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Abstract— Human-robot interaction (HRI) demands efficient
time performance along the tasks. However, some interaction
approaches may extend the time to complete such tasks. Thus,
the time performance in HRI must be enhanced. This work
presents an effective way to enhance the time performance
in HRI tasks with a mixed reality (MR) method based on a
gaze-speech system. In this paper, we design an MR world for
pick-and-place tasks. The hardware system includes an MR
headset, the Baxter robot, a table, and six cubes. In addition,
the holographic MR scenario offers two modes of interaction:
gesture mode (GM) and gaze-speech mode (GSM). The input
actions during the GM and GSM methods are based on the
pinch gesture and gaze with speech commands, respectively. The
proposed GSM approach can improve the time performance in
pick-and-place scenarios. The GSM system is 21.33 % faster
than the traditional system, GM. Also, we evaluated the target-
to-target time performance against a reference based on Fitts’
law. Our findings show a promising method for time reduction
in HRI tasks through MR environments.

I. INTRODUCTION

The human-robot interaction (HRI) field has evolved over
the years to help humans to resolve different tasks [1], [2].
The task completion time in HRI environments is a critical
variable that requires attention [3], [4]. A highly effective
HRI system can complete tasks more efficiently. Hence, an
intuitive HRI task can lead to a highly effective system in
terms of time performance [5], [6]. However, certain interac-
tions with the robot can highly impact task-completion times
[7]. Thus, the task completion time of collaborative robotic
systems is a problem that requires extensive exploration [8],
[9], [10].

Time performance in industrial processes is a challenging
factor frequently influenced by how the user interacts with
the robot [11]. An inefficient time performance in HRI tasks
can bring less volume production to the industrial sector.
Furthermore, a slow task completion time in HRI provokes
mental and physical load on the users [12]. In general, the
industrial sector is constantly seeking new approaches that
effectively enhance the time performance in HRI [13]. For
example, immersive methods have shown improved time
performance during HRI tasks [14].

Regarding immersiveness, some studies have used mixed
reality (MR) methods in HRI tasks. For instance, a hand
gesture system enabled the control of an HRI task through
a MR environment [15]. The study compared their proposed
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system against conventional methods. However, the standard
method based on joysticks performed slightly better than
the gesture system with average times of 20.07 and 27.61
s, respectively. In addition, robotic surgery based on MR
was useful for novice doctors [16]. The subjects reduced
their navigation time by 34.57 %. However, the system
used fiducial markers and external tools for the interaction.
Similarly, an MR-HRI system based on heading gestures
outperformed a typical MR pointing gesture in terms of time
performance [17]. The system provided users intuitive and
natural robot control for selection and manipulation tasks.
Also, one study presented an eye-gazing method for HRI in
MR [18]. The task completion time was approximately 200 s
faster than traditional methods. Hence, MR methods in HRI
have promising potential and require more improvement in
terms of time performance.

The contribution of this study is an evaluation of our
proposed gaze-speech system that effectively enhances time
performance in HRI tasks through MR. To the best of
our knowledge, this is the first attempt to use an MR
approach based on a gaze-speech system for HRI tasks. We
designed an MR environment for pick-and-place tasks. The
MR scenario had two distinct ways of interaction, gesture
mode (GM) and gaze-speech mode (GSM). The MR world
showed four targets: blue, pink, green, and orange. Moreover,
the input mechanisms during the GM and GSM methods
were the pinch gesture and gaze-with-speech commands,
respectively. In addition, we evaluated each mode under two
conditions: big targets (BT) and small targets (ST). We asked
20 subjects to conduct six pick-and-place MR tasks with the
Baxter robot using the GM and GSM methods. The subjects
were divided into two groups: A and B. Furthermore, all
the individuals answered a survey regarding the usability of
the proposed method. We compared the time performance of
the experiments during the GM and GSM systems. Under the
BT condition, participants using the GM and GSM systems
had an average completion time of 178.3844 s and 133.8183
s, respectively. Also, we calculated the target-to-target time
performance against a reference based on Fitts’ law. The
lowest root-mean-square error (RMSE) found was 1.5252 s
using the GSM method under the BT condition. In addition,
the survey results showed a high preference for the GSM
system in terms of time efficiency, ease of use, and physical
load.

