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Abstract— Most industrial robots nowadays still employ
strategies that neglect or minimize the effects of task dynamics.
Some tasks, however, are intrinsically dynamic and can only be
accomplished by considering their dynamic aspects. We address
ball catching as a prominent and widely studied example
for such a task. The paper follows a special approach to
accomplish the task: the nonprehensile catching, which means
catching without a form- or force-closure grasp. Depending on
the tracked ball velocity, two different catching methods are
proposed: First, catching of the ball during the initial contact.
Second, catching the ball after an initial rebounce during the
subsequent contact. For both approaches, the ball trajectory is
predicted with a recursive least squares algorithm. The dynamic
manipulability measure is used for the contact point selection.
Once a permanent contact between ball and end effector is
established, a balancing control based on force/torque feedback
is applied. Both methods are experimentally validated using a
six DoF industrial robot.
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I. INTRODUCTION

In accordance with [1], we refer the termdynamic ma-
nipulation to methods whichactively use the task dynamics
instead of merely tolerating them. Dynamic manipulation
offers two potential benefits: First, the execution time of tasks
can be reduced. Second, the dexterity of the robotic system
can be increased since numerous manipulation tasks are
intrinsically dynamic and can only be accomplished by con-
sidering the dynamic aspects. For conventional manipulation
with form- and/or form-closure grasp, task/object specific
grippers are necessary. Here, the nonprehensile approach
offers two advantages: First, the development of a gripper is
dispensable [2]. Second, a generic end effector design (e.g. a
plate) allows the handling of bulky objects. The increase in
dexterity and the cost efficiency motivated the investigation
of nonprehensile object catching.

A. State of the Art

The task of robotic ball catching with a form- or force-
closure grasp has been studied by various researchers: An-
dersson realized two-dimensional catching of ping-pong balls
up to a speed of 1.3 m/s with a PUMA robot arm [3]. Hove
and Slotine presented three-dimensional catching with a four
DoF manipulator [4]. B̈uhler, Koditschek and coworkers suc-
cessfully applied a mirror law for catching a puck constrained
to lie on an inclined plane [5]. As control input they used

a bar which was actuated around a revolute joint. Burridge
et al. followed up this work and described a mirror law for
catching a ball with a three DoF robot and a planar paddle
as end effector [6]. Freseet al. presented ball catching with
a seven DoF robot [7]. In their setup, a basket served as
end effector to catch the ball. Riley and Atkeson investigated
ball catching with a humanoid robot using a baseball glove to
catch [8]. Namikiet al. developed a high-speed vision system
with a sampling rate of 1 kHz and a resolution of 128 x
128 pixels. They combined the system with a multi-fingered
robotic hand with eight DoF and demonstrated catching of a
rubber ball [9]. The hand was mounted stationary on a table
and vertical ball trajectories were investigated. Smithet al.
studied teleoperated ball catching in [10].

Lynch and Mason discussed controllability, motion plan-
ning and implementation of planar dynamic nonprehensile
manipulation [2]. In addition, the concept has been previ-
ously considered in various applications: Arai and Khatib
investigated the task of parts reorienting using dynamic
forces [11]. Aboaf et al. applied learning approaches to
improve the robot’s ability to juggle a ball [12]. Robotic
juggling and batting tasks were also investigated by Schaalet
al. [13], Bühler et al. [14] and Andersson [15].

B. Contribution

Previous works on robotic ball catching focused mainly
on catching with either a force- or a form-closure grasp. An
exception is the work of Burridgeet al. which discussed the
nonprehensile catching of a ball with a three DoF robot [6].
In our previous works, other dynamic manipulation skills
have been investigated [16]. This paper presents a control
design for two nonprehensile catching strategies based on
combined visual and force/torque feedback. The approach
considers relevant strategies for realizing flexible object han-
dling. To this end, the catching task is investigated in three
dimensional space. Also, specific challenges of the catching
task are discussed: accurate tracking of the ball, model-based
trajectory prediction and exact planning and execution of the
robot motions. The remainder of the paper is organized as
follows: In Sec. II, the hardware setup, composed of robotic
and vision system, is presented. A detailed description of the
control design is given in Sec. III. Experimental results are
shown in Sec. IV. Finally, a conclusion and outlook can be
found in Sec. V.



