
Robotica (2024), 42, pp. 1386–1402
doi:10.1017/S0263574724000262

RESEARCH ARTICLE

An experimental evaluation of robot-stopping approaches
for improving fluency in collaborative robotics
Lorenzo Scalera1 , Federico Lozer1, Andrea Giusti2 and Alessandro Gasparetto1

1Polytechnic Department of Engineering and Architecture, University of Udine, Udine, Italy
2Robotics and Intelligent Systems Engineering, Fraunhofer Italia Research, Bolzano, Italy
Corresponding author: Alessandro Gasparetto; Email: alessandro.gasparetto@uniud.it

Received: 20 July 2023; Revised: 16 January 2024; Accepted: 1 February 2024; First published online: 15 March 2024

Keywords: collaborative robotics; speed and separation monitoring; collision avoidance; trajectory planning; Industry 4.0

Abstract
This paper explores and experimentally compares the effectiveness of robot-stopping approaches based on the speed
and separation monitoring for improving fluency in collaborative robotics. In the compared approaches, a supervi-
sory controller checks the distance between the bounding volumes enclosing human operator and robot and prevents
potential collisions by determining the robot’s stop time and triggering a stop trajectory if necessary. The meth-
ods are tested on a Franka Emika robot with 7 degrees of freedom, involving 27 volunteer participants, who are
asked to walk along assigned paths to cyclically intrude the robot workspace, while the manipulator is working.
The experimental results show that scaling online the dynamic safety zones is beneficial for improving fluency of
human-robot collaboration, showing significant statistical differences with respect to alternative approaches.

1. Introduction
In the context of Industry 4.0, collaborative robotics refers to the integration of robots into modern
manufacturing processes in a way that allows for safe human-robot interaction. This technology enables
human workers to operate alongside robots without the need for physical barriers, improving efficiency
and productivity while maintaining a safe work environment [1, 2]. In order to guarantee safety of both
human workers and robots, specific measures are crucial to minimize injuries to human operators in case
of contacts [3–5] or to prevent unsafe physical interaction by means of collision avoidance strategies
[6, 7].

Several safety strategies in human-robot collaboration are built on online trajectory scaling or motion
re-planning to maintain a separation and avoid contact between human and robot in motion. Such
approaches can be considered for realizing the speed and separation monitoring (SSM) paradigm
described in the ISO/TS 15,066 [8]. The SSM is implemented in several works in the literature to
minimize the risk of injury in a collaborative robotics application. A method for the real-time motion
control of manipulators for risk-free human-robot coexistence is presented in ref. [7], where experiments
performed on a Franka Emika robot in a dynamic environment show the capability of the proposed con-
troller in avoiding unpredictable human motions. A trajectory scaling method based on safety evaluation
is proposed in ref. [9], and tested in a scenario where multiple mobile manipulators perform an opera-
tion in interaction with a human operator. Furthermore, the authors in ref. [10] describe an approach for
dynamic SSM based on scene semantic information, using a thermal and a depth camera.

Another example of motion planning for human-robot collaboration can be found in ref. [11], which
also provides a novel approach for embedding a human model in the robot path planner. The tech-
nique specifically tackles the issue of minimizing path execution time, including pauses and slowdowns
caused by the presence of humans. In ref. [12], the mutual understanding for human-robot collaboration
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is improved using haptic feedback devices in conjunction with human-aware motion planning to com-
municate intended trajectories. Moreover, the authors in ref. [13] describe a method for the adaptation of
robot motion to optimize the compromise made between the smoothness of the robot trajectories and the
overall execution time, while guaranteeing safety of the human operator. In ref. [14], a robust and effi-
cient collision avoidance planning method is proposed to generate a collision-free trajectory in real-time
by leveraging a repulsive force generation method and an optimization routine to minimize the deviation
of the optimized trajectory from the reference one. The authors in ref. [15] present an online motion
planning strategy for safe human-robot cooperation using B-splines and hidden Markov models. The
framework is validated using the Franka Emika arm and tested in simple start-goal tasks. More recently,
in ref. [16], a real-time hierarchical control method based on model predictive control and stochastic
control barrier functions is proposed to ensure safety in human-involved dynamic environments.

Additional approaches exploit the implementation of the SSM criterion together with the power and
force limiting (PFL) methodology, which assumes a maximum amount of energy to be transferred from
the robot to the human in the event of collision before the robot stops. In ref. [17], a safe physical human-
robot interaction is achieved taking advantage of both the SSM and the PFL in a collaborative task using
a KUKA LBR iiwa robot. Furthermore, in ref. [18], potential runaway motion and physical interaction
are combined to ensure safety in a collaborative assembly scenario and to maximize the efficiency of
SSM.

