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Abstract. The FC Portugal 3D team presented in this year’s competi-
tion was rebuilt from the ground up in Python since the last RoboCup.
No previous code was used or adapted, with the exception of the 6D pose
estimation algorithm, and the get-up behaviors, which were re-optimized.
In previous years, FC Portugal has contributed to research concerning
low-level skills and high-level soccer coordination methodologies, both in
the 2D and 3D soccer simulation leagues. The research-oriented devel-
opment of our team has been pushing it to be one of the most competi-
tive over the years with more than 30 international awards. This paper
describes the team’s new code, including an overview of our agent ar-
chitecture and its main modules. All the new skills largely outperform
previous ones: the omnidirectional walk is stabler and can reach 0.70 to
0.90 m/s, the long kick can reach on average 17 to 19 m, and the dribble
is able to keep close control of the ball while moving between 1.25 and
1.41 m/s. We are also trying to increase student contact by providing re-
inforcement learning assignments to be completed using our new Python
framework.

1 Introduction

Historically, FC Portugal has contributed to the simulation league (2D and 3D)
in numerous ways, including competitive methodologies and server improve-
ments. In previous years, one of the main research directions of our team was
high-level decision and multi-agent cooperation mechanisms. For the RoboCup
3D soccer simulation competition that was based on spheres (from 2004 to 2006),
the decisive factor (like in the 2D competition) was the high-level reasoning ca-
pabilities of the players, and not their low-level skills. Thus, we worked mainly on
high-level coordination methodologies. Since 2007, humanoid agents have been
introduced in the 3D simulation league, but the number of agents was kept small
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until 2011. During this period, research in coordination was not very important
in the 3D league. Developing efficient low-level skills, contrarily to what should
be the research focus of the simulation league, was the main challenge. However,
in 2011, the number of agents increased to 9, and in 2012 to 11, making coor-
dination, once again, one of the most important problems to create an efficient
team.

Our research on high-level soccer coordination methodologies and team play-
ing was mainly focused on the adaptation of previously developed methodologies
from our 2D soccer teams [19, 25–27] to the 3D humanoid environment and on
creating new coordination methodologies. Since the first participation in the 2D
league, in RoboCup 2000, our team has introduced several concepts and algo-
rithms covering a broad spectrum of the soccer simulation research challenges.
Coordination techniques [6, 10, 18, 20, 22] such as tactics, formations, dynamic
positioning and role exchange, situation-based strategic positioning, intelligent
perception, optimization-based low-level skills [4, 5, 7, 11, 13, 14, 16, 17, 21, 23, 24,
28–35], sim-to-real transfer [12], optimization algorithms [1–3] and frameworks
[8], visual debugging and coaching.

After RoboCup 2021, the team was rebuilt from the ground up in Python,
without using or adapting previous code, with the exception of the 6D pose
estimation algorithm, and the get-up behaviors, which were re-optimized. The
new code is compatible with most data science libraries and machine learning
repositories, allowing for fast development of new behaviors and tactics. Due
to the improvement of hardware resources in recent years, developing a team
in Python is no longer a major concern in terms of computational efficiency.
However, some computationally demanding modules were written in C++ to
ensure the agent does not lose control cycles.

2 Agent Architecture

The agent receives internal data every 20 ms, and visual data every 60 ms. The
latter is a noisy partial view of the world state, which is fed to a 6D pose estimator
to extract the robot’s localization and orientation in a three-dimensional space
[9]. Forward kinematics is then used to estimate the pose of every body part
for a given robot type. This self-awareness ability in conjunction with team
communication allows each agent to have a reliable representation of the world
state. The following paragraphs will describe the main components of the agent.

2.1 Mid-level skills

The team has four major skills:

– Kick: A short kick is mainly used for passes, with a range between 3 and 9
m. The long kick is generally used for shooting, and has an average distance
of 17 to 19 m, depending on the robot type;
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– Walk: The walk skill is omnidirectional and is able to sustain an average
linear speed between 0.70 and 0.90 m/s, depending on robot type and walking
direction;

– Dribble: The dribble skill is able to push the ball forward while retaining
close control. While dribbling forward, the robot reaches an average maxi-
mum speed of 1.25 to 1.41 m/s, depending on robot type;

– Get Up: The robot uses this skill to get up after falling to the ground.
There are three variations of the skill per robot type depending on the falling
direction (front, back, sides).

