
 
 

 

  

Abstract—In this paper, a novel prediction method of the 
striking position is proposed for a robotic ping-pong player. In 
order to remove the noise involved in the coordinates of 
ping-pong ball, a new nonlinear filter based on fuzzy logic 
approach is presented. Then, Least Square Method (LSM) is 
utilized to compute the initial flying and rotational velocities 
based on the filtered positions of the ball. The impact between 
a ping-pong ball and the table has been studied, and the ana-
lytic model that represents the relationship between the ve-
locities before and after rebound has been developed. Based on 
statistical analysis, a memory-based local modeling approach 
is presented to obtain a more accurate velocity after rebound. 
The succeeding trajectory is predicted according to the initial 
state of the ball and the flying and rebound models. The 
striking position can be obtained from the predicted trajectory. 
Experiments are well conducted and verify that sufficient 
precision of the striking position have been achieved with the 
proposed method. 

Index Terms— Filter, fuzzy logic, spinning ball, trajectory 
prediction, robotic ping-pong player. 

I. INTRODUCTION 
LAYING ping-pong is one of the most challenging tasks 
for human beings, not to mention for robot systems. In 

order to perform this task, several capabilities are required for 
a robot system, such as smart sensing, object tracking, tra-
jectory prediction and motion planning. Since John Billiney 
suggested robot ping-pong sport in 1983, considerable re-
search has been devoted to this issue [1].  

In the early period, Andersson [2] constructed a robot sys-
tem using an industrial robotic arm, where human knowledge 
was made full use of as explicit models of the task to improve 
the performance when playing with a human being. Acosta et 
al. [3] designed a low-cost ping-pong player with a mo-
nocular vision system and also an expert module for game 
strategy planning. Miyazaki et al. [4-5] developed a robotic 
ping-pong player with four degrees of freedom (DOF) that 
mounted on a table. A method, which consists of three in-
put-output maps implemented by means of Locally Weighted 
Regression (LWR), was proposed to control the paddle so as 
 

Manuscript received July 16, 2012. This work was supported by the Na-
tional Natural Science Foundation of China under Grant 61075035 and 
61273337.  

H. Su, Z. J. Fang and M. Tan are with the State Key Laboratory of Man-
agement and Control for Complex Systems, Institute of Automation, Chinese 
Academy of Sciences, Beijing, China. (Email: suhumathe@yahoo.com.cn, 
{zaojun.fang, min.tan}@ia.ac.cn ) 

D. Xu is with the Research Center of Precision Sensing and Control, 
Institute of Automation, Chinese Academy of Science, Bejing, China. (Email : 
de.xu@ia.ac.cn) 

to return the ball to a desired position.  
In real game against human, the accuracy of the predicted 

striking position of the ball is crucial, which imposes a direct 
influence on the success rate of striking the incoming ball. 
There already exist a number of studies on the prediction 
problem, and two main categories of approaches are explored. 
One category is non-model based approaches. LWR is one of 
these approaches. Based on LWR method, a classical trajec-
tory prediction algorithm was proposed, where an in-
put-output map was built through empirical data to obtain the 
striking position, however, due to the nonlinearity and com-
plexity of the relationship of the inputs and outputs, Magnus 
effect was not considered therein. The other is model based 
approaches. Several analytic models representing the physi-
cal behavior of the ball have been presented in both spinning 
and non-spinning cases [6-10]. Nakashima [6-7] studied the 
rebound phenomenon between a ball and a surface. In [8], the 
rotational velocity was detected with several measured posi-
tions of the ball. Then the flying and rebound models were 
developed to predict the succeeding trajectory. In [9-10], 
Magnus effect caused by spin was neglected. The positions 
and velocities of the ball were predicted via numerical itera-
tion, and meanwhile the parameters such as landing and 
striking points were calculated. The aforementioned model 
based approaches which have been proved to be effective 
have two common characters. First, the noise which is ines-
capable in the course of locating the ball’s position is not 
taken into account. Second, too many measured points were 
required in the prediction procedure which results in bad 
real-time performance. As for the non-model approaches, 
they do not take into account the forces on the flying ball, and 
meanwhile make higher request on the accuracy and distri-
bution of empirical data.  

