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Abstract

A new vision in human-robot collaboration has allowed to place robots nearby
human operators, working close to each other in industrial environments. As a
consequence, human safety has become a dominant issue, together with produc-
tion efficiency. In this paper we propose an optimization-based control algorithm
that allows robots to avoid obstacles (like human operators) while minimizing
the difference between the nominal acceleration input and the commanded one.
Control Barrier Functions are exploited to build safety barriers around each
robot link, to guarantee collision-free trajectories along the whole robot body.
Human accelerations and velocities are computed by means of a bank of Kalman
filters. To solve obstruction problems, two RGB-D cameras are used and the
measured skeleton data are processed and merged using the mentioned bank of
Kalman filters. The algorithm is implemented on an Universal Robots UR5 in
order to validate the proposed approach.
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1. Introduction

The raise of collaborative robotics has allowed to create shared environments
where robots and humans work closely. In this scenario, the high level skills of
humans can be merged with robot reliability and repeatability, to obtain flexible
and efficient production lines.

In this context, safety becomes of paramount importance, due to the tight
cooperation between human and machines. Prolong endeavors have been made
to develop an intrinsic safety for robots [1]. This means that, independently from
any kind of failure, malfunctioning or incorrect use, the robot is safe to humans.
Obviously this intrinsic safety can never be completely reached, since robotic
applications have to take into account production performances. One important
aspect about intrinsic safety is how to detect and behave when unexpected
collisions along the robot body happen, during the working cycle. Bicchi et al
[2] design a joint-actuation mechanism based on variable impedance that allows
to keep high performances while guaranteeing a limited level of injury risk. The
authors demonstrated that low stiffness is required at high speed, and vice versa.
Haddadin et al [3] present methodologies and experimental tests to demonstrate
how the robot is able to detect collisions and to distinguish between unexpected
collisions and intended cooperation. They also showed that switching from a
position control to zero-gravity torque control (i.e. compliant mode) gives the
operator the feeling of a safe cooperation. If robot velocities are low, external
proximity/contact-force sensors [4] or robot skin (e.g. Fraunhofer IFF Tactile
Sensor Systems [5]) can safely detect human touch. Collision detection can
also be implemented on industrial robots. Authors in [6] propose a method for
limiting the forces applied by an industrial manipulator when collisions occur.
They avoid the use of external sensors and they rely on motor current signals.
By exploiting time-invariant dynamic models and neural networks, they are able
to predict the nominal current during the motion and detect collisions.

Usually, when collisions happen, robots are stopped or switched in a compli-

ant mode. However, it can be convenient to generate alternative paths for the
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robot, preserving task performance and reducing robot downtime or restarts.
To prevent collisions from happening, exteroceptive sensors can be added to
the robotic system to enhance control algorithms. For example, 3D or RGB-D
cameras (e.g. Microsoft Kinect, Asus Xtion, Pilz SafetyEYE [7]), laser scanners
or light projectors [8] detect intrusions of people inside the robot working area.
The definition of virtual safety surfaces during robot operations (e.g. Fanuc
Dual Check safety [9]) or during manual guidance [10] allows to define safe
working regions that the robot cannot cross.

To prevent robots from stopping, exteroceptive sensors can be used in con-
junction with control strategies to implement collision avoidance. For this pur-
pose, solutions based on simple robot speed reduction or more complex motion
adaptations (e.v. based on repulsive potential fields associated to obstacles)
are often used. Optimization-based control algorithms, instead, would allow to
avoid to slow-down the robot or to get stuck in local minima of the potential
fields. Wang et al. [11] adopted an optimization-based algorithm and intro-
duce the role of safety barriers certificates to ensure collision free movements
in multirobot systems. The basic idea is to modify the nominal controller by
means of solving a quadratic problem online, to satisfy the safety constraints.
The control barrier functions are used to guarantee the forward invariance of
the set of safe states: i.e. if a system starts in a collision-free configuration, it
remains in collision free configurations. Control Barrier Functions around the
end-effector are used in [12] to avoid collisions with the environment.

However, in shared workspaces, the human can collide with the robot along
the whole robot body, not only against the end-effector. For this reason, includ-
ing the whole kinematic structure of the robot inside the safety constraints is
of utmost importance. In this paper we propose an optimization-based collision
avoidance algorithm based on the Control Barrier Functions (CBFs) presented
in [12]. We extend the construction of barrier functions on each robot link, guar-
anteeing collision free movements along the whole robot body. The resulting
optimal control action, computed online, is the best one that approximates the

nominal control action still preserving human safety. Preliminar results of the
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proposed approach were presented in [13]. In this paper, we also consider that to
compute the optimization constraints, human joint velocities and accelerations
are needed. As a significant extension of [13], we now describe how to estimate
these values exploiting a bank of Kalman filters, that processes skeleton joint
positions and orientations coming from a multi-camera system.

Therefore, the main contributions of the paper are the following:

e Two cameras are used to track the human body, to avoid obstruction
problems. Indeed, a bank of Kalman filters is used to merge data from
two cameras, to reduce measurements noise, to solve loss of data due to
obstructions and to estimate velocities and accelerations of human body

parts.

e The proposed algorithm allows to avoid collisions considering the whole
human body. Indeed, we evaluate the point on the human body that is
the closest to the robot body. Since this evaluation is performed at each
instant of time, the closest point on the human body changes dynamically,

according to the human movement, and the robot is moved consequently.

e We propose an extended experimental session, by showing the parameters
tuning and performances of the bank of Kalman filters, both when occlu-
sions happen and in static cases, to filter measurement noises. Moreover
we show the overall performances of the two-cameras optimization-based

algorithm when the robot is in proximity of a human operator.

2. Related Works

Different approaches were presented in the literature to deal with human
safety and collision avoidance in a human-robot shared workspace. A common
solution is represented by a velocity reduction when the robot approaches the
human. Ragaglia et al. [14] propose a real-time solution to evaluate human
occupancy and safely scale the robot velocity. A 3D camera and simple human

kinematic model are used to predict the space the human will occupy within
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the robot stopping time. The robot velocity is reduced, in order to avoid task
interruptions. Zanchettin et al. [15] present an optimization-based and real-
time algorithm where safety is regarded as a hard constraint to be satisfied.
The objective is to guarantee safety while keeping high performance levels, by
means of a velocity reduction. The main idea is that the safety distance is al-
ways greater than robot velocity multiplied by its braking time. This strategy
is applied in the joint space, to avoid time consuming calculations in the Carte-
sian space. Salmi et al. [16] propose a Dynamic Safety System that reduces
the velocity of an industrial robot exploiting a primary non-safe device and a
secondary certified device. These devices create different allowed robot working
areas depending on human position.

