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Resumo

Na natureza, a tarefa de forrageamento tem uma importancia vital para diversos or-
ganismos que exibem comportamento coletivo. Por esse motivo, uma das tarefas mais
investigadas na robdtica de enxame é o forrageamento. Neste trabalho se considera um
time de robds forrageiros no qual cada membro repete a tarefa de pegar um objeto e
transporté-lo até um depdsito. A navegacao desses robds depende de indicagoes visuais
e locais, pois, nem odometria nem orientagdes globais foram utilizadas. O controlador é
uma maquina de estados hierarquica, na qual subjazem os comportamentos dos robos.
Eles podem aprender qual comportamento se ajusta melhor as condi¢oes ambientais, que
sao dinamicas. Para lidar com as mudancas ambientais, desenvolvemos estratégias que
permitem aos robos se adaptarem. Tais estratégias sao avaliadas em ambientes distribui-
dos e aproveitam dois tipos de conexdes: robdé-ambiente e rob6-rob6. Em particular,
essas conexoes permitem o fluxo, a combinacdo das informagcdes e, como consequéncia,
o aprendizado. Visto que a informagao influencia os comportamentos de cada robo e o
desempenho do time, nossas estratégias foram avaliadas em dois cenarios distintos: 1)
alocacao de tarefas e ii) particionamento de tarefas. No ambiente de alocagao de tarefas,
os robods interagem em trés regioes do ambiente. Cada regido conta com interfaces que
geram objetos a diferentes taxas e compartilham informacoes entre elas e com os robos
trabalhando na regiao. A estratégia proposta alcangou uma solucao proxima do étimo
tedrico quando os robds incorporaram essas informacoes. No outro ambiente, os robos
empregam interfaces para transferir objetos entre duas regides ou os levam através de um
caminho alternativo. Nesse cenario, as interfaces mudam a velocidade de transferéncia
dos objetos e os robos aprendem a partir de informacdes compartilhadas entre si. As
estratégias propostas permitem que os robos ajustem suas conexoes para adaptar seu

aprendizado e, assim, tomar decisdes apropriadas a demanda pelas interfaces.

Palavras-chave: forrageamento, sistemas multi-robd, tomada de decisao probabilistica,

particionamento de tarefas, alocacdo de tarefas, aprendizado adaptativo.
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Abstract

In nature, foraging is a fundamental task for several organisms that exhibit collective
behaviors. For this reason, one of the most researched tasks in swarm robotics is foraging.
In this work, we consider a team of foraging robots where each member repeats the same
task: to pick up an object and transport it to a nest. Robot navigation depends completely
on local visual clues. Neither dead reckoning nor global orientation helped them. The
controller is a hierarchical state machine, which underlies robot behaviors. They learn
which behavior fits better with the current condition. Since the environment changes, we
developed strategies that enabled robots to achieve a good adaptation. These strategies
dealt with distributed environments and exploited: robot-environment and robot-robot
connections. In particular, such set of connections allowed the information to flow at a
good rate and, as a consequence, their social learning. Since information influences robot
behaviors and team performance, the proposed strategies were evaluated in two scenarios:
i) task allocation and i) task partitioning. In the task-allocation environment, robots
interact within an environment, which consists of three regions where robots can forage.
Each region includes a set of interfaces generating objects at different rates. These in-
terfaces share information among them and with the subgroup of robots working inside
each region. The proposed strategy reached a near-optimal solution because robots incor-
porated that information to make their decisions. In the task-partitioning environment,
robots employ a set of interfaces to transfer objects between both regions or they carry
the objects through an alternative path. In this scenario, those interfaces change their
speed for transferring objects and robots only share information with other robots. The
proposed solution allowed robots to adjust their connections to adapt their learning rate.

As a consequence, they make decisions that fitted better to the changes in the interfaces.

Keywords: foraging, multi-robot system, probabilistic decision-making, task-partitioning,

task-allocation, adaptive learning.
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Glossary

Borda count: is a mechanism employed for elections where the can-
didates can be ranked by order of preference. It offers a proportional
sum of the points the candidates got in the voting poll.
Communication structure: represents the paths or channels through
which the messages are shared between the members. Over this struc-
ture, robots form neighborhoods, that is, subgroups of robots that are
connected one another. A robot could emit a message to its neighbors
and only them would have access to the message information.
Potential field: is a method to help robot navigation. The concept is
inspired by the concept of electrical charges. Then, obstacles have the
same charge of the robot creating a repulsive force, while a target has
a contrary charge such that robots are attracted to it.

Hub: is a node that has a greater number of connections in the com-
munication structure.

Information sharing: is the exchange of data between several units.
It requires a communication structure where messages have a path to
reach its receivers.

Law of diminishing returns: is a concept from economics that states
that in a productive process, increasing the amount of a resource while
holding constant the others. Then, after adding one unit more, the
output of the process will increase in smaller increments. There is a
point, where the output decreases.

Simplex: is a hyper-region of n dimensions whose boundaries limit
the possible points that a set of variables may take.

Task allocation: is a technique to distribute a team of robots into a set
of tasks such that they can achieve an optimal performance. Generally,
tasks have different requirements and constraints demanding different
amounts of robots.

Task partitioning: is a technique to divide the main task into sub-
tasks such that robots can perform them sequentially or in parallel.
Robots can coordinate between them, in an easier way, when they have
to perform subtasks that require multiple individuals.
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CHAPTER ].

Introduction

Since the 80s, the community of robotics has been using teams or swarms of robots
to imitate behaviors of social insects (SICILIANO, KHATIB, 2008). Roboticists try to
mimic such behaviors because they provide flexible and robust strategies to solve complex
tasks. Sahin (2005) stated the following criteria to consider whether a proposal belongs

to the swarm robotics field:

1 Autonomy: robots have a body and can interact physically and autonomously

with the environment.

1 Group size: the strategy of coordination should consider scalability to a large

number of robots; but a lower bound is difficult to justify.

(1 Homogeneity: it is preferable to have homogeneous robots. The more heteroge-

neous, the less “swarm robotics” is.

1 Simplicity: robots need to be relatively incapable or inefficient in relation to the

task they perform.

1 Local sensing and communication: these guarantee scalability and distributed

coordination.

In general, the desired collective behavior emerges from local interactions among robots
and between robots and their environment (BRAMBILLA et al., 2013). Current research
in robotics follows the archetype of social insects. It employs several simple and cheap
robots to replicate insect strategies (BAYINDIR, 2015). By working with multi-robot
systems, researchers have gotten some benefits such as: reductions in the required time to
complete a task (FERRANTE et al., 2013), increases in the team performance (PINI et al.,
2013), robustness while dealing with error-prone and noisy environments (BUCHANAN,
POMFRET, TIMMIS, 2016).

In several scenarios, cooperative multi-robot systems have shown that they can com-
plete a task more quickly than a single complex robot (MOHAN, PONNAMBALAM,
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2009). Notwithstanding, since each robot makes its own decisions, the team requires a
good communication strategy to improve its performance (BALCH, ARKIN, 1994). Social
insects provided roboticists with two ways of sharing information: explicit (MARCO, FA-
RINA, 2001) and implicit (RATNIEKS, ANDERSON;, 1999). On one hand, robots work-
ing with implicit communication can employ stigmergy and share information through
clues they leave in the environment (e.g., chemicals (DENEUBOURG et al., 1991) or
crumbs (DROGOUL, FERBER, 1993)). On the other hand, robots working with explicit
communication employ robot-robot messages (e.g., visual signs (BALCH, ARKIN, 1994)
or data strings (FONG, NOURBAKHSH, DAUTENHAHN, 2003)).

Both kinds of communication have helped to improve team performance even fur-
ther (MOHAN, PONNAMBALAM, 2009). Those sharing-information strategies have
worked well in foraging tasks, where robots need to find objects and transport them to
a deposit (DROGOUL, FERBER, 1993). Some of the works employed implicit com-
munication for navigation purposes as (CAMPO et al., 2010; GARNIER et al., 2007;
RANJBAR-SAHRAEI, WEISS; NAKISAEE, 2012). In these works, robots modify the
environment by leaving pheromone-like clues. The pheromone is some (virtual) chemical
robots drop in the ground. Its rate of evaporation is essential in order that the group
might deliver a good performance. When pheromone clues remain for long periods, the
group could stagnate in a single option. Robots would have a high chance to reinforce
former clues and never explore other alternatives. Fast rates of evaporation could vanish
the benefits of communication. Each robot would be working individually because they
could not benefit from the experiences of others. As a communication strategy, pheromone
benefits the group if it has a suitable rate of evaporation (DENEUBOURG et al., 1991).

On the other hand, explicit communication allowed robots to share information be-
tween them such as: their position, food location, internal state, or goal, among oth-
ers (BALCH, ARKIN, 1994; BALCH, HYBINETTE, 2000; PINI et al., 2013; PITON-
AKOVA, CROWDER; BULLOCK, 2016a). In these works, robots employ encoded
messages that the receiver may decode. Robots can store information about the loca-
tion of their targets and find the shortest path by integrating the shared information
(MILETITCH et al., 2013). Also, it is common to find a North-star in the environ-
ment or to endow them with some hardware (as an embedded compass) for self-location
(MILETITCH et al., 2013; PINT et al., 2013; PITONAKOVA, CROWDER; BULLOCK,
2016a). Robots locate themselves through this environmental information, which, some-
times, becomes virtual forces that support robot navigation. Generally, techniques like
potential fields (SIMONIN, CHARPILLET, THIERRY, 2007) or social potential fields
(BALCH, HYBINETTE, 2000) help transform the information into virtual forces.

Notwithstanding, besides navigation, robots execute more complex activities to com-
plete foraging tasks. Robots have to find objects and transport them to a deposit while
they deal with environmental conflicts (DROGOUL, FERBER, 1993; PINI et al., 2013).



According to (PITONAKOVA, CROWDER; BULLOCK, 2016a), mere implicit communi-
cation, as pheromone trails, could be insufficient to forage when environmental conditions
change. In real scenarios, food decomposes, sources deplete and new ones appear in differ-
ent locations. Consequently, robots would need a more complex communication strategy
than those for static conditions (WEI, HINDRIKS, JONKER, 2014). Some authors pro-
posed interesting strategies inspired by bees (MARCO, FARINA, 2001; SCHMICKL,
THENIUS; CRAILSHEIM, 2012; PITONAKOVA, CROWDER,; BULLOCK, 2016a). De
Marco and Farina (2001) modeled how these insects could change their decisions when
foragers share information about source quality. Once a forager shares information about
a source that has better quality than the current ones, recruits that listen to it would
disregard both messages about lower quality sources and their own information about
their current source. Thus, when compared to ants, bees are better at establishing new

food sources, because ants depend on pheromone evaporation, which may take a while.

Following with communication strategies inspired by bees, the proposals in (SCHMICKL,
THENIUS; CRAILSHEIM, 2012; PITONAKOVA, CROWDER; BULLOCK, 2016a) took
advantage of information-sharing and communication resources to increase team adapt-
ability. Schmickl, Thenius and Crailsheim (2012) showed how a simulated colony of bees
might adapt to new conditions. For this, the colony divides its team as follows: some for-
agers, few receivers, and many recruits. Foragers use short-range communication to share
information about the quality of a source with the receivers, which help to recruit many
other bees by sharing incoming information through long-range communication. Thus, by
combining long and short range in their communication strategy, the information spreads
faster and the colony can adapt to better sources. Pitonakova, Crowder and Bullock
(2016a) implemented an information-sharing strategy based on the recruitment of bees
proposed by (SCHMICKL, THENIUS; CRAILSHEIM, 2012) into a foraging testbed with
robots. Their results show that when robots have long ranges of communication, the team
could deliver better performance in static environments. However, long ranges of commu-
nication tend to stagnate the team in a single option if environmental conditions change.
Their exploration rates are very low due to the broad range of communication. The au-
thors indicated that if environmental conditions resemble real scenarios, lower ranges of

communication would deliver better performance and increase the team adaptability.

In this document, we tried to resemble real conditions by working in dynamic environ-
ments. Our communication strategies regulate the benefits of sharing explicit information
about the environmental conditions. We did not consider messages with navigation clues.
In particular, we explored network structures for explicit information-sharing that could
improve the adaptability of a team of robots working in environments that have controlled
changes while they forage. In particular, we provided two environments where the team
of robots can forage. Each environment is divided into regions such that it favors a dif-

ferent kind of strategy to forage as a team. One environment requires a task allocation
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solution, while the second is solved with a task partitioning strategy. Both ideas offer
parallelism, efficiency, and flexibility to improve team performance, but in different ways
(FERRANTE et al., 2013). Therefore, it is necessary to differentiate between them.

In particular, task allocation distributes the workforce into multiple tasks, i.e., how
workers are assigned to each task (GERKEY, MATARI¢, 2004). For instance, in (ZA-
HADAT et al., 2015), the environment consists of regions whose size is proportional to
the demand of the task. The total number of robots increased (or decreased) with the
birth (or death) of them. Since robots serve these regions by following a task allocation
strategy, they find a solution when the number of robots in each region is proportional to
the size of the region. Solutions following task allocation strategies depend on communi-
cation more than those following task partitioning strategies, because robots would need
to coordinate which of them are going to serve each task (GERKEY, MATARI¢, 2004).

Task partitioning organizes the task, i.e., how the task is divided into subtasks to
be executed in parallel or sequentially (GERKEY, MATARI¢, 2004). For instance, in
(PINT et al., 2014), the environment is a long path where robots have to forage for objects
from one extreme to deposit them on the other side. The authors allowed robots to
transfer the object from one to another until the object reaches the nest. Thus, robots
could complete a transportation by traveling smaller distances. They found a solution by
adjusting the traveled distance for each of them, which depends on robot capacities (e.g.,
speed and vision). Task partitioning solutions emerge from local interactions, need little
communication, and are difficult, if not impossible, to predict (GERKEY, MATARI¢,
2004).

Our proposal considers the findings of Tambe (1997) for human teams. He explored the
communication structures inside companies and concluded that a good communication
strategy could improve the performance of cooperative team even further. In particular,
we worked with explicit communication and showed, with a simulated team of robots,
that performance can increase by allowing optimal structures for information sharing.
In other words, we looked for communication structures that deliver an improvement in
the team performance and a reduction of cost in the communication. Here, robot-robot
connections build the communication structure where messages can be shared between
robots. Since the environment changes, each of our robots can adjust its local structure
of communication (connections) whenever it considers it is necessary. Those adjustments
are based on its own experiences and current environmental conditions. According to
(SUNG, AYANIAN, RUS, 2013), reaching an optimal solution with online and decentral-
ized adjustments is (almost) impossible, but near-optimal solutions can be reached. We
tested task allocation and task partitioning strategies because they require different levels
of communication. Note that explicit inter-robot communication needs to regulate the
following: What is it shared? Who is listening? How many messages is a robot sharing?

To our knowledge, this is the first work considering data-streaming techniques, the law of
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diminishing returns, and concepts of complex networks to improve team performance in
dynamical environments. Moreover, this improvement is achieved through the adjustment
of the local communication structure of the robots.

Among our contributions, there is a navigation strategy inspired by shark hunting
behaviors, which helped robots to navigate in both environments. For each task, besides
the environments, we designed two controllers whose behaviors and transitions are in a
hierarchical state machine adjusted accordingly. In both scenarios, robots employ a set
of messages that include information about the tasks. They do not share any information
about navigation. In particular, for the task allocation scenario, the environment included
some aids to share information with robots, i.e., robot-environment connections. In this
scenario, we adapted two base decision-making strategies and proposed a new strategy.
The communication between robots worked over three different structures in those three
strategies. For the task-partitioning scenario, we proposed some improvements on two
base models. In this scenario, robots do not have environmental aids for information
sharing. The communication worked over three different structures, which did not deliver
clear results. However, we proposed an adaptive structure, which emerged from each robot
adjustments. In other words, robots could adjust their own connections according to its
experiences and measurements of the environmental conditions. This adaptive structure

delivered promising results, which can be extended to other tasks.

1.1 Motivation

The goal of this proposal is to increase performance in dynamical foraging environ-
ments through adjustments in the (local) communication structure. For that, we explored
static networks and evaluated their effects on team performance. Besides, we allowed
robots to disable and enable their connections to adjust the communication structure ac-
cording to changes in environmental conditions. We found some works where the authors
improved the performance by considering the parameters of the structure of communi-
cation in their strategies for another kind of tasks (VISSCHER, SEELEY, PASSINO,
2006; HSU-SHAN et al., 2013; COUCEIRO et al., 2014). Furthermore, we noted that
some authors increased the swarm adaptability exploiting explicit communication (HOFF,
WOOD, NAGPAL, 2013; SARKER, DAHL, 2011; WEI, HINDRIKS, JONKER, 2014;
PITONAKOVA, CROWDER; BULLOCK, 2016a). Increasing the swarm adaptability
should increase the performance or, at least, reduce the effects of environmental changes.

Since communication supports the interaction between individuals such that team
behavior may emerge, it opens the opportunity to analyze the effects of information
sharing through complex networks. In complex networks, each node represents an acting
unit or robot and a link between two nodes correspond to the interrelationship between
them (NEWMAN; 2003). In other words, we can evaluate the effects of robot-robot and
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robot-environment interactions abstracting the team as a complex network. Thus, we took
concepts from complex networks and communication strategies from recent approaches in
multi-robot systems to propose a new way to improve swarm adaptability.

The following chapter details some of those recent approaches that improve the per-
formance of multi-robot systems depending on team communication skills. From those
works, we could infer that robots should share messages with more useful content (not
only navigation clues). Moreover, short-range communication delivers two benefits: avoids
over-commitment yielded by excessive information and exploits the experiences of other
robots to improve team performance. Therefore, we should focus on message content and
range of communication, particularly, when the environment changes. In other words,
we have to design a communication strategy that can deal with dynamical environments,
which is still an open challenge.

Our proposals explore predefined structures for information sharing such that we can
find an optimal one over which robots may interact, which if it is necessary, they could
adjust by changing their connections. Additionally, all the implemented strategies em-
ployed explicit communication, which is more suitable when robots must share content
that is more complex, that is, the proposed messages were more complex than naviga-
tion clues. Note that we consider both message content and structures to improve team
performance and adaptability while robots forage in dynamical environments. Thus,
through their communication structure, robots should be able to regulate incoming in-
formation. Beyond the communication structure, it is clear that the information-sharing
strategy may affect team performance. As slow pheromone evaporation rates can lock a
team, quick and excessive information can deteriorate its adaptability. We tested several
information-sharing strategies in two dynamical environments, where robots need to avoid
over-commitment to or stagnation in the best source. In other words, our robots had to
be able to balance between the benefits of little (short-range) and excessive (long-range)

communication because environmental conditions change.

1.2 Hypothesis

We believe there is a way to improve the team adaptability through local modifications
in the robot connections. As several authors have shown, communication is critical for
robot coordination, and it seems that communication opens an alternative to influence

robot behaviors positively.

1.3 Objectives

In this work, we investigate new communication strategies to allow robots to adapt

to dynamic environments. Such strategies helped multi-robot systems working in two
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foraging tasks where their performance was measured through the number of delivered
objects in the nests. In particular, our proposal provides robots with an information-
sharing structure to deal with changes in the environment, where a connection means
that two robots can share information between them. Thus, all connections generate the
information-sharing structure. From cited works, we infer that probably there is not a
universal structure that improves group performance in dynamic environments. However,
if we cannot find one, maybe robots can find it by adjusting their own connections. Thus,

our robots have to achieve the following objectives:

1.3.1 General objective

The broad goal of this work is to show evidence that a robot can adapt its behavior to
improve the team adaptability by modifying its structure of communication (a.k.a. local

connections) while dealing with dynamical environments.

1.3.2 Specific objectives

1 To identify and implement some models of foraging robots where communication

was relevant to the fulfillment of robot tasks.

[ To select different communication structures based on topologies investigated in

complex networks.

1 To evaluate the performance of the team of robots in the implemented foraging tasks
while they share information over the selected communication structures (static

topologies).

1 To identify a pattern between the structural parameters of the communication net-

work and the performance of the team of robots.

(A To discover which environmental events require robots to adjust their connections

while they execute the implemented foraging tasks in dynamic environments.

(d To elaborate local mechanisms of perception for the robots be able to identify the

events that demand adjustments in their communication structure.

1 To improve the adaptability of the team of robots while foraging in the implemented

environments by embedding the mechanism of (local) structural adaptations.

We expect that the team adaptability will reflect in the performances when robots forage.
Better adaptability should lead to faster adjustments to deal with the environmental

changes, which should translate into more objects transported.
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1.4 Thesis Organization

This document has the following organization: the first chapter introduced the prob-
lem, objectives, and the motivation of this research. The second chapter includes related
works and tools that we employed for our simulations. The third chapter describes the
problems we dealt with, while the proposals to solve them are in chapter four. All sim-
ulation details and results are in the fifth chapter. Since we introduced the problem of
foraging and two ways of tackling this task, all the following chapters have two sections.
Firstly, we describe the foraging task configuration that should be tackled through a task-
allocation strategy. We proposed this strategy for multi-robot systems and published it
in (NOGALES, OLIVEIRA, 2018b). This model is an adaptation of the deterministic so-
lution proposed for multi-agent systems found in (NOGALES, FINKE, 2013). Since that
is an extension of a deterministic solution, we only explored few structural adjustments
because events are known beforehand. The second strategy to deal with foraging is based
on a task-partitioning strategy. In particular, we explored network structures with a task
partitioning solution based on the works of (PINI et al., 2011b; PINI et al., 2013). The
results of this second part are published in (NOGALES, OLIVEIRA, 2018a) and other
is still in submission and revision processes (NOGALES, VARGAS, OLIVEIRA, 2018).
In this solution, robot distribution emerges from local interactions making the prediction
of critical events a difficult, if not impossible, goal (GERKEY, MATARI¢, 2004). There-
fore, we implemented a special mechanism for detecting the events when robots need to
adjust its connections (NOGALES, VARGAS, OLIVEIRA, 2018). Robot navigation in
both scenarios follows a strategy proposed in (NOGALES, ESCARPINATI; OLIVEIRA,
2017). The final chapter presents the respective conclusions.

Furthermore, we included one appendix to provide more details about our research.
Appendix A provides a short review of the environmental aids we found interesting to
help robots that have limited resources (like ours). Some of them were included in the

simulated environments, which were implemented in Webots simulator (MICHEL, 1998).



CHAPTER 2

Related works and tools

2.1 Related works

Research in multi-robot systems showed that diverse applications might achieve some
benefits by exploiting a swarm of robots to solve complex problems. Due to parallelism,
the swarm of robots could: i) Enable individual specialization (ZAHADAT et al., 2015),
i1) Decrease energy consumption (CASTELLO et al., 2016), i7) Decrease odometry error
and conflicts while traveling (BUCHANAN, POMFRET, TIMMIS, 2016; PINI et al.,
2014), or iv) Increase the number of transported objects (PINI et al., 2011b; PINI et
al., 2013). However, the designer responsibility is to propose coordination strategies
that increase team performance and solve the emerging conflicts. Such strategies should
regulate robot interactions by adapting themselves to environmental changes.

We have found several approaches coming from Entomology investigations (PITON-
AKOVA, CROWDER; BULLOCK, 2016a) to theory from Operational Research (YAN,
JOUANDEAU, ALI-CHéRIF, 2012) passing through Combinatorial Optimizations (AK-
BARIMAJD, SIMZAN, 2014) that engineers and computer scientists applied in Robotics.
These approaches have formed entire fields of research and developed complex strategies
that can deal with real robot conditions and restrictions. For instance, according to Cao,
Fukunaga and Kahng (1997), some of the multi-robot strategies can be traced back from
Distributed Artificial Intelligence. In this approach, autonomous learning nodes process-
ing and analyzing large amounts of data could solve complex problems. Afterward, it
branched and brought forth multi-agent systems, which considers agents that also exhibit
autonomy and work in a virtual world (CAO, FUKUNAGA, KAHNG, 1997). Likewise,
similar approaches from different fields underlie some of the strategies that are applied
in Robotics. Such transformations are due to multi-robot systems deal with individuals
that can move in the physical world and must interact with each other beyond generic
solutions that abstract inherent complexities of these systems.

Modern applications with swarms of robots range from containing wildfires (PHAN,
LIU, 2008; PESSIN et al., 2010), detecting intruders (RATY, 2010; KHAN et al., 2016),
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exploring unknown areas (HUNTSBERGER et al., 2003; ANTOUN et al., 2016), and
foraging for objects (BRUTSCHY et al., 2014; PITONAKOVA, CROWDER; BULLOCK,
2016b). In those scenarios, robots should be able to sense environmental information
and make their own decisions (a.k.a. divisional autonomy). As insects, robot behaviors
need regulation, preferably, through distributed control rules (a.k.a. decision-making
strategies). Thus, they can coordinate between them to look after the group benefit.
In other words, decision-making strategies should allow divisional autonomy and provide
control rules that establish the boundaries of robot autonomy (SAHIN, 2005).

Among the possible task to tackle with a multi-robot system, foraging is a canonical
problem for the study of robot-robot cooperation. One of the first works that define
foraging as we used here is (DROGOUL, FERBER, 1993). They defined foraging as a
task where individuals collect items from the environment to store them in a deposit or
nest. In their experiments, robots create a trail of crumbs while going to the nest to
attract more robots to the place where they found the object. Robots can choose a trail
of crumbs randomly. The trails (dis-)appear as the robots pick or drop the crumbs. The
authors measured the efficiency of the behaviors in foraging robots through the amount of
collected items. As an implicit communication strategy, the trail helped robots to reach
the desired behavior if the crumbs (dis-)appear at a middle slow rate.

We note in the extensive surveys (BAYINDIR, 2015; RAMAN, KRESS-GAZIT, 2013;
MOHAN, PONNAMBALAM, 2009) that several authors investigated foraging models
tackling different aspects: energy consumption, traveled distance, conflicts, time to deliver
some objects, the number of delivered objects to the storage location. In this work, we
try to increase the number of delivered objects with two kinds of strategies to deal with
multi-robot systems: task partitioning and task allocation. The aim of multi-robot task
allocation is to assign R robots to J jobs (GERKEY, MATARI¢, 2004). The other strategy,
a multi-robot task-partitioning solution, focus on the division of the task into consecutive
or parallel subtasks (BRUTSCHY et al., 2014). The following sections detail about the
related works in each kind of strategy. We avoid chains of robot formation because we

want all robots foraging.

2.1.1 Related works in task allocation

Gerkey and Matari¢ (2004) provide a complete review of multi-robot systems where
task allocation was the core strategy. The authors also highlighted two methods to achieve
cooperation between robots: emergent and intentional. The first method allows for robot
interactions without explicit communication during the robot allocation to tasks. How-
ever, these solutions make the prediction analysis a difficult, if not impossible, goal. On
the other hand, intentional coordination requires robots to communicate and negotiate
with one another to decide on which task each would work. Theory from operations

research and combinatorial optimizations underlies several of these approaches of task al-
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location. Some of those approaches borrowed concepts like auctions (VIGURIA, MAZA,
OLLERO, 2007), market-based processes (AKBARIMAJD, SIMZAN, 2014), game theory
payoffs (ABDALLAH, LESSER, 2006; MARDEN, ARSLAN, SHAMMA, 2009), utility
functions (LERMAN, GALSTYAN, 2002), and the like, to help robots in coordination.

One of the former works with negotiations through auction processes is (BERTSEKAS,
1990). The author implemented an auction strategy in a distributed fashion to assign jobs
(objects) to individuals. The algorithm begins with a pre-assignment of the values of the
jobs. Then, it runs a bidding phase where individuals offer a value for the job they prefer.
Finally, in the assignment phase, the highest bidder receives the job. There are extensions
of this auction process with iterative reassignment and local bidding (SUNG, AYANIAN,
RUS, 2013; SCHNEIDER et al., 2015), but the idea is the same: to assign the jobs (or
objects) to the best bidder.

