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Abstract— RoboCup is an internatinal robotics competition created to stimulate artificial intelligence research
all over the world. In a RoboCup’s 2D Soccer Simulation League, a server simulates a soccer game with 11 players
and 1 coach for each side. This server saves after each game two log files, that can be analyzed with Data Mining
techniques to extract information about the game. The software developed in this work can read and analyze
more than 30 log files in less than 2 hours, so it is possible to change the defensive behavior as soon as the game
ends. A feed forward artificial neural network is then trained to recognize opponents’ shoot and pass probabilities,
and its output is used as sensors to activate specific defensive behaviors to suppress opponents’ scoring ability.
Practical tests showed a 17% decrease in opponents’ scoring when using the new Expertinos team.

Keywords— Artificial Neural Network, Simulation 2D, RoboCup.

1 Introduction

RoboCup is an international robotics competition
created as an attempt to stimulate robotics and
artificial intelligence (AI) research. The RoboCup
Soccer part of the competition has several cat-
egories: Small and Medium League, Simulation
League, Humanoid League, and others. All these
leagues are focused in a soccer match as research
topic and test environment. RoboCup’s challeng-
ing and ultimate goal is to create a totally au-
tonomous soccer team composed only by robot
soccer players, and capable of winning a soccer
game against the current FIFA World Cup win-
ner until 2050 (RoboCup Objective, n.d.).

RoboCup’s Simulation League has two cate-
gories: 2D and 3D Soccer Simulation. While the
3D category is basically a simulated Humanoid
League with virtual NAO robots as players, the
2D soccer simulation is very similar to a real soc-
cer game. RoboCup provides a server called rc-
ssserver, which simulates the soccer field, game
modes, and physical models for the players and
the ball. It also simulates a vision and body sen-
sor model, stamina management, players’ actions,
coach decisions, and the referee model. Also, after
each game, the server saves two log files that can
be used to replay the match later.

These log files can be read and converted to
xml, txt and even flash files. Therefore, any-
one can have access to detailed data from each
one of the 6000 cycles of a regular game. Some
works (Karimi and Ahmazadeh, 2014; Oliveira
et al., 2009; Davi et al., 2010) have successfully
implemented Data Mining techniques to explore
patterns of different opponents and to improve the
offensive strategy of 2D simulated soccer teams.

The complexity of programming individual
agents to win a soccer match has lead researches in
fields such as AI algorithms, Multi-agent systems,
Behavior Based Robots and Data Mining tech-
niques. Also, some teams have released their base
code allowing other researchers to focus only on
the decision-making algorithm. The most known
base teams are the UvA Trilearn, agent2D, and
HELIOS.

This work presents a data mining program us-
ing a feed forward artificial neural network (ANN)
to improve the defensive algorithm of the Exper-
tinos team from Universidade Federal de Itajubá,
Brazil. The main objective is to be able to an-
alyze the log files from regular games during the
competition, and to use the collected information
to improve the defensive behavior of each player.

The article is organized as follows: In section
2 it is shown some data mining related work that
have already improved a 2D soccer team. In sec-
tion 3 it is described the background of ANN used
in this work. In section 4 it is discussed the prob-
lem definition. In section 5 the methodology be-
hind the program and the ANN modeling are ex-
plained. In section 6 are presented the results.
Finally, in section 7 this work is concluded.

2 Related work

RoboCup server not only simulates a 2D soccer
match, but it also saves all the information of
each game in two log files called rcg and rcl files.
Therefore, a data mining approach can extract
from these files important information about the
teams. Even though it is old data, it can show
patterns of teams’ offensive and defensive strate-
gies. It also can be used to train the AI algorithm

XXI Congresso Brasileiro de Automática - CBA2016 
UFES, Vitória - ES, 3 a 7 de outubro

ISSN 2525-8311 1941



since it contains the players’ states for each cycle
of the game. As a result, several researches have
done data mining on RoboCup log files.

This work was based on Karimi 2014 (Karimi
and Ahmazadeh, 2014) article. Karimi analyzed
43 different log files to predict the players’ own
and opponent behavior using a C4.5 algorithm to
classify the data. With the resulted decision tree
generated by the classification algorithm she im-
proved the Agent2d-3.2.2 base team’s goal score
in 251.39% with 64.13% confidence.

The data mining solution was also success-
fully implemented in Oliveira 2009 (Oliveira et al.,
2009). Oliveira used a multilayer perceptron net-
work to analyze the data and predict the best con-
ditions to score a goal. He successfully increased
goals scored by 77%.

