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Abstract

Despite significant advances in teleoperated systems, optimal human performance remains a challenging task due to one key
aspect, i.e. reduced situational awareness. Active telepresence is one of the major contributing factors affecting operator’s
situational awareness. Providing the user with multiple perspectives of the remote environment can be very beneficial, although
it may also introduce challenges in maintaining effective control. Prior work has largely examined discrete manipulation
tasks using single-modality assessments, whereas this study applies a multimodal neuroergonomic approach to a continuous
precision-cutting task, providing first insights into control-view alignment and multi-camera perception effects. In this work,
we focus on two interaction and interface design factors: (a) control interaction factor, where we compare the effects of fixed
and camera view-aligned control user interfaces on task-performance; (b) perception interface factor: the impact of different
visual feedback configurations on operator attention and workload state, and interaction with the interface. A telerobotic
system focused on a cutting task is chosen for this evaluation as it demands precision, depth perception, and also continuous
feedback. A multimodal bio-sensor network is used to record operator-centric data, i.e Eye-tracking pupil measures, gaze
measures and EEG signals, and assess the proposed interfaces using a neuroergonomics framework. User-study results show
that using a view-aligned control frame in a multi-camera interface significantly improves cutting quality compared to using
a fixed control frame, while the display of multiple camera perspectives in the same window is preferred to a single camera
per window, promoting operator visual attention with no significant impact on the mental workload.

Keywords Teleoperation - Human-machine interface - Human-machine interaction - Human-centered design

1 Introduction
Inés F. Ramos and Keerthi Sagar contributed equally to this work.

Teleoperation systems have become ubiquitous in safety-
critical applications involving dangerous tools or environ-
ments (space, military, underwater, search and rescue), or
performance-critical domains (such as medical surgery). The
visibility of the remote workspace is crucial in these systems
for safe and successful task completion, typically achieved
through video streams from remote cameras. This visibil-
ity mirrors the natural coupling between manipulation and
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viewpoint in everyday tasks, such as a person crouching to
adjust a valve or moving one’s head to navigate a cluttered
space [1], indicating the operator’s innate preference to cer-
tain perspectives for optimal task execution.

Although several works on camera perspective assessment
have focused on telerobotic tasks, little attention has been
paid to telerobotic cutting. Despite the success of teleop-
eration in diverse fields, it has been seen as an unsuitable
modality for manufacturing, mainly because of throughput
concerns. We investigate a teleoperational task that replaces
an existing manual cutting operation called “skiving”, where
operator uses a razor-blade to remove heat-shrinks or cov-
ering layer material for creating exit ports for catheters, in
a clean-room medical device manufacturing context. The
existing method presents an ergonomic risk, leads to varia-
tion in product quality, and requires significant investment in
operator training. Moreover, the cutting operation requires
straight and curved cuts on a deformable object, which
increases task complexity and limits the viability of full
automation. Hence, replacing it with remotely controlled
human-in-the-loop telerobotic cutting is advantageous, pro-
viding the flexibility and adaptability required for the manip-
ulation of miniature and malleable objects, precise cutting
tasks, and low-volume production with high personalization,
while maintaining a sterile environment. Considering these
characteristics, having sufficient view-points and depth infor-
mation is crucial for the operator to fully capture the remote
environment, while performing collision-free movements.

We propose and evaluate Human Machine Interface
(HMI) design solutions based on (a) intuitive control and
(b) visual information feedback for situational awareness [2]
for this teleoperational cutting task. In this work, experi-
mental trials are conducted using a representative Styrofoam
work object for the cutting operation. The Styrofoam work-
piece exhibits local deformability characteristics comparable
to catheter tubing, thereby enabling the study to focus on the
operator’s cutting trajectory. As the primary objective of this
work is to evaluate operator performance during a teleoper-
ated cutting task and not to replicate the full industrial skiving
process used in manufacturing, the use of a Styrofoam sur-
rogate is appropriate. This material provides a practical and
controlled means to study cutting behavior while remaining
within the scope of the investigation.

The main contributions of this work are:

e HMI solutions based on ergonomic and human-centered
principles.

e A multimodal human-centered experimental framework
for the evaluation of proposed solutions and for design
guidance.

e Detailed analysis of the impact of two teleoperation inter-
faces and interaction factors (perception and control) on
human state, behavior, and performance.

@ Springer

The paper is organized as follows, in Section 2 we describe
work related to the design and evaluation of the telerobotic
system. The HMI teleoperation designs are proposed subse-
quently in Section 3 and the framework employed for human-
centered evaluation is described in Section 4. The user
experiments and results are presented in Sections 5 and 6,
respectively. A final discussion of the results and concluding
remarks is presented in Section 7 and 8.

2 Related Work

Two major problems exist in remote human-machine interac-
tion: (a) control and (b) awareness of the remote environment.
A key factor influencing operator performance in remote
environment awareness, as noted in [3], is the field of
view (FOV) and the positioning of camera viewpoints. For
single camera systems, an adaptive FOV solution can miti-
gate limited visual information, requiring, for example, the
automation of the camera-in-hand robot arm to provide effec-
tive viewpoints [4]. Alternatively, multiple fixed cameras
can provide a variety of view-points and perspectives, but
increase the mental computations required by the operator to
integrate information from mismatched camera frames [3].
Fixed frame, in here refers to the camera view whose orien-
tation and position are rigidly attached to the environment
rather than the robot or the operator’s viewpoint. Because
the camera does not move with the robot, the visual informa-
tion is presented in a static, world-aligned reference frame.
In teleoperation, the control frame denotes the coordinate
frame in which operator inputs are interpreted and mapped
to robot motion. Multiple view-aligned control frames [5]
lead to better telemanipulation performance, but without sig-
nificant differences in user performance between an explicit
(button) or implicit (eye-gaze-based) mode of control frame
view selection. View-aligned control frames in the litera-
ture and in the current teleoperation study refer to control
frame aligned along the operator’s perspective of the envi-
ronment, thereby, the operator remotely controlling a robot
through a camera feed, the data or commands sent are struc-
tured according to how the operator views the environment.
Although automatic switching (implicit) is the preferred way
to select the active view [5], it can hinder performance if the
user utilizes the other views for visual information and not
control. In this work, we investigate a three-camera inter-
face approach with explicit selection of view-aligned control,
since it is critical that the operator is completely aware and
in control of the active control-frame to avoid irreversible
cutting errors.

