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Safe and Efficient SSM Collaborative Strategy Integrating Human
Head and Hands Tracking with a RGB-D Camera

Gaetano Lettera, Cecilia Scoccia, and Massimo Callegari

Abstract—1In the evolving Industry 5.0 landscape, human-
robot collaboration (HRC) is crucial to improve safety and pro-
ductivity in shared industrial workspaces. This paper presents a
cost-effective solution to track the human skeleton and identify
the body parts that are most exposed to collision risk during
a HRC task, i.e. the head and the hands, using a RGB-D
camera. The depth images are processed through artificial
intelligence (AI) algorithms, ensuring an accurate estimation of
human motion and proximity to the robot. Furthermore, a robot
control module has been developed to modulate the robot’s
speed based on the risk assessment calculated in real time,
implementing a collaborative Speed and Separation Monitoring
(SSM) scenario. To improve the efficiency of the workcell,
the research proposes a multiplication coefficient to compute
the minimum protective separation distance suggested by the
ISO 10218-2, which weights the actual risk based on the
biomechanical limits of the human part involved, according
to the maximum permissible forces provided by the standard.
Experimental results in a real robotic work cell demonstrate
that the proposed system can achieve safety performance
comparable to traditional motion capture systems, such as the
OptiTrack; meanwhile it does not require operators to wear
additional equipment and offers the advantages of reduced costs
and a simpler setup, which is more affordable and adaptable
to a wider range of industrial environments.

I. INTRODUCTION

The rise of Industry 5.0 emphasizes the seamless inte-
gration of humans and robots in collaborative environments,
promoting productivity while ensuring workers safety. In
contrast to traditional automation, where robots operate in
isolated spaces, HRC requires advanced safety measures to
mitigate collision risks and optimize interaction efficiency.
One of the main challenges in this area is the real-time
tracking of human operators to ensure that robots adapt their
behavior dynamically based on human movements. Ensuring
safety in HRC is critical, particularly in shared workspaces
where physical interactions between humans and robots
happen frequently. Traditional motion capture systems, such
as OptiTrack, have been widely used for accurate tracking
of people. However, they have limitations in terms of cost,
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infrastructure complexity and the need for operators to wear
additional markers or suits.

Various approaches have been explored to enhance safety
in HRC environments. Previous research [1], [2] introduced
the concept of skeleton tracking for risk assessment but did
not implement a fully functional system; Chen and Kia [3]
demonstrated the effectiveness of OptiTrack for people track-
ing and security monitoring in collaborative workspaces.
Although OptiTrack provides high accuracy, it requires a
multi-camera configuration and dedicated infrastructure, lim-
iting its applicability in dynamic or cost-sensitive industrial
environments. RGB-D cameras have emerged as a cost-
effective alternative for tracking people and objects in in-
dustrial environments [4], [5]: unlike marker-based systems,
they provide depth perception without requiring wearable
devices [6]. Recent advances in artificial intelligence-based
vision systems enabled real-time pose estimation, making
RGB-D solutions increasingly viable for HRC applications.
However, challenges remain in terms of accuracy, occlusion
management and compliance with industrial safety standards.
Lettera et al. [7], [8], described an architecture for the
safe execution of HRC industrial tasks and presented an
experimental validation: the study effectively highlights the
key challenges and provides application-oriented insights.
However, while the work offers a solid foundation, it lacks
a comparative analysis with alternative methodologies and
a broader discussion on long-term implications. This paper
proposes an alternative solution by introducing a new RGB-
D-based tracking system that incorporates a SSM framework.
By incorporating a biomechanical weighting factor to fine
tune the calculation of the protective separation distance,
the proposed method increases safety and optimizes the
robot’s operational efficiency. Experimental results show that
this approach achieves comparable performance to OptiTrack
while reducing configuration complexity and costs, making
it a practical solution for widespread industrial adoption. By
integrating Al algorithms, the system improves real-time risk
assessment, allowing robots to dynamically adjust their speed
and maintain a safe distance, as prescribed by the new ISO
10218 standard [9] and [10].