Other important work was done in the pa-
per "Game Theory-based Data Mining Technique
for Strategy Making of a Soccer Simulation Coach
Agent" (Fard et al., 2007). While most of re-
searches have focused on the players, this paper
analyzed the data to improve coach’s performance
using Data Mining theory, Deterministic Finite
State Automata (DFA), and Game theory. The
idea is to use the privileged coach agent to con-
struct a knowledge-base of the game and oppo-
nent’s strategy, and share it among the other play-
ers.

All these works use the agent2D base code,
which is divided in different behaviors, so all the
teams use by default Behavior Based Robotics
theory. Behavior Based Robots basically use sen-
sors to activate specific and pre-programmed be-
haviors to react to the environment. This the-
ory is implemented in multi-robot soccer teams
(Werger, 1999), unmanned ground vehicles for-
mation (Balch and Arkin, 1998), and many other
applications. Behavior based theory will not be
explained in this work because the focus is the
ANN, and information about it can be found in
the cited papers.

3 Technical background

An Artificial Neural Network (ANN) is a pattern
recognition mathematical tool that works by mim-
icking the human brain structure. Basically it
is composed by a mathematical model of several
brain’s neurons linked to each other by weights
that can be modified to achieve a desirable out-
put value.

It has been chosen as main learning tool for
this work because of its great generalization power
and its low computational cost to operate once it
has been trained.

In this section it is explained the basic archi-
tecture of a feed forward ANN, and the backprop-
agation algorithm used to train it.

3.1 Training

The ANN training with the backpropagation al-
gorithm is done by feeding the ANN with an in-
put data to find its outcome, and then backprop-
agate the error through the network to adjust its
weights and biases values. Therefore, let I be
the input vector, WI the first weight matrix, H
the hidden neurons’ values vector, WO the output
weight matrix, BI the biases vector for the hidden
layer’s neurons, BO the output neuron bias, and
Y the network output, the training algorithm is
(Nielsen, 2015):

1. Input the training data

2. For each training example in the training set:

(a) Feed Forward:

y = σ (WO · σ ((WI · I) +BI) +BO)
(1)

(b) Output Error: Usually a quadratic cost
function is used as shown in equation
(2).

C =
1

2

∑

j

(yj − outputj)
2 (2)

Where yj is the training output from the
training set. Then, for the output neu-
ron the error δl is calculated by equation
(3), and for the hidden layer it is calcu-
lated by equation (4)

δ2
1
= ▽C · σ′(output) (3)

(c) Backpropagate the error.

δ1 =
(

(WO)
T
· δ2

1

)

· σ′(δ2
1
) (4)

3. The weights and biases are updated with
equations (5), (6), (7), and (8).

WI = WI − η(I · δ1) (5)

WO = WO − η(H · δ2) (6)

BI = BI − η(δ1) (7)

BO = BO − η(δ2) (8)

Where η is the learning rate.
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4 Problem definition

During a soccer match in the RoboCup server, the
players have to make fast decisions all the time
based on limited sensor data and the condition of
teammates and opponents. Different actions and
behaviors depend on whether the agent has the
possession of the ball or not, its position on the
field, and the strategy to perform cooperative ac-
tions. For this reason, many teams uses base codes
that already have some intelligence implemented,
so they can focus the work on specific improve-
ments.

The HELIOS base team used in this work
has already a good decision making algorithm
for cooperative actions, specially when attacking.
Its code leaves little room for deep modifications
without broking its chain action and ending up
with worse performance. Moreover, there are al-
ready many works on offensive strategy such as
(Davi et al., 2010; Oliveira et al., 2009; Karimi
and Ahmazadeh, 2014).

In this work, there are two major problems to
improve the defensive strategy of the base team.

• The development of a program capable of an-
alyzing log files and training the ANN in a fair
amount of time.

• To implement the changes in the defensive
behavior of HELIOS base code, which had
to be separated in smaller behaviors to have
a better relationship with the ANN outputs.
In this part it is important to emphasize that
many changes in the defensive behavior can
have a negative impact on offensive moves.
When the agent runs with the ball or make a
dribble, it loses the ball possession during a
short period of time, this activate the defen-
sive behavior, where actions such as intercept
or move are used.

The final program developed in this work can
be used in future competitions as a built-in be-
havior to improve the teams’ performance in real
time during the competitions by recognizing not
only the opponent agent behavior, but also weak-
ness, strategies, and trained moves of both teams.