Many approaches consider the robot encapsulated in safety regions to obtain a simple and effective
representation of the robot needed for the estimation of possible collisions. In ref. [19], the parts of the
manipulator are approximated by spheres and a separation distance between human and robot as well
as the direction of robot motion are considered to modulate robot speed when the operator approaches
the robot. In ref. [20], an online collision avoidance strategy is developed, with capsules representing
humans and robots to adjust on-the-fly off-line generated paths. A similar strategy is used in ref. [21],
where the representation of robot and human is obtained using capsules to simplify and speed up the
distance calculation. An alternative approach is presented in ref. [22], where the authors consider con-
trol barrier functions in the design of safety-related controllers for robotic systems. In ref. [23], the
authors adopted an approach based on elastic bands for human-robot collaboration, where obstacles are
represented by a set of grid-aligned voxels acquired by a camera system. Furthermore, in ref. [24], the
robot geometry is represented as distance fields, which leverage the kinematic structure of the robot to
generalize configuration-agnostic signed distance functions to arbitrary robot configurations.

In ref. [25], a mixed reality framework for safety-aware human-robot collaboration is presented
employing reduced models of robot and human based on 3D offset of links. An approach for the explicit
representation of danger zones surrounding the robot is proposed in ref. [26] to avoid unintended colli-
sions between human and robot in motion. Danger zones are defined using an almost exact representation
via triangular mesh or built using an approximate convex representation. In ref. [27], a strategy for
collision-free collaboration between humans and robots based on intention and trajectory prediction is
presented, using several capsules to cover the robot and the human arm. Furthermore, a method for non-
collision between humans and robots while maximizing robot up-time and staying on path is shown in
ref. [28], and it is compared with an approach based on static safety zones also assessing the perceived
safety of the human coworker.

A method based on dynamic safety zones is proposed in ref. [29] following the SSM paradigm. In
that approach, human and robot are encapsulated in bounding volumes described as sphere-swept lines
(SSLs) and a safety controller checks online their pairwise distance and triggers a stop trajectory if a
possible collision is detected. Unlike alternative approaches, the use of SSLs allows for efficient real-
time computations of the distance between robot and human operator. The approach is further developed
in refs. [30] and [31], where the size of the safety zones is determined by the robot stop time being
minimized online, taking constraints from the robot dynamics model into account.

Differently from previous works, this paper explores and compares experimentally the effectiveness
of different robot-stopping strategies based on dynamic safety zones with multiple subjects, considering
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human-robot collaboration fluency metrics. The methods are extensively tested on a 7-degree-of-
freedom robot arm, involving 27 volunteer participants, who are asked to walk along assigned paths
to periodically enter the robot workspace while the manipulator is working. The experimental results
show that scaling online the dynamic safety zones is beneficial for improving fluency in collaborative
robotics, showing significant statistical differences with respect to alternative approaches based on the
linear search of the best stop time as in ref. [29], and on the implementation of the ISO/TS 15,066 with
static safety zones [8]. Improvements of 60.7% and 53.0% in the total task time are found with the opti-
mal scaling of safety zones and with the linear search of the stop time, respectively, with respect to the
static safety zones approach.

To summarize, the main scientific contributions of this work are:

• the experimental comparison of different robot-stopping strategies based on dynamic safety
zones to plan a safe stop trajectory in case of possible collision with a human operator;

• the results of an extensive experimental campaign with multiple volunteer participants, to evalu-
ate the performance of the compared strategies with multiple subjects interacting with the robot
during bespoke experimental sessions;

• the application of multiple human-robot collaboration fluency metrics as quantitative measures
for a statistical analysis of the collaboration performance, to evaluate not only the performance
of the compared strategies in terms of total task time but also considering additional metrics that
provide indications on the quality of the collaboration between human and robot.

The paper is organized as follows. Section 2 describes the addressed problem and the compared
approaches. The materials and methods are illustrated in Section 3, whereas the experimental results
are analyzed in Section 4. The conclusions are in Section 5.

2. Robot-stopping approaches
2.1. Problem description
We compare three different collision avoidance strategies based on the definition of bounding volumes
enclosing human and robot to ensure safety and improve fluency in collaborative robotics applications.
The strategies experimentally evaluated in this work follow the SSM paradigm. We consider the SSM
since it is one of the most advanced collaborative modalities among those described by the technical
specification ISO/TS 15,066 that does not include contact with the operator when the robot is in motion.
In the compared approaches, a supervisory controller continuously checks the compliance with the SSM
and steers the robot to stop in case an unintended, potential collision is identified, without violating the
kinematics and dynamics limits of the manipulator.

The robot can never get any closer to the human than the protective separation distance Sp while it
is moving, which is calculated online as defined by the technical specification [8]: Sp = Sh + Sr + Ss +
ξ . Sh corresponds to the space traveled by the human, moving at the maximum speed (vh = 1.6 m/s)
considered by the ISO/TS 15,066 [8], during the reaction time tr of the supervisory controller and the
stop time of the robot ts; Sr represents the space traveled by the robot while moving at its maximum
speed vr during the reaction time tr; Ss accounts for the distance traveled by the robot during the stop
time ts. The range of the human body that can access the sensing field undetected, the tolerance of the
sensing system, and the location uncertainty of the robot are all taken into consideration by ξ .

