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Abstract— Collaborating robots face rising challenges with
respect to autonomy and safety as they are deployed in flexible
automation applications. The ability to perform the required
tasks in the presence of humans and obstacles is key for the inte-
gration of these machines in industry. In this work we introduce
a framework for motion planning of manipulators that builds
upon the most promising existing approaches by combining
them in an advantageous way. It includes a new Obstacle-related
Sampling Rejection Probabilistic Roadmap planner (ORSR-PRM)
that represents the free workspace in an efficient way. Using
this representation, dynamic obstacles can be avoided in real-
time using an attractor-based online trajectory generation.
The resulting motions satisfy kinematic and dynamic joint
limits, ensuring a safe human-robot interaction. We validate
the functionality and performance of the presented framework
in simulations and experiments.

[. INTRODUCTION

As industries evolve into more flexible production pro-
cesses, robots are expected to adapt and collaborate with
humans in shared workspaces [1]. Thereby, the paradigm in
robot control shifts from high accuracy to absolute safety
while being able to quickly adapt to new tasks. However,
existing motion planning frameworks for robot manipulators
are still highly specialized for a particular application [2],
[3], [4], [5], [6]. Their underlying algorithms can be divided
into sampling-based, optimization-based and potential-field-
based approaches with different drawbacks and advantages.
Thereby, most of the proposed solutions are limited to
a specific methodology which makes them less flexible.
As motion planning algorithms are computationally very
expensive, strong assumptions have to be made in order to
deal with dynamic environments [7].

Currently, Movelt! [2] is the state-of-the-art manipulator
planning framework in research. It provides a simple inter-
face to quickly setup basic motion planning functionalities.
However, it uses the Open Motion Planning Library (OMPL)
[3] which is limited to purely geometric sampling-based
planners that don’t consider the system’s dynamics. Further-
more, it is limited to offline planning computations and does
not allow real-time adaptions to the motion. Two prominent
sampling-based methods are Probabilistic Roadmaps (PRM)
[8] and Rapidly-exploring Random Trees (RRT) [9]. They
differ in the way of addressing a motion planning problem.
PRM constructs roadmaps offline for a static subsection of
the configuration space and thus is well suited to be used
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multiple times for the same configuration space (multiple-
query). RRT constructs roadmaps for each motion query
on the fly, starting at the current configuration (single-
query). Modifications and extensions have been presented
that improve performance by reconnecting the graph during
sampling or performing collision checks only during online
queries and not during roadmap construction [10] [11]. Real-
time modifications of a planned path can be done with neither
of these sampling-based approaches. In [6] the Covariant
Hamiltonian Optimization for Motion Planning (CHOMP)
is introduced. The optimization-based approach is capable
of finding feasible trajectories even in case of non-feasible
initial straight line guesses in configuration space. The cost
function includes obstacle avoidance for defined points on
the robot. The formulation allows a decoupling of the path
generation and its timing. However, the optimization-based
approach is limited to offline planning. In [12] another de-
coupled approach for motion generation is presented, which
makes the assumption that the behavior of the dynamic
part of the environment is known a priori. The Stochastic
Trajectory Optimization for Motion Planning (STOMP) [4]
is another optimization-based technique that allows a non-
differentiable optimization objective. It generates multiple
trajectory candidates in proximity of the current solution and
evaluates these candidates w.r.t. the optimization objective.
In [5] the Open Robotics and Animation Virtual Environment
is introduced which focuses on the automated manipulation
problem. It is separated into a set of generic algorithms
for controlling the robot and a construction process that
adapts these algorithms to the application. The framework
uses sampling-based planning methods and only focuses on
reliability. Therefore, additional criteria such as optimality,
dynamic constraints or post-processing for path smooth-
ing are ignored as they would require the incorporation
of velocities. For real-time adaptions, potential-field-based
approaches are commonly used [13]. In [14] an attractor-
based motion control scheme similar to the one in our work
is presented. Repulsive and attracting forces are formulated
and applied to a virtual particle that is a single mass point in
Cartesian coordinates. That way, they have more control over
the motion w.r.t. the instantaneous velocity of the particle.
At one point in time, the designed second order system is
simulated for multiple time steps; the next set point of the
closed loop control can be computed from the simulated
positions and the desired velocity of the particle. However,
this method does not guarantee the validity of generated
trajectories nor does it make use of joint dynamic limits other
than Cartesian velocity for the end effector.
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The mentioned frameworks are either too slow to react to
dynamic environments or make strong assumptions that are
not always kinematically or dynamically reasonable. In this
work, we present a motion planning framework that is able
to generate collision free trajectories in partially dynamic
environments while maintaining kinematic and dynamic con-
strains. By assuming partially static environments, motion
roadmaps can be pre-computed such that modifications of
planned motions can be made in real-time to deal with
occasional dynamic changes or human interaction. Our ap-
proach, which directly incorporates external forces in the
real-time trajectory generation, ensures a safe robot behavior
in human-centered environments.

