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Adding Active Learning to LWR for Ping-Pong Playing Robot
Yanlong Huang, De Xu, Min Tan, and Hu Su

Abstract— In this brief, we consider the problem of controlling
the racket attached to the ping-pong playing robot, so that the
incoming ball is returned to a desired position. The maps that are
used to calculate the racket’s initial parameters are described.
They are implemented with the locally weighted regression
(LWR). An active learning approach based on the fuzzy cerebellar
model articulation controller (FCMAC) is proposed, and then it is
added to the LWR, which is regarded as lazy learning. A learning
algorithm that is used for updating the experience data in the
fuzzy CMAC according to the errors between the actual and
desired landing positions is presented. A series of experiments has
been performed to demonstrate the applicability of the proposed
method.

Index Terms— Active learning, fuzzy cerebellar model
articulation controller (FCMAC), lazy learning, locally weighted
regression (LWR), ping-pong playing robot.

I. INTRODUCTION

THE PING-PONG robotic system, which refers to the
vision measurement, motion planning, learning system,

and so on, has attracted much research attention in recent years
[1]–[8]. In the real game, the determination of the velocity
and orientation of the racket directly affects the robot’s per-
formance. Other factors such as vision sensing and trajectory
prediction are surely crucial to a successful return of the ball
as well. Considering the question of returning the incoming
ball to a desired position, two issues need to be addressed.
First, the ball’s desired outgoing velocity after the racket’s
hit is required, so that the flying ball lands on the desired
position from the hitting position. Secondly, the velocity and
orientation of the racket are required, so that the incoming
ball’s velocity becomes the desired outgoing velocity after the
impact of the racket. Due to the serious nonlinearity, both
the issues are difficult to solve. Muelling et al. [5] used a
numerical method to calculate the desired outgoing velocity
and provided the approximate velocity and orientation of the
racket. Kober et al. [6] determined the racket’s parameters
using an episodic reinforcement learning approach. Based on
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the mixture of motor primitives, Muelling et al. [7] proposed
a robot skill learning system to return the incoming ball to the
opponent’s court, where the joint angles and velocities of the
robot at the hitting time are predicted using Gaussian process
regression. Matsushima et al. [8] proposed a locally weighted
regression (LWR)-based approach, where the analysis of phys-
ical phenomena was not involved.

Intuitively, if the ping-pong playing robot is capable of
learning the deviation between the actual and desired landing
positions, it may perform better in the process of returning
the incoming ball to a desired position. In this brief, the
learning that introduces the feedback is referred to as the active
learning. Usually, the active learning plays an important role
when a person acquires the skills [9]. In a real ping-pong
game, the person can learn to adjust the racket’s parameters
according to the landing deviation. For example, an incoming
ball is returned by the racket with a certain velocity and
orientation, and then we will have a simple analysis of the
deviation. In the following rallies, if an incoming ball has
the similar flying velocity and position at the hitting time,
we may have a more reasonable determination of the racket’s
parameters.

Since the states of the incoming ball are different every
time in the real game, the generalization ability is important
in the active learning process. Moreover, the algorithm for
adjusting the racket’s parameters according to the deviation is
equally important. As a controller that models the structure
and function of the cerebellum, the cerebellar model articu-
lation controller (CMAC) [10] has received much attention
[11]–[14]. Jou [11] proposed the concept of the fuzzy cere-
bellar model articulation controller (FCMAC) as an extension
of the CMAC. The FCMAC can be interpreted as a table
lookup scheme with the membership grade, and accordingly,
the experience data in this learning process is easy to update
and store. Moreover, due to the incorporation of fuzzy concept
into the CMAC, the FCMAC has the ability of fuzzy sensing.
Thus, the FCMAC is suitable for the framework of the active
learning in the ping-pong robotic system.

In this brief, we present a combined learning approach for
controlling the racket, so that the incoming ball is returned
to a desired position. This approach consists of the LWR and
FCMAC. The LWR is to calculate the racket’s major initial
parameters. The FCMAC is to calculate the minor adjustment
parameters. Both the approaches are parallel and mutually
complementary. The racket’s final parameters are the sum
of the initial parameters and the adjustment parameters. As
described in [15], the LWR is referred to as the lazy learning
because it only makes use of the relevant data in the memory.
In this sense, our method is a combination of the lazy learning
and active learning.