In the strategies compared in this work, SSLs are used to encapsulate human and robot and to check
the separation distance between them. An SSL for a generic link of the robot is represented by the
Minkowski sum of a sphere of radius rv (the smallest radius required to encompass the link geometry)
and a line segment, defined by the end points ak and bk (Fig. 1).

Safety zones are then defined as SSLs that also consider the protective separation distance Sp, and
overestimate the distance the robot must travel to stop, from its current kinematic state. The radius rsz

https://doi.org/10.1017/S0263574724000262 Published online by Cambridge University Press

https://doi.org/10.1017/S0263574724000262


Robotica 1389

Figure 1. A SSL and the corresponding safety zone encapsulate the k-th part of the manipulator (light
blue), and a bounding volume encloses one body part (red). The minimum-distance line segment is
illustrated as dashed line (white).

of a safety zone enclosing a generic link is then computed as rsz = rv + Sp. Then, in order to determine
whether a potential collision is going to take place and the stop trajectory needs to be activated, the
distance between each pair of line segments belonging to the human and the robot is compared with the
radii of the bounding volumes of the human and the safety zones of the manipulator.

2.2. Compared approaches
In this paper, we analyze three collision avoidance strategies, proposed by the same authors and
characterized by different approaches for the calculation of the robot stop time:

• Approach 1: optimal scaling of dynamic safety zones, as in refs. [30, 31].
• Approach 2: scaling of dynamic safety zones with linear search of the stop time, as in ref. [29].
• Approach 3: static safety zones, resulting from a basic implementation of the technical specifi-

cation ISO/TS 15,066 [8].

All the three approaches are compliant with the technical specification, with no distinction made
between humans in the collaborative workspace with or without mobility issues or prior experience.
However, these strategies affect differently the fluency in the collaboration, which directly reflects on
the productivity and cycle time of the robotic system [31, 32]. The three compared approaches are briefly
recalled in the following.

2.2.1. Approach 1: optimal scaling of dynamic safety zones
Approach 1 corresponds to scaling online the dynamic safety zones, as proposed in refs. [30, 31]. The
approach is centered on minimizing online the time ts that the robot requires to safely halt, starting from
its current kinematic state. Once ts is defined, a potential stop trajectory qs is planned as a 5-th order
polynomial in the joint space of the robot from its kinematic state at t0 + tr (i.e., initial position qs,i,
velocity q̇s,i, and acceleration q̈s,i) to t0 + tr + ts, to the final joint state defined by qs,f = qs,i, q̇s,f = 0, and
q̈f ,i = 0, where t0 is the current time.
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Table I. Contributions of Sp in each approach.

Sh Sr Ss

Approach 1 vh (tr + ts) vsk tr

∫ t0+tr+ts
t0+tr

vδk (t) dt

Approach 2 vh (tr + ts) vr tr

∫ t0+tr+ts
t0+tr

vsk (t) dt
Approach 3 vh (tr + ts,wc) vr tr vr ts,wc

The optimization problem that computes online the stop time ts is formulated as follows:

min
ts

w0 ts + w1 |ts − ts,prev| (1)

subject to

qi,min ≤ qs,i ≤ qi,max

|q̇s,i| ≤ q̇i,max

|q̈s,i| ≤ q̈i,max

|...q s,i| ≤ ...
q i,max

|τi(qs(t), q̇s(t), q̈s(t))| ≤ τi,max

|τ̇i(qs(t), q̇s(t), q̈s(t))| ≤ τ̇i,max

t ∈ [t0 + tr, t0 + tr + ts], i = 1, . . . , N (2)

w0 and w1 are positive coefficients, and ts,prev is the robot-stopping time obtained at the previous iteration.
Since the size of the radii of the safety zones depends on the stop time, the term ts,prev is added to maintain
the size of the safety zones smoothly over time and prevent substantial differences between subsequent
iterations. qi,min and qi,max are the position limits at the i-th joint, whereas q̇i,max, q̈i,max,

...
q i,max, τi, and τ̇i,max

are the limits of velocity, acceleration, jerk, torque, and torque rate at the same joint, respectively. The
stop trajectory should indeed respect all the kinematics and dynamics limits of the manipulator to be
feasible for the robot controller. Finally, N represents the number of DOFs of the manipulator.

To verify the torque constraints, the torques τ during the stop trajectory qs are calculated as follows:

τ = M(qs)q̈s + C(qs, q̇s)q̇s + Fvq̇s + f c sign(q̇s) + g(qs) (3)

where M(qs) is the mass matrix of the manipulator, C(qs, q̇s) accounts for the Coriolis and centrifugal
terms, whereas the viscous, Coulomb friction, and gravity effects are modeled by the terms Fvq̇s,
f c sign(q̇s), and g(qs), respectively. The torque rate τ̇ is computed as incremental ratio from the joint
torque over time. In this work, the dynamic model parameters of the robot are considered to be
known. However, in case of imperfect knowledge of the robot dynamics, an approach based on interval
arithmetic can be adopted to ensure compliance with the joint torques‘ limits [33, 34].