Generally, auction-based approaches consider one or several auctioneers, which control
the negotiation process. In this scenario, is common that centralized approaches may run
faster than distributed ones (PARKER, 1998). However, their communication overhead
could be higher because all member should share information with a central unit (VIG-
URIA, MAZA, OLLERO, 2007). Parker (1998) suggests centralized solutions as a more
likely option for middle-scale systems and distributed implementations, in which there is
no central controller, for larger scales. The works available in (SANDHLOM, LESSER,
1997; LUO, CHAKRABORTY, SYCARA, 2013; SCHNEIDER et al., 2015) confirm that
distributed solutions fit better for larger scales. Moreover, distributed algorithms become
more suitable and scalable having a bounded bandwidth to transmit messages. In some
cases, a temporal (semi-)central auctioneer takes control of a local bidding process with
its closest bidders. When the auction ends, another auctioneer rises in another subgroup
(SANDHLOM, LESSER, 1997).

Authors also achieved task allocation solutions with auction-based and market-based
approaches in transportation tasks (KUBE, BONABEAU, 2000; CHAIMOWICZ, CAM-
POS, KUMAR, 2002; VIGURIA, MAZA, OLLERO, 2007; COSTA et al., 2011). Notwith-
standing, the problem continues in terms of jobs and workers that must maximize the
overall performance. Generally, the impact of robot selection is only known after the
robot takes action according to its job or task decision (DASGUPTA, 2011). This means
that further adjustments could take place if they do not coordinate well. Here, our focus
is on object transportation. Despite search and rescue missions could be related to this
kind of task, we did not deepen into them (AHUJA et al., 2002; LIU, NEJAT, 2013).

One of the former and most cited works in object transportation with task allocation
is (KUBE, BONABEAU, 2000). The authors tested MURDOCH, an auction-based task
allocation system in a box-pushing experiment with a heterogeneous team of robots. Af-
ter this seminal work, several variations of auctions strategies appeared in multi-robot

systems, e.g., the role assignment strategy, which also allows repetitive reassignments ac-
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cording to environmental conditions. Chaimowicz, Campos and Kumar (2002) introduced
roles as actions robots must perform to complete a task. This idea of roles came from
robot-soccer domain, where each robot calculates its utility for each role and broadcasts
these values to its teammates. Thus, teammates coordinate among them who would take
each role (STONE, VELOSO, 1999). Next, in the transportation task of (CHAIMOW-
ICZ, CAMPOS, KUMAR, 2002), when a robot finds an object, if it needs help, it shares
information about the available role and its utility. However, behind role assignment, the
bidding processes of auctions continue. The robot that needs help offers the role as a
job and makes a call of helpers. Robots interested in that role have to send a message
indicating the value of their interest in that role. The robot that called for helpers chooses

the best qualified among those that considered its offer.

Viguria, Maza and Ollero (2007) introduced another variation of market-based algo-
rithms for recursive allocation of services called S+T. The basic idea of this algorithm is
that a robot can ask others for services when it cannot execute a task by itself. They in-
troduce the concept of services, which robots can complete with the help of another robot
when they are unable to execute a task. They only consider independent and loosely
coupled tasks, i.e., tasks where robots need few or no information about the state of other
tasks. Costa et al. (2011) employed this idea to move large objects by contracting other
robots for pushing services whenever a robot cannot move the object alone. Then, those
robots that accepted the service can contract other robots if they cannot move the object,

i.e., it is a recursive call of workers.

Utility functions help to propose another kind of strategies. In particular, some task
allocation strategies to solve foraging problems were based on utilities removing the bid-
ding process. For instance, Lerman and Galstyan (2002) examined two scenarios: one
where robots only collect items and other where robots must deliver collected items to a
nest. In the latter, their experiments show a decreasing average return effect, also known
as the law of diminishing returns. Loosely speaking, this law states that each additional
robot working on a task would increase the performance, but the size of its improve-
ment is gradually lower until the group reaches a number where its performance declines
(FARE, 1980). The authors explain that robots begin to interfere with one another while
exploring or going after an object because they are foraging in a bounded space. This
impedes the progress of the foraging task. When the group increases in number, robots
begin to spend more time in avoiding actions than in the gathering of items. Lerman and
Galstyan (2002) found the optimal quantity of robots in a particular region through the
utility function of that region. Beyond that number, the benefits of parallelism that the

task allocation solution could deliver begin to disappear.

We also found alternative solutions following heuristics based on cost functions (YAN,
JOUANDEAU, ALI-CHéRIF, 2012) and task conditions (AKBARIMAJD, SIMZAN,
2014). In (YAN, JOUANDEAU, ALI-CHéRIF, 2012), the robots could reduce the to-
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tal transportation time while keeping a low energy consumption on each of them. Robots
have previous knowledge of the object positions and can employ path-planning strategies
to avoid collisions in their collective transportation. The environment includes a place
of constant production of goods, but their rate of production is unknown. The authors
implemented a heuristic that helps robots to estimate the rate of production and define
their idle periods (when their energy consumption is low). Finally, they compared their
heuristic solution to the centralized replanner from (WAWERLA, VAUGHAN, 2010) and
the results show that: 7) their strategy was faster and i) the cost of the required enecrgy
is only a few more than the required by the centralized replanner solution.

Akbarimajd and Simzan (2014) mention some alternative heuristics to pick the first
task to forage: closest, most starved, most starved and most complete, most proximal.
The closest task relates to the physical distance between the robot and the task, while
the most proximal task considers the location of other neighboring robots. A starved task
means some robots are lacking there, while the most starved and most complete tasks are
the ones almost complete but lacking robots to finish them. For each of the heuristics,
the process to find the optimal allocation resembles genetic algorithms where possible
solutions are calculated and the best ones survive. However, with these heuristic rules,
tasks enter a ranking process and the best ones win workers. Their strategy limits the
decisions of the self-interested agents by a superior goal, the one of the society.

Finally, the most accepted taxonomy of the classification of MRTA problems was found
in (GERKEY, MATARI¢, 2004), which divides problems as follows:

A Single (ST) vs Multiple Tasks (MT): refers to the number of tasks a robot can

carry out simultaneously

[ Single (SR) vs Multiple Robots (MR): refers to the number of robots needed
to fulfill a task

1 Instantaneous (IA) vs. Time-extended Assignment (TA): refers to the avail-

able information for planning future allocations

Although our robots reallocate themselves dynamically due to dynamic environmental
conditions, we can consider that our proposal belongs to the group of ST-MR-TA, because
a robot can handle one object at a time and several robots have to forage for objects to
complete the task without planning (loosely coupled tasks). In particular, we included
the idea found in (YAN, JOUANDEAU, ALI-CHéERIF, 2012), regions in the proposed
environment have unknown rates of object production. Thus, the number of robots in
each region would depend on these rates. As in (LERMAN, GALSTYAN, 2002), we
found the optimal number, but their initial distribution was different from the optimal
one. In other words, we have the optimal number of robots for the environment, but the

strategies must find the optimal distribution according to the rates of the three regions.
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We associate each region to mathematical functions that satisfy the law of diminishing
returns to regulate robots autonomy. Here, robots have to choose the region where they
get the best utility return, which avoids a bidding process. Therefore, our robots did not
employ auction processes nor heuristic solutions. Their decisions are based on this law to
reach a near-optimal distribution in the three regions.

Furthermore, we opted for a solution following an intentional coordination fashion,
that is, robots used explicit communication and possibly outdated information to dis-
tribute themselves between regions according to their estimations. If a robot informs
that its region is providing more objects, most robots would end up arriving at that re-
gion generating a massive movement that could increase congestions and deteriorate team
performance. We tried to regulate movements by providing local rules. Besides, differ-
ent structures of communication were explored in the strategies to find an optimal one
that balances between inhibition and stimulation yielded by shared information. These
rules and communication structures should decrease the congestions and increase team

performance because robots forage in a bounded space with limited resources.

2.1.2 Related works in task partitioning

In this scenario, most of the works employ adaptive solutions that are based on proba-
bility functions. One of the former foraging mathematical models we found is Deneubourg
et al. (1991). The authors replicated the conditions where insects may pick up and sort
items of different kinds in a parallel manner. Their environment is a grid of points where
agents may move and leave traces of odor in four directions (north, south, east, and west).
It is important to recall that agents work with more capacities and fewer complexities
than robots, in this case, leaving odor traces with a discrete range of movements. In par-
ticular, the team depends on these environmental clues to indicate other members where
they can make clusters of objects by kind. Agents decide between the clusters of objects
through probability functions. Thus, the bigger the cluster, the more probability to drop
a similar item there. For instance, a cluster with much food becomes more attractive for
agents to drop more food there. Deneubourg et al. (1991) proved that their agents could
complete the task through those probability functions.

When this kind of solutions includes task partitioning options, the robots can increase
the group performance by organizing the task because the task is divided into subtasks
that robots can execute in parallel or sequentially. Particularly, we found that task parti-
tioning strategies in foraging with sequential division afford two options for study: using
direct (ANDERSON, RATNIEKS, 1999; BUCHANAN, POMFRET, TIMMIS, 2016) and
indirect transferences (PINT et al., 2011b; PINT et al., 2013). Direct transferences tend
to increase the required time to complete a subtask because both robots have to gather
in the same area and transfer the object from one to another. On the other hand, robots

partitioning with indirect transferences drop the object in a common area where a part-
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ner would pick it up later. Nonetheless, the kind of transference depends greatly on the

robotic architecture that researchers employ.

We found some of the first models that included the possibility of task partitioning
with adaptability in (BONABEAU et al., 1997; THERAULAZ, BONABEAU; DENUE-
BOURG, 1998). These works considered local adaptive solutions to endow the group
with flexibility. Notwithstanding, probability functions are behind robot decisions. In
(BONABEAU et al., 1997), the group could deal with foraging through probability thresh-
olds. Such thresholds depend on the ratios of workers performing an activity. Each worker
has an activity-associated stimulus. The emission of pheromone of other members influ-
ences the stimulus of a worker. Based on this stimulus, probability functions indicate
workers when they should switch from active to inactive state and back. In other words,
workers can abandon an activity or continue struggling according to their stimuli. In
particular, when the number of workers exceeds the demand of an activity, their stimuli
trespass a threshold and push some of them to abandon that activity. Note that if the co-
ordination through these stimuli is wrongfully handled, robots might keep switching from
activity to activity, or worse, they might remain in a particular activity and overload it.
The authors could adjust these stimuli by including local and global information: the
number of workers in a particular activity and the number of individuals in the colony.
Thus, each worker could estimate how many workers should attend that activity and

employ its probability function to decide whether to stay or abandon it.

Theraulaz, Bonabeau and Denuebourg (1998) introduced specialization of workers
through the adjustment of individual thresholds. Each worker can adjust its threshold
as time passes. If the performed activity is progressing, the threshold decreases, else,
it increases. Since the authors defined the initial thresholds randomly, workers tend to
specialize in different activities. In particular, workers with an initial low threshold for
an activity will have more probability of doing that activity. Each worker decreases its
threshold of an activity after it performs that activity. Otherwise, if the worker fails
to complete that activity, it would increase that activity threshold. Eventually, workers
specialize in activities for which they are good. Notwithstanding, workers may abandon
any activity with a fixed probability, but if the stimulus continues strong, they could re-
engage in it. Note that, in both former models, the authors provided probability functions
and assumed that individuals can have access to special task-related information. In
distributed multi-robot systems, this kind of information is commonly unavailable, e.g.,
robots do not know how many of them are working nor do they measure the activity
progress.

Some recent approaches (PINT et al., 2011b; PINI et al., 2013; PINI et al., 2014)
analyze the advantages and bounds of task partitioning in foraging by using only local
task-related information. In these works, the authors partitioned the environment into

smaller regions to allow transfer the objects. This also facilitated the search process,
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which is one of the most time-consuming processes of foraging. Through sensory and
pattern-based search algorithms, robots explored the unknown environment, which in-
cludes a North Star guidance and a set of light-colored booths. Brutschy et al. (2010)
proposed the light-colored booths and called them TAMs (Task Abstraction Modules).
TAMs work as a stoplight: showing through colors if there is an available object or room
to store one object. Robots that lack handling-objects hardware may enter into them and
wait, emulating to pick or drop a virtual object. Besides, TAMs can store and share infor-
mation with robots. Those booths could avoid depositing information in the environment,
as pheromone trails (HOLLAND, MELHUISH, 2000), crumbs (DROGOUL, FERBER,
1993), or clusters (DENEUBOURG et al., 1991).

TAMs were successfully employed in (PINI et al., 2011b; PINI et al., 2013) to test their
strategies for coordination. Pini et al. (2011b) and Pini et al. (2013) included some TAMs
in the environments and offered robots two options for object transportation. There is
an area for indirect transferences to pass objects from one region to another and an al-
ternative path to transport the object without partitioning. This path links both regions
allowing each robot to carry from a source to a nest the object by itself. In the area for
transferences, there are several couples of TAMs working as a cache room, where objects
that are dropped in one side become available in the other region. Thus, the authors
could manipulate the required time to transfer an object (delay). In some conditions,
delays were short and robots should opt for transferring the objects. In other condi-
tions, delays were longer than traveling from a source to a nest and then robots should
prefer to transport the objects without transferring it. Unlike traditional foraging with
robot-landmarks (KURAZUME, HIROSE, 2000), bucket brigading (DROGOUL, FER-
BER, 1992), or market-based strategies (AKBARIMAJD, SIMZAN, 2014), with TAMs,
all robots were foraging in (PINT et al., 2011b; PINI et al., 2013).

We noted that some of the current works (PINI et al., 2014; CASTELLO et al., 2016;
BUCHANAN, POMFRET, TIMMIS, 2016) allow robots to adapt their parameters for
making decisions while foraging in the environment (i.e., online). In (PINT et al., 2014),
robots can get an estimated time to complete a subtask in order to adapt their decision-
making strategies. Based on these estimations, robots use probability functions to decide
whether to partition or not. Their robots can handle physical objects and employ direct
transference. However, if a partner did not appear to complete the transfer, they can stop
waiting for its arrival and go to the nest without transferring the object. Robots can also
adapt their exploration region based on previous experiences. Likewise, in (BUCHANAN,
POMFRET, TIMMIS, 2016), robots adjust the traveled distance depending on their
success in finding objects and partners. With this model, robots reached the solution
of an optimal partitioning distance for direct transferences, which was found in (PINI et
al., 2014). In (CASTELLO et al., 2016), robots use a #-threshold to decide whether to

search for objects or remain in the nest. They can adapt this threshold value as a response
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to abrupt changes in the availability of food. Therefore, novel strategies of coordination
for foraging must allow for the change and adjustment of some parameters online and

locally, i.e., while each robot is foraging.

2.1.3 Related works in other fields

Some authors already employed concepts of complex networks to model their systems
and evaluate the dependence of the individuals on the network structure (VISSCHER,
SEELEY, PASSINO, 2006; HSU-SHAN et al., 2013; COUCEIRO et al., 2014). Visscher,
Seeley and Passino (2006) abstracted a swarm of bees as a decentralized complex network.
Each node exploit the perceptions of its neighbors to make its own decisions. This model
allowed to identify the structural requirements for the team behavior to emerge. Hsu-Shan
et al. (2013) employed a centralized network to coordinate a team of robots in a rescue
mission. Their robots identify fire hotspots and share this information with a central unit,
which helps the team to find safe paths of evacuation. Couceiro et al. (2014) worked with
a decentralized network of robots for exploring unknown environments. In particular, two
kinds of robots create a MANET (Multi-robot Ad-hoc Network). Big robots act as a router
for the subgroup of small ones exploring the environment may publish information in the
network. However, in these models, the authors did not consider structural paramecters

to improve their strategies.

Unlike robot networks, in sensor networks, researchers have introduced structural
parameters to improve their strategies (ALBERT, JEONG, BARABASI, 1999). Several
authors have followed this trend to work with complex networks of sensors (WU, TSE,
LAU, 2014; RAMOS et al., 2014; PERILLO, HEINZELMAN, 2005; YIN et al., 2013).
Commonly, sensors are static nodes in the network and they have to gather environmental
information. Nodes create a path such that the information reaches a central unit that
stores and processes it. Wu, Tse and Lau (2014) and Ramos et al. (2014) employed a
parameter named betweenness centrality, which is a global measure of the number of paths
that pass through a node over the total number of paths in the network. In particular,
Wu, Tse and Lau (2014) decreased the number of congestions in hub nodes (nodes with a

high number of connections), while Ramos et al. (2014) extended batteries lifetime.

The degree of a node is another structural parameter that is commonly considered to
achieve some improvements in sensor networks. It quantifies the number of links a node
has. This parameter helps to classify networks according to their degree distribution, e.g.,
scale-free, regular, random, among other structures. Albert, Jeong and Barabasi (1999)
introduced this parameter in a strategy for routing called MDS (Maximum Degree Strat-
cgy), which achieved a lower number of messages to gather the environmental information.
Afterward, Yin et al. (2013) included another structural parameter called the clustering

coefficient, which is a local parameter that measures the fraction of neighbors of a node
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that are also connected among themselves. By combining both, degree and clustering

coefficient parameters, the authors sped up the gathering of environmental information.

These works show that the structure of communication can affect the performance
of the entire system. Furthermore, sensor networks showed that there are structural
parameters that can bring benefits to the dynamics of the team. It seems promising
to find a structure where robots may exploit their neighboring information. However,
communication between robots requires more than an optimal structure. There is more
to explore: What information can they share? How many neighbors should a robot listen
to? How long should the range of message transmission be? The following works enlight

the reader upon these questions and deal with foraging tasks.

Hoff, Wood and Nagpal (2013) fostered adaptability by providing the swarm with a
set of sub-models to forage whose activation depends on incoming information. They
followed some of the criteria of swarm robotics proposed in (SAHIN, 2005): robots are
homogencous and do not have a leader nor global information. The authors established a
sequence for switching between three sub-models. First, the swarm begins to forage with
a gradient-based sub-model, which is similar to the model presented in (SUGAWARA,
KAZAMA, WATANABE, 2004). In that model, robots employ direct communication to
transmit information about the nest/source locations and, thus, they could create a path
between both. The second sub-model is called area-sweeping foraging and employs the
idea found in (BALCH, HYBINETTE, 2000). This model allows robots to navigate by
employing social potential fields. Finally, their last resort is a random exploration. In
particular, the connectivity was fundamental for the group to reach an almost synchronous
switching between sub-models. Robots were sharing and replicating information about
the success in finding objects with the active sub-model. Whenever a robot finds food,
it delivers a positive message informing about the source location while it walks back
to the nest. But, if no robot finds food, they would not listen to any good news and,
after a while, they would note that things are going bad with the current sub-model.
After a period of unsuccessful search, the robots begin to transmit a signal indicating a
change from the current sub-model. Thus, through communication, the group can detect
if the active sub-model is failing (working), and robots can switch (stay) -as a group-
to another (in the same) sub-model. The authors concluded that if food sources appear
at fixed distances, a single static sub-model might work well. However, if food sources
appear at different distances, their proposal has better performance than any of the three

base sub-models.

Wei, Hindriks and Jonker (2014) studied the effects of communication in the coordi-
nation of a swarm of robots. The robots dealt with concurrent and consecutive tasks.
In the latter, communication allowed robots to obtain greater improvements. Inspired
by human communication, the authors proposed messages with more complexity in the

information-sharing strategy. They did not focus on the range of communication but on



2.1. Related works 19

the content of the message going beyond the results found in (BALCH, ARKIN, 1994;
SUGAWARA, KAZAMA, WATANABE, 2004). Unlike those two works, the robots in this
model shared messages with their goals and perceptions with one another. This leaded
the team performance improved further, because robots sped up their coordination when
they shared information about the room where they are/were working (i.e., goal) and the
color of the object they found there (i.e., perception). Since a robot could share a message
with all members of the team, it would influence their future locations. In particular, a
robot may change its goal by considering information it listened: if another robot was
there and found objects of the color it needs, that room becomes more likely its goal.
Otherwise, if it needs another color, this information would push it toward other rooms.
Finally, the authors concluded that to enhance performance, it is better for robots to
share only perceptions. Thus, a robot can have more information of the object locations

in the environment and forage for objects they need.

Sarker and Dahl (2011) followed a similar idea of stimulus from some of the first models
in foraging (BONABEAU et al., 1997; THERAULAZ, BONABEAU; DENUEBOURG,
1998). They modeled the system as a bipartite graph holding only robot-task connections.
In their model, the weight of the connection represents the stimulus of a robot for a
task. Thus, a robot depends on the weights of its connections to engage in some tasks.
Robots can learn and specialize in a particular task by reinforcing or decreasing the
weight of its connection with each task. If the weight of each connection is low, robots
can forsake a task. This forsaking skill allowed the swarm to avoid stagnation by over-
commitment, i.e., to be able to continue exploring other alternatives besides the best
option. To test the effects of communication, the authors worked with two swarms, each
including only one kind of robots: independent ones, which have global sensing and no
communication between them, and cooperative ones, which have local sensing and robot-
robot communication of short range. The independent robots disregard experiences of
others, replicating the effect of fast rates of pheromone evaporation. For the cooperative
robots, the authors adapted some ideas found in (YOSHIDA, ARAI, 2000) to maximize
information spread. They reached the effect of moderate rates of pheromone evaporation
with explicit communication. By comparing both swarms, cooperative robots could reach

better/similar results than those obtained with global sensing and no communication.

Pitonakova, Crowder and Bullock (2016a) found an interesting way to foster the team
adaptability. They regulated direct information sharing to achieve a balance between ex-
ploitation and exploration of new information. A robot shares information related to the
source it found while returning to the nest, which it can reach by using phototaxis. Its
teammates navigate toward the reported source by integrating their path through a trans-
formation of the shared information clues into a navigation route, as in (MILETITCH
et al., 2013). If they do not find the source after a while, they start a random search

in that near area. The authors modified several communications ranges in different sce-
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narios where robots behave like beggers, that is, robots acting as recruiters could request
information from other recruiters. Then, they could make a decision on whether to switch
to another source or remain in their current one. When sources were too scattered, the
best strategy was individual foraging with short-range communication. However, if the
objects were in a heap, it was better to have a swarm of long-range beggers, because they
created a strong commitment to a single heap. Then, they challenged the swarm in envi-
ronments where the qualities of the sources changed, but not their location. They noted
that long-range beggers disabled the swarm to self-adapt to these environments because
of over-commitment, which is similar to the long-lasting pheromone effect. On the other
hand, the short-range beggers lead the swarm to adapt and establish themselves to new

profitable sources, i.e., they could adapt as bees do to new environmental conditions.

2.2 Simulation software and robots

We worked with e-puck robots. We opted for this robot because they are an academic
platform offered as an open hardware concept, where all documents are distributed and
submitted to a license allowing everyone to use and develop for it. This robotic platform
appeared in 2004, since then, several universities have worked with e-pucks (EPFL, 2010).
Moreover, our laboratory has some e-pucks. Here, we list the components of an e-puck
robot. The hardware available in a standard e-puck includes a dsPIC microprocessor
of 40 MHz, 2 motors, 2 encoders, a VGA camera, 8 distance sensors, Bluetooth, 10
leds, 1 accelerometer, 3 microphones, and 1 speaker. E-pucks include Bluetooth for
communication, for loading the program, and for remote control. Leds help us to have
an indication of whether the robot has a load. There are available several hardware
extensions to improve e-puck capacities, but it means that the cost of the research would
increase with each robot.

Notwithstanding, in our laboratory, the number of robots was not enough when we
began this research. Thus, we opted for exploring several simulators that include the e-
puck in their libraries in order to pick the best for our robots. Among those simulators, we
found that some authors had implemented their models in Gazebo (KOENIG, HOWARD,
2004), V-REP (ROHMER, SINGH, FREESE, 2013), ARGoS (PINCIROLI et al., 2012),
and Webots (MICHEL, 1998). We note that e-pucks in some of those simulators can
perform unreal actions such as detecting occluded targets, move fast even while processing
images, and robots do not create shadows. In addition, physics of e-puck acts differently.
We found that Webots offers the smallest reality gap for e-pucks and delivers the following
advantages: 1) it simulates visual information of the e-puck camera, ii) it allows to perform
remote control, and #i7) it also converts the code directly into a .hex file to transfer it to
the real robot. It only does not emulate the audio components of e-pucks. However, in

our simulations, neither audio nor accelerometer nor encoders component were necessary.
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In (EPFL, 2010), the official webpage of the e-puck, they recommend Webots and V-
REP for 3D simulations with e-pucks. However, we compared the e-puck robot features
in Webots against other simulators. The version of Gazebo we installed does not include
the shadows, camera information, and the remote control option. When we were almost
finishing this research, the new version of V-REP introduced the camera-like sensor and
hardware extensions. Unlike Webots, V-REP does not offer the possibility for e-puck re-
mote control option. Some authors that worked with e-pucks in ARGoS did not mention
the version they employed, but they provided videos of the simulations in their supple-
mentary material (PINT et al., 2011a). Figure 1 shows the visual differences of e-pucks in
ARGoS and Webots simulators. Note that Webots have more colors and visual details.

Webots Argos

Figure 1 — E-puck robots in the respective simulators. The ARGoS image was taken
from videos of the supplementary material found in (PINT et al., 2011a). The
e-puck photo is from Webots 7.4.

Moreover, only Webots offers the possibility of creating the .hex file to transfer it
into the real e-puck. There is an option to create this file in MPLAB X16 Microchip

programmer. Therefore, our final decision was to employ Webots simulator.

2.2.1 Communication of e-pucks in Webots

Since we are exploring communication network structures to improve team adaptabil-
ity, we had to check whether the simulator emulates real communication details. Fortu-
nately, another advantage of Webots is how it emulates the communication steps. Real
inter-robot communication is asynchronous, which means messages can remain in the
buffer after they are emitted. This would affect robot learning, i.e., it is necessary to
consider this in simulations. Figure 2 shows the process of communication in Webots.

Note that Webots approaches its simulations to reality. The reader can find more details
e-puck communication in (COUCEIRO, VARGAS, ROCHA, 2014).
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Figure 2 — Steps for inter-robot communication in Webots. Data flows from right (emit-
ter) to left (receiver) using a packet queue.

Static communication structures

Recall that one of the key points of this thesis is to explore communication structures to
find one that brings improvements no matter which environmental challenge robots have
to deal with. However, previous works indicated that changes in environmental conditions
could demand a more complex and adaptive structure than a static one. Therefore, we
need to evaluate the strategies without communication (no connections, N), and over the
following static communication structures: 7) ring topology (R), i7) a regular of degree 3
(Rd3), i) a small-world (SW), and iv) a fully connected one (F), which are commonly
studied in complex networks. Figure 3 shows an example of these structures with eight
e-pucks.

Each of these structures provides different advantages and weaknesses. For instance,
the ring topology is a regular network of degree 2, where each robot shares information
with two partners. This kind of information-sharing structure guarantees a boundary
in time for all robots to receive a message from any other robot, but it lacks resilience,
i.e., the capacity to resist failures or random attacks. A small-world structure emerges
when some links between nodes are randomly changed from a regular topology (e.g., a
ring topology). It offers a better resilience than a regular one, but does not guarantee
that all robots would learn at a similar speed through the incoming messages. Finally,
a fully connected topology offers both a high resilience and a high speed in learning,
but its costs could increase exponentially as the team size increases. Therefore, first,
we need to perform an evaluation of these static networks and, thus, we should achieve
some preliminary conclusions about the communication structure effects. Therefore, this

research should begin by identifying which structure(s) offers the team a good support
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Figure 3 — Samples of communication structures including eight robots and their links
for information sharing. Robot degree increases toward the right and down.

for their performance in different and dynamic environmental conditions. If there is no

such structure, we should propose one that improves team adaptability.

2.2.2 Tools for simulations

Our license in Webots is Educational, which means it does not allow to exploit com-
putational resources entirely. Despite we worked in a Dell computer with an Intel i-7
processor of the third generation, 8 GB of memory RAM, and a Nvidia board of 2 GB for
dedicated video, the simulations ran on speeds lower than 0.4X. In particular, simulations
with teams of more than six e-pucks in Webots take too long. For instance, a simulation
of two hours in Webots could last up to six real hours. Such restriction made initial
exploratory experiments expensive. Therefore, we decide to use a simpler and lighter
platform to execute exploratory experiments. We opted for Netlogo 5.3.1 (WILENSKY,
1999), a multi-agent platform. Thus, we adjusted agent movements such that they ran as
robots in Webots and their time to forage took a proportional time to forage in Webots.
In particular, 2 hours in Webots & 7000 steps in Netlogo, which only require 15 minutes.
After the exploratory (and more massive) simulations in Netlogo, we used the promising

conditions to perform more refined and realistic simulations back in Webots.
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2.2.3 Task Abstraction Module - TAM

Since e-pucks lack handling capacities, we found a solution to emulate the picking
up/dropping actions with TAMs (Task Abstraction Modules). These devices can abstract
tasks as described in (BRUTSCHY et al., 2010), and later a formal modeling through Petri
Nets was provided in (BRUTSCHY et al., 2015). Each TAM has a light that changes its
color to show its current state, like a stoplight.

