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Figure 1: Remote Human-Robot-Collaboration: a) A remote operator needs to align the body of an engine so that a robot
arm can access and weld it (a linear arrangement of white points represents the required welding locations). REACHVOX is a
visualization that can show global data, such as the areas that are reachable by the robot around the task area without visually
cluttering the task space. Through this, the user controls the position and rotation of the engine, enabling her to align the engine
efficiently. (b) A detailed view of the visualization around the welding area. The concentration of unreachable locations along
the task area’s right side indicates to the user the need to rotate the engine further toward the robot.

ABSTRACT

Human-Robot-Collaboration can enhance workflows by leveraging
the mutual strengths of human operators and robots. Planning and
understanding robot movements remain major challenges in this
domain. This problem is prevalent in dynamic environments that
might need constant robot motion path adaptation. In this paper,
we investigate whether a minimalistic encoding of the reachability
of a point near an object of interest, which we call REACHVOX, can
aid the collaboration between a remote operator and a robotic arm
in VR. Through a user study (n=20), we indicate the strength of the
visualization relative to a point-based reachability check-up.

Index Terms: virtual reality, teleoperation, robotics, visualization

1 INTRODUCTION

Collaboration between human operators and robots can leverage the
strengths of both. Humans can better understand ad hoc situations
and control them so that they are easily accessible by the robot.
Remote operators who guide the robot from a safe location are an
example of such collaboration. Their effectiveness is often con-
trolled by their ability to understand the scene, its limitations, and
the robot’s capabilities and limitations.
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In recent years, researchers have been looking at the use of im-
mersive displays such as Virtual Reality (VR) and Augmented Re-
ality (AR) to display human operators’ information regarding robot
status [20, 3]. For example, showing the intended motion of the
robot [7] can keep the operator safe by avoiding areas to which the
robot is moving, or showing the accessible volume of a robot can
help a designer to know where to place objects so that the robot can
reach them.

We explore remote operation in ad hoc situations in which hu-
mans must collaborate with a robot arm to achieve a joint task. An
example of such a use can be seen in Figure 1. The robot needs to
weld engine bodies that are accessed from a variety of directions.
The welding operation requires the robot to access a range of loca-
tions on the engine body in a given order. Some places, such as an
area on the external part of the engine (as can be seen in Figure 4,
(a)) may be easy to access, while other areas that lie in a more con-
cave part of the geometry (see Figure 4, (b)) may require a lot of
trial-and-error iterations until the operator can find how to orient
the engine, so that the robot could access the whole task area and
be able to weld it in one continuous motion.

This need requires visualizations that can concurrently present
the results of algorithms, such as path planning and collision detec-
tion, over a large work area. In this way, an operator can see the
effects of her decisions on the whole task space and better under-
stand which operations are more likely to bring the robot closer to
success. In this paper, we look at such a visualization within vir-
tual reality. Instead of planning robot access to a single point at a
time or along a single motion path, we found that it enables remote
users to understand complex situations and aggregate visualization
in a large area to make better decisions, and maximize the robot’s
accessibility to a workpiece.

This paper presents the following contributions.
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1. A visualization of the reachability of robots in a task space
aiming to reduce visual clutter is called REACHVOX. The
visualization enables novice users to assess the probable suc-
cess of a task, and an interactive update supports users to find
suitable spatial configurations of a workpiece so that the robot
arm has the best accessibility to it.

2. A user study (n=20) that shows the strength of the proposed
visualization relative to a point-based reachability check.

2 RELATED WORK

In situations where a robot path is not yet determined, e.g., in dy-
namic environments including obstacles, either the human or the
robot needs to plan a path. Automatic robot motion path planning
is a foundational problem in robotics, and even simplified versions
of the motion planning problem are NP-hard [14, 5]. Once the path
is planned, various visualization techniques can be applied for the
intended robot motion.