Experiments have shown that ball’s positions measured by 
cameras may contain big errors. However, they should be 
valid enough for describing the trend of the ball’s flying 
trajectory. Moreover, considering that only limited data can 
be used in prediction, it is evidently unwise to just delete 
those data involving considerable noise. Based on the meas-
ured data, it is really a hard job to get accurate position and 
velocity of the ball as the initial value to predict the suc-
ceeding trajectory.  

Therefore, filtering process for noise reduction which is 
nonlinear and uncertain is necessary. For such a process, 
fuzzy method is a good candidate, since it is not based on the 
mathematical model and can employ useful regulation rules 
from human experts. Over the past decades, the fuzzy method 
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has attracted much attention and has been found great variety 
of applications. In fact, it has been proven to be a successful 
approach to many complex nonlinear or even nonanalytic 
systems, such as dynamic servo systems [11], optical disk 
drive [12], doubly salient permanent-magnet (DSPM) motor 
drive [13], seam tracking [14] and so on. Additionally, fuzzy 
filter, which helps denoising the sampled data while retaining 
their structure, is another case of the application of fuzzy 
system. For instance, the directional fuzzy filter that is adap-
tive for different activity levels is presented by Vo et al [15] 
for artifact reduction and the improvement over other con-
ventional filtering approaches has been shown therein. Van 
De Ville et al [16] designed a two-stage fuzzy filter in which 
the shapes of the membership functions were adapted ac-
cording to the noise level. The named FIRE filter was pre-
sented in [17-18] for image processing. 

Both the ball’s velocity and the human knowledge on how 
to correct the data must be taken into account when the ball’s 
position data is corrected. A new fuzzy filter was designed for 
position data correction based on Russo’s method. Compared 
to Russo’s filter, more linguistic values are assigned for the 
input and output variables, resulting in more accurate output. 
Besides, we attempt to model the physical behavior of the 
flying ball and a novel rotational measuring method based on 
the ball’s positions is presented. Velocity varieties in the 
process of collision have been studied, which serves as the 
basis for calculating the velocity after rebound using the 
proposed memory-based modeling approach. With the de-
veloped flying and rebound models, the succeeding positions 
and velocities of the ball are predicted. 

The remainder of this paper is structured as follows. A 
brief description of the stereovision system as well as the 
flowchart of the proposed algorithm is given in section II. The 
detailed design of the fuzzy filters is proposed in section III. 
In section IV, the flying and rebound models of the spinning 
ping-pong ball are built, and the computation of the rotational 
velocity is also discussed. In section V, a memory-based local 
modeling approach is proposed to calculate the ball’s velocity 
after rebound with a higher accuracy. In section VI, we ana-
lyze the real-time implementation of the proposed algorithm 
and demonstrate their effectiveness via experimental results. 
The paper ends with concluding remarks in section VII. 

II. OVERVIEW 

A. Stereovision System  
The stereovision system consists of two smart cameras, i.e., 

camera A and camera B, and a personal computer (PC). The 
scheme diagram is shown in Fig. 1. The world frame {W} is 
established on the semi table of the opponent side. Its origin is 
set at the distance of 300mm from the short edge’s centerline 
of the table, and 1100mm away from the longer edge’s cen-
terline. Xw axis is parallel to the longer edge and points to the 
robot. Zw axis is vertical to the table. The PC computes the 3D 
position of the ball if both cameras obtain effective image 
features. Generally, a new position can be obtained in 10 ms 

interval. Once enough ball position data are collected, the PC 
begins the prediction of the striking points. More details 
please refer to [9]. 
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Fig. 1. Stereovision system 

 

B. Proposed Algorithm 
The proposed algorithm mainly consists of three parts, i.e., 

fuzzy filtering, flying trajectory prediction and rebound 
modeling, as shown in Fig. 2. The entire procedure can be 
divided into the following steps. 
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Fig. 2. Flowchart of the proposed algorithm 

 
Step 1: Fuzzy filtering is conducted after enough ball po-

sition data is collected, which is used for noise removal. 
Based on the filtered data, the velocity and the position of the 
ball at a specific sampled time is figured out which can be 
used as the initial state for prediction. 

 Step 2:  The rotational velocity is estimated with LSM. 
Then, the succeeding trajectory including position and ve-
locity of the ball is predicted with the developed flying model 
via numerical iteration.  

Step 3: The ball’s velocity after rebound is calculated with 
the proposed memory-based local modeling method which 
makes full use of empirical data.  

Step 4: The ball’s trajectory after rebound can be described 
with the flying model again. The striking position is obtained 
from the predicted trajectory. 



