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Soccer player detection and tracking
based on image processing1

Somayeh Lotfi2, 4, Baharak Shakeri Aski[3],
Safoora Zakeri2

Abstract. Recent advances in soccer player detection and tracking have led to many new
methods specifically designed for player tracking. Most of the attention, however, has been given
to soccer video objects such as ball and players’ detection and tracking. Though there is a number
of existing literature to soccer player detection and tracking problems, we try to provide a higher
detailed picture for a complete review. Within the broad survey and complex system, we p Table
suggest the classification to describe modern soccer player detection and tracking. In addition,
tables are utilized in the content to provide an overall view of soccer player detection and tracking
methodologies.
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1. Introduction

Nowadays, we could find much applications for video analysis in sports, such as
statistics collection and video archiving, pattern analysis and motion replay. Because
of development of new recording and processing devices, and the growing need for
the media industry to extract meaningful information and analysis games, sports
video analysis has attracted so attention. [1–3]. Sports video analysis consists of
extraction of the spatiotemporal data with the corresponding athlete as well as a
higher level abstraction of the events. In ball games, annotating video indexing
becomes a more difficult task which requires the position of the ball as well as the
position of the players [4, 5].
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2. Methodology

We have implemented a vision system which automatically detects the ball in
an acquired soccer video sequence. The proposed system is composed of three main
blocks: in the first one, a background subtraction technique is combined with a cir-
cle detection approach to extract ball candidate regions. Then a feature extraction
scheme is used to represent image patterns, and finally data classification is per-
formed by using a supervised learning scheme. Figure 1 schematizes the proposed
approach.

Fig. 1. Graphical overview of the proposed approach

The scale space of an image is defined as a function L(x, y, σ), that is produced
from the convolution of a variable-scale Gaussian function, G(x, y, σ), with an input
image, I(x, y), that is

L(x, y, σ) = G(x, y, σ) ∗ I(x, y) , (1)

where ∗ is the convolution operator and G(x, y, σ) is defined as

G(x, y, σ) =
1

2πσ2
e−

X2+y2

2σ2 , (2)
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The key points are detected using scale-space extreme in the difference of Gaus-
sian (DoG) function D in convolution with the image I(x, y):

D(x, y, σ) = [G(x, y, kσ) − [G(x, y, σ)] ∗ I(x, y) = L(x, y, kσ) − L(x, y, σ) , (3)

where k is the multiplicative constant factor which separates two nearby scales. In
order to detect the local maxima and minima of D(x, y, σ), each sample point is
compared to its eight neighbors in the current image and to its nine neighbors in the
scales above and below. It is selected only if it is larger than all of these neighbors or
smaller than all of them. Once a keypoint candidate has been found by comparing
a pixel to its neighbors, the next step is to perform a detailed fit to the nearby data
for location, scale, and ratio of principal curvatures. This information allows points
to be rejected if they have low contrast or are poorly localized along an edge. A 3D
quadratic function is fitted to the local sample points. The approach starts with the
Taylor expansion (up to the quadratic terms) with sample point at the origin

D(X) = D +
∂DT

∂X
X + 0.5XT ∂

2DT

∂X2
X , (4)

where D and its derivatives are evaluated at the sample point X = (x, y, σ). The
location of the extremum is obtained taking the derivative with respect to X and
setting it to 0, giving

_

X= −∂
2D−1

∂X2

∂D

∂X
. (5)

That is, a 3×3 linear system easily solvable. The function value at the extremum

D(
_

X) = D + 0.5
∂DT

∂X

_

X (6)

is useful for rejecting unstable extrema with a low contrast. A this point, the algo-
rithm rejects also keypoints with poorly defined peaks, that is, those points having,
in the difference of Gaussian function, a large principal curvature across the edge
but a small one in the perpendicular direction. By assigning a consistent orientation,
based on local image properties, the keypoint descriptor can be represented relative
to this orientation and therefore achieve invariance to image rotation.

3. Results

3.1. Player detection

The rule G>R>B, where G, R, B are the Green, Red and Blue components in the
RGB space, respectively, is held for the majority of ground pixels. In our proposed
method, we apply this feature to extract the ground at first and construct a binary
image where the non-ground pixels detected according to this rule are marked using
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equation

Ground(x, y) =

 0, g(x, y) ≥ r(x, y) ≥ b(x, y) ,

1, otherwise .
(7)

Figure 2 shows these problems. As is shown in this figure, varying number of
players in each frame, motion blur, and occlusion of players are the main problems of
the soccer analysis. Also, our focus is fixed point implementation which is depicted
in Fig. 3

Fig. 2. Challenge in player detection and tracking

Fig. 3. Sample image of (a) player, (b) 16×4×4 uniform quantized players

As a result, we apply Sobel gradient algorithm to the RGB image to detect the
sharp changes to preserve the ball [5]. In Sobel gradient algorithm, the derivative
of the intensity values across the image is calculated and the change is found where
the derivatives reach their maxima. The gradient is a vector and the components
are measured in the x and y direction. The components are found using equations

∆x =
f(x+ dx, y) − f(x, y)

dx
, (8)

∆y =
f(x, y + dy) − f(x, y)

dy
, (9)

M =
√

(∆x)2 + (∆y)2, θ = tan−1

[
∆y

∆x

]
. (10)



SOCCER PLAYER DETECTION AND TRACKING 5

Fig. 4. Blobs by removing unreasonable parts

Since the entire image is usually classified and blobbed, many blobs are formed
that do not represent objects. These are discarded through a frequently complex
system of rules and checks for the likelihood of the blob representing a valid object.
Sets of blobs are then checked for mutual consistency. As shown in Fig. 4 the blobs
are identified by removing unreasonable parts.

4. Ball detection and tracking

In Fig. 5, the ball and the lines on the ground were discarded. However, Sobel
method retains the ball and the lines. Figure 6 is an example of this.

Fig. 5. Ground elimination result

Then the image containing the non-ground pixels (Fig. 5) and the Sobel gradient
image (Fig. 6) are added, which yields an image with the players, ball, lines, goal
post, spectators and scoreboard. Finally, the image is converted to the binary image
and ground is eliminated from the resultant image shown in Fig. 5. Dilation and
erosion methods are applied to connect the disjoint lines.
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Fig. 6. Sobel gradient image

5. Conclusion

We have presented a summary of detection methodologies, procedures, and tech-
nologies for a soccer game. We indicate that there are two major methodologies for
player detection techniques: feature based classification approaches and blob-based
methods relying on background subtraction. Furthermore, heuristic-based methods
have the merit of no prior information of athletes but do not operate well in real-
time applications as a result of the high computational complexity. Moreover, we
divide each of these groups to extra particular clusters. Eventually, we present a
short summary for any of these techniques. The results show the capability and
robustness of detecting player, ball and track lines.
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