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Resumo

Sistemas multiagentes têm sido um foco importante de pesquisas para diversas aplicações

desde a robótica com robôs interagindo e competindo entre si ou em jogos em que di-

versos agentes possuem um objetivo comum ou conflitante. É notável não só a evolução

dos algoritmos determińısticos que abordam tarefas como navegação de robôs evitando

colisões em ambientes controlados, como também abordagens que envolvem técnicas de

aprendizado de máquina incluindo aprendizado por reforço. Recentemente, estes métodos

baseados em aprendizado por reforço se mostram eficazes ao aproveitar redes neurais e a

capacidade de processamento para tarefas complexas.

Dentre as tarefas de enxames ou grupo de robôs uma tarefa em espećıfico se mostra

desafiadora: Navegação segregada. Esta tarefa consiste em um grupo de robôs, do mesmo

grupo ou não, navegarem pelo ambiente em que estão inseridos e possuem o objetivo

de navegar em conjunto de um ponto inicial até um objetivo final de forma coordenada

evitando colisões com os outros robôs no ambiente ou obstáculos.

O estado da arte neste campo conta com algoritmos determińısticos que atendem

a tarefa não apresentam uma escalabilidae adequada para um número grande de robôs

ou vários grupos de robôs heterogêneos. Além disso, essas técnicas possuem algumas

restrições como o conhecimento prévio de caracteŕısticas dos robôs e atributos como o

grupo que um determinado robô pertence.

Para entender como o aprendizado por reforço pode auxiliar a comunidade a su-

perar alguns destes desafios, propomos duas metodologias para aplicar aprendizado por

reforço com redes neurais (Deep Reinforcement Learning) na tarefa de navegação segre-

gada de grupos heterogêneos de robôs que pertencem a grupos distintos.

A primeira abordagem utiliza uma representação dos estados a partir dos sensores

dos robôs para mapear o ambiente e os robôs dentro de um determinado campo de visão.

Nessa estratégia, a ação que o robô executa está diretamente ligada à quantidade de robôs

na região de visão dos sensores. O treinamento é realizado em um determinado setup no

qual o robô é exposto a diferentes cenários com relação ao número de robôs e número

de grupos. Em tempo de teste, essa poĺıtica aprendida é aplicada no mesmo setup de

treinamento, mas também o que chamamos de extrapolação, no qual a poĺıtica é aplicada

em cenários mais complexos com mais robôs por grupo.

Já a nossa segunda abordagem utiliza uma representação de elipse para representar

o grupo de robôs além de uma estratégia de campos potenciais para evitar as colisões.

Neste caso, a representação dos estados é feita pelos parâmetros da elipse de cada grupo e



testamos duas formas de utilizar campos potênciais para evitar colisões: a primeira sendo

o vetor resultado como uma entrada na rede neural a ser aprendida e a outra como soma

vetorial após a resposta da rede.

A primeira metodologia apresenta resultados relevantes para cenários em que o

setup de teste é o mesmo de treinamento. Ao expandirmos o teste e aplicarmos a poĺıtica

em cenários mais desafiadores, os resultados não são tão bons. Já com a segunda abor-

dagem, em especial a segunda metodologia, obtivemos uma taxa de sucesso expressiva em

relação à primeira metodologia da mesma abordagem e mesmo ao compararmos com a

primeira abordagem.

Palavras-chave: robótica; sistemas multi agentes; aprendizado por reforço; matemática



Abstract

Multi-agent systems have been a pivotal area of research for numerous applications in

robotics, where robots interact and compete with each other, or in games where multiple

agents have common or conflicting objectives. This field has seen significant advance-

ments not only in deterministic algorithms addressing tasks such as collision-free robot

navigation in controlled environments but also in machine learning techniques, includ-

ing reinforcement learning. Recently, reinforcement learning methods leveraging neural

networks and computational power have proven effective for complex tasks.

A particularly challenging task within robot swarms is collision-free segregated

navigation. This involves a group of homogeneous or heterogeneous robots navigating

from a starting point to a final destination in a coordinated manner, avoiding collisions

with other robots and environmental obstacles.

Current state-of-the-art approaches rely on deterministic algorithms, which, while

effective, do not scale well to large numbers of robots or multiple heterogeneous robot

groups. Additionally, these methods require prior knowledge of the robots’ characteristics

and group attributes.

To address these limitations, we propose two methodologies to apply deep rein-

forcement learning in the segregated navigation of heterogeneous robot groups.

The first approach uses state representations from robot sensors to map the en-

vironment and the robots within a certain field of view. Here, the robot’s actions are

directly influenced by the number of robots detected within the sensor’s range. Training

is conducted in a controlled setup, exposing the robots to varying scenarios regarding the

number of robots and groups. During testing, the learned policy is applied both within

the training setup and in more complex extrapolated scenarios with a higher number of

robots per group.

The second approach employs an ellipse representation for the robot groups and a

potential field strategy to avoid collisions. State representations are based on each group’s

ellipse parameters. We explore two potential field applications: one where the resultant

vector serves as an input to the neural network and another where it is summed vectorially

after the network response.

The first methodology yields significant results when the testing setup mirrors the

training environment. However, its performance declines in more challenging scenarios.

Conversely, the second methodology, particularly the latter variant, demonstrates a higher

success rate than the first and initial approaches within the same approach.
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Chapter 1

Introduction

Robotics research has been at the forefront of mobility, defense and industry applications

using the cutting edge technologies such as computer vision [87], neural networks [93] or

reinforcement learning [42]. These developments enable a huge range of possibilities from

aerospace applications like the Mars rovers [88] or in the automotive industry using robots

for assembly lines or logistics [5]. Alongside the technology developments we also face the

necessity to reduce human risks when dealing with robots in hazardous operations or the

cost reduction of these robot’s system, then to achieve same results with lower risks and

cost it is been developed idea of robot swarms applications.

Swarm is concerned with coordinating a multiple robot system where a collective

behavior emerges from the interaction among the robots and the environment. 1 Usually,

robotics swarms are inspired by biological swarms such as the flock of birds, groups of

ants or a hive of bees [6] which a large numbers of simple robots are used to perform

a coordinated task. Those robots as individuals do not have the full capability to com-

plete the tasks, but as a group they present an emergent behavior that allows the entire

swarm to achieve their goals [60]. These robots ideally should be low cost with limited

hardware components to justify the deployment of several robots to perform the given

task and the execution of swarm robotics tasks put forward challenges like Software Ar-

chitecture, Hardware, Communications, Sensor Fusion, Testing, Cooperative Intelligence

among others [6].

Examples of swarms tasks are aggregation of robots from the same group spread

in a common environment, navigation of a given group from point A to point B, foraging

in an environment searching for resources, transportation of heavy objects, coordinated

movement to design patterns, assembly applications in several industries like automotive

and many other applications researchers are investigating from different industries from

farming to aerospace and defense. These tasks allow the development of new collective

and cooperative intelligence through new algorithms and paradigms to enhance the key

results for each application.

Several methods and algorithms have been proposed to address safe navigation

1It is also referred as multi-robot system which a swarm the robots are homogeneous and within a
multi-robot system they may be heterogeneous [75]
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tasks. For obstacle avoidance, the authors in [26] proposed the Velocity Obstacles (VO),

which was improved by [85] as Reciprocal Velocity Obstacles (RVO). Then, the authors

proposed the Optimal Reciprocal Collision Avoidance (ORCA) [85], which represents one

of the best methods for safe navigation considering a group of robots. Moreover, in

recent years, as can be seen in several research areas, Machine Learning (ML) has become

increasingly present in applications using multi-agent systems [37], and [45]. Several

researchers have been working on solutions for the most diverse types of tasks using ML

algorithms. However, when proposing an approach that uses this type of technique, it

is necessary to analyze a series of factors that can significantly influence the quality of

the developed solution, such as the type of learning to be used, the most appropriate

modeling to represent what will be learned by the robots and the tools used to evaluate

the quality of what is being learned.

Of particular interest to this dissertation, the Reinforcement Learning (RL) frame-

work applied to multi-robot systems is extremely important as a research area. Using RL

as a learning method for complex algorithms that might request higher processing power

or more expensive hardware may be a solution to deploy simpler robots to solve complex

tasks. Maybe the most common Reinforcement Learning algorithm, the Q-Learning [89],

has been used to solve several problems like path planning [57] and [43] but also extended

using deep neural networks to solve collision avoidance tasks [52], [19] and [51].

This work explores a deep reinforcement learning approach to map states to actions

of a robot inserted in a group of robots that share the same objective and aim to complete

a specific task. The robot task may be summarized as going from a starting position in

a shared environment with other groups and reaching a final position alongside its group

peers (other robots). At each time step, the robot uses the proposed methodology to map

the state to a feasible action, avoiding collisions with other robots that share the same

environment and keeping cohesion with its group as represented in Figure 1.1 where each

frame represents a time step when the robot is sharing the environment with other robots

and other groups.

We investigate two approaches using different state representations: the first with

a spatial representation of the robot’s sensor and the second using a group of robots to

build ellipses that encapsulate each group.

1.1 Motivation

The swarm’s goal may be a variety of tasks, like self-organization, when the robots

in the swarm, based on their sensors, determine the direction to move and the interac-
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Step 0 Step 57 Step 321

Step 679 Step 1022 Step 1210

Figure 1.1: Example of segregated navigation task.

tion with other robots. Other tasks like rescue operations or even assembly in different

industries may be the objective of a swarm.

In many applications, specific tasks may need the division of the swarm into dis-

tinct groups of agents, each specialized in particular subtasks. For instance, in resource

collection scenarios, different types of robots may be designated to collect specific re-

sources [53]. These specialized groups are then deployed to areas where their respective

resources are abundant. Maintaining effective coordination and segregation among these

groups presents significant challenges. The robots must navigate safely while ensuring

they do not interfere with other groups, and their efficiency must not be compromised by

these constraints.

A pertinent example is found in rescue operations, where distinct groups of robots

may be tasked with different aspects of the rescue, such as debris removal, medical supply

delivery, and victim search [41]. Each group must perform its function without disrupting

the others, necessitating advanced coordination strategies. Similarly, in industrial assem-

bly, robots might be specialized for various assembly stages, requiring precise coordination

to ensure seamless integration of parts [33].

In swarm robotics, reinforcement learning (RL) methods such as Q-Learning are

often employed to map sensor signals to a state space representing the environment. While

Q-learning has advantages in discrete environments due to its simplicity, it encounters sig-
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nificant limitations in more complex, continuous environments where different groups have

distinct targets. The scalability of Q-Learning is hindered by its reliance on maintaining

a table of state-action values, which becomes impractical as the number of states and

actions increases. Additionally, Q-Learning struggles with generalizing learned behaviors

to unseen states and efficient exploration of intricate environments [78].

Deep reinforcement learning (DRL) addresses these limitations by leveraging neu-

ral networks to approximate value functions or policies, enabling the handling of large

state and action spaces inherent in continuous environments. DRL’s ability to general-

ize from past experiences to new states is particularly valuable in dynamic environments

where agents must adapt quickly. Moreover, DRL can process complex representations

directly from raw sensor inputs and handle continuous action spaces, essential for pre-

cise control and coordination in swarm robotics [58]. By overcoming the limitations of

tabular methods, DRL provides a robust framework for developing advanced swarm in-

telligence and coordination strategies, making it an invaluable tool for modern swarm

robotics applications [49].

The state representation is also important to a DRL paradigm associated with

the task it is being developed. First, it determines how well the learning algorithm

can generalize from past experiences to new, unseen situations. Second, it impacts the

efficiency of the learning process, as a good representation can simplify policy learning

by emphasizing important patterns and reducing noise. Third, it enables the integration

of diverse sensory inputs, such as a vision for images, touch for sponsored robots, and

also for abstract sensing like laser distance measurement, into a coherent state description

that the learning algorithm can use effectively.

In this dissertation, we investigate and propose two methodologies based on Deep

Reinforcement Learning that use two different states’ representations and use the success

rate as a key metric to measure the results. In the first part of the work, the representation

and simulation consider that the robot belongs to the FL-ORCA proposed by Inácio

et al. [40], which means that the learning robot is known for the other robots in the

simulation. The second state representation uses an ellipses concept to represent the

state space; the learning robot is a complete stranger to the other robots, and it no longer

belongs to the FL-ORCA swarm, increasing the task difficulty.