 
 

 

III. FUZZY FILTERING 
A typical fuzzy operation process contains three proce-

dures: fuzzification, inference mechanism, and defuzzifica-
tion. Fuzzification converts the numeric inputs into fuzzy sets. 
Inference mechanism computes the output based on the fuzzy 
input and rule base. The mostly used inference rule is the 
well-known Mamdani’s Max-Min method, which is adopted 
in this paper. Defuzzification retransforms the fuzzy output 
into a crisp one. 

Suppose a series of discrete 3D positions with time stamps 
on the trajectory have been achieved: {xB

i, yB
i, zB

i, ti}, i=1, 2… 
n. Two independent fuzzy filters are designed for noise re-
duction for the ball’s positions in Xw and Yw directions, re-
spectively. The two filters are designed similarly. As an 
example, the design of the one in Xw direction is given in 
detail as follows. 

A. Input Variables 
The following second-order polynomials are used to fit the 

sample data of time and positions in Xw, Yw and Zw directions. 
2
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where ax, bx, cx ay, by, cy, az, bz and cz are the polynomial 
coefficients. The velocity of the ball can be obtained by de-
rivative operations as follows. 
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                                  (2) 

Suppose (xB
m, tm) is the data point to be processed, the 

velocities in the three directions at the time point tm can be 
figured out by (2). Let Sw be the set of four neighboring points 
which belong to a window centering on xB

m : Sw={(xB (1), t(1)), 
(xB (2), t(2)), (xB (3), t(3)), (xB (4), t(4))}={( xB

m-2, tm-2), (xB
m-1, 

tm-1), (xB
m+1, tm+1), (xB

m+2, tm+2)}. The relative positions of 
selected points in Sw on the trajectory are indicated in Fig. 3. 
If m is equal to n or n-1, it is similar to the mentioned case in 
Fig. 3. 
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Fig. 3. The selected points in Sw  
 

Velocities of the ball in Xw direction at four different time 
points (tm-2, tm-1, tm+1, tm+2) are denoted as 

2 ( ) , 1,2,3,4pj x xv a t j b j= + =                      (3) 
Then, the velocities in Xw direction at the four different 

flight stages (xB
m-2, xB

m) (xB
m-1, xB

m) (xB
m, xB

m+1) (xB
m, xB

m+2) 
can be approximated as (4), each of which is the mean value 
of velocities at the endpoints of the stage. 

( ) / 2, 1, 2,3, 4j pj pv v v j= + =                      (4) 
where vp=2axtm+bx is the velocity at the moment tm. 

The scaling factor is defined as 
max( ) min( )

2

B B
m mmm
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L

−
=                           (5) 

where max(xB
j) and min(xB

j) are the maximum and the mini-
mum values of xB

j. The input variables of the fuzzy filters are 
the amplitude differences defined by 

[ ( ) ( ( ) )]
, 1,2,3,4

B B
j m m

j

x j v t j t x
x j

L
+ ⋅ − −

Δ = =           (6) 

Let xm be the filtered position at the time moment tm, whose 
value is determined by the following relationship:  

B
m mx x x= + Δ                                   (7) 

where Δx is the output of the fuzzy filter. By using fuzzy rules, 
the operators yield suitable correction terms which aim at 
reducing the noise. 

B. Membership Functions 
Considering five fuzzy sets labeled as negative big (NB), 

negative small (NS), zero (ZE), positive small (PS), and 
positive big (PB), triangular shaped membership functions 
with 50% overlap with the neighboring membership func-
tions are used for the inputs Δxj, j=1, 2, 3, 4, and the output Δx, 
as shown in Fig. 4. The linguistic variables describing Δxj and 
Δx are denoted as DX1, DX2, DX3, DX4 and DX. 
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Fig. 4. Membership functions (a) Membership functions for Δxj (b) 
Membership functions for Δx 

 

C. Rule Base 
The rule base is the core of the fuzzy filter to detect noise 

and then suitably reduce them. The rule base can employ 
useful regulation rules from human experts, mostly repre-
senting the intelligence. Each rule in the rule base has the 
IF-THEN form. A verified rule base is defined as follows: 



 
 

 

