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Abstract 

 
This paper proposes a method to estimate the tra-

jectories of soccer players by using two cameras set in 
a large-scale outdoor space such as a soccer stadium, 
which is normally not advantageous for image proc-
essing. We estimate a player’s position as the intersec-
tion of the primary axes of two body regions, corre-
sponding to the two cameras, and a shadow region on 
the surface of the field. By projecting the foreground 
silhouette regions extracted from both cameras’ im-
ages onto the soccer field, each player's body region 
and its shadow region are identified. Furthermore, 
our method utilizes color information of the players’ 
uniforms to improve the accuracy of object tracking. 
We have applied our proposed method to a real soccer 
game held in a soccer stadium and demonstrated its 
effectiveness. 
 
1. Introduction 
 

3D video techniques that generate a video stream 
from arbitrary viewpoints form an active research field 
[1][2]. Sports broadcasting is expected to be an appro-
priate application for 3D video, since every audience 
member has his/her favorite way to watch a sports 
scene [3]. In ordinary 3D video systems, however, it is 
difficult to both choose desirable viewpoints and con-
centrate on the game simultaneously because you have 
to manipulate the pose of a virtual camera while 
watching the game.  

Our approach to resolving this issue is to gener-
ate/display the video from a player’s-eye view by us-
ing a 3D video technique. Observers can perceive 
more highly realistic sensations than possible with 
conventional 3D videos by watching sports through 
the exact view used by a soccer player. In order to 

generate the player’s-eye view, it is necessary to esti-
mate the time-series positional information, i.e. trajec-
tory, of the target soccer player.  
   When we estimate the player’s trajectory in a real 
soccer stadium, it is necessary to solve the following 
problems. (1) The region size in the captured image of 
each soccer player is small, due to the limited resolu-
tion of cameras. (2) Since soccer is a contact sport, 
many occlusions and interactions are observed in the 
images. (3) Sometimes, the lighting environment dras-
tically changes due to weather conditions during a 
game. (4) Moreover, in order to provide 3D video 
broadcasting services, it is necessary to estimate the 
trajectory with short latency. This paper proposes a 
method to robustly estimate players’ trajectories under 
such difficult conditions.  
 
2. Trajectory Estimation in a Soccer Scene 
 

Trajectory estimation methods for moving objects 
have been extensively researched. Methods based on 
template matching are widely used. However, because 
of their computational cost, they have difficulty with 
tracking many objects in real time. In addition, it is 
difficult to overcome the occlusion problem, since 
they depend on the appearance of objects [4]. A few 
methods that can estimate trajectories with short la-
tency and that can overcome the occlusion problem 
have been developed [5][6]. However, they are not 
feasible for our video capturing condition because 
they require higher resolution of target appearance and 
cannot be applied to outdoor scenes, which are af-
fected by shadow regions caused by sunshine. Chen et 
al. [1] proposed a method to solve the shadow prob-
lem by using HSV color space. However, this method 
also requires high-resolution images for target objects. 
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field plane, while the body regions make two different 
elongated regions, as in the bottom of Figure 3. It is 
easy to separate and distinguish the body and the 
shadow regions based on this characteristic.  
 
4. Classification of Player’s Team 
 
4.1. Clustering the color of uniforms 
 

When multiple players are located closely to each 
other, it becomes difficult to estimate the correct tra-
jectories of the players because of the confusion in 
tracking. In a soccer game, every player wears his own 
team’s uniform, and the uniforms of the two teams 
have different colors. We try to improve the stability 
of the tracking process by classifying the players into 
each team by using color information. The number of 
color clusters can be previously known in a soccer 
game. Then we employ the k-means algorithm for the 
clustering process.  

The L*a*b* color system is used to represent the 
color, since its distance measure is similar to human 
color perception. The Mahalanobis distance is used for 
the distance measure in each cluster to deal with the 
various color distributions. 

If we try to update the color data and execute k-
means clustering in every frame, the processing cost is 
prohibitive for real-time processing. Thus we perform 
k-means clustering only once by using the learning 
data obtained from the first 30 frames. After the initial 
phase, the body regions in each frame are classified 
based on the seed points. When the Mahalanobis dis-
tance is larger than a threshold value, we label the 
target region as ‘suspicious’ because the reliability for 
correct classification is low. 
 
