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Real-Time Visual Measurement With Opponent
Hitting Behavior for Table Tennis Robot
Kun Zhang , Zhiqiang Cao, Jianran Liu, Zaojun Fang, and Min Tan

Abstract— In this paper, a visual-based method is proposed
for the table tennis robot to estimate the hitting point from
the opponent, which can provide a better understanding of
the opponent, and thus improve the responsiveness of the table
tennis robot. As an essential manifestation of opponent hitting
behavior, the information of hitting point includes not only the
motion status variation of the ball before and after being hit,
but also the racket pose at the hitting moment. To solve this
problem, the trajectories of the ball before and after being hit
are first predicted based on visual measurement and the motion
model of the ball. The racket trajectory of the opponent is
then derived by a self-adaptive threshold selection scheme and
a multifilter. Considering that the ball and racket trajectories
are not absolutely precise, an optimized solution is proposed to
compute the hitting point from the opponent. To the best of our
knowledge, the proposed approach is the first one that could
achieve a fast estimation of the hitting point from the opponent
with a satisfactory resolution. The effectiveness of the proposed
approach is verified by experiments.
Index Terms— Hitting point, opponent hitting behavior, table
tennis robot, visual measurement.

I. I NTRODUCTION

P

LAYING ball games is challenging for robots, since
it requires high-accuracy measurements, fast response
with a better environmental adaptability. After Billingsley put
forward the idea that robots joined in the table tennis game [1],
many table tennis robots were built. In [2], Toshiba built a
direct-drive robot with seven degrees of freedom (DOF) to
play the table tennis for testing the manipulator’s capability.
However, due to the limitation of its computation, it could
only strike the ball four times at most. Andersson [3] built
a table tennis robot with a redundancy robot arm fusing
the sensor data, proprioception, and internal feedback. With
the consideration of the lightweight and resistant materials,
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Acosta et al. [4] constructed a low-cost table tennis robot with
a 5-DOF structure and one camera. Its success rate in returning
balls was greater than 80%. In recent years, some humanoid
robots are also involved in this game. Sun et al. [5] proposed
an optimal momentum compensation method and a positionbased impedance control scheme to generate body motion so
that the robot could absorb the recoil force when playing table
tennis. Huang et al. [6] developed a comprehensive platform
BHR-5 to investigate the planning and control for hitting the
ball quickly.
Generally, the process for most of existing robotic systems
to play the table tennis is as follows. First, the robot tracks
the flying ball depending on its vision system. After the ball
trajectory is predicted, the robot calculates the position of
its hitting and finally it hits the ball back to the opponent.
During this process, obtaining the ball position precisely is a
prerequisite. Acosta et al. [4] used a monocular vision system
to compute the ball position according to the coordinates of
the ball and the shadow in the images. Furuno et al. [7]
adopted a high-speed camera, whose rate could reach
1200 frames/s, to detect the marks on the ball when the ball
was spinning and flying rapidly. Compared with the monocular
vision system, the multivision system is also a good choice for
robots, which has been applied broadly in target estimation [8].
And the real-time task requirement results in that the table
tennis robot has to predict the ball’s trajectory for making
advance preparations. Zhang et al. [9] put forward an iterative
method to predict the ball trajectory according to the flight
model of the ball.
Recently, the researchers concern how to return the ball
more intelligently, including ball’s spinning [10]–[12], precise
rebound model [13], [14], and recognition of the opponent’s
behavior [15], [16]. The existing rebound models mainly
depend on the ball’s speed before and after being hit, which
are not very accurate. Actually, the racket pose has also
an important influence on the rebound model. During this
recent research, the recognition of the opponent’s behavior
is particularly attractive due to the fact that the observation
of the opponent’s behavior is a key for winning the game
in human table tennis games. An experienced athlete can
react in advance by catching the opponent’s hitting behavior.
Chen et al. [16] proposed a widely range and multicondition threshold segmentation method to track the racket’s
trajectory. A limitation of this method is the selection of
the parameters’ thresholds. For different illumination conditions, these thresholds need to redetermined, which lead to a
weak environmental adaptability. Wang et al. [15] presented
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Fig. 1.
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Table tennis robot and the racket markers.

