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Abstract—The objective of this dissertation consists in control-
ling a group of robots that cooperate with each other in order to
achieve a common goal, that consists of confronting and winning
other robots in a football scenario.

Firstly, the behaviour of a single robot on a isolate envi-
ronment is imposed by designing a controller based on model
predictive control, that optimizes a cost function that reflects the
goal. Subsequently, environments with a growing complexity are
considered, i.e, starting from a simple scenario where a robot goes
from one starting point to another, and increasing the complexity
by adding obstacles (static and dynamic) between two points.

The next step is to add more robots to the system and increase
the complexity of the scenarios just as before. The simplest
scenario is the one in which two robots go from one point to
another, and more complex one is, e.g., a robot moving on the
sideline shoots the ball, the objective being that the other robot
predicts and moves to where the ball will go. Finally, we will
consider situations with static and dynamic opponents, where we
will use differential game techniques to develop strategies for
opposing teams.

The control system is structured in two hierarchical levels. The
lower level focuses on controlling the movement of the players
and their interactions. The higher level is the one in which we
define the strategy to be implemented by the team, proposing the
use of reinforcement learning to optimize the strategy.

Index Terms—Model Predictive Control, Cooperative Control,
Differential Game, Reinforcement Learning, Robotic Football.

I. INTRODUCTION

In recent years, with the advancement of technology, there
has been a great development in autonomous robots. Auton-
omy is the ability of a system to make its own decisions.
Autonomous robots, like humans, have the ability to make
their own decisions and perform a particular action [24], in
particular
• Perceive its environment.
• Make decisions based on what it perceives and/or has

been programmed to recognize
• And, finally, actuate a movement or manipulation within

that environment
This evolution has been quite beneficial in several areas.

For example, in the study and exploration of space [15], in
industry and medicine [20].

Often, a set of robots works as a team in order to achieve
a certain objective. There are more and more situations where
there is a need to incorporate a team of autonomous robots,
instead of just an agent. For example, robots that work in dis-
tribution centers like Amazon, or in supermarket warehouses,
robots for military or surveillance applications, and robotic

football, the latter being widely used to test new approaches,
and to solve various problems in this area [1], [2], [5].

The performance of all these tasks mentioned above depends
on the joint actions or locations of the vehicles involved,
i.e., they need to act cooperatively. In this context, one of
the biggest challenges will be dealing with the complexity
of optimization problems that involve a large number of
interacting vehicles [13].

This dissertation proposes a study on robotic football based
on Model Predictive Control (MPC) working with unicycles.
The unicycle is taken as a model because it constitutes a
non-holonomic system, which results in an acceptable com-
putational load for calculating the control. In recent years,
the control of this type of system has been the subject of
considerable research effort [16].

To calculate the control, MPC is used, one of the modern
control methods. The development of the concept of modern
control can be traced back to Kalman’s work, in the early
1960s, where he sought to determine when a linear control
system can be considered optimal [11], [12]. The Linear
Quadratic Regulator (LQR) was designed to minimize an
unrestricted quadratic cost function for states and inputs.
Various applications related to MPC in the industrial sector
were reported in the late 1970s. The most important were
reported by Richalet, who presented the Predictive Heuristic
Control based on Models (MPHC) and Cutler and Ramaker,
who presented the Dynamic Matrix Control (DMC) [6], [18].
MPHC was later called Model Algorithmic Control (MAC)
[19].

Trajectory planning is one of the fundamental problems
that need to be solved before mobile robots can navigate
and explore in complex environments. In general, trajectory
planning can be divided into two categories: global trajectory
planning and local trajectory planning. [26].

Football is one of the most appreciated and seen sports
in the world, so in order to promote science, and for the
development of robotics and artificial intelligence in robotic
systems, the RoboCup competition was founded in 1997
[1]. The coordination of multiple robots has received special
attention in recent years and has a prominent role in the field
of robotics. In the field of robotic football, the way each team
coordinates its robots, individually and together, to perform
cooperative tasks, determines the team’s success in the game.

Finally, the history of Reinforcement Learning (RL) has
two main branches that were pursued independently before
being intertwined in modern reinforcement learning. One of



the branches concerns learning by trial and error, initiated
in the psychology of animal learning. This discussion goes
through some of the first works in artificial intelligence and
led to the resurgence of reinforcement learning in the early
1980s. The other segment refers to the problem of optimal
control and its solution, using value functions and dynamic
programming [23].

II. MODEL PREDICTIVE CONTROL (MPC)

The MPC is a control strategy, in which the current control
action is obtained by solving, at each instant of the sampling,
an optimization problem that results in a finite horizon open
chain control law, that uses the current state of the model of
the process as the initial state [7]. Therefore, a cost function
is minimized for a sequence of manipulated variables defined
in a horizon, that may be shorter than the prediction horizon,
called the control horizon. Of the sequence of values of the
manipulated variable thus obtained, only the first applies to the
process to be controlled. This procedure is repeated for later
times, being called Receding Horizon Control (RHC). Figure
1 explains the idea of RHC.

Fig. 1. Basic principle of MPC.

At the moment k, the future sequence of the planned control
action u(k|k), · · · , u(k+Hu−1|k), where Hu corresponds to
the control horizon, is optimized in order to minimize the error
between a target reference and the prediction of the response of
the system ŷ(k+1|k), · · · , ŷ(k+H|k), where H corresponds
to the prediction horizon.

