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Abstract. The 3D ball trajectory provides us quantitative technical or
tactical information (e.g. the ball speed of serve). The 3D trajectory
can be reconstructed by multiple camera system or single camera system. The single camera 3D reconstruction method is better than the
multiple camera one, because it is convenient for the video from television. The existing monocular 3D reconstruction method suﬀers from the
model-drifting problem. We solve this problem using a new cost function. Experimental result shows that our method is more accurate than
classical method, because our cost function is a mixture of the physical
model and the geometric model.
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Introduction

The 3D reconstruction of moving targets (e.g. ball, players) and static elements
(e.g. court, net, or table) of sport competition is important, because some quantitative technical or tactical information can be derived from this 3D reconstruction. For example, the ball speed of serve, the location of players, and the height
of ball ﬂying over the net can be computed from the 3D ball trajectory. This
information is very useful in the sport coaching process, the feedback of training,
the performance analysis etc.
The existing 3D reconstruction methods can be divided into two categories.
The ﬁrst uses multiple cameras to compute the 3D position of ball. The wellknown ”Hawk Eye” is a typical example. This method requires multiple camera
installation, calibration and synchronization. This method is useless in some
overseas matches, especially in the ﬁeld controlled by the competitor, because
we cannot install our multiple camera system. The limitation of multiple camera
method inspires a new 3D reconstruction technology.
The second category of 3D reconstruction method uses a single camera to
estimate the 3D trajectory of a ball, named monocular 3D reconstruction. This
method does NOT require multiple camera installation, which facilitates the
usage of this technology. Firstly, some sport video from Television is publicly
available on the internet or easily captured from satellite broadcasting without
overseas travel. Secondly, we can record the sport match using a single consumer
camera, instead of the more expensive multiple camera system. Thirdly, it does
not require the permit of the competitor especially when the contest is open or
broadcast live. In summary, the monocular 3D reconstruction method can be
used in more ﬁelds than multiple camera methodology.

The monocular 3D reconstruction method requires physical (or geometric)
constraints about scene (or target). Reid et al. [5] estimated the 3D position
of a ball by a geometric constraint which makes use of shadows on the known
ground plane. But shadow is not available in many sport videos. Kim et al. [2]
got the heights of a ball according to the player’s height, which is not reasonable
in table tennis game. Boracchi et al. [2] reconstructed the 3D ball trajectory
from a single motion-blur image. Its hidden assumption is not satisﬁed in the
tennis game because the ball is too small in the images. Ohno et al. [4] estimated
the ball position by ﬁtting a physical model of ball movement in the 3D space
to the observed ball trajectory in the 2D image. Ribnick et al. [6] developed a
theoretical analysis and established the minimum conditions for the existence
of a unique solution. These two papers [4, 6] are the most related works of this
paper, because they do not require special camera setting.
The monocular 3D reconstruction method, however, cannot directly used in
the ball trajectory estimation in sport because of ”model drifting” problem. It
means that the estimated ball trajectory is drifting from the true trajectory
along the direction which is perpendicular to the camera image plane. We will
show the details of this problem later.
This paper presents a new cost function to solve the model drift problem.
The intuition behind our solution is that the new cost function improves the
reconstruction accuracy by fusing the information both from physical model
and from geometric model.
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2.1

Methods
Camera Calibration

We use the DLT [1] method and none-linear optimization [3] to get the projection
matrix P. Please note that the geometry of sport infrastructure (e.g. the size of
court in the tennis competition) is known according to the rule (of International
Tennis Federation). Therefore, the tennis court is a calibration object in this
paper. Our camera calibration does NOT use any speciﬁc calibration object
(e.g. the planar pattern [8] or Tsai grids [3]).
According to pinhole camera model [3], P is a 3 × 4 projective matrix deﬁned
by
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where m11 , m12 , ..., m34 is the elements of matrix P, (X, Y, Z) is the position in
the 3D court model and (u, v) is the observed position in the 2D image. Let
m34 = 1 because the equation (1) uses homogeneous coordinates system. The
DLT method needs at least six court-to-image point correspondences between
(Xi , Yi , Zi ) and (ui , vi ), for i=1,2,...,N. Fig. 1 shows six observed position (four

corners of the table and two upper points of net), among which one correspondences is from (X1 , Y1 , Z1 ) = (0, 2.47, 0) to (u1 , v1 ) = (482, 190).