This paper is organized as follows: Section II describes
the study methods with a deep explanation of the hardware
and software setup. Section III presents the experimental plan
used in this study. Section IV gives a detailed analysis of the
experimental results involved in this study and the respective
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Fig. 1. General schematic of the MR interface for HRI. a) The MR system using the GM under BT condition. b) The MR interface using the GM under
ST condition. c) The MR world with our proposed system, using the GSM under BT condition. d) The MR environment with our proposed method, using
the GSM under ST condition. We assign distinct colors to the correct holographic targets for distinguishing purposes during both GM and GSM paradigms.

discussion. The conclusions are drawn in Section V.

II. METHODS

The system is composed of two different parts: hardware
and software systems. Fig. 1 shows the general schematic of
the system.

A. Hardware

This study used a mixed reality headset (MRH), Microsoft
HoloLens 2. This MRH is a powerful device that can com-
bine data from multiple built-in sensors, including speech
recognition, and eye and hand tracking. In addition, we used
an industrial robot, Baxter, for the HRI task with the subject,
as shown in Fig. 1.

The MR environment offered two different ways to interact
with the Baxter robot, GM and GSM, as shown in Fig. 1. The
real environment is composed of a table and six cubes. The
dimensions of the table and each cube were 1.6 m × 0.7 m ×
0.75 m and 0.05 m × 0.05 m × 0.05 m, respectively. Both
the subject and robot interact using the real cubes during
pick-and-place experiments.

B. The MR environment configuration

The MR environment is programmed using three lan-
guages and two operating systems (OS). Hence, the config-
uration parts of the MR environment are as follows:

1) Windows 10 Holographic OS: We created an MR
environment based on the C# language and Unity software.
Fig. 1 shows the MR world. In addition, the MR world has
two holographic interaction modes, GM and GSM. Fig. 1
a) and b) and Fig. 1 c) and d) show the subject using the
GM and GSM, respectively. Furthermore, each interaction
mode presents two different conditions: BT and ST. The MR
world is deployed, installed, and run on the MRH based on
Windows 10 holographic OS.

2) GM paradigm: Fig. 1 a) and b) represent the typical
MR interaction in HRI, using the GM. The MR world
displays three styles of holographic buttons: blue, pink,
and green. The blue holographic buttons represent a fixed
location of each real cube. The pink and green holographic
buttons mean the wrong and correct targets. Furthermore, the
MR software places the targets randomly on the experimental
table.

The size of the blue holographic buttons is always 0.1
m2. In contrast, the size of the pink and green targets varies
depending on the current condition. Fig. 1 a) shows the GM
method under the BT condition, where the size of the pink
and green targets is 0.1 m2. Under the ST conditions, the
targets’ size is 0.05 m2, as shown in Fig. 1 b).

The software tracks and recognizes the subject’s hand and
pinched gestures, respectively. Furthermore, the subject uses
hand motions as a pointer to navigate the MR world. Also,
the pinch gestures aid the subject in selecting the holographic
buttons and targets.

3) GSM paradigm: Fig. 1 c) and d) show our proposed
system, GSM. Similar to the GM paradigm, the MR en-
vironment shows three interactive buttons: blue, pink, and
orange. All buttons’ conditions and sizes are the same as in
GM mode. However, the interaction process is different.

The software recognizes the subject’s gaze and a speech
command called "select." The individual uses the gaze as
a pointer to navigate the MR world. In addition, the gaze
system is head-assisted. Furthermore, the speech command
helps the subject to select the desired button while focusing
on it.

4) Linux OS: We use Python and ROS to operate the
Baxter robot. In addition, the Python program has the TCP/IP
protocol to process the MRH data. The subject’s actions in
the MR world can trigger Baxter’s motions. Moreover, the
robot receives two position variables: the location of the
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Fig. 2. Experimental design for pick-and-place task for HRI in MR.

picked cube and the selected correct target. However, the
robot is motionless whenever the subject selects the wrong
target information. Thus, we only consider the correct target
data during the experiments.

C. TCP/IP protocol for HRI in MR

Our system consists of two separate workstations, the
MRH and Linux computer. Thus, the MR world and the
Baxter control use different programming languages. Hence,
we introduce the TCP/IP protocol, a common communication
between two workstations.

