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A LEARNING MODEL FOR RACKET MOTION DECISION IN PING-PONG
ROBOTIC SYSTEM

Hu Su, De Xu, Guodong Chen, Zaojun Fang, and Min Tan

ABSTRACT

In this paper, a model of computing the desired velocity of returning balls is developed so that the robot could return the
incoming ball to a desired point on the table with specified landing velocity. At first, three polynomials of the flying time are
applied to fit the ball’s trajectory while neglecting the effort of Magnus force; one result of returning velocity is obtained after
the coefficients of the polynomials are estimated using the LM (Levenberg-Marquardt) algorithm. Then a new configuration
based on area segmentation is proposed which is used in storing and replacing experimental data; another result of the velocity
is received by fitting the stored data. The weighted average of the two above mentioned results is regarded as the original value
of the fuzzy correcting algorithm. With the analysis of the influence of the desired velocity on the errors between the actual
landing point and the desired point, the fuzzy rule is designed. The eventual returning velocity of the ball is obtained using
the fuzzy correcting algorithm based on the errors of the landing point predicted by the flying model. Finally, experiments
are conducted to verify the performance of the proposed method.

Key Words: Returning velocity, fuzzy correcting algorithm, table tennis, flying model, experimental data.
I. INTRODUCTION

The ping-pong robotic system, which is an important
application platform for hardware systems, algorithms, vi-
sion equipment and so on, has been fascinating researchers
all over the world [1]. Recently, several robotic systems that
are capable of playing rudimentary table tennis have been
reported by Andersson [2,3], Acosta [4], Matsushima [5,6]
and others.

In the real game between humans, high velocity ball
sensing, trajectory prediction, motion planning and so on,
are all crucial to a successful return of the incoming ball.
Among these factors, how to control the racket is a primary
concern, which is considered here, consisting of two inde-
pendent sub problems. First, the racket’s parameters, which
correspond to the velocity and orientation of the racket, are
required, so that the ball would be struck back from the hit-
ting position and land on the table. Second, with the deter-
mined racket’s parameters, the path of the racket needs to
be planned, so that the robot could reach the hitting position
with desired velocity and orientation to execute the striking
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movement. However, both are difficult to solve due to their
serious nonlinearity and uncertainty. In [7], Muelling nu-
merically solved the desired outgoing velocity based on
the dynamic model of the table tennis ball. Then, the re-
quired velocity and orientation of the racket were derived
from the velocity. Additionally, they studied the application
of Ispeert’s dynamic systems motor primitives (DMP) [8] in
modeling the ping-pong playing robot’s striking movements
in [9,10]. Matsushima [5,6] applied locally weighted regres-
sion (LWR) to predict when, where and how to return an in-
coming ball. In addition, a control scheme based on iterative
learning control is proposed to compensate for the servo er-
rors [11,12]. In [13], a humanoid ping-pong playing robot
was presented, where a self-organizing map-based (SOM)
reinforcement learning network was employed to determine
which strike angle was most suitable when the current in-
stant state of the ball was given. In [14], a combined learn-
ing approach that consisted of LWR and fuzzy cerebellar
model articulation (FCMAC) was proposed for the racket’s
parameters computation, where LWR and FCMAC were
parallel and mutually complementary. Motion planning
was discussed also in most of the aforementioned publica-
tions, where a fifth-order polynomial was considered.

Intuitively, for a ping-pong playing robot, learning ca-
pability is strongly required since the trajectory and velocity
of the incoming ball is varied each time. To satisfy such a
requirement, just-in-time (JIT) methods have attracted
much attention [15–17] because of their simplicity and ease
of application to the task of prediction. As the most com-
monly used JIT learning algorithm, LWR [15] has been
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demonstrated to achieve good performance in various as-
pects [18]. Nevertheless, for the ping-pong robotic system
where many relevant variables are involved, large experi-
ence data storage is required so as to achieve an acceptable
error level. In this sense, LWR cannot be directly applied to
the ping-pong robotic system.

