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Abstract

Tracking the ball location is essential for automated game analysis in complex ball-centered team sports such as football.
However, it has always been a challenge for image processing-based techniques because the players and other factors often
occlude the view of the ball. This study proposes an automated machine learning-based method for predicting the ball location
from players' behavior on the pitch. The model has been built by processing spatial information of players acquired from optical
tracking data. Optical tracking data include samples from 300 matches of the 2017-2018 season of the Turkish Football
Federation's Super League. We use neural networks to predict the ball location in 2D axes. The average coefficient of
determination of the ball tracking model on the test set both for the x-axis and the y-axis is accordingly 79% and 92%, where the

mean absolute error is 7.56 meters for the x-axis and 5.01 meters for the y-axis.
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1. INTRODUCTION

The rapid advancements in vision-based tracking and
statistical tools have transformed many fields. These
developments also break their way in sports analytics
through many applications which offer new ways of in-detail
analysis and observation to assess different aspects of both
games and athletes' performance [1], [2]. As a result, sports
analytics now has great importance for managers, athletes,
sports experts, and even broadcasters since it enriches our
knowledge about sports and leads to a more advanced and
rich watching experience.

With its wide popularity and high revenue share, football
benefits from all these developments the most. An extensive
amount of research has already been done in football, from
statistical properties of the game to game flow motifs [3]-
[8]. Some studies focus on recognizing football events from
the spatiotemporal soccer data. Khaustov and Mozgovoy [9]
propose a rule-based system for identifying successful and
unsuccessful passes and shots. Ozdemir and Alemdar [10]
develop a random forest classifier to identify corner kicks,
free kicks, goals, and penalties. As in most team sports,
understanding the strategies in football is a challenging task.
It requires all kinds of relevant information, such as the
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individual behavior of the players, their collective behavior
as a team, and accurate ball location. In addition to sports
analytics, new applications such as creating real-time game
highlights for the audience experience are another emerging
market that relies on accurate ball tracking. However, unlike
some sports such as tennis, computer vision-based methods
for frame-to-frame ball detection still remain beyond the
state-of-the-art solutions for complex ball-centric sports
since the ball is occluded most of the time. In football,
detecting the ball's location is an even more challenging task
mainly because of the nature of the game. Although there are
several initiatives to equip the ball with a tracking chip, no
such solution has been accepted by the governing
organizations yet. One of the main challenges for ball
tracking is that the size of the ball is relatively small
compared to the vast field that needs to be monitored.
Moreover, the players' interaction with the ball occurs in an
unexpected way, and most importantly, the view is often
occluded as the ball is lost behind the players.

To track the ball location in centimeter-level accuracy, a
large number of very expensive cameras are needed. For
example, the goal-line technology used to determine whether
the ball has passed the goal line requires 14 cameras to detect
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the goals, and that cannot track the ball in the field all the
time.

Our study aims to provide a tool that can be used alongside
current techniques to simplify and ensure more accurate ball-
tracking. Our proposed approach uses players' formation
during the game to estimate ball position. This formation-
based approach focuses on analyzing within and between
segment groups rather than the individual player activities.
The main hypothesis we pursue is to deduce the key
behaviors of ball movement in the dynamic game flow from
spatial attributes such as players' speed and their positional
distribution. This method has been motivated by our
observations and experiments in deep learning-based
approaches and our intuitive reasoning. Our model is
designed to predict the ball's location on the 2D plane.
Therefore, when the ball is flying, we aim to provide its
projection on the 2D plane since this will give more valuable
insights to the football professionals.

The rest of this paper is organized as follows. In the next
section, we cite several related studies in the literature. In
Section 3, we present our method to predict ball location
from optical tracking data. In Section 4, we provide our
experimental results on our real-world soccer optical
tracking data set. Finally, we conclude with Section 5.

2. RELATED WORK

Given the importance of the location tracking of the ball in
sports, there are several related studies in the literature.
Kamble et al. provides a literature survey on the topic and
identifies the need for multiple cameras as a challenge in ball
tracking in football [11]. According to current regulations, it
is impossible to equip the ball with wireless sensor devices;
therefore, all of the existing studies that consider official
football match data use computer vision-based approaches.
There are two main methodological tracks: i) using broadcast
videos and ii) having a fixed camera setup in the stadium.
More recently, the use of drones [12] has also been
suggested, yet it is not as common. Several studies focus on
the detection of the ball only, whereas others also propose a
trajectory for the ball.

