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Abstract. Rob6CIn Soccer Simulation 2D team, based at the Universi-
dade Federal de Pernambuco, was founded in 2018. In our debut compe-
tition at the Latin American Robotics Competition (LARC) in Jodo Pes-
soa, Paraiba, Brazil, we secured fourth place against other Latin Amer-
ican teams. The following year, we competed in the RoboCup for the
first time and achieved a ninth-place finish. In 2024, we placed in the
6th position on RoboCup and first place at LARC. In this paper, we
present the work developed over the past year, especially the refinement
of the agent’s behaviors, changes made to the field evaluator and the
improvement of our testing infrastructure.
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1 Introduction

RobdClIn is a robotics research team from the Centro de Informética (Cln),
Universidade Federal de Pernambuco (UFPE), created in 2015 to participate in
competitions and research subjects related to robotics. We are currently working
in four categories: Soccer Simulation 2D (SS2D), Very Small Size (VSS) since
2015, Small Size since 2018, and Flying Robots Trial League since 2022.
RoboClIn used the well-structured base of agent2d 3.1.1, as presented in [2],
as the basis for our code development in the first year. Our most recent agent
release includes changes in field evaluator, goalie kick prediction, improvement of
test infrastructure, an action classifier, and an action generation optimization.

2 Field Evaluator Optimization

The FieldEvaluator module plays a crucial role in analyzing possible game states,
attributing rewards or penalties based on several criteria. One of the most sig-
nificant aspects evaluated is the ball’s position in the field. In previous work,
we introduced a Potential Evaluation Function[3] parameterized by the ball’s
position, as presented in Equation 1.
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Where ); , are the weights for each function and dist, , are the distances on
each axis to our goal center (—52,0). Initially, the weight values A, , were arbi-
trarily chosen, but in the past year we conducted a study to refine the definition
of those weights.

We decided to establish different potential fields for each player in the field,
setting a different A, , for each of them. To obtain the 22 weights, we used
Particle Swarm Optimization (PSO)[4]. For the execution of the algorithm, a
fitness function and stopping criteria need to be defined. In our case, the fitness
function was set as follows:

> GB; (2)

Where GB is the goal balance after game played against the LARC2023’s
version of our agent. We play N = 2 games to mitigate the influence of the
inherent randomness of the 2D environment on the results.

Since evaluating each particle involved executing a game, it was necessary to
develop an infrastructure to run these evaluations in parallel, as without this, a
single execution of the algorithm could take weeks. To address this, we used the
structure of the RoboClIn Testing Module [6] as a basis, which we use to perform
statistical tests. The containerized setup was adapted so that each container
performs the evaluation of an individual, parallelizing the games’ execution in a
flexible way to be scalable depending on the machine on which it is executed.

In order to obtain the best results, we conducted a series of experiments,
executing the algorithm under various population configurations. The Fig. la
shows the fitness evolution of a population of 40 individuals over 100 iterations
of the algorithm, and the Fig. 1b shows the mean distance between the best 20
individuals through the iterations.
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Fig. 1: Comparison of fitness and mean distance of top individuals

3 Kick Prediction

Due to the fact that the SS2D environment is highly dynamic, making kick
prediction and interception is essential for improving goalkeeper performance and
reducing conceded goals. In this section, we explore the importance of predicting
kick targets and defining the sequence of actions which a goalkeeper must take
to intercept these kicks effectively, combining heuristic analysis and advanced
pathfinding algorithms.

Analyzing scenarios in which kick predictions can significantly reduce goal-
scoring opportunities highlights the risks involved when goalkeepers do not en-
gage in predictive actions. By employing a heuristic approach, we estimate the
most probable kick target when a player gains possession of the ball, exploring
various potential kick targets and factors influencing their likelihood.

To improve interception efficiency, we introduce the “Goalie Catch Genera-
tor” module, designed to generate an optimal sequence of actions to intercept
the predicted kick. This module uses the A-Star algorithm (A*)[8] to determine
the best combination of actions, including dash, turn, tackle, and catch, based
on heuristic evaluations. After generating the optimal sequence, the goalkeeper
predicatively executes the first action, reducing the probability of conceding a
goal. The Fig. 2 illustrates both the kick prediction and the corresponding opti-
mal interception sequence.

