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Abstract: This paper presents a geometric representation for human operators and robotic
manipulators which cooperate in the development of flexible tasks. The main goal of this representation is
the implementation of real-time proximity queries which are used by safety strategies for avoiding
dangerous collisions between humans and robotic manipulators. This representation is composed of a set
of bounding volumes based on swept-sphere line primitives which encapsulate their links more precisely
than previous sphere-based models. The radius of each bounding volume does not only represent the size
of the encapsulated link, but it also includes an estimation of its motion. The radii of these dynamic
bounding volumes are obtained from an algorithm which computes the linear velocity of each link. This
algorithm has been implemented for the development of a safety strategy in a real human-robot
interaction task.
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1 Introduction

The cooperation between human and robots in the execution of a common task takes
advantage of their complementary features. On one hand, the robot completes those subtasks
which are exhausting or dangerous for the human. On the other hand, the human performs the
subtasks which cannot be executed by the robot because of their complexity. This synergy
enables the development of more flexible and complex tasks which cannot be performed
individually by a human or a robot [1]. The current paper focuses on the application of human-
robot interaction in the development of industrial tasks. The application of human-robot
interaction in industrial environments does not only enable the execution of more complex tasks
but it also improves their productivity [2] because the robot and the human operator can work
inside the same work cell. Furthermore, safety fences become unnecessary, the robot’s work cell
can be reduced and this involves a decrease in the workspace costs.

Nevertheless, the safety of human operators has to be always guaranteed when humans and
robots share the same workspace. Therefore, a precise localization of the robots and the humans
is needed in order to verify that there are no collisions among them. This localization cannot
only be reduced to a global positioning in the workspace because close collaborative tasks
require a more detailed tracking of their body structure. Thus, a tracking of all their links is
needed. In the case of the robot, this tracking is easily performed by reading the joint angles
from its controller and applying forward kinematics. In the case of the human operator, a motion
capture system should be used. In this paper, the human wears a motion capture suit based on
inertial sensors (gyroscopes and accelerometers) whose measurements are combined with those
of a UWB localization system in order to obtain precise estimates of the movements of the
limbs of the human [3]. An inertial motion capture system has been chosen owing to its
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advantages over other motion capture technologies [4]: self-containment, easy installation, no
line-of-sight restrictions, no occlusions, precise information for joint rotations and high
sampling rates.

The tracking systems described above register the global position of the human and the robot
in the environment and the rotation angles of their joints. This localization information is
applied to linear skeletons which represent their bodies as kinematic chains composed by links
and joints. Although these skeleton representations model correctly their movements; they do
not take into consideration the shape and size of the surface of their bodies, which is
indispensable for collision avoidance. Therefore, it is necessary to create a model of the surfaces
of the bodies of the human operator and the robot. This model should be precise by having a
similar shape to the links but it should also be simple enough to compute collision detection on
real-time. This paper develops a bounding volume representation for the surface of the human
and the robot which fulfills these two requirements: precision and efficiency. In particular, these
bounding volumes are based on swept-sphere line primitives, which provide a tighter fit than
previous spherical representations [5-8] but with a very similar computational cost.

In addition, this paper presents a novel dynamic bounding volume algorithm which
determines the sizes of the bounding volumes depending of the movements of the links which
they cover. In particular, the radius of each swept-sphere line is proportional to the linear-
velocity of its corresponding link. Thus, the size of the bounding volume does not only models
the shape of the link but it also represents the distance that the link will cover between each pair
of sampling steps. Therefore, these dynamic bounding volumes are estimations of the motions
that the links may have performed in the next sampling step. This fact supposes an improvement
with regard to previous collision detection techniques based on static bounding volumes. Static
bounding volume algorithms only compute the collision detection at each sampling step without
considering what may happen between the current sampling step and the next one.

This paper is organized as follows. Section 2 presents an in-depth study of the main
advantages and disadvantages of the previous approaches developed for computing proximity
queries in robotic systems. Section 3 explains the bounding volume representation developed
and lists its main virtues over the previous approaches. Section 4 describes the algorithm which
establishes the radii of the bounding volume depending on the linear velocity which is computed
for each link of the body of the robot and the human. Section 5 applies the theoretical concepts
of the previous two sections in a real human-robot interaction task where a metallic structure is
assembled. Finally, the last section presents the conclusions of this paper and future lines of
work which could be considered.

