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Robotic Ball Catching With an Eye-in-Hand
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and Bruno Siciliano, Fellow, IEEE

Abstract—1In this paper, a unified control framework is
proposed to realize a robotic ball catching task with only a
moving single-camera (eye-in-hand) system able to catch flying,
rolling, and bouncing balls in the same formalism. The thrown
ball is visually tracked through a circle detection algorithm.
Once the ball is recognized, the camera is forced to follow
a baseline in the space so as to acquire an initial dataset of
visual measurements. A first estimate of the catching point is
initially provided through a linear algorithm. Then, additional
visual measurements are acquired to constantly refine the current
estimate by exploiting a nonlinear optimization algorithm and
a more accurate ballistic model. A classic partitioned visual
servoing approach is employed to control the translational and
rotational components of the camera differently. Experimental
results performed on an industrial robotic system prove the
effectiveness of the presented solution. A motion-capture system is
employed to validate the proposed estimation process via ground
truth.

Index Terms—Ball detection, ball tracking, bouncing and
rolling balls, partitioned visual servoing, real-time trajectory
estimation, robotic ball catching.

I. INTRODUCTION

ATCHING a thrown ball is often a good exercise to check

human reflexes. The same task could be applied to an
advanced robotic platform to test new control methodologies.
Furthermore, such a challenging scenario covers several areas
like fast visual detection and tracking, motion estimation,
prediction and coordination, on-line trajectory planning, and
so on. Hence, the ball catching task might contribute in paving
the way toward the next generation of robots, which should
be provided with the above mentioned skills.

The task of catching a thrown ball can be generally split into
three subproblems: 1) ball detection; 2) trajectory estimation;
and 3) robot motion control. Several works are present in
the literature covering each of the aforementioned subprob-
lems. Usually, high-speed stereo vision system is required to
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solve the first subproblem. Through the approach proposed
in this paper, partially introduced in [1]-[3], it is shown both
from a theoretical and practical point of view that the problem
of catching a thrown ball can be solved using only one camera.
Moreover, in this way, the cost of the overall equipment can
be reduced. Even if recently many low cost stereo systems
are available off the shelf, the computational cost to elaborate
at high frame rate (e.g., about 140 Hz) is still demanding
in the ball catching task and this can be lowered using a
monocular system, saving computational resources. Moreover,
with respect to previous works, the estimate of the trajectory is
improved in this paper considering also bouncing and rolling
balls within the same framework.

Each year an intensive progress in ball tracking and catching
tasks is achieved by the RoboCup competition; many table
tennis robots are challenging humans with great outcomes;
plenty of videos can be found on the net showing differ-
ent robotic ball catching techniques. Even mobile humanoid
robots, with a stereo-camera system, have been used in such
a task [4], [5]. Nevertheless, authors do believe that the first
case of a robotic ball catcher employing only a single moving
camera and coping with rolling, bouncing, and flying balls
in the same framework, i.e., without changing either the
estimator or the control law, is presented in this paper. In more
detail, a standard industrial robot manipulator is equipped
with a charge-coupled device camera mounted directly on
the manipulator end effector (eye-in-hand configuration).
Different from [1]-[3], the ball is recognized through a circle
detection algorithm based on the method developed in [6].
One of the novelties of this paper is the improvement of
the approach proposed in [6] along the lines of the work
introduced in [7], so as to provide a subpixel accuracy to have
a measure of the ball centroid that ameliorates the trajectory
estimation process. Therefore, the proposed estimator is com-
posed of a continuous refinement of the ball interception point
through a nonlinear algorithm, whose initial starting condition
is provided by a fast linear estimation process. The initial
camera motion is thus commanded along a suitable baseline
so as to collect a sufficient initial number of visual data from
different points of view and provide such initial estimate. As
another novelty, the proposed ball trajectory estimator extends
what is already presented in [1] and [3] since now the process
is able to cope with rolling and bouncing balls too. A statistical
reliability test of the measures has been also introduced to
discard possible outliers in the measurements set. Last, but
not least, the employed control law is more detailed than
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in [1] and [3], as well as in the policy employed for the
intersection point selection. Related stability proofs are now
provided. Experimental results demonstrate the effectiveness
of the presented solution. The performance of the proposed
trajectory estimator is shown through a comparison with the
ground truth provided by a motion-capture system.

The outline of this paper is as follows. The related work
is presented in the next section. A general overview of the
proposed algorithm is given in Section III. The algorithms for
the ball detection and tracking are analyzed in Section IV.
The ball trajectory estimator and interception policies are
described in Section V. Section VI is devoted to describing the
replanning of the robot path. The partitioned visual servoing
is revised in Section VII. The employed setup is introduced
in Section VIII and the experiments are critically discussed.
Section IX provides the concluding remarks.

II. RELATED WORK

A brief literature review is now presented. It is clear from
the following that very few papers address the monocular
case in ball detection and trajectory estimation operations.
Moreover, in this paper, the camera is also moving during
the tracking/estimation since it is mounted in an eye-in-hand
configuration. Modifying and/or employing some methods
already presented in the literature concerning ball detection,
trajectory estimation, and visual servoing, the authors have
achieved the goal of catching a flying/bouncing/rolling ball
through a single moving camera system within the same
framework.

A. Ball Detection

Working in unstructured (or at least partially structured)
environments requires recognizing some objects and key fea-
tures in the scene [8]. Detecting a ball or, in general, a thrown
object is thus crucial in robotic catching applications.

A first distinction can be made on the basis of the number
of the employed cameras in the visual system. On the one
hand, a stereo visual system benefits using the triangulation
method to reconstruct the 3-D position of the ball in the
scene [6], [9]-[11], but requires a more accurate calibration
procedure and sophisticate elaboration hardware. On the other
hand, a monocular visual system has an easier calibration pro-
cedure, but more effort has to be put in the 3-D reconstruction
of the scene [12]-[16]. Besides this, in a monocular visual
system, a classification about the position of the camera with
respect to the robot can be taken into account. An eye-to-
hand configuration is considered in [13], while the camera is
mounted in an eye-in-hand configuration in [1] and [2].

Another distinction can be made about the employed tech-
niques to detect the thrown object. Using a threshold method,
the difference between the actual image and some reference
images is employed in [17]. An equalized color-based cluster-
ing in the hue—saturation—lightness color space is considered
in [1] and [2], while a circular gradient method to detect the
ball in the images is utilized in [6].

Other objects rather than balls can be thrown and
detected in the image. For example, [18] can be taken

IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY

as a starting point to investigate further aspects and
details.

B. Trajectory Estimation

The problem about motion estimation has been addressed in
several ways. This section considers the estimation performed
using a visual system in the particular context of the ball
catching. Hence, to predict the correct catching point where the
robot should intercept the thrown object, the motion trajectory
of this last has to be estimated.

A 2-D task is defined, as in [19], on the image plane of each
available camera. The robotic arm may catch the ball if such
2-D tasks are achieved simultaneously. The 3-D position of
the ball can be instead estimated by resorting to an extended
Kalman filter based on a Newtonian system that also considers
the effect of the air drag [17]. Six nonlinear regression methods
are compared in [20] to estimate translational and rotational
velocities of free-flying objects.

By starting from a set of images taken from a monocular
system, the estimate of the motion trajectory of a thrown
object can be performed using a least squares method [16]
(without modeling the air resistance). A least squares solution
is considered in [2], [13], and [21] too.

Many estimators are based on the so-called Chapman’s
strategy—the fielder should run at a proper speed to maintain
a constant increasing rate of the tangent of the ball’s elevation
angle [22]—for the ball catching [14], [15], [23].

When the ball hits the ground, or other objects, the estimate
becomes more complicated due to the rebound effects. As an
example, this condition always appears during table tennis
games. To consider not only the energy loss of the ball after the
collision with the ground but also the air resistance, the visual
measurement errors, and the friction between the ball and
the ground, a first-order polynomial describing the bouncing
model is employed in [24]. Another model relating flying
and self-rotational velocities just before and after the rebound
is considered in [25]. The lift and drag aerodynamic effects
of the rebound are examined in [26], while the bouncing
phenomenon between a ping-pong ball and both the rigid
table and the racket rubber are exploited in [27] and [28].
A 3-D model for rigid body impact with tangential compli-
ance, represented through springs, is presented in [29].

Finally, other estimators either make use of proper neural
networks [30] or follow a programming-by-demonstration
approach to find a feasible catching configuration in a proba-
bilistic manner [31].

C. Robot Motion Control

On the basis of the configuration of the visual system, the
robot controller has to consider either the ball tracking, or the
ball interception or both the tasks.

The most common visual servoing approaches are the
position-based and image-based methods [32]. A combination
of these lasts is used in [12] to catch a ball moving on a
table, and in [13] to solve the complete 3-D task. A dynamic
version of the aforementioned approaches is proposed
in [33]. Decoupling translational and angular components
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Image processing
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| Linear trajecto Non-linear
estimajlion vy F —» trajectory estimation
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4

Online trajectory
planning
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Partitioned

Fig. 1. Block diagram of the proposed monocular robotic ball catching
system. The Linear Trajectory Estimation block (dashed lines) is executed
just once during the robot starting motion.

in a visual servoing task is employed in partitioned visual
approaches [34]-[36].

The importance in regulating the impedance of the hand or
the arm during a ball catching action is highlighted in [37]: a
human could miss the ball when the arm is both stiff beyond
necessity and too compliant.

A nonprehensile way to manipulate the thrown ball is
considered in [21]. After the dynamic catch, a balancing
controller is considered to keep the ball on a plate mounted
on the robot end effector.

III. ALGORITHM OVERVIEW

The overview of the proposed method for catching a thrown
ball in the 3-D space with a monocular visual system is shown
in the block diagram of Fig. 1. Once the ball is detected
by the visual system, the camera mounted in an eye-in-hand
configuration is forced to follow a suitable baseline in the
3-D space. A partitioned visual servoing control is employed
to both keep the ball in the field of view of the camera
(through the camera orientation) and follow the planned path
(camera position). The starting baseline is performed to ensure
a well-conditioned estimation problem and collect/process
visual information so as to get a first prediction of the ball
trajectory with a rough linear estimate. This prediction is
employed as a starting point for a more precise nonlinear
refinement process of the trajectory that also considers the
case of rolling and bouncing balls. When a new estimate of
the robot interception pose is available, the on-line motion
planner smoothly switches its target to the new one, always
keeping the ball in the camera field of view. Hence, the
visual measurements are continuously acquired and processed
by the nonlinear optimization algorithm. Finally, when the
continuous refinement does no longer improve the prediction
of the trajectory significantly, the final catching pose of the
robot can be computed. To accommodate the ball into the
robotic gripper, the robot kinematics is considered.

IV. VISUAL BALL DETECTION AND TRACKING

The presence of a ball in the camera’s field of view is
evaluated with an algorithm derived from the circular-shape
detection proposed in [6] and [38]. The main advantages with

e

Fig. 2. Example of the contrast-normalized Sobel filter matrix.

respect to the classical Hough transform are the absence of
decision thresholds or parameters calibration, and the high
robustness with respect to changes in lighting conditions.

Let I(Xy, Y;) denote the light intensity (m x n) matrix
provided by the camera, where X; and Y; represent the pixel
coordinates of the image sensor. The circular response function
C,(Xy,Yr) € [0, 1] considered in this paper represents the
degree of affinity between the circular region with radius r
of the image at the point (X;, Y;) with respect to a radial
intensity gradient (i.e., it represents the average fraction of
the radial intensity gradient on the circle). In details, this
affinity is established with respect to the gradient of the image
intensity at the border of the considered circular region with
the following:

1 2 Ca X +rey 2
C (X1, Y1) = E/o ([sa]C([Yl +rsa])) do (1)

where ¢, = cos(a) and s, = sin(a). The matrix C represents
the contrast-normalized Sobel filter,! which is defined as
follows [6]:

1 0 1 (1 —2 —1 T
2 =2 0 2|«xI| 0 0 Of=xrI
-1 0 1 1 2 1
C = =
1 2 1 1 2 1 2
1612 4 2|«xI2—|]|2 4 2|xI]|+¢2
1 2 1 1 2 1
2
where € = 1 is the discretization unit of pixel intensity

preventing singularities in constant image areas and the oper-
ator * represents the linear convolution. Equation (1) is thus
the integral of the squared scalar product of the contrast-
normalized Sobel filter with the radial direction. For more
details, see [6], [38]. Moreover, notice how the matrix C has
two different channels, namely, C = [Cx C v 17, with the
same size of I. Fig. 2 shows the contrast-normalized Sobel
filter matrix of a ball in an image. Notice the radial distribution
of C close to the border of the ball.

IDifferent from the classical Sobel operator, the vector length in the
contrast-normalized Sobel filter indicates the gradient purity rather than the
gradient intensity.
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Fig. 3. Flowchart of the ball detection visual process.

Fig. 4. Representation of the affinity matrix of an image corresponding to
the maximum circular correspondence.

Let A, be the affinity matrix for a given radius r, which is
defined as follows:

A - Cr(Xr, Y1) (Xp,Yr) € B
" 0 otherwise

3)

where B, = [r,...,m—r—1] x [r,...,n—r—1]. The pixels
of the image that are the possible candidates at the center of a
circle are evaluated by applying a threshold omin to the set of
affinity matrices in the range of radius of interest r =~ < r < r™,
with 0 < = < r* < (min(m,n) — 3)/2. In Fig. 3, the
flowchart of the ball detection process is represented, while
a graphical representation of the affinity matrix of an image
corresponding to the maximum circular correspondence is
shown in Fig. 4.

A. Affinity Matrix Evaluation

The evaluation of the affinity matrix A4, strongly affects the
overall performance of the ball detection algorithm. Hence,
more details on the adopted approach are provided in this
section.

Note that discretizing C,(Xy, Yy), with (X;,Y;) € E,,
is equivalent to the arithmetic mean of the values of C in
correspondence with the points of any circular region

IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY

- w‘ C,(X,Y)
- (XLY))
<= . s -
[ 1)
l v
K
T 17 '
VTTTT
~ 17
= 4, | A(XY) = (z+..+2,)/16
«f ™~
Sy

R

Fig. 5.
case r = 3.

