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ABSTRACT

Sports video enrichment is attracting many researchers. People want to appreciate some highlight segments with cartoon.
In order to automatically generate these cartoon video, we have to estimate the players’ and ball’s 3D position. In this
paper, we propose an algorithm to cope with the former problem, i.e. to compute players’ position on court. For the
image with sufficient corresponding points, the algorithm uses these points to calibrate the map relationship between
image and playfield plane (called as homography). For the images without enough corresponding points, we use global
motion estimation (GME) and the already calibrated image to compute the images’ homographies. Thus, the problem
boils down to estimating global motion. To enhance the performance of global motion estimation, two strategies are
exploited. The first one is removing the moving objects based on adaptive GMM playfield detection, which can
eliminate the influence of non-still object; The second one is using LKT tracking feature points to determine horizontal
and vertical translation, which makes the optimization process for GME avoid being trapped into local minimum. Thus,
if some images of a sequence can be calibrated directly from the intersection points of court line, all images of the
sequence can by calibrated through GME. When we know the homographies between image and playfield, we can
compute the camera focusing area and players’ position in real world. We have tested our algorithm on real video and
the result is encouraging.
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1. INTRODUCTION

Soccer is one of the most popular sports in the world with tremendous video programs produced every year.
Automatically analyzing soccer video, such as finding some exciting events for summarization, is a hot research area; In
addition, some technologies in soccer video analysis will help professionals to analyze a team’s tactics, strengths and
weaknesses. Knowing where the camera is focusing and the players’ position on the playfield is quite valuable for the
above-mentioned topics.

In recent years, researchers'™ all use the camera focusing area and players’ position on the playfield to help detect
semantic event. Gong et.al.', Ekin and Tekalp” propose to exploit edge detection and Hough transform to find the goal
area. Their methods can only find the rough region around the goal area. As we all know, to analyze what kind of event
happens around goal area, the players’ position in real world coordinate system is required. Thus, it needs to know the
relationship between image plane and playfield plane. From the view point of computer vision, the relationship between
them is called homography. Assfalg et. al* and Farin® use this concept and the court lines to calibrate the image, i.e.
computing the relationship. Particularly, in the latter literature, the authors propose an automatic camera calibration
algorithm for court sports. Their method can be applied in soccer, tennis and volleyball video. Different from [3,4], Yu’
uses central line, central circle and the cross-ratio invariance to calibrate image, which solves the problem of calibrating
image containing only the central line and central circle. However, this algorithm can only calibrate the camera
positioned on the extended line of the circle line on playfield, meanwhile it also requires that the image of the circle line
is vertical. This severely constrains the algorithm’s application. Yamada et. al.® propose a method to calibrate camera
with known position, and the camera model includes two rotation axis and focal length. Nevertheless, in broadcast video,
it is difficult to know the camera position in real world coordinate system. Ohno et. al.” exploit multiple cameras to
estimate the players’ positions. Kim and Hong® propose a self-calibration algorithm to mosaicing soccer video based on
pan-tilt camera model, and use two sequences shot by two cameras to estimate ball’s 3D position. The most similar one
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to our work is Watanabe’s’ paper, in which the author assumes that the camera is fixedly aligned to the central line on
the court. This narrows its application in the sequence captured by the camera with unknown position. Iwase and Saito''
use 8 cameras covering the region of the goal. This kind of method is expensive and not suitable for the processing of
images acquired by digital TV.

As these prior works show, researchers have proposed different methods to calculate the camera focusing area and
players’ real position on playfield. All these methods have a common characteristic, i.e. they require enough
corresponding points (at least 4 points) to determine the so-called homography matrix for an image. Because the camera
in soccer broadcasting rotates and zooms freely, it cannot be guaranteed that every image has sufficient corresponding
points. In this paper, we propose an algorithm to compute every image’s homography matrix in a sequence through
global motion estimation, as long as there exists one image whose homography matrix can be computed directly through
corresponding points.

