ways
to visualize robot motion, e.g., trajectory planning by previewing
planned simulated paths for robot motion [12], focusing on path
planning for collision avoidance [7, 12], and co-located teleoperation of aerial robots [21, 47, 48]. Combining robot control with
computer vision techniques is a promising area of research, e.g.
using deep learning for 3D object pose estimation combined with
AR to create a robot system [38].
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Augmenting the visual space in a human-robot context has gathered the interest of the HRI community. For instance, AR has been
used to provide information that help robot industrial programmers,
and it has shown promising results in reducing their cognitive load
[41]. Previous work [17], presented a projection-based AR interface
to provide instructions that will assist operators in robot programming pick-and-place tasks, and Gacem et al. [14] present a robotic
arm that projects a spotlight to localize objects in unfamiliar and
dense environments.
Research in AR for assembly environments has also gained popularity. Wang et al. [50] reviewed a number of papers published
in 25 years that investigate AR in assembly tasks, which show the
infuence and potential of AR in assembly systems. Here, enhancing
the visual space to facilitate robot control has become an area of
interest in manufacturing environments, e.g., Clemente et al. [8]
proposed showing visual feedback of the gripper force and closure.
Aligned with this line of research, there has been an emphasis on
the importance of visually showing the robots’ intentions through
ARHMD [49, 51], or using projections on the environment [5].

3

AUGMENTED VISUAL CUES (AVC) FOR
TELEOPERATION

In this paper, we build on related work by combining AR and robot
teleoperation to address distance and depth perception problems,
thus, improving task performance. Teleoperating a robot in a colocated assembly environment, requires the operator to process
and understand the surroundings and spatial relations between
objects and the robot gripper, especially if the visual perspective is
fxed, leading to misestimations of the position of the robot gripper
relative to target objects. These common misestimations negatively
infuence accuracy and efciency during pick-and-place tasks, e.g.,
it leads to multiple attempts to ft an object in a specifc area, repositioning the gripper several times, or failing to grasp a target object.
We present two types of AVC, designed for ARHMD, e.g. Microsoft HoloLens, to improve depth perception in pick-and-place
tasks. Both approaches capitalize on the conceptual work of Walker
et al. [47] who proposed a design framework considering the
elements from AR for a user-centered HRI. They present three
archetypes: “augmenting the environment”, using visual cues embedded in the interaction environment; “augmenting the robot”,
where visual cues are directly connected to the robot in a way that
they might change its real features; or “augmenting the user interface”, where ego-centric imagery could provide system information
to the user.
In particular, our AVC designs provide a set of visual cues inspired by certain monocular cues, namely lighting and interposition,
which humans use to understand their spatial environment. We
clarify that lighting relates to the shadows that an object projects
over another object, providing information about relative depth
[45].
Our AVC designs difer from each other concerning the knowledge of the environment they require. As a baseline, we propose
Basic Augmented Visual Cues (Basic Cues) which only require information about the workspace where the robot is operating, such
as the height of the robot above the tabletop and its dimensions.
This type of cue has certain limitations in how it can assist the user,
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Figure 2: (a) Visual representation of each basic augmented
cue. (b) Gripper-hint showing adequate grasping position.

simply because there is no previous knowledge of the environment,
for instance, the position of the objects on the workspace, or of the
robot. Therefore, our second type of AVC, Advanced Augmented
Visual Cues (Advanced Cues), investigates the use of object-pose
recognition to build a spatial understanding of the objects in the
scene and integrates this knowledge to further assist the operator.
Both AVC designs build on our general interaction principle
for robot teleoperation. For this, we apply hands-free multimodal
interaction by combining head-movements, using a head-gaze based
cursor to point, and speech commands to commit certain actions.
We also present a robot control interface that shows basic controls
visually and spatially anchored to the gripper of the robot. These
controls allow moving the gripper along the x-, y-, z-axis as well as
rotating it. We will explain this interaction and interface design in
detail in Section 4.7.

3.1

Basic Augmented Visual Cues (Basic Cues)

