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Abstract. As we advance the state of technology for robotic systems,
there is a need for defining complex real-world challenge problems for the
multi-agent/robot community to address. A well-defined challenge problem can motivate researchers to aggressively address and overcome core
domain challenges that might otherwise take years to solve. As the focus of multi-agent research shifts from the mature domains of UGV and
UAVs to USVs, there is a need for outlining well-defined and realistic
challenge problems. In this position paper, we define one such problem,
flood disaster mitigation. The ability to respond quickly and effectively
to disasters is essential to saving lives and limiting the scope of damage.
The nature of floods dictates the need for a fleet of low-cost and small
autonomous boats that can provide situational awareness (SA), damage assessment and deliver supplies before more traditional emergency
response assets can access an affected area. In addition to addressing
an essential need, the outlined application provides an interesting challenge problem for advancing fundamental research in multi-agent systems
(MAS) specific to the USV domain. In this paper, we define a technical
statement of this MAS challenge problem based and outline MAS specific technical constraints based on the associated real-world constraints.
Core MAS sub-problems that must be solved for this application include
coordination, control, human interaction, autonomy, task allocation, and
communication. This problem provides a concrete and real-world MAS
application that will bring together researchers with a diverse range of
expertise to develop and implement the necessary algorithms and mechanisms.
Keywords: multi-agent systems, challenge, communication, autonomy,
path-planning, coordination, task-allocation
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Introduction

Robotics challenge problems like FIRST, DARPA Challenges, BotBall, MAGIC,
etc [17, 24, 23, 7] have shown to be an effective motivational tool for invigorating
robotics researchers at all levels, from high-school to experienced professionals,
while solving real-world problems. Such challenges offer an incredible opportunity to shorten the time-cycle required to advance the state of the art in autonomous vehicle technology. The success of the DARPA challenges, Grand and

Urban, are a testamant to this. Robots such as Stanley and Boss have become
part of the robotics lore, while the developed technological solutions have become the backbone for translating commercially developed autonomous vehicles
on our roads from a dream to reality. Furthermore, as we look to translate the
developed technology and success over different applications, there is a need to
define real-world challenges in alternate domains like USVs.
According to the United Nations, annual flooding currently impacts in excess
of 500 million people, costs the world up to $60 billion USD and the number of
casualties exceed 20,000 in Asia alone [22]. Changes to the environment, such
as mining, deforestation, and general industrialization are likely to worsen the
problem worse over time. Unfortunately, flooding disasters disproportionately
effect people in under-developed countries due to lack of early warning systems,
flood control and emergency response infrastructure. The scope and application
of the problem have far-ranging implications. Currently, despite large scale flooding disasters world over, in the immediate aftermath, victims are largely left to
fend for themselves. The lack of relief aid is in part due to a limited knowledge of
the affected areas and specific needs of the victims. Thus, any reliable solution,
regardless of efficiency, will have immediate real-world benefits, while further research and development can increase the value of the system over time. In most
cases, floods occur over large areas and over relatively long time-scales. Often
their occurrence can be cyclical in nature and can be predicted well in advance,
e.g., monsoonal or hurricane flooding can be expected annually during a welldefined season. We believe that the inherent properties and the scale of impact
of a flooding disaster make it an ideal problem to be addressed with robot teams
with multi-agent technology playing a central role. Finally, the cyclical nature of
flooding means that it is likely that solutions can be iteratively evaluated and improved in real disaster environments over time. We believe that flood mitigation
might be the seminal challenge for MAS because it is an important real-world
problem for which MAS appears to be an ideal and essential technology.
In order to effectively address the problem, small, autonomous watercrafts
are ideal for flood mitigation and response. Relative to other types of vehicles,
watercraft are simple, robust and reliable. By keeping the vehicles small, most
safety issues can be avoided simply by ensuring that if there is a collision, it
can cause at most very minor damage. Influenced in part by field experiences
of Murphy et al. [18], we believe unmanned surface vehicles (USV’s), such as
airboats, rather than unmanned underwater vehicles (UUVs), are better suited
to this operational domain. Airboats are flat-bottomed boats that use an abovewater fan to propel themselves forward safely and effectively through shallow or
debris-filled water.
The challenge, then is to be able to construct and deploy small and capable
airboats at a low cost. The low cost is particularly important for feasibly deploying sizable teams capable of covering large areas. In the immediate future,
three or four cooperative boats might be deployed to provide some situational
awareness over a small area, but as algorithms become more scalable, hundreds
or thousands of vehicles could be used to provide detailed situational awareness