Representation of the evaluation of the affinity matrix in the

Y, (Xy,Yr) of radius r and centered at (Xy,Y;). Let
6r (X1, Y1) denote the square region of C with 2r+1 elements
for each side and centered at (X7, Y;). Then the contribution
of the element at point P € ¥, (Xy, Y;) is (Er(XI, Y)re)?,
where rp is the radial unit vector pointing from (X;, Y;) to P.
Note that the number of unit vectors employed does not
depend on the points where A, is evaluated. By considering
the square dual-channel matrix K of dimension 2r + 1 defined
as follows:
/ /
K (X;,7]) = [’(X;,Y;) (X5 Y1) € ¥ (X1, Y1)
0 otherwise

“)

the affinity matrix A, can be evaluated with a linear convolu-
tion of the matrix C with K. Fig. 5 shows the evaluation of A3
using the kernel K3. On the other hand, the evaluation of the
points on a circumference of radius r is required to evaluate
the kernel K. To this purpose, the algorithm proposed in [39]
is employed with the advantage of considering only integer
values and reflection properties.

B. Parallelization

The number of operations required for the evaluation of
the affinity matrices rapidly grows with the dimension of
the image [e.g., the evaluation of the affinity matrix for an
image of (512 x 368) pixels requires about 10° operations].
To reduce the computational time, several arrangements should
be introduced. The kernels required for the evaluation of
the affinity matrices are precomputed during the initialization
phase of the algorithm. Moreover, the sparse nature of these
matrices requires a specific sparse matrix representation.

The evaluation of C is performed by parallelizing the
computation of its two channels. Moreover, each channel can
be processed by parallelizing the horizontal and the vertical
components of the gradient of I via the Sobel operator. Finally,
also the denominator of (2) is evaluated in parallel with respect
to the previous contributes, where the nonconstant terms are
evaluated by a linear convolution.

By employing specific single instruction multiple data oper-
ations, the evaluation of the affinity matrix is parallelized by
rows. Thanks to the symmetry of the employed kernels, it is
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possible to assume, without loss of generality, that the nonzero
elements are 4p, with p as any integer number. Hence, for
r=r",...,r" and (X;,Y|) € E,, it is possible to obtain
4p—1
2
i > (i, wi, + gy wr,)
k=0

Ar(X1, Y1) = ®)

where uy = [ug, uky]T is an element of C and wy = [wg, wk),]T
is an element of K,, respectively. By denoting with g =

u,fwk, withk =0, ...,4p—1, (5) can be rewritten as follows:
12
Ar(XI,YI)ZE;;zz' (6)

where z; = qi. + qi. gt qfi ot qfi 43~ The latter term can
be evaluated as a scalar product that can be computed using
an intrinsic function available on modern processors.

C. Pyramidal Approach and Windowing

The localization of a shape into an image with algorithms
of template-matching requires a high number of calculations
because, in general, it is necessary to explore the entire image
and repeat the search several times for different size of the
shape. Moreover, with the extension of the shape, the number
of calculations rapidly increases. To reduce the processing
time, a pyramidal approach can be employed. The technique
consists in generating a copy in half resolution of the image
by selecting the rows and columns of odd place. Iterating
this process creates a number of images reproducing the same
scene but with a lower level of detail. The loss of resolution
can be recovered using the results achieved on a low-resolution
image to recognize the region of interest, where we perform
the search within the original image.

Once a thrown ball has been detected for the first time,
a windowing technique is employed. In details, a suitable
region of interest for the searching algorithm can be set
up on the basis of the position, radius, and velocity of the
ball measured in the previous sequence of images. With this
approach, a square searching region is positioned on the
current image on the basis of the previous ball position and
velocity, while its size depends on the previous radius and a
suitable safety factor. In addition, the radius range of search
is windowed starting from the previous estimate and ball
direction.

D. Subpixel Refinement

The results achieved with the previous ball detection algo-
rithm can be improved, thanks to the use of a post-elaboration
process resulting in a subpixel accuracy. For each image, it
is possible to observe that the intensity of the pixels, lying
on an outgoing radial direction from the estimated ball center
(see the previous sections), presents a distribution of values
with an inflection point (Fig. 6). A linear searching algorithm
can be employed to find the exact position py, = [x, vo, 17,
i =0,...,ng, of the ball contour along a finite number ny of
radial directions spanning the whole circumference.

Once a number of ball contour measurements are avail-
able, a new circle with center (x., y.) and radius r., all

100

80

60

1(X,0)

40

20

0 10 20 30 40
X [px]

Fig. 6. Light intensity (on the bottom) along a radial direction from the
estimated center of a ball (on the top).

with subpixel accuracies, is evaluated. In detail, the equa—
tion of a circle in a plane is represented by xa + ye +
S1(xe)xeg + S (ve)ye + &(xe, ye, re) = 0. StaCkmg all the
data, with i = 0,...,ny4, a least squares approach can
be then employed to estimate &, &, and & from which,
in turn, the unknowns can be estimated as x, = —0.5&,
ye = —0.5&, re = (0.25 % (512 + 4‘22) — &)1/2. Measurements
that are statistically incoherent are discarded, and the estima-
tion process is repeated until all measurements are reliable.
In particular, the distance dp, from each point py, and the above
estimated circle with center (x, y.) and radius 7, is evaluated
and saved in an array. The mean and standard deviation of
such an array are then calculated. The points whose distance
dg, outperforms the standard deviation by a certain factor are
discarded and the above described least squares approach is
performed again with the surviving points until no elements
are rejected.

Several examples of the achieved results are shown in Fig. 7.
Moreover, it has been verified during the experimental tests
that the proposed algorithm reduces the effect of the blur
around the contour of the ball, caused by the high-velocity
motion of the ball in the image, and improves the accuracy
of the estimation process (Sections V and VIII-B). Note that
other methods might be employed for subpixel accuracy for
moving cameras [7].

V. BALL TRAJECTORY ESTIMATION

Let X, X, and X, = O, — x.y.Z. be the robot base frame,
fixed with respect to the ground, the end-effector frame, and
the camera frame, respectively (Fig. 8). Since X, and Z. are
fixed with respect to each other, only X. is considered in the
remainder of this paper. The camera optical axis is then aligned
with the approaching axis of Z,.

Lets = [X Y] be the normalized image coordinates vector
of the centroid of the ball, i.e., the center of the circle detected
in Section IV. By denoting with § = [s” 1]7, the position of
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the corresponding camera trajectory is represented in blue.

the ball center with respect to X, is

X v =% (D

A. Initial Baseline and Linear Initialization

A classic static triangulation method cannot be adopted in
the proposed scenario because of the single employed camera.
Hence, the proposed process estimates the 3-D trajectory of
the ball interpolating 2-D visual measurements along the time.

As soon as the ball is detected for the first time, the camera
is commanded to move along a straight line, i.e., the initial
baseline, in the 3-D Cartesian space with high velocity. To gain
better results, such initial movement should be orthogonal to
the direction of the throw. The orientation of the camera is
controlled to keep the ball in its field of view (Section VII).
The visual data collection along this path leads to a well-
conditioned problem. Once the first dataset has been acquired,
it is possible to start the procedure for the linear initialization.
The last one is explained in [2], hence only a brief description
is here addressed.

Let #; be the kth visual sample time, §; the corresponding
measured image feature vector, and p = [x y z]7 the points
belonging to the camera optical ray and passing through the
current origin of the camera Cy = [cy Cyx cz,k]T. The
feature vector ry = [rxk Ty rz,k]T = Cr + RS can be

IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY

defined by the following representing a straight line in the
3-D space (Fig. 8):

(ryk — Cy )X + (Cxk — Tx k)Y + FxkCyk — Ty kCx ke =0
(e — cop)x + (cxk — e k)2 + rexCok — o xCok =0

®)

where R, is the rotation matrix of X, with respect to X,
at time #. Both Cy and R, ; are provided by the robot direct
kinematics.

A simplified model of the ball trajectory is considered
during this initialization phase, i.e., the effect of the air drag
to the motion of the ball is neglected

p,(t) =po + vor +0.5g1> 9)

with p, the (3 x 1) position vector of the ball with respect
to Xp, g the gravity acceleration, p, and vo the (3 x 1)
the vectors of the initial position and velocity of the ball
(t = 0), respectively, and is corresponding to the time of the
first ball detection. Note that without loss of generality, the
gravity acceleration is aligned to the axis y of the chosen Xy,
ie,g=1[0g0]" with g =9.81 m/s>.

At each fg, the optical ray intersects the ball trajectory.
Folding (9) into (8) yields a system of two equations into six
unknowns, p and vy, that fully describes the trajectory of the
ball. Stacking the n; measurements into rows yields a system
of n; equations into six unknowns that can be solved through
a least squares solution. Additional considerations about this
stage are given in [1] and [2].

The first interception point candidate is then computed. This
allows the robot to reach the predicted interception position,
whose computational details are provided in Section V-E at
the estimated catching time. The robot path is replanned as
described in Section VI. The rotational part of the camera,
instead, is kept free to track the ball to acquire more visual
measurements during the movement. The estimate provided
by this linear algorithm is employed as a starting point for
the next stage.

B. Nonlinear Estimation and Continuous Refinement

Meanwhile, the previous linear estimation process gives the
result, new visual measurements are collected. Afterward, both
these new visual measurements and the old ones are employed
in a nonlinear estimation process that starts initially from the
result obtained by the linear method.

In details, let s; be the centroid of the ball acquired at a
time f, then the cost function to minimize is

1 [x¢
— |k | — sy
z5 [yi]

with n; the current number of available visual measurements
at the current estimation time # and pj the (3 x 1) estimated
position vector of the ball with respect to Z., which is defined
as follows:

pi=[5% 35 %" =R, (5 —Cx). (11)

The estimated position of the ball ﬁk(Po,i_l,vo,i—le) is
numerically obtained by integrating the following ballistic

n;
min
,Vo
Po =1

(10)
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model [17]:

condipa | . .
% I Bo() 1Py (2)
mp

with ¢,, a coefficient depending on the thrown object, dj the
diameter of the ball, p, the density of the air, and m; the mass
of the ball. Hence, the model in (12) includes the air drag, and
its numeric integration is sequentially performed in the time
intervals [fx_1, tx], where k = 1,...,n;, to = 0, with initial
conditions py ;_ and v ;1.

By knowing the altitude of the floor with respect to Xy,
it is possible to detect whether the ball hits the ground during
the above-mentioned numerical integration. Without loss of
generality, let p , = [0 y 017 be a point of the floor surface,
which is horizontally placed with respect to X,, where y
represents the height of the ground. The adopted bouncing
model is the following [24]:

Po(t) =g — (12)

Vour = Kpvin + bp (13)

in which K, is a (3 x 3) diagonal matrix of coefficients
representing the loss of energy with respect to the (3 x 1) vector
of the ball velocity vj, before the rebound, voy is a (3 x 1)
vector of the ball velocity after the rebound, and b; is a
(3 x 1) vector of coefficients added to refine the model
considering, for instance, the effects of the air resistance,
vision measure error, and the spin caused by friction on the
ground. Hence, by defining e; = [0 1 0]7, at each integration
time, the condition e2T Pr > e2T p s is verified during the forward
integration of the model (12). When a rebound is detected, the
current velocity is changed in accordance with (13).

The purpose of minimizing (10) means that the initial
conditions of the ballistic model are tuned to generate an
estimated trajectory of the ball that minimizes the distance
between the predicted projection of the ball onto the image
plane and the corresponding measured observations of the ball
along the time.

In practice, the minimization of the cost function (10)
is performed using the Levembert-Marquardt algorithm. The
result at the estimation time #; is the updated values
of py; and vg ;. As long as the current estimate of the catching
time is sufficiently far from the actual time instant, if new
measurements have been acquired, then the estimation process
restarts using the current estimation as a starting solution,
otherwise py; and vo; become the final estimated results
Ppo and vg. Hence, such refinement process stops when the
current estimate catching time is approaching with respect to
the grasping time required by the available gripper. As soon
as the new interception point is available, the robot path is
replanned, as described in Section VI.

C. Statistical Reliability Test

Different from [1], a statistical procedure to deal with the
presence of image noise is also proposed. During its motion,
the ball can be subject to different illumination/shadow condi-
tions that could generate different levels of noise in the mea-
surements dataset. In details, once the minimization process
ends at ¢;, the mean error, the standard deviation, and the con-
tribution of each visual measurement s; to the error residual

@atawt of visual mcasurmcnts@
v

: v

Compute intersections
between the optical
rays and the ground

| 7

Current esitmate:
P, and v,

Create dataset for mimization
excluding the outliers

The
intersections
belong to the portion

0,i-1

L of the ground upon
Model forward Non linear optimization which the ball can,
integration of cost function (10) feasibly
;] L roll
Yes
Update current esitmate - - .
p,andv,, F.ll the intersection
¢ points with a parabola

Update the outliers list

for the next estimation Backproject onto
process at time 7, the image plane
Residual computation Residual computation
& e,

No Yes

Y Y

Ball is flying Ball is rolling

Fig. 9. Schematic of the implemented estimator, frozen at time #;, to decide
whether the ball is rolling or not.

are evaluated. The visual measurements that contribute to the
error residual outperforming the standard deviation by a certain
factor are temporarily excluded for the next estimation process
at time t;41 (update outliers list, Fig. 9). In particular, new
measurements should be available at the time in which such
nonlinear estimation process computes the updated values of
Do,i and v, i.e., the interception time/point. This new dataset
(without the measurements that have been classified as outliers
at the previous estimation time) is employed during the current
nonlinear refinement. Again, once the minimization process
ends, all the visual measurements (even the outliers) that
contribute to the error residual in a way that is not statistically
coherent are excluded for the next optimization. Note that in
this way, it should be possible to recover also measures that
have previously considered as outliers due to a rough initial
estimation.

This arrangement is hence able to significantly improve
the accuracy of the estimation process when noisy visual
measurements are available without losing significant mea-
surements. Some figures regarding such improvement are
given in Section VIIIL.