The remainder of this paper is organized as follows. In
Sec. II, the general framework and the theory behind its
main components, the offline sampling-based planner and
the online trajectory generator are described. The developed
concepts are evaluated in a Pick-and-Place application in
Sec. III and the performance is presented. Conclusions follow
in Sec. IV.

II. FRAMEWORK DESIGN

The motivation behind this work are shared workcells
between humans and robots where the main components of
the environment are static and a few of them (such as human
workers) are dynamic. More formally, we form the following
hypotheses:

o The robotic system is stationary, meaning that its base
is rigidly fixed to the workspace.

« The main portion of the workspace is static, e.g. a Pick-
and-Place application with human coworkers.

o The robot is equipped with force/torque sensors that
allow the estimation of external forces and the imple-
mentation of compliant behavior.

Additionally, we assume that the task consists of reaching
a fixed pose formulated in the robot’s task space W with a
feasible trajectory (i.e. a collision-free motion of the robot
respecting its kinematic and dynamic limits) calculated in
the robot’s configuration space C. Our framework splits the
highly-complex task of generating safe motions into three
distinct hierarchical phases, which are executed on different
time horizons. First, a map is generated offline that efficiently
represents the static part of the environment. In a second
step, event-triggered online motion queries find a feasible
and optimal path based on the weighted connections using
A*-search. The path is forwarded to an online trajectory
submodule that runs within the control cycle of the robot and
appropriately adapts the motion on the fly depending on dy-
namic obstacles and external disturbances. In the following,
we explain how these three different phases are implemented
in order to solve the motion planning task for the defined set
of problems.

A. Motion Planning Framework

The Motion Planning Framework, shown in Fig. 1, is
integrated in a higher-level software framework that includes
further modules like a Vision System, which is responsible for

object detection or a State Machine, which is responsible for
the overall task execution of the Pick-and-Place application.
The communication to the other modules is implemented
using the Robot Operating System (ROS) [15]. An overview
of the included third party libraries is given in Sec. III-A.
Three major modules, the Planning Unit, the Context and
the Low-Level Control, calculate the joint control commands
that are forwarded to the robot via the C++ Robot Interface
in each control cycle (1 kHz).

The orange module Context serves as a central knowledge

ROS Interface

Planning Unit Context

ORSR-PRM

| |

Low-Level Control

| |

Real-time
Trajectory
Generation

Robot Interface

Fig. 1: Architecture of the Motion Planning Framework with
its submodules required to navigate the robot in complex and
human-centered environments.

database that keeps track of the current environment and goal
objectives and implements the kinematic and dynamic robot
models as well as a collision model of the robot that is based
on simplified geometries.

