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Abstract— Safe physical human-robot interaction (pHRI) in
industrial settings requires robust and accurate tracking of key
points on the human co-worker’s body and the robot structure.
However, vision-based single-camera tracking solutions often
face many challenges, such as limited field of view (FoV),
detection range, occlusions, and inconsistent detection. This
paper proposes a complementary multi-sensor tracking scheme
that integrates RGB-D and near-infrared (NIR) cameras to
improve human motion tracking accuracy while ensuring
compliance with ISO/TS 15066 safety requirements. For the
first time in pHRI, we deploy an infrared-based tracking system,
originally designed for driver assistance and accident prevention,
to complement RGB-D cameras, which provide detailed pose
estimation at near range but suffer from a narrow FoV. A safety-
oriented complementary approach is developed to fuse human
tracking data from both systems into robot control, integrating
a well-established safety paradigm based on the Safe Motion
Unit (SMU) framework. The proposed system is experimentally
validated in real-world collaborative robotic workspaces across
various pHRI scenarios. Results demonstrate its effectiveness in
respecting human safety constraints, even under challenging op-
erating conditions, without unnecessary performance restrictions.
The complementary vision-based approach improves tracking
accuracy, expands FoV, and enhances reliability, making it a
promising solution for certifiable, human-aware collaborative
robotics in various industrial settings. The video documentation
can be seen at https://youtu.be/xWksc_vhuew.

I. INTRODUCTION

The manufacturing industry has undergone a profound
transformation in recent decades, driven by the integration
of robotic systems and smart sensors. This shift is paving
the way for the so-called Fifth Industrial Revolution (in
short: "Industry 5.0") [1], which places human well-being at
the core of production processes [2], [3]. In this paradigm,
advanced technologies such as robotic solutions are leveraged
to augment workers’ skills, taking over routine and cognitively
less demanding operations while enabling them to focus on
tasks that require creativity and complex decision-making. In
this regard, collaborative robots–designed with lightweight,
compliant structures [4] and equipped with collision detection

This work was partly supported by the Federal Ministry of Research,
Technology and Space of Germany in the programme of "Souverän. Digital.
Vernetzt." Joint project 6G-life, project identification no. 16KISK002, by
the Lighthouse Initiative Geriatronics by LongLeif GaPa gGmbH (Project
Y), and by the European Union’s Horizon 2020 research and innovation
programme as part of the project DARKO under grant no. 101017274.

1 Munich Institute of Robotics and Machine Intelligence (MIRMI),
Technical University of Munich (TUM), Munich, Germany.

2 Robotics and Automation Group, Department of Materials and Produc-
tion, Aalborg University, Aalborg, Denmark.

3 Retenua AB, Örebro, Sweden.
4 Mobile Robotics and Olfaction Lab, Center for Applied Autonomous

Sensor Systems, Örebro University, Sweden.
5 Mohamed Bin Zayed University of Artificial Intelligence (MBZUAI),

Masdar City, Abu Dhabi, United Arab Emirates.

† Corresponding author. Email: mazin.hamad@tum.de

RGB-D Camera

NIR Camera

E
ff

ec
ti

v
e 

fi
el

d
-

o
f-

v
ie

w
 (

F
o
V

)

Accuracy of human motion tracking

Sensor 
FoV

0°

Laser Scanner
Laser scanner 

+ RGB-D Camera

+ NIR Camera

RGB-D Camera 

+ NIR Camera

Most productive 𝒗𝐦𝐚𝐱

Increase in effective FoV → increased performance

Reduction in effective FoV 
⟶ reduced performance

Most conservative

Can see:
all body key points reflective stripes

RESEARCH FOCUS

Perfect 
tracking

No tracking/ 
not observed

𝒗𝐒𝐌𝐔

Fig. 1: Safe robot performance enhancement through visual human
motion tracking: Increasing effective FoV and motion tracking
accuracy enables a transition towards using a more productive speed.

and reaction strategies [5]–enhance process flexibility and task
performance in terms of speed, precision, and payload capac-
ity [6]. In future interactive manufacturing workcells, these
collaborative robots are expected to work in close physical
and cognitive collaboration with humans, forming synergistic
teams that combine respective strengths to accomplish com-
plex tasks [7]. However, ensuring human safety remains a
primary challenge for fenceless robot operation, especially
during physical human-robot interaction (pHRI) phases. To
address this, certified sensor-enabled safety systems are
crucial in detecting and mitigating potential hazards [8].
These systems typically integrate various sensor modalities to
monitor the workspace, assess risks, and implement real-time
safety measures, thereby protecting human co-workers and
surrounding objects [9], see Fig. 1.

