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53. Multiple Mobile Robot Systems

Lynne E. Parker, Daniela Rus, Gaurav S. Sukhatme

Within the context of multiple mobile, and net-
worked robot systems, this chapter explores the
current state of the art. After a brief introduction,
we first examine architectures for multirobot co-
operation, exploring the alternative approaches
that have been developed. Next, we explore com-
munications issues and their impact on multirobot
teams in Sect. 53.3, followed by a discussion of
networked mobile robots in Sect. 53.4. Following
this we discuss swarm robot systems in Sect. 53.5
and modular robot systems in Sect. 53.6. While
swarm andmodular systems typically assume large
numbers of homogeneous robots, other types of
multirobot systems include heterogeneous robots.
We therefore next discuss heterogeneity in coop-
erative robot teams in Sect. 53.7. Once robot teams
allow for individual heterogeneity, issues of task
allocation become important; Sect. 53.8 therefore
discusses common approaches to task allocation.
Section 53.9 discusses the challenges of multirobot
learning, and some representative approaches. We
outline some of the typical application domains
which serve as test beds for multirobot systems
research in Sect. 53.10. Finally, we conclude in
Sect. 53.11 with some summary remarks and sug-
gestions for further reading.
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Researchers generally agree that multirobot sys-
tems have several advantages over single-robot sys-
tems [53.1, 2]. The most common motivations for de-
veloping multirobot system solutions are that:

1. The task complexity is too high for a single robot to
accomplish.

2. The task is inherently distributed.
3. Building several resource-bounded robots is much

easier than having a single powerful robot.
4. Multiple robots can solve problems faster using par-

allelism.
5. The introduction of multiple robots increases ro-

bustness through redundancy.

The issues that must be addressed in developing
multirobot solutions are dependent upon the task re-
quirements and the sensory and effector capabilities of
the available robots.

The types of robots considered in the study of mul-
tiple mobile robot systems are those robots that move
around in the environment, such as ground vehicles,
aerial vehicles, or underwater vehicles. This chapter fo-
cuses specifically on the interaction of multiple mobile
robots, as distinguished from other types of multirobot
interaction. For example, a special case of multiple mo-
bile robot systems are the reconfigurable or modular
robots that interconnect with each other for the purposes
of navigation or manipulation. Algorithmic aspects of
these systems are covered in Sect. 53.5, while hardware
aspects are covered in Chap. 22. Networked robotics is
very closely related to multiple mobile robot systems;
the focus in networked robotics is on systems of robots,
sensors, embedded computers, and human users that are
all connected by networked communication. Another
variant of multirobot cooperation is multiple manipula-
tor arm cooperation. Chapter 39 describes these systems
in detail.

53.1 History

Since the earliest work on multiple mobile robot sys-
tems in the 1980s, the field has grown significantly, and
covers a large body of research. At the most general
level, approaches to multiple mobile robot systems fall
into one of two broad categories: collective swarm sys-
tems and intentionally cooperative systems. Collective
swarm systems are those in which robots execute their
own tasks with only minimal need for knowledge about
other robot team members. These systems are typified
by the assumption of a large number of homogeneous
mobile robots, in which robots make use of local con-
trol laws to generate globally coherent team behaviors,
with little explicit communication among robots. On
the other hand, robots in intentionally cooperative sys-
tems have knowledge of the presence of other robots
in the environment and act together based on the state,
actions, or capabilities of their teammates in order to
accomplish the same goal. Intentionally cooperative
systems vary in the extent to which robots take into ac-
count the actions or state of other robots, and can lead to
either strongly or weakly cooperative solutions [53.3].
Strongly cooperative solutions require robots to act in
concert to achieve the goal, executing tasks that are
not trivially serializable. Typically, these approaches re-
quire some type of communication and synchronization
among the robots. Weakly cooperative solutions allow
robots to have periods of operational independence,
subsequent to coordinating their selection of tasks or
roles. Intentionally cooperative multirobot systems can

deal with heterogeneity in the robot team members, in
which team members vary in their sensor and effector
capabilities. In these teams, the coordination of robots
can be very different from collective swarm approaches,
since robots are no longer interchangeable.

Most of the work specific to multiple mobile robot
cooperation can be categorized into a set of key top-
ics of study. These topics, which are the foci of this
chapter, include architectures, communication, swarm
robots, heterogeneity, task allocation, and learning. Ar-
chitectures and communication in multirobot systems
are relevant for all types of multirobot systems, as these
approaches specify how the robot team members are
organized and interact. Swarm robots is a particular
type of multirobot system, typified by large numbers
of homogeneous robots that interact implicitly with
each other. Such systems are often contrasted with
heterogeneous robots, in which team members may
vary significantly in their capabilities. When robots
vary in capabilities, challenges arise in determining
which robots should perform which tasks – a chal-
lenge commonly referred to as task allocation. Finally
learning in multirobot teams is of particular inter-
est in designing teams that are adaptive over time
and can learn new behaviors. Illustrating the advances
in each of these areas often takes place in a set
of representative application domains; these applica-
tions are the final major topic of discussion in this
chapter.

http://dx.doi.org/10.1007/978-3-319-32552-1_22
http://dx.doi.org/10.1007/978-3-319-32552-1_39
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53.2 Architectures for Multirobot Systems

The design of the overall control architecture for the
multirobot team has a significant impact on the robust-
ness and scalability of the system. Robot architectures
for multirobot teams are composed of the same fun-
damental components as in single-robot systems, as
described in Chap. 12. However, they also must address
the interaction of robots and how the group behavior
will be generated from the control architectures of the
individual robots in the team. Several different philoso-
phies for multirobot team architectures are possible; the
most common are centralized, hierarchical, decentral-
ized, and hybrid.

Centralized architectures that coordinate the entire
team from a single point of control are theoretically
possible [53.4], although often practically unrealistic
due to their vulnerability to a single point of failure,
and due to the difficulty of communicating the entire
system state back to the central location at a frequency
suitable for real-time control. Situations in which these
approaches are relevant are cases in which the central-
ized controller has a clear vantage point from which to
observe the robots, and can easily broadcast group mes-
sages for all robots to obey [53.5].

Hierarchical architectures are realistic for some ap-
plications. In this control approach, each robot oversees
the actions of a relatively small group of other robots,
each of which in turn oversees yet another group of
robots, and so forth, down to the lowest robot, which
simply executes its part of the task. This architecture
scales much better than centralized approaches, and is
reminiscent of military command and control. A point
of weakness for the hierarchical control architecture is
recovering from failures of robots high in the control
tree.

Decentralized control architectures are the most
common approach for multirobot teams, and typically
require robots to take actions based only on knowledge
local to their situation. This control approach can be
highly robust to failure, since no robot is responsible
for the control of any other robot. However, achiev-
ing global coherency in these systems can be difficult,
because high-level goals have to be incorporated into
the local control of each robot. If the goals change,
it may be difficult to revise the behavior of individual
robots.

Hybrid control architectures combine local control
with higher-level control approaches to achieve both ro-
bustness and the ability to influence the entire team’s
actions through global goals, plans, or control. Many
multirobot control approaches make use of hybrid ar-
chitectures.

A plethora of multirobot control architectures have
been developed over the years. We focus here on three
early approaches that illustrate the spectrum of control
architectures. The first, the Nerd Herd, is representative
of a pure swarm robotics approach using large num-
bers of homogeneous robots. The second, ALLIANCE,
is representative of a behavior-based approach that
enables coordination and control of possibly heteroge-
neous robots without explicit coordination. The third,
distributed robot architecture (DIRA), is a hybrid ap-
proach that enables both robot autonomy and explicit
coordination in possibly heterogeneous robot teams.

53.2.1 The Nerd Herd

One of the first studies of social behaviors in multi-
robot teams was conducted by Matarić [53.6], with
results being demonstrated on the Nerd Herd team of
20 identical robots (shown in Fig. 53.1). This work is
an example of swarm robotic systems, as described fur-
ther in Sect. 53.4. The decentralized control approach
was based on the subsumption architecture (Chap. 12),
and assumed that all robots were homogeneous, but
with relatively simple individual capabilities, such as
detecting obstacles and kin (i. e., other robot team
members). A set of basic social behaviors were de-
fined and demonstrated, including obstacle avoidance,
homing, aggregation, dispersion, following, and safe
wandering. These basic behaviors were combined in
various ways to yield more composite social behaviors,
including flocking (composed of safe wandering, aggre-
gation, and dispersion), surrounding (composed of safe
wandering, following, and aggregation), herding (com-
posed of safe wandering, surrounding, and flocking),
and foraging (composed of safe wandering, dispersion,
following, homing, and flocking). The behaviors were

Fig. 53.1 The Nerd Herd robots

http://dx.doi.org/10.1007/978-3-319-32552-1_12
http://dx.doi.org/10.1007/978-3-319-32552-1_12
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implemented as rules, such as the following rule for ag-
gregate:

Aggregate:
If agent is outside aggregation
distance

turn toward aggregation centroid
and go.

Else
stop.

This work showed that collective behaviors could be
generated through the combination of lower-level ba-
sic behaviors. Related work on this project studied
issues such as using bucket brigades to reduce interfer-
ence [53.7], and learning [53.8].

53.2.2 The ALLIANCE Architecture

Another early work in multirobot team architectures
is the ALLIANCE architecture (Fig. 53.2), developed
by Parker [53.9] for fault-tolerant task allocation in
heterogeneous robot teams. This approach builds on
the subsumption architecture by adding behavior sets
and motivations for achieving action selection with-
out explicit negotiations between robots. Behavior sets
group low-level behaviors together for the execution of
a particular task. The motivations consist of levels of
impatience and acquiescence that can raise and lower
a robot’s interest in activating a behavior set corre-
sponding to a task that must be accomplished.

In this approach, the initial motivation to perform
a given behavior set is set to zero. Then, at each
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Motivational
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Behavior
set 2
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Fig. 53.2 The ALLIANCE architecture

time step, the motivation level is recalculated based
on:

1. The previous motivation level
2. The rate of impatience
3. Whether the sensory feedback indicates the behav-

ior set is needed
4. Whether the robot has another behavior set already

activated
5. Whether another robot has recently begun work on

this task
6. Whether the robot is willing to give up the task,

based on how long it has been attempting the task.

Effectively, the motivation continues to increase at
some positive rate unless one of four situations oc-
curs:

1. The sensory feedback indicates that the behavior set
is no longer needed.

2. Another behavior set in the robot activates.
3. Some other robot has just taken over the task for the

first time.
4. The robot has decided to acquiesce the task.

In any of these four situations, the motivation re-
turns to zero. Otherwise, the motivation grows until it
crosses a threshold value, at which time the behavior
set is activated and the robot can be said to have selected
an action. When an action is selected, cross-inhibition
within that robot prevents other tasks from being ac-
tivated within that same robot. When a behavior set is
active in a robot, the robot broadcasts its current activity
to other robots at a periodic rate.

The L-ALLIANCE extension [53.10] allows a robot
to adapt the rate of change of the impatience and ac-

Fig. 53.3 Robots using the ALLIANCE architecture for
a mock clean-up task
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Fig. 53.4 The distributed robot architecture

quiescence values depending on the quality with which
that robot is expected to accomplish a given task. The
result is that robots that have demonstrated their abil-
ity to better accomplish certain tasks are more likely
to choose those tasks in the future. Additionally, if
problems occur during team performance, then robots
may dynamically reallocate their tasks to compensate
for the problems. This approach was demonstrated
on a team of three heterogeneous robots performing
a mock clean-up task, two robots performing a box-
pushing task, and four robots performing a cooperative
target observation problem. The approach has also been
demonstrated in the simulation of a janitorial service
task and a bounding overwatch task. Figure 53.3 shows
robots using ALLIANCE to perform the mock clean-up
task.

53.2.3 The Distributed Robot
Architecture

Simmons et al. [53.11] have developed a hybrid archi-
tecture called the distributed robot architecture (DIRA).
Similar to the Nerd Herd and ALLIANCE approaches,
the DIRA approach allows autonomy in individual
robots. However, unlike the previous approaches, DIRA
also facilitates explicit coordination among robots. This
approach is based on layered architectures that are
popular for single-robot systems (Chap. 12). In this
approach (Fig. 53.4), each robot’s control architecture

Fig. 53.5 Robots using the distributed robot architecture
for assembly tasks

consists of a planning layer that decides how to achieve
high-level goals; an executive layer that synchronizes
agents, sequences tasks, and monitors task execution;
and a behavioral layer that interfaces to the robot’s sen-
sors and effectors. Each of these layers interacts with
those above and below it. Additionally, robots can in-
teract with each other via direct connections at each of
the layers.

This architecture has been demonstrated in a team
of three robots – a crane, a roving eye, and a mo-
bile manipulator – performing a construction assembly
task (Fig. 53.5). This task requires the robots to work
together to connect a beam at a given location. In
these demonstrations, a foreman agent decides which
robot should move the beam at which times. Initially,
the crane moves the beam to the vicinity of the em-
placement based on encoder feedback. The foreman
then sets up a behavioral loop between the roving eye
and the crane robot to servo the beam closer to the
point of emplacement. Once the beam is close enough,
the foreman tasks the roving eye and the mobile ma-
nipulator to servo the arm to grasp the beam. After
contact is made, the foreman tasks the roving eye
and the mobile manipulator to coordinate to servo the
beam to the emplacement point, thus completing the
task.

53.3 Communication

A fundamental assumption in multirobot systems re-
search is that globally coherent and efficient solutions
can be achieved through the interaction of robots lack-
ing complete global information. However, achieving
these globally coherent solutions typically requires
robots to obtain information about their teammates’
states or actions. This information can be obtained in

a number of ways; the three most common techniques
are:

1. The use of implicit communication through the
world (called stigmergy), in which robots sense the
effects of teammate’s actions through their effects
on the world [53.6, 12–16]

http://dx.doi.org/10.1007/978-3-319-32552-1_12
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2. Passive action recognition, in which robots use
sensors to directly observe the actions of their team-
mates [53.17]

3. Explicit (intentional) communication, in which
robots directly and intentionally communicate rele-
vant information through some active means, such
as radio [53.9, 18–21] – an area widely studied in
the field of networked robot systems.

Each of these mechanisms for exchanging infor-
mation between robots has its own advantages and
disadvantages [53.22]. Stigmergy is appealing because
of its simplicity and its lack of dependence upon ex-
plicit communications channels and protocols. How-
ever, it is limited by the extent to which a robot’s
perception of the world reflects the salient states of
the mission the robot team must accomplish. Passive
action recognition is appealing because it does not de-
pend upon a limited-bandwidth, fallible communication
mechanism. As with implicit cooperation, however, it
is limited by the degree to which a robot can success-
fully interpret its sensory information, as well as the
difficulty of analyzing the actions of robot team mem-
bers. Finally, the explicit communication approach is
appealing because of its directness and the ease with
which robots can become aware of the actions and/or
goals of its teammates. The major uses of explicit
communication in multirobot teams are to synchro-
nize actions, exchange information, and to negotiate
between robots. Explicit communication is a way of
dealing with the hidden-state problem [53.23], in which
limited sensors cannot distinguish between different
states of the world that are important for task perfor-
mance. However, explicit communication is limited in
terms of fault tolerance and reliability, because it typ-
ically depends upon a noisy, limited-bandwidth com-
munications channel that may not continually connect
all members of the robot team. Thus, approaches that
make use of explicit communications must also provide
mechanisms to handle communication failures and lost
messages.

