
Swarm Robotics

Related terms:

Robotics, Dataset, Hamiltonian, Robotic System, Macroscopic Model

Biological Cell Inspired Stochastic Models and Control
Dejan Milutinović, Pedro Lima, in Microbiorobotics, 2012

6.2 Swarm robotics and models
The field of swarm robotics concerns the coordination of multirobot systems
composed by a large number of robots, where the collective behavior emerges
from simple local interaction among teammates and between the robots and the
environment. This local interaction may be accomplished using direct
communications (e.g., radio frequency, infrared wireless systems) or indirectly
through the environment, by leaving markings that the teammates can recognize.

Swarm robotics concepts are inspired by the field of swarm intelligence (SI), which
studies the collective behavior of (natural or artificial) self-organizing agents.
Examples of such collectives are cell populations, ant colonies, bee swarms, or bird
flocks. This explains the large number of bio-inspired approaches to swarm
robotics, where the agents are embodied and situated in their environment. Both SI
and swarm robotics approaches value decentralization, i.e., it is typically assumed
that there is no single central entity that controls the whole swarm. Furthermore,
issues such as scalability (Does the control method complexity remain bounded as
the number of members in the population grows?) and robustness (Is the collective
tolerant to the loss of some of its members?) are relevant in swarm robotics. The
approaches to swarm robot modeling and coordination available in the literature
can be organized in different taxonomies.

The SI-based approaches are often bio-inspired [10-12], integrating results and
tools from biology, ethology, and computer science and engineering. The
inspiration is often bilateral: the control of large robot collectives can be driven by
known principles studied in animal and cell collectives [13], but biologists often
wish to use robot collectives to test their models of animal and cell population
collective behaviors.

Control theory has been applied to model and control the motion of large robot
formations [14-16], using simple individual controllers and a low intensity inter-
robot communication, though a significant number of inter-robot measurements
(e.g., of distance and bearing) may be required. The main purpose of using control
theory is to enable studying properties of the swarm, such as stability [17]. Most
approaches assume a deterministic setup.

Analyzing swarm properties is very relevant from an engineering standpoint
because, though SI principles are appealing, they do not provide us with metrics to
quantify the swarm performance and/or to synthetize desired behaviors from
specifications. Nevertheless, deterministic models are either unrealistic or
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unscalable. Probabilistic modeling of robot swarms handles scalability issues by
studying the swarm as a single body, whose location/behavior is probabilistically
distributed [18, 19]. The typical models in this class are Markov chains, whose
states represent the macroscopic states of the population and transition
probabilities result from interactions at the microscopic level. If swarm control is
the goal, one possible approach is to control the transition probability values so as
to change the transient and steady-state macro behavior [7].

One major drawback of swarm robotics is that the robot collectives controlled
using its principles of simplicity and local interaction are usually inefficient in
carrying out a given task, trading efficiency for robustness. Another source of
inspiration for the control of large collectives that attempt to handle this problem is
based on the social sciences. Although our approach in this chapter draws on
biological concepts, a reference to this other paradigm is relevant here, to put
things in perspective.

Typical swarm robotics approaches often underexploit the potentially high level of
cognition and networking available to the individual robots. Furthermore, indirect
or mediated interaction (through social norms and/or institutions) is critical to
improve the efficiency of the collective. As an example, once car drivers learn the
traffic rules associated to traffic lights, they can simply use them without having to
reason repeatedly about what to do when meeting other car(s) at road
intersections. This concept of mediated interaction through coordination artifacts
has a significant potential for bold improvements of scalability of large collectives,
as institution-based decisions will build upon the trust of social norms by all the
members of the collective [20].

Several concepts from social sciences have already been adopted in the framework
of multiagent systems, e.g., norms [21], conflicts [22], trust [23], reputation [24], or
individual rights and argumentation [25], adding to the biological inspiration.