2 Previous Work

Collision detection and minimum distance computation between 3D objects are two
important techniques which are used in different applications [9, 10] such as robotic motion
planning, computer graphics, computational geometry and simulation. Both techniques can be
considered as two different solutions for a common problem, the geometric proximity
estimation [5]. Proximity estimation techniques can be classified [11] in discrete or continuous
techniques depending on how the trajectories of the objects are represented. Discrete techniques
sample the objects’ trajectories at fixed time instants while continuous techniques take into
account all the configurations of the objects along their complete trajectories. The most
commonly used discrete techniques (feature tracking and bounding volume) and continuous
techniques (swept-volume intersection and trajectory intersection) are described in the following
paragraphs.

Feature tracking techniques apply the proximity queries over geometric features (such as
vertices, edges or faces) that form the boundaries of the objects and require that the objects are



modeled as convex polyhedrons. Several algorithms have been developed in the literature in
order to track the closest features of the polyhedrons which represent the objects: Lin-Canny
[12], Voronoi-Clip (V-Clip) [13], Gilbert-Johnson-Keerthi (GJK) [14] and Hierarchical-Walk
(H-Walk) [15]. These algorithms are suitable for objects which have regular geometric shapes
because they can be modeled with a few polyhedral components. However, non-convex and
irregular objects require polyhedrons composed by a large number of faces in order to
approximate their surfaces. In these cases, feature tracking techniques become computationally
unaffordable.

Bounding volume techniques define a group of bounding volumes that encapsulate the
surface of the objects. Bounding volumes are geometric shapes which have simpler proximity
queries than the complex objects they bound. Therefore, bounding volume techniques are more
suitable for real-time applications than feature tracking techniques. The more commonly used
bounding volumes are: axis-aligned bounding boxes (AABBSs) [16], object-oriented bounding
boxes (OOBBs) [17], swept-sphere volumes [18], discrete-orientation polytopes (k-DOPs) [19]
and spheres [5, 6].

Swept volume intersection techniques [20-22] compute the volumes swept by the
movements of the objects during the whole time span and test them for overlap. These
techniques are continuous because they consider all the possible configurations of the objects
and no collision is missed out. However, the computation of these swept volumes is very
complex and is computationally expensive.

Trajectory intersection techniques are based on the estimation of the trajectories of the
objects and the detection of overlaps among them. The objects’ trajectories are estimated by
evaluating algebraic polynomials depending on time [23, 24] or by bisecting the objects’ paths
into segments [25]. The computational cost of these techniques becomes high when the objects’
trajectories are too complex because the number of degrees of the polynomials and the number
of path bisections have to be increased.

In robotics applications, proximity estimation techniques based on bounding volumes or a
combination of another technique with a bounding volume technique are generally applied. For
instance, in [7] a set of spheres is used to create a safety strip between the robot and the
environment and the distances between these spheres are applied in an optimization method to
determine the best configuration of the robot. In [6] a set of dynamic spheres is also applied for
collision detection between robot arms and human operators. These spheres are obtained from
an approximation of the surface of the object by generalized cylinders and the number of
spheres is dynamically changed depending on the possibility of a collision. In [5] a sphere-tree
hierarchy is defined in order to approximate the current configuration of the links of a humanoid
robot and their range of motion. In [8] an optimization method is implemented to select the
direction of the robot’s trajectory which minimizes the distance between the robot and its goal
and which maximizes the distances between the sphere-based geometric models of the human
and the robot.

As shown above, bounding volume techniques are preferred in robotic applications because
they present a good relation between their computational complexity and the precision of the
provided proximity data for real-time tasks. Feature tracking techniques are not convenient for
human-robot interaction tasks because the human body requires complex polyhedrons with
many faces to be modeled. Swept-volume intersection and trajectory intersection techniques are
also not used because the human body movements involve too complex trajectory
representations. Thereby, the inclusion of the human operator in the robotic workspace increases
the computational costs of these algorithms and makes them unfeasible for real-time proximity
queries in human-robot interaction tasks.



