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Abstract—1In this work a control scheme is proposed to
enforce dynamic obstacle avoidance constraints to the full body
of actively compliant robots. We argue that both compliance
and accuracy are necessary to build safe collaborative robotic
systems; obstacle avoidance is usually not enough, due to
the reliance on perception systems which exhibit delays and
errors. Our scheme is able to successfully avoid obstacles,
while remaining compliant in the entirety of the executed task.
Therefore, in case of unexpected collisions due to perception
system errors, the robot remains safe for humans and its
environment. Our approach is validated through experiments
with simulated and real obstacles utilizing a 7-dof KUKA LBR
iiwa robotic manipulator.

I. INTRODUCTION

Modern robots tend to leave traditional structured environ-
ments of heavy industry and enter dynamic environments of
human everyday-life [1], [2]. In such environments the robot
is operating alongside humans in common tasks. Therefore it
is essential for these robots to be safe for the humans in their
workspace, as well as for themselves and their environment.

Safety is related to obstacle collision avoidance. Obstacle
avoidance techniques have been studied for many years [3]-
[6], with many new methods being published even in recent
years [7]-[10]. They usually modify the trajectory of the
robot on-line to avoid obstacles under the assumption of
a robot that can accurately track the modified trajectory.
Hence, in the majority of cases, a stiff robot is assumed.
The effectiveness of these methods relies on the accuracy,
processing speed and reliability of the robot’s perception
system. However, perception systems are prone to errors
and delays. These errors can lead to detecting an obstacle
further away from where it actually is, making a collision
possible. Furthermore, actual robotic systems have torque
and velocity limitations, which hinder successful obstacle
avoidance. Hence, collisions may occur in practice. There-
fore, it is important for the robot to be compliant in case of
collisions.

Compliant robots can safely interact with their environ-
ment [11]. Active compliance control strategies such as
impedance [12] and admittance [13] control realize closed
loop robot dynamics in the form of a mass-spring-damper
relation between the robot and an external contact making
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the robot safe to collisions and able to interact [14]. In these
methods, unmodelled dynamics and task uncertainties affect
tracking accuracy particularly in highly compliant or low
stiffness robots. This issue has been studied in our previous
work [15] for the case of Cartesian position control and
a method has been proposed to achieve accurate tracking
with compliant robots. It uses Dynamic Movement Primitives
(DMP) [16]-[18] to generate a trajectory which in case
of collisions pauses, waiting for the external contact force
to disappear. In [15] the robot is under impedance control
with low stiffness throughout the execution of the task and
therefore, it remains safe during unexpected collisions. Nev-
ertheless, low stiffness does not compromise the accuracy of
the executed task even in the case of unmodelled dynamics
and modelling errors.

There have been attempts in combining obstacle avoid-
ance with compliance. In [19], an approach is proposed
which utilizes proximity perception accompanied by variable
impedance. This approach is heavily reliant on proximity
sensing and could be dangerous in case of errors and failures.
In [20], a variable stiffness approach is introduced which
however utilizes specialized hardware. This approach adjusts
the stiffness based on the obstacle perception, therefore it is
also susceptible to perception failures. In [21], a Hierarchical
Quadratic Programming approach is proposed, where the
robot alternates between stiff and compliant behavior upon
the collision detection, which is based on the error between
the current and desired joint positions. All the above methods
utilize transitions from stiff to compliant robot motion. They
rely either on the perception system to initiate the transition,
or on the error between the desired and actual behavior.
The first case suffers from over-reliance on perception which
often has errors and delays. In the second case, the robot is
stiff at the moment of collision, therefore it is potentially
dangerous when transitions do not occur instantly.