II. HUMAN TRACKING MODULE

This section describes the overall architecture of the
proposed system, including the hardware and software com-
ponents. Details about the 2D skeleton recognition software
and the 3D head and hands identification are given to better

c.scoccia@staff.univpm.it, m.callegari@univpm.itunderstand the human-robot separation distance computation.
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Fig. 1. The experimental setup composed of a URSe robot, a depth camera
(Orbbec Gemini 335L) and a motion capture system (OptiTrack).

A. Experimental setup

The experimental setup includes a Universal Robot URSe
and two perception systems (to be compared) that monitor
the collaborative workspace: the OptiTrack system, installed
along the perimeter of the entire room (as described in [7]),
and the Orbbec Gemini 335L depth camera, installed in a
fixed position with an orientation able to cover the field of
view in front of the robot. The Orbbec Gemini 335L was
chosen for its wide field of view (87.5°x 58.0° x 101.0°),
high-resolution imaging (1920 x 1080, Full HD), and precise
depth sensing (640 x 480). With a high frame rate (up to 60
FPS) and a depth range of up to 10 meters, it provides a
cost-effective, flexible solution for real-time human tracking
in large industrial settings.

When combining a depth camera into a robot architecture,
the sensor has to be extrinsically calibrated to compute the
relative pose between the adopted sensor and the robot base
frame. This step can be performed by using a calibration
target. In literature, this problem is solved by different
calibration procedures, especially for object recognition ap-
plications. Their typical target is to recognize objects located
as far as about 0.5 m from the camera frame. On the contrary,
for the proposed experimental application, the robot and the
operators work up to 10 m away from the camera. To obtain
the desired accuracy, the depth camera extrinsic calibration
procedure follows the one described in [11] more adapt for
large workspace monitoring, exploiting a sphere tracking.

The developed software architecture is ROS2-based and
runs on a desktop PC running Ubuntu 20.04 LTS with an
Intel Core 19-14900KF CPU, 128GB of RAM and an nVidia
RTX 4090 GPU with 24GB of memory.

B. Head and hands identification

To tackle the challenges of real-time human pose esti-
mation, the proposed pipeline uses a Convolutional Neural
Network (CNN) based on the YOLOVY framework [12].

YOLOW9 is a state-of-the-art 2D object detector pre-trained
on ImageNet [13] and fine-tuned on the MS-Coco dataset
[14]. Known for its speed and accuracy, YOLOV9 can
detect various objects, such as chairs, people, laptops, and
buildings. In the standard YOLOV9 model, the input RGB
image is processed and a 2D bounding box is created around
each detected object with a corresponding label representing
the object’s class. In this research, the standard model has
been retrained specifically to detect only the person class.
Additionally, a 2D skeleton detection algorithm based on
YOLOVY is used to estimate the human skeleton model for
each detected person, as shown in Fig. 2A which shows
eleven operators into the collaborative workspace. The image
is pre-processed to integrate depth and color data from the
RGB-D camera, allowing the 2D detection outputs to be
mapped into 3D space. A custom post-processing module
refines these detections, integrating depth information to
provide accurate 3D pose estimation and filters out low-
confidence joint detections. For operator safety, the system
focuses on detecting the head and hands, the body parts most
exposed to collision risks in collaborative robot environ-
ments. A developed submodule tracks and visualizes the head
and hands in the workcell digital mockup. Each operator is
uniquely identified by an ID and a color, which facilitates
the differentiation of the head and hands from multiple
operators. The resulting detection is shown in Fig. 2B: each
i-th operator is identified by three marker spheres, p;,....
Dinana and p;,. - which represents respectively the 3D
position of the operator head, his right hand and his left
hand (in the figure only two operators have been defined for
simplicity). Both the training and the prediction phases of
this algorithm are computationally demanding and require
a high-performance GPU (nVidia RTX 4090) for real-time
processing and accurate results.

C. Human-Robot separation distance

A key aspect of implementing the SSM collaborative task
is the real time computation of the separation distances be-
tween the robot and each operator. In the proposed pipeline,
the positions of both the robot’s end-effector, pr, and the
tracked human body parts, p;,...» Pirpana a0d Dij, ..., are
continuously monitored. To determine the relative distance,
the algorithm computes in real time the Euclidean norm
between pr and the three operator markers, i.e. it computes
the straight-line distance between two points, for example
pa and pp, in 3D space. This is represented mathematically
as d = ||pa —pg||- This approach allows to identify not only
the operator ID closest to the robot but also which part of the
body is most exposed to risk due to proximity (head, right
hand or left hand).