Fig. 1. Flood Disaster Mitigation Challenge

over dramatically larger areas. Longer term, a combination of autonomous aircraft and surface boats might be able to quickly cover a large area, being robust
to obstacles and debris and able to safely navigate in places where large numbers
of civilians are moving around.
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Problem Definition

The contribution of this paper is not a description of algorithms for controlling
boats for flood mitigation, but rather a technical description of the problem from
the perspective of multi-agent systems. We present constraints descriptions for
sub-areas of MAS so as to provide target problem descriptions for algorithm
developers to overcome. Specifically, we pose the challenge as a sustained distributed situational monitoring problem in flood affected areas over a relative
large area (25 sq km) using a large team (25-50) of autonomous watercrafts
with minimal human oversight. This primary system objective leads naturally
to a number of specific technical challenges that must be overcome to successfully
complete the challenge (see Figure 1). Our challenges to the research community
are:
Vehicle Design: How to develop a robotic watercraft platform specific to the
demands and requirements of flood disaster mitigation activities?

Vehicle Intelligence: How to robustly control a single boat and perform fundamental tasks of way-point following, collision avoidance, information gathering, energy management, payload management, etc?
Team Intelligence: How to develop efficient techniques for coordinating a team
of airboats, identifying the scale of autonomy, situational awareness, establishing and maintaining communication network, path planning and task allocation?
We need to bring together mature technologies from different areas including
autonomy, robotic watercraft, coordination, networking, fault-tolerance, coverage, exploration and human-robot interaction towards building an integrated,
large scale, autonomous system capable of monitoring and payload delivery in
dynamic environments over an extended period of time.

3

Vehicle Design

For the principal task of providing situational awareness, identifying potential
victims, and augmenting current first responder capabilities, any prototype design should address essential components pertaining to cost, sensing, payload,
power. Relative to other types of vehicles, surface boats or airboats are simple,
robust and reliable. Cognizant to the operating domain, we argue that the the
overall size and weight of the boats should be relatively small. By keeping the vehicles small, most safety issues can be avoided simply by ensuring that if there is
a collision, then the relatively low operational speeds cause only minor damage.
Specifically, the following issues must be considered:
– Sensors are a major component of the cost of the boat and are most likely to
fail. Hence, there is significant advantage to be able to use simple and cheap
sensors. However, this typically makes control more difficult. For effective
operation, the vehicles should have four essential capabilities: adequate range,
communications, navigation, and environmental sensing.
– The surface boats must be inexpensive and reliable so that we can build,
maintain, and deploy a large numbers of them at a fraction of the cost of
commercial alternates.The challenge is to find the right balance between
using low-cost simple sensors and making the boat useful.
– Using large numbers of boats over extended periods will inevitably result
in individual failures. The large number of hours that boats will be in the
water in this project will provide data that quantifies the type, nature and
rate of failures, providing key input to future development and for evaluating
the effectiveness of the overall solution. Hence, the boats must be easy to
construct, maintain and to repair.
– Power will be a limiting factor in boat performance, having a direct impact on
attributes such as range and speed. The boats must be capable of traversing
a set distance within a given amount of time in order to preserve the quality
of the acquired information. Based on initial analysis of the problem domain,
we estimate the operational range for exploration to be in the range of 5 km

over the course of several hours. This translates to average operating speeds
of 2 − 3 km/hr, which confirms to operational safety standards.
– The boats must have some payload capability for dropping off essential supplies as well as picking up water samples for contamination analysis.