In this work we address the issue of avoiding the full
body of actively compliant robots to collide with moving
obstacles. This is achieved by utilizing a dynamic active
constraint enforcement method [7] to augment the method
of [15]. In contrast to other methods, in our approach the
robot remains compliant during the execution of the entire
task and therefore safe during unexpected collisions that
could be attributed to perception failures. The controller
of [15] is utilized to guarantee desired tracking accuracy
with the low stiffness robot despite unmodelled dynamics
and task uncertainties. The proposed approach is validated
via experiments performed with virtual and real obstacles
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Fig. 1: Architecture of the proposed control scheme.

utilizing a 7-dof KUKA LBR iiwa robotic manipulator.
II. PROPOSED METHOD

The basic idea of the proposed approach is to avoid mov-
ing obstacles by modifying the operational space trajectory
of a compliant robot as well as by inducing motion in the task
nullspace to fully exploit the redundant degrees of freedom.
The robot is compliant and thus safe in case of collision. A
block diagram of the proposed solution is shown in Figure
1. In the heart of this approach is a low stiffness impedance
controlled robot driven by a reference position trajectory y,
¥ 9 € R3 produced by a virtual DMP system achieving high
tracking accuracy in the operational space as shown in our
previous work [15]. A brief presentation of DMP is given
in the Appendix. In this work, the virtual DMP proposed in
[15] is augmented by the obstacle avoidance coupling term
Vobs, p- In particular, the virtual DMP transformation system
is given by:

T2p = a,(B:(9 —y) — zp — €,) + S(g — yo)Fr(z)
TY = zZp + Vobs,P
(1)

where e, = p —y € R? is the position tracking error with
p € R? being the end-effector position, g, yo € R? the goal
and initial position of the movement, zp € R3 the scaled
velocity and S(g — yo) € R3*3 a spatial scaling matrix. In
the original DMP formulation, this matrix is given by S(g —
yo) = diag(g—yo) diag(gaemo — Yo,demo) " '» with diag(-)
denoting a diagonal matrix with elements the components of
its argument vector and ggemo, Yo,demo denoting the goal
and initial position of the demonstrated trajectory. In this
work we utilize the spatial scaling method proposed in [22],
where S(g — yo) = syR,, with s, = Hgdevﬂi’:gg”!em” and
R, € SO(3) arotation matrix that rotates gqemo—Yo,demo t0
g — 1Yo about an appropriately selected axis. The forcing term
Fp(x) encodes the demonstrated trajectory given in terms
of Ydemo» Ydemos Ydemo € R3. For the orientation DMP, we
utilize the formulation proposed in [23] augmented by the
respective obstacle avoidance coupling term v,ps,Q:

Tzq = —az(f.eq + zq) + S(eqo) Fo(x)
TéQ = ZQ — 'Uobs,Q

2

where eg = 2log(Q, * Q,) € R is the orientation error
with Q4, Qg being the reference orientation provided to the

low stiffness impedance controller and the goal orientation
expressed in unit quaternions, @ the quaternion conjugate,
zg € R? the scaled velocity, S(ego) € R3**3 with
ego = 2log(Q, * Q) is the orientation spatial scaling
matrix defined as in the position DMP and Fg(z) € R?
the respective orientation forcing term. Notice that the minus
sign in the last equation of (2) is owed to the utilization of
the error eg. Both systems (1) and (2) have a common phase
variable governed by:

3)

with its initial value z9p = 1 and «, a positive gain. A
sigmoid time scaling adaptation law as in [15] is utilized:

“4)

with 79 > 0 being the desired temporal scaling parameter
and aig, Coig € R* being positive parameters that regulate
the slope and the center of the sigmoid function. Notice
that in contrast to previously published works [18], which
utilize the square norm of the tracking error e, the adaptive
temporal scaling parameter 7 becomes equal to the desired
7o for high slope values a4 and ||e,|| < cg4. This implies
that there is a region of the tracking error in which the
execution of the DMP does not slow down. For ||e,|| > cqiq
the adaptive temporal scaling parameter 7 abruptly increases
stopping the evolution of the system (1), (2), (3). As a result
the reference trajectory becomes a constant reference input.
Thus, the whole control structure in this case is reduced to
an impedance controlled robot driven by external forces, like
a regulation case, with its compliance ensured by choosing
low-impedance parameters (stiffness, damping gains).