A velocity reduction is not always the best choice, especially when the robot
workspace is wide enough to allow a modification in the robot path. Polverini et
al. [17] apply the concept of kinetostatic safety field on a redundant robot ma-
nipulator, avoiding both self-collisions and human-robot collisions. The safety
field considers a rigid body as a source of danger and it depends on the relative
position and velocity between the rigid body and the obstacle. Moreover, the
safety field depends on the shape and the size of the source of danger. The
generated joint velocity guarantees a collision-free movement. Levratti et al.
[18] apply the concept of Danger Field presented in [19] on a mobile robot, in
order to avoid human operators in a tire workshop. Ferraguti et al. [20] exploit
the use of virtual fixtures to implement collision avoidance in a teleoperated en-
vironment, while suggesting a preferred path direction. Virtual fixtures are like
assistive forces obtained by summing attractive and repulsive potential fields.
Haddadin et al. [21] propose a variable attractor dynamics to obtain a reactive
collision avoidance, dealing with external forces and able to serve as an inter-
polator with arbitrary desired velocity profile. Using potentials can effectively
provide motion replanning and collision avoidance, but the system can be stuck
in local minima and the replanning is somehow unpredictable. All these works
use the distance between the robot and the obstacle as the key element to define

safety.
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Different approaches are based on the definition of a safey index. For exam-
ple, in [22] the authors propose the potential impact force as a safety evaluation
factor. The safety index is then computed exploiting the relative distance and
velocity between the human and the robot, robot inertia and stiffness. Kulié et
al. [23] design a safe planning and control strategy to evaluate danger in real-
time along the entire robot arm. The danger index is formulated as a non-linear
impedance controller and it is used to move the robot in a safe region when
potential collisions are detected. The inputs to the safety module are the fol-
lowing robot arm configuration (i.e. position and velocity), the current human
configuration and the estimated human’s level of intent.

Finally, optimization-based algorithms can be used to obtain the best cor-
rection to the nominal path, with respect to safety constraints. Lin et al. [24]
propose a velocity-based collision avoidance method in human guidance sce-
nario. In [25] the authors consider a more general scenario, where the motion
input is chosen with respect to the Safe Set, solving an optimization problem.
The definition of a safety index allows to avoid dangerous regions that may lead
to collisions. In this case, the controller is able to bring the system back inside
the safe region, but only after the actual violation of the safety constraint.

In most of the mentioned works, the sensors detecting human presence and
motion are commercial 3D or RGB-D cameras. Even though human motion
tracking itself and the development of novel sensing technologies for this pur-
pose are relevant research issues (see [26] and [27] for a survey), that would
deserve further investigations, such commercial solutions are generally sufficient
to support experimental validation, at least in a laboratory setup, of the safety
related robot control algorithms, which is also the focus of this paper. On the
other hand, the integration and fusion of data from multiple sensors (e.g. dual
RGB-D cameras [28] or an RGB-D camera and an inertial measurement unit
[29]) or the use of different estimation methods for position and orientation (see
[30]) are useful solutions to improve the reliability of human motion tracking
data and, therefore, of the validation experiments themselves. In this context,

Kalman filters and Particle filters are common solutions to the sensor and data
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fusion problem. Other methods (e.g. Sliding Mode Observers [31]), potentially
providing robust estimations, are rarely used for sensor/data fusion and, espe-
cially, are currently unexplored in human motion tracking.

Differently from previously mentioned works, in this paper we propose an
optimization-based collision avoidance algorithm that keeps the system state
inside a safe region, without violating the safety constraint. Moreover, the pro-
posed algorithm allows to choose the optimal path by computing the minimum
correction with respect to the nominal path. The optimization method also
guarantees that the robot successfully reaches the target, without being stuck in
local minima. To build the constraints in the optimization problem we adopted
the formulation of Control Barrier Functions. The construction of a barrier
function around each robot link allows to guarantee collision-free trajectories of
the entire robot body. No velocity reduction is needed, hence the robot can fully
exploit its workspace, increasing efficiency. With regard to human tracking, we
exploit multiple RGB-D cameras and a combination of Linear Kalman Filters
and Extended Kalman Filters (respectively for position and orientation data
processing) based on second order differential kinematic models, as proposed in
[32], to avoid visual occlusions from invalidating the performance obtained with

the proposed control method during the experiments.

3. Problem Statement

As a consequence of the introduction of collaborative robots and human-
robot interaction technologies, the safety standards have been updated in order
to address the new co-working scenarios. International ISO 10218-1/2 [33, 34]
safety standards have identified specific applications and criteria where collab-
orative operations can occur. More recently, the technical specification ISO/TS
15066 [35] has been introduced to specify safety requirements for collaborative
industrial robot systems and the work environment, and supplements the re-
quirements and guidance on collaborative industrial robot operations given in

ISO 10218-1 and ISO 10218-2. The safety standards ISO 10218-1/2 and the tech-
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Figure 1: Safety zones for human-robot collaboration with Speed and Separation Monitoring

technology.

nical specification ISO/TS 15066 describe four collaborative operating modes:
Safety-rated Monitored Stop (SMS), Hand Guiding (HG), Speed and Separa-
tion Monitoring (SSM) and Power and Force Limiting (PFL). In particular, if
a standard industrial robot is involved, the Speed and Separation Monitoring
is typically used: in this modality, the speed and the trajectory of the robot
are monitored and adjusted depending on the speed and position of the human
operator into the shared workspace. The robot operates at full speed when the
human moves in a green zone, at reduced speed in a yellow zone and it stops
when the operator is in a red zone (Figure 1). The areas are inspected using
scanners or vision systems to monitor the position of the human operator. How-
ever, the main disadvantage of this modality is that the robot is continuously
stopped if the human access frequently the red zone, affecting the performance
of the cooperative task.

In this paper we propose an initial step towards the preservation of the
high performances typical of industrial robots, which are characterized by high
speeds of execution. Indeed, we aim at avoiding stopping the robot or scaling

its speed in the presence of the human operator in the shared workspace. The
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focus of the work is to create a safety aware human-robot shared environment
where the robot executes its predefined task while the human operator is work-
ing nearby to collaborate at the same task or to perform a different operation.
To prevent speed reduction or stopping the robot, we decided to exploit a colli-
sion avoidance algorithm to guarantee the human safety: in this way the robot
can adapt its trajectory to avoid the obstacle (in this case the human operator)
while accomplishing its task at full speed and without interruption. The colli-
sion avoidance algorithm has to continuously adjust the trajectory of the robot,
considering at any moment the position of the human operator. It has to pro-
vide an effective motion re-planning while minimizing the distance between the
original trajectory and the new one. Therefore an optimization-based algorithm

is needed.