Pascher et al. [18] presented a scoping review of how to com-
municate robot motion intent (partly through AR) and classified
techniques into motion, attention, state, and instruction but also
noted the lack of a clear definition of robot motion intent. Suzuki
et al. [20] described four more areas in which AR can support
human-robot-interaction beyond intent communication: program-
ming, real-time control, safety, and increasing a robot’s expressive-
ness. With respect to intent communication, Andersen et al. [1]
proposed an object-aware projection technique to communicating
robot intents through symbols (such as a warning sign) or indicat-
ing an area of interest that a robot will work on. Hietanen et al.
[13] compared a projection-based work zone visualization with one
presented on the Hololens in a user study (n=20) and indicated that
users found the projection-based setup more plausible. Hethering-
ton et al. [12] used floor projection to visualize motions of a moving
robot platform and Tsamis et al. [21] visualized the motion path of
a robot arm mounted on a motion platform in an AR display for
workers in a room-sized workspace shared with robots. Gruene-
feld et al. [9], compared three visualization techniques (path, pre-
view, volume) in a user study (n=18) in which users should decide
when a robot arm would enter a joint workspace. They found that
the volume visualization was perceived as safest and required the
least head rotations. Andronas et al. [2] proposed to also visual-
ize task instructions, recognized objects and warnings in addition
to robot status and trajectory information. Arevalo et al. [3] in-
vestigated awareness cues in an AR assisted teleoperation task to
facilitate grasping tasks. For creating such visualizations, Lunding
et al. [16] presented an AR authoring tool for in-situ robot visu-
alizations. Amongst others, they implemented visualizations for
showing the robot’s path, state, force as well as safety zones.

These visualizations have the potential to increase the user’s
awareness about the robot. Still, many works have been focusing on
uncluttered environments or on minimizing the likelihood of robots
and operators colliding in a joint task space.

With respect to visualizing motion and reachability constraints,
e.g., due to obstacles in a robot’s motion path, Rosen et al. [19]
compared a 3D motion preview on a Hololens with a 2D display and
a baseline (no visualization) in a user study with 32 participants.
The participants were asked to decide whether a robot arm would
collide with blocks in an environment. They found that the 3D pre-
view outperformed the other techniques in terms of task completion
time and error rate.

Gloumeau and Pettifer [8] compared two perspectives (front,
third person) and three robot visualizations (opaque, transparent,
and invisible) for VR-based robot teleoperation and found that users
preferred third-person views and a transparent robot visualization
due to mitigated occlusion issues. In a follow-up paper they [7]
compared three visualization techniques (complete, error and mini-
mal feedback) in a user study (n=18) in the context of teleoperation

Figure 2: Reachable voxels around a workpiece (a) vs multiple pre-
views (b) from the same point of view.

of industrial robots. Their results indicated that the complete feed-
back technique outperformed the other techniques in both quantita-
tive and qualitative metrics and led to a lower perceived task load.

Close to our work are capability [23], reachability [17], and ex-
tended dexterity maps [22] that capture the reachability of points in
space around the robot. We extend this idea to focus on the reach-
ability around a workpiece with the goal of minimizing visual clut-
ter and supporting human-robot collaboration in VR focusing on
novice users.

3 REACHVOX

Although visualizing a robot’s links and joints can be beneficial in
understanding its spatial configuration when reaching a single point
[19], visualizing the reachability of multiple points on a surface or
in a volume can quickly lead to visual clutter; see Figure 2, (b).
Complementary to previous work in AR and VR that focused on
line or volume techniques once a single path is computed (e.g., [9])
and based on the idea of capability and reachability maps in robotics
[23, 17], we introduce a visualization technique that aims at reveal-
ing the reachability of multiple points at once on a given 3D object
without visually cluttering the task space.

Our proposed visualization called ReachableVoxels
(REACHVOX) encodes the reachability status for the geome-
try around the task area (see Figures 1, (c) and 2, (a)). The volume
around the task is divided into cubic voxels. Each voxel on the sur-
face of the geometry is represented as a colored semi-transparent
sphere to display its reachability by the robot: A ’green’ voxel
indicates it is reachable by the robot end effector, without any
collision detected between the robot’s entire body and the scene
geometry. In contrast, a red voxel signals that the simulation did
not find a way for the robot to reach this voxel without colliding
some part of the robot with the scene geometry.