The DMP system is coupled with the robot control sys-
tem which realizes a target impedance in terms of inertia,
damping and stiffness My, Dy, K4 with respect to the pose

error [l eZ]"

TE = —Qz T

7 =70 (1 + exp (asig([lepll — csig)))

My [fjj + Dy L‘ffj + K [jj =Ft Fewr  (5)
where e, = 2log(Q.) € R3 is the orientation tracking error
with Q. = Q * Q, and Q € S3 being the orientation
of the end-effector expressed as a unit quaternion. The
angular velocity tracking error w, = w — wr € R3 with
w € R3 being the angular velocity of the end-effector,
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is defined with respect to wr = R.wg € R3, which
is the geometrically consistent reference angular velocity
[24], [25], with wy € R3 being the reference angular
velocity and with R, € SO(3) being the rotation matrix
corresponding to Q.. The term F,(t) € R is a disturbance
input arising from unmodelled dynamics like joint friction,
robot dynamic parametric as well as task uncertainties (e.g
load) and external force measurement inaccuracies. The term
F... € RS denotes external contact forces. For the case
of free motion (F,.,; = 0) and in the ideal case of a
zero disturbance input F,(¢) the robot tracks perfectly the
reference trajectory. However F,(t) exists in practice. The
utilization of disturbance observers [26] or data driven model
predictive control setups [27] can decrease its magnitude but
a residual disturbance term usually remains in practice due
to estimation errors and the solution’s computational cost
is increased. The robot performance in terms of accurately
tracking the reference trajectory depends on the stiffness and
damping gains of the impedance controller. In this work, high
stiffness and damping gains are utilized to reduce the effect
of disturbances to the orientation tracking error. In contrast
low stiffness and damping gains are selected for the position
part of the impedance controller to ensure safety under
unexpected collisions. Hence position tracking errors (e;,) are
expected. However as detailed in [15] by incorporating e,, in
(1) the generated reference position trajectory compensates
for such errors thus achieving position tracking accuracy of
the desired trajectory.

Obstacle avoidance is achieved by imposing active con-
straints, which generate a joint velocity signal q.,,s € R™.
This velocity is decomposed into two components; one that
affects the motion in the operational space and is utilized in
the DMP system as a coupling term in (1), (2) to modify the
generated reference trajectory and one that affects motion in
the task nullspace. The coupling term can be derived by:

Vobs,P| __ -
Vobs = |:'Uobs,Q:| = J(q)QObs (6)
where J(q) is the robot Jacobian.

The nullspace component is utilized in a decoupled
nullspace controller inspired by [12], [28] which is applied
directly at the torque level (Figure 1).The torque applied by
the nullspace controller augments the impedance torque input
that imposes the dynamics of (5) and is given by:

7o = —NTDNN (G — Govs) )

where q, ¢ € R" are the joint positions and velocities, Dy €
R™ " is a diagonal damping matrix and N (g) € R"™*" is
the dynamically consistent nullspace projection matrix, with
n being the degrees of freedom of the robot and r being the
redundant degrees of freedom. IN(g) is given by:

N(q) = (Z(@M(a)Z"(q)) " Z(@M(q) ®

where M (q) € R"*™ is the inertia matrix of the robot and
Z(q) € R™™ is the nullspace base matrix, given by:

Z(q) = [-J (¢)]," (@) I.] 9)

ﬁ‘_’)
Fig. 2: Coverage of the body of a robotic manipulator by three capsules
and distance of each capsule from a spherical obstacle.

where I, is the identity matrix of dimension r and matrices
J., and J, can be computed by writing the Jacobian of the
manipulator as:

(10)

where J,,(q) € R™*™ is invertible away from singularities.
Notice that the form of (10) may require the reordering of
the columns of J(q) and that the nullspace matrix satisfies
the equality J(q)Z* = 0.

Since the nullspace component for obstacle avoidance
does not interfere with the executed task it cannot induce
any errors that would in any way affect the DMP temporal
scaling parameter or halt the time evolution of the reference
trajectory.