a framework of anticipatory action selection for human–robot
interaction by partially observable Markov decision process.
The framework is applied to table tennis playing. After the
opponent racket’s trajectory is acquired by three cameras,
the anticipation model is learned in the form of a black box
to establish the relationship of the opponent action and three
hitting-back actions (forehand, default, and backhand). For
the opponent hitting behavior, it is not enough to only get
the opponent racket’s trajectory. Actually, the hitting point
can provide a more complete reflection. However, no existing
references address this issue and it remains unsolved.
The main contribution of this paper is as follows. The
ball’s trajectory is predicted depending on the motion model
of the ball and the binocular vision system. Combining a
self-adaptive threshold selection and a multifilter, the racket
trajectory is acquired. On this basis, the hitting point from
the opponent is effectively estimated. Our approach is the first
of its kind that can fast estimate the hitting point from the
opponent’s behavior with a satisfactory resolution.
The structure of this paper is as follows. Section II introduces the problem statement. The algorithm of visual measurement with opponent’s behavior is given in detail in Section III.
The experimental results are demonstrated in Sections IV, and
Section V concludes this paper.
II. P ROBLEM S TATEMENT
Fig. 1 describes the table tennis robot and the racket
markers. The table tennis robot mainly consists of three parts:
a 5-DOF motion mechanism with a racket fixed on its end,
a binocular vision system to track the flying ball, and a
monocular vision system to obtain the racket pose of the opponent. The binocular vision system includes cameras A and B,
which are mounted on the ceiling in two corners. As the main
component of the monocular vision system, camera C is fixed
above the middle of the table. It is noted that cameras A and B
with the digital signal processor have ability to high-speed
image processing, and they only send the image coordinates
of the ball to the vision personal computer through a hub.
To obtain the racket pose fast and accurately, some markers
are attached on the racket, and they include one black rectangle

with four white corners and a white line that is parallel to the
long side of the black rectangle.
Let Iw = {X w , Yw , Z w } denote the world frame, whose
origin Ow is located at the middle of the table’s short edge
near the opponent’s side. The Z w -axis denotes the vertical
direction upward from the table and X w -axis refers to the
direction parallel to the long edge of the table. Let Ir = {X r ,
Yr , Z r } denote the racket frame with origin Or . Or is located
at the middle of the racket’s red plane. Z r -axis and Yr -axis are
the vertical direction upward from the racket and the direction
paralleling to the white line marker of the racket, respectively.
The camera frame Ic = {X c , Yc , Z c } is established with its
origin Oc and Z c -axis being the middle of the camera C and
the direction along the optical axis of camera C, respectively.
In different frames, the positions of white corner points on
the racket plane are expressed as (xri , yri , z ri ) ∈ Ir , (x ci , yci ,
z ci ) ∈ Ic , and (x wi , ywi , z wi ) ∈ Iw , i = 1, 2, 3, 4. Via
the homogeneous transformation, they could be transferred as
follows:
⎡
⎡
⎤
⎤
⎤
⎡
x ci
xri
x wi
⎢ ywi ⎥ w ⎢ yci ⎥ w ⎢ yri ⎥
⎢
⎢
⎥
⎥
⎥
⎢
(1)
⎣ z wi ⎦ = Tc ⎣ z ci ⎦ = Tr ⎣ z ri ⎦
1
1
1
where w Tr is the transition matrix from frame Ir to frame Iw .
w T refers to the transition matrix from frame I to frame I .
c
c
w
The motion status of the ball at the time ti can be expressed
by (x i , yi , z i , Vxi , Vyi , and Vzi ) in the frame Iw , where
(x i , yi , z i ) is the ball’s position and Vi = (Vxi , Vyi , Vzi )
refers to the ball’s velocity.
Fig. 2 illustrates one cycle of a round. It is seen that there
are two trajectories in a round as well as one hitting procedure.
The first trajectory depicts that the robot returns the ball back
to the opponent, whereas the second trajectory demonstrates
the process where the ball flies toward the robot’s side. Also,
the hitting procedure refers to that the opponent hits the ball.
For the table tennis robot, the second trajectory is more
important than the first trajectory. Different from the existing
research where the table tennis robot knows where to hit the
ball based on the end part of the second trajectory, we concern
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The velocity Vi of the ball is obtained as shown in the
following equation:
⎧
⎨Vxi = 2a1 ti + b1
(3)
V = 2a2 ti + b2
⎩ yi
Vzi = 2a3 ti + b3 .