 
IF (DX1, PS/PB) AND (DX2, PS/PB) AND (DX3, PS/PB)  
THEN (DX, PS/PB) 
IF (DX2, PS/PB) AND (DX3, PS/PB) AND (DX4, PS/PB)  
THEN (DX, PS/PB) 
IF (DX3, PS/PB) AND (DX4, PS/PB) AND (DX1, PS/PB)  
THEN (DX, PS/PB) 
IF (DX4, PS/PB) AND (DX1, PS/PB) AND (DX2, PS/PB)  
THEN (DX, PS/PB) 

 
IF (DX1, NS/NB) AND (DX2, NS/NB) AND (DX3, NS/NB)  
THEN (DX, NS/NB) 
IF (DX2, NS/NB) AND (DX3, NS/NB) AND (DX4, NS/NB) 
THEN (DX, NS/NB) 
IF (DX3, NS/NB) AND (DX4, NS/NB) AND (DX1, NS/NB)  
THEN (DX, NS/NB) 
IF (DX4, NS/NB) AND (DX1, NS/NB) AND (DX2, NS/NB)  
THEN (DX, NS/NB) 

 
ELSE (DX, ZE)                                                                          

   (8) 
The rule base includes two symmetrical sub-bases dealing 

with negative and positive inputs, respectively. In addition, 
each statement listed above is composed of eight rules each of 
which deals with a particular pattern of samples. And the 
linguistic value in Δx is figured out according to values in the 
inputs, such as 

 
IF(DX1, PS) AND (DX2, PS) AND (DX3, PS) THEN (DX, PS) 
IF(DX1, PS) AND (DX2, PS) AND (DX3, PB) THEN (DX, PS) 
IF(DX1, PS) AND (DX2, PB) AND (DX3, PB) THEN (DX, PB) 
IF(DX1, PB) AND (DX2, PB) AND (DX3, PB) THEN (DX, PB) 

(9) 
That is, if the number of the input which takes on PS ex-

ceeds 2, the output linguistic value is characterized by PS, 
otherwise, it is characterized by PB. 

D. Defuzzification 
The degrees of certainty of the rules are evaluated by the 

following groups of relations 
λ1=MIN{m1, m2, m3} 
λ2=MIN{m2, m3, m4} 
λ3=MIN{m3, m4, m1} 
λ4=MIN{m4, m1, m2} 

……… 
(10) 
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(11) 
where mj=μPS/PB(DXj) and m*

j=μNS/NB(DXj), j=1, 2, 3, 4. With 
the assumption that λh1=max(λi), λ*

h2=max(λ*
i), the resulting 

degrees of certainty of the first and second rule base are given 
respectively by 

1 1h hbλ λ= ⋅  

* *
2 2h hbλ λ= ⋅                           (12) 

where bh1and bh2 are the centers of area of the membership 
function of the fuzzy set in the consequent part of the rule in 
the first and second rule base. 

The final output Δx is obtained by (13). 
*( )x Lλ λΔ = − ⋅                                (13) 

When the filtering procedure has been finished, data fitting 
is conducted again with the filtered positions to calculate the 
velocity just as shown in (1) and (2). 

IV. TRAJECTORY PREDICTION WITH PHYSICS MODELING  

A. Flying model 
As the model including aerodynamics, (14) is introduced 

[9-10, 15]. 
1 1
2 2D M bmV mg SC v v C Sr w vρ ρ= − − + ×

v r r r r r&         (14) 

where m is the mass of  the ball, g is the gravity accelerator, ρ 
is the air density, S is the effective cross-sectional ball area, 
CD is the drag coefficient, [ , , ]T

x y zv v v v=r  is the flying ve-
locity of the ball, CM is the Magnus coefficient, rb is the radius 
of the ball, [ , , ]T

x y zw w w w=r is the angular velocity. 
The motion of the flying ball can be represented by the 

state vector 
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where 1
2d Dk SC

m
ρ= , 1

2m M bk C Sr
m

ρ= . 

The values of kd and km can be determined by experiment. 
The discrete form of (15) can be expressed as (16) for for-
ward iteration. 
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where 1( ) [ ( ) ( )]y z z yk w v k w v kδ = − , 

2 ( ) [ ( ) ( )]z x x zk w v k w v kδ = − , 

3 ( ) [ ( ) ( )]x y y xk w v k w v kδ = − . 
Until now, a flying model has been derived, but the rota-

tional velocity is still to be investigated. The last three equa-
tions in (16) can be rewritten as 
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3
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v k v k k v k v k T gT
k T

Δ = + − + +r . 