A TAM emulating a source provides a red light, when a robot seeking for objects
detects this TAM, it would enter to pick a virtual object. Once the robot entered it, the
TAM would change its light lest other robots try to enter. The robot would wait inside
until the TAM changes its color to indicate a complete emulation of its picking action.
Then, the robot could leave and the TAM restarts its process. This also works for a
TAM emulating a nest, but this time, it would have different colors and its waiting time
emulates the dropping action. Figure 4 shows the Petri model of the TAMs working as

sources and nests, and the schematic of the hardware available in each TAM.

Confirming ~ Robot : . Confirming ~ Robot
Departed? . : Departed?

Source TAM Nest TAM

Figure 4 — Petri model of TAM devices working as a source (left) and as a nest (middle).
TAM schematic proposed in (BRUTSCHY et al., 2015) (right): 1. IEEE
802.15.4 mesh networking module, 2. IR transceiver, 3. IR light barriers, 4.
RGB LEDs, and 5. E-puck entering into the TAM.

TAMs working as caches enable the task partitioning option. In particular, a cache
requires a couple of TAMs working as follows: one acts as a receiver -where the robot
drops the object and transfers it to another region- and the other TAM acts as a deliverer
-where robots may pick up the object later. Figure 5 shows a cache Petri Net model.

Note that a cache begins working as a receiver and can handle only one object at a
time. The TAM working as a receiver has a color-specific light indicating that it is free.
Once a robot enters this TAM, the light changes its color to indicate that it is busy. After
a while, when enough time has passed for the robot to drop an object, the TAM changes
its color to indicate a successful reception. Then, that robot can leave. At this moment,
the other TAM working as a deliverer changes its color to indicate its availability and
disables the receiver side. Once a robot enters to pick the object, the light changes to

indicate that it is busy. After a while, when enough time has passed for the robot to pick
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Figure 5 — Petri Net showing the functioning of a couple of TAMs working as a cache.

up the object, the light changes indicating to the robot that it can leave. This process
repeats during the entire simulation.

The dimensions of a TAM are 9 x 9 em? in order that an e-puck robot can enter them,
but they can be built to fit any robot platform. As proposed in (BRUTSCHY et al.,
2015), these smart devices include a Zighee component that allows them to generate a
network for information sharing. Consequently, these devices can emulate more complex
actions and tight-coupled tasks by communicating between them or with robots. Thus,
we implemented TAMs as static robots able to share information in Webots. Since e-puck
camera is also limited, according to (BRUTSCHY et al., 2010), e-pucks can distinguish
only up to 6 colors with their embedded camera. The simulated TAMs could not ex-
hibit more than this amount of colors. However, to overcome this limitation, we created
codes by combining geometric shapes (rectangles and circles) and four colors to encode
the available TAM states. The remaining two colors were employed for doors and path
landmarks. For instance, a red rectangle code is exhibited by a TAM to indicate an ob-
ject is available, while a white rectangle indicates a door. Such shape-color combination

indicates the available resources and helps robots in their navigation process.

2.2.4 Navigation

Here, robot navigation does not depend on odometry; it depends on the visual clues de-
tected through e-puck camera. Our simulated environments include geometric shapes and
color codes to identify the available tasks and transportation alternatives (see Fig. 6 for
details). This section provides navigation details, which were based on white-shark hunt-
ing strategies that were published in (NOGALES, ESCARPINATI; OLIVEIRA, 2017).
We refer the reader to (NOGALES, OLIVEIRA, 2017a) for simulation videos in Webots.

The main aid for robot orientation while foraging is visual clues. Both, door switches,
path landmarks, and TAMs are helping robots to orientate themselves while navigating.
In the task allocation scenario, robots use doors to travel across regions. In the task
partitioning scenario, they have an alternate path whose beginning is identified by two
cyan landmarks. TAMs are working as sources, nests, or caches allowing them to emulate

the repetitive picking/dropping actions of the objects.
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Figure 6 — Dimensions and regions of the environments for each of the proposed strategies
to tackle the foraging task.

Note that each region is short enough to avoid that robots waste too much time finding
the visual clues during their navigation. Robot visual range is almost 40 cm, while regions
have around 100cm in length. Their forward movements oscillate between 10 and 30 cm
depending on the image features. Next, since sources and nests have a fixed location, any
recording mechanism would make easier for robots the finding of the static sources. This
would shadow the adaptability skills of the implemented strategies. Therefore, despite
e-pucks have encoders, we avoided odometry and limited their orientation to visual clues

to allow a small space for randomness.

Although robot navigation is random, they have a scarce idea of the distribution of
the environment. When a robot finds a different visual clue from the one it is looking
for, it knows it has to turn toward the opposite side to continue its search. For instance,
a robot looking for a nest that finds a source should turn about 180 degrees and, then,
it moves forward in its exploration. Thus, that robot avoids increasing traffic to those
robots that are trying to reach a source. After dropping (picking) an object in a nest
(source), a robot turns and begins its random search for a source (nest) because it does

not remember the source or nest location.

Next, when a robot decides to travel toward another region, it has to find a switch
indicated by a door switch or landmark, which are another kind of visual clues. In the
task allocation environment, after a robot reaches a door switch, we force that robot to
wait a time while the door opens. Once it opened, the door remains open and waits for
enough time for the robot to pass through (supplementary material: entering door in
(NOGALES, OLIVEIRA, 2017a)). In the task partitioning environment, robots have to
reach a landmark, and then they can begin a line-following sequence to reach the other

region.
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As mentioned before, robot navigation depends mostly on visual clues, that is, on
image processing. Some samples of the image database are illustrated in Figure 7. In
particular, we used the color thresholding technique to segment the images and find the
components in them. This technique depends on accurate color and illumination. How-
ever, we considered two light conditions to include little changes in color. Since our goal
is to test the strategies, this problem can be controlled in laboratory experiments. Thus,
we needed to find the histograms of the color distribution. Then, from the histograms,
we find out the thresholds of the colors that worked for both light conditions.

Visual range Clear-shapes

Unclear-shapes

Figure 7 — Robot visual range (left). Samples of the geometric shapes from the image
database (right).

Weka (HALL et al., 2009) helped us to identify the descriptors (area of shape and width
of the bounding-box) to differentiate targets from the non-target shapes. Afterward, we
included a second level of classification of targets: unclear-shapes and clear-shapes. The
unclear-shapes cannot be distinguished due to distance or angle of perception, but once
detected, the robot may approach and double-check them. Clear-shapes are trustable
detections and, unlike unclear-shapes, they allow robots a faster approach. For the de-
scriptors of this second stage of classification, Weka ranked the descriptors according
to their information gain ratio and brought us the most contributive ones: eccentricity,
extent, width of the bounding-box, height of shape, width of the shape. With these de-
scriptors, we trained some supervised classifiers and compared the number of correctly
classified instances (performance). In particular, Weka allowed us to test three classifiers:
Decision table, Logistic regression, and J-48 Decision tree. The results of the training
stage are in Table 1. Since there is a difference of only 5% between their performance,

we opted for the J-48 Decision tree option because it has the lowest computational cost

(rules).
Classifier Rules Performance
Decision table 56 89.3
Logistic Regression 36 85
J-48 Decision tree 25 84.8

Table 1 — Results of the classifiers tested in Weka. The column Rules means the amount
of mathematical operations needed to do an object classification. The column
Performance means the amount of correctly classified instances
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To summarize, our database of images considers non-target and targets. Targets
can be clear-shapes or unclear-shapes. Such classifier answers allow robots to imitate
white shark’s possible perceptions: non-prey, potential prey, or guaranteed prey. The
following section explains how the robot switches its approaching behaviors based on

these perceptions.

Shark-inspired search and approach

As white sharks can switch between behaviors, we allowed robots to switch between
their approaching behaviors. Moreover, as sharks can change their sensory organs while
hunting based on their perceptions, we also allowed robots to switch between their sensors
too. When a robot is walking randomly in the arena, it stops periodically to obtain
treatable images. In these images, the robot searches its target (a particular color and
shape combination). If the robot detects a target and the classifier indicates that it is
an unclear-shape, then the robot approaches cautiously to double-check. However, if the
robot already double-checked this target, it returns to the random exploration. Whenever
the robot detects its target and the classifier indicates it is a clear-shape, then it turns off
the camera, enables its distance sensors, and increases the speed on each wheel by using
the image information. Then, the robot steps forward between 10 and 30 cm according
to the height of the shape. It goes faster for small images, because they are far. It goes

slowly if the image is large, because it is near.

Take a Classify using
picture descriptors

Explore |3

=

Approach by
> image features
C - OFF
DS - ON

Take a picture
for adjustment
C-ON
DS - OFF

Failed search - - -
|F|nal conflrmatlon|

Figure 8 — Process for robot switching across its sensory systems inspired on white sharks
(SKOMAL, 2015). The switch of sensors is in gray font, C for camera and
DS for distance sensors. The Question? evaluation consider abandoning the
search of that kind of target by declaring a failed search. The final target
confirmation means a successful search and approach.

After moving forward some distance or if the infrared sensors detected an obstacle,
the robot stops again, moves back few steps to avoid shadowing the target, enables again

its camera and takes another picture to adjust its trajectory or to identify the obstacle,
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respectively. If it is an obstacle, the robot turns right, moves forward, and then it turns
again to continue its walk.

As sharks need another sensory organ to make its final decision, our strategy includes
a final validation. Robots do not need to bite its target. They just hit the target and move
back a few steps. Since the robot visual field is saturated when there is lacking almost 6
cm to reach its target, once the robot hits the wall of the TAM, if the image is saturated
with the target color, it means it has arrived. Thus, the search and approach are fulfilled
successfully. The chart showing the Shark-approach strategy is shown in Figure 8. More

details of this navigation proposal are in Appendix B.

Summary

We noted that the environments play an important role in the design. Here, we
opted for TAMs as environmental aids for both task allocation and task partitioning
scenarios. Both kinds of strategies offer interesting solutions to foraging tasks. The task
allocation environment has only sources and nests. It consists of three regions whose rates
of object production are different. The proposed solution borrowed an idea from a multi-
agent strategy found in (NOGALES, FINKE, 2013), which robots should reach it through
the proposed distributed control rules. In particular, TAMs keep track of the marginal
utility of each region, while robots keep an estimation of it based on their own marginal
contribution. The region marginal utility measures the amount of objects delivered within
a period. Robots share their estimations through robot-robot connections, and TAMs
share their more accurate information with robots of that region periodically. Robots
based their decisions on these utilities. We explored the effects of different communication
structures to find the best suited for robots to achieve a (near-)optimal solution. These
results were already published in (NOGALES, OLIVEIRA, 2018b).

On the other hand, the environment with a task partitioning option includes sources,
nests, and caches. Recall that each cache is a couple of TAMs programmed to deal with
indirect transferences. We also handle the delay to complete the transference to challenge
the implemented decision-making strategies as in (PINI et al., 2013). In this environ-
ment, TAMs do not share information with robots. Only robot-robot connections are
available and cach robot has to adapt its connections to deal with environmental changes.
Since the solution emerges in this scenario, it is harder (if not impossible) to determine a
solution beforehand. However, we wanted to improve team adaptability through the com-
munication structure. A technique from data streaming for online learning helped us to
solve the challenges of the second environment. These results were recently published on
(NOGALES, OLIVEIRA, 2018a) and the dynamic network is submitted on (NOGALES,
VARGAS, OLIVEIRA, 2018). The following chapters offer more details about these en-

vironments, the problem they propose, and the respective controllers, which help them to
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navigate and forage for virtual objects following either task allocation or task partitioning

strategies.
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CHAPTER 3

Problem

Foraging belongs to the set of canonical tasks that roboticists study to find real life
strategies. It is a testbed to explore robot-robot cooperation. Drogoul and Ferber (1993)
defined foraging as the activity where individuals have to collect items, which are dispersed
in the environment, into a deposit or nest. Mainly, the efficiency of the designed behaviors
in foraging robots is measured through the amount of collected items. Despite there
are several ways to tackle this task, in this proposal, we focus in task allocation and
task partitioning strategies. The rest of the chapter is organized as follows: Section 3.1

describes the task allocation problem and Section 3.2 the task partitioning one.

3.1 Task allocation problem

The idea for this first problem has its roots in (YAN, JOUANDEAU, ALI-CHéRIF,
2012). The authors created an environment where the sources have different rates of object
production, which are unknown for robots. The robots have to find a balance between
foraging and resting activities according to those rates. The number of active robots
depends on the current rate. Here, we proposed an environment consisting of several
regions whose rates of object production are unknown for robots. Moreover, robots do
not have resting activities, they have to travel between regions and distribute themselves
such that the entire group can be foraging. Thus, if a region has a greater rate of object
production, it should have more robots and more collected objects. Consequently, robots
would need local decision rules to distribute themselves across these regions because they
have to find an optimal allocation based on their estimations about these rates.

In particular, we modeled the environment and its regions as a topological map. Fig-
ure 9 provides an example of a possible scenario of a topological map of the rooms of a
warehouse. Let nodes represent the rooms, i.e., distributed locations where robots per-
form the object transportations. In this building, robots have to repetitively move objects
within a room. However, rooms receive different amounts of objects (as different rates

of objects production), which require a different number of robots. This condition would
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force robots to distribute among the rooms to serve them appropriately. In particular,

the more objects appear in a room, the more robots should serve that room.

e e

Warehouse

2nd floor - Robots

g

2nd floor - Robots

1st floor - Humans

Figure 9 — Transformation of a warehouse scenario to our topological map. Small circles
represent the nodes, while the dashed circle represents the floor.

Note that the topological model of the environment can be as complex as the designer
needs. Moreover, following with the mathematical details of the topological model, nodes
belong to a set N, indexed from 1 to n. Each node has a rate of object production
defined as Op; for node i. For a node ¢, the number of robots foraging in it is represented
by r;. Next, let A, C R™ denote the (n — 1) dimensional simplex defined by the equality
constraint ' , 7, = ¢, where ¢ denotes the quantity of robots available. The simplex
guarantees that: i) the number of robots in any node is non-negative and i) after their
distribution, by summing up the amount of robots in all nodes, the total remains equal g.
This restriction is necessary because, mathematically, we could have negative amounts
of robots in any node or some of them could be outside regions. Next, the number of
collected objects by having a number of robots r; within node ¢ is given by the utility
function f; : R — [0,00). The total utility function is defined by f : R"™ — [0,00),
f(r) =", fi(ry), where r = [ry,...,m,] " represents the state of the system. Under the
assumption of local communication and decentralized decision-making, the objective is to

identify conditions that allow us to solve the following optimization problem
maximize f(r), subject to r € A,. (1)

In other words, robots have to find the optimal distribution among regions such that they
maximize the utility associated to each region. Since the utility measures the number
of collected objects, it depends directly on the rate of object production. Therefore, we
needed to design: i) an environment with several regions where e-pucks can forage, i)
local rules such that they may distribute themselves, and i) a suitable communication
structure with which the team performance improves. The proposed solution is in the

following chapter.
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3.2 Task partitioning problem

The task partitioning problem has its roots in Atta sexdens ants that exhibit an in-
teresting behavior of task partitioning while foraging. Some ants climb up trees and drop
leaves on the ground, where others would later pick them up and transport them to the
nest (FOWLER, ROBINSON, 1979). Thus, the transportation is partitioned in two steps.
These ants inspired Pini et al. (2011b), who proposed an environment including an option
for robot task partitioning. Commonly, foraging robots transport objects from sources
to nests through a path that links both regions. However, in this environment there is
an arca for transferences, where caches enable the partitioning option to forage. Their
environment includes TAMs acting as sources, nests, and caches to enable virtual object
foraging. (The reader may find more details of TAM functioning in Section 2.2.3.) When
robots decide to partition the transportation, they leave the objects in a cache of the area
for transference and other robot would pick them up to complete the task.

We took the model for foraging proposed in (PINI et al., 2011b) as our base model.
It was later extended in (PINI et al., 2013) by allowing robots to share their experiences.
This worked as social learning because robots learned from other members in the group.
Their robot-robot connections built a communication structure upon which robots could
share information. Since we want to explore information-sharing structures to deliver a
communication strategy that improves team adaptability, these works including a task
partitioning option were a good starting point. Besides, in both works, the authors worked
with the same robotic platform, the e-puck, which is not task-specific designed. Some
opportunities for new strategies and parameter adaptations emerged. Such improvements

brought benefits to the team performance avoiding hardware-specific solutions.

About the environment in (PINI et al., 2011b) model

In this environment, robots have to transport objects from sources to nests repetitively,
but each robot can transport an object at a time. Sources and nests have a predefined
time for delivery and reception of objects, respectively. They also are in different regions
and their location is static. However, the environment enables two options for carrying
the objects from sources to nests: partitioning or non-partitioning.

The partitioning option allows robots to divide each transportation task into two
sequential subtasks by employing an area for transferences. In this area, there are some
caches that link both regions. Each cache is a couple of TAMs. One of its sides works as
a receiver, while the other side delivers the object the receiver got. Thus, the deliverer
side imitates a source once an object was dropped on the receiver side. (Petri models of
TAMs workings as sources, nests, and caches are explained in Section 2.2.3). The non-
partitioning option has an alternative path that links both regions. Through this path,

robots can travel back and forth between regions carrying objects by themselves.
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Robots should decide whether to partition or not according to the times they experi-
enced in these options. For instance, if the area for transference is faster, robots should
take advantage of this option and partition the transportation of their objects. Other-
wise, robots should not to partition and carry the object through the path to drop it
into a nest because the area for transference is taking too long. Robots should decide by
which option they consider the fastest one. Figure 10 shows the schematic view of the

environment and its options to forage.

Source region Nest region
— N, v

0
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North Star

Figure 10 — Schematic view of the environment where robots forage for virtual objects.
The North Star introduces a mechanism for global orientation. P? means the
possibility to partition or not. Adapted from (PINT et al., 2013).

We believe that this environment abstracts a complete scenario of transportation. For
instance, a shipment company where autonomous robots have to decide whether to carry a
product from the sender to the receiver by themselves or if it is better to partition the task
into regions. If environmental conditions change, maybe raining or snowing precipitations
appear, robots should adjust their decisions and reach, instead of a cache, a warehouse.
In this place, they could deposit the products in order that other members can pick them
up and finish the transport. Thus, our decision-making model should help this company

by allowing its robots to adapt according to environmental conditions.

About the decision-making in (PINI et al., 2011b) model

The authors proposed a decentralized decision-making, that is, each robot can adapt
its decisions on whether to partition or not by learning from its experiences. In (PINI
et al., 2013), robots might share their experiences incorporating social learning. Pini,
in both works, challenged the decision-making models through environmental changes.
Those challenges included a change in the delays for transferring objects in the caches.
Results showed that their strategy brought a good performance despite changes. However,
communication brought unclear effects: in some cases, it improved team performance,
while in others, it reduced it. It depended on the luck of some of the robots to detect the

environmental change to notify the team.
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Robot decisions were done through comparisons of their estimated times to complete
partitioning and non-partitioning activities. For that, the authors provided sigmoidal
probability functions. (In Section 4.2.3, we explain how these functions behave to soften
the changes in the probability.) However, despite task partitioning offers a lot of benefits,
when robots are foraging with limited resources and space, conflicts and queues could
emerge and decrease the overall group performance. To avoid such deterioration and
stagnation, their robots needed the give up options. In (PINI et al., 2011b), these decisions
depend on a static give up function, while in (PINT et al., 2013) on a fixed threshold. In
both models, such kind of decision compares the current measured time struggling to
complete an activity vs. the estimated time for the same activity. Moreover, in (PINI
et al., 2011b; PINI et al., 2013), robots can only decide whether to give up or continue
struggling in partitioning activities, i.e., those related to the area for transferences.

Furthermore, all robot decisions depended on learned estimations. Each robot could
update its estimations once it ended an activity by employing the time it experienced
to complete it. Those estimations helped the robot to know which option was better.
In (PINI et al., 2013), communication increased the speed of learning due to shared
information and reinforce what robots already know. In other words, each experience
(lived or listened) helped robots to synchronize their information. However, robot-robot
messages could also stick the team by inhibiting their diversity of knowledge and reducing
the exploration of other alternatives in the environment. Consequently, if no robot detects
the change, the whole team would continue foraging in the worst option because all
robots learned the same estimations. Here is where we found an opportunity to test
whether a particular communication structure could improve the team performance or if
it would be necessary to include a mechanism for local adjustments of the communication
structure. In particular, we tried to regulate the social learning to keep team diversity

and exploration capacities.

Summarizing...

We worked in two problems whose strategies to solve the foraging task are different.
The first problem has to be solved through a task allocation strategy, which we adapted
from a previous work in (NOGALES, FINKE, 2013). The second one has to be solved by
a task partitioning strategy, which we proposed based on (PINT et al., 2011b; PINT et al.,
2013) models. For both problems, we had to provide an appropriated environment that

demanded either a task allocation or a task partitioning solution.
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Proposals

Some difficulties emerged when we tried to replicate a navigation strategy from (PINI
et al., 2011b) implemented in Argos (PINCIROLI et al., 2012). In Webots, robot vision
considers object occlusion and shadows. We were forced to implement a strategy for
navigation based on visual clues, which was published in (NOGALES, ESCARPINATI,
OLIVEIRA, 2017) and briefly explained in Section 2.2.4. This navigation avoids global
guidance, pheromone, or dead-reckoning strategies. It uses only local and visual environ-
mental information. In particular, the implemented environments include TAMs, land-
marks, and door switches to help robots in their navigation. Recall that TAMs are devices
acting as sources and nests where robots may forage for and deposit virtual objects.

In the foraging workspace, the implemented environment for the task allocation strat-
egy allowed us to propose: i) Two adaptations of the deterministic solution for multi-
agent systems found in (NOGALES, FINKE, 2013), i7) An adaptation of the probabilis-
tic decision-making found in (BONABEAU et al., 1997) such that robots could consider
the three regions, and i) An exploration of the effects yielded by different structures
of communication on these decision-making strategies. Here, robots share messages with
information about their estimations of the utility of the region in which they are foraging.

On the other hand, the implemented environment for the task partitioning strategy
allowed us to propose: i) Two improved versions of the base models, one with static and
other with online adaptation and ii) One mechanism that allows robots to adapt their
communication structure according to the environmental conditions. With this strat-
egy, robots share messages about the time they required to complete the transportation
through both alternatives. Moreover, they can send messages to enable and disable their

connections, which makes its communication structure an adaptive one.

4.1 Task allocation proposal

The solution for the task allocation problem was inspired in a previous work found
in (NOGALES, FINKE, 2013) for multi-agent systems. According to Nogales and Finke
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(2013), homogeneous agents should generate similar contributions to the utility. Thus,
since e-pucks are similar and can attend only one task at a time, utility functions may be
associated to the region where a subgroup of robots is foraging. A preliminary analysis of
the region utility showed that, by adding more robots into a region, the utility increases
but each time the increase gets lower until the number of robots surpasses a bound where
the utility decreases. This phenomenon is known as the law of diminishing returns. For
such scenarios, the benefit for a subgroup depends only on the number of robots that
belongs to it (MARDEN, ARSLAN, SHAMMA, 2009). Unlike auction-based solutions,
this law does not need robots to communicate their bids for an auction. Moreover,
decision-making strategies based on this law allow individuals to show both divisional
autonomy and distributed control (MARDEN, ARSLAN, SHAMMA, 2009).

In particular, we adapted the multi-agent solution to work with a multi-robot system.
In that generic solution, agents should distribute themselves across a set of subtasks to
achieve an optimal distribution. Agents base their decisions on the utility each subtask
delivers. Here, each region of the environment represents a subtask where robots may
forage for virtual objects. Moreover, each region has a utility that measures the number
of objects that the subgroup of robots delivered within a period in that region. Note that
region utility would depend directly on the rate of object production of that region and
its value is affected by the number of agents working on it.

We employed TAMs to enable virtual objects handling, store the region utility, and
share this information with robots that are working in their respective region. However,
each robot can compute an estimation of the utility of its neighboring regions based on the
messages it shares with other robots. In each decision, a robot compares the utilities and
decides on which region to serve, while it seeks to optimize the group utility. Since the
team has to maximize the group utility, the proposed decision-making strategics should
stimulate robots to cooperate among subgroups based on the utility measurements.

In this section, we explain the implemented environment, the assumptions that en-
able our multi-robot system to work with the solution found in (NOGALES, FINKE,
2013). We also detail the proposed robot decision-making strategies, which vary in robot
autonomy. Finally, we explain how social learning works through the message exchange
between TAMs and robots, and robots with one another. In particular, since robots get
information by entering into TAMs, they communicate over an intermittent network that
includes robot-environment connections. The effects of robot-robot connections are ex-

plored through different network topologies that underlie their communication structure.

4.1.1 Simulated environment

In Webots, we needed to implement an environment consisting of several regions to
work with decision-making strategies following a task allocation solution. Commonly, en-

vironments for foraging consists of at least two regions: one for deposit objects and other
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where robots explore (MATARIC, 1994). Notwithstanding, more regions are allowed:
robots can divide the environment into regions (PINI et al., 2014; BUCHANAN, POM-
FRET, TIMMIS, 2016) or the researchers provide a predefined division (HOFF, WOOD,
NAGPAL, 2013; PITONAKOVA, CROWDER,; BULLOCK, 2016b). Here, we propose an
environment with a predefined division, which consists of three regions that are connected
through hallways with automatic doors.

Figure 11 shows the dimensions of the environment, its doors, landmarks, and their
distribution. Note that every region has five TAMs working as nests, five working as
sources. But, sources have a different rate for object production (as the number of objects
dropped in a room of the warehouse). Therefore, robots have to distribute themselves
according to these region rates. The main idea is that the sources of a region that have
greater rates of production should attract more robots to forage in that region, while

regions with a low rate of production should have fewer robots.

SOURCES SOURCES SOURCES

Region Region Region

Figure 11 — Environment for the foraging task. The left image is a 3D view of the envi-
ronment showing the door switches. Right image considers all dimensions.

The implemented TAMs are able to store and share information. As proposed in
(BRUTSCHY et al., 2015), these smart devices include a Zigbee component that allows
them to generate a network for information-sharing. Other environmental aids we in-
cluded were ground colors to differentiate each region (PARKER, 1998) and fixed-lighted
landmarks (KURAZUME, HIROSE, 2000) to indicate doors through which robots can
reach a neighboring region (BOBADILLA et al., 2012). These aids are the cheapest solu-
tions we found to distinguish and divide regions (Appendix C provides a broader review

of environmental aids).

4.1.2 Proposed model

The strategies should try to solve the problem described in 3.1: allocate the robots

among regions (nodes) such that they maximize the total utility (number of delivered
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objects). However, we need some assumptions to make it possible for robots to employ
the multi-agents solution. First, the following three assumptions (common in economic
theory (FARE, 1980)) are required for each utility function f;.

A1l Each function f; is continuously differentiable on R.

A2 An increase in utility satisfies

filri +w;) = fi(r:) - filri +wi) = fi(rs)

U; w;

(2)

where r; € R, w; > u; > 0 represent a finite number of robots entering node 1.
A3 An increase in the number of robots within a node increases the utility of that

node, bounded by

fi(rs + ;) — fi(rs) <

Uy

0< 00 (3)

Assumption A2 represents the law of diminishing returns and implies that increasing
the number of robots in a node will always yield decreasing average returns. Assump-
tion A3 indicates that any additional robot should increase the utility moderately. Thus,
according to Eq. (2) and (3), from Assumption A2 and A3, respectively, the partial

derivative of f; with respect to r;, denoted by s;, satisfies

< si(zi) — si(yi) < —b (4)
Ty —Yi

—a

for any z;,y; € R, x; # y;, and constants 0 < b < a. It can be shown that if Assump-
tions A1-A3 are satisfied, the marginal utility functions s;(-) are continuous on R, strictly
decreasing, and non-negative, while f;(-) is strictly concave (see (NOGALES, FINKE,
2013) for details). Loosely speaking, the marginal utility functions indicate a lower av-
erage contribution per robot in the utility of a node after adding more robots. Section
5.1.1 will present the shape for the marginal utility functions of the nodes (or regions) of
the proposed environment.