3.1. Proposed Control Architecture

In order to address the points raised in the Problem Statement, in this
paper we propose the control architecture shown in Figure 2 and described in
the following sections. In particular, the Human Tracking System combines
the data coming from two cameras to continuously track the human body and
to obtain its velocity. Then, this information is fed into the Safety Control:
the robot nominal trajectory is adapted online, according to human movements
and velocity, to avoid collisions between the human and the robot bodies. To
minimize the difference between the nominal trajectory and the corrected one,
an optimization algorithm is run online, based on robot accelerations. Finally,
the computed safe position is given to the low level robot controller.

A detailed description of the control architecture components is given in

Section 6.

4. Background on Control Barrier Functions

The constraints on robot control have to guarantee collision-free trajectories.
A suitable mathematical tool to guarantee such a behavior is represented by the

Control Barrier Functions (CBF) [12] which are briefly described in this section.
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Figure 2: Overview of the proposed control architecture

Assuming we consider a control affine, nonlinear system of the form:

x=f(x)+g9()u (1)

where x € R™ is the system state and v € U C R™ is the control input, with
U being the set of admissible control values. Functions f and g are locally
Lipschitz continuous.

The control input should keep the system state inside a safe set to guarantee
that the system remains in a safe region. We can achieve this goal exploiting
CBFs. Basically, CBF's are non-negative functions that grow to infinity for states
approaching to safety constraints, while they become smaller moving away from
them.

A smooth function A(x) is exploited to define a Control Barrier Function
that constraints the system state to lay inside the safe region, i.e. for h(x) > 0,
whereas h(y) < 0 indicates a violation of the constraint.

The safety region and its boundaries are defined by the set of admissible

states €:

€ {x eR"|h(x) >0}, h:R*"—=R @)
0¢ = {xe€R"|h(x)=0}
The goal becomes to design a control law u that guarantees the forward invari-

ance of the set ¢ for all future times, i.e. if x(0) € € then x(t) € € for all
t > 0. This behavior can be implemented using CBF's, since they relate the

10



system control law with the constraint function h(x).
More precisely, a function B(x) qualifies as a CBF by fulfilling the following

properties:
CBF-p; : A valid CBF is a non-negative function on ¢

inf B(y) > 0
nf (x) >

CBF-py : The barrier grows as the state y approaches the constraint from inside
the admissible set

lim B(y) =
i Bx) = oo

CBF-p3 : The CBF grows with the growth rate (with v > 0)

: Y
B(x) < W

These properties make B(x) behave like the inverse of a K function ! [36].
25 We can obtain the following formal definition relating the previous properties

with the dynamics of a general system of the form (1).

Definition 4.1. (/12], Def. 4 )

Let a continuously differentiable h : R — R™ define € as in (2). A locally

Lipschitz function B(x) : € — R is a Control Barrier Function, if its Lie
=0 derivatives Ly B(x) and LyB(x) are locally Lipschitz and if there exist class K

functions oy, as and v > 0 such that for all x € €

1 1
) = PV = ) ©
inf |£B00 +£,B0Ju= 55| <0 (1)

Since B(x) — 0o when h(x) — 0 and B(x) < %, equation (4) guarantees
that CBF stops growing when the state approaches to the constraint.

LA continuous function « : [0,inf) — [0,inf) is said to belong to class K if it is strictly

increasing and «(0) = 0 is verified.

11
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Once we define an appropriate CBF, a relationship with the control value u
is derived (i.e. provided that £,B(x) # 0 within the admissible set ¢), yielding

to the set of admissible control values Kg(x):

Ke(x)={u el | LiB(x) + LyBO)u — % <0} (5)

By applying a control input u € Kg(x), we guarantee that the set € is
forward invariant. It is worth noting that CBFs are defined inside the set of
admissible states 4. This means that they are not able to resolve constraint
violations. If the system goes outside the safety set,the controller is not able to
bring the system back inside the safe region.

In the following, we will define the computation of the robot control input
as an optimization problem. The objective of the problem is to minimize the
norm of the difference between a nominal (i.e. potentially unsafe) control and

the optimal one, that is constrained by CBFs (i.e. it must belong to a given

Ks(x))-

5. Trajectory optimization for collision avoidance

The control system has to solve online an optimization problem to generate
a collision-free trajectory that is the closest to the nominal one. To this aim, the
previously described CBF's will be exploited to build a set of virtual barriers. If
all the robot links remain in a safe set, then the whole robot body is collision-
free. Thus, it is required to compute all the possible collisions of each robot’s
link with each human’s link.

To this aim, we need to define a model for each agent of the system (i.e. one
for the human operator and one for the robot). These models allow to represent
mathematically any entity of the system, define its behavior (both dynamic and
kinematic), its spatial shape and the relations between entities. We chose to
model the robot links and the human links using virtual capsules in order to
enclose them inside the fittest and simplest shape, such that the distances can be

easily computed. Given a couple of Cartesian points, a capsule [37] is a virtual

12
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object composed by two semi-spheres, centered in that points, and a cylinder,

with longitudinal axis linking the two points.

5.1. Robot model
Let us denote with z € R® the Cartesian position of the robot end-effector.

‘We consider that:

e robot trajectories are planned in terms of desired acceleration Zges, to
avoid non-smooth motions (i.e. discontinuous velocities).

e we define the system state as xy = [x1 x2]” = [z #]". Therefore, the

system dynamics is given by (1) whose input u is the desired end-effector

acceleration Z 4.5, and

o= g00=1]"" ©)

O3x1 I3x3

To compute the distance between each robot link and the human operator
we choose to decompose the robot body into subset of consecutive links. In this
way we can explicitly take into account the kinematic couplings among the links
of the robot. In particular, according to the serial chain of the manipulator, the
first subset is obtained considering the first link connected to the robot base,
the second one considering the first and the second link and so on.

Considering a serial manipulator with m degrees of freedom (DoF), defined
by m links and m joints, the joint position vector ¢ = (qi1,...,¢m) specifies
uniquely the robot configuration. As shown in Figure 3, in the manipulator
we can define m subsets of link, from the base to the end-effector, and each
subset can be associated to a vector ©; = (g1, ...,q;) € R* (i = 1,...,m) and to a
Jacobian matrix Jp, ;(©;). If we denote with z.; € R? the midpoint on the last

link of each subset, the corresponding Cartesian acceleration can be defined as
i‘cﬂ; = Jp,z@q + Jpﬂ;éq’,, i=1..m (7)

where J,; € R3*¢ is the linear velocity part of each Jacobian submodel. It
is worth noting that each submodel state x; = [z¢; n'cc_,i]T is subjected to a

dynamics with the same structure of equation (6).