1.2 Objectives

The objective of this dissertation is to investigate a Reinforcement Learning ap-

proach to the segregated navigation task of a swarm. More specifically, given a swarm
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of robots divided by groups and sharing the same environment, we propose two different

strategies with two different states’ representations for the RL framework that enable a

robot to learn the behavior presented by the group to which this robot belongs. The

other robots are ruled by the FL-ORCA algorithm, while in the first strategy, the learn-

ing robot, despite using our methodology, is recognized by the other robots as part of the

environment. On the other hand, in the second strategy, we use a completely different

state representation using the ellipses concept, and the other robots are not aware of the

learning robot’s presence in the environment creating a more complex scenario for the

learning process.

Local View Representation: The first methodology investigates a state representation

using a local sense of the environment. The state is basically a circular construction

based on the distances from the other robots and their angles within the sense region.

This investigation led us to interesting results where we set the training process in an

environment with a certain number of groups and robots. We simulate the testing time

with an extrapolation where the testing scenario considers more robots and/or groups

than the learning robot was exposed to during the training session. We also investigate

the impact when the robot is not part of the FL-ORCA group algorithm and when the

robot does not belong. This work was published in the 4th International Symposium on

Swarm Behavior and Bio-Inspired Robotics (SWARMS 2021) [79].

Ellipses Representation: Our second approach uses a different state representation and

considers ellipsis and a covariance matrix to define the coverage for all group robots. This

methodology is inspired by the work presented by Soriano et. al [65] where the authors

use the ellipse idea but for a different task without Reinforcement Learning. We show

some interesting results and improvements when the learning robot is not considered

part to the FL-ORCA group. Although the first strategy using a sensor-based state

representation achieves a satisfactory success rate, the learning robot has the restriction

of being part of the FL-ORCA group, and we remove this restriction using a different

space state construction to achieve reasonable results.

1.3 Outline

Here, we present a summary of each part of this dissertation, highlighting what

the reader may expect from each chapter.

• Chapter 2: This chapter outlines the background of this dissertation about swarms

and reinforcement learning. It begins with important concepts about both disci-
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plines and emphasizes the algorithms we use in this work. Lastly, we present a

literature review related to the main topics of this dissertation.

• Chapter 3: The third chapter describes our approach considering the Local View

Representation. It outlines and explains the methodology in detail and presents

the main results considering when the robot belongs and does to the FL-ORCA

group. We also investigate two main failure reasons and how they relate to the

number of robots and groups.

• Chapter 4: The Ellipses Representationis described in chapter 4. The chapter

outlines the second methodology, where we use an ellipsis representation of the

state alongside the local sense of the learning robot. Also, in this work, we present

results considering when the robot belongs and does not belong to the FL-ORCA

group. Finally, we investigate two main failure reasons and how they relate to the

number of robots and groups. Going beyond that, we compare the best sensor-state

representation of this chapter with Chapter 3.

• Chapter 5: Finally, in this chapter, we conclude our work by highlighting the

key points of the work and reinforcing the investigation, results, and possible con-

tributions of the presented methodologies. We also introduce several possibilities

relevant to the community in future works.
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Chapter 2

Background & Related Work

In this section, we review several related studies covering the two main topics of this work:

Reinforcement Learning and Robotic Swarms.

2.1 Reinforcement Learning

In this section, we present a review of reinforcement learning and the fundamentals

behind the learning process. As described by Sutton and Barto [78], it is a type of machine

learning where an agent learns to make decisions by performing actions in an environment

to maximize some notion of cumulative reward. Unlike supervised learning, where the

learning process is guided by a set of labeled examples, RL relies on the agent exploring

the environment and receiving feedback in the form of rewards or penalties. This trial-

and-error approach is fundamental to how RL algorithms operate.

We begin by introducing the RL paradigm and the Markov Decision Process

(MDP), which forms the backbone of most RL algorithms. Following this, we explore

essential algorithms such as Deep Q-Learning (DQN) [58] and Double Deep Q-Learning

(DDQN) [36]. This discussion is supplemented with references about applying these

methodologies in the robotics area and recent advancements in the field.

2.1.1 Reinforcement Learning Paradigm

The canonical Reinforcement Learning (RL) problem can be formalized as a learn-

ing process where the agent interacts with the environment without examples or super-

vision, or even complete models of the world in which it is inserted and aims to achieve

long-term goals [78], [28]. The RL paradigm differs from supervised learning, whose main
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focus is to map a function from inputs to outputs given a labeled set of input-output

pairs. In addition, RL also differs from unsupervised learning since the main goal of RL is

to maximize the reward. In contrast, in unsupervised learning, we try to uncover patterns

of unlabeled data.

The Markov Decision Process (MDP) was first introduced by Bellman [11]. It is

a time stochastic control process represented by a tuple (S, A, P , R, λ) where S is a

set of states, A denotes a set of discrete actions, P : S × A × S ⇒ {x ∈ R | 0 ≤ x ≤ 1}
is the transition probability function, R is the reward function, and λ is the discount

factor applied. It provides a mathematical framework for modeling decision-making in

environments with probabilistic transitions.

The agent’s objective is to learn a policy π(a|s) that maximizes the expected

cumulative reward, known as the return Gt:

Gt =
∞∑
k=0

γkRt+k+1

This return accounts for all future rewards starting from time step t, discounted

by γ.

In summary:

• State space (S): The set of all possible states in the environment.

• Action space (A): The set of all possible actions the agent can take.

• Transition probability function (P (s′|s, a)): The probability of transitioning to

state s′ from state s after taking action a.

• Reward function (R(s, a)): The immediate reward received after taking action a

in state s.

• Discount factor (γ): A factor 0 ≤ γ ≤ 1 that represents the importance of future

rewards.

• Policy π(a|s): A policy is a strategy that the agent employs to determine the next

action based on the current state. It can be deterministic (mapping states to specific

actions) or stochastic (mapping states to a probability distribution over actions).

The MDP represented in Figure 2.1 exemplifies the interaction where actions in-

fluence immediate rewards and subsequent situations or states and those future rewards.

At each time-step t, the agent selects an action at ∈ A. Then, the agent receives a

reward τt ∈ R and changes from state st ∈ S to st+1 ∈ S. The agent aims to learn a policy

that maps every state to a probability distribution over all possible actions, maximizing

the expected reward obtained in an episode.
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Figure 2.1: Agent-environment interaction in a Markov Decision Process. Adapted from
[78]

.

Several authors extended those ideas and comprehensively understood RL, espe-

cially Sutton et. al [10] while it was first proposed by Bellman [12]. Although agents

and environment are highly cited in RL systems, other aspects are also important: policy,

reward, value function, or the model of the environment.

2.1.2 Policy

The policy maps the agent’s states to actions. It may be a function or look-up

table and can also be stochastic, which means a probability associated with the choice of

each possible action [78].

• Deterministic Policy:

A deterministic policy, denoted by π, is a function that maps states to actions. This

means that given a state s, the policy π specifies the action a that the agent should

take.

π : S → A

where S is the set of all possible states and A is the set of all possible actions. For

a given state s ∈ S, the action a chosen by the policy is π(s).

• Stochastic Policy:

A stochastic policy, denoted by π(a|s), specifies a probability distribution over ac-

tions given a state. This means that for each state s, the policy provides the

probability of taking each possible action a.

π(a|s) = P (At = a | St = s)
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Here, π(a|s) represents the probability that action a is chosen when the agent is in

state s.

• Optimal Policy:

An MDP often aims to find the optimal policy π∗ that maximizes the expected re-

turn. The optimal state-value function V ∗(s) and the optimal action-value function

Q∗(s, a) are defined as:

V ∗(s) = max
π

V π(s)

Q∗(s, a) = max
π

Qπ(s, a)

An optimal policy π∗ achieves these optimal value functions.

2.1.3 Reward

On each step, the agent should interact with the environment, and given an action

and the policy, it receives an associated reward. The reward signal defines what

good and bad outcomes for the agent are. The reward changes the policy behavior:

if a bad reward follows an action the agent selects, the policy may be changed to

select another action shortly [78].

In RL, an agent learns to make decisions by interacting with an environment. The

agent’s goal is to maximize cumulative reward over time. The reward function is

a crucial component of this framework as it defines the agent’s objective. Proper

reward design is essential for guiding the agent’s behavior towards the desired out-

comes [21]

2.1.3.1 Reward Function

A reward function R provides feedback to the agent about the immediate benefit of

taking action at in a given state st [17, 61]. Mathematically, the reward function is

defined as:

R(st, at, st+1)
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where st is the current state, at is the action taken, and st+1 is the resulting state

after taking action at.

The reward rt received by the agent at time step t is:

rt = R(st, at, st+1)

2.1.3.2 Cumulative Reward

The agent’s objective is to maximize the cumulative reward, often called the return.

Depending on the problem, the return can be defined in various ways [21, 61]. For

example, in an episodic task, then return Gt from time step t can be defined as the

sum of future rewards:

Gt =
T−t∑
k=0

γkrt+k

Where:

1. γ ∈ [0, 1] is the discount factor determining future rewards’ present value.

2. T is the time step when the episode ends.

2.1.3.3 Designing the Reward Function

Reward design is critical because it influences the learning process and the resulting

policy. A well-designed reward function should:

1. Encourage Desired Behavior: Rewards should be given for actions that

lead to desired outcomes [21].

2. Avoid Unintended Incentives: Poorly designed rewards can lead to unde-

sirable or unintended behaviors [34, 22].

3. Balance Immediate and Future Rewards: The discount factor γ helps

balance short-term and long-term gains [91].
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Regarding reward design strategies, we highlight the use of Sparse and Dense re-

wards. While Sparse are given infrequently, often only when a goal state is reached

[55], the Dense rewards are provided more frequently, possibly at each time step,

providing constant feedback [39].

For example, in a navigation task using a Sparse reward, we can associate a reward

rt at a given time step t if the state st+1 is a terminal or goal state. On the other

hand, if we consider a Dense Reward, the reward rt can be a function f of a given

environment feature, for example, the distance from a target position considering

the navigation task.

1. Sparse reward:

R(st, at, st+1) =

rt if st+1 is the terminal state

0 otherwise

2. Dense reward:

R(st, at, st+1) = distance(st+1, goal state)

2.1.4 Value Function

The value of a state is the total reward an agent can expect to accumulate over the

future, starting from that state [78].

The value of a policy π is often evaluated using value functions. There are two main

types of value functions:

– State-Value Function V π(s): This function gives the expected return (sum

of rewards) starting from state s and following policy π.

V π(s) = Eπ

[
∞∑
t=0

γtRt+1

∣∣∣∣S0 = s

]

where γ is the discount factor ( 0 ≤ γ ≤ 1 ), Rt+1 is the reward received at

time t+1, and Eπ denotes the expectation given that the agent follows policy

π.
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– Action-Value Function Qπ(s, a): This function gives the expected return

starting from state s, taking action a, and thereafter following policy π.

Qπ(s, a) = Eπ

[
∞∑
t=0

γtRt+1

∣∣∣∣S0 = s, A0 = a

]

2.1.5 Model

Finally, the model of the environment may also be an important key to the RL

problem. The model represents the environment dynamics and allows inferences from the

environment in which the agent or robot is inserted. To solve an RL problem, there are

two main strategies that consider model-free where the agent performs a trial and error

approach and the model-based methods, where the agent plans each action based on an

environment’s model.

The optimal action-value function is based on the Bellman equation 2.1 [11]. In

real applications, finding an optimal action-value function is impossible, so it is common

to use a function to approximate it, and it can be linear or even a neural network. It

converges to the optimal action-value function Qi −→ Q∗ as i −→∞ [78].

Q(s, a) = Q(s, a) + α

(
r + γmax

a′∈A
Q(s′, a′)−Q(s, a)

)
, (2.1)

One of the most basic RL algorithms is the Q-Learning presented by Watkins

et. al [89] based on the Bellman Equation [11]. It is an off-policy method, and it is

considered a Temporal Difference Learning (TD) that allows the robot to learn directly

from raw experience without a model of the environment’s dynamics [78]. The learned

value function Q approximates the optimal value function.

One of the main drawbacks of Q-learning is that it overestimates some state actions

under certain conditions, specifically with insufficiently flexible function approximation.

Thrun & Schwartz [81] showed that if an action contains errors uniformly distributed, the

target is overestimated proportionately by the number of actions taken during training.

Moreover, as Q-Learning is a table-based algorithm, every state-action pair should be

explored to converge to the optimal policy.