A. Generation of obstacle avoidance velocity signal

To generate the obstacle avoidance joint velocity g,ps we
utilize a generalized version of the method developed in [7]
that ensures the enforcement of dynamic active constraints
in the context of moving obstacles described by enclosing
convex surfaces. Specifically, the controller is developed to
guarantee that the end-effector of the robot avoids colliding
with moving obstacles using a Cartesian velocity reference
signal. To generalize this approach to the full body of the
manipulator we utilize smooth enclosing surfaces, which
completely cover the robot’s body, as described in [29],
where each link is modeled as a capsule. A capsule is
consisted of two spheres with centers on the joints, and a
cylinder whose axis connects the two spheres, covering the
associating link. The radii of the spheres and the cylinder
are equal. In Figure 2 an example of a manipulator covered
by capsules is shown, as well the distance of each capsule
from a spherical obstacle. Notice that the distance between
a capsule and a point can be analytically computed.

Assume that the manipulator’s body is modeled by M
capsules and that IV obstacles are in the workspace of the
robot, modelled by convex surfaces. We denote by d;;(t) the
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Euclidean distance between capsule ¢ and obstacle j. We also

define the harmonic mean h(x1,xa,...,2,) as
n
h(zy, o, ..., ¢n) = =5 (11
>t
as well as the weighted harmonic mean h,,(z1, z2,...,Zy)
as: s
. w;
hw(xthv"wmn):%:ilw.Z' (12)
D1 ot
The metric of constraint enforcement is:
m(t) = h(hwl,hwg,...,hw]\[) (13)

where hwi = hw(dil(t)a dig (t), ey diA{ (t))

The selection of the harmonic mean for combining dis-
tances is motivated by the fact that this metric emphasises
more on small distances, making the robot more reactive to
obstacles in its vicinity without however completely disre-
garding distant obstacles. In addition, the weighted harmonic
mean is selected to prioritize the motion of each capsule
depending on the executed task setting for example, a larger
weight to the motion of the robot links closer to its end-
effector than the links closer to its base. Notice that both
the harmonic mean (11) and the weighted harmonic mean
(12) are zero if one of their arguments is zero; hence,
metric (13) becomes zero if and only if one of the distances
becomes zero. Thus m(t) > 0,V¢ is a sufficient condition
for successful obstacle avoidance.

The obstacle avoidance joint velocity used in (6) and (7)
is given by:

€ 1
‘jobs = _57.7‘10 (14)
1+¢ Igell?
where x is a positive gain, £ = %, e =T =
om(t)

In(1+¢), pis a design parameter and ¢, = B
This control input via the transformation of the error utilizing
the diffeomorphism 7'(¢) guarantees that € is bounded from
below for all ¢ > 0 and therefore m(t) > 0, ensuring that
the robot does not collide with the obstacles.

Notice that self-collision avoidance can be incorporated
in this method by augmenting the obstacle set with the
link capsules. To ensure better performance, the distances
between links that cannot collide due to joint limits should
not be taken into consideration.

ITII. EXPERIMENTAL RESULTS

To validate the proposed approach, two sets of experiments
are performed using a 7-dof KUKA LBR iiwa robot under
gravity compensation of its own weight, driven at the torque
level with 3ms control cycle utilizing an impedance control
scheme without inertia shaping. The software runs on a real-
time Linux PC, and the FRI library is used to command the
robot. The different sub-modules are communicating using
ROS. In the first set of experiments, we use simulated obsta-
cles, moving in predefined trajectories in order to showcase
specific parts of the proposed method. In the second set
of experiments, we use a more complex setup from a real
industrial assembly line regarding the placing of two PCBs

Parameter Description Value
oz, Bz DMP gains 30, 7.5
N Number of kernels 80
ka,p,da,p Stiffness and damping in position 200, 35
ki 0,dq,0  Stiffness and damping in orientation 100, 20
Csigs Clsig Sigmoid center and slope 0.07, 100
dn Nullspace gain 1

