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Abstract
In human–robot collaboration (HRC), human motion capture can be considered an enabler for switching autonomy between
humans and robots to create efficient and safe operations. For this purpose, wearable motion tracking systems such as IMU
and lighthouse-based systems have been used to transfer human joint motions into robot controller models. Due to reasons
such as global positioning, drift, and occlusion, in some situations, e.g., HRC, both systems have been combined. However,
it is still not clear if the motion quality (e.g., smoothness, naturalness, and spatial accuracy) is sufficient when the human
operator is in the loop. This article presents a novel approach for measuring human motion quality and accuracy in HRC. The
human motion capture has been implemented in a laboratory environment with a repetition of forty-cycle operations. Human
motion, specifically of the wrist, is guided by the robot tool center point (TCP), which is predefined for generating circular
and square motions. Compared to the robot TCP motion considered baseline, the hand wrist motion deviates up to 3cm. The
approach is valuable for understanding the quality of human motion behaviors and can be scaled up for various applications
involving human and robot shared workplaces.

Keywords Motion capture · Human–robot collaboration · Human motion · Motion evaluation · Smart workplace · Jitters ·
Light-house system · IMU · Virtual reality

1 Introduction

In cognitive production systems, digital humanmodeling and
motion generation are some of the core components required,
e.g., for process planning. Adoption of decisions that are
human-centric in production system may lead to a new
paradigm according to [9]. Collaborative robots are another
component of the cognitive production system requiring
human understanding to efficiently complete tasks during
human–robot collaboration (HRC). The ultimate goal is to
enhance safety in the working space and human worker effi-
ciency. There are different techniques for acquiring human
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motions that can be semantically represented as move, reach
and others using words or sentence structures (e.g., [31]).
Wearable motion tracking systems such as IMUs in produc-
tion environments are being evaluated to acquire motions of
a human body for interfacing with robot controllers [7,23].
In a real-time motion tracking process, redundant motion
measurement techniquesmay be required to analyze whether
the system follows the desired path accurately or not. Accu-
rate motion tracking requires a reliable motion synthesis
approach that is capable of quantifying variation of motions
to allow closed-loop controller designs.

Quality measures explain the smoothness and natural-
ness of the motion based on motion frame and explainable
variance analysis, respectively. Motion quality is crucial for
designing human–robot interaction strategies, specifically
for smart workplaces. A smart workplace refers to a hybrid
environment consisting of humans, robots, parts of products,
and process descriptions. A common task in such a smart
workplace includes product assembly jointly performed by
a robot and human systems. In this aspect, the motion of one
system can be influenced by the other. Either a robot follows
a humanworker, or the humanworker complements the robot
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motion [16,21]. A robot that can recognize a human action
maycollaborate to complete difficult tasks in dynamic assem-
bly environments [35]. In most HRC applications, tasks are
explicitly allocated to a robot or a human [18,28]. If we con-
sider scenarios inwhich the robot adapts itsmotion according
to human body joints, the movement’s accurate replication
remains challenging. The human body joints always follow
varying paths during task repetitions. This makes it diffi-
cult for robots to collaborate using a predefined and static
path. Unlike industrial robots, the human worker produces
non-unique and less precise motions for any given repetitive
process in such collaborations. In this regard, human motion
modeling that adapts to spatial and temporal variations has
been considered. For instance, Gaussian Mixture Modeling
(GMM)[34], Motion Clustering (k-means) [13], Probabilis-
tic Motion Modeling [1] and Deep Learning-based motion
synthesis [14] are some of the common approaches.

A human following a robot’s motion with physical inter-
action may alter the motion accuracy due to the human body
applying force to the robot. In such a scenario, motion track-
ing is essential to explicitly identify the motion behavior of
the human and the robot, particularly in assembly processes.
Similarly, it can improve efficiencywhile empowering robots
to be adaptable and intelligent. Recently, various groups
have presented collaboration schemes between humans and
robots. Some of these schemes can be described as a manual
assembly process [15], cognitive understanding for coordi-
nated physical interaction [6] and intentional human–robot
physical collaboration [2]. It has been shown that human
motion capture systems are capable of acquiring human
motion behaviors which is coupled to robot behavior con-
trol. An example is gesture-based robot control. A robust
method of quality measure can be advantageous for quanti-
fying accuracy, smoothness and temporal variations. Good
motion quality leads to safer or accepted human-centered
workspace which is envisioned in Industry 5.0 [12].