At the moment k, the first element of the optimal sequence
u(k|k) is applied to the real process. In the next instant, the
horizon changes and a new optimization problem in time k+1
is solved. This procedure forms the so called ”receding horizon
strategy”.

A. Requirements for the formulation of an MPC Controller

Generally, the classic design of the control system is a trial
and error process in which several methods of analysis are
used iteratively to determine the controller gains that lead to
an acceptable response [3].

The main objective of Optimal Control (OC) is to determine
the control signals that guarantee the satisfaction of the con-
straints and, at the same time, minimize or maximize some

chosen performance criteria [22]. The elements required to
design an MPC controller include
• Plant model.
• Cost function.
• Constraints.

B. Linear Model Predictive Control

Systems can be classified in different ways, as linear,
non-linear, time-invariant and time-varying. A Linear Time-
Invariant System (LTIS) can be represented in the form

x(k + 1) = Ax(k) +Bu(k),

y(k) = Cx(k) +Du(k),
(1)

The representation from equation (1) can be extended ac-
cordingly with a given prediction horizon, H . Considering a
finite prediction horizon, H , the general form that equation
(1) can take can be observed in equation (2).

x(k + 1|k) = Ax(k|k) +Bu(k|k),

x(k + 2|k) = A2x(k|k) +ABu(k|k) +Bu(k + 1|k),

...

x(k +H|k) = AHx(k|k) +AH−1Bu(k|k) + · · ·
+ABu(k +H − 2|k) +Bu(k +H − 1|k).

(2)

Based on equation (1) and the system of equations (2) it is
possible to write the predictors for the output defined by (3)
as

y(k + 1|k) = CAx(k|k) + CBu(k|k),

y(k + 2|k) = CA2x(k|k) + CABu(k|k) + CBu(k + 1|k),

...

y(k +H|k) = CAHx(k|k) + CAH−1Bu(k|k) + · · ·
+ CABu(k +H − 2|k) + CBu(k +H − 1|k).

(3)

The vectors X , Y and U , that contain the set of n state
variables to be considered, the set of future outputs and inputs,
are defined as

X =


x1(k|k)
x2(k|k)

...
xn(k|k)

Y =


y(k + 1|k)
y(k + 2|k)

...
y(k +H|k)

U =


u(k|k)

u(k + 2|k)
...

u(k +H − 1|k)


Using the generalization of equation (3), the prediction is

finally obtained at the sampling instant k as

Ŷ = WU + ΓX, (4)

where the matrices W and Γ are defined as

W =


CB 0 · · · 0
CAB CB · · · 0

...
...

. . .
...

CAH−1B CAH−2B · · · CB

 and Γ =


CA
CA2

...
CAH

 .



The various MPC algorithms propose different cost func-
tions to obtain the control law. The general objective is that
the response of the future system follows a certain reference
signal and, at the same time, the control effort necessary for
this to be penalized [4]. Typically the cost function used in
MPC optimization problems is a quadratic cost function, as

J = Q

H∑
i=1

||ŷ(k+i|k)−Z(k+i|k)||22+R

Hu∑
j=1

||u(k+i−1|k)||22,

(5)
where u(k + i − 1|k), j = 1, 2, ...,Hu corresponds to the
sequence of control actions to be optimized, Z(k + i|k), i =
1, 2, ...,H corresponds to the desired sequence of references,
Q and R correspond to arrays of positive symmetric weights
defined, and ŷ(k + i|k) corresponds to the prediction of state
generated by the model x(k+ 1) = Ax(k) +Bu(k) based on
the observations passed up to the discrete time k, under the
control action u. That said, the optimization problem typical
of this type of system is formulated as

minimize
uk+Hu−1
k ,ŷk+Hk+1 ,

J (6a)

s.t. x(k + i) = Ax(k) +Bu(k) (6b)
y(k + i) = Cx(k) (6c)
i = 1, ...,H (6d)
φu(u(k)) ∈ U (6e)
φy(y(k)) ∈ Y (6f)
φx(x(k)) ∈ X (6g)

where J corresponds to the cost function represented in equa-
tion (5), H corresponds to the prediction horizon, uk+Hu−1k =
[u(k), u(k+1), · · · , u(k+Hu−1)]T , ŷk+Hk+1 = [ŷ(k+1), ŷ(k+
2), · · · , ŷ(k + H)]T and finally U, Y and X represent the
allowable sets for control, state and output response across
the prediction horizon.

Based on equation (4), the cost function in equation (5) can
be rewritten as

J = (WU + ΓX − Z̄)TQ(WU + ΓX − Z̄) + UTRU, (7)

and the optimization problem in 6 can be reformulated as

minimize
U

J (8a)

s.t. Ŷ (k) = WU(k) + ΓX(k) (8b)
φu(u(k)) ∈ U (8c)
φy(y(k)) ∈ Y (8d)
φx(x(k)) ∈ X (8e)

where J corresponds to the cost function represented in the
equation (7), Ŷ corresponds to the prediction of the future
state, U represents the expected future control actions and
finally U, Y and X represent the allowable sets for control,
state and output response across the prediction horizon.

C. Non-linear Model Predictive Control

Many systems are inherently non-linear. In such cases,
linear models are inadequate to describe the dynamics of the
system and non-linear models should be used. This motivates
the use of Non-linear Model Predictive Control (NMPC). Most
real systems are not linear, so to solve this type of situation, it
is necessary to solve an optimization problem with non-linear
restrictions [10].