Selecting the appropriate use of communication in
a multirobot team is a design choice dependent upon the
tasks to be achieved by the multirobot team. One needs
to carefully consider the costs and benefits of alternative

communications approaches to determine the method
that can reliably achieve the required level of system
performance. Researchers generally agree that commu-
nication can have a strong positive impact on the per-
formance of the team. One of the earliest illustrations
of this impact was given in the work ofMacLennan and
Burghardt [53.24], which investigates the evolution of
communication in simulated worlds and concludes that
the communication of local robot information can result
in significant performance improvements. Interestingly,
for many representative applications, researchers have
found a nonlinear relationship between the amount of
information communicated and its impact on the per-
formance of the team. Typically, even a small amount of
information can have a significant impact on the team,
as found in the study of Balch and Arkin [53.25]. How-
ever, more information does not necessarily continue
to improve performance, as it can quickly overload
the communications bandwidth without providing an
application benefit. The challenge in multirobot sys-
tems is to discover the optimal pieces of information
to exchange that yield these performance improvements
without saturating the communications bandwidth. Cur-
rently, no general approaches to identifying this critical
information are available; thus, the decision of what to
communicate is an application-specific question to be
answered by the system designer. Dudek et al.’s tax-
onomy of multirobot systems [53.26] includes axes
related to communication, including communication
range, communication topology, and communication
bandwidth. These characteristics can be used to com-
pare and contrast multirobot systems.

Several related issues of active research in commu-
nications for multirobot teams deal with dynamic net-
work connectivity and topologies; for example, robot
teams must either be able to maintain communications
connectivity as they move, or employ recovery strate-
gies that allow the robot team to recover when the com-
munications connectivity is broken. These concerns
may require robots to adapt their actions in response to
the anticipated effects on the communications network,
or in response to knowledge of the anticipated prop-
agation behavior of information through the dynamic
network. These and related issues are discussed next in
the context of networked robot systems.

53.4 Networked Mobile Robots

Networked robots are multiple robots operating to-
gether coordinating and cooperating by networked com-
munication to accomplish a specified task. Multiple
robots enable new capabilities and the communication
network enables new approaches and solutions that are

difficult with just perception and control. Communica-
tion enables new control and perception capabilities in
the system (e.g., access to information outside the per-
ception range of the robot system). Conversely, control
enables solutions for problems that are difficult with-
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out mobility (e.g., localization). Section 53.4.1 defines
the field, examines the benefits of networking in robot
coordination, and discusses applications. Section 53.4.2
highlights a few projects focused on networked robotics
and discusses the application potential of the field. Sec-
tion 53.4.3 discusses the research challenges at the
intersection of control, communication, and perception.
Section 53.4.4 defines a model for the control of a net-
worked system which is used in Sects. 53.4.5–53.4.8
to examine specific research issues and opportunities
facilitated by the interplay between communication,
control, and perception.

53.4.1 Overview

The term networked robots refers to multiple robots
operating together coordinating and cooperating by
networked communication to accomplish a specified
task. Communication between entities is fundamental
to cooperation (and coordination), hence there is a cen-
tral role for the communication network in networked
robots. Networked robots may also involve coordina-
tion and cooperation with stationary sensors, embedded
computers, and human users. The central feature of net-
worked robots is the ability of the system to perform
tasks that are well beyond the abilities of a single robot
or multiple uncoordinated robots.

The IEEE (Institute of Electrical and Electronics
Engineers) Technical Committee on Networked Robots
has adopted the following definition of a networked
robot:

A networked robot is a robotic device connected
to a communications network such as the Internet or
local-area network (LAN). The network could be wired
or wireless, and based on any of of a variety of proto-
cols such as the transmission control protocol (TCP),
the user datagram protocol (UDP), or 802.11. Many
new applications are now being developed ranging from
automation to exploration. There are two subclasses of
networked robots:

1. Teleoperated, where human supervisors send com-
mands and receive feedback via the network. Such
systems support research, education, and public
awareness by making valuable resources accessible
to broad audiences.

2. Autonomous, where robots and sensors exchange
data via the network. In such systems, the sensor
network extends the effective sensing range of the
robots, allowing them to communicate with each
other over long distances to coordinate their ac-
tivity. Sensing, actuation, and computation need
no longer be collocated. A broad challenge is to
develop a science base that couples communica-

tion, perception, and control to enable such new
capabilities.

This definition of autonomous networked robots
also includes a third class of distributed systems, mobile
sensor networks, which is a natural evolution of sen-
sor networks. Robot networks allow robots to measure
spatially and temporally distributed phenomena more
efficiently. The robots in turn can deploy, repair, and
maintain the sensor network to increase its longevity,
and utility. The focus of this chapter is autonomous net-
worked robots.

Embedded computers and sensors are becoming
ubiquitous in homes and factories, and increasingly
wireless ad hoc networks or plug-and-play wired net-
works are becoming commonplace. Human users inter-
act with embedded computers and sensors to perform
tasks ranging from monitoring (e.g., supervising the op-
eration of a factor and surveillance in a building) to
control (e.g., running an assembly line consisting of
sensors, actuators, and material-handling equipment).
In most of these cases, the human users, embedded
computers, and sensors are not collocated and the co-
ordination and communication happens through a net-
work. Networked robots extends this vision to multiple
robots functioning in a wide range of environments per-
forming tasks that require them to coordinate with other
robots, cooperate with humans, and act on information
derived from multiple sensors.

Figure 53.6 shows prototype concepts derived from
academic laboratories and industry. In all these exam-

a) b)b)

c) d)

Fig.53.6a–d Small modules (after [53.27]) can automat-
ically connect and communicate information to perform
locomotion tasks (a); robot arms (after [53.28]) on mo-
bile bases can cooperate to perform household chores (b);
swarms of robots (after [53.29]) can be used to explore an
unknown environment (c); and industrial robots can coop-
erate in welding operations (d)
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a) b)b)

c)c)

Fig.53.7a–c Robotic modules (after [53.30]) can be re-
configured to morph into different locomotion systems
including (a) a wheel-like rolling system, (b) a snake-like
undulatory locomotion system, and (c) a four-legged walk-
ing system

ples, independent robot or robotic modules can coop-
erate to perform tasks that a single robot (or module)
cannot perform. Robots can automatically couple to
perform locomotion tasks (also Fig. 53.7) and manip-
ulation tasks that either a single robot cannot perform,
or that would require a special-purpose larger robot to
perform. They can also coordinate to perform search
and reconnaissance tasks exploiting the efficiency that
is inherent in parallelism. They can also perform inde-
pendent tasks that need to be coordinated. Examples in
the manufacturing industry include, for example, fixtur-
ing and welding.

Besides being able to perform tasks that individual
robots cannot perform, networked robots also result in
improved efficiency. Networking gives each robot ac-
cess to information outside its perception range. Tasks
such as searching or mapping can, in principle, be
performed faster with an increase in the number of
robots. A speed up in manufacturing operations can be
achieved by deploying multiple robots performing op-
erations in parallel but in a coordinated fashion.

Another advantage of using the network to connect
robots is the ability to connect and harness physically
removed assets. Mobile robots can react to informa-
tion sensed by other mobile robots at a remote location.
Industrial robots can adapt their end-effectors to new
parts being manufactured upstream in the assembly
line. Human users can use machines that are remotely
located via the network.

The ability to network robots also enables fault tol-
erance in design. If robots can dynamically reconfigure
themselves using the network, they are more tolerant

to robot failures. This is seen in the Internet where
multiple gateways, routers, and computers provide for
a fault-tolerant system (although the Internet is not ro-
bust in other ways). Similarly, robots that can plug and
play can be swapped in and out automatically to provide
for a robust operating environment.

Finally, networked robots have the potential to pro-
vide great synergy by bringing together components
with complementary benefits and making the whole
greater than the sum of the parts.

Applications for networked robots abound. The US
military routinely deploys unmanned vehicles that are
reprogrammed remotely based on intelligence gathered
by other unmanned vehicles, sometimes automatically.
The deployment of satellites in space, often by astro-
nauts in a shuttle with the shuttle robot arm, requires
the coordination of complex instrumentation onboard
the space shuttle, human operators on a ground station,
the shuttle arm, and a human user on the shuttle. Home
appliances now contain sensors and are becoming net-
worked. As domestic and personal robots become more
commonplace, it is natural to see these robots working
with sensors and appliances in the house while co-
operating with one or more human users. Networked
robots will likely be used as critical ingredients in the
environmental observatories of the future. Large-scale
ecological monitoring precludes the use of monolithic
infrastructure, and is envisioned to be built as a dis-
tributed, networked robotic system.

53.4.2 State of the Art and Potential

The growth in networked robot systems is broad-based,
across many industries. There is a strong connection
between this industry and the industry connected to sen-
sor networks. Sensor networks have been projected to
grow dramatically in terms of commercialization and
market value [53.31]. Robot networks are analogous
to sensor networks except that they allow sensors to
have mobility and allow the geographical distribution
of the sensors to be adapted based on the information
acquired.

A system of robots, embedded computers, actua-
tors, and sensors has tremendous potential in civilian,
defense, and manufacturing applications. Nature pro-
vides the proof of concept of what is possible [53.32].
Group behaviors in nature can be found in organisms
that are only microns to those that are several meters
in length. There are numerous examples of simple ani-
mals that execute simple behaviors with modest sensors
and actuators but communicate with and sense nearest
neighbors to enable complex emergent behaviors that
are fundamental to navigation, foraging, hunting, con-
structing nests, survival, and eventually growth. As seen
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Fig. 53.8 Ants are able to cooperatively manipulate and
transport objects often in large groups, without identified
or labeled neighbors, and without centralized coordination

in Fig. 53.8, relatively small agents are able to manip-
ulate objects that are significantly larger in terms of
size and payload by cooperating with fairly simple in-
dividual behaviors. The coordination between agents is
completely decentralized, allowing scaling up to large
numbers of robots and large objects [53.33]. Individu-
als do not recognize each other. In other words, there
is no labeling or identification of robots. The number
of agents in the team is not explicitly encoded. Agents
are identical, enabling robustness to failures and modu-
larity. There is minimal communication, and even that
which is present is only between neighbors. Further-
more, the optimal mode of group coordination may be
scale dependent. Studies of wasps show strong evidence
of centralized coordination among species with small
colony sizes, but a distributed, decentralized coordina-
tion in larger colonies [53.34]. All these attributes are
relevant to networked robots.

Biology has shown how simple decentralized be-
haviors in unidentified individuals (e.g., insects and
birds exhibiting swarming behaviors) can exhibit a wide
array of seemingly intelligent group behaviors. Sim-
ilarly networked robots can potentially communicate
and cooperate with each other, and even though indi-
vidual robots may not be sophisticated, it is possible for
networked robots to provide a range of intelligent be-
haviors that are beyond the scope of intelligent robots.

The significance and potential impact of networked
robots is apparent from the following examples.

The manufacturing industry has always relied on in-
tegration between sensors, actuators, material-handling
equipment, and robots. Today companies are finding
it easier to reconfigure existing infrastructure by net-
working new robots and sensors with existing robots
via wireless networks. There is also an increasing trend
toward robots interacting with each other in operations
like welding and machining, and robots cooperating

with humans in assembly and material-handling tasks.
Workcells consist of multiple robots, numerous sensors
and controllers, automated guided vehicles, and one or
two human operators working in a supervisory role.
However, in most of these cells, the networked robots
operate in a structured environment with very little vari-
ation in configuration and/or operating conditions.

There is a growing emphasis on networking robots
in applications of field robotics, for example, in the
mining industry. Like the manufacturing industry, oper-
ating conditions are often unpleasant and the tasks are
repetitive. However, these applications are less struc-
tured and human operators play a more important role.

In the health care industry, networks allow health
care professionals to interact with their patients, other
professionals, expensive diagnostic instruments, and
surgical robots. Telemedicine is expected to provide
a major growth impetus for remote networked robotic
devices that will take the place of today’s stand-alone
medical devices.

There are already many commercial products, no-
tably in Japan, where robots can be programmed via
and communicate with cellular phones. For example,
the MARON robot developed by Fujitsu lets a human
user dial up their robot and instruct it to conduct sim-
ple tasks including sending pictures back to the user
via a cellular phone. Indeed these robots will inter-
act with other sensors and actuators in the home –
door openers equipped with Bluetooth cards and actua-
tors and computer-controlled lighting, microwaves, and
dishwashers. Indeed the Network Robot Forum [53.35]
is already setting standards for how stationary sensors
and actuators can interact with other robots in domestic
and commercial settings.

Environmental monitoring is a key application for
networked robots. By exploiting mobility and commu-
nication, robotic infrastructure enables observation and
data collection at unprecedented scales in various as-
pects of ecological monitoring. This is significant for
environmental regulatory policies (e.g., clean air and
water legislation), as well as an enabler of new scientific
discovery. For example, it is possible to obtain maps
of salinity gradients in oceans, temperature and humid-
ity variations in forests, and chemical composition of
air and water in different ecological systems [53.36].
In addition to mobile sensor networks, it is also pos-
sible to use robots to deploy sensors and to retrieve
information from the sensors. Mobile platforms allow
the same sensor to collect data from multiple locations
while communication allows the coordinated control
and aggregation of information. Examples include sys-
tems built for aquatic [53.37], terrestrial [53.38], and
subsoil monitoring [53.39]. There are many efforts to
developed networked underwater platforms [53.40–42].
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Networks of static and robotic devices have been devel-
oped for aquatic monitoring [53.37] and to obtain high-
resolution information on the spatial and temporal dis-
tributions of plankton assemblages and concomitant en-
vironmental parameters. The RiverNet project [53.43]
at Rensselaer Polytechnic Institute (RPI) has focused
on the development of robotic sensor networks for
monitoring a river ecosystem. Recent work at Univer-
sity of California, Los Angeles (UCLA), University of
Southern California (USC), University of California,
Riverside, and University of California, Merced on the
networked infomechanical system project [53.38] has
focused on the development of robotic networks for
monitoring the forest canopy, with a view to provid-
ing data for modeling canopy and undercover growth.
Networked robotic mini-rhizotrons [53.39] are being
deployed in the forest to monitor root growth in the
soil.

In the defense industry, countries like the USA have
invested heavily in the concept of networked, geograph-
ically distributed assets. Unmanned aerial vehicles like
the Predators are operated remotely. Information from
sensors on the Predators triggers the deployment of
other vehicles and weapon systems at a different re-
mote location and allows commanders in a third lo-
cation to control and command all these assets. The
US military engaged in the large Future Combat Sys-
tems initiative to develop network-centric approaches
to deploying autonomous vehicles. The network-centric
tactical paradigms for modern warfare have created
networked robots for defense and homeland security.
While networked robots are already in operation, cur-
rent approaches are limited to human users command-
ing a single vehicle or sensor system. However, it
takes many human operators (between 2�10 depend-
ing on the complexity of the system) to deploy complex
systems like unmanned aerial vehicles. A Predator un-
manned aerial vehicle (UAV) is operated from a tactical
control station, which may be on an aircraft carrier, with
a basic crew of 3�10 operators.