This paper is structured as follows. In the next section, we describes the theoretical computation of image’s
homography matrix and the overview of the propose system. Section 3 describes the player detection based on playfield
detection using adaptive Gaussian Mixture Model (GMM). To reliably estimate global motion, two strategies are
introduced in section 4. Section 5 shows the experimental results. At last, an appendix is presented to show the details of
the derivation of global motion model in case of rotating camera with zooming.

2. THEORITICAL COMPUTION AND THE OVERVIEW OF THE SYSTEM

2.1 The camera model

In this section, we briefly introduce the imaging model of a pin-hole camera, which relates a 3D point in the world and
its image point on the retina. A 3D point is denoted as M =[X,Y,Z], and its homogeneous coordinate is

M=[X,Y,Z]1]. A 2D point on the retina is denoted as m =[u,Vv], and its homogeneous coordinate is
m = [t,v,1]. Thus, for a pin-hole camera, a 3D point M and its image point m have the following relationship

a ¢ u,
m~K[R|TIM,with K=[0 8 v, ]|, (1)
0 0 1

where &~ means equality up to a none-zero scale; K is called the camera’s intrinsic parameter, including & and [
as the scale factors in image # and Vv axis, the principle points (uo,vo)as the intersection of optical axis and the

retina, and ¢ as the skewness of the image’s two axis. R and T are the rotation matrix and translation vector,
which relate the world coordinate system and the camera coordinate system, respectively. They are called extrinsic
parameters.

2.2 The homography between image plane and playfield plane

The soccer’s playfield is on a plane, so without loss of generality, we define playfield on XOY plane of the world
coordinate system, i.e. the plane function is Z = () . Substituting this plane equation into (1), we have

X
X
. Y . )
mzK[rl r, r, t]o =K[rl r, t]Y
1

1

In(2), I, and r, are the first column and the second column of the rotation matrix R . For convenience, the point

on the plane Z =0 is denoted as M =[.X,Y] and its homogenous coordinate is M =[X,Y,1] . As a result, (2)
ca be rewritten in matrix form as follow

m~H-M, A3)
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where H is a 3x3 matrix parameterized in terms of intrinsic matrix K and column vector r,, r, and t. In

general, it is called homography matrix between a plane in the world and an image. In this paper, it is called an image’s
homography in short.

Because the matrix H is defined up to a scale factor, therefore it has eight independent parameters. Thus, given an
image, at least four corresponding points between the world plane and the image plane can determine H uniquely (if
only four corresponding points are available, any three of them must not collinear). In soccer video, the intersection
points of mark lines near goal mouth area provide these corresponding points information, as shown in Figure 1. The
method proposed in [2] is adopted to compute (determine the relationship between playfield plane and image plane) an
image’ homography. However, it is not guaranteed that there are enough corresponding points in each image of a
sequence. In what follows, let us consider the problem to estimate the homography of the image which has insufficient
corresponding points.
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Figure 1: The soccer playfield model. The red points and its corresponding image points can be used to determine H .

2.3 Global motion and its relationship to homography

In broadcasting soccer video, the main camera is fixed in a position on the auditorium with free rotating and varying
focal length. Thus, in some images in a sequence, there are not enough image points corresponding to the red points on
playfield (see Figure 1). In order to estimate such images’ homographies, global motion estimation (or inter frame
match) has to be used. In the following, we shall consider the problem in the case of fixed camera with rotation and
zoom. Figure 2 shows the case.

For a still scene, the images of two consecutive frames of the scene have the perspective transform relationship
shown in (4) (Appendix A describes the derivation process),

m, = Pr,t—l ‘m,_,, (4)

where Pfl, is called inter-frame homography. To differentiate it from the image’s homography introduced in the

t—=1,t

above section, we call it global motion parameter. Similar to H, P _,, is also a 3x3 matrix containing 8

t—=1,t

independent parameters (i.e. defined up to a scale factor).

P‘m\\ \ F..

y
Figure 2: Fixed camera with freely rotating and varying intrinsic parameters.