Cardenas and Zuniga propose a two-stage algorithm [13]. In
the first stage, they first extract a set of candidate objects
from the segmented image. Then they filter objects that do
not look like a ball using several features. In the second
stage, each ball candidate's features obtained in the previous
stage are combined with the dynamics model to form a
trajectory. Then all the possible trajectories are ranked.
Lhoest [14] proposes a similar two-stage approach starting
with a ball detector followed by tracking. A deep
convolutional neural network for image segmentation is used
for detection, and a Kalman filter-based approach is used for
tracking. In [15], an extended Kalman filter is used after the
ball detection stage. Naidoo and Tapamo [16] propose
another similar two-stage approach that contains soccer ball
detection based on coarse analysis and filtering. Ren et al.
use an 8-camera system to track the ball's location, and they
provide results on a relatively small dataset that consists of a
couple of minutes long video footage [17]. When they use a

buffer size of 50 frames, the detection rate is 68.5% only. A
deep-learning-based system is also proposed in [18] and [19]
for CCTV footage videos. Leo et al. [20] present a multi-step
algorithm to detect the ball in image sequences acquired
from fixed cameras. Candidate ball regions are selected by
probabilistic analysis of locally affine invariant regions
around distinctive points.

Durus works on the broadcast videos to track the ball to make
tactical analyses [21]. He proposes to detect the ball first and
then employs a particle filtering-based approach to track the
ball and recover the ball's trajectory. This method requires
the ball to be present and visible in the scene in all frames.
Komorowski et al. use a deep neural network-based detector
for the ball and players detection in high-resolution
broadcast recordings [22]. The model produces a ball
confidence map together with the position of the detected
ball. To improve the discriminability of the ball, the feature
pyramid network design pattern is used. In that way, lower-
level features with a higher spatial resolution are combined
with higher-level features with a bigger receptive field. In
[23], a ball detection algorithm is presented. Ball candidates
are first extracted using features based on the shape, color,
and size. For selecting the best candidate, they use object
area, centroid, bounding box, and minor and major axes
features with a rule-based algorithm to eliminate the non-ball
objects. Niu et al. [24] present an approach for discovering
the ball states rather than its actual trajectory to automatically
find the attacking patterns by the teams using broadcast
videos.

In this study, we propose a machine learning-based approach
to relieve the need for the increased number of cameras just
for the ball tracking and use the players' and referee's
behavior instead to determine the actual location of the ball
in football. In our approach, even though the system cannot
recognize the ball object, we are able to predict its location
since we use the players' and referee's behavior. We train and
evaluate our results on a dataset that contains data from a
complete season. To the best of our knowledge, this study is
unique in its attempt to locate the ball by using the players'
and the main referee locations.

3. MATERIALS AND METHODS

The state-of-art real-time two-camera player tracking system
SentioScope, developed by Sentio, collects data from
Turkish Super League (TSL) matches [25]. Using this data,
we created a dataset for each game to analyze. For each
second, position data of players of both teams and the ball in
a rectangular coordinate system are saved in this dataset D.
We identify the home team as H and away team as A. The
ball is labeled as B, and the main referee is denoted as R.
The dataset for a match M is constructed as follows:

Dy ={cf =t y) |IViEHUAUBUR, @)
t=12,..Ty}

where ¢ is the coordinates of the it" object (player, referee,
or ball) at timestep ¢, x{ is the x-axis coordinate and y/ is the
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y-axis coordinate. T, is the maximum number of seconds in
the match M.

The dataset contains data for 300 matches of the Turkish
Football Federation Super League 2017-2018 season. It
encloses the speed and location information of players and
the main referee. As the raw data is collected using optical
tracking cameras, it suffers from previously mentioned flaws
to precisely track the ball [26].

Figure 1. Optical tracking software's coordinate system

In the dataset, spatial information of the ball is implicitly
available during the frames when some player owns the ball.
When the ball is not in play due to the game's pauses, we are
also not interested in ball location since it does not have a
value. Therefore, we are particularly interested in moments
where the ball is in possession of a player. Those are the
moments the ball is occluded the most, making computer
vision-based ball tracking challenging.