Our design of Basic Cues can be defned as indirect cues that suggest certain characteristics of the environments and the objects on
it. These cues assist the operator to frst determine the position
of a target (depth perception) to then accurately positioning the
gripper over a target. They aim to help teleoperation in unknown
environments or when object-pose recognition is not possible.
In order to address distance and depth perception related problems, we designed a combination of physical and virtual hints. As
the representative for real hints, we position a poster with a colormap upon the surface of the workspace. The colormap intends
to provide a visual landmark that can help determine the exact
or relative position of an object, e.g., the object in Figure 2b is
located on the light blue stripe. However, it is still difcult to accurately determine the relative x,y position of the gripper above
the workspace. Thus, we added a virtual colormap and other virtual hints that would indicate the position of the gripper on the
workspace. Figure 2a shows a virtual semi-transparent line, which
we named “Laser-pointer” reaching from the gripper towards the
tabletop and crossing the dark green stripe on the physical colormap. Correspondingly, we provide a virtual colormap at the front
of the table, which, with a rectangle, highlights the color or colors
of the relative position of the gripper on the physical colormap.
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Additionally, our virtual cues are inspired by the monocular cue of
lighting, e.g., we present a virtual circumference under the gripper,
emulating a shadow of the gripper on the tabletop. In the following section, we present the design and purpose of each basic cue
showed in Figure 2 in detail:
Laser-pointer. This virtual cue consists of a semi-transparent
straight vertical line. It starts at the center of the grip region until
it reaches the tabletop. It has a small colored point at the end of the
straight line on the tabletop. The color of that point matches the
color of the physical colormap. The laser-pointer was designed to
help to visualize the center position of the gripper and facilitate
repositioning it in relation to the target object. Additionally, this
semi-transparent line changes length dynamically when the gripper
moves up or down along the y-axis (towards the tabletop). It also
overlays objects located between the gripper and the tabletop, as it
has no means of being aware of their presence or position.
ColorMap. This hint consists of a physical and virtual colormap.
For the physical hint, we printed a poster with colored stripes —each
3 cm wide, considering the width of the gripper’s fngers, which
is of 2.2 cm, and covers the robot’s workspace on the tabletop. It
presents 7 diferent colors, which repeat sequentially to match the
size of the workspace. The color combination was carefully selected
to consider diferent types of color blindness following Wong’s
guidelines [55]. The virtual hint can be described as a window with
colored stripes —showing the same colors presented in the poster.
It is located at the front of the tabletop and is aligned to be in front
of the current position of the gripper. Its function is to provide a
visualization of the current position of the gripper on the tabletop,
in the same way as a camera attached to the gripper facing the
tabletop would. In addition, there is a white rectangle drawn over
this window, symbolizing the grip region. It also has a white point
in the middle of the rectangle that represents the laser-pointer. This
cue intends to allow the operator to position the gripper right above
a target object, reducing depth perception problems and assisting
with partial occlusion.
Colored cursor. The cursor adopts the color of the physical
stripe where it is currently pointing. This hint supports the operator by roughly pointing at a specifc area on the tabletop, thereby
assisting to visualize the position on the table the operator is pointing at.
Colored-hints on the laser-pointer. Along the laser-pointer
we added two visual indicators, height-hint and gripper-hint. The
height-hint highlights the mid-point between the gripper and
the tabletop, Figure 2a. The gripper-hint is visible after the frst
movement along the robot’s z-axis, and it indicates the future endposition of the gripper once its fngers are closed (grasping position)
and it is presented as a white line that intersects the laser-pointer,
Figure 2b. It indicates if the gripper is too close to the tabletop and
it would collide with it while trying to grasp an object, or if the
gripper is too far from the target and would fail to grasp it.
Virtual Circumference. Our design shows a virtual circumference with a diameter that matches the grip region, right below
the position of the gripper on the tabletop. The main function of
this virtual cue is to provide a better understanding of the diameter
of the grip region over the tabletop. It was designed to assist the
operator in determining if an object is within the grasping range or
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to determine if the gripper’s fngers would collide with an object in
the vicinity of the target object.

3.2

Advanced Augmented Visual Cues
(Advanced Cues)

Advance Cues build upon the use of object-pose recognition of
the objects in the scene. The resulting cues are therefore able to
integrate this object-pose data to become environment-aware and
provide explicit hints for interaction. This is achieved using the
3D model of the recognized objects and virtually overlaying them
over the workspace. This virtual model is shaded to be invisible
to operators and only occlude virtual elements behind it but not
the real world. This allowed us to show a virtual representation
of grasped objects that behave the same way as real objects. That
is why we named the cues derived from object-pose recognition
Advanced Cues, as we do not only present cues inspired in the
monocular cue of lighting but also add occlusion to this design
(Figure 3a, 3c). We propose and describe them as follows:
Laser-pointer and virtual grip region. We maintain this cue
from the Basic Cues but added the occlusion capability, e.g., the
laser-pointer projects from the center of the gripper down towards
the tabletop until it reaches the nearest surface, which can be a
target or neighboring objects, see Figure 3. Additionally, we provide
a representation of the grip region on the tabletop in the form of a
transparent rectangle with bolded borders. The virtual grip region
is located just below the current position of the gripper and changes
its diameter matching the current aperture of the gripper, e.g. when
the fngers are opened or closed with an object in between (Figure
3a, 3b). This cue allows the operator to determine if an object
is located within the grip region for picking and it presents the
occlusion capability as seen in Figure 3c.
Virtual extensions. The design of this cue augments the robot’s
gripper with a virtual elongation of the gripper’s fngers —similar
to the laser-pointer. However, it is only visible before picking an
object, e.g. when there is a danger of potential collision of one or
both fngers with an object. It is presented by a virtual red semitransparent plane that starts at the tip of the fnger until it intersects
with the area of the object that it would collide (Figure 3a). The
purpose of this cue is to alert the operator of potential collisions
and the need for repositioning the gripper.
Ghost object and ghost gripper. Figure 3b, 3c, and 3d show a
virtual copy of the grasped object presented in a gray color. This
ghost object appears once an object has been grasped and it follows the operator’s gaze. It therefore allows to visualize the future
position, pose, and space that an object occupies on a determined
area (Figure 3b, 3c) without the need to actually conduct the interaction. The gaze-follow interaction can be activated/deactivated by
a virtual button (green bottom button) located around the gripper.
When this button is activated it shows the ghost object right under
the current position of the gripper. The ghost gripper is related to
the ghost object and it is also a virtual representation of the real
gripper. It is showed in red, as shown in Figure 3d and appears when
the operator points at a position on the tabletop where there would
be a risk of some part of the gripper colliding with a neighboring
object.
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Figure 3: (a) Virtual Extension and grip region showing occlusion. (b) Ghost object following the cursor. (c) Ghost object recognizes other object’s pose and position. (d) Ghost object and ghost gripper.

4

EXPERIMENT

We present an experiment where we test diferent presentations of
AVC (Basic, Advanced, and No Cues) in co-located robot teleoperation to analyze their efect on task performance for manipulation
and grasping tasks. While designing the diferent cues, we realized
that Basic and Advanced Cues can afect task performance (time, accuracy, errors, subjective measures) on diferent levels. Additionally,
our measure of accuracy could also hint at improvements in depth
perception, as shown in previous experiments by Mather & Smith
where depth cues improved accuracy and speed of performance
[32].