13
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Figure 3: Example of subset of consecutive links for a m-DoF robot manipulator

Figure 4: Capsules model for the manipulator

As previously introduced, the robot is modeled by using m capsules, as shown
in Figure 4. Each capsule is composed by a cylindrical part that encloses the

robot link, while the joints at the extremities are enclosed in two semi-spheres.

w0 5.2. Human operator model

Regarding the model of the human operator, a first simple solution to be
considered could be to enclose the whole body into a single element (eg.a sphere
or a cylinder). However, this solution would be too conservative and simplistic
for a correct human body representation. A less conservative and accurate

s human body representation consists in defining an obstacle around each body
part.

We chose a 12 capsules model (as shown in Figure 5) to embody human parts,
where each capsule is defined by the position of two human joints and a radius.

The joints positions are obtained from the localization system, while the radius

14
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Figure 5: Capsules model for the human body

a0 is defined a priori considering a generic human body. We chose 12 capsules since
this is a trade-off between an accurate representation of the human body and
the computational load for computing them online. The capsules incorporating

hands and foots have a radius that allows to include even the fingers.

5.8. Obstacle distance
315 Once we have defined the human body and the robot body as a composition
of capsules, we could evaluate the distance between them [38]. However, to
perform this kind of operation online for each pair of robot capsules and human
body capsules would take time, threatening human safety. To further simplify
the computational load, we identify the closest human capsule for each robot
20 link, i.e. the one at minimum distance from the link itself (Figure 6).
Thus, we first compute all the distances between human capsules and robot

links middle-points:

dij =||zei — ol = 1eiy i=1,..,m (8)

where z.; € R3 is the i-th link middle-point and T, € R3 is the point on the

15
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Figure 6: Example of human capsule closest to link 2 and link 6 of the robot

human capsule j which is closest to @, ;. r; is the radius of the robot capsule.
25 Since this evaluation is performed at each instant of time, the closest point on
the human body changes dynamically, according to the human movement.

It is worth noting that the choice of the mid-points of robot links was a
design choice. The theoretical findings of the paper hold for any other fixed
point on the longitudinal axis of the considered robot link. Indeed, the distance

s is computed according to equation (8) where the radius of the robot capsule is
constant along the capsule itself. As a consequence, the kinematic chain has to
be built according to the chosen point along the robot link.

Then, in the optimization problem we only need to focus on a single capsule
of the human body for each link of the robot. For ease of notation, in the

s following we will refer to the point xj;, corresponding to the closest human

capsule, by directly using the term xj,.

5.4. Safety barrier function

As introduced in Sec.4, the constraints in the optimization problem, guaran-

teeing collision-free trajectories, are defined in terms of CBFs. We can consider

16
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the human operator as a moving obstacle with no control input and its skeleton is
bounded inside capsules. Once we identified the closest capsule on the operator
body, we can define a constraint function h;(x;) on the state x; = [z¢,; n'sm-]T

for each subset of robot links, as:

hi(xi) =dij —Ds >0, i=1,...,m (9)

where D is a desired distance to guarantee a safety margin for the operator.
Now we have to define an admissible CBF for the system. Consider the
dynamic model of the robot in (1) and (6), where u; is the control input, i.e.
the desired acceleration for the i-th link middle-point. A candidate for the role
of a CBF must satisfy the properties CBF-p;, CBF-py, CBF-p3 (Sec. 4) and
its time derivative must depend explicitly on the input. In other words, the
relative degree between the CBF and the input must be one. This means that a
function based only on the constraint h;(x;), whose relative degree with respect
to the input u; is two, is not a valid candidate. However, the dependency of the
control input u; appears in the time derivative of the constraint function hl(xl)
Therefore, an admissible CBF can be chosen as follow:
hi(xi) behi(x:)?
1+ hi(Xi)) tap 1+ bE}ii(Xi)Q

Bi(x) = —In ( (10)

The proposed CBF includes a logarithmic term to shape the barrier and a
tunable term depending on hZ(XL) By properly tuning the parameters ag and
bg we can decide how far the system will stop from the constraint.

Given an acceleration input, the set of admissible control values (5) for each
i-th robot link is defined as:

apiu; < —bp; i=1,...m (11)

T
~ Bi(xi)

17
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where

asi = P g(x)
Bi — ang Xi
(xc,i - xh)T(j;c,i - «Zh)
— W N\T
= 2axb e = 2l _{@e —21) (12)
(ei — 21)T (e — 3n)\ @i — xnl]
1+bE( c,i Lh Legi h)
zei — zall
and
0B;
br; = (y) —
Bi s Fxi)
_ (xc,i - :L'h)T(ic,i - lh) +
(lzei = znll) (e — all = Ds)A+[|wes — znll — Ds)
Lei — Th T xtt_‘rb
+ 2apbg (e, n)” (& T})‘ BNSE
(e = o) [1-+ b (22l eyt )]
. . . . L2
dp(wei — )T n i — @nl®  [(@ei —2n)" (Fei — @n)] (13)
[@ci — @l e, = znll e — znll?

In our work, differently from [12], we do not consider only the acceleration
of the end-effector, but the acceleration of each link middle-point. Hence, we
obtain a barrier function for each link, where the control input u; is the desired
Cartesian acceleration Z.; in (7). Consequently, we can rewrite each constraint
for the i-th robot link (11) as:

5

(0 + 10) < =L — —bp; i=1,.., 14
api(JpiO; + p,@,)_Bi(X) Bi m (14)

Since it’s not possible to arbitrarily set the value of both joint velocities
and accelerations, we choose the vector of joints accelerations ¢ as the optimal
control input compatible with the Safety Barriers constraints. The current joint

velocities are given as parameters to the control optimization.

5.5. Optimization problem

The quadratic optimization problem with linear constraints allows to com-

pute the joints accelerations that will be used as control input. The objective of
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the optimization problem is to minimize the difference between the commanded
control input ¢ and the desired end-effector Cartesian acceleration Zg4es. Mean-
while, it ensures safety by means of the safety barrier functions.