To overcome the Q-learning tabular limitation, DQN [58] has been successful in

various complex tasks, such as playing Atari games from raw pixel inputs. One of the

key advantages of DQNs is their ability to generalize across similar states due to the use

of deep convolutional neural networks, which extract relevant features from the input

space, facilitating efficient learning. This capability has led to significant advancements
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in artificial intelligence and has showcased the potential of combining deep learning with

reinforcement learning.

However, DQN also has several drawbacks. One significant issue is the instability

and divergence during training, which can arise from the correlation between consecutive

samples and the large updates to the Q-values. This instability can lead to sub-optimal

policies or even failure to learn. Additionally, DQN can suffer from overestimation bias,

where the algorithm tends to overestimate action values, leading to less efficient learning

and poorer performance [78]. We explore the DQN in sub-section 2.1.6.

Double Deep Q-Networks (DDQN) was developed to address some of the key lim-

itations of DQN, particularly the overestimation bias. The core idea behind DDQN is to

decouple the action selection from the action evaluation in the Q-learning update, thereby

reducing the overestimation of action values. Using two separate networks to estimate

the Q-values – one for selecting the action and another for evaluating the action – DDQN

can provide a more accurate estimate of the action values [36].

Moreover, DDQN enhances the stability of the learning process by mitigating the

issues caused by correlated samples and large updates. The separation of action selection

and evaluation helps smooth the learning updates, leading to a more robust and consistent

improvement in policy performance. This advancement has made DDQNs a preferred

choice for many reinforcement learning applications, where stability and accuracy are

crucial [36]. We explore the DDQN in sub-section 2.1.7

2.1.6 DQN algorithm

The Reinforcement Learning paradigm aims to learn directly from high dimensional

inputs known as states to actions that may be continuous or discrete depending on the

agent, the environment, and the task to be learned. With the recent advances in deep

learning techniques, it is possible to enhance the state representation with high-level

features from the environment and process these raw data into meaningful information

for the agent, for example, in computer vision applications [20] and [72] or even audio

generation [63].

In view of the deep learning applications within the RL paradigm, the Deep Q-

Network (DQN) was proposed by V Mnih et. al [58] and uses convolutional neural net-

works to control policies from video data. It is an extension of the Q-learning algorithm

that uses a neural network to approximate the action-value function, Q(s, a; θ), where θ

represents the parameters of the neural network. DQN has been instrumental in enabling

agents to learn from high-dimensional sensory inputs, such as images, and perform well
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in various complex tasks.

One of the key features of DQN is the Experience Replay, which allows the agent,

instead of learning from consecutive state transitions, to store experiences (s, a, r, s′) in a

replay buffer. During training, mini-batches of experiences are randomly sampled from

this buffer. This technique reduces the correlation between consecutive samples, leading

to more stable and efficient learning.

Another important feature is a separate target network to generate the target

values for the Q-learning updates. The parameters of this target network (θ−) are updated

periodically to match the parameters of the primary network. This helps to stabilize

training by preventing oscillations or divergence in the Q-value estimates.

One important advantage of the DQN compared to the Q-learning method is that

the DQN allows the representation of high-dimensional states representations and uses a

deep neural network. Additionally, another advantage of DQN over other methods is that

at each time-step, the weights are updated more efficiently given the experience replay

method. As the experiences are randomly sampled from the dataset D, it reduces the

variance of the updates as consecutive samples would be less efficient due to correlations

between consecutive experiences.

The Q-value update rule in Deep Q-Networks (DQN) is given by the following

equation:

Q(st, at)← Q(st, at) + α
[
rt+1 + γmax

a′
Q(st+1, a

′)−Q(st, at)
]

(2.2)

Where:

• Q(st, at): The current Q-value for the state st and action at.

• α: The learning rate, which determines how much new information overrides the

old information.

• rt+1: The reward received after taking action at in state st.

• γ: The discount factor, which determines the importance of future rewards.

• maxa′ Q(st+1, a
′): The maximum Q-value for the next state st+1 over all possible

actions a′.

The term (rt+1+γmaxa′ Q(st+1, a
′)−Q(st, at) ), represents the temporal difference

(TD) error, which measures the difference between the predicted Q-value and the updated

Q-value based on the observed reward and the estimated optimal future value. The Q-

value update adjusts the current Q-value towards this updated value.

The loss function in Deep Q-Networks (DQN) is used to minimize the difference

between the predicted Q-values and the target Q-values. It is given by the following

equation:
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L(θ) = E(s,a,r,s′)∼D

[(
r + γmax

a′
Q(s′, a′; θ−)−Q(s, a; θ)

)2]
(2.3)

Where:

• D represents the distribution of experiences sampled from the replay buffer.

• r is the reward received after taking action a in state s.

• s′ is the subsequent state.

DQN has been successfully applied to various robotics tasks, where the agent learns

to perform complex actions based on high-dimensional inputs like images from cameras.

In robotics applications, Yushihisa et al. [82] uses DQN to explore the Arm Manipulation

of a robot using visual inputs from a camera to understand the position and orientation

of objects and then learn the optimal actions to manipulate the arm. In a similar work

Zhang et al. controls a robotic manipulator with visual perception only using the DQN.

Algorithm 1 puts into perspective the steps used by the authors, especially the

stored transitions D, and how it is used to optimize the loss function applying a gradient

descent step.

Algorithm 1: DQN

Initialize replay memory D with capacity N
Initialize action-value function Q with random weights θ
Initialize target action-value function Q̂ with weights θ−

for episode = 1,M do
Initialise sequence s1 = {x1} and preprocessed sequence ϕ1 = ϕ (s1)
for t = 1, T do

With probability ϵ select a random action at
otherwise select at = maxaQ (ϕ (st) , a; θ)
Execute action at in emulator and observe reward rt and image xt+1

Set st+1 = st, at, xt+1 and preprocess ϕt+1 = ϕ (st+1)
Store transition (ϕt, at, rt, ϕt+1) in D
Sample random minibatch of transitions (ϕj, aj, rj, ϕj+1) from D

Set yj =

{
rj if terminal ϕj+1

rj + γmaxa′ Q̂ (ϕj+1, a
′; θ−) if non-terminal ϕj+1

Perform a gradient descent step on (yj −Q (ϕj, aj; θ))
2 with respect to the

network parameters θ.
Every C steps, reset Q̂ = Q

end for

end for

Algorithm 2.1: DQN Algorithm.

It begins by initializing a replay memory with a specified capacity to store past

experiences. It also initializes the action-value function Q with random weights θ and a

target action-value function Q̂ with weights θ−.
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The algorithm starts with an initial sequence and preprocesses it for each episode.

At each time step, it selects an action either randomly, with a certain probability ϵ, or

by choosing the action that maximizes the action-value function Q for the current state.

After executing the selected action, it observes the reward and the next state.

The algorithm then stores the transition in the replay memory and samples a

random minibatch of transitions from it. For each transition in the minibatch, it calculates

the target value based on whether the next state is terminal or not. It then performs a

gradient descent step to minimize the difference between the target value and the predicted

value by the action-value function Q. Periodically, the target action-value function Q̂ is

updated to match the action-value function Q. This process repeats until the end of the

episode and continues for the specified number of episodes.

2.1.7 DDQN - Double Q-learning algorithm

The Double Deep Q-Network (DDQN) was developed to address certain limitations

of DQN, such as the overestimation of action values. This overestimation occurs when

the same network is used both to select and evaluate actions, leading to biased estimates

of the Q-values. DDQN mitigates this by decoupling the selection of the action from the

evaluation of the action’s value, using two separate networks: the primary Q-network and

the target Q-network. As introduced by Hasselt et al. [36], this approach helps to reduce

the bias and provides more stable and reliable training.

In DDQN, the action selection is still performed using the primary network, but

the evaluation of the selected action is done using the target network. This modification

results in a more accurate estimate of the action values, leading to improved performance

and stability in training. The use of two networks ensures that the updates to the Q-values

are less susceptible to the noise and correlations present in the training data, making the

learning process more robust. DDQN has shown significant improvements in various

reinforcement learning tasks, particularly those involving high-dimensional state spaces

and complex decision-making processes [36].

The Q-value update rule in DDQN is given by the following equation:

Q(st, at)← Q(st, at) + α
[
rt+1 + γQ(st+1, argmax

a′
Q(st+1, a

′; θ); θ−)−Q(st, at)
]

(2.4)

Where:

• Q(st, at): The current Q-value for the state st and action at.
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• α: The learning rate, which determines how much new information overrides the

old information.

• rt+1: The reward received after taking action at in state st.

• γ: The discount factor, which determines the importance of future rewards.

• Q(st+1, argmaxa′ Q(st+1, a
′; θ); θ−): The Q-value evaluated using the target network

parameters θ− for the action selected by the primary network.

The DDQN loss function is designed to minimize the difference between the pre-

dicted Q-values and the target Q-values. It is given by the following equation:

L(θ) = E(s,a,r,s′)∼D

[(
r + γQ(s′, argmax

a′
Q(s′, a′; θ); θ−)−Q(s, a; θ)

)2]
(2.5)

Where:

• D represents the distribution of experiences sampled from the replay buffer.

• r is the reward received after taking action a in state s.

• s′ is the subsequent state.

DDQN has demonstrated its effectiveness in various complex reinforcement learn-

ing tasks. In autonomous driving, DDQN has been applied to optimize the decision-

making processes of autonomous vehicles, resulting in safer and more efficient navigation

[73] and [50]. The ability of DDQN to provide stable learning and accurate value estima-

tion makes it suitable for applications requiring high reliability and precision.

Algorithm 2 outlines the steps used by DDQN, emphasizing the separate target

network to reduce overestimation bias and improve learning stability.

The DDQN starts by initializing a replay memory with a specified capacity to store

past experiences. It also initializes the action-value function Q with random weights θ

and a target action-value function Q̂ with weights θ−.

For each episode, it starts with an initial sequence and pre-processes it. At each

time step, it selects an action either randomly, with a certain probability ϵ, or by choos-

ing the action that maximizes the action-value function Q for the current state. After

executing the selected action, it observes the reward and the next state.

The algorithm then stores the transition in the replay memory and samples a

random mini-batch of transitions from it. Each transition in the mini-batch calculates the

target value based on whether the next state is terminal or not, using the target network

for evaluation. It then performs a gradient descent step to minimize the difference between

the target value and the predicted value by the action-value function Q. Periodically, the

target action-value function Q̂ is updated to match the action-value function Q. This

process continues for the specified number of episodes.



2.1. Reinforcement Learning 35

Algorithm 2: DDQN

Initialize replay memory D with capacity N
Initialize action-value function Q with random weights θ
Initialize target action-value function Q̂ with weights θ−

for episode = 1,M do
Initialise sequence s1 = {x1} and preprocessed sequence ϕ1 = ϕ (s1)
for t = 1, T do

With probability ϵ select a random action at
otherwise select at = maxaQ (ϕ (st) , a; θ)
Execute action at in emulator and observe reward rt and image xt+1

Set st+1 = st, at, xt+1 and preprocess ϕt+1 = ϕ (st+1)
Store transition (ϕt, at, rt, ϕt+1) in D
Sample random minibatch of transitions (ϕj, aj, rj, ϕj+1) from D
Set

yj =

{
rj if terminal ϕj+1

rj + γQ (ϕj+1, argmaxa′ Q(ϕj+1, a
′; θ); θ−) if non-terminal ϕj+1

Perform a gradient descent step on (yj −Q (ϕj, aj; θ))
2 with respect to the

network parameters θ.
Every C steps, reset Q̂ = Q

end for

end for

Algorithm 2.2: DDQN Algorithm.

2.1.8 Comparison of Double Deep Q-Network (DDQN) and

Deep Q-Network (DQN)

The Double Deep Q-Network (DDQN) was introduced as an enhancement to the

Deep Q-Network (DQN) to address the significant issue of overestimation of action values

in the original DQN algorithm. This overestimation arises from the DQN’s use of the

same network to select and evaluate actions, resulting in biased Q-value estimates. To

mitigate this, DDQN employs two separate networks: the primary Q-network for action

selection and the target Q-network for action value evaluation. This decoupling helps

reduce bias and provides more stable and reliable training [36].

The Q-value update rule in DDQN is represented by equation 2.2 where the target

network θ− is used for evaluating the selected action, thereby yielding a more accurate

estimate of the action values. The DDQN’s approach, which involves minimizing the loss

function represented in equation 2.5 ensures that updates to Q-values are less affected by

noise and correlations in the training data.