For this type of NMPC problem, the optimization problem
can be formulated as described in the section II-B. However,
the constraints (6b) and (6c) are now non-linear constraints.

III. REINFORCEMENT LEARNING (RL)

Reinforcement Learning (RL) is a general class of machine
learning algorithms that aims to allow a particular agent
to learn how to behave in an environment, where the only
feedback is a scalar reward signal. The agent’s goal is to
perform actions that maximize the long-term reward signal
[23].

Reinforcement learning is a type of learning problem, and
not exactly a learning technique [17]. One of the techniques
that solves this problem, Q-Learning, will be described later.

Considering the discrete time intervals t = 0, 1, 2, · · · , tf ,
for each time instant t, the agent receives a representation of
the state where it is from the environment, St ∈ S, where S is
the set of possible states, and uses that information to select an
action to be performed, At ∈ A(St), where A (St) corresponds
to the set of possible actions for the state St. In the next time
interval t + 1, the agent receives a reward Rt+1 ∈ R, also
known as a reinforcement signal, as a result of the action At
in the St state. It also receives information about the new state
St+1 [23].

The relationship between the agent and the environment is
illustrated in the figure 2.

Fig. 2. Reinforcement learning structure.

As previously stated, Q-Learning is one of the methods
used to solve the reinforcement learning problem. Q-Learning,
introduced by Watkins [25], is a technique that iteratively
estimates a function Q(s, a), which determines the sum of
expected future rewards when the agent executes the action a
in the state s. For a state s, an action a, a learning rate α,
a discount rate γ and a policy π, the update rule for the Q-
Learning is defined as

Q(s, a)← Q(s, a) +α[r+γargmax
a

Q(s′, a)−Q(s, a)] (9)



where r corresponds to the reward received for carrying out
the action a in the state s, and s′ corresponds to the future
state of the agent, that is, the state where it finds itself after
carrying out the action a, in the state s.

Once the Q function has been estimated, the agent’s action
can be easily determined. As is natural, high rewards are
related to good performance, so it is enough for the agent
to choose, for each state s, the action a that has the highest
value of Q(s, a). However, with this type of greedy approach,
the agent loses part of his learning capacity. Therefore, during
the training phase of the Q function, it becomes necessary to
choose an action even if it is not optimal, thus allowing the
exploration of the environment [25]. It is therefore necessary
to adopt an approach that balances these two needs imposed
above.

The strategy ε − Greedy is an approach widely used to
balance the two needs imposed above. This strategy consists of
a game of probabilities, i.e., the action with the highest value
of Q is executed with a probability of 1 − ε and a random
action is chosen with a probability of ε. Therefore, the state
transition is given by the rule [25]

πSt =

{
arandom if q ≤ ε,
argmaxaQ(St, a) otherwise,

(10)

where q is a randomly chosen value with uniform probability
within the [0.1] range and arandom corresponds to a random
action selected from the existing actions for the state St.

IV. MOBILE ROBOT CONTROLLER

The unicycle model is used to represent the dynamics of
the mobile robot. The mobile robot consists of a rigid body
and wheels. It is assumed that the mobile robot moves without
slipping, that is, that there is a pure rolling contact between
the wheels and the ground, without the occurrence of friction
[14].

The kinematic model for the unicycle model is then given
by 

ẋ = vcos(θ)
ẏ = vsin(θ)

θ̇ = w
, (11)

where x = [x, y, θ]T describes the position and orientation of
the center of the mobile robot. The control action imposed
on the system is u = [v, w]T , where v and w describe,
respectively, the linear and angular velocities imposed on the
unicycle model. Since, in this work, the MPC minimization
problems are calculated in discrete time, it is necessary to
make the kinematic model presented above discrete. Consid-
ering a sampling period Ts, an instant sampling k and applying
the Euler approximation to (11), we obtain the discrete time
model for the robot dynamics [14] x(k + 1) = x(k) + v(k)cos(θ(k))Ts

y(k + 1) = y(k) + v(k)sin(θ(k))Ts
θ(k + 1) = θ(k) + w(k)Ts

, (12)

or, in a compact representation, with an obvious definition for
fd,

x(k + 1) = fd(x(k),u(k)). (13)

The unicycle model is a non-linear model which leads to
an NMPC minimization problem. To solve this problem, we
decided to use two controllers, one controller whose objective
is to calculate the optimal trajectory for the mobile robot to
move from one point to another desired point, and another
controller for the mobile robot to rotate on itself , to obtain a
certain desired orientation.

A. Controller to calculate optimal trajectory

In [14], it can be seen that the use of Cartesian coordinates
in the cost function leads to a steady state error in the
minimization problem. This error in the steady state can be
explained by the fact that both states, x and y, depend on
the same variable of the control action, the linear velocity
v, as seen in (12). Thus, in order to overcome the error in
the steady state, we use coordinate transformation capable of
dissociating the position states x and y from the same control
action, v. Therefore, the use of polar coordinates was adopted
as proposed in [14].