Virtual-(VR), augmented-(AR), mixed-reality (MR), and
augmented virtuality (AV) have been used in teleoperation to
compensate for degraded video image [3]. They provide addi-
tional visual functionalities [3, 6], generate a greater sense
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of embodiment [7-9], and integrate multiple 2D/3D visual
streams in a virtual reality environment, thus enhancing depth
perception and spatial awareness [8, 10—12].

Most works use mixed reality for integrating a virtual
workspace with 3D depth image information from the real
workspace. While being efficient, the quality of these 3D
reconstruction techniques are still insufficient for dynamic
environments involving small parts, and are typically useful
only for large object grasping, manipulation and assembly.
In contrast, in tasks requiring real-time quality visual feed-
back, for instance, cutting tasks, we show that direct camera
streams are preferred to a mixed-reality interface with a 3D
virtualization of the remote scene.

To evaluate the effectiveness of the proposed user inter-
faces operators’ biosignals can me are measured. Biosignals
offer an objective means of assessing cognitive workload,
as elevated cognitive demands require greater allocation
of mental resources to maintain task performance; this
increased demand manifests itself in measurable changes
in several bodily systems, including alterations in cardiac
activity, variations in electrical brain signals such as EEG pat-
terns, and modifications in oculomotor behavior such as eye
movements and pupil dilation. These physiological responses
provide valuable insights into the operator’s mental state and
can be leveraged for real-time monitoring in high-stakes envi-
ronments [13, 14]. A substantial body of literature addresses
this subject [15-17]. Several physiological-based objective
indicators have been shown to complement task-based per-
formance metrics and subjective user questionnaires (e.g.,
NASA Task Load Index (NASA-TLX)) in the design and
evaluation of systems from the user/human perspective [18—
20]. On the one hand, task-based performance metrics are
not applicable for all teleoperation modes or operator tasks,
such as in supervisory roles, and on the other hand, subjective
assessments are biased by operator preference and difficult to
use for the comparison of small interface changes. Objective
physiological indicators of operator state are better suited for
the analysis of HMI features as performance shaping factors
[21, 22].

This work proposes a human-centered evaluation approach
for designing HMISs, based on a neuroergonomics framework
[23], which addresses the limitations of the neurophysiologi-
cal construct of mental workload in human performance anal-
ysis. The framework has theoretical foundations underlying
the identification of important degraded states of human per-
formance, mapped to two neurophysiological dimensions,
arousal, and task engagement. The concept of task engage-
ment captures the objective-oriented aspect of consciousness,
and arousal captures the levels of disengagement that occur
in high or low stimulation states, as shown in [24]. In this
work, we use multimodal physiological indicators of arousal
and engagement, and compare them with baseline indica-
tors of mental workload, from a consumer-grade eye-tracking

device and mobile electroencephalography (EEG) device, for
increased robustness against noise, motion artifacts, and sub-
ject variability. The results of this work present evidence
supporting the use of engagement and arousal constructs
to capture the impact of teleoperation HMI design on the
operator state, that cannot be fully captured by the typical
assessment methods.

More recently, Large Language Models (LLMs) have been
employed to further assist operators in decision-making and
task planning, through context-awareness and understanding
[25]. Our work is essential for identifying the most effec-
tive and contextually relevant information about the human
operator to be used as feedback in LLM-based adaptive
planning. Such systems have been used to autonomously
manage robot routine tasks, allowing the operator to focus on
monitoring and higher-level decision-making [26], to support
and augment human decision-making with fast processing
and analysis of complex sensor data [26], and to facili-
tate communication through automatic speech recognition,
providing another channel for feedback and operator intent
recognition [27].

User studies have assessed performance and workload
in teleoperation, also using Eye-tracking or EEG modali-
ties, by designing tasks to induce varying levels of workload
[5, 28, 29]. In contrast, this study brings the user closer to
the work domain under real conditions [30], by selecting a
case study-based task and the testing of functionally relevant
ergonomic design factors. Moreover, the use of multimodal
physiological (both Eye-tracking and EEG) indicators of the
same psychophysiological constructs allows us to capture a
broader range of individual responses under the same condi-
tions.

The needs and constraints of the case-study task are pre-
sented in the next section.

3 Experimental Setup

An operator must perform a smooth cutting operation on a
styrofoam workpiece using a hot-wire tool mounted on the
robot wrist, as in Fig. 1 (Left), by moving the tool along a
collision-free spatial trajectory depicted in Fig. 71. The cut-
ting action must be executed in a single attempt to ensure
success; a correctional action is not possible. The high-
magnification camera system relays the current state of the
remote environment, however visual occlusions can occur
due to the three-dimensional nature of the task.

3.1 Teleoperation Cell
The teleoperation cell consists of two linked stations: the

operator side and the remote robot station, as shown in Fig. 2.
The system uses a KUKA KR4-Agilus robot with a hot wire

@ Springer
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Fig.1 Experimental setup. (Left) KUKA KR4-Agilus station shown a hot-wire cutting setup. (Right) Real-time digital visualization (user-interface)

during execution

tool, controlled via a Phantom Omni haptic device through
ROS-Noetic. Three cameras (two fixed, one wrist-mounted)
monitor the cutting area. A Unity interface displays video
feeds and representative virtual model, connected through the
Unity-Robotics-Hub toolbox over an ethernet network. The
styrofoam workpiece features a guiding line for trajectory
planning.