Consequently, DDQN demonstrates significant improvements over DQN in various

reinforcement learning tasks, particularly in high-dimensional state spaces and complex

decision-making scenarios, as evidenced in studies by Lillicrap et al. [49] and Shalev-
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Shwartz et al. [74]. This stability and precision make DDQN highly effective for applica-

tions requiring reliable and accurate decision-making processes.

2.2 Robotic Swarms

Robotic swarms are composed by a large number of robots that can be used to

perform complex and collective tasks. Usually, in robotic swarms it is desired a high-level

system that implies scalability, flexibility and robustness [68] to keep the simplicity of the

system when compared to a single robot system that has a centralized control. Moreover,

the system should also be able to operate with heterogeneous groups with different sizes.

2.2.1 Swarms Tasks

In the swarm robotics discipline, various tasks are studied by observing the natural

behaviors of animals; for example. These can be solved using a group of robots and

algorithms that allow each robot to use local interactions with the environment to make

their own decisions [23]. To accomplish those tasks, the robots can use local vs. global

sense, which is how the robot observes the environment. In the local sense, the robot

has a limited view of the environment, and everything inside this environment is sensed

by the robot’s sensors. On the other hand, in the global sense approach, usually, the

robot can have full information about the environment, for example, other robots and

obstacles. Additionally, the robot may use various algorithms and techniques to enhance

its localization and navigation through the environment [80].

The aggregation task involves self-organization methods to control the robot’s

movement based on the environment sensing. These tasks are related to the robot’s

direction and interactions with other agents and the environment aiming to gather a

number of robots in a common target place. Self-organization is inspired by natural ani-

mal formations, such as bird flocks and insects. The attraction/repulsion forces [59] can

be formulated using local sense and using the distance information among the robots to

evaluate a feasible velocity [86], [24]. Probabilistic methods use a finite state machine that

is characterized by two main states: walk and wait [7]. Evaluating aggregation tasks may

involve calculating the robots in a certain area [8] or the distance from a fixed reference

point in space [35].
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The flocking strategy consists of a known behavior from birds where a large group

of agents moves toward a target location. This behavior emerges from the group with local

interactions among the agents, taking into account the distance and orientation among

the near agents and avoiding collision [67]. Also, Siegwart et. al [76] apply the potential

artificial fields approach where each agent is independent and navigates based on its local

sensing. Turgut et. al [83] apply their methodology in real robots generating a flocking

in a swarm using a virtual heading system (VHS) measuring the distance and relative

orientation of nearby robots and obstacles. On the other hand, Santos et. al [69] uses

an extension of the Velocity Obstacle concept and proposes a strategy with a hierarchical

abstraction and flocking behaviors. To measure the flocking performance, an intuitive

metric can be the distance between the evaluated robot and its swarm center of mass [83].

A more complex metric is proposed by Baldassarre et. al [9], and uses measurements to

evaluate an agent and group behaviors during a flocking simulation.

On the other hand, the navigation task implies the capability of a robot or a group

of robots to reach a target location from a different start position, limited sensing and

localization capabilities, and using help from other robots in the environment. Different

techniques may be applied in navigation tasks such as gradient descent [54], a stigmergy

mechanism using indirect coordination through the environment [90], or even a neuro-

fuzzy controller [62].

Another important task considering a robotics swarm is the segregated navigation

(SV). Safe navigation is only part of a robot’s task in a complex scenario. It does not

necessarily lead the swarm to its objective by increasing performance. The robots might

still face difficulties in systems with heavy congestion. The SV task considers environments

where a number of robots from different groups are deployed. Using strategies to optimize

navigation without congestion among groups reaching their goals is important.

Some algorithms also address the collision avoidance issue like those proposed by

Krontiris et. al [46], and Antonio Franchi et. al [27] while the main task, like coordination

or navigation, is still effective.

Several other tasks for swarms are widely studied, and all have their applications

and importance for various scientific fields. For example, area coverage [13], search and

rescue operations [18], foraging [38], task allocation [47], assembly [92], etc.

2.2.2 FL-ORCA Algorithm

Collision avoidance is crucial for any robotics system. Safe navigation with robot

sensing and acting in its environment is a challenging task, especially when multiple robots
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are deployed in the same environment configuring swarms’ of robots [56] or even for crowd

simulation [66].

The Velocity Obstacles (VO) proposed by Fiorini et. al [26] and the Reciprocal

Velocity Obstacles (RVO) proposed by Van den Berg et. al [85] are important works that

use Minkowski sums, and their algorithms are designed to avoid collisions with obstacles

that are moving at a known velocity in the environment. While the first method considers

a known obstacle velocity which is an important constraint, the second also considers that

the obstacle or the other robots can have their velocities affected by the interaction with

the given agent and modify the collision avoidance strategy to guarantee safe navigation.

To overcome VO and RVO restrictions like known obstacles velocity, Berg et. al

[15] proposed the ORCA method for collision avoidance where multiple robots share the

same environment and must avoid collisions. The authors also use a decentralized and

simplified model, and the robots are circular or have a convex polygon form and move in a

2-dimensional environment. The ORCA algorithm ensures local collision-free navigation

[15]. The algorithm evaluates for all agents in the environment the possible velocities

that ensure a free collision path among all agents. Then, the agent chooses the optimal

allowable velocity calculated by solving a system of linear equations.

Although the ORCA algorithm has ensured safe navigation, avoiding collision

among the robots, complex tasks involve not only safe navigation but also group seg-

regation, and ORCA is unable to handle common target problems when it reaches a

certain configuration that the robots are close to their goal but does not necessarily reach

their final goal position or area [77].

To leverage ORCA, Inácio et. al [40] proposed the FL-ORCA, an alternative to

achieve safe navigation by avoiding congestion using the SV approach. The authors apply

flocking concepts and the ORCA algorithm [15] to avoid collisions among the agents from

the different groups sharing the environment. Even with a local view and unbalanced

groups (groups with a different number of robots), the results presented by the authors

outperform several similar SV works that use local sense to segregate a group of robots,

but do not address navigation in the environment [25]. Other works address the SV task

with local sense [70], but its performance is proportional to the radius at which the robot

senses the environment [40].

Algorithm 3 presents the canonical version of the FL-ORCA algorithm. At each

time step, a new velocity for the learning robot is set using specific evaluations considering

cohesion, separation, and alignment of the group. Then, using a state machine proposed

by the authors, it describes the possible situations each robot faces during the simulation

at each time step. Additionally, the FL-ORCA is a decentralized algorithm and each robot

executes the algorithm independently, but assumes that all other robots in the simulation

are also ruled by the FL-ORCA.

The state machine in Figure 2.2 has several nodes that play an important role in
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each decision:

• Single Group: This state is enabled when the robot does not sense any other

agent from a different group. In this case, the robot moves towards the goal while

maintaining group cohesion.

• Vision Free: In this case, the robot might sense one or more robots of different

groups, but it has a free vision of its target.

• Follower: The follower case is when the robot does not have a clear view of its

target, but a neighbor robot from its group is at one of the past states (Single

Group or Vision Free). The robot will follow its neighbor toward the goal position

in this case.

• Turn Right: The last possible state is when the robot is not in any of the pre-

vious scenarios. According to the Inácio et. al, this situation involves a congested

situation, and as traffic rule, the robot tries to get around the congestion situation

or area.

Single 

Group

Turn Right

Follower Vision Free

1

23

4 4

3

2

5 5
1)It detects agents of another group.

2)It has unobstructed view towards its goal.

3)It has no clear view, but one of its neighbors has.

4)It has neither free vision nor neighbor who has.

5)It does not perceive any agent of another group. 

Figure 2.2: FL-ORCA state machine. Each state controls the robot velocity at each time
step weighting each component of the FL-ORCA algorithm. Adapted from [40].
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Algorithm 3: FL-ORCA Algorithm

Inputs: Ni List of neighbors of the robot i at each time-step
Output: uFL−ORCA as a new robot i velocity to be performed at each time-step
for Each simulation time step: do

vcohesion←− Evaluate cohesion;
vseparation←− Evaluate separation;
valignment←− Evaluate alignment;

Evaluate the current state of robot i according to state machine in Figure 2.2

vflock←− Evaluate flocking;
vpref←− Evaluate best velocity;
uFL−ORCA ←− ORCA(vpref)

Apply the new velocity uFL−ORCA to the agent i;

end for

Algorithm 2.3: FL-ORCA Algorithm.
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2.3 Related Work

In this section, we review several related studies covering the two main topics of

this work: Reinforcement Learning and Swarms. Particularly, we are interested in some

works crossing both areas where the authors apply Reinforcement Learning methods to a

multi-agent system or a swarm to accomplish a given task.

An important area of Artificial Intelligence is the development of autonomous

robots that can interact with the environment and different robots to perform common

or different tasks, and achieve goals. In a ad-hoc teamwork context, these robots that

work as a group is supposed to perform without any prior knowledge of how to interact

with the environment, and work together. Albrecht and Stone [3] presented a survey

about modeling different approaches where some methods like group modeling, and policy

reconstruction are in focus. Nevertheless, some works are usually presented in a simple

grid-world scenarios [1], [64], considering a global view of the environment [30], and,

despite few works such as the work presented by Katie et. al [29], their applicability to

real robotic scenarios have not yet been demonstrated [2].

Several works were developed to allow the effective and safe navigation of a group of

autonomous robots using Machine Learning. Godoy et al. (2013) [31] propose a methodol-

ogy for the navigation task in environments with congestions that combine reinforcement

learning with the ORCA collision control algorithm, where robots learn to adjust the

preferred speed. In a different work, Godoy et. al (2015) [32] use Machine Learning and

Game Theory to address the congestion problem in environments with many robots. They

propose a reinforcement learning algorithm that uses a reward function that considers the

agent’s progress toward its goal and the impact of its behavior on the performance of

robots close to him.

One important work presented by Long et. al (2017) [52], the authors use a con-

volutional neural network to allow robots to learn how to choose speeds that guarantee

safe navigation from the Optimal Reciprocal Collision Avoidance (ORCA) algorithm [84].

In their work, the authors recorded the set of frames from the collision avoidance simu-

lator and created a database considering the possible outcomes of the ORCA in different

situations. It is later used as input to a deep neural network called CANet, responsible

for calculating the speeds the robots should perform during their navigation. The exper-

iments evaluate the author’s methodology using different test scenarios, such as Crossing

(agents from one group crossing a different group with different agents), Circle (agents

are placed along a circle, and the target position for each agent is the antipodal position),

and a task that is similar to the task we cover in our work called the Swap task, where

two groups of agents move in opposite directions and swap their positions. Interestingly,

the results presented by the authors show a failure rate of 2% for a given static obstacle
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environment task, but they do not extend this metric to all setups and tasks, for exam-

ple, the Swap task. Despite their results, several points remain open as the supervised

learning approach is limited by the dataset size. Additionally, the results do not consider

the Success Rate for all situations, especially for the Swap.

Using an interesting approach with deep reinforcement learning, Long et. al

(2018) [51] address the collision avoidance task using a decentralized algorithm for a

multi-robot system and local view based on the Proximal Policy Optimization (PPO)

[71]. The authors expose the agents to different obstacle scenarios to achieve scalability

and generalization. The agent objective is to avoid collisions while navigating through the

environment. Moreover, they use a machine learning concept called Curriculum Learning

proposed by Bengio et. al [14]. This strategy aims to train a machine learning or rein-

forcement learning model in an easier data or environment and increase the complexity of

the samples imitating the human learning behavior. In other words, the first training part

is done using simpler scenarios with a lower complexity of obstacles. In the second part,

the complexity is increased, and the agent is exposed to a more complex scenario. The

authors compare their results with the NH-ORCA proposed by Alonso et. al [4], a variant

of the ORCA algorithm. The success rate of their methodology for the collision avoidance

task is almost 100% for all setups. Only the setup with 20 robots, in the simulation,

has the success rate decreases to 96.5%. Although the author’s results are expressive,

they do not consider the segregated navigation task in their experiments nor complex

configurations with a considerable number of groups sharing the same environment.