Vehicle navigation in the intended environment involves two basic challenges
pertaining to obstacle avoidance, negotiating surface debris, and adapting to
“waterscape” changes as flood waters rise or recede. Development of novel individual and joint control schemes to handle these requirements is therefore a key
area of research. Control in an aquatic environment has been studied widely in
larger surface vehicles, primarily at oceanic scales, and complex active control
problems in semi-autonomous vehicles. In the former, a “follow-the-carrot” style
approach is often sufficient, as the larger vehicle size coupled with high confidence measures in vehicle and obstacle position makes trajectory errors small.
However, there are several aspects of the flood mitigation domain that warrant
further research. The small size of the boat and unstructured nature of the environment mean that a-priori planning is limited and necessarily uncertain. It
is impractical to precisely map and localize the boat with sufficient precision
to avoid all obstacles, making reactive control a necessity for short-range obstacle avoidance. Second, while complete avoidance is necessary for safety at higher
speeds, it is primarily a matter of efficiency at lower speeds. Low-speed collisions
with obstacles often do not lead to damage or entanglement, and it is possible
for boats to bump objects occasionally at low speeds. Finally, the high speed
of the boats and water currents and eddies, relative to boat size, make vehicle
dynamics significantly less predictable. Large discrepancies in trajectory may be
effected by small changes in ambient current and vehicle hydrodynamics. Thus,
building accurate motion models through physics alone may not be practical or
possible.
In developing control strategies, it is important to note that given the nature of these vehicles, the objectives of the strategy are to minimize power consumption and travel time under the constraint of safe traversal of the environment. The uncertainty and complexity of realistic aquatic motion models make
learning-based approaches particularly attractive. Methods such as reinforcement learning offer a number of advantages, including the ability to adapt to
changing environmental conditions such as water currents, changes in payload,
and the possibility of transferring learning between vehicles. While the environment is unstructured at a fine scale, it is evident that particular classes exist by
virtue of human development. Areas such as towns provided a semi-structured
but dense lattice where potential for human interaction is high, while rural areas or existing waterways will be less dense in terms of static obstacles, but
potentially rich in manned vehicle traffic. In order to move efficiently in these
and other classes of environment, it may be necessary to implement hybrid or
layered control approaches that explicitly model the different areas.
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Vehicle–Level Intelligence

Flood environments are uniquely cluttered, and for practical purposes, unknown
a-priori. Situation awareness constitutes the collection of data that enable operators to better characterize the state of flooded areas for the prioritization
of emergencies, the allocation of resources, and the establishment of further
relief infrastructure. Information such as imagery of affected areas, traversability roadmaps or obstacle maps, and sampling of environmental factors such as
water quality and temperature can play a role in creating this representation.
The on-board sensor package must ensure vehicle safety, and, moreover, provide
useful situation awareness to human operators to facilitate rescue and response
activities. Safe traversal of the environment requires ego-motion estimation and
obstacle detection. The former problem is made challenging by the small scale
of the vehicles and obstacles, and the chaotic nature of water currents. Unlike
ground robots, aquatic surface vehicles drift with prevailing currents that are
hard to measure and model, resulting in motion that cannot easily be predicted.
Absolute positioning using GPS can significantly assist in correcting for this,
but commercial receivers at the price point of the vehicle cannot resolve to the
require accuracy. In addition, bearing cannot be directly estimated from these
measurements, and is also subject to drift. Obstacle detection requires sensors
to look out over the surface of the water for potential hazards, both above and
at the surface. The distance at which this can be done safely is a critical factor
in determining the maximum rate of travel of the vehicle.
The sensory constraints can be overcome by novel estimation and filtering
methods that will enable useful streams of information to address these three
tasks while incorporating only data provided from relatively low-cost sensors.
Such sensors include many of the staples of ground robotics, including MEMS
accelerometers, gyros, and magnetometers, physical contact switches, local optic
flow sensors, in-air IR and sonar range finders, and stereo or monocular vision.
Interestingly, many of these sensors are already present in modern mobile devices
such as smart phones, making these embedded platforms even more attractive
as a low-cost, integrated solution to consider.
A key area of study for the MAS community lies in using vehicles jointly
to improve perception of local and environmental features. While boats cannot
control many aspects of the environment, they can (a) exchange information that
allows other boats to reduce uncertainty or correlate features between vehicles
and (b) use other boats for relative localization through direct or indirect relative
tracking (i.e. boat-mounted fiducials). Since large teams of these vehicles are
expected, this may be a very powerful alternative to more expensive local sensing
strategies. Successful joint sensing strategies can bring down the cost of the
vehicles by requiring less of individual sensors.