Fig. 1. The example of six correspondences
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where N is the number of court-to-image point correspondences.
2.2

3D reconstruction of ball trajectory

We use the Ribnick [6] or Ohno [4] method to estimate the 3D ball trajectory.
Firstly, this paper assumes the ball motion is governed by gravity, which is
expressed as
X(t) = X(0) + tVX (0)
Y (t) = Y (0) + tVY (0)
(3)
Z(t) = Z(0) + tVZ (0) − 12 gt2

where (X(t), Y (t), Z(t)) and (VX (t), VY (t), VZ (t)) denote the position and the
velocity of the ball at time t, g denotes the acceleration of gravity (g = 9.8
m/s2 ). Since the physical model (3) is known, the estimated position at time t
only depends on the initial position (X(0), Y (0), Z(0)) and the initial velocity
(VX (0), VY (0), VZ (0)).
Secondly, we estimate the values of initial position and initial velocity θ =
(X(0), Y (0), Z(0), VX (0), VY (0), VZ (0)) which minimize Fclassic
θ∗ = arg min(Fclassic )

(4)

θ

Fclassic is the sum of squared diﬀerence between the estimated position
(uP (t), vP (t)) and the observed image position (u(t), v(t)):
Fclassic =

M (
∑

2

2

{u(t) − uP (t)} + {v(t) − vP (t)}

)
(5)

t=1

where (uP (t), vP (t)) is the project position of (X(t), Y (t), Z(t)) according to
the perspective projection equation (1), and M is the number of observed image
points along ball trajectory. A unique solution exists if and only if the M (M >=
3) image points are non-collinear [6].
2.3

Our improvement

Fig. 2. The image sequence of the ﬁrst stroke in table tennis competition. ”Start point”
is the observed position where the ball touches the server’s court and ”End point” is
the position where the ball touches the receiver’s court.

We show the ”model drifting problem” and ﬁx it in this section. Experiment
shows that the above Ribnick [6] or Ohno [4] method (hereinafter called classical

method) suﬀers from the model drifting problem. As shown in Fig. 2, the serve
(or the ﬁrst stroke) of table tennis player is recorded using a single consumer
camera.
The model drifting problem is shown in Fig. 3, the estimated ball trajectory
using classical method (4) is far from the true trajectory. Speciﬁcally, the 3D
reconstruction error is very large along the direction which perpendicular to the
camera image plane.

Fig. 3. Model drifting problem means that the estimated ball trajectory using classical
method is far from true trajectory (1st column). The trajectory using our method with
start point is better (2nd column), and the trajectory using our method with both
start point and end point is the best result (3rd column).

In order to solve the model-drifting problem, we ﬁrstly get the 3D position
where the ball touches the court. After rearrangement of (1), we get
(um31 − m11 )X + (um32 − m12 )Y + (um33 − m13 )Z + (um34 − m14 ) = 0
(6)
(vm31 − m21 )X + (vm32 − m22 )Y + (vm33 − m23 )Z + (vm34 − m24 ) = 0
This is the 3D line equation deﬁned by two planes. Given the observed position (u, v) where the ball touches the court in the 2D image and the projective
matrix P, the 3D line from camera to this position is (6). The 3D court plane
is also available from the 3D court model if perspective projection matrix P is
known. Hence, (XC (t), YC (t), ZC (t)) is the 3D position where the ball touches
the court computed by the line-plane intersection at time t.
Secondly, we introduce a new cost function
Ftouch =

K (
∑

2

2

2

{X(t) − XC (t)} + {Y (t) − YC (t)} + {Z(t) − ZC (t)}

)
(7)

k=1

where (X(t), Y(t), Z(t)) denote the position of the ball at time t according to
(3), and K is the number of position where the ball touches the table after a

stroke. The ﬁnal cost function is
Fnew = Fclassic + w × Ftouch

(8)

where w is the mixture weight.
∗
The minimization of cost function Fnew produces the 3D ball trajectory θnew
if K points are available.
∗
θnew
= arg min(Fnew )

(9)

θ

Please note that our method (9) equals classical method (4) if w = 0. The
geometric model is more important than the physical model if w > 1. Intuitively,
our cost function (8) is a mixture of two models: the physical model (3) and the
geometric model (6). The mixture of multiple models is very useful in object
tracking [7].
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Experiment

We implement the proposed method using C++ and run it on an Intel Core-i3
3.3GHz PC with 2G RAM. The test videos are recorded from 16 table tennis
matches using a consumer camera. We got 3864 ball trajectories and the horizontal ball speed from these videos. The minimal ball speed is 2.11 m/s, and the
maximal is 43.79m/s. The percentage of ball speed is shown in Fig. 4.

Fig. 4. The ball speed of 3864 strokes in table tennis match.
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Conclusion

The geometry of sport infrastructure facilitates the camera calibration, which is
more convenient than the multiple camera system. The ball trajectory is estimated by ﬁtting a physical (gravity) model in the 3D space to the ball positions
in the 2D image. Moreover, the 3D position where the ball touches the court is
computed by the line-plane intersection. This geometric model is more accurate
than the physical model in the direction that is perpendicular to the camera
image plane. Finally, we solve the model-drifting problem by a new cost function, which fusing the information both from physical model and from geometric
model.
This is indeed a ﬁrst attempt which proved to deserve further investigation.
We plan reconstruct the 3D trajectory when the number of position that the
ball touches the court is smaller than two (i.e. K < 2). The gravity model is
reasonable if ball speed is high, but ball spin and atmospheric conditions also
aﬀect the ball’s trajectory if ball speed is low (e.g. soccer game). We also plan
develop a more realistic physical model considering the air friction.
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