In the following sections, we introduce the formulation of
our approach, which can also be applied to other team sports
which possess the notion of ball possession, such as
handball, basketball, and American football. We first
propose a segment-based representation method that handles
the ordering problem of the features. After that, we describe
our feature extraction methodology. Finally, we present our
neural network model to predict the ball location.

3.1. Segment-based Representation

There are 11 players for each team in a typical football
match, adjusting their positions according to the ball
location. Therefore, their collective behavior gives a good
indication of the ball's location. For each player on the pitch,
the feature set could be represented in a vector. Thus, the
collection of individual player attributes forms a matrix that
can be used in a machine learning task. However, the number
of players can change due to certain events in the game, such
as red cards or injuries. Also, due to the substitutions of
players, the identities of the players may change. Moreover,
in each game, there are different teams and different players
playing in different formations. For all these reasons, it is
impossible to find a correct ordering for the individual
players to be represented in the feature matrix.

In order to address these problems and players' positional
interchanges and capture the flow of players' movement, we
suggest a data representation method using a role-based
approach. The main idea of the proposed method is to divide
the pitch into segments and assign players to these segments.
This method enables us to set a common data representation
regardless of the team and player identities; thus, we can use
the same representation for all the matches.

We separate the football pitch into different segments on
each axis and assign each player to the corresponding
segment on each axis by assessing their movements for the
most recent minutes. After grouping players, we use players'
coordinates, and speed attributes to extract features, such as
average characteristics and attributes of outlier players in the
groups with faster speed or slowest speed, for example.
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Figure 2. Visualization of scaling of average positions

To find out the players' segments, simple averaging of their
movements alone is not enough. Football has its own well-
established play-book, such as the tendency of teams to keep
their formation structure when the opposition team owns the
ball. To this end, when segment assignment is carried out,
the average positions of a team are calculated over time steps
when the rival team has the ball. The average positions are
calculated over fixed-width overlapping sliding windows of
15 minutes with a step size of one minute. Due to the
averaging, the positions tend to be grouped towards the
middle of the field, as depicted in Figure 2 with blue dots.
We observe that although the average distribution of the
players may show some pattern of formation, it lies around
the middle of the field in a squeezed form. In order to
represent the average distribution of player formation across
the whole pitch, we scale the positions according to the full
field size. For each player i, the scaled coordinate ¢/ is
calculated as follows:

G2 —0) = (6; + D)](x —c) @
a—p

¢ =8,

where c; is the actual coordinate of player i for a given axis
for a given time step, §; and §, are the boundaries of the
segment, a is the coordinate of the player that has the
maximum value, B is the coordinate of the player that has the
minimum value and o is the variance of the player
coordinates. In this way, for each time step, players' average
positions on each axis are scaled to the range [§; + 7,8, —
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o] based on the dispersion of the players' coordinate
distribution. In this way, we obtain the new scaled positions
as shown in orange dots in Figure 2.

Updating average positions in overlapping windows and
grouping players at each minute based on their scaled
averages allow us to capture the trends in players'
movements even when a player migrates to different
positions during the game or when two players swap their
positions. In order to ensure the best representative groups,
we partition the field into smaller segments making the area
for each segment large enough to host at least one player at
each frame. If there are too many segments, most of them
will be empty most of the time since players usually stay
towards the center and go to some of these segments for a
short amount of time, especially the ones at the corners. Their
short presence there does not change their overall average
position much. For this reason, empirically, we divided the
pitch into three different sections on each axis. Segment
division on each axis separately helps deduce positional
information about players' placement jointly on both axes
and mitigate the sparsity of the feature vector introduced by
empty segments. The boundaries of these segments are
provided in Table 1 and Table 2 for the x and y axes,
respectively.