Fig. 2.

One cycle of a round.

the opponent’s hitting behavior. Actually, the manifestation
of this behavior is the trajectory of the opponent’s racket
as well as the hitting point between the racket and the ball.
To calculate the hitting point, the end part of the first trajectory
and the initial part of the second trajectory are required. Notice
that the information of hitting point includes not only the
motion status variation of the ball before and after being hit,
but also the racket pose at the hitting moment.
The objective of this paper is stated as follows. Given a
table tennis robot system, predict the ball’s trajectory based
on visual measurement and the motion model of the ball, and
track the racket’s trajectory using the monocular vision system,
such that the hitting point from the opponent can be estimated
for a faster response performance of the table tennis robot.
III. R EAL -T IME V ISUAL M EASUREMENT W ITH
O PPONENT H ITTING B EHAVIOR
In this section, we present a visual estimation approach of
the hitting point based on the ball trajectory and the opponent
behavior. The proposed approach consists of three aspects:
prediction of the ball trajectory, the racket tracking, and hitting
point estimation.
A. Prediction of the Ball Trajectory
The 3-D positions of the ball are first computed according
to Zhang’s ball recognition and tracking method [9] with
the combination of the intrinsic and extrinsic parameters of
cameras A and B. Different from the prediction for the end
part of the second trajectory [9], we focus on the end part of
the first trajectory and the initial part of the second trajectory,
which can effectively reflect the flying motion status variation
of the ball before and after being hit.
1) Prediction for the End Part of the First Trajectory: When
the ball flies close to the opponent’s side, it is difficult to
detect the ball fast and effectively in images under complex
background. Therefore, the end part of the first trajectory
should be predicted. During a short time interval, the spatial
coordinates of the ball could be expressed using second-order
polynomials as
⎧
⎨x i = a1 ti2 + b1 ti + c1
(2)
y = a2 ti2 + b2 ti + c2
⎩ i
2
z i = a3 ti + b3 ti + c3
where a1 , a2 , a3 , b1 , b2 , b3 , c1 , c2 , and c3 are coefficients, and they are computed using the least-squares
method (LSM).

Considering that the collision model between the ball and
the table is difficult to be built precisely, the initial points for
predicting the end part of the first trajectory shall be chosen
from the points after the collision between the ball and the
table to avoid generating errors from the collision model.
Besides these initial points, the motion model of the
ball is also required. The flying ball is mainly under three
forces: the air resistance Fa , the gravity Fg , and the Magnus
force Fm [17], which are computed as follows:
1
Fa = − ρ SCa V V
2
Fm = ρωrb SC L V
Fg = [0, 0, −mg]