The blue module Planning Unit is triggered by incoming
motion commands specified by a desired goal state of the
robot, e.g. Cartesian end effector pose, and is supposed to
compute collision-free waypoints with a Global Planner.
Point-to-Point motion planning in W- and C-space can be
used as well as the PRM planners to compute a solution
path for the particular motion task. An integrated offline
Trajectory Generator can precompute a trajectory using
Quintic Splines. The resulting path or trajectory is defined
as a Plan Snapshot, which is passed to the green Low-Level
Control module. Based on this Plan, the appropriate joint
inputs are calculated using Automatic Supervisory Control,
Joint Impedance Control or Real-time Trajectory Generation.
In this paper we present an extended PRM planner which
uses an Obstacle-related Sample Rejection strategy (ORSR-
PRM) and a Real-time Trajectory Generation submodule.
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These enable the framework to be used in complex indus-
trial environments in which the robot moves in a mostly
static environment where online adaptions due to human
interaction and disturbance are occasionally required. The
objective of the ORSR-PRM, presented in detail in Sec. 1I-B,
is to shift computational effort to the offline calculation by
generating an efficient environment representation within the
map of the planner. The map consists of sampled robot
configurations, i.e. joint angles, that are checked for collision
with the environment using the State Validity Checker. In
contrast to the classic PRM planner, ORSR-PRM adds a
sample rejection step to the construction phase that ensures
an efficient representation of the free static VW-space in C-
space. By precomputing via points using ORSR-PRM, we
convert arbitrarily complex motions that are difficult to adapt
in real-time into sections that are known to be less cluttered
than the direct connections between the start and the end
configuration. That way, the potential field based trajectory
generation approach is less prone to getting stuck in local
minima and ensures robust collision avoidance. The Real-
time Trajectory Generation submodule, presented in detail
in Sec. II-C, uses the computed path and turns it into a
feasible trajectory in a reactive way, such that collisions with
dynamic obstacles that are not represented in the map of
the ORSR-PRM can be avoided. Furthermore, the Real-time
Trajectory Generation submodule ensures the dynamic limits
of the robot, i.e. joint velocity and acceleration.

B. Obstacle-related Sample Rejection PRM

The Obstacle-related Sample Rejection PRM (ORSR-
PRM) planner is designed to accelerate the response to
online motion queries. Therefore, we present an obstacle-
related sampling strategy that generates a sparse map that has
the same connectivity as a map generated from uniformly
distributed samples. Due to the hierarchical design of our
planning framework, the construction of the map is done of-
fline. This is in accordance with the multiple-query approach
of the classic PRM planner [8] that uses uniform sampling
for the creation of the map. To avoid the resulting large
maps - especially in high-dimensional C-spaces - that are
computationally costly to process during an online motion
query, many approaches have been proposed to steer the
distribution of the milestones (i.e. roadmap nodes) in free
space [16][17][18]. The common idea is to control the
density of milestones depending on the distance to obstacle
boundaries in C-space. Based on this idea, we propose a
new strategy to reject certain configurations resulting from
a uniform sampling process. Alg. 1 shows the underlying
calculations.

For a newly sampled robot configuration q, the minimum
distance d,,;, to the closest environment objects and the
Jacobian of translation J, ,.qns Of the closest point p of the
robot are calculated. In a subsequent step, a distance metric
dclear,; between the nearest neighbors Q,,,, and the sampled
configuration are obtained. Therefore, the Cartesian distance
of the collision point p between the sampled configuration
q, and the neighbor q; is approximated using the first-order

Algorithm 1 Algorithm for Map Construction

Input: Desired number of samples N, threshold parameter
kelear, threshold set Qpon
QOutput: Map G(Vertices V, Edges E)
Initialization
1: while n < N do
2 qs < sampleCollisionFreeConfiguration()
3 computeForwardKinematics(q)
4:  dpin < calculateMinimumDistance(qs)
5. Jp.trans < calculateNearestPointJacobian(qy)
6 Q. < getNearestNeighbors(q)
7 sampleValid = true
8: for q; € Qpy, do
9 dciear,; < calculateClearance(q;, qs, Jp)

10: if dclear,j < kcleardmin and q; —ds € Qbow then
11: sampleValid = false

12: break

13: end if

14:  end for
15:  if sampleValid then

16: G.addVertex(qs)

17: Esampie < getCollisionFreeEdges(qs, Qnn)
18: G.addEdges(E qmpie)

