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

Abstract— In this paper, a unified control framework is1

proposed to realize a robotic ball catching task with only a2

moving single-camera (eye-in-hand) system able to catch flying,3

rolling, and bouncing balls in the same formalism. The thrown4

ball is visually tracked through a circle detection algorithm.5

Once the ball is recognized, the camera is forced to follow6

a baseline in the space so as to acquire an initial dataset of7

visual measurements. A first estimate of the catching point is8

initially provided through a linear algorithm. Then, additional9

visual measurements are acquired to constantly refine the current10

estimate by exploiting a nonlinear optimization algorithm and11

a more accurate ballistic model. A classic partitioned visualAQ:1 12

servoing approach is employed to control the translational and13

rotational components of the camera differently. Experimental14

results performed on an industrial robotic system prove the15

effectiveness of the presented solution. A motion-capture system is16

employed to validate the proposed estimation process via ground17

truth.18

Index Terms— Ball detection, ball tracking, bouncing and19

rolling balls, partitioned visual servoing, real-time trajectory20

estimation, robotic ball catching.21

I. INTRODUCTION22

CATCHING a thrown ball is often a good exercise to check23

human reflexes. The same task could be applied to an24

advanced robotic platform to test new control methodologies.25

Furthermore, such a challenging scenario covers several areas26

like fast visual detection and tracking, motion estimation,27

prediction and coordination, on-line trajectory planning, and28

so on. Hence, the ball catching task might contribute in paving29

the way toward the next generation of robots, which should30

be provided with the above mentioned skills.31

The task of catching a thrown ball can be generally split into

AQ:2

32

three subproblems: 1) ball detection; 2) trajectory estimation;33

and 3) robot motion control. Several works are present in34

the literature covering each of the aforementioned subprob-35

lems. Usually, high-speed stereo vision system is required to36
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solve the first subproblem. Through the approach proposed 37

in this paper, partially introduced in [1]–[3], it is shown both 38

from a theoretical and practical point of view that the problem 39

of catching a thrown ball can be solved using only one camera. 40

Moreover, in this way, the cost of the overall equipment can 41

be reduced. Even if recently many low cost stereo systems 42

are available off the shelf, the computational cost to elaborate 43

at high frame rate (e.g., about 140 Hz) is still demanding 44

in the ball catching task and this can be lowered using a 45

monocular system, saving computational resources. Moreover, 46

with respect to previous works, the estimate of the trajectory is 47

improved in this paper considering also bouncing and rolling 48

balls within the same framework. 49

Each year an intensive progress in ball tracking and catching 50

tasks is achieved by the RoboCup competition; many table 51

tennis robots are challenging humans with great outcomes; 52

plenty of videos can be found on the net showing differ- 53

ent robotic ball catching techniques. Even mobile humanoid 54

robots, with a stereo-camera system, have been used in such 55

a task [4], [5]. Nevertheless, authors do believe that the first AQ:356

case of a robotic ball catcher employing only a single moving 57

camera and coping with rolling, bouncing, and flying balls 58

in the same framework, i.e., without changing either the 59

estimator or the control law, is presented in this paper. In more 60

detail, a standard industrial robot manipulator is equipped 61

with a charge-coupled device camera mounted directly on 62

the manipulator end effector (eye-in-hand configuration). 63

Different from [1]–[3], the ball is recognized through a circle AQ:464

detection algorithm based on the method developed in [6]. 65

One of the novelties of this paper is the improvement of 66

the approach proposed in [6] along the lines of the work 67

introduced in [7], so as to provide a subpixel accuracy to have 68

a measure of the ball centroid that ameliorates the trajectory 69

estimation process. Therefore, the proposed estimator is com- 70

posed of a continuous refinement of the ball interception point 71

through a nonlinear algorithm, whose initial starting condition 72

is provided by a fast linear estimation process. The initial 73

camera motion is thus commanded along a suitable baseline 74

so as to collect a sufficient initial number of visual data from 75

different points of view and provide such initial estimate. As 76

another novelty, the proposed ball trajectory estimator extends 77

what is already presented in [1] and [3] since now the process 78

is able to cope with rolling and bouncing balls too. A statistical 79

reliability test of the measures has been also introduced to 80

discard possible outliers in the measurements set. Last, but AQ:581

not least, the employed control law is more detailed than 82
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in [1] and [3], as well as in the policy employed for the83

intersection point selection. Related stability proofs are now84

provided. Experimental results demonstrate the effectiveness85

of the presented solution. The performance of the proposed86

trajectory estimator is shown through a comparison with the87

ground truth provided by a motion-capture system.88

The outline of this paper is as follows. The related work89

is presented in the next section. A general overview of the90

proposed algorithm is given in Section III. The algorithms for91

the ball detection and tracking are analyzed in Section IV.92

The ball trajectory estimator and interception policies are93

described in Section V. Section VI is devoted to describing the94

replanning of the robot path. The partitioned visual servoing95

is revised in Section VII. The employed setup is introduced96

in Section VIII and the experiments are critically discussed.97

Section IX provides the concluding remarks.98

II. RELATED WORK99

A brief literature review is now presented. It is clear from100

the following that very few papers address the monocular101

case in ball detection and trajectory estimation operations.102

Moreover, in this paper, the camera is also moving during103

the tracking/estimation since it is mounted in an eye-in-hand104

configuration. Modifying and/or employing some methods105

already presented in the literature concerning ball detection,106

trajectory estimation, and visual servoing, the authors have107

achieved the goal of catching a flying/bouncing/rolling ball108

through a single moving camera system within the same109

framework.110

A. Ball Detection111

Working in unstructured (or at least partially structured)112

environments requires recognizing some objects and key fea-113

tures in the scene [8]. Detecting a ball or, in general, a thrown114

object is thus crucial in robotic catching applications.115

A first distinction can be made on the basis of the number116

of the employed cameras in the visual system. On the one117

hand, a stereo visual system benefits using the triangulation118

method to reconstruct the 3-D position of the ball in the119

scene [6], [9]–[11], but requires a more accurate calibration120

procedure and sophisticate elaboration hardware. On the other121

hand, a monocular visual system has an easier calibration pro-122

cedure, but more effort has to be put in the 3-D reconstruction123

of the scene [12]–[16]. Besides this, in a monocular visual124

system, a classification about the position of the camera with125

respect to the robot can be taken into account. An eye-to-126

hand configuration is considered in [13], while the camera is127

mounted in an eye-in-hand configuration in [1] and [2].128

Another distinction can be made about the employed tech-129

niques to detect the thrown object. Using a threshold method,130

the difference between the actual image and some reference131

images is employed in [17]. An equalized color-based cluster-132

ing in the hue–saturation–lightness color space is considered133

in [1] and [2], while a circular gradient method to detect the134

ball in the images is utilized in [6].135

Other objects rather than balls can be thrown and136

detected in the image. For example, [18] can be takenAQ:6 137

as a starting point to investigate further aspects and 138

details. 139

B. Trajectory Estimation 140

The problem about motion estimation has been addressed in 141

several ways. This section considers the estimation performed 142

using a visual system in the particular context of the ball 143

catching. Hence, to predict the correct catching point where the 144

robot should intercept the thrown object, the motion trajectory 145

of this last has to be estimated. 146

A 2-D task is defined, as in [19], on the image plane of each AQ:7147

available camera. The robotic arm may catch the ball if such 148

2-D tasks are achieved simultaneously. The 3-D position of 149

the ball can be instead estimated by resorting to an extended 150

Kalman filter based on a Newtonian system that also considers 151

the effect of the air drag [17]. Six nonlinear regression methods 152

are compared in [20] to estimate translational and rotational 153

velocities of free-flying objects. 154

By starting from a set of images taken from a monocular 155

system, the estimate of the motion trajectory of a thrown 156

object can be performed using a least squares method [16] 157

(without modeling the air resistance). A least squares solution 158

is considered in [2], [13], and [21] too. 159

Many estimators are based on the so-called Chapman’s 160

strategy—the fielder should run at a proper speed to maintain 161

a constant increasing rate of the tangent of the ball’s elevation 162

angle [22]—for the ball catching [14], [15], [23]. 163

When the ball hits the ground, or other objects, the estimate 164

becomes more complicated due to the rebound effects. As an 165

example, this condition always appears during table tennis 166

games. To consider not only the energy loss of the ball after the 167

collision with the ground but also the air resistance, the visual 168

measurement errors, and the friction between the ball and 169

the ground, a first-order polynomial describing the bouncing 170

model is employed in [24]. Another model relating flying 171

and self-rotational velocities just before and after the rebound 172

is considered in [25]. The lift and drag aerodynamic effects 173

of the rebound are examined in [26], while the bouncing 174

phenomenon between a ping-pong ball and both the rigid 175

table and the racket rubber are exploited in [27] and [28]. 176

A 3-D model for rigid body impact with tangential compli- 177

ance, represented through springs, is presented in [29]. 178

Finally, other estimators either make use of proper neural 179

networks [30] or follow a programming-by-demonstration 180

approach to find a feasible catching configuration in a proba- 181

bilistic manner [31]. 182

C. Robot Motion Control 183

On the basis of the configuration of the visual system, the 184

robot controller has to consider either the ball tracking, or the 185

ball interception or both the tasks. 186

The most common visual servoing approaches are the 187

position-based and image-based methods [32]. A combination 188

of these lasts is used in [12] to catch a ball moving on a 189

table, and in [13] to solve the complete 3-D task. A dynamic 190

version of the aforementioned approaches is proposed 191

in [33]. Decoupling translational and angular components 192
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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 visual193

approaches [34]–[36].194

The importance in regulating the impedance of the hand or195

the arm during a ball catching action is highlighted in [37]: a196

human could miss the ball when the arm is both stiff beyond197

necessity and too compliant.198

A nonprehensile way to manipulate the thrown ball is199

considered in [21]. After the dynamic catch, a balancing200

controller is considered to keep the ball on a plate mounted201

on the robot end effector.202

III. ALGORITHM OVERVIEW203

The overview of the proposed method for catching a thrown204

ball in the 3-D space with a monocular visual system is shown205

in the block diagram of Fig. 1. Once the ball is detected206

by the visual system, the camera mounted in an eye-in-hand207

configuration is forced to follow a suitable baseline in the208

3-D space. A partitioned visual servoing control is employed209

to both keep the ball in the field of view of the camera210

(through the camera orientation) and follow the planned path211

(camera position). The starting baseline is performed to ensure212

a well-conditioned estimation problem and collect/process213

visual information so as to get a first prediction of the ball214

trajectory with a rough linear estimate. This prediction is215

employed as a starting point for a more precise nonlinear216

refinement process of the trajectory that also considers the217

case of rolling and bouncing balls. When a new estimate of218

the robot interception pose is available, the on-line motion219

planner smoothly switches its target to the new one, always220

keeping the ball in the camera field of view. Hence, the221

visual measurements are continuously acquired and processed222

by the nonlinear optimization algorithm. Finally, when the223

continuous refinement does no longer improve the prediction224

of the trajectory significantly, the final catching pose of the225

robot can be computed. To accommodate the ball into the226

robotic gripper, the robot kinematics is considered.227

IV. VISUAL BALL DETECTION AND TRACKING228

The presence of a ball in the camera’s field of view is229

evaluated with an algorithm derived from the circular-shape230

detection proposed in [6] and [38]. The main advantages with231

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

respect to the classical Hough transform are the absence of 232

decision thresholds or parameters calibration, and the high 233

robustness with respect to changes in lighting conditions. 234

Let I(X I , YI ) denote the light intensity (m × n) matrix 235

provided by the camera, where X I and YI represent the pixel 236

coordinates of the image sensor. The circular response function 237

Cr (X I , YI ) ∈ [0, 1] considered in this paper represents the 238

degree of affinity between the circular region with radius r 239

of the image at the point (X I , YI ) with respect to a radial 240

intensity gradient (i.e., it represents the average fraction of 241

the radial intensity gradient on the circle). In details, this AQ:8242

affinity is established with respect to the gradient of the image 243

intensity at the border of the considered circular region with 244

the following: 245

Cr (X I , YI ) = 1

2π

∫ 2π

0

([
cα

sα

]
C
([

X I + rcα

YI + rsα

]))2

dα (1) 246

where cα = cos(α) and sα = sin(α). The matrix C represents 247

the contrast-normalized Sobel filter,1 which is defined as 248

follows [6]: 249

C =

√
2

⎡
⎣
⎡
⎣−1 0 1
−2 0 2
−1 0 1

⎤
⎦ ∗ I

⎡
⎣−1 −2 −1

0 0 0
1 2 1

⎤
⎦ ∗ I

⎤
⎦

T

√√√√√16

⎡
⎣1 2 1

2 4 2
1 2 1

⎤
⎦ ∗ I2 −

⎛
⎝
⎡
⎣1 2 1

2 4 2
1 2 1

⎤
⎦ ∗ I

⎞
⎠

2

+ ε2

250

(2) 251

where ε = 1 is the discretization unit of pixel intensity 252

preventing singularities in constant image areas and the oper- 253

ator ∗ represents the linear convolution. Equation (1) is thus 254

the integral of the squared scalar product of the contrast- 255

normalized Sobel filter with the radial direction. For more 256

details, see [6], [38]. Moreover, notice how the matrix C has 257

two different channels, namely, C = [ CX CY ]T, with the 258

same size of I. Fig. 2 shows the contrast-normalized Sobel 259

filter matrix of a ball in an image. Notice the radial distribution 260

of C close to the border of the ball.

AQ:9

261

1Different 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 Ar be the affinity matrix for a given radius r , which is262

defined as follows:263

Ar =
{
Cr (X I , YI ) (X I , YI ) ∈ �r

0 otherwise
(3)264

where �r = [r, . . . , m−r −1] × [r, . . . , n−r −1]. The pixelsAQ:10 265

of the image that are the possible candidates at the center of a266

circle are evaluated by applying a threshold αmin to the set of267

affinity matrices in the range of radius of interest r− ≤ r ≤ r+,268

with 0 < r− < r+ < (min(m, n) − 3)/2. In Fig. 3, the269

flowchart of the ball detection process is represented, while270

a graphical representation of the affinity matrix of an image271

corresponding to the maximum circular correspondence is272

shown in Fig. 4.273

A. Affinity Matrix Evaluation274

The evaluation of the affinity matrix Ar strongly affects the275

overall performance of the ball detection algorithm. Hence,276

more details on the adopted approach are provided in this277

section.278

Note that discretizing Cr (X I , YI ), with (X I , YI ) ∈ �r ,279

is equivalent to the arithmetic mean of the values of C in280

correspondence with the points of any circular region281

Fig. 5. Representation of the evaluation of the affinity matrix in the
case r = 3.

�r (X I , YI ) of radius r and centered at (X I , YI ). Let 282

Ĉr (X I , YI ) denote the square region of C with 2r +1 elements 283

for each side and centered at (X I , YI ). Then the contribution 284

of the element at point P ∈ �r (X I , YI ) is (Ĉr (X I , YI )rP)2, 285

where rP is the radial unit vector pointing from (X I , YI ) to P .