(4)
(5)
(6)

where ρ is the air density, Ca is the drag coefficient, C L is
the lift coefficient, and g is the gravity accelerator; S, m, rb ,
and ω are the effective contact area, the mass, the radius, and
the angular velocity of the ball, respectively.
According to the forces on the flying ball, the motion model
of the ball can be expressed by
⎡
⎤
Vxi−1
⎤ ⎡
⎤ ⎢
⎡
Vyi−1
⎥
x i−1
xi
⎢
⎥
Vzi−1
⎥
⎢ yi ⎥ ⎢ yi−1 ⎥ ⎢
1
⎢
⎥
⎥
⎢ z ⎥ ⎢z
(Faxi + Fmxi ) ⎥
⎢ i ⎥ = ⎢ i−1 ⎥ + ⎢
⎢
⎥ T (7)
m
⎢ Vx ⎥ ⎢ Vx ⎥ ⎢
⎥
⎣ i ⎦ ⎣ i−1 ⎦ ⎢ 1
Vyi
Vyi−1
(Fayi + Fmyi ) ⎥
⎢
⎥
⎣ m
⎦
Vzi
Vzi−1
1
(Fazi + Fmzi ) − g
m
where i = 1, 2, . . . , and T is the time interval for an
iteration step. After that, the end part of the first trajectory
can be predicted with initial points and the motion model of
the ball. Notice that the prediction will be stopped when the
ball flies far away from the edge of the table x i < Sx or the
ball reaches a certain height again z i = Sz .
2) Prediction for the Initial Part of Second Trajectory:
Since the time interval T is very short and the velocities of
the ball are continuous, the forces are constant during the time
interval T . Thus, similar to the end part prediction of first
trajectory, the initial part of the second trajectory could be
backward predicted based on the motion model of the ball
and the middle part of the second trajectory. The iteration of
the second trajectory can be expressed as (8), where the motion
status of the ball at the initial iteration points can be computed
similar to those in the first trajectory
⎤
⎡
−Vxi−1
⎤ ⎡
⎤
⎡
−Vyi−1
x i−1
xi
⎥
⎢
⎥
−Vzi−1
⎢ yi−1 ⎥ ⎢ yi ⎥ ⎢
⎥
⎥ ⎢
⎥ ⎢
⎢
1
⎢
⎢ z i−1 ⎥ ⎢ z i ⎥ ⎢ − (Faxi + Fmxi ) ⎥
⎥
⎥=⎢
⎥+⎢
⎢
⎥ T. (8)
m
⎢ Vx ⎥ ⎢ Vx ⎥ ⎢
⎥
1
⎢ i−1 ⎥ ⎢ i ⎥ ⎢
⎣ Vyi−1 ⎦ ⎣ Vyi ⎦ ⎢ − (Fayi + Fmyi ) ⎥
⎥
m
⎦
⎣
Vzi−1
Vzi
1
− (Fazi + Fmzi ) + g
m
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B. Racket Tracking
For the whole hitting procedure, it is not enough to obtain
the motion status of the ball. The racket pose cannot be
ignored, and its effective solution can further deepen the
understanding of the opponent behavior.
1) Extraction of the Racket: As mentioned in Fig. 1, some
markers are attached on the red side of the racket. First of all,
the racket pose changes fast and disorderly. What is worse,
the red rubber of the racket has the reflective property, which
makes the light on the racket complicated and increases the
difficulty to obtain the racket pose. In some extreme cases,
the red region of the racket becomes black or white entirely.
Therefore, an elaborate design is required.
a) Extraction of red region: Considering that the
hue, saturation, value (HSV) color space is more sensitive to color than the red, green, blue (RGB) color
space, it is a better way to extract the red region in the
HSV color space. The red region on the racket could be
detected as follows:
PR = {(i, j )|H (i, j ) < TH , S(i, j ) > TS }