4.1

Hypotheses

H1: We hypothesized that task performance in teleoperation would
be the highest when Advanced Cues are used compared to Basic
Cues or teleoperation without visual cues, as they explicitly show
information of objects in the environment and assist the operator
in sensing the environment. Specifcally, high accuracy would be
achieved with the lowest amount of time and errors across conditions.
H2: We hypothesized that task performance in teleoperation
would be higher when Basic Cues are used compared to teleoperation without cues, as having hints that provide some information of
the environment are necessary when located at a certain distance of
the workspace. Specifcally, Basic Cues would have higher accuracy
with lesser time and a lower amount of errors than teleoperation
without cues.
H3: H3.1. We hypothesized that teleoperation without AVC
would cause a high cognitive load, while using Basic or Advanced
Cues would have a low cognitive load, as showing visual hints
aids to understand better the robot and the environment around
it. This avoids the demand that operators must “imagine or guess”

the position of the robot gripper and the target objects. H3.2. Additionally, subjective measures of performance would also refect that
Basic and Advanced Cues ease teleoperation with higher levels of
usefulness, ease of use and learn, satisfaction, enjoyment and lower
levels of concentration.
H4: We hypothesized that teleoperating a robotic arm would
evoke diferent views on the presentation of AVC (Basic, Advanced,
No Cues). Teleoperating a robot without cues would be perceived
negatively, but Basic Cues would prompt neutral views of teleoperation and Advanced Cues would evoke positive views.

4.2

Participants

We recruited a total of 36 males and female participants, all of them
students or university staf. They were randomly assigned to one of
three experimental groups (No Cues, Basic Cues, Advanced Cues).
Average age per condition was No Cues 29.42 (SD = 12.44), basic
cues 29.25 (SD = 3.94), Advanced Cues 30.83 (SD = 3.38). The pre-test
questionnaire revealed that 18 participants had some experience
programming robots, and they were evenly distributed across conditions. Also, 15 participants reported to have some experience with
the Microsoft HoloLens. Two participants reported to be colorblind
—one took part in the Basic Cues condition which presented a color
map and reported no problems in distinguishing the real and virtual
colors. All participants received 7 euros for their participation.

4.3

Experimental Design

We conducted a 3 x 1 between-participants experiment to evaluate
how our design of AVC afects task performance in co-located robot
teleoperation. Our independent variable is the presentation of AVC
(Basic, Advanced, and No Cues). No Cues, i.e., absence of visual
cues, served as a baseline condition. In all three conditions, we
used the same multimodal interaction (Section 4.7). However, the
interface (virtual buttons) was slightly changed to accommodate
each design of cues, see Figure 4. In particular, the bottom blue
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Figure 4: Experimental Conditions. (a) No Cues. (b) Basic Cues. (c) Advanced Cues.
button used in the No Cues and Basic Cues conditions was replaced
by a button that shows the ghost object under the current position
of the gripper on the tabletop.
We collected the following objective measures to evaluate task
performance: time (in seconds) spent positioning the gripper to pick
and place an object after pointing to the target position, accuracy in
picking and placing (distance in mm to achieve the perfect position,
measured by recording the position where the participant grasps
or places an object compared to the position where the object is
located). Our measure of accuracy is also related to depth perception
since it measures the positioning of the gripper above an object,
where a higher accuracy would be related to an improvement of
distance and depth perception. Also, we collected the number of
errors in teleoperation, i.e., participants crashing the gripper against
the table or other objects, failing to pick a target object, touching
the neighboring objects diferently with some part of the gripper,
and dropping the target object while picking or placing.
Additionally, we collected subjective measures of task performance by using the NASA Raw-TLX (RTLX) [20] to evaluate workload. This version does not include the weighting of factors and
pairwise comparisons. It is a common simplifcation and has proven
to be robust and accurate [19].
In addition, we applied a questionnaire inspired by the USE
[29] and Feeling of Flow [16]. We reformulated some items from
the questionnaires to ft a human-robot collaborative scenario and
evaluated their internal consistency using Cronbach alpha. The
dimensions evaluated were enjoyment (4 items, Cronbach α = .729),
concentration (4 items, Cronbach α = .762), usefulness (6 items,
Cronbach α = .873), ease of use (8 items, Cronbach α = .895), ease
of learning (4 items, Cronbach α = .92), and satisfaction (4 items,
Cronbach α = .887). In order to understand the participants’ views,
we asked them to write three words to describe their feelings when
controlling the robot and three words to describe the system (see
sentiment analysis).
We used a mixed-methods approach to evaluate the data from
the experiment. The objective data were analyzed using a oneway ANOVA considering the presentation of AVC as the betweensubjects factor. We assessed the normal distribution of our variables

using the Shapiro-Wilk test, homogeneity of variances using Levene’s Test, and used Bonferroni correction to control Type I errors.
Subjective data were analyzed using Kruska-Wallis test with Dunn’s
post-hoc test using Bonferroni correction. In order to evaluate the
participants’ views of teleoperation with the diferent presentations
of AVC, we performed a sentiment analysis following a relatively
simple approach. We identifed the sentiment scores of the three
words participants used to describe the system and their feelings.
However, not every participant provided three words. The language
the participants used was German, and therefore, we used SentiWs,
a German-language dictionary for sentiment analysis [40]. If the
word was not present in the corpus, the word was not included
in the calculations. Once the polarity score had been determined,
we calculated the sentiment per participant following a counting
method, used in lexicon methods [25]. We reported the total number of sentiments per condition and not the aggregated results to
avoid outweighing sentiments, e.g., a positive sentiment with a
high score can outweigh two negatives with a low score. In order to
look beyond these metrics and better understand the impressions
of participants, we combined the sentiment analysis with thematic
content analysis following Anderson’s approach [3]. As criterion
for relevancy, we established that a minimum of 3 diferent participants should have written the same term or a synonym of it.
First, a researcher analyzed and grouped the terms into themes.
This analysis was later rated by another researcher.