III. ROBOT SPEED SCALING ALGORITHM

This section explains the robot control module developed
to adjust robot’s speed based on the proximity and safety
index. It describes how real-time vision data and a decision-
making algorithm assess risk. The collaborative task follows
the ISO 10218-2 standard, proposing a multiplication factor
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that adjusts the protective distance between humans and
robots based on the biomechanical limits of the body part
at risk.

A. Estimation of the human operator and robot velocities

A key part of HRC module is the intention estimation (IE),
which predicts human movements. A linear Kalman filter
(LKF) is used to estimate the velocity of the key human
body points p;, ... Pi,nana a0d Di,,..,) by combining depth
camera data with a motion model. The filter predicts and
updates the future position and velocity of each marker in
real-time, enhancing accuracy. These estimates are used to
estimate the safety index of the collaborative task:

I3 Atl
Tk+1 = |:O:; 1'3 3:| Tk + wg, (1)
e = [I3 Os]xp+ng 2

where At is the sampling time, I3 and O3 are the identity
and zero matrices of size 3 x 3, respectively; w and n are the
process and measurement noises with covariance matrices
W and N, respectively. Finally, = is the state vector of
the system, i.e., the position and the velocity of the human
marker = = [p} piT]T, and the measured output y is a
vector containing the coordinates of the point p; described
in Section II-B. The LKF equations used in this work are
standard and are not included here for the sake of brevity.

On the other hand, the robot end-effector position, p,., is
computed in real time by retrieving the transform between
the robot base frame, Tj,s., and the end-effector frame, 1.,
which are updated in real time by the robot controller and
drivers. The robot end effector velocity, v,, is computed
by evaluating the change in the end effector position over
time. More in detail, the change in position is calculated
between current and previous positions of p,, while the time
difference, dt, is calculated between the current and previous
timestamps of the transform.

Fig. 3A shows three human operators moving in the
collaborative scenario while the robot is running a pick and a

Human tracking module: from 2D skeleton tracking (A) to 3D head and hands identification (B).

place operation: the first operator carries a box and walks in
the direction of the robot, the second operator moves away
from the robot, and the third operator is almost stationary
performing an inspection operation close to the robot. The
results of the developed LKF software are shown in Fig. 3B.
The velocities of the three points p;,.... Pi.nana 304 Disyona
of i-th operator are represented by their own components
(arrows following the RGB convention) and by the resulting
velocities v;, .. Viopang and vy, (yellow arrows). Their
length is scaled according to their module: the velocities
of the walking operators are significantly higher than the
velocities of the third operator who is almost stationary.
Fig. 3B also shows the robot end-effector positions (purple
sphere) and velocities (visualized arrows) during its motion.

The final step of the proposed IE module involves calcu-
lating the relative speeds between the humans and the robot.
These speeds indicate how quickly the human and robot are
approaching or moving away from each other, a critical factor
in determining the protective distance S, as outlined by ISO
10218-2 [10]. The human (to robot) directed speeds, vfhead,
vf  andw . represent how fast the markers of the i-th
human operator are approaching or receding from the robot.
They are computed by projecting the velocity vector onto
the direction from the specific marker position to the robot’s
position. For example, for the i-th human head, vfhead is the
dot product of the velocity vector v;, ., and the direction
vector dihwd —r, Which quantifies the extent to which the
human head’s movement aligns with the direction toward
the robot:

Pr — Pineaa d
dipoua—sr = mv Vineaa = Vineaa * Gy, =7
head
)
A positive value for vfhmd indicates that the head is

approaching the robot, whereas a negative value means they
are moving away. The robot (to human) directed speed is
defined accordingly.