Economics provides some insights on how to deal with large collective systems.
Market-based multirobot coordination [26-28] is a previous example of importing
some economic views into robotics. Institutional robotics [29], which combines the
notions of institution, coordination artifact, and environment [30], explores
institutional economics (IE) inspiration. IE uses different assumptions from
Neoclassic Economics. From an institutional perspective, institutions are taken as
the main tool of any sophisticated society, and individuals are both constructive
within and constructed through institutional environments, paving the way for
increased collective efficiency through mediated interaction supported on
institutions.
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Experiments using robots with extended resources (Turtlebots)
In this set of experiments, we introduce the swarm robotics with extended
resources. These swarms use general purpose computers, high quality and
advanced video cameras, 3D sensors for mapping (e.g., laser range finders),
accurate wheel encoders that make enhanced odometry possible, fused data of
accelerometers, and a gyroscope.
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The Turtlebot platform is a robot with extended resources. This robot is equipped
with a laptop with core-i3 CPU for computation that is running the Robot
Operating System  framework. As a main sensing unit, the Turtlebot is equipped
with a Kinect sensor. The full RGBD information is used to detect and locate AR
markers. For static obstacle detection, we only use the depth information of the
sensor together with three bumpers that are located in the front half of the robot.
Furthermore, the robot estimates its position by integrating the wheel odometry
and gyro information. Hence, no map of the environment is built and the only
known reference point is the target location marker. This can lead to the problem
that if the odometry is faulty, the robot does not always find the target location
back. As a solution, the robots fall back into a search mode, if this is the case.
Another solution could be to implement a Northstar-like navigation system, by
providing a fixed frame of reference, which is almost always visible from any
location.

To enable visual robot-robot detection, we equipped every Turtlebot with six unique
markers, which are oriented in a way that at least one marker is visible from any
angle. To track and decode these markers, we make use of a toolkit called ALVAR;
more specifically, we use the ROS wrapper  of this library. We use a customized
bundle detection method to determine the center of the detected robot dependent
on the decoded markers. Kalman filtering is applied to get better and more stable
readings and consequently a more accurate estimate of the detected robot’s
position, heading, and speed. These parameters are used again for collision
avoidance.

Communication is realized over Wi-Fi with a UDP connection to each Turtlebot
using the LCM library.  Even though global communication would be possible, we
limit the communication such that every robot listens only to its own channel. To
simulate local communication, the robots can only communicate with another
robot when it is in view and in close proximity, i.e., less than 1 m away.

In order to avoid robot to robot collisions, we rely on the marker detection to
predict positions and speeds of the other robots. This information can be used to
efficiently compute a noncolliding speed vector as we have developed previously in
Claes et al. (2012). In contrast to this previous approach, in which the robot-robot
detection was avoided by using a global reference frame and broadcasting the
positions to all robots via Wi-Fi, solely the marker detection and the predictions
using a Kalman filter are used. This means that a few collisions still might occur
due to failure to detect the markers of the other robots and additionally, there are
certain configurations in which the robots cannot see each other due to the field of
view of the Kinect sensor, e.g., when two robots drive in a V-shape toward each
other, the field of view of the Kinect is too narrow to detect the other robot.

As shown by Alers et al. (2014a), multiple Turtlebots perform a foraging task, i.e.,
starting at the Hive (H) location and randomly exploring the unknown
environment for a specific Food (F) location. This is shown in Figure 13.9. Another
way of locating a food location is by asking bypassing robots for a known food
location, which is done by simulating local communication over Wi-Fi. When the
source is found, the robot starts to exploit this source, i.e., driving from the food to
the hive location until the food is depleted or a better source is found. A video
showing this demonstration can be found in the online material.

2

3

4

5



Figure 13.9. Multi-robot foraging using swarm robots with extended resources. (a)
All robots start at the hive (H) location. (b) Robots are exploring the unknown
environment randomly. The left two robots have found the food (F) location and
are foraging between the hive and the food location. (c) All robots have converged
to foraging behavior.
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5 Future prospects and conclusions: role of the designer and the
toolbox
Most of this chapter focused on constructed bridges made of steel components.
However, many historic bridges that articulate their force flow, such as the Felsegg
Bridge and the Basento Viaduct, were made of r.c. and were constructed at a time
and place where manual labor was cheap. Over recent years, a gap has developed
between the formal opportunities offered by digital additive fabrication techniques
and available construction methods for r.c. systems. Current additive methods
focus on nonstructural materials, produce small components, and rely on an
additive layering approach. Therefore, these approaches not suitable for r.c. bridge
systems. To overcome these challenges, recent research progress has developed
techniques such as smart dynamic casting, which combines digital fabrication with
slipforming (Lloret et al., 2015) and robotic swarm printing (Oxman et al., 2014).
However, it is yet to be seen how these techniques will influence the discovery of
new r.c. bridge typologies and drive their construction.