1526  Proc. of SPIE Vol. 5960



Now, let’s consider the relationship between two consecutive frames’ global motion parameter P, ,, and the

Homography of each image. Let H, , and H, be the homographies of image 7—1 and image 7, respectively. From

(3), we have
R 5)
m,~H, -M
Combining (4) and (5), we obtain
Hz ~ Pt—l,t ' Ht—l ~ Pz—l,t : Pt—Z,t—l ' Ht—2 R = Pt—l,t """ Pt—k,t—k+1 : Pt—k : (6)

As (6) illustrates, we have a chain structure. That is to say, if some of the images’ homographies in a sequence are
computed with the intersection points of the mark lines on the playfield, any image’s homography can be calculated
whether or not it has enough corresponding points (at least 4). Thus, the problem of determining each image’s

homography is equivalent to estimate the perspective transform P if at least one image’s homography is calculated
with sufficient corresponding points. Figure 3 shows the framework of the proposed method. Details about estimating

P will be described in section 4.

= I
1 5
= I
|-—.':;
= I
1g 3 '
- '
12 '
[=%
I

Foreground and jomputing homography =Py (Hymy
background ) !'-Tatrn_c H . {Indirect Calibration)
separation Mirect Calibration)

Time axis

Sounza |

paleIqITe)

4

Y

Line detection and
correspondence
points extraction

Estimating the motion
parameter Py- ., between
frame t and previous
frame t-1

Figure 3: The proposed framework

3. PLAYER DETECTION AND POSITION ESTIMATION

In our system only the middle and long view images are used for 3D reconstruction for soccer video, and in this kind of
videos the players region in image is surround by playfield. In this regard, we segment players in image based on
playfield detection. In what follows, the detected players’ positions in real world are computed by the image’s
homography. Another usage of player detection is to enhance the accuracy of global motion estimation, which will be
described in the next section.

3.1 Adaptive GMM based playfield detection

Adaptive Gaussian Mixture Model (AGMM) and threshold are used to detect playfield region in image. The merit of
adopting AGMM is the model’s parameters can be on-line updated by incremental expectation maximization (IEM),
while the playfield is being detected.

It is observed that in a soccer sequence only some small regions (bins) of a histogram (C,C; color space) have non-

zero values, and in general there are some peaks in the histogram. Although usually the main peaks correspond to grass
color, exceptions could be found. Thus, we have to determine the main region from histogram, which corresponds to the
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playfield color in the video sequence. The procedure is shown in Algorithm 1. Notice that only the region with larger
sum of bins in histogram is considered as playfield color, and this avoids the case that the color with isolated bin with the
largest value is regarded as playfield which results from video coding in general.

Algorithm 1:
1. Determine the main peak £ ;

2. Find connected region (4-connected region) around the P, only the bins with values larger than
T *Value(P, ) are considered. Compute the sum of the connected bins, noted as Sum, , then subtract the
connected region, where 1 is a ratio. In this paper we set it 0.05.

3. Similar to 1 and 2, find the main peak P, in the remaining values in the histogram and compute the sum
of the connected bins around it, denoted as  Sum, .

4. Return the connected region in the histogram corresponding to the larger of Sum, and Sum, .

After the rough distribution region detection in C,C, space, GMM is exploited to model the playfield color, which is
described in formula (7)

G = EA: 7,G,,
(7

1 -
1 “y X EOT X )

where Gi(X;e,.)=WeXP ’

k
and z 7, =1
i=1
Each componentG, is a Gaussian function, parameterized by @,, which consists of the mean vector £;, and the

covariance matrixX,. The dimension of sample data X isd . Thus, the set {7,,6,} of all unknown parameters

belongs to some parameter space. Generally, these parameters are estimated by expectation maximization (EM)
algorithm. In the algorithm, we first estimate the model’s parameters as the initial settings on the initial accumulated
frames.

Since the model’s parameters are estimated by batch version EM algorithm with the training data detected in
histogram, they are not accurate, so we should refine them in the following detection process. Because the number of
pixels is too large, it drives us to explore on-line learning algorithm to avoid saving those plenty of data. In our system,
incremental expectation maximization algorithm is used to update the model’s parameters on-line. From the view of
literature [12], the model’s parameters are updated by the following formulas.