II. SETUP

This section introduces the two main components of the
experimental setup: the robotic system with an open control
architecture and the vision system.

A. Robotic System

For the experiments, a Stäubli RX90B industrial robot
with six revolute joints is used. The robot is equipped with
a six DoF force/torque sensor at the end effector. For the
catching task, a circular plate with radius 0.17 m serves as
end effector. In order to implement and evaluate own control
concepts, a PC-based controller has been developed which
works in parallel with the robot control unit. The configu-
ration, calibration and supervising of the robot is performed
with the original architecture. The control, however, is passed
over to the additional PC, which runs MATLAB/Simulink in
a real-time Linux (RTAI) environment. For further details on
the open control architecture see [16].

B. Vision System

The stereo vision system for ball tracking consists of two
Mikrotron MC1311 high-speed cameras, two frame grabbers
and a general purpose PC with two PCIe ports. The tracking
algorithm obtains images from the frame grabber for image
processing. The ball position is sent to the control PC via
a TCP network connection. The two cameras are mounted
with a baseline b = 2 m and converging axes. The distance
between baseline and fixation point is 3 m, the distance
between baseline and robot base is 3.5 m.

III. CONTROL DESIGN

The overall control structure of the system is depicted
in Fig. 1. It has three main modules: ball tracking, ball
trajectory prediction and robot trajectory generation. Inthe
first module, ball tracking is performed based on visual
sensor information. In the second module, the ball trajectory
is predicted based on the provided sensor feedback. In
the third module, the end effector trajectory is generated
based on the predicted ball trajectory and the measured
contact forces. The three modules will be described in the
following subsections. For the motion control of the robot,a
computed torque feed forward control in combination with a
decentralized PD-controller is used. For the control design,
the following assumptions are made:

A1 Air resistance and rotational ball velocity are neg-
ligible.

A2 Impacts between ball and end effector are in-
stantaneous inelastic collisions described by the
coefficient of restitutioncr and with the angle of
incidence equal to the angle of reflexion.

A. Ball Tracking Module

The main part of the ball tracking algorithm with the vi-
sion system is color-based tracking. First, the ball is extracted
according to its color information in the HSV space. Then,
the speckle, not related edges and noise in the image are
filtered out through an opening (1 x erosion, 1 x dilation)
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Fig. 1. Overall control structure

operation. Finally, by computing the first order moment of
the image, the center of the ball is obtained. A block diagram
of the image processing algorithm is depicted in Fig. 2. In
order to increase the tracking frequency and to reduce the
tracking delay, a window searching method is used: Once the
ball is detected in the full size image (1280 x 1024 pixel),
the search area is reduced to a 180 x 180 pixel window. The
position of the window is determined by a linear position
prediction and tracking is performed with 150 Hz.
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Fig. 2. Block diagram of the image processing

B. Ball Trajectory Prediction Module

The input for the module is the ball positionpb(t) tracked
by the camera system. The triggering of a throw can be
realized in various ways: One approach is to check whether
the vertical acceleration of the ball matches the gravitational
acceleration for a certain period of time. If that is the case,
one can assume that the ball is in free flight. The drawback
of this method is that the accelerationab(t) of the ball has
to be determined. If only position information is available,
imprecise/noisy acceleration estimates impede this approach.
Hence, a different approach was used for the experiments:
a throw is triggered when the vertical ball position exceeds
a height constraint. The point in time when this occurs is
denoted ta and the ball is assumed to be in free flight
afterwards. In order to find the suitable catching strategy and
to generate the corresponding robot trajectory, the prediction
of the ball trajectory is necessary. The prediction is realized
with a recursive least squares fitting method for a sample



periodTs. The trajectory for free flight is given by

p̃[k] =





px[k]

py[k]

pz[k] − 0.5gt2[k]