Given an input data point, LWR uses the experience
data to fit a local model, with which the result of the input
data is derived. Its performance depends on the number of
experience data which are located around that point, and
the closeness between them. If more experience data are
available, the closer they are, the more accurate the result
would be. Inspired by Su’s idea [19] that learning times
can be used to speed up the learning process, the confidence
level of the LWR result should be taken into account. To
quantify the confidence level reasonably, the fuzzy method
[20] is a good candidate, which is a powerful tool to deal
with nonlinear and uncertain problems, such as optical disk
drive [21], seam tracking [22], dynamic servo systems [23],
and multi-input multi-output (MIMO) systems [24]. In ad-
dition, the confidence level for each of the stored experience
data is considered as well. With the information provided by
the confidence levels, it is possible that the proposed
method would perform well even if the experience data is
insufficient. Besides, the racket’s path planning is the other
issue for consideration. There are an infinite number of
paths for the robot’s racket to execute the striking move-
ment. There are also numerous different arm postures to re-
alize the same task-space path in joint-space because of the
redundancy of the arm. Choosing a smooth and accessible
path for the robot is surely important to a success return.

In this paper, we present a learning approach for con-
trolling the robot’s racket, so that the incoming ball is
returned to a desired position. This approach could be di-
vided into two independent steps: determination of the
racket’s parameters and the racket’s path planning. In the
first step, the LWR is utilized to calculate the initial param-
eters. A fuzzy logical inference system is designed to com-
pute the confidence level of the LWR result. The confidence
level for each of the experience data is derived as well with a
defined weighting function. The final parameters are deter-
mined by using the confidence levels to combine the outputs
of the experience data with the LWR result. Compared to
traditional LWR algorithms, the confidence level is derived
and employed to improve the accuracy of the calculated
results, especially when experience data is insufficient. In
the second step, using a predefined two-objective optimiza-
tion function, the racket’s path is derived which minimizes
the energy required in the striking process.

The rest of this paper is organized in the following
manner. Section II briefly describes the coordinate system
used in our robotic system. The desired outgoing velocity
is numerically calculated using the Levenberg–Marquardt
© 2014 Chin
(LM) method in Section III. In Section IV, three input-
output maps implemented by means of LWR are built to
compute the racket’s initial parameters and a fuzzy logical
inference system is then designed from which the confidence
level of the LWR result is derived. The confidence level for
each of the stored experience data is obtained as well.
The racket’s final parameters are determined by combining
the LWR result with the experience data. Subsequently, the
robot’s racket path planning is discussed in Section V. We
evaluate the proposed method in Section VI. Finally, the
proposed method is summarized in Section VII.
II. SYSTEM DESCRIPTION

In our robotic system, the motions of the ball are tracked
and predicted by the stereo vision system developed in [25].
Then, with the predicted results, the incoming ball is strruck
back by the robot designed in [26,27]. Our robot shown in
Fig. 1a has five degrees of freedom (DOF), two of which
are in the horizontal plane, one in the vertical direction, and
the other two involved in the lateral and up-down rotation.

The coordinate system {M} used in the robot is illus-
trated in Fig. 1b. In the system, X-axis, pointing towards the
robot’s right sides, is parallel to the horizontal plane; Z-axis
is perpendicular to the horizontal plane. The origin is lo-
cated in the middle of the table’s short side. (θs, θp) repre-
sents the rotational movement of the racket. The initial
racket’s plane is parallel to the X-Z plane.

Some related parameters of the designed robotic system
are measured and presented as well in this section. The main
motion parameters of the robot such as the range of the motion,
the maximum velocities and the maximum accelerations are
listed in Table I. The accuracy of the stereo vision system in
[25] is experimentally verified, which could reach 0.1 mm in
the experiment of recognizing the stationary ping-pong ball
with known world coordinates. Using this vision system, a
new position could be obtained in 10 ms interval. According
to the parameters mentioned above, it could be concluded that
the performance of the designed robotic system could be able
to meet the requirement of playing ping-pong against a human.
III. DESIRED OUTGOING VELOCITY

3.1 Variables

For easier explanation, we define some notations before
proceeding to the next section. The ball’s velocities just be-
fore and after the impact of the racket are denoted as vi=
(vix, viy, viz) and vo=(vox, voy, voz). The velocity of the ball at
the moment of landing on the table is vd= (vdx, vdy, vdz).
The magnitude vxyd is also considered in the determination
of the racket’s parameters, where vxyd =(vdx

2+ vdy
2)1/2. The
ese Automatic Control Society and Wiley Publishing Asia Pty Ltd



Fig. 1. Structure of the ping-pong playing robot. (a) Physical
mechanism. (b) The coordinate system used in the
robotic system.