Another important work was presented by Brito et. al [16]. The authors propose

a deep reinforcement learning algorithm using LSTM layers to recommend a subgoal for

a Model Predictive Control (MPC). This subgoal is expected to help the robot to go

in the direction of its target position. Aside from the learning robot, the other robots

that share the environment are ruled by the RVO algorithm. This work is different from

the two previous works presented because it uses an MPC to generate locally optimal

commands and avoid collisions. Additionally, the authors train the neural network using

the PPO algorithm, similar to Long et. al (2018) [51]. The experiments considered a

different number of robots on each simulation with 6, 8, and 10 robots, and the Swap

task is applied to exchange the robot’s position avoiding collisions. The results presented

by the authors are impressive reducing the time to goal metric (time that a robot takes

to achieve its target position) and the traveled distance on average. Moreover, the failure

rate presented is 0% which shows the efficiency of the author’s algorithm considering the

tasks. This work considers a small number of robots in each simulation and the concept

of a group is not covered since each robot has its own goal, albeit its interesting success

in terms of success rate metric.

Although successful, the aforementioned methods focus on collision avoidance

tasks, and the complexity of their work increases with different obstacles or the num-
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ber of robots in the simulation. Moreover, the methodology proposed by Long et. al

(2017) [52] uses a Convolutional Neural Network and a dataset of observable frames from

previous simulations, configuring a Supervised Learning approach. On the other hand,

the second approach uses the Reinforcement Learning paradigm, but they focus on colli-

sion avoidance, and the number of groups is limited to two groups, more specifically in the

swap task. Finally, Brito et. al [16] show an interesting methodology using LSTM layers

for a subgoal recommendation to help the robot in its task, which is in a sense, similar

to what we propose in Chapter 4 to support the learning robot during the simulation

execution to stay inside its group ellipse as a subgoal on each time step.

Despite of some similarities with the aforementioned methodologies, our work in-

vestigates not only the collision avoidance task but also the segregated navigation task,

and it focuses on the FL-ORCA algorithm. We also use a sensor-based state represen-

tation in Chapter 3 and explore the success rate and the main failure reasons (Lost and

Captured robot) considering the robotics swarm in the environment.

Furthermore, we extend the sensor-based observation of the environment to a more

complex state space in Chapter 4. We consider an ellipse to model or encapsulate the

group of robots to compute the state representation of a given time step. Interestingly, the

ellipse representation using a collision avoidance strategy outperforms our sensor-based

approach with a higher success rate.
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Chapter 3

Sensor State Representation

This Chapter presents to the reader the first methodology called Msensor. We propose a

state representation that derives the environment perception from the robot’s sensors in

different regions. The goal is to navigate the group of robots from an initial position to the

final position, with the entire group avoiding the congestion caused by the agglomeration

of robots in the same region during the simulation and also the collision with other robots

from its group or different groups in the simulation.

We investigate if a learning robot rl trained in a simpler environment with the

robots from its group may use the learned policy in more complex environments.

Here, we define a more complex scenario as a simulation setup in which the learning

robot rl is challenged to apply the learned policy in a different and more complex setup

where it was first trained with more robots per group and additional unknown groups.

We name Fixed the simulations where the training and testing configurations are

the same. For example, if we train with 5 robots per group and 4 groups, we also test with

the same number of robots and groups. Conversely, the Extrapolation considers training

with a given configuration, for example, 5 robots per group and 2 groups, but a testing

scenario with 10 robots per group and 4 groups. The Extrapolation aims to increase the

simulation complexity by adding more robots and groups, while the Fixed evaluates the

same configuration during the testing period.

Interestingly, some Extrapolation results outperform the simpler situation of Fixed

configuration. We highlight some possible causes of the presented behavior and study

reasons that might explain the situation in terms of explored states and non-success

causes.

3.1 Task Formulation

We consider a scenario in which a swarm, represented as a set S = {r1, r2, ..., rn}
of n holonomic robot, navigates in a 2D environment without obstacles. Each robot ri
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is represented by its pose qi = [xi, yi], with kinematic model given by q̇i = ui. The

entire swarm is formed by m distinct types (groups) of robots, which we represent by

the partition Γ = {Γ1, ...,Γm}, where each Γk contains all robots of type k and |Γk| =
n/m. We assume that ∀j, k : j ̸= k → Γj ∩ Γk = ∅, i.e., each robot is uniquely assigned

to a single group. For notation purposes, the robot that is going through the learning

process is defined as rl where {l ∈ N | 1 ≤ l ≤ n} and the group to which rl belongs is

Γd = {d ∈ N | 1 ≤ d ≤ m}.
Additionally, except the learning robot rl, all other robots are ruled by the FL-

ORCA, and each group Γk with robots of type k is also a group for the FL-ORCA. Each

robot executes the Algorithm 3 to evaluate its preferred velocity. As a decentralized algo-

rithm, the FL-ORCA assumes that each robot knows its neighborhood, its goal position,

and which group the given robot belongs. That said, in this representation, the robots

ruled by the FL-ORCA are aware of the learning robot rl presence and even to which

group it belongs, and the robots treat it as a member of their group while evaluating its

preferred velocity. Nevertheless, rl is the learning robot that is ruled by our methodology

and the executed velocity will depend on the learned policy.

We also consider that, at the beginning of the task execution, each group Γk ∈ Γ

is segregated. To check if two groups are segregated, we calculate the average distances

between robots from the same group and robots from different groups [48]. Thus, two

groups of robots, for example, A and B, are considered segregated if the average distance

between robots of the same group (group A or group B) is less than the average distance

between robots of different groups (that is, between robots in group A and group B).

Formally, we have dXX < dXY and dY Y < dXY where dXY is the average distance between

the robots of groups X and Y :

dXY =
1

|ΓX |
∑
i∈ΓX

(
1

|ΓY |
∑
j∈ΓY

(qi − qj)

)
. (3.1)

That said, we can define the problem addressed as follows: make a robot learn

to behave as part of a heterogeneous swarm formed by an arbitrary number of robots

that navigate towards a goal in a shared environment while maintaining the condition of

segregation between the swarm groups.
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3.2 Markov Decision Process Formulation

The robot’s environment is shaped as Markov Decision Process (MDP) 1 repre-

sented by a tuple (S, A, P , R, λ) where S is a set of states, A denotes a set of discrete

actions, P : S x A x S ⇒ {x ∈ R | 0 ≤ x ≤ 1} is the unknown transition probability

function, R is the reward function, and λ is the discount factor applied.

We consider that robots have a local perception of the environment. We represent

the robot’s local sensing by a circular area and an external ring represented in Figure

3.1(a), divided into q sectors of equal size, as shown in Figure 3.1(b). Hence, we define

region (circular area) σ1 = {σ1
1, σ

2
1, ..., σ

q
1} delimited by radius R1 and a second region

(external ring) σ2 = {σ1
2, σ

2
2, ..., σ

q
2} delimited by radius R1 and R2 around the robot. We

also consider that the robot knows the group to which it belongs and the goal position.

Any robot or obstacle perceived within a distance R1 is considered in a “closer

zone” by the learning robot. On the other hand, if the distance to another robot or

obstacle is farther than R2, it cannot be detected by the learning robot representing the

“external zone”. A “mid-term zone” is represented by the external ring where all sensed

robots are in the area limited by R1 and R2.
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Figure 3.1: a) The two sense regions; b) Regions used for state representation; c) An
example of the selected action (blue arrow) based on the state configuration.

3.2.1 State Space

We represent the state as a vector S = {s11, ..., s1q, s21, ..., s2q} where sij is the number

of robots of the learning robot group (Γd) in sector j of the region i, subtracted by the

number of robots of different groups sensed by rl in the same region.

1Despite formally being an POMDP, due to the local observations, we abstract the environment
representation as a Markov Decision Process (MDP) to be able to use the Double-DQN algorithm.
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In Figure 3.1(c), we can see an example in which robots of distinct groups are

represented by different colors, Γd is comprised of the green robots, and rl is the green

robot at the center. Note that rl is surrounded by robots of three distinct groups (yellow,

red, and green). The blue arrow represents the potential best action that can be selected

by the robot since the sector corresponding to this action has the largest net amount of

individuals of Γd.

Additionally, we consider a terminal state when the learning robot reaches the goal

position goald = [xd, yd] with its group, which means that all robots from Γd, including rl,

have the average distance δX,goal to the goal position (Equation 3.2) less than R2. Other

terminal states are reached when rl no longer detects any other robot from its group in

its sensing area or collides with another robot in the environment.

δX,goal =
1

|ΓX |
∑
i∈ΓX

(qi − goalX). (3.2)

3.2.2 Action Space

The action space is the set of allowed directions in a discrete space, where each

action points towards the center of the sectors from regions σ1 and σ2. Given an action,

{a ∈ A | 1 ≤ a ≤ q + 1}, we calculate an angle αi towards the respective region as repre-

sented by Figure 3.1(c). This angle represents the direction from the origin to the region

where most of the robots from its group are. Also, it may be calculated by Equation 3.3.

Here, q represents the number of regions as previously defined and αi ∈ [−π, π].

αi =
π

q
+

ai · 2π
q
− π. (3.3)

We use a constant magnitude v for the performed velocity by rl. The constant

magnitude is set to simplify the state representation since our representation only takes

into consideration the regions where the other robots are.

Finally, Equation 3.4 sets the applied velocity ul to the learning robot.

ul = (v · cosα, v · sinα) (3.4)
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3.2.3 Reward Design

The reward has a positive sign if the actions lead the robot to the desired states and

a negative otherwise. More specifically, reaching states closer to the goal, a +τ/η reward

is assigned where τ is a constant we set for all experiments. On the other hand, reaching

states that do not represent a closer position to the goal, a reward −τ/η is assigned. Here,

η represents the current step number of encouraging the robot to reach the goal faster.

In other words, the faster the robot reaches the goal, the higher the reward.

We also set reward values for terminal states. If the terminal state is that the

robot reached the goal with its group, +τ is assigned. Otherwise, if the terminal state is

that the robot is lost (no longer senses any robot from its group) or there was a collision,

the −τ is assigned. Table 3.1 illustrates the possible states and the assigned rewards for

each case.

State Reward

Closer to the Goal +τ/η

Further to the Goal −τ/η

Lost / Collision −τ

Goal reached +τ

Table 3.1: Reward Design for All Possible States Considering the Sensor State Represen-
tation.

3.3 Experimental Setup

As mentioned, we investigate if a robot that belongs to an FL-ORCA group but is

not ruled by this algorithm can learn the group behavior and reach the goal position by

avoiding collisions.

To evaluate our methodology, we test the learned policy in two different ways:

The simple scenario is called Fixed and consists of the testing simulation using the same

number of robots and groups of the training session. For example, we trained using 10

robots per group and 2 groups during the training session and tested the policy using the

same number of robots per group and groups in the simulation.
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Furthermore, the more complex scenario is called Extrapolation and represents a

situation where we train in a simpler scenario with fewer robots per group and fewer

groups but test in a more complex scenario with more robots and/or more groups. As

an example, if we train the robot in an environment with 5 robots in each group and 2

different groups, we test in a more complex scenario with 4 groups of 5 robots (increasing

the number of groups) or even the same 2 groups but with 10 robots on each group

(increasing the number of robots).

In order to explore different setups, we use a different number of robots (5, 10, 15, 20, 25)

and groups (1, 2, 3, 4, 8) when training. We start each training with the rl placed in a ran-

dom group Γk and randomly selected among the robots of Γk. With this random selection,

we expect a better exploration among all possible start positions and want the robot to

experience different difficulty levels due to its start position inside the group.

As an example, Figure 3.2 demonstrates the simulation during one task episode. In

the first time step, the eight groups are in their start positions with all robots. In Figure

3.2, the learning robot rl is represented by the black circle, while the goal position is the

black square. The learning robot’s group is the green one. Then, at each time step, the

robots navigate the environment to achieve their goals while the learning robot rl follows

its group (green). The shaded area represents the sensor’s area with radius R2 (Figure

3.1(a)) and is represented only for rl. In the final time step, the entire group reaches the

goal position, and the episode is finished.

Time step 0 Time step 80 Time step 160 Time step 240

Time step 320 Time step 400 Time step 480 Time step 560

Figure 3.2: Simulation step by step. The learning robot rl (black circle) is part of the
green group, and we represent the group’s target as the black square. The shaded area is
the region sensed by rl and is delimited by R2 as represented in Figure 3.1(a).

The Algorithm 4 presents the pseudocode of the methodology Msensor. At every

experiment, we initialize the simulation with a set of robots S and a set of groups Γ
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and all necessary parameters (Table 3.2) where λ is the discount factor used to update

the action-value function Q according to the DQN presented by V Mnih et. al [58] and

discussed in Chapter 2. We use the ε-greedy strategy for balancing between exploration

and exploitation. Aside from the Reinforcement Learning parameters, we also set some

simulation parameters that the learning robot uses. The η parameter sets the maximum

number of steps each episode might have, the v parameter is used in the Equation 3.4,

and the R1 & R2 are the sensor radius used by the rl. Finally, the τ is used according to

Table 3.1.