This minimalistic visualization should enable the user to under-
stand the global situation. For example, if only half of a welding
path along an engine is accessible to the robot, it might be better
to rotate the engine so that part is closer to the robot, with fewer
possible obstructions. The visualization’s feedback enables a user
to try out different orientations and gradually progress toward one
that maximizes the robot’s accessibility to the task space.

In general, computing the reachability for all voxels around the
robot’s maximum diameter is computationally very expensive (NP-
hard) [14, 5]. If the space required to be evaluated is constrained
to limited volumes, such as the side of a workpiece that is going to
be estimated, the computational costs can be reduced substantially.
To this end, we intersect a voxel grid in the scene with the work-
piece in question and only keep voxels around a specific threshold
around the workpiece as active voxels. Still, for each active voxel,
many possible robot configurations must be evaluated. As the focus
of our work is not on real-time computations of robot motion, we
utilized the following naive algorithm: We hierarchically iterate all
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robot joints with adjustable step sizes in the half-space between the
robot and the workpiece. If the end-effector intersects with a voxel
and no collision is detected with the scene geometry (including self-
intersection of the robotic arm), the voxel’s status is set to reachable
(green) and red otherwise. In case a red voxel is visited again at a
later stage, it can still turn green if a collision-free robot configura-
tion occurs. Finally, the voxels are stored in Dictionary<int[],
bool> where the integer array represents the voxel coordinates and
the boolean represents if the voxel can be reached without colli-
sion (true) or not, and rendered as semitransparent spheres. The
REACHVOX code is available at <anonymized for review>.

4 USER STUDY

We conducted a user study to assess the benefit of REACHVOX on
a joint human-robot task: aligning a workpiece (in our case an en-
gine) such that the robot could access target points on the workpiece
(e.g., for spot welding).

We considered several different visualization options from re-
lated work [19, 9]. Using the terminology of Gruenefeld et al. [9],
we considered path, preview, and volume visualization. Path vi-
sualizes the robot arm as interconnected line segments. However,
while simple it is incomplete and does not address the aims of
REACHVOX, namely encoding whether or not a given point in
space would lead to a collision between the robotic arm and the
object of interest (including self-intersections). Volume shows a
translucent disc with colors indicating safe and unsafe regions given
where the robot will position itself. Similar, to path it has a different
design objective compared to REACHVOX.

Finally, preview consists of multiple semitransparent poses of
the robot along its path [19], see Figure 2, (b). In a pilot study
involving six participants (3 female, 3 male, mean age: 27.0 sd =
5.0), it became evident that the preview visualization technique was
beneficial in illustrating the spatial extent occupied by the robot
during motion tasks, thereby effectively supporting user decisions
about safe positioning. However, feedback from the interviews re-
vealed critical shortcomings for our specific collaborative engine-
repair scenario. Participants consistently indicated that the volu-
metric cloud of semi-transparent robot poses characteristic of the
preview visualization created visual clutter and occluded crucial ar-
eas of the task environment. This occlusion hindered clear identifi-
cation of intersection events and negatively affected spatial under-
standing. Consequently, the results of this pilot study highlighted
that the preview visualization, despite its value for safety-related
spatial awareness, was unsuitable for inclusion in the main study
due to its impaired visual clarity and increased cognitive demands
for precise scene planning.

Hence, we decided to use a baseline of a clear view of the scene
and let the user guide the robot arm to the point they chose to see if
any collisions were generated if the need would arise.

Figure 3, (a) shows a typical task of the study. A participant can
wear the HMD and hold the controllers in her hands. In front of her
is a crane-supported car engine and a simulated UR10e industrial
robot next to it. Translation of the user in the scene is accomplished
by the joystick on the left controller and rotation with the joystick
of the right controller. Motion sickness is mitigated through the
dynamic field of view restriction [6].

A crane control panel is displayed in front of the participants
(See Figure 3). Participants can use the control panel to rotate the
engine by pointing a controller to the left or right keys and pressing
the controller button. At each key press, the crane rotates the engine
40°clockwise or counterclockwise. Another set of buttons allows
the user to raise or lower the engine, in 4 steps, resulting in 36
possible spatial configurations for the engine.