The current robot safety regulations demand sensor redun-
dancy and effective safety functions considering worst-case
assumptions in safety-critical applications [10]. A list of the
most relevant standards dealing with safety requirements in
pHRI is provided in [11]. Recent robot safety standards,
such as ISO/TS 15066 [12], specify requirements and guides
for safe interaction and collaborative operation in industrial
settings. For high task performance under safety constraints,
typically achieved through efficient switching of the robot
functional mode [13], precise and reliable tracking of key
points on the human body and the robot structure is essential
[14].

Motion tracking challenges for safe collaborative robots

To prevent accidents when human co-workers are collabo-
rating with robots in shared workspaces and minimize injury
risk when a robot-human collision is unavoidable, the real-
time location of humans, ideally including positions and
movement speeds of their limbs relative to the robot, must
be reliably tracked in real time [15]. In dynamic, largely
unpredictable environments, exteroceptive sensors are usually
employed for this purpose [16]. In such scenarios, safety
analysis must be thorough, enabling the evaluation of various
system configurations and design modifications. However,
as pHRI applications grow in complexity, certain risks may
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be overlooked, especially those emerging over time. This
limitation often leads to ineffective or overly conservative
safety measures, such as maintaining unnecessarily low
operational speeds [17]. The available vision-based solutions
for safe pHRI rely on, at least, a measure of the distance
between the robot and the human. Due to the inevitable
inaccuracies introduced by intrinsic and extrinsic calibration
for visual sensing, even with multi-sensory auto-calibration
schemes [18], a safety margin must be added to the measured
distance when the tracked human is physically interacting with
the robot (cf. Fig. 1). Even though such a workaround might
be enough e. g., for workspace monitoring or navigation tasks,
efficient execution of complex collaborative manipulation
tasks requires tighter interaction spaces while necessitating
an accurate interplay of the used robot(s) with the involved
human(s). Addressing these conflicting requirements while
simultaneously ensuring human safety during pHRI emerges
as a challenging research problem. Furthermore, ensuring
safety certification compliance is another key challenge in
pHRI, particularly in Industry 5.0 scenarios where humans
and robots share workspaces and physically collaborate.

Research problem

To reduce the risk of common-cause failures in safety-
critical systems, the principle of diverse redundancy is widely
applied [19], [20]. For a collaborative robotic system to
be safety certification-ready, it must incorporate redundant
and independent sensing pipelines to meet functional safety
requirements for collaborative operation alongside and with
humans [21]. For this, a dual-camera tracking setup enhances
the reliability of safe robot operation. It further ensures that
the visual tracking system is not only robust in practice but
also aligned with regulatory expectations from bodies such as,
e.g., TÜV1 in Europe. Utilizing this information to monitor
the presence of humans in the vicinity and further track their
motions relative to the robot, any well-established framework
for safe pHRI, such as, e.g., the Safety Motion Unit (SMU)
[22], can be utilized. To ensure safety without unnecessarily
compromising performance, the safety system-based on the
SMU framework in our case must address several tracking-
related challenges. The key challenges include (cf. Fig. 1)

• Limited sensor coverage/narrow field of view (FoV):
Single-camera solutions or setups with poorly located
cameras struggle with near range tracking and may
even lead to a loss of tracking, forcing unnecessary
slowdowns.

• Failures due to occlusions or poor detection: Inconsis-
tent tracking leads to overly conservative velocity scaling
(hence, task performance reductions).

• Lack of multi-sensor redundancy: Redundancy is indis-
pensable for safety-critical systems, making combining
independent sensing pipelines essential for functional
safety certification.

• Unverified safety frameworks: Existing tracking so-
lutions are not yet fully integrated into validated,
certification-ready architectures.

Considering visual sensors, the first three points result in
the inability to detect or sufficiently track the human key
points. Accordingly, the SMU enforces a conservative worst-
case speed limit for the robot operation (vSMU < vmax),

1TÜV is the short acronym for "Technischer Ãœberwachungsverein" in
German, which means Technical Inspection Association in English.

reducing the task performance. Conversely, wider effective
FoV with more accurate human tracking leads to improved
task performance under safety constraints. In the ideal case
of perfect tracking and sufficiently wide effective FoV, the
robot can be operated even at the full desired productive
speed (vSMU = vmax), in case collisions are avoidable or
pose no injury threats. Addressing the intersection of quality
and accuracy of human motion tracking with safety issues
contributes to delivering certifiable tracking solutions and
safety systems for collaborative robots.