Because of the singularity of the coefficient matrix, there is 
no solution for (17). Observe (14) and (17), it is also found 
that 

1 2 3[ ] 0
x

y

z

w
w
w

⎡ ⎤
⎢ ⎥Δ Δ Δ =⎢ ⎥
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                            (18) 

As described in section III, the velocities at different sam-
pling moments can be obtained from (2). With these veloci-
ties, the angular velocity can be derived from (17) and (18).  

B. Rebound model 
As it usually happens in normal table tennis sports, the 

return ball will rebound in the table. When a collision occurs, 
there will be velocity varieties in the Xw, Yw, and Zw directions. 
It is necessary to model the impact between the ball and the 
table to achieve the task of prediction. 

From the assumptions in [6-7], the relationship between 
the flying and rotational velocities (vx2, vy2, vz2, wx2, wy2, wz2) 
after rebound and the velocities (vx1, vy1, vz1, wx1, wy1, wz1) 
before rebound can be derived as 
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where α is the coefficient of the moment of inertia and r is the 
ball radius. ex, ey and ez are the coefficients of restitution [16] 
in Xw, Yw and Zw directions, respectively.  

According to (19) and (20), the rebound model can be 
described as 
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                             (21) 

where 2
1 2[  ] , 1, 2,3,4T

i i ib b b R i= ∈ =  are the parameters in 
the rebound model. 

V. LOCAL MODELING OF REBOUND PHENOMENON WITH 
EMPIRICAL DATA 

In [16], Cross pointed out that the coefficients of restitution 
defined in (24) remained constant in different rebound proc-
esses. However, because of the uncertainties in the rebound 
phenomenon, the coefficients of restitution may vary. Ex-
periments have proved that the values of the coefficients are 
distributed in a certain interval with a certain probability. 
Therefore, errors will appear when analytical rebound model 
is used to calculate the velocity after rebound. Meanwhile, 
accurate prediction of velocity of the ball after rebound is 
crucially important, since if a minimal deviation occurring in 
the prediction of the velocity would cause considerable error 
in the prediction of striking position, which may lead to a 
failure in returning the coming ball. In order to calculate the 
velocity after rebound with a higher accuracy, a mem-
ory-based local modeling method is proposed, which is based 
on the analytic rebound model presented in the above section, 
where it is used solely for analyzing the relationship between 
different components of the flying and rotational velocities 
before and after rebound. 

A. Correlation Coefficient 
Hundreds of entire trajectories are firstly measured, and 

then the velocities just before and after rebound were com-
puted and stored as follows 

E=(wE1, vE1, wE2, vE2)                            (22) 
where (wE1, vE1) and (wE2, vE2) are the rotational and flying 
velocities of the ball before and after rebound. SEin=(wE1, vE1) 
and SEout=(wE2, vE2) are the input and the output parts of the 
data. The data was used to estimate the parameters involved 
in the rebound model. 

From (21), the velocity changes dvx2, dvy2, dwx2 and dwy2 
can be expressed as 
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               (23) 

Parameters bi in (21) and (23) can be regarded as linear 
correlation coefficients. 

B. Parameters Determination 
Suppose (x1, x2) is a 2D random vector, the linear correla-



 
 

 

tion coefficient kμ of x1 and x2 is defined as: 
1 2
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( , )
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Cov x x
k
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where Cov(x1, x2) is the covariance of x1 and x2, Var(xi) is the 
variance of xi, i=1, 2. Without exact values of the statistical 
features of the vector, the coefficient kμ can be approximated 
by 

1 1 2 2

2 2
1 1 2 2

( )( )

( ) ( )
i ii

i ii i

x x x x
k

x x x x
μ

− −
=

− −
∑

∑ ∑
                  (25) 

where ix is the mean value of xi, i=1, 2. 
Therefore, bi=[bi1, bi2]T, i=1, 2, 3, 4 which are regarded as 

the linear correlation coefficients can be derived with the 
stored data in the same way. In addition, with the empirical 
data in the database, groups of (21) are formed from which 
parameters ez and ew can be solved with LSM. 

C. Rebound modeling with empirical data 

  
Fig.5. Structure of the local modeling with empirical data 

 
As shown in Fig. 5, M empirical data points have been 

stored in the data base. Vectors Sin=[vx1, vy1, vz1, wx1, wy1, wz1]T  
and Sout=[vx2, vy2, vz2, wx2, wy2, wz2]T describe the state of the 
ball before and after rebound and Sout is the output vector of  
Sin in the rebound model. 