Table 1. Segment groups along the x-axis and their
boundaries

Segments Boundaries (m)
Vertical Back (VB) 0, 34
Vertical Middle (VM) 34,71

Vertical Front (VF) 71,105

Table 2. Segment groups along the y-axis and their
boundaries

Segments Boundaries (m)
Horizontal Top (HT) 0,22
Horizontal Middle (HM) 22, 46
Horizontal Bottom (HB) 46, 68

We use these segments to assign a role to each player using
their scaled average coordinates. Results of the proposed role
assignment method reflect the players' positional distribution
properly. Having a fixed segment representation also allows
us to order the features using the segments. This approach
also makes it possible to represent players' data dynamically
in a fixed order as they simultaneously change their roles
during a match. The order of feature representation can
simply be initialized in the form of a set of segments as § =
{HT, HM, HB, VB, VM, VF}. Instead of features calculated
individually for each player in that setting, we have features
extracted for set the of players in each segment group.

3.2. Feature Extraction

In our feature set, we consider many aspects of the football
game to obtain the best set of features that can be used to
predict the ball location. To begin with, the direction of the
game flow depends on the movement of the player who
possesses the ball, whose position, in turn, depends on the
positional distribution of the other players and their spatial
values, such as location, speed, and direction. In order to
build a feature set that can help to map from feature space to
the game flow at any given moment, we should consider all
these spatial features. To capture the relevant connection
among all the role groups and team groups (i.e., home team
and away team), we calculate features using the groups.
Furthermore, we also perform the feature extraction on the
combined set of both teams to find the possible interactions
among teams. We define our features on different sets: H
and A are the set of the home team and away team's players

except for the goalkeepers, respectively. {S;, N ¥ }i‘g' and

{s,n Jl}l‘g' represent the set of players for each segment
group in each team, and the setH U A contains all the
players except for the goalkeepers. We represent goalkeepers
and the main referee separately. For achieving the unity of
expression, we define them as sets that contain a single
element. We denote the goalkeepers for home and away
teams as G, and G 4, respectively. We denote the referee set
as R.

The speed is also one of the crucial components that provide
insight into the ball's location. Teams can develop
counterattacks or play with slow tactical passes just before
an attack, or when a player dribbles the ball, he runs or
sprints to pass his rival. All of these behavior patterns can be
used to predict the location of the ball. In order to incorporate
this into our prediction model, we categorize players into
distinct speed groups. Empirically, we devised two groups.
These groups are identified as Low Intensity (the speed is less
than or equal to 3.5 m/s) and High Intensity (the speed is
greater than 3.5 m/s). We observed that these speed groups
show different characteristics in their relation to the ball's
coordinates. For example, the distance of the Low Intensity
(L1) group to the ball is usually more than that of the High
Intensity (HI) group.

The movement direction is another essential component of
motion when it comes to finding the ball's location. Thus, for
each time step, we calculate the direction of the average
movement for a group of players dir(G) as follows:

dir(G) = sign (Z cf - cf‘1>,\7’i €EG (3)

L

Ball control is an essential element in the football rulebook.
Hence, to gain more control of the ball, players approach
each other, eventually approaching the ball. The distribution
of players gets denser as the game gets close to one of the
goal lines. Capturing the form of players' positional
distribution is an essential auxiliary element for defining ball
location. Thus, the average position of each player group is
calculated on each axis separately for each player group.
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N
1
avg(c,) = NZ(CP),Vp EG (4)
p=1

However, the average position is not helpful when some
players in that group are groped closely, and the remaining
players are relatively remote. For this reason, we also use the
variance of the player coordinates

N
var(cp) = %Z (ci — avg(cp))z,Vp EG (5)

i=1

for different groups for players such as home team players,
H, away team players, A, all players, 7 U A and player
groups found with a density-based clustering (DBSCAN)
approach [27]. We apply DBSCAN to have a more robust
distribution representation by finding clustered groups of
players. The algorithm starts from an arbitrary point in the
group G and finds the cluster of neighborhood points where

at least N,,,;, of them are directly density-reachable from this
arbitrary point with respect to € such that

|{p €G:d (Xpi'xp,-) = €}| 2 Nmin (6)

where d(.) is a distance function. Density-based clustering
allows us to find the player clusters where players are closer
to each other. The center of this cluster is often close to the
location of the ball. In our approach, we used € = 15m and
Npin = 7 for the set H U A, and € = 15m and Ny, = 4
for the F or A since their group size is smaller than the
union set. In addition to DBSCAN features, we also extract
features for specific target groups. For example, the referee's
coordinates and speed were extracted by considering the fact
that referee movements can be determinant since the referee
often stands next to positions to resolve any dispute on the
pitch. A compact representation of all the features we have
extracted is provided in Table 3. In total, we use 251 different
features per time step.