4.4

Task

The experiment consisted of a pick-and-place task with three subtasks and a similar training task to start the interaction. Each subtask (as well as the training task) involved picking and placing one
particular green “L-shaped” object (O1, O2, O3), without crashing
or touching the neighboring objects. Once the three objects were
placed in their target positions the task was concluded, and the
process was repeated 2 more times, resulting in 3 trials in total.
The participants wore the Microsoft HoloLens and were seated
in front of the table at 160 cm from the workspace. They were
instructed not to move or tilt their heads to the side to change their
visual angle. This was done explicitly to evaluate the efect of the
AVC in the operator’s visual perspective.
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Figure 5: Side view of the experimental task: the numbers represent the order in which each piece would be picked-and-placed.
T1 and T2 relate to the positions for the training tasks. (a) Basic Cues workspace before the task. (b) Basic Cues workspace with
the completed task. (c) Advanced Cues and No Cues workspace before the task. (d) Advanced Cues and No Cues workspace
with the completed task.
Figure 5 shows the workspace with “L-shaped” objects in different sizes and colors. Participants only manipulated the green
objects and the numbers represent the order in which these needed
to be picked and placed. Each object involved a diferent type of
challenge and the target positions for placing were marked on the
workspace, as shown in Figure 5b and 5d. O1 was slightly rotated
to the side, requiring the operator to rotate the gripper and align
its fngers accordingly. Additionally, participants needed to avoid
touching or moving the large pink object next to it. The target position of O1 was in the center of the workspace with (at that time) no
other objects in the vicinity. O1 still needed to be rotated further to
match the marking. O2 was surrounded by a red and pink object of
smaller size, posing some risk of collision on two sides but leaving
space for movement around the other surrounding areas. On top of
that, the pink object partially occluded O2. The target position of
O2, from the operator’s perspective, was behind the target position
of O1 (Figure 5b, 5d) so O1 and O2 formed a U-shaped fgure. O1
thereby occluded the target position and posed risk of crashing
onto O1. O3 was smaller in size than O1 and O2, and it was located
on top of a blue object (change of height during picking) with two
red objects of smaller size in the vicinity (risk of collision). The
target position of O3 was in between the U-shaped fgure formed
by two red objects (Figure 5b, 5d). In order to successfully place O3,
the gripper needed to be precisely positioned and gave little space
for error, so that it did not touch or crash onto the red objects.

4.5

Procedure

The experiment lasted approximately 60 minutes and consisted of 5
phases (1) introduction, (2) calibration, (3) familiarization and training phase (5 - 15 minutes), (4) task (7 - 30 minutes), (5) subjective
questionnaires and interview.

(1) Participants were given an overview of the devices to be used,
the goal of the experiment was explained and they were handed a
consent form. (2) Then, they were shown an introductory video on
how to wear the HoloLens and proceeded to calibrate it. (3) After
that, they were shown a set of short clips regarding the interaction
modalities, the interface, and the visual cues to be used. Participants
on the No Cues condition were only shown the frst two sets of
videos. Then, they proceeded to perform the training task. During
this phase, participants were instructed to use all the commands
and virtual buttons to familiarize themselves with the interface and
the interaction itself. Once they felt comfortable with the interface
and interaction, we instructed them to take of the HoloLens and
take a short break while flling out a background questionnaire.
This was performed to avoid fatigue efects derived from extended
periods of wearing the HoloLens. (4) Next, participants completed
the task with three repetitions. (5) Finally, participants were given
post-experiment questionnaires that evaluate their experience, and
we conducted a short interview.

4.6

Implementation and Devices

We used a Kuka iiwa 7 R800 lightweight robotic arm, designed
especially for HRI, with an attached Robotiq adaptive 2-Finger
Gripper, both controlled via the Kuka iiwa’s control unit. It has a
reach of 80 cm, a payload of 7 kg and torque sensors in each joint
for a safe collaboration with humans. For the user interface, we
used the Microsoft HoloLens 1, which is equipped with inside-out
tracking, an HD video camera and microphones that allow the use
of head movement, and speech and gestures as input options. The
feld of view is 30◦ × 17.5◦ with a resolution of 1268 × 720 px per
eye. The application running on the HoloLens was programmed
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Figure 6: (a) Robot controls for the basic cues: yellow buttons
rotate the gripper, top blue button moves the gripper on x,y
axis and bottom blue button moves the gripper on the z axis.
(b) Robot controls for the Advanced Cues: yellow buttons
rotate the gripper, top blue button moves the gripper on the
x,y axis, and the green button shows the current position of
the gripper on the tabletop.

with Unity 2018.1.2 and the HoloToolkit Plugin [35], as well as, the
Vuforia Plugin [1], using C#.
The Kuka iiwa and the HoloLens communicate via User Datagram Protocol (UDP) in a local network. The control unit of the
Kuka iiwa runs a specially designed backend application that processes the received messages, moves the robot according to the
receiving data, and returns to its current status. In order to display
the augmentation at the right pose in the real world, we use the
Vuforia plugin to detect a marker attached to the robot and align
it by placing a virtual copy in the HoloLens’ environment at the
detected position.
To communicate pose data from the HoloLens to the control
unit of the robot, we frst converted the pose from Unity’s lefthanded coordinate system to the robot’s right-handed coordinate
system and use common length units (mm). Then, this cartesian
position, along with rotation and velocity is sent via UDP. The
backend recognizes the command and allows the robot to plan the
movement via internal inverse kinematics to then moving the robot
arm physically.
For a full object-pose recognition, frst, a 2D object detection
and the 6D pose recognition is necessary. In order to enable this
we followed Sundermeyer et al.’s [44] approach. However, we did
not actively scan and perform object-pose recognition for the experiment. After several trials, we had a failure of pose recognition
at a mean of 7.5% overlap between objects, which was not suitable
for our workspace with several objects that occlude each other.
Thereby to keep the accuracy of object-pose recognition stable
along the experiment, we decided to hardcode the object-pose from
the workspace in the system. This avoided having diferent experiences in the use of Advanced Cues, which depend on the accuracy
of object-pose recognition. Further, the analysis of the accuracy of
object-pose recognition was not a subject of study in this paper but
was the mean to develop our Advanced Cues.