When the input vector Sin is given, each data point in the 
data base is assigned with a weight, measuring the similarity 
between the data point and Sin. Before calculating the weight, 
Sin and the input part of the empirical data points are firstly 
normalized with (26). A value v of attribute A is normalized to 
v  by 

( )
max( ) min( )

v Avg Av
A A

−=
−

                        (26) 

where Avg(A) is the mean value of attribute A of the stored 
data points, and max(A) and min(A) are the maximum and 
minimum value of attribute A of stored data points. Then, two 
similar procedures are conducted to calculate different com-
ponents of the velocity of the ball after rebound. With the 
obtained (vx1, wy1) in Sin, Gaussian kernel function is applied 

to calculate σk : 
2 2

1 1 1 1( ) ( )k k
x Ex y Eyv v w w

k eσ − − − −=                           (27) 
where σk is the weight associated with k-th stored data points, 
and 1 1( , )k k

Ex Eyv w are the normalized velocities of the k-th data 
points. K data points which were assigned with the greatest 
weight are picked out to calculate (vx2, wy2) with 

2 2 22 11 1 12 1
1

1 [ ( ) ( )]
Ex Ex Ex

K
k k k

x x y
k

v v b v v b w w
K =

= − − − −∑        (28) 

2 2 22 11 1 12 1
1

1 [ ( ) ( )]
Ey Ex Ex

K
k k k

y x y
k

w w b v v b w w
K =

= − − − −∑       (29) 

As shown in Fig. 5, (vy2, wx2) can be derived in exactly the 
same way. Moreover, (vz2, wz2) is obtained from (21) with 
determined parameters ez and ew. 

D. Trajectory prediction 
Denote (xi, yi, zi, ti) and (xi+1, yi+1, zi+1, ti+1) as the two ad-

jacent filtered positions of the ball with the timestamps, the 
velocities at the sampled moments can be figured out from (2). 
Then, the rotational velocity is calculated from (17) and (18). 
Vector [xi, yi, zi, vxi, vyi, vzi]T can be used as the initial state of 
the ball for numerical iteration, where [vxi, vyi, vzi]T is the 
flying velocity at the moment ti. Then, the succeeding tra-
jectory before rebound can be predicted via iteration with 
(16). 

When z(k) reaches the ball’s radius, the 3D position of the 
ball at this moment is the landing point. The velocity obtained 
from (16) serves as the input to the rebound model to obtain 
the velocity after rebound. The velocity after rebound is 
computed with (28) and (29). With the reassigned initial state 
comprising the landing position and the velocity after re-
bound, the prediction proceeds with (16) once again. When 
z(k) reaches the given height of the racket, the 3D position of 
the ball [xh1, yh1, zh1]T is considered to be the predicted striking 
position. 

VI. EXPERIMENTS AND RESULTS 
The distributed parallel processing vision system was used 

in our experiments, as shown in Fig. 1. The cameras sent 
image coordinates of the ball to the vision computer per 10 
ms. The vision computer having a 2.99 GHz CPU and a 2 GB 
RAM received the image coordinates of the ball from cam-
eras and computed its 3D positions. The control computer 
having a 1.87 GHz CPU and a 1GB RAM received the mo-
tion parameters from the vision computer and controlled the 
robot’s motion [21-22]. 

Hundreds of trajectories were measured, for some of which 
velocities before and after rebound were computed and stored 
in data base. According to experimental experiences, the 
typical value of the flying velocity ranged from 4 to 6.5 m/s. 
The stored data, whose value was out of the range, would be 
discarded. The rest of the trajectories were used to assess the 
prediction results of the proposed algorithm. 

A. Fuzzy Filtering Results  



 
 

 

In order to guarantee the robot have enough time to move 
and hit the ball back, prediction procedure started before the 
ball flied over the middle of the table. Only the measured 
positions employed in prediction were filtered to fit the initial 
trajectory. The filtered results for the first 15 points in the Xw-Yw 
plane are shown in Fig. 6. Clearly, the filtered positions were 
more accordant with the physical law that a flying object obeys. 