Table 3. List of features. G is the player set, G* is the set of players with HI speed, G~ is the set of players with LI speed, G*
represents the cluster set of players that is found by DBSCAN. v, is the speed and c,, is the coordinate of player p.

G =HorA G={Sin}[}l5'or{$¢n</l}l5' G=HUA G= Gyor Gy G=R
avg(cp) VpEG avg(cp) Vp €EG avg(cp) Vp EG VP EG VD EG
avg(vp) Vp EG avg(vp) Vp EG avg(vp) Vp EG v, Vp €G v, Vp €G
dir(G) dir(G) var(c,) Vp € G dir(G) dir(G)

var(cp) Vp EG

avg(c,) Vp € G*
avg(v,) Vp € G*
avg(cp) VpEG™
avg(v,) Vp € G~

var(cp) Vp EG

avg(c,) Vp € G*
avg(v,) Vp € G*

avg(cp) VpEG™
avg(v,) Vp € G~

avg(v,) Vp € G*

var(cp) VpEG”

d (cp, avg (ci)),

Vp € Gy, ViEH

d (cp, avg(ci)),

Vp EG,4 ViEA

d(cp, avg(cl—)),
VpERVIEHUA

d(cp, avg(ci)),
Vp ER,ViEG”

avg(c,) Vp € G*
avg(v,) Vp € G*
var(cp) Vp EG*
min(c,) Vp € G
min(vp) Vp EG
max(c,) Vp € G
max(vp) VpEG
i = argr;leiél(vp)
ci= argr;leacx(vp)
v, = argr;lei(r;l(cp)

v, i = arngGx(cp)

4. PERFORMANCE EVALUATION

We use two separate artificial neural network regression
models for predicting ball location along the x-axis and y-
axis. In our experimental setup, we use training, validation,
and test sets containing data from 243 (81%), 27 (9%), and
30 (10%) matches respectively. We randomly select the
matches using their unique identifiers from the whole dataset
that contains 300 matches. The matches in the training set
were used in the training stage of the neural network models.
We used 27 matches as a validation set to perform the

hyperparameter optimization. After the hyperparameter
tuning is finished. We tested the performance of the final
tuned model on the test set. The match data in the test set
were used only at that stage.

The models have been trained with dropout [28]. Moreover,
an early-stopping technique has been implemented to avoid
overfitting [29]. In our setting, we use L2 loss as the main
loss function. Furthermore, mean absolute error (MAE), root
mean squared error (RMSE), and the coefficient of
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determination R? evaluation metrics are used as well in order
to carry out fair performance evaluation.

1
MAE =5 Iy~ i 0
,1 ) (8)
RMSE = NZ||yi — £
il —y)? 9)

2
R YA
To avoid saturation of activation function, we normalized the
target variables using min-max normalization. However, we
scaled back the predicted outputs to the normal scale when
we did the performance measurement. That method helped
our training network to converge to a better local optimum.

The final proposed model is built on a deep neural network
through a series of experiments. We optimized the depth of
our neural network, the number of hidden nodes, the
activation function, the optimization algorithm, and the
learning rate of the optimization algorithm. All of the hyper-
parameter optimizations are performed using the validation
set. As a result, we use the rectified linear unit activation [30]
as our nonlinear activation function with a gradient-based
stochastic optimization algorithm with Adam optimizer [31]
with a batch size of 65 and a learning rate of 0.01. The depths
of the neural networks are 7 for the x-axis prediction model
and 5 for the y-axis prediction model. The number of hidden
nodes is 251 for both models.

According to our experimental evaluation, the result of the
coefficient of determination on the train set of the x-axis and
y-axis are 85% and 94%, respectively. The performance on
the test set is 79% and 92% for the x-axis and y-axis,
respectively. Our results indicate that the method performs
well in its generalization ability. The mean absolute error of
each model on the test set was calculated to gain more insight
regarding the ball's location on the pitch. On the test, the
error is slightly above 7.56 meters on the x-axis while it is
5.01 meters on the y-axis. The mean squared error yields
marginally higher results than the mean absolute error. The
most significant errors occur in cases when the ball
transaction happens unexpectedly and when the ball changes
its position from one player to another over a long distance,
which often occurs during the long passes and shots on goal.