4.2. Integration of clustering results of two im-
ages from different cameras 

 
In order to increase the accuracy of the clustering 

process, we integrate the results estimated in two im-
ages from two different cameras. When a player is 
classified to a same class in both images, the class is 
accepted. When a player is classified into different 
classes, it is labeled as ‘no-decision.’ When a player is 
classified into a class in one image but is labeled as 
‘suspicious’ in the other image, the class determined 
in one image is accepted. 
 
5. Tracking the Trajectory of a Player  

 
The player’s trajectory is estimated by connecting 

the positions of a player in a sequence of frames. 

Since we capture the video at 30 frames per second 
(fps), the inter-frame motion of a player is small. As 
illustrated in Figure 4, we first detect the nearest 
player NPk+1 in the k+1th frame from the target player 
TPk in the kth frame. If the class of NPk+1 is the same 
as that of TPk or the class is ‘no-decision,’ and the 
distance between NPk+1 and TPk is less than a thresh-
old, we determine NPk+1 as TPk+1 and move to the 
next fame. If the class of NPk+1 is different from that 
of TPk, the nearest player NPk+1 is discarded and the 
next-nearest one is examined.  

When the distance between NPk+1 and TPk is larger 
than the threshold, we suppose that the target player is 
lost in the k+1th frame for some reason. Then, we 
move to the next frame to search for TPk+2 with a lar-
ger threshold value. When we detect the lost player 
again by repeating the searching process n times, the 
lost positions are estimated by linear interpolation 
using the positions TPk+n and TPk.  
 
6. Experiments 
 
6.1. Environment 

 
We have conducted experiments to evaluate the ef-

fectiveness of our proposed method at a real soccer 
stadium, the National Stadium in Tokyo. As illustrated 
in figure 1, half of the soccer field is captured by two 
cameras that look down from overhead positions, such 
as the top of the electric signboard and the roof of the 
main stadium. The cameras are Sony DXC9000s and 
they are synchronized by GPS signals. The size of the 
captured image is VGA (640 x 480 pixels) and the 
frame rate is 30 fps. The relationship between the 
camera and the stadium coordinate systems is cali-
brated by using 3D laser-based surveying equipment. 
We obtained a set of video sequences from a real soc-
cer game at the stadium. 
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Figure 4. Tracking the trajectory of a player 



6.2. Results 
 
Figure 5 (a) shows the player’s trajectory obtained 

by using the proposed method. Figure 5 (b) shows that 
obtained without the team classification. In both re-
sults, the player with a white uniform is correctly 
tracked for frames t=1 to t=8. In frame t=8, the white-
uniformed player crosses the blue-uniformed player in 
front of the goal. As the result, the method without the 
team classification fails to track the player in the white 
uniform after the frame. On the other hand, it is possi-
ble to prevent false tracking by using our proposed 
method with its team classification process.  

Table 1 shows the accuracy of player detection. A 
sequence of 600 frames is processed to obtain the re-
sults in Table 1. The false negative rate increases 
when multiple players become close, since we do not 
consider the number of players in a region in the cur-
rent system. We can decrease this error by estimating 
the number of players in a region based on the corre-
spondence between frames.  

Table 2 shows the accuracy of team classification. 
A sequence of 600 frames is processed to obtain the 
results in Table 2. Although many players are classi-
fied as ‘no-decision’ because the lighting condition 
drastically changed during the game and our image 
resolution is low, it is possible to detect the class of a 
‘no-decision’ player by using the correspondence be-
tween frames. Here, false classification results from 
failure in the foreground region segmentation, e.g., 
only the foot area is detected as a player region.  
 
7. Conclusions 
 

In this paper, we have proposed a method to esti-
mate the trajectories of objects robustly under difficult 
conditions such as an outdoor soccer stadium. By us-
ing the images from two cameras, we can correctly 
detect the region of a soccer player’s body by identify-
ing the shadow region. The 3D locations of players on 
the soccer field can thus be estimated. The false track-
ing caused by contact plays is reduced by classifying 
each player based on the uniform’s color. We have 
applied our proposed method to a set of video se-
quences of a real soccer game captured at National 
Stadium in Tokyo. The results demonstrate the valid-
ity of our method.  
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Figure 5. Estimated trajectories of players.
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t = 
1

[sec]

t = 
8

t = 
16

Total
players #

Detected
players #

False
detection
#

False
negative
rate

False
positive
rate

11810 9896 38 16.20% 0.30%

Table 1. Accuracy of player detection. 

Table 2. Accuracy of team classification
Dected
players #

Correctly
classified #

No-decision
#

Falsely
classified #

Successfully
classified #

9896 6768 3130 9 68.30%