5 System design

This work is separated in four phases: Log con-
version and pre-processing, data mining of the re-
sulted files to build a players’ state database that
the ANN can work with, the neural network train-
ing, and finally the code implementation on the
base team.

5.1 Log files conversion

The rcg files saved by RoboCup server were con-
verted using a modified version of rcg2txt program

inside the package Librcsc 4.0.0 necessary to run
the HELIOS base team. The original program
output uses too much unnecessary space and it
is hard to analyze because its information identi-
fier is inside brackets. This program is installed in
Ubuntu automatically when installing the package
and compiling the team. The txt file generated
has the following structure:

• First line is the source file name.

• After it, a state line shows: The current cy-
cle, game mode, left score, and right score for
each cycle.

• Then the ball line contains: Current cycle,
ball’s x and y position, ball’s x and y veloci-
ties.

• Lastly, the next 22 lines show all the players
information: Side, number, current cycle, po-
sition and velocities, body and head angles,
stamina and the last action.

5.2 Data Mining

In order to analyze the data, three programs were
developed: gameDB reads the txt files and creates
a data base, playerState determines all states
of each player the way it is received from the
RoboCup server and with the base team’s world
model, and logAnalyzer is the function that rec-
ognizes dribble, pass and shoot actions taken dur-
ing the game and if they were successful or not.

The function logAnalyzer classify the actions
using the information provided by the created
database, and the decision tree shown in Figure
2. When an opponent gets the ball, all actions are
considered to be unsuccessful by the algorithm.

A graphical interface was developed to play
the old games. Moreover, using the files generated
by logAnalyzer as an input to LogPlayer, it is
possible to analyze if the algorithm is correctly
classifying the actions as shown in Figure 1.

Figure 1: Log Player
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Figure 2: Action Classification Tree

The red lines represent successful passes, the
yellow circle is a successful dribble and when a
player scores a goal, a green line indicates the
player’s angle and position. When a successful ac-
tion is recognized, the program stores a true value
for the cycle in which the action has started. This
true value indicates that in the specified state a
successful action was taken. This value does not
represent action’s likelihood to happen, it is just
a symbolical number for training purposes.

After all the data mining process, the infor-
mation used as state is a normalized vector con-
taining the following values in this specific order:
self x position, self y position, self x velocity, self
y velocity, self body angle, self head angle, self
stamina, nearest teammate x and y position, near-
est teammate to ball x and y position, nearest op-
ponent x and y position, nearest opponent to ball
x and y position, ball’s x and y position, ball’s x
and y velocity, and current cycle.

5.3 Artificial Neural Network design and train-
ing

As an initial phase, all the necessary program to
create and to train the ANN was developed and a
simple problem was used to evaluate the network’s
capabilities.

This simple problem is a pass situation shown
in Figure 3, with a central player with the ball who
need to make a pass. There is a teammate (player
in blue) and an opponent (player in orange) placed
in the field. In order to make a successful pass,
the central player has to observe both positions to
decide if it is better to keep the ball, or to make
a pass.

An ANN was created to identify when a pass
would be successful or not, with a program gen-
erating random positions for both players and an-
alyzing when the opponent was able to intercept
the ball. The ANN created had four inputs with
the coordinates x and y of each player in relation
to the central player, a hidden layer with 10 neu-
rons and an output layer classifying a successful
pass as 1, and failure as 0. It was trained with 100
random cases and tested with another 100 differ-
ent cases and had a 93% accuracy rate.

This simple problem showed that a simple
ANN can classify actions based on other players
states.

Figure 3: Simple Problem to test the ANN

Later, two neural networks were created in-
side the team’s defensive behavior, one analyzes
the pass likelihood of opponents, and the second
recognizes when an opponent is likely to kick the
ball towards the goal in the defensive field.

The input data is: self x and y position, near-
est opponent to agent x and y position, and near-
est opponent to the ball x and y position. Figure
4 shows the ANN structure used in this work.

Figure 4: Final ANN

Each training set has 74626 examples ex-
tracted from 30 games played during the XIV
Latin American Robotics Competition (LARC
2015). Only the states of players with ball pos-
session were taken in order to narrow down the
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training set. Otherwise, the training set would
have more than 3 million states to analyze. The
training set has 4386 successful pass states, and
118 successfull shoot states. The training algo-
rithm used is the backpropagation algorithm.

Several tests were performed then to deter-
mine the size of each ANN. Each one was trained
with 100 epochs and with multiple of 6 hidden
neurons. The results are shown in Tables 1 and 2.