To verify the effectiveness of the proposed fuzzy filter, two 
different experiments were conducted. In the first experiment, 
the initial measured 15 points were employed to fit the tra-
jectory, and then the succeeding flying trajectory before 
rebound was predicted. In the second experiment, the initial 
15 points were firstly filtered with the proposed filter, and the 
succeeding trajectory was computed as the first experiment 
did. The relative parameters involved were given as follows 
m=0.0027kg, g=9.802m/s2, CD=0.5, Ts=10ms, ρ=1.29kg/m3, 
S=0.0013m2, CM=1, r=0.02m. 
 Fig. 7 shows the experimental results. Being defined as the 
absolute distance between the predicted and measured posi-
tions, prediction errors are compared in Fig. 8 for better il-
lustration. From Fig. 7 and Fig. 8, it can be seen that the 
predicted trajectory with filtered points coincides with the 
measured one better. 
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Fig. 6. Filtered positions on Xw-Yw plane 
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Fig.7. Measured and predicted trajectories in Xw-Yw plane 
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Fig. 8. Prediction errors in Xw and Yw directions 

 
 

B. Prediction of Striking positions 
A series of experiments were designed to verify the effec-

tiveness of the proposed method for prediction of the striking 
positions. The diameter of the ball was 40 mm. Thus, the 
landing point was defined as the 3D position where the sam-
pled point was 20 mm in Zw direction. And the position where 
the ball rebounded from the table and reached 200mm in Zw 
direction was defined as the striking position. The error of the 
striking position in Zw was just iteration error with a small 
value because the prediction stop condition was the height of 
200 mm for the striking position. Therefore, the errors in 
directions of Xw-axis and Yw-axis were a major concern in this 
section. Additionally, the error of the striking position in Xw 
had a relatively less effect on returning the ball as it would be 
compensated by the robot’s movement when the robot moved 
along the direction of Xw axis. 

Parameters in the Rebound Model: The trajectories con-
taining rebounded points were measured and fitted. Then, the 
velocities before and after rebound were computed. Ac-
cording to the method as described in Section V.B, the pa-
rameter values involved in the rebound model were estimated 
and listed in Table I. 

 
Table I Parameter values in the rebound model 

Parameter Value 
b11 
b12 
b21 
b22 
ez 
ew 

0.7100 
-0.3005 
-0.5732 
0.6767 
-0.8750 
-0.0030 

 
Fly Trajectory Prediction: The entire flying trajectory was 

measured first to assess the predicted results and then the 
prediction procedure, which employed the first 15 points to 
fit the initial trajectory, started to predict the sequent positions 



 
 

 

on the trajectory. In each experiment, trajectory of the ball 
with heavy self-rotation was predicted with the proposed 
method and the methods in [8] and [9]. The measured and 
predicted striking positions for 10 experiments were listed in 
Table II, and an example was shown in Fig. 9 for convenience. 
It can be found that, if the rotational velocity was not con-
sidered sufficiently, the predicted trajectory after rebound 
would largely deviate from the actual one.  

 
Table II Striking positions 

No. Actual 
(x, y, z) (mm) 

Proposed 
method  

(x, y, z) (mm) 

The method in 
[8] 

(x, y, z) (mm) 

The method in 
[9] 

(x, y, z) (mm)

1 2089.7, 154.3, 
200.0 

2144.1, 151.5, 
200.0 

2197.4, 147.5,    
200.0 

2041.1, 145.7,    
200.0 

2 2236.9, 83.6,    
200.0 

2152.2, 90.5,  
200.0 

2273.3, 92.4,    
200.0 

2093.5, 90.2,    
200.0 

3 2202.2, 207.4,    
200.0 

2122.0, 200.0,    
200.0 

2267.5, 205.4,    
200.0 

2017.1, 192.2,    
200.0 

4 2127.5, 168.5,    
200.0 

2099.4, 168.8,    
200.0 

2180.1, 166.5,    
200.0 

2037.4, 157.0,    
200.0 

5 2107.0, 216.4,    
200.0 

2090.3, 202.5,    
200.0 

2085.9, 201.5,    
200.0 

1987.8, 196.9,    
200.0 

6 2174.3, 157.2    
200.0 

2113.3, 156.5,   
200.0 

2208.2, 153.2,    
200.0 

2108.4, 150.5,    
200.0 

7 2140.3, 179.9,    
200.0 

2146.7, 174.3,    
200.0 

2187.3, 172.2    
200.0 

1994.0, 164.7,    
200.0 

8 2154.3, 71.9,    
200.0 

2109.8, 75.1,    
200.0 

2212.2, 64.7,    
200.0 

2057.5, 84.2,    
200.0 

9 2128.0, 180.6,    
200.0 

2062.6, 182.8,    
200.1 

2103.0, 178.0,    
200.0 

2021.4, 175.8,   
200.0 

10 2016.0, 110.1,    
200.0 

1999.4, 113.1,    
200.0 

2102.2, 116.8,    
200.0 

1940.6, 127.0,    
200.0 
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Fig. 9. Measured and predicted Trajectories 