The eventual goal, however, is to enable a single
human user to deploy networks of unmanned aerial,
ground, surface, and underwater vehicles. There have
been several recent demonstrations of multirobot sys-
tems exploring urban environments [53.44, 45] and the
interiors of buildings [53.46, 47] to detect and track in-
truders, and transmit all of the above information to
a remote operator. These examples show that it is possi-
ble to deploy networked robots using an off-the-shelf
802.11b wireless network and have the team be re-
motely tasked and monitored by a single operator. An
example of a project with heterogeneous vehicles in
an urban setting is shown in Fig. 53.9. An example
of a project with heterogeneous vehicles in an indoor

Fig. 53.9 A single operator commanding a network of
aerial and ground vehicles from a command and control
vehicle in an urban environment for scouting and recon-
naissance in a recent demonstration by the University of
Pennsylvania, Georgia Tech. and University of Southern
California (after [53.48])

setting is shown in Fig. 53.10 wherein robots map an
environment and deploy themselves to form a sensor
network to detect intruders.

Many research projects are addressing group be-
haviors or collective intelligence by realizing swarming
behaviors observed in nature. For example, the Euro-
pean Union (EU) funded several EU-wide coordinated
projects on collective intelligence or swarm intelli-
gence. The I-Swarm project in Karlsruhe [53.49] and
the Swarm-Bot project at Ecole Polytechnique Fédérale
de Lausanne (EPFL) [53.50] are examples of swarm
intelligence. The Laboratory for Analysis and Archi-
tecture of Systems (LAAS) has a strong group in
robotics and artificial intelligence. This group has had
a long history of basic and applied research in multi-
robot systems. The integration of multiple unmanned
vehicles for applications such as terrain mapping and
fire-fighting is addressed in [53.51]. A multi-university
US project addressed the development of networked ve-
hicles for swarming behaviors [53.52]. Projects such as
these are exploring the scalability of the basic concepts
to large numbers of robots, sensors, and actuators.

53.4.3 Research Challenges

While there are many successful embodiments of net-
worked robots with applications to manufacturing in-
dustry, the defense industry, space exploration, do-
mestic assistance, and civilian infrastructure, there are
significant challenges that have to be overcome.

The problem of coordinating multiple autonomous
units and making them cooperate creates problems at
the intersection of communication, control, and percep-
tion. Who should talk to whom and what information
should be conveyed, and how? How does each unit
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Fig. 53.10 Under the DARPA SDR program, a team from
the University of Southern California, the University of
Tennessee, and Science Applications and International
Corporation (SAIC) demonstrated mapping, and intruder
detection by a team of networked robots (after [53.46])

move in order to accomplish the task? How should
the team members acquire information? How should
the team aggregate information? These are all basic
questions that need basic advances in control theory,
perception, and networking. In addition, because hu-
mans are part of the network (as in the case of the
Internet), we have to devise an effective way for mul-
tiple humans to be embedded in the network and
command/control/monitor the network without worry-
ing about the specificity of individual robots in the
network. Thus the underlying research challenges lie at
the intersection of control theory, perception, and com-
munication/networks, as shown in Fig. 53.11.

It is also worth noting that robot networks are dy-
namic, unlike networks of sensors, computers or ma-
chines which might be networked together in a fixed
topology.When a robotmoves, its neighbors change and
its relationship to the environment changes. As a con-
sequence, the information it acquires and the actions it
executes must change. Not only is the network topology
dynamic, but the robot’s behavior also changes as the
topology changes. It is very difficult to predict the per-
formance of such dynamic robot networks, yet it is this
analysis problem that designers of robot networks must
solve before deploying the network.

This notion of a changing topology inevitably leads
us to complicated mathematical models. Traditionally,
models of group behavior have been built on continu-
ous models of dynamics of individuals, including local
interactions with neighbors, and models of control and
sensing with a fixed set of neighbors. While dynamics
at the level of individual units may be adequately de-
scribed by differential equations, the interactions with
neighbors are best described by edges on a graph. Mod-
eling, analysis, and control of such systems will require
a comprehensive theoretical framework and new rep-
resentational tools. New mathematical tools that marry
dynamical system theory, switched systems, discrete
mathematics, graph theory, and computational geom-
etry are needed to solve the underlying problems. We
need a design methodology for solving the inverse
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Fig. 53.11 The paradigm of networked robots introduces
fundamental challenges at the intersection of control, per-
ception, and communication that is of interest to the
robotics, sensor networks, and artificial intelligence com-
munities

problem in navigation – behaviors for controlling in-
dividuals to achieve a specified aggregate motion and
shape of the group, and the application to active per-
ception and coverage. An overview of some of these
methods is provided in Sect. 53.4.4.

Problems of perception have been studied exten-
sively in the robotics community. However, the percep-
tion problems in a system of networked, mobile sensor
platforms bring a new set of challenges; for example,
consider the problem of estimating the state of the net-
work. State estimation requires the estimation of the
state of robots and the environment based on local,
limited-range sensory information. Localization of n
vehicles in an m-dimensional configuration space re-
quires O..nm/k/ computations, where k is somewhere
between 3 and 6, depending on the algorithm and
domain-specific assumptions. The estimation problem
is further exacerbated by the fact that not all robots in
the network may be able to get the necessary informa-
tion in a time-critical fashion. There are deep issues of
representation and algorithmic development, which are
discussed in Sect. 53.4.6.

The paradigm of active perception [53.53] links
the control of sensor platforms to perception, bring-
ing control theory and perception together in a com-
mon framework. Extending this paradigm to networked
robots requires approaches of distributed control to be
merged with decentralized estimation. Robots can move
in order to localize themselves with respect to their
neighbors, to localize their neighbors, and also to iden-
tify, localize, and track features in the environment.
These problems are discussed in Sect. 53.4.7.

As discussed earlier, the communication network
is central to the functioning of a network of robots.
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However, if the network consists of mobile agents with
transmitters and receivers with finite power, there is
no guarantee that all agents can talk to teach other.
Unlike a static sensor network, robots in a network
can move toward each other to facilitate communica-
tion and adaptively maintain a communication network.
Some basic algorithmic problems and several pertinent
results are provided in Sect. 53.4.8.

53.4.4 Control

The control of individual robots is critical to the perfor-
mance and scope of robot networks. Indeed motion co-
ordination algorithms have been proposed for the pur-
pose of improving communication performance [53.54,
55], localization [53.56, 57], information integration,
deployment [53.58], and coverage [53.59–61], among
other tasks. Mobility allows the group of robots to self-
deploy, and self-organize by relocating themselves in
support of communication, sensing, or task needs; for
example, they can reconfigure to guarantee a desired
communication bandwidth, k-hop connectivity, or alge-
braic connectivity, enabling message delivery from one
robot to another. The group can also self-organize to
position sensors so as to cover a desired area and adapt
to shifts in the focus of monitoring activities. Control-
ling sensor position also supports map making, tracking
of objects and events, and goal-directed navigation for
users of the network. Finally, mobility allows robots to
accomplish tasks such as navigation, reconnaissance,
transportation, and search and rescue.

Given a group of mobile sensors, we would like
to have distributed control capabilities that realize de-
sirable global specifications. Thus, it is necessary to
be able to automatically determine the necessary po-
sition and orientation of the group members and/or
the distribution of group members, and their motion to
achieve the desired task. At a lower level, the robots
must be able to use information from the communi-
cation network and from their own sensors to derive
local estimates, reason about the spatial network (their
neighbors and their relationship to the environment),
and then use the appropriate control policies to achieve
the desired group specifications. We briefly outline the
simplest mathematical model that is necessary to for-
mulate such problems in order to provide a better sense
of the underlying challenges.

In a robot network, we have multiple agents or
nodes in which each agent is a physical entity that
can be a robot, a vehicle with actuators and sensors,
a sensor platform (possibly static) or even a communi-
cation relay node. Each agent Ai is characterized by an
identifier, i 2 I � Z, a state xi 2 Xi �Rn, and control in-
puts ui 2 Ui �R, with fi W Xi �Ui ! TXi specifying the

dynamics

Pxi D fi.xi; ui/ : (53.1)

The state xi will consist of the position (and orienta-
tion), ri in some d-dimensional space, and its velocity,
Pri W xi D

�
rTi ; PrTi

�T
, with nD 2d. N c.ri/ and N s.ri/ are

neighborhoods of r that define the range and field
of view of the communication hardware and sensors,
respectively.

A network of robots S consists of N agents with
a sensing graph and a communications graph that
is defined by the physical distribution of the agents.
The sensing graph (and similarly the communications
graph) is defined by a map Es W X1 �X2 � � �XN ! I � I,
where the edges of the graph are formed dynamically
depending on the physical proximity of pairs of agents.
Specifically, the N �N adjacency matrix, As (and sim-
ilarly Ac) has entries

As
ij D

(
1; if rj 2N s.ri/ ;

0; otherwise :
(53.2)

Agent Ai has estimates of its own state and the states
of neighbors (e.g., Aj), and these estimates are derived
from information associated with edges in the sensing
and communication graph

Ox.i/j D h.xi; zij/ ; (53.3)

where zij represents measurements of the state of agent
Aj available to Ai by sensing or communication chan-
nels and h is the estimator used by Ai. Note that zij may
have dimension less than n and may therefore not con-
tain complete information about xij D xi�xj. Clearly the
relative position vector denoted by rij D ri� rj and its
magnitude are important quantities that may need to be
estimated for biological and artificial agents.

Finally, Ai can encode nbi behaviors, which we
will denote by Bi D B1;B2; : : : ;Bnbi . Each behavior Bj
is a controller, a function kj WR�Xi ! Ui. All agents
can be assigned identical or different behaviors. Each
behavior represents a set of unsynchronized, locally
executed computations (for control or estimation) be-
ing carried out for some collective purpose, with each
processor using in its computations only data from its
neighboring processors. Furthermore, even for a fixed
assignment of behaviors, each processor’s neighbors
typically change with time because the processors are
moving in and out of the sets N c and N s. Thus the
methodology for modeling and analyzing such systems
will require the merging of graph theory and dynamical
system theory at a fundamental level.
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The reader is directed to the many survey articles
on this subject for further information. An overview
of challenges for the controls community is presented
in [53.62]. The underlying theory for networked mo-
bile systems has been explored in the context of au-
tomated highway systems [53.63], cooperative robot
reconnaissance [53.46] and manipulation [53.64], for-
mation flight control [53.65], and the control of groups
of unmanned vehicles [53.45]. Our goal in the fol-
lowing sections is to explore the connections between
communication, perception, and control.

53.4.5 Communication for Control

Communication networks allow physically discon-
nected entities to exchange information. At the lowest
level, when groups of vehicles coordinate their actions,
communication allows vehicles to exchange state infor-
mation [53.66–68]. At a higher level, robots can plan
navigation and exploration tasks based on an integrated
map of the world derived from information acquired
from different robots [53.52].

The use of communication for control in the mul-
tivehicle context has been addressed in the PATH
project where formations of inline vehicles were stud-
ied [53.63]. Problems of the stability of the forma-
tion [53.69], the convergence of the formation to
shapes [53.70], and the overall performance of the sys-
tem [53.71] are of great interest. The performance of
the system is directly influenced by the interconnections
between agents. In addition to impacting on stabil-
ity [53.63], feedback of states from different agents
and feedforward information from the plans of differ-
ent agents affects the rates at which the system of agents
can respond to external stimuli [53.71] or to commands
from human operators [53.72].

In addition, communication can be used for high-
level control and planning of robots. There is great
interest in using static sensor nodes as beacons to guide
robot navigation. In [53.73], the problem of coverage
and exploration of an unknown dynamic environment
using a mobile robot is considered. An algorithm is
presented which assumes that global information is not
available (neither a map, nor global positioning system
(GPS) information). The algorithm deploys a network
of radio beacons that assists the robot in coverage. The
network is also used by the robot for navigation. The
deployed network can also be used for applications
other than coverage (such as multirobot task allocation).
A similar idea was presented using potential-field-based
navigation in [53.52]. In this work the notion of no-
go or danger areas was incorporated into the navigation
cost function. Recent work along these lines with exper-
imental data from sensor nodes is reported in [53.74].

In such communication-enabled cooperative con-
trol and planning (see also [53.75]), the communication
network plays an important role in the creation of
a shared representation of information. This notion of
a shared representation is important to the scaling of
coordinated control algorithms to large numbers of de-
vices. For example, in [53.67], the information form
of the Kalman filter is used to derive a framework
for decentralizing estimation and fusion algorithms.
This approach was shown to be applicable to multi-
ple heterogenous ground and aerial platforms [53.56].
Such methodologies are transparent to the specificity
and identity of the cooperating vehicles. This is be-
cause vehicles share a common representation, which
consists of a certainty grid that contains information
about the probability of detection of targets, and an
information vector–matrix pair that is used in the infor-
mation form of the Kalman filter [53.45]. Observations
are propagated through the network by changing both
the certainty grid and the information vector/matrix.
This allows each vehicle to choose the action that
maximizes a utility function, which is the combined
mutual information gain from onboard sensors to-
wards the detection and localization of features in the
environment.

Thus, in summary, at the lowest level, communica-
tion enables either partial or complete state feedback of
the network and allows agents to exchange information
for feedforward control. At the higher levels, agents can
share information for planning and for control. This is
also discussed in Sect. 53.4.6 where the communication
network is shown to enable a network-centric approach
to perception.

53.4.6 Communication for Perception

While individual robots have sensors and the ability to
build maps and models by integrating sensory informa-
tion, networked robots can exchange information and
leverage sensory data, maps, and models from other
robots. The challenge is to exploit communication for
perception in tasks such as distributed mapping in the
presence of the delays, limited bandwidth, and disrup-
tion that are typical of communication networks.

Distributed localization is the term used to de-
scribe the merging of communication and perception
for state estimation. Localization is an essential tool
for the development of low-cost robot networks for use
in location-aware applications and ubiquitous network-
ing [53.76]. Location information is needed to track
the placement of the nodes and to correlate the values
measured by the node with their physical location. Dis-
tributed computation and robustness in the presence of
measurement noise are key ingredients for a practical
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localization algorithm that will give reliable results over
a large-scale network.

The methods for distributed localization can be clas-
sified into two broad classes: algorithms that rely on
anchor nodes for localization and algorithms that use no
beacons. Localization may be computed using range in-
formation between nodes, bearing information, or both.

In [53.54] a theoretical foundation for network lo-
calization in terms of graph rigidity theory is provided.
The problem is solved when nodes have perfect range
information and it is show that a network has a unique
localization if and only if its underlying graph is gener-
ically globally rigid. In [53.77] the Cramér–Rao lower
bound (CRLB) for network localization is derived. This
work computes the expected error characteristics for
an ideal algorithm, and compares this to the actual er-
ror in an algorithm based on multilateration, drawing
the important conclusion that the error introduced by
the algorithm is just as important as the measurement
error in assessing end-to-end localization accuracy.
In [53.78] a distributed algorithm that uses no beacons
and is guaranteed to compute correct location infor-
mation under measurement noise for nodes that can
range to neighbors is presented. This algorithm relies
on the notion of robust quadrilaterals to compute ro-
bustly a global system of coordinates among the nodes.
The computation supports moving nodes. Extensions
of this work to passive tracking have been discussed
in [53.79]. Localization based on the propagation of lo-
cation information from known reference nodes based
on connectivity includes [53.80, 81]. Mobility-assisted
localization is introduced in [53.82]. Other techniques
use distributed propagation of location information us-
ing multilateration [53.77, 83]. In a recent paper [53.84]
the problem of evaluating the rigidity of a planar net-
work is treated while satisfying common objectives
of real-world systems: decentralization, asynchronicity,
and parallelization.