Assuming that the Jacobian matrices are incorporated in R and S, as follows:

Ri = apiJpi, Ri€R™ (15)

Si = aBini» Sz S Rb(i (16)

the optimization problem is defined as follows:

miniqmizc |Zdes — Jrovd — Jrovll”
subject to &6, < T bp1 ~ R10:
Bi(x)
. ’y .
< —_a —
8202 < Baly) bpa — R202
(17)
S’m@m < 2 A me - Rmem
Bm(x)
ldlloe < @

ld+d- At < B

where J,..p is the Jacobian matrix of the full kinematic chain of the serial robot,
from its base to the end-effector, and At is the sampling period. To obtain a
feasible motion, joint acceleration and velocity bounds o and (3 are added to
the constraints.

It is worth noting that the resulting controller is minimally invasive: it allows
to precisely follow the nominal control input when the system is far from safety
violation, while it modifies the behavior when a collision between a link and the

obstacle is approaching.

6. Control Architecture Deployment

In this work we propose a multi-camera localization system to track hu-

man movements and obtain information about its velocity. Then, the proposed
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optimization-based collision avoidance algorithm replans the robot trajectory to
minimize the difference between the nominal acceleration and the commanded
one, to guarantee human safety.
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Figure 7: Control Architecture

The proposed control architecture is depicted in Fig. 7. To monitor the
movement of the human operator in the shared workspace we exploit two RGB-
D sensors, to obtain a reliable skeleton tracking. The data fusion is performed
to merge the human skeleton data coming from the two sensors. Data fusion
process exploits a bank of Kalman filters, to reduce data noise and to estimate
the velocities and accelerations of the human operator joints. To avoid vari-
ability problems due to the variation of links length during skeleton tracking,
the Skeleton Bones component has been introduced. It verifies if all the human
body parts respect the reference values and it adjusts wrong measurements
consequently. To guarantee human safety, we exploit the collision avoidance
algorithm presented in Sec. 5.5, based on the current distance between the hu-
man body and the robot. The control strategy is minimally invasive, since it
modifies the robot behavior (defined by the Trajectory Generator) only when
the human safety is threatened.

Before going into details on each system component, we make a few assump-
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Figure 8: Environmental scene considered for the validation of the proposed system.

tions about the environmental scene we are considering for the validation of the

proposed system, depicted in Figure 8:

e The robot is placed on a work table and the human operator can easily

move around it. Since the robot is placed on a table, we can neglect

400 the lower part of the human body during the evaluation of the safety
distance for the optimization problem. However, this assumption was

made according to the robotic setup we implemented for the validation
experiments. It is worth noting that the algorithm works even for more

general scenarios (e.g. the robot is placed on the floor) where the whole

405 human body is considered for collision avoidance. Indeed the skeleton

tracking algorithm allows to track the whole human body.

e The human operator can interact with the robot or work nearby it. Since
in both cases the human is inside the robot workspace, the proposed
method computes the safety distances and moves the robot in order to

a10 avoid collisions between the human and the robot.

e The shared workspace is monitored by two RGB-D sensors. They are

placed at a different height with a different orientation. They both have
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to shot the whole scene (i.e. the entire shared workspace) to properly
detect human and robot bodies. However, additional sensors can be used
to obtain a more precise and reliable human tracking, at the expenses of an
increasing computational load. On the opposite side, only one camera can
be used, loosing the capability of safely managing occlusions. Finally, as
mentioned in Section 1, different sensors can be used to track the human

body, other than RGB-D cameras.

In the following we describe in details each component presented in Fig. 7.

6.1. Skeleton Tracker

The two Skeleton Tracker components allow to extract skeletal data from
RGB-D sensors, as depicted in Figure 10: black dots represent human joints,
while colored segments represent human links.

From the skeleton data, the information about the pose (i.e. position and
orientation) of human joints is obtained, with respect to the camera reference
frame. The use of two different cameras allows us to obtain more reliable data
and alleviate the occlusion problem that arises when we relay on a single camera
information. However, the use of two cameras implies to refer both image data
to the same reference frame.

First, we define which camera is considered the main one (K 4 in figure 9).
Then, the raw data coming from the other camera (Kp) will be transformed
according to the reference frame of the main one. The transformation matrix

T§7 from the reference system B to A, is defined as:

To determine the rotational matrix R and the translation vector ¢ inside the
matrix TL’}, we exploit joints data coming from the two cameras. In particular,
when the human is standing still in front of the main and the secondary camera,

joints data are acquired and exploited to minimize the following energy function:
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Figure 9: Reference frames K 4 and Kp of the two cameras, and corresponding transformation

: A
matrix T%
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Figure 10: Example of data fusion: the data from the sensors are blended together to obtain

more reliable data

Jr = Z | R(si —cs) 4+t — (mi —em) |I? (18)

where ¢, and c; are the average centers of m; and s;, that are the set of
joints positions from the main camera and the secondary one, respectively. By
minimizing function Jr we obtain the transformation matrix to convert data
from the secondary camera frame to the main one. Further details can be found

in [39].

6.2. Data Fusion

Using multiple sensors allows us to obtain more reliable and consistent data,
reducing the occlusion problem that could arise when using a single camera.
The component of Data Fusion compares and blends together the data from
both the cameras, as depicted in figure Figure 10.

Since the human is allowed to move freely inside the workspace of the robot,

the data fusion process has to be performed online, to guarantee human safety.
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We use a bank of the quaternion-based Kalman filters described in [40] (i.e. for
each tracked joint), to remove the noise from skeleton tracker data and to blend
the information received from the two sensors. In addition, the Kalman filtering
module allows to estimate the human joints velocities and accelerations (both
linear and angular), starting from the human joint poses. We denote with p;
the pose associated to the i-th joint, that includes the position x 5; of joint itself
and the orientation of the human link starting from that joint, expressed as a
quaternion ¢ ;. The bank of Kalman filters provides an estimate of the following

vectors:

T.Ji q7ji
Eri= |2l Y= |wy (19)
Zg; ayg;

in which 2 ;, ¥ j;, wy; and ay; denote respectively the linear velocity and accel-
eration of the joint and the angular velocity and acceleration of the link. The
vector £y; has 9 scalar components and is estimated by a Linear Kalman Filter
(LKF), while ¥ ;; has 10 components and is estimated by an Extended Kalman
Filter (EKF), based on the kinematic model of quaternion differentiation (see
[40] for further details).

It is worth noting that data fusion is implemented by updating the same
quaternion-based kinematic model every time that new skeleton data are re-
ceived from any of the two cameras. The data are assumed to be captured
asynchronously, similarly to the case discussed in [32]. The LKF/EKF up-
date mechanism is executed using a single process noise covariance matrix and
two different measurement noise covariance matrices. The latter are differently
tuned to take into account the discrepancies in the two cameras, mostly due to
their different placement inside the operating scenario.