III. EXPERIMENTS

We recruited 20 individuals (17 males and 3 females)
between the ages of 24–36 (M = 28.90, SD = 3.33) years
old. In addition, 80 % of the participants stated to have
low experience with industrial robots. Furthermore, we split
the participants into two groups: A and B. The participants
in group A started the experiments using the GM system,
followed by the GSM method. In contrast, the individuals
in group B performed the experiments using the GSM
paradigm, followed by the GM system. DGIST Institutional
Review Board approved the study with the research manage-
ment number (DGIST-20210608-HR-118–01).

A. Pick-and-place experiments

We asked 20 participants to perform pick-and-place tasks
in MR with the Baxter robot. Each participant was 1.5 meters
away from the table, as shown in Fig. 1. Our MR experi-
mental scenario is based on a Fitts’ experiment environment
for 2D pointer performance [19]. Every participant had 1-2
minutes to familiarize themselves with the MR world using
both GM and GSM systems.

Fig. 2 shows the experimental design of this study. The
experiment began with the interaction of the subjects and
the real cube. The participants were instructed to press the
blue holographic button corresponding to the current cube.
The individuals were then required to locate and select the
correct target from among the incorrect targets. In the MR
world, all correct and wrong targets were randomly arranged.
The Baxter robot picked the current cube and placed it in the
correct chosen target.

The task ended once the robot successfully performed the
pick-and-place exercise. We asked the subjects to perform the
pick-and-place task for each of the six cubes on the table.
The experiment finished after the robot successfully placed
all cubes. Furthermore, every participant rested for 2 minutes
at the end of the experiments. Moreover, the individuals
conducted their experiments in two distinct modes:

• GM system: The subjects trigger the holographic but-
tons with a pinch gesture, as shown in Fig. 1 a) and
b). The MRH tracks and detects the index finger of the
users. A guiding ray emerges parallel and coincident
to the finger. Furthermore, the guiding ray can help the
individuals as a moving cursor. In addition, the users are
required a pinch gesture to activate the buttons, after the
selection with the guiding ray occurs.

• GSM system: As our proposed method, the subjects are
required to do the gaze cursor and voice command to
trigger the holographic buttons, as shown in Fig. 1 c)
and d). The gaze cursor guides the subject to choose the
buttons in the MR environment. The voice command
and gaze cursor activate the button event. Furthermore,
the voice command is "select." In addition, the gaze
cursor is assisted with head motions.

We evaluated each experimental mode under two condi-
tions, BT and ST. Under the BT condition, the MR system
shows pink, green, and orange holograms with a size of 0.1
m2. Under the ST condition, however, the MR world displays
the pink, green, and orange buttons with a size of 0.05 m2.
In addition, the size of the blue holograms is always 0.1 m2

for all the cases.
We calculated the total completion time of each participant

during each experiment. In addition, we compared each
subject’s target-to-target completion time with a reference,
which is based on the Fitts’ law equation for 2D pointing
methods [20]. The Fitts’ law equation is expressed as:

MT = 230 + 166 · (2D
W

) (1)

where MT represents the average time to complete a
target-to-target selection, D is the euclidean distance from
the starting target to the final target, and W is the width of
the final target.

B. Survey

All participants answered four survey questions at the
end of each experiment. Table I shows the questions of the
survey. Furthermore, each question was based on a 7-point

TABLE I
SURVEY QUESTIONS.

Q1: Did you feel safe during the experiments?
Q2: Were you satisfied with the

time performance during the experiments?
Q3: Was the system easy to use during the

experiments?
Q4: Was the system physically demanding

during the experiments?
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Likert scale. In addition, the survey aimed to determine a
usability score for our proposed method in terms of safety
perception, time efficiency, ease of use, and physical load.

C. Hypotheses

This study proposes a gaze-speech interface in MR for
HRI tasks. Hence, we expect that our GSM will outperform
the GM in terms of time performance. Also, we hypothesize
that the participants will similarly perform the tasks regard-
less of the group. Furthermore, we predict that the GSM
will result in a higher sense of safety and time performance
satisfaction than the GM. In addition, the GSM may be more
intuitive and less physically demanding than GM. Overall,
we propose the next hypotheses:

• H1: Participants using GSM will require less time to
perform the experimental tasks compared to participants
using GM.

• H2: The subjects’ performance will be statistically
similar regardless of their group.

• H3: The participants will complete the experiments
under the BT condition faster than they will complete
the experiments under the ST condition.

• H4: The GSM system will have the highest safety
perception.

• H5: The GSM system will be rated significantly higher
than the GM system in terms of time performance
satisfaction.