These directed speeds are essential for determining the
protective distance S between each human marker and the



Fig. 3.
(B) estimation of the velocities of their corresponding heads and hands.

robot. This distance depends on how quickly both the human
and the robot are closing the gap between each other.
Specifically:
o If vfhwd is large and positive, it indicates that the human
head is moving quickly towards the robot. This could
reduce the time available for the robot to react or stop
to avoid a potential collision.
o Similarly, if v¢ is large and positive, it means that the
robot is rapidly moving towards the human, shortening
the time available to avoid the contact.

By factoring in these velocities, S can be adjusted to
ensure that the robot has enough time to respond and
maintain a safe distance based on the relative speeds of both
entities.

B. Weighted protective separation distance

The protective separation distance S in Annex L of
the current ISO 10218-2 standard [10] does not account
for the specific body part at risk, treating all parts the
same despite their different biomechanical importance. The
proposed system reduces the robot’s speed when high-risk
body parts are involved, and allows higher speeds when
lower-risk parts are detected, improving both safety and
productivity. The research introduces a multiplicative factor,
v, which associates different weights to different body areas,
according to Tab. M.2 of Annex M in [10]. The minimum
protective separation distance S is therefore redefined as:

SY = A[(vi T +viTs)+ (v, T)]+(B)+(C+ Zs+ Z,), (4)

v is calculated proportionally to the maximum force limits
allowed by the ISO 10218-2 [10]. Specifically, from the
tabulated values, the human head has the lowest limit at
fmin = 65N, while the highest value is associated with
the thigh, at f,,4. = 220N. The proposed approach assigns
Y(fmin) = 1 if the involved body part is the head and
Y(fmaz) = 0.5 if the involved body part is the thigh. For
other body parts, v values ranging between 0.5 and 1. The
value of « is thus calculated based on the maximum force

Pipeline for human operator and robot velocities estimation: (A) identification of the three operators moving in the collaborative workspace and

value, f, listed in the table and it is calculated using the
following interpolation equation:

_ S = fmin
fmaz - fmln

For the hands, with a maximum force of 140N, v = 0.742.

W(f) = 'Y(fmin) + (V(fmaw) - V(fmm)) (5)

C. Robot speed modulation

The last step of the robot control module is to compare d;
and 5;, associated with each tracked i-th marker, as suggested
by the actual regulations. The comparison computes the robot
speed override (or scaling factor), k, which adheres to the
SSM principle. The speed override is defined as follows:

1.0 it di > AS) .
k=<0.0 if d; < Srzma: or if d; < dpin (6)
d;—SY .
maz otherwise

AXShaz—Shas
where S, is the maximum value in the S; array, A is a
constant scaling factor that determines the range of distances
for which the speed override is computed (it is chosen as
2) and d,,;, is a minimum distance threshold that has been
introduced to stop the robot if the operator is extremely close
to the robot itself (it is chosen as 0.30 m). The first condition
represents a totally safe condition for the human operators,
thus the robot can move to its maximum speed while the
second condition satisfies the regulation ISO 10218-2. For
intermediate distances, the proposed strategy uses a linear
interpolation to gradually shape the scaling factor between
0.0 and 1.0 based on the distance.

IV. RESULTS AND DISCUSSION

This section presents the experimental results of the
proposed Orbbec-based system, comparing its safety and
efficiency performance with the OptiTrack-based system [7].



Fig. 4. Snapshots of the task experiment.

1) Task description: The scene simulates a robot execut-
ing a pre-planned path at a given nominal speed and a human
operator entering the collaborative workspace to perform
some inspection and maintenance activities. Fig. 4 shows
the main steps of the task execution, while the accompanying
video is available at this link!. At the beginning (STEP 1), the
operator is 6 meters away from the robot and the robot moves
at the maximum predefined speed. At ¢ = 11s the operator
walks towards the robot station (STEP 2), then slows down
and stops in front of the desk. During STEP 3, the operator
bends down to pick up the notepad under the robot table,
then stands upright (at ¢ = 18s) to start an inspection task.
At t = 30s the operator leans forward to place the notepad
under the robot table, then the robot stops (STEP 4) and the
robot continues its trajectory only when the operator steps
back. At STEP 5 the operator takes a screwdriver from the
trolley to perform a assembly task, causing the robot to slow
down and stop. Finally, the operator moves away from the
robot at about ¢t = 40s (STEP 6).