D. Rolling Balls

In parallel to the nonlinear estimation refinement process, a
condition is continuously tested to detect whether the balling is
rolling or not on the ground. A schematic is provided in Fig. 9.

As previously introduced, for each acquired visual measure-
ment §g, it is possible to associate the equations of the related
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optical ray (8). By knowing the position and orientation of
the floor with respect to X, it is possible to compute the
(3 x 1) intersection point p;, ; between the straight line (8)
and the ground. Afterward, it is possible to fit the available
points pin ¢, wWith k = 1,..., n;, through a polynomial curve
on the ground plane. Note that this operation is performed
only if each point p;, ; belongs to the portion of the ground
upon which the ball can feasibly roll. If the ball is flying, the
observation angle of the optical ray will produce interception
points with the floor that are not located in such portion of
the ground.

Without loss of generality, to consider both the ball spin
and the effects of the friction on the floor, a parabolic path
has been chosen as fitting curve. Hence, the three coefficients
of the parabola that best fits all the ground points can be
retrieved through a least squares solution. Once the parabola
has been defined, the points p, ; closest to the curve at
point p;,. , are computed. Note that in case of perfect fitting
Peurk = Pintk» With k = 1,...,n;. By knowing Cy and Rk,
each point p, ; is then back projected onto the image plane
obtaining the feature vector Scyr k. The norm of the residual
error between the visual measurements and these ones derived
by the estimated model is employed as a quality measure.
If the residual error achieved with this last method is less than
the residual of (10), the ball is considered as rolling on the
floor.

In case of rolling, the catching candidate point p, is
computed as the intersection between the ground parabolic
path and a predetermined goal line in the robot workspace. The
camera’s orientation is kept parallel to the ground, the gripper
is positioned at a safety distance from the floor, and its fingers
are held open so as to lightly touch the floor. The final catching
time 7y is determined by the timing of the measurement on
the parabolic path, since at each point p; x, it is associated to
a time f;. On the basis of the above considerations, the robot
path is replanned, as described in Section VI.

E. Catching Point Selection

In case the estimation process does not detect a rolling ball,
for which it has been already described how the interception
pose is selected, the current catching point candidate p, is
evaluated with respect to the actual configuration along the
current estimated trajectory of the ball, as deeply explained in
the following. The catching time 7, and the ball velocity v at
P can be evaluated from both the actual predicted trajectory
and the robot kinematic model.

In detail, the current estimated path 7 belonging to the
working space of the robot arm is partitioned in several
candidate catching points P; € 7 by a fixed step. For each P;,
the inverse kinematics of the robot is calculated to compute
the joint position of the robot arm. The inverse kinematics
is computed through a closed-loop algorithm (CLIK) [32].2

2Note that the inverse kinematics can be evaluated iteratively between two
consecutive candidate catching points, using the joint configuration of the
previous catching point to initialize the algorithm for the new Cartesian
configuration. In this way, being consecutive candidates close to each other,
few iterations are required to converge to the solution of the joint configuration
corresponding to the current candidate.

IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY

A set of quality indices can be considered for the selection
of the best catching point. In this paper, joint limits and a
manipulability measure are suitably coupled through a convex
linear combination (see [32] for more details about the adopted
quality indices). The candidate catching point maximizing the
above defined convex linear combination of quality indices is
chosen as the current catching point p .

Therefore, the robot path is replanned to lead the gripper
from the current state of the robot to the point p, at the
time ¢ with the same velocity of the ball v (the details are
shown in the next section). Note that the planned trajectory
could be not achievable with respect to the robot capabilities.
If the velocity vy and the maximum required acceleration
for the end-effector, i.e., the camera, are greater than a
fixed limit chosen in a conservative way accordingly with
robot capabilities, then the catching time is suitably scaled.
Concerning the acceleration, denoting with amax the norm of
the maximum acceleration that the end effector can reach and
withI.—J.c’d the maximum planned acceleration, if ||1%c’ a1l > amax,
then the catching time is scaled as iy = tX(||1._J.C,d||/amaX)1/2.
On the other hand, in the case of ||[vx| > Omax, Where vmax
is the chosen limit for the linear Cartesian velocity of the
robot, a reduced velocity is considered for the interception
time ¥y = omax (Vx /l|lv x||), while the catching time is scaled
similarly to the acceleration case.

The catching path is then generated when the estimation
process stops. The camera’s orientation is controlled to have
a direction of the optical axis, i.e., of the gripper, equal to
the tangent to the estimated trajectory of the ball at p,.. Once
the catching point is reached at ¢« with the same (or reduced)
velocity of the ball, the gripper is closed and moved along
the predicted path of the ball, while its velocity is decreased
to zero in a fixed time/space. In this way, it is possible to
dissipate the impact energy in a finite time interval.

VI. ON-LINE PATH REPLANNING

When a new hth estimation is available at time f;, the
current robot path has to be modified in a smooth way to
reach the new estimated catching point. This means that such
a new path must guarantee the continuity with the current
motion state (position, velocity, and acceleration). A fifth-order
polynomial has been employed in [1] and [2]. To lower the
polynomial order, reducing the oscillations of the planned path
as much as possible, a classic cubic spline [32] employing only
third-order polynomials is instead used in this paper.

Hence, the following definition can be given for the desired
trajectory of the robot:

th(t) h<t=< tl)l
pc,d(t) = Hh(t) = th(t) tl)l E t S t1)2 (14)
Iy, (1) 1y, <t <ty

where p,. ,4(¢) is a (3 x 1) vector denoting the desired trajectory
for X. with respect to X, ty = tx (or ty = fx, in case of
time scaling), and ¢, and f,, are two time instants referred to
two generic virtual points in ITj, (¢).

The following equations in 12 unknowns—the four coeffi-
cients for each of the three cubic polynomials in (14)—can
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be imposed:
Wy, (1) = Tp—1(n)s - Ty (00) = Tlm1 () (152)
Ty, () = M1 (th) (15b)
My (tp) = py, as(ty) = vy (15¢)
T (t7) = 0 (15d)
th(tvl) = th(tl)l)a ﬁhl (tul) = 1L[hz(l‘vl) (15¢)
M, (o)) = Ty (1)), Ty () = My (10,)  (151)
r[h2 () = 1Llh3 (t,), ﬁhz (tn,) = Hh% (tv,) (15g)

where 0 is the (3 x 1) null vector, while vy = wvx
(or vy if ||Jux| > vmax). Note that the effective location of
the virtual points is irrelevant, since their position constraints
are exploited for continuity only, and depends on the choice
of #,1 and f,7 [a possible solution is f,1 = (tf — t4)/3
and f,o = 2(ty — t)/3]. Finally, note that (15a) and (15b)
are the equations relative to the initial conditions,
(15¢) and (15d) are the equations relative to the final
conditions, and (15e) and (15g) are the equations relative to
the two virtual points. Moreover, note that for 4 = 1, the con-
tinuity is intended to be with respect to the planned baseline
(Section V-A).

VII. PARTITIONED VISUAL SERVOING CONTROL LAW

The partitioned visual servoing control law described in this
paper belongs to the category named resolved-velocity image-
based visual servoing [32], for which it is assumed that the
manipulator dynamics is considered directly by the low-level
robot controller. Such a control law has already employed
in [1] and [3] and has been introduced in [34]-[36]. Only
the key features will be thus here reported: the reader may
refer to the original papers for more details.

The (6 x 1) absolute velocity vector of the camera
vl = pgT wﬁT]T, the (6 x 1) absolute velocity vector of the
thrown ball v¢ = [pST @ST]7, both expressed with respect
to X, and the (2 x 1) velocity vector of the image feature §
in the image plane are related by the following [32]:

§ =stg +Lsr(—P5)Ug (16)

in which Ly = [Lgp(s,p5) Lso(s)] is the (2 x 6) interaction
matrix of a point image feature defined as follows:

1

Xy -—-1-X% vy

(7)

|
o
R R Y S

1+Y%2 —XYy -X

where Lgp and Ly, are the (2 x 3) submatrices corresponding
to the first and last three columns of (17), respectively, and
—I;

I'(-) is the (6 x 6) matrix
rey= [ 0 i(lj

where I, denotes the (n x n) identity matrix and S(-) the
skew-symmetric matrix. Equation (16) can be rewritten as

§ = L (p¢ — py + S(— p5) @) + Lo (0f — @5).  (19)

By exploiting the employed partitioned visual servoing
controller, the translational components p¢. of the robot motion

(18)

are devoted to move the robot to intercept the path of the ball
with the gripper mounted on the robot end effector [34].

Given the desired trajectories p, 4, p. 4, and p. 4 for the
camera frame, on the one hand, the translational components
of the velocity input for the camera frame X. can be generated
as follows:

Pe =R (pea +Kpep) (20)
with R, the rotational matrix of the camera frame X. with
respect to the base frame X, K, > 0 a diagonal constant
(3 x 3) gain matrix, and e, the (3 x 1) error vector between
the desired trajectory p. 4, and the one provided by the robot
direct kinematics at time ¢. On the other hand, the rotational
components of the velocity input for the camera frame X, can
be generated in the image space as follows:

Wl = LZO[Kso,ebz (€5)T ey, (€5)

— Loy (P —p5 +S(-p5)@5)] + @5 (21

with { denoting the pseudoinverse of a matrix, p;, the estimate
of the unknown position of the ball in X., and p¢ evaluated
in (20). Note that the matrix LSOLST0 is never singular since its
determinant is equal to 1/(X2+4Y2+1)3. The terms p¢ and @
are the estimates of the unknown absolute translational and
angular velocities of the ball with respect to .. Note that I:Sp
in (21) is an estimated term since it depends on p,. Moreover,
the error term e; = —s is the image error vector becoming null
when the camera is pointed toward the centroid of the ball,
while the term 7, (e;) is a threshold function defined as [3]

0, if |les]| < ep1

= 22
e €) (1 — )es, el > e
lles]
with K ¢, (€5) a (2 x 2) gain matrix defined as
kolz, if |les|| < ep
Koo, (€5) = ﬂo(llesll B 1) (23)
koe \ €b2 I, if les]l > en2

where k, > 0 is a gain factor, epp > ep; > 0 are proper
thresholds, and f, > 0 is a restraint factor tuning the
increasing rate of Kyo. The details about how to estimate p,
(and then also i,sp), ps, and é)g are given in the next section.

Finally, the input to the robot controller, i.e., the joint
velocity vector, can be computed as [32]

q¢=J"(@T +N,K,q, (24)

with ¢ the vector of joint positions, J(g) the Jacobian matrix
of the robot that is pseudoinverted, as denoted in [32], T the
(6 x 6) matrix relating v¢ to the velocity of the robot end
effector with respect to the base frame, V; the projector matrix
into the null space of the robot Jacobian, K, a diagonal positive
definite gain matrix, and ¢, a set of joint velocities employed
in a possible redundancy management to optimize some other
subtasks [40], e.g., joint limits and singularities avoidance,
increasing the manipulability.
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A. Estimation of the Ball-Camera Relative Motion

The necessary quantities to be estimated in (21) are the
linear position p{, linear velocity p¢, and angular velocity @,
of the center of the ball with respect to X.. Starting from the
current estimate of the position p and velocity vg of the ball,
the ballistic model (12) is numerically integrated in the time
interval [0, #;]. In this way, [72 can be obtained at a certain
time 7. With the same numerical integration, it is also possible
to obtain the estimate of the linear velocity pS. It is worth
noting that the first estimate of p, and vg is obtained after
n; measurements (Section V-A). Before n; measurements are
collected, to compute the above mentioned quantities, an initial
value of p, and vo should be anyhow provided. Hence, a
statistical calibration has been preliminary realized to retrieve
a rough initial estimation of p, and vo.

Finally, the angular velocity can be retrieved as

& = (5 < po) |p5| > =s@spslps| 2. @)

B. Stability Proofs

Before starting with the proofs, it is necessary to give
some bounds about the quantities given in Section VII-A.
In particular, considering what is written in Section VII-A
and (12), the following hold:

[p5] < B < oo (26)
Ip5] < B2 < o0 27)
where B; and B are two positive limited bounds

since pS and p; are numerically integrated, as described
in Section VII-A, and this means that they are a finite sum
of finite elements. Moreover, they can be also saturated by
programming code. For the angular part, considering (25) and
the property that the Eucledian norm of a skew-symmetric
matrix of a vector is equal to the norm of the vector itself, the
following bound can be considered:

@5 < Bs < o0 (28)

with B3 = Bj/B; a positive limited bound since By and B>
are positive and limited. Finally, the following physical bounds
can be considered:

pr) H < B4 < o0 (29a)
[pS] < Bs < o0 (29b)
||| < Bs < oo. (29¢)

For what concerns the stability proofs of the system, the
following theorems hold.

Theorem 1: Provided that K, is a positive definite matrix,
the control law (20) ensures an asymptotic convergence to zero
of the position error e,.

Proof: The time derivative of the position error can be
computed as
. d . .
€p = E(pc,d _pc(t)) =Pcd —Pc (30)
where p.(7) is the (3 x 1) vector denoting the current position
of the camera with respect to X, at time ¢, computed by
solving the direct kinematics of the robot, while p,. is the

IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY

related translational velocity of the camera with respect to Zp.
Premultiplying by R, both sides of (20) and folding the result
into the previous equation yields

ép+Kpep =0. 31)

Since Kp is a positive definite matrix, usually a diagonal
matrix, the previous system is asymptotically stable and the
error e, tends to zero along the trajectory with a convergence
rate depending on the eigenvalues of K. g

Theorem 2: The system (19), equivalent to (16), is asymp-
totically stable under the control laws (20) and (21), in
the presence of a perfect estimate of the unknown terms.
Otherwise, only stability can be ensured, where the bounds
can be determined by tuning the gain k,.

Proof: The following analysis is performed using the
direct Lyapunov theorem. Consider the following candi-
date Lyapunov function V(es) = esTKses, where K is a
(2 x 2) positive definite diagonal matrix. By noticing that
é; = —§, computing the time derivative of V(e;) and
considering (19)-(21) yield V = —aj — ar — a3, where

a1 = el K (Lyp — Lyp)pt (32a)
0 = esTKsKso,e;,z (es)rehl (es) (32b)
a3 = e! Ky (LT (— pS) v, — LT (— p5)95).  (32¢)

If each term in (32) is strictly positive, then V < O.
However, no term in (32) is a quadratic form, hence only
qualitative considerations can be achieved.