AQ:11

286

Note that the number of unit vectors employed does not 287

depend on the points where Ar is evaluated. By considering 288

the square dual-channel matrix K of dimension 2r +1 defined 289

as follows: 290

Kr
(
X ′

I , Y ′
I

) =
{

r(
X ′

I ,Y
′
I

) (
X ′

I , Y ′
I

) ∈ �r (X I , YI )

0 otherwise
(4) 291

the affinity matrix Ar can be evaluated with a linear convolu- 292

tion of the matrix C with Kr . Fig. 5 shows the evaluation of A3 293

using the kernel K3. On the other hand, the evaluation of the 294

points on a circumference of radius r is required to evaluate 295

the kernel Kr . To this purpose, the algorithm proposed in [39] 296

is employed with the advantage of considering only integer 297

values and reflection properties. 298

B. Parallelization 299

The number of operations required for the evaluation of 300

the affinity matrices rapidly grows with the dimension of 301

the image [e.g., the evaluation of the affinity matrix for an 302

image of (512 × 368) pixels requires about 109 operations]. 303

To reduce the computational time, several arrangements should 304

be introduced. The kernels required for the evaluation of 305

the affinity matrices are precomputed during the initialization 306

phase of the algorithm. Moreover, the sparse nature of these 307

matrices requires a specific sparse matrix representation. 308

The evaluation of C is performed by parallelizing the 309

computation of its two channels. Moreover, each channel can 310

be processed by parallelizing the horizontal and the vertical 311

components of the gradient of I via the Sobel operator. Finally, 312

also the denominator of (2) is evaluated in parallel with respect 313

to the previous contributes, where the nonconstant terms are 314

evaluated by a linear convolution. 315

By employing specific single instruction multiple data oper- 316

ations, the evaluation of the affinity matrix is parallelized by 317

rows. Thanks to the symmetry of the employed kernels, it is 318
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possible to assume, without loss of generality, that the nonzero319

elements are 4 p, with p as any integer number. Hence, for320

r = r−, . . . , r+ and (X I , YI ) ∈ �r , it is possible to obtain321

Ar (X I , YI ) = 1

4 p

4p−1∑
k=0

(ukx wkx + uky wky )
2 (5)322

where uk = [ukx uky]T is an element of C and wk = [wkx wky]T
323

is an element of Kr , respectively. By denoting with qk =324

uT
k wk , with k = 0, . . . , 4 p−1, (5) can be rewritten as follows:325

Ar (X I , YI ) = 1

4 p

p−1∑
i=0

zi (6)326

where zi = q2
4i + q2

4i+1 + q2
4i+2 + q2

4i+3. The latter term can327

be evaluated as a scalar product that can be computed using328

an intrinsic function available on modern processors.329

C. Pyramidal Approach and Windowing330

The localization of a shape into an image with algorithms331

of template-matching requires a high number of calculations332

because, in general, it is necessary to explore the entire image333

and repeat the search several times for different size of the334

shape. Moreover, with the extension of the shape, the number335

of calculations rapidly increases. To reduce the processing336

time, a pyramidal approach can be employed. The technique337

consists in generating a copy in half resolution of the image338

by selecting the rows and columns of odd place. Iterating339

this process creates a number of images reproducing the same340

scene but with a lower level of detail. The loss of resolution341

can be recovered using the results achieved on a low-resolution342

image to recognize the region of interest, where we perform343

the search within the original image.344

Once a thrown ball has been detected for the first time,345

a windowing technique is employed. In details, a suitable346

region of interest for the searching algorithm can be set347

up on the basis of the position, radius, and velocity of the348

ball measured in the previous sequence of images. With this349

approach, a square searching region is positioned on the350

current image on the basis of the previous ball position and351

velocity, while its size depends on the previous radius and a352

suitable safety factor. In addition, the radius range of search353

is windowed starting from the previous estimate and ball354

direction.355

D. Subpixel Refinement356

The results achieved with the previous ball detection algo-357

rithm can be improved, thanks to the use of a post-elaboration358

process resulting in a subpixel accuracy. For each image, it359

is possible to observe that the intensity of the pixels, lying360

on an outgoing radial direction from the estimated ball center361

(see the previous sections), presents a distribution of values362

with an inflection point (Fig. 6). A linear searching algorithm363

can be employed to find the exact position pθi
= [xθi yθi ]T,364

i = 0, . . . , nd , of the ball contour along a finite number nd of365

radial directions spanning the whole circumference.366

Once a number of ball contour measurements are avail-367

able, a new circle with center (xc, yc) and radius rc, all368

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- 369

tion of a circle in a plane is represented by x2
θi

+ y2
θi

+ 370

ξ1(xc)xθi + ξ2(yc)yθi + ξ3(xc, yc, rc) = 0. Stacking all the 371

data, with i = 0, . . . , nd , a least squares approach can 372

be then employed to estimate ξ1, ξ2, and ξ3 from which, 373

in turn, the unknowns can be estimated as xc = −0.5ξ1, 374

yc = −0.5ξ2, rc = (0.25 ∗ (ξ2
1 + ξ2

2 ) − ξ3)
1/2. Measurements 375

that are statistically incoherent are discarded, and the estima- 376

tion process is repeated until all measurements are reliable. 377

In particular, the distance dθi from each point pθi
and the above 378

estimated circle with center (xc, yc) and radius rc is evaluated 379

and saved in an array. The mean and standard deviation of 380

such an array are then calculated. The points whose distance 381

dθi outperforms the standard deviation by a certain factor are 382

discarded and the above described least squares approach is 383

performed again with the surviving points until no elements 384

are rejected. 385

Several examples of the achieved results are shown in Fig. 7. 386

Moreover, it has been verified during the experimental tests 387

that the proposed algorithm reduces the effect of the blur 388

around the contour of the ball, caused by the high-velocity 389

motion of the ball in the image, and improves the accuracy 390

of the estimation process (Sections V and VIII-B). Note that 391

other methods might be employed for subpixel accuracy for 392

moving cameras [7]. 393

V. BALL TRAJECTORY ESTIMATION 394

Let 	b, 	e and 	c = Oc − xcyczc be the robot base frame, 395

fixed with respect to the ground, the end-effector frame, and 396

the camera frame, respectively (Fig. 8). Since 	e and 	c are 397

fixed with respect to each other, only 	c is considered in the 398

remainder of this paper. The camera optical axis is then aligned 399

with the approaching axis of 	e. 400

Let s = [X Y ]T be the normalized image coordinates vector 401

of the centroid of the ball, i.e., the center of the circle detected 402

in Section IV. By denoting with s̃ = [sT 1]T, the position of 403

fabioruggiero
Highlight
Please change all the sentence as follows
"to recognize the Region of Interest (RoI), in which the search within the original image can be performed.".

fabioruggiero
Highlight
Please, delete this symbol.



IE
EE

Pr
oo

f

6 IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY

Fig. 7. Subpixel refinement examples.

Fig. 8. Camera reference frame 	c is shown in two different sample
times, t j and ti . 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 	c is404

pc
o = [xc yc zc]T = zc[X Y 1]T = zc s̃. (7)405

A. Initial Baseline and Linear Initialization406

A classic static triangulation method cannot be adopted in407

the proposed scenario because of the single employed camera.408

Hence, the proposed process estimates the 3-D trajectory of409

the ball interpolating 2-D visual measurements along the time.410

As soon as the ball is detected for the first time, the camera411

is commanded to move along a straight line, i.e., the initial412

baseline, in the 3-D Cartesian space with high velocity. To gain413

better results, such initial movement should be orthogonal to414

the direction of the throw. The orientation of the camera is415

controlled to keep the ball in its field of view (Section VII).416

The visual data collection along this path leads to a well-417

conditioned problem. Once the first dataset has been acquired,418

it is possible to start the procedure for the linear initialization.419

The last one is explained in [2], hence only a brief descriptionAQ:12 420

is here addressed.421

Let tk be the kth visual sample time, s̃k the corresponding422

measured image feature vector, and p = [x y z]T the points423

belonging to the camera optical ray and passing through the424

current origin of the camera Ck = [cx,k cy,k cz,k]T. The425

feature vector rk = [rx,k ry,k rz,k]T = Ck + Rc,k s̃ can be426

defined by the following representing a straight line in the 427

3-D space (Fig. 8): 428{
(ry,k − cy,k)x + (cx,k − rx,k)y + rx,kcy,k − ry,kcx,k = 0

(rz,k − cz,k)x + (cx,k − rx,k)z + rx,kcz,k − rz,kcx,k = 0
429

(8) 430

where Rc,k is the rotation matrix of 	c with respect to 	b 431

at time tk . Both Ck and Rc,k are provided by the robot direct 432

kinematics. 433

A simplified model of the ball trajectory is considered 434

during this initialization phase, i.e., the effect of the air drag 435

to the motion of the ball is neglected 436

po(t) = p0 + v0t + 0.5gt2 (9) 437

with po the (3 × 1) position vector of the ball with respect 438

to 	b, g the gravity acceleration, p0 and v0 the (3 × 1) 439

the vectors of the initial position and velocity of the ball 440

(t = 0), respectively, and is corresponding to the time of the 441

first ball detection. Note that without loss of generality, the 442

gravity acceleration is aligned to the axis y of the chosen 	b, 443

i.e., g = [0 g 0]T with g = 9.81 m/s2. 444

At each tk , the optical ray intersects the ball trajectory. 445

Folding (9) into (8) yields a system of two equations into six 446

unknowns, p0 and v0, that fully describes the trajectory of the 447

ball. Stacking the nl measurements into rows yields a system 448

of nl equations into six unknowns that can be solved through 449

a least squares solution. Additional considerations about this 450

stage are given in [1] and [2]. 451

The first interception point candidate is then computed. This 452

allows the robot to reach the predicted interception position, 453

whose computational details are provided in Section V-E at 454

the estimated catching time. The robot path is replanned as 455

described in Section VI. The rotational part of the camera, 456

instead, is kept free to track the ball to acquire more visual 457

measurements during the movement. The estimate provided 458

by this linear algorithm is employed as a starting point for 459

the next stage. 460

B. Nonlinear Estimation and Continuous Refinement 461

Meanwhile, the previous linear estimation process gives the 462

result, new visual measurements are collected. Afterward, both 463

these new visual measurements and the old ones are employed 464

in a nonlinear estimation process that starts initially from the 465

result obtained by the linear method. 466

In details, let sk be the centroid of the ball acquired at a 467

time tk , then the cost function to minimize is 468

min
p0,v0

ni∑
k=1

∥∥∥∥ 1

z̃c
k

[
x̃ c

k
ỹc

k

]
− sk

∥∥∥∥ (10) 469

with ni the current number of available visual measurements 470

at the current estimation time ti and p̃c
k the (3 × 1) estimated 471

position vector of the ball with respect to 	c, which is defined 472

as follows: 473

p̃c
k = [x̃ c

k ỹc
k z̃c

k

]T = RT
c,k

(
p̃k − Ck

)
. (11) 474

The estimated position of the ball p̃k(p0,i−1, v0,i−1, tk) is 475

numerically obtained by integrating the following ballistic 476
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model [17]:477

p̈o(t) = g − cwπd2
bρa

2mb
‖ ṗo(t)‖ ṗo(t) (12)478

with cw a coefficient depending on the thrown object, db the479

diameter of the ball, ρa the density of the air, and mb the mass480

of the ball. Hence, the model in (12) includes the air drag, and481

its numeric integration is sequentially performed in the time482

intervals [tk−1, tk], where k = 1, . . . , ni , t0 = 0, with initial483

conditions p0,i−1 and v0,i−1.484

By knowing the altitude of the floor with respect to 	b,485

it is possible to detect whether the ball hits the ground during486

the above-mentioned numerical integration. Without loss of487

generality, let p f = [0 γ 0]T be a point of the floor surface,488

which is horizontally placed with respect to 	b, where γ489

represents the height of the ground. The adopted bouncing490

model is the following [24]:491

vout = Kbvin + bb (13)492

in which Kb is a (3 × 3) diagonal matrix of coefficients493

representing the loss of energy with respect to the (3×1) vector494

of the ball velocity vin before the rebound, vout is a (3 × 1)495

vector of the ball velocity after the rebound, and bb is a496

(3 × 1) vector of coefficients added to refine the model497

considering, for instance, the effects of the air resistance,498

vision measure error, and the spin caused by friction on the499

ground. Hence, by defining e2 = [0 1 0]T, at each integration500

time, the condition eT
2 p̃k > eT

2 p f is verified during the forward501

integration of the model (12). When a rebound is detected, theAQ:13 502

current velocity is changed in accordance with (13).503

The purpose of minimizing (10) means that the initial504

conditions of the ballistic model are tuned to generate an505

estimated trajectory of the ball that minimizes the distance506

between the predicted projection of the ball onto the image507

plane and the corresponding measured observations of the ball508

along the time.509

In practice, the minimization of the cost function (10)510

is performed using the Levembert-Marquardt algorithm. The511

result at the estimation time ti is the updated values512

of p0,i and v0,i . As long as the current estimate of the catching513

time is sufficiently far from the actual time instant, if new514

measurements have been acquired, then the estimation process515

restarts using the current estimation as a starting solution,516

otherwise p0,i and v0,i become the final estimated results517

p0 and v0. Hence, such refinement process stops when the518

current estimate catching time is approaching with respect to519

the grasping time required by the available gripper. As soon520

as the new interception point is available, the robot path is521

replanned, as described in Section VI.522

C. Statistical Reliability Test523

Different from [1], a statistical procedure to deal with the524

presence of image noise is also proposed. During its motion,525

the ball can be subject to different illumination/shadow condi-526

tions that could generate different levels of noise in the mea-527

surements dataset. In details, once the minimization process528

ends at ti , the mean error, the standard deviation, and the con-529

tribution of each visual measurement sk to the error residual530

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

are evaluated. The visual measurements that contribute to the 531

error residual outperforming the standard deviation by a certain 532

factor are temporarily excluded for the next estimation process 533

at time ti+1 (update outliers list, Fig. 9). In particular, new 534

measurements should be available at the time in which such 535

nonlinear estimation process computes the updated values of 536

p0,i and v, i.e., the interception time/point. This new dataset 537

(without the measurements that have been classified as outliers 538

at the previous estimation time) is employed during the current 539

nonlinear refinement. Again, once the minimization process 540

ends, all the visual measurements (even the outliers) that 541

contribute to the error residual in a way that is not statistically 542

coherent are excluded for the next optimization. Note that in 543

this way, it should be possible to recover also measures that 544

have previously considered as outliers due to a rough initial 545

estimation. 546

This arrangement is hence able to significantly improve 547

the accuracy of the estimation process when noisy visual 548

measurements are available without losing significant mea- 549

surements. Some figures regarding such improvement are 550

given in Section VIII. 551

D. Rolling Balls 552

In parallel to the nonlinear estimation refinement process, a 553

condition is continuously tested to detect whether the balling is 554

rolling or not on the ground. A schematic is provided in Fig. 9. 555

As previously introduced, for each acquired visual measure- 556

ment s̃k , it is possible to associate the equations of the related 557
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optical ray (8). By knowing the position and orientation of558

the floor with respect to 	b, it is possible to compute the559

(3 × 1) intersection point pint,k between the straight line (8)560

and the ground. Afterward, it is possible to fit the available561

points pint,k , with k = 1, . . . , ni , through a polynomial curve562

on the ground plane. Note that this operation is performed563

only if each point pint,k belongs to the portion of the ground564

upon which the ball can feasibly roll. If the ball is flying, the565

observation angle of the optical ray will produce interception566

points with the floor that are not located in such portion of567

the ground.568

Without loss of generality, to consider both the ball spin569

and the effects of the friction on the floor, a parabolic path570

has been chosen as fitting curve. Hence, the three coefficients571

of the parabola that best fits all the ground points can be572

retrieved through a least squares solution. Once the parabola573

has been defined, the points pcur,k closest to the curve at574

point pint,k are computed. Note that in case of perfect fitting575

pcur,k = pint,k , with k = 1, . . . , ni . By knowing Ck and Rc,k ,576

each point pcur,k is then back projected onto the image plane577

obtaining the feature vector s̃cur,k . The norm of the residual578

error between the visual measurements and these ones derived579

by the estimated model is employed as a quality measure.580

If the residual error achieved with this last method is less than581

the residual of (10), the ball is considered as rolling on the582

floor.583

In case of rolling, the catching candidate point p× is584

computed as the intersection between the ground parabolic585

path and a predetermined goal line in the robot workspace. The586

camera’s orientation is kept parallel to the ground, the gripper587

is positioned at a safety distance from the floor, and its fingers588

are held open so as to lightly touch the floor. The final catching589

time t× is determined by the timing of the measurement on590

the parabolic path, since at each point pcur,k , it is associated to591

a time tk . On the basis of the above considerations, the robot592

path is replanned, as described in Section VI.593

E. Catching Point Selection594

In case the estimation process does not detect a rolling ball,595

for which it has been already described how the interception596

pose is selected, the current catching point candidate p× is597

evaluated with respect to the actual configuration along the598

current estimated trajectory of the ball, as deeply explained in599

the following. The catching time t× and the ball velocity υ× at600

p× can be evaluated from both the actual predicted trajectory601

and the robot kinematic model.602

In detail, the current estimated path T belonging to the603

working space of the robot arm is partitioned in several604

candidate catching points Pi ∈ T by a fixed step. For each Pi ,605

the inverse kinematics of the robot is calculated to compute606

the joint position of the robot arm. The inverse kinematics607

is computed through a closed-loop algorithm (CLIK) [32].2AQ:14 608

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.