All skills were optimized through reinforcement learning. The Kick, Walk,
and Dribble skill are parameterized by neural networks and the Get Up by
behavior slots. Each slot in the Get Up behavior corresponds to a pose the robot
must execute for a specific period of time. Several slots can create complex
movements that can easily be adjusted manually or optimized through machine
learning.

2.2 Low-level control

The low-level control consists of an inverse kinematics module, used by the Walk
and Dribble, and a 1-step predictive controller, which is indirectly used by the
same skills, and directly used by the Kick and Get Up. Since the server sends the
observations with a 1-step delay, the current observations can only be estimated
by combining the previous ones with the last sent actions.

2.3 Team communication

The team uses three consecutive messages to send all the desired information.
Accordingly, there are three distinct groups of variables, each containing different
groups of players from our team and the opponent’s team. One of the messages
also contains the position of the ball. In general, each player is represented by
3 variables: its absolute x and y coordinates, as seen by the sender, and a state
indicating whether the player is down or not. Each message is only sent if a
given player is currently able to see the entire group of players. Incomplete
groups are also allowed in special nonconsecutive communication rounds. This
type of information is important to allow each agent to have a more complete
view of the world state, since several agent modules rely on this knowledge, e.g.
formation, role manager, path planning, etc.

2.4 Role Manager

The role manager is responsible for dynamically assigning roles to each player.
The formation contains the desired position of each role, not the current position
of each teammate. Some roles are only applicable in specific cases. The active
player (AP) goes to the ball; AP2 and AP3 are also responsible for chasing
the ball when the team is defending (i.e. the opponent has possession); the
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goalkeeper (GK) can become an active player and push the ball forward like
any other player, although it will return to the goal once it loses possession; the
central back (CB) is always between the ball and the goal; man-marking roles
(MM) mark the closest 4 players of the opposing team, with different priorities
according to their distance to our goal; the left and right support (LS, RS) aid
the AP when the team is attacking, in case it loses possession; and the left and
right front (LF, RF) roles create space to receive passes from the AP.

Roles have different priorities depending on the current team mentality (at-
tacking or defending). In both cases, the highest priority role is the AP followed
by the GK. While attacking, the front roles are the next most important to allow
game progression, followed by the remaining roles. However, when defending, the
support roles are converted to active players, until the team regains possession,
and the front roles become the least important.

2.5 Path Planning

The path search algorithm is based on A* [15] and divides the soccer field into
a grid (32 m × 22 m, 10 cm grid size). Obstacles include players, goalposts, goal
nets, and sometimes the ball, depending on the agent’s current objective. While
dribbling, the outer field lines are also considered obstacles to keep the ball from
going out of play. Each obstacle is defined by a position, a hard inaccessible
radius, and a soft radius, which increases the cost of the path as it gets closer
to the obstacle. The size of this radius depends on the desired aggressiveness,
since each agent can decide to be careful, typically when moving to a strategic
position, or aggressive, when disputing the ball. Teammates are also avoided by
an agent, using larger margins, if their role is more important than said agent.

2.6 Main Routine

The main routine is divided into 5 major steps: decide an intention, such as
moving to a point, dribbling, kicking, get up, etc; then choosing a skill, since some
intentions can require different skills for positioning and execution; computing a
target for the current skill, including a desired position or orientation, according
to the skill requirements; execute the skill through a neural network or slot
behavior; and finally broadcast information as explained in Section 2.3.

When the robot is standing, deciding an intention requires an analysis of
promising passes, shooting directions and dribbling paths. The algorithm scores
the potential outcomes to estimate what would be the best alternative for game
progression. If none of these options is viable, the robot will push the ball by
walking towards it until it has enough space to take other actions.

3 Conclusion

FC Portugal has developed numerous skills and methodologies concerning the
NAO humanoid robot and the simulation league in general. Currently, the team
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has a very robust code base that was developed from scratch after RoboCup
2021. The development speed motivated by the new Python framework allowed
us to develop stable and efficient skills in a short period of time. An integrated
learning approach guarantees that skills such as the omnidirectional walk, drib-
ble and kick can attain high performance but also smooth transitions, without
falling or requiring intermediate steps. Despite the considerable gain in perfor-
mance and competitiveness, in comparison with previous years, there are still
many improvement opportunities. Future research directions include high-level
multi-agent coordination strategies, opponent modeling, goalkeeper skills, omni-
directional kicks, optimization algorithms, and more.
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