Once ts with the potential stop trajectory is defined, the safety separation distance Sp is computed.
The contributions needed for the calculation of Sp in the three approaches compared in this work are
listed in Table I. Sh is considered the worst case, in which the human travels toward the robot with the
maximum speed vh considered by the ISO/TS 15,066. Sr is computed as the product of the maximum
speed of each robot part vsk at time t0 + tr for the reaction time tr. Finally, Ss is defined as the time
integral of the maximum linear speed vδk , directed on the shortest-distance line segment in relation to the
human, as:

vδk (t) = max(|ȧek (t) · δ(t)|, |ḃek (t) · δ(t)|) (4)

where ȧek and ḃek represent the velocities of the spherical end-caps that encapsulate the k-th part of
the manipulator. Furthermore, δ(t) is the minimum-distance direction between human and manipulator.
Please refer to [30, 31] for a complete description of the approach.
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Camera frame with the skeleton of one participant.

(a) (b)

Robot equipped with the
calibration tool, and ArUco

marker.

Figure 2. Experimental setup.

2.2.2. Approach 2: scaling of dynamic safety zones with linear search of the stop time
Approach 2 differs from Approach 1 since it does not make use of an online optimization for the
computation of the stop time. Indeed, the best stop trajectory is defined by a 5-th order polynomial,
and a ts selected among a set of n predefined tentative stop times ts = [ts,1, . . . , ts,n], with ts,j < ts,j+1 for
j = 1, . . . , n, and ts,n ≤ ts,wc, being ts,wc the stop time of the worst condition. The selected stop trajectory
is the first in the set that meets the kinematic and dynamic constraints of the manipulator. As it can be
seen from Table I, in Approach 2, no projection of the velocity of a link on the shortest-distance vec-
tor between human and robot is performed in the computation of Ss. Please refer to [29] for a detailed
description of Approach 2.

Differently from Approach 1, the scaling of dynamic safety zones with linear search of the stop time
does not account for the smoothness of the radii of the safety zones over time. This can negatively affect
the collaboration and does not exploit the entire set of kinematic and dynamic constraints of the robot
during a safety stop. However, considering a just-in-time strategy for the definition of the stop time,
Approach 2 can be used in case the available computational resources do not ensure the online solution
of the optimization problem in Eq. (1) with (2) within the available reaction time.

2.2.3. Approach 3: static safety zones
Approach 3 corresponds to the most basic implementation of the SSM considering the ISO/TS 15,066
[8], which leads to static safety zones. In this case, the value of the stop time is constant and equal to
ts,wc. Therefore, the radii of the safety zones of the robot do not change over time and do not consider the
kinematics and dynamics of the manipulator during its nominal trajectory.

3. Materials and methods
3.1. Robotic system
The experiments are performed using a Franka Emika Panda arm with 7 DOFs (Fig. 2). The robot is
controlled in the Robot Operating System (ROS) Melodic Morenia with Python by means of a computer
running Ubuntu 18.04 LTS Bionic Beaver. The workstation is equipped with an Intel Core i5-10600k,
32 GB of RAM, and an Intel UHD Graphics 630.

The interface with the controller of the robot is managed by libfranka, the client-side C++ imple-
mentation of the Franka Control Interface, which executes commands in real time to control the arm,
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Table II. Joint space limits of the Franka Emika robot from [40].

Joint
Limit 1 2 3 4 5 6 7
qmin [rad] −2.8973 −1.7628 −2.8973 −3.0718 −2.8973 −0.0175 −2.8973
qmax [rad] 2.8973 1.7628 2.8973 −0.0698 2.8973 3.7525 2.8973
q̇ [rad/s] 2.1750 2.1750 2.1750 2.1750 2.6100 2.6100 2.6100
q̈ [rad/s2] 15 7.5 10 12.5 15 20 20...q [rad/s3] 7500 3750 5000 6250 7500 10000 10000
τ [Nm] 87 87 87 87 12 12 12
τ̇ [Nm/s] 1000 1000 1000 1000 1000 1000 1000

reads its status at 1 kHz, and accesses the model library to calculate the desired kinematics and dynamics
model terms. The rate of the supervisory controller is set equal to 20 Hz (where the bottleneck is given
by the human-pose tracking system described in Section 3.2). Furthermore, the interface with ROS
is established by means of franka_ros. MoveIt is used as path planner for robot, and the Robotics
Toolbox for Python [35] is adopted for the kinematic description of the manipulator using a rigid body
tree representation. The joint position controller is used to steer the robot during the experimental tests.

The minimization of the stop time in compliance with the kinematic and dynamic constraints of
the robot (Eq. (1) with (2)) is solved online using the IPOPT algorithm of the open-source nonlinear
optimization tool CasADi [36] and the urdf2casadi library [37], which provides CasADi with the
robot dynamics function written in symbolic expressions, based on the URDF model of the manipulator.
The dynamics model terms of the robot utilized in the optimization problem are obtained from the model
experimentally tested in [38]. The joint space limits of the manipulator are reported in Table II.