Table I. Parameters of the robot’s joints.

Robot’s
joint

Range of
motion

Maximum
velocity

Maximum
acceleration

X 800~800mm 3.5m/s 14m/s2
Y 0~1500mm 4m/s 14m/s2
Z 200~400mm 1m/s 3m/s2
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striking position, desired landing position and actual landing
position are denoted as ph=(xh, yh, zh), pd= (xd, yd, zd) and
pa= (xa, ya, za), respectively.
3.2 Desired outgoing velocity

In the real game, ph is received first from the vision
computer. After the parameters pd and vxyd are freely chosen
© 2014 Chinese Automatic Control Society and Wiley Publishing Asia
by the system, the desired outgoing velocity is calculated.
Considering the air resistance imposed on the flying ball,
the following third-order polynomials are used to fit the
time and position in the X, Y, and Z directions.

x tð Þ
y tð Þ
z tð Þ

2
64

3
75 ¼

c11�t3 þ c12�t2 þ c13�t þ c14

c21�t3 þ c22�t2 þ c23�t þ c24

c31�t3 þ c32�t2 þ c33�t þ c34

2
64

3
75 (1)

where, c11, c12, c13, c14, c21, c22, c23, c24, c31, c32, c33, and
c34 are the coefficients of the polynomials for the move-
ments along the X, Y, and Z directions.

With the assumption that the ball is struck back at time
0 and it reaches the opponent’s court at time tf, the following
formulas are derived:

c14

c24

c34

2
64

3
75 ¼

xh

yh
zh

2
64

3
75 (2)

c11�tf 3 þ c12�tf 2 þ c13�tf þ c14

c21�tf 3 þ c22�tf 2 þ c23�tf þ c24

c31�tf 3 þ c32�tf 2 þ c33�tf þ c34

2
64

3
75 ¼

xd

yd
zd

2
64

3
75 (3)

The velocity and acceleration functions, which are the
first and second derivative of the position versus time, respec-
tively, can be expressed as

vx tð Þ
vy tð Þ
vz tð Þ

2
64

3
75 ¼

3c11�t2 þ 2c12�t þ c13

3c21�t2 þ 2c22�t þ c23

3c31�t2 þ 2c32�t þ c33

2
64

3
75 (4)

ax tð Þ
ay tð Þ
az tð Þ

2
64

3
75 ¼

6c11�t þ 2c12

6c21�t þ 2c22

6c31�t þ 2c32

2
64

3
75 (5)

Based on the dynamics model of the flying ball where
the Magnus Force is neglected, the relations between the ve-
locities in (4) and the accelerations in (5) are deduced, as
shown in

ax 0ð Þ
ay 0ð Þ
az 0ð Þ

2
64

3
75 ¼

�km
→v 0ð Þk kvx 0ð Þ

�km
→v 0ð Þk kvy 0ð Þ

�km
→v 0ð Þk kvz 0ð Þ � g

2
64

3
75 (6)

ax tf
� �

ay tf
� �

az tf
� �

2
64

3
75 ¼

�km
→v tf
� ��� ��vx tf

� �
�km

→v tf
� ��� ��vy tf

� �
�km

→v tf
� ��� ��vz tf

� �� g

2
64

3
75 (7)

where,
→
v tð Þ�� �� ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
vx tð Þ2 þ vy tð Þ2 þ vz tð Þ2

q
, g is the gravity

accelerator and km is the experimental coefficient.
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With the predefined parameter vxyd, we have

vx tf
� �2 þ vy tf

� �2 ¼ v2xyd (8)