5

Team–Level Intelligence

This section outlines the key sub-problems that arise at the level of the team
– the boats and the human controllers. We break the challenge problem into

six key areas, each of which is an important problems in its own right and has
already received significant attention from the MAS research community. These
are:
1.
2.
3.
4.
5.
6.

Autonomy and human interface,
Situational awareness,
Communications & networking,
Path planning,
Team planning,
Task allocation.

The Airboats Challenge brings with it the domain specific constraints of operating in the midst of a flood disaster and the added complexity of integrating the
sub-problems to produce a coherent system. This is a key reason why Airboats
Challenge is so appealing as a challenge problem: although big, the global MAS
problem is relatively modular, and does not need to be treated as a whole. Instead, each of the sub-problems we have identified can be tackled by separately,
and this paper is written in the hope that many separate research groups with
different interest and expertise will all be able to contribute.
5.1

Autonomy and Human Interface

One of the most interesting research challenges for the Airboats Challenge is to
design a system that will be able to provide the appropriate level of autonomy
for the agents. A set of exemplar tasks follow to demonstrate the necessary types
of autonomy, as well as identifying the underlying research challenges imposed
by these behaviors.
Task 1 : Autonomous exploration. Prior knowledge about the terrain might
be useful for identifying potentially traversable areas. However, realistically in
such a fluid environment, many areas may become (un)traversable by the boats,
necessitating alternate agent behavior. Exploration will be essential towards updating the local and, subject to communication constraints, the global maps. As
a consequence the team, on an individual and sub-team levels, must be capable
of performing autonomous exploration of its surrounding environments. Interestingly the autonomy level for exploration could be varied from fully-autonomous
to tele-operated on a case-to-case basis.
Task 2 : Human interaction. The agents must be capable of detecting and
interacting with civilians towards providing accurate situational awareness to
the responders. To this end, agents should be able to integrate information coming from the on-board sensors (e.g. cameras and microphones) for detecting
survivors. Civilians should then be approached to provide information to the
base station about their position, photographs of the area, voice transmissions,
etc. This throws up very interesting challenges in identifying the most effective
manner of interaction with humans. Moreover, the airboats must be able to
autonomously identify adversarial behaviors. Potential countermeasures include
sending a “SOS” signal, identifying potentially hostile people by taking pictures
for later identification, etc.

Task 3 : Self awareness. The unpredictability of communication range dictates
that the agents be capable of autonomously returning to the base station or to
dynamically determine an alternate rendezvous point. The ability to return to
the base station would be necessary for enabling agents to return with collected
information in the absence of communication connectivity. Direct communication to base station may be infeasible due to limited network structure and the
agents will likely need to coordinate to construct a network infrastructure. This
might require autonomous task-switching on a sub-team level. Furthermore, in
Airboats Challenge , operations will be carried out over a long time scale; as a
consequence the agents should be self aware and capable of switching states to
operate for days, up to approximately two weeks. Agents will need to return to
the base station for recharging, resupply, repair, etc.
Task 4 : Situational awareness. The agents should be able to recognize dangerous situations and activate specific behavior. For example, the agents should
be able to recognize when the agent is going to hit an obstacle, or when the
agent’s localization has failed. Actions to address such situation may include
sending broadcasting an alarm signal, quickly changing direction, or activating
a search routine. It is important to note that “recognizing a situation” here refers
to the agents ability to reason about abstract concepts such as “the agent is in
trouble” and “the agent is having difficulty navigating to point X”. Moreover
the agent must be able to identify these crucial situations quickly, reliably and
using inexpensive sensors.
While the above autonomous behaviors have been broadly addressed in the
autonomous agents and robotics community, we believe that deploying a systems
which is able to perform this kind of autonomous tasks in Airboats Challenge
poses many interesting research challenges. Among the many issues which prevents direct application of off-the-shelf solutions in this domain, the most important address are: (a) algorithms must work in real time with low-power devices
and will be unlikely to find guaranteed optimal solutions; (b) humans operators not experts in controlling nor repairing the agents – any proposed solution
must be very simple and reliable; (c) agents should use adjustable autonomy:
when human operators can provide help, the agents should try to take advantage of their expertise; (d) agents must work in a broad range of non-optimal
conditions: for instance, if the weather or lighting conditions change, the agents
should continue to work, even if it reduces their efficacy.
5.2