1063-6536/$31.00 © 2012 IEEE



1490 IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY, VOL. 21, NO. 4, JULY 2013

(a)

{R}
Z

Y

X

Xb

Yb

Zb

{B}

(b)

Fig. 1. Ping-pong playing robot and its coordinate systems. (a) Overview of
ping-pong playing robot. (b) Coordinate systems used in ping-pong playing
robot.

This brief is organized as follows. In Section II, we give
a brief description of the ping-pong playing robot and its
coordinate systems. In Section III, the structure and principle
of the proposed controller are presented. Subsequently, we
explain the lazy learning and active learning in Sections IV
and V, respectively. Then, we evaluate the proposed method in
Section VI. Finally, the proposed method is summarized and
an outlook on the future work is given in Section VII.

II. SYSTEM DESCRIPTION

Our ping-pong playing robot consists of three linear axes
mounted on the table and a two-degree-of-freedom (DoF)
pan-tilt unit. As shown in Fig. 1(a), the racket attached to a
three-DoF structure has two additional DoFs. The three DoFs
of the structure include the motion in the horizontal plane
and vertical direction. The two DoFs of the racket include the
lateral rotation and up-down rotation.

The coordinate systems used in the ping-pong playing robot
are illustrated in Fig. 1(b). {R} is the reference coordinate
system, and {B} is the racket’s coordinate system. The middle
of the table’s short side is the origin of {R}, and the center
of the racket is the origin of {B}. In system {R}, the
X-axis, pointing toward the robot’s right side, is parallel to
the horizontal plane, and the Z -axis is perpendicular to the
horizontal plane. In system {B}, the Xb-axis, which is the
racket’s pitch axis for the up-down rotation, has the opposite
direction of the X-axis, and the Yb-axis, which is the racket’s
yaw axis for the lateral rotation, has the same direction as the
Z -axis.

Fig. 2. Structure of combined controller. The combined controller consists
of the LWR and FCMAC. The LWR is used to calculate the major initial
parameters, and the FCMAC is used to calculate the minor adjustment
parameters. The learning algorithm updates online the experience data in the
FCMAC according to the landing deviation.

III. COMBINED CONTROLLER

A. Structure of Controller

The LWR is a memory-based learning method, which fits
a local model to the experience data points weighted by a
distance function. The weighted distance function ensures that
the stored data points that are nearer to the input point have
bigger contributions to the local model. Since the LWR only
depends on the experience data, the number of the experience
data greatly affects the performance of the LWR. Since high-
dimensional parameters are involved in the ping-pong robotic
system, a large number of experience data are required to
train the LWR, which slows the learning efficiency. When the
experience data are not very sufficient, the LWR provides a
rough solution.

The active learning implemented by the FCMAC has the
ability of local generalization. It helps the robot learn the
landing deviation and make some adjustments of the racket’s
parameters. In practice, the adjustment parameters in the active
learning are usually minor, so that the large-scale oscillation is
avoided in the tuning process. Nevertheless, if the adjustment
parameters are very small, the total number of tunes greatly
increases. It is natural to consider a combination of the major
initial parameters and minor adjustment parameters. In this
case, the efficiency of the whole learning system will be
improved. Thus, we propose a combined learning controller,
which consists of the LWR and FCMAC. The proposed
controller is also seen as a combination of the lazy learning and
active learning. Fig. 2 shows the architecture of the controller.

B. Principle of Controller

For an incoming ball, we can predict its flying velocity
and position at the hitting time. Then, the desired flying
distance, which is the difference between the desired landing
position and the hitting position, is obtained. According to
these parameters (the flying velocity just before the racket’s
hitting and the desired flying distance), which are the inputs
of the proposed controller, we can obtain the racket’s initial
parameters using the LWR and the adjustment parameters
using the FCMAC. Subsequently, the racket’s final parameters,
which are the sum of the initial parameters and adjustment
parameters, are determined. After the incoming ball is returned
to the opponent’s court, the deviation between the actual and
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desired landing positions in the horizontal plane is determined.
Then, the learning algorithm whose input is the deviation
updates online the experience data in the FCMAC.