• H6: The GSM system will be the easiest system to use.
• H7: The GSM system will be the least physically

demanding to use.

IV. RESULTS AND DISCUSSION

In this study, we asked 20 participants to perform inter-
active HRI tasks with the Baxter robot while wearing the
MRH. We designed two distinct MR interaction methods,
GM and GSM. All participants were divided into groups A
(10) and B (10) to avoid the learning effect on the subjects.
For group A, the participants began the experiments using
the GM, followed by the GSM. In group B, the subjects
performed the tasks in the opposite order. In addition, every
individual answered a survey after the experiments.

A. Pick-and-place tasks results

All participants performed pick-and-place tasks with the
Baxter robot using the MRH. We made two different inter-
action paradigms, GM and GSM. Furthermore, we evaluated
each paradigm under two conditions: BT and ST.

Fig. 3 shows the total completion time of the participants
during the pick-and-place experiment. Subjects under the
influence of our GSM system performed the experiments in
less time than with the GM system. Table II shows the mean
completion time of both A and B groups during the pick-and-
place experiments. The GSM system outperformed the GM
method under BT and ST conditions in both groups. The A
and B groups, using the GSM system under the BT condition,
completed experiments 45.3180 and 43.8140 s faster than
when using the GM, respectively.
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Fig. 3. Total completion time during the experiments.

TABLE II
AVERAGE TIME OF THE GROUPS DURING THE EXPERIMENTS.

Mode Condition Group average time (s)
A B

GM BT 177.2610 179.5078
ST 167.4790 173.5972

GSM BT 131.9430 135.6937
ST 137.6651 143.6782

In addition, we tested the H1-H3 using a t-test with a
significance level of p < 0.05 between each paradigm and
its corresponding condition, as shown in Table III. The
participants’ performance using GSM, either under BT or
ST conditions showed significant values of p < 0.001 in
most cases in comparison to the GM system. Hence, H1
was confirmed. In addition, regardless of the group, all
individuals performed statistically the same with a p-value
of 1.1516, validating the H2.

Furthermore, the A and B groups using our GSM paradigm
under the BT condition performed better than under the ST
condition, with p-values of 0.0332 and 0.0011, respectively.
Thus, H3 was confirmed. However, the subjects’ performance
of both groups using the GM method under the BT condition
lacks significance compared to the ST condition. The p-
values for groups A and B were 0.1716 and 0.2136, respec-
tively. In this case, H3 was rejected.

TABLE III
P-VALUES FROM THE T-TEST RESULTS OF THE PICK-AND-PLACE

EXPERIMENTS.

Paired T-test Group p-value
A B

GM BT vs GM ST 0.1716 0.2136
GM BT vs GSM BT <0.001 <0.001
GM BT vs GSM ST 0.0020 <0.001
GM ST vs GSM BT 0.0045 <0.001
GM ST vs GSM ST 0.0088 <0.001

GSM BT vs GSM ST 0.0332 0.0011
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B. Target-to-target performance results

The participants in this study conducted six pick-and-place
tasks using the GM and GSM systems. Both methods used
pointers to navigate and interact with the holographic targets.
Hence, we evaluated the target-to-target time performance
of the subjects during the experiments. Fig. 4 shows each
subject’s average target-to-target time performance in groups
A and B. In addition, we calculated the average reference
points based on (1) for all the tasks.

Furthermore, we determined all the RMSE values of the
GM and GSM systems against the reference based on (1).
Table IV shows the subjects’ target-to-target average time
and RMSE results. Regardless of their group, all participants
demonstrated higher performance while using the GSM
system than the GM method compared to the reference.
The average RMSE of the subjects using the GSM system
was 1.5252 and 2.1433 s under the BT and ST conditions,
respectively. In addition, the GM system had the highest
RMSE with values of 3.7867 and 3.1247 under the BT
and ST conditions, respectively. Hence, the GM approach

TABLE IV
AVERAGE TARGET-TO-TARGET TIME PERFORMANCE AND RMSE

RESULTS OF THE EXPERIMENTS.

Mode \
Condition

Average
target-to-target time [s] Average

RMSE [s]Group ReferenceA B
GM \

BT 5.0453 4.1909 0.828 3.7867

GM \
ST 4.4941 3.7708 0.997 3.1247

GSM \
BT 2.6429 2.0580 0.828 1.5252

GSM \
ST 3.5670 2.6902 0.997 2.1433
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Fig. 5. Bar plots of the survey responses from the 20 participants on
a 7-point Likert scale. The survey used statements, strongly disagree (1),
disagree (2), slightly disagree (3), neutral (4), slightly agree (5), agree (6),
and strongly agree (7).

was slower in terms of time performance than our proposed
system, GSM.

