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Abstract — Sports Analytics is prominent research area
with several applications in a variety of fields. These
could be the prediction of an athlete’s performance or a
team performance, the estimation of an athlete’s talent
and market value, as well as the prediction of a possible
injury. Teams and coaches are increasingly willing to
install such “tools” in their training, in order to improve
their tactics. This paper analyzes the literature on Sports
Analytics and proposes a new approach for prediction.
We have conducted experiments using suitable
algorithms mainly on football related data in order to
predict a player’s position in the field. Current
evaluation methods for soccer player performance relies
either on rating from soccer experts or structured
statistics of the match, such as shots and tackles. The
former requires a lot of manpower and the evaluation is
inevitably subjective. The latter can only record the
quantity of a player's match events, but cannot reflect
the quality (e.g., a wonderful shot or a terrible shot is
marked as a shot). In order to solve the above problems,
an improved evaluation method for soccer player
performance using affective computing is proposed. All
the players from Chinese Super League 2019 season are
selected as evaluation objects, and the results show that
the improved method can evaluate player performance
more effectively and reasonably.

INTRODUCTION

Sports analytics is the application of Machine Learning

methods and implementations to sports in order to draw
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useful conclusions. Such conclusions may affect the
performance of an individual athlete, the team as a
whole for a specific game or for the whole season. It can
also help teams make predictions for upcoming talents, a
player’s market value and the possibility of an injury. It
is a field that is becoming more and more popular
nowadays and it is likely to be adopted by a plethora of
teams, coaches, individual athletes and companies.
Furthermore, in order to be more focused, the number of
a player’s shots can be predicted in each match,
something that has a correlation with goal scoring
possibility. In order to achieve good accuracy, not only
do we need to find an accurate database, but also the
attributes of the database to be relevant to research. So,
sometimes we had to combine data from more than one
database and create our in order to conduct experiments.
In the end, we managed to obtain promising results,
encouraging us to continue our work in the future.

There are many ways that a team can use data and there
are many kinds. First each player and team as a whole
could be related to the way that the game is played (in
this case football). This kind of data have to do with the
players average stats, such as the number of goals that
they score, the number of fouls they commit, with how
many red and yellow cards they are booked, how many
tackle ins they do, how many kilometers they run during
a match (the use of cameras helps for these stats) and
many more.
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However, it is difficult to compare all those stats in
successive matches, because a player’s performance
depends on his opponents as well. In other words, a
striker may score many goals playing versus a badly
organized defense, or a bad goalkeeper. Moreover, there
are data that give information about how a team manages
to score a goal. For example, how many passes they
achieve before they score a goal, what is the average ball
possession, and the field that they occur. Obviously, it is
different to keep the ball close to the opponent’s
goalpost. Sometimes, though, there are outliers that
show that other factors play important roles as well,
because teams win in football even if they have little ball
possession. So, it is needed to use data that are more
difficult to collect. These data have to do with players’
physical condition, such as pulse rate when being calm
and when sprinting, measure sweatiness and track a
player’s sleep. However, most of these data were
impossible to collect until recently because these devices
were not allowed in football games.

II-AFFECTIVE COMPUTING MODULE

To quantify the quality of players completing each event
during a match, the affective computing module is
constructed, whose ultimate target is to extract triples of
player names, events and affective scores from the post
match report. In the data preparation phase, the post-
match reports of all the matched in Chinese Super
League 2018 season on sports websites are collected as
training corpus. 14 soccer fans have labeled to all the
sentences in post-match reports make up the dataset as

positive and negative.
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Fig 1- Framework of the improved evaluation method
for soccer player performance using affective computing

Due to serious imbalance between positive and negative
samples, the data augmentation methods proposed by are
utilized to obtain 6,182 positives and 6,073 negatives.
Besides, in preparation for text factorization, 131,604
sports news provided by THUCNews is used as training
corpus to generate the Word2vec model with 100-
dimensional output vector based on a CBOW model.
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Fig.2- Affective computing model based on LSTM

I11- OBJECTIVES

A goal to use and obtain data from wearable devices and
conduct experiments there as well. Although, it is
difficult to obtain these data. Even sport associations for
football and basketball do not allow the use of these
devices to great extent, probably because they want to
protect sports, but also the athletes. So, at first the data
will be obtained by training sessions and not in real
matches. Teams are not expected to provide easily such
data.

IV-PROBLEM DEFINITION

There are still some problems that need to be address.
For example, some behaviors (such as off-ball
movement, position selection during defense) in the
match are difficult to be counted and quantified, the
corresponding time and situation of the events are not
taken into account (e.g., the final hit in injury time is
more valuable than the goal after a 3-0 lead) and so on.
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V-PROPOSED RESEARCH METHODOLOGY
TECHNIQUES

For the purposes of this work, we focused on specific
athletes. It is understandable, that these approaches may
not be generalizable to all athletes, because they might
have different characteristics. We must treat every
athlete as an individual, in order to achieve good results.
The reason that the chosen players were Messi and
Suarez is that they are more consistent in their
performance. They also play for Barcelona for a few
years, so they have developed a certain style. Results
would probably be different if it as Messi’s first year in
Barcelona. It would also be interesting to have the
results of individual football players merged and studied
as a whole team, in order to predict the team’s
performance.

Dalasels Data Retrieval

7 Machine
Learring
Alorithm

\
Data Feature Feature
Processingh | | Exractiond Sealinge ‘ Model ol
Wagng | | Euerg | | Sesin | TP Moddng D akain o
Manioring
Data Preparation

t—Rt-ileralenl alisfactory model performance

Fig 3- Propose Work Model

VI-DATA DESCRIPTION

One of the most complete websites that contains
information about football players individually, but also
about the teams, is whoscored.com. Stats about a
player’s appearances, how many minutes he was in a
game for whole season, the number of goals he scored,
his assists and completed passes, even how many red
and yellow cards he has been booked with, and many
more are provided. In this website, we found the
necessary data about Messi and Suarez who were the
main football players for the experiments that were
going to be conducted.
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»  Since we find the data that are related to our topic,
we need a software tools to scrap them and have
them in a csv file.

*  Now, we have a database to work with. However,
it is not “clean” and includes attributes that we do
not need. So, the csv file that we obtained from
the scraping tools needs to be edited and
processed before we can use it for classification.
We also had to eliminate missing values, so that
the database could be more easily managed while
conducting experiments.

+  After preprocessing, we can use classification
algorithms known to provide good results of
course, there should be a variety of classifiers that
are going to be used, in order to be able to
compare the results and chose the classifier that is
more accurate. However, the same classifier
should be used for all the players, otherwise the
“method” will not be fair, and the results will be
biased.

VII-CONCLUSSION

In this paper, an improved evaluation method for player
performance using affective computing is proposed. By
introducing the text information of the post-match
report, the affective computing technology is employed
to obtain the affective scores of \events mentioned in the
post-match report, which are combined with structured
statistics to make both the quantity and quality of events
can be considered, so that the evaluation of the player
performance is more reasonable. Via conducting the
player market value comparison experiment and national
team player ranking comparison experiment, it is proved
that our proposed improved method is superior to the
traditional method. Our work brings new ideas and
inspiration to the task of the player performance
evaluation, and it can be extended to evaluate player
performance in various complex and popular sports,
such as basketball, ice hockey, American football and so
on.
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