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Abstract—An algorithm to extract key features from a soccer 
video is proposed. In this algorithm, the soccer field, individual 
players and the ball are detected and tracked in each frame. The 
work done can be used as a basis for robust feature extraction of 
soccer games that can be expanded to provide automated 
analysis, interpretation of soccer games.  
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I.  INTRODUCTION 
With the increase in technology in competitive sports, 

analysis of the game has been an ongoing growing field. In 
order to devise the best game plan, each aspect of the 
opponent is dissected to find weakness. In the competitive 
sports scene, every bit of information is key to victory. Also, 
with the growth of sports broadcasting around the world, more 
and video footage of sporting events is becoming available 
each day. An automated tool to help in analyzing sports could 
help facilitate this process. 

In this paper, an algorithm is proposed to analyze soccer 
games. The algorithm is designed to detect and track the 
players from each team, the ball, and provide the basis for 
being able to detect where on the field the current camera 
frame lies. 

For the player detector, a SIFT keypoint detector is used to 
scout out key potential players. These keypoints are then 
narrowed down and assigned to teams based on their respected 
RGB values[1]. In order to track the players from frame to 
frame, a connectivity map is used. The ball detector algorithm 
is based around a corner detector, combined a strategic search. 
In order to accurately track the ball, the corner detector is 
weighted by a Gaussian at the previously known position. The 
field detector employs a RGB mapping algorithm to detect the 
field, and a hough transform to extract key features about the 
detected field.  

The player detection is very reliable, and has built in 
robustness to potential misdetections. From the testing, the 
player detection algorithm was able to detect with over 90% 
accuracy, the location of each player. The ball detector on the 
other hand is a little less reliable. Due to its design, it is 
possible for it to latch onto a local maximum.  

The algorithm was implemented using MATLAB with help 
from the Image Processing Toolbox, as well as mex functions 
from vl_feat. The current algorithm runs at 1.2 frames per 
second. This is not nearly close enough to run real time, but 
would be ok for post-processing purposes. Not much work 
was done to optimize the algorithm, so many improvements 
could be made to improve on this timing.  

With this soccer detection algorithm, further work can be 
done to begin interpretation of the player and ball positions. 

Using this algorithm as a base, this algorithm can be extended 
to perform automated soccer broadcasting, or just used to 
extract key statistics from the game.   

II. SOCCER DETECTION ALGORITHM 

A. Preprocessing 
Many of the videos included a network label, and so to 

increase the robustness of the algorithm, a mask was applied 
to each frame prior to any processing to remove network 
remnants. 

 

 
Figure 1: Sample network mask for video processing 

Secondly, the proposed algorithm is optimized to work for 
wide field shots. So therefore, camera angles of close ups were 
not considered. This was by a fairly simple rule: if the detected 
field did not take up more than ½ the screen, then we 
determine the shot to be invalid. Obviously this was not a very 
robust approach, but worked fairly well. 

Lastly, for all grayscale processing, an artificial grayscale 
map was created. Usually, grayscale images are taken by 
weighting the red, green, and blue components by 30%, 59%, 
and 11% respectively. For this detection, a weighting of 50%, 
0%, 50%, was used instead. Since contrast with the field was 
desired, it was determined that removing the green component 
of the grayscale weighting improved performance. 

B. Field Detector 
At the core of the field detector is multidimensional MAP 

detector that is trained to detect the color of the field. The field 
detector is trained on a set of images where each pixel has 
been hand labeled as a “field” color, versus a “non-field” 
color. By creating a 16x16x16 3d histogram, training images 
were used to teach the detector what RGB values are 
considered the field. After applying this map to the image, a 
morphological close was used to smooth out some of the 
edges. Then to extract the exact bounding frame of the field, 
region labeling was performed, and boundary points of the 
largest region were extracted in the thresholded image. This  
was deemed to be the boundary of the field.  

 



 
Figure 2: Flowchart of field detector algorithm 

 
Also coupled in the field detector is a hough transform. 

The goal of the hough transform is to detect the field lines 
painted. The 10 strongest hough lines are saved for each frame 
and are used in eliminating noise the other detection 
algorithms. Although it was not implemented, the foresight 
was to utilize knowledge of the boundaries to correctly 
determine which part of the field the frame was taken at.  

 

 
Figure 3: Example frame with RGB field map applied detecting 

"field" and "non-field" 

 

C. Player 
The way that the players are identified in the image is by 

their jersey color. The first frame of the video is designated as 
a keyframe, and information about the two competing team’s 
jersey color is extracted from this frame.  Similar to the field 
detector, a 16x16x16 histogram is created from the region of 
the image that has been returned by the field detector. From 
this, all the pixels whose RGB values have been labeled as 
“field” are removed, as well as all the pixels that lie on any of 
the detected  hough transform lines. From this histogram, the 

top two peaks are saved as the RGB values of the 2 respective 
teams.   
 