Contribution
This paper proposes a complementary vision-based multi-

sensor approach to enhance safe human-robot collaboration.
The proposed approach facilitates improving motion tracking
accuracy and expanding the effective field of view, see Fig. 1,
while supporting compliance with functional safety standards.
Our scientific contributions can be summarized as follows:

I. We propose a novel complementary approach for ro-
bust and safety-oriented human motion tracking, that
integrates RGB-D2 and near-infrared (NIR) cameras
to improve the accuracy, robustness, and reliability of
human pose tracking in dynamic pHRI environments.

II. Integrating independent vision-based pipelines to lever-
age their complementary sensing modalities and
strengths, the proposed approach is reliable and adheres
to the functional safety certification requirements of
having redundant components for safety-critical applica-
tions.

III. For validation, we test our approach empirically against
relevant safety standards and evaluate the resulting
human motion tracking accuracy, cycle time, and detec-
tion coverage, demonstrating compliance with ISO/TS
15066 and supporting the development of safety-certified
human-aware collaborative robotic solutions.

The remainder of this paper is organized as follows. Section
II presents the conceptual workspace sharing scenario and
discusses the proposed setup of vision systems. Section
III discusses the proposed safety-oriented complementary
human motion tracking scheme. The experimental protocol
is detailed in Section IV, where also the developed system
setup is summarized, and the evaluation experiments are
introduced, together with the evaluation metrics and the
proposed safety-oriented visual sensor system. Section V
provides the experimental results for exemplary use cases in
a shared and collaborative human-robot environment. Finally,
a comparative summary of safety-relevant features of different
tracking systems under consideration is given. Section VI
concludes the paper by highlighting the achievements and
some future research directions.

II. CONCEPTUAL WORKSPACE SHARING SCENARIO WITH
TWO COMPLIMENTARY VISION SYSTEMS

We consider the conceptual workspace sharing scenario
presented in Fig. 2, showing several human co-workers
coexisting simultaneously and collaborating with different
types of robots. For such a scenario, an essential visual
perception requirement, from a safe pHRI perspective, is
to provide robust and reliable human detection and motion
tracking. For this, two vision-based systems are deployed

2RGB-D stands for "Red-Green-Blue and Depth". It refers to a type of
imaging system that captures both color (RGB) information and depth (D)
data of a scene, facilitating the 3D reconstruction of the real world [23].
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to track the presence and movements of humans relative to
the robot structures. We propose to monitor a large shared
workspace area with an Emitrace camera, while multiple RGB-
D cameras can be used for near range pose tracking of nearby
human co-workers around each individual robotic workcell, as
illustrated in Fig. 2(A). To differentiate the current workspace
sharing mode (coexistence vs. close collaboration) [13],
[24], we propose to define dynamic interaction regions of
coexistence and collaboration as shown in Fig. 2(B) for the
case of a single robotic workcell. Their instantaneous borders
are defined based on the current locations of both the robot’s
points-of-interest (POIs) and the involved human key points.

OpenPose/RGB-D based system for human pose tracking:
The OpenPose human pose tracking setup employs an RGB-D
camera with a narrow field-of-view (FoV) for near range pose
tracking of nearby human co-workers around each robotic
workcell. It is also integrated with a vision-based tracking
system that estimates the position of body key points of a
human co-worker relative to the robot [14]. As shown in
Fig. 2(B), the human key points are obtained from a vision
processing pipeline that uses an Intel RealSense D435 RGB-
D camera to capture the 2D images and OpenPose with the
BODY_25 model [25] for the identification of human key
points in these images. The key points are then de-projected
using the aligned depth image from the RealSense Python API
to obtain the position of human key points in 3D Cartesian
space with the reference frame origin at the robot base.

Emitrace system for tracking reflective garments: As a
secondary vision system, we propose deploying an Emitrace
[26] system and extending its tracking capabilities for
collaborative human-robot applications. By well-positioning
this near-infrared (NIR) based stereo camera, one can achieve
a large 3D FoV that enables reliable human presence detection
by identifying standard reflective garments, as illustrated in
Fig. 2 (right side). A novel, robust camera-based system
for detecting humans wearing safety clothing with reflective
markers was first described in [27]. The system’s latest version
combines the advantages of NIR stereo and a monocular
color camera vision [28]. This combination allows efficient
detection of reflective patterns, inferring their distance to
the camera, and generating regions of interest (ROIs) for
3D tracking and pose estimation of people wearing safety
garments [29]. A commercial, fully embedded vision-based
system for intelligent driver assistance and accident prevention
on heavy industrial vehicles, termed Emitrace, is available
today [26]. The Emitrace tracking system was extensively
evaluated in many indoor and challenging outdoor scenarios,
and it showed good classification performance and accurate
distance estimation. However, it has not been yet applied
in usage scenarios of collaborative robotics such as the one
shown in Fig. 2.