3.2 Interface Design

Under the assumption that HMI factors can affect the cog-
nitive/mental state of the operator and consequently the
teleoperation task performance, we built upon prior human-
centered solutions to propose four user interface designs.
These HMIs are used to test two formulated hypotheses
regarding their impact on the operator.
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Fig. 2 Overview of the proposed human-in-the-loop telerobotic sys-
tem architecture and communication structure, connecting the operator
station and the remote robot station. The pink arrows represent the data
received from the robot station, i.e. real-time video streams from three
cameras. The orange arrows represent the Cartesian velocity input data

@ Springer

sent from the remote station by the operator using the phantom omni
device to control the robot. All data communication is enabled through
Ethernet network between the Remote station (Ubuntu-OS) to the oper-
ator station (Windows-OS) to ensure low-latency
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Fixed control frame

Activated view frame

Fig. 3 The HMI designs for teleoperation of a cut task: (A.1) “Fixed
control HMI” with a four-window split screen with three cameras and
3D environment, using a fixed control frame; (A.2) “Explicit view-
aligned control HMI” with a green border highlighting the active control
frame, switchable by clicking another camera stream; (B.1) “Single
view focus HMI” with a two-window design showing the 3D environ-

All interfaces’ designs shown in Fig. 3, provide three cam-
era streams and a 3D virtual robot environment. The cameras
provide real-time workpiece visualization and cutting tool
perspective. The virtual 3D environment (VE) is shown for
global spatial awareness and depth perception (Fig. 1). A
“free-roaming camera” is added to the VE to allow the user
to interact with the scene in three dimensions, without being
restricted to the fixed camera perspective views.

3.2.1 Experimental Hypotheses

Hypothesis I - “Fixed control HMI” (design A.1 in Fig. 3) vs.
“Explicit view-aligned control HMI” (design A.2 in Fig. 3):
Multiple view-aligned control frames (design A.2) enhance
cut task performance and interaction efficiency compared to
a fixed control frame (design A.1), in a multi-camera mixed-
reality interface [5]. Design A.2 allows users to switch control
frames by selecting a view-aligned frame (highlighted in

A2 X ] — -

Translation
Rotation
ON/OFF hot-wire

Activated view frame

Activated view frame

ment and a view-aligned control frame, with the active view changeable
by clicking the corresponding camera on the 3D model, which highlights
it in red to help map the camera’s workspace location to the displayed
view; (B.2) “Multiple view visual hierarchy HMI” with a four-window
layout with the active control frame and 3D environment centered, and
smaller camera streams at the top left, switchable by clicking a stream

green), requiring the operator to keep the awareness of which
is the active control frame.

Hypothesis 2 - “Single view focus HMI” (design B.1
shown in Fig. 3) vs. “Multiple view visual hierarchy HMI”
(design B.2 shown in Fig. 3): Displaying a single control-
aligned camera view in separate windows (design B.1)
improves remote awareness and depth perception with lower
mental workload [31], compared to displaying multiple cam-
era streams simultaneously (design B.2), which increases
distraction and control confusion [3].

4 Human-Centered Design Evaluation
Framework

We use the neuroergonomics framework as a model of

human performance for the proposed design evaluation.
Two types of biosensor are used to capture the relevant

@ Springer
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psychophysiological constructs, EEG and Eye-tracking. EEG
offers high temporal resolution and low latency measures
of neural activity in response to external stimuli or mental
processes [32-35]. Eye tracking can be performed with less
intrusive sensors (e.g. glasses or sensors attached to a screen)
and provide temporal and spatial information on blinks, gaze
fixations, and pupil changes, although with much lower tem-
poral resolution compared to EEG [36].

5 User Experiments
5.1 Study Protocol

The within-group experiment was implemented using Tobii
Pro Lab version 1.181.37603, separately for each of the
hypotheses, assigning each subject to one of the hypotheses.
The experiment received ethical approval N°© REC-20-52C
and all subjects gave their informed consent. Each subject
tested the two conditions associated with the hypothesis,
assigned in counterbalanced order. Subjects were asked to
perform a total of six tests (cut six workpieces) using two
designs/conditions, with a baseline recording of 30 seconds,
small rest periods in between trials, and a longer rest between
conditions. After each trial, the participant assessed their per-
ceived state and performance on the task using self-rating
questionnaires (created with Psytoolkit version 3.4.0). The
subjects performed a familiarization trial before the record-
ing started. Participants must control the hot wire at the
end-effector of the robotic arm to cut a (2cm x lcm) rect-
angular profile section on a styrofoam workpiece. The task
starts with the end effector located at a fixed home position
and ends with the participant clicking on a quit button on the
interface, after the cut is performed to the satisfaction of the
participant.

The final dataset was collected for 27 subjects (17 males,
10 females) within the ages of 24 and 64 (mean age = 36, std
age = 11), with varied reported level of previous experience
with teleoperation (#low experience level 1 — 5, #experience
level 2 — 8, #experience level 3 — 5, #high experience level 4 -
9). Each hypothesis was assigned 13 different subjects. Sam-
ple size estimation was not conducted due to data collection
and participant recruitment constraints.

5.2 Bio-Sensor Data Collection and Pre-Processing
The subjects performed the tasks while wearing the mBrain-
Train’s wireless EEG cap (Smarting mobi, mBrainTrain,

Serbia), with a sampling rate of 500Hz, and facing a Tobii
Pro Nano Eye-tracking device mounted on the task monitor,

@ Springer

sampling eye data at a rate of 60Hz. The EEG and Eye-
tracking devices were set up and calibrated at the beginning
of the experiment, and the signals were synchronized during
collection with the Lab Streaming Layer (LSL).

Before metric computation, both EEG and Eye-tracking
require pre-processing, to handle noise and other artifacts.
A conservative pre-processing pipeline of EEG recordings
is chosen with manual removal of bad components using
EEGLAB [37], to avoid biased findings. EEG data are filtered
with 40 Hz low-pass filter and 1 Hz high-pass filter, then bad
channels are identified visually, removed and interpolated,
remaining channels are re-referenced to the average, fol-
lowed by Artifact Subspace Reconstruction [38] for artifact
correction with std dev parameter set to 13, and Indepen-
dent Component Analysis with the use of the Independent
Component Label tool [39] for the identification of non-
brain components. The cleaned recordings are segmented for
each baseline and trial and the associated features are com-
puted. For pupil size recordings, the data are segmented for
each baseline and trial, and consequently filtered to remove
invalid samples associated with blink or pupil dilation speed
artifacts, by sample imputation with the mean of 20 neigh-
boring samples. The resulting signal for the right and left eye
is averaged, followed by the computation of pupil size fea-
tures. Gaze fixation durations and time samples are obtained
directly from the Tobii Pro Lab software. The location and
duration of blinks are identified from the coordinated loss
of data for both eyes, with a duration between 100 and 400
milliseconds.