Table 4. Regression results on the x-axis

Dataset MAE RMSE R?

Train 6.47 9.90 84.64
Validation 7.39 11.23 80.11
Test 7.56 11.46 79.41

Table 5. Regression results on the y-axis

Dataset MAE RMSE R?

Train 4.12 6.23 93.56
Validation 4.83 6.96 92.74
Test 5.01 7.19 92.16

Overall, we can see that our approach performs particularly
better on the y-axis. This is because the width of the pitch is
almost half of its length and also, the teams are not spread
over the y-axis as they try to cover distance mostly on the x-
axis in order to reach the opposition goal. The full evaluation
results for the x-axis and y-axis are provided in Table 4 and
Table 5, respectively.

y direction

0 20 40 60 80 100
x direction

Figure 3. Heatmap of the predicted coordinates ¢; = (x{, y;)
when the Euclidean distance between the actual ¢; = (x;,y;)
and the predicted coordinate is bigger than the Euclidean
distance between the mean absolute error of test set on both
axes.

We also visualize our model performance using a spatial
representation with heatmaps. In Figure 3, we present the
heatmap for the density of the predicted coordinates,
¢; = (x;,¥{), when the Euclidean distance between the
actual coordinate, ¢; = (x;, y;), and the predicted coordinate
is bigger than the Euclidean distance between the mean
absolute error of test set on both axes, i.e.,
VGi = xD* + 00 —¥D? > g + Yiag - This gives
us an impression about which parts of the pitch the “faulty
predictions” occur the most. Since the ball is at the center
region on average, the errors also happen at that region.

In Figure 4, we provide the heatmap of the density
distribution of all the errors using the Euclidean distance
between the prediction and the actual coordinate. This
heatmap visualizes the magnitude of errors the model makes.
We observe that regions closer to the goals, corners, wings
are the places where the model makes the largest prediction
error. The results represented here are consistent with our
observations that the model initially struggles to adapt when
the goalkeeper starts the game with a long shot, a corner kick
is taken, or when there is an unexpected change of attack
from one wing to another.

Overall, with these two heatmaps, we provide insights about
both the number of errors and the magnitude of errors across
the pitch. Additionally, we provide an animated image of our
method's performance on real-world match data together
with our codebase used for obtaining the results presented in
this study at https://github.com/anaramirli/predict-soccer-
ball-location.
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Figure 4. Heatmap of the density distribution of all the errors
based on the Euclidean distance between the prediction and
the actual coordinate.

5. CONCLUSIONS

We presented our approach to tack the ball location in
football, especially when it is occluded. We showed that the
ball's coordinates could be estimated from optical tracking
data by using machine learning models. In addition to the
results obtained by using neural networks, we also present
novel ways of extracting features that are the most significant
for predicting the ball's location.

The ability of our model's predictions on the y-axis is around
5 meters. The results for the x-axis (~7.5 m) are not as good
as that of the y-axis model. The model for x-axis struggles,
especially when a goalkeeper starts the game or a player
takes a free kick. The model prediction focuses on the player
groups on the x-axis rather than a player who is with the ball.
During the typical long passing when the ball rapidly
changes location halfway through the other side, we
observed that the regression models could not identify these
changes for the first few frames. However, the achieved
prediction rate is good enough to apply it to the existing
system as an additional tool and increase their performance.

For our future study, we will explore the ways of improving
the performance of the models by employing some auxiliary
models such as the detection of the ball from the detection of
the game events such as free kick, corner, penalty. The
regression models we use for prediction ball location can be
combined with the detected event's field lines and thus
generalize performance more precisely. Moreover, the
accuracy of the model can be improved with more detailed
features. It is also important to mention that in further
studies, we can utilize Adversarial Generative Networks
(GAN) [32] to eliminate the shortcoming of input space
representation of individual player attributes that we face in
traditional neural networks. Our feature work will also focus
on pixel-wise detection of the ball location using conditional
Pixel2Pixel GAN [33] architecture by incorporating
individual features of players together with that of group-
based features that we proposed in this study.
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