Situational Awareness

Providing situational awareness (SA) for human operators is a primary goal of
the system. The task involves collecting information about the environment and
getting it to the operators to allow them to understand the disaster that they
are dealing with. SA also has a role to play in informing the networking, path
planning and task allocation problems of the Airboats Challenge . Specifically,
SA is is used to put constraints on the set of feasible paths, and consequently
network configurations, that the agents can take, and also to assign levels of
importance to different tasks. From a MAS perspective, we are only interested

in the task of collecting information and communicating it back to the human
operators and among the agents members; We are not interested in the important
human factors issues related to its presentation.
The rate of change of different parts of the environment will be very different,
with some requiring new information be collected and transmitted regularly
and others only requiring an occasional visit for new information. Primarily,
we anticipate that cameras will provide the majority of the data for getting
situational awareness. Often still imagery will be sufficient, however under certain
situations video data might be essential to to do situational awareness, for e.g. the
rate of water movement. However, other sensors such as microphones or windgauges might provide useful information. In flood disasters where water sits for
long periods of time, it may be necessary to collect water samples to allow for
checking for diseases. This would necessitate boats bringing samples all the way
back to operators for analysis.
Two additional factors make the SA problem more complex from the MAS
perspective. First, not all areas are as important as others. For example, areas
that are likely to have high population density or will be critical for moving
humans around the environment are more important than open areas where
humans are not expected. The relative importance of different areas maps to
preferences on locations to visit. Second, incoming data might be ambiguous
or unclear and humans might request clarification in the form of additional
information about an area. Both of these factors link SA to task allocation, in
we expect that SA information will be used to identify tasks of high importance
or value.
The problem can be formalized as follows. Consider the world to be made up
of a set of locations, L = {l1 , . . . , ln }. For each li ∈ L, a cost function Cli (t) → R
defines the value of not getting information on that location for a length of time
t. Each time the location is visited, the function resets and might change. For
example, areas found to have nothing of interest, will reset to a function that
increases very slowly over time, while areas with a lot of interest will reset to
functions that increase very rapidly over time. The system will not know in
advance how the function will reset after it is visited, but we assume it will
know as soon as it is visited. Another function, Vli (t) → R gives the relative
value of that location over time. The overall optimization is to minimize the cost
of not seeing locations multiplied by the value of the location over time. That is,
min

t=t
Xe

X

Cli (t)Vli (t)

t=ts li ∈L

where we assume time is discretized and ts and te represent the start and end
of the mission respectively.
5.3

Communications & Networking

The networking aspect of the flood mitigation problem is working out how to
configure the boats to form an ad hoc network, in addition to making use of

any available infrastructure such as cell phone networks, to allow communication among the team and human operators. This component of the Airboats
Challenge is of fundamental importance, since without a functioning communication network, the other team-level sub-problems – the situational awareness,
path planning and task allocation capacities – of the system will be severely
curtailed. Furthermore, in addition to running the algorithms that address these
problems, maintaining a communications network itself places hard constraints
on the solutions to the path planning and task allocation problems.
Regarding the SA goals of the system, we anticipate that the boats will be
collecting a lot of potentially useful information, and will benefit from tight coordination with other boats when possible. However, this is likely to lead to there
being far more data than communication bandwidth. The physical locations of
the boats will create the physical network, hence the networking challenge is
fundamentally to work out how the boats should move get the “best” network
structure. Clearly, the positions of the boats cannot be dictated solely by the
requirements of the networking, since this will impede their ability to do their
primary task. However, it may be possible or necessary to dedicate some boats
solely to the task of being network routers. Low-level issues of how to efficiently
communicate data or to create more powerful transmitters are considered beyond the scope of the multi-agent problem. Similarly, it is anticipated to be the
case that energy use for receiving and sending data is negligible versus energy
costs of moving the boats around.
One network concept sometimes used in environments without wireless infrastructure is the idea of delayed communication, where robots will hold onto
information and actively plan to get back to a location to transmit that information at some later time. Delayed communication is likely to be a useful
mechanism in the flood mitigation problem, especially since delays on the order
of minutes are unlikely to be important.
The wireless network connecting the boats and ground stations is required for
sending three types of messages. First, messages are required to get information
from the robot sensing the information to the boat or human who can utilize that
information. Second, messages are required to facilitate coordination between the
boats. Third, messages are required for human override of autonomous action,
e.g. tele-operation. Appropriately designed coordination algorithms should mean
that no particular message is absolutely critical to overall operation, instead each
message will have some value to the team. Messages should only be delivered
once and may pass through intermediate nodes to get to their destination. Naturally, there will be some time before which a message has no value and often
a time after which a message has no value, e.g. information has become stale or
opportunity for coordination has passed.
The movement of the boats around the environment and the availability of
infrastructure, e.g. mobile phone towers, induces a network that changes over
time. Because small vehicles moving in a complex environment, carefully placed
mobile phone towers and human operators will have dramatically different communications equipment, it is not reasonable to assume that links are symmetric.