To mitigate the variation between trials in physiological
signals, the average of the baseline values is subtracted from
the trial data to obtain the normalized trial signal. Other met-
rics associated with behavior, such as blinks and gaze, are
not subject to the normalization process.

5.3 Human-Centered Metrics
5.3.1 EEG-Based Features

Under user state metrics, three EEG indexes based on
changes in spectral power are calculated, as seen in Fig. 4
1. for one trial. Mental Workload Level (MWL) is estimated
by the ratio between the frontal midline theta band power
(4-7 Hz) and parietal midline alpha band power (8—12 Hz)
[40]. Task engagement index (EI) is monitored by the ratio
between theta power, alpha power, and beta band power
(13-30 Hz) [32]. The arousal level (AL) can also cause
spectral power changes, namely on the F3 and F4 (pre-
frontal) channels’ beta power ratio over alpha power ratio
[41]. The trial-based mean and standard deviation features
are extracted from the normalized trial values.
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EEG indexes

MWL index H
4 —— Arousal index
—— Engage index
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Time (min)
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Fig. 4 User state physiological indicators: I. EEG-based MWL,
Arousal, Engagement indexes, depicting a high peak of MWL in orange
and depression of arousal in blue, during the cut stage, and slow increase

5.3.2 Eye-Tracking-Based Features

Under Eye-tracking metrics associated with the internal
user state, statistical features are extracted for the nor-
malized pupil diameter signal, gaze fixations as seen in
Fig. 411, and the identified blinks. Under Eye-tracking user
behavior metrics, the transition and stationary gaze entropy
are computed for the trials, using AOI gaze hit sequence
data, considering the set of AOIs defined for the interfaces
(S_AOI = front_cam, side_cam, robot_cam, virtual_env,
option_menu). The transition entropy provides insights into
the pattern of use of the different AOIs in the interface, such
that the higher the entropy, the more randomness there is in
the gaze transitions, indicating an exploratory visual attention
pattern. While the stationary entropy of the gaze can inform
about the use of specific AOIs for the task, such that a high
value indicates equally distributed visual attention between
the AOIs, and a low value indicates a concentration on spe-
cific AOIs. The entropy metrics are computed following the
equations in [42]. To assess gaze focus on specific interface
AOlIs, the gaze fixation time ratio on each AOI is computed,
visualized in Fig. 61. through the use of heat maps.

Reported User State

NASA-TLX SAM

Temporal Demand Physical Demand

Arousal level

Performance ,]Mental Demand

€789

Effort Frustration

Dominance level

Fig. 5 Reported user state results: averaged NASA-TLX, SAM, and
EQ scores across conditions. PCA reveals: (PC1) A.2 with highest task
meaningfulness, valence, and dominance, while B.1 and B.2 were low-
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of engagement in green during the task. II. Gaze fixation signals, show-
ing a long fixation aligned with the start of the cut. Grey stripes mark
the task start, and red lines indicate the start and end of the cut

5.3.3 Reported User State Features

Under reported user state metrics, NASA-TLX question-
naire [43] measures are obtained for each trial, on a scale
between 1 (Very low) - 10 (Very High), for the perceived
mental demand, physical demand, temporal demand, perfor-
mance, effort, and frustration. The self-assessment Manikin
(SAM) questionnaire [44] measures are obtained for the emo-
tional valence on a scale between 1 (Negative/Unhappy) - 5
(Positive/Happy), the emotional arousal on a scale between
1 (Calm/relaxed) - 5 (Excited/vigilant), and the emotional
dominance on a scale between 1 (Not in control) - 5 (In con-
trol). The Engagement questionnaire (EQ) [45] measures are
obtained on a scale between 1 and 7, corresponding to the
level of the subject’s reported active involvement and level
of reported purposeful intent. The average scores obtained
across subjects for each design can be visualized in Fig. 5.
An additional usability questionnaire was performed at the
end of the experiment to collect general preference infor-
mation between interfaces A and B, used in an exploratory
analysis.

=—A.l
—A.2
—B.1
—B:2

EQ PCA

Present

Focused

Meaningful task

Interested

Dedicated to finish

Significant contribution
PC3

Full attention

est; (PC2) A.1 had the highest mental/physical demand, frustration,
and arousal, decreasing from A.2 to B.2; (PC3) A.2 and B.2 showed the
lowest temporal demand and highest arousal
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Fig. 6 User behavior data: I. Fixation heatmaps reveal limited atten-
tion to the virtual environment and the front camera view, affecting
the users’ situational awareness of the position and location of the end
effector, focusing most of their attention on following the cut trajectory
on the side and the robot cameras. This can be an indication that the
mental demand of the cutting task is too high to maintain the situa-

5.3.4 User Behavior Features

User behavior metrics are retrieved from ROS topics saved
as Rosbags. The trial features include the number of
clicks for translation and rotation commands, changes and
rate of change of the active control frame, mean end-
effector velocity, path length, cut-to-total trial time ratio
and the active time ratio for each control frame (S¢y =
front_cam, side_cam, robot_cam). Path smoothness S
(1) is measured to assess control effectiveness and quality
using: the log dimensionless jerk for uncontrolled accelera-
tion variations [46], spectral arclength for speed variations
[46], lateral deviation (standard deviation of position values
perpendicular to movement) and the number of positional
peaks along the movement direction, reflecting bumps and
corrective re-cutting.

1 ¢ !
S=1[- j l)ld —.,n=3 1

n;ok+sk> i) 705" (1
where n corresponds to the number of discontinued path seg-
ments, ji corresponds to the log dimensionless jerk of the
segment, s/; to the spectral arclength of the segment, /dy to
the lateral deviation of the segment, py to the total peaks in
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mean speed = 0.054 cm/s
max speed = 1.291 cm/s
smooth index = -0.39

mean speed = 0.082 cm/s
max speed = 1.487 cm/s
smooth index =-0.10

tional awareness through the use of the available interface information.
II. End-effector trajectories from lowest to highest smoothness index.
The two worst trajectories depict an user with difficulty in aligning the
hot-wire with the cut line, as shown by the orange lines tracing the
end-effector position since its first contact with the workpiece

the position coordinates along the segment, and / to the path-
length. Values are scaled by path length to penalize extended
paths. The robot sample trajectories and the corresponding
smoothness index are shown in Fig. 611.