A set of quality indices can be considered for the selection 609

of the best catching point. In this paper, joint limits and a 610

manipulability measure are suitably coupled through a convex 611

linear combination (see [32] for more details about the adopted 612

quality indices). The candidate catching point maximizing the 613

above defined convex linear combination of quality indices is 614

chosen as the current catching point p×. 615

Therefore, the robot path is replanned to lead the gripper 616

from the current state of the robot to the point p× at the 617

time t× with the same velocity of the ball υ× (the details are 618

shown in the next section). Note that the planned trajectory 619

could be not achievable with respect to the robot capabilities. 620

If the velocity υ× and the maximum required acceleration 621

for the end-effector, i.e., the camera, are greater than a 622

fixed limit chosen in a conservative way accordingly with 623

robot capabilities, then the catching time is suitably scaled. 624

Concerning the acceleration, denoting with amax the norm of 625

the maximum acceleration that the end effector can reach and 626

with p̈c,d the maximum planned acceleration, if ‖p̈c,d‖ > amax, 627

then the catching time is scaled as t̄× = t×(‖p̈c,d‖/amax)
1/2. 628

On the other hand, in the case of ‖υ×‖ > vmax, where vmax 629

is the chosen limit for the linear Cartesian velocity of the 630

robot, a reduced velocity is considered for the interception 631

time ῡ× = vmax(υ×/‖υ×‖), while the catching time is scaled 632

similarly to the acceleration case. 633

The catching path is then generated when the estimation 634

process stops. The camera’s orientation is controlled to have 635

a direction of the optical axis, i.e., of the gripper, equal to 636

the tangent to the estimated trajectory of the ball at p×. Once 637

the catching point is reached at t× with the same (or reduced) 638

velocity of the ball, the gripper is closed and moved along 639

the predicted path of the ball, while its velocity is decreased 640

to zero in a fixed time/space. In this way, it is possible to 641

dissipate the impact energy in a finite time interval. 642

VI. ON-LINE PATH REPLANNING 643

When a new hth estimation is available at time th , the 644

current robot path has to be modified in a smooth way to 645

reach the new estimated catching point. This means that such 646

a new path must guarantee the continuity with the current 647

motion state (position, velocity, and acceleration). A fifth-order 648

polynomial has been employed in [1] and [2]. To lower the 649

polynomial order, reducing the oscillations of the planned path 650

as much as possible, a classic cubic spline [32] employing only 651

third-order polynomials is instead used in this paper. 652

Hence, the following definition can be given for the desired 653

trajectory of the robot: 654

pc,d(t) = 
h(t) =

⎧⎪⎨
⎪⎩


h1(t) th ≤ t ≤ tv1


h2(t) tv1 ≤ t ≤ tv2


h3(t) tv2 ≤ t ≤ t f

(14) 655

where pc,d (t) is a (3×1) vector denoting the desired trajectory 656

for 	c with respect to 	b , t f = t× (or t f = t̄×, in case of 657

time scaling), and tv1 and tv2 are two time instants referred to 658

two generic virtual points in 
h(t). 659

The following equations in 12 unknowns—the four coeffi- 660

cients for each of the three cubic polynomials in (14)—can 661
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be imposed:662


h1(th) = 
h−1(th), 
̇h1(th) = 
̇h−1(th) (15a)663


̈h1(th) = 
̈h−1(th) (15b)664


h3(t f ) = p×, 
̇h3(t f ) = υ f (15c)665


̈h3(t f ) = 0 (15d)666


h1(tv1) = 
h2(tv1), 
̇h1(tv1) = 
̇h2(tv1) (15e)667


̈h1(tv1) = 
̈h2(tv1), 
h2(tv2) = 
h3(tv2) (15f)668


̇h2(tv2) = 
̇h3(tv2), 
̈h2(tv2) = 
̈h3(tv2) (15g)669

where 0 is the (3 × 1) null vector, while υ f = υ×670

(or ῡ× if ‖υ×‖ > vmax). Note that the effective location of671

the virtual points is irrelevant, since their position constraints672

are exploited for continuity only, and depends on the choice673

of tv1 and tv2 [a possible solution is tv1 = (t f − th)/3674

and tv2 = 2(t f − th)/3]. Finally, note that (15a) and (15b)675

are the equations relative to the initial conditions,676

(15c) and (15d) are the equations relative to the final677

conditions, and (15e) and (15g) are the equations relative to678

the two virtual points. Moreover, note that for h = 1, the con-679

tinuity is intended to be with respect to the planned baseline680

(Section V-A).681

VII. PARTITIONED VISUAL SERVOING CONTROL LAW682

The partitioned visual servoing control law described in this683

paper belongs to the category named resolved-velocity image-684

based visual servoing [32], for which it is assumed that the685

manipulator dynamics is considered directly by the low-level686

robot controller. Such a control law has already employed687

in [1] and [3] and has been introduced in [34]–[36]. Only688

the key features will be thus here reported: the reader may689

refer to the original papers for more details.690

The (6 × 1) absolute velocity vector of the camera691

υc
c = [ ṗcT

c ωcT
c ]T, the (6 × 1) absolute velocity vector of the692

thrown ball υc
o = [ ṗcT

o ωcT
o ]T, both expressed with respect693

to 	c, and the (2 × 1) velocity vector of the image feature ṡ694

in the image plane are related by the following [32]:695

ṡ = Lsυ
c
c + Ls�(−pc

o)υ
c
o (16)696

in which Ls = [Lsp(s, pc
o) Lso(s)] is the (2 × 6) interaction697

matrix of a point image feature defined as follows:698

Ls =

⎡
⎢⎢⎣

− 1

zc
0

X

zc
XY −1 − X2 Y

0 − 1

zc

Y

zc
1 + Y 2 −XY −X

⎤
⎥⎥⎦ (17)699

where Lsp and Lso are the (2 × 3) submatrices corresponding700

to the first and last three columns of (17), respectively, and701

�(·) is the (6 × 6) matrix702

�(·) =
[−I3 S(·)

0 −I3

]
(18)703

where In denotes the (n × n) identity matrix and S(·) the704

skew-symmetric matrix. Equation (16) can be rewritten as705

ṡ = Lsp
(
ṗc

c − ṗc
o + S

(− pc
o

)
ωc

o

)+ Lso
(
ωc

c − ωc
o

)
. (19)706

By exploiting the employed partitioned visual servoing707

controller, the translational components ṗc
c of the robot motion708

are devoted to move the robot to intercept the path of the ball 709

with the gripper mounted on the robot end effector [34]. 710

Given the desired trajectories pc,d , ṗc,d , and p̈c,d for the 711

camera frame, on the one hand, the translational components 712

of the velocity input for the camera frame 	c can be generated 713

as follows: 714

ṗc
c = RT

c

(
ṗc,d + K pep

)
(20) 715

with Rc the rotational matrix of the camera frame 	c with 716

respect to the base frame 	b , K p > 0 a diagonal constant 717

(3 × 3) gain matrix, and ep the (3 × 1) error vector between 718

the desired trajectory pc,d , and the one provided by the robot 719

direct kinematics at time t . On the other hand, the rotational 720

components of the velocity input for the camera frame 	c can 721

be generated in the image space as follows: 722

ωc
c = L†

so

[
Kso,eb2(es)τττ eb1(es) 723

− L̂sp
(
ṗc

c − ˆ̇pc
o + S

(− p̂c
o

)
ω̂

c
o

)]+ ω̂
c
o (21) 724

with † denoting the pseudoinverse of a matrix, p̂c
o the estimate 725

of the unknown position of the ball in 	c, and ṗc
c evaluated 726

in (20). Note that the matrix LsoLT
so is never singular since its 727

determinant is equal to 1/(X2+Y 2+1)3. The terms ˙̂pc
o and ω̂

c
o 728

are the estimates of the unknown absolute translational and 729

angular velocities of the ball with respect to 	c. Note that L̂sp 730

in (21) is an estimated term since it depends on p̂c
o. Moreover, 731

the error term es = −s is the image error vector becoming null 732

when the camera is pointed toward the centroid of the ball, 733

while the term τττ eb(es) is a threshold function defined as [3] 734

τττ eb1(es) =
⎧⎨
⎩

0, if ‖es‖ ≤ eb1(
1 − eb1

‖es‖
)

es , if ‖es‖ > eb1
(22) 735

with Kso,eb2(es) a (2 × 2) gain matrix defined as 736

Kso,eb2(es) =

⎧⎪⎨
⎪⎩

koI2, if ‖es‖ ≤ eb2

koe
βo

(‖es‖
eb2

− 1

)
I2, if ‖es‖ > eb2

(23) 737

where ko > 0 is a gain factor, eb2 > eb1 > 0 are proper 738

thresholds, and βo > 0 is a restraint factor tuning the 739

increasing rate of Kso. The details about how to estimate p̂c
o 740

(and then also L̂sp), ˙̂pc
o, and ω̂

c
o are given in the next section. 741

Finally, the input to the robot controller, i.e., the joint 742

velocity vector, can be computed as [32] 743

q̇ = J†(q)Tcv
c
c + N J Kr q̇r (24) 744

with q the vector of joint positions, J(q) the Jacobian matrix 745

of the robot that is pseudoinverted, as denoted in [32], Tc the 746

(6 × 6) matrix relating υc
c to the velocity of the robot end 747

effector with respect to the base frame, N J the projector matrix 748

into the null space of the robot Jacobian, Kr a diagonal positive 749

definite gain matrix, and q̇r a set of joint velocities employed 750

in a possible redundancy management to optimize some other 751

subtasks [40], e.g., joint limits and singularities avoidance, 752

increasing the manipulability. 753
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A. Estimation of the Ball-Camera Relative Motion754

The necessary quantities to be estimated in (21) are the755

linear position p̂c
o, linear velocity ˙̂pc

o, and angular velocity ω̂
c
o756

of the center of the ball with respect to 	c. Starting from the757

current estimate of the position p0 and velocity v0 of the ball,758

the ballistic model (12) is numerically integrated in the time759

interval [0, ti ]. In this way, p̂c
o can be obtained at a certain760

time t . With the same numerical integration, it is also possible761

to obtain the estimate of the linear velocity ˙̂pc
o. It is worth762

noting that the first estimate of p0 and v0 is obtained after763

nl measurements (Section V-A). Before nl measurements are764

collected, to compute the above mentioned quantities, an initial765

value of p0 and v0 should be anyhow provided. Hence, a766

statistical calibration has been preliminary realized to retrieve767

a rough initial estimation of p0 and v0.768

Finally, the angular velocity can be retrieved as769

ω̂
c
o = (p̂c

o × ˙̂pc
o

)∥∥p̂c
o

∥∥−2 = S
(
p̂c

o

) ˙̂pc
o

∥∥p̂c
o

∥∥−2
. (25)770

B. Stability Proofs771

Before starting with the proofs, it is necessary to give772

some bounds about the quantities given in Section VII-A.773

In particular, considering what is written in Section VII-A774

and (12), the following hold:775 ∥∥ ˙̂pc
o

∥∥ ≤ B1 < ∞ (26)776 ∥∥p̂c
o

∥∥ ≤ B2 < ∞ (27)777

where B1 and B2 are two positive limited bounds778

since ˙̂pc
o and p̂c

o are numerically integrated, as described779

in Section VII-A, and this means that they are a finite sum780

of finite elements. Moreover, they can be also saturated by781

programming code. For the angular part, considering (25) and782

the property that the Eucledian norm of a skew-symmetric783

matrix of a vector is equal to the norm of the vector itself, the784

following bound can be considered:785 ∥∥ω̂c
o

∥∥ ≤ B3 < ∞ (28)786

with B3 = B1/B2 a positive limited bound since B1 and B2787

are positive and limited. Finally, the following physical bounds788

can be considered:789 ∥∥pc
o

∥∥ ≤ B4 < ∞ (29a)790 ∥∥ṗc
o

∥∥ ≤ B5 < ∞ (29b)791 ∥∥ωc
o

∥∥ ≤ B6 < ∞. (29c)792

For what concerns the stability proofs of the system, the793

following theorems hold.794

Theorem 1: Provided that K p is a positive definite matrix,795

the control law (20) ensures an asymptotic convergence to zero796

of the position error ep .797

Proof: The time derivative of the position error can be798

computed as799

ėp = d

dt
(pc,d − pc(t)) = ṗc,d − ṗc (30)800

where pc(t) is the (3 × 1) vector denoting the current position801

of the camera with respect to 	b at time t , computed by802

solving the direct kinematics of the robot, while ṗc is the803

related translational velocity of the camera with respect to 	b. 804

Premultiplying by Rc both sides of (20) and folding the result 805

into the previous equation yields 806

ėp + K pep = 0. (31) 807

Since K P is a positive definite matrix, usually a diagonal 808

matrix, the previous system is asymptotically stable and the 809

error ep tends to zero along the trajectory with a convergence 810

rate depending on the eigenvalues of K p . � 811

Theorem 2: The system (19), equivalent to (16), is asymp- 812

totically stable under the control laws (20) and (21), in 813

the presence of a perfect estimate of the unknown terms. 814

Otherwise, only stability can be ensured, where the bounds 815

can be determined by tuning the gain ko. 816

Proof: The following analysis is performed using the 817

direct Lyapunov theorem. Consider the following candi- 818

date Lyapunov function V (es) = eT
s Kses , where Ks is a 819

(2 × 2) positive definite diagonal matrix. By noticing that 820

ės = −ṡ, computing the time derivative of V (es) and 821

considering (19)–(21) yield V̇ = −α1 − α2 − α3, where 822

α1 = eT
s Ks(Lsp − L̂sp)ṗc

c (32a) 823

α2 = eT
s KsKso,eb2(es)τ eb1(es) (32b) 824

α3 = eT
s Ks

(
Ls�

(− pc
o

)
υc

o − L̂s�
(− p̂c

o

)
υ̂

c
o

)
. (32c) 825

If each term in (32) is strictly positive, then V̇ < 0. 826

However, no term in (32) is a quadratic form, hence only 827

qualitative considerations can be achieved. 828

If L̂sp = Lsp, the term α1 in (32a) vanishes, but there is 829

no guarantee that such condition can happen. Nevertheless, 830

the α1 term is bounded since the condition for updating L̂sp 831

through the estimate of p̂c
o seems to be the optimal one during 832

the experiments [41]. 833

By considering (22) and (23), the term α2 in (32b) can be 834

bounded as follows: 835

0 ≤ α2 ≤ eT
s Ks

⎛
⎜⎝koe

βo

(‖es‖
eb2

− 1

)
I2

⎞
⎟⎠ es . (33) 836

By choosing Ks = ko exp[βo((‖es‖/eb2) − 1)]I2, the last 837

term in (33) is positive definite. Hence, α2 is always positive 838

and limited. 839

The α3 term in (32c) vanishes in case of perfect estimate. 840

Otherwise, nothing can be said about the sign of α3. Denoting 841

with λ the maximum eigenvalue of Ks and with σM (·) the 842

maximum singular value of a matrix, recalling that 843

Ls = [Lsp Lso], L̂s = [L̂sp Lso], υc
o = [ṗc

o ωc
o] and 844

υ̂
c
o = [˙̂pc

o ω̂
c
o], considering (29), the following expression 845

for α3 holds α3 = α3,1 + · · ·α3,6, where each term can be 846

bounded as follows: 847

α3,1 = eT
s KsLspṗc

o ≤ λσM (Lsp)B5‖es‖ (34a) 848

α3,2 = eT
s KsLspS(ωc

o)p
c
o ≤ λσM (Lsp)B6 B4‖es‖ (34b) 849

α3,3 = −eT
s KsL̂sp

˙̂pc
o ≤ λσM (L̂sp)B1‖es‖ (34c) 850

α3,4 = esKs L̂spS(−p̂c
o)ω

c
o ≤ λσM (L̂sp)B2 B6‖es‖ (34d) 851

α3,5 = −eT
s KsLsoω̂

c
o ≤ λσM (Lso)B3‖es‖ (34e) 852

α3,6 = eT
s KsLsoω

c
o ≤ λσM (Lso)B6‖es‖. (34f) 853
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CIGLIANO et al.: ROBOTIC BALL CATCHING 11

Fig. 10. Architecture of the ball catching system.

Hence, supposing that α1 is positive definite, consider-854

ing (33), the particular choice for Ks , and the expressions855

in (34), the following bounds for V̇ hold:856

V̇ ≤ −eT
s KsKses + λB‖es‖ ≤ −λ(λ‖es‖ − B)‖es‖ (35)857

where B = σM (Lsp)(B5 + B6 B4) + σM (Lso)(B3 + B6) +858

σM (L̂sp)(B1 + B2 B6). Hence, from (35), it is possible to859

conclude that when ‖es‖ > B/λ, then V̇ < 0 and then the860

system is asymptotically stable. When ‖es‖ ≤ B/λ nothing861

can be said about the sign. Hence, the term B/λ is the bound862

for the error es . To reduce the bound, λ → ∞, the gain ko863

should be increased as much as possible with respect to the864

employed controller sample time.865

In conclusion, in case of a perfect estimate, the terms α1 and866

α3 vanish, while α2 is positive and limited. Then, the chosen867

control laws lead to an asymptotically stable system. In case868

of an imperfect compensation, instead, the error in the image869

plane is anyway bounded. �870

For a ball catching task, this stability condition can be871

considered sufficient, because the visual control goal is mainly872

in keeping the ball in the field of view of the camera.873

VIII. EXPERIMENTS874

The employed experimental setup is shown in Fig. 10.875

An USB IDS uEYE UI-1220SE-C camera is mounted in eye-876

in-hand configuration directly at the center of the base of877

the gripper. This last is made up of two brushed dc motors,878

with a metal gearbox and an integrated quadrature encoder.879

Through a rack-and-pinion mechanism, the motion of these880

motors allows the closure of the gripper fingers. The gripper881

is in turn mounted on a Comau Smart-Six robot manipulator882

standing on a sliding track. The Comau C4G control unit is883

in charge of the compensation of the robot dynamics.884

An external PC with Ubuntu OS and a patched RTAI real-885

time kernel generates the references for the robot each 2ms.886

A second PC with Windows OS is in charge of the visual887

elaboration process and communicates with the first one888

through an user datagram protocol (UDP) over a gigabit-889

dedicated LAN. A high-priority multithread programming has890

been employed to improve the stability of the elaboration891

time and synchronize the visual measurements with the robot 892

motion. 893

To provide a ground truth for the proposed estimation 894

algorithm, an OptiTrack motion-capture system composed of 895

10 S250e cameras has been employed to track the ball during 896

its motion. 897

A. Technical Details 898

The portion of the camera image employed for the ball 899

detection is limited to (368 × 512) pixels. On the basis of 900

the available ball, the range of radius of interest for the first 901

detection is [10, 14] pixels, which corresponds to a distance 902

of the ball from the camera in the range of [5, 6] m. For other 903

balls, these parameters have to be retuned. The RoI window 904

is dynamically placed and sized with respect to the current 905

radius of the detected ball. At the first detection, its dimension 906

is set to (38 × 38) pixels. With this configuration parameter, 907

the acquisition frame rate is speeded up to 140 frames/s. 908

The available ball has a diameter of 8.5 cm and a weight of 909

about 32 g. Six soft reflecting markers are attached to the ball 910

to enable the OptiTrack system to observe it. These markers 911

do not affect the visual detection of the ball in the scene since 912

they do not alter the ball shape. The coefficients of the air drag 913

factor have been tuned to cw = 0.45 and ρa = 1.293 kg/m3. 914

On the basis of the available robot, the gain matrix in (20) 915

has been set by experimental tuning to K p = 500I3, while 916

the gains in (21) have been tuned to ko = 200, eb1 = 10 and 917

eb2 = 100. 918

Using the OptiTrack system, it has been possible to measure 919

the rebound of the chosen ball on the ground. Hence, a 920

calibration procedure has been adopted to tune the parameters 921

Kb and bb in (13). In details, the motion-capture system has 922

provided the 3-D position of the six markers at a frequency 923

of 250 Hz. By knowing both the geometrical features of the 924

ball and the position of these markers, it has been possible 925

to reconstruct the real ballistic trajectory of the ball. A set of 926

20 trajectories containing rebounded points has been acquired. 927

The ball velocities before and after the rebound have been 928

computed with a filtered derivative of such trajectories. There- 929

after, the coefficients Kb and bb have been retrieved through 930

a least squares solution. For example, the obtained values are AQ:15931

Kb = diag[0.2 −0.785 0.55], while bb has been approximated 932

to a null vector since its values are very small with respect to 933

Kb for the current set-up. 934

The intrinsic redundancy of the chosen robotic platform 935

has been exploited in (24) to avoid joint limits, kinematic 936

singularities, and to reduce the movements of the sliding track 937

since its dynamics is considerably slower than those of the 938

other joints. 939

On the basis of the available setup, the initial baseline has 940

a planned length of 50 cm that should be performed by the 941

camera in 500 ms. The first estimate of the trajectory starts 942

when about nl = 45 samples have been collected, i.e., after 943

about 320 ms. Therefore, typically, the first catching trajectory 944

starts before the end of the baseline path. 945

Latency periods and delays between the robot control PC, 946

the C4G control unit, and the visual elaboration PC have 947
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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 direct948