7%1?/”:7%1?/"' (ﬁ(a)k|xzv+1)_7%1iv)
+1
. . p(w, | x .
at=a) + ﬂ t[X) (X —0;)
Zﬁ(a)k |x;)
P (3)
A A 5 a) X A N A
g agy PO (i, —al)T D)
Zﬁ(wk X,)
i=1
. p. (X.;0
where, k=123, p(o, |xi)=M
p(x;)

In our system, three mixtures are incorporated in the model, with two of them being used to model the playfield color
(tripled playfield) and another one being used to model the noise in the playfield. The playfield detection result given by
adaptive GMM is better than that of GMM. More details about playfield detection can be found in [13].
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3.2 Player detection and its position calculation on playfield

As the result of playfield detection, a binary image is output for each image in the sequence, in which 1 denotes for
playfield pixel and 0 for non-playfield pixel. Usually, the region of players are marked by the binary image, and to obtain
better detection result, region-growing procedure is used which is a general technique for image segmentation. Based on
the traditional region growing methods, we use the region-growing algorithm in [14] to perform the segmentation, as
shown in Algorithm 2.

Algorithm 2:

1. Search the unlabeled pixels in a binary image in raster order;

2. If apixel x is not labeled, a new region is created. Then we iteratively collect unlabeled pixels that have the
same value and are connective to x. All these pixels are labeled with same region label, and this label is
same to the value of pixels;

If there are still existing unlabeled pixels in the image, go to 2;

4. If the pixel number of region R belows a given threshold, this region will be deleted and merged to the
neighboring region. Threshold for regions labeled with 1 is different from regions with 0. This is because
some regions labeled with 0 surrounded by playfield regions are meaningful information such as players.
While in most cases the same size of regions labeled with 1 surrounded by non-playfield regions are
nonsense and noise regions.

[O8)

After the playfield detection and player segmentation, regions with label 0 and surrounded by region with label 1 are
regarded as players. Figure 4(b) is the segmentation result of 4(a).

Figure 4: The segmented player region. a) is the origin image and b) is the segmented players.

In most time, the players are on the playfield plane, then if the foot position of a player in the image is known, the
player’s position in 3D world can be calculated through the homography matrix of the image. Let m , be the

homogenous coordinates of the most bottom part of a player region in the image, then his position in real world M 18

computed by (9).

~

M,~H'm, ()]

P
4. ROBUST GLOBAL MOTION ESTIMATION

As section 2 shows, to calculate every image’s homography in a sequence, we have to estimate the perspective global

motion model parameter matrix M between consecutive two frames. In this paper, we find the entries of M, |,

t-1,t
directly on image intensity using an optimal algorithm, and the target is to minimize the sum of squared difference (SSD)

between two image f and f , i.c.
E=Z[f'(x;ay;)_f(xlay1)]2:Zelz’ (10)
] ]

An iteration procedure [15] is used to estimate matrix M .
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In general, two factors influence the estimation accuracy. One is the motion of foreground objects; the other is being
trapped in local minimum in the optimal process. Thus, in this paper two strategies described as follows are employed to
overcome the problem.

4.1 Moving objects removal

The global motion estimation suffers from moving objects. To reduce their influence, we remove these moving objects,
i.e. players based on the detection technique described in the prior section. Thus the optimal process is performed only in
the background region, and formula (10) is rewritten as

E=Y wlf ()=, y) =D we] . (1)

That is to say, w, =1 if both(x,))and(x,) )are inside the background region in image f and image f ,

respectively; otherwise W, = 0. Then the Levenberg-Marquardt iterative nonlinear minimization algorithm [16] is

employed to perform the minimization.

4.2 Initial estimation of global motion

There is another factor introducing difficulty to global motion estimation in soccer video, that is, the low textured
playfield occupies major area of the image. This usually results in the optimal process being trapped into local minimum.
To deal with this issue, the method of LKT (Lucas-Kanade-Tomasi) good features to track [15] are exploited.