It is said that “an engineer is a (wo)man who can do for a dime what any fool can
do for a dollar.” While it is customary for an engineer to be responsible for
achieving a specific technological need for the lowest economic cost, this saying is
crippling to both the engineer's creativity and the design's potential. With the
available new tools, the role of the bridge designer needs to be emphasized.
Traditionally, designers use tools such as back-of-the-envelope hand calculations,
physical experiments and tests, design charts, and 2D sketches to develop and
advance the preliminary design process. The computational techniques presented
in this chapter are new tools in this existing toolbox; they allow for the rapid
generation of a large set of design alternatives that fulfill specific requirements.
These alternatives might be unusual and surprising to the traditional bridge
designer, who is grounded in intuition and accumulated knowledge; yet they
present unexplored feasible domains in the design space. These instances can
inform the bridge designer of new typologies beyond the existing archives of
acceptable systems, developed from 19th- and 20th-century analytical and
construction techniques. Prior studies of existing successful designs are important,
but the use of previous typologies might exclude the creation of more efficient
ones. Instead, this chapter argues that by drawing on a broad body of existing
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knowledge and utilizing 21st-century computational tools, the designer might
uncover a range of novel bridge typologies, waiting to be discovered.
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10.1 Introduction
Adaptive filters have been at the heart of digital signal processing over the last
century, thanks to their capability of rapidly adapting to streams of incoming data.
At the same time, classical filtering approaches have not been satisfactory to handle
the challenges posed by large-scale, unstructured big data scenarios that are
common today. This has fostered the recent development of techniques to deal
with such problems, allowing signal processing to scale to truly massive datasets
[1] and to work with less structured data types, such as graphs [2,3]. In this chapter,
we look at one peculiar aspect unifying several big data problems, namely, their
distributed nature, where the data are naturally generated and aggregated at
different locations with possibly poor or expensive network connectivity. Examples
of problems in this category abound and include (but are not limited to) wireless
sensor networks (WSNs) [4], distributed databases, robotic swarms and fog
computing platforms. In all these scenarios, the agents in the network can be
severely limited in their capabilities, in terms of either energy constraints (e.g., low-
power devices in WSNs), connectivity, privacy, or other aspects. As a consequence,
any solution devised for learning and inference over networks needs to be aware of
these constraints, making this a challenging problem with wide applications.

Distributed learning can be cast as a decentralized optimization problem, which
has a long history in the optimization field [5] and in artificial intelligence. In recent
years, this problem has gained a renewed interest from the machine learning
community, with the development of a number of learning protocols for a variety
of models, including boosting [6], support vector machines [7,8], kernel regression
[4] and sparse linear models [9,10], to cite a few. Several of these were also applied
in signal processing problems, most notably in order to provide distributed
inference capabilities in WSNs [4]. A large majority of them, however, is only
applicable in batch situations, where each agent is allowed to manipulate its entire
(local) dataset at each iteration. Distributed filtering algorithms, on the contrary,
require the development of online solutions, where the data are received and
processed, sequentially, by the agents.

In the filtering literature, a recent series of works was initiated by the development
of the so-called ‘diffusion filtering’ (DF) algorithms, starting from the diffusion
LMS [11] and the diffusion RLS [12], up to their more general formulation in terms
of generic convex cost functions [13–15], which are considered here. DF algorithms
are characterized by interleaving local updates in parallel (mimicking classical
filters), with communication steps, during which the agents exchange information
on their current estimate with their neighbors. Following the development of the
main theory, in the subsequent years, several authors have extended classical linear
filters to the distributed case (e.g., sparse LMS [10] and group LMS [16]), while
others have focused on nonlinear filters, as we review further on in the chapter. For
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the interested reader, we refer to the guest editorial in [17] and references therein
for a recent overview of the literature.

All the works mentioned up to now assume that the agents are identifying a
common model. This is a reasonable assumption in several contexts, particularly
when the statistics of the data do not depend on the spatial locations of the agents,
making it very common in distributed machine learning problems [7,15]. In
general, however, the agents could be interested in different identification
problems, which are similar in some quantifiable sense. As an example, consider
the setup illustrated in Fig. 10.1. If the agents are sensors deployed over an
environment, trying to predict some quantity of interest (e.g., some pollutant
concentration), the model might be different among groups (clusters) of agents,
possibly due to the spatial conformation of the ground (e.g., sensors deployed over
a mountain vs. sensors deployed in a valley). Nonetheless, since they are all trying
to predict the same quantity of interest, communication between agents belonging
to different clusters can be beneficial.

Figure 10.1. An example of a network with 12 agents subdivided in three different
clusters.