2) Task results: Results are shown in Fig. 5. The top
graph compares the speeds vy, , (red line, operator head),
V1,4.nq (Orange line, operator right hand), vy, ..., (green line,
operator left hand) and v, (violet line, robot end effector).
The bottom graph represents the computed distances which
are processed to compute the robot speed scaling factor, k.
Note that, for graphical clarity, the graph shows S22 (dark
blue line) and S7, .. (light blue line). S, ... is compared with
the respective distances dpeqd, drhand and dipqnqg: the graph
shows d (purple line) which is the distance of the marker
corresponding to the one which makes the maximum value
of S7. The minimum allowed distance d,,;, is represented
by the red line.

More in detail, during STEP 1, the operator is stationary
(Ulhead ~ VMinana ~ Ulrhana ™~ 0m/s), so S:rSLgac ~ S;Ynax and

I Accompanying video: https://www.dropbox.com/scl/fi/
7a9mdqtt5z9gujxga99s9/SMC2025_video_final_1.mp4?
rlkey=ckffmt3wxgajxd49rlvsnl26£f&dl=0

they only depend on v,: d > AS), ..., thus k = 1.

max?

STEP 2 clarifies the advantage of using SZ&7"™® in the
place of Si°_in terms of robot downtime: the safety system
is more permissive when the part of the human body subject
to risk is not the head but the hands. At about { = 11s the
operator walks towards the robot, thus the operator speeds
increase. Since the direction of motion of the operator is
opposite to the direction of motion of the robot, S%°  and
Sgamma jncrease. Note that SJemma < Giso - since the
movement of the hands is faster than the head. During the
walk, d decreases, until it becomes very similar to SZ% "4
the control system slows down wv,, until & = 0 when
Sgamma > d. The control system would have slowed down
the robot much earlier if it had considered S%5¢_, while with
the proposed system a gain in productivity was obtained.

STEP 3 highlights that the proposed system is conservative
for hazards related to the head. At the beginning of the
phase, the operator is leaning his head towards the robot,
thus Sg@mma ~ Giso . the robot slows down when it moves
in front of him to prevent possible risky situations. When
the operator retracts the head to an upright position, v, __,
increases (red line, t =~ 19 s): the motion direction is opposite
with respect to the robot motion, thus SI%"™* decreases and
the robot resumes its normal speed v,.

Similary to STEP 3, also STEP 4 demonstrates that
the control system is more conservative when the opera-
tor approaches the robot with his head. STEP 5, instead,
demonstrates that if the vision system identifies the hands
as the parts of the human body most at risk of collision
(maintenance activities), the safety system is more permissive
thus g9amma - Siso

max max*

Finally, during STEP 6, at ¢t ~ 41s, the operator moves
away from the robot station. He moves in the same direction
than the robot, thus S}, . decreases and the collaborative
scenario is strongly safe, thus & = 1.
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V. CONCLUSIONS

This research presents a cost-effective solution to improve
HRC in industrial settings by using RGB-D cameras and
Al algorithms to track human body parts (head, hands)
and assess collision risks in real-time. The robot’s speed
is dynamically adjusted based on these risk assessments,
following ISO 10218-2 standards. By factoring in biome-
chanical limits of body parts, the system offers a more
context-sensitive approach to safety. Compared to traditional
systems like OptiTrack, it is simpler, more adaptable, and
eliminates the need for additional equipment, making it
suitable for cost-sensitive environments.

The performance of the proposed RGB-D camera-based
system has been qualitatively compared with the results
obtained by using the OptiTrack motion capture system
described in the previous research work [7]. The tracking
accuracy and system performance of both setups were found
to be comparable. The proposed system, based on a single
RGB-D camera, is more flexible and cost-effective but may
introduce occlusions. Current developments rely on a two-
camera depth setup to resolve occlusions, but its evaluation is
still ongoing and is not included in this paper. Future work
will include additional cameras to mitigate this limitation,
incorporating the tracking of more body parts (torso, legs)
in the risk assessment for a more comprehensive safety eval-
vation. Hands and head positions will be compared to assess
tracking accuracy, while the safety index and corresponding
robot speed adjustments will be analyzed to validate the
proposed system through the OptriTrack.
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