 =





px,0 vx,0

py,0 vy,0

pz,0 vz,0





[

1
t[k]

]

(1)

whereg denotes the gravitational acceleration. This results
in the recursive least squares estimates for the parameters

m̂i[k+1] = m̂i[k] + h[k]

(

p̄i[k+1] − RT
[k+1]m̂i[k]

)

(2)

wherep̄i[k+1] is the measuredi-coordinate of the ball and

m̂i[k] =
[

pi,0[k] vi,0[k]

]T
i ∈ {x, y, z} ,

R[k+1] =
[

1 t[k+1]

]T
, h[k] =

Π[k]R[k+1]

1 + RT
[k+1]Π[k]R[k+1]

,

Π[k+1] = Π[k] − h[k]R
T
[k+1]Π[k]. (3)

With the estimates for the initial state of the ball, the future
ball trajectory is predicted which serves as input for the robot
trajectory generation module.

C. Robot Trajectory Generation Module

The trajectory generation is initiated at timetb = ta +Ts,
when the final prediction of the ball trajectory becomes
available. The inputs of the module are the predicted ball
trajectoryf(pb(tb),vb(tb), t), the actual robot posexact(t)
and the measured forcesF (t) and torquesτ (t) at the
end effector. The outputs are the desired end effector pose
xe,des(t) = [pe,des(t)

T ,oe,des(t)
T ]T , velocity ẋe,des(t)

and acceleration̈xe,des(t). For the end effector orientation,
the angle/axis notation is used. The module performs the
following subtasks: First, it applies a selection criteriato
evaluate possiblecatching points (which refers to the point
of initial contact). Second, it determines a catching strategy
and creates a feasible catching trajectory for the end effector.
Third, the module decelerates and stabilizes the ball on the
plate once the contact between ball and end effector has been
established.

1) Catching Point Selection Criteria:
For an intrinsically dynamic task, the robot motion planning
has to be performed on-line based on the provided sensor
information. Suitable trajectories have to be generated in
limited time and in general there is no unique solution for
the task. In this work, we choose catching point candidates
based on two criteria which will be detailed in the following:
the distance from mechanical joint limits and the dynamic
manipulability measure. The creation of look-up tables then
allows on-line evaluation of these selection criteria.

a) Distance from joint limits:
An intuitive selection criteria is the distance from mechanical
joint limits [17],

wj(q) =

n
∏

i=1

wj,i(qi, qi,min, qi,max) (4)

wherewj,i corresponds to the joint limit measure for theith

joint. The value ofwj,i equals 1 if jointi is within 75% of
the admissible range and gradually decreases from 1 to 0 if
the joint is within75% to 100% of its admissible range.

b) Dynamic manipulability measure:
A global measure for the manipulation ability has been
proposed by Yoshikawa in [18]. The measure quantifies the
ability for arbitrarily changing position and orientationof the
end effector in a given posture. The main drawback of this
concept is the fact that it is a kinematic measure ignoring
the arm dynamics. Hence it is not suitable for precise high-
speed motion control. This shortcoming is addressed by the
dynamic manipulability measurewd introduced in [19]. The
scalar value is defined as

wd(q) =
1

wd,max

√

det

(

J(q)
(

BT (q)B(q)
)

−1

JT (q)

)

(5)
whereq ∈ R

n is the vector of joint angles,J(q) ∈ R
m×n

is the manipulator Jacobian andB(q) ∈ R
n×n is the inertia

matrix of the manipulator. The scaling factorwd,max is
used to normalize the measure. Fig. 3 shows the dynamic
manipulability measure of the utilized robot for differentyz-
planes. The reference coordinate system is located in the
robot base with thez-direction pointing vertically upwards.