At any point during the study, a participant can grab the robot
end effector (by pressing and holding the A button on the right con-
troller) and drag it to a point of interest. The robot geometry follows

the end effector using inverse kinematics, and Unity’s physics en-
gine is used to detect possible collisions between the robot arm and
the engine geometry (including self-intersections of the robot arm).
The task was to judge whether a robot could reach a set of contact
points on the engine (indicated by white spheres).

The experiment was conducted as a within-subject design com-
paring two conditions: Our proposed visualization REACHVOX and
a baseline condition BASE with no additional visualizations, see
Figure 3. The robot’s end effector could be moved in both con-
ditions. Furthermore, in the conditions, we used two types of DIF-
FICULTY, see Figure 4. In EASY the points to be reached were
generally well visible and did not induce an intersection with the
engine in multiple orientations. In HARD, it was more challeng-
ing to judge in which of the 36 configurations intersection between
the robot and engine would occur. These levels were empirically
determined.

As dependent variables we collected task completion time, the
time the robot was moved by participants, number of attempts to
confirm the spatial configuration of the engine, and number of
changes (rotations and height changes) made to the engine as objec-
tive measures. As subjective measures we used the after scenario
questionnaire ASQ [15] as a usability measure, the NASA TLX
questionnaire [11] (raw scores) as perceived workload measure, and
an adopted robot trust questionnaire [4]. Finally, we collected pref-
erence ratings and comments from the participants.

The order of the scenarios in the experiment was counterbal-
anced. In each condition, participants performed 8 trials (4 EASY
and 4 HARD in randomized order).

4.1 Apparatus
We used a virtual reality setup to simulate a remote operator that
guides a robot on a new task. The system runs on a Windows 11
PC (NVIDIA Geforce RTX 4080, Intel Core i9-14900k, 64 GB
RAM), running Unity game engine V. 2022.3.52f1, and using a
Meta Quest Pro HMD and its controllers. The simulated robot was
a UR10e. For each of the 36 possible engine configurations, 2.6
million unique robot configurations were tested (around 25 seconds
per configuration) to precompute the visualization. The step sizes
for the joints (from base to end effector) were 30, 20, 12, 10, and
8 degrees. We skipped the sixth joint (rotation around the end-
effector link), as it did not affect the final position of the tooltip of
the robot arm.

4.2 Procedure
Each participant signed a consent form and filled out a demo-
graphics questionnaire. The seated participants put on the HMD
and took the controller in their hands. For each of the conditions
(REACHVOX and BASE), participants first experienced a training
scene in order to get familiar with the task and controls. During
each of the conditions (which were conducted counter-balanced),
they completed 8 trials using the crane controls (see 4.1) until they
were satisfied with the setup. They then pressed the accept button.
If the setup resulted in a valid spatial configuration the next trial
would start. If not they could try at most 8 times before the trial
was classified as not successful and then the next trial would start.

After each condition, the ASQ, TLX, robot trust questionnaires
were filled out. After completing both conditions, participants were
asked about their preferences and open comments. The partici-
pants were compensated with a voucher worth 15 C at the end and
thanked for their participation. The study lasted ca. 60 minutes per
participant.

4.3 Participants
We recruited a total of 20 volunteers (13 male, 7 female, mean
age: 29.2 sd: 8.7) all from a university population through conve-
nience sampling. None of the participants reported any neurologi-
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Figure 3: Overview over the workspace (a) and user study conditions: BASE (b) and REACHVOX (c).

cal or musculoskeletal conditions, and all had normal to corrected-
to-normal vision. The participant average VR experience score was
5.1 (sd 2.0) out of 7 (higher is better). We recorded a score of 2.7
(sd = 1.5) and 2.6 (sd = 1.5) out of 7 for experience with robots and
experience with remote teleoperation systems, indicating that the
participants were mostly beginners in operating robotic systems, as
well as an average score of 4.4 (sd = 1.93) out of 7 for experience
with video games (again, higher indicates more experience).