2 Related work

Human motion capturing is used to simulate human motion
behaviors in manual or collaborative tasks. For instance,
human-like robots are used for replicating human motion
based on one-to-one re-targeting [7]. Motion tracking sys-
tems that are generally used for human arm motion tracking
can be categorized into optical, inertial, mechanical, mag-
netic, and acoustic techniques [10].

Optical-based motion capturing systems may use mul-
tiple cameras fixed at different locations to visualize all
body parts and joints. The positions and orientations of each
joint are calibrated to a fixed reference frame. Based on the
motion-sensing techniques, a distinction is made between
marker-less and marker-based optical systems. A marker-

less optical system such as a Kinect sensor tries to calculate
the position of a person’s body parts without additional aids
[27,32]. On the other hand, marker-based systems use mark-
ers that are attached to a person’s body. Multiple cameras
are required to determine the position of the markers in the
working space. Considerable amounts of cameras have been
used for resolving occlusion problems. This improvesmotion
accuracy compared to the marker-less system [10].

Inertial measurement units (IMU) are commonly consid-
ered for tracking human body motions by various groups
in different applications [3,11,19]. Furthermore, some IMUs
also have a magnetometer to improve the accuracy of the
sensor values, although this exposes the system to changing
magnetic fields. The main challenge with this technology is
the retention of absolute position and drift compensation.

Different motion capturing systems (e.g., HTCVive) have
been investigated concerning their precision and accuracy. In
[24], the precision and system latency of HTC Vive’s posi-
tion and orientation are described quantitatively. Significant
changes in offset are reported when tracking data are lost in
a virtual reality application. Two identical Vive systems are
combined and compared with the WorldViz Precision Posi-
tion Tracking (PPT) system in their work. According to [4],
the HTCVive headset and Vive trackers are used for tracking
accurate and low latency human body motion for an immer-
sive virtual reality experience. The approach used tomeasure
the latency of theVive tracker data is using a high-speed cam-
era. However, it is unclear if the result is applicable in shared
activities involving human and robot physical interaction.

In summary, the development of motion tracking may
require the integration of various systems. Interfacing var-
ious systems may affect accuracy, reliability, controllability,
or usability depending on the desired applications. From
our preliminary investigation, we have considered a spatial
analysis to understand how a motion capture sensor (e.g.,
HTC Vive) behaves when it is directly attached to the robot
surface. The result exhibits significant noise (see Fig. 1),
which requires advanced filtering techniques. The visual-
ization shows before and after filtering are applied to the
IMU system. The IMU system motion capture is not easy to
decouple the functionality into a single sensor for measuring
the independent motion of the sensor using MVN analyze.
Therefore, we assume that the IMU system will exhibit the
same behavior as the lighthouse system. Based on this pre-
liminary test, we believe that placing a sensor directly on an
actuating robot is susceptible to errors and noises that can
arise due to system noise (e.g., drift, vibration) and occlu-
sion. Therefore, we ruled out the sensor placement on the
robot body for quality measuring. Direct mapping of sen-
sors from the actual human to the digital human model is
performed. In order to align the digital model orientation
and position with the actual human, a transformation of the
human joint motion has been applied. A similar approach has
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Fig. 1 Preliminary test with sensor placement on a robot TCP visualization with raw and filtered sensor data

been presented in [30,33] in which human motion tracking is
implemented for running inUnity3Dand robot operating sys-
tem (ROS). In [36], a hidden Markov model to compensate
latency of human motion has been presented. Accordingly,
the authors state that the predicted motion has a root mean
square error of up to 2.3mm, considering the spatial position
of the wrist joint. Here, investigating the motion capturing
system’s quality and accuracy, e.g., near the actuating robot,
could be an interesting research question.

3 Objective

This work presents a methodology to determine the accuracy
and quality of human motion capture systems for human–
robot collaboration settings, in which a robot and a human
jointly perform tasks and the robot takes a leading role.