kinematic measurements of the robot with the visual data.949

B. Ball Detection and Tracking Results950

To evaluate the performance of the proposed subpixel951

refinement algorithm (Section IV-D), a (fixed) ball with a952

diameter of 9 cm has been observed at 15 different distances953

from the camera equally distributed by a step of 30 cm.954

Since the camera calibration parameters are known, from the955

observed radius of the ball in the image, it is possible to956

estimate the distance of the ball from the camera. The error957

between the real distance and the estimated one, normalized958

with respect to the ball radius, is shown in Fig. 11. The errors959

computed with the measurements taken through the subpixel960

refinement are represented in green, while the not refinedAQ:16 961

measurements are represented in red. In all cases, the refined962

measure significantly outperforms the integer estimations of963

the ball position and radius.964

With respect to a generic throw, the elaboration time965

of the proposed detection and tracking process with respect966

to the distance of the ball from the camera (which is related967

to the ball radius) is shown in Fig. 12. The whole elaboration968

time is represented in green, while the time required for the969

subpixel refinement process is represented in red. The dashed970

line indicates the time limit corresponding to the camera rate971

of 140 frames/s. Since Fig. 12 shows the elaboration time with972

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 973

goes from right to left. Hence, it is worth noting how the first 974

elaboration time is bigger than others because the detection 975

process is applied to the whole image, while from the second 976

step, the elaboration time is significantly reduced, thanks to 977

the windowing and tracking strategy. At the end (extreme left 978

of Fig. 12), once the ball is near to the camera, the elaboration 979

time increases since the ball radius increases in the image and 980

more pixels have to be elaborated. 981

C. Ball Catching Results 982

Several experiments have been performed with a number 983

of pitchers and varying light conditions. The percentage of AQ:17984

caught ball evaluated over a set of 300 shots (100 shots for 985

each of the three trials: rolling, bouncing, and flying ball) is 986

about 95%, namely, of the caught balls in the rolling case have 987

been 98, as well as in the flying ball case; while 89 balls have 988

been grabbed in the bouncing case. Hence, the main problems 989

originate from the employed rebound model and the related 990

parameters. Concerning the statistical reliability test, the mean 991

percentage of discarded outliers in each throw is about 11.5%, 992

while the accuracy of the final catching point, on the basis of 993

the OptiTrack measurements, has been improved about 5%. 994

This corresponds to an improvement of the interception point 995

of about 2–3 cm in the available setup. 996

An example of a possible ball trajectory for a given throw 997

with the overlay of the motion of the robot is shown in Fig. 13. 998

Moreover, a multimedia attachment (available also online3) 999

shows the performance of the proposed algorithm. 1000

The OptiTrack system has been employed to give a ground 1001

truth about the estimate of the ballistic trajectory. Some AQ:181002

examples are shown in Fig. 14(a)–(c): the case of a bouncing 1003

ball, the case of a normal throw, the case of a rolling ball, 1004

respectively. In all these pictures, the green tube is the space 1005

occupied by the ball during its motion toward the robot as 1006

measured by the OptiTrack system. The blue line is the 1007

final estimated trajectory of the centroid of the ball. It is 1008

possible to observe that the blue line is always inside the 1009

3Available at http://www.youtube.com/watch?v=gT8Zn6L5PEk.

fabioruggiero
Highlight
Please, remove "at the best".

fabioruggiero
Highlight
Please, change in "unrefined".

fabioruggiero
Highlight
Please change in
"The percentage of caught balls evaluated over a set of 300 shots (100 shots for each of the three trials: rolling, bouncing and flying ball) is about 95%: the caught balls in the rolling case have been 98, as well as in the flying case, while 89 balls have been grabbed in the bouncing case".

fabioruggiero
Highlight
OK



IE
EE

Pr
oo

f

CIGLIANO et al.: ROBOTIC BALL CATCHING 13

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 the1010

performance of the proposed estimation process. The red line1011

shows the path followed by the camera/gripper mounted on1012

the robot. It is then possible to recognize both the initial1013

baseline and the catching path in which the gripper follows1014

the predicted ball trajectory during the catch. In Fig. 14(c), the1015

blue circle denotes the space occupied by the opened gripper1016

that is placed at a safety distance from the ground.1017

Further to the geometrical path, another quality index to1018

measure the performance of the estimation process is a com-1019

parison along the time between the ground truth and the1020

final predicted trajectory. With reference to the throw shown1021

in Fig. 14(a), the time histories of both the ground truth1022

(i.e., the space traced by the ball) and the predicted trajectories1023

are shown in Fig. 15. Again, the time histories of the predicted1024

trajectory fit inside the ground truth.1025

The predicted interception points p× for the throw of1026

Fig. 14(a) at each estimation time ti , projected in both the1027

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).

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 	b, are represented with a cross 1028

point in Fig. 16. The color bar identifies the ordered sequence

AQ:19

1029

of such predicted interception points with reference to the 1030
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number of employed measures, while the biggest brown cross1031

represents the final position p× in which the estimate has been1032

considered as stable. The dashed lines represent the planned1033

path for the hand (Section VI), starting from the current1034

motion state and leading to the current estimated interception1035

position, while the continuous line is the real path followed1036

by the gripper, which starts with the baseline (green piece of1037

the path). It is worth noticing that the first estimated point,1038

the green one, is given by the linear estimation process. The1039

big orange circle is the full representation of the ball in the1040

final position measured by the OptiTrack system and projected1041

in the above mentioned planes of 	b. The big blue circle in1042

the background is instead the space occupied by the gripper1043

base in the final estimated position and projected in the above1044

mentioned planes of 	b . The information provided by Fig. 161045

is twofold. First, it is possible to recognize the tolerance1046

between the real position of the ball and the space occupied1047

by the gripper at the interception point; then, another way to1048

measure the quality of the estimate is the evaluation of how1049

far the final estimated p× is from the center of the measured1050

position of the ball.1051

IX. CONCLUSION1052

A new technique to catch a thrown ball with a robotic sys-1053

tem endowed of only a single camera mounted in eye-in-hand1054

configuration has been provided. The proposed novelties are:AQ:201055

a subpixel refinement for the circle detector visual algorithm;1056

a statistical reliability test to reduce image noise and possible1057

outliers; and dealing with flying, bouncing and rolling balls1058

in the same framework changing neither the estimator nor the1059

control law. The effectiveness of the proposed approach has1060

been demonstrated in both theory and experimental results on a1061

common industrial robotic setup. An experimental comparison1062

of the achieved results with the measurements given by an1063

OptiTrack motion-capture system has been provided.1064
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Robotic Ball Catching With an Eye-in-Hand
Single-Camera System

Pierluigi Cigliano, Vincenzo Lippiello, Member, IEEE, Fabio Ruggiero, Member, IEEE,
and Bruno Siciliano, Fellow, IEEE

Abstract— In this paper, a unified control framework is1

proposed to realize a robotic ball catching task with only a2

moving single-camera (eye-in-hand) system able to catch flying,3

rolling, and bouncing balls in the same formalism. The thrown4

ball is visually tracked through a circle detection algorithm.5

Once the ball is recognized, the camera is forced to follow6

a baseline in the space so as to acquire an initial dataset of7

visual measurements. A first estimate of the catching point is8

initially provided through a linear algorithm. Then, additional9

visual measurements are acquired to constantly refine the current10

estimate by exploiting a nonlinear optimization algorithm and11

a more accurate ballistic model. A classic partitioned visualAQ:1 12

servoing approach is employed to control the translational and13

rotational components of the camera differently. Experimental14

results performed on an industrial robotic system prove the15

effectiveness of the presented solution. A motion-capture system is16

employed to validate the proposed estimation process via ground17

truth.18

Index Terms— Ball detection, ball tracking, bouncing and19

rolling balls, partitioned visual servoing, real-time trajectory20

estimation, robotic ball catching.21

I. INTRODUCTION22

CATCHING a thrown ball is often a good exercise to check23

human reflexes. The same task could be applied to an24

advanced robotic platform to test new control methodologies.25

Furthermore, such a challenging scenario covers several areas26

like fast visual detection and tracking, motion estimation,27

prediction and coordination, on-line trajectory planning, and28

so on. Hence, the ball catching task might contribute in paving29

the way toward the next generation of robots, which should30

be provided with the above mentioned skills.31

The task of catching a thrown ball can be generally split into

AQ:2

32

three subproblems: 1) ball detection; 2) trajectory estimation;33

and 3) robot motion control. Several works are present in34

the literature covering each of the aforementioned subprob-35

lems. Usually, high-speed stereo vision system is required to36
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solve the first subproblem. Through the approach proposed 37

in this paper, partially introduced in [1]–[3], it is shown both 38

from a theoretical and practical point of view that the problem 39

of catching a thrown ball can be solved using only one camera. 40

Moreover, in this way, the cost of the overall equipment can 41

be reduced. Even if recently many low cost stereo systems 42

are available off the shelf, the computational cost to elaborate 43

at high frame rate (e.g., about 140 Hz) is still demanding 44

in the ball catching task and this can be lowered using a 45

monocular system, saving computational resources. Moreover, 46

with respect to previous works, the estimate of the trajectory is 47

improved in this paper considering also bouncing and rolling 48

balls within the same framework. 49

Each year an intensive progress in ball tracking and catching 50

tasks is achieved by the RoboCup competition; many table 51

tennis robots are challenging humans with great outcomes; 52

plenty of videos can be found on the net showing differ- 53

ent robotic ball catching techniques. Even mobile humanoid 54

robots, with a stereo-camera system, have been used in such 55

a task [4], [5]. Nevertheless, authors do believe that the first AQ:356

case of a robotic ball catcher employing only a single moving 57

camera and coping with rolling, bouncing, and flying balls 58

in the same framework, i.e., without changing either the 59

estimator or the control law, is presented in this paper. In more 60

detail, a standard industrial robot manipulator is equipped 61

with a charge-coupled device camera mounted directly on 62

the manipulator end effector (eye-in-hand configuration). 63

Different from [1]–[3], the ball is recognized through a circle AQ:464

detection algorithm based on the method developed in [6]. 65

One of the novelties of this paper is the improvement of 66

the approach proposed in [6] along the lines of the work 67

introduced in [7], so as to provide a subpixel accuracy to have 68

a measure of the ball centroid that ameliorates the trajectory 69

estimation process. Therefore, the proposed estimator is com- 70

posed of a continuous refinement of the ball interception point 71

through a nonlinear algorithm, whose initial starting condition 72

is provided by a fast linear estimation process. The initial 73

camera motion is thus commanded along a suitable baseline 74

so as to collect a sufficient initial number of visual data from 75

different points of view and provide such initial estimate. As 76

another novelty, the proposed ball trajectory estimator extends 77

what is already presented in [1] and [3] since now the process 78

is able to cope with rolling and bouncing balls too. A statistical 79

reliability test of the measures has been also introduced to 80

discard possible outliers in the measurements set. Last, but AQ:581

not least, the employed control law is more detailed than 82

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 the83

intersection point selection. Related stability proofs are now84

provided. Experimental results demonstrate the effectiveness85

of the presented solution. The performance of the proposed86

trajectory estimator is shown through a comparison with the87

ground truth provided by a motion-capture system.88

The outline of this paper is as follows. The related work89

is presented in the next section. A general overview of the90

proposed algorithm is given in Section III. The algorithms for91

the ball detection and tracking are analyzed in Section IV.92

The ball trajectory estimator and interception policies are93

described in Section V. Section VI is devoted to describing the94

replanning of the robot path. The partitioned visual servoing95

is revised in Section VII. The employed setup is introduced96

in Section VIII and the experiments are critically discussed.97

Section IX provides the concluding remarks.98

II. RELATED WORK99

A brief literature review is now presented. It is clear from100

the following that very few papers address the monocular101

case in ball detection and trajectory estimation operations.102

Moreover, in this paper, the camera is also moving during103

the tracking/estimation since it is mounted in an eye-in-hand104

configuration. Modifying and/or employing some methods105

already presented in the literature concerning ball detection,106

trajectory estimation, and visual servoing, the authors have107

achieved the goal of catching a flying/bouncing/rolling ball108

through a single moving camera system within the same109

framework.110

A. Ball Detection111

Working in unstructured (or at least partially structured)112

environments requires recognizing some objects and key fea-113

tures in the scene [8]. Detecting a ball or, in general, a thrown114

object is thus crucial in robotic catching applications.115

A first distinction can be made on the basis of the number116

of the employed cameras in the visual system. On the one117

hand, a stereo visual system benefits using the triangulation118

method to reconstruct the 3-D position of the ball in the119

scene [6], [9]–[11], but requires a more accurate calibration120

procedure and sophisticate elaboration hardware. On the other121

hand, a monocular visual system has an easier calibration pro-122

cedure, but more effort has to be put in the 3-D reconstruction123

of the scene [12]–[16]. Besides this, in a monocular visual124

system, a classification about the position of the camera with125

respect to the robot can be taken into account. An eye-to-126

hand configuration is considered in [13], while the camera is127

mounted in an eye-in-hand configuration in [1] and [2].128

Another distinction can be made about the employed tech-129

niques to detect the thrown object. Using a threshold method,130

the difference between the actual image and some reference131

images is employed in [17]. An equalized color-based cluster-132

ing in the hue–saturation–lightness color space is considered133

in [1] and [2], while a circular gradient method to detect the134

ball in the images is utilized in [6].135

Other objects rather than balls can be thrown and136

detected in the image. For example, [18] can be takenAQ:6 137

as a starting point to investigate further aspects and 138

details. 139

B. Trajectory Estimation 140

The problem about motion estimation has been addressed in 141

several ways. This section considers the estimation performed 142

using a visual system in the particular context of the ball 143

catching. Hence, to predict the correct catching point where the 144

robot should intercept the thrown object, the motion trajectory 145

of this last has to be estimated. 146

A 2-D task is defined, as in [19], on the image plane of each AQ:7147

available camera. The robotic arm may catch the ball if such 148

2-D tasks are achieved simultaneously. The 3-D position of 149

the ball can be instead estimated by resorting to an extended 150

Kalman filter based on a Newtonian system that also considers 151

the effect of the air drag [17]. Six nonlinear regression methods 152

are compared in [20] to estimate translational and rotational 153

velocities of free-flying objects. 154

By starting from a set of images taken from a monocular 155

system, the estimate of the motion trajectory of a thrown 156

object can be performed using a least squares method [16] 157

(without modeling the air resistance). A least squares solution 158

is considered in [2], [13], and [21] too. 159

Many estimators are based on the so-called Chapman’s 160

strategy—the fielder should run at a proper speed to maintain 161

a constant increasing rate of the tangent of the ball’s elevation 162

angle [22]—for the ball catching [14], [15], [23]. 163

When the ball hits the ground, or other objects, the estimate 164

becomes more complicated due to the rebound effects. As an 165

example, this condition always appears during table tennis 166

games. To consider not only the energy loss of the ball after the 167

collision with the ground but also the air resistance, the visual 168

measurement errors, and the friction between the ball and 169

the ground, a first-order polynomial describing the bouncing 170

model is employed in [24]. Another model relating flying 171

and self-rotational velocities just before and after the rebound 172

is considered in [25]. The lift and drag aerodynamic effects 173

of the rebound are examined in [26], while the bouncing 174

phenomenon between a ping-pong ball and both the rigid 175

table and the racket rubber are exploited in [27] and [28]. 176

A 3-D model for rigid body impact with tangential compli- 177

ance, represented through springs, is presented in [29]. 178

Finally, other estimators either make use of proper neural 179

networks [30] or follow a programming-by-demonstration 180

approach to find a feasible catching configuration in a proba- 181

bilistic manner [31]. 182

C. Robot Motion Control 183

On the basis of the configuration of the visual system, the 184

robot controller has to consider either the ball tracking, or the 185

ball interception or both the tasks. 186

The most common visual servoing approaches are the 187

position-based and image-based methods [32]. A combination 188

of these lasts is used in [12] to catch a ball moving on a 189

table, and in [13] to solve the complete 3-D task. A dynamic 190

version of the aforementioned approaches is proposed 191

in [33]. Decoupling translational and angular components 192
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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 visual193