Two approaches for cooperative relative localiza-
tion of mobile robot teams are given in [53.85, 86].
Neither method uses GPS, landmarks, or maps of any
kind; instead, robots make direct measurements of the
relative pose of nearby robots and broadcast this in-
formation to the team as a whole. In [53.85], each
robot processes this information independently to gen-
erate an egocentric estimate for the pose of other robots
using a Bayesian formalism with a particle filter imple-
mentation. In [53.86], maximum-likelihood estimation
(MLE) and numerical optimization is used to achieve
a similar result.

A key issue is to be able to scale these computa-
tions for building a shared representation to large num-
bers of robots and sensors. This problem was studied
in experiments under the US Defense Advanced Re-

search Projects Agency (DARPA-funded software for
distributed robotics (SDR) program. The goal of these
experiments was to develop and demonstrate a multi-
robot system capable of carrying out a specific mission.
This required the ability to deploy a large number of
robots into an unexplored building, map the building
interior, detect and track intruders, and transmit all of
the above information to a remote operator. A report on
one set of experiments is presented in [53.46]. A tiered
strategy for deploying the robots is described, where
highly capable robots formed the first wave to enter
and map a building, followed by a second wave which
used the resulting map to self-deploy and monitor the
environment for intruders. Both approaches relied ex-
tensively on networking the robots using commercial
802.11b wireless technology. This task involved both
communication for building a shared representation as
well control for perception.

Another important set of problems arises when
robot networks are used for identifying, localizing,
and then tracking targets in a dynamic setting. An
embedded stationary wireless sensor network is like
a virtual sensor spread over a large geographical area.
Such a network can provide information to mobile
robots about remote locations. Robot networks allow
this virtual sensor to move in response to external
stimuli and to track moving targets. Indeed, it is pos-
sible to cast this scenario as a pursuit-evasion game
with robotic sensor networks [53.87]. For example, the
Tenet project at USC addresses the design of network
primitives and abstractions for tiered network archi-
tectures, with robotic pursuit evasion as one of the
target applications. Algorithms for guiding the sam-
pling strategy of a robotic boat to model and locate
phenomena of interest (e.g., hotspots) in aquatic en-
vironments are discussed in [53.37]. The networked
infomechanical systems (NIMS) project has focused
on sensor-assisted techniques for mobile robot-based
adaptive sampling for event response [53.88] and field
reconstruction [53.89].

The information collected by the nodes in a sensor
network can be processed at a central location or in a de-
centralized fashion. Such in-network data processing
techniques make better use of network communication
and computation resources than centralized process-
ing. This also enables the network to compute accurate
and up-to-date global pictures of the global perception
landscape that are available to all the robots in the sys-
tem. Methods for in-network data processing with static
nodes include artificial potential-field computation, gra-
dient computations, particle filters, Bayesian inference,
and signal processing. Algorithms have been developed
for computing maps, paths, and predictors [53.52, 73,
90].



Multiple Mobile Robot Systems 53.4 Networked Mobile Robots 1349
Part

E
|53.4

A recent DARPA demonstration showed how com-
munication networks can be used effectively in per-
ception tasks involving heterogenous robots [53.44]. In
cooperative search, identification, and localization un-
manned aerial vehicles (UAVs) can be used to cover
large areas, searching for targets. However, sensors on
UAVs are typically limited in their accuracy of localiza-
tion of targets on the ground. On the other hand, ground
robots can be deployed to accurately locate ground tar-
gets but have the disadvantage of not being able to move
rapidly and see through obstacles such as buildings or
fences. In [53.56], the synergy between these two de-
vices is exploited by creating a seamless network of
UAVs and unmanned ground vehicles (UGVs). As dis-
cussed in Sect. 53.2, the key to such network-centric
approaches for search and localization is a shared rep-
resentation of state information, which in this case is
easily scalable to large numbers of UAVs and UGVs
and is transparent to the specificity of individual plat-
forms. However, how to do this more generally and for
more unstructured information remains an issue for fu-
ture research.

53.4.7 Control for Perception

Networked mobile robots enable the exploration of
dynamic environments and the recovery of three-
dimensional information via distributed active percep-
tion [53.53]. Since the nodes are mobile, a natural
question is: where should the nodes be placed in or-
der to ensure successful integration of information from
multiple nodes, and to maximize the quality of the es-
timates returned by the team? Since there is a cost
associated with transmitting and processing data, it is
important to consider which sensor readings should
be used in the state estimation and what information
should be communicated to the rest of the system. The
quality of the information computed by the network de-
pends on the locations of the sensor platforms both in
an absolute and relative sense. The quality also depends
on the noise characteristics of each sensor, and the com-
munication network.

A robot network goes well beyond a fixed sensor
network, which can only collect data at fixed positions
in space; for example, when an event is detected at
a specific location it is possible to direct more sen-
sors toward the location of observation of the event for
more information (for example, higher-resolution data
or higher sampling frequency). Reconfiguring the node
locations for adaptive resolution sampling relies on dis-
tributed control strategies.

Various strategies have been introduced for control-
ling mobile sensor network coverage. Mobile sensing
agents are controlled using gradients of information-

based objective functions [53.91]. Stability results are
derived without concerns for the optimality of the
network configuration, but local guarantees are pro-
vided. Topology aware coordinated behavior is treated
in [53.92]. A body of results reported in [53.93]
and [53.94] describes decentralized control laws for po-
sitioningmobile sensor networks optimally with respect
to a known event distribution density function. This ap-
proach is advantageous because it guarantees that the
network (locally) minimizes a cost function relevant to
the coverage problem. However, the control strategy
requires that each agent have a complete knowledge
of the event distribution density, thus it is not reac-
tive to the sensed environment. The work by [53.95,
96] generalizes these results to situations in which the
nodes estimate rather than know ahead of time the event
distribution density function. A local (decentralized)
control law requires that each agent can measure the
value and gradient of the distribution density function
at its own position. This results in a sensor network
that is reactive to its sensed environment while main-
taining or seeking a near-optimal sensing configuration.
In addition, the distribution density function approxi-
mation yields a closed-form expression for the control
law in terms of the vertices of an agent’s Voronoi
region. This eliminates the need for the numerical in-
tegration of a function over a polynomial domain at
every time step, thereby providing a significant reduc-
tion in computational overhead for each agent. Other
work in event monitoring for unknown distributions
includes [53.59]. Krause et al. [53.97] have recently
proposed an approach for sensor placement that con-
siders both the sensing quality and communication cost
of imperfect sensing and communication components.
They use a parametric model for link reception rate that
assumes no acknowledgement and no temporal correla-
tion of lossy links.

Beginning with the art gallery problem, there have
been multiple efforts to determine an optimal configu-
ration of sensors to cover a given region [53.98–100].
A variant which allows the use of mobile sensors is
known as the watchmen tours problem. In these ap-
proaches the sensor model is abstract and not well
suited to real environments and cameras. Distributed
geometric optimization methods [53.94] have also been
used for mobile sensor network reconfiguration. A re-
lated class of methods is the use of estimation-theoretic
optimization metrics and the application of informa-
tion filters to coordinate network-wide motion [53.56].
There are other distributed optimization methods which
use a distributed control law and show that it optimizes
a global metric of interest, such as using a potential
field or other linear control law based only on local
neighbor interactions [53.101]. Research focusing on
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the control of cameras with pan, tilt, and zoom ca-
pabilities is due to [53.60, 102, 103]. In [53.102] an
approach is developed to calibrate a pan–tilt–zoom
camera automatically over its full zoom range and to
build very high-resolution panoramas. In [53.60], the
cameras are constantly moved to track observed targets,
using a factor graph. A recent algorithm due to [53.104]
significantly improves on this by positioning cameras to
make the network better suited to detect and classify
targets as they emerge. Pan–tilt–zoom cameras allow
the construction of far more flexible vision systems than
static cameras.

53.4.8 Control for Communication

In Sect. 53.4.5, we briefly discussed the benefits of
using the communication network to synthesize and
improve controller design. Conversely, the movement
of robots affects the network and data transmission in
the network. This gives rise to many challenges. If the
controllers for individual robots are known, can we pro-
vide guarantees about communication in the network
and can we develop robust information routing and net-
working algorithms in the presence of robot motion?
Another challenge concerns how information propa-
gates and diffuses in these networks. If the robots move
under a given control model, how does a piece of in-
formation propagate through the network and what can
we say about when and where that piece of information
will be heard? If we know the answers to such ques-
tions, it may be possible to design controllers to realize
desired communication network characteristics.

One simple control strategy that can affect network
performance is to control the robot motion to ensure
messages are transmitted between designated nodes.
The movement of robots in a network of robots and
sensors may cause network partitioning when nodes go
out of range. However, the ability of the robots to move
in a controlled way also leads to an opportunity to ad-
dress the information routing problem in disconnected
networks by turning the robots into relay nodes. The
key idea here is to enable the robot holding a current
message to an unavailable destination to modify their
trajectory in order to relay a message. This problem has
been formulated as an optimization problem. The goal
is to minimize the trajectory modifications necessary
to send a message to its destination. Several solutions
have been proposed depending on the information that
is available to the robots. If the robots’ trajectories are
known, path planning techniques can be used to com-
pute who moves where to relay what. If the robots’
trajectories are not known, a distributed spanning tree
can be created to enable robots to keep track of each
other. Each robot is assigned a region of movement and

a parent in the spanning tree. When the robot leaves its
region, the parent is informed. When the robot moves
too far away, the spanning tree is modified.

Mobile robots can be used to create desired network
topologies under suitable models of network commu-
nication. If a robot is used to emplace nodes in an
environment (or if sensor nodes robotically self-deploy)
to build a network, the problem is referred to as deploy-
ment. It is possible to control the motion of individual
nodes to guarantee that a specified topology is main-
tained [53.55]. It is also possible to reposition nodes
with the explicit aim of changing the network topol-
ogy – the so-called mobility-based topology control
problem.

A distributed algorithm for the deployment of mo-
bile robot teams has been described by [53.105] using
the concept of virtual pheromones: localized messages
from one robot to another. These messages are used
to generate either a gas expansion or a guided growth
deployment model. Similar algorithms based on arti-
ficial potential fields are described in [53.106, 107],
where the latter incorporates a connectivity constraint.
An incremental deployment algorithm for mobile sen-
sor networks is given in [53.58]; nodes are deployed
one at a time into an unknown environment, with each
node making use of information gathered by previously
deployed nodes to determine its deployment location.
The algorithm is designed to maximize network cover-
age while ensuring that nodes retain line of sight with
one another.

Most work on network topology control has dealt
with uncontrolled deployments, where there is no ex-
plicit control of the positions of individual nodes. The
primary mechanisms proposed are power control and
sleep scheduling. These methods involve pruning an al-
ready existing, well-connected communication graph in
order to save power while ensuring that the resultant
subgraph preserves connectivity. Given a network that
is connected when all nodes are operating at maximum
power, the aim of power control is to use the minimum
power level at each node for which the network remains
connected [53.108]. Given an overdeployed network,
sleep scheduling seeks to activate a minimal subset
of nodes to maintain connectivity and achieve other
desired metrics [53.109]. In contrast, controlled de-
ployments are feasible when the positions of individual
nodes can be altered. Such deployments are interesting
for two reasons. First, network topology with wireless
communication relates directly to proximity relations
and hence the position of the nodes. Second, there is in-
creasing evidence that a large number of deployments
are likely to involve careful, nonrandom placement of
nodes. The positioning of nodes is controlled either by
the nodes themselves or by external agents. Such net-
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works present a different and interesting scenario for
topology control since it is possible to exploit control of
the motion and placement of the nodes to build efficient
topologies. A local, completely decentralized technique
for topology control using mobility is given in [53.110].

An important application for networked robots is
in monitoring and surveillance, where it is impor-
tant that the robots cover the space while remaining
within communication range [53.111–113]. In a recent
development [53.114] the problem of how to design
communication models and scheduling protocols for
choosing the appropriate path planning algorithms for
robotic data collection is discussed. Probing environ-
ment and adaptive sleeping protocol (PEAS) was one of
the first attempts to address communication connectiv-
ity and sensing coverage simultaneously using heuris-
tic algorithms [53.115]. Wang et al. [53.116] proposed
a new coverage configuration protocol (CCP) to pro-
duce an approach that simultaneously optimizes cov-
erage and connectivity while maximizing the number
of nodes that are placed into sleep mode. Furthermore,
they also identified three different classes of coverage–
connectivity problems with respect to the ratio of radio
and sensing ranges and recognized the critical ratio

where the former range is twice as long as the latter.
Zhang andHou proved that, if the communication range
is at least twice the sensing range, complete coverage
of a convex area guarantees network communication
connectivity, and then used this theorem as a basis for
a localized density control algorithm [53.109]. This was
subsequently generalized to show that the condition that
the communication range is twice the sensing range
is sufficient and is the tight lower bound to guarantee
that complete coverage preservation implies communi-
cation connectivity among nodes if the original network
topology is connected [53.117].

In summary, if the state of the communication
network and the desired state of the communication
network is known to each agent, it should be possible
to synthesize distributed controllers to move agents to
attain desired network characteristics. However, the as-
sumptions on the global state are clearly not justified.
Also, the desired motion to optimize network charac-
teristics will conflict with the motion that is required to
perform the desired task. However, as the brief discus-
sion above illustrates, there are many interesting studies
that point to promising directions for future work in this
very fertile research field.

53.5 Swarm Robots

Historically, some of the earliest work in multirobot
systems [53.12, 13, 118–125] dealt with large numbers
of homogeneous robots, called swarms; swarm robotics
continues to be a very active area of research. Most
swarm approaches obtain inspiration from biological
societies – particularly ants, bees, and birds – to develop
similar behaviors in multirobot teams. Because biolog-
ical societies are able to accomplish impressive group
capabilities, such as the ability of termites to build large
complex mounds, or the ability of ants to collectively
carry large prey, robotics researchers aim to reproduce
these capabilities in robot societies.

Swarm robotics systems are often called collective
robotics, indicating that individual robots are often un-
aware of the actions of other robots in the system, other
than information on proximity. These approaches aim
to achieve a desired team-level global behavior from
the interaction dynamics of individual robots follow-
ing relatively simple local control laws. Swarm robotic
systems typically involve very little explicit communi-
cation between robots, and instead rely on stigmergy
(i. e., communication through the world) to achieve
emergent cooperation. Individual robots are assumed
to have minimal capabilities, with little ability to solve
meaningful tasks on their own. However, when grouped
with other similar robots, they are collectively able to

achieve team-level tasks. Ideally, the entire team should
be able to achieve much more than individual robots
working alone (i. e., it is superadditive, meaning that
the whole is bigger than the sum of the parts). These
systems assume very large numbers of robots (at least
dozens, and often hundreds or thousands) and explicitly
address issues of scalability. Swarm robotic approaches
achieve high levels of redundancy because robots are
assumed to be identical, and thus interchangeable with
each other.