In our work we take into account both data missing from the cameras and
camera occlusions. In particular, we refer to ”data missing” when a camera
is disconnected or is not able to track the human body (i.e. skeleton track-

ing matrices containing human joints poses are empty). Instead, we refer to
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7occlusions” when the camera keeps track of the human, but a few joints are
hidden and the corresponding poses are not available. When data are missing
only from one camera, or occlusions occur, the Kalman Filter relies on the in-
formation coming from the other camera. An example on how we manage this
situation is shown in Section 7.1.2.

If data are missing from both cameras for consecutive time steps, a low level

time-out stops the robot to preserve human safety.

6.3. Skeleton Bones

One problem that can arise when using a skeleton tracker is the variability
of link lengths, because the length of body segments may change during the
tracking.

To overcome this problem we introduce the Skeleton Bones component.
When a human operator enters for the first time in the scene and stops in front
of a camera, a measurement on his/her body is performed. Then the reference
values for each body link are computed and stored in this component for that
specific operator. During the online tracking of the human body, each time the
Skeleton Bones component receives joints data, it computes the current links
lengths. Then, exploiting the stored values, it adjusts the position of the joints
in order to respect the reference lengths. To avoid a continuous adjustment,
we set a threshold e: when the difference between the current and the reference
values is grater than €, the correction is made.

When we consider a human link, we call J, the first joint we meet if we
try to reach the link starting from the torso, while J, 1 the following one. If a
correction has to be made, we decided to always move Jq4.

To perform collision avoidance between the robot and the human operator,
the poses, velocities and acceleration of the human joints, coming from data
fusion, have to be referred to the robot frame. Therefore we have to define a
transformation matrix from the main camera reference frame to the robot base
frame.

To determine the transformation matrix, we use a marker, placed on the
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Figure 11: Transformation matrices between the main camera and the marker (TI‘?A), the

marker and the robot base (T'§) and the main camera and the robot base (T}?A).

table near the robot base. Using this marker it is possible to learn the camera
pose with respect to the marker, obtaining the transformation matrix TI?A in
figure 11. We need a further transformation from the marker to the robot base
(TH), to obtain the final transformation matrix from the main camera to the
robot base frame:

6.4. Trajectory Generator and Robot Controller

To test the proposed system, we monitor the human movements when inter-
acting with a robot that is following a predefined path, with a fixed end-effector
orientation. We planned robot trajectory offline, computing the end-effector
positions and velocities in the Cartesian space. Then a PD controller we obtain

the desired acceleration as:

ﬁdes = KP(mref - $) + KD(:tref - m) (21)
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where Kp € R3*3 and Kp € R3*3 are positive definite diagonal matrices and
Tref and &,y are the reference pose and velocity of the end-effector, while  and
2 are the current position and velocity of the robot. This acceleration is fed to
the Safety Optimizer component as the desired acceleration for the optimization

problem.

6.5. Safety Optimizer

Once the human body has been tracked correctly and its pose, velocity
and acceleration have been computed, the Safety Optimizer component exploits
this information to avoid collisions when the human operator interferes with
the robot trajectory. According to the algorithm presented in Sec. 5.5, this
component determines the minimum deviation from the nominal acceleration if
a collision is approaching.

At the beginning of Sec. 6 we made the assumption that the robot is placed
on a work table. Hence, we can reduce computational load of the Safety Opti-
mizer component by reducing the number of human-robot capsules we consider
for the collision avoidance. Specifically, we consider only the upper part of the
human body and we neglect the first robot link because robot base can not move
to avoid the obstacle.

Since collision avoidance relies on the solution of an optimization problem,
cases of not convergence can occur. This means that the system can not find
a feasible solution and human safety is threatened. To preserve safety in a
conservative way, we command the robot a scaled version of the last commanded
velocity (in our tests we reduced the velocity by 20%), until robot stops if no
feasible solutions are found repeatedly.

In the optimization problem we also need the values of &5 and &5, (12)(13).
As previously described, the bank of Kalman filters for data fusion estimates
the linear velocities and accelerations of each joint and the angular velocities
and accelerations of each link. Given this knowledge and considering that xp,
belongs to a rigid body represented by the human link, we can calculate 2; and

#5, by means of well-known kinematic equations. Such equations propagate the
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estimated velocities and accelerations of the link up to xj, as follows:

&y =dg, +wy, X (Th —24,) (22)

Ep =g, +wg, X (wr, X (@n = 2g,)) +ag, X (@ —25,)
where: z;, is the first joint of the considered link (i.e. the first joint we meet
before reaching x, starting from the torso joint); & s, , ., ws, and « , are the
related velocities and accelerations as estimated by the LKF/EKF processing

module previously described.

7. Experimental Validation

Different experiments were performed to show the effectiveness of the pro-
posed algorithm. The first experiment was used to validate the bank of Kalman
filters as estimators of human acceleration and velocity. Then, the second exper-
iment showed how the system manages the occlusion of a camera to guarantee
reliable data. Finally, the optimization-based algorithm was tested in a human-
robot shared environment, where the robot had to follow a nominal trajectory
while the human was working nearby. The results show that the robot deviates
from the nominal trajectory to avoid the collision with the human operator,
preserving his/her safety during the execution of a task.

The proposed approach, based on CBFs for a serial manipulator, has been
implemented and tested on a Universal Robots URS, a 6-DoF industrial manipu-
lator designed for collaborative applications. For the first experiment, regarding
the validation of the Kalman filter banks, we used a 6-DoF Puma 260 robot. As
RGB-D cameras, we used both Intel Realsense D415 and Asus Xtion, to test the
robustness of the Kalman filter on different hardware. The software components
were developed using ROS and OROCOS frameworks. The optimization prob-
lem was solved online exploiting C++ code generated by CVXGEN software.

7.1. Human body tracking

The first phase of the experimental validation was focused on human body

tracking. First, we tested the effectiveness of Kalman filters banks for velocity
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Figure 12: Experimental setup for testing the skeleton tracking software

and acceleration estimation. To cope with camera occlusion issues, we then

evaluated data fusion from multiple RGB-D cameras.

7.1.1. Estimation of Velocities and Accelerations

The practical execution of Kalman filters requires the tuning of covariance
matrices associated to the process noise and the measurement noise. Such ma-
trices are generally denoted respectively as Q and R.