(9)

where PR is the set of the red points on the racket, H (i , j ),
S(i , j ) are the hue and saturation components of the
point (i , j ). TH and TS are the thresholds of the hue and
saturation components, respectively. In [18], the hue component of the red is close to zero in the HSV color space.
Thus, TH is usually selected with a small positive value.
As long as TS reaches a certain value simultaneously, the point
can be seen as one red point. Then, the center of the red
region (xrm , yrm ) can be calculated using the data statistics
methods [19]. On this basis, the red-related information in
RGB color space is obtained for the better illumination adaptability. The thresholds of the red, green and blue components
(Rr , G r , Br ) to judge the red points are computed as
{Rr , G r , Br } = median{R(i, j ), G(i, j ), B(i, j )|(i, j ) ∈ PR }
(10)
where R(i , j ), G(i , j ), and B(i , j ) are the red, green, and blue
components of the red point (i , j ). Once the light condition is
changed, this solution can achieve the self-adjustment of these
thresholds (Rr , G r , Br ). Then, the region of interest (ROI) of
the racket image can be determined whose center is (xrm , yrm )
and the length of side is 120 pixels.
b) Identification of white line: In the HSV color space,
the value components of the white points are basically bigger
than those of other color points. Depending on this rule,
the white points in ROI can be roughly extracted as follows:
Pw1 = {(i, j )|S(i, j ) < TW S , V (i, j ) > TW V , (i, j ) ∈ RO I }
(11)
where Pw1 is the set of the suspected white points, TW S , and
TW V are the thresholds of the saturation and value components
about the white. In fact, there are many miscellaneous points
out of the racket region because the length of the ROI is
empirically determined. Therefore, another rule that the white
line is surrounded by the red region is added to optimize the

white point set, and we have
⎧
⎪
P1 = {(i, j )|(i + n w , j ) ∈ PR , (i − n w , j ) ∈ PR ,
⎪
⎪
⎪
⎪
⎪
(i, j ) ∈ Pw1 }
⎨
(12)
P2 = {(i, j )|(i, j + n w ) ∈ PR , (i, j − n w ) ∈ PR ,
⎪
⎪
⎪
}
(i,
j
)
∈
P
⎪
w1
⎪
⎪
⎩P = P ∪ P
w2

1

2

where Pw2 is the set of the white points on the racket, and
n w is the width of white line. By searching in horizontal and
vertical directions, a white line with certain width is acquired.
Next, we filter the set Pw2 by the following equation to obtain
an accurate white line
⎧
⎪
⎪
⎪α = {−1, −1, 1, 2, 1, −1, −1}

⎪
⎪
7
⎪
⎪ P  = (i, j )| arg max  α(m)G(i − m − 4, j ) ,
⎪
⎪
1
⎪
⎪
m=1
⎪

⎪
⎪
⎪
⎪
(i,
j
)
∈
P
⎪
w2
⎪
⎪
⎪
⎪

⎪
7
⎪


⎪
⎪
α(m)B(i − m − 4, j ) ,
P2 = (i, j )| arg max
⎪
⎪
⎪
m=1
⎪

⎪
⎪
⎪
⎪
⎪
(i,
j
)
∈
P
w2
⎨

(13)
7

⎪

⎪
⎪
P3 = (i, j )| arg max
α(m)G(i, j − m − 4) ,
⎪
⎪
⎪
m=1
⎪

⎪
⎪
⎪
⎪
⎪
(i,
j
)
∈
P
w2
⎪
⎪
⎪
⎪

⎪
7
⎪ 

⎪
⎪
α(m)B(i, j − m − 4) ,
P4 = (i, j )| arg max
⎪
⎪
⎪
m=1
⎪

⎪
⎪
⎪
⎪
⎪
(i,
j
)
∈
P
⎪
w2
⎪
⎪
⎪
⎪
⎩P = P ∩ P  ∪ P ∩ P 
W

1

2

3

4

where α is a smooth filter. Therefore, the white line equation
could be calculated by the Hough transform
y = KW x + QW

(14)

where K W and Q W are the slope and intercept of the white
line. The distance Dw from the center point of the ROI to the
white line can be obtained as
|K W xrm + Q W − yrm |

Dw =
(15)
2 +1
KW
c) Recognition of black lines and four corners: According to the distance Dw , the length of the ROI is redesignated.
As the long sides of black rectangle is parallel to the white
line, the equations of the four black lines can be represented
as
L i : y = K W x + Q i , i = 0, 2
L i : −K W y = x + Q i , i = 1, 3