Until here, we have defined the assumptions about the utility functions, which allow
robots to make decisions that benefit the group. Notwithstanding, we need more nomen-
clature and assumptions to design the distributed control rules (or decision-making strate-
gies). Since we are using a topological map of the environment, a connection between two
regions means that robots can move back and forth between them, and also get informa-
tion from those regions. By moving across regions, robots may join or leave them at time
indexes t = 0,1, 2, ... according to their decisions, which are asynchronous. Let ef:k(t)
denote the decision of a number u; of robots to leave region ¢ € N to join a neighboring

region k€ N; at time ¢. Let e/, "i(¢) denote the set of all possible simultancous decisions
from region i to its neighboring regions N;. The set of events £ = P({e"i(t)}) — {0} rep-

resents all possible simultaneous decisions from all regions. Thus, a single event e(t) € £
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is defined as a set where each element represents a decision of a number of robots to
abandon a region.

If an event e(t) € £ occurs at time ¢, the update of the state of the system is given by
r(t+1) = g(r(t)). For the robots belonging to region i € N, g(r(t)) is defined as

At =n- Y wh+ X ) (5)

{kei 2k (t)ee(t)} {jzez;ji(t)ee(t)}

In other words, after a movement of robots, the number of robots of a region would
decrease by those leaving and increase by those arriving. Figure 12 shows an example of
robot movements in the graph model of the environment between connected regions or

nodes. We use both terms interchangeably.

3rd
Region

Region [ e’ (t)
Figure 12 — Visualization of an event e(¢) when two simultaneous movements occur.

Note that three robots are joining the second region in this event e(¢). One from the
first regions, whose mathematical expression is e}, **(t) with u1(¢) = 1, and two from the

third region, whose mathematical expression is ej"(t) with uz(t) = 2.
Next, we got the mathematical notation. However, robots have to share information
to reach the optimal distribution, which requires that the model to satisfy the following

assumptions on the information sharing structure of regions and its robots.

A4 The regions form a connected network G,, = (n, A,).
A5 There is a large enough number of robots, g, such that there can be at least a

robot within each region providing a positive utility when r € A7.

Assumption A4 implies that there is a path formed by consecutive regions that are
connected by a door, i.e., a robot can reach any region after passing (probably several)
doors to reach it. This places a small condition on the information-sharing and possible
movements across regions. Assumption A5 demands a minimum number of robots, which
in general depends on the nature of the utility functions. Thus, finally, under Assumptions
A4 and A5, the optimal solution has the form

AL ={re A Vie N, Vk e N, s;(r;) = s,(r,)} (6)
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In other words, under all the above assumptions, for any finite number of robots, the
optimal allocation r € A} is unique (BERTSEKAS, 1999). In particular, Bertsekas
(1999) found theoretically this unique and optimal point for non-linear systems and let
open the challenge to propose strategies that can reach it. Here, robots need to reach
the distribution r € A7 that captures the optimal allocation once all subgroups have the
same marginal utility. Note that if all regions offer the same benefits, no robot has an
incentive to abandon its region. If a robot does it, it would affect the performance of both
regions, the one it arrives and also the one it leaves.

Here, we computed the optimal quantity of robots for different rates of production in
each region (Op; for region i) of the environment. But, the initial allocation is different
from the optimal one. Robots have to travel between nodes seeking for one where they
get the best performance. Their decision on whether to remain or leave a node depends

on a learned estimation of the marginal utility. The next section explains this process.

4.1.3 TAMs and robots learning

Each robot updates its estimations from its own experiences, messages from their
partners, or through TAMs. Since TAMs and robots are able to store information and
share it among them, we need to explain the content of the messages and how they update
their information. In a region, TAMs share their information with all robots foraging in
that same region once they enter in them. On the other hand, robots can share information
over three particular communication structures: fully connected, regular of degree 3, and
ring topology. Thus, each communication structures provides each robot a set of links,
which enable it to share information with its neighbors (i.e., those robots with which
it is connected). Then, more links mean more cost in communication and processing
of incoming information. In Section 2.2.1, Figure 3 provides a sample for each of these
structures with 8 robots.

Robots and TAMs keep a record of estimation of the number of delivered objects.
Robots keep their own performance (i.e., robot ¢ at node i keeps s(t)), while TAMs keep
an estimation of the region (i.e., TAMs at region i keeps s;(r;(t))). Recall that if robots did
not work in a region, information from other robots working in that region could spread
up to them through their connections. Also, we allowed robots to share information
they received from another region with their neighboring robots, that is, those robots
with which they have a connection and share information with them. Robots and TAMs

employ the following emitter-receiver messages:

1 TAM-Robot updating: region ID and marginal utility
1 TAM-Robot order to leave: region ID, receiver 1D, and Bye message

1 Robot-Robot updating: receiver ID, estimation, and region
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1 Robot-Robot/Robot-TAM leaving a region: emitter ID and Bye message
1 Robot-Robot/Robot-TAM arriving at a region: emitter ID and Hi message
1 Robot-TAM refusing an order: emitter ID and Negative message

1 Robot-TAM accepting an order: emitter ID and Positive message

In our models, robots can receive messages from their own region and from another
region. The arrival of such a message should update its estimations. If messages came
from another region, they would update the estimated values a robot has of that region.
The fulfillment of an activity updates the estimations, too. In particular, a robot ¢
uses the following exponential moving average function for learning with both its own

measurements and incoming messages

sit)=a- M+ (1 —a) si(t—1) (7)

where a € (0, 1] is the rate of learning, MY is the score the robot measured (listened), and
¢

S

¢(t) was defined as the performance estimation that robot ¢ gets by working at node i.

In robot-robot messages, robots share this estimation with all their neighboring robots.
Thus, if robots have no path of connections with other regions, they would consider that
their current region is the best, because they never got information about other regions.
Thus, the communication structure affects their learning process, their decision-making,
and their task allocation process. Moreover, we need to know how much information and
how fast robots should share information, because both, message content and speed, also
influence the learning process, and, as a consequence, the team performance.

Messages from TAMs are fundamental to this proposal. TAMs also indicate the end of
a period for robots to update their local variables. This idea resembles the way enterprises
pay their employees: they are asynchronous and payments are done at the end of a period
of work (e.g., 15 days, monthly, etc.). Once TAMs send a TAM-Robot updating message,
they indicate the end of a period to its robots. Then, they will consider how many objects
transported -as a subgroup- and update their estimations of performance in that region.

Besides synchronizing robot performances, TAMs store more precise information of
the subgroup of robots foraging in the region where they are allocated (i.e., the marginal
utility s;(r;(t))). In particular, the set of TAMs working as nests in a node (or region) i

update their marginal utility with a function of learning defined as follows:
si(ri(t)) = A - M;+ (L —=A) - s;(r;(t — 1)) (])

where A € (0,1] is the rate of learning of a region, M; is the score measured during a
period, and s;(r;(t)) was defined as the marginal utility of the region or node i. TAMs
share this marginal utility every period in a TAM-Robot updating message, which helps
robots to regulate their behavior. Thus, besides helping robots with their navigation at

the environment, TAMs help robots in their information-sharing process.
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4.1.4 Implemented decision-making strategies

Here, we detailed the strategies for decision-making. In particular, we implemented

four decision-making strategies:

1 Deterministic model (D), which we adapted from the solution for multi-agent sys-

tems that guarantees an optimal distribution; this model works as a reference.

O Two semi-stochastic proposals, which allow more autonomy for robots named (SS)

without environmental aids while (SS-TAM) considers that these aids are enabled.

A probabilistic strategy (P), which is an adaptation from (BONABEAU et al., 1997)
with which robots could consider three regions at once. Robots used two thresholds

for making these decisions.

These strategies of decision-making should help robots to regulate their transitions
such that they could reach a (near-)optimal allocation. Movements may be stochastic,

but any event el *Vi(t) € e(t) must satisfy one of the following decision-making rules. In
particular, how robots decide to distribute themselves into these nodes is the focus of the

next sections.

4.1.4.1 Deterministic decision-making

In this strategy, according to the decision-making for multi-agent systems found in
(NOGALES, FINKE, 2013), each region should decide if a robot should leave and forage

in another. In other words, robots have no autonomy to decide which region to serve.

D-R1 If s;(ri(t)) > s;(r;(t)) for all j € N;, then u,;(t) = 0, i.e., robots remain in a
node ¢ where they get the best performance of the neighborhood.

D-R2 If there exists a node k € N; such that s;(r;(t)) < sg(ri(t)), then some robots
could decide to abandon ¢ to serve in the neighboring node k. This node k is
chosen such that Vj, k € N; sge(ri(t)) > s(r;(t)), i.e., robots tend to move to
a node that has the highest marginal utility among the neighboring nodes. In

particular, the number of robots leaving node ¢ is bounded by

0 < (1) < 50 [se(ru(®) = 51 (0) )

where ¢ € (0,1/a] represents the level of cooperation between regions, a is the

fastest change in the marginal utility functions (see Eq. (4)).

Rules D-R1 and D-R2 restrain the allowable events. In particular, D-R2 regulates
the tendency of robots to join a node that has a higher marginal utility value. Within a
particular node, robots show divisional autonomy in the sense that they have no constraint

in their decisions to serve that node. However, nodes have authority to bereave robots
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of node-to-node movements. In the warehouse scenario, it would be the same if robots
can choose which objects they will move in a room, but not which room to serve. When
robots forage with this decision-making, rooms would indicate them when to leave and
towards where they must go. The messages from TAM to Robot (TAM-Robot) order
to leave, Robot-TAM refusing an order, and Robot-TAM accepting an order work only
on this deterministic model, where regions have authority upon robots to restrain their
transitions. A robot answers with a refuse message if it is carrying an object. Otherwise,

it would accept the command of the TAM and leave toward the suggested node.

4.1.4.2 Semi-stochastic decision-making

We proposed this strategy to provide robots with more autonomy, because it removes
node authority upon robots, that is, robots can choose which room they want to serve.
However, it introduces some randommness in their decisions. First, we need to add the

following two assumptions on communication:

A6 Each node offers information of its local utility to robots working within it.
A7 There is a connection between any pair of nodes, that is, if j € N;, then there
exists at least one link communicating a robot from node ¢ with some robot in

node j.

Since robots have to communicate and share information about neighboring regions
to make a decision, Assumption A6 and A7 are guaranteeing information flow between
TAMs in different regions. This is a critical requirement for the proposed robotic task
allocation. Note that Assumption A7 is a local extension of Assumption A4. It allows
robots to get information about performances and marginal utilities in neighboring nodes.
Thus, robots can share information and compare the options to make a decision.

Note that robots following the semi-stochastic decision-making have autonomy to move
across regions. No region is commanding robots to move toward another region. However,
this means that when robots detect another node with a better utility, they could depart
massively and that node would be empty. According to the optimal point A} defined in
Eq. (6), if no robot is working in a node, they would have a lower team performance.
The group has not reached the optimal distribution. To avoid such situations, we have
to design a decision-making strategy that regulates such massive movements. In other
words, we have to create distribute control rules such that some robots could remain in a
node, even when there is another with a better utility.

First, robots would need to know or at least estimate how many of them are working
in that node to be able to decide whether to stay or leave a node. Although such a kind of
global knowledge is commonly unavailable in swarm robotics (SAHIN, 2005), they could
estimate or guess how many are working on the same node. Recall that we are working

with homogeneous robots, hence, it is expected that all robots serving a particular node
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would have a similar performance. Thus, by using the marginal utility of its region,
¢

i

(t), robot ¢ might estimate how many of them are there. Recall
¢

)

si(r;(t)), and its own, s
that we let a robot ¢ keep track of its performance at node i in s;(t), which is an estimation
of the number of objects it delivered in region i. Next, let #¢(t) = s;(r(t))/s%(t) represent
the estimation of robot ¢ about the number of robots working in its node, which is not
necessarily the real number.

Note that if robots are considering to leave node 1, it is because there is a neighboring
node k € N; such that sy (r(t)) > si(r4(t)). Thus, let pt ., (¢) be the probability of robot ¢
departing from node ¢ toward node k, which offers a better utility. When robots follow

Us

this strategy, any movement e’ "i(t) € e(t) must also satisfy the following rules.

S-R1 If s;(ri(t)) = si(t) (i.e., PE(t) = 1), then p’ ., (t) = 0, i.e., that robot is the only
one serving there and must remain in it even when there is a node with a better
utility.

S-R2 If s;(ri(t)) > si(t) (ie., 75(t) > 1), then p’,,(t) > 0, i.e., that robot should
compute its probability of departing toward node k that offers a better utility.
The probability of robot ¢ departing is given by

poa(t) = o ) (10)

where ¢y is level of cooperation of robot .

These rules stimulate robots to go after an optimal solution. Note that, unlike the
deterministic solution, the semi-stochastic decision-making allows robots to use probabil-

ity functions. Thus, by allowing robots to have autonomy to move between regions, we

*
c?

remove the warranty of achieving the optimal distribution A%, i.c., robots could achieve
sometimes the optimal solution, others, they would achieve near-optimal ones. The rule
S-R2 with Eq. (10) should reduce the probability of having nodes without robots, but

those situations can occur at any moment.

4.1.4.3 Probabilistic decision-making

Here, we adapted sigmoidal (s-shape) functions proposed by Bonabeau et al. (1997)
for decision-making, which offer a soft change between two regions. We adapted those
functions to allow robots to decide between three regions at once. In preliminary simu-
lations, we also allowed robots to decide with only two options, that is, between its own
region and the region with the maximum marginal utility. Those results showed that our
adaptation delivered an improvement of at least 5% up to 18% over the decision-making
comparing only two options. Moreover, we observed more frequently that robots left
empty nodes when robots employed the two-options strategy. Therefore, we worked with
the proposed three-option strategy. This strategy also includes Assumption A6 and A7

to guarantee communication between robots.
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Next, let us assume that robot ¢ is foraging in node 7. This robot has two thresholds
and the best option would gain more range of probability as it becomes better. Otherwise,
it would shrink its range. In particular, its probabilistic decision-making with three

options employs the following thresholds

-1

Ry |14 MO OS] it sf(t) > 440)
91(75) = - , » 11 (11)
R, 1+ P (si0/50-1) , otherwise
- o 1-1
Ry (14 (OO0 i gh(8) > 8 (t)
bo(t) =1{ R (12)
Ry |1+ efe(1-si®/55®) , otherwise

where R, = 2/3, Ry = 4/3, and s!(t) is the performance of robot ¢ at node i, while s (¢)
and sﬁ.(t) are the (probably listened) performances at nodes j and k, which are its best
two neighboring nodes. Recall that Assumption A6 allows robots to share information
about their performance to another robots serving neighboring nodes. Thus, if robot ¢
never worked in these nodes, it could use the listened performance of a partner working

there. Figure 13 provides the shapes of both thresholds as the ratio increases.

1.0r
508 (1) > ()
So6f si(t) < si(t)
g (1) > s4(t)
& 04, (1) < sL(t)
i J

o
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Figure 13 — Shapes of the probability thresholds to leave a node. The values of §§- (t) and

5% (t) remained constant in this plot. The ratio means the relation between

st(t) over any of the alternatives.

Note that if marginal utilities are similar in the three regions, a robot has equal
probabilities to decide for any of the regions. Otherwise, that robot should adjust its
thresholds to make its decisions. Dashed lines in Figure 13 represent the cases where
the performance of robot ¢ in the current region 7 seems to be better than those listened
about or previously experienced in its neighboring regions. If the marginal utility of node ¢
increases, more chances this robot would have to remain in that node. The solid lines
indicate when robot ¢ at region ¢ has a lower performance than its neighboring regions.
Note that if its marginal utility gets lower, the other options increase their probabilities
until it reaches a negative value, which means robot ¢ must leave region i.

Following this decision-making strategy, any movement eLjN i(t) € e(t) must also satisfy

the following rules.
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P-R1 If 6) < pj_,(;y(t) < 62, then robot £ should not leave its current node i.
P-R2 If 6, > p{_;(t), then robot £ should depart toward node ;.
P-R3 If 05 < pt_,,(t), then robot ¢ should depart toward node k.

In other words, if robot probability falls between the thresholds, it would opt to remain.
Otherwise, it should depart toward a neighboring node. In this strategy, nodes have no
authority upon robots. They can travel between nodes according to the indication of
their estimations. Note that this option is completely probabilistic and different from
the deterministic rules D-R1 and D-R2 and the semi-stochastic rules S-R1 and S-R2.
However, Assumptions A1-A7 remain. Consequently, robots are measuring utilities and
have a greater dependence on information coming from robots at different regions. Unlike
the semi-stochastic decision-making, robots following this probabilistic decision-making
do not have one rule to regulate how many of them can leave a node with low utility.
Therefore, it is possible to have massive departures of robots between nodes, which could
leave some nodes without foragers.

Summarizing, all the implemented strategies of decision-making depend on the infor-
mation-sharing structure. Robots following the deterministic decision-making need TAMs
to command them where to go. Whereas the semi-stochastic and probabilistic strategies,
TAMs help robots in the information sharing and in the synchronization of their decisions
within each region. Note that the more autonomy for robots, the more they depend on
information from neighbors and regions. The next section explains how robot behaviors

are controlled such that they could forage for objects.

4.1.5 Controller

Robot behaviors are controlled by a hierarchical state machine, i.e., a state machine
where each state may contain a sequence of sub-states as shown in Figure 14. We chose
this technique to avoid an explosion of states due to some actions (as searching) and
transitions that repeat in different activities (states). When robots begin to forage, they
will begin with Pick an object, but they first identify the ground color to know which
region they belong to. Then, they send a message Robot-TAM arriving at a region such
that the TAMs in that region may know who are their foragers.

In Figure 14, we expanded the states to show details of their inner sub-states. Note
that robots have two kinds of decisions, T? and G? The first represents the transitioning
decision, which is achieved by the previous decision-making strategies. In other words,
T? means that a robot is considering to leave a region to move to another where it may
get a better utility. The latter decisions are only available in the Go to a better region
state because robots can fail the searching of the door switch. After a robot ends this

state, it can be in either the desired region or the same (if its searching process failed).
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In that latter case, the robot could decide to stay there because it is taking too long to
find the door.

Success

Searching

Drop in a nest
[

Remain Transition

=|| Pick an object Go to a better region

Wrong region

(- In desire
region
I
B4 Better stay

Pick an object

Success

.==t""" | Transition

Figure 14 — Hierarchical state machine describing robot behaviors. The dashed lines
represent the transitions where robots are able to abandon a previous decision.
The circles in the expanded states contain the conditions G? (for give up
decisions) and T? (for decisions on transitioning toward another region).

Fail s JAMMSg

In particular, robots use the following give up probability function for that kind of

decisions:

Py(t,t;) = (1 te {Mti?w] ) _ (13)

where K = —0.6 and M =5 are steepness factors, O = —5 is the offset of the function,
t; is the time already invested in finding the door, and f is the estimated time picking
and dropping an object in this region. These values were the ones that worked better in
the preliminary simulations. We adapted Eq. 13, which was published in (NOGALES,
ESCARPINATTI; OLIVEIRA, 2017). Note that robots can only abandon Go to a better
region state to return to pick objects instead of wasting their time looking for the door.
Robots following the deterministic model should send a Robot-TAM refusing an order
message when they decide to abandon the transition. Thus, TAMs could send another
robot to depart from that region. The following section describes the preliminary simula-
tions to configure the environment parameters and the performance of the decision-making

strategies in our foraging task.
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4.2 Task partitioning proposal

First, since this solution was extended from the base models, we need to summarize
the differences between our model with the base models found in (PINT et al., 2011b;
PINI et al., 2013) in Table 2.

Proposal

(PINI et al., 2011b)

(PINTI et al., 2013)

Robot decision-making
e Adaptive give up
function

e GGive up decisions
compare times on both
options

e Abandon decisions in
any activity

e Abandon decisions
may occur after failing
a search

e Static give up
function

e (Give up decisions
compare the waiting
time vs. estimated time
on the same activity

e Abandon decisions in
activities related to
the area for transfers
e Abandon decisions
may occur after finish
an activity

e Threshold based give
up option

e (Give up decisions
compare the waiting
time vs. estimated time
on the same activity

e Abandon decisions in
activities related to
the area for transfers
e Abandon decisions
may occur after finish
an activity

Navigation

e Based on shark-inspired
strategy (only visual)

e Without memory or
previous knowledge

e Traveling through the
alternate path employs a
line-following algorithm

e Based on odometry
information
e Not mentioned

e Traveling through the
alternate path mixes a
North Star guidance
with ground color in-

e Based on odometry
information

e A priori knowledge of
sources and nests sites
e Traveling through the
alternate path mixes a
North Star guidance
with ground color in-

formation formation
Controller
e Hierarchical state machine e Finite state machine e Finite state machine
Communication
e Adaptive e OFF ¢ OFF/ON

Table 2 — Main differences between our proposal and the reference models.

Here, we also employed TAMSs to enable virtual objects handling but, in this environ-

ment, they did not share information with robots. Robots should compare their experi-
ences while transporting the objects from sources to nests through probability functions.
In particular, the time they required to complete the transportation.

Moreover, in this section, we will explain: 7) the simulated environment, which follows
the schematic distribution shown in Fig. 10. i) the proposed decision-making model with
an adaptive function that helps robots to make faster and smarter decisions for abandon
or continue struggling in any activity, iii) how the controller deals with these functions to

regulate robots behaviors, and iv) our proposal for adapting the communication structure,
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which was embedded in the best three implemented models for decision-making to regulate

robot learning speed.

4.2.1 Simulated environments

Here, we describe the parts of the environment and their distribution in the environ-
ment. Since standard e-puck robots lack handling capacities, we seek possible solutions
to validate our proposal. We found several ways to help simple and limited robots: some
require hardware extensions, while others are through environmental aids. Generally,
hardware extensions are more expensive because they must be acquired for each member
of the team. Thus, as the team grows, the cost of the experiments increases too. This
does not happen with environmental aids because all robots may use one of them. Among
the environmental aids, we found interesting solutions, each with a different level of com-
plexity and cost of implementation (see Appendix C for details). We opted for TAMs,
ground colors, and landmarks.

The simulated environments have a blue region, which has some TAMs working as
sources, while the red one holds TAMs working as nests. Recall that TAMs indicate the
available activities through a color-shape code. The area for transferences includes some
caches, which join both regions. The paths have lines of specific colors to guide robots
toward the other region. Finally, the scalability of the models was tested by providing
two sizes for the environment: small and large. Figure 15 illustrates the short and large

environments with their regions.
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Figure 15 — Dimensions and regions of the environments for the foraging task. Both
environments include two cyan landmarks indicating the start of the paths
to switch across regions.

Note that the small environment includes 4 sources, 3 caches joining both regions,

and 4 nests. While the large one has 8 sources, 7 caches, and 8 nests. The alternate
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path has the same size in both environments, likewise the position of the two landmarks.
Notwithstanding, the regions in the large environment are broader to hold more TAMs.
Their number is proportional to the number of robots that the environment can support.
However, there are fewer caches than robots to increase the complexity of the environment.

In the base models, there was a North Star to guide robots while traveling through
the alternate path (see Fig. 10). Here, it was replaced by two local landmarks. These
landmarks are two fixed squares always lit with a cyan color indicating the start of the
path. Once a robot reaches a landmark, it enables a line-following process. The robot
begins to follow a line with the same color of the region of destination. When the robot
finishes that line, it follows another line with another color lest it wanders when it arrives
at its destination. Since there is only one landmark per region, a robot may occlude the
landmark for a while. Other robots looking for it will wander around until it is visible
again or until they decide to abandon this option. This would create queues that the

implemented decision-making models should overcome.

4.2.2 Robot learning mechanism

After a robot finishes an activity whether picking or dropping an object, they update
their estimated time to complete such activity. Such estimations give robots an indication
about the current environmental conditions. Besides, when robots share their experiences,
that is, with a social learning as in the base model (PINI et al., 2013), they would
consider the experiences of others robots as if they would have finished that activity.
Only neighbors can share information between them, that is, those robots having robot-
robot connections between them. Those connections create a communication structure.

Since robots employ a communication structure to share information, we explore the
following static communication structures: ring topology (R), small-world (SW), and fully
connected (F). When they do not share information, we considered it as a no connection
structure (N). The reader may find a graphic representation of these networks in Section

2.2.1 for eight e-pucks. In particular, robots can share the following messages:
1 Robot-Robot updating: emitter 1D, estimation, task code
1 Robot-Robot hi: emitter ID, receiver ID, 1
(1 Robot-Robot bye: emitter ID, receiver ID, 0

The task code encrypts if the robot was partitioning or not and if it was picking or
dropping an object. For instance, “PC” means Picking from a cache. We understand
from this code that the robot was partitioning because it was using caches and, evidently,
it was picking an object. Likewise, for the non-partitioning option, we used “PS” for
source and “DN” for nest activities. These codes were researcher-friendly to make easier

the processing of robot reports.



4.2. Task partitioning proposal 53

Recall that we search for a communication structure that helps robots to forage while
dealing with changes in the environmental conditions, without knowing the exact con-
ditions. In this proposal, environmental changes are modifications in the delays of the
transference area. However, we confirmed what previous works had indicated: having a
dynamic environment could demand a more complex and adaptive structure. This held
in our changeable environment. Then, we had to provide robots with a mechanism for
adjusting their connections, which is explained in further sections. Note that robots have
two more messages, which they can use to change their communication structure in this
way: Robot-Robot hi messages connects emitter and receiver robots while Robot-Robot
bye disables their connection. In other words, these messages enable robots to create an

adaptive structure that helps them to deal with a changeable environment.

Learning process

Note that environmental congestions and the delays in caches affect robot estimations.
Even if cache delays remain fixed, environmental congestions yield different measures of
time after each experience. We employed this delays to introduce significant changes in
robot experiences. Robots should keep an estimation of the time they required to fulfill
their activities. Thus, after finishing an activity, the time the robot measured updates

the estimated time for that activity as follows:
t (1—a)t+aty (14)

where tj; represents the measured time since the robot began to do that activity and
a € (0,1] is the rate of learning. The larger the alpha, the more important the last
experience is. Whereas f represents the estimated time of that last activity. For instance,
in the region for sources, a robot that picked an object and opted for the non-partitioning
option would update £g (estimated time to store in a nest). That robot decided to travel
through the alternative path to store its object in a nest. The time steps it measures
until it stores the object in a nest (¢);) would update its estimation for that activity
(ts). If the robot had opted for the partitioning option, it would have to update ip.
(estimated time to drop in a cache). Likewise, for a robot in the region of nests. If the
robot chooses the non-partitioning option, it would have to travel and harvest an object
from a source. In this case, that robot would update # (estimated time to harvest from
sources). Otherwise, it would pick up an object from caches and update ¢p. (estimated
time to pick from a cache).

Furthermore, when a robot completes an activity, it can broadcast to all robots a
Robot-Robot updating message with its ID, the measured time, and the code of the activity
it was performing. Other robots will listen to this message but only its neighbors will
consider this information as if it were its own experience. In other words, a neighbor would

consider this information as if it itself had finished the reported activity. Consequently,



54 Chapter 4. Proposals

that robot will update its estimations by using Eq. (14) employing the time its neighbor
experienced as t); in the activity it listened about as f. Since events are related to the
learning process, every time a robot uses Eq. 14, it triggers an event. In other words,
an event is when a robot updates its estimations either because it fulfilled an activity
(experience) or by the arrival of a message (social learning).

In swarm robotics, it is better to avoid global communication. In case of a real
implementation, TAM modules, as described in (BRUTSCHY et al., 2015), could store
this information, share it across the network of TAMs, and replicate it to all robots
that will eventually enter them. Thus, in a real implementation, TAMs could enable
communication between all robots and activate the social learning process. Robots learn
from Robot-Robot updating messages, where they share their updated estimations. Since
the Robot-Robot updating messages include the robot ID, other robots could decide whom
they listen to, i.e., they could choose who are their neighbors. Thus, robots can vary from
excessive to scarce information by increasing or decreasing their connections. Unlike (PINI
et al., 2013), our robots do not share their experiences continuously; they share them
only after finishing an activity. More details about how robots regulate their information-

sharing resources are in the following section.