approaches [34]–[36].194

The importance in regulating the impedance of the hand or195

the arm during a ball catching action is highlighted in [37]: a196

human could miss the ball when the arm is both stiff beyond197

necessity and too compliant.198

A nonprehensile way to manipulate the thrown ball is199

considered in [21]. After the dynamic catch, a balancing200

controller is considered to keep the ball on a plate mounted201

on the robot end effector.202

III. ALGORITHM OVERVIEW203

The overview of the proposed method for catching a thrown204

ball in the 3-D space with a monocular visual system is shown205

in the block diagram of Fig. 1. Once the ball is detected206

by the visual system, the camera mounted in an eye-in-hand207

configuration is forced to follow a suitable baseline in the208

3-D space. A partitioned visual servoing control is employed209

to both keep the ball in the field of view of the camera210

(through the camera orientation) and follow the planned path211

(camera position). The starting baseline is performed to ensure212

a well-conditioned estimation problem and collect/process213

visual information so as to get a first prediction of the ball214

trajectory with a rough linear estimate. This prediction is215

employed as a starting point for a more precise nonlinear216

refinement process of the trajectory that also considers the217

case of rolling and bouncing balls. When a new estimate of218

the robot interception pose is available, the on-line motion219

planner smoothly switches its target to the new one, always220

keeping the ball in the camera field of view. Hence, the221

visual measurements are continuously acquired and processed222

by the nonlinear optimization algorithm. Finally, when the223

continuous refinement does no longer improve the prediction224

of the trajectory significantly, the final catching pose of the225

robot can be computed. To accommodate the ball into the226

robotic gripper, the robot kinematics is considered.227

IV. VISUAL BALL DETECTION AND TRACKING228

The presence of a ball in the camera’s field of view is229

evaluated with an algorithm derived from the circular-shape230

detection proposed in [6] and [38]. The main advantages with231

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

respect to the classical Hough transform are the absence of 232

decision thresholds or parameters calibration, and the high 233

robustness with respect to changes in lighting conditions. 234

Let I(X I , YI ) denote the light intensity (m × n) matrix 235

provided by the camera, where X I and YI represent the pixel 236

coordinates of the image sensor. The circular response function 237

Cr (X I , YI ) ∈ [0, 1] considered in this paper represents the 238

degree of affinity between the circular region with radius r 239

of the image at the point (X I , YI ) with respect to a radial 240

intensity gradient (i.e., it represents the average fraction of 241

the radial intensity gradient on the circle). In details, this AQ:8242

affinity is established with respect to the gradient of the image 243

intensity at the border of the considered circular region with 244

the following: 245

Cr (X I , YI ) = 1

2π

∫ 2π

0

([
cα

sα

]
C
([

X I + rcα

YI + rsα

]))2

dα (1) 246

where cα = cos(α) and sα = sin(α). The matrix C represents 247

the contrast-normalized Sobel filter,1 which is defined as 248

follows [6]: 249

C =

√
2

⎡
⎣
⎡
⎣−1 0 1
−2 0 2
−1 0 1

⎤
⎦ ∗ I

⎡
⎣−1 −2 −1

0 0 0
1 2 1

⎤
⎦ ∗ I

⎤
⎦

T

√√√√√16

⎡
⎣1 2 1

2 4 2
1 2 1

⎤
⎦ ∗ I2 −

⎛
⎝
⎡
⎣1 2 1

2 4 2
1 2 1

⎤
⎦ ∗ I

⎞
⎠

2

+ ε2

250

(2) 251

where ε = 1 is the discretization unit of pixel intensity 252

preventing singularities in constant image areas and the oper- 253

ator ∗ represents the linear convolution. Equation (1) is thus 254

the integral of the squared scalar product of the contrast- 255

normalized Sobel filter with the radial direction. For more 256

details, see [6], [38]. Moreover, notice how the matrix C has 257

two different channels, namely, C = [ CX CY ]T, with the 258

same size of I. Fig. 2 shows the contrast-normalized Sobel 259

filter matrix of a ball in an image. Notice the radial distribution 260

of C close to the border of the ball.

AQ:9

261

1Different 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 Ar be the affinity matrix for a given radius r , which is262

defined as follows:263

Ar =
{
Cr (X I , YI ) (X I , YI ) ∈ �r

0 otherwise
(3)264

where �r = [r, . . . , m−r −1] × [r, . . . , n−r −1]. The pixelsAQ:10 265

of the image that are the possible candidates at the center of a266

circle are evaluated by applying a threshold αmin to the set of267

affinity matrices in the range of radius of interest r− ≤ r ≤ r+,268

with 0 < r− < r+ < (min(m, n) − 3)/2. In Fig. 3, the269

flowchart of the ball detection process is represented, while270

a graphical representation of the affinity matrix of an image271

corresponding to the maximum circular correspondence is272

shown in Fig. 4.273

A. Affinity Matrix Evaluation274

The evaluation of the affinity matrix Ar strongly affects the275

overall performance of the ball detection algorithm. Hence,276

more details on the adopted approach are provided in this277

section.278

Note that discretizing Cr (X I , YI ), with (X I , YI ) ∈ �r ,279

is equivalent to the arithmetic mean of the values of C in280

correspondence with the points of any circular region281

Fig. 5. Representation of the evaluation of the affinity matrix in the
case r = 3.

�r (X I , YI ) of radius r and centered at (X I , YI ). Let 282

Ĉr (X I , YI ) denote the square region of C with 2r +1 elements 283

for each side and centered at (X I , YI ). Then the contribution 284

of the element at point P ∈ �r (X I , YI ) is (Ĉr (X I , YI )rP)2, 285

where rP is the radial unit vector pointing from (X I , YI ) to P .

AQ:11

286

Note that the number of unit vectors employed does not 287

depend on the points where Ar is evaluated. By considering 288

the square dual-channel matrix K of dimension 2r +1 defined 289

as follows: 290

Kr
(
X ′

I , Y ′
I

) =
{

r(
X ′

I ,Y
′
I

) (
X ′

I , Y ′
I

) ∈ �r (X I , YI )

0 otherwise
(4) 291

the affinity matrix Ar can be evaluated with a linear convolu- 292

tion of the matrix C with Kr . Fig. 5 shows the evaluation of A3 293

using the kernel K3. On the other hand, the evaluation of the 294

points on a circumference of radius r is required to evaluate 295

the kernel Kr . To this purpose, the algorithm proposed in [39] 296

is employed with the advantage of considering only integer 297

values and reflection properties. 298

B. Parallelization 299

The number of operations required for the evaluation of 300

the affinity matrices rapidly grows with the dimension of 301

the image [e.g., the evaluation of the affinity matrix for an 302

image of (512 × 368) pixels requires about 109 operations]. 303

To reduce the computational time, several arrangements should 304

be introduced. The kernels required for the evaluation of 305

the affinity matrices are precomputed during the initialization 306

phase of the algorithm. Moreover, the sparse nature of these 307

matrices requires a specific sparse matrix representation. 308

The evaluation of C is performed by parallelizing the 309

computation of its two channels. Moreover, each channel can 310

be processed by parallelizing the horizontal and the vertical 311

components of the gradient of I via the Sobel operator. Finally, 312

also the denominator of (2) is evaluated in parallel with respect 313

to the previous contributes, where the nonconstant terms are 314

evaluated by a linear convolution. 315

By employing specific single instruction multiple data oper- 316

ations, the evaluation of the affinity matrix is parallelized by 317

rows. Thanks to the symmetry of the employed kernels, it is 318
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possible to assume, without loss of generality, that the nonzero319

elements are 4 p, with p as any integer number. Hence, for320

r = r−, . . . , r+ and (X I , YI ) ∈ �r , it is possible to obtain321

Ar (X I , YI ) = 1

4 p

4p−1∑
k=0

(ukx wkx + uky wky )
2 (5)322

where uk = [ukx uky]T is an element of C and wk = [wkx wky]T
323

is an element of Kr , respectively. By denoting with qk =324

uT
k wk , with k = 0, . . . , 4 p−1, (5) can be rewritten as follows:325

Ar (X I , YI ) = 1

4 p

p−1∑
i=0

zi (6)326

where zi = q2
4i + q2

4i+1 + q2
4i+2 + q2

4i+3. The latter term can327

be evaluated as a scalar product that can be computed using328

an intrinsic function available on modern processors.329

C. Pyramidal Approach and Windowing330

The localization of a shape into an image with algorithms331

of template-matching requires a high number of calculations332

because, in general, it is necessary to explore the entire image333

and repeat the search several times for different size of the334

shape. Moreover, with the extension of the shape, the number335

of calculations rapidly increases. To reduce the processing336

time, a pyramidal approach can be employed. The technique337

consists in generating a copy in half resolution of the image338

by selecting the rows and columns of odd place. Iterating339

this process creates a number of images reproducing the same340

scene but with a lower level of detail. The loss of resolution341

can be recovered using the results achieved on a low-resolution342

image to recognize the region of interest, where we perform343

the search within the original image.344

Once a thrown ball has been detected for the first time,345

a windowing technique is employed. In details, a suitable346

region of interest for the searching algorithm can be set347

up on the basis of the position, radius, and velocity of the348

ball measured in the previous sequence of images. With this349

approach, a square searching region is positioned on the350

current image on the basis of the previous ball position and351

velocity, while its size depends on the previous radius and a352

suitable safety factor. In addition, the radius range of search353

is windowed starting from the previous estimate and ball354

direction.355

D. Subpixel Refinement356

The results achieved with the previous ball detection algo-357

rithm can be improved, thanks to the use of a post-elaboration358

process resulting in a subpixel accuracy. For each image, it359

is possible to observe that the intensity of the pixels, lying360

on an outgoing radial direction from the estimated ball center361

(see the previous sections), presents a distribution of values362

with an inflection point (Fig. 6). A linear searching algorithm363

can be employed to find the exact position pθi
= [xθi yθi ]T,364

i = 0, . . . , nd , of the ball contour along a finite number nd of365

radial directions spanning the whole circumference.366

Once a number of ball contour measurements are avail-367

able, a new circle with center (xc, yc) and radius rc, all368

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- 369

tion of a circle in a plane is represented by x2
θi

+ y2
θi

+ 370

ξ1(xc)xθi + ξ2(yc)yθi + ξ3(xc, yc, rc) = 0. Stacking all the 371

data, with i = 0, . . . , nd , a least squares approach can 372

be then employed to estimate ξ1, ξ2, and ξ3 from which, 373

in turn, the unknowns can be estimated as xc = −0.5ξ1, 374

yc = −0.5ξ2, rc = (0.25 ∗ (ξ2
1 + ξ2

2 ) − ξ3)
1/2. Measurements 375

that are statistically incoherent are discarded, and the estima- 376

tion process is repeated until all measurements are reliable. 377

In particular, the distance dθi from each point pθi
and the above 378

estimated circle with center (xc, yc) and radius rc is evaluated 379

and saved in an array. The mean and standard deviation of 380

such an array are then calculated. The points whose distance 381

dθi outperforms the standard deviation by a certain factor are 382

discarded and the above described least squares approach is 383

performed again with the surviving points until no elements 384

are rejected. 385

Several examples of the achieved results are shown in Fig. 7. 386

Moreover, it has been verified during the experimental tests 387

that the proposed algorithm reduces the effect of the blur 388

around the contour of the ball, caused by the high-velocity 389

motion of the ball in the image, and improves the accuracy 390

of the estimation process (Sections V and VIII-B). Note that 391

other methods might be employed for subpixel accuracy for 392

moving cameras [7]. 393

V. BALL TRAJECTORY ESTIMATION 394

Let 	b, 	e and 	c = Oc − xcyczc be the robot base frame, 395

fixed with respect to the ground, the end-effector frame, and 396

the camera frame, respectively (Fig. 8). Since 	e and 	c are 397

fixed with respect to each other, only 	c is considered in the 398

remainder of this paper. The camera optical axis is then aligned 399

with the approaching axis of 	e. 400

Let s = [X Y ]T be the normalized image coordinates vector 401

of the centroid of the ball, i.e., the center of the circle detected 402

in Section IV. By denoting with s̃ = [sT 1]T, the position of 403
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Fig. 7. Subpixel refinement examples.

Fig. 8. Camera reference frame 	c is shown in two different sample
times, t j and ti . 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 	c is404

pc
o = [xc yc zc]T = zc[X Y 1]T = zc s̃. (7)405

A. Initial Baseline and Linear Initialization406

A classic static triangulation method cannot be adopted in407

the proposed scenario because of the single employed camera.408

Hence, the proposed process estimates the 3-D trajectory of409

the ball interpolating 2-D visual measurements along the time.410

As soon as the ball is detected for the first time, the camera411

is commanded to move along a straight line, i.e., the initial412

baseline, in the 3-D Cartesian space with high velocity. To gain413

better results, such initial movement should be orthogonal to414

the direction of the throw. The orientation of the camera is415

controlled to keep the ball in its field of view (Section VII).416

The visual data collection along this path leads to a well-417

conditioned problem. Once the first dataset has been acquired,418

it is possible to start the procedure for the linear initialization.419

The last one is explained in [2], hence only a brief descriptionAQ:12 420

is here addressed.421

Let tk be the kth visual sample time, s̃k the corresponding422

measured image feature vector, and p = [x y z]T the points423

belonging to the camera optical ray and passing through the424

current origin of the camera Ck = [cx,k cy,k cz,k]T. The425

feature vector rk = [rx,k ry,k rz,k]T = Ck + Rc,k s̃ can be426

defined by the following representing a straight line in the 427

3-D space (Fig. 8): 428{
(ry,k − cy,k)x + (cx,k − rx,k)y + rx,kcy,k − ry,kcx,k = 0