If isp = L, the term o) in (32a) vanishes, but there is
no guarantee that such condition can happen. Nevertheless,
the a; term is bounded since the condition for updating isp
through the estimate of p¢, seems to be the optimal one during
the experiments [41].

By considering (22) and (23), the term a7 in (32b) can be
bounded as follows:

lesll

i
0<ar <elKg|koe \€b2

)
I | e;. (33)

By choosing K; = k, e@o((nesn/ebg)— 1)1, the last
term in (33) is positive definite. Hence, ay is always positive
and limited.

The o3 term in (32c) vanishes in case of perfect estimate.
Otherwise, nothing can be said about the sign of a3. Denoting
with A the maximum eigenvalue of K; and with oy/(-) the
maximum singularA value of a matrix, recalling that

[Lsp Lsol, Ly = [Lg Leol, v5 = [p @5] and
= [ﬁg @], considering (29), the following expression
for a3 holds a3 = a3,1 + ---a3,6, where each term can be
bounded as follows:

Al

a3, = el K;Lp$, < Aoy (Lgp) Bslles | (34a)
a3 = el KLypS(@S)pS < 0w (Lsp) BoBalles||  (34b)
a33 = —el K,Lypp < Loy (Lp)Bi el (34c)
3.4 = €K, LpS(—p5)0S < Lou (Lsp) BaBolles || (34d)
a3;s = —el KsLyo®;, < Aoy (Lso) B3 les]| (34e)
a3,6 = €] KyLo»$ < Aoy (Lgo) B lles]. (34f)
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Fig. 10. Architecture of the ball catching system.

Hence, supposing that aj is positive definite, consider-
ing (33), the particular choice for K, and the expressions
in (34), the following bounds for V hold:

V < —el KKses + 2Blles|| < —A(Lllesl| — B)lles||  (35)

where B = oy (Lsp)(BS + BeB4) + op(Lso) (B3 + Bg) +
om(Lsp)(B1 + B2Bg). Hence, from (35), it is possible to
conclude that when |leg|| > B/A, then V < 0 and then the
system is asymptotically stable. When |les|| < B/A nothing
can be said about the sign. Hence, the term B/4 is the bound
for the error e;. To reduce the bound, A — oo, the gain k,
should be increased as much as possible with respect to the
employed controller sample time.

In conclusion, in case of a perfect estimate, the terms o1 and
o3 vanish, while a; is positive and limited. Then, the chosen
control laws lead to an asymptotically stable system. In case
of an imperfect compensation, instead, the error in the image
plane is anyway bounded. U

For a ball catching task, this stability condition can be
considered sufficient, because the visual control goal is mainly
in keeping the ball in the field of view of the camera.

VIII. EXPERIMENTS

The employed experimental setup is shown in Fig. 10.
An USB IDS uEYE UI-1220SE-C camera is mounted in eye-
in-hand configuration directly at the center of the base of
the gripper. This last is made up of two brushed dc motors,
with a metal gearbox and an integrated quadrature encoder.
Through a rack-and-pinion mechanism, the motion of these
motors allows the closure of the gripper fingers. The gripper
is in turn mounted on a Comau Smart-Six robot manipulator
standing on a sliding track. The Comau C4G control unit is
in charge of the compensation of the robot dynamics.

An external PC with Ubuntu OS and a patched RTAI real-
time kernel generates the references for the robot each 2ms.
A second PC with Windows OS is in charge of the visual
elaboration process and communicates with the first one
through an user datagram protocol (UDP) over a gigabit-
dedicated LAN. A high-priority multithread programming has
been employed to improve the stability of the elaboration

11

time and synchronize the visual measurements with the robot
motion.

To provide a ground truth for the proposed estimation
algorithm, an OptiTrack motion-capture system composed of
10 S250e cameras has been employed to track the ball during
its motion.

A. Technical Details

The portion of the camera image employed for the ball
detection is limited to (368 x 512) pixels. On the basis of
the available ball, the range of radius of interest for the first
detection is [10, 14] pixels, which corresponds to a distance
of the ball from the camera in the range of [5, 6] m. For other
balls, these parameters have to be retuned. The Rol window
is dynamically placed and sized with respect to the current
radius of the detected ball. At the first detection, its dimension
is set to (38 x 38) pixels. With this configuration parameter,
the acquisition frame rate is speeded up to 140 frames/s.

The available ball has a diameter of 8.5 cm and a weight of
about 32 g. Six soft reflecting markers are attached to the ball
to enable the OptiTrack system to observe it. These markers
do not affect the visual detection of the ball in the scene since
they do not alter the ball shape. The coefficients of the air drag
factor have been tuned to ¢, = 0.45 and p, = 1.293 kg/m>.

On the basis of the available robot, the gain matrix in (20)
has been set by experimental tuning to K, = 50013, while
the gains in (21) have been tuned to k, = 200, ep; = 10 and
epy = 100.

Using the OptiTrack system, it has been possible to measure
the rebound of the chosen ball on the ground. Hence, a
calibration procedure has been adopted to tune the parameters
K}, and by, in (13). In details, the motion-capture system has
provided the 3-D position of the six markers at a frequency
of 250 Hz. By knowing both the geometrical features of the
ball and the position of these markers, it has been possible
to reconstruct the real ballistic trajectory of the ball. A set of
20 trajectories containing rebounded points has been acquired.
The ball velocities before and after the rebound have been
computed with a filtered derivative of such trajectories. There-
after, the coefficients K; and b, have been retrieved through
a least squares solution. For example, the obtained values are
K, = diag[0.2 —0.785 0.55], while b;, has been approximated
to a null vector since its yalues are very small with respect to
K for the current se

The intrinsic redundancy of the chosen robotic platform
has been exploited in (24) to avoid joint limits, kinematic
singularities, and to reduce the movements of the sliding track
since its dynamics is considerably slower than those of the
other joints.

On the basis of the available setup, the initial baseline has
a planned length of 50 cm that should be performed by the
camera in 500 ms. The first estimate of the trajectory starts
when about n; = 45 samples have been collected, i.e., after
about 320 ms. Therefore, typically, the first catching trajectory
starts before the end of the baseline path.

Latency periods and delays between the robot control PC,
the C4G control unit, and the visual elaboration PC have

892

893

894

895

896

897

898

899

900

901

902

903

904

905

906

907

908

909

910

911

912

913

914

915

916

917

918

919

920

921

922

923

924

925

926

927

928

929

930

931

932

933

934

935

936

937

938

939

940

41

942

943

944

945

946

947

AQ:15


fabioruggiero
Highlight
Please, keep as acronym

fabioruggiero
Highlight
Please, keep as acronym

fabioruggiero
Highlight
User Data Protocol

fabioruggiero
Highlight
ten

fabioruggiero
Highlight
Please, keep as acronym

fabioruggiero
Highlight
NO.
Please change as follows:
"least squares solution. The obtained values are ...".

fabioruggiero
Sticky Note
setup


AQ:16

948

949

950

951

952

953

954

955

956

957

958

959

960

962

963

964

965

966

967

968

969

970

971

972

llell / v
(=)}

]

ol|13|||4|||5||'6

2
d [m]

Fig. 11. Ball distance estimation error normalized to the radius in
green (red) with (without) the subpixel refinement.

Fig. 12. Elaboration time of the ball detection and tracking process with
respect to the ball distance from the camera (hence, read the picture from
right to left). The whole elaboration time (in green) and the time required for
the subpixel refinement process (in red). The dashed line indicates the time
limit corresponding to the camera rate of 140 frames/s.

been estimated so as to synchronize at the best of the direct
kinematic measurements of the robot with the visual data.

B. Ball Detection and Tracking Results

To evaluate the performance of the proposed subpixel
refinement algorithm (Section IV-D), a (fixed) ball with a
diameter of 9 cm has been observed at 15 different distances
from the camera equally distributed by a step of 30 cm.
Since the camera calibration parameters are known, from the
observed radius of the ball in the image, it is possible to
estimate the distance of the ball from the camera. The error
between the real distance and the estimated one, normalized
with respect to the ball radius, is shown in Fig. 11. The errors
computed with the measurements taken through the subpixel
refinement are represented in green, while the not refined
measurements are represented in red. In all cases, the refined
measure significantly outperforms the integer estimations of
the ball position and radius.

With respect to a generic throw, the elaboration time
of the proposed detection and tracking process with respect
to the distance of the ball from the camera (which is related
to the ball radius) is shown in Fig. 12. The whole elaboration
time is represented in green, while the time required for the
subpixel refinement process is represented in red. The dashed
line indicates the time limit corresponding to the camera rate
of 140 frames/s. Since Fig. 12 shows the elaboration time with
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(@)

(b)

Fig. 13.  Overlay of the ball trajectory and robot motion in (a) flying and
(b) bouncing cases.

respect to the distance of the ball from the camera, the pictures
goes from right to left. Hence, it is worth noting how the first
elaboration time is bigger than others because the detection
process is applied to the whole image, while from the second
step, the elaboration time is significantly reduced, thanks to
the windowing and tracking strategy. At the end (extreme left
of Fig. 12), once the ball is near to the camera, the elaboration
time increases since the ball radius increases in the image and
more pixels have to be elaborated.

C. Ball Catching Results

Several experiments have been performed with a number
of pitchers and varying light conditions. The percentage of
caught ball evaluated over a set of 300 shots (100 shots for
each of the three trials: rolling, bouncing, and flying ball) is
about 95%, namely, of the caught balls in the rolling case have
been 98, as well as in the flying ball case; while 89 balls have
been grabbed in the bouncing case. Hence, the main problems
originate from the employed rebound model and the related
parameters. Concerning the statistical reliability test, the mean
percentage of discarded outliers in each throw is about 11.5%,
while the accuracy of the final catching point, on the basis of
the OptiTrack measurements, has been improved about 5%.
This corresponds to an improvement of the interception point
of about 2-3 cm in the available setup.

An example of a possible ball trajectory for a given throw
with the overlay of the motion of the robot is shown in Fig. 13.
Moreover, a multimedia attachment (available also online3)
shows the performance of the proposed algorithm.

The OptiTrack system has been employed to give a ground
truth about the estimate of the ballistic trajectory. Some
examples are shown in Fig. 14(a)—(c): the case of a bouncing
ball, the case of a normal throw, the case of a rolling ball,
respectively. In all these pictures, the green tube is the space
occupied by the ball during its motion toward the robot as
measured by the OptiTrack system. The blue line is the
final estimated trajectory of the centroid of the ball. It is
possible to observe that the blue line is always inside the

3 Available at http://www.youtube.com/watch?v=gT8Zn6L5PEk.
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Fig. 14. 3-D plots of three different throws. The blue line is the final estimated
trajectory of the ball centroid. The green cylinder is the space occupied by
the ball during the flight that has been measured by the OptiTrack system.
The red path is the motion of the camera/gripper. The light blue circle is the
space occupied by the gripper with all the fingers open. (a) Bouncing throw.
(b) Rolling throw. (c) Flying throw.

green tube: this gives a geometric quality measure about the
performance of the proposed estimation process. The red line
shows the path followed by the camera/gripper mounted on
the robot. It is then possible to recognize both the initial
baseline and the catching path in which the gripper follows
the predicted ball trajectory during the catch. In Fig. 14(c), the
blue circle denotes the space occupied by the opened gripper
that is placed at a safety distance from the ground.

Further to the geometrical path, another quality index to
measure the performance of the estimation process is a com-
parison along the time between the ground truth and the
final predicted trajectory. With reference to the throw shown
in Fig. 14(a), the time histories of both the ground truth
(i.e., the space traced by the ball) and the predicted trajectories
are shown in Fig. 15. Again, the time histories of the predicted
trajectory fit inside the ground truth.

The predicted interception points p, for the throw of
Fig. 14(a) at each estimation time t;, projected in both the
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Fig. 15. Time histories of the ground truth (in green) and the final predicted
trajectory (in blue) of the throw shown in Fig. 14(a).
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Fig. 16. Sequence of the interception points (cross points) projected onto the
(a) (x —y)-plane and (b) (z — y)-plane. The dashed lines represent the planned
path, starting from the current hand position (circle points) and ending at
the current estimated interception points. The continuous lines represent the
real path followed by the gripper, starting with the initial baseline (green)
and leading to the final catching point (biggest cross). The big orange circle
represents the final position of the ball measured by the OptiTrack system.
The big blue circle in the background is the estimated final position of the
gripper catching base. The color bar on the right identifies the refinements of
the interception points, while the related labels represent the number of visual
measurements employed by the estimation process of each refinement.

(x —y) and (z — y) planes of X, are represented with a cross
point in Fig. 16. The color bar identifies the ordered sequence
of such predicted interception points with reference to the
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number of employed measures, while the biggest brown cross
represents the final position p, in which the estimate has been
considered as stable. The dashed lines represent the planned
path for the hand (Section VI), starting from the current
motion state and leading to the current estimated interception
position, while the continuous line is the real path followed
by the gripper, which starts with the baseline (green piece of
the path). It is worth noticing that the first estimated point,
the green one, is given by the linear estimation process. The
big orange circle is the full representation of the ball in the
final position measured by the OptiTrack system and projected
in the above mentioned planes of X,. The big blue circle in
the background is instead the space occupied by the gripper
base in the final estimated position and projected in the above
mentioned planes of X,. The information provided by Fig. 16
is twofold. First, it is possible to recognize the tolerance
between the real position of the ball and the space occupied
by the gripper at the interception point; then, another way to
measure the quality of the estimate is the evaluation of how
far the final estimated p, is from the center of the measured
position of the ball.