There will be constraints on edges in the network which restrict traffic on that
edge. For example, a boat may have links to four other boats, but it cannot
communicate with them at the same time, since the same wireless medium is
being used for each link. More complex models might include constraints that
capture interference between links degrading capacity, e.g. two different boats
cannot broadcast on the same channel at the same time, but we believe these
details are practically unimportant for this domain.
The network aspect of this problem is focused on providing the infrastructure
to allow message delivery, other parts of an overall system will actually determine
which messages are delivered. Thus, we have to think about the problem of
optimizing the network structure as one of optimizing the potential for message
delivery. This optimization must include the possibility that messages fail to be
delivered and that the coordination is inefficient.
5.4

Path Planning

Path planning sits at the interface of vehicle- and team-level intelligence. For
example, some path plans can be generated independent of other agents, such
as return routes to a base station, while others require tight coordination of
the actions of several agents, as when network connectivity requirements are
paramount. Furthermore, solutions to a path planning problem may be constrained by environmental conditions (garnered from SA), network considerations, task requirements and vehicle power constraints.
The path planning component for a boat will be impacted by all other parts
of the system, e.g. the networking component will tell it how it must move to
maintain an appropriate network and the task allocation component will tell it
what it must achieve in the environment. In an ideal solution, feedback from a
path planner would impact other parts of the system, e.g. by indicating that it
is expected to take the boat a long time to perform a particular task, hence it
is better allocated elsewhere.
To generate even an independent path, the boat must deal with partial observability, because the environment is not perfectly known and action uncertainty since movement through the environment is inherently uncertain. Given
multiple tasks, e.g. places to take observations or deliver supplies, the robot must
appropriately order its tasks for best overall performance. It must also carefully
balance risks, e.g. taking unknown but potentially more direct routes or moving at higher speed, time to complete time-sensitive tasks and the need to keep
the boat intact for future efforts. The environment will not be completely static,
making it necessary for the path planner to reason intelligently about the impact
of any possible obstacles in advance and planning around them when they occur.
Planning will need to occur over significant amounts of time, since boats may
travel to tasks that take on the order of hours to reach. Therefore, in its most
general formulation the single vehicle path planning problems can be considered
as a Partially Observable Markov Decision Process (POMDP).
The path planning will be mostly individual but cooperation could dramatically improve overall performance. For example, if it is not known whether a

particular route is traversable, it may be optimal for one boat to first go down
that street while others wait or take longer, safer routes. This type of exploit
versus explore tradeoff is often studied in the literature, but not in the context
of such complex individual planning. Cooperation will also be required to avoid
hindering progress of other boats, e.g. impeding progress down a narrow alley, A
natural and general framework for the multi-agent path planning problem is that
of Decentralized POMDP. However, Dec-POMDPs are known to be intractable
in general settings [1]. Therefore, a main research issue here is to find alternative
formalizations or approximate techniques that can provide good solutions while
meeting the real time constraints of the application.
Finally, while we anticipate that the primary focus of the path planner will be
coming up with a path that achieves all the objectives of the boat at a minimal
cost, some attention will need to be paid to actually being able to move the boat
around the environment. While we consider issues of control outside of the scope
of the MAS problem, environment features such as currents in the water, winds
and narrow passageways will significantly effect what the boat can achieve and
should be considered as a part of the path planning process. For example, in an
area expected to have significant currents, it is not reasonable to plan or expect
a fast path directly across or against the current.
5.5