Finally, we conducted the experiments simulating each combination of number of

robots and the number of groups, for 30 interactions. Each interaction were evaluated

100 times for statistical measures, thus a total of 3000 experiments each setup were made.

In each process, we compute the success rate of the setup.

Parameter Value Unit

λ 0.001 -

ϵ 0.05 -

η 500 -

v 1 m/s

τ 1 -

R1 0.5 m

R2 1.5 m

Table 3.2: Parameters used during training for Msensor.
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Algorithm 4: Msensor

Inputs: Set of Robots S, Set of Groups Γ
Parameters: λ, ϵ, τ, η, v, r1, r2
Initialize action-value function Q with random weights
Set the initial state at time step 0

foreach episode do
Choose a new learning robot rl ∈ S;
foreach step of episode do

Sense the environment and set the state space S
Choose α ∈ A given S using policy derived from Q using ε-greedy;
Calculate −→ul using Equation 3.3 given α
Execute −→ul , observe S ′;

if S ′ is terminal then
Receive final reward τ or −τ
Stop current episode;

else
Receive reward τ/η or −τ/η;

end if

Update the action-value function Q according to Algorithm 1
end foreach

end foreach

Algorithm 3.1: Msensor Algorithm.

3.4 Results

This Section brings into focus the main results for Chapter 3, where the method-

ology introduced considers a state representation using the robot’s local sense and the

robots in the neighborhood. We also investigated the extrapolation of a simple train-

ing scenario applied to a more complex scenario. A sample of the executions for this

representation can be found Local View Representation Videos.

The results are presented for a single group training scenario where we train the

rl on a single group and deploy it into a different group size. Then, we also present the

multi-group scenario with groups ranging from 1 to 8.

In all figures, “r” shows the number of robots, and “gr” is the number of groups.

As an example, in Figure 3.4 (a), the first two grouped bars (purple and red) present the

results for 5 robots and 1 group in training time and test time. The second two grouped

https://www.youtube.com/playlist?list=PLokSQdDDx8oqcmSX--W1VdRX20lyPEaC7
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bars present the results for 10 robots and 1 group, and so on.

Moreover, the analysis should be made using Fixed/Extrapolation bars. Every

Fixed bar states for the training setup described in the chart’s x-axis and can be considered

as a reference. All purple bars in Figure 3.4(a) were trained and tested with the x-axis

setup, and as an example, the last grouped bars, the purple bar states for the training

scenario with 25 robots and 1 group.

On the other hand, the Extrapolation bars (red) are results considering the training

setup described by the caption, and the testing scenario used the x-axis setup. As an

example, in Figure 3.4(a), the last grouped bars states for the training setup using 5

robots and 1 group and the testing scenario, named as Extrapolation, considers 25 robots

and 1 group. That said, the red bar for this example demonstrates the results when

training with 5 robots with 1 groups and testing the learned policy with 25 robots while

the purple bar is the Fixed results where the results represent the training and testing

setup as described in the x-axis.

With the configuration of this bar chart, it is possible to understand how the

Extrapolation learned policy performs over the Fixed policy in the same setup scenario.

This will be used for analyzing the results throughout this section.

Finally, we analyze the possible failures based on two situations: Lost Robot &

Captured Robot. The Captured Robot is a robot surrounded by other robots that do not

belong to its group. Figure 3.3(a) shows an example where the learning robot from the

green group is captured by robots from another group (pink). Lost Robot is the Robot that

can no longer detect since robots of its group inside its sensing region. This is exemplified

in Figure 3.3(b).

(a) (b)

Figure 3.3: Example of (a) learning robot (black) from the green group being captured
by the pink group; (b) learning robot (black) from the green group being lost from its
group.
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3.4.1 Single Group Training

The results when training a single group are presented in Figure 3.4. Figure 3.4(a)

and Figure 3.4(c) are situations where the training setup was performed using 5 robots

and 1 group while Figures 3.4(b) and 3.4(d) are setups with 10 robots and 1 group.

The Fixed situation demonstrates that increasing the complexity in any case (rais-

ing the number of robots or groups) reduces the success rate, but the setup with 10 robots

shows more stability, and increasing the number of robots instead of the groups causes

less damage to the results. As an example, Figure 3.4(c) the success rate goes from 100%

with one group to 50% with 8 groups while Figure 3.4(a) increasing the number of robots

the success rate is more than 80%. On the other hand, the same analysis with 10 robots

setup demonstrates less damage to the success rate: Figure 3.4(b) stays around 85% for

all configurations Figure 3.4(d) it may be observed a decrease, but smaller when compared

to Figure 3.4(c).

For the Extrapolation analysis, it is remarkable that the success rate is equivalent

or even better in some cases. In Figures, 3.4(a) and (c), the second grouped bar (10 robots,

1 group & 5 robots, 2 groups) exemplify situations where the Extrapolation is better than

the Fixed setup. Other setups also show similar results, such as the configuration with 5

or 10 robots and 3 groups (Figures 3.4(c) & 3.4(d)).

Moreover, considering the Extrapolation results, we understand that increasing the

number of robots in the simulation might help the learning robot as there will be more

robots in the simulation so it can follow and create a better state representation of the

environment. The state representation is based on the sensed region around the learning

robot limited by R2, and the more robot we have in the simulation, the easier to find the

way to the goal position using a follower approach.

One important point about the Single Group, as we only have one group in the

simulation, we do not observe the segregation problem or the Captured Robot problem.

As the problem is due to different groups mixing up during the simulation, with only one

group, the learning robot and its group go directly to the goal position. Moreover, the

second problem also happens with two or more groups in the simulation. Eventually, the

only possible reason to finish the episode and the learning robot receives a bad reward is

when it gets lost from its group (Lost Robot).
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(a) Training setup: 5 robots & 1 Group
Extrapolating the number of robots.
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(b) Training setup: 10 robots & 1 Group
Extrapolating the number of robots.
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(c) Training setup: 5 robots & 1 Group
Extrapolating the number of groups.
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(d) Training setup: 10 robots & 1 Group
Extrapolating the number of groups.

Figure 3.4: Results for setup with 5 and 10 robots with 1 group during the training.
Figures (a) and (b): increasing the number of robots. Figures (c) and (d): increasing the
number of groups.
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3.4.2 Multi Group Training

The results presented in Figure 3.5 and Figure 3.6 are focused on setups with

multiple groups. While the first figure illustrates the results when increasing the number

of robots from 5 to 25 robots per group, the second figure compares the results when

increasing the number of groups from 2 to 8.

The same idea for Fixed & Extrapolation applies to these grouped bars. The

purple bars represent the Fixed results when the training scenario is described by the

chart x-axis. The red bars are the Extrapolation results, and the training was performed

using the figure caption scenario and the testing with the x-axis information.

Increasing the complexity in terms of the number of robots shows a decay in the

success rate for the Fixed strategy (purple bars). In Figure 3.5(c), increasing the number

of robots reduces the performance from 90% when training with 10 robots and 2 groups

to almost 60% when the setup is 25 robots and the same 2 groups. Figures 3.5(b), (c),

and (d) also show similar results with a decrease in the success rate when the number

of robots is increased. Curiously, 3.5(a), (b), and (d) shows also a common behavior:

the first two grouped bars show a lower success rate than the second grouped bar. That

means that the success rate in the simplest scenario analyzed is lower than one step more

in complexity (increasing the number of robots by 5 units).

We analyzed these behaviors, and increasing the number of robots may also increase

the complexity for the learning robot to learn the group behavior. But there are also

drawbacks when there are too few robots in the simulation because with fewer robots per

group, the state might not be well structured, and the learning robot rl may be lost or

even captured by another group.

When the setup is with 25 robots, the complexity increases, and the robot may not

be able to follow the optimal policy towards its goal. With less complexity, but a certain

amount of robots to follow, the learning robot rl achieves a success rate of around 80%

on every setup with 10 robots per group.

Figure 3.6 presents similar results: increasing the number of groups also leads to

a lower success rate. While Figure 3.6(c) the success rate is at 90% for the setup with 10

robots and 2 groups, increasing the number of groups to 8, the success rate drops to a

rate lower than 80%. Also, for Figure 3.6(a) the drop in the success rate is even greater

from 90% to 55% for the same difference in the number of groups.

Looking at the Extrapolation results, almost every situation outperforms the Fixed

setup, even with more robots or groups during the testing time. Figures 3.5(a), (c) have

an important example when training with 5 and 10 robots with 2 groups and testing in a

scenario with 25 robots and the same 2 groups is better when compared with the Fixed

scenario.
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Important results were also observed in Figure 3.6. This scenario presents the

results when the training setup was with 10 robots and 2 groups (Figure 3.6(c)) All

results shows that the Extrapolation results are better than the Fixed scenario. It means

that even when the training setup was with 10 robots and 2 groups, using the learned

policy from 3, 4, or 8 groups, the policy outperforms the Fixed training setup with the

same 3, 4, or 8 groups. The same behavior may also be observed in Figure 3.6(d) and for

some setups in Figures 3.6(a) and (b) the Extrapolation (red bars) outperform the Fixed

(purple bars).

These results are interesting because the complexity and possibility of Captured

Robot increase with the number of groups in the environment. On the other hand, the

success rate with 5 robots presented in Figures 3.6(a) and (b) are worse when compared

to Figures 3.6(c) and (d) that present the results with 10 robots. We analyze the results

and discuss the idea that increasing the number of robots might help the learning robot

build its state representation to follow its group and achieve the expected results.

We use the success rate to evaluate the Msensor methodology, but also streamline

the failure causes based on the Lost and Captured robot (Figure 3.3). As shown in Figure

3.7, the overall failure rate increases with the number of robots (a) and also with the

number of groups (b). It is remarkable that increasing the number of robots, the Captured

robot reason increases while the Lost robot decreases from 5 to 10 robots, keeping at a

constant level the failure rate from 10 to 15 and then, increases linearly from 15 to 25

robots (Figure 3.7(a)). These results reinforce the idea that with fewer robots, e.g. 5,

the learning robot does not have enough information to represent the state using the

methodology Msensor, while with a certain number of robots, 10 and 15, this failure

reason is minimal and seems to have its optimality at this level.

On the other hand, Figure 3.7(b) shows the Lost and Captured robot when in-

creasing the number of groups. Despite the differences between the results of Lost and

Captured, where most of the time the Lost robot is the main reason for failures when we

have 8 groups in the simulation, both reasons reach similar failure levels.
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(a) Training setup: 5 robots & 2 Group
Extrapolating the number of robots.
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(b) Training setup: 5 robots & 3 Group
Extrapolating the number of robots.
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(c) Training setup: 10 robots & 2 Group
Extrapolating the number of robots.
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(d) Training setup: 10 robots & 3 Group
Extrapolating the number of robots.

Figure 3.5: Results for setup with 5 and 10 robots with 2 or 3 groups in training time
and evaluating the policy for the Extrapolation strategy. Here, we demonstrate the Ex-
trapolation when increasing the number of robots.
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(a) Training setup: 5 robots & 2 Group
Extrapolating the number of groups.
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(b) Training setup: 5 robots & 3 Group
Extrapolating the number of groups.
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(c) Training setup: 10 robots & 2 Group
Extrapolating the number of groups.
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(d) Training setup: 10 robots & 3 Group
Extrapolating the number of groups.

Figure 3.6: Results for setup with 5 and 10 robots during training time and evaluating
the policy for the Extrapolation strategy. Here, we demonstrate the Extrapolation when
increasing the number of Groups.
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Figure 3.7: Analyzing the Lost and Captured failure rate.

3.5 Conclusion

During the development of the Msensor methodology, discussed in this Chapter,

we presented the Markov Decision Process (MDP) using the learning robot rl sensors

limited by R1 and R2 that uses the location of the other robots in the neighbor of rl to

create the state vector S.

We conducted several experiments considering a range of robots from 5 to 25 per

group and a maximum of 8 groups. During the experiments, we evaluate the learned

policy considering a Fixed and Extrapolation using a simpler training setup during the

training, deploying the policy into a more complex setup increasing the number of robots

and the number of groups.

The results were interesting, and for a majority of the setups, our methodology

had a reasonable success rate in the Fixed evaluation, but also when compared to the

Extrapolation scenario. Additionally, we demonstrate the main reasons for failure and

how they compare to the simulation. The Lost and Captured robot are the two causes

of failure during the experiments, and increasing the number of robots from 10 to 25, for

example, was notable the increase in both failure reasons.