IX. CONCLUSION

A new technique to catch a thrown ball with a robotic sys-
tem endowed of only a single camera mounted in eye-in-hand
configuration has been provided. The proposed novelties are:
a subpixel refinement for the circle detector visual algorithm;
a statistical reliability test to reduce image noise and possible
outliers; and dealing with flying, bouncing and rolling balls
in the same framework changing neither the estimator nor the
control law. The effectiveness of the proposed approach has
been demonstrated in both theory and experimental results on a
common industrial robotic setup. An experimental comparison
of the achieved results with the measurements given by an
OptiTrack motion-capture system has been provided.
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Robotic Ball Catching With an Eye-in-Hand
Single-Camera System
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Abstract—1In this paper, a unified control framework is
proposed to realize a robotic ball catching task with only a
moving single-camera (eye-in-hand) system able to catch flying,
rolling, and bouncing balls in the same formalism. The thrown
ball is visually tracked through a circle detection algorithm.
Once the ball is recognized, the camera is forced to follow
a baseline in the space so as to acquire an initial dataset of
visual measurements. A first estimate of the catching point is
initially provided through a linear algorithm. Then, additional
visual measurements are acquired to constantly refine the current
estimate by exploiting a nonlinear optimization algorithm and
a more accurate ballistic model. A classic partitioned visual
servoing approach is employed to control the translational and
rotational components of the camera differently. Experimental
results performed on an industrial robotic system prove the
effectiveness of the presented solution. A motion-capture system is
employed to validate the proposed estimation process via ground
truth.

Index Terms—Ball detection, ball tracking, bouncing and
rolling balls, partitioned visual servoing, real-time trajectory
estimation, robotic ball catching.

I. INTRODUCTION

ATCHING a thrown ball is often a good exercise to check

human reflexes. The same task could be applied to an
advanced robotic platform to test new control methodologies.
Furthermore, such a challenging scenario covers several areas
like fast visual detection and tracking, motion estimation,
prediction and coordination, on-line trajectory planning, and
so on. Hence, the ball catching task might contribute in paving
the way toward the next generation of robots, which should
be provided with the above mentioned skills.

The task of catching a thrown ball can be generally split into
three subproblems: 1) ball detection; 2) trajectory estimation;
and 3) robot motion control. Several works are present in
the literature covering each of the aforementioned subprob-
lems. Usually, high-speed stereo vision system is required to
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solve the first subproblem. Through the approach proposed
in this paper, partially introduced in [1]-[3], it is shown both
from a theoretical and practical point of view that the problem
of catching a thrown ball can be solved using only one camera.
Moreover, in this way, the cost of the overall equipment can
be reduced. Even if recently many low cost stereo systems
are available off the shelf, the computational cost to elaborate
at high frame rate (e.g., about 140 Hz) is still demanding
in the ball catching task and this can be lowered using a
monocular system, saving computational resources. Moreover,
with respect to previous works, the estimate of the trajectory is
improved in this paper considering also bouncing and rolling
balls within the same framework.

Each year an intensive progress in ball tracking and catching
tasks is achieved by the RoboCup competition; many table
tennis robots are challenging humans with great outcomes;
plenty of videos can be found on the net showing differ-
ent robotic ball catching techniques. Even mobile humanoid
robots, with a stereo-camera system, have been used in such
a task [4], [5]. Nevertheless, authors do believe that the first
case of a robotic ball catcher employing only a single moving
camera and coping with rolling, bouncing, and flying balls
in the same framework, i.e., without changing either the
estimator or the control law, is presented in this paper. In more
detail, a standard industrial robot manipulator is equipped
with a charge-coupled device camera mounted directly on
the manipulator end effector (eye-in-hand configuration).
Different from [1]—[3], the ball is recognized through a circle
detection algorithm based on the method developed in [6].
One of the novelties of this paper is the improvement of
the approach proposed in [6] along the lines of the work
introduced in [7], so as to provide a subpixel accuracy to have
a measure of the ball centroid that ameliorates the trajectory
estimation process. Therefore, the proposed estimator is com-
posed of a continuous refinement of the ball interception point
through a nonlinear algorithm, whose initial starting condition
is provided by a fast linear estimation process. The initial
camera motion is thus commanded along a suitable baseline
so as to collect a sufficient initial number of visual data from
different points of view and provide such initial estimate. As
another novelty, the proposed ball trajectory estimator extends
what is already presented in [1] and [3] since now the process
is able to cope with rolling and bouncing balls too. A statistical
reliability test of the measures has been also introduced to
discard possible outliers in the measurements set. Last, but
not least, the employed control law is more detailed than

1063-6536 © 2014 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
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in [1] and [3], as well as in the policy employed for the
intersection point selection. Related stability proofs are now
provided. Experimental results demonstrate the effectiveness
of the presented solution. The performance of the proposed
trajectory estimator is shown through a comparison with the
ground truth provided by a motion-capture system.

The outline of this paper is as follows. The related work
is presented in the next section. A general overview of the
proposed algorithm is given in Section III. The algorithms for
the ball detection and tracking are analyzed in Section IV.
The ball trajectory estimator and interception policies are
described in Section V. Section VI is devoted to describing the
replanning of the robot path. The partitioned visual servoing
is revised in Section VII. The employed setup is introduced
in Section VIII and the experiments are critically discussed.
Section IX provides the concluding remarks.

II. RELATED WORK

A brief literature review is now presented. It is clear from
the following that very few papers address the monocular
case in ball detection and trajectory estimation operations.
Moreover, in this paper, the camera is also moving during
the tracking/estimation since it is mounted in an eye-in-hand
configuration. Modifying and/or employing some methods
already presented in the literature concerning ball detection,
trajectory estimation, and visual servoing, the authors have
achieved the goal of catching a flying/bouncing/rolling ball
through a single moving camera system within the same
framework.

A. Ball Detection

Working in unstructured (or at least partially structured)
environments requires recognizing some objects and key fea-
tures in the scene [8]. Detecting a ball or, in general, a thrown
object is thus crucial in robotic catching applications.

A first distinction can be made on the basis of the number
of the employed cameras in the visual system. On the one
hand, a stereo visual system benefits using the triangulation
method to reconstruct the 3-D position of the ball in the
scene [6], [9]-[11], but requires a more accurate calibration
procedure and sophisticate elaboration hardware. On the other
hand, a monocular visual system has an easier calibration pro-
cedure, but more effort has to be put in the 3-D reconstruction
of the scene [12]-[16]. Besides this, in a monocular visual
system, a classification about the position of the camera with
respect to the robot can be taken into account. An eye-to-
hand configuration is considered in [13], while the camera is
mounted in an eye-in-hand configuration in [1] and [2].

Another distinction can be made about the employed tech-
niques to detect the thrown object. Using a threshold method,
the difference between the actual image and some reference
images is employed in [17]. An equalized color-based cluster-
ing in the hue—saturation—lightness color space is considered
in [1] and [2], while a circular gradient method to detect the
ball in the images is utilized in [6].

Other objects rather than balls can be thrown and
detected in the image. For example, [18] can be taken

IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY

as a starting point to investigate further aspects and
details.

B. Trajectory Estimation

The problem about motion estimation has been addressed in
several ways. This section considers the estimation performed
using a visual system in the particular context of the ball
catching. Hence, to predict the correct catching point where the
robot should intercept the thrown object, the motion trajectory
of this last has to be estimated.

A 2-D task is defined, as in [19], on the image plane of each
available camera. The robotic arm may catch the ball if such
2-D tasks are achieved simultaneously. The 3-D position of
the ball can be instead estimated by resorting to an extended
Kalman filter based on a Newtonian system that also considers
the effect of the air drag [17]. Six nonlinear regression methods
are compared in [20] to estimate translational and rotational
velocities of free-flying objects.

By starting from a set of images taken from a monocular
system, the estimate of the motion trajectory of a thrown
object can be performed using a least squares method [16]
(without modeling the air resistance). A least squares solution
is considered in [2], [13], and [21] too.

Many estimators are based on the so-called Chapman’s
strategy—the fielder should run at a proper speed to maintain
a constant increasing rate of the tangent of the ball’s elevation
angle [22]—for the ball catching [14], [15], [23].

When the ball hits the ground, or other objects, the estimate
becomes more complicated due to the rebound effects. As an
example, this condition always appears during table tennis
games. To consider not only the energy loss of the ball after the
collision with the ground but also the air resistance, the visual
measurement errors, and the friction between the ball and
the ground, a first-order polynomial describing the bouncing
model is employed in [24]. Another model relating flying
and self-rotational velocities just before and after the rebound
is considered in [25]. The lift and drag aerodynamic effects
of the rebound are examined in [26], while the bouncing
phenomenon between a ping-pong ball and both the rigid
table and the racket rubber are exploited in [27] and [28].
A 3-D model for rigid body impact with tangential compli-
ance, represented through springs, is presented in [29].

Finally, other estimators either make use of proper neural
networks [30] or follow a programming-by-demonstration
approach to find a feasible catching configuration in a proba-
bilistic manner [31].

C. Robot Motion Control

On the basis of the configuration of the visual system, the
robot controller has to consider either the ball tracking, or the
ball interception or both the tasks.

The most common visual servoing approaches are the
position-based and image-based methods [32]. A combination
of these lasts is used in [12] to catch a ball moving on a
table, and in [13] to solve the complete 3-D task. A dynamic
version of the aforementioned approaches is proposed
in [33]. Decoupling translational and angular components
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Fig. 1. Block diagram of the proposed monocular robotic ball catching
system. The Linear Trajectory Estimation block (dashed lines) is executed
just once during the robot starting motion.

in a visual servoing task is employed in partitioned visual
approaches [34]-[36].

The importance in regulating the impedance of the hand or
the arm during a ball catching action is highlighted in [37]: a
human could miss the ball when the arm is both stiff beyond
necessity and too compliant.

A nonprehensile way to manipulate the thrown ball is
considered in [21]. After the dynamic catch, a balancing
controller is considered to keep the ball on a plate mounted
on the robot end effector.

III. ALGORITHM OVERVIEW

The overview of the proposed method for catching a thrown
ball in the 3-D space with a monocular visual system is shown
in the block diagram of Fig. 1. Once the ball is detected
by the visual system, the camera mounted in an eye-in-hand
configuration is forced to follow a suitable baseline in the
3-D space. A partitioned visual servoing control is employed
to both keep the ball in the field of view of the camera
(through the camera orientation) and follow the planned path
(camera position). The starting baseline is performed to ensure
a well-conditioned estimation problem and collect/process
visual information so as to get a first prediction of the ball
trajectory with a rough linear estimate. This prediction is
employed as a starting point for a more precise nonlinear
refinement process of the trajectory that also considers the
case of rolling and bouncing balls. When a new estimate of
the robot interception pose is available, the on-line motion
planner smoothly switches its target to the new one, always
keeping the ball in the camera field of view. Hence, the
visual measurements are continuously acquired and processed
by the nonlinear optimization algorithm. Finally, when the
continuous refinement does no longer improve the prediction
of the trajectory significantly, the final catching pose of the
robot can be computed. To accommodate the ball into the
robotic gripper, the robot kinematics is considered.

IV. VISUAL BALL DETECTION AND TRACKING

The presence of a ball in the camera’s field of view is
evaluated with an algorithm derived from the circular-shape
detection proposed in [6] and [38]. The main advantages with

ST RS S

Fig. 2. Example of the contrast-normalized Sobel filter matrix.

respect to the classical Hough transform are the absence of
decision thresholds or parameters calibration, and the high
robustness with respect to changes in lighting conditions.

Let I(X;, Yy) denote the light intensity (m X n) matrix
provided by the camera, where X; and Y; represent the pixel
coordinates of the image sensor. The circular response function
C.(X1,Yr) € [0, 1] considered in this paper represents the
degree of affinity between the circular region with radius r
of the image at the point (X;, Y;) with respect to a radial
intensity gradient (i.e., it represents the average fraction of
the radial intensity gradient on the circle). In details, this
affinity is established with respect to the gradient of the image
intensity at the border of the considered circular region with
the following:

L[ ([ea X; +rey .
o= [ GG o

where ¢, = cos(a) and s, = sin(a). The matrix C represents
the contrast-normalized Sobel ﬁlter,1 which is defined as
follows [6]:

1 0 1 (-1 —2 —1 T
V211-2 0 21| 0 0 oOf=xI
-1 0 1 1 2 1
C =
1 2 1 1 2 1 2
162 4 2|x12— (|2 4 2|xI|+¢2
1 2 1 1 2 1
2)
where € = 1 is the discretization unit of pixel intensity

preventing singularities in constant image areas and the oper-
ator * represents the linear convolution. Equation (1) is thus
the integral of the squared scalar product of the contrast-
normalized Sobel filter with the radial direction. For more
details, see [6], [38]. Moreover, notice how the matrix C has
two different channels, namely, C = [Cx C v 1%, with the
same size of I. Fig. 2 shows the contrast-normalized Sobel
filter matrix of a ball in an image. Notice the radial distribution
of C close to the border of the ball.

IDifferent from the classical Sobel operator, the vector length in the
contrast-normalized Sobel filter indicates the gradient purity rather than the
gradient intensity.
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Fig. 3. Flowchart of the ball detection visual process.

Fig. 4. Representation of the affinity matrix of an image corresponding to
the maximum circular correspondence.

Let A, be the affinity matrix for a given radius r, which is
defined as follows:

Cr(XlaYI) (X[,Y[)EE,-
0 otherwise

A = 3
where E, = [r,...,m—r—1] x [r,...,n—r —1]. The pixels
of the image that are the possible candidates at the center of a
circle are evaluated by applying a threshold a i, to the set of
affinity matrices in the range of radius of interest r ~ < r < rt,
with 0 < r~ < rT < (min(m,n) — 3)/2. In Fig. 3, the
flowchart of the ball detection process is represented, while
a graphical representation of the affinity matrix of an image
corresponding to the maximum circular correspondence is
shown in Fig. 4.

A. Affinity Matrix Evaluation

The evaluation of the affinity matrix A, strongly affects the
overall performance of the ball detection algorithm. Hence,
more details on the adopted approach are provided in this
section.

Note that discretizing C,(Xy, Yy), with (X;,Y;) € &,
is equivalent to the arithmetic mean of the values of C in
correspondence with the points of any circular region
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2 1 C(X,Y)
AR
1y
Y
c ()
K,
117 '
7
il . A(XY) = (z+..42,)/16
T ™~
N

/
R

Fig. 5.
case r = 3.