4.4 Results

We analyzed the influence of VISUALIZATION and DIFFICULTY on
the objective measures, using a two-way repeated measures analy-
sis of variance (RM-ANOVA), with Greenhouse-Geiser correction
if the sphericity assumption was violated. Post-hoc comparisons
were conducted using pairwise t-tests with Tukey correction for
multiple comparisons, controlling the error rate at an initial signif-
icance level of α = 0.05. Effect sizes for the statistical tests were
computed using Partial Eta Squared η2

p . For the subjective mea-
sures, we used the Wilcoxon signed-rank test, with Pearson’s r as
effect size measure. We did not observe any asymmetrical learning
effects and there is no reason to suspect the experimental design in-
duced any undue bias. The data underlying the statistical analysis
is available at <anonymized for review>.

Figure 4: Example of an easy welding task (a) and a hard one,
where the weld points lie inside an engine cavity, requiring greater
maneuverability of the robot arm (b).

Table 1: RM-ANOVA results for task completion time. Significant
findings are marked in gray. d f1 = d fe f f ect and d f2 = d ferror. η2

p:
Partial Eta squared.

IV d f1 d f2 F p η2
p

Visualization (V ) 1 19 4.7 < 0.05 0.2
Difficulty (D) 1 19 8.2 < 0.05 0.3

V ×D 1 19 2.0 0.18 0.09

Table 2: RM-ANOVA results for robot movement time.

IV d f1 d f2 F p η2
p

Visualization (V ) 1 19 4.1 0.06 0.2
Difficulty (D) 1 19 0.8 0.37 0.04

V ×D 1 19 0 0.93 0

4.4.1 Task Completion Time
Task completion time was measured from the start of a trial until
the participant either successfully identified a valid spatial config-
uration or after 8 unsuccessful confirmations. The omnibus test
indicated a main effect of VISUALIZATION, see Table 1, were par-
ticipants performed the task significantly faster in REACHVOX (M
= 50.1, Standard Error SE = 5.0), compared to BASE (M = 62.0,
SE = 6.1). There was also an (expected) main effect of DIFFICULTY
with EASY being significantly faster (M = 48.8, SE = 4.9) than
HARD (M = 63.8, SE = 6.1).

4.4.2 Robot Movement Time
Robot movement time indicates the average time (in seconds) that
the robot arm was moved by the participant during the trials. The
omnibus test indicated no significant main or interaction effects, see
Table 2 and Figure 6. In REACHVOX, 6 participants did not move
the robot arm at all and in BASE one participant.

4.4.3 Number of Attempts
The number of attempts shows how often participants indicated that
the spatial configuration would be correct. If the configuration was
correct, the next trial would start, if it was not correct, the partici-
pants could try out a different configuration (up to 8 times in total
per trial). The omnibus test indicated an overall main effect of VI-
SUALIZATION, see Table 3 and Figure 7, where participants needed
significantly fewer attempts in REACHVOX (M = 1.48, SE = 0.22),
compared to BASE (M = 2.51, SE = 0.31).
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Figure 5: Task completion time in each of the conditions. ∗∗ : p <
0.01. ∗∗∗ : p < 0.001.

Easy Hard
0

20

40

60

80

100

Ro
bo

t M
ov

em
en

t T
im

e 
(s

)

Baseline
ReachVox

Figure 6: Robot movement time.

4.4.4 Number of Changes

The number of changes indicates how often participants changed
the rotation or height of the engine on average before the trial was
completed. In total, there were 9 possible orientations × 4 possible
heights = 36 possible spatial configurations for the engine. The
omnibus test indicates a main effect of visualization. Participants
used significantly fewer changes in REACHVOX (M = 9.4, SE =
0.8) compared to BASE (M = 11.5, SE = 1.1), see table 4 and figure
8. There was also a main effect of DIFFICULTY with EASY resulting
on average in 8.6 changes (SE = 0.7) compared to HARD (M = 12.3,
SE = 1.1) and an interaction effect (with post-hoc tests indicating
a significantly lower number of changes for REACHVOX compared
to BASE in the HARD condition (p = 0.02, mean difference: −3.6,
SE = 1.4).