4.7

Robot Control and Interaction

This research is part of a larger project in which we also investigate hands-free interaction. Therefore, in order to control the
robotic arm for picking and placing tasks, we opted for multimodal
hands-free interaction with a combination of head-movements for
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pointing and speech for committing an action. These two modalities
have been proved to ft well together [28], are common interaction
modalities in AR/Mixed-Reality (MR) which are natively supported
by the HoloLens, and are a natural way to interact when giving
commands. As our contribution of this paper lies within the Visual
Cues, we kept the interaction modality stable to avoid confounding
efects.
Our interface design shows virtual robot controls anchored to the
gripper of the robot (Figure 6). This allows operators to have these
controls not only within the user’s line of sight but also precisely in
the current operator’s focus. Thereby, an interface anchored to the
operator’s current focus avoids unrequired attention shifts, which
are common when using a control pad or an external screen for
teleoperation.
In our scenario, this interaction involves pointing at a position
on the tabletop where a target object is located, commanding the
robotic arm to move the robot to that position by saying the command “Move”, fnding an adequate grasping position and adjusting
the position of the gripper (using the top blue button, Figure 6a).
Once the Operator has determined that the gripper is located at an
adequate gripping position, the command “pick” commits the action of grasping, i.e. the gripper moves in the robot’s z-axis towards
the tabletop, closes its fngers, and moves to the initial position
on the z-axis (height) again. Once the object has been successfully
grasped, the operator points at another target position, commands
the robotic arm to move to that position, adjusts the position, and
then places the grasped object in the target position by saying the
command “place”.
If there is no previous knowledge of the environment, the operator needs to manually control and adjust the gripper’s height
(z-axis, up/down) to fnd the adequate grasping position. This is
achieved using the blue bottom button as seen in Figure 6a. Also,
the commands to pick and place objects function slightly diferently
when using object-pose recognition. When the workspace and the
objects around are known by the system, the gripper can move
automatically towards the target, after pointing to the object and
repositioning on the x,y plane. The operator then says the command “pick” or “place” and the robot will move towards the target
object, close the fngers and move to the initial height (z-axis).
On top of the commands, we added two sets of virtual buttons
anchored to the real gripper, which are activated by dwelling (Figure
6). The yellow buttons rotate the robot’s gripper at a pace of 10
degrees per second and allow the operator to ensure that the fngers
of the gripper match the afordances of the object to grasp it. The top
blue button controls the gripper’s movements on the robot’s x,y axis
(right, left, back, front). It follows the operator’s head movements
and is intended to be used for fne adjustment of the position of the
gripper. It can move from 0 to 800 mm/s following the operator’s
head movements, and the operator controls the speed by directing
the head gaze further from the gripper for faster movements, and
closer to the gripper for slow movements, e.g., if the operator gazes
at the corners of the tabletop, the gripper will move faster, and
it will move slower when the operator gazes to the sides of the
gripper. The bottom blue button is only present when there is no
knowledge of the environment (Basic Cues), and it controls the
gripper movements on the z-axis (up/down) to manually adjust
the height when approaching an object on the tabletop. It behaves
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in a similar manner as the x,y movement button and follows the
operator’s head movements. The operator can also control the speed
by directing the gaze further or closer to the gripper, e.g., the gripper
moves faster if the operator gazes below the table or 30 cm above
the gripper, and it moves slower if the operator gazes somewhere
close to the center of the gripper. When a button is activated the
rest of buttons are hidden to avoid the Midas-touch problems [24],
especially when the robotic arm is following head movements. This
bottom blue button is replaced by a green button in the Advanced
Cues. Figure 6b shows the ghost object at the current position of
the gripper.

4.8

Results

4.8.1 Objective Measures. We analyzed our data with a One-Way
Anova with type of cues (No cues, Basic Cues, Advanced Cues)
as the between-subjects factor and time, accuracy, and errors as
dependent variables.
For time, the data were normally distributed, as assessed by
the Shapiro-Wilk test (α = .05). Homogeneity of variances was
asserted using Levene’s Test which showed that equal variances
could be assumed (p = .124). The mean task-time was statistically
signifcant for the diferent levels of presentation of cues, Figure 7,
F(2, 33) = 13.62, p < .001, ηp2 = .452. Post-hoc pairwise comparisons
(Bonferroni adjusted) show that the time spent for picking and
placing decreased signifcantly with Advanced Cues (M=29.35 s,
SD=8.67s) when compared to Basic Cues (M=62.02 s, SD=22.70), (p
< .001) and to the No Cues condition (M=57.86 s, SD=15.66), (p =
.001) but no signifcant diference was found between the No Cues
and Basic Cues condition.
For accuracy, the data were normally distributed, as assessed
by the Shapiro-Wilk test (α = .05). Homogeneity of variances was
asserted using Levene’s Test, which showed that equal variances
could be assumed (p = .414). The mean accuracy difered statistically
for the diferent levels of type of cues, Figure 7, F(2,33) = 6.61, p =
.004, ηp2 = .29. Post-hoc pairwise comparisons, applying Bonferroni
correction, revealed a statistically signifcant improvement in accuracy when using Advanced Cues (M=10.97 mm, SD=1.84) compared
to No Cues (M=13.54 mm, SD=2.70), (p = .021), and a signifcant
improvement when using Basic Cues (M=10.54 mm, SD=1.89), (p
= .006) compared to No Cues. No signifcant diference was found
between Basic Cues and Advanced Cues.
Figure 7 shows a plot of the amount of time spent vs accuracy.
Here, we can see the improvement in time and accuracy, especially
for the Advanced Cues.
For the number of errors, the data was normally distributed for
Basic Cues and Advanced Cues, but not for the No Cues condition,
as assessed by the Shapiro-Wilk test (α = .05). As a result, we applied
a non-parametric test statistic on the data, the Kruskal-Wallis, followed by pairwise comparisons with the Dunn’s test. The KruskalWallis test, which was corrected for tied ranks, was signifcant χ 2
(2, N = 36) = 11.10, p = .004. For pairwise comparisons, the posthoc Dunn’s test showed signifcant diferences for Advanced Cues
(N=12, Md=3) compared to Basic Cues (N=12, Md=6) with p=0.008,
and compared to No Cues (N=12, Md=6), with p=0.017 (Bonferroni
corrected). However, no signifcant diference was found between
No Cues and Basic Cues.
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Table 1: Results of Subjective Measures per AVC
No Cues
M
SD
Usefulness 3.18
Ease of Use 4.38
Ease
of 4.94
Learning
Satisfaction 4.79
Enjoyment 5.96
Concentration5.75