19: n+<n+1

20:  end if

21: end while

Taylor expansion

detear,j lIp(a;) — plas)ll2 (1)
Ip
p(q;) —plas) ~ - (4 —das) 2)
6q q=qs
where g—g corresponds to the calculated Jacobian of

translation ?T;;ans. The Jacobian has to be computed only
once for the distance computation with respect to every
neighbor. Thus, we choose this distance approximation for
the sake of computational efficiency. By using the Cartesian
distance between the robot and the closest obstacle as a
rejection criterion, the collision geometries in YV-space can
be captured in C-space, where obstacles do not have an
explicit mathematical representation. This is realized by
scaling the rejection threshold for the sample qs by the
Euclidean distance to the closest obstacle, such that the
sample is rejected if there is a neighboring milestone q;
for which deiear,; < Kecleardmin. The constant parameter
kciear € (0,1) affects the resulting density of the milestones.
In order to limit approximation errors inherent to Eq. 1 and
to enable a better exploitation of the nullspace, we use a
C-space box Qp,; as a second threshold

Qbor = {dld = (a1, Gis -+ 4n)"

95| < Qvor,i» Vi € [1,n]}

with the number of degrees of freedom n and the user-
specified parameter qp,,. The intersection of the two convex
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sets resulting from the distance thresholds can be interpreted
as a local approximation of the visibility set of the newly
sampled configuration. This is in turn used as a clearance
set w.r.t. the milestones already added to the map such that
it is more likely to reject a sample with a high visibility.
Fig. 2 illustrates the relation of the C-space clearance sets to
the WW-space.

The created map of milestones is used as a bidirectional
graph with the milestones as nodes and the straight-line
connections as edges. A solution path to a motion query
that consists of a start and end configuration is found by
using a graph-search method. By applying A*-search, a cost
function depending on the geometric path is optimized w.r.t.
the map as a discretized representation of the continuous
C-space. When the motion goal is defined in W-space, we
use differential inverse kinematics to find a corresponding
goal configuration by seeding the configuration randomly. If
the robot is kinematically redundant w.r.t. the WW-space, we
compute multiple solution paths for randomly seeded goal
configurations and select the minimal-cost solution.

C. Real-time Trajectory Generation based on Limitation-
aware Attractor Dynamics

In this section we introduce a new attractor-based trajec-
tory generation approach that enables the reactive execution
of multiple-via-point paths. In contrast to the approach
in [14] the formulation is done in C-space and enforces
velocity and acceleration limits on joint level. Within the
first step, a virtual command for the attractor is computed
based on the superposition of multiple potential fields. In
a subsequent step, the limitation-aware dynamics of the
attractor are simulated in order to obtain a reference con-
figuration qf:fl and reference joint velocities q’”f1 for the
next control cycle of the robot controller. The input to the
algorithm is composed of a path consisting of M via points
Qpath = [Apia1> -+ Qria ns]” and the time-invariant velocity
and acceleration limits qqz, qmam defined in C-space.
The virtual attractor command 7%, , for time step k is the
sum of an attracting torque Tk w.rt. the next via point and
a repelling torque 7, due to obstacles that are assumed to
be ideally represented by the collision model. Further, the
feedback of disturbance torques T, due to external forces
as well as torques due to additional subtasks (e.g. joint limit
avoidance) 7%, are included, such that

Tzlzcirt ma + Tcol + T t + T (3)
In order to realize the limitation-awareness of
the attractor dynamics, the diagonal mass matrix
Myirt k = e Mpmin € R™™ of the attractor is scaled
by a factor p such that the joint acceleration limits (a0
of the robot are exploited by the attractor. In order to avoid
high noise amplifications in case of small forces resulting
from the superposition of the potential fields, a minimum
virtual mass matrix M,,,;,, is defined, constraining the factor
1y to a lower bound iy, > 1 Vk. The resulting preliminary

acceleration q’;re of the attractor is given by

élli;"e - 7Mmzn virt 4

The scalar factor uy is computed by solving the constrained
optimization problem

pe = arg max||dg,(u)|l2 ©)
HER

s.t. pw>1 (6)

|(j£a~e,i| < q.mam,i Vi € [Ln] @)

This optimization problem can be solved by computing the

element-wise solutions. By selecting the maximum value

for p;, among those solutions, we guarantee that Eq. (7) is

satisfied for all s.