Finally, besides being simple, our methodology depends on the FL-ORCA algo-

rithm as the learning robot rl is known by the other robots that are ruled by the FL-

ORCA as a member of their group. So, part of the responsibility for not colliding is of

the other robots in the simulation and this constraint is notable we propose in the next

Chapter some possible approaches to eliminate this constraint.
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Chapter 4

Ellipse Representation

In this Chapter, we try to overcome the difficulties and enhance the results presented

in Chapter 3. As we have seen in the first methodology, the robot can learn the group

behavior ruled by the FL-ORCA, and the success rate is satisfactory. Furthermore, the

Msensor presents a constraint that the learning robot rl is part of the FL-ORCA group

and is known as a member of its group. In other words, during the execution, the robots

in Chapter 3 recognize the learning robot rl as a member in the FL-ORCA execution, and

they will take into account the rl position and velocity to perform the safe navigation and

the congestion part of the simulation, while in this chapter we remove this constraint.

Here, we investigate a different approach using an ellipse to model or encapsulate

each group Γk ∈ Γ. The inspiration to use this abstraction comes from the authors in

[65], where they use an Hierarchical Abstraction (HAS) to model the swarm based on

statistical models.

As the learning robot rl is no longer a member of the FL-ORCA, and all robots

in the simulation do not recognize the rl as part of their group or the simulation, we

address the collision problem using Artificial Potential Fields (APF) [44]. Then, we split

the ellipse approach into two different methodologies called MINforce and MOUTforce.

The first approach considers the APF as an input in the state representation of

the environment and is used in the Neural Network (DQN algorithm), while in the second

approach, the APF is used as a vector to be summed up to the Neural Network velocity

vector and the robotl executed velocity will be a vector sum of these two velocities.

As a definition, we describe the two approaches:

1. We compute the APF velocity uapf and use it as an input to the state vector SMin
.

The two additional parameters represent the velocity in the x and y directions. For

simplicity, we name this method as MINforce.

2. We compute the APF velocity vector uapf and sum it up to the Neural Network

velocity vector unn. As a result, we have a final velocity ul applied to the robot. In

this case, we have a state vector SMout , and for simplicity, we name this method as

MOUTforce.
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We also compare the results from the first methodology presented in Chapter 3

here as Msensor.

4.1 Task Formulation

The task to be achieved in this chapter is very similar to the task presented in 3.

Here, we also consider a set of S = {r1, r2, ..., rn} robots that share and navigate in an

environment. The learning robot is also defined as rl where {l ∈ N | 1 ≤ l ≤ n} and the

group to which rl belongs is Γd = {d ∈ N | 1 ≤ d ≤ m}.
The aforementioned group Γd has the learning robot rl (rl ∈ Γd), but the other

robots from the same group Γd do not sense rl as a member of their FL-ORCA defined

as Υd (rl /∈ Υd).

Finally, the problem addressed is the same as defined in section 3.1, where we

want a robot to learn to behave as part of a heterogeneous swarm formed by an arbitrary

number of robots that navigate toward a goal in a shared environment while maintaining

the condition of segregation between the swarm groups.

We use a different group abstraction where we model each group as an ellipse that

tries to cover all robots within a group. During the task, the robot must reach the goal

position and keep its position inside the given ellipse. We better describe this formulation

in the next Section 4.2.3.

4.2 Markov Decision Process Formulation

The MDP formulation of this approach follows a similar idea presented in chapter 3.

Section 3.2.3 presents the previous MDP formulation where consider a local perception and

the robot sense is represented by a circular area with an external ring divided into sectors.

We use the same perception model as described in Figure 3.1 to sense the environment

that surrounds the learning robot rl and evaluate the APF considering the other robots

in the neighborhood.

Additionally, to compute the ellipse of each group, we assume that every robot of

a given group knows the other robot’s position to build the ellipse representation. That

said, in MINforce we use the APF velocity and the group ellipse from all robot positions
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from the same group to build the learning robot’s current state. On the other hand,

MOUTforce the group ellipse from all robot positions from the same group is used to build

the state representation, and APF velocity is not considered to compute the state.

4.2.1 State Space

Chapter 3 presents a state space based on the local sensing of the robot. By

contrast, this formulation uses ellipses to model each group Γk ∈ Γ. At each time-step,

we compute all robot’s poses in the simulation qn = (xn, yn) ∀ ri ∈ S to assign to each

group a matrix Z to calculate all ellipses parameters. The general ellipse equation is given

by Equation 4.1 where xc and yc represent the ellipse’s center and x and y a point in a

2D space. This Equation is a restriction to evaluate if a given robot is inside the ellipse,

and this constraint should be met to assign the robot to that specific ellipse and to set

the learning robot reward.

(x− xc)
2

a2
+

(y − yc)
2

b2
≤ 1 (4.1)

Figure 4.1 demonstrates an ellipse example with all robots from group Γk and the

ellipse’s parameters a, b and θ.

Figure 4.1: Ellipse representation given the parameters a, b and θ for all robots (red) in
group Γk ∈ Γ.

During the simulation, the group behavior dynamically changes due to the FL-

ORCA algorithm, the robots avoid collisions and overcome the congestion while achieving

their goal. Then, the ellipse that encapsulates the group might rotate over an angle θ.

Thus, we use a transformed version of the Equation 4.1 given by the Equation.
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((x− xc)× cos θ − (y − yc)× sin θ)2

a2
+

((x− xc)× sin θ + (y − yc)× cos θ))2

b2
≤ 1 (4.2)

At each time step, we assign all robots to a matrix Z representing the robots pose

q and the group Γk ∈ Γ a given robot rbelongs.

Z =


r1x r1y Γk ∈ Γ

r2x r2y Γk ∈ Γ
...

...
...

rnx rny Γk ∈ Γ



Then, for each group Γk we assume that the positions are a sample from a 2D

Gaussian Distribution, and we calculate the Covariance Matrix C considering that the

positions x and y are uncorrelated:

C =

(
σ2
x 0

0 σ2
y

)

The eigenvectors of C (
−→
e1,
−→
e2) point towards the largest spread of the data in the

original matrix Z and the eigenvalues represents the variance along those directions. To

get a certain confidence interval, we can multiply the normalized axes by a constant c,

resulting in a confidence interval from a cumulative distribution function χ2 (CDF) with

2 degrees of freedom.

Therefore, the parameters of the ellipse a and b may be expressed in Equations 4.3

and 4.4 while the ellipse center (xc, yc) are defined by Equations 4.5 and 4.6 where n is

the number of robots in each group Γk ∈ Γ. Finally, the last ellipse parameter θ is defined

as the angle between the largest eigenvector
−→
e1 and the x-axis as Equation 4.7.

a =

√
c∥−→e2∥
2

(4.3)

b =

√
c∥−→e1∥
2

(4.4)

xc =
1

n

n∑
i=1

rix =
r1x + r2x + · · ·+ rnx

n
(4.5)
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Figure 4.2: Example of an ellipse and its parameters when we model the coverage for all
robots that belong to a group at each state.

yc =
1

n

n∑
i=1

riy =
r1y + r2y + · · ·+ rny

n
(4.6)

θ =

−→
e1
−→
e2

(4.7)

We use a state space representation for the proposed methodology as a matrix

SMin
, and it includes the APF velocity. The last two arguments are the calculated APF

velocity in the x and y directions while the other parameters are the ellipse parameters

evaluated using the presented equations. Each line of the given matrix S has tge ellipse

parameters for all m groups.

SMin
=


a1 b1 xc1 yc1 θ1 xg1 yg1 uapf1x uapf1y

a2 b2 xc2 yc2 θ2 xg2 yg2 uapf2x uapf2y
...

...
...

...
...

...
...

...
...

am bm xcm ycm θm xgm ygm uapfmx uapfmy



Hence, we represent the state space as a new matrix SMout where each line of the

matrix S has ellipse parameters that aim to model all groups Γk ∈ Γ, and the two last

arguments are the goal position. Again, we consider a terminal state when the learning
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robot reaches the goal position goald = [xd, yd] with its group, which means that all robots

from Γd, including rl, have the average distance δX,goal to the goal position less than R2

(Equation 3.2).

SMout =


a1 b1 xc1 yc1 θ1 xg1 yg1

a2 b2 xc2 yc2 θ2 xg2 yg2
...

...
...

...
...

...
...

am bm xcm ycm θm xgm ygm



A terminal state is reached when rl does not satisfies the Equation 4.2 for φ

consecutive time-steps, when it reaches the goal position or, when it collides against

another robot in the environment. In other words, if the learning robot rl stays outside

its group ellipse for φ consecutive time-steps, it is considered a terminal state, and the

episode is finished. Likewise, if the robot reaches its goal with the group, a terminal state

is also reached.

4.2.2 Action Space

The action space for this approach considers a set of allowed directions in a con-

tinuous space as established in section 3.2.3. We choose the same set of actions and are

given an action {a ∈ A | 1 ≤ a ≤ q + 1} we calculate an angle αi towards the respective

region.

For the state space SMout , we use Equation 3.4 to compute the Neural Network

velocity unn output. We use a second velocity uapf that aims to avoid collisions using

the potential fields. Finally, the executed velocity is a vector sum of the two velocities

ul = unn + uapf .

As an example of how these velocities are set and how the action space actually

works in our method, Figure 4.3 demonstrates a single step where a Neural Network

velocity and an APF velocity are summed up and final velocity ul is set.

One may note that the action that is the output from the Neural Network is the

unn. As our state space only considers the ellipses and goal parameters, it is important to

add the APF velocity as a collision avoidance method. Otherwise, the success rate would

be close to zero, and the goal would be never reached.

On the other hand, for the state space SMin
instead of summing up the velocities

as demonstrated in Figure 4.3, we include the uapf as part of the state representation and
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𝑟𝑙

uluafp

uNN

Figure 4.3: Example of ul as a sum of uafp and unn.

expect that the Neural Network maps the actions to avoid the collisions while the group

target is achieved.

4.2.3 Reward Design

The reward designed for the present approach is different from Chapter 3. The

target position is represented inside the state SMin
and SMout as xg and yg, and it represents

a long-term achievement, but the short-term goal at every time step is to keep the learning

robot inside the group ellipse to keep the group cohesion. Hence, we set a terminal reward

+τ when the learning robot reaches the goal alongside its group Γd and a −τ when a

collision between rl and any other robot or when rl does not satisfies the Equation 4.2 for

φ consecutive time-steps. Likewise, a reward + τ
100

is assign to it if satisfies Equation 4.2

(inside group ellipse) and − τ
100

otherwise. We summarize the reward design in Table 4.1.
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State Reward

Inside the Ellipse +τ/100

Outside the Ellipse −τ/100

Lost / Collision −τ

Outside Ellipse for φ steps −τ

Goal reached +τ

Table 4.1: Reward Design for All Possible States Considering the SMin
and SMout Repre-

sentation.

4.3 Experimental Setup

The experiments in this Chapter focus on accomplishing the task rather than

extrapolating more difficult scenarios as presented in Chapter 3. We want here to compare

both MINforce & MOUTforce with the first methodology Sensor State Representation. For

simplicity, the approach described in Chapter 3 is called here Msensor

Similarly to the Experimental Setup in Chapter 3, we use a different number of

robots (5, 10, 15, 20, 25) and groups (1, 2, 3, 4, 8) when training. We start each training

with rl placed in a random group Γk and randomly selected among the robots of Γk. With

this random selection, we expect a better exploration among all possible start positions

and want the robot to experience different difficulty levels due to its start position inside

the group.

Algorithm 4.1 presents the pseudocode for the MINforce approach. Again, at every

experiment, we initialize the simulation with a set of robots S and a set of groups Γ and all

necessary parameters (Table 4.2) where λ is the discount factor used to update the action-

value function Q according to [58]. We use the ε-greedy strategy for balancing between

exploration and exploitation. Aside from the Reinforcement Learning parameters, we

also set some simulation parameters that the learning robot uses. The η parameter sets

the maximum number of steps each episode might have, the v parameter is used in the

Equation 3.4, and the R1 & R2 are the sensor radius used by the rl. The τ is set to 1.

Finally, we use a cumulative distribution function χ2 to set a confidence interval on the

ellipse parameters.