The proposed application considers a joint operation of
gluing a rubber strip on a car door, specifically for a window
glass, which requires a circular and square motion profile.
The robot is proposed to perform gluing operation, while the
human worker is fixing the position following the robot’s
motion. Considering only the joint motions, a methodology
that extends a previously presented approach, that has not
considered joint activities with robots, is proposed for mea-
suring motion capture quality [20]. In order to gain insight
into its principle applicability and accuracy, it is tested with
two motion capture systems and two participants of differ-
ent height and size for preliminary investigation and testing.
Thorough tests with a broader range of participants that may
ensure general applicability is beyond the scope of this work.

The achievement of this objective could be used for:

– More realistic motion generation methods for human–
robot physical interaction in situations of artifacts, occlu-
sions, and drifts.

– Consistentmotiondata handling and interface approaches
between human and robot models for simplifying control
and motion data management.

– Digital mirrors of the physical system for developing
seamless human–robot collaboration and understanding
how autonomy slides between the systems.

4 Methodology

In order to develop a novel method for evaluation of motion
capture accuracy and quality in HRC scenario, the following
procedures are defined.

1. Define workforce requirements: For designing the exper-
imental scenario, average workforce that fits for HRC
activities is defined. Accordingly, two participants with a
height between 160 and 190cm, and Body Mass Indexes
(BMIs) ranging from 20 to 30 are proposed. Age, gender,
geography and so on are not in the scope of this investi-
gation.

2. Create digital human model: For each participant, an
avatar model with a skin and a kinematic model is set
up.

3. Build a physical cobot setup: A cobot is set up so that
it can move on a circular trajectory of 40cm diameter
and a square trajectory of 40cm width and height. Both
circle and square stand perpendicular to the floor. Their
centers are positioned 160cm above the floor. These two
trajectories are chosen to be (i) simply reproducible and
(ii) to cover a reasonable area of the ergonomically ideal
working space (following [17]).

4. Create a digital twin of the cobot setup: Both cobot and
human models are set up in one 3D environment. The
human avatar is positioned so that the hip joint is situated
at a 40cm horizontal distance to the trajectory centers
opposite of the robot (c. Fig. 2). From the standard idle
poses of the avatars, feet positions are derived andmarked
on the physical shop floor for each participant.

5. Model connection between the human hand and cobot
TCP: When being guided by a robot, there is a non-
negligible deviation between the robot TCP and the
human wrist trajectory. In preliminary tests, we have
investigated this deviation for both trajectories and par-
ticipants, finding systematic spatial deviations along the
vertical axis in a range of 4 to 7cm. Since this is con-
sidered too high for meaningful motion analysis, a wrist
constraint ismodeled that comprises an offset from the tar-
get position at the cobot. The constraint offset matches the
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Fig. 2 Experimental setup for IMU (e.g., B) and HTC Vive (e.g., A, C)-based motion capturing process during physical interaction (e.g., C, B)

distance between the central hand joint and the wrist joint.
It limits wrist joint angles to the interval [0 deg, 10 deg].
Using this method, the deviation could be reduced to 2–
4cm,measuredwith anXsens IMUsystemduring the first
30 s, in which drift stays minimal. This constraint is set up
for the wrist joint of each human model in the digital twin
as described. This step enables the following descriptions
of HRC evaluation methods.

6. Set up motion capture system: The motion capture sys-
tem that shall be tested is set up and linked to the digital
model so that both robot and human motions are repli-
cated in real time. In the case of the lighthouse system,
two base stations of the HTCVive are mounted on tripods
at the height of 1.80m, facing toward the center of the
workspace, which has an action area of 1.50m × 3.00m.
In this aspect, the human stays inside the line of sight to
avoid potential occlusions.

7. Conduct motions: For each participant, each trajectory is
repeated 40 times at each take. Two takes are captured
for each trajectory and participant. Joint angle data are
calculated in real time from the human using the motion
capture system’s post-processing software and targeted to
the human model in the digital twin.

8. Measuring motion quality and accuracy using spatial,
motion frame and statistical methods.

9. Compare wrist trajectories: Motion captured wrist trajec-
tories from (7) are comparedwith simulated ones from (8)
using the FPCA approach (s. Sect. 6.2) that was presented
in [20] and an RMS approach (s. Sect. 6.1).

Moreover, the following sections present details from the
aspects of motion capturing, modeling (Sect. 5) and evalua-
tion (Sect. 6).