From (2), (3), (6), (7), and (8), the coefficients in (1)
could be numerically solved using the LM method and then
the desired outgoing velocity vo= [c13, c23, c33]

T is
obtained.
4. RACKET PARAMETERS

4.1 Notations for the racket parameters

In this section, the racket’s parameters are introduced.
The racket’s velocity is Vr = (vrx, vry, vrz) and its orientation
is (θs, θp), where θs and θp represent the yaw and pitch an-
gles, respectively. In consideration of the redundant DOF in
the robotic system presented in Section II, a restriction is
imposed: vrx= vrz =0. In this case, the racket’s parameters
could be solved uniquely.
4.2 Experience data and learning maps

Structure of experience data. In each experiment,
the position ph = (xh, yh, zh) and velocity vc = (vcx, vcy, vcz)
of the incoming ball just before the impact of the racket
could be obtained. After the ball is returned by the racket
in a certain orientation (θs, θp) and at a certain velocity
vry, it will land on the opponent’s court. Then the landing
position (xa, ya, za) and the magnitude vxyd are obtained
as well. With the relevant parameters, the outgoing
velocity vo = (vox, voy, voz) of the returned ball is calculated
using the method proposed in Section III. The variables
(vcx, vcy, vcz, vox, voy, voz, θs, θp, vry) constitute an
experience data point.

Learning maps. According to the physical analysis of
the rebound phenomenon between the ball and the racket,
the following three input-output maps are built:

θs ¼ f 1 v12x; v12y
� �

(9)

θp ¼ f 2 vcx; vcy; vcz; vox; voy; voz
� �

(10)

vry ¼ f 3 vcx; vcy; vcz; vox; voy; voz
� �

(11)

where, v12=[v12x, v12y, v12z]
T=[vox-vcx, voy-vcy, voz-vcz]

T.
With the input-output maps implemented by means of

LWR, the racket’s initial parameters could be obtained.
Nevertheless, considering the variables involved in these
maps, at least several experience data points are required
to reliably estimate the parameters θs, θp and vry. Actually,
many more data points are needed owing to the inescapable
noise contained in the experience data. In general, without
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enough experience data, calculating the parameters with
LWR may cause serious errors.

The three parameters are calculated similarly. As an ex-
ample, the calculation of the parameter θs is given, and the
parameters θp and vry can be obtained just in the same way.
4.3 Confidence level assigned for the LWR result

The confidence level of the LWR result is taken into
account in our method to improve the performance of
LWR especially when the experience data is insufficient.
To quantify the confidence level reasonably, a fuzzy infer-
ence system is designed.

The essence of LWR is to fit a planar local model to
the stored data points, where each point is weighted by a
function of its distance from the input data point [15]. Its
performance depends on the number of the stored data
which are located around the input point, and the closeness
between them. Thus, the number n of the stored data and the
average weight wa =∑iwi/n are employed to determine the
confidence level of the LWR result, where wi is the weight
of the ith experience data point.

Membership functions. The average weight wa,
whose universe of discourse is {Mw1, Mw2, Mw3, Mw4}
and fuzzy subsets assume {A1

1, A1
2, A1

3, A1
4}, and the

number n of the stored data, whose universe of discourse
is {Mn1, Mn2, Mn3, Mn4} and fuzzy subsets assume {A2

1,
A2
2, A2

3, A2
4}, are the inputs to the fuzzy system. Here,

standard triangular membership functions with 50% over-
lap with neighboring membership functions are used. The
corresponding membership functions are shown in Fig. 2.

Rule Base. The rule base is the core of the fuzzy system
to determine the confidence level under different conditions. It
is the rule base that mostly represents the intelligence of the
fuzzy system. Based on the author’s understanding, the rule
base is obtained through trial and error, as shown in Table II.