 
Figure 4: Flowchat of Player Detection algorithm 

 
 

1) Detection 
After the initial player color map has been generated, each 

subsequent image is compared using this map. To narrow 
down on the search regions, a SIFT keypoint detector is used 
to identify potential player regions. For each SIFT keypoint, 
the mean RGB value for the surrounding region is compared 
to the RGB value of each corresponding team. If the RGB 
value is considered close enough to that team color, then that 
particular point is assigned to that team.  

 

 
Figure 5: Filtered SIFT keypoints based on RGB values 

compared to team RGB values 
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   Through testing, it was noticed that one individual player 
could produce multiple keypoints. To handle the case, a 
connectivity map was created for the set of keypoints 
pertaining to each team. The (i,j) entry of the connectivity map 
would be the pixel distance between the ith and jth keypoints. 
Since in general, players in the frame are about three times 
taller than they are wide, the distance calculated was weighted 
such that the x distance was weighted less.  
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This map was then thresholded so that only values 

keypoints 40 pixels apart were kept. In order to make sure that 
clusters of three or more were properly handled, an iterative 
approach was taken where the keypoint that had the most 
neighbors was kept, while all of its neighbors were removed 
from the list. Then a new connectivity map was produced, and 
the process iterated until there were no two keypoints that 
were connected. The result is a duplicate free array of points 
containing the position of each player.  

 
2) Tracking 
To mitigate the issue of false positive as well as false 

negative player detections, a tracking algorithm was 
implemented to add some robustness to player detection. The 
player detection algorithm was also useful in being able track 
the movements of each individual player from frame to frame, 
although this is not clearly seen in the videos.  

The tracking algorithm again takes advantage of a 
connectivity map. For each frame, there are two arrays of 
points containing the position of players in the two teams, as 
well as a history array containing the tracking information 
from the previous frame. A i x j connectivity map is produced 
where the (i,j) entry is the pixel distance between the ith 
current frame player position and jth history element. Note that 
this matrix is neither square nor symmetric. Then each history 
element is matched with its closest current element in a one-
to-one mapping function.  

 

 
Figure 6: Example tracking connectivity map results. History 

keypoint #10 does not have a match. 

 

The other element of the tracking algorithm is keeping track 
of the detection count for each player. Each time a player is 
tracked, that is, the there is a match from the player history set 
with the current player detection set, then its track counter is 
incremented by two until a maximum of fifteen. Each time a 
history element fails to match a current player, the track 
counter is decremented by 1, to a minimum of 0. The rule of 
display is that the track counter has to be greater than 5. This 
was implemented in order to provide smoother frame to frame 
tracking of players. If we do not track a player for a particular 
frame, it is likely due to detection error, since players do not 
just randomly disappear. Similarly, if our detection picks up a 
false positive, it shouldn’t be immediately assumed that a 
player has appeared. The implemented method provides a 
balanced outcome. 

D. Ball 
1) Detection 

The ball has 3 main features that allow us to detect it with 
reasonable effectiveness: it is small, white, and like a point. 
Since the ball is small and like a point, it will have high 
special derivatives, which makes it easy to detect using the 
Harris corner detector. Since the ball is white, all corners are 
filtered out based on their original RGB values. One major 
category of points that match both these criteria are the corners 
of the painted field lines. In order to mitigate this, the hough 
transform of the previous field detector is used to mask out 
these potential false detections.  

 
Figure 7: Flowchart of Ball Detector 

 



2) Tracking 
The detection of the ball is generally most susceptible to 

misdetections.  In a typical soccer field, there are lots of other 
small white objects that may be mistaken for the ball, things 
like the player’s white clothing, faces, or just any other object 
that may suddenly be very reflective for a single frame. To 
improve tracking from frame to frame, the corner detector is 
weighted by a Gaussian at the last known location of the ball.  

To improve tracking from frame to frame, the corner 
detector is weighted by a Gaussian at the last known location 
of the ball. 

𝑔(𝑥, 𝑦) = 𝑒−
(𝑥−𝑥0)2+(𝑦−𝑦0)2
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By applying this Gaussian, the search space for the 
ball is localized to the area around the previously detected 
spot. This is effective assuming that we are able to initially 
detect the ball, otherwise the ball tracker may be stuck on the 
wrong object.  However, since generally the ball will be 
detected in every frame, whereas the other sources of noise 
may not be, the ball tracker will typically find its way and 
latch actual ball.   

III. RESULTS 
The 2010 world cup final between the Netherlands and 

Spain was used as a testing video for this algorithm. To 
increase the robustness of the player detector, the mean RGB 
team colors were pre-computed using various frames to be 
(48, 64, 48) for Spain and (224, 112, 96) for the Netherlands. 
To deal with the change in camera angles and close up shots 
that are associated with any soccer broadcast, all the history 
and tracking buffers were reset when a change occurred. Also, 
since the algorithm is designed specifically for the far camera 
view, close up camera views were ignored. 