One important step of Algorithm 4.1 is that it calculates uapf when sensing the

environment to set as one of the SMin
inputs. Our objective using this information is that

the action-value function Q will be able to generalize those states and map the input to

reliable actions that support the learning robot to accomplish its task.

On the other hand, Algorithm 4.2 shows the pseudocode for theMOUTforce method.
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Parameter Value Unit

C 5.991 -

χ2 90 %

λ 0.001 -

ϵ 0.05 -

η 500 -

v 1 m/s

τ 1 -

R1 0.5 m

R2 1.5 m

Table 4.2: Parameters used during training for MINforce & MOUTforce.

The main difference here from algorithm 4.1 is the ul computation which uses unn and uapf

as a vector sum instead of using the artificial potential fields velocity as input in SMout .

We create here a combined method where the action-value function Q is responsible

for keeping the learning robot bound to its group keeping the cohesion even when the

congestion part happens, while the uapf avoids the collisions between the learning robot

and the other robots in the simulation that do not sense the learning robot.

We conducted the experiments simulating the methodologiesMOUTforce &MINforce.

On each combination setup, the number of robots and groups were evaluated for 30 inter-

actions. Each interaction was evaluated 100 times for statistical measures, thus a total of

3000 experiments for each setup. Following a similar idea of Chapter 3, in each process,

we compute the success rate of the given setup.

4.4 Results

The graphs presented here use the acronyms of the names in Chapter 3. A sample

of the executions for this representation can be found Ellipses Representation Videos.

The “r” represents the number of robots, and the “gr” the number of groups.

The grouped bar charts show the results for the three methodologies presented in this

dissertation:

1. Msensor represents the results of Chapter 3. As one of the objectives of Chapter 4

is to improve some points of the previous methodology, it is important to compare

https://www.youtube.com/playlist?list=PLokSQdDDx8ops7YWDs4NQ2yCjw9vWbBNf
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all results.

2. MINforce represents the results when uapf is used as a part of the state space SMin

and is an input to the Neural Network.

3. Finally, MOUTforce represents the results when the learning robot velocity is com-

puted as ul = unn+uapf . It is related to the state space SMout .

Figure 4.4 demonstrates the results for all setups. Every plot is related to the

number of robots used (from 5 to 25 robots), and the three grouped bars represent the

comparison among the methodologies.

For all situations, the methodology MOUTforce outperforms all others, achieving

interesting results. On the other hand, MINforce demonstrates a poor performance with

a success rate lower than 50% in all cases.

In Figures, 4.4(a), (d), and (e), one can note that the setup with 1 group shows

a success rate close to 100% for MOUTforce, but this metric decays fast as the number of

groups increases. This indicates that the learning robot rl can use the state representation

to follow its group without any prior information of the other robot’s behavior, but the

increase in the complexity with more groups (not necessarily adversaries, but they compete

for space during the simulation) the success rate decreases.

The increase in the number of groups also increases the difficulty, and in the first

case (5 robots), the learning robot gets lost during the testing time. When the setup is

20 or 25 robots per group in the simulation, the complexity is due to the total number of

robots, especially in the center of the simulation frame, when a situation called congestion

happens and may be defined as the increase of the number of robots in the same area

of the simulation. The robots should be able to manage this situation and overcome

the congestion issue. In those situations, the learning robot may be suffering from the

Captured Robot reason instead of being lost.

In contrast, Figures 4.4(b) and (c) for MOUTforce show the decay is smother, and

the success rate is above 80%, except for the setup with 15 robots and 8 groups. The

same behavior is noted for Msensor results. Nevertheless, MINforce still demonstrates a

bad performance in all situations. The reason MINforce presents a worse success rate

compared to the other methods may be the neural network not learning how to deal with

the collisions. Even with the uapf being input in the state representation, the Neural

Network cannot generalize and avoid collisions. By contrast, the MOUTforce approach

uses uapf in a sum with the unn, which is more reliable when dealing with the collision

avoidance task.

The Captured and Lost robot situations show similar behavior for both method-

ologies (MOUTforce & Msensor). While a setup with 5 robots in each group, the Captured

Robot failure does not happen, as the number of robots increases in the simulation, the
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(c) 15 Robots.
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Figure 4.4: Results for all methodologies: Msensor, MINforce & MOUTforce. Every chart
represents a setup with a specific number of robots, and each grouped bar is the number
of groups.
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percentage of failure due to this reason also increases (Figure 4.5). For the Msensor and

MOUTforce methods, it reaches 6% of failure, which can be explained mainly in the con-

gestion part of the simulation (e.g. Figure 3.2 steps 160 and 240).

On the other hand, the Lost Robot failure percentage decreases from 5 to 10 robots.

As we have more robots to guide the rl during the task, the failure due to the learning

robot being lost is reduced. Also, from 10 to 15 robots per group, the Lost Robot failure

percentage keeps at the same level, but the failure percentage increases when observing

the number of robots per group from 20 to 25. It seems here that there is an optimal

level to reduce the Lost Robot situation with 10 to 15 robots, and going beyond that, the

number of robots reduces the success rate. Increasing the complexity of the simulation

with more robots per group also increases the failure rate.

In addition to the previous analysis, we can compare both methods and exemplify

why the MOUTforce demonstrates a higher success rate than Msensor. The trending behav-

ior of the Captured and Lost robot is similar for both cases, but for all results presented

in Figure 4.5, the MOUTforce presents a lower failure rate, and as a consequence a higher

success rate. In Figure 4.5(a), increasing the number of robots from 10 to 15 does not

imply a higher Captured failure reason for MOUTforce. The same behavior is presented in

Figure 4.5(b); when we increase the number of robots from 10 to 20, the Lost robot reason

does not increase significantly for MOUTforce while the Msensor approach increases from

4% to 8% the failure rate. Additionally, as the rl is not considered by all other robots

in the simulation as an FL-ORCA member, the robots do not change their path to avoid

collisions with the robot. Instead of that, the learning robot using ul and the component

uapf is responsible for avoiding collisions and also achieving the group goal.
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(a) Captured Robot failure results.
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(b) Lost Robot failure results.

Figure 4.5: Msensor & MOUTforce failure percentage when increasing the number of robots
per group. They present a similar behavior, but MOUTforce demonstrates better perfor-
mance. Here we do not present the MINforce as its results are considerably worse than
both presented.
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Despite the FL-ORCA constraint that highlights the better results in MOUTforce,

the rl has to know the ellipse parameter from its group. Even if the other robots do

not modify their trajectories to avoid collisions, the rl still needs to know all its group

members position to evaluate all necessary parameters to build the state representation.

4.5 Conclusion

During the development of Chapter 4 we presented two methodologies to build

the state space: MINforce & MOUTforce. While the first use the APF velocity uapf as an

input in the Neural Network, in the second methodology this velocity is summed up to

the Neural Network velocity ul = unn + uapf to avoid collisions among the robots.

The experiments were conducted using the range of robots per group from 5 to

25 while the number of groups was from 1 (single group) to 8 groups. As one of the

objectives of this chapter is to improve the performance from the previous chapter, we

compare MINforce and MOUTforce with the Msensor approach using the success rate as a

metric of comparison.

We observed that MINforce demonstrated poor performance in terms of success

rate compared to the MOUTforce and one of the main reasons is when using the uapf as an

input to the Neural Network, it is not able to avoid collisions and the main failure reason

is the collisions among the robots. On the other hand, the MOUTforce uses ul = unn+uapf

as shown in Figure 4.3 and its results outperform the first methodology, Msensor, for all

experiments.

Finally, besides eliminating the FL-ORCA constraint, and the learning robot is no

longer part of the FL-ORCA group, another constrain was inserted to compute SMout :

The robots from the same group should know the position of each robot to compute the

ellipse’s parameters and build SMout .
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Algorithm 5: MINforce

Inputs: Set of Robots S, Set of Groups Γ
Parameters: λ, ϵ, τ, η, v,r1, r2, C, χ2

Initialize action-value function Q with random weights
Set the initial state at time step 0

for Each episode do
Choose a new learning robot rl ∈ S;
for Each step of the current episode do

Sense the environment calculating uapf from the learning robot sensor.
Set the state space SMin

using C from the cumulative distribution function
χ2.
Calculate ellipse parameters using Equations 4.3, 4.4, 4.5, 4.6, 4.7.
Choose α ∈ A given SMin

using policy derived from Q using ε-greedy;
Calculate ul using Equation 3.3 given α
Execute ul, observe SM ′

in
;

if SM ′
in

is terminal or current step ≥ η then
Receive final reward τ or −τ
Stop the current episode;

else
Receive reward τ/100 or −τ/100;

end if
Update the action-value function Q according to Algorithm 1

end for

end for

Algorithm 4.1: MINforce Algorithm.
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Algorithm 6: MOUTforce

Inputs: Set of Robots S, Set of Groups Γ
Parameters: λ, ϵ, τ, η, v,r1, C, χ2

Initialize action-value function Q with random weights
Set the initial state at time step 0

for Each episode do
Choose a new learning robot rl ∈ S;
for Each step of the current episode do

Sense the environment and set the state space SMout using C from the
cumulative distribution function χ2.
Calculate ellipse parameters using Equations 4.3, 4.4, 4.5, 4.6, 4.7.
Choose α ∈ A given SMout using policy derived from Q using ε-greedy;
Calculate uapf using R1 from learning robot sensor
Calculate ul = unn + uapf .
Execute ul and observe SM ′

out

if SM ′
out

is terminal or current step ≥ η then
Receive final reward τ or −τ
Stop the current episode;

else
Receive reward τ/100 or −τ/100;

end if

Update the action-value function Q according to Algorithm 1
end for

end for

Algorithm 4.2: MOUTforce Algorithm.
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Chapter 5

Conclusions and Future Work

During the development of this work, several methods were tested to investigate algo-

rithms and representations that best suit the segregated navigation task using a Rein-

forcement Learning approach to a swarm of robots. In Chapter 3, we used a state repre-

sentation that uses the robot sensors to compute a state representation of the environment

with the regions surrounding the learning robot. The experiments in this approach con-

sidered two situations: Fixed and Extrapolation. The Fixed method was simply training

and testing with the same setup configuration, while the Extrapolation considers a train-

ing scenario with fewer robots per group than in the testing scenario. For example, in

the Extrapolation, we trained a setup with 5 robots per group and tested in a scenario

with 20 robots per group. The results demonstrated that at some level, it is possible to

use the proposed method Msensor to Extrapolate simple training setups to a more complex

without vanishing the success rate.

One disadvantage of the proposed methodology in Chapter 3 is that the learning

robot rl is known by the other robots as members of the FL-ORCA swarm. The conse-

quence is that rl has only half the responsibility for not colliding, as the other robot in

the environment will avoid collisions with the swarm members.

In order to address this constraint, we use a different methodology in Chapter 4. We

proposed MINforce and MOUTforce, where the state representation is an ellipse abstraction

to model or encapsulate the group of robots inside an ellipse. The MINforce sets the state

representation as a matrix SMin
where the uapf (Artificial Potential Fields velocity) is set

as an input to the Neural Network. On the other hand, MOUTforce uses the matrix SMout

as a state representation, and for this case, the uapf is used in a vector sum of the Neural

Network velocity and the Potential Fields velocity.

The results from both methodologies diverge considerably since the MINforce can-

not generalize the problem, and the success rate is significantly worse than the MOUTforce

results. We also compare the MOUTforce and Msensor methodologies as their results are

interesting in terms of success rate. One can observe that the MOUTforce outperforms all

scenarios compared to Msensor. When evaluating the failure reasons, we also observe that

the Lost and Captured robot situation is lower for the MOUTforce approach.

In conclusion to this work, both methodologies, MOUTforce, and Msensor, presented
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important results demonstrating their potential in using Reinforcement Learning to use

a learning robot without prior knowledge of the environment or the other robots. Each

method has its own constraints and may be addressed or evaluated critically and deployed

to a real robot evaluation.

Although we have improved the results in the MOUTforce methodology, several

future directions may be possible in future research:

• In methods MINforce and MOUTforce, the ellipse evaluation considers that the learn-

ing robot has knowledge of the parameters of the ellipse. Although broadcast com-

munication might fill this gap, the data latency and even data loss may reduce the

success rate due to a lack of precision. We may understand the impact of noisy

data during the parameter recognition, for example, dropping the position for one

or many robots from the rl group.

• Testing the strategy on real robots to investigate possible gaps in the methodologies

is also a possible future work. We have developed a simulation environment that

emulates some real situations, but those methods can be extended in a more complex

simulator like Gazebo.
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