3 Geometric Representation

The structure of the body of the human operator and the robotic manipulator are represented
with the same model: a linear skeleton. This representation has been chosen because it is the
simplest way to represent the kinematic chain which produces the movements of the human and
the robot. The skeleton is composed of a group of bones which identify the links of the robot
and the limbs of the human. The bones of the skeleton are connected by nodes which identify
the joints of the robot and the human and allow relative motions of neighboring bones. In
addition, these nodes are organized in a tree hierarchy which represents the dependency of their
motion. Thereby, the motion of a parent node will involve a relative motion of its children nodes
because they are physically connected.

Fig. 1 depicts the skeleton of the human operator and the skeleton of the robotic manipulator
which has been used in the presented research (a 7 d.o.f Mitsubishi PA-10). The skeleton of the
human operator is composed by 18 nodes while the skeleton of the robot is composed by 8
nodes. The positions of the root nodes of these skeletons (hips and base, respectively) represent
their global position in the environment and the movements of the rest of the nodes are relative
to them.

(b)

Fig. 1 (a) Skeleton of the human operator and (b) skeleton of the robotic manipulator.

A coordinate system is assigned to each node in order to represent the motion of the
corresponding joint. The Y axis of each coordinate system matches the main direction of the
bone which is directly connected to the node. As shown above, the pose of each node’s
coordinate system is relative to the parent’s coordinate system. In order to compute the relative
transformation matrix between each node and its parent, the axis-position joint representation
[26] is used instead of the typical Denavit-Hartenberg notation [27] because the human skeleton
includes branching nodes which cannot be modeled with the Denavit-Hartenberg notation.
Therefore, each coordinate system i can be expressed relatively to its parent’s coordinate

system i—1 by a transformation matrix '~T. composed by the rotation of the joint i and the

I
offset between both nodes. While the rotation of the joint is dynamically obtained from the
measurements of the inertial motion capture system, the offset between the nodes is a fixed
value predefined for each skeleton. By recursively pre-multiplying each transformation matrix
by the transformation matrices of its predecessors, the transformation matrix (forward
kinematics) between each node and the world coordinate system is obtained.

Each bone of the skeletons of the human operator and the robot manipulator is covered with
a bounding volume which models the geometry of the corresponding link. As shown in section
2, previous collision detection systems for robotic applications [5-8] commonly develop



bounding volume strategies based on spheres. This is due to the fact that spheres have a quick
overlap test and only their centers need to be transformed during the robot tracking.
Nevertheless, spheres do not provide a very tight fit for cylindrical links [28]. Therefore, much
more spheres are needed for approximating the surface of these links and thus the computational
cost of the sphere-based proximity techniques increases. This paper uses sphere-swept lines
(SSLs) as bounding volumes in order to overcome these limitations of the sphere
approximations. The memory cost for representing SSL and spheres is very similar because
SSLs need three parameters (the ends of a segment and a radius) while spheres need two
parameters (the center and a radius). However, the SSL bounding volumes fit better the
cylindrical links and thus only one SSL is needed for covering each skeleton’s bone. In fact, the
ends of the segment of each SSL coincide with the ends of the corresponding bone. In Fig. 2,
the SSL bounding volumes which have been used to cover the skeleton of the human and the
robot are shown.

The computation of the distance between two SSLs has a constant cost as the computation of
the distance between two spheres. Firstly, the distance between the closest points of the two
segments of both SSLs is calculated (see [29] for a detailed formulation of the problem). Then,
the real distance between the SSLs is obtained by subtracting the radii of the SSLs to this
distance.

()

Fig. 2 (a) SSL bounding volumes for the human’s skeleton and (b) SSL bounding volumes
for the robot’s skeleton.