The first DF solution to this problem, which is termed multitask network, was
analyzed in [18]. Following this, a range of algorithms was proposed in the linear
case. Most notably, Chen et al. [19] and Zhao and Sayed [20] investigated the
possibility of unsupervised learning of the clusters structure when it is not available
a priori. Additional developments include the extension to asynchronous networks
where, e.g., links may fail or agents might disconnect [21]; proximal updates for
nondifferentiable regularization terms [22]; total least squares approaches [23]; and,
finally, multitask learning over (linear) latent subspaces [24,25]. Almost no work,
however, has addressed the problem of learning in a multitask network with
nonlinear models.

Based on the previous discussion, this chapter has three separate aims. First, we
introduce the fundamental concept of DF in Section 10.2, which serves as a very
general introduction to the topic. Next, we summarize recent works on nonlinear
DF algorithms in Section 10.3, with an emphasis on three classes of solutions. In
order to motivate research on multitask learning with nonlinear models, in Section
10.4 we propose a multitask kernel algorithm based on a functional formulation of
DF. Finally, we validate the algorithm on an experimental benchmark in Section
10.5, before making some final remarks in Section 10.6.
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Asynchronous Adaptive Networksa
Ali H. Sayed, Xiaochuan Zhao, in Cooperative and Graph Signal Processing, 2018

1.1 Introduction
Adaptive networks consist of a collection of agents with learning abilities. The
agents interact with each other on a local level and diffuse information across the
network to solve inference and optimization tasks in a decentralized manner. Such
networks are scalable, robust to node and link failures, and are particularly suitable
for learning from big datasets by tapping into the power of collaboration among
distributed agents. The networks are also endowed with cognitive abilities due to
the sensing abilities of their agents, their interactions with their neighbors, and the
embedded feedback mechanisms for acquiring and refining information. Each
agent is not only capable of sensing data and experiencing the environment
directly, but it also receives information through interactions with its neighbors
and processes and analyzes this information to drive its learning process.

As already indicated in [1, 2], there are many good reasons for the peaked interest
in networked solutions, especially in this day and age when the word “network” has
become commonplace whether one is referring to social networks, power
networks, transportation networks, biological networks, or other networks. Some of
these reasons have to do with the benefits of cooperation over networks in terms of
improved performance and improved robustness and resilience to failure. Other
reasons deal with privacy and secrecy considerations where agents may not be
comfortable sharing their data with remote fusion centers. In other situations, the
data may already be available in dispersed locations, as happens with cloud
computing. One may also be interested in learning and extracting information
through data mining from large datasets. Decentralized learning procedures offer
an attractive approach to dealing with such datasets. Decentralized mechanisms
can also serve as important enablers for the design of robotic swarms, which can
assist in the exploration of disaster areas.

1.1.1 Asynchronous Behavior
The survey article [1] and monograph [2] focused on the case of synchronous
networks where data arrive at all agents in a synchronous manner and updates by
the agents are also performed in a synchronous manner. The network topology was
assumed to remain largely static during the adaptation process. Under these
conditions, the limits of performance and stability of these networks were
identified in some detail for two main classes of distributed strategies: consensus
and diffusion constructions. In this chapter, we extend the overview from [1] to
cover asynchronous environments. In such environments, the operation of the
network can suffer from the occurrence of various random events, including
randomly changing topologies, random link failures, random data arrival times,
and agents turning on and off randomly. Agents may also stop updating their
solutions or may stop sending or receiving information in a random manner and
without coordination with other agents. Results in [3–5] examined the implications
of such asynchronous events on network performance in some detail and under a
fairly general model for the random events. The purpose of this chapter is to
summarize the key conclusions from these works in a manner that complements
the presentation from [1] for the benefit of the reader. While the works [3–5]
consider a broader formulation involving complex-valued variables, we limit the
discussion here to real-valued variables in order not to overload the notation and to
convey the key insights more directly. Proofs and derivations are often omitted and
can be found in the above references; the emphasis is on presenting the results in
a motivated manner and on commenting on the insights they provide into the
operation of asynchronous networks.
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We indicated in [3–5] that there already exist many useful studies in the literature
on the performance of consensus strategies in the presence of asynchronous
events (see, e.g., [6–16]). There are also some studies in the context of diffusion
strategies [17, 18]. However, with the exception of the latter two works, the earlier
references assumed conditions that are not generally favorable for applications
involving continuous adaptation and learning. For example, some of the works
assumed a decaying step-size, which turns off adaptation after sufficient iterations
have passed. Some other works assumed noise-free data, which is a hindrance
when learning from data perturbed by interferences and distortions. A third class
of works focused on studying pure averaging algorithms, which are not required to
respond to continuous data streaming. In the works [3–5], we adopted a more
general asynchronous model that removes these limitations by allowing for various
sources of random events and, moreover, the events are allowed to occur
simultaneously. We also examined learning algorithms that respond to streaming
data to enable adaptation. The main conclusion from the analysis in these works,
and which will be summarized in future sections, is that asynchronous networks
can still behave in a mean-square-error (MSE) stable manner for sufficiently small
step-sizes and, interestingly, their steady-state performance level is only slightly
affected in comparison to synchronous behavior. The iterates computed by the
various agents are still able to converge and hover around an agreement state with
a small MSE. These are reassuring results that support the intrinsic robustness and
resilience of network-based cooperative solutions.