The R matrix is related to the measurement technology and it should be
evaluated when the observed process is in a stationary condition. The Q should
be instead tuned to achieve a good compromise between smoothness and desired
dynamics of the estimation output. For this purpose, it would be important to
compare the estimated values of the Kalman filter outputs with their true values
or, at least, with values estimated with an accurate technique.

For human body tracking, we developed a solution to obtain such reference
values from a robotic emulation of a human. In particular, we inserted a Puma
260 6-DOF manipulator into the sleeve of a hooded sweatshirt and realized a
fixed structure to sustain the other sleeve and the hood of the sweatshirt. In
the robot initial configuration, the whole assembly mimics the upper body of a
human in a T-shape posture, as shown in Figure 12. When the robot is moving,
instead, the structure mimics the motion of the right arm of the human.

First, an experimental analysis of the noise affecting the skeleton tracker was
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executed. The measurements used for the evaluation were obtained by detecting
the upper body skeleton of the robotic emulator with the Puma 260 at rest. It
is worth noting that this stationary condition cannot be achieved when tracking
a real human, due to little movements of the human body even when it is still.
The covariance matrix was calculated from measurement data. The covariance
matrix may vary according to the camera model and to the placement of the
camera itself. In our case, with Intel Realsense D415 camera placed at a distance
of 3 meters from the robot, we obtained the following setting for each one of

the LKFs:

R = diag(3.2 x107%,84x 1077,1.91 x 0~ ")

and for the quaternion-based EKF's:

R = diag(1.238 x 1075,4.756 x 1075,2.957 x 07°,4.99 x 1075)

To evaluate the process noise covariance matrix, we followed the rule of
thumb stating that in a Kalman filter used for differentiation higher values
should be associated to the matrix entries related to higher order derivatives.
In other words, the process noise on accelerations is assumed to be much higher
than that affecting the velocities. After some trials, we obtained the following

values for the LKF's:

Q = diag(107°,107°,107%,1072,1072,1072,10},107%,107})

and for the quaternion-based EKF's:

Q = diag(107°,1075,107%,1075,107%,107%,107%,1072,1072,102)

The accuracy of the outputs of the Kalman filters has been evaluated by
comparing them with the reference values from the forward kinematics of the

Puma 260. In particular, we focused on the elbow joint orientation and on the
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wrist joint position, assuming that they match respectively with the orientation
of the third link and with the center of the spherical wrist of the Puma robot.
Velocities and accelerations of the robot links were calculated by processing
kinematics data with a Savitzky-Golay differentiation filter. Since the filter is
non-causal, we assume that its output is the best estimate of first and second
order derivatives that we can get from the robot joints position measurements.

Figures 13(a), 13(b), 14(a) and 14(b) show the comparison between refer-
ence values (blue lines) and estimated values (red lines) of, respectively, the
linear velocities and accelerations of the wrist and the angular velocities and
accelerations of the elbow. The plots refer to a sequence of motions in which
the base joint (i.e. the human left shoulder), the second and the third joint
of the Puma 260 moved of 60 degrees from the initial configuration shown in
Figure 12, either simultaneously or one at a time. As depicted from figures,
the outputs of the Kalman filter are similar to the reference values during most
of the motions, with a limited delay. We found that the highest discrepancies
between references and estimates were especially related to motions involving
the third joint (i.e. the human elbow). This effect is due to the elbow position
tracked from the RGB-D camera, that is not rigidly matching the Puma robot
joint one. Indeed the elbow position is changing its placement on the sweatshirt

sleeve according to the angle between the second and third link of the robot.

7.1.2. Camera occlusion

In the data fusion component we handle the problem of one of the two sensors
occlusion. In the following plots we show the recorded values of the joint torso
because it is usually the most stable during the tracking.

The plots in Figure 15 show the raw data coming from the principal camera
(blue dashed line), the secondary camera (green dotted line) and the output of
the filter (red solid line). We highlighted the time period where we detected an
occlusion of one of the sensors.

In particular, we can observe two occlusion episodes:

e in the first episode the occluded camera was the second one. During

32



2* T T T T =
:E17 i
SEo0 P Nonr

1k . . L L . | \ 4

0 1 2 3 4 5 6 7

1r ‘ ‘ ‘ ‘ ‘ ‘ —
.:EO fxi\\v A
=
S Er W 1

-2 I I I I I L |

0 1 2 3 4 5 6 7

1T ‘ ‘ ‘ ‘ ‘ : —
e
SEO s Al

“1k \;; ;\ | | . . . ]

0 1 2 3 4 5 6 7t [s]

(a) Linear velocity of the wrist joint

— 10 4
:N*’J 5_ -
SE o /\Qva@\
5L | | | | | . L
0 1 2 3 4 5 6 7
: : : ; - -
& 0 M
2 W
3 g -10f 1
-20 I I L I I I |
0 1 2 3 4 5 6 7
10 T T . . . T T
q~
SE 0 W&Aj‘,\ Ap. A
0 1 2 3 4 5 6 7 t[s]

(b) Linear acceleration of the wrist joint

Figure 13: Comparison between the estimated data from the Kalman filter (red line) and

calculated data from Puma 260 kinematics (blue line).



o A\
&
SIS o6 QVD(/ ]
=8
4 | | | | L I I
0 1 2 3 4 5 6 7
_of T T T = . . —
a5 0 2 Vi
3 S 2 4
‘_‘_47 L L L L Il 1 1 ]
0 1 2 3 4 5 6 7
o T T T T T . —
.;4{ 2+ g
SIS JAN A
2| -\ | ! | ‘ -
0 1 2 3 4 5 6 7t [s]
(a) Angular velocity of the elbow
cf 10+ 4
5-10— 8
-20 L L L 1 1
0 1 2 3 4 5 6 7
107 T T T T T T —
T o reali % o
3
S 100 W V 1
~
20k | I | I I I L E
0 1 2 3 4 5 6 7
— 20f T T T T \ T —
9P 10 4
$T o N\ N
£10t V A
0 1 2 3 4 5 6 7t s]

(b) Angular acceleration of the elbow

Figure 14: Comparison between the estimated data from the Kalman filter (red line) and

calculated data from Puma 260 kinematics (blue line).
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Figure 15: Comparison between the cameras raw data and the output data from the data
fusion component. Joint torso is chosen as example. Data coming from the principal camera
are depicted with a blue dashed line, the secondary camera ones with a green dotted line and
the output of the filter with a red solid line. We highlighted the time period where we detect

an occlusion of one of the sensors. 35
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the occlusion, the sensor kept sending the same value for a short time,
as the joint torso was completely still. In the meantime, the principal
camera kept recording the joint torso movements. As a result, even if the
secondary camera could not send reliable data, the data fusion component

computed a reliable output by exploiting only the principal camera data;

e in the second episode the occluded camera was the principal one. In this
case, the Kalman filter exploited the data from the secondary sensor even
if they were more noisy with respect to the principal camera. We can
also note that the system reduced the noise from the secondary camera

by removing the outliers.