That said, consider the following transformation [9]

e =
√
x2dif + y2dif ,

φ = atan2(ydif , xdif ),

α = θ − φ,

(14)

where xdif = x−xref and ydif = y−yref , assuming (x, y, θ)
corresponds to the robot’s current position and orientation and
(xref , yref ) corresponds to the position of the reference you
want to reach. The time variation of the variables that represent
the problem, e, φ and α is given by

ė =
x

e
ẋ+

y

e
ẏ = −cos(α)v,

φ̇ =
1

e
(−y

e
ẋ+

x

e
ẏ) =

sin(α)

e
v,

α̇ = φ̇− θ̇ = −w +
sin(α)

e
v.

(15)

The MPC minimization problems are calculated in discrete
time, it is necessary to approximate the equations for ė and
α̇. Considering a sampling period Ts, an instant sampling k
and applying the Euler approximation to both equations, the
model is obtained{

e(k + 1) = e(k)− v(k)cos(α(k))Ts
α(k + 1) = α(k)− w(k)Ts + v(k) sin(α(k)e(k) Ts

, (16)

or, in a compact representation, with an obvious definition for
fp,

xp(k + 1) = fp(xp(k), u(k)). (17)

In [9], it can be seen that if one of the state variables
converges to the origin, the other will also converge to the
origin. Hence, the objective is to incorporate this behavior into



the cost function to be minimized. Having defined xp = [e, α],
the quadratic cost function can be formulated as

J = Q

H∑
i=1

||x̂p(k + i|k)||22 +R

Hu∑
j=1

||u(k + i− 1|k)||22, (18)

where x̂p(k + i|k) corresponds to the prediction of polar
coordinates of the mobile robot and u(k+i−1|k) corresponds
to the control action to be applied to the mobile robot (in this
situation it corresponds to the linear and angular velocity) and
Q and R correspond to arrays of positive symmetric weights
defined.

B. Controller to get the desired orientation

When the mobile robot only wants to rotate on itself to
obtain a desired orientation, the discrete time model that
represents the kinematics of the mobile robot is summarized
in

θ(k + 1) = θ(k) + w(k)Ts, (19)

where θ(k) corresponds to the orientation of the mobile robot,
w(k) corresponds to the angular velocity applied to the mobile
robot and Ts corresponds to the sampling period.

Therefore, the quadratic cost function can be formulated as

J = Q

H∑
i=1

||θ̂(k+i|k)−Zθ(k+i|k)||22+R

Hu∑
j=1

||u(k+i−1|k)||22,

(20)
where θ̂(k + i|k) corresponds to the prediction of orientation
of the mobile robot, Zθ(k+i|k) corresponds to the orientation
desired by the mobile robot and u(k + i − 1|k) corresponds
to the control action to be applied to the mobile robot (in this
situation it corresponds to the angular velocity) and Q and R
correspond to arrays of positive symmetric weights defined.

V. BALL MOTION

In the context of this dissertation, when the ball is shot, the
shot can be modeled with a sudden change in the initial speed
condition, which corresponds to an impulsive external force
(i.e., the u force corresponds to an impulse in t). Another
force applied to the ball corresponds to the frictional force,
a force contrary to the movement of the ball. Considering x
as the position of the ball, the mass of the ball m and the
sum of the forces applied equal to the external force, plus the
frictional force, we have

ẍ(t) = − β
m
ẋ(t) +

1

m
u(t), (21)

where β corresponds to the friction coefficient and

u(t) = γδ(t), (22)

where γ corresponds to the strength of the kick. The system
can be described by two first order ordinary differential
equations {

ẋ1(t) = x2(t)

ẋ2(t) = − β
mx2(t) + 1

mu(t)
. (23)

In this work, the MPC problems are calculated in discrete time,
it is necessary to make the model presented in (23) discrete.
The discrete-time model of the ball can be written in matrix
notation:

xi(k + 1) =

[
1 m

β −
m
β e
− β
mTS

0 e−
β
mTS

]
︸ ︷︷ ︸

A

xi(k)+

+

[
m
β (Ts + m

β (e−
β
mTs − 1))

m
β (1− e−

β
mTs)

]
︸ ︷︷ ︸

B

u(k),

y(k) =
[
1 0

]︸ ︷︷ ︸
C

xi(k),

(24)

where i = 1, 2 and Ts represents the sampling period. This
model is represented by a pole at the origin (in continuous
time), which represents the integral that transforms speed into
position, and a real pole in − β

m (also in continuous time),
which represents the relationship between the force applied to
the ball and the speed. Since this model is one-dimensional, it
is necessary to apply this model to each Cartesian coordinate.

VI. ROBOTIC FOOTBALL

The objective of this dissertation is to control groups of
robots that cooperate with each other to fulfill a mission,
including situations in which they are in front of others who
oppose them in a robotic football environment. In football,
different situations can occur (presented below). Therefore, it
is necessary to study the impact that each of these situations
can have on a robotic football game.

A. Situation 1 - Intersection of the mobile robot with the ball

In a football game, mobile robots must predict what will be
the best position to receive the ball before their opponents.

To determine that position, an approximation is necessary.
If the robot always maintains the maximum speed it can reach,
and if it is in perfect orientation for one of the future positions
of the ball, it is possible to calculate how many sampling
periods are necessary to reach the position of the ball and
check when the number of samples that takes the mobile robot
to the desired reference is equal to or less than the number
of samples that takes the ball from the current position to the
future position.

Once the approximate position is known, that position or
future positions are used as a reference in the minimization
problem and check which will be the optimal position that the
mobile robot must reach.