Defuzzification. The crisp output uc of the fuzzy sys-
tem is obtained by

uc ¼
∑m

i¼1chμi waj; nk;wan
� �

∑m
i¼1μi waj; nk;wan

� � (12)

where, m is the number of the matched rules in the rule base,
ch is output result in the consequent part of the given rule,
and μj(waj, nk, wa, n) is the membership value of the ith rule,
which is computed as follows:

μi waj; nk;wan
� � ¼ μwaj

wað Þ∧μnk nð Þ (13)

4.4 Confidence level assigned for experience data

After the racket’s initial parameters θ̂s are obtained with
LWR, the experience data is employed again to compute the
ese Automatic Control Society and Wiley Publishing Asia Pty Ltd



Fig. 2. Membership functions. (a) Membership functions for w. (b)
Membership functions for n.

Table II. Rule base.

CL

n

A2
1 A2

2 A2
3 A2

4

wa A1
1 0.02 0.2 2 2

A1
2 0.02 0.2 2 20

A1
3 0.02 0.2 20 20

A1
4 0.2 2 20 20
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racket’s final parameters. Meanwhile, the confidence level for
each of the stored experience data is considered, which can
be derived as

Ci ¼ wi

∑
i
wi

(14)

where, wi is the weight of ith experience data point as de-
scribed in [15].
Fig. 3. Framework of the racket’s parameters determination.
4.5 Racket final parameters determination

These confidence levels are used to combine the expe-
rience data and the LWR result to calculate the racket’s final
parameters, as given in
© 2014 Chinese Automatic Control Society and Wiley Publishing Asia
θS ¼
∑
n

i¼1
CiθiS þ CLθ̂S

∑
n

i¼1
Ci þ CL

(15)

where n is the number of the stored data points, θsi andwi are
the output and the confidence level of the ith data point, re-

spectively, θ̂S is the initial parameter calculated with LWR
and CL is its confidence level. The framework of the racket’s
parameters determination is presented in Fig. 3.
V. RACKET PATH PLANNING

5.1 Strategy

After the racket’s parameters are determined, the path
of the racket needs to be planned, so that the robot can reach
the striking position with the desired velocity and orientation
to execute the striking movement. The following three stages
are distinguished according to their different functions. We
have labeled them to enhance their understandability.

Approaching stage. The racket begins to move from
the home position. At the end of the stage the racket would
be in the desired orientation (θs, θp) and at the desired veloc-
ity vry in order to prepare the stroke.

Striking stage. The racket moves towards the striking
position with the desired striking velocity and orientation.
The racket maintains the same orientation and velocity dur-
ing striking stage.

Returning stage. At this stage the racket moves back
to the home position in time after the ball has been struck.

Fig. 4 shows the planned racket path in X-Y plane. As
indicated in Fig. 4,O P1’P1, P1 Ps P2 and P2 P2’O are the tra-
jectories at approaching stage, striking stage and returning
stage, respectively, Ps(Psx, Psy) is the striking position. It
can be seen that the striking trajectory, which begins at the
position p1(p1x, p1y) and ends at the position p2(p2x, p2y), is
a line parallel to Yaxis and is divided into half by Ps. The du-
ration of the striking stage is supposed to be constant for the
robot and is denoted as 2T. Meanwhile, the duration of ap-
proaching stage is denoted as ta while that of returning stage
is tr. The remaining time from the current moment to the
striking moment is trs. It can be found that the parameters
Pty Ltd



Fig. 4. Racket trajectory planning in X-Y plane.
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p1x, p2x, p1y, p2y and ta can be determined once trs and Ps are
obtained. Additionally, Px(t), Vx(t) and ax(t) denote, respec-
tively, the position, the velocity and the acceleration of the
racket at time t in X direction.
5.2 Planning

Based on the above discussion, the racket trajectories at
different stages in the X direction are derived and the trajecto-
ries in the Y direction can be obtained in the same way.