Adaptive communication structure

Since our proposal depends on communication skills to improve team performance,
we observed how social learning affects team performance. Some researchers of sensor
networks improved their strategies by introducing structural parameters in their strate-
gies (ALBERT, JEONG, BARABASI, 1999; WU, TSE, LAU, 2014; RAMOS et al., 2014;
PERILLO, HEINZELMAN, 2005; YIN et al., 2013). The most common one was node
degree, which measures the number of connections a node has in the network of com-
munication. This parameter has helped some of these authors to reach improvements
as extending the battery life of the sensors, increasing the speed for information-sharing,
decreasing the number of messages to spread information.

In particular, the proposed mechanism allows each robot to adjust its degree, i.e., the
number of connections it has with other robots according to the environmental conditions.
Recall that a connection between two robots means that they can share information
between them and, as a consequence, they can learn twice as fast as only one could. For
instance, let robots A and B be neighbors. Robot A delivers an object in the nest and
shares this information with its neighbor who is also coming to deliver another object.
When robot B ends the delivery, it would share a message with its experience. Then, each
would have updated its estimation as if it had already finished two deliveries (one from its
neighbor and one from its own experience). Following this analysis, the more connections
or degree a robot has, the faster it will learn. Thus, robots would have to balance between

little and excessive information, i.e., between exploring or exploiting their neighbors with
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which they share information to deal with environmental changes. Figure 16 shows where

this mechanism should work to improve group adaptability.

Agent decision-making process

i e CD
I Shared-information |

Communication Change
network detection

Experience
or
Shared-information

Figure 16 — Decision-making process schema for each robot. The blue squares are the core
of our proposal to improve adaptability through the communication structure.

This kind of adjustment in robot degree has a similar effect to the technique of window
size adaptation for online learning in data-streaming (found in (GAMA et al., 2014)). In
that technique, if the controller detects a change in the data stream, it decreases the
window size to speed up the learning process. Otherwise, it enlarges its learning window
to the normal size. In our case, when a robot increases its degree, it would have the
same effect as reducing the window size because the robot could get more experiences in
a short time instead of waiting to live them. For instance, if a robot detects a change in
cache delays, it could increase its connections. By increasing its degree, that robot would
get more incoming messages. Then, it could update its estimations faster. However, in
normal conditions, the robot just need to keep a few connections and learn at a slow rate.

Fig. 17 shows a graphical comparison of the learning adjustments in both ideas.

Adaptive window l Adaptive network

Normal conditions

HEEEEE

More samples to learn Few neighbors to learn

Special conditions

[ 1] EIEIEIEIEIE]

Few samples to learn More neighbors to learn

Figure 17 — Comparison of our proposal with the adaptive window size technique from
data streaming.

Note that this proposal requires that each robot supervise environmental conditions
to detect changes. We let robots to check the ratio between the costs of both options as

follows

prp() - o0+ tall)

o) (15)

where t41(t) and t4(t) are the estimated times to transport an object in each of the two

regions, i.e., to get a successful transport through the area of transference; t¢(t) is the
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estimated time to finish the transport without partitioning, i.e., to transport an object
from a source to a nest using the path. This equation evolve by the occurrence of learning
events.

Recall that an event refers to a moment when a robot gets new information about the
activity estimations: by its own experience or by social learning when a neighbor shares
its experience. After each event, robots check for changes in the ratio PnP(t). Here, they

employ the following high-pass filter to detect changes
v(t) =06 (y(t—1)+ PnP(t) — PnP(t — 1)) (16)

where the parameter § is a threshold that helps to filter noise from real changes (GAMA
et al., 2014). Note that a small 5 means that the curve will decay quickly. Thus, the robot
needs large changes between PnP(t) and PnP(t — 1) to adjust its connections. If there
is no change, i.e., PnP(t) — PnP(t — 1) = 0, then the function 7(¢) will decay to zero.
Next, working with a large 8 means that small changes are noticeable. As a consequence,
we let a fixed small value of § = 15%, which means that a change greater than 15% is
enough for a robot to adjust its connections. We defined this value based on the standard

deviation of preliminary simulations.

1.0p

L 0.2 —Upper
= PP

~0.2f ™~ Lower
A t-—-B- ——c——m

Figure 18 — Filter behavior against changes in the ratio PnP(t). Red circles mark the
events where the degree of a robot should change.

Figure 18 shows how the filter works. First, within the interval A, note that there
is no change because no robot ended any task to update their estimations. Within the
interval B, the filter output surpasses the upper bound, then, the robot will adjust its
connections (PnP(t) increased enough). Within the interval C, the output remains be-
tween the upper and lower bounds, then, the robot will not change its connections. Once
the filter output trespasses the lower bound, the robot will adjust its connections again
(PnP(t) decreased enough). The change in the degree of a robot depends on how this
parameter behaves in constant scenarios. Details about how robots should adjust their
connections in the proposed environment are in Section 5.3.3.

To summarize, we provide robots with a simple learning mechanism. Robot-robot
connections help robots to increase their rate of learning. However, either excessive or

scarce incoming messages can deteriorate the team performance. To avoid this, we also
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propose a mechanism that enables a way for each robot to regulate between exploiting
and exploring shared information. In particular, once a robot modifies the number of
neighbors, it changes the rate of learning, going from fast to slow learning rates. Then,
those changes in robot degree should help the team to improve their performance. Re-
call that we focus on improving the adaptability through the communication structure.
Therefore, since robots are foraging in a dynamic environment, they require more com-
plex communication structures. Our robots could adapt their structure according to each
environmental condition, which was possible due to the change detection mechanism. It

helped robots to deal better with environmental changes.

4.2.3 Implemented decision-making strategies

Here, robots have two kinds of decisions: partitioning”? and giving up? Both deci-
sions depend on the estimated times each robot learned while fulfilling these activities,
whether through the caches or the alternative path. These decision-making models are lo-
cal and employ sigmoidal probability functions to compare both options. The probability
functions help robots to favor either the partitioning or non-partitioning activities.

We also introduced the possibility for robots to abandon any activity, not only those
related to non-partitioning. They can abandon any activity not only those related to
the area for transference. As previously cited studies showed, small changes at the in-
dividual level can gencrate improvements at the group level. Some of the benefits of
having the abandon options and a static version of the give up function were submitted
in (NOGALES, OLIVEIRA, 2018a). We explain in the following paragraphs both kinds

of decisions.

Decision-making 1 - Partitioning?

Robot decisions about partitioning consider the ratio between partitioning and non-

partitioning estimations on the following sigmoidal probability function

1/ 1+ eR(fé/(fm"'f%)_l) , if to > (2?(1,1 + 2?¢2)
P, - - (17)
1/ 1+ F(1= (o, +isy) /e , otherwise

where P, is the probability of partitioning, I is a steepness factor, te =ty + ts is the
estimated time to transport an object by the non-partitioning option: harvesting from
sources and storing it in a nest through the alternate path. While #,, and %, represent
the estimated time to transport an object by partitioning, that is, by using the caches for
indirect transferences between both regions. In the region of sources, the estimated time
to transport from a source to the receiver side of a cache is #z,. While in the region of
nests, £d>2 represents the time to transport an object from the deliverer side of a cache to

a nest. Fig. 19 shows the behavior of these functions.
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Figure 19 — Behavior of the probability to decide between partitioning and non-
partitioning, i.e., between using the area for transference or the alternative
path.

Since these functions follow sigmoid curves, as the estimation for an option goes lower
(higher), the probability of choosing that option increases (decreases). Eq. (17) does not
change from the one in (PINI et al., 2011b).

Decision-making 2 - Giving up?

Although we worked with the same robotic platform of (PINT et al., 2011b; PINT et
al., 2013), we observed that the give up functions of the base models delivered a slow
speed of adaptation. Here, we proposed a new give up function, which robots could
adjust as they forage (online). Our robots decide to give up without using centralized
task-related information and independent of neighbors success. If a robot does not find a
cache available, it computes its probability of giving up through the following sigmoidal

function:
Pyl tar) = (1 -+ 20a0) ™! (18)

where £ can be the estimated time fp, (for the dropping of an object in a cache) or #p,
(for the picking up of an object in a cache), and O(#,¢,) is a function that computes the

effect of waiting for a cache,

Ot ty) =K [MfM_f + O] (19)
by, + tgy
where K and O are the steepness and the offset of the function, respectively.

It is important to mention that the parameter M in Eq. (19) was introduced in the
current work. That is, M is absent in the give up function proposed in (PINT et al.,
2011b). Therefore, to reproduce that give up function, we let M = 1 to cancel its effects.
Next, in the give up decisions based on a threshold from (PINI et al., 2013), we let robots

struggle for an available cache until 7 = 3f4,, where i € {1,2}. Afterward, they change
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to the equivalent non-partitioning activity, for instance, drop in cache changes to store in
a nest and pick from a cache changes to pick from a source.

The give up function was fundamental to increase the speed of adaptation of the base
models. Therefore, we implemented two models: M-SGU for offline adjustment of M in
Eq. (19) and M-AGU for the proposed online adaptation through Eq. (20). Note that
this parameter increases the effects of the current measured time (¢5s) to achieve faster

adaptations in robot decisions. Figure 20 shows both sigmoidal curves.
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Figure 20 — Shapes of the probability to give up according to the time waiting to pick
up or drop an object in a cache. The blue line is the function of the model
described in (PINI et al., 2011b) (M-2011), while the red one is the offline
adaptation proposed in (NOGALES, ESCARPINATI; OLIVEIRA, 2017) (M-
SGU). Arrows show the directions of the possible adjustments for the online
adaptive give up function (M-AGU).

As time passes, robots increase their probability to give up the partitioning. Note
that the original curve of the base model is slower. There was no need to abandon
any activity in the base models because, in Argos, robots did not fail in their search
processes; they could see through other robots. Webots does not allow this to happen,
robot camera captures environmental information including other robots. This yielded a
need to adjust the curve for give up and further simulations showed that it was necessary
online adjustments.

Here, we explain how to do an offline tuning of M. First, we took the average of
all estimated times from preliminary simulations with a mandatory usage of the caches
(always partitioning) and with a mandatory usage of the path (never partitioning). The
parameter M has a value where both options are equally likely. Thus, robots have a 50%
probability of giving up the partitioning activity (related to the cache usage) when they
waited the average time required to travel through the alternative path (almost 2500 steps
as shown in Figure 20). The general idea of the M-SGU model, with the offline tunning
of M, was firstly published in (NOGALES, ESCARPINATI; OLIVEIRA, 2017). In that
paper, we let M =5 and compared it with the base model found in (PINT et al., 2011b).

Next, for M-AGU, we allowed robots to compute the M parameter of Eq. (19) during
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each simulation by using their own experiences as follows:

ol

M = -20-= =
tog —2t+1

(20)
where  can be either ¢p_ (for dropping an object in a cache) or p. (for picking up an
object in a cache). Note that when the estimated time for a partitioning activity surpasses
the estimation for the non-partitioning option (fg), the sign of M changes along with the
slope of Eq. (18). Consequently, the robot will favor the non-partitioning option and
abandon the partitioning activity. Eq. (20) allows robots to compare the estimation of
both options: the estimated time to do a subtask under partitioning against the estimated
time for the alternative activity in the non-partitioning option.

Moreover, recall that resources are scarce and robots have to deal with emerging
conflicts and queues. Thus, after a while trying to find an available TAM or landmark,
they could fail to find it. The probability functions in Eq. (17) and (18) also help robots
to consider whether to abandon or continue struggling to complete any activity. This
was one of the improvements we made to the base models. It includes the possibility for
robots to reconsider their previous decisions through these functions in any activity and
if the robot fails in its searching, it can employ the abandon transitions we added in all
activities. The following section introduces the abandon transitions through which robots

can adapt faster to current environmental conditions.

4.2.4 Controller

A hierarchical state machine, i.e., a state machine where each state may contain a
sequence of sub-states (as shown in Figure 21). controls robot behaviors. We chose this
technique to avoid an explosion of states due to some actions and transitions that repeat
in different activities (states). When robots begin to forage, they first identify the ground
color to know in which state to initialize. For instance, if a robot starts in the blue region,
it will begin with Pick from a source. In the red region, robots begin with Pick from a
cache, because they begin favoring the partitioning option.

In Figure 21, we expanded two states to show details of their inner sub-states. In
particular, the Pick from a cache state that considers a partitioning activity and Go har-
vest a source that considers a non-partitioning one. Note that both activities have three
possible outcomes: Non-partitioning, Partitioning, and Abandon. The orange circles in-
side these zoomed activities represent the options where a robot may consider to abandon
that activity. Note that they are different from the give up function. If robots decide to
abandon an activity, they will try its equivalent version in the other option. For instance,
if a robot abandons Pick from a cache, it will change to Pick from a source. The dashed
lines illustrate abandon transitions, which are coming from every state, not only states

involving the cache usage as in the base models.
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Figure 21 — Hierarchical state machine describing robot behaviors. The dashed lines
represent the transitions where robots are able to abandon a previous decision.
The circles in the expanded states contain the conditions G? for give up
decisions and P? for decisions on partitioning

These abandon transitions allow reconsidering previous decisions more frequently.
With these transitions, a robot evaluates the same condition of the host activity after
it fails in the search process. Such evaluation is done as if the robot had already finished
the activity, but instead of using the estimated time, it uses the measured time. Thus,
they compare new information with old estimations. For instance, if a robot performs Go
harvest a source and the landmark is occluded for a long time, it can consider abandon-
ing this activity. This time, it would evaluate the function for partitioning decisions in
Eq. (17) with the measured time (¢,;) instead of the estimation (for this case #5). Like-
wise, if a robot performs Drop in a cache or Pick from a cache and no cache is available,
it can use the abandon transition by evaluating the give up function in Eq. (18). But, it

uses the measured time instead of the estimation it has for it.

Summarizing...

We have provided two environments where the task allocation and task partitioning
strategies can be exploited. The mathematical background for both solutions is deeply

explained and how the robots and TAMs update their knowledge of the environment (in-
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dividually and through messages). Moreover, since both environments required different
behaviors, we proposed two controllers, one for each environment. In the task allocation
problem, robots are helped by TAMs to share information. But, in the task partitioning
problem, we had to introduce a mechanism for robots be able to adapt their communica-
tion structure. The following chapter shows how these proposals dealt with the challenges

in their respective environments.
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CHAPTER 5

Simulations and results

We explored different communication structures into different models of decision-
making, which vary in how information is handled. Here, simulations ran in two simulators
Webots (MICHEL, 1998) and Netlogo (WILENSKY, 1999). In Webots, simulations run
at a slow pace because the academic license does not allow to increase the speed and ex-
ploit the hardware resources entirely (in some occasions, it was lower than 0.4X). In other
words, in Webots, the exploratory experiments would take too long. Such exploratory ex-
periments should allow us to identify the pattern between a structural parameter and the
environmental conditions. As a consequence, we had to implement some of these models
in a faster simulator. We opted for Netlogo, which has fewer details and features than
Webots but it takes only a small fraction of time to complete the experiments. We ad-
justed robots movements in Netlogo such that the models delivered similar performances
to those found in Webots. Netlogo allowed us to find a pattern between robot degree and
the environmental conditions. Then, with the most promising results and configurations,
we turn back to Webots to perform the more refined and realistic simulations. The rest
of the chapter is organized as follows: Section 3.1 shows the task allocation results and

Section 3.2 the task partitioning ones.

5.1 Task allocation simulations

Aiming to check whether the information-sharing skills help robots to forage in a three-
region environment while keeping autonomy in their distribution, we implemented four
decentralized decision-making strategies: a deterministic (D), the semi-stochastic with
(SS-TAM) and without TAMs help (SS), and the probabilistic (P). Although without
TAMs information, robots would violate Assumption A6, we wanted to see if only receiv-
ing information from neighbors in other regions was enough to reach a good distribution
(i.c., the SS model). The decision-making strategies should keep the system robustness,
flexibility, and scalability in the foraging task. Moreover, robots should keep their au-

tonomy and the distributed decision-making rules must restrain their decisions. We are
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measuring the performance of the decision-making models in the amount of objects deliv-
ered. Note that robots have to focus more on transporting objects than traveling between
regions because if they keep traveling, they are not transporting objects. We provided a
video of e-pucks foraging with the deterministic strategy in the supplementary material
available in (NOGALES, OLIVEIRA, 2017a).

Since TAMs can share information with TAMs in other regions, they get more accurate
information. For the deterministic model, TAMs decide how many robots should leave and
toward which region. Thus, in each region, TAMs control and allocate the robots to attend
their needs of foragers. Therefore, this model works as a reference. In the other strategies,
robots make their own decisions about leaving toward a promising region. Robots need
a structure of communication to share information between them (i.e., working with
Assumption A6 and A7). We tested three kinds of structures: one fully connected and
two regular networks with degree 2 and 3. We also tested a variation with switching-links
strategy in the information-sharing structure to observe the effects of changing neighbors.
For this variation, we added a suffix (-S). In particular, the switching consists of changing
neighbors after a robot leaves a region. It would connect to some of the robots in the new
region. This means they can use a communication hardware of a lower range and cost.

Here, robots and TAMs have the same rate of learning, « = A = 0.6 and both have full
cooperation between regions, ¢ = ¢, = 100% in Eqgs. (9) and (10), respectively. The value
of a guarantees that robots would consider both new and previous information, while we
expect to have a full cooperation in their activities. Each region (or node) measures its
utility as the number of foraged objects and its marginal utility as the change in the
utility generated by robots working in that region within a period. We established the
same period of 1,000 steps for evaluation of the marginal utilities in each region. We ran
these experiments in Netlogo, and then we worked in Webots with the best conditions
we found in Netlogo. The following section shows the non-linear effects of the rate of

production of the regions, with which we could find the marginal utility functions.

5.1.1 Preliminary analysis

Recall that robots required the marginal utility estimations to find the optimal dis-
tribution point (A} of Eq. (6)), i.e., a distribution when all marginal utilities reach the
same value and no robot has an incentive to abandon its region. Then, initially, we need
to find the marginal utility functions for each region and its rates of object production.
In particular, the capacity of sources to produce objects is the rate of object production,
which can be either 20%, 40%, 60%, 80%, or 100%. After robots remove objects, these
rates indicate the probability of reappearance.

For rcasons of time, we let all regions with the same dimensions, same amount of
TAMs available. Thus, choosing a region ¢ and variating its rate Op; would be enough to

find the marginal utilities of all regions. Next, regions can have different rates of object
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production, i.e., Op; # Op; Vi,7 € N, which would demand a different number of robots
serving each region.

The period of evaluation of performance in each region is 1,000 steps. Since there are
five sources, each could produce objects every 200 steps. Thus, for instance, let us assume
that robots removed all objects from sources at once from TAMs in two regions whose
rates are 100% and 20%, respectively. Then, the region whose rate is 100% could have all
objects in 200 steps and the region with 20% could likely restore one object within the
same 200 steps. At the end of the 1,000 steps (a period), the region with 100% would
have produced 25 objects, while the other region only 5 objects. Therefore, the higher
the rate of a region, the more robots it would need. However, it is important to mention
that the need for foragers is non-linear across rates. The average of 30 simulations at each

possible rate delivered the functions shown in Figure 22.
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Figure 22 — Marginal utility functions for the different rates of object production of the
sources. The arrows show the possible movement of the optimal distribution
point to work with different team sizes.

Using these marginal utility functions, we could get an estimation of the number of
robots the environment requires. First, let us assume that the regions have the following
rates: the first region (red ground) with 20%, the second (gray ground) with 40%, and
the third (blue ground) with 100%. Moreover, let us assume that we have only 20 robots
available. Then, we need to define an optimal distribution point and look for the number
of robots at the interception with the utility functions. By letting the optimal point to be
the one of Figure 22, you may follow the dotted lines at its interception with the utility
functions and look for the number of robots in the X-axis. Note that the first region,
whose rate is 20%, would need almost 4 robots, the second region (rate of 40%) around
4, and the third region (rate of 100%) needs almost 12 robots. Therefore, by letting this
optimal point and these rates of production, we could employ all 20 robots. Note that if

we move up the optimal distribution point, the number of robots reduces. Otherwise, it
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increases at each rate. If we have more or less robots, the line should move down or up
to define the number of required robots for the current rates of production. Such changes
in the number of required robots are due to the non-linearity of the robot performance at
each rate. However, team performances follow the law of diminishing returns.

Finally, we can evaluate all decision-making strategies (D, P, SS, and SS-TAM) com-
municating over the three predefined structures with and without switching-links option
(suffix -S). Since robots do not decide in the deterministic decision-making (D), the vari-
ation D-S does not make sense. Thus, we got 21 different configurations to test with two

group sizes. The following sections show the results of the experiments.

5.1.2 Small group

For the small group, after settling the rates in 20%, 40%, and 80%, the optimal
distribution point (with marginal utility around 6 in Figure 22) indicates that we needed
16 robots for this configuration. The optimal distribution for this point is 2-5-9 (i.e., 2
in the red region, 5 for the gray, and 9 for the blue one). We tried a different initial
distribution 5-5-6 in order to avoid starting in the optimal robot distribution. Figure 23

shows the results from simulations of 10,000 steps.
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Figure 23 — Performance and travels of the small group of robots while foraging in the en-
vironment with different communication structures. Decision-making models
should go from 5-5-6 toward the desired distribution 2-5-9. Orange box-plots
are the results without the switching-links strategy, while blue box-plots for
results with that strategy.

Note that despite the decision-making strategies should move only 3 robots from region
red to blue, given the initial distribution, the distributed decision-making strategics did
more travels. Recall that the deterministic model is the ideal reference. Therefore, as

expected, it delivered the best performance, the t-test showed that it has no competitor.
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However, this model sacrifices robot autonomy because TAMs decide when a robot could
leave and towards where it should move. Among the decision-making models that enable
robot autonomy, the SS-TAM-S delivered the best performance. In particular, SS-TAM-S
with a regular network of degree 3 got the second place (losing by an average of 18 objects
against the deterministic one, with p = 0.001). Moreover, by comparing the different
network structures on the SS-TAM-S, the t-test indicates that there is no significant
difference between them. The fully connected network got p = 0.933 for the regular
network of degree 2 and p = 0.822 for the regular one with degree 3. From these results,
we could conclude that by sharing information over a regular network of low degree, robots
could reach similar results to a fully connected one. This can be translated to a lower
communication cost to reach similar performances in the foraging task, both in hardware

and computing.

Furthermore, the box-plots show that by allowing robots to switch their links decreases
the variation of the results. Moreover, the t-test indicates there is no significant advantage
in keeping the structure of communication static. This holds for any model combined
with any network structure. Switching robot-robot connections would not affect the
group performance significantly. This can be translated to a cheaper, low-range, and

low-consumption hardware of communication.

By comparing SS-TAM and SS, we find that the information shared with TAMs was
fundamental to reduce the number of travels. Robots in these two strategies have more
autonomy while foraging than those with the deterministic model. They made their own
decisions about transitioning between regions. In the SS model, information of TAMSs was
unavailable, robots distributed themselves based only on the information shared among
neighbors. This model delivered a bad performance because robots spent more time trav-
eling than foraging. Therefore, without Assumption A6, there was a lack of information
that yielded inaccurate decisions and increased the number of travels between regions of

robots.

Next, by comparing the results of the semi-stochastic model (SS) vs. the probabilistic
(P), the t-test confirmed that SS won in all communication structures. In particular, the
lowest difference was almost 28 objects for the fully connected network, with p >> 0.05.
The greatest difference was almost 52 objects, with p >> 0.05, for the regular network
with degree 3. Finally, note that these two decision-making models got the greater amount
of travels and their performances are the worst, that is, they did not help robots to focus

on their foraging tasks instead of wasting their time in traveling.

We computed the Euclidean distance of the last distribution to see which strategy was
near to the optimal distribution point A7. The results of the distances are in Table 3.
These values were taken from simulations that ran 3 periods of 1,000 steps after the
deterministic model reached a value near the equilibrium. Note that the probabilistic

model has the greatest distance to the optimal point and the worst performance. The SS
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and SS-TAM models (with and without TAM information) delivered a value near to the

optimal distribution.

Structure
Model Fully connected Regular d-3 Regular d-1
D 1.31 1.31 1.31
SS 1.75 1.72 3.42
SS-S 2.23 2.39 2.60
SS-TAM 1.71 1.04 1.74
SS-TAM-S 1.53 0.80 1.48
P 10.32 11.25 11.12
P-S 11.09 12.60 11.16

Table 3 — Values of the Euclidean distance of the last distribution of robots found in each
implemented model and the computed optimal distribution 2-5-9.

We also observed the evolution of the marginal utilities. Figure 24 shows the settling
time for the evolution of marginal utilities of each model. It is clear that the faster model
to reach the balance is the deterministic one. Note that the SS-TAM model was faster
than SS to reach a point where all regions delivered similar marginal utilities. Again, the

information of TAMs was crucial for this faster allocation.
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Figure 24 — Evolution of the performance with a period of update in TAMs of 1,000 steps.
The dashed line represents the moment when the marginal utilities reached
an almost similar value to the expected one.

Note that though robots reached a near-optimal solution, the semi-stochastic model
without information of the TAMs tarried too much to reach a good distribution of the
robots. The SS-TAM model shows the importance of the environmental aids offered by
TAMs. We infer that the SS model delayed to reach a near-optimal value due to diversity

in the estimations of each robot, i.e., it lacks of more accurate information.

5.1.3 Large group

For the large group, after settling the rate of the regions in 20%, 40%, and 60%, the

optimal distribution point was moved towards 3 in Figure 22. Such point indicated that
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this configuration would need 32 robots (double size). The optimal distribution of robots
for these rates is 5-11-16 (i.e., 5 in the red region, 11 for the gray, and 16 for the blue
region). We tried a different initial distribution 1-15-16 in order to avoid starting in the

optimal robot distribution. Figure 25 shows the results of 30 simulations, each of 10,000

steps.
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Figure 25 — Performance and travels of the large group of robots while foraging in the envi-
ronment with different communication structures. Decision-making strategies
should go from 1-15-16 toward the desired distribution 5-11-16. Orange box-
plots are the results without the switching-links strategy, while blue box-plots
for results with that strategy.

In these experiments, we opted for an initial distribution requiring only 4 robots to
move from the blue region toward the red one. However, again the distributed decision-
making strategies did more than 4 travels. As expected, the deterministic model (D)
delivered the best performance; the t-test showed it has surpassed all other models. Recall
that this model delivers the authority for travels between regions to the TAMs, i.e., regions
bereave robots of their autonomy.

Among the models that enable robot autonomy, the SS-TAM-S model delivered the
best performance. In particular, the SS-TAM-S model with a fully connected network got
the second place with a difference of 13 objects in the average performance and p = 0.002.
But, the t-test indicates that there is no significant difference between the fully connected
structure and the regular one with degree 3 (p = 0.511). This time, decreasing to much
the number of connection in the network yielded a significant difference between the fully
connected network when compared to the regular one of degree 2 (p = 0.017). Therefore,
robots should share information over a regular network of low degree (but not too low)
and they would reach similar results of foraging with a expensive fully connected one.

This means a moderate cost in communication hardware.
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Next, by comparing the models with and without the switching-link option (-S), there
is no significant difference in any network structure. Note that there is a lower variability
among the simulations (i.e., the box-plots seem shorter) with the switching variation (-
S) in all models. Moreover, the t-test results confirmed that robots could forage with
a cheaper, low-range, and low-consumption hardware of communication because they

delivered good performance with the (-S) option.

In this large group scenario, the comparison between the semi-stochastic model (SS)
vs. the probabilistic (P) indicates that the latter won in all communication structures.
In particular, the lowest difference was almost 15 objects (and p >> 0.05) in the regular
network with degree 3, while the greatest difference was around 28 objects (and p >> 0.05)
for the regular network with degree 2. This happened because more robots brought more
diversity in their estimations, as a consequence, robots made more inaccurate decisions
and traveled more to explore other regions. Moreover, recall that SS is violating the
Assumption A6, that is, the condition of information-sharing between TAMs and robots.
In the travel plots, we could confirm that these two models delivered the lowest amount

of objects, because robots focused more on traveling than foraging.