5 Motion capture andmodeling

A working space shared by humans and robots requires an
interactionmodel. A digital working space (cf.[22]) provides

a virtual shop floor for simulation and process verification.
The virtual environment, which is the digital twin of the
actual system, facilitates the motion capturing system by
mapping the actual joint motions into the digital model. For
this matter, the digital robot model (DRM), digital human
model (DHM) and kinematic model (KM) are required com-
ponents that have been adapted from previous works. The
DRMcomprises a geometricmodel of a robot with kinematic
chains, while DHM comprises geometrical human models
with kinematic trees connecting joints and links. The KM
helps for mapping the actual systems (from sensors) into
the digital model using forward kinematics (FK). In the cur-
rent investigation, we have implemented forward kinematics
for the lighthouse-based motion tracking consisting of nine
trackers. In the case of the IMU-based system, the Xsens’s
MVN analyzes software that has been employed to capture
and stream real-time motions into the digital twin environ-
ment. Using the advantage of real-time data streaming of the
robot, human joints, and tracker poses into the digital twin
environment (e.g., the Unity 3D (version 2020.1.17f)), the
plausibility ofmotions is instantlymonitored (see Fig. 2). For
post-processing activities, a robot operating system (ROS),
which is the most common platform, has been used for cap-
turing the states of the robot using the ROSBAG service.

While placing sensors on the human body, themotion sen-
sors provide data of the body segment at the surface which
is approximated with kinematic tree. Thus, it is necessary to
use a realistic human model that minimizes the body pos-
ture errors. The DHM body postures are represented using
rig bones and skin mesh, which is generated using theMake-
Human1 software. MakeHuman is an open-source tool that
allowsusers to create a 3Dmodel of a person.A skeletonmea-
surement is taken for customizing the digital model. There
are 53 joints in this model, but only nine trackers in the case
of HTC Vive and 17 trackers in Xsens systems are attached
to the human body. The motion data are stored in a consis-

1 http://www.makehumancommunity.org/.
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tent file format (e.g., BVH) for easing data parsing during
simulation and post-processing analysis.

A predefined path that is based on the target use case for
circular and square motions is proposed to guide the human–
robot jointmotion.However, the interaction forces exerted by
a human on the robot may affect the accuracy of the motion
capture. Using ROS#2 asset, the actual robot motion is trans-
ferred into theDRM throughWebSocket interface. TheDRM
is developed based on official URDF-files from the ROS-I
repository.3 The first script lets the TCP move on a circu-
lar path of 200mm radius. With the second script, the TCP
moves along a square path with an edge length of 400mm.

6 Statistical motion evaluation and
comparison

The evaluation and comparison approach employs a statis-
tical method that is based on spatial deviations, variance of
principal components and temporal variations that are further
discussed in Sects. 6.1 and 6.2.

6.1 Evaluation of motion artifacts

The approach presented in [24] has described motion fluc-
tuation using the root mean square (RMS) for observations
from frame i to i + 1. RMS helps to measure deviations
between successive frames from the captured data set. This
approach yields the velocity of the deviation resulting from
the change in position and orientation of the tracker and robot
tool center point. The larger the value of the RMS, the larger
the observed motion deviation. Similarly, the RMS is used to
describe the jitters of the sensing system. The magnitude of
the RMS is used to describe the impact of the jitters’ artifacts.

Motion capturing of the human wrist and the robot wrist
is not conducted in the same reference frame. Therefore,
both systems have been transformed into a common ref-
erence frame. The data are normalized to the mean and
standard deviation of 0 and 1, respectively. The transformed
and normalized motion data retain its shape and the original
properties of the data set.

6.2 Deviation with respect to the principal
components

A principal component analysis is one of the common
approaches used for identifying patterns in data explaining
the similarities. By employing a functional principal compo-
nent analysis (FPCA), a transformation of the raw data on

2 https://github.com/siemens/ros-sharp.
3 https://github.com/UniversalRobots/Universal_Robots_ROS_
Driver.

Fig. 3 The two-dimensional spatial representation and distribution of
the first cycle operation

the hyperplane yields the explainable variances and eigen-
values. The explainable variances are used to measure the
percentage of variation for each component. In this particular
investigation, for the sake of simplicity, only joint positions
are considered, which is defined by three PCA components.
The eigenvalues are used to analyze how theprincipal compo-
nents are oriented, and this is useful to compare themeasured
data with the reference frame. The higher the explained vari-
ation, the higher the motion naturalness (c. [8,20]). In our
aspect, the motions are supposed to be planar. Therefore, any
resulting deviation from a planar motion is a motion devia-
tion that is due to unintentional human hand pressure. By
employing a method developed in [25], the principal compo-
nents are computed and analyzed in Sect. 7.2.2.