1.1.2 Organization of the Chapter
Readers will benefit more from this chapter if they first review the earlier article [1].
We continue to follow a similar structure here as well as a similar notation because
the material in both this chapter and the earlier reference [1] are meant to
complement each other. We organize the presentation into three main
components. The first part (Section 1.2) reviews fundamental results on adaptation
and learning by single stand-alone agents. The second part (Section 1.3) covers
asynchronous centralized solutions. The objective is to explain the gain in
performance that results from aggregating the data from the agents and
processing it centrally at a fusion center. The centralized performance is used as a
frame of reference for assessing various implementations. While centralized
solutions can be powerful, they nevertheless suffer from a number of limitations.
First, in real-time applications where agents collect data continuously, the repeated
exchange of information back and forth between agents and the fusion center can
be costly, especially when these exchanges occur over wireless links or require
nontrivial routing resources. Second, in some sensitive applications, agents may be
reluctant to share their data with remote centers for various reasons including
privacy and secrecy considerations. More importantly perhaps, centralized
solutions have a critical point of failure: if the central processor fails, then this
solution method collapses altogether.

For these reasons, we cover in the remaining sections of the chapter (Sections 1.4
and 1.5) distributed asynchronous strategies of the consensus and diffusion types,
and examine their dynamics, stability, and performance metrics. In the distributed
mode of operation, agents are connected by a topology and are permitted to share
information only with their immediate neighbors. The study of the behavior of
such networked agents is more challenging than in the single-agent and
centralized modes of operation due to the coupling among interacting agents and
the fact that the networks are generally sparsely connected.
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Heterogenous multi-agent system behaviour patterns
for robotics application
L. Alboul, ... L. Nomdedeu, in Using Robots in Hazardous Environments, 2011

28.1 Introduction
The Group of Unmanned Assistant Robots Deployed In Aggregative Navigation by
Scent (GUARDIANS) project  is an FP6, EU-funded project, developing a mixed
human-multi-robot system to assist fire fighters in search and rescue operations in
an industrial warehouse in the event or hazard of fire (Penders, Alboul, Roast and
Cervera 2007). The main component of the system is a team of heterogeneous
autonomous robots capable of interacting with humans and able to produce
certain self-organising behaviour patterns. The latter means that some techniques
of swarm robotics are applicable.

The GUARDIANS multi-robot team consists of mini-robots and middle-sized
robots. This means that the robots are not suitable for performing heavy physical
tasks, but nevertheless, can be very useful in many fire fighting situations, as was
confirmed after consulting with the South Yorkshire Fire and Rescue Service,

United Kingdom, subsequently referred to as SYFIRE. SYFIRE is a member of the
GUARDIANS consortium and the GUARDIANS project progresses with close
collaboration with the fire fighters.

SYFIRE proposed a warehouse as the principal GUARDIANS application scenario by
indicating that fires in industrial warehouses are a major concern to them.
Searching for victims may be extremely dangerous due to the enormous
dimensions of the warehouses and the expected low visibility when smoke
develops. Large warehouses are divided into sections separated by walls, which are
fire resistant for several hours. The typical section dimensions are about
100 × 200 m . In the event of a blaze, the fire may be confined to a certain area of
the warehouse; however smoke might cover the whole section. In this scenario,
SYFIRE pointed out that apart from the smoke, the warehouse is, in general, in a
normal and neat state, and the ground is easily passable. For a robot team this
implies that there are no exceptional requirements concerning the robots’ motion
and even wheeled mini robots are suitable.