The racket trajectory in the X direction can be derived
with the following optimization problem:

ẋ tð Þ ¼ Ax tð Þ þ Bu tð Þ (16)

x tð Þ ¼ x1 tð Þ
x2 tð Þ

� �
¼ Px tð Þ

Vx tð Þ

� �
; u tð Þ ¼ ax tð Þ (17)

A ¼ 0 1

0 0

� �
; B ¼ 0

1

� �
(18)

where, x(t) is the state vector and u(t) is the input vector.
From (16), (17), and (18), it can be seen that the position
Px(t) and the velocity Vx(t) constitute the state vector and
the acceleration ax(t) is regarded as the input vector.

At the approaching stage, the objective function is de-
fined in (19) and the boundary constraints are shown in (20):

J ¼ ∫
ta

0

1
2
u tð Þ2dt (19)

x 0ð Þ ¼ 0

0

� �
; x tað Þ ¼ P1x

0

� �
(20)

By solving the optimum mathematical model, the tra-
jectory and the velocity of the racket at approaching stage
can be obtained:
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Px tð Þ ¼ 1
6
aAxt

3 � 1
2
bAxt

2

Vx tð Þ ¼ 1
2
aAxt

2 � bAxt; t∈ 0; t1½ �

8><
>: (21)

where aAx and bA are the coefficients of approaching stage,
which are determined by

aAx

bAx

� �
¼

1
6
ta

3 �1
2
ta
2

1
2
ta

2 �ta

2
664

3
775
�1

P1x

0

� �
(22)

At the returning stage, the objective function is defined
in (23) and the boundary constraints are presented in (24):

J ¼ kxtr þ ∫
tr

0

1
2
u tð Þ2dt (23)

x ta þ 2Tð Þ ¼ P2x

0

� �
; x ta þ 2T þ trð Þ ¼ 0

0

� �
(24)

where, kx is the scale factor which could uniform different di-
mensions. Then, tr is derived with the change rate of the
Hamiltonian function.

tr ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
3

ffiffiffi
2

p
P2xj j

q
=kx (25)

Then, the trajectory and the velocity of the racket at the
returning stage are obtained:

Px tð Þ ¼ 1
6
aRx t � taTð Þ3 � 1

2
bRx t � taTð Þ2 þ P2x

Vx tð Þ ¼ 1
2
aRx t � taTð Þ2 � bRx t � taTð Þ; t∈ taT ; taT þ tr½ �

8><
>:

(26)

where, taT = ta+2T, aRx and bRx are the coefficients of the
returning stage, which are computed by

aRx

bRx

� �
¼

1
6
tr
3 �1

2
tr
2

1
2
tr
2 �tr

2
664

3
775
�1

�P2x

0

� �
(27)

VI. EXPERIMENTS AND RESULTS

The distributed parallel processing vision system was
used in the experiments which consisted of two high-speed
smart cameras. The cameras were VC4458, whose maximum
frame rates were 119 frames/second (f/s) and image sizes
were 640 × 480 pixels. The computer that calculated the fly-
ing ball’s 3-D position had a 2.99GHz CPU and a 2GB
RAM while the computer that planned the robot’s motion
had a 1.87GHz CPU and a 1GB RAM.
ese Automatic Control Society and Wiley Publishing Asia Pty Ltd



Table III. Comparison of the actual outgoing velocity
and the velocity computed with the proposed method.

No.
Actual Velocity
(vox, voy, voz) (m/s)

Calculated Velocity
(vox, voy, voz) (m/s)

1 0.23, -7.35, -0.66 0.21, -7.27, -0.79
2 -0.04, -7.25, -0.67 -0.05, -7.25, -0.64
3 0.07, -6.93, -0.60 0.03, -7.10, -0.76
4 -0.22, -6.96, -0.54 -0.15, -6.84, -0.49
5 0.07, -6.96, -0.63 0.06, -6.94, -0.74
6 -0.10, -6.67, -0.58 -0.06, -6.67, -0.57

Fig. 5. Comparison of measured and predicted trajectories.