The optimization problem used to determine the optimal
trajectory made by the mobile robot can be formulated as
shown in figure 3, where J corresponds to the quadratic cost
function in (18). It should be noted that the constraint (f) is
used only in simulation 14 (fig. 4d). The linear constraints (g)
and (h) delimit the football field where the mobile robot must
remain.



Fig. 3. Optimization problem for the robot to reach the ball.

(a) (Simulation 11) Optimal trajec-
tory when the ball is stopped.

(b) (Simulation 12) Optimal trajec-
tory when the ball is in motion and
β = 0.9.

(c) (Simulation 12) Optimal trajec-
tory when the ball is in motion and
β = 1.5.

(d) (Simulation 14) Optimal trajec-
tory in the presence of an obstacle
and the ball is in motion.

Fig. 4. (Simulations 11, 12, 13 and 14) Optimal trajectory made by the mobile
robot until it reaches the ball.

In situation 11 (fig. 4a), no external force is exerted on the
ball. In situations 12 (fig. 4b) and 13 (fig. 4c), although the
same external force is applied to the ball, the field exerts a
different frictional force in each situation. In situation 14 (fig.
4d), the mobile robot must determine the optimal trajectory
taking into account the presence of an obstacle. It is possible
to verify that, regardless of the forces applied to the ball, or
the static or dynamic obstacles inserted in the environment,
the mobile robot determines the optimal trajectory in order to
reach the ball as quickly as possible.

The various simulations carried out are available at
https://www.youtube.com/watch?v=anPVLWVyX-k&list=
PLH 2TbGh rxeptOkvNl kX7CFHWBhdbOs.

B. Situation 2 - Interaction between mobile robots

Cooperative control can be achieved using different archi-
tectures, such as a completely centralized architecture and
a distributed architecture. In this dissertation, a distributed
architecture is used.

In a distributed architecture, each robot works independently
and solves its own optimization problem. However, the con-
troller will only be fully distributed if each robot is able to
obtain the position information of each robot in the field by
itself [8].

C. Situation 3 - Shot

When a robot intends to shoot, it must decide which side
of the goal to shoot. Therefore, a uniform discrete probability
distribution is used to decide the direction in which the ball is
sent. The X random variable is said to have a discrete uniform
distribution in the set {x1, x2}, if its probability function is
equal to

P (X = x) =

{
1
2 , if x = x1, x2,

0, otherwise,
(25)

Having chosen the side to shoot, it is necessary to choose
the exact place where the mobile robot will shoot. A normal
probability distribution is used to determine where the mobile
robot will shoot. The X random variable is said to have a
normal distribution of parameters µ and σ2 if its probability
function is equal to

fX(x) =
1√
2πσ

e−
(x−µ)2

2σ2 , −∞ < x < +∞ (26)

The goals are between 10 and 20 in the y coordinate, so to
make a goal, the ball must be shot between these coordinates,
otherwise there is no goal.

(a) Probability densities for differ-
ent variances when the robot de-
cides to shoot to the left.

(b) Probability densities for differ-
ent variances when the robot de-
cides to shoot to the right.

Fig. 5. Probability densities of the normal distribution for the mobile robot
to decide where to shoot.

In figure 5, it is possible to observe that the greater the
variance, the lower the precision of the mobile robot will be,
since the probability of failing the target is higher.

D. Situation 4 - Pass

When the mobile robot is under pressure from an opponent,
it has the possibility to pass to a teammate. Once the angle
between the mobile robot with the ball and the robot for whom
the pass is intended is known, that angle will correspond to
the optimal orientation to where the pass is to be made. In
order to simulate the deviation between the optimal angle and
the angle to which the mobile robot makes the pass, a normal
probability distribution is used as shown in the section VI-C

https://www.youtube.com/watch?v=anPVLWVyX-k&list=PLH_2TbGh_rxeptOkvNl_kX7CFHWBhdbOs
https://www.youtube.com/watch?v=anPVLWVyX-k&list=PLH_2TbGh_rxeptOkvNl_kX7CFHWBhdbOs


For the calculation of the deviation, a null average is used
in the normal probability distribution, since the result obtained
from the distribution will be added to the optimal angle.

Fig. 6. Probability densities of the normal distribution that defines the
deviation to be increased to the optimal angle.

As can be seen from figure 6, the greater the variance,
the lower the precision of the mobile robot will be, since
the probability of a greater deviation is greater. Finally, it
is important to highlight that both the shot and the pass
correspond to applying an impulsive force to the ball, and
this applied force models the kick made by the mobile robot,
according to the model of the section V.

E. Situation 5 - Table

In this section, the mobile robots present in the environment
must exchange the ball with each other until they reach the
opponent’s area to make the shot and have the possibility to
score a goal. The optimization problem that each mobile robot
must minimize in order to determine its optimal trajectory
corresponds to the problem of the section VI-A. When the
mobile robot that has the ball wants to make a pass, it needs
to reorient itself to where it intends to make the pass, i.e., the
optimization problem used for each mobile robot to reorient,
can be formulated as shown in figure 7, where J corresponds

Fig. 7. Optimization problem for the robot to orient itself.

to the quadratic cost function in (20), and Wmax corresponds
to the maximum angular speed that the mobile robot can
reach. For this simulation, the red robot has a higher pass
accuracy than the blue robot, i.e., the probability of making
an inaccurate pass is lower compared to the blue robot.