7 Results

The motion quality is measured based on spatial artifacts,
the naturalness of the motion, and temporal deviations.
Specifically, naturalness is measured based on the explain-
able variances of FPCA analysis, and spatial artifacts are
described based on rootmean square (RMS) errors. The accu-
racy is evaluated by comparing the captured motion with the
robot trajectory.

7.1 Motion from physical interaction

A motion of two systems (i.e., human and robot) is simul-
taneously captured. In such cases, it is necessary to create
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consistent frame rates and sampling frequencies to ensure
accuracy evaluation occurs in the same space and time
domain. All motions are captured at the same frame rate of
60 Hz and with the same working space and configuration.
The robot is programmed to execute a square and circular
motion at maximum speed. Several data sets are recorded
for each experiment. The motion similarities are compared
and analyzed in Sect. 7.2.

7.2 Motion comparison

The motion data visualized in Fig. 3 illustrates spatial human
wrist and robot tool center point motions. It is motion-
captured in real physical interaction following a defined path
in collaborative mode. Single-cycle operations depicted in
Fig. 3 help to visualize the distinction among all captured
motions.

All these motions represent only the hand wrist joint posi-
tion behavior.As is depicted inFig. 3, the robotTCPmotion is
considered the reference motion or ground truth. The human
wrist motion is a point on the robot’s wrist surface at an off-
set. In the actual recording, the motion spread in all scenarios
is exhibited due to the human hand posture’s irregularity at
each path point (see Fig. 3). The robot trajectory is straight-
forward for comparing the captured humanmotion and shows
the goodness of motion qualities as described in Sect. 6.

7.2.1 Artifacts in spatial analysis

Spatial observation and representation are considered for
qualitative analysis of the motion capturing systems and
interaction behavior. The human hand and the robot tool cen-
ter point follow a predefined path in which the robot takes
the leading role. The motion from the HTC Vive in Fig. 3
has exhibited motion artifacts that are associated with jit-
ters. The motion quality (e.g., smoothness, continuity) of the
Xsens system (Fig. 3) is better than the HTC Vive and the
robot motion. However, the motion is not uniform through-
out the test. The robot motion relatively generates a reliable
motion that is replicable.

Jitters—It is time-varying motion data that have been
quantified as a displacement of peak-to-peak. It is observed
in both types of motion capture systems, but it is boldly vis-
ible in the HTC Vive trackers in both test scenarios (i.e.,
square and circular). Jitters can be analyzed usingRMSmeth-
ods cf.[24]. The x-axis motion observed along the number
of frames in Fig. 4 shows large signals of the motion cap-
ture (Fig. 4a, d). Similarly, the robot motion also exhibits
jitters which can be due to the robot’s vibration (Fig. 4c, f).
By comparison, the IMU-based system shows fewer jitters
(Fig. 4b, e). Compared to the preliminary investigation with-
out a human in the loop, the quantified mean square error
reduces the magnitude by 50%. The applied filtering tech-

nique is a convolutional smoothening that applies a fixed
convolution dimension on a time series using a weighted
window [26].

Hand pose instability—It is difficult to maintain the
human hand’s position and orientation in a fixed pose during
continuous and cyclic motion capturing. In addition, human
body joints may occlude each other in the lighthouse-based
motion capture systems. As can be observed from Fig. 3c,
d, the visualization shows elastic deviation along the x-axis.
This is due to the instability and inability to constrain the
human hand pose. This problem is expected to occur fre-
quently in an HRC due to disturbances or unintentional
actions. Moreover, hand pose instability is a significant con-
tributing factor to motion deviations (see Fig. 3).

Drift—The human avatar who is standing in the same
place appears to be sliding across a virtual floor during a
prolonged motion simulation. As a result, the motion slides
along with all axes, creating an offset (see Fig. 5). The drift
of IMU systems may cause this. It is difficult to decouple
the drift effect from the deviation due to hand instability
and the motion capturing technique. Although observation
yields distinguishable behavior—e.g., the hand instability
has a fluctuating pattern that is spatially constrained, how-
ever, the drift accumulates as long as the simulation takes
place.