H. Su et al.: A Learning Model for Racket Motion Decision in Ping-Pong Robotic System
6.1 Computation of desired outgoing velocity

Before the computation, some relative values were
given as km=0.1480, g=9.802 m/s2. In the experiments,
several entire trajectories of the ball were measured to obtain
the motion parameters of the ball such as the landing and
striking points. With the obtained parameters, the outgoing
velocities were computed using the method in Section III.
Then, actual outgoing velocities were derived from the mea-
sured trajectories. The comparison of the two results is pre-
sented in Table III. Then, based on the striking position and
Table IV. Testin

No. (vix, viy, viz) (m/s, m/s, m/s) (vox, v

1 -0.063, -2.002, -1.154 0
2 -0.027, -2.134, -0.302 0
3 0.209, -2.305, 0.964 0
4 0.035, -2.320, -0.548 0
5 -0.175, -2.227, -0.476 0
6 -0.201, -2.723, 0.079 0
7 -0.177, -2.612, -0.176 0
8 0.160, -2.159, -0.186 0
9 -0.170, -2.978, -0.697 0
10 -0.036, -2.309, -0.802 0

© 2014 Chinese Automatic Control Society and Wiley Publishing Asia
the calculated outgoing velocity, the succeeding trajectory
before rebound was predicted using the flying model devel-
oped in [25]. The measured and the predicted trajectories
were compared in Fig. 5. From Fig. 5, it can be seen that
the predicted trajectory coincided well with the measured
one. Thus, we can conclude from Fig. 5, and more clearly
from Table III, that the velocities calculated with the pro-
posed method were reached with satisfactory accuracy and
could be used in the determination of the racket parameters.
6.2 Determination of Racket Parameters

Equally spaced triangular fuzzy sets were adopted to
cover the domain of interest. Membership functions for the
input variables wa and n were determined according to many
experimental results. In the computation of parameter θs, the
functions were given as Mw1=0.35, Mw2=0.45, Mw3=0.55,
Mw5=0.65, Mn1=2, Mn2=4, Mn3=6, Mn4=8. And when calcu-
lating parameters θs and vry, the functions were set as
Mw1=0.25, Mw2=0.35, Mw3=0.45, Mw5=0.55, Mn1=8,
Mn2=10, Mn3=12, Mn4=14.

To demonstrate the learning capability of the method
proposed in Section IV, comparison experiments were con-
ducted using the LWR method. As listed in Table IV, ten test-
ing samples were randomly selected from the data base and
predicted with the LWR method and the proposed method,
respectively. In the experiments, different numbers of experi-
ence data were used to predict the racket parameters. The av-
erage predicted errors of the ten samples for the proposed
method and LWR were shown in Fig. 6. As can be seen from
the figure, both methods achieve satisfactory accuracy with
sufficient experiment data and their errors on the whole tend
to go down as the number of data points increases. However,
the LWR method may need to learn for more times to con-
verge to an acceptable error level.

To experimentally verify the method, we used the pro-
posed method and the LWR method for the robotic system
to play with the human player. Fig. 7 shows the distribution
of actual landing positions in the horizontal plane. With 50
g samples

oy, voz) (m/s, m/s, m/s) (θs, θp, vry) (
o, o, m/s)

.154, 4.693, 1.653 -1.230, -2.511, 1.830

.328, 5.164, 1.620 -1.160, -1.435, 1.860

.261, 4.895, 1.775 -0.520, -1.112, 2.000

.286, 5.484, 1.253 -0.490, -1.638, 2.000

.034, 4.860, 1.671 -0.580, -3.182, 1.720

.414, 5.095, 1.761 -0.580, -3.774, 1.840

.093, 5.595, 1.843 -0.610, -3.755, 1.870

.659, 6.089, 2.044 -0.610, -1.396, 1.970

.555, 4.120, 1.648 -0.550, -1.364, 1.910

.146, 4.732, 1.815 -0.650, -3.304, 1.860
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Fig. 6. Predicted errors of racket’s parameters. (a) Predicted errors
of parameter θs; (b) predicted errors of parameter θp; (c)
predicted errors of parameter vry.