4 Dynamic Bounding Volume Algorithm

4.1 General Description of the Algorithm

Static bounding volumes have a constant size which is pre-established beforehand and it
does not change during the execution of the proximity queries. However, in the case of human-
robot interaction, these volumes should change depending on the movements of the human
operator and the robot in order to develop a safer interaction. One of the main contributions of
this paper is the development of dynamic bounding volumes whose sizes change depending on

the linear velocity of the associated link. In particular, the radius radius; (t) of the SSL which

encapsulate the link i of the skeleton has two components: a constant component
radius _ surface, which includes the maximum radius of the surface of the link and a variable

component which is proportional to the linear velocity of the link at each time instant t :



radius, (t) = radius _ surface, +|'v(t)|- At (1)

The second term of Eq. 1 predicts the distance that the link will cover during the sampling
period At. Therefore, the radius of the SSL does not only represent the geometry of the
corresponding link but also an approximation of its movement between each pair of samples.

The velocities of all the links of the skeletons of the human operator and the robotic
manipulator must be calculated in order to compute the radius of each SSL at each sampling
instant. In order to compute these radii and then calculate the minimum distance between the
human and the robot, the algorithm summarized in Fig. 3 is implemented and executed at a
constant time interval At. Firstly, the measurements of the joint angles are obtained. The
robot’s joint angles are read from the robot’s controller while the human’s joint angles are
obtained from an inertial motion capture suit which is worn by the human operator. Next, the
angular rate of each joint is estimated from the variation of the joint angles. The linear velocity
of each link is also calculated from the joint angular rates in order to update the radius of each
bounding volume according to Eq. 1. The position of the ends of each SSL is updated by
applying forward-kinematics. Finally, the minimum distance between the bounding volumes of
the human and the bounding volumes of the robot is computed. This value is obtained by
calculating the distance between each pair of SSLs and selecting the minimum one. In the
following sections, the joint angular rate estimation step and the link linear velocity computation
step of this algorithm are described in detail.
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Fig. 3 Diagram of the dynamic bounding volume algorithm based on the linear velocities of
the links.



4.2 Joint Angular Rate Estimation

After reading the angle values of each joint of the human operator and the robot, the current
angular rate of each joint should be computed. This value identifies the instantaneous velocity
with which the joint angles change through time. A first approach for obtaining the angular rate
of each joint i is the finite difference method (FDM) which uses the difference between the

current joint angle ¢ (t) and the previous one ¢;(t—1):

o (t) - (t-1)

ait) = 2

()

However, this method is not convenient when the sampling period At is small because the
errors in the angle measurements are amplified and become significant [30].

Therefore, an adaptive windowing technique [30] has been implemented to overcome these
limitations in the computation of the joint angular rates. This technigue involves the calculation
of the angular range in a window of previous angle measurements. The size of this window is
selected adaptively depending on the magnitude of the velocity. On one hand, the window size
should be small when the velocity is high in order to maintain reliable estimates. On the other
hand, when the velocity is low, the window should be large in order to obtain more precise

estimates. In particular, the adaptive windowing technique uses a constant value ¢&; which
identifies the maximum allowable error between the current angle measurements ¢; in the
window and the estimates of these angles ¢; calculated from the angular rate in the window. In

the developed system, this parameter &, is chosen according to the magnitude of the maximum
acceleration of each joint. The size n of the window is the maximum value
n=max{12,3,...} that verifies the following equation:

|, (t—i)—a.(t—i)|<e Vie{l,2,...,n} ?3)

The previous angle estimate ¢ (t —i) is computed with the following equation:

G (t-i) = ar () - =0 @

Once the size n of the window is established, the angular rate in this window can be
obtained with the following equation:

0.“ (t) _ a; (t) _nZit(t — Tl)

()

A comparison between the angular rates obtained with the finite difference method (Eq. 2)
and with the adaptive windowing method (Eg. 5) is shown in Fig. 4. While the finite difference
method presents small peaks due to the measurement noise, the adaptive windowing is able to
smooth these peaks by estimating the angular rate in a dynamic window.
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Fig. 4 Comparison of the angular rate of the first joint of the robotic manipulator in a human-
robot interaction task computed by the finite difference method and the adaptive windowing
method (with & =0.0052 rad).