(rz,k − cz,k)x + (cx,k − rx,k)z + rx,kcz,k − rz,kcx,k = 0
429

(8) 430

where Rc,k is the rotation matrix of 	c with respect to 	b 431

at time tk . Both Ck and Rc,k are provided by the robot direct 432

kinematics. 433

A simplified model of the ball trajectory is considered 434

during this initialization phase, i.e., the effect of the air drag 435

to the motion of the ball is neglected 436

po(t) = p0 + v0t + 0.5gt2 (9) 437

with po the (3 × 1) position vector of the ball with respect 438

to 	b, g the gravity acceleration, p0 and v0 the (3 × 1) 439

the vectors of the initial position and velocity of the ball 440

(t = 0), respectively, and is corresponding to the time of the 441

first ball detection. Note that without loss of generality, the 442

gravity acceleration is aligned to the axis y of the chosen 	b, 443

i.e., g = [0 g 0]T with g = 9.81 m/s2. 444

At each tk , the optical ray intersects the ball trajectory. 445

Folding (9) into (8) yields a system of two equations into six 446

unknowns, p0 and v0, that fully describes the trajectory of the 447

ball. Stacking the nl measurements into rows yields a system 448

of nl equations into six unknowns that can be solved through 449

a least squares solution. Additional considerations about this 450

stage are given in [1] and [2]. 451

The first interception point candidate is then computed. This 452

allows the robot to reach the predicted interception position, 453

whose computational details are provided in Section V-E at 454

the estimated catching time. The robot path is replanned as 455

described in Section VI. The rotational part of the camera, 456

instead, is kept free to track the ball to acquire more visual 457

measurements during the movement. The estimate provided 458

by this linear algorithm is employed as a starting point for 459

the next stage. 460

B. Nonlinear Estimation and Continuous Refinement 461

Meanwhile, the previous linear estimation process gives the 462

result, new visual measurements are collected. Afterward, both 463

these new visual measurements and the old ones are employed 464

in a nonlinear estimation process that starts initially from the 465

result obtained by the linear method. 466

In details, let sk be the centroid of the ball acquired at a 467

time tk , then the cost function to minimize is 468

min
p0,v0

ni∑
k=1

∥∥∥∥ 1

z̃c
k

[
x̃ c

k
ỹc

k

]
− sk

∥∥∥∥ (10) 469

with ni the current number of available visual measurements 470

at the current estimation time ti and p̃c
k the (3 × 1) estimated 471

position vector of the ball with respect to 	c, which is defined 472

as follows: 473

p̃c
k = [x̃ c

k ỹc
k z̃c

k

]T = RT
c,k

(
p̃k − Ck

)
. (11) 474

The estimated position of the ball p̃k(p0,i−1, v0,i−1, tk) is 475

numerically obtained by integrating the following ballistic 476
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model [17]:477

p̈o(t) = g − cwπd2
bρa

2mb
‖ ṗo(t)‖ ṗo(t) (12)478

with cw a coefficient depending on the thrown object, db the479

diameter of the ball, ρa the density of the air, and mb the mass480

of the ball. Hence, the model in (12) includes the air drag, and481

its numeric integration is sequentially performed in the time482

intervals [tk−1, tk], where k = 1, . . . , ni , t0 = 0, with initial483

conditions p0,i−1 and v0,i−1.484

By knowing the altitude of the floor with respect to 	b,485

it is possible to detect whether the ball hits the ground during486

the above-mentioned numerical integration. Without loss of487

generality, let p f = [0 γ 0]T be a point of the floor surface,488

which is horizontally placed with respect to 	b, where γ489

represents the height of the ground. The adopted bouncing490

model is the following [24]:491

vout = Kbvin + bb (13)492

in which Kb is a (3 × 3) diagonal matrix of coefficients493

representing the loss of energy with respect to the (3×1) vector494

of the ball velocity vin before the rebound, vout is a (3 × 1)495

vector of the ball velocity after the rebound, and bb is a496

(3 × 1) vector of coefficients added to refine the model497

considering, for instance, the effects of the air resistance,498

vision measure error, and the spin caused by friction on the499

ground. Hence, by defining e2 = [0 1 0]T, at each integration500

time, the condition eT
2 p̃k > eT

2 p f is verified during the forward501

integration of the model (12). When a rebound is detected, theAQ:13 502

current velocity is changed in accordance with (13).503

The purpose of minimizing (10) means that the initial504

conditions of the ballistic model are tuned to generate an505

estimated trajectory of the ball that minimizes the distance506

between the predicted projection of the ball onto the image507

plane and the corresponding measured observations of the ball508

along the time.509

In practice, the minimization of the cost function (10)510

is performed using the Levembert-Marquardt algorithm. The511

result at the estimation time ti is the updated values512

of p0,i and v0,i . As long as the current estimate of the catching513

time is sufficiently far from the actual time instant, if new514

measurements have been acquired, then the estimation process515

restarts using the current estimation as a starting solution,516

otherwise p0,i and v0,i become the final estimated results517

p0 and v0. Hence, such refinement process stops when the518

current estimate catching time is approaching with respect to519

the grasping time required by the available gripper. As soon520

as the new interception point is available, the robot path is521

replanned, as described in Section VI.522

C. Statistical Reliability Test523

Different from [1], a statistical procedure to deal with the524

presence of image noise is also proposed. During its motion,525

the ball can be subject to different illumination/shadow condi-526

tions that could generate different levels of noise in the mea-527

surements dataset. In details, once the minimization process528

ends at ti , the mean error, the standard deviation, and the con-529

tribution of each visual measurement sk to the error residual530

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

are evaluated. The visual measurements that contribute to the 531

error residual outperforming the standard deviation by a certain 532

factor are temporarily excluded for the next estimation process 533

at time ti+1 (update outliers list, Fig. 9). In particular, new 534

measurements should be available at the time in which such 535

nonlinear estimation process computes the updated values of 536

p0,i and v, i.e., the interception time/point. This new dataset 537

(without the measurements that have been classified as outliers 538

at the previous estimation time) is employed during the current 539

nonlinear refinement. Again, once the minimization process 540

ends, all the visual measurements (even the outliers) that 541

contribute to the error residual in a way that is not statistically 542

coherent are excluded for the next optimization. Note that in 543

this way, it should be possible to recover also measures that 544

have previously considered as outliers due to a rough initial 545

estimation. 546

This arrangement is hence able to significantly improve 547

the accuracy of the estimation process when noisy visual 548

measurements are available without losing significant mea- 549

surements. Some figures regarding such improvement are 550

given in Section VIII. 551

D. Rolling Balls 552

In parallel to the nonlinear estimation refinement process, a 553

condition is continuously tested to detect whether the balling is 554

rolling or not on the ground. A schematic is provided in Fig. 9. 555

As previously introduced, for each acquired visual measure- 556

ment s̃k , it is possible to associate the equations of the related 557
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optical ray (8). By knowing the position and orientation of558

the floor with respect to 	b, it is possible to compute the559

(3 × 1) intersection point pint,k between the straight line (8)560

and the ground. Afterward, it is possible to fit the available561

points pint,k , with k = 1, . . . , ni , through a polynomial curve562

on the ground plane. Note that this operation is performed563

only if each point pint,k belongs to the portion of the ground564

upon which the ball can feasibly roll. If the ball is flying, the565

observation angle of the optical ray will produce interception566

points with the floor that are not located in such portion of567

the ground.568

Without loss of generality, to consider both the ball spin569

and the effects of the friction on the floor, a parabolic path570

has been chosen as fitting curve. Hence, the three coefficients571

of the parabola that best fits all the ground points can be572

retrieved through a least squares solution. Once the parabola573

has been defined, the points pcur,k closest to the curve at574

point pint,k are computed. Note that in case of perfect fitting575

pcur,k = pint,k , with k = 1, . . . , ni . By knowing Ck and Rc,k ,576

each point pcur,k is then back projected onto the image plane577

obtaining the feature vector s̃cur,k . The norm of the residual578

error between the visual measurements and these ones derived579

by the estimated model is employed as a quality measure.580

If the residual error achieved with this last method is less than581

the residual of (10), the ball is considered as rolling on the582

floor.583

In case of rolling, the catching candidate point p× is584

computed as the intersection between the ground parabolic585

path and a predetermined goal line in the robot workspace. The586

camera’s orientation is kept parallel to the ground, the gripper587

is positioned at a safety distance from the floor, and its fingers588

are held open so as to lightly touch the floor. The final catching589

time t× is determined by the timing of the measurement on590

the parabolic path, since at each point pcur,k , it is associated to591

a time tk . On the basis of the above considerations, the robot592

path is replanned, as described in Section VI.593

E. Catching Point Selection594

In case the estimation process does not detect a rolling ball,595

for which it has been already described how the interception596

pose is selected, the current catching point candidate p× is597

evaluated with respect to the actual configuration along the598

current estimated trajectory of the ball, as deeply explained in599

the following. The catching time t× and the ball velocity υ× at600

p× can be evaluated from both the actual predicted trajectory601

and the robot kinematic model.602

In detail, the current estimated path T belonging to the603

working space of the robot arm is partitioned in several604

candidate catching points Pi ∈ T by a fixed step. For each Pi ,605

the inverse kinematics of the robot is calculated to compute606

the joint position of the robot arm. The inverse kinematics607

is computed through a closed-loop algorithm (CLIK) [32].2AQ:14 608

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.

A set of quality indices can be considered for the selection 609

of the best catching point. In this paper, joint limits and a 610

manipulability measure are suitably coupled through a convex 611

linear combination (see [32] for more details about the adopted 612

quality indices). The candidate catching point maximizing the 613

above defined convex linear combination of quality indices is 614

chosen as the current catching point p×. 615

Therefore, the robot path is replanned to lead the gripper 616

from the current state of the robot to the point p× at the 617

time t× with the same velocity of the ball υ× (the details are 618

shown in the next section). Note that the planned trajectory 619

could be not achievable with respect to the robot capabilities. 620

If the velocity υ× and the maximum required acceleration 621

for the end-effector, i.e., the camera, are greater than a 622

fixed limit chosen in a conservative way accordingly with 623

robot capabilities, then the catching time is suitably scaled. 624

Concerning the acceleration, denoting with amax the norm of 625

the maximum acceleration that the end effector can reach and 626

with p̈c,d the maximum planned acceleration, if ‖p̈c,d‖ > amax, 627

then the catching time is scaled as t̄× = t×(‖p̈c,d‖/amax)
1/2. 628

On the other hand, in the case of ‖υ×‖ > vmax, where vmax 629

is the chosen limit for the linear Cartesian velocity of the 630

robot, a reduced velocity is considered for the interception 631

time ῡ× = vmax(υ×/‖υ×‖), while the catching time is scaled 632

similarly to the acceleration case. 633

The catching path is then generated when the estimation 634

process stops. The camera’s orientation is controlled to have 635

a direction of the optical axis, i.e., of the gripper, equal to 636

the tangent to the estimated trajectory of the ball at p×. Once 637

the catching point is reached at t× with the same (or reduced) 638

velocity of the ball, the gripper is closed and moved along 639

the predicted path of the ball, while its velocity is decreased 640

to zero in a fixed time/space. In this way, it is possible to 641

dissipate the impact energy in a finite time interval. 642

VI. ON-LINE PATH REPLANNING 643

When a new hth estimation is available at time th , the 644

current robot path has to be modified in a smooth way to 645

reach the new estimated catching point. This means that such 646

a new path must guarantee the continuity with the current 647

motion state (position, velocity, and acceleration). A fifth-order 648

polynomial has been employed in [1] and [2]. To lower the 649

polynomial order, reducing the oscillations of the planned path 650

as much as possible, a classic cubic spline [32] employing only 651

third-order polynomials is instead used in this paper. 652

Hence, the following definition can be given for the desired 653

trajectory of the robot: 654

pc,d(t) = 
h(t) =

⎧⎪⎨
⎪⎩


h1(t) th ≤ t ≤ tv1


h2(t) tv1 ≤ t ≤ tv2


h3(t) tv2 ≤ t ≤ t f

(14) 655

where pc,d (t) is a (3×1) vector denoting the desired trajectory 656

for 	c with respect to 	b , t f = t× (or t f = t̄×, in case of 657

time scaling), and tv1 and tv2 are two time instants referred to 658

two generic virtual points in 
h(t). 659

The following equations in 12 unknowns—the four coeffi- 660

cients for each of the three cubic polynomials in (14)—can 661
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be imposed:662


h1(th) = 
h−1(th), 
̇h1(th) = 
̇h−1(th) (15a)663


̈h1(th) = 
̈h−1(th) (15b)664


h3(t f ) = p×, 
̇h3(t f ) = υ f (15c)665


̈h3(t f ) = 0 (15d)666


h1(tv1) = 
h2(tv1), 
̇h1(tv1) = 
̇h2(tv1) (15e)667


̈h1(tv1) = 
̈h2(tv1), 
h2(tv2) = 
h3(tv2) (15f)668


̇h2(tv2) = 
̇h3(tv2), 
̈h2(tv2) = 
̈h3(tv2) (15g)669

where 0 is the (3 × 1) null vector, while υ f = υ×670

(or ῡ× if ‖υ×‖ > vmax). Note that the effective location of671

the virtual points is irrelevant, since their position constraints672

are exploited for continuity only, and depends on the choice673

of tv1 and tv2 [a possible solution is tv1 = (t f − th)/3674

and tv2 = 2(t f − th)/3]. Finally, note that (15a) and (15b)675

are the equations relative to the initial conditions,676

(15c) and (15d) are the equations relative to the final677

conditions, and (15e) and (15g) are the equations relative to678

the two virtual points. Moreover, note that for h = 1, the con-679

tinuity is intended to be with respect to the planned baseline680

(Section V-A).681

VII. PARTITIONED VISUAL SERVOING CONTROL LAW682

The partitioned visual servoing control law described in this683

paper belongs to the category named resolved-velocity image-684

based visual servoing [32], for which it is assumed that the685

manipulator dynamics is considered directly by the low-level686

robot controller. Such a control law has already employed687

in [1] and [3] and has been introduced in [34]–[36]. Only688

the key features will be thus here reported: the reader may689

refer to the original papers for more details.690

The (6 × 1) absolute velocity vector of the camera691

υc
c = [ ṗcT

c ωcT
c ]T, the (6 × 1) absolute velocity vector of the692

thrown ball υc
o = [ ṗcT

o ωcT
o ]T, both expressed with respect693

to 	c, and the (2 × 1) velocity vector of the image feature ṡ694

in the image plane are related by the following [32]:695

ṡ = Lsυ
c
c + Ls�(−pc

o)υ
c
o (16)696

in which Ls = [Lsp(s, pc
o) Lso(s)] is the (2 × 6) interaction697

matrix of a point image feature defined as follows:698

Ls =

⎡
⎢⎢⎣

− 1

zc
0

X

zc
XY −1 − X2 Y

0 − 1

zc

Y

zc
1 + Y 2 −XY −X

⎤
⎥⎥⎦ (17)699

where Lsp and Lso are the (2 × 3) submatrices corresponding700

to the first and last three columns of (17), respectively, and701

�(·) is the (6 × 6) matrix702

�(·) =
[−I3 S(·)

0 −I3

]
(18)703

where In denotes the (n × n) identity matrix and S(·) the704

skew-symmetric matrix. Equation (16) can be rewritten as705

ṡ = Lsp
(
ṗc

c − ṗc
o + S

(− pc
o

)
ωc

o

)+ Lso
(
ωc

c − ωc
o

)
. (19)706

By exploiting the employed partitioned visual servoing707

controller, the translational components ṗc
c of the robot motion708

are devoted to move the robot to intercept the path of the ball 709

with the gripper mounted on the robot end effector [34]. 710

Given the desired trajectories pc,d , ṗc,d , and p̈c,d for the 711

camera frame, on the one hand, the translational components 712

of the velocity input for the camera frame 	c can be generated 713

as follows: 714

ṗc
c = RT

c

(
ṗc,d + K pep

)
(20) 715

with Rc the rotational matrix of the camera frame 	c with 716

respect to the base frame 	b , K p > 0 a diagonal constant 717

(3 × 3) gain matrix, and ep the (3 × 1) error vector between 718

the desired trajectory pc,d , and the one provided by the robot 719

direct kinematics at time t . On the other hand, the rotational 720

components of the velocity input for the camera frame 	c can 721

be generated in the image space as follows: 722

ωc
c = L†

so

[
Kso,eb2(es)τττ eb1(es) 723

− L̂sp
(
ṗc

c − ˆ̇pc
o + S

(− p̂c
o

)
ω̂

c
o

)]+ ω̂
c
o (21) 724

with † denoting the pseudoinverse of a matrix, p̂c
o the estimate 725

of the unknown position of the ball in 	c, and ṗc
c evaluated 726

in (20). Note that the matrix LsoLT
so is never singular since its 727

determinant is equal to 1/(X2+Y 2+1)3. The terms ˙̂pc
o and ω̂

c
o 728

are the estimates of the unknown absolute translational and 729

angular velocities of the ball with respect to 	c. Note that L̂sp 730

in (21) is an estimated term since it depends on p̂c
o. Moreover, 731

the error term es = −s is the image error vector becoming null 732

when the camera is pointed toward the centroid of the ball, 733

while the term τττ eb(es) is a threshold function defined as [3] 734

τττ eb1(es) =
⎧⎨
⎩

0, if ‖es‖ ≤ eb1(
1 − eb1

‖es‖
)

es , if ‖es‖ > eb1
(22) 735

with Kso,eb2(es) a (2 × 2) gain matrix defined as 736

Kso,eb2(es) =

⎧⎪⎨
⎪⎩

koI2, if ‖es‖ ≤ eb2

koe
βo

(‖es‖
eb2

− 1

)
I2, if ‖es‖ > eb2

(23) 737

where ko > 0 is a gain factor, eb2 > eb1 > 0 are proper 738

thresholds, and βo > 0 is a restraint factor tuning the 739

increasing rate of Kso. The details about how to estimate p̂c
o 740

(and then also L̂sp), ˙̂pc
o, and ω̂

c
o are given in the next section. 741

Finally, the input to the robot controller, i.e., the joint 742

velocity vector, can be computed as [32] 743

q̇ = J†(q)Tcv
c
c + N J Kr q̇r (24) 744

with q the vector of joint positions, J(q) the Jacobian matrix 745

of the robot that is pseudoinverted, as denoted in [32], Tc the 746

(6 × 6) matrix relating υc
c to the velocity of the robot end 747

effector with respect to the base frame, N J the projector matrix 748

into the null space of the robot Jacobian, Kr a diagonal positive 749

definite gain matrix, and q̇r a set of joint velocities employed 750

in a possible redundancy management to optimize some other 751

subtasks [40], e.g., joint limits and singularities avoidance, 752

increasing the manipulability. 753
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A. Estimation of the Ball-Camera Relative Motion754