Team Planning

Disaster response domains, like the one discussed in this paper, typically
involve multiple sub-teams of agents working together towards achieving a common goal, saving lives and disaster mitigation. Each team-member has specific
capabilities particularly suited to certain tasks. While some tasks are independent of each other, other tasks may be related by different constraints. As agents
move about the environment, they have a direct influence on other team members from tightly-coupled scenarios [2, 8, 19] where multiple agents are required
to complete a task, to loosely-coupled ones where the action of one agent might
block the movement of others [6]. Team planning addresses the problem of decomposing a high-level set of goals into smaller independent, primitive tasks.
5.6

Task Allocation

Task allocation impacts the performance efficiency of teams in significant ways.
Allocating vehicles to different tasks in an efficient and effective way is a crucial issue for the Airboats Challenge . More than any other sub-problem, task
allocation connects together the components of the team-level intelligence of the
system: The set of tasks may represent both SA and networking goals; The cost
and benefits of completing tasks are computed using outputs from path planning
and SA problems, and may be constrained by network considerations; and, we
expect there to be human oversight of the weights attributed to tasks.
Task allocation is a very well known and widely studied problem in MAS,
and many solutions have now been proposed, however, in the Airboats Challenge
scenario, the task allocation problem is particularly challenging as the system

is composed of a large number of vehicles that will be equipped with cheap and
low power devices and will have to coordinate in a highly dynamic and partially
unknown environment.
Task allocation is usually formalized considering a set of tasks T = {T1 , · · · , Tm },
a set of agents A = {A1 , · · · , An } and a reward matrix R = {rij } where rij
indicates the reward achieved by the system when agent Ai execute task Tj .
An allocation matrix A = {aij } defines the allocation of agents to task with
aij ∈ {0, 1} and aij = 1 if agent Ai is allocated to task Tj . The goal of the
system is then to find
arg max
A

|A| |T |
X
X

rij aij

i=1 j=1

Moreover, a set of constraints C usually describes valid allocations of agents
to tasks, for example, one task could be executed at most by one agent or exactly
k agents, or completing a task could be outright infeasible because of constraints
on the actions of an agent. Therefore the above optimization must be performed
subject to C.
A first important challenge for the task allocation approach is to deal with a
dynamic environment, where tasks appear, disappear and the reward to execute
them may change during the mission execution: in the Airboats Challenge domain, vehicles will deal with tasks such as searching for civilian in a predefined
area, approaching a group of detected civilians, collaborating with a set of other
vehicles to relay information to the base station and so forth. These tasks are
not known before hand and will be discovered during the mission; in addition,
failures of vehicles should be taken into account: vehicles could be potentially
stolen or the communication infrastructure could experience temporary break
down. Hence, the above problem formulation must take time into account and
one way to express this is to have that agents, tasks, reward matrix and consequently allocation matrix dependent on time and then find a series of allocation,
one for each time step, such that the sum of reward over time is maximized:
t

arg

max

{Ats ,···,Ate }

t

te |A
X
X| |T
X|

t t
rij
aij

t=ts i=1 j=1

Therefore, the solution algorithm should be capable of continuously monitoring the environment and adapt the task allocation solutions to unexpected
changes.
Second, in the Airboats Challenge vehicles should be able to take decision
on their own, without necessarily relaying on information, or directives, from
the base station; moreover, such decentralized task allocation approach must
be designed to run on low power, cheap devices (such as smart phones). The
low cost devices combined with the large scale operational domain, eliminates
the use of intense computation and communication resources, typical of complete

algorithms1 , as their coordination overhead (computation time, message number
and size), would be simply unacceptable in this scenario.
Third, since vehicles act in the real world without a complete knowledge of
the environment, the benefit that the whole system would acquire for a given
allocation of tasks is very hard to predict: vehicles are uncertain of their action
outcome (e.g, a boat might be stalled while traveling towards an interesting area)
and, more important, even if a task is completed successfully the reward for the
team might be different than what is expected (e.g. it could be very hard to
decide which group of civilians is more in need of help without having accurate
information about their situation).
Finally, vehicles might need to form coalitions to execute tasks. Consider
the example where agents might need to form sub-teams to approach a group
of civilians while maintaining connectivity with the base station, or to search
a given area of the environment where there is a high chance of discovering
civilians. In our formulation coalition effects can be expressed by representing
rewards as a set of functions instead of as a matrix: Rt = {rjt (at1j , · · · , at|A|t j )}
and considering the following objective function2 :
t