First we extract good feature points from an image. Then the algorithm finds their corresponding points in the next
image using tracking method in [17]. Let {(x**,y"")|i=1,---,N} and {(x',y)|i=1,--,N} denote the feature point sets of
frame (-1 and frame ¢ respectively, where x and , are the feature points’ coordinates of horizontal and vertical
direction, and N is the number of feature points that have been tracked in background region. Thus the horizontal and

vertical translation between the two frames can be estimated by (12)

1 N
T, =—> (x/=x/")
"N Zl : (12)

1 N
T, = — ( ir - ir71 )
¥ Zl yi-y
The perspective transform M is initialized as: m, =1, my, =0, m,=-T,» m, =1, m, =-T,, m,=0. At last the
perspective model is optimized through gradient decent algorithm with the initial setting on the background area.
Figure 5 illustrates the extracted good feature to track. In the top row, feature points are extracted and tracked in the

following images. When the camera moves with pan, tilt or zoom operation, some of these feature points will be lost.
The algorithm will restart the feature points detection process and points tracking algorithm will perform in the

remaining images in the sequence, if the number of the tracked points is less than 7 * NN, o» where T'is a scalar factor

and NV is the number of extracted feature points in the initial image. In Figure 4, the bottom row illustrates this process,

and the feature points are depicted in red color. From the figure, we can conclude that most of the feature points are
distributed in the background region generally, and few points are in the playfield region. This illustrates that global
motion estimation in playfield region will not be accurate. Because the player region in image forms edges with the
playfield region, some points are on these edges. To eliminate the effect of the points around player when calculating the
horizontal and vertical translation using (12), they are removed based on the detection result in the above section, Thus
only the feature points in the background region are reserved. In Figure 5, these feature points are surrounded by white
rectangle.

5. EXPERIMENTS

We have tested the algorithm on ten soccer video sequences that were recorded from regular television broadcasts. Every
sequence includes about 200 frames. The algorithm works well on these sequences. Figure 6 shows the calculated
camera focusing area and a player’s position on the soccer playfield model.
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In the test sequence only the first image’s homography matrix is computed directly from points in image and its
corresponding points on playfield (the red points in left images). In the following images, their homographies are
calculated through formula (6). From the results, we can see that the algorithm is effective. In some sequences the
computed homography matrix is not accurate enough. This is because the global motion estimation is not accurate. More
details about the experiments can be found on http://www.jdl.ac.cn/en/project/spises/demo.htm.

6. CONCLUSION

In this paper, we calculate the camera’s focusing area and the players’ position on playfield using the estimated
homography between image plane and playfield plane. For the images with enough corresponding points between image
and playfield model, the homographies of these images are computed from their corresponding points; and for the
images without sufficient corresponding points, their homographies are estimated from the recursive function (6) based
on global motion estimation. To enhance the accuracy of global motion estimation, players are removed and good feature
to track are exploited. Experimental results show that the algorithm is effective and the results are encouraging.

APPENDIX A

Let’s consider the still pointMin 3D scene, its coordinates are, in camera coordinates system at time? —land?,
M’ "and M . They have the relationship

r_ -1
Mc _Rt—l,tMc > (13)
where R, _, | is a rotation matrix. According to imaging formula, we have

xt ,f;‘Xt t — ﬁYl

Y T o
Xl‘—l Yt—l
pEN ﬁ21 t = f;t_l (15)

where f, , and f, are the focal lengths of cameras at time — l and # . Combining (13), (14) and (15) we can obtain

et ! +f2”12 ‘ St xzfl_i_fz”zz

-1 -1
V7, Yooty
o . /i (16)
= y =
ﬁxkl_”_@yl*l_’_rﬁ @xr—l_'_r}izyz—l_’_r}}
/i A | S

Then we have
~ t ~ -]
m ~P_ m .

This formula holds for any image points of still scene in real world.
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Figure 6: The calculated camera focusing area and a player’s position on soccer. In the left column, the images are from a soccer
sequence. The player in red pane is detected and tracked (with particle filter). The images in right column are the camera focusing area

in playfield model, which is highlighted with green color. And the red points in these images are the position of the player in the red
pane in left column.
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