Next, we computed the Euclidean distance of the last distribution to see which strategy
was near to the optimal distribution point A7. We allowed simulations to run 3 periods
of 1,000 steps after the deterministic model reached a value near the equilibrium. Table 4

shows the results of these distances.

Structure
Model Fully connected Regular d-3 Regular d-1
D 1.34 1.34 1.34
P 21.06 19.12 20.69
P-S 21.38 20.50 17.90
SS 6.19 3.40 4.48
SS-S 2.86 4.86 4.58
SS-TAM 2.27 1.96 2.45
SS-TAM-S 1.74 2.24 2.33

Table 4 — Values of the Euclidean distance of the last distribution of robots found in each
implemented model and the computed optimal distribution 5-11-16.

We arrived at similar results of the small group. Nevertheless, the semi-stochastic
strategy without help from TAMs worsened its performance. It took too long for the SS
strategy to reach a near-optimal allocation, i.e., it had a slow allocation process. Since
the group had a greater number of robots, the diversity in the information increased and,
as a consequence, robot decisions were far from the optimal one. In the travel plots,
we could confirm that SS had the greatest amount of travels and the lowest number of

foraged objects.
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5.2 Task partitioning simulations

The decision-making models should keep the system robustness, flexibility, and scala-
bility in the foraging task. Moreover, robots should keep their autonomy, but distributed
control rules must restrain their decisions. We measured the decision-making perfor-
mances in the amount of objects delivered. We provided a video of e-pucks foraging with
the M-SGU strategy in the supplementary material available in (NOGALES, OLIVEIRA,

2017b). Aiming to compare our proposal adaptation skills, we consider the following:
d Always: robots will always choose to partition, P, = 1.
(A Never: robots will never partition, P, = 0.
1 M-2011: M = 1 parameter is static as in (PINT et al., 2011b).
O M-2013: give up decisions use a threshold defined in (PINI et al., 2013), 7 = 3.
d M-SGU: static value defined offline, M = 5.
d M-AGU: M adapts online by following Eq. (20).
[ Greedy: consider € = 10% of probability to choose the worst option.

Always and Never strategies lack adaptability, but we could compute an upper bound
of the group performance by combining them. In preliminary simulations, they also helped
us to define short, long cache delays, and the static M parameter of the M-SGU model. We
could define a short delay of 75 time steps, which is good for task partitioning, i.e., robots
should partition the transportation. On the other hand, we let 1000 time steps for long
delays to avoid task partitioning, i.e., if cache delays are long is better for robots to employ
the non-partitioning option. Thus, short delays indicate when robots should transfer the
objects through caches and long delays refer when robots should travel through the path
and complete the task alone.

The offline value of M for M-SGU came from the evaluation of the average of the
estimations from preliminary simulations with Always and Never strategies in Eq. (20).
When estimations in both options are equal, robots get 50% of chances to abandon the
caches or keep struggling in them to complete a transference. Furthermore, the G? and
P? functions also change for each strategy. For instance, the strategy M-SGU considers
Eq. 18 with M = 5, while M-AGU is adjusted online, i.e., robots foraging with M-AGU
can adjust M parameter while they perform the tasks.

Moreover, we enabled or disabled in the controller the abandon transitions according
to the strategy of decision-making. For instance, robots following M-2011 and M-2013
can only abandon activities involving partitioning decisions, as indicated in (PINI et al.,
2011b; PINT et al., 2013). Then, we disabled the abandon transitions from all states that

are not related to the caches (see Fig. 21). Robots following the proposed decision-making,
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M-SGU and M-AGU, can abandon any activity by employing the proposed abandon tran-
sitions. Then, we enabled all of them. The other parameters for M-2011, M-2013, M-
AGU, and M-SGU were taken from the best results of the model in (PINI et al., 2011b):
S=-2.5, K=-0.6, and O=—-5. The parameter for learning estimations is a=0.6.
According to the results in (PINI et al., 2013), the Greedy strategy worked as a
reference strategy with a small ¢ = 0.1. This strategy forces robots to follow the best
option once they discover the actual delay in caches. But, it provides a small probability
¢ of exploration of other alternatives. Besides, the adaptability of this strategy depends
only on the performance of old experiences and does not consider current conditions.
Based on the estimated times for each activity working with short cache delays, we
defined the interval [200, 800] for activities in the partitioning option. While the average
estimation for robots foraging with the Never strategy helped to define the interval [1000,
2500] for activities in the non-partitioning option. Thus, robot estimations were randomly
initialized within these intervals. Note that such initial values would favor the partitioning
option, then robots would begin favoring the partitioning activities. Therefore, we have
a set of challenges to test the decision-making models. The following section details the

challenges the implemented strategies should overcome.

5.2.1 Challenges for the decision-making models

Environmental congestions and the delays to emulate a successful dropping/picking
up of a virtual object in caches affect robot estimations. Congestions are created by robot
motions and cannot be predicted due to the randomness of the robot navigation. However,
we can control the delays on the transferences in caches to test the adaptability of robots
to environmental changes. If cache delays are short, then foraging through the caches
will be faster than traveling through the path, i.e., robots should favor task partitioning
transport. Otherwise, the robots should travel to the nest and avoid the caches, i.e., they
should opt for the non-partitioning option because delays are too long.

Afterward, all models deal with a set of challenges to test their adaptability. Each
challenge consists of a particular behavior in the delays of the area for transference (e.g., a
constant delay, step-down or step-up change). Moreover, we explored different static net-
works to find a pattern between a structural parameter and the environmental condition.
Once, we identified a relationship between the degree and each environmental condition,
we fostered each robot with a mechanism for adjusting its connections according to the

environmental conditions.

5.2.1.1 Challenges nature

The proposed challenges defy the team adaptability. Recall that adaptability refers

to the adjustments a system does to cope with negative effects of external influence



5.2.  Task partitioning simulations 73

(MARTIN et al., 2009). In particular, we challenge the robots by considering constant,
abrupt, and reoccurring changes in the cache delays. Figure 26 shows the nature of delay
changes. Neither oscillations nor spiky changes apply because robots need a steady time
to learn. Even when they can notify their neighbors, they have to fulfill an activity and
it requires time. Besides, new information requires more time to spread through the

communication structure.

Cache delay

Time Constant Abrupt Reoccurring

Figure 26 — Visual representation of challenges with which the robots have to deal. Long
delays are up while the short value is down.

Each simulation takes 120 minutes of simulated time, the same time the battery of
our real e-puck takes to discharge. In the environments, nests and sources have a fixed
value of delays during the 120 minutes of each simulation. But, delays in receiving and
delivering virtual objects in caches can change.

We executed some preliminary simulations to find out those values. First, we set
a value of delay and ran some simulations with robots always opting for partitioning
(Always strategy). Then, we increased the delay and tested again. More simulations
ran with robots foraging through the paths, i.e., opting for the non-partitioning option
(Never strategy). Once the average performance of robots partitioning became lower than
the one by non-partitioning, we discovered the values for both kinds of delays. Those
preliminary simulations helped us to identify which delays were short and which ones
were long delays. Then, we change them during simulations Those changes allowed us to
validate the effect of the proposed decision-making models as well as the mechanism for

adjusting the connections of each robot.

5.2.1.2 Challenges for Webots

In Webots, robots have to deal with two abrupt challenges that defy their adaptability:
a step-up change in delay and a step-down. Since robots begin favoring the partitioning
option, in the step-up challenge, they do not need to adapt their decisions because this
challenge begins with short delays. But, after 45 minutes delays change to the large value
and robots must adapt to it. Next, in the step-down change, the environment begins
with a different condition to the one that robots favor initially. Thus, they need the
first adaptation. Then, after 45 minutes, when most robots have learned that the non-
partitioning option is faster, the cache delays decrease. After this environmental change,

the team requires adapting a second time.
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Note that the step-up challenge only requires robots to learn the large values and
adapt their decisions accordingly. Since robots initialize favoring task partitioning, this
challenge would be easy to overcome. However, the step-down challenge requires both to

adjust and to reconsider alternative and old options for a better adaptability.

5.2.1.3 Challenges for Netlogo

In Webots, robots follow a Levy exploration and do not have dead-reckoning or global
guidance. But, their navigation depends on their small range of vision from which they
can detect objects. This range of vision was replicated in Netlogo by emulating through
the distance between a robot and its target. Also, while a robot travels through the path,
its speed reduces in order to reach a similar ratio between the estimated time to complete
the transportation through partitioning and non-partitioning options in both simulators.

Since simulations in Netlogo run faster, we extended the time to 15,000 steps, that
is, about 5 hours of Webots. In particular, 3,000 steps in Netlogo =~ 1 hour in Webots.
Simulations in Netlogo ran in less than 15 minutes. The interval of simulation in Netlogo
was divided into steady sub-intervals as the challenge considered. For instance, a reoc-
curring challenge going from short to long and returning to short delays again, it would
have 5,000 steps for each value of delay. Step-down and step-up challenges consist of two
periods of 7,500 steps.

For the robot-robot communication, Netlogo allowed us to test several static networks
to find the pattern between degree and the delays of caches (the environmental change).
This local parameter helps to regulate the speed of learning by modifying the communica-
tion structure where information spreads. Once we found a pattern between robot degree
and the environmental conditions in Netlogo, we move back to Webots. We embedded the
mechanism for adjusting connections in the decision-making models to help each robot.

This mechanism allows each robot to increase or decrease its degree.

5.3 Simulations and results

This section details how decision-making models dealt with environmental challenges.
Besides, it explains how the law of diminishing returns helped us to find the optimal
number of robots for each environment. We implemented seven decision-making models,
but two of them lack adaptability. However, these two helped us to compute an upper
bound on the performance. We only compared the performance of the models with
adaptability to check their speed for adaptation. Then, we took the best three models to
embed the mechanism for changing connections in them. We provided a video of e-pucks
foraging in the supplementary material available in (NOGALES, OLIVEIRA, 2017b).

Recall that all simulations initialize robot estimations favoring the partitioning op-

tions. But, each decision-making model has to deal with several challenges. In Netlogo,
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robots deal with four challenges: constant with long and short delays, abrupt with step-
down change, and reoccurring with up-down-up change. In Webots, they deal with two:
one where robots need to adapt their decisions after detecting the change and other where
they have to adapt twice. The later challenge forces robots to reconsider their decisions,
i.e., their skill to keep exploring alternatives. Moreover, we tested the scalability of the
decision-making models with different team sizes. The scalability was tested with more

robots and resources in the environment.

5.3.1 Preliminary analysis

Since TAMs and other environmental resources are limited, we must first find out the
optimal number of robots for each environment. Adding robots could not only increase the
number of collected objects, but traffic and conflicts. They could reach a point where team
performance would decrease. To avoid this, we employ a diminishing returns analysis,
which requires all variables to remain constant while increasing the variable of interest to
observe its effect on the output. In our case, we added another robot in the environment,
ran some simulations, and analyzed the results in both the time of execution and objects
collected. This was done until the utility behavior changes. At that point, we found
an optimal number of robots for each environment. Figure 27 shows the results of this

analysis in the small environment.
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Figure 27 — Diminishing return analysis obtained by increasing the number of robots in
the source region. The red curve in (a) shows the decreasing effects upon the
time when adding more robots to transport 9 objects. The red curve in (b)
shows the effect over the amount of transported objects within a fixed time.

In these experiments, we were looking for the inflection point in which the performance
begins to deteriorate in a region. Since both regions are symmetric, we picked the region
of sources and measured two things: how much time robots required the team to transport
9 objects and the second part consists of measuring how much objects they may forage

within a fixed interval. We let simulations run 11.5 minutes, the same amount of time
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required for a robot to transport 9 objects. Finally, we got from the curves a similar point
of inflection around 4. After this size, adding more robots does not bring any benefit.
Therefore, the small environment can support up to 4 robots in each region, i.e., 8 robots
in total. Next, since the large environment has broader regions and more TAMs, more
robots could forage in it. In particular, a similar analysis delivered us that the large
environment can support up to 16 robots.

The following section compares two sets of experiments over the decision-making mod-
els: one without structural changes and another with structural changes. decision-making
models were compared by their performance. We also check if robots following the ex-
pected decisions would forage for more objects. Some simulations ran as if robots had
perfect information about the delays to make the expected decisions. We ran these simu-
lations to compare whether perfect knowledge of the environmental decisions could deliver

a better performance.

5.3.2 Experiments using a fixed communication structure

Aiming to validate the adaptability of the different strategies, we executed the follow-
ing three stages: (7) Find the optimal number of robots for the environment through the
diminishing returns analysis, (#) Run preliminary simulations to find the performance
in constant challenges with short and long cache delays favoring either task partitioning
or non-partitioning options, and (#7) Validate adaptability through simulations with the
decision-making models: M-2011, M-2013, M-SGU, M-AGU, and Greedy. We executed
all these three stages for both environments of Figure 15. We also performed the t-test

to check which strategy brought significant improvements to performance.

5.3.2.1 Simulations in the small environment

For these simulations, robots had to collect objects in the small environment shown
in Figure 15-a. The diminishing returns analysis indicated that 8 robots are an optimal
number to forage in this environment. Then, we executed 30 simulations for the Always
and Never strategies to get an expectation of the performance of the strategies with
adaptability. Table 5 shows the performance of Always and Never with short and long

delays in caches.

Strategy Delay Number of objects  Standard Dev.
(in time steps) transported
Always 75 78.00 4.65
1000 28.09 2.06
Never - 39.89 3.92

Table 5 — Average number of objects successfully delivered to nests.
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Results in the Always and Never strategies provide an idea of how many objects the
robots should transport if they chose the best option as soon as the cache delays changed
(ideally). We weighted the performances of the Always and Never strategies according to
the simulated time in which caches were working on short and long delays to estimate the
number of objects. For instance, the step-up challenge combines 45/120*(objects trans-
ported in the Always strategy with short delays) + 75/120* (Objects transported with
the Never strategy). Thus, robots should transport around 54 objects in this challenge.

Step-up challenge: the decision-making models have to deal with cache delays be-
ginning with 75 steps. After 45 minutes of simulated time, delays change to 1000 steps on
each side of the cache. Since a complete simulation takes 120 min, robots have to adapt
their decisions to the non-partitioning option after this change occurs. Thus, more robots
should end traveling through the alternative path.

Figure 28 shows the performance of the strategies M-2011, M-2013, M-AGU, M-SGU,
and Greedy dealing with this challenge. Note that by combining the Always and Never
strategies results in Table 5, the expected number of foraged objects is 54. Figure 28 shows
that global communication brought an improvement in all strategies. T-test results show
that the proposed strategies surpass Greedy when robots can share their experiences.
However, without communication, only M-SGU and M-AGU reach a similar performance
to the Greedy. In particular, although the Greedy strategy fits better in this challenge,
M-SGU gets a small improvement vs. the Greedy, p = 0.09 for the t-test.
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Figure 28 — Amount of objects successfully delivered to nests when cache delays change
from 75 steps to 1000 steps at 45 minutes of simulation. *p < 0.05 t-test vs.
both M-SGU and M-AGU.

Step-down challenge: this time, caches begin with long delays (of 1000 steps)
and, after 45 minutes, the delays decrease to 75 time steps. Since robots initialize their
estimations favoring the partitioning option, robots need to adapt twice. They begin
expecting short delays in the caches but cache delays begin with 1000 steps. Then, it is
easier to use the alternative path, the non-partitioning option. Consequently, they need

to do the first adaptation as soon as possible to cope with this environmental condition.
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Later, when cache delays decrease to 75 steps, robots need to keep exploring alternative
options to discover this change and adapt to it.

Figure 29 shows the performance of the strategies M-2011, M-2013, M-AGU, M-SGU,
and Greedy in this challenge with step-down change. By combining Always and Never
preliminary results from Table 5, the expected number of foraged objects is 64 objects.
Since no strategy was near this value, we can affirm that a step-down challenge is more
difficult and requires more adaptability from the decision-making models. In this case,
global communication deteriorated the group performance of almost all strategies. Con-

cluding, communication was not good for all environmental conditions.
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Figure 29 — Amount of objects successfully delivered to nests when cache delays change
from 1000 steps to 75 steps at 45 minutes of simulation. *p < 0.05 t-test vs.
both M-SGU and M-AGU, while * refers p < 0.05 only vs. M-AGU.

T-test results showed a significant improvement of M-AGU against the strategies from
the base models, M-2011 and M-2013. But, M-AGU did not surpass the Greedy strategy
without communication. Note that communication favors M-AGU because its average
is greater and its standard deviation is lower, i.e., teams exhibit similar performance in
all simulations. Next, although the M-SGU strategy had an offline adjustment for this
environment, its performance was poor. Each robot knew the best M parameter for
ideal and not for real conditions. This confirms that a static value does not work well in
dynamical environments.

Robot decisions: in the step-down challenge, robots were following different so-
lutions to the expected decisions and reaching good performances. We also noted that
robots foraging with the Greedy strategy had problems dealing with this challenge. Thus,
we verified whether teams that followed the best option were among the ones that got
good performances.

Figure 30 shows the evolution of the number of robots partitioning. Note that although
the M-2013 strategy presented a close behavior to the ideal decisions (Expected curve),
and it offered the worst performance. Seeking an explanation, note that in Figure 30-5,

the number of robots partitioning is low in the first part, because almost all robots decide
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to travel at the same time. Next, since local landmarks are small, only the nearest robots
can visualize them and begin their travel. However, they keep it occluded for other robots.

Consequently, queues of robots looking for the landmarks emerge.
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Figure 30 — Number of robots partitioning when cache delays change from 1000 to 75
steps. The Expected plot shows the expected number of robots partitioning
based on results from Table 5. The numbers within circles show the ranking
of the average performance. Data from results with communication enabled.

Queues and traffic conflicts affect the group performance, because those robots are not
foraging, they are waiting to enter the path. Moreover, note that when the cache changed
to a short delay, robots continue struggling to travel through the path. Only when robots
end the trip, they would change their decisions and begin to use the caches (note that
the number of robots partitioning increased). Note also that almost all robots decided
to use the caches at the same time, and then, they began to compete for the available
caches. In M-2013, the option of abandoning previous decisions fails. In particular, the
M-2013 strategy did not allow robots to abandon earlier those activities. They have to
wait threefold the estimated time in activities related to the caches. Note that the Greedy
also failed in providing this option, too.

Robots foraging with M-2011 and M-2013 could not compare both alternatives. The
strategies M-SGU and M-AGU allows robots to do this kind of comparisons and to aban-
don any activity. However, M-AGU delivered a better position. It offers robots the
possibility to adjust their own functions according to their experiences. Therefore, robots
that found the landmark and traveled through the path can inform others about their
good experience. Note that there is a lot of oscillations in their decisions. The faster
adaptation of decisions in M-AGU could cope with these conflicts and deliver a good
performance.

If robots cannot abandon any previous decision faster, they will affect the group perfor-
mance. Figures 28 and 29 show that the adaptive give up function and the new abandon

transitions brought a faster adaptation. Recall that those transitions allow robots to
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abandon any previous decision after struggling for a while to complete it. Since the M-
SGU strategy also includes those transitions, we confirm that the online adaptation of
the parameter M in the new M-AGU strategy is an essential feature. Note that M-AGU
could overcome both challenges. It delivered a good performance level with and without
communication.

The current environmental conditions (interference and queues) push robots to choose
an alternative option. No matter if that option has a longer estimated time; it is the
best option for the group at that moment. These results show that the combination of
online adaptability with a continuous comparison of both options to reconsider whether
to abandon or continue struggling may lead to better performances. The following section

presents simulations that check scalability of these strategies.

5.3.2.2 Simulations in the large environment

In these simulations, robots were foraging in the environment shown in Figure 15-b.
The diminishing returns analysis indicated that 16 robots are the optimal number for this
environment (8 robots for each region). Since the regions of foraging and the number of
TAMSs almost doubled those of the small environment, the number of robots also doubled.
We executed 30 simulations for the Always and Never strategies to get an expectation of
the ideal performance. As in the previous experiments, the results from Table 6 provided
the expected number of foraged objects for this environment. But, only the more difficult
challenge was tested in these experiments.

Since we wanted to test if the static M-SGU model could satisfy the scalability re-
quirement, we did not compute a new M parameter. Although using the average of the
estimated times from the Always and Never simulations in Eq. (20), we could find the
offline value of M for this environment. It is important to mention that robots initialized

their estimations within the same intervals of the previous experiments.

Strategy Delay Number of objects  Standard Dev.
(in time steps) transported
Always 75 123.37 5.59
1000 62.09 2.78
Never - 84.51 2.59

Table 6 — Average number of objects successfully delivered to nests working in the envi-
ronment shown in Figure 15-b

Step-down change: 16 robots must adapt twice to overcome this challenge. Delays
begin with a value of 1000 time steps (long) and, after 45 minutes of simulated time,
caches change to short delays of 75 steps on each side. By combining Always and Never

results in Table 6, the expected number of foraged objects results in 98.
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Figure 31 shows the performance of each strategy in the large environment. Note that
the new strategy M-AGU offered better results for this challenge. It surpassed M-SGU,
M-2011, and M-2013; but it did not surpass the Greedy strategy with communication.
This time, global communication helped some strategies more than others. In particular,
Greedy and M-AGU improved by sharing experiences among robots. Note also that
communication decreases the performance in teams working with the M-2013 and M-
SGU strategies. For M-2011, the standard deviation decreased, i.e., performances are

more similar in all simulations.
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Figure 31 — Amount of objects successfully delivered at nests. Cache delays begin with
1000 steps and decrease to 75 steps at 45 minutes. *p < 0.05 t-test vs. both
M-SGU and M-AGU, while * refers p < 0.05 only vs. M-AGU.

Robot decisions: To verify whether robots were following the ideal decisions, we
tracked the number of them working in partitioning and non-partitioning activities. In
particular, Figure 32 shows the evolution of the number of robots partitioning over time.
The Greedy strategy got a good performance. Robots began by partitioning. When
they learned that cache takes longer, the number of robots partitioning decreases faster.
Afterward, due to the small probability of exploration, ¢, a few robots reconsidered par-
titioning. M-AGU and M-2011 seem to follow a contrary evolution of the expected one.
The slope of the partitioning function probably yields that. Both need a greater number
of experiences than the Greedy strategy does to adjust robot decisions. In other words,
robots have a slow adjustment of their decisions due to Eq. (17). However, due to the
randomness in decisions, some robots took the alternative path and traveled through it.

Again, massive group decisions created queues and conflicts because many robots
were trying to find an available TAM or landmark at the same time. Note that M-
2013 fails in both sets of experiments. Note also that M-AGU shows sharper changes
in robot decisions. Such changes could be linked to abandon decisions, because, this
time, there were more robots that could occlude both landmarks and TAMs for longer
periods. However, M-AGU offered again the best performance dealing with dynamical

environments. Therefore, decision-making models through which robots could change
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Figure 32 — Number of robots partitioning when cache changes from 1000 to 75 steps.
The Expected plot shows the expected number of robots partitioning. The
numbers within circles show the ranking of the average performance. Data
with communication enabled.

their decisions and still keep exploring other options faster allows robots to detect more
available resources (an available TAM or a landmark to travel to).

In general, robots following M-AGU could abandon any activity and cope with the
conflicts and queues. In this strategy, robots follow the online adaptive give up function,
which considers estimated times of both options. Moreover, M-AGU performed well in
both environments satisfying scalability requirement and dealing well with both abrupt
challenges. Robots increased the group adaptability by reconsidering their previous deci-
sions using the current measured time vs. learned estimations. For instance, when robots
abandon the travel option and try to forage through caches, even though the estimations
of cache activities were longer, they were better for the group at that particular moment.

Note that global communication can generate conflicts and can help on certain occa-
sions. Its negative effects occurred when all robots did the similar decisions based on the
similar information they got. On the other hand, communication helped some strategies;
it depends on how they took advantage of the information to improve their adaptabil-
ity. Since the difference between M-SGU and M-AGU is the online adjustment of the M
parameter in the give up function, we can affirm that this parameter is essential for the
adaptability. How robots define and adjust the M parameter could change the way in

which the group may adapt to the non-deterministic nature of the environment.

5.3.3 Experiments using an adaptive communication structure

In this section, we show the results of the experiments we performed to investigate how
the communication structure can improve the adaptability of the decision-making strate-

gies. We also introduced the Borda count concept to rank the communication structures
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that helped to improve locally robot adaptability. Note that all the implemented strate-
gies have the same learning function given by Eq. (17). But, the social learning process
influences the strategies differently. Each strategy has a different speed to adjust its
decisions. By speed, we refer to how fast incoming information can influence robots.

The Greedy strategy has the fastest decision-making; robots always compare the costs
of both alternatives and choose the best. The M-2011 and M-AGU strategies allow robots
to compare their estimations in both options through a sigmoidal probability function
before making a decision. A noticeable change in the estimations requires several inter-
actions of a robot with the environment. Each time a robot picks up (drops) an object
from source/deliverer-cache (nest/receiver-cache), it gets one experience. Then, both are
slower than Greedy. In M-2011, the decision-making is even slower, because robots keep
struggling too long to complete any activity. While in M-AGU, the decision-making has
a middle-speed, because robots have the abandon transitions where they reconsider to
continue working or abandon in any activity by using current information.

These strategies struggle with four challenges; Constant up, Constant down, Abrupt,
and Reoccurring. Recall that a challenge is a particular behavior of the delays in the
caches of the areca for transferences, as those illustrated in Figure 26. Foraging under
Constant challenges, we found a pattern between robot connections and the environmental
conditions. This opened an opportunity to indicate to the robots how they should adapt
their connections to overcome changes in the environmental conditions.

Initially, we explore four static structures and one dynamic structure in these three
strategies of decision-making. Later, based on the major conclusions obtained in these

exploratory simulations in Netlogo, we could perform and test our proposal in Webots.

5.3.3.1 Simulations in Netlogo

Here, simulations considered four communication structures that influence the information-
sharing: Fully connected (F), Ring topology (R), small-world (SW) obtained by randomly
changing some connections of a ring topology, and without connections (N). Aiming to
identify the best structures, we adapted the Borda count technique to rank the four struc-
tures through their performance in cach decision-making model. This technique shows
the preference of a candidate by weighting the votes he/she got in each position of a
list (EMERSON, 2013). Thus, the structures are the candidates, and the votes are the
number of victories a communication structure got in the different team sizes and in the
different challenges. For each strategy and for each size, the winner gets 3 points, the
points decrease at each subsequent position such that the last one gets zero points. All
values are the rounded average performance of 20 simulations, and short delays have 10
steps while long delays 1000 steps.

Table 7 shows the results of the Greedy strategy dealing with constant cache delays.

To provide an example of the weighted sum of the Borda count, we detail the process for
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Greedy (Fast decision making)

No. Short cache delay \ Long cache delay
robots 1st 2nd 3rd 1st 2nd 3rd
10 N 230 SW 214 F 211 |F 76 SW 76 R 74
14 N 319 F 308 SW 295 |F 107 SW 104 R 101
20 N 454 F 454 R 453 | F 153 SW 145 R 141
24 N 558 R 546 SW 546 | F 182 SW 176 R 171
30 N 691 R 693 SW 686 | F 229 SW 221 R 207

Table 7 — The 3 best performances chosen by structure of foraging robots with Greedy.

Table 7 under short cache delays. The N structure got first place in 5 different team sizes
(number of robots), which gives it 15 points. The R structure was second twice, which
gives it 4 points, and one time it got third place, adding 1 point to its score; summing
up, it gets 5 points in total. The SW structure got 2 points for its second place and 3
points for getting third place three times; it gets a score of 5 points. The F structure was
second twice, which gives 4 points, and one in third place, which adds one point; it gets a
score of 5 points. Since F structures are expensive for real implementation, if the Borda
count of F ties with another structure, it will lose by cost. Table 8 summarizes the Borda

count for the results presented in Table 7.

Ranking of best structures for Greedy
Short cache delay Long cache delay
Structure | 1st 2nd 3rd | Borda | 1st 2nd 3rd | Borda
N 5 0 0 15 0 O 0 0

R 0 2 1 ) 0 O ) 5
SW 0 1 3 ) 0 5 0 10
F 0 2 1 ) 5 0 0 15

Table 8 — Borda count ranking of robots foraging with the Greedy strategy.

For convenience, only the first two positions of the Borda count process are present in
the M-2011 and M-AGU strategies. Two rows at the end of their respective table show
their scores. The reader may compute the Borda count for M-AGU and M-2011 strategies

following a similar process to the one described to create Table 8.