Here, the flying ball’s states at the hitting time are computed
by the trajectory prediction. First, fitting three second-order
polynomials to the initial flying trajectory, then the ball’s initial
flying velocity is obtained. Next, the subsequent trajectory
is predicted using the flying and rebound models. For more
details, please refer to [2].

IV. LAZY LEARNING

A. Notations

Let us first define some notations. The ball’s flying velocities
just before and after the impact of the racket are denoted as
Vi = (vxi , vyi , vzi ) and Vo = (vxo, vyo, vzo). The racket’s
velocity is Vr = (vrx , vry , vrz) and its orientation is
(θ y , θ p), where θ y and θ p represent the yaw and pitch angles,
respectively. The hitting position, actual landing position, and
desired landing position are denoted as Ph = (xh , yh , zh),
Pa = (xa , ya , za), and Pd = (xd , yd , zd ), respectively.
The flying time of the returned ball is tb.

Furthermore, several more notations are introduced

Da = (dxa, dya, dza) = (xa − xh, ya − yh, za − zh) (1)

Dd = (dxd, dyd , dzd)= (xd − xh, yd − yh, zd − zh) (2)

Dv = (dvx, dvy, dvz) = (vxo − vxi , vyo − vyi , vzo − vzi ) (3)

where Da and Dd denote the actual flying distance and desired
flying distance, respectively, and Dv denotes the change of the
flying velocity just before and after the impact.

Considering that the racket has five parameters, i.e., (θ y , θ p)
and (vrx , vry , vrz), and the parameters are redundant, we
introduce a restriction: vrx = vrz = 0. In this case, the racket
in a certain orientation only returns the incoming ball along
the Y -axis.

B. Input-Output Maps

In order to return the incoming ball to a desired position,
Matsushima et al. [8] defined two maps for the determination
of the velocity and orientation of the racket. One map repre-
sents the relationship between Dv and (θ y , θ p, Vr ), and the
other map represents the relationship between (Pa , tb) and Vo.
Both the maps are implemented by means of the LWR.

In the first map, it is noticed that different parameters
(θ y , θ p, Vr ) may result in the same velocity change Dv . So, we
introduce a restriction on θ y into this map. If xh is bigger
than xd , the racket will have a left-handed rotation. If xh is
not bigger than xd , the racket will have a right-handed rotation.

In the second map, Pa and tb are used. The reason is that
the racket attached to their robot is fixed at a certain height.
Since the racket in our robotic system is capable of moving in
the vertical direction, we use the flying distance Da instead of
(Pa , tb). In this case, the new map represents the relationship
between Da and Vo.

We explain using the new maps before proceeding
to the next section. Supposing that the incoming ball’s
states Vi and Ph are predicted, and the desired flying

distance Dd is obtained. The desired outgoing velocity Vo

is determined using the map of Da and Vo, and then Dv is
obtained. Next, the racket’s parameters are determined using
the map of Dv and (θ y , θ p , Vr ), where only those stored data
points that satisfy the restriction on θ y are used for fitting
the local model.

C. Local Condition for LWR

The essence of the LWR is to fit a local model to the stored
data points, where each point is weighted by a function of its
distance from the input data point [15]. The linear model is
often used due to its simplicity, and the model parameters are
determined by the least squared method (LSM). However, the
matrix operation in the LSM is time consuming, especially
when the matrix dimension is large. In fact, the farther the
data point is from the input data point, the less it contributes
to the local model. Thus, we can define a local domain for
the input data point to ensure the local fitting and reduce the
matrix dimension. There are two simple methods.

1) A threshold is set. Only those data points whose
distances from the input data point are smaller than the
threshold are considered the nearby points.

2) Find a few nearest data points away from the input data
point in the database. The number of the nearest data
points is needed.