To summarize, the OpenPose setup employs a relatively
inexpensive RGB-D camera to estimate the human skeleton
and pose. However, it only works at close distances (i.e.,
for near range monitoring and tracking), is less accurate
(due to depth estimation with no active sensors), and has
a slow update cycle (as a result of its visual information
processing pipeline). As shown in Fig. 2(B), the RGB-D
camera can cover the collaboration region and very little
of the coexistence region. On the other hand, the Emitrace
system has a wider FoV and covers both collaboration and
coexistence regions. It can detect reflective markers even
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(A) Conceptual large workspace with one Emitrace camera for monitoring
co-workers in the whole workspace and several robotic workcells (each

with one RGB-D camera at least for near range motion tracking).
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(B) One robotic workcell extracted from (A) showing interaction regions.
pbody and phand are body and hand positions, while dcol and dcoex

are threshold distances for collaboration and coexistence ranges, respectively.

Fig. 2: A conceptual human-robot workspace sharing scenario
showing one Emitrace camera and several robotic workcells, each
with RGB-D cameras. The RGB-D camera tracks the co-worker’s
body parts by pose estimation, while Emitrace tracks the reflective
markers on reflective garments worn by humans.

from far distances across a long range throughout the whole
dynamic workspace under changing lighting conditions via
active NIR sensing. However, possessing these great tracking
capabilities comes at more expensive Emitrace system price
and relatively higher installation costs. Moreover, the com-
mercial Emitrace system has no pose tracking capability and
it has not been implemented on collaborative robots before.
A unified system that combines the tracking outputs of these
two vision systems in a complementary fashion within an
established safety paradigm employing the SMU framework
to gain most of their advantages and avoid their shortcomings
is developed in the following.

III. SAFETY-ORIENTED COMPLEMENTARY HUMAN
TRACKING SCHEME

The schematic description of our proposed perception-
safety scheme, based on the complementary, multi-camera
tracking system, is presented in Fig. 3. The proposed
scheme defines and employs dynamic interaction regions
to simultaneously and optimally satisfy the ISO/TS 15066
requirements for collaborative operation [12] under different
interaction scenarios. The detailed setup of the cameras and
the robot in Fig. 3 is depicted in Fig. 2. The rest of the parts
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are discussed in detail hereafter.
A. Information Processing

As shown in Fig. 3, the set of human(s) motion tracking
data from the cameras is sent and received at the robot side
over a Remote Procedure Control (RPC). A Kalman filter
(KF) is then applied to the received tracking outputs in order
to obtain smoother motion estimates. The KF uses a constant
velocity process model to simulate human motion, as recently
recommended in [30]. Its outputs are smoothened position and
estimated velocity. For all received human key point positions,
the distance to the robot POI3 is calculated. The closest
distance hdist is chosen to determine if the human (e. g.,
hand) is in collaboration (hdist ≤ dcol) or the human body
(e. g., chest) is in coexistence range (dcol ≤ hdist ≤ dcoex).
To this end, the calculated relative distances are checked,
and assigned thresholds of coexistence and collaboration
speeds are applied to limit the robot’s EE task speed. The
tracked position data of both cameras is sent to the robot,
where the velocities are estimated using the Kalam filter.
The relative human-robot velocities are monitored by the
task/robot controller and, if necessary, filtered by the SMU to
ensure human safety upon any potential, undesired collision.
The fusion strategy employs a priority-based approach: RGB-
D tracking takes precedence when available due to its full
body posture tracking, with automatic fallback to NIR tracking
of upper torso movement when RGB-D loses detection. A
Kalman filter smooths transitions between sensors to prevent
abrupt motion changes. While a multi-modal information
fusion was considered [31], [32], the priority-based switching
was chosen for its simplicity and deterministic safety behavior
required for ISO/TS 15066 compliance. Occlusions are
handled via complementary sensing, so when one sensor
is occluded the system automatically switches to the alternate
sensor with more realistic distance measurements.
B. Safe Motion Unit (SMU) Implementation

To enable assessing the effects of tracking quality on safety
and task performance, the proposed complementary visual
tracking scheme is investigated using the SMU [22] as the
underlying safety framework. The primary function of the
SMU framework is to ensure generating safe task velocity
limits in case of potential, undesired collisions (hence, only
safe robot motions w. r. t. to human injury biomechanics),
vmax. This is achieved based on the most conservative
interaction region activated by the relative distance between
humans and robots, i.e., coexistence, dcoex or collaboration,
dcol. For our purposes in this work, the safe thresholds for
dcoex and dcol are directly assigned threshold values based on
biomechanical safety knowledge [33] since we focus rather on
demonstrating the proposed complementary tracking scheme
and assessing its performance under safety constraints, and not
on the SMU implementation. The details of computing dcoex

and dcol based on a unified manner to satisfy the ISO/TS
15066 safety requirements, in terms of Speed and Separation
Monitoring (SSM) and Power and Force Limiting (PFL) [12],
can be found in [14]. Furthermore, in correspondence to
the described interaction regions, switching these functional
operation modes of the collaborative robot is done as detailed
in [13].