Basic Cues
M
SD

Adv. Cues
M
SD

χ 2 (2) p

1.50
1.51
1.78

5.08
4.85
6

1.01
1.09
.94

5.39
5.47
6.33

0.67
.92
.54

10.88 .004
3.63 .16
4.47 .11

1.51
.82
.8

5.56
6.06
6.19

.64
.69
.74

5.9
6.33
6.21

.61
.59
.6

4.56
1.68
2.61

.1
.43
.27

Table 2: Sentiment Analysis Results
System
Feelings
No. Pos- No. Nega- No. Pos- No. Negaitive
tive
itive
tive
No Cues
Basic Cues
Advanced Cues

14
16
21

6
5
2

9
10
18

13
10
6

4.8.2 Subjective Measures. We did not fnd signifcant diferences
of our designs of AVC after performing the Kruskal-Wallis test
in ease of use, ease of learning, satisfaction, enjoyment, and concentration, see Table 1. However, we found signifcant diference
in usefulness (χ 2 (2) = 10.88, p = .004). Post-hoc Dunn’s test for
pairwise comparisons, applying Bonferroni correction, showed a
higher perception of usefulness when teleoperating the robot using Advanced Cues (p = .005) compared to teleoperation with No
Cues, and teleoperation using Basic Cues (p = .048) compared to
teleoperation with No Cues. No signifcant diferences were found
between Advanced and Basic Cues.
After evaluating the NASA RTLX using the Kruskal-Wallis test,
we found signifcant diferences between the diferent designs of
AVC only in the performance factor (χ 2 (2) = 7.93, p = .019); see
Figure 8. Post-hoc Dunn’s Test for pairwise comparisons, applying
Bonferroni correction, revealed a signifcant diference only when
comparing Basic Cues (p = .026) to the No Cues condition.
4.8.3 Sentiment Analysis. We used sentiment analysis to evaluate
the participants’ views. In order to enable that, we considered the
words participants used to describe the system and their feelings
with diferent presentations of AVC. We found that in general, the
system evoked a positive sentiment across conditions. However,
we identifed nuances in their feelings while performing the experiment dependent on the conditions each group of participants
experienced (Table 2). Here, the No Cues condition prompted a
negative sentiment which is supported by some comments by the
participants during the interview, e.g. P15, “Something with the control system was counter-intuitive;” P17, “There is a visual feedback
missing;” P20, “You have certain spatial imagination but that was
not enough to fnd the correct position.” Participants who performed
the experiment using Basic Cues had diferent sentiments regarding
their feelings while teleoperating the robot; half of them expressed
positive sentiments and the other half expressed rather negative
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Figure 7: Top: Task performance measures of time and accuracy. Bottom: Plot chart of time vs accuracy

Figure 8: NASA Rtlx of Perceived Workload under the three conditions.

Assisting Manipulation and Grasping in Robot Teleoperation with Augmented Reality Visual Cues

sentiments. Therefore, a further analysis is needed to understand
the reasons behind this better (Section 4.8.4). The Advanced Cues
aroused positive sentiments without any negative sentiment about
teleoperation. Consequently, most participants expressed a positive
sentiment about how they felt while teleoperating the robot using
Advanced Cues.