V. ACTIVE LEARNING

A. FCMAC Model

The FCMAC is a table lookup model with the membership
grade. Its local update makes it effective in the learning
process. Based on the Takagi model [16], Deng et al. [12]
proposed a kind of FCMAC, which is easy to implement.
In this section, we apply this model to our robotic system.

When returning the incoming ball to a desired position, we
need to consider its states Vi and Ph at the hitting time, and the
desired landing position Pd . The desired flying distance Dd

reflects the relative position between Ph and Pd . Thus, we
can choose Dd and Vi as the inputs of the FCMAC for each
incoming ball.

We now divide the input space into fuzzy regions. Assuming
that the domain of interest for each input variable is known,
the equally spaced triangular fuzzy sets over the domain of
interest are chosen. We use Ai

1, A j
2, Ak

3, Al
4, Am

5 , and An
6 to

represent the fuzzy values for the input variables dxd , dyd , dzd ,
vxi , vyi , and vzi , respectively, where i = 1, 2, …, r1, j = 1,
2, …, r2, k = 1, 2, …, r3, l = 1, 2, …, r4, m = 1, 2, …, r5,
and n = 1, 2, …, r6. Here, r1–r6 are chosen according to the
results of many trials.

The r th IF-THEN rule Rr in the fuzzy table of the FCMAC
is described as follows.

IF dxd is Ai
1 and dyd is A j

2 and dzd is Ak
3 and vxi is Al

4
and vyi is Am

5 and vzi is An
6 THEN aθy is f1r , aθp is f2r ,

avry is f3r .
Here, aθy, aθp, and avry are the racket’s adjustment

parameters, and f1r , f2r , and f3r are the experience data,
which are updated online by the learning algorithm. This rule



1492 IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY, VOL. 21, NO. 4, JULY 2013

means that if (Dd , Vi ) of each incoming ball have the same
fuzzy values, the adjustment parameters will be similar.

The rules in the fuzzy table are arranged, as shown in Fig. 3.
N = r1r2r3r4r5r6 is the number of rules.

For an input (dxd , dyd , dzd , vxi , vyi , vzi ), its match strength
of the r th rule is defined as

Cr = min
{
μAi1(dxd), μAj2(dyd), μAk3(dzd), μAl4(vxi ),

μAm5(vyi ), μAn6(vzi )
}

(4)

where μ(·) is the triangular membership function.
Denote

I = {i |μAi1(dxd) > 0}, J = { j |μAj2(dyd) > 0}
K = {k|μAk3(dzd) > 0}, L = {l|μAl4(vxi ) > 0}
M = {m|μAm5(vyi ) > 0}, N = {n|μAn6(vzi ) > 0}.

Then, the addresses of these matched rules in the fuzzy
table are

S = { f (i, j, k, l, m, n)|i ∈ I, j ∈ J, k ∈ K ,

l ∈ L, m ∈ M, n ∈ N} (5)

where

f (i, j, k, l, m, n) = (i − 1)r2r3r4r5r6 + ( j − 1)r3r4r5r6

+ (k − 1)r4r5r6 + (l − 1)r5r6

+ (m − 1)r6 + (n − 1) + 1. (6)

After the location of these matched rules in the fuzzy table
is finished, the outputs of the FCMAC are given as

aθy =
∑

r∈S

⎛

⎜
⎝

f1r Cr∑

s∈S
Cs

⎞

⎟
⎠ (7)

aθp =
∑

r∈S

⎛

⎜
⎝

f2r Cr∑

s∈S
Cs

⎞

⎟
⎠ (8)

avry =
∑

r∈S

⎛

⎜
⎝

f3r Cr∑

s∈S
Cs

⎞

⎟
⎠. (9)

B. Feedback Learning

Learning in the FCMAC is very important. It means
that the experience data are updated online according to
the errors between the actual outputs and the desired out-
puts. The various learning algorithms have been reported in
[12]–[14]. By introducing the proportional-derivative (PD)
controller into the traditional update rule, we propose an
algorithm for updating the experience data in the fuzzy table.
It can be written as

ex(k) = xa(k) − xd(k) (10)

ey(k) = ya(k) − yd(k) (11)

f1r (k) = f1r (k − 1)

+[k p1ex(k) + kd1(ex(k) − ex(k − 1))]Cr∑

s∈S
Cs

∀r ∈ S

(12)

. . .
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1 A1
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1 A2
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. . . . . . . . .
A2

2A2
1 A2

r2

. . .
A3

2A3
1 A3

r3

. . . . . . . . .
A3

2A3
1 A3

r3

. . . . . .