5.3.5 Task Performance Scores

Under user performance metrics, task time is used as a per-
formance score, computed as the time from when the subject
clicked the play button on the interface to the time the subject
ended the task. A qualitative cut quality score is attributed to
each trial workpiece, on a scale from 1 (worst) to 10 (best),
considering the worst cut and the best cut of the experimental
samples, as shown in Fig.71. The distribution of scores can
be seen in Fig. 711

6 Experimental Results
6.1 Statistical Analysis of the Hypotheses
To test the hypotheses, we perform an “within-group”

pairwise comparison for each of the two groups: control
factor and perception factor. The non-parametric two-sided
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I Cut quality qualitative scoring

Quality score =1 Quality score =5 Quality score =10

Fig.7 User performance data: I. Cut workpiece examples with quality
scores of 1 (worst), 5, and 10 (best). The example for quality score 5
shows the difficulty of the user in accurately controlling the end-effector
and following the cut trajectory, creating bumps and slanted cut lines

Wilcoxon signed-rank test with matched pairs is used, as it
is suitable for low sample sizes (13 subjects per hypothesis).
The effect sizes, calculated as the matched pair rank-biserial
correlation for the Wilcoxon sign rank tests, are interpreted as
r=0.1 = small, 0.3 = medium, 0.5 = large, 0.7 = very large.
Considering that comparisons are made between the aver-
ages of the three trials, it is expected that these individual
tests can only identify with high probability true signifi-
cant differences between conditions (0.8 power, 0.05 « error
prob.) that have very large effect sizes (as computed with
Gpower [47]). As our goal is not to draw an overall con-
clusion about the effect of the interface design, but instead
explore separately each variable (some that are indicators

ll. Cut quality score dist. Task completion time dist.
175

15.0

125

Count

10 50

5 25

2 4 6 8 10
score

200 400 600 800

Task time (s)

1000 1200

in the workpiece, compared to the example of quality score 10. II. Per-
formance metrics show a skewed distribution, with most participants
achieving high scores

used in a novel context) related to either task performance,
user state or interaction efficiency, we did not correct for
multiple comparisons.

6.1.1 Hypothesis 1 - Statistical Analysis of the Control
Interaction Factor

We investigated the statistical differences between interfaces
A, implementing different control strategies. Table 1 presents
significant and non-significant (n.s.) differences, including

visible trends.

Physiological and questionnaire metrics assessed internal
user states. Although EEG-based indicators did not present

Table 1 Hypothesis 1 - control

interaction factor P-values of Metric Feature (A.1 vs. A.2) p-value
pair-wise comparison for EEG (User State) MWL mean (A.2 > A.1) 0.216
conditions A.1 and A.2
MWL std (A.2 > A.1) 0.110
Arousal std (A.1 > A.2) 0.057
Engagement std (A.1 > A.2) 0.127
EYE (User State) Gaze speed std (A.1 > A.2) 0.006**, r=0.79
Blink duration (A.2 > A.1) 0.042%, r = 0.62
Self-Report Mental demand (A.1 > A.2) 0.240
Perceived performance (A.2 > A.1) 0.036%, r =0.73
Behavior Clicks (A.1 > A.2) 0.080
Path length (A.1 > A.2) 0.340
Cut/Task time ratio (A.1 > A.2) 0.194
Performance Cut score (A.2 > A.1) 0.039%, r = 0.65

% 0.001 < p <0.01,%0.01 < p <0.05

std - standard deviation, r indicates the effect size
The user state EEG-based indicators did not present significant differences. The EYE-based indicators reveal
a significant mean blink duration difference between the conditions, indicating lower workload with A.2, that
along with more efficient control (lower number of controller clicks), may have led to the significantly higher

user performance
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significant differences, the differences obtained for other
metric groups and the correlation with Eye and self-reported
user state metrics observed in Fig. 10, present some support
for the EEG user state results. For example, the “Explicit
view-aligned control HMI” (A.2) is potentially associated
with more stable arousal and engagement levels (lower std,
n.s.), indicating consistent physiological activation and task
engagement that can have impacted the performance dif-
ferences observed. Eye-tracking-based differences include
significant effects on gaze speed std (p < 0.01,r = 0.79)
and mean blink duration (p < 0.05,r = 0.62), with
very high and high effect sizes. Shorter blink durations
(46.33 £ 19.57 ms) imply higher workload states, possibly
due to visual misalignment with the control frame in A.1.
Significant large and very large effects were found on per-
ceived performance (1.12 +0.89, p < 0.05, r = 0.73) and
cut quality score (1.06 £ 0.78, p < 0.05, r = 0.65), both
favoring the “Explicit view-aligned control HMI”. General
behavior trends (n.s.) suggested that A.2 promoted more effi-
cient control (fewer controller clicks) and longer alignment
times, positively influencing cut quality.

6.1.2 Hypothesis 2 - Statistical Analysis of the Perception
Interaction Factor

Statistical differences between interfaces B, which imple-
ment different visual designs, are presented in Table 2,
including both significant results and non-significant (n.s.)
trends.

The perception interaction factor did not show signifi-
cant effects on EEG user state indicators, but significantly
influenced eye tracking metrics, revealing again an effect
on user state. The “Multiple view visual hierarchy HMI”
(B.2) resulted in larger pupil diameter (0.21 £ 0.20 mm,
p < 0.01,r = 0.89) and greater deviation (0.24 £ 0.24
mm, p < 0.01, r = 0.85), lower blink rate (0.05 + 0.04 Hz,
p < 0.01,r = 0.89), and a n.s. trend for longer blinks, sug-
gesting increased visual attention and lower visual workload
than the “Single view focus HMI” (B.1). Gaze patterns also
differed significantly. Interface B.2 promoted a balanced use
of visual feedback as measured by a higher gaze entropy.
In contrast, B.1 showed significantly higher fixation on the
side camera (0.12 £+ 0.06, p < 0.05) and VE (0.09 £ 0.05,

Table2 Hypothesis 2 -

Feature (B.1 vs. B.2)

p-value

. . Metric
perception interaction factor
P-values for conditions B.1 and EYE (User State)
B.2
Self-Report
Behavior
Performance