2) Catching Trajectory:
In order to find possible catching points, the module deter-
mines where the predicted ball trajectory intersects the robot
workspace. For the intersecting points, the values ofwj and
wd are determined by using look-up tables which have been
created off-line. The ten points with the highest combined
valuewj +wd are selected as a catching point candidates and
the resulting trajectories are checked for dynamic feasibility.
Based on this strategy, three different cases can occur:no
catch, direct catch and indirect catch. The first case occurs
if all catching points violate dynamical and/or workspace
constraints. The latter two cases are detailed in the following
two paragraphs.

a) Direct Catch:
For a direct catch, the end effector trajectory at timetc of
the initial contact has to fulfill the following constraints:

pe(tc) = pb(tc) +
rb

|vb(tc)|
vb(tc), ve(tc) = vb(tc),

ae(tc) = ab(tc), ne(tc) ‖ −vb(tc). (6)

Here,rb denotes the radius of the ball andne(tc) the normal
vector on the end effector plate. Once contact between ball
and plate is established, the end effector is decelerated inthe
direction ofve(tc) with |ae| = 30 m/s2. Hence, the timetd
when the translational velocity of the end effector reaches
zero is given by

td = tc + |vb(tc)|/|ae|. (7)

The end effector constraints at timetd for a direct catch are

pe(td) = pe(tc) + ve(tc)(td − tc) + 0.5ae(td − tc)
2,

ve(td) = 0, ae(td) = 0 (8)

The end effector orientation during the deceleration phaseis
determined by the balancing control, see subsection III-C.3.
The trajectories for the first (tb < t < tc) and the second
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Fig. 3. Normalized dynamic manipulability measurewd for different yz-planes: (a)x = 0.45 m, (b)x = 0.50 m, (c)x = 0.55 m. The measure is used
for contact point selection based on the predicted ball trajectory.

(tc < t < td) catching phase are generated using fifth order
polynomials

pe(t) = k5t
5 + k4t

4 + k3t
3 + k2t

2 + k1t + k0 (9)

where the coefficientskj ∈ R
3 are determined by the

initial and final constraints. The resulting trajectories of the
catching point candidates are checked for workspace and
acceleration constraints violations. A direct catch can be
performed if one or more feasible solutions are found.

b) Indirect Catch:
If the direct catch algorithm does not obtain a feasible
solution, the module checks whether an indirect catch is
possible. Here, the end effector trajectory has to fulfill the
following constraints at the initial contact timetr:

pe(tr) = pb(tr) − rbne(tr), ve(tr) = 0, ae(tr) = 0,

ne(tr) = −s/|s|, (10)

wheres = vb(tr)/|vb(tr)|+g/|g|. With the assumptions A1
and A2, the last constraint ensures that the ball rebounces in
vertical direction. For the indirect catch, there is an additional
phase where the ball is again in free flight. The timetc of
the second contact atpe(tc) = pe(tr) is calculated based
on the ball velocityvb(tr) and the coefficient of restitution
cr. The constraints attc are identical to the ones of a direct
catch with sole vertical velocity. The trajectories for thethree
phases of an indirect catch are also generated using fifth
order polynomials and checked for feasibility. An indirect
catch can be performed if one or more feasible solutions are
found.

3) Balancing Control:
A balancing controller is used to keep the ball on the plate

during the last catching phase (tc < t < td). This control is
activated at timetc when the catching point is reached and a
continuous contact between ball and robot is established. The
position of the ball on the plate is estimated by measuring
the forces and torques at the end effector. This eliminates
the risk of occlusion that exists for vision-based ball tracking
during contact with the end effector. For further details on
the balancing control see [20].

IV. EXPERIMENT & RESULTS

In order to evaluate the control strategy, the following
experiment was conducted: A basketball was thrown by a
human operator into the robot’s workspace. The ball trajec-
tory was tracked by the vision system. Based on the predicted
ball trajectory, an end effector trajectory for direct or indirect
catching is created. In the following, experimental results
for the ball trajectory prediction and the two nonprehensile
catching methods are presented. To facilitate the presentation,
the horizontal ball velocity is aligned with they-axis.