In figure 8 we can observe the optimal trajectories made
by the mobile robots, where they exchange the ball with each
other whenever they have an obstacle in front of them, until
one of them reaches the opponent area and makes the shot
in order to score a goal. As mentioned, the blue robot has
a high probability of making a pass with a sharp deviation

(a) Part 1. (b) Part 2.

(c) Part 3. (d) Part 4.

Fig. 8. (Simulation 15) Table made by the mobile robots.

from the angle formed by him and the colleague to whom
he intends to make the pass. Point 3 represents the position
where the red robot intercepted the pass and it is possible to
verify a certain gap between points 2 and 3 (a deviation of
about 7.98◦). However, the red robot has a high probability of
making an accurate pass. Points 4 and 5 show, respectively,
the point where the blue robot realized that the red robot was
going to pass the ball to him, and the point where the blue
robot intersects the ball. As you can see in the figure 8, the
pass was made very accurately (a deviation of about 1.12◦).

The simulation performed is available at
https://www.youtube.com/watch?v=J8AHpoTzqq4&list=
PLH 2TbGh rxdOY2M-NWdeaqf1Dl8LJie8.

F. Situation 6 - Inclusion of a dynamic opponent

At this stage, we enter the field of differential games.
A differential game is a game involving N players whose
behavior is described by a difference (or differential) equation.
There are two types of differential games: zero sum differential
games, and non-zero differential games [21]. In this disserta-
tion, a non-zero differential games is used.

The non-zero differential game, each player has his own
cost function that must optimize [21]. In the context of this
dissertation, the non-zero sum game can be applied when the
robot that is with the ball wants to minimize the distance to
the opponent’s area, while the robot that is defending wants
to minimize the distance to the player with the ball.

The optimization problem of the mobile robot that is at-
tacking can be formulated as shown in figure 9, where Qa
corresponds to the matrix of state weights for the robot that
is attacking and cx and cy correspond, respectively, to the
coordinates x and y of the mobile robot that is defending.

The optimization problem of the mobile robot that you are
defending can be formulated as shown in figure 10, where Qd

https://www.youtube.com/watch?v=J8AHpoTzqq4&list=PLH_2TbGh_rxdOY2M-NWdeaqf1Dl8LJie8
https://www.youtube.com/watch?v=J8AHpoTzqq4&list=PLH_2TbGh_rxdOY2M-NWdeaqf1Dl8LJie8


Fig. 9. Optimization problem for the attacking player.

Fig. 10. Optimization problem for the defending player..

corresponds to the matrix of state weights for the robot being
defended.

It is intended to understand the influence of the maximum
linear speed of a robot, in the evolution of the optimal
trajectories on the part of the attacker and the defender.

In the figure 11 it is possible to observe in the three
simulations carried out, that, regardless of the maximum linear
speed achieved by the defendin robot, it is always overtaken by
the attacking robot, giving the attacker the opportunity to shoot
without any type of opposition. This is due to the fact that, the
defending robot does not carry out any type of containment.

The various simulations carried out are available at
https://www.youtube.com/watch?v=KW0Zu8jz0Lw&list=
PLH 2TbGh rxeiaGl9-ZkMUG6RD8nVRAaQ.

G. Situation 7 - Containment

We intend to make known the method used to simulate
the effect of containment in this dissertation and make a
comparison with the results obtained in the previous section.
It was necessary to add to the optimization problem two linear
restrictions in relation to the future states that the defending
robot can reach, as shown in the figure 12. The green area in
the figure corresponds to the area where the defending robot
should be.

The restrictions to be added to the defense optimization
problem are

y(k + i+ 1|k) < m1x(k + i+ 1|k) + b1,

y(k + i+ 1|k) > m2x(k + i+ 1|k) + b2,
(27)

that limit the zone where the robot in defense mode can act.

(a) (Simulation 16) The maximum
linear speed that the attacking
robot can achieve is greater than
that of the defender.

(b) (Simulation 17) The maxi-
mum linear speed that the attacking
robot can reach is equal to that of
the defender.

(c) (Simulation 18) The maximum
linear speed that the attacking
robot can achieve is less than that
of the defender.

Fig. 11. (Simulations 16, 17, and 18) Optimal trajectory made by mobile
robots.

Fig. 12. Restriction to be added to simulate the effect of containment.

Figure 13, shows that if the maximum linear speed of
the defending robot is lower than that of the attacker, it is
overtaken because it does not have enough speed. On the other
hand, if the maximum linear speed of the defending mobile
robot is much higher than that of the attacker, the attacker
begins to have more and more difficulties in progressing in
the field until reaching the desired reference, as shown in
the figure 13c and 13d. However, regardless of the maximum
linear speed that the defending robot can reach, it can never
prevent the attacker from reaching its area. Therefore, there is
a need to implemente the defender’s disarming hypothesis.

H. Situation 8 - Disarming

When the defender is a short enough distance from the
robot with the ball, it has the possibility of making a disarm.
However, for the defender to be able to truly make the disarm,
it is necessary that the attacker is not able to retain the

https://www.youtube.com/watch?v=KW0Zu8jz0Lw&list=PLH_2TbGh_rxeiaGl9-ZkMUG6RD8nVRAaQ
https://www.youtube.com/watch?v=KW0Zu8jz0Lw&list=PLH_2TbGh_rxeiaGl9-ZkMUG6RD8nVRAaQ


(a) (Simulation 19) The maximum
linear speed that the attacking
robot can achieve is greater than
that of the defender.