 
Striking point prediction in non-spinning case: In order to 

verify the performance of the proposed method in 
non-spinning case, only the trajectory of the ball without 
rotation was considered here. The predicted results with the 
proposed method and the method in [9] were displayed, as 
shown in Fig. 10. The error of striking position predicted with 
the method in [9] is (11.8, 11.1) mm, and that predicted with 
the proposed method is (7.2, 10.0) mm. The two results have 
slight difference, but both of them achieve sufficient accu-
racy. 
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Fig. 10. Prediction results in non-spinning case 

 
Striking point prediction in spinning case: To validate the 

proposed algorithm further, comparison experiments were 
conducted respectively with the proposed method and the 
method in [8], between which the angular velocity of the ball 
was measured differently. The experimental results were 
shown in Fig. 11 and 12. Fig. 11 shows the predicted trajec-
tories in which the first 20 points were employed, and Fig. 12 
shows the trajectories predicted with the first 15 points. In Fig. 
11 and 12, the errors of the striking points predicted with the 
proposed method were (19.3, 5.9) mm and (52.0, 9.1) mm, 
while the errors of the striking points predicted with the 
method in [8] were (32.6, 5.0) mm and (78.2, 31.0) mm. 
Observe the Yw errors which imposed a greater influence on 
the success rate of returning the ball, there was no significant 
difference between the errors when 20 points were used, but 
the error was almost tripled compared with the proposed 
method when 15 points were used. As we know, the real-time 
performance can be improved if fewer points were employed 
in prediction and in this case the method proposed in this 
paper could achieve a higher accuracy. 

 Real-time performance: In the real time against human, it 
demands that the prediction algorithm have much higher 
real-time capability because of the fast flying ball. The 
real-time performances of the proposed method and the 
method in [8], both of which took into account Magnus force 
caused by ball’s rotation, were studied here. The computer 
used in the experiment was equipped with 1.46G internal 
frequency, and 1G RAM working in Windows XP. Using the 
MATLAB software, the test results were listed in Table III. 
From Table III, it can be found that the time cost of the pro-
posed method is about one third of that of the method in [8]. 

 
Table III Comparison of real-time performance 

Running time Proposed method Method in [8]
20 points prediction 0.249s 0.650s 
15 points prediction 0.148s 0.542s 
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Fig. 11. Predicted Trajectories with the first 20 points in spinning case 
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Fig. 12. Predicted Trajectories with the first 15 points in spinning case 
 

 
Additionally, 100 experiments were carried out in which 

only the first 15 points were used to predict the trajectories of 
the ball under different rotational modes. The errors were 
displayed in Fig. 13 and Table IV. Considering the width of 
the racket fixed on the robot arm and the experiences of 
playing against the robot, the predicted positions whose Yw 
errors were less than 40 mm and Xw errors were less than 100 
mm would be accurate enough to help the robot to return the 
coming ball. From Table IV, the error proportion in predict-
ing results which stays within the acceptable range achieves 
84%. 

 
Table IV Errors statistics 

Yw 
Error 
(mm)  

≤20 20~30 30~40 ≥40 

Xw 
Error 
(mm) 

≤100 ≥100 ≤100 ≥100 ≤100 ≥100 ≤100 ≥100

num 76 11 6 2 2 1 2 0 
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Fig. 13 Errors of striking positions (a) in Xw direction (b) in Yw direction 

VII. CONCLUSIONS 
In this paper, a novel prediction method for striking posi-

tion is proposed. A new fuzzy filter is designed for noise 
reduction before prediction. The ball’s rotational velocity is 
estimated from the filtered positions with LSM. Then a flying 
model and a rebound model have been developed. A mem-
ory-based local modeling approach making full use of em-
pirical data is proposed to compute the velocity of the ball 
after rebound. Experiments show that the real-time per-
formance of the prediction is improved, and the predicted 
striking positions have satisfied accuracy. 
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