Pupil diameter mean (B.2 > B.1)
Pupil diameter std (B.2 > B.1)
Gaze speed mean (y) (B.1 > B.2)
Gaze speed std (y) (B.1 > B.2)
Fixation duration max (B.2 > B.1)
Blink duration mean (B.2 > B.1)
Blink rate (B.1 > B.2)

Mental demand (B.1 > B.2)
Temporal demand (B.1 > B.2)
Frustration (B.1 > B.2)

Path length (B.2 > B.1)

End-effector velocity mean (B.2 > B.1)
Gaze Stationary Entropy (B.2 > B.1)
Front cam. fix. ratio (B.2 > B.1)

Side cam. fix. ratio (B.1 > B.2)

Robot cam. fix. ratio (B.2 > B.1)
Virtual env. fix. ratio (B.1 > B.2)

Task time (B.1 > B.2)

0.002%*, r = 0.89
0.005%*, r = 0.85
0.057
0.057
0.244
0.150
0.002%*, r = 0.89

0.11
0.12
0.025%, r = 0.74

0.127

0.057

0.191
0.024*,r=0.76
0.048%, r = 0.62
0.010**,r=0.78
0.001#**, r = 0.93

0.216

*%0.001 < p <0.01, %0.01 < p <0.05

std - standard deviation, r indicates the effect size
The user state EYE-based indicators suggest B.2 interface is associated with lower visual workload and
increased attention compared to interface B.1. To understand the differences in interface use, we refer to
the significant differences in interface AOI fixation ratio, observing a more balanced gaze fixation spatial
distribution with interface B.2 and increased fixation on the VE with interface B.1, as expected. This interface
use difference was associated with a reported user state difference, specifically higher frustration with B.1,

but no significant difference was observed in the user performance measures
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p < 0.001), likely due to its manual camera switching pro-
cedure, leading to greater reported frustration (1.38 % 1.06,
p < 0.05) and perceived demand (n.s.). Though the “Single
view focus HMI” aimed to reduce visual load and improve
awareness by requiring interaction with the VE for camera
selection, user feedback indicated it was cumbersome and
disrupted performance. Despite these differences in user state
and interface use, no significant differences in performance
were observed, although B.1 showed a n.s. trend of longer
task times, possibly due to lower mean end-effector velocities
(associated with lower control efficiency).

6.2 Interface Design Evaluation

To evaluate the interface designs across groups and par-
ticipants, a correlation matrix between metric groups was
used to identify features best suited for assessing human
performance, including variations from experimental con-
ditions and individual differences (e.g., skill, experience).
Features with significant correlations (p < 0.05) and Pear-
son’s r > 0.1 were prioritized for interface comparisons.
The sensitivity to actual and perceived performance was esti-
mated using effect sizes (Pearson’s ), with thresholds: small
(Jr] = 0.1), medium (|r| = 0.3), and large (|r| = 0.5).

A Principal Component Analysis (PCA) was performed
on normalized questionnaire data to reduce dimensionality
and capture meaningful reported user states. The first com-
ponent (PC1) reflected task preference, combining positive
contributions from perceived task meaningfulness, valence,
dominance, and negative from frustration. The second (PC2)
reflected higher mental and physical workload, arousal, and
frustration, while the third (PC3) captured perceived arousal
positively and temporal demand negatively. PC2 and PC3
suggest higher activation/vigilance may link to higher task
demand or lower perceived temporal demand, as the task had
no time limit.

The results in Fig. 10 indicate that few individual features
exhibit a strong linear correlation with task performance,
specifically EEG metrics. However, EEG features along
with reported experience level, did demonstrate a medium-
strength correlation with perceived task demand from the
questionnaires, suggesting that individual physiological fea-
tures alone may be insufficient for performance prediction
due to complex and potentially non-linear relationships.
Task behavioral metrics showed strong correlations with per-
formance but remain highly task-dependent, with limited
applicability in other scenarios. Reducing extreme cognitive
demands and enhancing user comfort may better help prevent
performance degradation.

A comparison of all four interfaces using physiological
features may be influenced by subject-wise variations, as

normalization across subjects for all conditions was not fea-
sible. However, significant correlations were still observed.
The larger deviations in EEG arousal (» = 0.35) and engage-
ment index (r = 0.21) were positively correlated with task
time, suggesting that in short tasks such as the present (mean
task time = 4.72 minutes, as observed in Fig. 71I), the diffi-
culty in maintaining activation and engagement can reduce
efficiency. The “Explicit view-aligned control HMI” (A.2)
showed a lower trial-averaged EEG arousal standard devia-
tion as shown in Fig. 8, panel I), while the “Fixed control
HMI” (A.1) showed higher EEG engagement and arousal
standard deviation as seen in panel I. and II. of Fig. 8.

Eye tracking features showed small to medium corre-
lations with task quality (pupil diameter: r = 0.26, gaze
fixation deviation: r = 0.25) and task efficiency (pupil diam-
eter: r = —0.36, gaze fixation deviation: r = —0.27),
along with inverse correlations between blink rate and per-
formance measures (cut quality: » = —0.22, task time:
r = 0.29). The larger pupil diameter and lower blink rates
suggest higher task engagement and visual attention, which
contribute to improved efficiency and quality. Fixation dura-
tion varied across task stages: the alignment stage involved
shorter fixations as all three cameras were used for end-
effector alignment, while the cutting stage required longer
fixations on the side camera for line tracking, as seen in
Fig. 411. Consistent long fixations may indicate persevera-
tion and reduced situational awareness. Both interfaces A.2
and B.2 exhibited generally higher mean pupil diameter and
lower blink rates (Fig. 8IIL, IV).

The perceived/reported user state features demonstrated
a significant correlation with task completion time but did
not capture variations in cut quality. This suggests partici-
pants may have associated longer task duration with higher
task demand rather than cut accuracy or that quality varia-
tions were difficult to perceive. As shown in the PCA graph
in Fig. 5, the “Explicit view-aligned control HMI” was con-
sidered the preferred interface. However, both A.1 and A.2
were associated with higher perceived mental and physical
demand, frustration, and arousal than the “Multiple view
visual hierarchy HMI”.