Many types of swarm behaviors have been studied,
such as foraging, flocking, chaining, search, herding,
aggregation, and containment. The majority of these
swarm behaviors deal with spatially distributed multi-
robot motions, requiring robots to coordinate motions
either:

1. Relative to other robots
2. Relative to the environment
3. Relative to external agents
4. Relative to robots and the environment
5. Relative to all (i. e., other robots, external agents,

and the environment).

Table 53.1 categorizes swarm robot behaviors ac-
cording to these groupings, citing representative exam-
ples of relevant research.
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Table 53.1 Categories of swarm behaviors

Relative motion requirements Swarm behaviors
Relative to other robots Formations [53.126, 127], flocking [53.121], natural herding (as in herds of cattle), schooling,

sorting [53.14], clumping [53.14], condensation, aggregation [53.128], dispersion [53.129]
Relative to the environment Search [53.130], foraging [53.131], grazing, harvesting, deployment [53.58], coverage [53.132],

localization [53.133], mapping [53.134], exploration [53.135]
Relative to external agents Pursuit [53.136], predator–prey [53.137], target tracking [53.138], forced herding/shepherding

(as in shepherding sheep)
Relative to other robots and the
environment

Containment, orbiting, surrounding, perimeter search [53.139]

Relative to other robots,
external agents, and the
environment

Evasion, tactical overwatch, soccer [53.140]

Much of the current research in swarm robotics
is aimed at developing specific solutions to one or
more of the swarm behaviors listed in Table 53.1
( VIDEO 214 ). Some of these swarm behaviors have
received particular attention, notably formations, flock-
ing, search, coverage, and foraging. Section 53.10 dis-
cusses these behaviors in more detail. In general, most
current work in the development of swarm behaviors
is aimed not just at demonstrating group motions that
are similar to biological systems, but also at under-
standing the formal control theoretic principles that can
predictably converge to the desired group behaviors,
and remain in stable states.

Demonstration of physical robot swarms is both
a hardware and a software challenge. As discussed
in Sect. 53.2, the first demonstrations were by
Matarić [53.6], involving about 20 physical robots per-
forming aggregation, dispersion, and flocking. This
work defined composable basis behaviors as primitives
for structuring more complex systems. In later research,
McLurkin [53.141] ( VIDEO 215 ) developed an exten-
sive catalog of swarm behavior software, and demon-
strated these behaviors on about 100 physical robots
(called the SwarmBot robots), developed by iRobot, as
shown in Fig. 53.12. He created several group behav-
iors, such as avoidManyRobots, disperseFromSource,
disperseFromLeaves, disperseUniformly, computeAv-
erageBearing, avoidManyRobots, followTheLeader, or-
bitGroup, navigateGradient, clusterOnSource, and clus-
terIntoGroups. A swarm of 108 robots used the devel-
oped dispersion algorithms in an empty schoolhouse of
area of about 300m2, and were able to locate an object
of interest and lead a human to its location [53.129].

The European Union has sponsored many swarm
robot projects, leading toward decreasingly smaller-
sized individual robots, and increasingly larger-sized
robot teams. The I-SWARM project, for instance, aimed
at developing millimeter-sized robots with full on-
board sensing, computation, and power for perform-
ing biologically inspired swarming behaviors, as well

Fig. 53.12 The SwarmBot robots

as collective perception tasks. This project was both
a hardware and a software challenge, in that develop-
ing microscale robots that are fully autonomous and can
perform meaningful cooperative behaviors will require
significant advances in the current state of the art.

The EU-based SWARM-BOTS project studied new
concepts in the design and implementation of self-
organizing and self-assembling robots ( VIDEO 195 ).
In this work [53.142], s-bot robots are developed that
have grippers enabling the robots to create physical
links with other s-bots or objects, thus creating as-
semblies of robots. These assemblies can then work
together for navigation across rough terrain, or to col-
lectively transport objects. The s-bots are cylindrical,
with a flexible arm and toothed gripper that can con-
nect one s-bot to another. An interesting application
of object transport using SWARM-BOTs is shown in
Figure 53.13, which shows the robots self-assembling
into four chains in order to pull a child across the floor
( VIDEO 212 ).

Another notable effort in swarm robotics research
is the US multi-university SWARMS initiative led by
the University of Pennsylvania. Research in this project
aimed at developing a new system-theoretic frame-

http://handbookofrobotics.org/view-chapter/53/videodetails/214
http://handbookofrobotics.org/view-chapter/53/videodetails/215
http://handbookofrobotics.org/view-chapter/53/videodetails/195
http://handbookofrobotics.org/view-chapter/53/videodetails/212
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Fig. 53.13 SWARM-BOTs self-assembling to move
a child across the floor

work for swarming, developing models of swarms and
swarming behavior, analyzing swarm formation, stabil-
ity, and robustness, synthesizing emergent behaviors for
active perception and coverage, and developing algo-
rithms for distributed localization.

Besides the hardware challenges of dealing with
large numbers of small robots, there are many import-
ant software challenges that remain to be solved. From
a practical perspective, a common approach to creat-
ing homogeneous multirobot swarms is to hypothesize
a possible local control law (or laws), and then study
the resulting group behavior, iterating until the desired
global behavior is obtained. However, the longer-term
objective is to be able to both predict group perfor-
mance based on known local control laws, and to
generate local control laws based upon a desired global
group behavior.

More recent research has focused on the devel-
opment of analytical techniques that can synthesize
distributed controllers that achieve the desired macro-
level system behaviors. Mather and Hsieh [53.143]
address this challenge by proposing a technique that
first identifies robot–robot interactions at the macro-
scopic level; they then use this analysis to improve local
robot control policies by filtering out spurious robot–
robot interactions. Another top-down design approach
is presented by Chen et al. [53.144] who show how
to automatically synthesize control and communication
strategies for a robot team based on global specifica-
tions of the desired system-level behavior, stated using
regular expressions. The resulting control strategies are
formally proven to correctly achieve the desired global
behavior. The work of Melo and Veloso [53.145] takes

a different approach to the synthesis of local decision
policies by making use of the decentralized sparse-
interaction Markov decision process. This technique
allows agents to recognize states when interactions with
other robots might occur, thus enabling them to choose
better motions based on possible future inter-robot ac-
tions. Tsiotras and Castro [53.146] synthesize local
controllers by generalizing the standard consensus al-
gorithm, applied to geometric pattern formation.

A common theme in most of the works cited above
is that they first make use of formal methods to de-
scribe the desired macro-level behavior, and then show
how to use this macro-level goal to synthesize individ-
ual robot controllers. Another use of formal methods is
to show how the individual goals of robot team mem-
bers can be considered collectively, with the objective
of maximizing the system’s achievement of individual
goals. Toward this end, game-theoretic techniques have
been shown useful in a variety of distributed robot for-
mulations. Cheng and Dasgupta [53.147] make use of
the game-theoretic technique called Weighted Voting
Games to address the problem of multi-robot team for-
mation control amidst obstacles. Taheri et al. [53.148]
also make use of game-theoretic principles, building
upon the Local Interaction Game diffusion model to in-
vestigate how a small number of agents can influence
the global society’s behavior through local interactions.

An interesting question in the design of distributed
robot coordination mechanisms is the extent to which
identical controllers can lead to diversity, specializa-
tion, or changes in robot behavior. Hsieh et al. [53.149]
study the emergence of specialization in robot swarms
by making use of a distributed adaptation algorithm.
They present a top-down analytical approach that de-
fines the system equilibrium using waiting time param-
eters, and then present adaptive optimization strategies
that converge to the optimal configurations that achieve
system equilibrium. Temporal changes in system-level
swarm behavior are addressed by Hoff et al. [53.150]
who show how a swarm can change and improve its for-
aging behavior by switching between algorithms based
on the environment in which the swarm finds itself.

Once the distributed controller is synthesized, most
of the works mentioned above presume that individual
robots execute their controller successfully. The typi-
cal presumption is that large swarms of interchangeable
robots automatically result in robust and scalable swarm
behavior. However, this presumption is challenged by
Winfield and Nembrini [53.151], who illustrate that
overall swarm reliability quickly falls in the presence of
worst-case, partially failed robots. They conclude that
future large scale swarm systems must develop new ap-
proaches for achieving high levels of fault tolerance.
One example approach is shown in VIDEO 194 .

http://handbookofrobotics.org/view-chapter/53/videodetails/194
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53.6 Modular Robotics

The modular robotics field began with a paper pre-
sented at International Conference on Robotics and
Automation in the Spring of 1988 by Fukuda and Nak-
agawa [53.152] describing the abstract concept of a re-
configurable robotic system that can assume different
shapes and envisioned a robot system composed of dif-
ferent types of modules that can combine to accomplish
a variety of tasks. Over the past twenty years, modu-
lar robotics research developed many facets: hardware
design; planning and control algorithms; the trade-off
between hardware and algorithmic complexity; efficient
simulation; and system integration.

Modular robots are collections of physically con-
nected, electromechanically active modules that, as
a whole, form robotic systems that exhibit capabilities
greater than those of the individual modules. Typically
modular robots can change their shape or configuration
in order to adapt to a variety of different tasks. For ex-
ample, a collection of modules could reconfigure from
a closed chain that rolls quickly over open ground to
a legged robot that more easily traverses rough terrain.
Modular robots are typically touted for their adaptabil-
ity, their fault-tolerance, and the relative simplicity of
the unit modules. Modular robotic systems can be de-
scribed and classified on several axes using a variety of
properties. In what follows, we choose the traditional
route of classifying modular robotic systems by the ge-
ometry of the system: chain, lattice, truss, or free form.
For a more detailed history of the modular robotics
field, consult [53.153, 154].

53.6.1 Chain Systems

The defining characteristic of chain-type modular robot
systems is the fact that the modules, when connected
to their neighbors, are arranged in a chain. These
chains may be one-dimensional, or two-dimensional,
but three-dimensional chains are not as common. The
fact that a chain-typemodular robot is two-dimensional,
or even one-dimensional, does not mean that it cannot
operate in three dimensions. In fact, snake-like modular
robots composed of segments with orthogonal joints are
quite common.

One of the first chain-type modular robotic systems
was the polypod system developed by Yim [53.155, 156]
( VIDEO 196 ). The polypod system was composed of
two types ofmodules: segments and nodes. It could form
a variety of shapes including rolling loops and hexapods,
and it went on to inspire many other chain-based sys-
tems. One was the CONRO system [53.157–159] in
which each module was composed of two orthogonal
servo motors controlling each module’s pitch and yaw.

Murata et al. developed the M-TRAN modular
robotic system [53.160–163] which has undergone
multiple revisions and improvements. In [53.161],
Kamimura et al. employ a set of interconnected, out
of phase oscillators to achieve walking gaits in the M-
TRAN system. Marbach and Ijspeert improved upon
the ability of systems like M-TRAN to generate gaits
in real-time by applying function optimization to their
modular system, YaMoR [53.164]. Murata et al. added
cameras to the M-TRAN system so that a set of M-
TRAN modules could separate, perform independent
tasks, and then rejoin into a larger structure [53.163].

The ATRON system [53.165, 166] was developed
to improve upon the M-TRAN. Lund et al. wanted to
keep M-TRAN’s ability to form dense lattices while
taking advantage of the two orthogonal degrees of free-
dom, (pitch and yaw), found in the CONRO system.
The Superbot system [53.167] also builds upon on the
mechanical design of M-TRAN by adding an additional
degree of rotational freedom between the two existing
rotation axes.

The PolyBot is chain-type modular robot [53.168,
169] with a single rotational degree of freedom. Poly-
Bot evolved into CKBot which has demonstrated the
ability to reassemble itself after being accidentally or
intentionally destroyed [53.170]. The Molecube sys-
tem [53.171], developed by Lipson et al. is another
example of a chain-type modular system with only one
degree of freedom but still able to achieve interesting
three-dimensional (3-D) configurations. Lipson et al.
showed that a short chain of Molecube modules, along
with some free modules, can self-replicate.

Yim et al. designed another unique chain-type sys-
tem named RATChET [53.172] which uses a connected
chain of inter-latching right angle tetrahedrons to form
structures. Neighboring RATChET modules latch to-
gether when the angle between them passes some crit-
ical value, and they unlatch through the use of shape
memory alloy (SMA) springs when heated beyond
70 ıC. Interestingly, the RATChET modules possess no
intelligence. Instead, they rely on an intelligent exter-
nal actuator which rotates to control one end of the
dangling chain. One unique property of the RATChET
system is its relatively strength.

53.6.2 Lattice Systems

Lattice-type modular robot systems are collections of
interconnected robotic modules in which the units are
situated at the intersection points of a two or three
dimensional grid. (A 1-D (one-dimensional) lattice sys-
tem is simply a chain-type robot.) The main characteris-
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tic separating a lattice system from a densely configured
chain-type robot is the density of the interconnections
between the modules. In a lattice-type system, each
module is typically connected to all of its neighbors. In
a dense chain-type system, two modules may be neigh-
bors, but they will not be physically connected.

Additionally, lattice-type systems tend to be built
with modules that contain no rotational degrees of free-
dom. While the modules in a lattice system typically
have mechanisms which enable the modules to move
relative to, and bond with, their neighbors, they gener-
ally cannot bend themselves. In comparison, chain-type
systems are often built frommodules that contain one or
more rotational degrees of free so that the modules can
flex like links in a chain. There is some overlap between
between the two types of system.

Chirikjian et al. developed one of the first
lattice-based modular robotic systems [53.173–175]
( VIDEO 198 ) in which the modules are deformable
hexagons capable of bonding with their neighbors. Oth-
ers, such asWalter et al. [53.176] further analyzed these
hexagonal type systems to create distributed motion
planners capable of reconfiguring the system from one
state to another.

Murata et al. were also early contributors to the
development of lattice-based modular robotic systems
with their development of a roughly hexagonal module
capable of rolling around its neighbors in two dimen-
sions [53.177, 178]. Kurokawa et al. presented a three
dimensional adaptation [53.179] composed of cubes
with six protruding arms capable of rotation. Yoshida
et al. improved on this system with a new design that
used shape-memory alloy actuators to rotate one robot
module around the perimeter of a neighbor [53.180].

One of the simplest lattice systems is the the Digital
Clay project [53.181]. The system was a set of com-
pletely passive modules that relied on the user to make
changes to it topology. The 2:5 cm rhombic dodecahe-
drons were able to sense and communicate with their
neighbors in order to create a virtual model of the phys-
ical arrangement of modules.

Rus et al. also explored the idea of 3-D mod-
ules capable reconfiguration through a series of latch-
ings, rotations, and unlatchings with the Molecule
system [53.182–185]. In [53.186, 187], Vona and Rus
describe a different type of deformable lattice system.
The Crystal system is composed of square modules able
to expand and contract by a factor of two in the x–y
plane. Suh et al. expanded on the Crystal concept with
the Telecubes [53.188] that could move in three dimen-
sions by expanding all six faces.

Chiang and Chirikjian analyzed how to perform
motion planning in a lattice of rigid cubic modules
able to slide past each other [53.189]. The CHOBIE

robot developed by Koseki [53.190] is able to actu-
ally perform the sliding motion assumed by Chiang and
Chirikjian in [53.189]. More recently, An developed the
EM-Cube system [53.191] which is also capable of slid-
ing motion.

Another unique lattice is the I-Cube developed by
Khosla et al. [53.192, 193]. The 3-D I-Cube system con-
sists of passive cubeswhich are connected by active links
with three rotational degrees of freedom that are able to
grab, reposition, and release the cubes. The 3-D I-Cube
system was an improvement of the two-dimensional
(2-D) system [53.194] developed byHosokawa et al. for
rearranging cubic modules in a vertical plane.