4.8.4 Thematic Content Analysis. We considered it relevant to perform thematic content analysis since it could reveal underlying
impressions of Basic and Advanced Cues. Hence, after the sentiment analysis, we looked for possible themes, and identifed three
that captured participants’ impressions of both designs of AVC, and
each design.
Both designs of AVC were considered innovative, interesting, and intuitive. The participant mentioned terms like “innovative” (3 times), “interesting” (3 times), and “intuitive” (4 times)
on our Basic and Advanced Cues conditions. Teleoperating a robot
using AR to augment the robot and its workspace was something
novel to most of our participants, consequently evoking a sense of
innovation. Despite having some participants with previous experiences with robots and AR/VR but not particularly robotic arms or
teleoperation, it seemed that this combination (teleoperation with
AR) was perceived as innovative. Related to innovation, participants referred to our system as “interesting” which might be also
a consequence of this innovation and novelty factor, as presented
in previous fndings [10, 37]. Moreover, participants described our
system as “intuitive”. We relate this to our design of visual cues.
P26 mentioned, “The ghost object was very easy to understand, as
well as the red ghost gripper that appeared and showed collisions”.
However, P22, expressed, “It took me a while to trust the robot and
the visuals. Once I did, it worked better for me.” Also, we design
our cues to be minimalistic and avoid overloading the operator’s
visual space.
Basic Cues were referred to as futuristic and complex. Under this condition participants used terms like "futuristic" (3 times)
and complex (3 times). Most participants do not use robots in their
day-to-day life and hence, teleoperating robotic arms with AR can
still be perceived as something that is not quite in the present but
rather forward-looking. Additionally, a complexity factor was mentioned; we attribute this to the design of Basic Cues since it had
a rather large number of visual hints (6) visible at all times. This
was also refected when comparing Basic to Advanced Cues on our
objective measures of task performance, e.g., a longer task time and
higher number of errors. This hinted that for some participants, it
was difcult to actively use all our Basic Cues, which could have led
to ignoring some hints, e.g., P6 expressed, “You need to concentrate
fully on moving the gripper, so you are looking at the gripper, and
then also concentrate on the colors and that is hard.” Participants’
comments on Basic Cues were mostly directed towards the combination of virtual and real color maps. In fact, these were considered
the most helpful hints by 9 out of 12 participants from the Basic
Cues condition, e.g., as P3 said, “Without the color map it would
be impossible to perceive depth.” P22 stated, “The real color map
and the virtual rectangle showing the color where the gripper was
located were the most helpful.”
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Advanced Cues were regarded as visionary. Participants
mentioned mostly a visionary aspect (5 times) while using Advanced Cues. We attribute this to the “ghost object and gripper”
hint and the occlusion capability added to our cues. Being able to
see diferent future states of an object and determine what would
be the best position based on those states adds a visionary aspect
to the interaction. Here, the ghost object was mentioned by half
of the participants as the most helpful Advanced Cue, e.g., P10
said , “The ghost object was the most helpful.” This was followed
by the laser-pointer (5 participants), about which P29 expressed,
“The visualization of the object (ghost object) and the laser-pointer
were the most helpful.” Finally, the grip region was also mentioned
by 4 participants, e.g., P8 said, “The visualization of the gripping
area was really helpful for picking and for placing, as well as the
ghost object.” Participants rarely referred to only one hint from the
Advanced Cues as helpful; it was mostly to a combination of them.
A possible explanation is that they showed only two diferent cues
at a time.

5

DISCUSSION

In this section, we compare our hypotheses to the results obtained
from the experiment. First, we will discuss in detail our hypotheses
(H1, H2) related to the objective measures of task performance.
Further, we will discuss our subjective measures (H3) together with
the qualitative evaluation from our sentiment and thematic content
analysis (H4).
In H1, we hypothesized that teleoperation with Advanced Cues
will have the highest task performance. This should be refected by
the highest accuracy, the shortest amount of time, and the lowest
number of errors across conditions. Our results partially support
H1. These indeed show that teleoperation with Advanced Cues
improved task performance compared to teleoperation without
any cues. However, when comparing teleoperation with Advanced
Cues to teleoperation with Basic Cues, we only fnd signifcant
improvements in terms of time and number of errors (not in accuracy). These results suggest that both designs of AVC improve and
support accuracy in teleoperation similarly. In fact, improvements
in accuracy in task performance suggest having a close relation to
depth perception [32]. Related to these results, we further question
if this trade-of of time to favor accuracy afects the perception of
the interaction. When looking closely at the performance factor of
cognitive load, we found similar performance perception between
Basic and Advanced Cues. This could indicate that having a high
level of accuracy infuences self-evaluation of performance. Still,
when aiming to optimize pick-and-place tasks in terms of time
and errors, Advanced Cues have shown to have a lower number of
errors and a shorter task execution.
Regarding H2, we hypothesized that teleoperation with Basic
Cues would improve task performance in terms of time, accuracy,
and the number of errors, compared to teleoperation without cues.
We can partially support this hypothesis. Our results show similar
performance in amount of time and errors, but a signifcant improvement in terms of accuracy. This leads us to the conclusion that
in the No Cues condition, people were able to trade-of time and
errors for reduced accuracy. From the perspective of the Basic Cues
design, we also believe that a certain amount of visual clutter due to
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the number of hints presented could have afected time and errors.
We showed 6 diferent cues that were always visible. Nonetheless,
during the interview, participants only referred to 3 of them as
most helpful. It may be possible that participants might have tried
to use all of them at the beginning but eventually ignored some
of the hints as the experiment progressed. Our thematic content
analysis also supported this line of thinking, by our Basic Cues
being referred to as “complex” (Section 4.8.4). We highlight that
in a real-world setting, a physical colormap requires changes in
the workspace. We evaluated one type of landmark (combination
of the virtual and physical colormap) that proved to increase the
accuracy and usefulness in task performance. This can make this
change on the physical workspace worthwhile. Yet, other types
of landmarks that blend-in with the physical space might provide
similar benefts.
Our results from H1 and H2 build upon similar results from
Brizzi et al. [4] who showed how presenting visual cues through
AR improved the accuracy and efciency in task performance in
pick-and-place tasks. Also, our fndings align partially with those of
[31] in 2D images, where a higher number of depth cues improved
accuracy in a shorter time. We indeed found improvements in
accuracy and time for the Advanced Cues but a time trade-of for the
basic cues. This diference might be a result of the 3D environment
and the design of our cues. Still, this time trade-of is in line with
previous research about visual search in complex environments,
where the number of items in the visual space causes extra efort
(longer time) in discriminating targets [39].
H3 regards our subjective measures. In H3.1., we hypothesized
about a lower cognitive load of both designs of AVC. Our results
partially support this hypothesis. We only found a signifcant difference in the perceived performance factor of the Nasa Rtlx when
comparing Basic Cues to the No Cues condition. We believe that
improvements in accuracy is also important for people’s subjective
assessment of their performance. H3.2 was also partially supported.
Our results show only the signifcant diferences in the perception
of the usefulness of Basic and Advanced Cues compared to the No
Cues condition. Our results did not show other signifcant diferences in the rest of our subjective measures. A possible reasoning
behind this can be the level of precision required for the task, added
to the fact that most participants had never operated a robotic arm
before. Expertise efects have been found to infuence performance
in teleoperation for pick-and-place tasks [4]. However, these can
be leveled out when providing feedback through AR. Additionally,
the metrics used could also have infuenced these results. To better
understand the subjective factor of our presentation of AVC, we
explored the views of participants through sentiment and thematic
content analysis.
In H4, we hypothesized about diferent views evoked by the
presentation of our cues. A sentiment analysis supported this hypothesis in terms of the feelings expressed by the participants.
Although participants were not able to compare the diferent presentations of AVC (because of a between-subjects experimental
design), these were perceived diferently and evoked contrasting
views. The No Cues condition evoked a negative sentiment among
participants, our Basic Cues aroused the same number of positive
and negative sentiments, while the Advanced Cues gathered mostly
positive sentiments. Moreover, our thematic content analysis tried
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to reveal hidden views of our designs of AVC. The positive sentiment is manifested with both designs of AVC as they were referred
to as interesting, innovative, and intuitive. However, we are cautious with this result since the novelty factor might have played
a defnitive role. We consider the fact that participants referred
to the Basic Cues as complex interesting. As discussed in H3, we
attribute this to the number of cues presented to participants which
could have hindered the positive sentiment that they could have
evoked. Finally, our design of Advanced Cues was regarded as "visionary", which is also refected by the high number of positive
sentiments. This leads us to think that using previous knowledge
of the environment to present explicit visual cues has a positive
impact not only on objective performance but also on how the task
and teleoperation is perceived.