Subsequently, a reachable set of joint velocities Q’ﬁ“ con-

taining all joint velocities that can be reached by the attractor

at time step k£ + 1 while respecting the acceleration limits

Qmaz 18 calculated using the explicit Euler method:

Qf—’_l - {q | Qfef,i - Atdmaw,i S qi S Qfeﬁi + Atijmaa;,i,
Vi € [1,n]}

If the preliminary acceleration is used to calculate the ve-
locity ¢gF+! = q,’?ef + At(’:’l’z‘ém at the next time step, it is
trivial to show that ¢**! € QF*+1 Tn a next step, a feasible
set of joint velocities Q’}H containing all velocities that are
allowed to be reached at time step k£ + 1 is calculated:

QkJrl = {q | |QZ| < fkqmaz,iy Vi € [l,n]}

with &, € [0, 1] being a time-variant factor used to scale the
attractor velocity. Details about the computation of & are
presented later in this section. It is the goal of this algorithm
to find a velocity that is an element of the intersection
of Q’;“ and QFt! which corresponds to a velocity that
satisfies the velocity and acceleration limits of the robot. The
next step of the algorithm is to compute a feasible velocity

q’;ﬁl = MaFtl e Q’;H by scaling down the previously
computed reachable velocity as follows:
A = arg m1n||qk+1(/\) — qff“l\g (3
€R
s.t. qjﬁl( ) e Q! ©)

in order to preserve the originally commanded direction of
motion. Because of the box shapes of Q’;H and Q1. it
is trivial to show that the closest reachable velocity to any
feasible velocity is an element of the intersection set if the
intersection set exists. We define the reference joint velocity
accordingly:

k+1

ayy = arg minf[drer — a2 (10)
Qref
s.t. éIref S Q’:+1 (11)
The intersection set Q™" N QFF exists if Q%N QOF # () and

the scaled velocity limit satisfies the negative acceleration
limit .
agk'q”mm,i >

ot 12)

_Elmaa;,i, Vi € [1,7’l]
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Clearance Sets in Configuration Space
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Fig. 2: Tllustration of the rejection process for a 2D minimal robot model situated in a cluttered environment. (a) illustrates
the sets of configurations (red) that are within both thresholds of individual samples (green) and their corresponding forward
kinematics in W-space. (b) shows the resulting distribution of milestones after feeding uniformly distributed samples into
the rejection algorithm. The parameters were set to kcjeqr = 0.5, @hor,1 = 0.2 [rad] and gpoz 2 = 0.6 [rad].

This algorithm tries to maximize the instantaneous motion
given the virtual attractor command and the system limita-
tions. As a consequence, instead of employing high damping
gains within the task-related controllers, we deploy a velocity
shaping scheme that adapts the set of feasible velocities
Q’;H w.r.t. the distance to the next via point by using the
scaled velocity limit £;Qq, With

1 if ex > 13
& = i (1 — cos (wi—’;)) otherwise (13)
Hereby, ¢, = qufef — Quia,m||cc 1S the distance between

the current attractor position and the m-th via point. The
tunable hyperparameter ¢; € R represents the L., -distance
in C-space at which the system starts to slow down in order
to stop at via point qyie m. By considering the worst case
acceleration for a single joint by inserting Eq. 13 into Eq. 12,
we derive a lower bound for ¢

(14)

Next, we enable the attractor to move along several via points
by specifying another hyperparameter c; € R that repre-
sents the L.-distance between the current attractor position
and the next via point at which we switch to the succeeding
via point. Due to the limitation-aware attractor dynamics, the
algorithm is insensitive to jumps in the attractor command
and thus to switching the set point of the attracting potential
field. Fig. 3 shows the resulting trajectory for a 2D minimal
example including collision avoidance.

III. SIMULATION AND EXPERIMENTS
A. System Overview

To navigate the robot in unstructured and human-centered
environments that include interaction and disturbances, soft-
robotics features like impedance controlled joints are essen-
tial. We use the FRANKA EMIKA Panda robot[19], which
has torque sensors in each joint and allows safe operation

in human-centered environments with a movable mass of
only 12.8 kg. The redundant kinematic structure with seven
links increases the flexibility and allows to consider further
secondary objectives during motion planning (e.g. time,
energy consumption). The software framework runs on a
real-time capable robot control computer operated by 64-bit
Ubuntu 16.04 with a preempted kernel version 4.16.18-rt12
running on a 12-core Intel i7-7800K CPU at 3.7 GHz. The
computer is equipped with 32 GB RAM and an Intel 1350
Gigabit network device.