3For simplicity and without loss of generality, to clearly explain the
developed concept, we assign and consider a sole POI at the robot end-
effector (EE). Other POIs can be also assigned at any other point on the
robot structure and with a minimal geometrical extension considered [22].
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Fig. 3: A visual perception-safety scheme for ensuring the safety of
a pHRI application through the SMU framework.

IV. MATERIALS AND METHODS

A. System and Sensor Hardware Setup
All experiments described in this work were executed with

a 7-DoF4 industrial, lightweight robotics manipulator arm
(namely, the Franka Emika Panda [34]). To track the motion
of different human body parts in the close vicinity of the
robot, the 2D images of RealSense were used within an
OpenPose/RealSense based key points estimation algorithm
(denoted OpenPose/RS in our results). Furthermore, both
employed cameras (RealSense and Emitrace) were calibrated
relative to the robot base. This was achieved by utilizing
AruCo markers for RealSense and a calibration object with
reflective markers for Emitrace. Image processing was done
on a Media PC with a dedicated GPU and the Open Source
Computer Vision (OpenCV) library v3.0 [35]. An RPC
server/client protocol was used to send the tracking results
from both vision systems to the robot task controller.

B. Ground truth 3D Motion Data from the Robot
The setup for obtaining ground truth information is

illustrated in Fig. 4. A very accurate estimation of the 3D
position, p(t), and velocity, v(t), of the end-effector5 are
recovered from the robot kinematics by means of internal
sensing as follows



p(t) = t(1 : 3) ; E
BT (q(t)) =

(
R(t)

∣∣ t(t))
v(t) = Jv(q(t))q̇(t) ; J(q(t)) =

[
Jv(q(t))
Jω(q(t))

] , (1)

where q(t) ∈ Rn denotes the robot generalized joint coordi-
nates (i.e., its joint configuration) at time t, E

BT (q(t)) ∈ R4×4

denotes the robot homogeneous transformation matrix sum-
marizing its forward kinematics from the base frame B to
the end-effector frame E with R(t) ∈ R3×3 and t(t) ∈ R4×1

being the configuration-dependent rotation matrix and the
extended homogeneous translation vector, respectively. The
Jacobian matrix associated with the robot end-effector
point EE is J(q(t)) ∈ R6×n, with Jv(q(t)) ∈ R3×n and
Jω(qr(t)) ∈ R3×n denoting the sub-Jacobians for transla-
tional and rotational motions, respectively.

C. Metrics for Evaluating the Tracking Performance
The following metrics are adopted to evaluate the perfor-

mance of the proposed complementary tracking scheme and
compare it against the cases when Emitrace and RGB-D
vision systems are used individually.

4DoF is short for degrees of freedom.
5The rotational motions are completely neglected, as estimating object

orientation goes beyond the capabilities of the investigated vision systems
and, therefore, it is not within the scope of this work.
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• Tracking accuracy for quantifying the accuracy of
the vision system in detecting/estimating the perceived
object’s location and further tracking its motion. This
metric is evaluated by calculating the norm of 3D
position estimation against the ground truth.

• Tracking cycle time captures the rate at which the visual
perception pipeline outputs the tracked object’s position
data. An average of multiple runs involving long tracking
cycles is used to quantify this metric at the receiver’s
side (i.e., the robot task controller).

• Detection volume per field-of-view and range indicates
how many objects in the camera 3D FoV (horizontal
and vertical) within its detection range can be correctly
tracked simultaneously, e.g., without depth occlusion.

• Other qualitative metrics, which include, besides the
nature of the provided separation distance (static vs.
dynamic), that can be evaluated at the robot side, any
ISO/TS15066 deduced safety requirements or functions
according to the well-established taxonomy introduced
in [36].

D. Investigated Scenarios
The proposed perception-safety scheme was tested on two

human-robot workspace sharing and collaboration scenarios:
1) Within a shared workspace inside a structured laboratory

environment with stable lighting conditions, where an
SMU-controlled robot arm is employed to execute a
pick-and-place task of moving beverage bottles from
one box to another.