4.3 Link Linear Velocity Computation

The next step of the dynamic bounding volume algorithm after the estimation of the angular
rates of the joints is the calculation of the linear velocity of each link. First of all, the angular
rate of each joint i (node of the skeleton) should be represented in the coordinate system

attached to this joint. However, the angular rates ¢, (t):{om(t),ﬂi (t), 7 (t)} estimated in

section 4.2 are not represented in this coordinate system because they are obtained from Euler
angles in ZXY order. Therefore, a transformation matrix E,,, (¢ (t)) between both coordinate

systems is needed. The columns of this matrix are obtained by representing the relative rotation
axes of the Euler angles [2

A

Euler,XEule,,\fEuler] with regard to the absolute axes of the
coordinate system of joint i :

Epy (4 (1) = Zesers ROt (6 (1) Xyers RO (4, (0) - ROL (B M) Ve | )
The final form of the transformation matrix E,,, (¢ (t)) would be the following one:

0 cos(e (1)) —sin(e; (1) cos(/ (1))
Exv (4(1) =|0 sin(e;(t))  cos(e (1) cos(/ (1)) 7
1 0 sin(A.(t))

The angular rate of the joint i in its coordinate system is obtained by applying the

transformation matrix E,,, (¢ (t)) to the Euler angular rate ¢,(t) :

0 () = Ey (41 (0)- 1) (8)

As the joints of the skeleton are part of a kinematic chain, the angular velocity of the
coordinate system of a joint i does not only depend on its angular rate but also it depends on the
angular velocity of the previous joints (i.e. the predecessor nodes in the skeleton’s hierarchy).
Therefore, for calculating recursively the angular velocity of each coordinate system i, the



angular velocity '@ ,(t) of its parent i—1 in addition to its own angular rate @;(t) are
considered:

‘o (t) = 'Rot._, (t)- e, (1) + 0 (t) (9)

The matrix 'Rot,_, (t) represents the rotation transformation between the coordinate system

i—1 and the coordinate system 1. It is obtained by multiplying the rotation matrices
corresponding to the rotation angles of joint i:

iROti—l (t) = Rot, (& (1)) - Rot, (4 (1)) - Rot, (7 (1)) (10)

The linear velocity of each node of the skeleton is computed similarly. In particular, the
linear velocity 'v; (t) of the coordinate system i is composed by the linear velocity v, ,(t) of
its parent i —1 plus the linear velocity caused by the angular velocity of its parent i —1 :

(1) = "Rot, (1) - ("N, () + T, ()< R) (12)
Where "'P is the offset vector between the coordinate systems i —1 and i .

This linear velocity corresponds to the coordinate system i which is situated at the
beginning of the link i. The linear velocity 'v. ,(t) at the end of the link (where the child

coordinate system i+1 is situated) has also to be calculated. This velocity not only contains the
linear velocity of the beginning of the link (caused by the predecessors’ movements) but also
the linear velocity generated at the end of the link by the angular velocity of the joint:

Via () ="+ '@ (t)x 'R, (12)

The linear velocity with maximum norm between the two ends of each link i ('v,(t) and

'v.,(t)) is used as the linear velocity 'v(t) of that link and is applied in Eq. 1 in order to
determine the radius of the corresponding SSL at each time step.

5 Experimental Results

The dynamic bounding volume algorithm described in section 4 has been applied in the
development of a safe human-robot interaction task. In particular, this task consists in the
assembly of a metallic structure where two 7 d.o.f robotic manipulators (Mitsubishi PA-10) and
a human operator cooperate. As the human operator enters the manipulators’ workspaces,
his/her safety has to be guaranteed by monitoring the movements of the human and the
manipulators. On one hand, the human operator wears an inertial motion capture suit
(Animazoo GypsyGyro-18) and a UWB localization tag (Ubisense) whose localization
measurements are combined with a Kalman filter [3] in order to track all the movements of
her/his limbs. On the other hand, the joint angles of the robotic manipulators are read from the
controllers of the robots. All these joint angle measurements are treated by the dynamic
bounding volume algorithm in order to compute the minimum distance between the bounding
volumes which cover the skeletons of the human operators and the manipulators. If the distance
between two bounding volumes is smaller than a safety threshold (0.5m in this task), the
manipulator will stop its normal behavior and will remain still until the distance between the



human and the robot is again greater than the safety threshold. This is the implemented safety
strategy that verifies that there are no robot caused collisions between the manipulators and the
human operator. The dynamic bounding volume algorithm has been implemented in a PC with
an Intel Core 2 processor and 2GB of RAM and it has mean execution time of 0.0625s per
frame.