The necessary quantities to be estimated in (21) are the755

linear position p̂c
o, linear velocity ˙̂pc

o, and angular velocity ω̂
c
o756

of the center of the ball with respect to 	c. Starting from the757

current estimate of the position p0 and velocity v0 of the ball,758

the ballistic model (12) is numerically integrated in the time759

interval [0, ti ]. In this way, p̂c
o can be obtained at a certain760

time t . With the same numerical integration, it is also possible761

to obtain the estimate of the linear velocity ˙̂pc
o. It is worth762

noting that the first estimate of p0 and v0 is obtained after763

nl measurements (Section V-A). Before nl measurements are764

collected, to compute the above mentioned quantities, an initial765

value of p0 and v0 should be anyhow provided. Hence, a766

statistical calibration has been preliminary realized to retrieve767

a rough initial estimation of p0 and v0.768

Finally, the angular velocity can be retrieved as769

ω̂
c
o = (p̂c

o × ˙̂pc
o

)∥∥p̂c
o

∥∥−2 = S
(
p̂c

o

) ˙̂pc
o

∥∥p̂c
o

∥∥−2
. (25)770

B. Stability Proofs771

Before starting with the proofs, it is necessary to give772

some bounds about the quantities given in Section VII-A.773

In particular, considering what is written in Section VII-A774

and (12), the following hold:775 ∥∥ ˙̂pc
o

∥∥ ≤ B1 < ∞ (26)776 ∥∥p̂c
o

∥∥ ≤ B2 < ∞ (27)777

where B1 and B2 are two positive limited bounds778

since ˙̂pc
o and p̂c

o are numerically integrated, as described779

in Section VII-A, and this means that they are a finite sum780

of finite elements. Moreover, they can be also saturated by781

programming code. For the angular part, considering (25) and782

the property that the Eucledian norm of a skew-symmetric783

matrix of a vector is equal to the norm of the vector itself, the784

following bound can be considered:785 ∥∥ω̂c
o

∥∥ ≤ B3 < ∞ (28)786

with B3 = B1/B2 a positive limited bound since B1 and B2787

are positive and limited. Finally, the following physical bounds788

can be considered:789 ∥∥pc
o

∥∥ ≤ B4 < ∞ (29a)790 ∥∥ṗc
o

∥∥ ≤ B5 < ∞ (29b)791 ∥∥ωc
o

∥∥ ≤ B6 < ∞. (29c)792

For what concerns the stability proofs of the system, the793

following theorems hold.794

Theorem 1: Provided that K p is a positive definite matrix,795

the control law (20) ensures an asymptotic convergence to zero796

of the position error ep .797

Proof: The time derivative of the position error can be798

computed as799

ėp = d

dt
(pc,d − pc(t)) = ṗc,d − ṗc (30)800

where pc(t) is the (3 × 1) vector denoting the current position801

of the camera with respect to 	b at time t , computed by802

solving the direct kinematics of the robot, while ṗc is the803

related translational velocity of the camera with respect to 	b. 804

Premultiplying by Rc both sides of (20) and folding the result 805

into the previous equation yields 806

ėp + K pep = 0. (31) 807

Since K P is a positive definite matrix, usually a diagonal 808

matrix, the previous system is asymptotically stable and the 809

error ep tends to zero along the trajectory with a convergence 810

rate depending on the eigenvalues of K p . � 811

Theorem 2: The system (19), equivalent to (16), is asymp- 812

totically stable under the control laws (20) and (21), in 813

the presence of a perfect estimate of the unknown terms. 814

Otherwise, only stability can be ensured, where the bounds 815

can be determined by tuning the gain ko. 816

Proof: The following analysis is performed using the 817

direct Lyapunov theorem. Consider the following candi- 818

date Lyapunov function V (es) = eT
s Kses , where Ks is a 819

(2 × 2) positive definite diagonal matrix. By noticing that 820

ės = −ṡ, computing the time derivative of V (es) and 821

considering (19)–(21) yield V̇ = −α1 − α2 − α3, where 822

α1 = eT
s Ks(Lsp − L̂sp)ṗc

c (32a) 823

α2 = eT
s KsKso,eb2(es)τ eb1(es) (32b) 824

α3 = eT
s Ks

(
Ls�

(− pc
o

)
υc

o − L̂s�
(− p̂c

o

)
υ̂

c
o

)
. (32c) 825

If each term in (32) is strictly positive, then V̇ < 0. 826

However, no term in (32) is a quadratic form, hence only 827

qualitative considerations can be achieved. 828

If L̂sp = Lsp, the term α1 in (32a) vanishes, but there is 829

no guarantee that such condition can happen. Nevertheless, 830

the α1 term is bounded since the condition for updating L̂sp 831

through the estimate of p̂c
o seems to be the optimal one during 832

the experiments [41]. 833

By considering (22) and (23), the term α2 in (32b) can be 834

bounded as follows: 835

0 ≤ α2 ≤ eT
s Ks

⎛
⎜⎝koe

βo

(‖es‖
eb2

− 1

)
I2

⎞
⎟⎠ es . (33) 836

By choosing Ks = ko exp[βo((‖es‖/eb2) − 1)]I2, the last 837

term in (33) is positive definite. Hence, α2 is always positive 838

and limited. 839

The α3 term in (32c) vanishes in case of perfect estimate. 840

Otherwise, nothing can be said about the sign of α3. Denoting 841

with λ the maximum eigenvalue of Ks and with σM (·) the 842

maximum singular value of a matrix, recalling that 843

Ls = [Lsp Lso], L̂s = [L̂sp Lso], υc
o = [ṗc

o ωc
o] and 844

υ̂
c
o = [˙̂pc

o ω̂
c
o], considering (29), the following expression 845

for α3 holds α3 = α3,1 + · · ·α3,6, where each term can be 846

bounded as follows: 847

α3,1 = eT
s KsLspṗc

o ≤ λσM (Lsp)B5‖es‖ (34a) 848

α3,2 = eT
s KsLspS(ωc

o)p
c
o ≤ λσM (Lsp)B6 B4‖es‖ (34b) 849

α3,3 = −eT
s KsL̂sp

˙̂pc
o ≤ λσM (L̂sp)B1‖es‖ (34c) 850

α3,4 = esKs L̂spS(−p̂c
o)ω

c
o ≤ λσM (L̂sp)B2 B6‖es‖ (34d) 851

α3,5 = −eT
s KsLsoω̂

c
o ≤ λσM (Lso)B3‖es‖ (34e) 852

α3,6 = eT
s KsLsoω

c
o ≤ λσM (Lso)B6‖es‖. (34f) 853
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Fig. 10. Architecture of the ball catching system.

Hence, supposing that α1 is positive definite, consider-854

ing (33), the particular choice for Ks , and the expressions855

in (34), the following bounds for V̇ hold:856

V̇ ≤ −eT
s KsKses + λB‖es‖ ≤ −λ(λ‖es‖ − B)‖es‖ (35)857

where B = σM (Lsp)(B5 + B6 B4) + σM (Lso)(B3 + B6) +858

σM (L̂sp)(B1 + B2 B6). Hence, from (35), it is possible to859

conclude that when ‖es‖ > B/λ, then V̇ < 0 and then the860

system is asymptotically stable. When ‖es‖ ≤ B/λ nothing861

can be said about the sign. Hence, the term B/λ is the bound862

for the error es . To reduce the bound, λ → ∞, the gain ko863

should be increased as much as possible with respect to the864

employed controller sample time.865

In conclusion, in case of a perfect estimate, the terms α1 and866

α3 vanish, while α2 is positive and limited. Then, the chosen867

control laws lead to an asymptotically stable system. In case868

of an imperfect compensation, instead, the error in the image869

plane is anyway bounded. �870

For a ball catching task, this stability condition can be871

considered sufficient, because the visual control goal is mainly872

in keeping the ball in the field of view of the camera.873

VIII. EXPERIMENTS874

The employed experimental setup is shown in Fig. 10.875

An USB IDS uEYE UI-1220SE-C camera is mounted in eye-876

in-hand configuration directly at the center of the base of877

the gripper. This last is made up of two brushed dc motors,878

with a metal gearbox and an integrated quadrature encoder.879

Through a rack-and-pinion mechanism, the motion of these880

motors allows the closure of the gripper fingers. The gripper881

is in turn mounted on a Comau Smart-Six robot manipulator882

standing on a sliding track. The Comau C4G control unit is883

in charge of the compensation of the robot dynamics.884

An external PC with Ubuntu OS and a patched RTAI real-885

time kernel generates the references for the robot each 2ms.886

A second PC with Windows OS is in charge of the visual887

elaboration process and communicates with the first one888

through an user datagram protocol (UDP) over a gigabit-889

dedicated LAN. A high-priority multithread programming has890

been employed to improve the stability of the elaboration891

time and synchronize the visual measurements with the robot 892

motion. 893

To provide a ground truth for the proposed estimation 894

algorithm, an OptiTrack motion-capture system composed of 895

10 S250e cameras has been employed to track the ball during 896

its motion. 897

A. Technical Details 898

The portion of the camera image employed for the ball 899

detection is limited to (368 × 512) pixels. On the basis of 900

the available ball, the range of radius of interest for the first 901

detection is [10, 14] pixels, which corresponds to a distance 902

of the ball from the camera in the range of [5, 6] m. For other 903

balls, these parameters have to be retuned. The RoI window 904

is dynamically placed and sized with respect to the current 905

radius of the detected ball. At the first detection, its dimension 906

is set to (38 × 38) pixels. With this configuration parameter, 907

the acquisition frame rate is speeded up to 140 frames/s. 908

The available ball has a diameter of 8.5 cm and a weight of 909

about 32 g. Six soft reflecting markers are attached to the ball 910

to enable the OptiTrack system to observe it. These markers 911

do not affect the visual detection of the ball in the scene since 912

they do not alter the ball shape. The coefficients of the air drag 913

factor have been tuned to cw = 0.45 and ρa = 1.293 kg/m3. 914

On the basis of the available robot, the gain matrix in (20) 915

has been set by experimental tuning to K p = 500I3, while 916

the gains in (21) have been tuned to ko = 200, eb1 = 10 and 917

eb2 = 100. 918

Using the OptiTrack system, it has been possible to measure 919

the rebound of the chosen ball on the ground. Hence, a 920

calibration procedure has been adopted to tune the parameters 921

Kb and bb in (13). In details, the motion-capture system has 922

provided the 3-D position of the six markers at a frequency 923

of 250 Hz. By knowing both the geometrical features of the 924

ball and the position of these markers, it has been possible 925

to reconstruct the real ballistic trajectory of the ball. A set of 926

20 trajectories containing rebounded points has been acquired. 927

The ball velocities before and after the rebound have been 928

computed with a filtered derivative of such trajectories. There- 929

after, the coefficients Kb and bb have been retrieved through 930

a least squares solution. For example, the obtained values are AQ:15931

Kb = diag[0.2 −0.785 0.55], while bb has been approximated 932

to a null vector since its values are very small with respect to 933

Kb for the current set-up. 934

The intrinsic redundancy of the chosen robotic platform 935

has been exploited in (24) to avoid joint limits, kinematic 936

singularities, and to reduce the movements of the sliding track 937

since its dynamics is considerably slower than those of the 938

other joints. 939

On the basis of the available setup, the initial baseline has 940

a planned length of 50 cm that should be performed by the 941

camera in 500 ms. The first estimate of the trajectory starts 942

when about nl = 45 samples have been collected, i.e., after 943

about 320 ms. Therefore, typically, the first catching trajectory 944

starts before the end of the baseline path. 945

Latency periods and delays between the robot control PC, 946

the C4G control unit, and the visual elaboration PC have 947
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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 direct948

kinematic measurements of the robot with the visual data.949

B. Ball Detection and Tracking Results950

To evaluate the performance of the proposed subpixel951

refinement algorithm (Section IV-D), a (fixed) ball with a952

diameter of 9 cm has been observed at 15 different distances953

from the camera equally distributed by a step of 30 cm.954

Since the camera calibration parameters are known, from the955

observed radius of the ball in the image, it is possible to956

estimate the distance of the ball from the camera. The error957

between the real distance and the estimated one, normalized958

with respect to the ball radius, is shown in Fig. 11. The errors959

computed with the measurements taken through the subpixel960

refinement are represented in green, while the not refinedAQ:16 961

measurements are represented in red. In all cases, the refined962

measure significantly outperforms the integer estimations of963

the ball position and radius.964

With respect to a generic throw, the elaboration time965

of the proposed detection and tracking process with respect966

to the distance of the ball from the camera (which is related967

to the ball radius) is shown in Fig. 12. The whole elaboration968

time is represented in green, while the time required for the969

subpixel refinement process is represented in red. The dashed970

line indicates the time limit corresponding to the camera rate971

of 140 frames/s. Since Fig. 12 shows the elaboration time with972

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 973

goes from right to left. Hence, it is worth noting how the first 974

elaboration time is bigger than others because the detection 975

process is applied to the whole image, while from the second 976

step, the elaboration time is significantly reduced, thanks to 977

the windowing and tracking strategy. At the end (extreme left 978

of Fig. 12), once the ball is near to the camera, the elaboration 979

time increases since the ball radius increases in the image and 980

more pixels have to be elaborated. 981

C. Ball Catching Results 982

Several experiments have been performed with a number 983

of pitchers and varying light conditions. The percentage of AQ:17984

caught ball evaluated over a set of 300 shots (100 shots for 985

each of the three trials: rolling, bouncing, and flying ball) is 986

about 95%, namely, of the caught balls in the rolling case have 987

been 98, as well as in the flying ball case; while 89 balls have 988

been grabbed in the bouncing case. Hence, the main problems 989

originate from the employed rebound model and the related 990

parameters. Concerning the statistical reliability test, the mean 991

percentage of discarded outliers in each throw is about 11.5%, 992

while the accuracy of the final catching point, on the basis of 993

the OptiTrack measurements, has been improved about 5%. 994

This corresponds to an improvement of the interception point 995

of about 2–3 cm in the available setup. 996

An example of a possible ball trajectory for a given throw 997

with the overlay of the motion of the robot is shown in Fig. 13. 998

Moreover, a multimedia attachment (available also online3) 999

shows the performance of the proposed algorithm. 1000

The OptiTrack system has been employed to give a ground 1001

truth about the estimate of the ballistic trajectory. Some AQ:181002

examples are shown in Fig. 14(a)–(c): the case of a bouncing 1003

ball, the case of a normal throw, the case of a rolling ball, 1004

respectively. In all these pictures, the green tube is the space 1005

occupied by the ball during its motion toward the robot as 1006

measured by the OptiTrack system. The blue line is the 1007

final estimated trajectory of the centroid of the ball. It is 1008

possible to observe that the blue line is always inside the 1009

3Available at http://www.youtube.com/watch?v=gT8Zn6L5PEk.



IE
EE

Pr
oo

f

CIGLIANO et al.: ROBOTIC BALL CATCHING 13

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 the1010

performance of the proposed estimation process. The red line1011

shows the path followed by the camera/gripper mounted on1012

the robot. It is then possible to recognize both the initial1013

baseline and the catching path in which the gripper follows1014

the predicted ball trajectory during the catch. In Fig. 14(c), the1015

blue circle denotes the space occupied by the opened gripper1016

that is placed at a safety distance from the ground.1017

Further to the geometrical path, another quality index to1018

measure the performance of the estimation process is a com-1019

parison along the time between the ground truth and the1020

final predicted trajectory. With reference to the throw shown1021

in Fig. 14(a), the time histories of both the ground truth1022

(i.e., the space traced by the ball) and the predicted trajectories1023

are shown in Fig. 15. Again, the time histories of the predicted1024

trajectory fit inside the ground truth.1025

The predicted interception points p× for the throw of1026

Fig. 14(a) at each estimation time ti , projected in both the1027

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).