Table 3: RM-ANOVA results for number of attempts. Significant
findings are marked in gray.

IV d f1 d f2 F p η2
p

Visualization (V ) 1 19 7.7 0.01 0.29
Difficulty (D) 1 19 0 0.98 0

V ×D 1 19 1.75 0.2 0.08

Table 4: RM-ANOVA results for number of changes. Significant
findings are marked in gray.

IV d f1 d f2 F p η2
p

Visualization (V ) 1 19 4.5 0.046 0.19
Difficulty (D) 1 19 20.3 < 0.001 0.52

V ×D 1 19 4.95 0.038 0.21

4.4.5 After Scenario Questionnaire
The After Scenario Questionnaire (ASQ) [15] encompasses three
usability-related items that measure a user’s satisfaction with a
specific scenario or task. The overall score is the weighted aver-
age of the 3 subscores. Wilcoxon signed-rank tests indicated that
REACHVOX resulted in significant better ratings for the ease sub-
score and the overall usability score, see Table 5 and Figure 9.

Table 5: Wilcoxon signed-rank test results for the ASQ for satis-
faction with ease of task completion (Ease), with the time required
(Time), with the support provided (Support) as well as the over-
all score (Overall). md: mean difference. Significant findings are
marked in gray.

Measure W md p r
Ease 13.0 -1.5 0.01 -0.75
Time 21.0 -1.0 0.16 -0.46

Support 18.0 -1.5 0.056 -0.60
Overall 24 -1.0 < 0.01 -0.75

4.4.6 Robot Trust Questionnaire
For measuring the trust in human-robot-collaboration we adopted
the robot trust questionnaire by Charalambous et al. [4] by re-
moving three questions related to a gripper, which were not rel-
evant in our scenario. Wilcoxon signed-rank tests indicated that
REACHVOX resulted in significant higher perceived safe coopera-
tion and total trust score compared to BASE, see Table 6 and Fig-
ure 10.

4.4.7 NASA TLX Results
We used the unweighted NASA TLX questionnaire [11] as an indi-
cator for the perceived workload of participants. The NASA-TLX
results indicated a main effect of VISUALIZATION with mental de-
mand, performance, effort, and overall demand resulting in signifi-
cantly better scores for REACHVOX, see Table 7 and Figure 11.
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Figure 7: Number of attempts. ∗ : p < 0.05.
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Figure 8: Average number of engine configuration changes per-
formed by the participants. ∗ : p < 0.05. ∗∗ : p < 0.01.

Table 6: Wilcoxon signed-rank test results for the robot trust ques-
tionnaire for perceived robot’s motion (Motion), perceived safe co-
operation (Cooperation), perceived robot reliability (Reliability),
and the total trust score (Total). md: mean difference. Significant
findings are marked in gray.

Measure W md p r
Motion 10.5 -1.0 0.32 -0.42

Reliability 20.0 -0.5 0.24 -0.39
Cooperation 5.0 -1.5 0.02 -0.82

Total 12.0 -1.5 < 0.01 -0.8

Table 7: Wilcoxon signed-rank test results for the NASA TLX with
mental demand (Mental), physical demand (Physical), temporal de-
mand (Temporal), performance (Performance), effort (Effort), frus-
tration (Frustration) and overall demand (Overall). md: mean dif-
ference. Significant findings are marked in gray.

Measure W md p r
Mental 111.5 17.5 0.026 0.64

Physical 77.0 2.66 0.66 0.13
Temporal 72.0 < 0.001 0.86 0.06

Performance 11.5 24.5 0.03 0.46
Effort 144.0 17.5 0.01 0.68

Frustration 125.5 10.0 0.08 0.47
Overall 164.0 10.0 0.006 0.73
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Figure 9: After Scenario Questionnaire ratings. ∗ : p < 0.05. ∗∗ :
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Figure 10: Trust scores for perceived robot’s motion, perceived
robot reliability, perceived safe cooperation, and the total trust
score. ∗ : p < 0.05. ∗∗ : p < 0.01.

