An Agent-based Framework for UAV Collaboration
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Abstract

Unmanned air vehicles are becoming an essential tool
of modern warfare. Teams of unmanned air vehicles
may be called upon to perform tasks that cannot eas-
ily be accomplished using an individual air vehicle. In
this paper, we present a framework for collaboration
among a team of unmanned air vehicles. Under this
framework, each individual air vehicle serves as an au-
tonomous agent sensing its environment and respond-
ing to changes (perceived threats) in the environment
by analyzing the changes, and taking necessary ac-
tions. The response can vary from minor corrections
in the air vehicle’s own path, to complete re-planning
of the flight path. As part of the response, additional
actions must be taken in terms of notifying other air
vehicles within the team of vehicles. The change in
the environment must be assessed and a decision must
be made to notify all the other members of the team,
a subset of the team, or that a notification is not nec-
essary. We present a knowledge-based framework for
the analysis of these threats and for planning further
actions. We also present a framework for the commu-
nication among the different agents. The communica-
tion framework attempts to minimize the amount of
communications in order to minimize the possibility
of detection.

1 Introduction

Scientific and Engineering advances in sensors, propul-
sion, wireless communication and other areas are
rapidly making it possible to develop Unmanned Air
Vehicles (UAVs) with sophisticated capabilities. De-
ployed individually, UAVs offer the potential to search
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for, detect, and destroy enemy targets in relatively
complex environments. They potentially reduce risk
to human life, are cost effective, and superior to
manned aircraft for certain types of missions. It is
desirable for UAVs to have a high level of intelligent
autonomy, to carry out mission tasks with little ex-
ternal supervision and control. As individuals, UAVs
must be capable of functioning in multiple modes of
operation, such as launch, search, waypoint following,
precision strike, battle damage assessment (BDA), and
cooperative classification of threats. There are many
types of missions for which it is potentially advanta-
geous to deploy multiple UAVs working cooperatively
in teams. This raises important issues involving trade-
offs between centralization and decentralization of con-
trol and decision-making. Cooperative control strate-
gies for resource allocation concern ways to assign mis-
sion tasks among multiple UAVs to accomplish force
multiplication effects. These strategies vary in the de-
gree of communication required, and the degree of au-
tonomy provided to individual UAVs. It is also highly
desirable for cooperating UAVs to quickly and intelli-
gently adapt to new battlefield information provided
by sensor suites.

1.1 Path Planning

Path planning for UAVs involves using mathematical
procedures for generating sequences of waypoints that
can be followed by a vehicle with known flight dynam-
ics to carry out a mission in the presence of enemy
threat. The mission might involve search, surveil-
lance, reconnaissance, or delivery of weapons. So-
lution methods involve computational geometry con-
structs that superimpose variable density meshes that



discretize a continuous geographical area of interest,
and employ network and combinatorial optimization
search techniques (such as A* search) to generate the
paths. The resultant paths avoid enemy threat cen-
ters (radar, anti-aircraft artillery) and terrain obsta-
cles such as mountain peaks. The mathematical meth-
ods are scalable to quite large problems.

1.2 UAV Autonomy

We view the ability to quickly and autonomously gen-
erate high performance paths as being an fundamen-
tal capability for individual UAVs, as essential as the
ability to sense the environment, and maneuver and
regulate the aircraft. However, there are many types
of missions for which it is potentially advantageous to
deploy multiple UAVs working cooperatively or collab-
oratively as a team. Cooperative control raises a host
of issues, involving such things as signal processing
and communications, dynamics of formation control,
distributed sensor fusion, and embedded applications.
The issues are significantly complicated by the impor-
tance of the UAVs being adaptive, accepting new in-
formation from sensors on the fly, and incorporating
that information into intelligent decision making while
underway. Resource allocation strategies vary in the
degree of communication required, and the degree of
autonomy provided to individual UAVs.

1.3 Missions involving Multiple UAVs

We identify three types of potential advantages of mul-
tiple UAVs over a single UAV in accomplishing mis-
sions:

Partitioning their workload. During a given
block of available mission time, multiple UAVs work-
ing independently can potentially carry out more tasks
than a single UAV. Some examples include: i) Divid-
ing the workload of a search mission geographically
(assigning the UAVs to non-overlapping search areas)
or functionally (assigning the UAVs to deploy differ-
ing sensors, or the same type of sensors in differing
ways), and ii) Dividing the workload among differing
mission tasks, such as attacking targets, or carrying
out surveillance, or reconnaissance objectives.