Fig. 7. Distribution of actual landing points in the horizontal plane.
(a) Results with 50 experience data points. (b) Results with
120 experience data points.
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experience data points, the average deviations in the horizon-
tal plane by using the two methods are 264.21 mm and
340.17 mm, respectively, as shown in Fig. 7a. In Fig. 7b,
the deviations are reduced to 259.89 mm and 291.24 mm, re-
spectively, when 120 experience data points were used. Obvi-
ously, the proposed method performs better than the LWR
method, especially when the experience data is insufficient.
6.3 Racket path planning

According to the experimental results, the parameters
in the path planning were set as trs=330ms, T=25ms, ta=305
ms, kx=6, ky=5. Two examples of racket path planning were
shown in Fig. 8. In Fig. 8a and b, the striking positions were
ese Automatic Control Society and Wiley Publishing Asia Pty Ltd



Fig. 8. Planned racket paths. (a) First racket path. (b) Second
racket path.

Fig. 9. Planned paths with different methods.

Table V. Maximum accelerations of the planned paths.

Proposed
method

Method
in [5]

Method
in [27]

Maximum acceleration
in X direction (m/s2)

5.01 5.94 5.71

Maximum acceleration
in Y direction (m/s2)

24.44 32.42 10.72
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(111.988, 299.89, 225.72) mm and (–237.67, 299.99,
209.17) mm, respectively. Due to the contrasting striking po-
sitions, the path in Fig. 8a preserved the right deviation while
the one in Fig. 8b was found to deviate to the left. The trajec-
tories of the racket in the X and Y directions were planned
separately; owing to this, the two directions did not move
back to the home position at the same time. In Fig. 8a, the
time for X and Y directions moving back to the home position
from P2, were 114.9ms and 379.1ms, while in Fig. 8b the
times were respectively 167.4ms and 371.9ms. As can be
seen, the striking positions were located in the racket paths,
thus verifying the effectiveness of the trajectory planning
method.

To validate the proposed path planning method
further, comparison experiments were conducted with the
© 2014 Chinese Automatic Control Society and Wiley Publishing Asia
proposed method and the methods in [5] and [27]. Several
flying ball’s trajectories were firstly measured, the striking
point in the experiments was provided by one of them
whose position in X-Y plane was set as (111.98, 299.89)
mm. The outgoing velocity calculated with the method in
Section III. B was 1.89 m/s. Fig. 9 shows the planned re-
sults using the above three methods. It can be found from
Fig. 9 that the path length of the proposed method is much
shorter than that of the method in [27], which means that
much energy is wasted if the method in [27] is used in
the striking process. In this respect, there exists a slight
difference between the planned result of the proposed
method and that of the method in [5]. For further compar-
ison, the maximum accelerations of the planned paths were
presented in Table V. From Table V, we can see that the ac-
celerations of the path generated by the method in [5] were
larger than that of the paths generated by the other two
methods in both directions. With the maximum accelera-
tions up to 5.94 m/s2 in X direction and 32.42 m/s2 in Y
direction, the path would impose a heavier burden on the
robot. In addition, the problem of determining an optimal
returning time to save the energy required in the striking
process has not been considered in [5]; thus the method
Pty Ltd
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in [5] would not always perform satisfactorily due to the
various states of the incoming ball. Above all, through
the comparison with the methods in [5] and [27], the pro-
posed method is proved to be superior in path planning and
optimal returning time calculation.
VII. CONCLUSIONS

We have studied the problem of controlling the racket
attached to the ping-pong playing robot to return the incom-
ing ball to a desired position with a specified landing veloc-
ity. A numerical method of computing the desired outgoing
velocity of ball is presented. Three maps implemented by
means of LWR were built to determine the racket parame-
ters. Moreover, the confidence level was introduced and
taken into account when predicting the racket parameters
to improve the performance in the case of insufficient expe-
rience data. A fuzzy inference system was designed to
quantify confidence level reasonably. With the determined
racket’s parameters, the path of the racket is derived by
solving the optimum mathematical model. Simulation and
experimental results show that the estimation of the racket’s
parameters could achieve acceptable accuracies even when
the experience data is insufficient and the racket path de-
rived by solving the mathematical model performs better
compared with other previous methods. In future work, we
will consider other learning approaches, and attempt to ap-
ply them to our robotic system.
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