2) Simulating an unstructured, challenging industrial work-
ing environment, where complex situations such as
changing lighting conditions may occur while multiple
human co-workers wearing safety vests move around
and possibly interact with the SMU-controlled robot.

In both scenarios, the human co-workers put on con-
ventional, off-the-shelf safety vests, and we relied on the
reflective marker pattern at the chest for Emitrace detections.
Additionally, the closest body part of all human co-workers
alternates between chest (tracked by Emitrace system) and
hand (tracked by OpenPose/RGB-D system), which may
interact with the robot end-effector while it is carrying out
the pick-and-place collaborative task. For our investigated
scenarios, the following thresholds were used within the
integrated SMU framework. The maximum achievable task
speed for the robot end-effector, vmax, was set to 0.45 m/s.
We further assumed a coexistence, safe speed limit, vcoex,
of 0.3 m/s and a more restrictive collaboration speed limit,
vcol, of 0.15 m/s. The coexistence distance threshold was
set to 0.8 m, while that of the narrower collaboration region
was set to 0.3 m (both with a hysteresis region of ±5%).

E. Experiment I: Tracking Comparison and Insights
The goal of this experiment was to assess quantitatively

the performance of both tracking systems in terms of 3D
position estimation accuracy and measured cycle time. We
aimed to evaluate the tracking characteristics of the two
vision systems and further reason objectively about utilizing
their tracking outputs in a complementary fashion for safety-
oriented tracking of human co-workers in shared, pHRI-
enabled working environments.

Since the OpenPose/RGB-D setup can only estimate the
human skeleton and locations of its body segments, the
experiment was designed such that both vision systems

Reflector for 

wrist position

Calibrated 

relative to the 

robot base

World frame = Base frame

Robot arm 

moving in 3D 

Cartesian space

Handle

Camera frame

Openpose 

output

Fig. 4: Setup for generating ground truth human wrist motion datasets
to evaluate the accuracy of considered tracking systems.

have to estimate the same wrist location. For this, a marker
pattern comprised of two horizontal parallel reflective stripes,
simulating a mini safety vest, was used to recover the hand
motion by the Emitrace system. Its attachment location was
chosen at the same location the OpenPose/RGB-D setup
reports the wrist key point, see Fig. 4 (top, left). The human
subject (operator/co-worker) grabbed firmly (at a marked
grasping spot) a handle attached to the robot end-effector
directly at point EE. The technical objective was, therefore,
to estimate the end-effector position from the wrist location
detected by cameras, by simply using a transformation matrix
from the wrist location to EE. This way, the estimates
for the end-effector motion can be obtained from the very
accurate proprioceptive joint position-sensing of the robot
itself. The retrieved 3D positions and the corresponding
velocities (obtained via differentiations with good filtering
inside the robot controller) were considered as our ground
truth for later comparisons against different tracking outputs
under consideration.

F. Experiment II: Complementary Tracking in Different
Environments

As mentioned earlier, the Emitrace system has a wider FoV
and detects reflective markers along a larger range of distances
(along the depth space). On the other hand, the OpenPose
setup employs an inexpensive RGB-D camera to estimate
the human skeleton and pose, but its detection concept only
works at close distances (i.e., in near ranges). Accordingly,
in this experiment, human-robot collaborative scenarios were
utilized to show how to use the tracking outputs of these two
vision systems in a complementary fashion to gain most of
their advantages and avoid their shortcomings.

V. RESULTS AND DISCUSSION

A. Experiment I Results
By comparing the recovered 3D position of the robot end-

effector with each of the corresponding individual camera
measurements, position estimation error profiles of the two
vision systems were estimated as shown in Fig. 6 (left) for a
sample 3D triangular motion. As can be seen from the plots,
both camera measurements are very noisy when examined
within the much faster robot’s control cycle (running at 1 kHz).
Accordingly, any relative distance or velocity estimations
using these measurements directly will also be noisy. Indeed,
this is unacceptable from a safe robot control point of view, as
it may lead to jerky robot motions and dangerous structural
vibrations. As a remedy, a Kalman filter was utilized to
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smoothen out the raw position measurements, see Fig. 6
(left). The target’s velocity was also estimated with the added
Kalman filter to provide more insights about the tracking
quality. The corresponding smooth velocity estimates for the
robot end-effector are plotted in Fig. 7 versus the ground
truth retrieved from the robot proprioceptive joint-sensing.