Deviation—We have measured the path length of each
scenario to measure the similarities of the reference path.
The circumference of the circular path of 0.2m radius is
approximately 1.23m and the square path of 0.4m becomes
1.60m. Accordingly, the path length difference of the HTC
Vive with human in the loop is 0.09m beyond the planned
path. The IMU system deviates up to 0.05m. Compared to
the raw sensor datawithout human in the loop, the path length
deviates approximately 0.4m. The filtered data have shown
an improved deviation which is less than 0.1m (see Table 1).

7.2.2 Naturalness evaluation using principal components

The third eigenvalue obtained in the FPCA computations is
orthogonal to the first two, spanning the projection plane
so that it equals the normal vector to the plane. FPCA for
the robot is also performed to compare it with the human
FPCA. The computed eigenvalues range between 0.7 and 4
degrees. And the explained variances range from 96 to 99.9
% (see Table 1). The lowest explainable variance (96.61%) is
obtained for circular motions of the HTC Vive system. The
path length 0.8% and 7% deviation from the reference for
circular motions is 2% and 4% for square motions of IMU
and lighthouse systems, respectively. Compared to the pre-
liminary investigation, the explainable variance is improved
from 89 to 99.98% due to the applied filtering technique.
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Fig. 4 The Violin plots for
jitters observation. a Circular
motion capture using HTC Vive,
b circular motion using IMU
system (Xsens), c circular
motion of the robot, d square
motion capture using HTC Vive,
e square motion using IMU
system (Xsens), f square motion
of the robot

Fig. 5 Illustrative result for the first five cycles without and with human in the loop. a Square motion without human in the loop; b circular motion
without human in the loop; c square motion with human in the loop; (d) circular motion with human in the loop

8 Discussion

According to the results described in Fig. 3, the human hand
wrist does not generate the same movement pattern as the
robot tool center point. It is also indicated that the robot’s
motion is not unique for each cycle operation. It is also
challenging to accurately position the human body joints

usingwearable sensing systemsbecause such sensors employ
simplified human skeleton models and body postures. This
produces significant positional offsets in the actual environ-
ment, whichmay affect human and robot performance during
collaboration. Figure6 illustrates the difference in joint sens-
ing location and measured point. In this aspect, it has been
required to compensate joint offset. The current investiga-
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Table 1 Quality (e.g., FPCA explainable variance, RMS) and accuracy (e.g., path length deviations) measures quantitative results

Scenario Path length [m] Expl. var. [%] Jitters RMS

IMU Circle 1.22 99.54 0.21

IMU Square 1.65 99.67 0.23

HTC Circle 1.32 96.61 0.26

HTC Square 1.68 99.06 0.25

HTC Square (*) 1.99 89.23 0.47

HTC Circle (*) 1.62 91.14 0.45

HTC Square (**) 1.64 99.96 0.22

HTC Circle (**) 1.32 99.98 0.20

TCP Circle 1.23 99.99 0.23

TCP Square 1.63 99.99 0.19

(*)—raw data without human in the loop, (**)—filtered data without human in the loop

Fig. 6 Assumption in digital twin-based joint motion sensing and mea-
suring

tion measures the motion quality and accuracy with respect
to the robot tool center point (TCP). The robot’s motion is
more accurately captured than the human motion.

Naturalness, temporal variations and spatial artifacts are
the parameters employed to measure motion qualities and
accuracy of motion capture systems. Jitters and deviations
measure the accuracy while FPCA measure the motion
qualities. Results from jitters and deviations exhibit hetero-
geneous distributions for each trial. Therefore, amulti-modal
distribution statistical analysis approach is employed in
accordance with [5]. For a multi-modal analysis, violin plots
are one of the techniques used in various works to describe
the observations’ distribution through graphical approaches.
Accordingly, the jitters measured in the case of HTC Vive
show uni-modal distribution regardless of the motion types.
When we analyze the robot’s jitter distribution, it is uni-
modal for square motions and multi-modal distributions for
circular motion (see Fig. 4). With Xsens motion capture, the
circular motion is bi-modal, whereas the square is tri-modal
distribution.