(b) (Simulation 20) The maxi-
mum linear speed that the attacking
robot can achieve is equal to that of
the defender.

(c) (Simulation 21, Part 1) The
maximum linear speed that the at-
tacking robot can achieve is less
than that of the defender.

(d) (Simulation 21, Part 2) The
maximum linear speed that the at-
tacking robot can achieve is less
than that of the defender.

Fig. 13. (Simulations 19, 20, and 21) Optimal trajectory made by mobile
robots with the inclusion of containment.

ball. To simulate the success or failure of the attempt to
disarm, and the retention of the ball, a binomial probability
distribution is used, since each attempt results exclusively in
two possibilities, success or failure. The random variable X
(number of successes in a set of n independent Bernoulli tests
with probability of success common and equal to p) is said
to have binomial distribution of parameters (n, p) and has the
probability function equal to

P (X = x) =


(
n

x

)
px(1− p)n−x, if x = 0, 1, 2, ..., n

0, otherwise.
(28)

It is now intended to show the effect of disarming
and retaining the ball in a robotic soccer game. The
results obtained for each simulation performed can be
viewed in https://www.youtube.com/watch?v=zuOBt5h2LzI&
list=PLH 2TbGh rxdKx5EJh8BumOKw62Cv-FfA.

In simulation 22, the attacker has a low probability of
success in retaining the ball, while the defender has a high
probability of success in disarming, consequently, the attacker
has great difficulty in progressing on the field and ends up
be disarmed. In simulation 23, we reverse the the situation,
the attacker has a high probability of success in retaining
the ball, while the defender has a low probability of success
in tackling, and as a consequence the attacker even while
having difficulties progressing on the field, manages protect
yourself from the various attacks of attempted disarming by
the defender.

I. Situation 9 - Resistance and energy of the mobile robot

Two very important parameters in a football game are the
resistance and energy of each player. Resistance corresponds
to the body’s ability to resist fatigue throughout the game, and
energy corresponds to the energy the player has to perform a
sprint.

Resistance influences the performance of each mobile robot,
that is, passing accuracy, shooting accuracy, probability of
tackling and probability of ball retention. If the resistance
is below 80%, your capacities all decrease 20% from the
initial value. If the resistance is below 50%, your capacities all
decrease 50% from the initial value. And if the resistance is
below 25%, your capacities all decrease 75% from the initial
value.

To model the evolution of resistance and energy throughout
the game, a first order system is used. The first order contin-
uous system with transfer function

G(s) =
a

s+ a
(29)

is sampled with a D/A and an A/D, with a sampling interval
Ts. The difference equation corresponding to this first order
system can be written as

y(k + 1) = e−aTsy(k) + (1− e−aTs)u(k), (30)

where u(k) corresponds to the control action to be applied
to the system, which represents the resistance wear, and the
energy wear and recovery, and y(k) corresponds to the current
state of the resistance or energy.

The pole of the first order system that represents resistance
and energy is of great importance in the way the mobile robot
will behave, that is, the closer the pole is to the origin, the
longer it takes the system to tend towards the value intended.
Next, we show the effect of the location of the pole on the
trajectory traveled by mobile robots, and the evolution of
resistance and energy.

(a) Optimal trajectory made by
each mobile robot.

(b) Evolution of resistance and en-
ergy.

Fig. 14. (Simulations 24) Ideal trajectory with the inclusion of resistance and
energy spent by each mobile robot.

As expected, since the pole that influences resistance and
energy is closer to the origin for the blue robot, the evolution
of the curve in relation to the resistance and energy of the blue
robot, evolves with less speed in relation to resistance and to
the energy of the red robot. The simulation performed is avail-
able at https://www.youtube.com/watch?v=tSGqP5YMKY4&
list=PLH 2TbGh rxeKIiOcq9xcNkspf47nJSa3.

https://www.youtube.com/watch?v=zuOBt5h2LzI&list=PLH_2TbGh_rxdKx5EJh8BumOKw62Cv-FfA
https://www.youtube.com/watch?v=zuOBt5h2LzI&list=PLH_2TbGh_rxdKx5EJh8BumOKw62Cv-FfA
https://www.youtube.com/watch?v=tSGqP5YMKY4&list=PLH_2TbGh_rxeKIiOcq9xcNkspf47nJSa3
https://www.youtube.com/watch?v=tSGqP5YMKY4&list=PLH_2TbGh_rxeKIiOcq9xcNkspf47nJSa3


J. Situation 10 - 1vs1

We intend to make known the strategy used in each situa-
tion, where all the situations described above will be used.

Initially the ball is stopped, and both mobile robots must
run towards it. The first mobile robot to reach the ball goes
into attack mode and the other goes into defense mode.

The robot that is defending must minimize the distance to
the attacking robot in order to try to disarm and go out on
the counterattack. However, if the attacker manages to reach
his area, after the attacker shoots, the defender must try to
intersect the ball, in order to avoid the goal. If he succeeds,
he goes into attack mode and the one who made the shot goes
into defense mode.

Several simulations were carried out, which are avail-
able at https://www.youtube.com/watch?v=1Fn8NC0LT0Q&
list=PLH 2TbGh rxf00NR1Ud1swtJf9DclZtdY.