The proposed setup with the Franka Emika arm can be representative of a basic collaborative robotics
application since the robot is lightweight, provides joint torque measurements, and has a payload/weight
ratio compatible with similar manipulators of the same size [39].

3.2. Perception system
An Intel RealSense D435 depth camera is adopted to track the position of the human during the experi-
ments. To identify and track online the operator present in the field of view of the Intel RealSense camera,
we used the CubeMOS Skeleton Tracking SDK provided by Intel RealSense. For each identified human,
18 body joints are tracked and recorded. However, in the experimental tests presented in this work, only
the joints needed for the reconstruction of the arms, head, and chest are kept. In this way, the human can
be encapsulated in six bounding volumes, whose radii are chosen considering the anthropometric data
of British adults in ref. [41].

The body joints are expressed in pixel coordinates and connected together to form a stylized 2D rep-
resentation of the human skeleton, as can be seen in Fig. 2a. The skeleton tracking algorithm implements
a conversion from pixel to metric coordinates to directly acquire the body joints in 3D Cartesian coor-
dinates in the reference frame of the camera. To compute the distance between human and robot, the
human body joints need first to be transformed in the robot base reference frame. For this reason, we first
compute the transformation matrix from the camera reference frame to the reference frame of an ArUco
marker placed in the close proximity to the robot base using the open-source C++ ArUco library [42,
43]. The ArUco marker calibration provides real-time marker-based 3D orientation estimation using the
computer vision libraries of OpenCV.

To obtain the position of the marker with respect to the robot base reference frame, a 3D printed
calibration tool is attached to the end-effector, and the manipulator is manually moved to touch the
marker’s corners with the calibration tip, as shown in Fig. 2b. In this manner, by considering the robot
kinematics and the height of the calibration tip, it is possible to retrieve the transformation matrix from
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Table III. Specifications of the point-to-point motions for Test A (Fig. 3a).

Time q1 q2 q3 q4 q5 q6 q7
[s] [rad] [rad] [rad] [rad] [rad] [rad] [rad]
0 −1.846 0.632 −0.290 −1.626 0.126 2.268 −0.036
2.5 −1.553 0.689 0.497 −1.473 0.566 2.746 0.128
5.0 −0.485 0.763 0.846 −2.340 0.512 2.565 0.287
7.5 −0.974 0.0174 −0.509 −1.851 −1.591 1.019 0.226

Table IV. Specifications of the point-to-point motions for Test B (Fig. 3b).

Time q1 q2 q3 q4 q5 q6 q7
[s] [rad] [rad] [rad] [rad] [rad] [rad] [rad]
0 −1.266 0.937 0.027 −1.565 −0.033 2.405 −0.427
2.5 −1.318 0.376 0.042 −1.608 0.003 1.978 1.222
5.0 −1.955 0.256 −0.388 −1.961 0.090 2.273 −0.240
7.5 −1.853 1.092 −0.067 −1.367 0.109 2.477 −1.894

the marker reference frame to the robot base. The camera-to-robot transformation matrix is then obtained
by multiplying the camera-to-marker transformation matrix with the marker-to-robot one. Finally, by
means of the camera-to-robot transformation matrix, the coordinates of the human body joints can be
transformed in the robot base reference frame.

The shortest distance between robot and human is calculated between each couple of line segments
that identify the bounding volumes enclosing the manipulator and its human counterpart. The minimum-
distance algorithm considers two line segments [44] and makes the computation of the shortest distance
between human and manipulator efficient and suitable for online applications.

3.3. Test protocol
The experimental tests aimed at evaluating and comparing the collision avoidance strategies described
in Section 2 with a scenario of human-robot collaboration tested by different human subjects. The col-
laborative scenario implemented for the comparison includes the robot arm performing a task defined as
a point-to-point motion between four random points in the joint space of the manipulator. The nominal
trajectories used for the experiments are defined as point-to-point motions in joint space and planned
with 5-th-order polynomials with zero initial/final velocity and acceleration. The points are specified in
Tables III and IV for the experiments in Figs. 3a and 3b, respectively. The robot takes a nominal time
of 10 s to reach the points and move back to the initial position. This task is repeated three times, for a
total time of 30 s, without taking into account potential safety pauses and restarts.

During the operation of the robot, the human walks on a path indicated by adhesive tape on the floor
of the laboratory (Fig. 4), and performs cyclical intrusions in its workspace so as to induce safety stops
of the manipulator. The relative motion of the human with respect to the robot is not strictly determined,
since each participant in the test exhibits slight variations in walking style, movement patterns, and
physical dimensions, contributing to a diverse range of characteristics that induce the robot to stop and
restart at different time instants. The human keeps walking on the assigned path at constant speed until
the robot has completed its task. However, the supervisory controller is not adaptive to the instantaneous
human speed. Indeed, the space Sh considered by the supervisory controller (estimated space that can
be covered by the human during the stop time) is computed considering the worst-case scenario, i.e., the
maximum speed (vh = 1.6 m/s) mentioned by the ISO/TS 15,066. All participants in the experiments
performed two tests defined as follows:
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Test A.