The potential cause for such multi-mode observation can
be the Kalman filtering approaches that are implemented in
MVN Analyses (c.[29]). Around turning edges (see Fig. 3),
the data depict multi-peak curves that are leading to multi-
mode distribution. In the case of jitters analysis (Fig. 4), the
HTC Vive shows a uni-mode distribution. The Xsens-based
motion curve is smoother than the robot, but the shape is

inaccurate. The smoother motion does not guarantee that the
motion quality is good and accurate.

Results show that the lighthouse-based motion captures
yield good positional stability with rough motions regardless
of the motion type. Conversely, the IMU system generates
smooth and stable motion but exhibits significant drift. The
quality measure from the explainable variances shows good
quality for Xsens motion data than the HTC Vive motion
data. A combination of both systems may generate more
robust motion as presented by Xsens.4 The inherent problem
observed in this experiment is jitters which are dominant for
HTCVive systems and drifts in the case of the Xsens system.

The lighthouse-based motion capture is affected consid-
erably by jitters and occlusions (see Fig. 4a, d). The motion
vibration coming from the robot tool center point affects
motion smoothness. By comparison, the IMU-based system
generates better and smoothmotionprofiles. This implies that
the vibration has less effect on the IMU than the lighthouse-
based system. This can benefit human–robot collaborative
tasks where physical interaction with a robot or the auxil-
iary system is desired. Hand flexibility during the operation
affects both systems, but the lighthouse system shows more
deviation along the normal axis.

In general, the presented approach is simple that can
be easily reproduced. The approach can be scaled for an
advanced motion capture setup (e.g., Vicon system cf.[11])
to measure the whole body’s quality. However, it is essential
to consider the equipment cost, setup time, and skill that such
advanced systems require. We suggest using robot systems
as a benchmark for motion capture quality measurement for
a fast and economical solution. Implementation of filtering
techniques such as convolutional smoothening has improved
the quality of the lighthouse system, which is more or less
comparable to the IMU system. However, it requires careful
sensor placement, which should not be exposed to occlu-

4 https://base.xsens.com/knowledgebase/s/article/Position-Aiding-
HTC-Vive-1605787867640.
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sions due to workspace components or self-occlusion. The
current investigation addresses jitters, deviations, and body
joint flexibility (e.g., hand instability) by compensating for
errors or deviations due to human and robot orientations dur-
ing calibration. Similarly, a proper selection of the human
location in the workplace is essential.

In future works, it will be equally important to investigate
robust motion modeling methods in parallel with techno-
logical advancements to maximize motion capture systems’
applicability in shop-floor environments. Such motion mod-
eling techniques may allow robots to learn human motion
behavior and predict real-time intention.

Furthermore, the proposed approach can be applied to var-
ious applications, such as automotive pre-assembly plant,
gluing operation, or surface painting operations in which
hand motions are desired.

9 Conclusion and outlook

Human motion capture can improve how humans and robots
interact in hybrid environments. A good quality motion is
crucial for establishing safe physical interactions, whichmay
create a perception of being safe for joint operations of
humans and robots. The approach to generating accurate
and good motion depends on the quality of the capturing
motion systemand the followedprocedure.Attentionmust be
paid if direct contact between the actuating robot and tracker
is considered to avoid significant jitters and drifts observed
from the captured motion data. Cyclic operations with a pro-
longed duration are susceptible to various disturbances that
can occur intentionally or unprecedentedly. The human body
will mainly experience instability when attempting to main-
tain the pose in the same place.

In general, humanmotion capture in an HRC environment
requires an accurate position of the human worker in the spa-
tial space. Such an integrated system, i.e., HTC Vive and
Robot using a Unity3D and ROS-I environment, may enable
system controllers to enhance working space safety. How-
ever, for both tested motion capture systems, the accuracy of
the motion capturing system is not better than 2cm. Combin-
ing multiple and redundant systems such as the lighthouse
and IMU-based systems can thus be regarded as a potential
solution in determining working space’s safety, particularly
in assembly processes. In this regard, a minimal setup of low
cost and easily accessible gaming tools such as HTC Vive
is helpful for a virtual reality-based process demonstration
and digital touring using data-driven motion capture. Future
work on this topic will include investigating the simulation of
HRC employing integrated IMU and the HTC Vive systems
in unstructured environments.
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