Control efficiency indicators, including the number of
controller clicks, mean end-effector velocity, and path length,
correlated with task time (» = 0.52, r = —0.41, r = 0.56,
respectively), while trajectory smoothness correlated more
with control quality and skill (r = 0.37 with cut qual-
ity and r = 0.22 with experience level). The use of the
front camera as the control frame correlated with longer
task times (r = 0.26), suggesting lower control usability
compared to other views. Still, the “Multiple view visual
hierarchy HMI” (B.2) promoted a more balanced use of con-
trol frames potentially associated with achieving generally
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Fig. 8 User state metrics box-plot of subject-wise averages for each
condition. I & II - Subjects presented overall higher EEG engagement
and arousal index deviation throughout the trials with interface A.1 the
“Fixed control HMI”, potentially associated with difficulty in maintain-

lower task completion times observed in Fig. 91V, while the
“Single view focus HMI” (B.1) showed higher use of the
side and robot cameras, and the “Explicit view-aligned con-
trol HMI” (A.2) exhibited cases of excessive reliance on the
side camera, as shown in Fig. 91. These results suggest that
limited use of control frames could be detrimental for the effi-
ciency of tasks with complex manipulation and alignment,
and support the conclusion from Hypothesis 1 that multi-
ple control frames are more effective than a single one. In
contrast, the visual use of the cameras, measured by fixation
duration ratios and gaze entropy, did not directly correlate
with performance, as observed in Fig. 10. Although interface
B.1 showed the highest fixation ratios in the VE, as shown
in Fig. 911, overall the VE was used less frequently than the
cameras, as shown in Fig. 61, and did not provide effective
visual or performance feedback.

@ Springer

Condition

ing activation and engagement. III & IV - Subjects presented overall
lower pupil diameter and higher blink rate with interface B.1 the “Sin-
gle view focus HMI”, suggesting lower task engagement and visual
attention

Longer task times were significantly correlated with
shorter cut phases and extended alignment stages (r = —0.41
with the Cut / Task time ratio), suggesting that task delays
were primarily due to the alignment stage, highlighting the
need for additional manipulation training.

Potential confounders in the statistical comparisons and
correlations include subjects’ teleoperation experience and
initial eye fatigue, assessed via a pre-experiment question-
naire. The level of experience was positively correlated with
the mean diameter of the pupil (» = 0.34) and the second
PC of the characteristics of the reported state of the user
(r = 0.34), linked to higher perceived performance and
lower frustration. Eye fatigue showed a medium-strong cor-
relation with blink rate (r = 0.48), possibly influencing its
sensitivity as a performance indicator. In longer tasks, blink
rate may be less reliable for assessing user state.
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Fig. 9 User behavior and performance metrics box-plot of subject-
wise averages for each condition. Subjects presented generally lower
task times with interface B.2 the “Multiple view visual hierarchy HMI”
as observed in panel IV, that promoted a more balanced use of control

7 Discussion
7.1 Virtual Environment

Although the literature suggests that an interactive virtual
environment can support situational awareness and depth
perception [8, 10-12], our experiments showed that it was
not useful for the teleoperation task, as shown in the results
of Table 2. Uninterrupted motion has been for the most
part not crucial in prior work use cases, typically involving
manipulation and pick-and-place of common objects. Cut-
ting tasks with a hot-wire require continuous motion, focus
and high-quality performance feedback, which users found
better provided by camera views. However, users still need
support for situational awareness, collision avoidance, and
error prevention, as we observed that collisions occurred due
to situational awareness loss, despite the VE’s presence.

7.2 User Biometrics

Statistical testing showed significant differences across all
metric types except for EEG-based metrics, as observed in

frames in panel I. Interface A.2 presented generally higher cut quality
scores as depicted in panel III, but some subjects did not made full use
of the ability to select different control frames and used only the side
camera throughout

Tables 1 and 2. While EEG has been effective for workload
classification in tasks with increased demands, our results
suggest it is less sensitive to subtle interface design changes
with smaller sample sizes. We hypothesize that these results
may be due to both inter- and intra-subject variability, dif-
ficult to account for in small datasets, as well as the use
of a consumer-grade EEG device with limited performance.
Additionally, they may reflect the underlying assumptions
that informed our selection of the three specific EEG indexes,
thereby offering useful insights to inform the design of future
EEG-based studies. Given the cost, setup complexity, and
data pre-processing required for EEG, Eye-tracking emerged
as a more accessible option for interface evaluation.
Mixed-metrics triangulation proved to be effective in test-
ing HMI interaction factors, as different metrics were sensi-
tive to different design elements. The control factor impacted
teleoperated task quality and perceived performance, poten-
tially due to the effect of control-view compatibility on
mental workload, as show in Table 1. However, the percep-
tion interaction factor influenced the use of the interface,
visual engagement, and operator frustration, but did not sig-
nificantly affect the performance, shown in Table 2.
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Fig. 10 Trial-based correlation across all subjects and conditions,
grouped by main metric groups (|r| > 0.10, p < 0.05). 1) EEG
metrics and experience level correlate with perceived user state. 2)
Decreased arousal and engagement link to lower task efficiency. 3-4)
Adaptive visual attention correlates with shorter task times and higher
cut quality. 5) Higher blink rates link to longer, lower-quality tasks. 6)

Overall, the results indicate that traditional mental work-
load assessments, employing questionnaires, may be less
sensitive than bioindicators in capturing the impact of HMI
factors on the user, as observed in the testing of Hypothesis
1 show in Table 1. Furthermore, in the testing of Hypothesis
II, the mental workload construct alone does not adequately
explain the differences observed in the bioindicators between
interfaces, better explained by the concept of engagement
(particularly associated with lower blink rates) and arousal
(bigger pupil diameters), underlying a higher visual atten-
tion state, as shown in Table 2 for condition B.2. These
results show once again the benefit of using of mixed-metrics

@ Springer

Users did not perceive task demands affecting cut quality. 7-8) Con-
trol metrics (e.g., controller clicks, velocity, smoothness) correlate with
performance; smoothness reflects skill. 9) Front camera use impacted
performance. 10) End-effector alignment affected task time. 11) Eye-
tracking reliability may decline with fatigue during longer tasks

and support the use of the neuroergonomics framework [23]
for the evaluation of user state and performance in human-
machine interactions.