Also, to accommodate the broadcast scoreboard and logo, a 
network mask was created in which those areas of the image 
were permanently blocked out from the algorithm. It was 
noticed that when the broadcast added additional overlays 
displaying some statistics, the soccer detection algorithm 
started to misbehave.   

Since the team colors are pretty distinct (orange and black), 
the player detector and tracker operated with a near perfect hit 
rate. Out of a segment of 1,800 frames, the player detection 
rate was over 80%. However, with the integration of the player 
tracking, the detection rate rose to well over 95%.  One issue 
with the player detector algorithm is even though the player is 
correctly detected from frame to frame, the player tracking 
tends to jump quite sharply to different parts of the player’s 
body. One large source of false positives for the player 
detector were the referees, whose clothing sometimes matched 
that of the team jerseys. 

 

 
Figure 8: Sample output frame with 2 false negatives and 2 false 

positive (referee) 

The ball tracking was also reasonably successful, but as 
robust as the player tracker. With the algorithm proposed in 
this report, when the detection latches onto the ball, it would 
maintain track of the ball until one of three things happened. 
Firstly, if the camera angle changed, then all the tracking 
buffers reset, and we would have the advantage of using the 
previous location. Secondly, since in the ball detection 
algorithm, we mask off the field lines, if the ball crossed a 
field line, then the ball could potentially latch to another point. 
Lastly, if the ball was obscured or blocked in a particular 
frame, the ball tracker would potentially latch onto another 
point. In certain circumstances, once the ball became visible 
again, it would redetect the ball. However, in other cases, it 
would find another local maximum and fail to find the real 
ball. Such examples of local maxima included the player’s 
numbers, their socks, or the goal posts. 

In terms of the timing, the proposed algorithm runs in 
MATLAB at about 2.63 seconds per frame. This is nowhere 
close to what it needs to be to run real time, however, it would 
be potentially suitable for post processing applications. 
Furthermore, not a lot of work was done in optimizing the 
algorithm, and definitely implementing the approach in other 
languages could potentially yield large timing benefits. 

 

 
Figure 9: MATLAB profiler results, showing most time 

consuming functions. 

 
 



 Field 
Detector 

Player 
Detector 

Ball 
Detector 

Overhead Total 

% 46.6% 16% 10.9% 26.5% 100% 
t (s) 1.15 .396 .27 .81 2.63 

Figure 10: Timing breakdown by algorithm by % total time, and 
seconds per frame 

Overall, the field detector is by far the most time consuming 
detector. The largest contributor to timing is the function that 
iterates over the initial image, and labels each pixel as “field” 
and “non-field” based on the training map that was generated. 
This takes about .37 seconds per frame. This seems to be more 
of an issue with implementation within MATLAB. Other large 
contributors to the time in the field detector are the canny edge 
detector as well as the hough transform. 

The second highest single function contributor to the time is 
the SIFT keypoint detector which takes about .28 seconds per 
frame.  

IV. DISCUSSION 
One of the areas for improvement for the proposed 

algorithm lies in the ball detector. Given its current 
architecture, as seen from the results, it is possible to latch 
onto a false positive, and not be able to regain track of the ball 
for an extended period of time. Other stabilization techniques 
can be implemented such that if the ball is not detected for one 
particular frame, then the tracker will not immediately latch 
onto another local maximum. Another potential method is to 
have multiple ball detection objects that follow slightly 
different rules when handling mis-detections. These can then 
be inputted into a decider engine that would find the absolute 
maximum across the different inputs. This would help mitigate 
the effect of mis-detections and local maxima.  

Another potential approach is to use a circular hough 
transform like that proposed by D’Orazio[3]. This however, 
would not solve the issue of misdetection, since the circular 
hough transform would also fail if the ball was slightly 
obscured by a player or a field line. 

Also, some work may be needed to look into alternatives to 
the SIFT based player detector. One of the largest contributors 
to time is the SIFT based player detector. Color based team 
matching seems to be quick and effective, but perhaps an 

approach use of the field map found in the field detector, 
combined with region analysis would be a faster approach. 
However the currently proposed player detection algorithm is 
very robust, and so changes may sacrifice effectiveness for 
speed. 

Another undesired artifact of the SIFT based player detector 
is the large amount of jitter from frame to frame, since the 
detected SIFT keypoint can jump from the legs to the upper 
body in subsequent frames. Other non-keypoint based 
approaches could be implemented to mitigate this issue. 

One last improvement that would make this into a fully-
capable soccer analysis tool is to improve on the field detector. 
Currently the field detector accurately determines where in the 
field the is in each frame, but is unable to fully map the field 
in the frame to the greater. Ekin and Tekalp exhibit some 
potential advanced field detection, as well as game 
interpretation in their report[2]. 
 

V. CONCLUSION 
Given the results and the testing data, automated soccer 

detection and analysis is a very feasible. With the proposed 
algorithm, both the players and the ball can be detected with a 
high degree of accuracy. Using the methods described as a 
basis, improvements can be made to soccer video detection  
and extension into analysis and interpretation.   
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