Averaging over multiple runs for each of the two executed
3D motions (runs 1−6 were linear while runs 7−9 were
triangular), the mean norm values of the 3D position errors
for the two vision-based tracking systems were obtained as
reported in Fig. 6 (right). From the shown bar graph, it is
evident that the Emitrace based tracking system was able to
track the designed wrist marker with an average position error
of less than 1.4 cm versus 2.4 cm for the OpenPose/RealSense
based tracking system. Applying the smoothing Kalman filter,
with the same settings for both systems, further improves
accuracy to less than 1.2 cm and 2.2 cm norm of position error
for the Emitrace system and the OpenPose/RealSense system,
respectively. The RGB-D system achieved a detection success
rate of consistently above 95% at close range (<1.5m), while
Emitrace maintained above 90% detection with reflective
markers across the full workspace.

Regarding the tracking performance, the Emitrace setup
required more than 63 ms to update the tracking data (as
estimated on the receiver/robot side), compared to less than
27 ms for the OpenPose/RealSense setup. The average cycle
time duration for each vision-based tracking system is listed
in Table I, together with the nominal volume of detected
objects per available 3D FoV and detection range.
B. Experiment II Results

For the shared laboratory scenario with stable lighting
conditions, the collaborative task was repeated multiple times
to allow the human co-workers to excite different patterns for
moving between interaction regions during the task execution.
The results in terms of relative distances between the robot
end-effector POI and the two closest co-workers (tracked with
OpenPose/RGB-D system), as well as commanded SMU task
velocity limits, are shown in Fig. 8 (left). Various dynamically-
defined regions for interaction and the chosen coexistence
and collaboration velocity limits are also indicated. At the
beginning of the motion, the robot could move with the full
task speed vmax as fast as 0.45 m/s since the closest co-
worker was away (in the monitored area); check the bottom
plots. As soon as the co-worker entered the coexistence region
(at t = 5 s) and stayed there for a while but did not further
approach the collaboration region, the proposed perception-
safety complementary scheme set the task velocity via the
SMU to the less conservative limit. When the co-worker
started collaborating with the robot using his hand (at t = 9 s),
the SMU reduced the maximum allowable task velocity even
further to the more conservative, prespecified collaboration
limit. On the contrary, when the co-worker was not heavily
collaborating with the robot (shortly after t = 22 s), the SMU
relaxed the safety constraint on the task velocity again to the
coexistence limit. This was kept until the co-worker moved
outside the coexistence region (at t = 26 s), where the SMU
recovered the full task velocity (i.e., vSMU = vmax). These
autonomous safety routines run indefinitely within the robot
control cycle as long as it executes motion tasks in the shared
workspace.

Similar physical interaction patterns to the previous sce-
nario were repeated for the scenario simulating the un-

structured environment with the lighting being switched
off and on frequently. These were deliberately triggered
at time instants t = 7, 17, 27, 37, and 42 s. The results
for this scenario are shown in Fig. 8 (right). Accordingly,
one can see that the OpenPose/RealSense based system
lost track due to the resulting sudden darkness at these
specific time instants after the lighting loss. However, thanks
to the integrated NIR stereo of the Emitrace system and
our perception-safety integration scheme, the robot always
retreated to use the most conservative safe velocity limit from
the Emitrace vest/chest tracker. This verifies the robustness
of the proposed complementary tracking system under such
challenging operating conditions. It further shows its reliable
capabilities in ensuring the safety of human co-workers
around the robot, without the need to completely stop its task
execution or reduce its task performance more than what is
actually necessary.

C. Comparative Summary
After gathering all the needed information, we qualitatively

assessed the performance in terms of tracking cycle, detection
accuracy, and detection volume per FoV per range. This
comparative assessment was done for the cases when the
Emitrace system and RGB-D systems were utilized indi-
vidually against when the proposed complementary system
was used. The experimental findings are summarized in
Table I. The proposed complementary tracking approach
outperforms the two individual ones in all criteria with the
fastest tracking cycle of 0.027 s, the best detection accuracy
of 0.0241 m, and the largest detection volume of Up to
scene size/(100◦×70◦) ∗ 15m. Regarding the ISO/TS 15066
deduced requirements and safety functions, the proposed
safety-oriented scheme combines the advantages of the two
investigated vision-based systems and further transcends
their individual capabilities. This aspect, together with the
extended 3D FoV and detection range, offers new desired
functionalities for safe pHRI (e. g., NIR vision for robust
tracking of human co-workers in unstructured environments).
The quantitative performance improvements are evident in the
metrics presented in Table I and the detailed tracking accuracy
analysis in Figs. 6-8. A summary video documenting technical
concepts, all experimental settings and key results can be
seen online at https://youtu.be/xWksc_vhuew.