7.3 Interface Evaluation

Correlation analysis showed that Eye-tracking metrics, sup-
ported by self-report assessments and human-machine inter-
action data, can assess performance states independently of
interface configuration, as shown in Fig. 10. Larger pupil
diameter and lower blink rates, linked to higher visual
attention and arousal, correlated with shorter task times
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particularly in conditions A.2 and B.2, which also showed
better performance efficiency, seen in Figs. 8 and 9. This
aligns with Rendon-Velez et al. (2016) [48], highlighting the
need for interfaces that balance engagement and workload,
especially in repetitive tasks, and for operator assessment
methods that evaluate engagement and arousal, in addition
to mental workload effects.

Self-reported data favored interface A.2 for user pref-
erence, while B.2 had the lowest perceived task demand,
visualized in Fig. 5. Control metrics (controller clicks, end-
effector velocity, and smoothness index) also indicated better
performance in A.2 and B.2. Standard smoothness metrics
like trajectory jerk and spectral arc length did not fully
capture issues such as lateral deviations from situational
awareness loss. Therefore, a task-specific smoothness index,
scaled by path length, was proposed to better assess con-
trol efficiency, skill, and accuracy for this cutting task. The
proposed index can also serve as an indicator of operator pro-
ficiency, allowing supervisors to assess whether additional
training is required, and to estimate the cut quality that can
be expected from an operator’s current skill level based on the
smoothness and control efficiency exhibited during similar
tasks.

7.4 Practical Implications and Applications

The findings discussed in the prior sections suggest that
teleoperation interfaces for precision tasks should priori-
tize perceptually compatible viewpoints, informative real-
time performance feedback, and user-state-aware evaluation
methods to enhance control efficiency, situational awareness,
and error prevention.

Although this study focused on a teleoperated cutting
task, the findings generalize broadly to remote and supervi-
sory control domains that require continuous motion, precise
manipulation, and high situational awareness. The demon-
strated benefits of view-aligned control frames, explicit view
selection, and multi-camera feedback translate directly to
industrial telemanipulation, remote inspection, hazardous-
environment maintenance, and medical or surgical teleop-
eration, where camera—control compatibility is critical for
performance and error avoidance. Similarly, the sensitivity
of eye-tracking metrics to operator engagement and arousal,
compared with the lower responsiveness of traditional work-
load questionnaires and consumer-grade EEG, highlights
their value for real-time monitoring and interface evalua-
tion in high-precision, screen-based remote tasks, including
medical device manufacturing of catheters including skiv-
ing, hand gluing, or other fine-grained instruments/catheter
guidance scenarios performed under constrained visual con-
ditions. More generally, the mixed-metrics neuroergonomics
approach adopted here provides a transferable framework
for designing, assessing, and optimizing human-machine

interfaces across domains involving continuous control,
enabling safer operation, improved usability, and more reli-
able assessment of operator state during complex remote
tasks.

7.5 Limitations

This study presented some limitations, namely the sample
size, the number of tasks and conditions tested. The location
and duration of the experiments, due to the long setup time
of the equipment, constrained the number and experience
level (distribution is skewed) of subjects able to participate
in the study, and not allowing to follow the recommended
sample size from the power analysis (sample of 35 partici-
pants needed to detect a large effect size (r = 0.5) with 80%
power, as computed with Gpower [47]). Consequently, the
statistical power of the study is impacted, particularly for
the proposed EEG metrics. Nonetheless, it was still suffi-
cient to detect meaningful effects of HMI factors on the user
state using the proposed eye-tracking metrics, even if the
experimental conditions were not designed specifically to
induce them, and these effects were observed for a short task.
The results highlight the practical significance of employing
task-independent eye-tracking metrics, as opposed to task-
dependent measures, to optimize the design and evaluation
of teleoperation interfaces particularly under real-world con-
straints characterized by limited time and human resources.

Another limitation of this work was the design and use
of the VE, limited to a passive role in supporting depth per-
ception and situational awareness, as employed in previous
works (see Section 2). The results showed that for such a
task, the users need active assistance for collision avoidance
and to maintain awareness of the end-effector location and
position, without overloading the visual channel (e.g. using
haptic or auditory cues).

8 Conclusion and Future Work

We propose a human-in-the-loop teleoperation task for med-
ical device manufacturing, presenting mixed-reality designs
for cutting miniature objects. The approach can be adapted to
other fine-manipulation tasks. A multimodal human-centered
evaluation framework was introduced and tested through
a user-study with consumer-grade EEG and Eye-tracking
devices, providing valuable insights for telerobotic interface
design and evaluation.

Our work supports the argument that typical subjective
user metrics and task performance metrics are limited in the
analysis of human performance and performance impacting
factors. Eye-tracking measures in particular provide a more
objective view into the state of operators and how it s affected
by HMI factors, having still shown a significant correlation
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with teleoperation performance across different participants
and interfaces.

Despite the limitations of the study, the results show
that for fine-manipulation tasks, control-view frame mis-
alignment has a potential for higher impact on teleoperation
quality than visual information organization in the interface.
Moreover, high-quality, immediate and informative perfor-
mance feedback is essential for real-time adjustment of
uninterrupted irreversible actions, such as cutting tasks.

Future work will explore interaction factors and evaluate
user interaction across the task’s two stages. The end-effector
alignment stage, which required more time and focus on
cut-line tracking, may benefit from stage-specific interface
optimization. These findings can support the development
of teleoperation interfaces for cutting and fine-manipulation
in manufacturing and guide human-centered evaluation
approaches. Beyond interface design, this work could also
facilitate the integration of human-aware Al with human-
centered design principles, to achieve the next generation
of adaptive telerobotic systems, able to adapt their interface
to the user state, enhancing both operator performance and
safety in Industry 5.0 environments. Future work will focus
on real-time user-state prediction, using fused multimodal
sensor data, to leverage the complementarity of multimodal
information and capture more relevant features with less
noise. This real-time feedback could be used to inform Al-
based interface adaptation, an LLM-based agent for user
support and guidance, camera/perspective switching, or even
autonomy level adaptation (from manual teleoperation, to
collaborative, supervised, all the way to full autonomy).
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tary material available at https://doi.org/10.1007/s10846-026-02383-
z.
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