Representation of the evaluation of the affinity matrix in the

Y. (X7,Yr) of radius r and centered at (Xy,Y;). Let
6r (X1, Y1) denote the square region of C with 2r 41 elements
for each side and centered at (X, Y7). Then the contribution
of the element at point P € ¥, (Xy, Y7) is (6,(X1, Y])rp)z,
where rp is the radial unit vector pointing from (X7, Y7) to P.
Note that the number of unit vectors employed does not
depend on the points where A, is evaluated. By considering
the square dual-channel matrix K of dimension 2r + 1 defined
as follows:

/ / X/,Y/ E\P X ,Y
Kr( /I’YI/): r(X[,YI) ( 1 I) r( I ]) (4)

0 otherwise

the affinity matrix A, can be evaluated with a linear convolu-
tion of the matrix C with K. Fig. 5 shows the evaluation of .43
using the kernel K3. On the other hand, the evaluation of the
points on a circumference of radius r is required to evaluate
the kernel K. To this purpose, the algorithm proposed in [39]
is employed with the advantage of considering only integer
values and reflection properties.

B. Parallelization

The number of operations required for the evaluation of
the affinity matrices rapidly grows with the dimension of
the image [e.g., the evaluation of the affinity matrix for an
image of (512 x 368) pixels requires about 10° operations].
To reduce the computational time, several arrangements should
be introduced. The kernels required for the evaluation of
the affinity matrices are precomputed during the initialization
phase of the algorithm. Moreover, the sparse nature of these
matrices requires a specific sparse matrix representation.

The evaluation of C is performed by parallelizing the
computation of its two channels. Moreover, each channel can
be processed by parallelizing the horizontal and the vertical
components of the gradient of I via the Sobel operator. Finally,
also the denominator of (2) is evaluated in parallel with respect
to the previous contributes, where the nonconstant terms are
evaluated by a linear convolution.

By employing specific single instruction multiple data oper-
ations, the evaluation of the affinity matrix is parallelized by
rows. Thanks to the symmetry of the employed kernels, it is
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possible to assume, without loss of generality, that the nonzero
elements are 4p, with p as any integer number. Hence, for

r=r",...,rT and (X;,Y|) € E,, it is possible to obtain
4p—1
ArX Y1) = = 3 (e wi, + i wi,) )
k=0

where uy = [ug, ukV]T is an element of C and wy = [wy, wky]T

is an element of K,, respectively. By denoting with g =

u,{wk, withk =0,...,4p—1, (5) can be rewritten as follows:
T,
A (X YD) = o ;Zi (6)

where z; = qi. + qfiﬂ + qfiﬂ + q§i+3. The latter term can
be evaluated as a scalar product that can be computed using
an intrinsic function available on modern processors.

C. Pyramidal Approach and Windowing

The localization of a shape into an image with algorithms
of template-matching requires a high number of calculations
because, in general, it is necessary to explore the entire image
and repeat the search several times for different size of the
shape. Moreover, with the extension of the shape, the number
of calculations rapidly increases. To reduce the processing
time, a pyramidal approach can be employed. The technique
consists in generating a copy in half resolution of the image
by selecting the rows and columns of odd place. Iterating
this process creates a number of images reproducing the same
scene but with a lower level of detail. The loss of resolution
can be recovered using the results achieved on a low-resolution
image to recognize the region of interest, where we perform
the search within the original image.

Once a thrown ball has been detected for the first time,
a windowing technique is employed. In details, a suitable
region of interest for the searching algorithm can be set
up on the basis of the position, radius, and velocity of the
ball measured in the previous sequence of images. With this
approach, a square searching region is positioned on the
current image on the basis of the previous ball position and
velocity, while its size depends on the previous radius and a
suitable safety factor. In addition, the radius range of search
is windowed starting from the previous estimate and ball
direction.

D. Subpixel Refinement

The results achieved with the previous ball detection algo-
rithm can be improved, thanks to the use of a post-elaboration
process resulting in a subpixel accuracy. For each image, it
is possible to observe that the intensity of the pixels, lying
on an outgoing radial direction from the estimated ball center
(see the previous sections), presents a distribution of values
with an inflection point (Fig. 6). A linear searching algorithm
can be employed to find the exact position Py, = [xo, ygl.]T,
i =0,...,ny, of the ball contour along a finite number ny of
radial directions spanning the whole circumference.

Once a number of ball contour measurements are avail-
able, a new circle with center (x., y.) and radius r., all

100

80

7
= 40
20
0
0 10 20 30 40
X [px]

Fig. 6. Light intensity (on the bottom) along a radial direction from the
estimated center of a ball (on the top).

with subpixel accuracies, is evaluated. In detail, the equa-
tion of a circle in a plane is represented by xe + yg +
él(xc)xﬂ + 52()76))’9 + & (xe, Ye, re) = 0. StaCkmg all the
data, with i = 0,...,ng, a least squares approach can
be then employed to estimate &j, &, and &3 from which,
in turn, the unknowns can be estimated as x. = —0.5¢,
ye = —0.5&, re = (0.25 % (512 + 522) — &)1/2. Measurements
that are statistically incoherent are discarded, and the estima-
tion process is repeated until all measurements are reliable.
In particular, the distance dp, from each point py, and the above
estimated circle with center (x., y.) and radius r. is evaluated
and saved in an array. The mean and standard deviation of
such an array are then calculated. The points whose distance
dg, outperforms the standard deviation by a certain factor are
discarded and the above described least squares approach is
performed again with the surviving points until no elements
are rejected.

Several examples of the achieved results are shown in Fig. 7.
Moreover, it has been verified during the experimental tests
that the proposed algorithm reduces the effect of the blur
around the contour of the ball, caused by the high-velocity
motion of the ball in the image, and improves the accuracy
of the estimation process (Sections V and VIII-B). Note that
other methods might be employed for subpixel accuracy for
moving cameras [7].

V. BALL TRAJECTORY ESTIMATION

Let Xp, X, and X, = O, — x.y.z. be the robot base frame,
fixed with respect to the ground, the end-effector frame, and
the camera frame, respectively (Fig. 8). Since X, and Z. are
fixed with respect to each other, only X, is considered in the
remainder of this paper. The camera optical axis is then aligned
with the approaching axis of X,.

Lets = [X Y]7 be the normalized image coordinates vector
of the centroid of the ball, i.e., the center of the circle detected
in Section IV. By denoting with § = [s” 1]7, the position of
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Fig. 8.  Camera reference frame X. is shown in two different sample
times, #; and #;. The ball trajectory is shown by a red dotted line, while
the corresponding camera trajectory is represented in blue.

the ball center with respect to X, is

c c

po=1[1x y I"=z1x v 11"'=:%5 ()

A. Initial Baseline and Linear Initialization

A classic static triangulation method cannot be adopted in
the proposed scenario because of the single employed camera.
Hence, the proposed process estimates the 3-D trajectory of
the ball interpolating 2-D visual measurements along the time.

As soon as the ball is detected for the first time, the camera
is commanded to move along a straight line, i.e., the initial
baseline, in the 3-D Cartesian space with high velocity. To gain
better results, such initial movement should be orthogonal to
the direction of the throw. The orientation of the camera is
controlled to keep the ball in its field of view (Section VII).
The visual data collection along this path leads to a well-
conditioned problem. Once the first dataset has been acquired,
it is possible to start the procedure for the linear initialization.
The last one is explained in [2], hence only a brief description
is here addressed.

Let # be the kth visual sample time, §; the corresponding
measured image feature vector, and p = [x y z]7 the points
belonging to the camera optical ray and passing through the
current origin of the camera Cy = [cxk Cyk cz,k]T. The
feature vector ry = [ryk I'yk rz,k]T = Cy + RS can be

IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY

defined by the following representing a straight line in the
3-D space (Fig. 8):

(ry,k - Cy,k)-x + (Cx,k - rx,k)y + Tx,kCy,k — 'y, kCx,k = 0
(rz,k - Cz,k)x + (Cx,k - Vx,k)z + rxkCok — Tz kCx k = 0

®)

where R, is the rotation matrix of X. with respect to X,
at time ;. Both Cy and R, ; are provided by the robot direct
kinematics.

A simplified model of the ball trajectory is considered
during this initialization phase, i.e., the effect of the air drag
to the motion of the ball is neglected

p,(t) =po + vor +0.5g1> )

with p, the (3 x 1) position vector of the ball with respect
to Xp, g the gravity acceleration, p, and vo the (3 x 1)
the vectors of the initial position and velocity of the ball
(t = 0), respectively, and is corresponding to the time of the
first ball detection. Note that without loss of generality, the
grayvity acceleration is aligned to the axis y of the chosen X,
ie,g=1[0g0]" with g =9.81 m/s%.

At each i, the optical ray intersects the ball trajectory.
Folding (9) into (8) yields a system of two equations into six
unknowns, p and vy, that fully describes the trajectory of the
ball. Stacking the n; measurements into rows yields a system
of n; equations into six unknowns that can be solved through
a least squares solution. Additional considerations about this
stage are given in [1] and [2].

The first interception point candidate is then computed. This
allows the robot to reach the predicted interception position,
whose computational details are provided in Section V-E at
the estimated catching time. The robot path is replanned as
described in Section VI. The rotational part of the camera,
instead, is kept free to track the ball to acquire more visual
measurements during the movement. The estimate provided
by this linear algorithm is employed as a starting point for
the next stage.

B. Nonlinear Estimation and Continuous Refinement

Meanwhile, the previous linear estimation process gives the
result, new visual measurements are collected. Afterward, both
these new visual measurements and the old ones are employed
in a nonlinear estimation process that starts initially from the
result obtained by the linear method.

In details, let s be the centroid of the ball acquired at a
time g, then the cost function to minimize is

1 [z
= K — Sk
Z [yi]

with n; the current number of available visual measurements
at the current estimation time #; and p} the (3 x 1) estimated
position vector of the ball with respect to ., which is defined
as follows:

~c wc  =c =T -

pi=[% 5 HI =R —C- (1)
The estimated position of the ball p(pg,_1, vo,i—1,%) is
numerically obtained by integrating the following ballistic

ni
min
Po-Vo

(10)

k=1
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model [17]:

comdipe o
— 2 B0 16, (0)
mp

with ¢, a coefficient depending on the thrown object, dj the
diameter of the ball, p, the density of the air, and m, the mass
of the ball. Hence, the model in (12) includes the air drag, and
its numeric integration is sequentially performed in the time
intervals [fx_1, tx], where k = 1,...,n;, to = 0, with initial
conditions py ;_; and vg,;_.

By knowing the altitude of the floor with respect to X,
it is possible to detect whether the ball hits the ground during
the above-mentioned numerical integration. Without loss of
generality, let p, = [0 y 017 be a point of the floor surface,
which is horizontally placed with respect to X,, where y
represents the height of the ground. The adopted bouncing
model is the following [24]:

Do) =8 — (12)

Vour = Kpvin + by (13)

in which K, is a (3 x 3) diagonal matrix of coefficients
representing the loss of energy with respect to the (3x 1) vector
of the ball velocity vij, before the rebound, voy is a (3 x 1)
vector of the ball velocity after the rebound, and b, is a
(3 x 1) vector of coefficients added to refine the model
considering, for instance, the effects of the air resistance,
vision measure error, and the spin caused by friction on the
ground. Hence, by defining e; = [0 1 0]7, at each integration
time, the condition eZT Py > eZT P is verified during the forward
integration of the model (12). When a rebound is detected, the
current velocity is changed in accordance with (13).

The purpose of minimizing (10) means that the initial
conditions of the ballistic model are tuned to generate an
estimated trajectory of the ball that minimizes the distance
between the predicted projection of the ball onto the image
plane and the corresponding measured observations of the ball
along the time.

In practice, the minimization of the cost function (10)
is performed using the Levembert-Marquardt algorithm. The
result at the estimation time ¢ is the updated values
of pg; and vg ;. As long as the current estimate of the catching
time is sufficiently far from the actual time instant, if new
measurements have been acquired, then the estimation process
restarts using the current estimation as a starting solution,
otherwise py; and vo; become the final estimated results
Ppo and vg. Hence, such refinement process stops when the
current estimate catching time is approaching with respect to
the grasping time required by the available gripper. As soon
as the new interception point is available, the robot path is
replanned, as described in Section VI.

C. Statistical Reliability Test

Different from [1], a statistical procedure to deal with the
presence of image noise is also proposed. During its motion,
the ball can be subject to different illumination/shadow condi-
tions that could generate different levels of noise in the mea-
surements dataset. In details, once the minimization process
ends at ¢;, the mean error, the standard deviation, and the con-
tribution of each visual measurement s; to the error residual

@atasct of visual mcasurmcnts@

I
v v

Compute intersections
between the optical
rays and the ground

Create dataset for mimization
excluding the outliers

|

Current esitmate:
Py andv,

The
intersections
belong to the portion

L of the ground upon
Model forward Non linear optimization which the ball can
integration of cost function (10) feasibly
T L Ball is flying roll

Update current esitmate — - -
p,,andv,, }‘.ll the intersection
¢ points with a parabola

Update the outliers list
for the next estimation
process at time ¢,

Residual computation

e

Backproject onto
the image plane
Residual computation

e

Y

4
Ball is flying Ball is rolling

Fig. 9. Schematic of the implemented estimator, frozen at time #;, to decide
whether the ball is rolling or not.

are evaluated. The visual measurements that contribute to the
error residual outperforming the standard deviation by a certain
factor are temporarily excluded for the next estimation process
at time t;y1 (update outliers list, Fig. 9). In particular, new
measurements should be available at the time in which such
nonlinear estimation process computes the updated values of
Do, and v, i.e., the interception time/point. This new dataset
(without the measurements that have been classified as outliers
at the previous estimation time) is employed during the current
nonlinear refinement. Again, once the minimization process
ends, all the visual measurements (even the outliers) that
contribute to the error residual in a way that is not statistically
coherent are excluded for the next optimization. Note that in
this way, it should be possible to recover also measures that
have previously considered as outliers due to a rough initial
estimation.