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 	b, are represented with a cross 1028

point in Fig. 16. The color bar identifies the ordered sequence

AQ:19

1029

of such predicted interception points with reference to the 1030
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number of employed measures, while the biggest brown cross1031

represents the final position p× in which the estimate has been1032

considered as stable. The dashed lines represent the planned1033

path for the hand (Section VI), starting from the current1034

motion state and leading to the current estimated interception1035

position, while the continuous line is the real path followed1036

by the gripper, which starts with the baseline (green piece of1037

the path). It is worth noticing that the first estimated point,1038

the green one, is given by the linear estimation process. The1039

big orange circle is the full representation of the ball in the1040

final position measured by the OptiTrack system and projected1041

in the above mentioned planes of 	b. The big blue circle in1042

the background is instead the space occupied by the gripper1043

base in the final estimated position and projected in the above1044

mentioned planes of 	b . The information provided by Fig. 161045

is twofold. First, it is possible to recognize the tolerance1046

between the real position of the ball and the space occupied1047

by the gripper at the interception point; then, another way to1048

measure the quality of the estimate is the evaluation of how1049

far the final estimated p× is from the center of the measured1050

position of the ball.1051

IX. CONCLUSION1052

A new technique to catch a thrown ball with a robotic sys-1053

tem endowed of only a single camera mounted in eye-in-hand1054

configuration has been provided. The proposed novelties are:AQ:201055

a subpixel refinement for the circle detector visual algorithm;1056

a statistical reliability test to reduce image noise and possible1057

outliers; and dealing with flying, bouncing and rolling balls1058

in the same framework changing neither the estimator nor the1059

control law. The effectiveness of the proposed approach has1060

been demonstrated in both theory and experimental results on a1061

common industrial robotic setup. An experimental comparison1062

of the achieved results with the measurements given by an1063

OptiTrack motion-capture system has been provided.1064

REFERENCES1065

[1] V. Lippiello and F. Ruggiero, “3D monocular robotic ball catching with1066

an iterative trajectory estimation refinement,” in Proc. IEEE Int. Conf.1067

Robot. Autom., Saint Paul, MN, USA, May 2012, pp. 3950–3955.1068

[2] V. Lippiello and F. Ruggiero, “Monocular eye-in-hand robotic ball1069

catching with parabolic motion estimation,” in Proc. 10th Int. IFAC1070

Symp. Robot Control, Dubrovnik, Croatia, 2012, pp. 229–234.1071

[3] V. Lippiello, F. Ruggiero, and B. Siciliano, “3D monocular robotic ball1072

catching,” Robot. Auto. Syst., vol. 61, no. 12, pp. 1615–1625, 2013.1073

[4] B. Bauml, O. Birbach, T. Wimbock, U. Frese, A. Dietrich, and1074

G. Hirzinger, “Catching flying balls with a mobile humanoid: System1075

overview and design considerations,” in Proc. 11th IEEE-RAS Int. Conf.1076

Humanoid Robots, Bled, Slovenia, Oct. 2011, pp. 513–520.1077

[5] J. Kober, M. Glisson, and M. Mistry, “Playing catch and juggling with1078

a humanoid robot,” in Proc. 12th IEEE-RAS Int. Conf. Humanoid Robots,1079

Osaka, Japan, Nov./Dec. 2012, pp. 875–881.1080

[6] O. Birbach, U. Frese, and B. Bauml, “Realtime perception for catching1081

a flying ball with a mobile humanoid,” in Proc. IEEE Int. Conf. Robot.1082

Autom., Shanghai, China, May 2011, pp. 5955–5962.1083

[7] D. Keren, S. Peleg, and R. Brada, “Image sequence enhancement using1084

sub-pixel displacements,” in Proc. IEEE Comput. Soc. Conf. Comput.1085

Vis. Pattern Recognit., Ann Arbor, MI, USA, Jun. 1988, pp. 742–746.1086

[8] L. Torabi and K. Gupta, “An autonomous six-DOF eye-in-hand system1087

for in situ 3D object modeling,” Int. J. Robot. Res., vol. 31, no. 1,1088

pp. 82–100, 2011.1089

[9] C. Borst, M. Fischer, S. Haidacher, H. Liu, and G. Hirzinger,1090

“DLR hand II: Experiments and experience with an anthropomorphic1091

hand,” in Proc. IEEE Int. Conf. Robot. Autom., Taipei, China, Sep. 2003,1092

pp. 702–707.AQ:211093

[10] V. Lippiello, F. Ruggiero, B. Siciliano, and L. Villani, “Visual grasp 1094

planning for unknown objects using a multifingered robotic hand,” 1095

IEEE/ASME Trans. Mechatronics, vol. 18, no. 3, pp. 1050–1059, 1096

Jun. 2013. 1097

[11] Q. He et al., “Simple 3-D point reconstruction methods with accuracy 1098

prediction for multiocular system,” IEEE/ASME Trans. Mechatronics, 1099

vol. 18, no. 1, pp. 366–375, Feb. 2013. 1100

[12] D. G. Fernandes and P. U. Lima, “A testbed for robotic visual servoing 1101

and catching of moving objects,” in Proc. IEEE Int. Conf. Electron., 1102

Circuits, Syst., Lisbon, Portugal, 1998, pp. 475–478. AQ:221103

[13] R. Herrejon, S. Kagami, and K. Hashimoto, “Composite visual servoing 1104

for catching a 3-D flying object using RLS trajectory estimation from 1105

a monocular image sequence,” in Proc. IEEE Int. Symp. Comput. Intell. 1106

Robot. Autom., Daejeon, Korea, Dec. 2009, pp. 526–531. 1107

[14] R. Mori and F. Miyazaki, “Examination of human ball catching strategy 1108

through autonomous mobile robot,” in Proc. IEEE Int. Conf. Robot. 1109

Autom., Washington, DC, USA, 2002, pp. 4236–4241. 1110

[15] R. Mori, K. Hashimoto, and F. Miyazaki, “Tracking and catching of 3D 1111

flying target based on GAG strategy,” in Proc. IEEE Int. Conf. Robot. 1112

Autom., New Orleans, LA, USA, Apr./May 2004, pp. 5189–5194. 1113

[16] E. Ribnick, S. Atev, and N. P. Papanikolopoulos, “Estimating 3D posi- 1114

tions and velocities of projectiles from monocular views,” IEEE Trans. 1115

Pattern Anal. Mach. Intell., vol. 31, no. 5, pp. 938–944, May 2009. 1116

[17] U. Frese et al., “Off-the-shelf vision for a robotic ball catcher,” in 1117

Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst., Maui, HI, USA, 2001, 1118

pp. 1623–1629. 1119

[18] E. Ribnick, S. Atev, N. Papanikolopoulos, O. Masoud, and R. Voyles, 1120

“Detection of thrown objects in indoor and outdoor scenes,” in Proc. 1121

IEEE/RSJ Int. Conf. Intell. Robots Syst., San Diego, CA, USA, 1122

Oct./Nov. 2007, pp. 979–984. 1123

[19] K. Deguchi, H. Sakurai, and S. Ushida, “A goal oriented just-in-time 1124

visual servoing for ball catching robot arm,” in Proc. IEEE/RSJ Int. 1125

Conf. Intell. Robots Syst., Nice, France, Sep. 2008, pp. 3034–3039. 1126

[20] S. Kim and A. Billard, “Estimating the non-linear dynamics of free- 1127

flying objects,” Robot. Auto. Syst., vol. 60, no. 9, pp. 1108–1122, 2012. 1128

[21] G. Batz, A. Yaqub, H. Wu, K. Kuhnlenz, D. Wollherr, and 1129

M. Buss, “Dynamic manipulation: Nonprehensile ball catching,” in Proc. 1130

18th Medit. Conf. Control Autom., Marrakech, Morocco, Jun. 2010, 1131

pp. 365–370. 1132

[22] S. Chapman, “Catching a baseball,” Amer. J. Phys., vol. 36, no. 10, 1133

pp. 868–870, 1968. 1134

[23] R. Mori and F. Miyazaki, “GAG (gaining angle of gaze) strategy for ball 1135

tracking and catching task,” in Proc. IEEE/RSJ Int. Conf. Intell. Robots 1136

Syst., Lausanne, Switzerland, 2002, pp. 281–286. 1137

[24] Z. Zhang, D. Xu, and M. Tan, “Visual measurement and prediction 1138

of ball trajectory for table tennis robot,” IEEE Trans. Instrum. Meas., 1139

vol. 59, no. 12, pp. 3195–3205, Dec. 2010. 1140

[25] Y. Huang, D. Xu, M. Tan, and H. Su, “Trajectory prediction of spinning 1141

ball for ping-pong player robot,” in Proc. IEEE/RSJ Int. Conf. Intell. 1142

Robots Syst., San Francisco, CA, USA, Sep. 2011, pp. 3434–3439. 1143

[26] J. Nonomura, A. Nakashima, and Y. Hayakawa, “Analysis of effects of 1144

rebounds and aerodynamics for trajectory of table tennis ball,” in Proc. 1145

SICE Annu. Conf., Taipei, China, Aug. 2010, pp. 1567–1572. 1146

[27] A. Nakashima, Y. Ogawa, Y. Kobayashi, and Y. Hayakawa, “Modeling 1147

of rebound phenomenon of a rigid ball with friction and elastic effects,” 1148

in Proc. Amer. Control Conf., Baltimore, MD, USA, Jun./Jul. 2010, 1149

pp. 1410–1415. 1150

[28] A. Nakashima, Y. Ogawa, C. Liu, and Y. Hayakawa, “Robotic table 1151

tennis based on physical models of aerodynamics and rebounds,” in 1152

Proc. IEEE Int. Conf. Robot. Biomimetics, Phuket, Thailand, Dec. 2011, 1153

pp. 2348–2354. 1154

[29] Y.-B. Jia, “Three-dimensional impact: Energy-based modeling of tan- 1155

gential compliance,” Int. J. Robot. Res., vol. 32, no. 1, pp. 56–83, 2013. 1156

[30] K. Nishiwaki, A. Ionno, K. Nagashima, M. Inaba, and H. Inoue, 1157

“The humanoid Saika that catches a thrown ball,” in Proc. 6th IEEE 1158

Int. Workshop Robot Human Commun., Sendai, Japan, Sep./Oct. 1997, 1159

pp. 94–99. 1160

[31] S. Kim, A. Shukla, and A. Billard, “Catching objects in flight,” IEEE 1161

Trans. Robot., vol. 30, no. 5, pp. 1049–1065, Oct. 2014. 1162

[32] B. Siciliano, L. Sciavicco, L. Villani, and G. Oriolo, Robotics: Mod- 1163

elling, Planning and Control. London, U.K.: Springer-Verlag, 2008. 1164

[33] R. Dahmouche, N. Andreff, Y. Mezouar, O. Ait-Aider, and P. Martinet, 1165

“Dynamic visual servoing from sequential regions of interest acquisi- 1166

tion,” Int. J. Robot. Res., vol. 31, no. 4, pp. 520–537, 2012. 1167



IE
EE

Pr
oo

f

CIGLIANO et al.: ROBOTIC BALL CATCHING 15

[34] K. Deguchi, “Optimal motion control for image-based visual servoing1168

by decoupling translation and rotation,” in Proc. IEEE/RSJ Int. Conf.1169

Intell. Robots Syst., Victoria, BC, Canada, Oct. 1998, pp. 705–711.1170

[35] E. Malis, F. Chaumette, and S. Boudet, “2 1
2 D visual servoing,” IEEE1171

Trans. Robot. Autom., vol. 15, no. 2, pp. 238–250, Apr. 1999.1172

[36] P. I. Corke and S. A. Hutchinson, “A new partitioned approach to image-1173

based visual servo control,” IEEE Trans. Robot. Autom., vol. 17, no. 4,1174

pp. 507–515, Aug. 2001.1175

[37] Y. Tanaka, T. Tsuji, and M. Kaneko, “Task readiness impedance in1176

human arm movements for virtual ball-catching task,” in Proc. 29th1177

Annu. Conf. IEEE Ind. Electron. Soc., Roanoke, VA, USA, Nov. 2003,1178

pp. 478–483.1179

[38] O. Birbach and U. Frese, “A multiple hypothesis approach for a ball1180

tracking system,” in Proc. 7th Int. Conf. Comput. Vis. Syst., Comput.1181

Vis. Syst., Liège, Belgium, 2009, pp. 435–444.1182

[39] J. Bresenham, “A linear algorithm for incremental digital display of1183

circular arcs,” Commun. ACM, vol. 20, no. 2, pp. 100–106, 1977.1184

[40] G. Antonelli, “Stability analysis for prioritized closed-loop inverse kine-1185

matic algorithms for redundant robotic systems,” IEEE Trans. Robot.,1186

vol. 25, no. 5, pp. 985–994, Oct. 2009.1187

[41] F. Chaumette, “Potential problems of stability and convergence in image-1188

based and position-based visual servoing,” in The Confluence of Vision1189

and Control. London, U.K.: Springer-Verlag, 1998.1190

Pierluigi Cigliano was born in Naples, Italy,1191

in 1970. He received the Laurea degree in electron-1192

ics engineering from the Università degli Studi di1193

Napoli Federico II, Naples, in 2012.1194

He was a Freelancer with the Department of1195

Electrical Engineering and Information Technol-1196

ogy, Università degli Studi di Napoli Federico II.1197

He is currently a Consultant Engineer in Aerospace1198

and Defence with the Altran Group, Paris, France.1199

He was also an Assistant Project Supervisor for the1200

technological revamp of Naples Metro Line 1.1201

AQ:23

Vincenzo Lippiello (M’12) was born in Naples,1202

Italy, in 1975. He received the Laurea degree in1203

electronic engineering and the Research Doctorate1204

degree in information engineering from the Uni-1205

versità degli Studi di Napoli Federico II, Naples,1206

in 2000 and 2004, respectively.1207

He is currently an Assistant Professor of Auto-1208

matic Control with the Department of Electrical1209

Engineering and Information Technology, Università1210

degli Studi di Napoli Federico II. He has authored1211

over 90 journal and conference papers and book1212

chapters. His current research interests include visual servoing of robot1213

manipulators, hybrid visual/force control, adaptive control, grasping and1214

manipulation, aerial robotics, robotic ball catching, and visual object tracking1215

and reconstruction.1216

Dr. Lippiello is a member of the IFAC Technical Committee on Robotics.1217

Fabio Ruggiero (S’07–M’10) was born in Naples, 1218

Italy, in 1983. He received the M.Sc. degree in 1219

automation engineering and the Ph.D. degree from 1220

the Università degli Studi di Napoli 1221

Federico II, Naples, in 2007 and 2010, respectively. 1222

He has held a post-doctoral position at the Depart- 1223

ment of Electrical Engineering and Information 1224

Technology, Università degli Studi di Napoli 1225

Federico II, since 2011. He has co-authored over 1226

25 journal papers, book chapters, and conference 1227

papers. His current research interests include 1228

dexterous and dual-hand robotic manipulation, even using UAVs with small 1229

robotic arms, dynamic nonprehensile manipulation, 3-D object preshaping, 1230

and reconstruction. 1231

AQ:24

Bruno Siciliano (M’91–SM’94–F’00) was born in 1232

Naples, Italy, in 1959. He received the Laurea and 1233

Research Doctorate degrees in electronic engineer- 1234

ing from the Università degli Studi di Napoli 1235

Federico II, Naples, in 1982 and 1987, respectively. 1236

He is currently a Professor of Control and Robot- 1237

ics, and the Director of the PRISMA Laboratory 1238

with the Department of Electrical Engineering and 1239

Information Technology, Università degli Studi di 1240

Napoli Federico II. He has co-authored 13 books, 1241

80 journal papers, 240 conference papers, and book 1242

chapters. He has delivered 110 invited lectures and seminars at institutions 1243

worldwide. His current research interests include force and visual control, 1244

human–robot interaction, and aerial service robotics. 1245

Prof. Siciliano is a fellow of the American Society of Mechanical Engineers 1246

and the International Federation of Accountants. He has been the recipient of 1247

several awards. He has served on the Editorial Boards of several peer-reviewed 1248

journals and has been the Chair of the Program and Organizing Committees 1249

of several international conferences. He is a Co-Editor of the Springer Tracts 1250

in Advanced Robotics and the Springer Handbook of Robotics, which received 1251

the PROSE Award for Excellence in Physical Sciences and Mathematics, and 1252

was the winner in the category Engineering and Technology. His group has 1253

been granted 14 European projects, including the Advanced Grant from the 1254

European Research Council. He was the President of the IEEE Robotics and 1255

Automation Society. 1256

AQ:25



IE
EE

Pr
oo

f

AUTHOR QUERIES

AQ:1 = Please confirm whether the edits made in the sentence beginning “A classic partitioned ...” are OK.
AQ:2 = Please provide the expansion for “IDEAS.”
AQ:3 = Please provide the exact reference citations if the phrase “authors” refers to them or

please confirm whether the phrase “author” may be modified to read “the authors”
if it refers to the authors of this paper.

AQ:4 = In line nos. 64 and 524 “Differently from” is changed as “Different from” as per editing aspect.
Please confirm the change.

AQ:5 = Please confirm whether the edits made in the sentence “Last, but not least ...” are OK.
AQ:6 = Please confirm whether the edits made by modifying the phrase “The work in [18]” to

“For example, [18]” is OK.
AQ:7 = Please confirm whether the edits made in the sentence “A 2-D task is defined ...” are OK.
AQ:8 = Please ensure that the phrase “in detail/in details” conveys the intended meaning

clearly wherever it occurs.
AQ:9 = In line footnote 1 “Differently from the” is changed as “Different from the” as per editing aspect.

Please confirm the change.
AQ:10 = Please confirm whether the edits made in the sentence “The pixels of the image ...” are OK.
AQ:11 = In Fig. 5, text and number is too small and difficult to read. Please provide clearer assembled image

with more legible text.
AQ:12 = Please confirm whether the modification of the phrase “This last” to “The last one” is OK.
AQ:13 = Please confirm whether the edits made in the sentence “When a rebound is detected ...” are OK.
AQ:14 = Please provide the expansion for the acronyms “CLIK, C4G, RTAI, and RoI.”
AQ:15 = Please confirm whether the phrase “Namely” modified to “For example” is OK.
AQ:16 = Please confirm whether the phrase “not refined” may be modified to read “nonrefined” in the sentence

“The errors computed ...” are OK.
AQ:17 = Please check whether the edits made by joining the sentences “The percentage of caught ball ...” and

“Namely, the caught ball ...” are OK and do not alter the intended meaning of them.
AQ:18 = Please confirm whether the edits made in the sentence “Some examples are shown

in Fig. 14 ...” are OK.
AQ:19 = Please provide descriptions of all labeled subparts for Fig. 15.
AQ:20 = Please confirm whether the deletion of the phrase “Namely” and the edits made in the sentence

“Namely, the proposed novelties ...” are OK and do not alter the intended meaning.
AQ:21 = Please confirm the country for refs. [9] and [26].
AQ:22 = Please provide the month for refs. [12], [14], [17], and [23].
AQ:23 = Current affiliation in biography of “Pierluigi Cigliano” does not match First Footnote. Please check.
AQ:24 = Please confirm whether the edits made in the sentence “He received ... respectively.” are OK.
AQ:25 = Please confirm whether the edits made in the sentence “His current . . . robotics.” are OK.