To evaluate the effectiveness of this approach, we conducted a series of
500 games played against Rob6CIn, YuShan and ThunderLeague binaries from
RoboCup IranOpen 2024. Table 1 demonstrates how predictive actions improve
defensive strategies, reducing the scores per game of opponent teams, and con-
sequently increasing game wins.



4 Rob6CIn Team Description Paper 2025

Fig. 2: Prediction of kick and optimal interception.

RCPrediction RCMaster
RCMaster 1.304 1.812
Yushan 2.006 2.630
ThunderLeague 0.677 0.973

Table 1: Statistical analysis of average score per game.

4 Stamina Analyzer

Beyond the dynamic nature of the environment, the 2D Simulation category also
deals with observation uncertainty and the evaluation of adversarial actions. One
of the challenges is to estimate the hidden state of the stamina model of other
players. Our main objective is to enable both the coach and team players to
infer the stamina of others during the game (teammates and opponents), allow-
ing us to generate new features for both cooperation and exploiting opponents’
conditions.

The key idea for stamina inference lies in using the displacement of the player
between two consecutive observed states O; and Oyy1. With the inferred used
stamina, we can estimate the current stamina model E; of a player, given that we
have the initial state of the model Ey. The first approach to minimize inference
errors is using the coach’s vision, as it captures the positions of all players at
every step without direct noise. Our dedicated module, ”Stamina Analyzer”
estimates the stamina of every player throughout the game, with the primary
goal of communicating this information to teammates.

As shown in Fig. 3, the coach’s estimation (yellow) exhibits discrepancies
compared to the real value (blue), particularly in the final moments of the game.
This occurs because player type information is necessary to avoid underestimat-
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Fig. 3: Coach estimating opponent player stamina over the game.

ing an opponent’s stamina. So, no estimations are made when a player substitu-
tion occurs until the player’s type is identified. Additional deviations from real
values result from errors introduced by the RoboCup Soccer Simulator Server
[1] over players’ actions. Moreover, large estimation errors also occur when play-
ers collide with objects or when movement is restricted, leading to stamina loss
without a corresponding position change.

However, due to limited communication between the coach and players, re-
lying solely on this approach is inefficient. Consequently, the usefulness of such
predictions is reduced or even insufficient.

These issues led us to develop a secondary structure for players that esti-
mates stamina by combining its own calculations with coach-provided stamina
data. Since players have partial observations (leading to gaps), this structure
calculates the minimum possible stamina consumption (a lower bound) between
non-consecutive observations like Oy and Oy, (n > 2). The coach’s data supple-
ments estimations to reduce the accumulated error caused by observation noise
and unobserved intervals. When observation pairs are unavailable, it assumes
the player is recovering stamina to avoid underestimating the stamina value.

The module under development has already shown promising results but is
still being improved to handle high-noise situations in players, as the current
mean error is five times larger compared to the coach’s error. Additionally, we
plan to integrate the module with the localization class used by Rob6ClIn, allow-
ing better noise handling with the Gaussian Model that is included in version
19 of the RoboCup Soccer Simulator Server.

5 Testing Infrastructure Improvements

Validation is one of the most essential aspects of our development cycle. Since
the SS2D environment is dynamic, the best way to validate a new change is
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to run many matches between two distinct teams. After that, we can compare
the test statistics (number of victories, number of defeats, goals scored, and
other metrics) to compare the testing version with our main version. If a change
produces a better result, it is integrated into our main version.

Our former test infrastructure [6] was enough for running the tests and doing
the statistical analysis; however, there were some problems with test results
reports and usability. Therefore, we worked on an automatic report of test results
and built a GUI to improve the usability of the test module.

For automatic test reports, we created a Discord bot that sends the test
metrics and results to a specific thread on a server. Besides the statistical metrics,
the bot also sends information that helps us identify the version that is being
tested.

For usability improvements, the created GUI makes it easier to adjust the
test configuration. With this interface, we can easily select the branch to be
tested, choose the opponent binary, and specify the number of games. In addition,
adding a new opponent is straightforward. The GUT also allows to add comments
to a specific test and view partial results of the current test.

6 Action Classifier

The agents’ action selection plays a crucial role in the team’s overall perfor-
mance. During matches, we observed that RoboClIn agents often made subopti-
mal decisions, executing ineffective actions that frequently resulted in losing ball
possession to the opposing team. This issue led us to explore ways to improve
action selection and improve decision-making effectiveness.