4.5 Preferences and Comments

All 20 participants preferred REACHVOX. We clustered the com-
ments of participants from a semi-structured interview following a
thematic analysis [10].

ReachVox increased efficiency and confidence. Six par-
ticipants found that using the visualization made the task easier
and faster to complete. P5 noted that “especially during complex
tasks (HARD) the visualization was very helpful” and P19 com-
mented that “during the voxel visualization, it was possible to as-
sess whether the configuration made sense purely through visual
feedback”.
Five participants found that using visualization increased confi-
dence in their choices, e.g. by increasing the confidence not to
damage the workpiece. However, P4 warned that “the increased
confidence and safety could lead to carelessness”. Also, two par-
ticipants found the voxel-visualization to be confusing at first. P5
noted that “I couldn’t immediately understand what I was seeing”.

ReachVox helped to understand robot movement. Four
participants found that using REACHVOX helped them understand
the robot movements. P13 noted that “you could exactly see where
the robot would move to”.
Six participants found that the visualization made it possible to
solve the task without moving the robot. Three of those participants
found that having the robot in the same setting was a hindrance. P5
noted that “I didn’t need the robot and I had to move it out of the
way to see the visualization”. P3 found that having no visualization
helped to interact with the robot and moved it intuitively. P3 also
noted that “it was easier to just focus on the robot by itself”.

The Robot Arm was difficult to operate. Seven participants
had difficulties when operating the robot arm. P2 noted that they
“found it easier to simulate the robot movement in my head than
to try to move the actual robot” and P13 noted that “it was difficult
because the robot would get stuck in a lot of places”. Two partici-
pants found it exhausting to move the robot and one of those partic-
ipants experienced motion sickness while operating the robot arm.
Three participants also commented that they would have preferred
a longer introduction to the robot movement.

The Base Condition led to Trial-and-Error. Four partici-
pants found that they were more dependent on guessing during the
BASE condition. P15 noted that “I couldn’t understand how the
robot would move so I relied mostly on guessing”. On starting the
base condition, P9 noted that “I hope I remember the solutions from
earlier”.
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Figure 11: NASA-TLX results for mental demand, physical demand, temporal demand, performance, effort, frustration and overall demand.
∗ : p < 0.05. ∗∗ : p < 0.01.

5 DISCUSSION

The results of our study indicate that REACHVOX outperformed the
condition BASE in terms of objective measures such as task comple-
tion time and subjective measures such as usability.

We found that REACHVOX supports operators in seeing the ef-
fect of moving and rotating the object. For example, rotation is
common for improving accessibility on one side of the task space
while reducing accessibility on another. By seeing the task space,
the robot and the reachability visualization simultaneously supports
users to judge the changes of reachability in response to their ac-
tions and allowed them to find a spatial configuration that maxi-
mizes accessibility faster (as indicated by task completion and num-
ber of total changes per trial). In addition, using VR as a wide-angle
display enables the user to simultaneously see the object, the task
space, and the relationship to the robot in one view and better un-
derstand the space.

Interestingly, we did not find a significant difference in robot
movement time. Although 6 participants did not move the robot
arm at all in REACHVOX (one in BASE), several users moved it out
of the way because they found it interfered with visualization.

Robots with multiple joints have complex motions and are hard
to imagine intuitively (in many cases, operations focus on the end-
effector, but events such as collisions and limitations may occur all
along the robot). We saw that, while the operation of the robot only
required positioning the end-effector, several participants struggled
with the motion constraints of the robot. REACHVOX concentrated
information in a localized visualization with the goal of maximiz-
ing visibility (and minimizing occlusions). However, we found that
while the participants were trained in using the system, REACHVOX
was not self-explaining and still confused some users (see com-
ments above).

One could also imagine visualizing further information in the
voxel as also proposed by prior work (e.g., [22]). Expanding the
studied welding scenario from point to continuous welding could,
for example, benefit from further encoded visualization such as the
cumulative joint angle distance between two points in space. In
contrast to mere reachability (yes, no), one could also visualize that
a point can be reached not only in principle but also that it can be
done so without the need to reposition the robot extensively (e.g.
starting a weld from left to right, but then requiring repositioning
the robot from right to left due to an obstruction).