VI. CONCLUSION

This paper advances safety in pHRI by developing a
robust and reliable human detection and tracking scheme.
We proposed a safety-oriented complementary approach
that integrates tracking information from RGB-D and near-
infrared cameras, leveraging their complementary strengths
for enhanced human motion tracking accuracy and robustness.
Our study marks the first application of the Emitrace NIR
camera in pHRI for collaborative robotics,6 demonstrating its
effectiveness beyond its original application domain.

The tracking performance of the RGB-D and Emitrace
systems was individually assessed using key evaluation
metrics, including position tracking accuracy, cycle time,
detection volume, and field-of-view coverage. Despite not
being originally designed for robotic applications, the Emi-
trace system demonstrated sufficient tracking accuracy for the
investigated pHRI scenarios. The proposed complementary

6The Emitrace tracking system was originally designed for driver assistance
and accident prevention in industrial vehicles and mobile machinery [26].
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Fig. 5: Experiment I motion profiles: 1)
linear path AB ( 1⃝ followed by 2⃝), or 2)
triangular path ABC ( 1⃝, 3⃝ then 4⃝).

P
P

P
P

Fig. 6: Experiment I: Accuracy of the position estimation for the motions in Fig. 5. Position tracking
accuracy was estimated for a triangular motion (shown on the left), where the bar graph summarizes
the time average, minimum, and maximum of the tracking error norms for multiple runs (right).

P P P

Fig. 7: Estimated 3D velocity profile for EE triangular motion (position error norm in Fig. 6, left) versus the ground truth.

robot in coexistence mode robot in collaboration mode robot in coexistence mode robot in collaboration mode

P P

Fig. 8: Experiment II: Distances and velocities relative to the robot end-effector in different working environments. Distances to the hand
of the closest co-worker (human1) and to the chests of the closest and second closest co-worker (human2) are shown at the bottom. In the
upper plots, the active operational mode is color-coded. Runs in a controlled laboratory environment with stable lighting conditions are
shown on the left, while lighting losses during the other runs are shown on the right as jumps in the OpenPose/RealSense based estimates.

TABLE I: Comparative summary of the investigated vision-based tracking systems for safe pHRI.

Vision system Used
sensors

Cycle
time∗
[s]

Detection
accuracy
[m]

Detection volume/
FoV*range
[ (◦×◦) * m ]

ISO/TS15066 deduced safety
requirements or safety function
according to the taxonomy in [36]

Other notable features

Emitrace [28]
(Embedded AI-powered
vision technology)

Hybrid
RGB/NIR
camera

0.063 0.0137 Up to scene size/
(100◦×70◦) ∗ 15m

Robot position control, robot speed control
(based on relative human-robot motion,
both distance and speed)

Industrial-grade AI-powered vision system,
vision under challenging lighting conditions
through NIR active sensing

OpenPose/RealSense
human skeleton
key points tracker
[14]

RGB-D
camera 0.027 0.0241 Up to scene size/

(69◦×42◦) ∗ 1.5m

Robot position control, robot speed control
(based on the distance between the robot
and the human), near field vision system:
upper body function, hand function

Full-body human skeleton recovery,
pose estimation and motion tracking

Complementary tracking
system (this work)

Emitrace +
OpenPose/
RGB-D
combined

0.027 0.0241 Up to scene size/
(100◦×70◦) ∗ 15m

Safety-rated monitored stop, robot position
control, robot speed control (based on
relative human-robot motion), near-field
tracking system for upper body and hands

Dynamic separation distance, full integration
with the SMU framework,
conformity with the ISO/TS 15066 SSM
and PFL modes, robustness against
challenging lighting conditions

∗Cycle time is tracking mode dependent: 0.027 s when RGB-D is used versus 0.063 s when the tracking system falls back to NIR sensing only.

tracking system was then integrated into a well-established
safety paradigm, ensuring human safety under various pHRI

conditions. Experimental results verified that the system
respects safety constraints even under changing lighting
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conditions, without unnecessary performance restrictions.
By integrating two independent sensing pipelines, the pro-

posed approach meets the minimum redundancy requirements
for functional safety certification, paving the way toward
certifiable collaborative robotic workcells. While the current
work demonstrates effectiveness in controlled scenarios, scal-
ing to larger industrial deployments with multiple workcells
presents challenges in terms of camera placement optimization
and computational resource allocation. Future research will
further explore the benefits of complementary vision-based
tracking, focusing on optimizing Emitrace integration with
cost-effective RGB-D based tracking systems. Specifically,
we will investigate its application in larger workspaces and
broader industrial robotics scenarios with multiple robotic
workcells and several human co-workers moving around
and collaborating with robots. This will help further justify
the cost-effectiveness of integrating Emitrace cameras for
collaborative robotics while strengthening their role in safety
certification efforts.
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