The development of smoke represents a great challenge for fire fighters as it
reduces visibility dramatically and human beings can easily become disoriented
and may even get lost. Rendered without sight, fire fighters can only rely on their
touch and hearing senses. However, the sense of touch is restricted by their
clothing gear and the sense of hearing is reduced by the noisy breathing apparatus,
with which fire fighters are equipped to provide fresh air. Besides the dimensions,
low visibility and reduced perception of fire fighters, an important constraint on
successful operation is the time constraint. The amount of oxygen in the breathing
apparatus suffices for about 20 minutes. The average speed with which experienced
fire fighters progress in the event of dense smoke (informally measured during the
‘tasting exercise session’ at the SYFIRE training centre), is about 12 m per minute.
Given the crawling speed, fire fighters can proceed about 240 m with a full tank.
Taking into account that they have approximately 20 minutes of air between
getting in and getting out, the maximum advance they can make is only 120 m,
which is less than the largest dimension of the modern warehouses. Another issue
related to the time constraint is that a phenomenon such as flashover can also
occur very quickly.

Note that in the UK the fire fighting procedures require a two-stage operation:
first, one team lays out and fixes a guideline along a wall and then leaves, and then
subsequent teams aiming for the scene of operations enter and advance following
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the guideline. This is done in order to avoid situations in which fire fighters can be
lost, but reduces the available time even further. Besides the aforementioned
problems, an important requirement is continuous and uninterrupted
communication links between the crew inside and managing crews outside. In a
warehouse, however, the racks form a dense lattice of metal joints, which may be
packed with tins, cans or other metal based packaging. Within such a metal cave,
the transmission and reception of radio signals is problematic.

In such situations, a team of GUARDIANS robots can be very useful to perform the
following tasks: searching and exploring the warehouse and gathering information;
maintaining the communication link to the outside base station and supporting
the fire fighters to move around and if required leading them through the site.

Mini-robots in the GUARDIANS robot team are represented mostly by Khepera III
(developed by the partner K-TEAM), and middle-sized robots are ERA-Mobi robots,
commonly referred to as Erratics robots (Videre Design). These robots are to be
applied in a specified quantity, possibly large. The larger robot called Guardian,
developed by the partner Robotnik Automation, represents an exception (see
Fig. 28.1). This robot can be a member of a team, but also can perform certain
tasks where a more powerful robot may be needed, such as carrying tools for fire
fighters.

28.1. Robots in the Guardians project: Khepera III, Erratic and Robot Guardian.

We focus on the basic navigation behaviours of multi-robot or human-robot teams,
which have to be achieved without central and on-line control. These behaviours
can be also achieved without explicit communication and therefore can be still
applicable when communication links are severed. The global behaviour produced
is relatively independent of the number of robots in the team. This makes the team
robust to failures of individual robots and flexible with respect to its size.

The basic behaviours that we cover are robot-robot and robot-fire fighter
avoidance/attraction as well as robot-obstacle avoidance, and formation generation
and keeping. To develop these behaviours we use the social potential field
framework, which was introduced by Reif and Wang (1999). In our approach
robots, humans and obstacles are considered as classes of special agents and for
each pair of ‘agents’ different potential functions are applied. As a result, we can
generate a global behaviour that leads to forming certain formation patterns of the
group of robots or mixed robot-human teams. Some theoretical considerations on
pattern convergence and stability are also given.

Our algorithms have been implemented using Player/Stage software (Player), which
allows their direct application to real robots, and the Java Agent Development
Environment (JADE) that takes care of the agent’s life cycle and other agent-related
issues. For testing our theoretical considerations, in particular the convergence of
the behaviours, we use the programming environment NetLogo, which allows
working with a large number of agents. The simulation results comply with
theoretical considerations and show that the algorithms are robust and capable of
dealing with teams of different sizes and the failure of individual agents, both
robots and humans. We also tested our approach on the Erratic mobile platforms;
and the results of the implementations confirm the results of simulation.

https://www.sciencedirect.com/topics/engineering/basestation
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At the end of the chapter we briefly discuss the possible ‘set-ups’ of the
GUARDIANS and similar robotic systems in real-life environments; in particular we
indicate approaches to one of the challenging ‘real-life’ problems, which is robot-
robot and/or robot-human detection.

The work described in this chapter is partially based on previous work by Saez-
Pons, Alboul, Penders, and Veysel (2008) and Alboul, Saez-Pons, Penders and
Nomdedeu (2008) and further expands the ideas presented there.
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