(a) (b)

Test B.

Figure 3. Desired paths for the robot.

(a)(a) (b)

Test A. Test B.

Figure 4. Paths for the human operator. Measures are in millimeters.

• Test A: the human walks back and forth on the linear path shown in blue in Fig. 4a, while the
robot performs the task shown in Fig. 3a. Each subject repeats Test A three times: one for each
of the Approaches 1, 2, and 3.

• Test B: the human walks around the robot table in the counterclockwise direction on the path
shown in red in Fig. 4b, while the robot performs the task shown in Fig. 3b. Each subject repeats
Test B two times: one for each of the Approaches 1 and 2.

While Test A compares all the three approaches discussed in this work, Test B is introduced to high-
light the differences between Approaches 1 and 2. Indeed, the two approaches based on dynamic safety

https://doi.org/10.1017/S0263574724000262 Published online by Cambridge University Press

https://doi.org/10.1017/S0263574724000262


Robotica 1395

zones allow the human to move closer to the robot while it is in motion. On the other hand, Approach 3
results in large static safety zones, which do not allow the robot to move while the human is close to its
workspace (e.g., when the human is walking near the table). To better appreciate the experimental tests,
a video is available as supplementary material and online.1

3.4. Participants
In this work, a total of 27 people participated, aged 22 to 40 years with mean of 27.3 years and stan-
dard deviation of 4.8 years. Eight of them had previous experience with human-robot collaborative
applications. There were no mobility issues among the subjects in the experiment.

Prior to the start of the experiment, participants provided informed consent and were instructed to
move at a constant walking speed along the path defined for each test, until the robot had completed its
task and without being affected by the movement of the robot. Each subject performed a total of five
experiments (3 for Test A, 2 for Test B), provided in random order and without knowing which of the
approaches was being tested.

3.5. Data analysis
Data acquired during the experiments are processed in MATLAB to obtain quantitative metrics for the
comparison of the three approaches. During the tests, robot positions and velocities are saved at 1 kHz,
whereas the stop time, the radii of the robot safety zones, and the distance between human and robot, as
well as the positions of human body joints in the 3D space, are recorded at the supervisory controller
rate.

The experimental results obtained with the three approaches are first compared in terms of robot
stop time and radii of the safety zones, which provide a first indication of the effectiveness of the
different strategies. Furthermore, the practical benefit of the approaches is evaluated using multiple
quantitative fluency metrics that better measure the quality of the human-robot shared-location team-
work. Indeed, when integrating robots into a shared environment, it is essential to assess the seamless
interaction between robotic teammates and their human counterparts. Metrics for evaluating collabo-
rative fluency were introduced in ref. [45], within the context of an anticipatory controller designed
for shared workspace decision-making processes. Subsequent studies have put forth various objective
indices to evaluate different aspects of human-robot collaboration [32, 46].

In this work, we consider the total task time and the robot idle time, as defined in ref. [32].
Furthermore, the results are also compared in terms of concurrent activity in the robot workspace, intro-
duced in [31], as well as number of robot stops. These quantitative metrics are briefly recalled in the
following:

• Total task time (T-TIME): the time taken by the robot to complete its task, considering safety
stops and restarts due to the human intrusion. T-TIME is strictly linked to the productivity of the
robot.

• Robot idle time (R-IDLE): the percentage of T-TIME that the robot has remained still during the
execution of its task. It is related to the time during which the robot is stationary or waiting to be
reactivated by the supervisory controller. This duration is calculated by measuring the time in
which the norm of joint velocities is below 0.05 m/s. High performance in terms of fluency and
productivity in the collaboration between human and robot are found for low values of R-IDLE.

• Concurrent activity in the robot workspace (C-ACT-WS): a variant of the concurrent activity, i.e.,
the percentage of T-TIME during which human and robot are both concurrently active, regardless
the human is inside or outside the robot workspace [32]. C-ACT-WS calculates the percentage

1https://www.youtube.com/watch?v=LEuVuUTeqbE
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(a) (b)

(c) (d) (e) (f)

Figure 5. Experimental results for Test A: stop time (a), radii of the safety zones (b), T-TIME (c), R-IDLE
(d), C-ACT-WS (e), and R-STOPS (f).

of time that robot and human are both active in the robot workspace, out of which the human
intrudes at least partially [31]. Therefore, C-ACT-WS evaluates the fluency of the collaboration
between robot and human in close contact. This can also be seen as a measure of the reactivity of
the robot in the collaborative workspace. In the experiments presented in this work, the human
never stops walking and is considered active for the entire duration of the tests while being in
the robot workspace.

• Number of robot stops (R-STOPS): the count of safety stops that took place during the task, i.e.,
the number of times a stop trajectory has been engaged by the robot.

Since we wanted to obtain a quantitative comparison, we did not consider subjective measures. To
evaluate the results, a statistical analysis is conducted, which includes performing the Shapiro-Wilk test
to verify normality for each set of numerical continuous variables [47]. Statistical differences between
two robot-stopping approaches on a continuous outcome that is normally distributed are evaluated using
the paired-sample t-test [48]. The correlation between non-normal continuous variables and stopping
approaches is evaluated using the Kruskal-Wallis (K-W) H-test [49].