Goldstein et al. initiated the Claytronics project
by publishing several papers [53.195, 196] propos-
ing lattice-based claytronic atoms or catoms. These
vertically-oriented cylindrical robots, which were inca-
pable of independent motion, used 24 electromagnets
around their perimeters to achieve rolling locomotion
about their neighbors. Goldstein et al. envisioned a sys-
tem in which millions of smaller catoms could form
arbitrary shapes using a randomized algorithm that
avoided conveying a complete description of the shape
to each module in the system.

The catoms continue to evolve. One of the newest
instantiations [53.197] employs hollow cylinders rolled
from SiO2 rectangles patterned with aluminum elec-
trodes. The authors hope that two of these cylinders,
when placed in close proximity with their axes aligned,
will be able to rotate with respect to one another using
electrostatic forces. Specifically, the electrodes, (which
reside on the inside of each cylinder and are electrically
isolated by the SiO2), will be charged so that they attract
and repel mirror charges on the neighboring cylinder in
a way that causes rotation. Currently, the system ap-
pears to be constrained to form 2-D structures. The
authors claim the completed system will have a yield
strength similar to that of plastic and that the modules
will be able to transfer power and communication sig-
nals capacitively from neighbor to neighbor.

The Claytronics project has proposed, but not yet
demonstrated with hardware, the use of sub-millimeter
intelligent particles as sensing and replication de-
vices [53.198]. In particular, Pillai et al. present a the-
oretical 3-D fax machine in which the object to be
faxed is immersed in a container of intelligent particles
that sense and encode the object’s dimensions. At the
receiving end, these same Claytronic particles decode
the shape description sent by the transmitter and bond
together to replicate the original object. Unlike our ap-
proach, Pillai’s approach is completely centralized and
relies on an external computer for computation.

White et al. developed hardware and algorithms for
several 2-D stochastically-driven self-assembling sys-
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tems [53.199]. To form specific shapes, each module is
provided with a representation of the desired shape and
decides, based on its location in the structure, whether
to allow other modules to bond to its faces. Lipson et al.
extended their 2-D system to 3-D [53.200–202] by using
cubic modules suspended in turbulent fluid to achieve
self-assembly and reconfiguration. As the free modules
circulate in the fluid, they pass by a growing structure
of assembled modules. When they come close enough,
they are accreted onto the structure. The modules attract
or repel each other with fluid suction or positive pres-
sure. Early versions of the system used modules with
interval values that could redirect these suction forces.
More recently, Lipson’s group has worked to move the
intelligence and actuation capabilities from the modules
to the tank in which the modules circulate [53.203].

TheMiche system [53.204] consisting of 45mm cu-
bic modules capable of mating with their neighbors us-
ing mechanically switchable permanent magnets. Each
module contains three switchable magnets, each of
which mated with a steel face on a neighboring module.
Because the connectors were gendered, any collection
of modules had to be assembled by hand so that the con-
nectors were always oriented correctly, but the system
was capable of self-disassembling to form 3-D struc-
tures. The Robot Pebbles ( VIDEO 211 ) are based, at
least in principle, on the Miche modules.

One of the newest lattice-type modular robotics
is an aerial system composed of identical, hexagonal,
single-rotor modules [53.205]. A group of modules may
connect to form a flying platform with an arbitrary ar-
rangement of multiple rotors. In addition to the ability
to fly, each module contains wheels so that the system
may self-reconfigure on the ground for the specific task
at hand.

53.6.3 Truss Systems

Truss systems, as their name implies, are modular
robotic systems in which the modules are nodes and
edges in a truss structure. Both the trusses and con-
nectors may be active in such systems. Unlike the
lattice-based systems, truss-based systems do not need
to operate on any regular lattice. Most truss-based sys-
tems under development employ struts that expand or
contract to achieve structural deformation. One of the
first such system to do so was Tetrobot [53.206]. The
Odin system, conceived by Lyder et al. [53.207, 208]
consists of three physically different types of modules:
active strut modules capable of changing their length;
passive strut modules of fixed length; and joint mod-
ules. The biologically inspired Morpho system [53.209]
developed by Nagpal et al. is similar to Odin. It also
uses active links, passive links, and connector cubes.

53.6.4 Free-Form Systems

Free-form systems are able to aggregate modules in at
least semi-arbitrary positions. One such system is the
Slimebot [53.210, 211]. The system consists of identi-
cal vertical cylindrical modules that move on a horizon-
tal plane. The perimeter of each module is covered by
six gender-less hook and loop patches used to bondwith
neighboring modules. These patches oscillate radially
in and out from the center of the body. By control-
ling the frequency and phase of the oscillations between
neighbors, the system can achieve aggregate motion in
a given direction.

Researchers are also developing algorithms for free-
form systems. Funiak et al. developed a localization
algorithm [53.212] that is capable of localizing tens-
of-thousands of irregularly packed modules in 3-D.
Rubenstein and Shen developed a number of shape for-
mation algorithms for collections of two-dimensional
modules. These algorithms allow an arbitrary-sized col-
lection of modules to form arbitrary scale-independent
shapes [53.213, 214]. Once the shape is formed, mod-
ules can be added to or removed from the system, and
the system will reconfigure itself to incorporate the
new modules. The resulting shape will grow or shrink,
but its basic form will remain unchanged. Recently,
Rubenstein et al. developed a 1000 modules hardware
platform on which to deploy these algorithms [53.215].

Researchers have also explored the use of folding
to create reconfigurable foldable systems [53.216, 217].
These systems use flexible wiring and shape mem-
ory alloy actuators embedded in composite sheets to
programmatically create origami-inspired shapes. By
controlling which actuators are energized, the system
can form multiple different shapes.

53.6.5 Self-Assembling Systems

Self-assembling modular robotic systems are collec-
tion of modules that are capable of autonomously
coalescing and bonding with their neighbors to form
a greater structure. The result is often robotic, but it
need not be. Whether a system is capable of self-
assembling is independent of whether it is free-form,
a chain, a lattice, or a truss-based system. Almost all of
aforementioned modular robot systems rely on human
intervention to assemble. In an attempt to automate the
process of creating intricate modular robotic systems,
researchers have attempted to mimic and improve upon
natural self-assembling systems. Whitesides et al. in-
vestigated a wide variety of engineered self-assembling
systems [53.218–220].

Miyashita et al. performed a more theoretical
analysis of self-assembly using pie-shaped pieces

http://handbookofrobotics.org/view-chapter/53/videodetails/211
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to form complete circles [53.221] from pie-shaped
pieces. In the process, they followed Hosokawa et al.’s
lead [53.222] and modeled the system as a chemical
reaction. Shimizu and Suzuki developed a system of
passive modules capable of self-repair when placed on
a vibrating table [53.223].

Computer scientists have also investigated theoreti-
cal aspects of self-assembly in the context of 2-D tiles
which selectively bond with their neighbors to form
simple well-defined shapes like squares [53.224–226].
Each side of every tile in the system has an associated
bonding strength. When two tiles collide, they remain
attached only if their cumulative bond strength exceeds
a globally defined system entropy. To form a specific
shape, one must design a set of tiles with the appropri-
ate bonding strengths.

Klavins et al. worked to develop intelligent self-
assembling systems that employ triangular modules
driven by oscillating fans on an air table to self-
assemble different shapes [53.227]. The authors employ
knowledge of the module’s local topology and in-
ternal module state so that each module decides, in
a distributed fashion, when to maintain or break a con-
nection with its immediate neighbors.Griffith et al. also
worked with intelligent modules capable of selective
bonding to show that self-assembling systems may self-
replicate [53.228].

Rus et al. [53.185] present the first generic rule-
based approach to self-assembly, shape formation, and
locomotion by reconfiguration. The rules can be used
on any modular robot system that can implement the
sliding cube model of relative motion. The result is an
abstract set of rules for each of these tasks, that can be
compiled down to module motions, taking into account
how the physical module implementes translation and
convex and concave transitions.

Jones and Matarić [53.229] presented rule-based
approach to self-assembly termed transition rule sets.
In particular, they present a method that, given a goal
structure, produces a set of rules shared among all mod-
ules that govern when and where new modules are
allowed to attach to the growing structure. Kelly and
Zhang [53.230] expanded on this work by optimizing
the size of the rule sets used to form a specific shape.

Werfel [53.231] also applied the idea of a transition rule
set when studying the use of swarms to assemble com-
plex structures from passive materials.

Other groups have attempted to make self-
assembly more deterministic. The MEMS (micro-
electromechanical system) robots developed by Don-
ald et al. [53.232, 233] consists of thin (7�20�m),
rectangular (
 260�m� 60�m), scratch-drive devices
capable of moving on an insulating substrate embed-
ded with electrodes. The authors used four of these
robots to build larger composite structures. The Sitti
group has developed a similar system of micro-meter
sized robots [53.234]. Instead of using a scratch drive
for locomotion, the robots are manipulated by exter-
nal magnetic fields. The authors can electrostatically
clamp any number of robots to the stage on which they
move. With all but one robot immobilized, the remain-
ing robot may be moved independently. The system
naturally self-assembles because the robots contain per-
manent magnets that attract their neighbors.

The majority of existing self-assembly systems aim
to form structures in one of two ways. Some systems
such as [53.221, 223–226] use a collection of applica-
tion specific differentiated modules, that are only capa-
ble of assembling in a particular fashion to form a spe-
cific shape. In contrast, other systems such as [53.199–
201, 227, 229–231, 235] use completely generic mod-
ules with more computation and communication ability
embedded in each module. Both types of systems aim to
form complex shapes in a direct manner: as these struc-
tures grow from a single module, new modules are only
allowed to attach to the structure in specific locations.

An alternative approach eliminates many of the
complexities of shape formation by active assembly
by using dissasemly for shape formation. The Smart
Pebble system [53.154, 204, 236, 237] employs a set of
distributed algorithms to perform two discrete steps:
1) rely on stochastic forces to self-assemble a close-
packed crystalline lattice of modules and 2) use the
process of self-disassembly to remove the extra material
from this block leaving behind the goal structure. By
approaching shape formation in this manner, the entire
shape-formation process is sped-up and the robustness
of the system is increased.

53.7 Heterogeneity

Robot heterogeneity can be defined in terms of vari-
ety in robot behavior, morphology, performance quality,
size, and cognition. In most large-scale multirobot sys-
tems work, the benefits of parallelism, redundancy, and
solutions distributed in space and time are obtained

through the use of homogeneous robots, which are
completely interchangeable (i. e., the swarm approach,
as described in Sect. 53.4). However, certain complex
applications of large-scale robot teams may require
the simultaneous use of multiple types of sensors and
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robots, all of which cannot be designed into a single
type of robot. Some robots may need to be scaled to
smaller sizes, which will limit their payloads, or cer-
tain required sensors may be too expensive to duplicate
across all robots on the team. Other robots may need
to be large to carry application-specific payload or sen-
sors, or to navigate long distances in a limited time.
These applications, therefore, require the collaboration
of large numbers of heterogeneous robots.

The motivation for developing heterogeneity in
multirobot teams is thus twofold: heterogeneity may be
a design feature beneficial to particular applications, or
heterogeneity may be a necessity. As a design feature,
heterogeneity can offer economic benefits, since it can
be easier to distribute varying capabilities across mul-
tiple team members rather than to build many copies
of monolithic robots. Heterogeneity can also offer en-
gineering benefits, as it may simply be too difficult to
design individual robots that incorporate all of the sens-
ing, computational, and effector requirements of a given
application. Heterogeneity in behavior may also arise in
an emergent manner in physically homogeneous teams,
as a result of behavior specialization.

A second compelling reason to study heterogeneity
is that it may be a necessity, in that it is nearly im-
possible in practice to build a truly homogeneous robot
team. The realities of individual robot design, construc-
tion, and experience will inevitably cause a multirobot
system to drift to heterogeneity over time. This is
recognized by experienced roboticists, who have seen
that several copies of the same model of robot can
vary widely in capabilities due to differences in sensor
tuning, calibration, etc. Over time, even minor initial
differences among robots will grow due to individual
robot drift and wear and tear. The implication is that,
to employ robot teams effectively, we must understand
diversity, predict how it will impact performance, and
enable robots to adapt to the diverse capabilities of their
peers. In fact, it is often advantageous to build diversity
explicitly into the design of a robot team.

There are a variety of research challenges in hetero-
geneous multirobot systems. A particular challenge to
achieving efficient autonomous control is when overlap
in team member capabilities occurs, thus affecting task
allocation or role assignments [53.238]. Techniques as
described in Sect. 53.6 can typically deal with het-
erogeneous robots for the purposes of task allocation.
Another important topic in heterogeneity is how to rec-
ognize and quantify heterogeneity in multirobot teams.
Some types of heterogeneity can be evaluated quantita-
tively, using metrics such as the social entropy metric
developed by Balch [53.239]. Most research in hetero-
geneous multirobot systems assumes that robots have
a common language and a common understanding of

symbols in their language; developing a common un-
derstanding of communicated symbols among robots
with different physical capabilities is a fundamental
challenge, addressed by Jung and Zelinsky [53.240]
( VIDEO 200 ).

As discussed in Sect. 53.2, one of the earliest
research demonstrations of heterogeneity in physi-
cal robot teams was in the development of the AL-
LIANCE architecture by Parker [53.9]. This work
demonstrated the ability of robots to compensate for
heterogeneity in team members during task alloca-
tion and execution. Murphy has studied heterogeneity
in the context of marsupial robot deployment, where
amothership robot assists smaller robots in applications
such as search and rescue [53.241] ( VIDEO 206 ).
Grabowski et al. [53.134] developed modular milli-
bots for surveillance and reconnaissance that could
be composed of interchangeable sensor and effector
components, thus creating a variety of different het-
erogeneous teams. Simmons et al. [53.11] demonstrated
the use of heterogeneous robots for autonomous as-
sembly and construction tasks relevant to space appli-
cations. Sukhatme et al. [53.242] demonstrated a he-
licopter robot cooperating with two ground robots in
tasks involving marsupial-inspired payload deployment
and recovery, cooperative localization, and reconnais-
sance and surveillance tasks, as shown in Fig. 53.14.
Parker et al. [53.243] demonstrated assistive naviga-
tion for sensor network deployment using a more
intelligent leader robot for guiding navigationally chal-
lenged simple sensor robots to goal locations, as part of
a larger demonstration byHoward et al. [53.244] of 100
robots performing exploration, mapping, deployment,
and detection.Chaimowicz et al. [53.245] demonstrated
a team of aerial and ground robots cooperating for
surveillance applications in urban environments.Parker
and Tang [53.246] developed ASyMTRe (automated

Fig. 53.14 Heterogeneous team of an air and two ground
vehicles that can perform cooperative reconnaissance and
surveillance

http://handbookofrobotics.org/view-chapter/53/videodetails/200
http://handbookofrobotics.org/view-chapter/53/videodetails/206
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synthesis of multirobot task solutions through software
reconfiguration), which enables heterogeneous robots
to share sensory resources to enable the team to ac-
complish tasks that would be impossible without tightly
coupled sensor sharing.