(16)
(17)

where Q i (i = 0, 1, 2, 3) are the intercepts of the four black
lines.
According to the markers on the racket, it can be seen that
two sides of each black line are surrounded by red points.
Meanwhile, the sums of all the components about the black
points in RGB color space are less than the red points under
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the same light condition. Thus, the points in the black lines
are given as follows:
⎧
⎪
Pb1 = {(i, j )|(i + n b , j ) ∈ PR , (i − n b , j ) ∈ PR ,
⎪
⎪
⎪
⎪
⎪
(i, j ) ∈ RO I }
⎨
Pb2 = {(i, j )|(i, j + n b ) ∈ PR , (i, j − n b ) ∈ PR ,
⎪
⎪
⎪
(i, j ) ∈ RO I }
⎪
⎪
⎪
⎩P = P ∩ P
Br

b1

b2

(18)
PB = {(i, j )| arg min(R(i, j ) + G(i, j ) + B(i, j )),
(i, j ) ∈ PBr }

(19)

where n b is given width of the black line and PB is the set of
black points.
Based on the slopes of the black lines and the racket’s
center, two sets of black points would be found through
scanning line by line in the direction of the slope. In the
orthogonal direction, other two sets of black points could be
detected. So far, we have four sets of black points, which are
corresponding to the four black lines. As described in Fig. 1,
according to the relationship of the center (xrm , yrm ) and
the white line, the four black lines could be distinguished.
For example, the black line L 0 is between the center point
(xrm , yrm ) and the white line, whereas in the opposite direction, there is the black line L 2 . On this basis, the equations
of the four black lines can be computed by the LSM, and
afterward four corners of the black rectangle are calculated.
Considering the slope of the white line and the black points
are not absolutely accurate, the computed corners may not
be at the centers of the white corners. As shown in Fig. 3,
the red star is the computed corner, which is not located at the
center of the white corner expressed by the blue star. Hence,
an additional step is added to improve the corners’ accuracy.
All white points around the computed corner could be found
out, as shown in the following equation:
⎧
Prc = {(i, j )|R(i + h, j + n) > SW + RW , h, n = ±L v }
⎪
⎪
⎪
⎨ P = {(i, j )|G(i + h, j + n) > S + G , h, n = ±L }
gc
W
W
v
⎪
=
{(i,
j
)|B(i
+
h,
j
+
n)
>
S
+
B
,
h,
n
=
±L
P
bc
W
W
v}
⎪
⎪
⎩
Pwc = Prc ∩ Pgc ∩ Pbc
(20)

Fig. 3.

where RW , G W , and BW are median values of the red, green,
and blue components of the points in white line, respectively,
L V is the size of the searching region, and SW is the range
for the threshold. The center of the white point set Pwc is
considered as an effective white corner.
The center (xrm , yrm ) of ROI is updated again based on
these four effective corners. Owing to the short sampling
period, the movement distances of the four corners are limited
during two adjacent frames. According to the computed velocities of the corners from two adjacent frames, the corners’
positions can approximately be estimated in advance. Then,
a small window with the length of L W corresponding to a
corner is used to subsequent corner detection. After the new
corners are obtained, the ROI center is updated in real time.
Once the four corners are not found or the lengths of the

Theoretically, the hitting point is the intersection of these
three trajectories: the end part of the first trajectory, the initial
part of the second trajectory, and the racket trajectory. However, the errors from the camera calibration and the trajectory
prediction are unavoidable. As a consequence, the hitting point
cannot be acquired directly. In the three trajectories, there are
two key parameters: the time and the position. To solve the
intersection, a rule is defined to combine the two parameters
together






2
2
ψ(i, j, k) = e t A /σ  SiA Sk − rb  + e t B /σ  S Bj Sk − rb 
(22)

Detection of a corner.