. . . . . .

. . .
A6

2A6
1 A6

r6

. . . . . . . . .
A6

2A6
1 A6

r6

.
.

.

.
.

.

R1 R2 RN. . . . . .

dxd

dyd

dzd

vxi

vyi

vzi

Fig. 3. Order of rules in fuzzy table of FCMAC.

f2r (k) = f2r (k − 1)

+[k p2ey(k) + kd2(ey(k) − ey(k − 1))]Cr∑

s∈S
Cs

∀r ∈ S

(13)

f3r (k) = f3r (k − 1)

+[k p3ey(k) + kd3(ey(k) − ey(k − 1))]Cr∑

s∈S
Cs

∀r ∈ S

(14)

where ex and ey are the errors between the actual and
desired landing positions in the horizontal plane, and kp1, k p2,
kp3, kd1, kd2, and kd3 are scales. The signs of these scales
(positive or negative) are decided according to the coordinate
systems, so that the errors are reduced after using the learning
algorithm.

At the end of this section, we give a summary of the
combined learning approach. Supposing that the desired posi-
tion Pd is given, the incoming ball’s states Vi and Ph at the hit-
ting time are predicted. We, first, need to calculate the desired
flying distance Dd , and then, the racket’s initial parameters
and adjustment parameters are obtained using the LWR and
FCMAC, respectively. The racket’s final parameters are the
sum of the initial parameters and adjustment parameters. After
the incoming ball is returned, the learning algorithm updates
the experience data in the FCMAC according to the landing
deviation.

VI. EXPERIMENTAL RESULTS

The distributed parallel processing vision system was
used in our experiments, which consisted of two high-speed
(250 frames/s) smart cameras. The computers that calculated
the flying ball’s 3-D position and planned the robot’s motion
trajectory both had a 1.87-GHz CPU and a 1-GB RAM.

A. Definitions of Fuzzy Values

Before applying the active learning to the ping-pong robotic
system, we need to assign fuzzy values for the input variables
dxd , dyd , dzd , vxi , vyi , and vzi . The domain of interest and
number of fuzzy values for each input variable were chosen
according to the results of many trials. The fuzzy values used
in our experiments are shown in Fig. 4.



HUANG et al.: ADDING ACTIVE LEARNING TO LWR FOR PING-PONG PLAYING ROBOT 1493

3000-300 600

µ

-600

A1
2A1

1 A1
4 A1

5A1
3

dxd (mm)

1

1650 2400215019001400 dyd (mm)

µ A2
2A2

1 A2
4 A2

5A2
3

1

(a) (b)

-320 dzd (mm)-220 -120

µ A3
2A3

1 A3
3

1

0.20-0.2 0.4-0.4

A4
2A4

1 A4
4 A4

5A4
3

vxi (m/s)

µ
1

(c) (d)

-1.7-2.2-2.7 -1.2-3.2

A5
2A5

1 A5
4 A5

5A5
3

vyi (m/s)

µ
1

1.50.5-0.5 vzi (m/s)-1.5

µ A6
2A6

1 A6
4A6

3

1

(e) (f)

Fig. 4. Fuzzy values of input variables dxd , dyd , dzd , vxi , vyi , and vzi .
Matched rules in fuzzy table of FCMAC are determined according to these
fuzzy values. (a) Fuzzy values of dxd . (b) Fuzzy values of dyd . (c) Fuzzy
values of dzd . (d) Fuzzy values of vxi . (e) Fuzzy values of vyi . (f) Fuzzy
values of vzi .