Many open research issues remain to be solved in
heterogeneous multirobot teams; for example, the issue
of optimal team design is a very challenging problem.
Clearly, the required behavioral performance in a given

application dictates certain constraints on the physi-
cal design of the robot team members. However, it is
also clear that multiple choices may be made in de-
signing a solution to a given application, based upon
cost, robot availability, ease of software design, flexi-
bility in robot use, and so forth. Designing an optimal
robot team for a given application requires significant
analysis and consideration of the tradeoffs in alternative
strategies.

53.8 Task Allocation

Inmanymultirobot applications, themission of the team
is defined as a set of tasks that must be completed. Each
task can usually be worked on by a variety of differ-
ent robots; conversely, each robot can usually work on
a variety of different tasks. In many applications, a task
is decomposed into independent subtasks [53.9], hier-
archical task trees [53.247], or roles [53.11, 245, 248,
249] either by a general autonomous planner or by the
human designer. Independent subtasks or roles can be
achieved concurrently, while subtasks in task trees are
achieved according to their interdependence. Once the
set of tasks or subtasks have been identified, the chal-
lenge is to determine the preferred mapping of robots to
tasks (or subtasks). This is the task allocation problem.

The details of the task allocation problem can vary
in many dimensions, such as the number of robots re-
quired per task, the number of tasks a robot can work
on at a time, the coordination dependencies among
tasks, and the time frame for which task assignments
are determined. Gerkey and Matarić [53.250] defined
a taxonomy for task allocation that provides a way of
distinguishing task allocation problems along these di-
mensions, which is referred to as the multirobot task
allocation (MRTA) taxonomy.

53.8.1 Taxonomy for Task Allocation

Generally, tasks are considered to be of two principal
types: single-robot tasks (SR, according to the MRTA
taxonomy) are those that require only one robot at
a time, while multirobot tasks (MR) are those that re-
quire more than one robot working on the same task
at the same time. Commonly, single-robot tasks that
have minimal task interdependencies are referred to as
loosely coupled tasks, representing a weakly coopera-
tive solution. On the other hand, multirobot tasks are
often considered to be sets of subtasks that have strong
interdependencies. These tasks are therefore often re-
ferred to as tightly coupled tasks that require a strongly
cooperative solution. The subtasks of a loosely coupled
multirobot task require a high level of synchroniza-

tion or coordination between subtasks, meaning that
each task must be aware of the current state of the co-
ordinated subtasks within a small time delay. As this
time delay becomes progressively larger, coordinated
subtasks become more loosely coupled, representing
weakly cooperative solutions.

Robots can also be categorized as either single-task
robots (ST), which work on only one task at a time or
multitask robots (MT), which are able to make progress
onmore than one task at a time.Most commonly, task al-
location problems assume robots are single-task robots,
since more capable robots that perform multiple tasks in
parallel are still beyond the current state of the art.

Tasks can either be assigned to optimize the in-
stantaneous allocation of tasks (IA), or to optimize the
assignments into the future (TA, for time-extended as-
signment). In the case of instantaneous assignment,
no consideration is made for the effect of the cur-
rent assignment on future assignments. Time-extended
assignments attempt to assign tasks so that the perfor-
mance of the team is optimized for the entire set of tasks
that may be required, not just the current set of tasks that
need to be achieved at the current time step.

Using the MRTA taxonomy, triples of these abbre-
viations are used to categorize various task allocation
approaches, such as SR-ST-IA, which refers to an
assignment problem in which single-robot tasks are as-
signed once to single-task robots. Different variations
of the task allocation problem have different computa-
tional complexities. The easiest variant is the ST-SR-
IA problem, which can be solved in polynomial time
since it is an instance of the optimal assignment prob-
lem [53.251]. Other variants are much more difficult,
and do not have known polynomial time solutions. For
example, the ST-MR-IA variant can be shown to be an
instance of the set partitioning problem [53.252], which
is strongly NP-hard. The ST-MR-TA, MT-SR-IA, and
MT-SR-TA variants have also all been shown to be
NP-hard problems. Because these problems are compu-
tationally complex, most approaches to task allocation
in multirobot teams generate approximate solutions.
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53.8.2 Representative Approaches

Approaches to task allocation in multirobot teams can
be roughly divided into behavior-based approaches and
market-based (sometimes called negotiation-style or
auction-based) approaches. The following subsections
describe some representative architectures for each of
these general approaches. Refer to [53.250] for a com-
parative analysis of some of these approaches, in terms
of computation and communications requirements and
solution quality.

Behavior-Based Task Allocation
Behavior-based approaches typically enable robots to
determine task assignments without explicitly dis-
cussing individual tasks. In these approaches, robots use
knowledge of the current state of the robot team mis-
sion, robot team member capabilities, and robot actions
to decide, in a distributed fashion, which robot should
perform which task.

One of the earliest architectures for multirobot task
allocation that was demonstrated on physical robots
was the behavior-based ALLIANCE architecture [53.9]
and the related L-ALLIANCE architecture [53.10]. AL-
LIANCE addresses the ST-SR-IA and ST-SR-TA vari-
ants of the task allocation problemwithout explicit com-
munication among robots about tasks. As described in
Sect. 53.2.2, ALLIANCE achieves adaptive action se-
lection through the use of motivational behaviors, which
are levels of impatience and acquiescence within each
robot that determine its own and its teammates’ relative
fitness for performing certain tasks. These motivations
are calculated based upon the mission requirements, the
activities and capabilities of teammates, and the robots’
internal states. These motivations effectively calculate
utility measures for each robot–task pair.

Another behavior-based approach to multirobot
task allocation is broadcast of local eligibility
(BLE) [53.253], which addresses the ST-SR-IA variant
of task allocation. BLE uses a subsumption style be-
havior control architecture [53.254] that allows robots
to efficiently execute tasks by continuously broadcast-
ing locally computed eligibilities and only selecting the
robot with the best eligibility to perform the task. In
this case, task allocation is achieved through behav-
ior inhibition. BLE uses an assignment algorithm that
is very similar to Botelho and Alami’s M+ architec-
ture [53.255].

Market-Based Task Allocation
Market-based (or negotiation-based) approaches typi-
cally involve explicit communications between robots
about the required tasks, in which robots bid for tasks

based on their capabilities and availability. The nego-
tiation process is based on market theory, in which
the team seeks to optimize an objective function based
upon individual robot utilities for performing particular
tasks. The approaches typically greedily assign sub-
tasks to the robot that can perform the task with the
highest utility.

Smith’s contract net protocol (CNP) [53.256] was
the first to address the problem of how agents can ne-
gotiate to collectively solve a set of tasks. The use
of a market-based approach specifically for multirobot
task allocation was first developed by Botelho and
Alami with their M+ architecture [53.255]. In the M+
approach, robots plan their own individual plans for the
task they have been assigned. They then negotiate with
other teammates to incrementally adapt their actions to
suit the team as a whole, through the use of social rules
that facilitate the merging of plans.

Since these early developments, many alternative
approaches to market-based task allocation have been
developed. A thorough survey on the current state of
the art in market-based techniques for multirobot task
allocation is given in [53.257], comparing alternative
approaches in terms of solution quality, scalability,
dynamic events and environments, and heterogeneous
teams.

Most of the current approaches in market-based
task allocation address the ST-SR problem variant,
with some approaches (e.g., [53.11, 258–260]) deal-
ing with instantaneous assignment (IA), and others
(e.g., [53.135, 261–263]) addressing time-extended as-
signments (TA). More recent methods are beginning to
address the coaltion formation problem, which is the
allocation of multirobot tasks (i. e., the MR-ST prob-
lem variant), including [53.246, 264–269]. An example
approach to the MR-MT problem variant is found
in [53.270].

Some representative market-based techniques in-
clude MURDOCH [53.258], TraderBots [53.247,
263], and Hoplites [53.265]. The MURDOCH ap-
proach [53.258] employs a resource-centric, publish–
subscribe communication model to carry out auctions,
which has the advantage of anonymous communication.
In this approach a task is represented by the required
resources, such as the environmental sensors. The meth-
ods for how to use such a sensor to generate satisfactory
results is preprogrammed into the robot.

The TraderBots approach [53.247, 263] applies
market economy techniques for generating efficient
and robust multirobot coordination in dynamic environ-
ments. In a market economy, robots act based on selfish
interests. A robot receives revenue and incurs cost when
trying to accomplish a task. The goal is for robots to
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trade tasks through auctions/negotiations such that the
team profit (revenue minus cost) is optimized.

The Hoplites approach [53.265] focuses on the se-
lection of an appropriate joint plan for the team to
execute by incorporating joint revenue and cost into
the bid. This approach couples planning with passive
and active coordination strategies, enabling robots to
change coordination strategies as the needs of the task

change. Strategies are predefined for a robot to accom-
plish a selected plan.

Some alternative approaches formulate the objects
to be assigned as roles, which typically package a set
of tasks and/or behaviors that a robot should undertake
when acting in a particular role. Roles can then be dy-
namically assigned to robots in a similar manner as in
the auction-based approaches [53.11, 248].

53.9 Learning

Multirobot learning is the problem of learning new
cooperative behaviors, or learning in the presence of
other robots. The other robots in the environment, how-
ever, have their own goals and may be learning in
parallel [53.271]. The challenge is that having other
robots in the environment violates the Markov prop-
erty that is a fundamental assumption of single-robot
learning approaches [53.271]. The multirobot learning
problem is particularly challenging because it combines
the difficulties of single-robot learning with multiagent
learning. Particular difficulties that must be consid-
ered in multirobot learning include continuous state
and action spaces, exponential state spaces, distributed
credit assignment, limited training time and insufficient
training data, uncertainty in sensing and shared infor-
mation, nondeterministic actions, difficulty in defining
appropriate abstractions for learned information, and
difficulty of merging information learned from differ-
ent robot experiences.

The types of applications that have been studied
for multirobot learning include multitarget observa-
tion [53.272, 273], air fleet control [53.274], predator–
prey [53.137, 275, 276], box pushing [53.277], forag-
ing [53.23], andmultirobot soccer [53.140, 278]. Partic-
ularly challenging domains for multirobot learning are
those tasks that are inherently cooperative. Inherently
cooperative tasks are those that cannot be decomposed
into independent subtasks to be solved by individual
robots. Instead, the utility of the action of one robot is
dependent upon the current actions of the other team
members. This type of task is a particular challenge in
multirobot learning, due to the difficulty of assigning
credit for the individual actions of the robot team mem-
bers.

The credit assignment problem is a particular chal-
lenge, since it is difficult for a robot to determine
whether the fitness (either good or bad) is due to its own
actions, or due to the actions of another robot. As dis-
cussed by Pugh andMartinoli in [53.279], this problem
can be especially difficult in situations where robots do

not explicitly share their intentions. Two different vari-
ations of the credit assignment problem are common in
multirobot learning. The first is when robots are learn-
ing individual behaviors in the presence of other robots
that can affect their performance. The second is when
robots are attempting to learn a task with a shared fit-
ness function. It can be difficult to determine how to
decompose the fitness function to appropriately reward
or penalize the contributions of individual robots.

While learning has been explored extensively in
the area of single-robot systems (see, for example,
the discussion of learning in behavior-based systems
in Chap. 13, and a discussion of fundamental learn-
ing techniques in Chap. 15) and in multiagent sys-
tems [53.280], much less work has been done in the area
of multirobot learning, although the topic is gaining in-
creased interest. Much of the work to date has focused
on reinforcement learning approaches. Some examples
of this multirobot learning research include the work by
Asada et al. [53.281], who propose a method for learn-
ing new behaviors by coordinating previously learned
behaviors using Q-learning, and apply it to soccer-
playing robots. Matarić [53.8] introduces a method
for combining basic behaviors into higher-level be-
haviors through the use of unsupervised reinforcement
learning, heterogeneous reward functions, and progress
estimators. This mechanism was applied to a team
of robots learning to perform a foraging task. Kubo
and Kakazu [53.282] proposed another reinforcement
learning mechanism that uses a progress value for
determining reinforcement, and applied it to simu-
lated ant colonies competing for food. Fernandez and
Parker [53.272] apply a reinforcement learning algo-
rithm that combines supervised function approximation
with generalization methods based on state-space dis-
cretization, and apply it to robots learning the multi-
object tracking problem. Bowling and Veloso [53.271]
developed a general-purpose, scalable learning algo-
rithm called GraWoLF (gradient-based win or learn
fast), which combines gradient-based policy learning

http://dx.doi.org/10.1007/978-3-319-32552-1_13
http://dx.doi.org/10.1007/978-3-319-32552-1_15
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techniques with a variable learning rate, and demon-
strated the results in the adversarial multirobot soccer
application.

Other multirobot learning approaches not based on
reinforcement include Parker’s L-ALLIANCE archi-
tecture [53.10], which uses parameter tuning, based on

statistical experience data, to learn the fitness of differ-
ent heterogeneous robots in performing a set of tasks.
Pugh and Martinoli [53.279] apply particle swarm op-
timization techniques to distributed unsupervised robot
learning in groups, for the task of learning obstacle
avoidance.

53.10 Applications

Many real-world applications can potentially bene-
fit from the use of multiple mobile robot systems.
Example applications include container management
in ports [53.283], extraplanetary exploration [53.284],
search and rescue [53.241], mineral mining, transporta-
tion, industrial and household maintenance, construc-
tion [53.11], hazardous waste cleanup [53.9], secu-
rity [53.285, 286], agriculture, and warehouse manage-
ment [53.287] ( VIDEO 210 ). Multiple robot systems
are also used in the domain of localization, map-
ping, and exploration; Chap. 46 mentions some of the
work in multirobot systems applied to these problems.
Parts F and G of this handbook outline many appli-
cation areas that are relevant not only to single-robot
systems, but also to multiple mobile robot systems.
To date, relatively few real-world implementations of
these multirobot systems have occurred, primarily due
to the complexities of multiple robot systems and the
relative newness of the supporting technologies. Nev-
ertheless, many proof-of-principle demonstrations of
physical multirobot systems have been achieved, and
the expectation is that these systems will find their way
into practical implementations as the technology con-
tinues to mature.

Research in multiple mobile robot systems is often
explored in the context of common application test do-
mains. While not yet elevated to the level of benchmark
tasks, these common domains do provide opportuni-
ties for researchers to compare and contrast alterna-
tive strategies to multirobot control. Additionally, even
though these common test domains are usually just
laboratory experiments, they do have relevance to real-
world applications. This section outlines these common
application domains; see also [53.2] and [53.288] for
a discussion of these domains and a more detailed list-
ing of related research.

53.10.1 Foraging and Coverage

Foraging is a popular testing application for multirobot
systems, particularly for those approaches that address
swarm robotics, involving very large numbers of mobile
robots. In the foraging domain, objects such as pucks

or simulated food pellets are distributed across the pla-
nar terrain, and robots are tasked with collecting the
objects and delivering them to one or more gathering
locations, such as a home base. Foraging lends itself to
the study of weakly cooperative robot systems, in that
the actions of individual robots do not have to be tightly
synchronized with each other. This task has tradition-
ally been of interest in multirobot systems because of
its close analogy to the biological systems that motivate
swarm robotics research. However, it also has relevance
to several real-world applications, such as toxic waste
cleanup, search and rescue, and demining. Additionally,
since foraging usually requires robots to completely ex-
plore their terrain in order to discover the objects of
interest, the coverage domain has similar issues to the
foraging application. In coverage, robots are required
to visit all areas of their environment, perhaps search-
ing for objects (such as landmines) or executing some
action in all parts of the environment (e.g., for floor
cleaning). The coverage application also has real-world
relevance to tasks such as demining, lawn care, environ-
mental mapping, and agriculture.