four black lines are abnormal, the searching starts from the
identification of white line. In the worst case, the searching
begins with from the extraction of red region.
2) Computation of the Racket Pose: With the four white corners, the racket pose can be computed by the PnP algorithm.
It should be pointed out that the result only relying on the
P4P algorithm is not very accurate and stable due to the
smaller distances among the corners [20]. To solve the problem, the orthogonal iteration (OI) algorithm is introduced to
ensure the accuracy of the racket pose. The result computed
by the PnP algorithm is regarded as the initial data for the
OI algorithm. Then, the racket pose related to the camera
C frame c Tr can be computed, and the racket pose w Tr in
the world frame can be further obtained via the homogeneous
transformation as shown in the following equation:
w

Tr = c Tw−1 · c Tr .

(21)

To ensure the stability of the racket pose, a multifilter is
given to improve the image coordinates and the 3-D coordinates of the four corners. The image coordinates of each corner
point in sequential N f r frames are fit with the second-order
polynomials. Each point in a frame will be fit N f r times and
the median of those fitting data is selected as the final value.
At last, a median filter is applied to smooth the 3-D coordinates
of the four corners to reduce the errors resulted from the
PnP and OI algorithms.
C. Hitting Point Estimation

where SiA Sk refers to the distance from the i th point on the
end part of the first trajectory to the kth racket plane; S Bj Sk is
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Fig. 4. Prediction of ball trajectory. (a) End part of the first trajectory.
(b) Initial part of the second trajectory.

the distance from the j th point on the initial part of the second
trajectory to the kth racket plane; rb is the radius of the ball;
t A and t B are the time differences between the ball and the
racket, respectively; and the symbol · is the Euclidean norm.
It is important to note that t A and t B should be constrained
within a small range to ensure the real-time performance of
the proposed approach.
By minimizing ψ(i, j, k), one can acquire the optimized
i ∗ , j ∗ , and k ∗ , where i ∗ and j ∗ are corresponding to the
motion status of the ball before and after being hit, while
k ∗ corresponds to the racket pose at the hitting moment.

Fig. 5. Accuracy verification. (a) Corners’ positions by our approach and
the method in [22]. (b) Errors of the corners’ positions.

IV. E XPERIMENTS AND R ESULTS
To test the performance of the proposed approach, a series
of experiments was conducted. The types of the cameras A and
B are VC 4458 with a digital signal processor TMS320C64xx.
Their frame rate can reach up to 250 frames/s. The camera C
used in the experiments adopts Prosilica GC660C with a frame
rate of 120 frames/s. The intrinsic and extrinsic parameters
of cameras A, B, and C are calibrated beforehand using the
method in [21]. The important thresholds are given as follows.
TH = 10, TS = 127, TW S = 153, TW V = 25, ω = 0, and
N f r = 5.
A. Experiment of the Ball Trajectory Prediction
In this experiment, 63 groups of the ball positions were
detected on the first trajectory. To reduce the influence from
the collision model on the table and the ball, 18 groups of
the ball positions after rebounding from the table on the first
trajectory were selected as the initial points for predicting the
end part of the first trajectory. According to (7), the end part
of the first trajectory was predicted, as shown in Fig. 4(a).

Fig. 6. Racket tracking under different illumination conditions. (a) Brighter
illumination condition. (b) Normal illumination condition. (c) Darker illumination condition. (d) Extreme illumination condition.

Fig. 4(b) illustrates the initial part prediction of the second
trajectory, where 23 groups of the ball positions were used.
B. Experiments of the Racket Tracking
1) Accuracy Verification: In reality, the opponent’s behavior
was hard to be measured. To verify the effectiveness of
our approach for racket pose measurement, a small chessboard was additionally attached to the center of the racket.
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Fig. 9.
Racket tracking using two different rackets in different poses.
(a) and (b) One racket in two different poses. (c) and (d) Another racket
in two different poses.

Fig. 7.
Comparison of our approach with the method in [16].
(a) and (b) Original images. (c) and (d) Results using the proposed
approach. (e) and (f) Results using the method in [16] with fixed thresholds.