For the implementation of the features of the Motion Plan-
ning Framework presented in Sec. II-A different libraries
are used. Movelt! is used for handling the kinematic robot
model and the corresponding collision model. OMPL is used
for the formulation of the robot’s state space (e.g. distances,
nearest neighbor determination) and the sampling of the con-
figurations. The maps and A*-search are implemented using
the boost graph library. The Flexible Collision Library [20]
is used for the collisions checks and distance computations
between the robot and the environment.

B. Static Scenarios

Fig. 4a shows the evaluation scenario for the ORSR-PRM
presented in Sec. II-B. During the operation the robot has
to navigate through narrow passages like the interior of the
box or between two profiles (light barrier). Fig. 4b-4d show
the corresponding generated maps. While the samples of
the classic PRM in Fig. 4b are uniformly distributed in the
robot’s W-space, the samples of the ORSR-PRM in Fig. 4c
are located in the proximity of the obstacles resulting in more
sampling points around the light barrier and inside the box.
Fig. 4d shows that the ORSR-PRM generates samples with
small distances to the environment in WW-space.

Table I shows the computation times for the map generation
and path search of classic PRM and ORSR-PRM. For the
A*-search, the connections within the maps are weighted
with an optimization objective after all samples were gen-
erated. Two different objectives are evaluated. An objective

Authorized licensed use limited to: Technische Universitaet Muenchen. Downloaded on November 29,2020 at 17:55:39 UTC from IEEE Xplore. Restrictions apply.



tin [s]

Fig. 3: Multiple-via-point path execution with on-the-fly trajectory adaption to avoid collisions with an obstacle using

limitation-aware attractor dynamics applied to a 2D minimal model. The limits of the minimal model are 4, = (1,2)

T rad
S

and Gz = (30,60)T rsa—zd. These limits are illustrated by the dashed lines in the two lower plots. The hyperparameters of

this example are ¢; = c3 = 0.08 [rad].

Rl
(a) The robot picks objects out of
a box and places them through a

simulated light barrier onto a drop
area.

configurations
PRM.

using

(b) TCP positions of the robot

classic

(c) TCP positions of the robot

(d) Positions of the closest
points on the robot to the ob-
stacles using ORSR-PRM.

configurations
PRM.

using ORSR-

Fig. 4: The orange markers show the TCP position (b, c) and the position of the nearest points on the robot to the static
obstacles (d) for the different configuration samples after calculating the forward kinematics. Each map consists of 200
milestones. For visualization purposes, Qp,, of Alg. 1 is set to infinity.

Liengtn, which represents the distance of two samples in
both W- and C-space and an objective L gyqqity, Which cor-
responds to the required joint torques of a configuration to
counteract the gravitational forces due to the robot’s self-
weight. The formulas are given in the Appendix.

More than half of the free space samples are rejected by the

Classic PRM ORSR-PRM
Milestones / Connections 80 k/ 1875k 33k /678 k
Construction Time Ljength 19.2 min 26.3 min
Construction Time L grquvity 35.1 min 33.1 min
Path Search Time Lijengtn 9.5 + 0.3 ms 2.1 £ 0.2 ms
Path Search Time Lgravity 438.6 = 1.4 ms 158.1 £ 5.0 ms

TABLE I: For each map 80000 collision-free configurations
are sampled. During cost evaluation, the connections between
two samples are interpolated with a fixed stride of 0.01 rad.

described strategy in Sec. II-B. For Ly g¢p, the construction
time of the roadmap for ORSR-PRM is higher compared to
classic PRM as the computational costs due to the additional
post-processing rejection step predominate the computational
savings due to less samples in the roadmap. For Lg,qvity,
the evaluation of the cost for a single configuration during
the connection interpolations comes along with a higher
computational effort as sin/cos-calculations are involved.
However, as the computational costs due to the additional

post-processing rejection step stay the same, the smaller
number of cost evaluations for ORSR-PRM predominate
which results in less construction time for ORSR-PRM com-
pared to classic PRM.