In foraging and coverage applications, a fundamen-
tal question is how to enable the robots to explore their
environments quickly without duplicating actions or in-
terfering with each other. Alternative strategies can in-
clude basic stigmergy [53.14], forming chains [53.120],
and making use of heterogeneous robots [53.131].
Other research demonstrated in the foraging and/or cov-
erage domain includes [53.23, 132, 289–294].

53.10.2 Flocking and Formations

Coordinating the motions of robots relative to each
other has been a topic of interest in multiple mobile
robot systems since the inception of the field. In particu-
lar, much attention has been paid to the flocking and for-
mation control problems ( VIDEO 217 , VIDEO 293 ).
The flocking problem could be viewed as a subcase
of the formation control problem, requiring robots to
move together along some path in the aggregate, but
with only minimal requirements for paths taken by spe-
cific robots. Formations are stricter, requiring robots to

http://handbookofrobotics.org/view-chapter/53/videodetails/210
http://dx.doi.org/10.1007/978-3-319-32552-1_46
http://handbookofrobotics.org/view-chapter/53/videodetails/217
http://handbookofrobotics.org/view-chapter/53/videodetails/293
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maintain certain relative positions as they move through
the environment. In these problems, robots are assumed
to have only minimal sensing, computation, effector,
and communications capabilities. A key question in
both flocking and formation control research is deter-
mining the design of local control laws for each robot
that generate the desired emergent collective behavior.
Other issues include how robots cooperatively localize
themselves to achieve formation control [53.133, 295],
and how paths can be planned for permutation-invariant
multirobot formations [53.296].

Early solutions to the flocking problem in artifi-
cial agents were generated by Reynolds [53.297] using
a rule-based approach. Similar behavior- or rule-based
approaches have been used physical robot demonstra-
tions and studies, such as in [53.121, 298]. These earlier
solutions were based on human-generated local con-
trol rules that were demonstrated to work in practice.
More recent work is based on control theoretic princi-
ples, with a focus on proving stability and convergence
properties in multirobot team behaviors. Examples of
this work include [53.128, 299–307]. Refer to [53.308,
309] for surveys of relevant control theoretic work.

53.10.3 Object Transportation
and Cooperative Manipulation

Some of the earliest work in swarm robotics was aimed
at the object transportation task [53.13, 123, 310–313],
which requires a team of robots to move an object
from its current position in the environment to some
goal destination ( VIDEO 193 ). The primary benefit
of using collective robots for this task is that the indi-
vidual robots can combine forces to move objects that
are too heavy for individual robots working alone or in
small teams. However, the task is not without its chal-
lenges; it is non-trivial to design decentralized robot
control algorithms that can effectively coordinate robot
team members during object transportation. A further
complication is that the interaction dynamics of the
robots with the object can be sensitive to certain object
geometries [53.314, 315] and object rotations during
transportation [53.315], thus exacerbating the control
problem.

Object transportation and cooperative manipula-
tion are popular domains for demonstrating multirobot
cooperation, because they offer a clear domain where
close coordination and cooperation is required. A com-
mon type of object transportation – box pushing –
requires robot teams to move boxes from their start-
ing positions to defined goal configurations, sometimes
along specified paths. Typically, box pushing operates
in the plane, and the assumption is made that the boxes
are too heavy or too long to enable single robots to

push alone. Sometimes there are several boxes to be
moved, with ordering dependencies constraining the
sequence of motions. Cooperative manipulation is sim-
ilar, except it requires robots to lift and carry objects
to a destination. This test bed domain lends itself to
the study of strongly cooperative multirobot strategies,
since robots often have to synchronize their actions to
successfully execute these tasks. The domain of box
pushing and cooperative manipulation is also popular
because it has relevance to several real-world appli-
cations [53.288], including warehouse stocking, truck
loading and unloading, transporting large objects in
industrial environments, and assembly of large-scale
structures.

Researchers usually emphasize different aspects of
their cooperative control approach in the box push-
ing and cooperative manipulation domain. For example,
Kube and Zhang [53.13] ( VIDEO 199 ) demonstrate
how swarm-type cooperative control techniques could
achieve box pushing (Fig. 53.15), Parker [53.10, 316]
illustrates aspects of adaptive task allocation and learn-
ing, Donald et al. [53.317] ( VIDEO 208 ) illustrates
concepts of information invariance and the interchange-
ability of sensing, communication, and control, and
Simmons et al. [53.11] demonstrate the feasibility of co-
operative control for building planetary habitats.

In general, the manipulation techniques used for
collective object transportation can be grouped into
three primary methods [53.318]: pushing, grasping, and
caging. The pushing approach [53.10, 11, 13, 316, 317]
requires contact between each robot and the object, in
order to impart force in the goal direction; however,
the robots are not physically connected with the ob-
ject. In the grasping approach [53.123, 142, 310–312,
319–322], each robot in the team physically attaches to
the object being transported. See for example Fig. 53.16

Fig. 53.15 Collective pushing of lighted box

http://handbookofrobotics.org/view-chapter/53/videodetails/193
http://handbookofrobotics.org/view-chapter/53/videodetails/199
http://handbookofrobotics.org/view-chapter/53/videodetails/208
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Fig. 53.16 Cooperative stick pulling

Fig. 53.17 Collective transport via caging

for cooperative stick pulling work of [53.320]. Finally,
the caging approach [53.323–326] ( VIDEO 292 ) in-
volves robots encircling the object so that the object
moves in the desired direction, even without the con-
stant contact of all the robots with the object. See
Fig. 53.17 for an example of collective transport via
caging, from [53.323].

A closely related task is that of collective construc-
tion and wall building. The objective of the collective
construction and wall building task is for robots to
build structures of a specified form, in either 2-D or
3-D. This task is distinguished from self-reconfigurable
robots, whose bodies themselves serve as the dynamic
structure. Werfel and Nagpal have extensively explored
this topic ( VIDEO 216 ), developing distributed algo-
rithms that enable simplified robots to build structures
based on provided blueprints, both in 2-D [53.327–329]
and in 3-D [53.330]. In their 3-D approach, the sys-
tem consists of idealized mobile robots that perform
the construction, and smart blocks that serve as the pas-
sive structure. The robots’ job is to provide the mobility,
while the blocks’ role is to identify places in the grow-
ing structure at which an additional block can be placed
that is on the path toward obtaining the desired final

structure. The goal of their work is to be able to deploy
some number of robots and free blocks into a construc-
tion zone, along with a single block that serves as a seed
for the structure, and then have the construction to pro-
ceed autonomously according to the provided blueprint
of the desired structure.

Hardware challenges of collective robot construc-
tion are addressed by Terada and Murata [53.331]. In
this work, a hardware design is proposed that defines
passive building blocks, along with an assembler robot
that constructs structures with the robots. Other related
work on the topic of collective construction includes the
work of Wawerla et al. [53.332], in which robots use
a behavior-based approach to build a linear wall using
blocks equipped with either positive or negative Velcro,
distinguished by block color. Their results show that
adding 1 bit of state information to communicate the
color of the last attached block provides a significant
improvement in the collective performance. The work
by Stewart and Russell [53.333, 334] proposes a dis-
tributed approach to building a loose wall structure with
a robot swarm.

Another type of construction is called blind bull-
dozing, which is inspired by a behavior observed in
certain ant colonies. Rather than constructing by accu-
mulating materials, this approach achieves construction
by removing materials. This task has practical appli-
cation in site clearing, such as would be needed for
planetary exploration [53.335]. Early ideas of this con-
cept were discussed by Brooks et al. in [53.336], which
argues for large numbers of small robots to be deliv-
ered to the lunar surface for site preparation. Parker
et al. [53.337], further develop this idea by proposing
robots using force sensors to clear an area by pushing
material to the edges of the work site.

A significant body of additional research has been
illustrated in this domain; representative examples in-
clude [53.3, 6, 123, 258, 284, 310, 323, 338–344].

53.10.4 Multitarget Observation

The domain of multitarget observation requires mul-
tiple robots to monitor and/or observe multiple tar-
gets moving through the environment. The objective
is to maximize the amount of time, or the likeli-
hood, that the targets remain in view by some team
member throughout task execution. The task can be
especially challenging if there are more targets than
robots. This application domain can be useful for study-
ing strongly cooperative task solutions, since robots
have to coordinate their motions or the switching of
targets to follow in order to maximize their objective.
In the context of multiple mobile robot applications,
the planar version of this test bed was first introduced

http://handbookofrobotics.org/view-chapter/53/videodetails/292
http://handbookofrobotics.org/view-chapter/53/videodetails/216
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in [53.345] as cooperative multirobot observation of
multiple moving targets (CMOMMT). Similar prob-
lems have been studied by several researchers, and
extended to more complex problems such as environ-
ments with complex topography or three-dimensional
versions for multiple aerial vehicle applications. This
domain is also related to problems in other areas, such
as art gallery algorithms, pursuit evasion, and sen-
sor coverage. This domain has practical application in
many security, surveillance, and reconnaissance prob-
lems. Research applied to the multitarget observation
problem in multirobot systems includes [53.138, 253,
346–353].

53.10.5 Traffic Control and Multirobot Path
Planning

When multiple robots are operating in a shared envi-
ronment, they must coordinate their actions to prevent
interference. These problems typically arise when the
space in which robots operate contains bottlenecks,
such as networks of roadways, or when the robots take
up a relatively large portion of the navigable space.
In these problems, the open space can be viewed as
a resource that robots must share as efficiently as possi-
ble, avoiding collisions and deadlocks. In this domain,
robots usually have their own individual goals, and must
work with other robots to ensure that they receive use of
the shared space to the extent needed to achieve their
goals. In some variants, the entire paths of multiple
robots need to be coordinated with each other; in other
variants, robots must simply avoid interfering with each
other.

A variety of techniques have been introduced to ad-
dress this problem, including traffic rules, subdividing
the environment into single-ownership sections, and ge-
ometric path planning ([53.354] for an overview). Many
of the earliest research approaches to this problem were
based on heuristic approaches, such as predefining mo-
tion control (or traffic) rules that were shown to prevent
deadlock [53.355–358], or using techniques similar to
mutual exclusion in distributed computing [53.359,
360]. These approaches have the benefit of minimiz-
ing the planning cost for obtaining a solution. Other,
more formal, techniques view the application as a ge-
ometric multirobot path planning problem that can be
solved precisely in configuration space–time. Chapter 7
includes a discussion of motion planning for multiple
robots relevant to this domain. While geometric motion
planning approaches provide the most general solu-
tions, they can often be too computationally intensive
for practical application, impractical due to the dy-
namic nature of the environment, or simply unnecessary

Fig. 53.18 Legged robot teams competing in robot soccer

for the problem at hand. In these cases, approxima-
tion approaches may be sufficient, such as centralized
techniques that limit the search space through roadmap-
ping [53.361, 362], and decoupled approaches that use
either prioritized planning [53.363–365] (i. e., generat-
ing robot paths one by one) or path coordination (i. e.,
first planning individual paths for robots, then handling
collision avoidance).

53.10.6 Soccer

Since the inception of the RoboCup multirobot soc-
cer domain as a proposed challenge problem for
studying coordination and control in multirobot sys-
tems [53.366], research in this domain has grown
tremendously. This domain incorporates many chal-
lenging aspects of multirobot control, including col-
laboration, robot control architectures, strategy acqui-
sition, real-time reasoning and action, sensor fusion,
dealing with adversarial environments, cognitive mod-
eling, and learning. Annual competitions show the
ever-improving team capabilities of the robots in a var-
iety of settings, as shown in Fig. 53.18. A key aspect
of this domain that is not present in the other mul-
tirobot test domains is that robots must operate in
adversarial environments. This domain is also pop-
ular because of its educational benefits, as it brings
together students and researchers from across the
world in competitions to win the RoboCup chal-
lenges. The RoboCup competitions have added an
additional search-and-rescue category to the competi-
tion [53.367], which has also become a significant area
of research (Chap. 66 for more details on this field).
Annual proceedings of the RoboCup competitions
document much of the research that is incorporated
into the multirobot soccer teams. Some representative
research works include [53.368–372] ( VIDEO 202 ,

VIDEO 209 ).

http://dx.doi.org/10.1007/978-3-319-32552-1_7
http://dx.doi.org/10.1007/978-3-319-32552-1_66
http://handbookofrobotics.org/view-chapter/53/videodetails/202
http://handbookofrobotics.org/view-chapter/53/videodetails/209
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53.11 Conclusions and Further Reading
This chapter has surveyed the current state of the art
in multirobot systems, examining architectures, com-
munications issues, swarm robot systems, heteroge-
neous teams, task allocation, learning, and applications.
Clearly, significant advances have been made in the
field in the last decade. The field is still an active area
of research, however, since many open research issues
still remain to be solved. Key open research questions
remain in the broad areas of system integration, robust-
ness, learning, scalability, generalization, and dealing
with heterogeneity.

For example, in the area of system integration, an
open question is how to effectively allow robot teams
to combine a spectrum of approaches toward achieving
complete systems that can perform more than a limited
set of tasks. We are a long way from creating ro-
bust robot networks that can perform physical tasks
in the real world. In the area of robustness, multi-
robot teams still need improvements in the ability to
degrade gracefully, to reason for fault tolerance, and
to achieve complexity without escalating failure rates.
The area of learning in multirobot teams is still in its
infancy, with open questions including how to achieve
continual learning in multirobot teams, how to facilitate
the use of complex representations, and how to en-
able humans to influence and/or understand the results
of the team learning. Scalability is still a challeng-
ing problem, in terms of more complex environments
as well as ever-larger numbers of robots. We do not
yet have a methodology for creating self-organizing
robot networks that are robust to labeling (or num-
bering), with completely decentralized controllers and
estimators, and with provable emergent response. This

requires basic research at the intersection of control,
perception, and communication. Open issues in gen-
eralization include enabling the robot team to reason
about context and increasing the versatility of systems
so that they can operate in a variety of different appli-
cations. In dealing with heterogeneity, open questions
include determining theoretical approaches to predict-
ing system performance when all robots are not equal,
and determining how to design a robot team optimally
for a given application. Advances over the last decade
have provided human users with the ability to inter-
act with hundreds or thousands of computers on the
Internet. It is necessary to develop similar network-
centric approaches to interfacing, both for control and
for monitoring. Finally, a major challenge is to create
systems that are proactive and anticipate our needs and
commands rather than reacting (with delays) to human
commands.

For further reading on the topic of multiple mobile
robot systems, the reader is referred to survey articles
in the field, including [53.2, 288, 373, 374]. Addition-
ally, several special journal issues on this topic have
appeared, including [53.1, 375–377]. Some taxonomies
of multirobot systems are given in [53.26, 288, 378].
A variety of symposia and workshops have been held
on a regular basis on the topic of multirobot systems,
in particular the DARS (distributed autonomous robotic
systems) series of symposia. Recent proceedings of
these workshops and symposia include [53.379–388].
Additional texts on this topic include [53.389–391].
For some excellent further background on networked
robotics we direct the reader to [53.31, 35, 46, 52, 55,
75, 90, 104].
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