4. Experimental results
Figs. 5 and 6 summarize the experimental results for Tests A and B, respectively. In the figures, the
values of robot stop time, radii of the safety zones, T-TIME, R-IDLE, C-ACT-WS, and R-STOPS
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(a) (b)

(c) (d) (e) (f)

Figure 6. Experimental results for Test B: stop time (a), radii of the safety zones (b), T-TIME (c), R-IDLE
(d), C-ACT-WS (e), and R-STOPS (f).

across participants are reported in the form of box plots for the compared robot-stopping approaches.
Furthermore, Tables V and VI report the quantitative metrics for the considered variables as mean and
standard deviation across participants, together with the percentage difference between the means of
pairs of approaches.

The values of stop times for Test A are normally distributed for Approach 1, but not for Approaches
2 and 3. Stop times with Approach 1 result significantly lower than Approaches 2 and 3, with improve-
ments of 15.0% (1-2), 57.5% (1-3), and 50.0% (2-3). Considering Test B, stop times are found to be
normally distributed. A significant difference is found between Approach 1 and 2 in Test B, where
Approach 1 performs better with faster stops of the robot (9.5%).

In Test A, the radii of the robot safety zones are non-normally distributed for Approach 1; only rsz1

and rsz2 are normally distributed for Approach 2; all radii are non-normally distributed for Approach 3.
The radii of the safety zones are smaller with Approach 1 with respect to 2; with Approach 1 with
respect to 3, and with Approach 2 with respect to 3. Considering Test B, the radii of the safety zones
are non-normally distributed for Approach 1, but are normally distributed for Approach 2. A signifi-
cant difference is found also in Test B, where Approach 1 outperforms Approach 2 in this case. These
trends can be also noticed from the box plots of Figs. 5 and 6, and the percentages reported in Tables V
and VI.
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Table V. Mean ± standard deviation for stop time, radii of the safety zones, and fluency metrics resulted
from Test A. �% indicates the percentage difference between the means of pairs of approaches. : not
significative; : p-value < 0.05; : p-value < 0.01.

Approach �% p-value
Metric 1 2 3 (1–3) (2–3) (1–2) (1–3) (2–3) (1–2)
ts[s] 0.17 ± 0.01 0.20 ± 0.01 0.40 57.5 % 50.0 % 15.0 %
rsz,1[m] 0.46 ± 0.01 0.60 ± 0.02 1.75 73.7 % 65.7 % 23.3 %
rsz,2[m] 0.47 ± 0.01 0.62 ± 0.02 1.75 73.1 % 64.6 % 25.0 %
rsz,3[m] 0.47 ± 0.01 0.62 ± 0.02 1.75 73.1 % 64.6 % 25.0 %
rsz,4[m] 0.47 ± 0.01 0.62 ± 0.02 1.75 73.1 % 64.6 % 25.0 %
T-TIME [s] 35.5 ± 3.9 42.5 ± 5.7 90.4 ± 11.5 60.7 % 53.0 % 16.5 %
R-IDLE [%] 15.8 ± 3.4 21.8 ± 6.6 65.0 ± 3.5 75.9 % 66.7 % 27.5 %
C-ACT-WS [%] 79.8 ± 10.4 65.2 ± 15.8 0.6 ± 0.7 99.2 % 81.0 % 18.3 %
R-STOPS [no.] 7.3 ± 6.4 16.3 ± 8.9 20.1 ± 13.8 63.7 % 18.9 % 55.2 %

Table VI. Mean ± standard deviation for stop time, radii of the safety zones, and fluency
metrics resulted from Test B. �% indicates the percentage difference between the means
of pairs of approaches. : not significative; : p-value < 0.05; : p-value < 0.01.

Metric Approach 1 Approach 2 �% (1–2) p-value (1–2)
ts[s] 0.19 ± 0.01 0.21 ± 0.01 9.5 %
rsz,1[m] 0.47 ± 0.01 0.60 ± 0.01 21.7 %
rsz,2[m] 0.48 ± 0.01 0.62 ± 0.01 22.6 %
rsz,3[m] 0.49 ± 0.02 0.64 ± 0.01 23.4 %
rsz,4[m] 0.49 ± 0.02 0.65 ± 0.01 24.6 %
T-TIME [s] 45.8 ± 3.9 55.4 ± 4.2 17.3 %
R-IDLE [%] 28.1 ± 3.8 36.8 ± 3.6 23.6 %
C-ACT-WS [%] 45.6 ± 10.6 27.1 ± 7.6 40.6 %
R-STOPS [no.] 28.3 ± 8.4 35.6 ± 9.2 20.5 %

By taking into account fluency metrics for collaborative robotics, the values of T-TIME for Test
A exhibit a non-normal distribution. Lower total task times are found for Approach 1, followed by
Approach 2. In particular, with Approach 1, the task is concluded in the 60.7% of less time with respect
to Approach 3, and in the 53.0% of less time with respect to Approach 2. Furthermore, the robot com-
pletes the operation 16.5% faster with Approach 2 than with Approach 3. Better results in terms of
T-TIME are found for Approach 1 and also in Test B, where values are normally distributed across par-
ticipants. The task was completed 17.3% faster by the robot with Approach 1 than with Approach 2 in
Test B.