In this task, the robotic manipulators are used to handle the tubes while the human operator
screws the connectors which fix the new tubes to the structure. The collaboration of the human
operator is needed because the screwing of the connectors is a difficult task to be performed by
two manipulators. While the human operator collaborates with the manipulators, the safety
strategy described in the previous paragraph is executed in order to guarantee the safety of the
human. This human-robot interaction task can be divided in the following phases:

e Phase 1 (Figs. 5.a and 5.b): One of the manipulators extracts one metallic tube from a
storage box in order to insert it in one of the free connectors of the metallic structure. The
3D representation of Fig. 5.b shows how the bounding volumes of this manipulator grow in
size while it is moving quickly. The other manipulator handles a tube at a fixed position
where the human operator will screw the connectors. This manipulator will not move during
all the execution of the task and thus the safety strategy will not be applied to it because it
does not perform dangerous movements for the human. Meanwhile, the human operator
prepares the connectors for the metallic structure outside the manipulators’ workspace.

e Phase 2 (Figs. 5.c and 5.d): The human operator enters in the manipulators” workspace in
order to screw the first connector to the tube which is held by the second manipulator. The
3D representations of Figs. 5.c and 5.d show how the bounding volumes of the human
operator change their size depending on their linear velocity. Meanwhile, the first
manipulator continues approaching the metallic structure in order to insert the tube which
has been extracted from the storage box in the previous phase. When the distance between
the first manipulator and the human operator is smaller than the safety threshold (0.5m), this
manipulator stops its motion (Fig. 5.d) in order to avoid any collision.

e Phase 3 (Figs. 5e. and 5f.): After having screwed the first connector to the tube, the human

operator picks up the other connector and walks around the workspace until reaching the
other end of the tube (Fig. 5.e). The first manipulator resumes its motion when the human
goes away and the distance between them is greater than the safety threshold. This
manipulator continues performing its task and inserts the tube it is carrying in the structure.
Meanwhile, the human operator screws the second connector at the other end of the tube in
order to fix it to the structure (Fig. 5.f). In this phase, the safety behavior is not activated
because the distance threshold is not exceeded.
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Fig. 5 Assembly task of a metallic structure based on the cooperation of two robotic
manipulators and a human operator. Each photograph shows a phase in the assembly task. The
3D models on the right of each photograph depict the corresponding dynamic volumes (SSLs)
of the human operator and the two manipulators.

The bounding volumes of the first manipulator and the human operator change their sizes
during the execution of the task depending on the linear velocity of each link. The 3D
representations of the bounding volumes in Fig. 5 show these changes at some concrete frames.
This figure also shows the correspondence in each frame between the pose of the bounding
volumes depicted on the right and the real pose of the photograph on the left. Nevertheless,
there is a small difference between the real pose and the pose of the bounding volumes of the
legs of the human in Figs. 5.c and 5.d because of the accumulation of some drift in the rotational
measurements of the hips’ node of the inertial motion capture system. This error is corrected in
the subsequent frames when new measurements are registered and processed by the inertial
motion capture system.

Figs. 6 and 7 depict a more detailed evolution of the radii of the bounding volumes. Only the
changes of several bounding volumes have been represented for the sake of clarity. In particular,
Fig. 6 shows the changes in the radii of the three last links of the first robotic manipulator. The
plots in Fig. 7 show the changes in the radii of the left foot and the right hand of the human
operator. These are the links with more radius variations because they are the terminal nodes of
the skeleton with the maximum linear velocities. Phase 1 of the task last from Os to 35s, phase 2
from 36s to 67s and phase 3 from 68s to 100s. The period in phase 2 when the manipulator
performs the safety strategy can be identified in Fig. 6 because the radii of its bounding volumes
do not change between 53s and 67s.
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Fig. 6 Evolution of the radii of the bounding volumes which cover the last three links (E2, W1
and W2) of the first robotic manipulator.
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Fig. 7 Evolution of the radii of the bounding volumes which cover (a) the left foot and (b)
the right hand of the human operator.