It has been expected that the computation time for online
motion queries decreases significantly by rejecting con-
figurations that do not contribute to the roadmap quality.
This expectation is met by the experiments in which the
ORSR-PRM showed in average a nearly three-times faster
computation time for Ljcng:n, for a target configuration in
100 repetitive online motion queries and a nearly five-times
faster computation time for Lg,qyity as shown in Table I.
Fig. 5 shows a resulting robot motion calculated by ORSR-
PRM for the described Pick-and-Place evaluation scenario.

C. Human-Centered Environment

Our framework is able to handle unexpected interac-
tions in human-centered environments by incorporating both
dynamic obstacles and external forces. Fig. 6 shows the
effect of the attractor-based Real-time Trajectory Generation
submodule in the presence of a dynamic obstacle. As the
interface to the Vision module was not set up for dynamic
obstacle tracking at the time of the experimental validation,
the dynamic obstacle within the environment is simulated by
an appearing orange sphere within the environment between
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Fig. 5: Exemplary robot motion for the Pick-and-Place application using the map generated by ORSR-PRM.

the first and second frame. While the offline calculated
trajectories would result in a collision with the previously
unknown dynamic obstacle, the Online Trajectory Genera-
tion submodule successfully avoids the appearing obstacle
despite the initially calculated infeasible path.

The incorporation of external forces due to human interaction
is shown in Fig. 7. The estimated external forces acting on
the robot’s end effector are shown over time and applied
as virtual torques to the system according to Eq. (3). The
measurements are taken from the evaluation of the com-
bined framework based on the ORSR-PRM and the Real-
time Trajectory Generation submodules which is shown at:
https://youtu.be/XuYyIna7-Eg.

During the experiments, we formulated an attractive potential
field U,;, to guide the robot to the next waypoint as well
as repelling potential fields for obstacles U,,s and joint
limits Ujjmit. The corresponding formulas are given in the
Appendix.

IV. CONCLUSION

In this work, we presented a motion planning framework

to allow the operation of a manipulator in human-centered
environments. A new sampling-based planning approach, the
ORSR-PRM, as well as an attractor-based online trajectory
submodule were introduced. The considered class of prob-
lems has a finite, complex and mainly static workspace
in which a robot is supposed to operate in a flexible,
autonomous way. The efficient representation of the free
W-space in the generated roadmap of the ORSR-PRM re-
sults in up to five-times faster motion queries compared
to the classic PRM in the experimental validation. The
limitation-aware attractor dynamics ensure kinematically and
dynamically feasible joint inputs. The repelling forces due
to obstacles result in online adaptions of the motion plans
to generate a collision-free motion even in the presence of
dynamic obstacles.
It is still possible for the robot, due to the formulation based
on potential fields, to get stuck in local minima. Therefore,
in our future work we will include model predictive control
approaches. Additionally, we plan to integrate nonlinear opti-
mization techniques for global optimal trajectory generation
in order to allow optimization objectives that depend on the
robot’s velocity or time.

APPENDIX

Optimization objectives representing the length are computed
by
M-1
Liength = Y llam — @mll2 + [Xm — Xmsa2

m=1

X, IS the end effector position in VW-space corresponding
to q.,,. Optimization objectives representing the gravity effort
are computed by

M-1
Lgravity = Z (lg(qm,qurl)qu - qm+1||2+

m=1
[[Xm — Xm+1]]2)
with 1
lo(Am, Am+1) = i(Tg(Qm)TTg(Qm)‘*‘
To(@mi1) Tg(Ams1)) +1

such that the cost-to-go heuristic

Lheuristic(qm) = ||qm - qM||2 + ||Xm - XM||2

for a milestone q,, w.rt. the goal configuration qus is
admissible.

Formulation of the potential fields

- q)T(qvia,m - CI)

1 .
2 - dactive)2 if dobs < dactive
0 otherwise

U’uz’a(q) =
Uobs(dobs) =
if qi < qi,min,soft

if q; > qi,mazx,soft
otherwise

(QZ - Qi,min,soft)2

2
1
2
Ulimit(qi) = {é(% - Qi,maz,soft)2
0
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