Welding may exemplify an application where the operator needs
to assess the accessibility of the robot along a whole path or area to
enable continuous welding of a part in a continuous manner. This
use case is just one of the applications of the robot operation that
may extend over a path or an area, from equally covering a part in
paint to assembling an object from parts.

Such robot applications indicate limitations of many current vi-

sualization techniques that often aim at displaying the correctness
of a certain robot pose or focus on visualizing occluded space in
which a user and robot might collide: many times the designer of
the interaction or operator may need to make decisions based on an
extended operation space of the robot. A necessary change to cor-
rect the relative pose between the robot and its work piece for easy
access at the end of a path may affect accessibility at the beginning.
It is important to let the user manipulate parameters while view-
ing the implications on the overall action sequence (in our case, the
accessibility of welding points). Current visualizations that incor-
porate entire actions such as a slew of ghost robots along its path
are mostly aiming at visualizing areas that are dangerous for a hu-
man co-operator, or to indicate the space occupied by the robot end
effector during its motion. These displays tend to obfuscate small
details of self-intersection by a part of the robot with the environ-
ment or itself. We hope that this work will encourage researchers to
look at visualization that includes all the data needed for task suc-
cess, and that this display is beneficial for efficient work planning.

Further, ad-hoc situations are not that common on the produc-
tion floor, as these are designs to avoid surprises but they can be
common in remote operations when robots can be in uncontrolled
hazards or disaster areas. As more ad-hoc operations are to be used
there will be an increased need for further visualizations that better
explain the whole task space to the remote decision maker.

One limitation of our work is the use of a naive algorithm to
compute the REACHVOX visualization, not allowing real-time gen-
eration for fine-grained spatial changes of the object of interest but
requiring pre-computation. Hence, as of now, the implementation
might not be suitable for situations where real-time updates of the
pose between the robot and its workpiece(s) might be required. One
example could be the interaction between a physical robot and 3D-
reconstructed physical objects being acquired in real-time. How-
ever, we are confident that the runtime of the algorithm can be dras-
tically improved through parallelization of the underlying compu-
tations. The compute costs could be further minimized by allowing
the users to interactively select the regions of interest on a work-
piece for which the visualization should be computed.

Another limitation is the convenience sampling process which
led to the inclusion of participants with generally low expertise in
robot control. While this allowed us to understand challenges of
beginners. Hence, an interesting avenue for future work would be
to research the benefits and drawbacks of REACHVOX and further
visualizations for different target populations such as beginners in
robot (tele)operation or seasoned professionals.

Finally, one can argue that comparing a visualization against no
visualization might lead to an expected outcome of the visualization
outperforming the baseline. We chose this study design nonethe-
less as it became evident that existing alternative visualization tech-
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niques were unsuitable for the task at hand. Still, we encourage
further investigation of visualization alternatives for indicating the
reachability in a region of interest. For example, in the future, one
potential variation of the path visualization could also include a vi-
sual reachability encoding along the path segments, which could
further minimize visual clutter in the scene.

6 CONCLUSION AND FUTURE WORK

In this paper, we presented REACHVOX, a visualization approach to
aid robot motion planning tasks in VR. Based on the idea of reach-
ability maps, we visualize the reachability of the volume around an
object of interest with reduced visual clutter compared to alterna-
tive techniques. Our user study indicated that REACHVOX outper-
formed the BASE condition in most objective and subjective mea-
sures and that participants clearly favored REACHVOX. In future
work, we want to include more efficient motion planning algorithms
and parallelization to study the real-time generation capabilities for
local reachability volumes, and study use cases beyond stationary
robotic arms such as humanoid robots or manipulators on motion
platforms. Specifically, we plan to study REACHVOX in a joint
human-robot nursing scenario in which a manipulator on a motion
platform supports a human in a joint gripping procedure (e.g. the
robot holding a leg of a patient while the nurse changes a bandage).
In this context, one could study the extension of REACHVOX to vi-
sualize the joint reachability of a region of interest as well as further
parameters such as applied gripping force at a contact point.
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