We can note that the secondary camera data are more unstable and noisy
than the one from the main camera. Moreover, there is a small offset in the data
received from the two sensors. This offset is due to the data reference frame
transformation from the secondary camera to the principal one. To overcome
this problem, the Kalman filter had to closely follow the data from the principal
camera. Hence, a different priority was given to the sensors: once new data
arrive to one of the two sensors, the joint data are updated with different co-
variance matrices (i.e. principal camera data are considered more reliable than

the secondary ones).

7.2. Human-Robot sharing the same workspace

To test the effectiveness of the proposed algorithm, we performed an exper-
iment involving a human operator and a robot moving in the same workspace,
as shown in the attached video. During the experiment, the robot followed a de-
sired trajectory, while guaranteeing human safety. The desired robot trajectory,
in terms of accelerations and velocities, was planned using an offline simulator.
The movement of the human operator was monitored by two RGB-D sensors
and a skeleton tracker software. When the human operator approached the
robot during its motion, the system computed the minimum deviation from

the nominal trajectory to guarantee obstacle avoidance and human safety. The
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parameters setting that was used during the experiment is described in Table

1.

Table 1: Parameters setting for the experiment

Data Fusion

Update loop time period: 0.04 s
Number of connected cameras: 2

Linear velocity threshold: 2m/s
Angular velocity threshold: 10 rad/s
Linear acceleration threshold: 10 m/s?
Angular acceleration threshold: 30 rad/s?
Skeleton Bones

Update loop time period: 0.04 s
Reader and Cartesian Controller:

Update loop time period: 0.04 s

Matrices of PD controller:

Kp = diag (20,20, 20, 10, 10, 10)
Kp = diag (20,20, 20,10, 10, 10)

Safety Optimizer:

Update loop time period: 0.04 s
1.4 rad/s

B: 8 rad/s

v 30

At 0.04 s

Dy 0.10 m

ag 2

bg 1

URS5 Bridge

Update loop time period: 0.008 s
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Figure 16: 3D plot of the nominal trajectory (dotted lines) and of the executed one (solid
lines) of the second (red), third (green) and fifth (black) link during obstacle avoidance.

7.2.1. Robot movements

The robot movements during the experiment are shown in Figure 16. In this
figure we represent the initial configuration of the robot and the trajectories of
the second, third and fifth links. For each link we plot the nominal trajectory
(dotted lines) and the executed one (solid lines). In this experiment, the human
approached the robot by moving the right arm. The closest human capsule was
detected as the human hand, while the closest robot capsule was around the
fifth link. As we can see from the figure, the fifth link trajectory had the major

correction, while other links moved accordingly.

7.2.2. Trajectory of the end-effector
In Figure 18 we compare the nominal trajectory of the end-effector with the
executed one in presence of an obstacle. The plots in Figure 17 show the distance
between each link and the human operator, in particular with the related xy, ;.
By relating the plot in Figure 17 with the plots of the robot movements
(18(a), 18(b), 18(c)), we can see how the robot tries to deviate from the nominal
trajectory when at least one distance link-obstacle is inside the gray band. D,

indicates the minimum distance we want to preserve to guarantee the human
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Figure 17: Distance between links and obstacle (D, = 0.10 m).

safety. The more the distance gets closer to this value, the more the robot
deviation is significant.

In the last plot (18(c)) we can notice that the computed deviation is non-
smooth. This behavior is probably due to the use of a PD controller and the
evaluation of the instantaneous position of the two agents in the optimization

problem, without considering the evolution of robot and human movements.

7.2.83. Non-convergence of the optimization algorithm

In Figure 20 and Figure 19 the time periods where the optimization did
not converge are highlighted. When the optimization does not converge, the
commanded velocity is scaled from the previous value by a 20%. Only after a
sequence of non-convergence episodes, the resulting velocity is almost null and
the robot stops, preserving human safety. The robot will resume its movements

only after the operator moves away from the robot.

8. Conclusions

In this work we propose an optimization-based algorithm for collision avoid-
ance to guarantee human safety in a shared human-robot environment. The
algorithm minimizes the difference between the desired acceleration input and

the commanded one, such that the robot keeps following the desired trajectory
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Figure 18: Comparison between the nominal trajectory (blue line) of the end-effector and the

executed one (red line), in relation to the human-robot distance.
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Figure 20: Comparison between the nominal trajectory (blue line) of the end-effector and the

executed one (red line), when the system cannot converge. We omitted axis z plot since it is

similar to axis y one.
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while guaranteeing human avoidance. To guarantee a collision-free trajectory
along the whole robot body, we built a Control Barrier Function along each
robot link and we computed the distance between each human-robot link. To
avoid obstruction problems, we implemented a two cameras system with data
fusion, to merge information coming from the two devices. We exploited a
bank of Kalman filters to solve the obstruction problem and to compute human
velocities and accelerations. In the experimental session we demonstrated the
reliability of the Kalman filter banks and the effectiveness of the proposed colli-
sion avoidance algorithm in a scenario where human and robots share the same
workspace.

The main issue of the proposed method is related to the limitations of the
vision camera system. For example it can happen that a human joint is incor-
porated in the robot body and it is seen as a whole with the robot. In this
case, raw data coming from the sensors are not reliable and the optimization
problem may not converge. Further works aim at investigating the use of more
reliable RGB-D cameras and skeleton tracking solutions suitable for industrial
applications.

Future works aim also at implementing prediction of human movements, to
avoid robot reactive behaviors and to plan a smooth robot trajectory during
the deviation from the nominal path. Human intention can be also exploited
to predict when the human itself is trying to avoid the robot. Moreover, we
aim at combining the proposed method with the Power and Force Limitation
modality, to obtain a safe behavior according to ISO 15066. This would allow to
safely manage collisions, for example when the optimization algorithm does not
converge. Furthermore, in order to certify the safety of the robotic system, we
have to exploit certified depth cameras. However, the main limitation of current
certified sensors is the low update frequency, that is not compatible with human
movements that occur suddenly. Future works aim at finding the best trade-off
between safe certified vision systems and environments that change abruptly.
Finally, we would like to implement the proposed method in a real industrial

environment for a collaborative robotics application.
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