This arrangement is hence able to significantly improve
the accuracy of the estimation process when noisy visual
measurements are available without losing significant mea-
surements. Some figures regarding such improvement are
given in Section VIII.

D. Rolling Balls

In parallel to the nonlinear estimation refinement process, a
condition is continuously tested to detect whether the balling is
rolling or not on the ground. A schematic is provided in Fig. 9.

As previously introduced, for each acquired visual measure-
ment Sy, it is possible to associate the equations of the related
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optical ray (8). By knowing the position and orientation of
the floor with respect to X, it is possible to compute the
(3 x 1) intersection point p;, , between the straight line (8)
and the ground. Afterward, it is possible to fit the available
points pjn x» with k = 1,..., n;, through a polynomial curve
on the ground plane. Note that this operation is performed
only if each point p;, ; belongs to the portion of the ground
upon which the ball can feasibly roll. If the ball is flying, the
observation angle of the optical ray will produce interception
points with the floor that are not located in such portion of
the ground.

Without loss of generality, to consider both the ball spin
and the effects of the friction on the floor, a parabolic path
has been chosen as fitting curve. Hence, the three coefficients
of the parabola that best fits all the ground points can be
retrieved through a least squares solution. Once the parabola
has been defined, the points p., ; closest to the curve at
point p;,, , are computed. Note that in case of perfect fitting
Peurk = Pint k> With k = 1,..., n;. By knowing Cy and Rk,
each point p.,  is then back projected onto the image plane
obtaining the feature vector Scyr k. The norm of the residual
error between the visual measurements and these ones derived
by the estimated model is employed as a quality measure.
If the residual error achieved with this last method is less than
the residual of (10), the ball is considered as rolling on the
floor.

In case of rolling, the catching candidate point p, is
computed as the intersection between the ground parabolic
path and a predetermined goal line in the robot workspace. The
camera’s orientation is kept parallel to the ground, the gripper
is positioned at a safety distance from the floor, and its fingers
are held open so as to lightly touch the floor. The final catching
time 7y is determined by the timing of the measurement on
the parabolic path, since at each point pg, k. it is associated to
a time f;. On the basis of the above considerations, the robot
path is replanned, as described in Section VI.

E. Catching Point Selection

In case the estimation process does not detect a rolling ball,
for which it has been already described how the interception
pose is selected, the current catching point candidate p, is
evaluated with respect to the actual configuration along the
current estimated trajectory of the ball, as deeply explained in
the following. The catching time ., and the ball velocity v at
P can be evaluated from both the actual predicted trajectory
and the robot kinematic model.

In detail, the current estimated path 7 belonging to the
working space of the robot arm is partitioned in several
candidate catching points P; € 7 by a fixed step. For each P;,
the inverse kinematics of the robot is calculated to compute
the joint position of the robot arm. The inverse kinematics
is computed through a closed-loop algorithm (CLIK) [32].2

2Note that the inverse kinematics can be evaluated iteratively between two
consecutive candidate catching points, using the joint configuration of the
previous catching point to initialize the algorithm for the new Cartesian
configuration. In this way, being consecutive candidates close to each other,
few iterations are required to converge to the solution of the joint configuration
corresponding to the current candidate.
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A set of quality indices can be considered for the selection
of the best catching point. In this paper, joint limits and a
manipulability measure are suitably coupled through a convex
linear combination (see [32] for more details about the adopted
quality indices). The candidate catching point maximizing the
above defined convex linear combination of quality indices is
chosen as the current catching point p .

Therefore, the robot path is replanned to lead the gripper
from the current state of the robot to the point p, at the
time # with the same velocity of the ball v (the details are
shown in the next section). Note that the planned trajectory
could be not achievable with respect to the robot capabilities.
If the velocity vy and the maximum required acceleration
for the end-effector, i.e., the camera, are greater than a
fixed limit chosen in a conservative way accordingly with
robot capabilities, then the catching time is suitably scaled.
Concerning the acceleration, denoting with apnax the norm of
the maximum acceleration that the end effector can reach and
withﬁc, 4 the maximum planned acceleration, if ||1'_5L.’ 4l > amax,
then the catching time is scaled as 7y = tX(||ﬁC,d||/amax)l/2.
On the other hand, in the case of ||[vx| > ®max, Where vmax
is the chosen limit for the linear Cartesian velocity of the
robot, a reduced velocity is considered for the interception
time Ux = vmax (U /||vx||), while the catching time is scaled
similarly to the acceleration case.

The catching path is then generated when the estimation
process stops. The camera’s orientation is controlled to have
a direction of the optical axis, i.e., of the gripper, equal to
the tangent to the estimated trajectory of the ball at p, . Once
the catching point is reached at ¢ with the same (or reduced)
velocity of the ball, the gripper is closed and moved along
the predicted path of the ball, while its velocity is decreased
to zero in a fixed time/space. In this way, it is possible to
dissipate the impact energy in a finite time interval.

VI. ON-LINE PATH REPLANNING

When a new hth estimation is available at time 7, the
current robot path has to be modified in a smooth way to
reach the new estimated catching point. This means that such
a new path must guarantee the continuity with the current
motion state (position, velocity, and acceleration). A fifth-order
polynomial has been employed in [1] and [2]. To lower the
polynomial order, reducing the oscillations of the planned path
as much as possible, a classic cubic spline [32] employing only
third-order polynomials is instead used in this paper.

Hence, the following definition can be given for the desired
trajectory of the robot:

Iy (1)  th <t =<ty
Pea(®) =Txp() = 1 p, (1) 1y <t =<1ty (14)
Mpy (1) 1y, <t <ty

where p. ;() is a (3 x 1) vector denoting the desired trajectory
for X. with respect to Xp, 1y = tx (or ty = fx, in case of
time scaling), and f,,, and #,, are two time instants referred to
two generic virtual points in ITj (7).

The following equations in 12 unknowns—the four coeffi-
cients for each of the three cubic polynomials in (14)—can
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be imposed:
Iy, (th) = Mp—1(t), Ty (0) = o1 () (15a)
Iy, (tn) = -1 (th) (15b)
Wiy(tf) = prr My (t5) = v (15¢)
py(tp) =0 (15d)
th(tvl) = th(tvl)s ﬂhl(tvl) = 1Llhz(tvl) (15e)
[h, (80) = Ty (1)), Ty (1) = Ty (10,)  (15F)
ﬁhz (tvz) = 1LIh3 (tvz)s ﬁhz (tuz) = ﬁh3 (tvz) (15g)

where 0 is the (3 x 1) null vector, while vy = vy
(or v« if |Jux| > vmax). Note that the effective location of
the virtual points is irrelevant, since their position constraints
are exploited for continuity only, and depends on the choice
of #,1 and f,2 [a possible solution is f,1 = (tf — ty)/3
and 1,0 = 2(ty — t,)/3]. Finally, note that (15a) and (15b)
are the equations relative to the initial conditions,
(15¢) and (15d) are the equations relative to the final
conditions, and (15e) and (15g) are the equations relative to
the two virtual points. Moreover, note that for 2 = 1, the con-
tinuity is intended to be with respect to the planned baseline
(Section V-A).

VII. PARTITIONED VISUAL SERVOING CONTROL LAW

The partitioned visual servoing control law described in this
paper belongs to the category named resolved-velocity image-
based visual servoing [32], for which it is assumed that the
manipulator dynamics is considered directly by the low-level
robot controller. Such a control law has already employed
in [1] and [3] and has been introduced in [34]-[36]. Only
the key features will be thus here reported: the reader may
refer to the original papers for more details.

The (6 x 1) absolute velocity vector of the camera
v¢ = [pT @<T]7, the (6 x 1) absolute velocity vector of the
thrown ball v¢ = [pST w17, both expressed with respect
to Z., and the (2 x 1) velocity vector of the image feature §
in the image plane are related by the following [32]:

§ = Lyvi + LT (—p{)v, (16)
in which Ly = [Lsp(s,p;) Lso(s)] is the (2 x 6) interaction
matrix of a point image feature defined as follows:

1 2
XYy -—-1-X Y
7)

0o —— 1+7Y?

ZC
where Ly, and L, are the (2 x 3) submatrices corresponding
to the first and last three columns of (17), respectively, and
—I3

I'(-) is the (6 x 6) matrix
rey= [ 0 LE(IH

where I, denotes the (n x n) identity matrix and S(-) the
skew-symmetric matrix. Equation (16) can be rewritten as

§ = Lop (5 — 5+ S( pE)5) + Luo(@S — ). (19)

By exploiting the employed partitioned visual servoing
controller, the translational components p¢. of the robot motion

XY -X

I3\l
o
AL~ e

(18)

are devoted to move the robot to intercept the path of the ball
with the gripper mounted on the robot end effector [34].

Given the desired trajectories p. 4, P, 4. and p. 4 for the
camera frame, on the one hand, the translational components
of the velocity input for the camera frame X, can be generated
as follows:

PE =R (pea+Kpep) 20)
with R, the rotational matrix of the camera frame X. with
respect to the base frame X, K, > 0 a diagonal constant
(3 x 3) gain matrix, and e, the (3 x 1) error vector between
the desired trajectory p, 4, and the one provided by the robot
direct kinematics at time ¢. On the other hand, the rotational
components of the velocity input for the camera frame X, can
be generated in the image space as follows:

wﬁ = LIO[Kso,e;,z (es)fe;,l (es)

= Ly (p% — Py + (= 55) ;)] + @5

with § denoting the pseudoinverse of a matrix, f)Z the estimate
of the unknown position of the ball in X, and p¢ evaluated
in (20). Note that the matrix LSOLST0 is never singular since its
determinant is equal to 1/(X%+4Y2+1)3. The terms p and &,
are the estimates of the unknown absolute translational and
angular velocities of the ball with respect to X.. Note that isp
in (21) is an estimated term since it depends on p;. Moreover,
the error term e; = —s is the image error vector becoming null
when the camera is pointed toward the centroid of the ball,
while the term z,, (e,) is a threshold function defined as [3]

21

0, if fles|l <en

Te, (€5) = 22
e (€5) (1 _ e )es, i el > e
llesl
with Ko ¢,,(€5) a (2 x 2) gain matrix defined as
kola, if |les|| < ep2
Ko,e,(€5) = ﬁo(”eY” _ 1) (23)
koe €b2 I, if |les|| > ep

where k, > 0 is a gain factor, epp > ep; > 0 are proper
thresholds, and f, > 0 is a restraint factor tuning the
increasing rate of Kso. The details about how to estimate p,
(and then also I:Sp), ps, and (2); are given in the next section.

Finally, the input to the robot controller, i.e., the joint
velocity vector, can be computed as [32]

q=J" @Tcv + NjKqg, 24)
with ¢ the vector of joint positions, J(g) the Jacobian matrix
of the robot that is pseudoinverted, as denoted in [32], T the
(6 x 6) matrix relating v¢ to the velocity of the robot end
effector with respect to the base frame, N ; the projector matrix
into the null space of the robot Jacobian, K, a diagonal positive
definite gain matrix, and ¢, a set of joint velocities employed
in a possible redundancy management to optimize some other
subtasks [40], e.g., joint limits and singularities avoidance,
increasing the manipulability.

709

710

71

712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752

753



754

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

A. Estimation of the Ball-Camera Relative Motion

The necessary quantities to be estimated in (21) are the
linear position p, linear velocity pS, and angular velocity @
of the center of the ball with respect to X.. Starting from the
current estimate of the position p, and velocity vg of the ball,
the ballistic model (12) is numerically integrated in the time
interval [0, #;]. In this way, [JZ can be obtained at a certain
time 7. With the same numerical integration, it is also possible
to obtain the estimate of the linear velocity pS. It is worth
noting that the first estimate of p, and v( is obtained after
n; measurements (Section V-A). Before n; measurements are
collected, to compute the above mentioned quantities, an initial
value of p, and vo should be anyhow provided. Hence, a
statistical calibration has been preliminary realized to retrieve
a rough initial estimation of p, and vy.

Finally, the angular velocity can be retrieved as

&5 = (p5 xpS) |p | L)

oI = S(0)bs 15
B. Stability Proofs

Before starting with the proofs, it is necessary to give
some bounds about the quantities given in Section VII-A.
In particular, considering what is written in Section VII-A
and (12), the following hold:

(26)
27)

[Pl < B1 <00
185] = B2 < o0

where By and B; are two positive limited bounds
since pS and p; are numerically integrated, as described
in Section VII-A, and this means that they are a finite sum
of finite elements. Moreover, they can be also saturated by
programming code. For the angular part, considering (25) and
the property that the Eucledian norm of a skew-symmetric
matrix of a vector is equal to the norm of the vector itself, the
following bound can be considered:

(28)

with B3 = By/B a positive limited bound since B; and B>
are positive and limited. Finally, the following physical bounds
can be considered:

IpS| < Bs < o0 (29a)
[pS]| < Bs < o0 (29b)
||| < Bs < oo. (29¢)

For what concerns the stability proofs of the system, the
following theorems hold.

Theorem 1: Provided that K, is a positive definite matrix,
the control law (20) ensures an asymptotic convergence to zero
of the position error €.

Proof: The time derivative of the position error can be
computed as

. d

e, = —

P dr

where p_.(¢) is the (3 x 1) vector denoting the current position

of the camera with respect to X, at time ¢, computed by
solving the direct kinematics of the robot, while p,. is the

(pc,d _pc(t)) ch,d _I)c (30)
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related translational velocity of the camera with respect to Zj,.
Premultiplying by R, both sides of (20) and folding the result
into the previous equation yields

ép+Kpe, =0. 31)

Since Kp is a positive definite matrix, usually a diagonal
matrix, the previous system is asymptotically stable and the
error e, tends to zero along the trajectory with a convergence
rate depending on the eigenvalues of K. 0

Theorem 2: The system (19), equivalent to (16), is asymp-
totically stable under the control laws (20) and (21), in
the presence of a perfect estimate of the unknown terms.
Otherwise, only stability can be ensured, where the bounds
can be determined by tuning the gain k,.