In the results from Tables 8, 9, and 10, note that when cache delays are long, the F
structure ranked first in all strategies. In other words, it seems better to have a great
number of connections to improve team performance when cache delays are long. Next,
for short cache delays, structures with few or no connections ranked better. Only for
the M-2011 (slowest) decision-making models, it seems better to have a fully connected
structure no matter what challenges it deals with. Results delivered no absolute winner

for the other strategies, i.e., no structure works as an optimal universal one.
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M-AGU decision making (Middle)

No. Short cache delay Long cache delay
robots 1st 2nd 3rd 1st 2nd 3rd
10 N 149 R 148 SW 139 |F 59 R 58 SW 57
14 SW 222 R 218 F 210|F 8 SW 79 R 78
20 R 323 SW 323 F 304 |R 116 F 115 SW 115
24 F 421 SW 389 R 372|R 141 F 140 SW 139
30 F 507 SW 483 R 476 |F 178 R 177 SW 173
Ranking of best structures
SW 10 points F 13 points
R 9 points R 11 points

Table 9 — The 3 best performances chosen by structure of robots foraging with M-AGU.

M-2011 decision making (Slow)

No. Short cache delay Long cache delay
robots 1st 2nd 3rd 1st 2nd 3rd
10 SW 140 F 134 R 130 F 64 R 63 SW 62
14 F 202 SW 195 R 18| R 87 F &7 N 86
20 F 290 SW 290 R 277 |SW 127 F 127 N 126
24 F 38 R 339 SW 332 |SW 155 F 154 N 154
30 R 458 F 458 SW 430 | R 194 F 192 SW 192
Ranking of best structures
F 13 points F 11 points
SW 9 points R and SW 8 points

Table 10 — The 3 best performances chosen by structure of robots foraging with M-2011.

Following the observed pattern, we established a change in the number of connections
with which robots could forage while dealing with the environmental changes. A robot
should increase its degree such that it will connect with all robots once it detects long
delays in caches (due to congestions or by the challenge). But, it should decrease its
degree to two connections when it detects short delays (i.e., when caches are faster to
score a successful transport). Note that robots need a mechanism that allows them to
detect environmental changes to adjust their connections. Our strategy, called Gama
(G), allows each robot to detect changes and adjust its degree to deal with the detected
environmental conditions.

Here, our mechanism to detect environmental conditions described in Section 4.2.2
enters to help robots, the filter described in Eq. (18). This filter helps robots to supervise
the evolution of the PnP(t) function described in Eq. (15) after each event (by itself or
listening to experiences of its neighbors). Figure 33 shows the evolution of robot degree
and some detection points. Each detection point means that the filter output trespasses
the 8 threshold. This indicates to the robot that it should switch from few connections
to more connections or back. The degree values were normalized according to the team

size. Long cache delays are considered as 100% while short delays are over 0%. We do
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not plot the changes in decisions between partitioning or not because they depend on the

decision-making model.

1.0 T 1.0 —T — 71— —Dela
C y
“Degree
v 08 Y o.sf 9
o 8
3 i =
c 0.6 1 9 0.6
3 | ! 5
1 .
O o4 ! Degree o ;1A i
1 1 1
A gl | | | | E
02 ! ! ¥ D 02 ! B : :
1 T
5 I 1, . Delay ! C: D !
| 2000 4000 6000 8000 10000 12000 14000 172000 40001 6000 18000 10000; 12000 14000
15 | Steps 0! 200 1 | Steps 1 |
1 ! 1 1 1 1
1 1 ! 1 1 1 !
£ 10 ! ¥ 515 | ! oo
a 1 I o 1 | | 1 1
= 1 1 : 5 1 1 I : 1
o 0.5¢ : : H o 10 ! : ! H 1
= kl [ Upper b} 1 1 ! H —PnP(t)
2 PN P e 205 ! oo
T e S R | — T O B | Lo Upper
1= v‘ \L | H 1 I
ower | | | =
-0.50 | — 1 |
bv—/ lv—’J \Lower
-05

(a) (b)

Figure 33 — Evolution of PnP(t) and the respective changes in degree in a certain robot,
as well as its filter output. The left plot (a) shows the evolution for an abrupt
challenge with step-down change in delays. The right plot (b) shows the
evolution for a reoccurring challenge going from long to short, and back to
long delays.

We first analyzed Figure 33-a. In moment A, the robot detected an increase in PnP(t)
due to a long cache delay. Then, the robot increased its degree to share this information
with all robots and also to be able to listen to all. In moment B, since the robot reduced
its degree, we can infer that most of the robots should learn that taking the alternate
path is the best option. Then, when all robots try to travel between regions, they would
increase the congestions to reach the entrance of the path. From moment B to C, there
is no change detected, but the degree oscillates because other robots are adapting their
connections. In moment C, the robot increased its degree, because all robots could note
that using the caches is the best option. Since there are fewer caches than robots, the
time to find an available cache could increase, resembling that caches have a long delay.
However, note in moment D that the filter also helps the robot to detect this false report
because it reduces the number of connections again.

Next, for Figure 33-b, in moment A, the robot detected a change in PnP(t), indicating
long cache delays. Then, the robot increased the number of connections. In moment B,
the robot detected another change, this time. The robot decreased its connections because
the event indicates that caches are faster than the path. In moment C, the robot fails to
detect noise, but some of its neighbors do not. Note that its degree decreases despite no
change is detected by the robot. In moment D, the robot decreased its degree to readjust

its connections after a false detection. Sometimes its own experiences help the robot to
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discover a false detection. Sometimes the neighboring robots are the ones that help a
neighbor to discover false reports. Finally, in moment E, the robot detects a change in
the environment again and increases its degree.

When robots increase their degree, they are exposing themselves to excessive informa-
tion, because they could share information to influence all other robots but they also can
listen to others robots. However, if the environmental conditions demand the avoidance
of excessive information, robots could decrease its degree. This helps them to adapt their
speed of learning and dealing with new environmental conditions.

Since we added the mechanism for adjusting connections as another structure candi-
date (an adaptive one), the Borda count changes. We performed a new series of simula-
tions considering the Gama communication structure. Thus, the Borda count calculates
the ranking considering five structures: F, R, SW, N, and G. In this case, the first rank
position will get 4 points, the second 3 points, and the third 2 points. To increase the
pressure on the competition, the two last positions get zero points. Results in Table 11
show that the dynamic structure Gama performs well against all challenges, i.e., it offers
a good level of adaptability to deal with the proposed environmental changes. Besides, it
seems good to use the Gama structure because a fully connected structure means every
robot is connected, which can be expensive and inviable as the team increases. In some
occasions, Gama lost by few objects. We tested the filter and the Gama structure in
M-2011, although it showed that a fully connected structure is the best for it no matter
which challenge it deals with (see Table 10).



Chapter 5. Simulations and results

88

sjutod 0¢ D squtod OF K| sjutod 16 D
squtod ¢g q syutod QF Y pue o) syutod §G q
SOINIONI)S JS9( JO FUL URY
GGc d 09¢ A 19¢ = D 66c MS T19¢ 4A 99¢ H 4\ 9¢¢ = O 0cc A 0¢
voc A v0¢ = D 90¢ MS | 661 D L0¢ d ¢lc MS | IS8T I D I8T MS ¥8T 4 144
0LT = D ¢LT MS 64T A €Ll A LT = O 9.1 H 0ST = O ¢ql A 69T Y 0¢
IT MS 0¢I Y 0¢cl N IT Y 0ct = O ¥¢l N GOT A 90T = O 80T Y V1
8 H .8 MS 6 A €8 A €8 Y €8 MS GL MS 9L A ) 0T
urege SUO[ pue I0US 0} I9FUO] WOIJ 9FURYD SULLINIIOIY - f 9SUS[[RY))
YOI ¥6c H 66¢ D 68¢ Y €6¢ MS 66C D 8¢c d 0¢c = D L9¢ N 0¢
ove A e D Ve MS | 626 MS 0¢¢ H e D ¢S D €T A 0I¢ N 144
661 H 66T A €0¢ = D 06T H g6l A L6T = D ¢TI A ¢St O 91 N 0¢
LET T D 66T MS ©€rL A ¥eT MS CET D ¢l A 90T O 0T A 0¢l N i
86 A 00T H [ 66 H 00T H 90T O L D 9L 4 78 N 0T
sAe[op 4I07S 0} SAR[OP I9SUO[ WOIJ aSueyd 1dNIqy - ¢ dSus[[ey)
I 8¢V A 8¢ H €’y MS L0¢ A 019 = O €69 H 169 N ¢69 O 0¢
66c H 8¢ A 19¢ = D 8¢ D 68¢ MS Tcvr 4o 97a D 9v¢  H 8¢¢ N 4
Ll Y 06c MS 06¢ A 11e = D €ce MS €6 H ST A | ver oA ¥9v N 0¢
6T MS <c0c d 20¢ D 8Ic Y RI¢ = D ¢cc MS | L6C D 80¢ A 61¢ N V1
vel A 9¢T D Orl MS | SVI  H 6Vl N 1T D vIic D vIc MS 0¢¢ N 0T
Ae[op ayoed 110G - 7 28Us[[RY))
¢6l A e6l = D 76l Y €Ll MS LLT Y 8LT A Icc MS 8¢c = D 6¢cc A 0¢
17251 S| GGT MS  9ST D 66T MS O0rl A IvL H 9T MS ST 4 esST = D 144
9t = O el A LT MS | STIT MS CTIT A 9IT H YT MS  TST = O (S | 0¢
98 O LS A .8 H 6L MS 08 A s D 0T MS 20T = D 0T A V1
¢9 MS €9 H 79 A LS D 8¢ H 69 A L D 9, H 9, 4d 0T
Jod PIg 34 Ppug Jod ST | Fod PIE Jd Pug Fed ST | JIdd PIE JBd PUg FRd  IST | 53090l
Aefop oyoed uor - T 9Sud[[RY)) "ON
1102 | NOV-IN | Apoo1n) |

9} JO [oed 10J UOIZAI TP UI $}0(OI JO SIUNOUWIR JUSISHIP YA SUOIJR[NWIS ()7 JO oouruLIojIod aFeIoAe PapuIol oY) oIk sonfep — [T 9[qR],

‘syutod §,9 9 pMom 21098 309J10d Y 'SOSUL[RYD ([ 10 SUOP SeM JUNOD BPIOE ‘SOIS0)RIIS 9211}



5.8. Simulations and results 89

5.3.3.2 Simulations in Webots

Since our Webots license does not run at a good speed (not at least 1X), we only
run simulations with abrupt challenges considering step-down and step-up changes. Re-
call that step-up challenge begins favoring the caches and requires only one adaptation.
Whereas the step-down challenge requires twice as many adaptations because it begins
with long delays in caches, and robots initialize as if the caches had short delays. In
these simulations, robots could go at faster speeds and the range of vision was increased
to improve their navigation. We also simulated a perfect knowledge strategy to confirm
whether robots having knowledge of the environmental conditions could deliver a better
performance as a group. Tables 12, 13, and 14 show the average performance of 15 simu-
lations. The candidates for the Borda count are: a fully connected structure (F), without

connections (N), Perfect knowledge (P), and the adaptive structure (G).

Greedy decision making (Fast)

No. Abrupt Challenge - step down Abrupt Challenge - step up
robots 1st 2nd 3rd 4th 1st 2nd 3rd 4th
8 G 126 N 120 P 116 F 113 | N 111 F 110 G 109 P 100
16 G 199 F 180 P 169 N 152 |G 178 F 173 N 171 P 167
Ranking of best structures
‘ G 10 points N 6 points

Table 12 — The average performances by structure of robots foraging with Greedy.

M-AGU decision making (Medium)

No. Abrupt Challenge - step down Abrupt Challenge - step up
robots 1st 2nd 3rd 4th 1st 2nd 3rd 4th
8 G 119 F 118 N 117 P 116 | F 116 G 115 N 112 P 100
16 G 182 F 178 N 172 P 169 | N 18 G 172 P 167 F 166
Ranking of best structures
\ G 10 points F 7 points

Table 13 — The average performances by structure of robots foraging with M-AGU.

M-2011 decision making (Slow)

No. Abrupt Challenge - step down Abrupt Challenge - step up
robots 1st 2nd 3rd 4th 1st 2nd 3rd 4th

8 N 118 P 116 G 114 F 113|F 108 G 106 N 105 P 100
16 N 180 G 179 P 169 F 163 | N 175 F 169 P 169 G 168

Ranking of best structures
‘ N 10 points G and F 5 points

Table 14 — The average performances by structure of robots foraging with M-2011.

These simulation results confirm those of Netlogo. Our proposal is reaching a good

position by its performance. We can confirm that the adaptability does increase when
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robots have the possibility to change their connections, which was embedded in the
decision-making models. Results in Webots showed that the adaptive strategies could
find a better solution than robots having perfect knowledge of the environmental condi-
tions. As we inferred from the evolution of robot decisions in Figures 30 and 32, robots
made massive similar decisions increasing queues and conflicts that deteriorated the team
performance. In particular, the other strategies allowed robots to regulate the speed of
information-sharing according to environmental conditions that each of them detects. As

a consequence, they could reach better performances in dynamical environments.
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CHAPTER

Conclusions and future work

The major objective of this work was to investigate how robots can adapt their individ-
ual behaviors when dealing with dynamical environments through their communication
structures. In other words, the focus of our approach was to improve team adaptability
by providing suitable communication structures. In some scenarios, it was necessary to
provide them an adaptive communication structure. We validated this approach in two
foraging tasks performed by teams of robots. Different team sizes defied the scalability
of the solutions. Its effectiveness was evaluated in the improvements of the team per-
formance. Since we worked on foraging tasks, their performance was measured as the
number of collected objects within a fixed interval of time.

We proposed several specific objectives in the introduction of this text, which helped
us to achieve the major goal. They are revised here and the obtained results are also
highlighted:

A To identify and implement some models of foraging robots where communication

was relevant to the fulfillment of robot tasks

After a broad and deep scarch in the literature, we identified and implemented two
foraging models. The first model worked on the task allocation paradigm, which had a
greater dependence on communication. Previous works inspired the proposed model where
authors consider different regions to distribute their robots (BONABEAU et al., 1997;
KRAUSE, GUESTRIN, ). The proposed solution was reached through the adaptation
of a multi-agent strategy found in (NOGALES, FINKE, 2013), which required some
mathematical extensions. This model worked with e-pucks working on Webots simulator.
The second model was designed over the task partitioning paradigm. The work that
inspired this model began in (PINI et al., 2011b) and was extended in (PINI et al.,
2013). We could reproduce their task in Webots. However, due to the restrictions of our
license, we had to replicate it in Netlogo, which delivered faster and simple exploratory
experiments. Once we pinpointed some promising patterns, we returned to the small

reality gap offered by Webots for e-puck robots.
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A To select different communication structures based on the topologies investigated

in complex networks

We did an exploratory search about sensor and robot networks that considered the
communication structure based on concepts of complex networks. From those works, we
spotted some common topologies. In particular, in the task allocation model, we opted
for three structures: a fully connected, regular of degree 3, and a regular of degree 2
(also known as a ring topology). This model also considered communication with the
environmental aids. We let TAMs working as nests to share information with robots that
entered to drop objects. Next, for the task partitioning model, we selected four structures:
fully connected, ring topology, small-world, and without connections. Unlike the task
allocation model, the task partitioning onc had a lower dependence on communication.
Indeed, the first version of the base model found in (PINT et al., 2011b) does not consider
communication. However, in (PINT et al., 2013), they introduced communication by
allowing a continuous broadcasting of the last experiences a robot had. They arrived to

inconclusive results: sometimes communication helps, others not.

[ To evaluate the performance of the team of robots in the implemented foraging tasks
while they share information over the selected communication structures (static
topologies)

We proposed a set of messages to be shared between robots, and between robots and
the environmental aids. Then, we could begin to explore the effects of the communication
over the team performance. We ran some simulations for the task allocation model and
the four strategies: deterministic, semi-stochastic with and without environmental aids,
and probabilistic. They were evaluated over three static network structures: fully con-
nected, regular of degree 3, and a ring topology. In the task partitioning model, we worked
with seven strategies: always partitioning, never partitioning, one based on (PINT et al.,
2011b) (M-2011), other based on (PINT et al., 2013) (M-2013), a greedy one, our first im-
provement published in (NOGALES, ESCARPINATI; OLIVEIRA, 2017) (M-SGU), and
its adaptive version (M-AGU). They were evaluated using four static network structures:

fully connected, ring topology, small-world, and no-connected.

A To identify a pattern between structural parameters of the communication network

and the performance of the team of robots in the dynamic environments

Results from the exploratory simulations revealed which structural parameters were
fundamental for the team of robots to complete their tasks. We compared the performance
while we kept the same environmental conditions for all strategies in both models. In the

task allocation, results of all strategies showed that both connections were important for
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the team performance, that is, robot-robot and robot-environment connections. How-
ever, robot-environment ones were more relevant to achieve a good team performance.
The robot-robot connections could be reduced to a small number, but leaving enough
connections for robots to have a path to share information with other members. In the
task partitioning simulations, the interpretation of the results was harder. Recall that
only robot-robot connections were available in this model. This time, the kind of network
that worked better depended on the speed of the strategy to process new information. In
other words, some strategics are so fast that they need a low degree (ring or small-world
structures) to regulate learning speeds. Other strategies that are slower could need a
high number of connections (a fully connected structure). This conclusion appeared after
we compared the performance of each strategy over the different network structures. We

confirmed that there is no optimal (static) structure, as previous researchers suggested
(SARKER, DAHL, 2011; PITONAKOVA, CROWDER; BULLOCK, 2016a).

(d To discover which environmental events require robots to adjust their connections

while they execute the implemented foraging tasks in dynamic environments

This was the most complex part of the research because it required the exploration
of several environmental conditions under the different strategies and communication
structures. In other words, this was the most time-consuming stage of our research.
The task allocation model was easier because we already had a deterministic model that
guided us toward the optimal solution. We explored the effects of traveling across the
three regions on the performance. We also evaluated how changing connections could help
them to improve their performance. In particular, robots should work with intermittent
connections. Once they decided to travel, they disabled their connections with both robots
and TAMs in their initial region. At their arrival, they should connect with some of the
robots and TAMs of that region to get information from this region. On the other hand,
in the task partitioning model, it was harder to identify the key events. Unlike the task
allocation model, it was expected the swarm behavior would emerge in this model. Thus,
reaching the optimal solution would be difficult (if not an impossible) goal. This makes
the task partitioning environment broader to explore. It is important to mention that
we could not control the individual movements. We only provided them some behaviors
they needed to adapt according to the environmental conditions. Finally, we found the
key events and proposed a set of challenges by modifying an environmental variable that

we could control - the delay in the transference of objects.

(d To elaborate local mechanisms of perception for the robots be able to identify the

events that demand adjustments in their communication structure

As previously mentioned, the task allocation model allowed an easy detection of the

events. It also provided a way for robots to supervise the environmental conditions. This
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was, in part, due to the environmental aids that delivered a regional synchronization
and more accurate information. For this model, when a robot travels, it affects two re-
gions, the one it left and that where it arrives. However, Robot-Robot and Robot-TAM
leaving/arriving at a region messages helped to overcome the event that changes the envi-
ronmental conditions. The environmental aids and robots considered this information and
adjusted their utilities and connections. In the task partitioning model, it was necessary
to borrow a technique for change detection from data streaming, which is a high-pass
filter. Thus, robots could perceive the changes in the ratio of the costs of both alter-
natives for object transportation. According to the previous results, we concluded that
it was better for a robot to increase its connections when it detected an costly time for
the transference. Otherwise, when the transference was faster than traveling through the
alternative path, it was better to reduce its connections. Notwithstanding, this conclusion
did not appear in all of the explored strategies. For these simulations, we continued with
the more promising strategies: M-AGU, Greedy, and M-2011.

1 To improve the adaptability of the team of robots while foraging in the implemented

environments by embedding the mechanism of (local) structural adaptations

This final step of our research allowed us to show that robots that locally adjusting
their communication structure could adapt their behaviors to improve the team perfor-
mance. In the task allocation model, robots recovered their autonomy with a smaller
dependence on the environmental aids. Recall that environmental aids could offer in-
formation of the actual environmental conditions with more accuracy. However, unlike
the deterministic strategy, they could decide whether to travel or remain in a region by
themselves. In the task partitioning model, the adaptive structure emerging from the
Gama strategy achieved good results. In this scenario, we tested a variation where robots
had perfect knowledge of the environmental conditions. Such variation did not deliver the
best performance. All robots were massively looking for the optimal alternative (path or
interfaces) at the same time. Therefore, the adaptive Gama structure allowed robots to
have inaccurate and diverse information that brought benefits for the team. Robots could
adapt to and choose those options that seemed bad but yielded good team performance.
This structure also showed to be useful for the decision-making strategy that did not
exhibit the pattern of changes in the communication structure. Finally, when compared
to the static structures, the Gama adaptive structure offered more transported objects,
i.e.; it helped robots to deal better with environmental challenges.

To summarize, we explored different structures for information-sharing such that
robots could achicve a good performance while keeping a low cost in communications.
In some cases, we observed that a fixed and predefined structure could offer the benefits

and help robots to overcome environmental challenges. In other cases, an adaptive struc-
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ture is the best solution to help robots to learn and overcome the environmental changes.
This would depend on the way the designer tries to tackle the problem.

If we analyze these findings in terms of costs, in the task allocation scenario, robots
could work with few connections between them but depended on the environmental aids.
Thus, the optimal number of connections generates a low cost in the communication
structure. The implemented environmental aids are a one-time investment and do not
increase the costs with the team size. For the task partitioning scenario, since the best
solution requires continuous adjustments of the structure according to what each robot
considers appropriated to the detected environmental condition, the costs in hardware

and energy would depend on the environmental conditions.

Major contributions

This work fulfilled its objective of investigation. It shows how to improve team adapt-
ability by locally modifying the communication structure in foraging scenarios. Besides,

it also yielded some contributions that brought improvements over the evaluated models:

1 A navigation strategy inspired by white shark hunting strategies. It is based on
processing and classifying images of the environment to find visual clues the robot
is looking for. This strategy was applied to both scenarios: task allocation and task

partitioning.

(d Two controllers for the robot behaviors based on hierarchical state machines, one
for each scenario. Such controllers enabled us to achieve more complex activities
than those found in the base models. In particular, we dealt with robots and not
theoretical agents as in (NOGALES, FINKE, 2013). On the other hand, we over-
come the limitations of the model in (PINI et al., 2011b) by adding more transitions

in the proposed controller.

1 Two decision-making strategies for robots working on the task allocation model,
semi-stochastic and probabilistic. Unlike them, the deterministic one is an imple-
mentation of the model published in (NOGALES, FINKE, 2013) for a multi-agent
system. We had to extend those mathematical conditions such that robots could

have autonomy to move between regions.

1 Two decision-making strategies for robots working on the task partitioning model,
named M-SGU and M-AGU. M-SGU is an improvement upon the base model found
in (PINT et al., 2011b). It considers a new function for the give up options and
abandon transitions, which makes robots more flexible while foraging. M-AGU is

an adaptive version of M-SGU, where robots can make online adaptations of the
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give up function. We allowed each robot to compare its estimations in both options,

and to check how is it going its current experience against the expectations it has.

(A The Gama mechanism for structural adaptation of the robot communication. This
mechanism is able to detect environmental conditions such that each robot could
adapt to them by adjusting its connections. The Gama mechanism was inspired
by a technique of window size adaptation for online learning in the field of data-
streaming (GAMA et al., 2014). It required some adaptations to work on a robotic
system. It enables the adjustments on the communication structure of each robot

by using a high-pass filter to detect significant environmental changes.

On the other hand, note that the environment is fundamental in helping robots with
the navigation. We found that the tendency of home automation in environments (i.c.,
environments with smart aids) is growing as the costs to obtain such technologies decrease
(details in Appendix C). Thus, we opted for implementing two environments that offer

the possibility of exploration of strategies in Webots:

A smart environment for the task allocation model that offers the possibility of for-
aging. We provided a video in the supplementary material available in (NOGALES,
OLIVEIRA, 2017a).

A smart environment for the task partitioning model that offers the possibility of
fulfilling the transport with two alternatives: transference through caches and the
path linking both regions. We provided a video in the supplementary material
available in (NOGALES, OLIVEIRA, 2017b).

Both environments were also adjusted in Netlogo for the exploratory stages. Notwith-

standing, Webots delivered more complexity and realism.

Publications and on-going works

We have publised three papers on international conferences related to multi-agent and

robotics systems.

0 NOGALES, J. M., ESCARPINATI, M. C., and OLIVEIRA, G. M. B. de. Shark-
inpired target approach strategy for foraging with visual clues. In: Proc. of the
18th Conference Towards Autonomous Robotic Systems, pag. 182-198, 2017.

This paper focuses on the navigation strategy inspired by the hunting strategy of the
(white) sharks. Here, we proposed the M-SGU strategy and compared it against the
M-2011 strategy (adapted to Webots from (PINI et al., 2011b)), M-2013 (adapted
to Webots from (PINI et al., 2013)), and Greedy. However, these results do not
explore different communication structures between robots, that is, robot learning

process is not regulated.
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 NOGALES, J. M. and OLIVEIRA, G. M. B. de. Team distribution between foraging
tasks with environmental aids to increase autonomy. In: International Conference
on Agents and Artificial Intelligence, pag. 25-36 ScitePress, 2018.

This paper includes the results we obtained in the task allocation model using the
deterministic and semi-stochastic strategies. It does not include the results obtained
with the probabilistic strategy. The reviewers recommended us to include a strategy
of such kind. We developed the probabilistic strategy and its results are included

in this thesis.

 NOGALES, J. M and OLIVEIRA, G. M. B. de. Adaptive give-up decisions for a
team of robots foraging with task partitioning. In: IEEE International Conference
on Tools with Artificial Intelligence. IEEE, 2018.

This paper includes the preliminary results of the exploratory simulations, where
we achieved the first improvements on the base models. The proposed strategy was
named M-AGU and delivered better results by including more options to give up and
abandon failed decisions. This new model was compared against 6 more strategies.
It brought more adaptability to the team, which was visible on the performance

results.

Furthermore, we have been working on one manuscript reporting the major contribu-

tions of this thesis:

O NOGALES, J. M., VARGAS, P. A., and OLIVEIRA, G. M. B. de. Introducing
plasticity into the communication structure to deal with dynamic environments.
Submitted in: Journal of Intelligent and Robotic Systems. [S.1.], 2018.

This manuscript includes the results in the task partitioning scenario using three of
the adaptive strategies we studied here: M-2011, M-AGU, and Greedy. Besides, it
is the first work where we discuss the effects of employing different communication
structures: fully connected, ring topology, small-world, and no-connection. This
manuscript also includes the embedding of the Gama mechanism in the strategies
and the benefits of using a dynamic communication structure. We believe this is

the major contribution of this thesis.

Future work

Clustering and centrality of betweenness are included in the strategies that helped
researchers in sensor networks. Clustering measures the quantity of neighbors of a node
are also connected between them. Thus, the higher the clustering, the faster information
spreads in that neighborhood of nodes. Centrality of betweenness measures the ratio of

the number of shortest paths to the total paths that pass through a node. These are very
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useful parameters. We propose to explore other structural parameters like these (e.g.,
clustering) and other well-known networks topologies (e.g., power-law). We believe there
is a way to improve the speed required to reach the optimal point without depending
on environmental aids. One where robots could keep their entire autonomy, constrained
only by the group goal. Maybe, as decentralized auctions, establishing a token, i.e., a
way to identify or name a robot as a temporal controller of the region. This robot could
keep track of the region information. This could be done using its clustering (or another
structural parameter) that delivers information about the influence that robot has in that
region. On the other hand, we have seen solutions to handle information in gossip and
consensus algorithms, where certain nodes gather an amount of information and then they
shared a condensed version of it (RAMOS et al., 2014). Structures like the power-law
have a few nodes named hubs, which could work as temporal controllers. Thus, combining
the structures with other structural parameters, robots could get information about the

environmental conditions with more accuracy.