6

LIMITATIONS

We acknowledge that our results might have limited generalizability due to our experimental design and our metrics. We decided
to modify the existing subjective questionnaires (USE, Feeling of
Flow) since they were constructed based on human-computer interaction systems and they did not completely transfer to HRI, e.g.,
teleoperating robotic arms and the use of AR. We recognize that different subjective questionnaires could have been used. However, we
performed a sentiment and thematic content analysis that further
explored the subjective aspect of the presentation of AVC.
Another limitation comes in terms of the type of interaction used.
We recognize that multimodal hands-free interaction is a particular
choice for robot teleoperation. However, we kept the interaction
stable among conditions to minimize interaction efects and did not
identify any major infuence of the type of interaction in the evaluation of AVC. None of our participants reported problems with the
general control of the robot that could be ascribed to the interaction
modality. Head-gaze and speech are common interaction modalities
in AR and MR and were natively supported by the technology we
used, i.e., the Microsoft HoloLens 1. Additionally, this multimodal
interaction modality is much simpler than learning to operate a
robot control pad, which requires extensive training. On a diferent
note, this work is particularly relevant for the growing body of
research for hands-free interaction in HRI [28], [36].
The study is limited to the current AR technology, i.e., HoloLens
1. The tracking capabilities of the device are not precise enough to
correctly allow for real-world objects to occlude the virtual ones.
Besides, issues such as disparity planes and focal rivalry might
arise prominently, as noted by Kruijf et al. [27], resulting in uncomfortable focus switches, although the location of virtual and real
objects might be the same. Future or diferent AR technology might
improve some of these issues. For example, see-through based AR
(Varjo XR1) might reduce the visual clutter when virtual cues overlay or occlude real world objects, but it would need to be tested
since it might arise other type of problems.

7

CONCLUSION

In this paper, we explored the design space of AR to enhance the
operator’s perception of the robot and its environment. We designed an interface with basic robot controls and used a multimodal
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interaction approach for teleoperation. This was used in combination with two designs of AVC (Basic and Advanced Cues) with the
goal of providing a better understanding of depth and distances
and thus improving task performance. In our frst design, Basic
Cues, we augmented the robot and the environment by providing a
combination of real and virtual indirect hints. In our second design,
Advanced Cues, we utilized previous knowledge of the environment —using object-pose recognition, to present explicit virtual
hints that enhance the robot, the environment, and the objects in
it. We evaluated our designs against a baseline (No Cues) in a user
study where participants teleoperated a robotic arm to perform
pick-and-place tasks that required some level of precision.
We hypothesized about the improvement of task performance
at diferent levels in objective and subjective measures using both
designs of AVC. Our fndings show that both of our designs of AVC
improve task performance in terms of accuracy, which is closely
related to distance and depth perception compared to the baseline.
However, our design of Advanced Cues also presents improvements
in terms of time and number of errors. Our subjective measures
hinted at nuances in participants’ perception of self-performance
and the usefulness of both designs of AVC. That is why we further
explored the participants’ views through sentiment analysis. Both
designs of AVC gathered positive sentiments about the system.
Nonetheless, we found diferences in participants’ feelings towards
teleoperating a robot with Basic and Advanced Cues. In particular,
our Advanced Cues evoked a positive sentiment while the Basic
Cues aroused rather mixed sentiments. A possible reason behind
this can be found in the results of our thematic content analysis.
Here, we identifed that our design of Basic Cues was regarded as
complex, which we attribute to the number of hints presented to
the operator.
All in all, our results show that both Basic and Advanced Cues
ofer a promising approach to enhance the visual space. They help
to understand the relation between the environment and the robot
in the workspace, thus, assisting the teleoperation of a robotic arm
and increasing accuracy.
In future work, we will continue to explore the use of visual
cues to enhance the operator’s awareness of the workspace. We
intend to go beyond improving depth perception and task performance and provide implicit visual cues that will help the operator
to determine the changes and the potential problems derived from
the interaction, e.g., objects falling, out-of-view objects, and partially occluded objects. A novel line of research has investigated
robot deictic gestures used by social robots to provide instructions
[54]. We consider it closely related to our augmented visual cues
and we intend to extend this line of research in manufacturing
environments with industrial robots.
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