B. Statistical Analyses of Landing Positions

Four desired landing positions, located at (0, 2150) mm,
(300, 2250) mm, (−300, 2250) mm, and (0, 2350) mm, were
used in this experiment. The local condition for the LWR was
to find the nearest 70 stored data points around the input
data point. The parameters in the learning algorithm were
k p1 = 24, kd1 = 1.5, k p2 = 15, kd2 = 1.5, k p3 = −1.8, and
kd3 = −0.18. The initial experience data in the active learning
were set to zeros. We had 1000 trials to train the LWR off-line.
Then, we had 200 trials altogether to train the FCMAC online
beforehand, where each desired landing position had 50 trials
to train the FCMAC. The experience data in the FCMAC were
updated online according to the actual landing deviation in the
real game.

We used three different methods for the ping-pong playing
robot to play with the human player. First, only our LWR
was used. Then, the active learning was added to the LWR.
The approach of Matsushima et al. [8] was also used in this
experiment for comparison. Each method was evaluated by
using the four desired landing positions, where each desired
landing position had 100 trials.

Table I shows the statistical results of the magnitude of
X-error in different ranges. Table II shows the statistical results
of the magnitude of Y -error. As shown in Tables I and II, the
proposed method performs the best among the three methods.
Our LWR method performs better than the method in [8].

C. Returning Incoming Balls With Similar States

In this experiment, the initial experience data in the active
learning were set to zeros. The parameters used in the learning
algorithm were the same as the ones in the above subsection.
Let the ping-pong playing robot return the ball served by a
ball launcher again and again, and 100 trials were carried out.

TABLE I

STATISTICS OF MAGNITUDE OF X -ERROR

|ex | (mm)
Proposed
method Our LWR Matsushima

et al. [8]

Num Percentage Num Percentage Num Percentage

[0, 100] 210 52.5 143 35.8 116 29.0

(100, 200] 129 32.3 105 26.3 101 25.3

(200, 300] 41 10.3 55 13.8 78 19.5

(300, 400] 14 3.50 52 13.0 59 14.8

(400, 500] 5 1.25 29 7.25 29 7.25

(500, 600] 1 0.25 16 4.00 17 4.25

TABLE II

STATISTICS OF MAGNITUDE OF Y -ERROR

|ey | (mm)
Proposed method Our LWR Matsushima

et al. [8]
Num Percentage Num Percentage Num Percentage

[0, 100] 112 28.0 98 24.5 63 15.8
(100, 200] 100 25.0 93 23.3 68 17.0
(200, 300] 77 19.3 83 20.8 75 18.8
(300, 400] 52 13.0 60 15.0 96 24.0
(400, 500] 38 9.50 46 11.5 68 17.0
(500, 600] 21 5.25 20 5.00 30 7.50

0 10 20 30 40 50 60 70 80 90 100
-600

-400

-200

0

200

400

600

Trial Number

E
rro

r/m
m

X-error
Y-error

Fig. 5. Landing error curves in X- and Y -directions. The incoming ball’s
states Vi and Ph at the hitting time were roughly similar in each trial.
The proposed method could learn the landing deviation and make some
adjustments of the racket’s parameters, so that the landing deviations tend
on the whole to decrease.

For each incoming ball, its states Vi and Ph at the hitting
time were roughly similar. Moreover, the same desired landing
position (400, 2150) mm was required. Fig. 5 shows the error
curves in the X- and Y -directions. As shown in this figure,
the errors in both X- and Y -directions tend on the whole to
go down as the number of the trials increases.

VII. CONCLUSION

A combined learning approach was presented for controlling
the racket attached to the ping-pong playing robot so that
the incoming ball was returned to a desired position. This
method consisted of the active learning and lazy learning.
Moreover, a learning algorithm for updating the experience
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data in the FCMAC was given. The experimental results
showed that the proposed method performed much better than
the LWR. The advantage of the proposed method over the
LWR was that it could learn the deviation between the actual
and desired landing positions, and update online the experience
data toward improving the performance of the robot. In the
future work, we will consider other learning approaches and
attempt to apply them to our robotic system.
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