Table 1: Pass test results for different numbers of

hidden neurons

Number of Hidden Neurons True positives

6 592
12 692
24 832
48 1041
96 1071

Table 2: Shoot test results for different numbers of

hidden neurons

Number of Hidden Neurons True positives

6 56
12 86
24 78

In Table 1 the results do not stop to improve,
but with 96 neurons only a 2,8% improvement was
achieved. As a result, the number of hidden neu-
rons chosen for the pass’ ANN is 48.

In contrast, the results for the shoot ANN ac-
tually got worse with more neurons, so the number
of hidden neurons was established in 12.

These numbers may not be the optimal value
to solve the problems, but they are acceptable for
this work and the limited time available for each
phase.

5.4 Code implementation

Inside the HELIOS base code there is a class called
Bhv_BasicMove, this class is called whenever the
player has no ball possession, and the defensive
algorithm is implemented inside this class.

The ANN structure was built inside the class.
Its output is calculated every different cycle. In
order to not interfere in the offensive moves, the
decision making based on the network outcomes
only have results in the defensive field. Each ANN
was used as a sensor to activate the intercept de-
fensive behavior and a marking behavior, both al-
ready implemented in the base team.

During the games it was possible to notice a
dangerous region right in front of the penalty area,
so this region received an extra weight when de-
ciding about whether to intercept or not the ball.

Before this modification, the defenders would only
intercept when probability of recovering the ball
was greater than 80%. The behaviors used were:
Body_Intercept, Body_GoToPoint.

6 Results

With the new Expertinos team (Expertinos2015)
and the old one (Expertinos), 90 matches were
played against the binary of ITANdroids from
RoboCup 2015. The results of these games are
shown in Tables 3 and 4.

Table 3: Expertinos vs ITAndroids

Expertinos ITAndroids

Goals scored 98 209
Average of goals 1.077 2.297

Wins 14 63

Table 4: Expertinos2015 vs ITAndroids

Expertinos2015 ITAndroids

Goals scored 86 173
Average of goals 0.945 1.901

Wins 16 54

The new team decreased the number of goals
taken by 36 goals, or 17.22%. The number of goals
scored by Expertinos2015 also decreased due to
the fact that modifications in the defensive be-
havior interfere in offensive moves.

Expertinos2015 team have also participated
in LARC 2015 where it got the fourth place. Dur-
ing the first day of games, Expertinos2015 had
little offensive modifications. The neural network
defensive algorithm was implemented in the sec-
ond day, and one good result was achieved play-
ing against ITAndroids as shown in Table 5, in
the first day Expertinos2015 lost the game with
a score of 2 goals against 5 of ITAndroids, and
during the second day in a second game against
ITA the team with improved defensive strategy
tied the match.

Table 5: Expertinos versus ITAndroids

Team Scored Against

Itandroids 5 2
Expertinos 2 5
Itandroids 1 1

Expertinos2015 1 1

Analyzing Table 4 it is possible to see that
Expertinos2015 lowered the opponent goals by ap-
proximately 17% comparing to its base team. On
the other hand, the offensive part of the team had
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no improvements. This is exactly the expected
behavior of this team since there was no modifi-
cation in its offensive strategy.

7 Conclusion

In this work a data mining approach with a
feed forward neural network solution was used
to improve the defensive strategy of Expertinos’
RoboCup 2D simulated soccer team. The main
goal was to develop an automated program that
could read rcg files converted to txt, extract
player’s states and actions information, and train
two neural networks to recognize opponent’s suc-
cessful shoot and pass probabilities. The outputs
from the neural network activated different de-
fensive behaviors in order to anticipate danger-
ous movements on the defensive field. The team
was tested in XIV LARC 2015 competition ex-
tracting the training data from the log files of
the competition games improving group phase re-
sults. When the software was used to play against
ITAndroids, a decrease of 17% in opponent’s scor-
ing was observed comparing to the old Expertinos
team, with no relevant improvement in offensive
behavior.

8 Future work

One of the great problems in this work was the
code implementation in HELIOS base team. This
team has already a heavy algorithm for the soc-
cer decision making problem, so all the changes
have to be well studied and tested to certify a
improvement has been made. Therefore, during
the LARC competition the idea of developing a
Brazilian base team came up as a future work in
this field.

Also, the neural net presented here is at an
early development stage, the goal for this net is
to be able to recognize the opponent’s strategy in
real time, changing the players’ behavior several
times during the same match.
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