As stated in section 3, the geometric representation of the human and the robot with SSLs
bounding volumes involves an improvement with regard to previous human-robot interaction
systems [6-8] which use approaches based on spheres. In general, SSLs provide a better
adaptation to the shape of human limbs and robotic links surfaces than spheres. This fact is
demonstrated in Table 1, where the real volumes of the links of the PA10 robot are compared
with the volumes of the SSLs and spheres bounding volumes. Thus, the geometric
representation of the robot links based on spheres requires on average 64% of empty volume
more than the representation based on SSLs. Because of this drawback, many approaches based
on spheres use more than one sphere to cover each link more precisely. For instance, a
minimum of 68 spheres are used for the human and 35 spheres for the robot in [6] while 46
spheres are required for the human and 41 spheres for the robot in [8]. The geometric
representation based on SSLs described in this paper requires only 18 SSLs for the human and 8
SSLs for the robot. This reduction in the number of bounding volumes involves a reduction in
the number of pairwise distance tests: 144 tests in comparison with 2380 tests in [6] and 1886 in
[8]. Thereby, the performance of the minimum distance computation algorithm is improved with
the SSL representation.

Table 1. Comparison of the space usage (volume) of the bounding volumes based on SSLs
and spheres with regard to the real volumes of the links of the PA10 robot.

Robot Real Volume SSL Volume Sphere Volume Ratio Sphere-SSL
Link (cm?) (cm?) (cm?) Volume (%)
Base 7,798.50 13,550.42 15,250.58 11.15

S1 2,964.80 7,241.83 16,926.54 57.22
S2 4,590.20 6,410.59 31,176.00 79.42
S3 3,266.50 7,519.02 15,003.56 49.89
El 1,806.20 2,579.58 16,115.26 83.99
E2 1,715.30 4,071.64 18,908.17 78.47
w1 720.08 808.64 7,470.30 89.18
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6 Conclusions

This paper presents a geometric representation of the human body and the structure of
robotic manipulators for the development of safe human-robot interaction tasks in industrial
environments. This representation is composed of two main elements for each actor (robot or
human): a skeleton and a set of bounding volumes. The skeleton models the kinematic structure
of the actor by a hierarchy of linear links and rotational joints. Bounding volumes are required
to cover the surface of each link of this skeleton. Typical sphere-based solutions are not
convenient because a high number of small spheres is required in order to cover each link. The
swept-sphere line representation described in this paper does not have this problem because
these bounding volumes adapt better to the cylindrical shape of the majority of the links in
robotic manipulators and human beings. In this representation, only one bounding volume per
link is enough to cover with sufficient precision the surface of the links of the robot and the
human operator.

The radii of these bounding volumes change during the development of the human-robot task
depending on the linear velocity of the link which is encapsulated by each bounding volume.
Thereby, the radius of each bounding volume does not only include the maximum size of the
encapsulated link, but also the estimation of the distance which can be covered by the link
during each sampling period. This paper describes in detail the novel algorithm which has been
implemented in order to compute the dynamic radii of these bounding volumes. This dynamic
bounding volume algorithm has been applied in the execution of a real task where a human
operator and two robotic manipulators have cooperated in the assembly of a metallic structure.
The dynamic bounding volume algorithm is implemented in order to calculate the minimum
distance between the human operator and the robotic manipulator which is moving and activates
a safety strategy if this distance is smaller than a pre-established threshold.

In future work, a hierarchy of bounding volumes could be developed. For instance, a set of
AABBs which surround the current swept-sphere lines could be added. Therefore, only the
swept-sphere lines which are inside the closest AABBs will be verified for the proximity queries
and the number of pair-wise tests will be substantially reduced. This will facilitate the real-time
implementation of the method. More complex safety strategies which involve the modification
of the robot’s trajectory on real-time could be also considered.
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