K, p Obstacle avoidance parameters 8, 0.38

TABLE I: System parameters in experiments.

on a TV chassis. In the latter set of experiments, humans are
detected and modelled as dynamic obstacles by a perception
system. The parameters used in both sets of experiments are
given in Table I. Notice the low stiffness values in position
for the robot controller, enabling its compliant behavior. To
avoid obstacles by the whole robot body the robot is covered
with six capsules, enclosing each link except the first one,
which can only rotate about its own axis. The two capsules
closer to the shoulder are given weight one while the rest of
them weight two. This selection favours movement of robot
links away from the shoulder, which is preferable in our
experimental setup, as humans are closer to the robot’s wrist
and end-effector. Both experiments with simulated and real
obstacles can be seen in the accompanying video.

A. Simulated Obstacles

We performed three experiments with simulated obsta-
cles. In all experiments, a planar obstacle is placed on the
workbench where the robot stands, to ensure that the robot
would not collide with it. Snapshots of all three experiments
are shown in Figure 3. In all three experiments, the initial
and goal pose of the robot are the same as the ones in the
demonstrated data in order to facilitate comparison of the
generated trajectories with the demonstrated one.

In the first scenario, three moving spherical obstacles are
executing sinusoidal trajectories between two points in the
workspace of the robot, while the robot is executing a desired
trajectory, as shown in Figure 3a. In the first subplot of
Figure 4 we can see the harmonic mean metric which stays
above zero, achieving successful avoidance of all obstacles,
despite the low gains of the impedance controller. Notice
that after ¢ ~ 7s the metric is kept constant because all
obstacles are then far away from the robot resulting in a
zero obstacle avoidance signal. In Figure 5, the modified
path due to the obstacle avoidance is shown as well as
the demonstrated one. The dissimilarity between them is
attributed to the trajectories of the obstacles, which are
interfering with the path of the robot during the entire
motion. The final configuration of the robot and the obstacles
is depicted in Figure 3b.

For the second scenario, an obstacle is moving close to
the elbow of the robot, as shown in Figure 3c. The second
subplot of Figure 4 demonstrates successful avoidance by a
movement mostly in the task nullspace. The demonstrated
and modified path are shown in Figure 6. Since the obstacle
is far away in the beginning of the robot motion we show
results after ¢ = 8.8s. In Figure 3d the final configuration is
shown, where the task nullspace motion is evident.
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(a) Scenario 1: t = Os. (b) Scenario 1: t = 8.3s.

(¢) Scenario 2: t = 0s.

(d) Scenario 2: t = 16.8s. (e) Scenario 3.

Fig. 3: Obstacle positions in all experiments.
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Fig. 5: Scenario 1: Demonstrated and modified path.

In the third scenario, we demonstrate the robot’s com-
pliance to collisions while the robot is avoiding a large
stationary obstacle that is obstructing its nominal path, as
shown in Figure 3e. A human enters the trajectory of the
robot causing a collision. In practice, this can occur in case
of the perception system fails to detect the human. After
colliding, the human pushes the robot back before leaving
the workspace of the robot, demonstrating its compliant
nature. Figure 8, depicts the error e, = p — y as well
as the temporal scaling parameter 7, showing that indeed
the system evolution stops during the unintentional contact.
The path modification due to the human pushing the robot

Demonstrated Path
Path with Obstacles

O Yo
0.4 X g
§ 035
N
0.3
0.4
0.5
0.56
Yim] ©2
03" g X[m]
Fig. 6: Scenario 2: Demonstrated and modified path.
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Path with Obstacles
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0

0.2 X[m]

Y[m] 04 0.65

Fig. 7: Scenario 3: Demonstrated and modified path.

can be seen in the upper left of Figure 7 which shows the
demonstrated and modified path. The large error seen in the
first subplot of Figure 8 is also attributed to this pushing. In
the third subplot of Figure 4 we can see that avoidance of
the stationary obstacle is successful.