A trend similar to T-TIME is found for R-IDLE. In Test A, the values of robot idle time are non-
normally distributed across participants for Approaches 1 and 2, whereas present a normal distribution
for Approach 3. The percentage of the T-TIME that the robot has remained still during the execution of
the task is significantly lower for Approach 1, followed by Approach 2, with percentage improvements of
75.9% (1-3), 66.7% (2-3), and 27.5% (1-2). In Test B, values of robot idle time are normally distributed
across subjects. In Test B, R-IDLE is found to be 23.6% lower for Approach 1 than for Approach 2.

The values of C-ACT-WS are not distributed normally for Approaches 1 and 3, whereas following a
normal distribution for the second considered robot-stopping approach. The K-W test reports significant
differences between Approaches 1 and 2, 1 and 3, and 2 and 3. From Fig. 5 and Table V, it can be noted
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that no concurrent activity in the robot workspace is possible with Approach 3. Furthermore, Approach
1 performs 18.3% better than Approach 2. C-ACT-WS is significantly higher (40.6%) for Approach 1
than Approach 2 also in Test B, where values are normally distributed.

Finally, the numbers of robot stops are non-normally distributed across participants in Test A. In this
case, Approach 1 performs better than 2 and 3 with percentage improvements of 63.7% (1-3) and 55.2%
(1-2), but no coherent difference in the number of robot stops is found between Approaches 2 and 3. The
values of R-STOPS are normally distributed in Test B, and a significant reduction (20.5%) of robot stops
is found when using the optimal scaling of dynamic safety zones with respect to the approach based on
the linear search of the stop time.

To summarize, it can be noticed that, even though all compared approaches consider the technical
specification to provide safety for the human operator during the collaboration with the manipulator, the
use of dynamic safety zones and the optimization of the robot stop time provide statistically significant
better results not only in terms of robot stop time and radii of the safety zones but also in terms of
quantitative fluency metrics (T-TIME, R-IDLE, C-ACT-WS, and R-STOPS).

More in detail, scaling online the robot safety zones allows the robot to operate in closer vicinity
with the operator with respect to other compared strategies (as testified by the C-ACT-WS), and results
in a more efficient and productive collaboration with fewer safety stops of the robot. On the other hand,
the approach based on static safety zones is undoubtedly effective from a safety point of view but does
not allow humans to approach the robot while it is in motion, resulting in bad performance in terms
of fluency metrics. The linear search of the stop time can be considered a compromise when tools for
online optimization are not available, at the price of significantly lower performance with respect to the
optimal scaling of dynamic safety zones.

5. Conclusions
In this paper, we explored and experimentally compared the effectiveness of robot-stopping approaches
based on the speed and separation monitoring for improving fluency in collaborative robotics. In the
compared approaches, a supervisory controller checks the distance between the bounding volumes
enclosing human operator and robot and prevents potential collisions by determining the robot’s stop
time and triggering a stop trajectory if necessary. The methods have been extensively tested, involving
27 volunteer participants, who were asked to walk along assigned paths to periodically enter the robot
workspace while the manipulator was working. The experimental results showed that scaling online the
dynamic safety zones is beneficial for improving quantitative fluency metrics in collaborative robotics,
demonstrating significant statistical differences with respect to alternative approaches based on the lin-
ear search of the best stop time, and on the implementation of the ISO/TS 15,066. Improvements of
60.7% and 53.0% in the total task time are found with the optimal scaling of safety zones and with the
linear search of the stop time, respectively, with respect to the static safety zones approach.

The experimental results found in this work provide insights that could be useful for choosing the
most suitable approach depending on the needs of the collaborative robotics application and the metrics
that the user prefers. For instance, in case the total task time is the more stringent requirement with
vast computational resources, the choice could be toward Approach 1, even if this approach is more
computationally demanding than the others. In case the preferred metric is the C-ACT-WS, the only
choice is between Approach 1 and 2 since no concurrent activity in the robot workspace is permitted by
Approach 3. Moreover, in case no (or limited) computational resources are available to perform an online
optimization, the forced choice would be toward Approach 2 or 3. These findings may be much more
significant if we consider a heavier robot whose stop times are more influenced by the robot dynamics.

Future developments of this work will include the exploration and experimental validation of alter-
native approaches for the trajectory planning in human-robot collaboration, e.g., reactive strategies that
do not necessarily stop the robot while still being safe. Furthermore, the proposed approach will be
extended to mobile manipulators to increase fluency and productivity for collaborative applications in
more challenging contexts.
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Supplementary material. The supplementary material for this article can be found at https://doi.org/10.1017/
S0263574724000262.
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