We made a t-test between the target-to-target results of
all the subjects with a significance level of p < 0.05. The
participants significantly improved the performance of the
experiments while using our GSM system compared to the
GM method. In addition, we found a statistical difference
between the performance of the individuals using the GSM
and GM with a p-value < 0.001.

C. Survey results

In Table I, the study participants answered a survey at the
end of the tasks. Fig. 5 shows each participant’s responses to
the survey on a 7-point Likert scale based on the performance
of the methods, GM and GSM. Each individual filled out the
survey regarding safety perception, time efficiency, ease of
use, and physically demanding.

We tested the H4-H7 by using an ANOVA with a sig-
nificance level of p < 0.05, as shown in Table V. The
safety perception (Q1) lacked significance when the subjects
performed the experiments either using the GM or GSM.

TABLE V
ANOVA TEST RESULTS FROM THE SURVEY QUESTIONS.

Hypothesis Subjective
variables

Likert scale
average p-value

GM GSM

H4 Safety
perception 6.7000 6.8500 0.5035

H5 Time efficiency
perception 3.4000 6.7000 <0.001

H6 Ease of
use 3.9500 6.2000 <0.001

H7 Physical
load 5.4000 2.7500 <0.001
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Hence, H4 was rejected. However, the Likert scale average
showed a slightly higher value in the GSM of 6.8500 than
the GM of 6.7000 during the safety perception. We believe
that the increment in the number of participants might affirm
H4.

Subjects rated the GSM higher than the GM in terms
of time efficiency perception (Q2), ease of use (Q3), and
physical load (Q4), confirming the hypotheses H5, H6 and
H7, respectively. The Likert scale average during the GSM
outperformed the GM in Q2-Q4. The p-values found were
< 0.001 for all Q2-Q4. The participants showed high pref-
erences for the GSM than the GM.

D. Discussion

Our GSM approach effectively reduced the time to per-
form pick-and-place tasks. The participants who operated
with the GSM system performed faster than those who
operated the same tasks with the GM system.

Participants found the GM approach difficult to use due to
the hand tracking and gesture recognition problems. Conse-
quently, all participants required more time to complete tasks
using the GM method. In contrast, subjects highly preferred
our GSM system due to the fast response and ease of use.
Hence, our findings suggest that subjects should avoid the
GM paradigm for better time efficiency.

V. CONCLUSIONS

This study presented an effective method for reducing the
time to perform HRI tasks by using MR technology based
on a gaze-speech approach. The proposed system drastically
reduced the completion time of pick-and-place experiments
compared with the traditional GM method.

The time performance in HRI applications is affected by
the interaction method. We used immersive MR technology
for robot interaction to complete pick-and-place tasks. The
MR environment, based on holographic targets, used two
different interactive methods, GM and GSM. A pinch gesture
was the primary input during the GM paradigm. In the GSM
system, we set a voice command as the main input for the
interaction. In addition, we evaluated every method under
two different conditions, BT and ST. Furthermore, we asked
20 subjects to perform six tasks using both GM and GSM
systems. The subjects were divided into two groups: A and B.
After the experiments, subjects answered a survey regarding
the usability of our proposed approach.

In the experimental results, we compared the time per-
formance of tasks using the GM system against the GSM
approach. The participants using GSM were 21.33 % faster
than participants using GM. Also, we obtained the target-to-
target time performance of the subjects for comparison to a
reference based on Fitts’ law equation. The lowest RMSE
found was 1.5252 s when using the GSM method under the
BT condition. In addition, the survey results showed that
the subjects preferred the GSM system in terms of time
efficiency, ease of use, and physical load.

Our findings proved an efficient way to improve the
time performance in HRI with MR. We showed a new

alternative for time reduction based on the GSM paradigm.
Our proposed method can be implemented in scenarios where
the operator has occupied hands and require interacting
with robots. In future works, we will analyze the effect of
color and wrong target selection during the experiments. In
addition, we will explore other input interactions, such as
VR handlers and haptic devices. Moreover, we will improve
the GM system performance by implementing sensor fusion
techniques.
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