B. Real Obstacles

We have also tested the proposed approach in a complex
lab setup, emulating an industrial environment. A sequence
of DMP are trained to place two PCB boards on a static
TV chassis. During execution, the TV is placed on a mov-
ing conveyor belt, and a human worker is responsible for
screwing the boards after the robot has successfully placed
them. Since the human and the robot operate in a shared
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Fig. 8: Scenario 3: Error and temporal scaling parameter.

workspace and in order to ensure safety, a perception system
is used to locate and track the human skeleton. Spheres are
appropriately placed to cover the worker’s body, representing
dynamic obstacles. The robot is under the proposed scheme,
compliant throughout the task execution, therefore safe in
case of collisions. To take into account the moving goal of the
DMP, the approach developed in [30] is utilized, modifying
(1) to get the following:

T72p = —.(B.epa + zp —ep) + S(epo)Fp(x)

. (15)
TEpG = Zp — Upps,P

where epy = g — yo and the robot reference is given as
Y=g —€epg-

As shown in the accompanying video the robot is able
to avoid the human in all cases despite measurement noise
and limitations on the accuracy of the perception system.
Furthermore, due to its low stiffness it remains safe during
the interaction with the human. Snapshots are shown in
Figure 9. Figures 9a, 9b and 9c demonstrate the robot
avoiding the human in different executions. To showcase that
the robot indeed remains compliant in case of collisions, the
obstacle surrounding the human’s wrist is deactivated, while
the other obstacles where still active. Figure 9d depicts this
case.

IV. CONCLUSIONS

A control scheme is proposed and successfully imple-
mented that enforces dynamic obstacle avoidance constraints
to the full body of actively compliant robots. The control
scheme modifies the operational space trajectory of the end-
effector and induces additional motion in the nullspace of
the robot to exploit the robot’s redundancy in order to
achieve accuracy, obstacle avoidance and safety to unex-
pected collisions. Experimental results with a 7-dof KUKA
LBR iiwa robot show successful obstacle avoidance with
multiple virtual moving obstacles as well as compliance
during the entire task execution. The same results are suc-
cessfully demonstrated in a complex industrial assembly line
environment.

(¢) Avoidance of human hand and TV (d) Compliance under contact with a

chassis human.

Fig. 9: Snapshots of experiments with real obstacles

APPENDIX: DYNAMIC MOVEMENT PRIMITIVES

Dynamic Movement Primitives (DMP) [16]-[18] have
been proposed to encode arbitrary trajectories in the Carte-
sian space by augmenting a linear dynamical system by a
non linear forcing term:

(16)

where a,, 3, are positive gains, y,z € R? are the position
and scaled velocity, 7 > 0 is a temporal scaling scalar,
g, Yo € R3 are the goal and initial position and S(g — o) €
R3*3 is a spatial scaling matrix. This set of equations is
called the transformation system of the DMP.

The desired trajectory is encoded in the forcing term F'(x):

Sy wilile)
S Vi)
where U;(z) = exp (—h;(c; — 2)?) are N Gaussian kernel
functions, with h;,c; denoting their inverse widths and
centers. The weights w; € R? are learned using Locally
Weighted Regression to encode the desired trajectory. To
avoid explicit time dependency the canonical system of
the phase variable = is utilized as a clocking mechanism

governed by (3).

To encode orientation trajectories, the majority of the liter-
ature utilizes unit quaternions [31]. Early works in encoding
orientation trajectories with DMP can be found in [32]. A
more robust approach that has been proposed in [23] employs
the transformation system given by:

T2 = —a,(B.eq + 2z) + S(ego)F(x)
TéQ =z

F(z) = (17)

(18)

where eq is the orientation error, z its velocity scaled by
T, Q = [77 eT]T = exp (f%eQ) * Q, the orientation
expressed as a unit quaternion, eg o the initial orientation
error and Qo, Q, the initial and goal orientation. The forcing
term is given by (17) and the canonical system is the same
as the position DMP given by (3). More information on unit
quaternion kinematics can be found in [23], [25], [32].
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