arg

max

{Ats ,···,Ate }

te |T
X|
X

rjt (at1j , · · · , at|A|t j )

t=ts j=1

Coalition formation is known to be a very hard problem to solve and current
solutions can find optimal coalitions only for relatively small number of agents
(in the order of 30) [20], so there is a clear need for approximate solutions in
this context.
As mentioned above, there exists many potential approaches to address our
task allocation problem, that range from approximate DCOP solution techniques
[21, 5, 11, 4], to decomposing the problem as mixed integer linear programming
problems [12, 15], market based approaches [9, 16], hybrid approaches [14, 13], etc
and that have been used in similar application domains. Despite the fairly rich
suite of algorithms for addressing team planning, the dynamic and complex environments, continuous configuration and observation spaces, and relative large
team sizes coupled with limited computing and sensing far exceed the complexity
handled by many existing approaches. Deciding how to represent the problem
and determining which classes of algorithms are effective remains an open area
of research.

6

Discussion

In order for the problem to be accepted in the MAS community as an open challenge problem, a case-study and subsequent feasibility analysis of the various de1
2

With complete algorithms we are guaranteed to find the optimal solution
If we aim to solve this problem using linear programming techniques we need to represent the reward for each possible coalition, this results in a combinatorial element
in the complexity of the problem.

scribed components including vehicle design, intelligence and team-intelligence
for the outlined problem must be performed. The feasibility analysis would allow
us to identify system bias and weight associated with individual components as
it affects overall system performance. This subsequently would allow us to formulate the challenge as a mathematical problem that can then be modeled for
a simulator or real-world system. Genuine practical success may require that a
modular open source architecture is developed into which various algorithms can
be inserted. The development of such an architecture would also separate the
hardware development from the software development and allow for researchers
to collaborate and focus on specific domain. As part of the development framework, we are working on building a realistic simulator for the project as well
as developing a prototype vehicle model.The simulator is intended as a open
source resource that will allow the community to test and evaluate individual
component algorithms as well as a full-system model on a common platform.
Furthermore, the feasibility study will also address an important component
of any multi-robot system, evaluation metrics.The mission critical nature of the
operating domain dictates the need for a high operating efficiency for the Airboats Challenge . In order to objectively evaluate operational performance, there
is a need to have a well-defined and detailed set of metrics. Based on observations
from earlier work in developing metrics for multi-robot teams [10]. we believe
that for the challenge problem the success metric should be a combination of
qualitative and quantitative measures that can be used to analyze, evaluate, and
subsequently improve performance of a team of airboats towards the overall goal
of mitigating disasters during flooding. The goal therefore is to identify a set of
flexible tools for researchers to use for in-depth system analysis. In addition, it
is important to identify evaluation criteria that can help determine the quality
of a metric in terms of the domain specific constraints, comprehensive understanding, construct validity, statistical efficiency, and measurement technique
efficiency [3]. The idea of identifying generalizable classes allows researchers to
independently evaluate specific sub-problems that constitute the challenge.
Finally, the unfortunate prevalence of floods will give many opportunities
for solutions to be field tested, requirements to be updated and new designs to
be explored. Beyond constrained environment testing, real world evaluation in
places like the Philippines are essential for extended evaluation.

7

Conclusions

In this position paper, we present a challenge problem of using cooperative
airboats to perform flood disaster mitigation. Floods are the natural disaster
with the biggest annual impact and dis-proportionally affect the economically
backward. We have outlined the key technical challenges and argued that the
research from the MAS community is well suited to tackle many of the technologies that are necessary to develop a low-cost, high-impact solution. We are
currently developing prototype simulators and robots to work on this problem
and anticipate initial testing to occur in the near future. We plan to make the

simulation environment open for anyone in the community to test and contribute
algorithms. It is also planned to make it possible for anyone in the community
to provide code for key MAS functions on the robots themselves. This will provide both a realistic and important test for the algorithms and allow the MAS
community to make a genuine contribution to the world.
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