Our solution was inspired by the work presented in ”Space evaluation in
football games via field weighting based on tracking data” [5]. The study intro-
duces a classification of field areas based on two key factors: sparsity and safety.
Sparsity refers to the density of players in a given region: sparse areas are those
with fewer players, offering more space for long passes or advancing the ball
further, while dense areas are crowded with players, making it harder to find
open passing areas. The concept of safety is related to the team of the player in
the region. Safe regions are those where there are more teammates in proximity,
which can facilitate the execution of a successful pass. In contrast, risky regions
are areas with more opponents nearby, increasing the chance that the pass will
be intercepted by an opposite player. Based on these two concepts, the entire
field can be classified into one of four categories: safe dense, safe sparse, risky
dense, or risky sparse.

To improve the effectiveness of the actions performed by the agent, we classi-
fied the field into five strategic regions, each with a set of action priorities based
on the four possible categories The goal was to prioritize or avoid certain types
of actions depending on the region of the field where they happened.

To achieve this, all possible actions go through a series of evaluations in our
field evaluation module. Then, each action is classified according to the four cat-
egories, and a bonus is assigned based on the priority order for the corresponding
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region. For example, in our defensive area, we decided to prioritize safe sparse
actions and avoid risky dense ones, as sending the ball to a region crowded with
opponents near our goal could be highly risky, so the bonus assigned to safe
sparse actions is higher than the one assigned to risky dense actions.

The implementation of this feature has not resulted in significant improve-
ments in our agent’s performance yet, but we identified several areas for further
refinement. The thresholds for the risky and sparse regions were defined based
on an analysis of player data; however, those values can be adjusted and refined
through deeper analysis. One possible solution could be to incorporate data from
additional matches on the data analysis, resulting in more precise values for the
thresholds. Also, during development, several adjustments were made to bonus
values and action priorities. These adjustments were based on initial testing and
could benefit from a more refined approach. Future work could involve more ex-
perimentation or the use of advanced techniques, such as parameter optimization
using swarm algorithms.

7 Single Pass Optimization

In our ongoing efforts to enhance the decision-making capabilities of our agents in
the RoboCup SS2D league, we have developed and implemented the Single Pass
Optimization (SPO) model, as detailed in our recent publication [7]. The SPO
model addresses the computational challenges associated with traditional action
generation and evaluation methods, which often require multiple evaluations
of heuristic functions, leading to increased latency and suboptimal real-time
performance.

It introduces a machine learning-based architecture that generates a single
optimal pass in one step, significantly reducing computational overhead. The
model consists of two key neural networks: the Target Point Generator (TPG),
which generates the optimal target point for a pass based on the current game
state, and is trained by the Learnable Field Evaluator (LFE), which tries to
learn and approximate the heuristic field evaluation function. The Best Player
Selector [9] model is also used to return the best player choice inside the Player
Selection Features.

The results of the experiments demonstrate the effectiveness of the SPO
model. The model achieves a Root Mean Square Error (RMSE) of 309.2768, a
Kendall-7 of 0.9902, and a Spearman-p of 0.9998, indicating strong agreement
with the heuristic evaluator. Furthermore, the model is up to 3.07 times faster
than the current pass evaluation architecture, with a 99.98% selection rate for
the generated passes.
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Fig.4: Example of generated passes. The ball positions are marked in orange,
while the arrows represent the direction and target point of each pass. Passes
out of pitch are indicated in red.

8 Conclusions and Future Works

In this work, we introduced key improvements to the RoboClIn Soccer Simulation
2D agents, focusing on decision-making and infrastructure. The Field Evalua-
tor was upgraded using bioinspired algorithms and action classification based
on sparsity and safety, while new modules like the Goalie Catch Generator and
Stamina Analyzer improved agents’ decision-making through the execution of
more precise actions. Additionally, the Single Pass Optimization (SPO) model
refined pass generation using a machine learning-based architecture to produce
optimal passes in a single step, reducing computational overhead while main-
taining accuracy. Testing infrastructure upgrades included automated testing
reports and a GUI for better experiment management.

For future work, we will refine the stamina estimation by integrating it with
localization techniques for better noise handling and optimize the action classi-
fier’s priority weights using advanced methods. Our SPO model will be extended
with temporal-conditioned heuristic functions and will explore additional ma-
chine learning techniques to improve pass accuracy and risk assessment. Addi-
tionally, we plan to explore RL-based policies to improve the agents’ decision-
making process, making them more adaptable to different opponent play styles.
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