Future investigations could also involve real applications of the foraging tasks we inves-
tigated here. For instance, the foraging with task allocation was guided by a deterministic
strategy based on the law of diminishing returns, a common concept used in economics.
Such phenomenon occurs in many other models, because their workers are commonly shar-
ing limited resources. In particular, in those models where an additional worker improves
the performance, but each time in smaller amounts. An interesting scenario to employ
the proposed solution is agriculture. Suppose a land with different crops, whose time
for sowing, maintenance, and harvesting require a different number of robots. Besides
that, they would need to adjust their distribution according to the season. Therefore,
applications of this kind could be modeled as a task allocation scenario taking advantage

of the results and strategies we developed here.

Considering the task partitioning model, we propose to explore the advantages of
changing connections in other tasks where robots could share information. This idea can
be explored in other tasks in which robot learning depends on shared information. There-
fore, we believe that some improvements could be achieved once the network adaptability
is mingled with the decision-making strategies of those tasks. For instance, a similar task
could be defined in aerial navigation, when a team of robots is synchronizing their posi-
tions while they reach a location (MERINO et al., 2012). If the environmental conditions
change (e.g., a strong wind), they could adjust their communications to overcome such
challenge. Another potential application is the surveillance task performed by a team
of robots (KHAN et al., 2016). If there is suspicion of an invader, the communication

structure could change in order to inform the most of individuals.

Future research could involve a new mechanism to control the way robots adapt their
communication structure. This mechanism could aim to make soft changes in the degree.

An immediate proposal is to investigate the Gama strategy by employing an adaptive



99

[ parameter in the filter (defined in Eq. 16). It could bring soft changes and better
improvements to the strategy. Besides, the function to supervise the ratio of the costs on
both ways to transport the objects (Eq. 15) can be extended to more alternatives and more
parameters. Furthermore, other local structural parameters than degree (e.g., clustering)
can help to improve the adaptability of the team of robots. Future works could also bring
improvements by adding pheromone information (TINOCO, LIMA, OLIVEIRA, 2017),
that is, mixing explicit and implicit communication.

Finally, we are currently working on the implementation of the models with real robots.
Even providing a smaller reality gap, going from Webots to real e-pucks is costly. There-
fore, we had to let both models be entirely implemented in future works. We have already
done some preliminary exploration in the real e-pucks, but we found some obstacles: the
light conditions, the camera resolution, the time for remote control took too long for
the implemented code, among others. However, we implemented a limited version of the
TAMs and could enter robots into them through the remote control option. TAM cir-
cuit details are in Appendix C and a video of the e-puck entering a TAM is available in
(NOGALES, OLIVEIRA, 2017a), file name is real-TAM.mp4.
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A Environments

Over the last decade, technological advances have reduced both costs and sizes of
devices allowing robotic research to grow more quickly. In particular, swarm robotics
has taken advantage of such advances because its functioning relies upon a large num-
ber of simple robots. The designer has to regulate robot-robot and robot-environment
interactions in order that the group of robots may accomplish a complex task. Several
works focus on robot-robot interactions. There is a lack of works highlighting robot-
environment interactions. We provide a brief review of smart environmental solutions
that helped swarm of robots to solve complex tasks. This review classifies environmental
solutions to foraging, navigation, and searching tasks. We also detail current tendencies

in robotic environments.

A.1 Inspiration

As human beings, we possess several sensor inputs and internal memory information
that help us to identify the environment and its conditions. In particular, the environ-
ment is constantly saturating us with aids that may come from sound, smell, or visual
sources. We exploit these aids, whether dynamic or static, through complex processes
to navigate, coordinate, and locate ourselves or other things in the environment. For
instance, while walking down a street, any human has enough environmental information
to locate herself and coordinate her navigation with others. The sign of a grocery store,
despite being static, provides us with enough information to know we arrived at our des-
tination. A stoplight, being dynamic information, helps us to avoid accidents, when we
behave according to the meaning of each color.

As the reader may note, it is the environment that helps us and we are part of the en-
vironment as well. Thus, it happens with robots. Sahin et al. in (SAHIN, 2005) proposed
one of the most accepted definitions of swarm robotics: the study of how large number of
relatively simple physically embodied agents can be designed such that a desired collective
behavior emerges from the local interactions among agents and between the agents and
the environment. Next, it is evident that many studies have pushed forward this field by
focusing on control the interactions among agents. However, there is an aspect of this
definition, which has not been treated with the importance it deserves: the interactions
between the agents and the environment.

The concept of swarm robotics began to take strength at the beginning of the 2000s.
It was a novel concept that took its inspiration from insect strategies to solve complex
tasks. In particular, such solutions offer a far better alternative through the employment

of simpler units. Designing simple robots seems easier than creating a big, expensive,



and heavy robot. In (SAHIN, 2005), the authors considered pertinent to describe the
desirable properties of swarm robotics before the concept became blurred through time.

These properties continue till our days:

e Robustness: redundancy and decentralization should foster the swarm to continue
operating despite failures or disturbances in the environment, although at a lower

performance.

e Flexibility: requires the swarm to be able to generate modularized solutions to
different tasks.

e Scalability: considers that the coordination mechanism would be able to deal with

a large number of relatively simple robots.

We found several reviews of swarm robotics research; it is interesting that many of
them focus on robot-robot interactions (JAHIN, 2005), (MOHAN, PONNAMBALAM,
2009), (BRAMBILLA et al., 2013), and (BAYINDIR, 2015); while few are highlighting
the environmental conditions in which robots worked (HARPER, 2003) and (ZUEHLKE,
2008). Note that, over the last decade, many technological advances have emerged as solu-
tions to provide smart devices for monitoring (MAO, FIDAN, ANDERSON, 2007), vision
(JALOBEANU et al., 2015), and communication (ARNDT, BERNS, 2012). In swarm
robotics, since robots should be simple, small, and relatively cheap, the environment plays
an important role to make the tasks easier and the programming of robots.

Next, in (MOHAN, PONNAMBALAM, 2009), the authors provided a classification
of the previous works considering four aspects: the inspiration (insects, mammals, etc),
kind of communication (explicit or implicit), control (centralized or distributed), and the
task (mapping, navigation, etc). In (BRAMBILLA et al., 2013), the authors summarized
previous reviews and their taxonomies. They also provided their own classification by
design (behavior-based, learning, micro, and macroscopic modeling) and by the kind of
task. Since the field has grown enough, the most complete and recent review provided a
taxonomy that focuses on the problems to solve (BAYINDIR, 2015).

From those reviews of robot-environment interactions, we found smart environments
that include smart objects. A smart object is a standard device equipped with a wireless
sensor node that provides whether sensing, communication, or computational capabilities.
Mostly, these smart devices are working in environments as houses (HARPER, 2003) or
industries (ZUEHLKE, 2008). Such devices help to regulate interactions among robots,
and between robots and humans. Communication between robots, the environment, and
human beings underlies the possibility of these entities to work simultaneously (SANFE-
LIU, HAGITA, SAFFIOTTI, 2008). For instance, a mobile cleaning robot can localize
itself easily with the help of an ambient camera-based monitoring system (SAFFIOTTI,
BROXVALL, 2005). Robot vision is commonly deficient due to onboard sensors, but



with the help of environmental aids, the robot can extend its "vision” (ARNDT, BERNS,
2012). Different localization techniques, especially in WSNs (Wireless Sensor Networks),
can be found in (MAO, FIDAN, ANDERSON, 2007).

Although swarm robotics has tackled a lot of tasks; we focus on environments for fora-
ging tasks and its subtasks: navigation, search, and transport of objects. It is important
to mention that many of the works in foraging with robots began as mathematical analyses
and, then, they came alive with physical robots (e.g., (DENEUBOURG et al., 1991) and
(HAYES, MARTINOLI, GOODMAN, 2003)). However, as we mentioned before, soluti-
ons of social insects inspired swarm robotics solutions, bio-mimic. Entomologists found
that insects can work collectively by sharing information, and, in swarm robotics, com-
munication is indispensable for effective cooperative working (SUGAWARA, KAZAMA,
WATANABE, 2004). Foraging is not the exception; robots could share information di-
rectly (OCA et al., 2011) or indirectly (MOHAN, PONNAMBALAM, 2009).

Many of these works exploit indirect communication for navigation purposes as (CAMPO
et al., 2010), (GARNIER et al., 2007), and (RANJBAR-SAHRAEI, WEISS; NAKISAEE,
2012), just to cite some in which robots leave pheromone clues. Robots working with
pheromone drop some (virtual) chemical in the environment, whose rate of evaporation is
essential in order that the group may deliver a good performance. When pheromone clues
remain for longer periods, the team could stagnate in a single option because robots would
have a high chance to reinforce initial clues. Fast rates of evaporation could not bring any
benefit to the group. It would be the same as working individually because each robot
is despising others’ experiences. Some works replicated the same effects of pheromone
in guiding other members of the swarm through direct communication (THERAULAZ,
BONABEAU; DENUEBOURG, 1998), (BALCH, ARKIN, 1994) and (PITONAKOVA,
CROWDER, BULLOCK, 2016). Therefore, as a communication strategy, the pheromone

is beneficial for the group.

A.2 Environmental solutions

In the following sections, we organize the solutions by their level of complexity in the
implementation and reproduction. Complexity increases as the designer has to invest
more money or time programming the environmental aids. Going from simple solutions,
because they have low cost and require few or no programming stage, to complex solutions
where smart objects with communication capabilities help robots to execute their task.
We do not consider within this classification the global aid of a north-star or sun guidance,
which is common and present in several works for location (MAYET et al., 2010), (PINI
et al., 2011), (PINT et al., 2013), (CHEN, GAUCI, GROS8, 2013), and (PITONAKOVA,
CROWDER, BULLOCK, 2016).



A.2.1 Simple solutions

Within simple solutions, we found cheap solutions as templates (MELHUISH, WELSBY,
EDWARDS, 1999), ground tapes (BOBADILLA et al., 2012), barcodes (ALERS et al.,
2013), big objects (CHEN, GAUCI, GROS, 2013), and photo-sensible grounds (MAYET
et al., 2010) and (RANJBAR-SAHRAEI et al., 2013). The authors of these and similar
works provide crafty solutions that help robots to perform complex tasks. Such aids guide
robots without bereaving them of their autonomy.

Inspired by how insects build without having a blueprint schematic, the authors of
(MELHUISH, WELSBY, EDWARDS, 1999) tried to regulate a wall construction with
robots. The environment included a template that helped robots to find a good place to
build a wall. Such template is a combination of light-field and ground lines. The authors
employed a white tape in the ground and a bank of halogen lamps to guide robots while
they built the wall. Robots include a photo-sensor, an obstacle detector, and a ground
color sensor. They did not build a 3D wall, but pushed blocks to form linear patterns of
them, as ants do in a two glass anthill. Later, in (STEWART, RUSSELL, 2006), another
robot provided the light-gradient information to the builders. The purpose of this robot
was to guide other robots by moving the light-gradient information like the environment
did in (MELHUISH, WELSBY, EDWARDS, 1999) statically.

In (BOBADILLA et al., 2012), the authors divided the environment into a discrete set
of regions linked through gates. Ground colored tapes allowed robots to identify the gates
and know the direction they were going. In particular, robots remembered the last gate
color to avoid returning to previously visited regions. Moreover, robots could complete
complex tasks as patrolling, disentanglement, and navigation with this environmental
information and simple sensor feedback. The only sensors required were a color sensor
that can detect simple landmarks in the environment and some contact-sensors that detect
obstacles and walls. Besides the ground colored tapes, when the room light changed, the
behaviors of the robots might change. In the patrolling task, for instance, the robots
return to previously visited places when the light changes. They also analyzed the effect
of the number of gates through simulations. With a fewer number of gates, the outliers
increased, and the expected time to complete the patrolling was slightly higher.

Another interesting solution is to use a combination of far and near distance clues. In
(CHEN, GAUCI, GROS, 2013), the authors create a strategy to move objects collectively.
The objects were taller than the robots to occlude their visual field. Robots could push the
obstacle once they were behind the obstacle being unable to see the target. To be able to
transport the object farther, the authors of (CHEN et al., 2015) improved this idea. They
introduced a robot working as a beacon guiding the robots through a path of checkpoints,
which lead the team to reach the target. In (ALERS et al., 2013), the authors suggested
objects with two kinds of information: a color ring on the top of the object, and a barcode

on the bottom. In particular, the color ring offered the far distance information providing a



coarse guidance. The barcode provides detailed information for navigation orientation. To
avoid the barcode image processing, which has a great computational weight, the authors
of (NOGALES, ESCARPINATI; OLIVEIRA, 2017) preferred to encode the information
by combining colors and shapes.

Next, we found (MAYET et al., 2010) and (RANJBAR-SAHRAEI et al., 2013) emu-
lating pheromone trails, through an idea that came from an artistic project (BLOW,
2005). In particular, both environments required robots equipped with UV-LEDs and
dark rooms such that the phosphorescent trails might be visible. The synthetic raisin on
the floor includes grains that react to UV-light. They absorb UV-light and re-emit it at a
lower intensity for several minutes after the original excitation. This solution presents a
completely autonomous way for the robots to lay trails unlike centralized solutions (as the
projectors in (SUGAWARA, KAZAMA, WATANABE, 2004)) and does not require any
data storage or computational power for the robots to store the ground information (as
the gradient-field in (LIMA et al., 2017)). In (MAYET et al., 2010), the authors adapted
the phosphorescent glow-paint to mimic ant trails in a foraging task. The authors of
(RANJBAR-SAHRAEI et al., 2013) worked on a coverage task, which could function for

monitoring and patrolling missions.

A.2.2 Middle-term solutions

Middle solution refers to environmental aids that are cheap and easy to implement.
Most of these works do not intend to be real life applications, but laboratory tools that
help robots to complete their tasks. Among the creative solutions with which resear-
chers test their algorithms, we found the usage of smart objects (BERG, KARUD, 2011),
(BRUTSCHY et al., 2015), and (NOGALES, ESCARPINATI; OLIVEIRA, 2017); aug-
mented reality (SUGAWARA, KAZAMA, WATANABE, 2004), (GARNIER et al., 2007),
(GARNIER et al., 2013), (ARVIN et al., 2015), (REINA et al., 2015), and (REINA et
al., 2017); and sacrifice of other robots (STEWART, RUSSELL, 2006), (GRIBOVSKIY,
MONDADA, 2009), and (CHEN et al., 2015). By smart objects, we refer to a standard
item equipped with communication and coordination capabilities. The sacrificed robots
do not act directly in the task but orientate other robots.

In (BERG, KARUD, 2011), the authors provide objects with a set of infrared emitters,
which allow robots to find them. Once robots detect these emitters, they modify their
behavior and begin to push the object. The direction of the transport depends on the
available emitters. If a robot does not find an available emitter, it has to search for
another to dock itself and participate in the pushing task. Despite these objects do not
have inputs, their outputs are enough to influence robot behaviors. The experiments
described behaviors similar to those that ants exhibit when moving large objects.

The authors of (BRUTSCHY et al., 2015) proposed a booth-like module that abstract
complex tasks through color indications. They called these booths TAMs (Task Abstrac-



tion Module), which work like a stoplight. They include sensors to detect the presence
of the robot, light-color indicators for their current state, and a wireless communication
through ZigBee antenna. Unlike the objects in (BERG, KARUD, 2011), each TAM has
inputs and outputs to interact with robots. The designer needs to know the logical rela-
tion of the abstracted tasks. For instance, a set of three TAMs could emulate the load of
a big truck. One of these TAMs would be indicating that its room for trucks is available.
Once a truck robot enters, the light of the other two TAMs would change in order that
other robots may know the truck is ready. Two robots could bring their loads, enter the
TAMs, and deposit their virtual loads in the truck. When the TAMs finish emulating the
load process, they would change their light color or send a message to indicate robots they
can depart. Since robots employed in (NOGALES, ESCARPINATI; OLIVEIRA, 2017)
could distinguish few colors, the authors adapted the TAMs. They suggested TAMs that
combine color and shape to encode the different tasks. Thus, robot capacities increase

through the environmental help.

We also found different works employing localization systems with cameras (SCHWA-
GER et al., 2011), Kinect devices (JALOBEANU et al., 2015), and radio or wireless sensor
signals (CARO, DUCATELLE, GAMBARDELLA, 2009), (DORIGO et al., 2013). These
aids are commonly employed for navigation tasks. Among them, a practical solution is
projecting a virtual trail by including a projector and a camera in the environment. By
linking these devices through a computer, the pheromone trail could become an augmen-
ted reality. The camera tracks the robots, and the projector updates their trails. Allowing
communication through virtual pheromone seems an effective way to help robots to navi-
gate collectively. Since the trail keeps information, its rate of evaporation is fundamental
for robots to exploit the experiences of other robots. If the evaporation rate is low, the
trails could trap the robots into useless searches, while a fast rate of evaporation could
erase useful information. Therefore, experiments with pheromone need to adjust their

rate of evaporation such that it may bring benefits to the group.

One of the first works to implement virtual trails is (SUGAWARA, KAZAMA, WA-
TANABE, 2004). For their experiment, the communication was indispensable to obtain
an effective cooperative team. V-DEAR (Virtual Dynamic Environment for Autonomous
Robots) projection mimicked pheromones trails with white traces on the ground. The
authors tested this solution with homogeneously scattered objects and localized sources.
As time passes, the disappearance of the luminous trails emulates the evaporation of
pheromone and removes the useless information. But, the objects do not disappear (i.e.,
sources were endless). One interesting conclusion of this work is that the distribution of
the objects in the environment could affect the optimal rate of evaporation. With loca-
lized sources, the robots could work with faster rates of evaporation (less information).

But with scattered objects, they require lower rates of evaporation.

In (GARNIER et al., 2007), the authors explained that projection of pheromone trails



and augmented reality solutions are cheap and easy to handle as a laboratory tool. Howe-
ver, these solutions are unsuitable to be real life applications. They validated their al-
gorithm with a group of five robots, which could perceive their environment and adapt
accordingly. The environment offers two alternative paths linking two different areas, and
the luminous trails helped the group to make a collective decision. Their results suggest
that if evaporation is too fast, no stable choice can take place. Results also suggest that
a quick and stable collective choice requires an optimal number of robots.

In (REINA et al., 2017), the authors worked with Kilobots (RUBENSTEIN, AHLER,
NAGPAL, 2012), which are small, slow, and simple robots. The inexpensive nature of
the Kilobots limits their range of capabilities because they only possess a single sensor,
but they can communicate through an infrared emitter /receiver module. In some studies,
this limitation can be a source of motivation and inspiration, while in others it is an im-
pediment. Notwithstanding, they allowed to validate an algorithm for collective decisions
in (VALENTINTI et al., 2016), and to test searching strategies in (DIMIDOV, ORIOLO,
TRIANNI, 2016). The work described in (REINA et al., 2017) extends robot capacities
by adding a system for Augmented Reality for Kilobots (ARK).

The ARK system includes a flexible base control software, which allows users to define
varying virtual environments within a single experiment using an integrated overhead
tracking and control. This system allows Kilobots access to customized information based

on their location and state. The environment requires three components:

e A tracking system with an overhead camera that provides real-time data on robot

location and state

e A modified overhead emitter which broadcasts infrared signals to communicate to
the Kilobots

e A base control station to coordinate the system and simulate the virtual environ-

ments

Unlike (SUGAWARA, KAZAMA, WATANABE, 2004), the available sources depleted
through time in (REINA et al., 2017). The software obtains images from four cameras
covering the Kilobot arena. These environmental components updated 150 Kilobots once
every 2.5 s. Since a robot can move a maximum of 3 cm during the same time, this is a
suitable frequency for updating. Although this solution seems complex, the authors share
it as an open source project and it is available in (https://github.com/DiODeProject/
KilobotArena).

This kind of system does not present a fully autonomous way for the robots to release
and follow trails because they depend on a central unit, an external computer. However,
new algorithms could come to life by employing the augmented reality idea (GARNIER
et al., 2013), (REINA et al., 2015), and (RAMAITHITIMA et al., 2016). We also found



(ARVIN et al., 2015); a work where the authors followed the idea of augmented reality,
but employing an LCD screen instead of a projector.

Many researchers have introduced direct communication among robots, and in most
cases, employing physical media such as light, sound, radio waves for it. Inspired in
audiovisual communication, the authors of (GRIBOVSKIY, MONDADA, 2009) proposed
a task where robots have to search dynamic audiovisual sources. In particular, each task
comes from a robot imitating a chicken’s call for help. The robot searching for chickens
includes a special hardware device with a set of microphones to distinguish robot-chicken
sounds. An overhead camera provides the robot positions by tracking a visual marker
upon them. The open-source SwisTrack software(LOCHMATTER et al., 2008) helped
the authors in the visual tracking process. As a consequence, the environment required
a controlled light, color-specific walls, and an overhead camera. The searching algorithm
was tested in three main tasks for audio-localization of the sound sources, with different

separation of the sounds that chickens emit and meanings of these sounds.

A.2.3 Complex solutions

Here are the more complex and expensive aids we found. In particular, some of these
aids have to deal with real chemical materials (RUSSELL, 1999), (SVENNEBRING, KO-
ENIG, 2004), and (RUSSELL, 1997); which are a difficult endeavor when working with
robots. Besides the technical difficulties, the cost of the hardware for chemical regulation
would rise the cots of the research. Some solutions include patches of ground sensors (AN-
TOUN et al., 2016) and (LIMA et al., 2017). Other solutions tend to act or work with
the concept of the Internet of things, which allows several devices to share information th-
rough a network (O'HARA, BALCH, 2007), (CARO, DUCATELLE, GAMBARDELLA,
2009), (BARDELLA et al., 2012), (KHALIQ, ROCCO, SAFFIOTTI, 2014), and (KHA-
LIQ, SAFFIOTTI, 2015).

An interesting solution is to use a paper-based environment (SVENNEBRING, KOE-
NIG, 2004), which allows a special ink to evaporate.Robots could draw their trails in such
paper-based environment. The ink to write their paths is special and yields thin trails.
The authors validated their algorithm in a coverage task, where robots had to avoid the
trails as in (MAYET et al., 2010) and (RANJBAR-SAHRAEI et al., 2013), but to re-
gulate the ink evaporation is a hard task. In (RUSSELL, 1999), the authors introduced
alcohol trails, which robots can follow with the help of a specific sensor. However, the
chemical sensors used in this setup and the combination of substances (e.g., alcohol, the
special ink) have been shown to be unreliable and impractical.

Former ideas to allow robots to release pheromone and create trails include heating
mechanisms. In (RUSSELL, 1997), robots possessed a heater to mark their path once
they find food. The big problem of this solution is the energy consumption of the robot.

They worked with a medium size robot and a lamp. The electrical power to generate



heat depends greatly on the battery. Therefore, our current technology makes this an
impossible solution for smaller robots. Moreover, to control the heat such that the path
can have different evaporation (dissipation) rates is difficult. As mentioned before, the rate
of evaporation is fundamental in these tests. The environment needs a well-conditioned
laboratory: chemicals depend on the humidity and temperature, and the heat could fail
if you are in a hot/cold city. Therefore, these solutions require an expensive investment

in the laboratory where the robots would work.

In (ANTOUN et al., 2016), the authors worked with Kilobots, too. To overcome robot
limitations (i.e., limited sensors and actuators), they created a virtual environment called
Kilogrid. The Kilogrid includes a set of cells with sensing and communication capacities.
Moreover, each cell offers a visual feedback by displaying a color that is related to its state.
This allows a reconfigurable environment. But, it is necessary to add a barrier between
cells to avoid infrared interference while robots communicate with cells. The authors
created two cases of study in which they could: i) virtualize robot sensors by adding a
virtual wall, and ii) virtualize robot actuators by allowing robots to irrigate a virtual
field. The communication between robots and the environment is direct and explicit. For
instance, when irrigating a field, the robot explores the field by sending messages to the
cell where it stands. If the cell identifies itself as a dry patch, the robot will stay there
circling while delivering a virtual unit of water. Unfortunately, the Kilogrid is costly and

time-consuming to construct. Each cell module costs almost the same price of a Kilobot.

We found a similar solution in (LIMA et al., 2017), where the authors suggested a
ground consisting of a grid of sensors to coordinate and synchronize their robots. Since
their model uses cellular automata principles to work, the coordination mechanism requi-
res cach robot to be in the center of a cell to compute its following movement. Each cell
has a sensor to detect the presence of a robot and indicates through a color whether it is
an object, an obstacle, or a free patch. Robots could forage and avoid collisions thanks
to a centralized mechanism that uses the ground information. Three layers contain the
ground information: One considers the weights of the gradient orientation, another layer
contains the visual information exhibited through the ground colors. Finally, the last
layer mixes objects and robots into one map. Note that this approach is complex and
unpractical because robots are working in a continuous world; they do not need to center

at each movement.

Next, we found some environments with pre-deployed nodes in (CARO, DUCATELLE,
GAMBARDELLA, 2009) and (O'HARA, BALCH, 2007). Nodes are like wireless sensors,
but they measure nothing. In (CARO, DUCATELLE, GAMBARDELLA, 2009), the
nodes create a data route, which allows information of the estimated distance and the
angle of the target may reach the searching robot. In (O’HARA, BALCH, 2007), the
nodes create points where the robot should pass. Since the goal is to visit all nodes, each

node informs the robots of its attractor value to push them toward unvisited nodes. Both



solutions work even when the environment is dynamic. The underlying idea is to help
robots to share information across something like a WSRN (Wireless Sensors and Robots
Network), but sensors are just sharing information. These networks consist of a great

number of nodes, and their placement can affect the group performance.

Working with more complex devices in (BARDELLA et al., 2012), the authors mi-
micked a similar approach in a complex searching task. The robots have to find an object
by its descriptors. The object provides its own descriptors to a robot whenever it is close
and asking for this information. If the object descriptors match the robot target, then
the robot takes a picture and sends it to the operator indicating a successful search. Note
that this idea is similar to the trend mentioned before. Allowing robots and objects to
share information in a network can lower the computational burden in the robots and the

programming complexity requested.

Although the use of RFID technology may boost the cooperation and interaction
between objectd and robots, it has a limited scope. In particular, the RFID technology
has intrinsic constraints such as a rather short operational range (especially for the passive
RFIDs) and the extremely limited computational capabilities of the tags. However, tags
can work similarly to the smart objects of the networks in (BARDELLA et al., 2012).
In (KHALIQ, SAFFIOTTI, 2015), the tags in the environment helped robots to plan its
navigation. While in (MAMEI, ZAMBONELLI, 2005), the tags helped to control the
spread of pheromones. Environments with RFID seems to be nearer to a possible real life

implementation, i.e., to go beyond the laboratories.

A.3 Electronic Implementation

We opted for TAMs mechanisms based on (BRUTSCHY et al., 2010), where the
authors also employed communication devices. In our version of TAMs, the devices are
simply indicating the state of the task with a RGB LED and detecting robot presence th-
rough infrared sensors. They offer a middle complexity because they need a programming
stage, but are cheap to implement. The performance is recorded in the Arduino Board
and displayed in a LCD 16x2 screen for the experimenter. We also added a receptor of
infrared signals to change the delays to receive/deliver objects in TAMs. Figure 1 shows
the circuit implementation in our laboratory. Figure 2 shows the ideal components for a

bigger world.
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A.4 Conclusions

These kinds of solutions encourage us to find what is the least amount of information
needed to solve a certain task. Designers need to have insights of the inherent complexity
of the task. There is a threshold between making smarter robots and making smarter
environments. Smarter robots require complex behaviors and sensors. Smarter environ-
ments provide aids through different kinds of objects and patterns in them. For both,
it is the designer’s responsibility to balance between robot-robot and robot-environment
interactions.

Instead of spending resources on inessential aspects of a real life application, the
purpose of these solutions is to provide a cheap and very easy way to handle laboratory
tools to test algorithms. These environments allow robots to perceive and adapt their
behavior in an almost fully autonomous way, as humans do. It is important to make
explicit that robots need to know the meanings of the signs of the environment. Otherwise,
they would be useless.

We observe that many of the simulated works are coming to real life scenarios (wor-
king with physical robots). However, experiments involving swarms of robots tend to
be expensive, and they present technical problems because robots generally have limited
sensors and actuators. The time needed to calibrate is extensive, and it is difficult to
track and communicate with each individual robot. Researchers are dealing with this
transition because reality and simulation can be very different. In particular, noise and

the reality gap could make the simulated behaviors diverge from its goal.
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