Fig. 10.

Fig. 8. Racket tracking under different backgrounds. A person wearing a
red T-shirt crosses behind the opponent from the left to the right. (a) in the
left side. (b) and (c) behind the opponent. (d) in the right side.

This chessboard is smaller in size than the black rectangle,
which has no influence on the proposed approach. It is noted
that this chessboard is only for the accuracy verification. The
positions of the corners in this chessboard could be effectively
obtained by the method in [22], whereas in our approach,
these corners’ positions could also be calculated according
to the racket pose w Tr . Then, the accuracy of the computed
racket pose is verified by comparing the errors of the corners’

Racket trajectory. (a) Without multifilter. (b) With multifilter.

positions obtained using the method in [22] and the proposed
approach. Fig. 5(a) and (b) give the positions and errors by
our approach and the method in [22], respectively. One can
see that the results from our approach are similar to the wellknown method in [22], which proves that our approach for
racket pose measurement achieves a good accuracy.
2) Robustness Verification: To verify the robustness of the
proposed approach for racket tracking, we conduct the experiments in terms of different illumination conditions, different
backgrounds, and different kinds of rackets.
Fig. 6 illustrates the results of the racket tracking under
different illumination conditions. Clearly, the racket can be
effectively tracked even with dusky illumination. Besides,
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Fig. 11.

Estimated hitting procedure.

Fig. 12.

Details at the hitting moment.

different from the method in [16] whose parameters’ thresholds are case sensitive, our approach requires no parameters
adjustment that can improve the adaptability to the environment. Fig. 7 gives the comparison of our approach and
the method in [16]. For the original images under different illumination conditions shown in Fig. 7(a) and (b), our
approach can obtain correct results [see Fig. 7(c) and (d)].
However, the method in [16] fails for detecting the racket in
Fig. 7(b) when using the thresholds, which have been successfully applied in Fig. 7(a). This comparison demonstrates the
superiority of the proposed approach.
Fig. 8 describes the experiments under different backgrounds where a person with a red T-shirt crosses behind
the opponent. Obviously, although there exists the background
disturbance, the racket can still be tracked smoothly. Besides,
two different rackets are used for tracking, and the results are
given in Fig. 9. Fig. 9(a)–(d) depicts the results of these two
rackets in different poses. All these experiments verify the
robustness of the proposed approach.

3) Calculated Racket Trajectory: Fig. 10 shows the calculated racket trajectory, where the blue rectangle represents
the black rectangle of the markers on the racket plane, and
the red line describes the trajectory of the racket center.
Fig. 10(a) and (b) represents the racket trajectories before
and after the multifilter being applied, respectively. It can be
seen that the trajectory obtained directly without multifilter is
not smooth and accurate. The experimental result proves the
effectiveness of proposed racket tracking with multifilter.
4) Hitting Point Estimation: Combing the ball trajectory
with the racket trajectory, the hitting point is solved. It means
that the motion status variation of the ball before and after
being hit as well as the racket pose at the hitting moment are
acquired. Fig. 11 shows the whole hitting procedure, where
the red circle, the blue and pink “∗” represent the actual ball
positions, and the blue rectangle shows the racket trajectory.
The cyan and black lines refer to the end part prediction of
the first trajectory, the initial part prediction of the second
trajectory, respectively. It should be pointed out the actual ball
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RGB and HSV color spaces to ensure the adaptation. The
real-time characteristics of our approach are guaranteed by the
ROI update and dynamic windows. Furthermore, the stability
and the accuracy of the racket pose are also acceptable
based on the multifilter. By combining the ball and racket’s
trajectories, an optimized estimation of the hitting point
is fulfilled. Experimental results indicate that our proposed
approach can estimate the opponent’s hitting point with a
satisfactory performance. In the future, we will focus on
accurate rebound model based on the estimated hitting point
as well as the measurement of the ball’s spinning for better
hitting performance.
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