A. Ball Trajectory Prediction

The results of the ball trajectory prediction for the vertical
z- and horizontaly-direction for two different sample periods
Ts = tb − ta are illustrated in Fig. 4. The prediction is
based on the recursive least squares estimate presented in
Sec. III-B. In the experiments, a throw is triggered whenpb,z

exceeds0.5 m. For they-direction, both sample periods lead
to accurate results: for a prediction horizon of∆t = 0.5 s,
the deviations from the tracked are typically less than0.05 m
(Ts = 50 ms) respectively0.02 m (Ts = 100 ms). For
thez-direction, however, the accuracy improves significantly
when using the longer sample period: for∆t = 0.5 s, the
deviations from the tracked position reduce from0.15 m
(Ts = 50 ms) to0.04 m (Ts = 100 ms).

B. Direct Catch

A sequence of snapshots for a direct catch is shown in
Fig. 6: For tb < t < tc, the robot adjusts its position
and velocity to match the constraints attc (snapshots 3-
6). Then, fortc < t < td, the ball is decelerated and the
balancing scheme controls the end effector orientation based
on the force/torque measurements (snapshots 7-15). A catch
is considered successful if the ball comes to rest on the plate.

C. Indirect Catch

The ball and effector trajectory for an indirect catch is
illustrated in Fig. 5. For the initial contact, the end effector
adjusts its orientation according to (10) to let the ball
rebounce vertically. The ball is then caught with the second



Fig. 6. Direct catch - experimental snapshots: initialization by human operator, catching and balancing (sequence from 0s to 3 s)

contact attc. Fig. 7 shows a sequence of snapshots for
an indirect catch: After the free flight phase (snapshots 2-
4), the initial contact occurs attr (snapshot 5), the ball
rebounces vertically (snapshots 6-7) and a continuous contact
is established attc (snapshot 8). Then, the ball is decelerated
and balanced on the plate.
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intervalsTs: (a) y-direction, (b)z-direction

V. CONCLUSION

Two strategies for nonprehensile ball catching with a six
DoF industrial robot based on visual and force/torque sensor
information were presented. The ball was tracked by a stereo
camera system with appr. 150 Hz. A recursive least square
algorithm was applied to predict the ball trajectory. The
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Fig. 5. Ball and end effector trajectories for an indirect catch: (a) horizontal
y-direction, (b) verticalz-direction



Fig. 7. Indirect catch - experimental snapshots: initialization by human operator, initial rebounce and catching (sequence from 0 s to 2 s)

contact point was selected based on two criteria: the distance
from mechanical joint limits and the dynamic manipulability
measure. Both the direct and indirect catching method were
experimentally evaluated. For the success rate, which is
currently appr. 35%, there are two limiting factors: First, in-
accurate ball trajectory predictions which occur if the sample
period for the recursive least square estimations is too short.
Second, trajectory tracking errors which occur if the planned
trajectory is close to the hardware limits of the manipulator.
For the indirect catch, the model-based prediction of the ball
trajectory after the first impact based on the assumptions (A1,
A2) was found to be an additional limiting factor for the
success rate. This issue can be addressed by using the visual
feedback to update the ball trajectory prediction after thefirst
impact. The presented work considered the nonprehensile
catching of spherical objects. Here, the object orientation
does not affect the geometry of the contact surfaces. For other
object geometries, this is generally not the case. Hence, the
presented approach will be extended to track and predict the
complete pose of the object. Then, a third selection criteria
can be applied which evaluates the object orientation along
the trajectory. In the future, experiments will be conducted
evaluating the approach for objects with different shapes.
Whether an indirect catch is feasible will depend on the
physical properties of the particular object. In addition,
a mechanical spring will be used to introduce an elastic
coupling between robot and end effector. Such a design will
help to relax the dynamic requirements for the robot and to
increase the success rate.
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