Proof: The following analysis is performed using the
direct Lyapunov theorem. Consider the following candi-
date Lyapunov function V(e;) = eSTKSeS, where K is a
(2 x 2) positive definite diagonal matrix. By noticing that
é; = —s, computing the time derivative of V(es) and
considering (19)—(21) yield V = —ai — as — a3, where

a1 = el Ky (Lsp — Lyp)pt (32a)
ay = eZKsKso,ebz (es)rebl (es) (32b)
a3 = el Ky (LT (— pS)vS, — LT (- pS)95).  (32¢)

If each term in (32) is strictly positive, then vV < 0.
However, no term in (32) is a quadratic form, hence only
qualitative considerations can be achieved.

If I:sp = Lgp, the term a; in (32a) vanishes, but there is
no guarantee that such condition can happen. Nevertheless,
the a; term is bounded since the condition for updating I:sp
through the estimate of p¢ seems to be the optimal one during
the experiments [41].

By considering (22) and (23), the term a» in (32b) can be
bounded as follows:

_ 1)
I | e;s.

By choosing Ky = k, exp[fo((llesll/epr2) — 1)12, the last
term in (33) is positive definite. Hence, a; is always positive
and limited.

The a3 term in (32¢) vanishes in case of perfect estimate.
Otherwise, nothing can be said about the sign of a3. Denoting
with /1 the maximum eigenvalue of K; and with oy(-) the
maximum singular value of a matrix, recalling that
Ly = [LyLgl, Ly = [LyLsl, v = [p5 5] and

= [fyc @], cons1der1ng (29), the followmg expression
for a3 holds a3 = a3,1 + - a3,6, where each term can be
bounded as follows:

lles I

.
0<ar <elKy | koe b2

(33)

a3, = el KLyp’, < Aoy (Lgp) Bslles | (34a)
a3 = €] KyLypS(@5)p, < Aoy (Lsp)BsBalles||  (34b)
az3 = —e! K\LypS < Aoy (Lsp) By el (34c)
a3.4 = eK,LypS(—p)wS < oy (Lsp) BaBolles || (34d)
35 = —e} K;Lgo®;, < Aoy (Lso) B3 e | (34e)
a3,6 = el KyLo$ < Aoy (Lso) B lles]. (34f)
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Fig. 10. Architecture of the ball catching system.

Hence, supposing that aj is positive definite, consider-
ing (33), the particular choice for‘ K, and the expressions
in (34), the following bounds for V hold:

V < —e/K.Ke; + iBlles|| < —i(illes]| — B)llesl (35

where B = oy (Lsp)(Bs + BeBa) 4+ oy (Lso)(B3 + Bg) +
aM(isp)(Bl + B2 Bg). Hence, from (35), it is possible to
conclude that when |les] > B/A, then V < 0 and then the
system is asymptotically stable. When |les|| < B/A nothing
can be said about the sign. Hence, the term B/A is the bound
for the error e;. To reduce the bound, A — oo, the gain k,
should be increased as much as possible with respect to the
employed controller sample time.

In conclusion, in case of a perfect estimate, the terms a1 and
a3 vanish, while a; is positive and limited. Then, the chosen
control laws lead to an asymptotically stable system. In case
of an imperfect compensation, instead, the error in the image
plane is anyway bounded. (]

For a ball catching task, this stability condition can be
considered sufficient, because the visual control goal is mainly
in keeping the ball in the field of view of the camera.

VIII. EXPERIMENTS

The employed experimental setup is shown in Fig. 10.
An USB IDS uEYE UI-1220SE-C camera is mounted in eye-
in-hand configuration directly at the center of the base of
the gripper. This last is made up of two brushed dc motors,
with a metal gearbox and an integrated quadrature encoder.
Through a rack-and-pinion mechanism, the motion of these
motors allows the closure of the gripper fingers. The gripper
is in turn mounted on a Comau Smart-Six robot manipulator
standing on a sliding track. The Comau C4G control unit is
in charge of the compensation of the robot dynamics.

An external PC with Ubuntu OS and a patched RTAI real-
time kernel generates the references for the robot each 2ms.
A second PC with Windows OS is in charge of the visual
elaboration process and communicates with the first one
through an user datagram protocol (UDP) over a gigabit-
dedicated LAN. A high-priority multithread programming has
been employed to improve the stability of the elaboration

11

time and synchronize the visual measurements with the robot
motion.

To provide a ground truth for the proposed estimation
algorithm, an OptiTrack motion-capture system composed of
10 S250e cameras has been employed to track the ball during
its motion.

A. Technical Details

The portion of the camera image employed for the ball
detection is limited to (368 x 512) pixels. On the basis of
the available ball, the range of radius of interest for the first
detection is [10, 14] pixels, which corresponds to a distance
of the ball from the camera in the range of [5, 6] m. For other
balls, these parameters have to be retuned. The Rol window
is dynamically placed and sized with respect to the current
radius of the detected ball. At the first detection, its dimension
is set to (38 x 38) pixels. With this configuration parameter,
the acquisition frame rate is speeded up to 140 frames/s.

The available ball has a diameter of 8.5 cm and a weight of
about 32 g. Six soft reflecting markers are attached to the ball
to enable the OptiTrack system to observe it. These markers
do not affect the visual detection of the ball in the scene since
they do not alter the ball shape. The coefficients of the air drag
factor have been tuned to ¢,, = 0.45 and p, = 1.293 kg/m3.

On the basis of the available robot, the gain matrix in (20)
has been set by experimental tuning to K, = 50013, while
the gains in (21) have been tuned to k, = 200, e;; = 10 and
epr = 100.

Using the OptiTrack system, it has been possible to measure
the rebound of the chosen ball on the ground. Hence, a
calibration procedure has been adopted to tune the parameters
K, and by, in (13). In details, the motion-capture system has
provided the 3-D position of the six markers at a frequency
of 250 Hz. By knowing both the geometrical features of the
ball and the position of these markers, it has been possible
to reconstruct the real ballistic trajectory of the ball. A set of
20 trajectories containing rebounded points has been acquired.
The ball velocities before and after the rebound have been
computed with a filtered derivative of such trajectories. There-
after, the coefficients K; and b, have been retrieved through
a least squares solution. For example, the obtained values are
K, = diag[0.2 —0.785 0.55], while b, has been approximated
to a null vector since its values are very small with respect to
K, for the current set-up.

The intrinsic redundancy of the chosen robotic platform
has been exploited in (24) to avoid joint limits, kinematic
singularities, and to reduce the movements of the sliding track
since its dynamics is considerably slower than those of the
other joints.

On the basis of the available setup, the initial baseline has
a planned length of 50 cm that should be performed by the
camera in 500 ms. The first estimate of the trajectory starts
when about n; = 45 samples have been collected, i.e., after
about 320 ms. Therefore, typically, the first catching trajectory
starts before the end of the baseline path.

Latency periods and delays between the robot control PC,
the C4G control unit, and the visual elaboration PC have
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Fig. 11. Ball distance estimation error normalized to the radius in
green (red) with (without) the subpixel refinement.

Fig. 12. Elaboration time of the ball detection and tracking process with
respect to the ball distance from the camera (hence, read the picture from
right to left). The whole elaboration time (in green) and the time required for
the subpixel refinement process (in red). The dashed line indicates the time
limit corresponding to the camera rate of 140 frames/s.

been estimated so as to synchronize at the best of the direct
kinematic measurements of the robot with the visual data.

B. Ball Detection and Tracking Results

To evaluate the performance of the proposed subpixel
refinement algorithm (Section IV-D), a (fixed) ball with a
diameter of 9 cm has been observed at 15 different distances
from the camera equally distributed by a step of 30 cm.
Since the camera calibration parameters are known, from the
observed radius of the ball in the image, it is possible to
estimate the distance of the ball from the camera. The error
between the real distance and the estimated one, normalized
with respect to the ball radius, is shown in Fig. 11. The errors
computed with the measurements taken through the subpixel
refinement are represented in green, while the not refined
measurements are represented in red. In all cases, the refined
measure significantly outperforms the integer estimations of
the ball position and radius.

With respect to a generic throw, the elaboration time
of the proposed detection and tracking process with respect
to the distance of the ball from the camera (which is related
to the ball radius) is shown in Fig. 12. The whole elaboration
time is represented in green, while the time required for the
subpixel refinement process is represented in red. The dashed
line indicates the time limit corresponding to the camera rate
of 140 frames/s. Since Fig. 12 shows the elaboration time with
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(b)

Fig. 13. Overlay of the ball trajectory and robot motion in (a) flying and
(b) bouncing cases.

respect to the distance of the ball from the camera, the pictures
goes from right to left. Hence, it is worth noting how the first
elaboration time is bigger than others because the detection
process is applied to the whole image, while from the second
step, the elaboration time is significantly reduced, thanks to
the windowing and tracking strategy. At the end (extreme left
of Fig. 12), once the ball is near to the camera, the elaboration
time increases since the ball radius increases in the image and
more pixels have to be elaborated.

C. Ball Catching Results

Several experiments have been performed with a number
of pitchers and varying light conditions. The percentage of
caught ball evaluated over a set of 300 shots (100 shots for
each of the three trials: rolling, bouncing, and flying ball) is
about 95%, namely, of the caught balls in the rolling case have
been 98, as well as in the flying ball case; while 89 balls have
been grabbed in the bouncing case. Hence, the main problems
originate from the employed rebound model and the related
parameters. Concerning the statistical reliability test, the mean
percentage of discarded outliers in each throw is about 11.5%,
while the accuracy of the final catching point, on the basis of
the OptiTrack measurements, has been improved about 5%.
This corresponds to an improvement of the interception point
of about 2-3 cm in the available setup.

An example of a possible ball trajectory for a given throw
with the overlay of the motion of the robot is shown in Fig. 13.
Moreover, a multimedia attachment (available also online?)
shows the performance of the proposed algorithm.

The OptiTrack system has been employed to give a ground
truth about the estimate of the ballistic trajectory. Some
examples are shown in Fig. 14(a)—(c): the case of a bouncing
ball, the case of a normal throw, the case of a rolling ball,
respectively. In all these pictures, the green tube is the space
occupied by the ball during its motion toward the robot as
measured by the OptiTrack system. The blue line is the
final estimated trajectory of the centroid of the ball. It is
possible to observe that the blue line is always inside the

3 Available at http://www.youtube.com/watch?v=gT8Zn6L5PEk.
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Fig. 14. 3-D plots of three different throws. The blue line is the final estimated
trajectory of the ball centroid. The green cylinder is the space occupied by
the ball during the flight that has been measured by the OptiTrack system.
The red path is the motion of the camera/gripper. The light blue circle is the
space occupied by the gripper with all the fingers open. (a) Bouncing throw.
(b) Rolling throw. (c) Flying throw.

green tube: this gives a geometric quality measure about the
performance of the proposed estimation process. The red line
shows the path followed by the camera/gripper mounted on
the robot. It is then possible to recognize both the initial
baseline and the catching path in which the gripper follows
the predicted ball trajectory during the catch. In Fig. 14(c), the
blue circle denotes the space occupied by the opened gripper
that is placed at a safety distance from the ground.

Further to the geometrical path, another quality index to
measure the performance of the estimation process is a com-
parison along the time between the ground truth and the
final predicted trajectory. With reference to the throw shown
in Fig. 14(a), the time histories of both the ground truth
(i.e., the space traced by the ball) and the predicted trajectories
are shown in Fig. 15. Again, the time histories of the predicted
trajectory fit inside the ground truth.

The predicted interception points p, for the throw of
Fig. 14(a) at each estimation time ¢;, projected in both the
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Fig. 15. Time histories of the ground truth (in green) and the final predicted
trajectory (in blue) of the throw shown in Fig. 14(a).
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Fig. 16.  Sequence of the interception points (cross points) projected onto the
(a) (x —y)-plane and (b) (z — y)-plane. The dashed lines represent the planned
path, starting from the current hand position (circle points) and ending at
the current estimated interception points. The continuous lines represent the
real path followed by the gripper, starting with the initial baseline (green)
and leading to the final catching point (biggest cross). The big orange circle
represents the final position of the ball measured by the OptiTrack system.
The big blue circle in the background is the estimated final position of the
gripper catching base. The color bar on the right identifies the refinements of
the interception points, while the related labels represent the number of visual
measurements employed by the estimation process of each refinement.

(x —y) and (z — y) planes of X, are represented with a cross
point in Fig. 16. The color bar identifies the ordered sequence
of such predicted interception points with reference to the

1028

1029

1030

AQ:19



1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050

1051

1052

1053
1054
AQ:2010s5
1056
1057
1058
1059
1060
1061
1062
1063

1064

1065

1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092

AQ:21 1093

number of employed measures, while the biggest brown cross
represents the final position p,. in which the estimate has been
considered as stable. The dashed lines represent the planned
path for the hand (Section VI), starting from the current
motion state and leading to the current estimated interception
position, while the continuous line is the real path followed
by the gripper, which starts with the baseline (green piece of
the path). It is worth noticing that the first estimated point,
the green one, is given by the linear estimation process. The
big orange circle is the full representation of the ball in the
final position measured by the OptiTrack system and projected
in the above mentioned planes of X;. The big blue circle in
the background is instead the space occupied by the gripper
base in the final estimated position and projected in the above
mentioned planes of X,. The information provided by Fig. 16
is twofold. First, it is possible to recognize the tolerance
between the real position of the ball and the space occupied
by the gripper at the interception point; then, another way to
measure the quality of the estimate is the evaluation of how
far the final estimated p, is from the center of the measured
position of the ball.

IX. CONCLUSION

A new technique to catch a thrown ball with a robotic sys-
tem endowed of only a single camera mounted in eye-in-hand
configuration has been provided. The proposed novelties are:
a subpixel refinement for the circle detector visual algorithm;
a statistical reliability test to reduce image noise and possible
outliers; and dealing with flying, bouncing and rolling balls
in the same framework changing neither the estimator nor the
control law. The effectiveness of the proposed approach has
been demonstrated in both theory and experimental results on a
common industrial robotic setup. An experimental comparison
of the achieved results with the measurements given by an
OptiTrack motion-capture system has been provided.
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