K. Situation 11 - 2vs1 and 1vs2

In this situation we are facing two attackers against only
one defender. Since there are two attackers, each mobile robot
occupies a specific region of the field, one with the right side
and the other with the left side. That said, the mobile robot that
has the ball runs on the side that corresponds to it in order to
reach the opposite area. The mobile robot on the opposite side
runs in order to follow the movement of its teammate. When
the robot with the ball stands before the defending robot, it
must reorient itself to pass the ball to its teammate.

The robot that is defending must minimize the distance to
both mobile robots of the opposite team.

The defending robot must try to make a disarm or intersect a
pass to prevent the attackers from shooting. After the attacker
shoots, the defender must try to intersect the ball in order to
avoid the goal. If he succeeds, he goes into attack mode and
the opposing team’s robots go into defense mode.

Several simulations were carried out, which are avail-
able at https://www.youtube.com/watch?v=1Fn8NC0LT0Q&
list=PLH 2TbGh rxf00NR1Ud1swtJf9DclZtdY.

We now intend to address the situation of 1vs2, where we
are facing an attacker against two defenders. In this situation
the striker tries to minimize the distance to a point within the
opposing area, trying to circumvent the defenders who face
him. As before, since there are two defenders, it makes no
sense for them both to try to steal the attacker’s ball, so they
defend by zone.

The defender must minimize the distance to the attacking
robot and to a point within his area. If the attacker is within
his defense zone, the weight related to the minimization in
relation to the distance to the attacking robot is greater than
the weight in relation to the point within his area. However, if
the striker is in the defense zone of his teammate, the weight
related to the minimization in relation to the distance to the
attacker is less than the weight in relation to the point within
his area.

Several simulations were carried out, which are avail-
able at https://www.youtube.com/watch?v=IzH1XCWn 2I&
list=PLH 2TbGh rxcqI9-53sJxYCiqt8eT0dm .

L. Situation 12 - 2vs2

In this situation we are facing two attackers against two
defenders. Since there are two attackers, each mobile robot
occupies a specific region of the field, one with the right side
and the other with the left side. Therefore, the robot that has
the ball, runs along the side that corresponds to him in order to
reach the opposite area. The robot from the opposite area runs
in order to follow the movement of the teammate. When the
robot that has the ball is pressed by a defender, he can choose
to pass the ball to his teammate if he is in good condition to
receive the ball, or choose to try to dribble the defender in
the case of his teammate team player is also pressured by a
defender.

There are two strategies for defending robots, a backward
defense and a pressing defense. If the defenders have a higher
speed than the attackers, they make a man mark, that is, each
of the robots must immediately apply pressure to the robot of
the opposite team that is on its side. However, if the defenders
are slower, they choose to play with a more defensive back
and with the lowest pressure line so as not to take so many
risks.

Several simulations were carried out, which are avail-
able at https://www.youtube.com/watch?v=eCzEHJhaISg&
list=PLH 2TbGh rxdkW9AlE0l6FiqkjxZhqMOn

M. Situation 13 - 4vs4

In this situation we are facing four attackers against four
defenses. Since there are four attackers, each mobile robot
occupies a specific region of the field, one being a goalkeeper
or defender, another as a right wing, another as a left wing
and another as a striker. If the goalkeeper is in possession of
the ball, he can only drive the ball to the limit of his area, and
must pass the ball to one of the side players. If one of the side
players has a ball, the striker and the opposite side must follow
his movement. When the sideline player is pressured by a robot
from the opposing team, he must give priority to the pass to the
striker, since a delayed pass to the goalkeeper is of great risk,
so the sideline can only pass to the your goalkeeper if you are
still in your midfield. If the sideline player is in the opponent’s
midfield, and the striker is under pressure from a defender, the
sideline player must try to circumvent his opponent. On the
other hand, if the striker is on the ball, the side players must
follow his movement to pass the line. The pass is also made
only if one of the side players is without pressure.

As mentioned earlier, there are also two strategies for
defending robots in this situation, a backward defense and a
pressing defense.

Several simulations were carried out, which are avail-
able at https://www.youtube.com/watch?v=Bb5J2YiD-LI&
list=PLH 2TbGh rxe7HISkwFD7NZ3glZLvNS .

VII. CONCLUSION

The main objective of this work was to control two groups
of robots aggregated in teams, that play football. It was
therefore necessary to develop, implement and test a controller
for a system of multiple robots, where it was expected that

https://www.youtube.com/watch?v=1Fn8NC0LT0Q&list=PLH_2TbGh_rxf00NR1Ud1swtJf9DclZtdY
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a robot, or a set of robots, could perform certain tasks and
find the best trajectory to achieve a certain objective. This
trajectory is calculated by minimizing a cost function that must
consider all restrictions and weights of certain parameters. This
control strategy is implemented based on an approach called
MPC. The developed controller is able to accurately track a
given trajectory, being able to avoid different types of obstacles
present in the environment.

For the development of the controller it was necessary to
build a cost function that should reflect each task of each
robot in the field, since each task has a different impact on the
performance of the controller, that is, during the execution of
each task, different functions of cost with different restrictions
were used, so the parameters of each cost function will have a
greater or lesser impact on the J cost minimization problem.

It is necessary to take into account that, since the soccer
game consists of situations that depend on probabilities, for
the same initial conditions, totally different simulations can be
obtained, as for example, in a simulation, the red team wins
the game, and in another, the blue team wins the game.
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