Coordinating their workload. Multiple UAVs
can achieve synergistic effects or perform missions and
tasks that would be impossible with a single UAV.
Some examples include: i) Searching areas that are
crossed with impenetrable lines of enemy defenses,
making it impossible for a single UAV to search the

entire area, but easily done by two or more, ii) Ac-
quiring a wide-baseline stereo image, using two cam-
eras precisely synchronized and separated by a pre-
scribed distance, iii) Sharing information acquired by
sensors among the members of the team, increasing
the value of the choices that individual UAVs make
through their autonomous decision-making systems,
and iv) Synchronizing or otherwise coordinating the
activities of multiple UAVs in time, such as striking
a target with multiple weapons at precisely the same
time, or using a decoy to deliberately attract attention
from the enemy followed by deploying strike vehicles.

Building in redundancy. The likelihood of suc-
cessfully carrying out a mission is potentially enhanced
if certain capabilities are replicated across a team. For
example, if a UAV carrying out a task of high impor-
tance is disabled, another UAV could take on the task.
Or in an architecture with a leader and followers, a
line of succession procedure could appoint a new, and
capable leader to replace one that becomes disabled.

1.4 Task Allocation among Multiple
UAVs

As discussed in [7], we have implemented a mathemati-
cal optimization model for assigning task to UAVs that
is based on linear network optimization modelling, and
has the advantage of very fast computational times
and scaling well to larger problem sizes.

It is a time-phased network optimization model de-
signed to produce task assignments for all the UAVs
functioning as a team each time it is run. The model
is intended to run simultaneously and autonomously
at discrete points in time on all of the UAVs, and ex-
plicitly assign each to a task. Tasks could include such
things as carrying out a target strike, directing a sen-
sor at a detected object to possibly clasify it, searching
a particular area, or doing an assesment of battle dam-
age. We begin with a set of UAVs with known amounts
of available flight time, and deployed as a team. Tasks
fall into known classes, and there are ways to associate
values or scores with doing them. The path planner
is able to provide probabilities of survival for a given
path. Target value, available resources and survival
probabilities make up the parameters for the model.
Some information about the task is available at the
outset, and further information about the tasks and
their positions is obtained by the UAVs carrying out
searches and classyifying what they find.

Task allocation decisions are determined by solving
the network optimization model. The receipt of new



task information is viewed as event that triggers the
formulation and solving of a fresh network optimiza-
tion problem that reflects the new current conditions.

1.5 Architectures for Coordinated

UAYV Behavior

Most proposed architectures for command and con-
trol of multiple UAVs adopt a hierarchical architec-
ture. Figure 1 illustrates an architecture that we are
developing.

The hierarchy controls the complexity of the coordi-
nated control strategies, yet retains essential modeling
constructs that are tractable at each level. Agents at
each level have access to the knowledge and databases
corresponding to their level, and can also freely access
information from the next lower level. An agent at
any given level has no need to know about informa-
tion, knowledge, or data at any level higher than its
own.

At the top level of the hierarchy, the Inter-team
Cooperative Control Planning Agent is basically re-
sponsible for configuring teams of UAVs and providing
them with their goals. This agent has visibility of the
highest level goals and doctrinal goals for the overall
mission. If teams are pre- configured before takeoff,
this agent will primarily be responsible for determin-
ing if teams should be reconfigured as new informa-
tion is received and situation awareness improves. The
models it invokes are expected to request and receive
information from the Intra-team Cooperative Control
Planning Agents at the next lower level. Based on
this information, this agent may autonomously aban-
don certain high-level goals in favor of others.

The domain of responsibility for a second-level
Intra-team Cooperative Control Planning Agent in-
volves the division of responsibilities among the UAVs
working within a configured team. Leadership respon-
sibilities and coordination mechanisms depend on the
mission, the models available to support accomplish-
ing the mission, available data, and the capabilities of
the UAVs comprising the team.

At the third level, the UAV planning agents func-
tion specifically within an individual aircraft. These
on-board planners should accept a specific goal that is
appropriate for a single UAV, then invoke models for
path planning and scheduling to meet the goal.

Finally, the UAV regulating agents are charged with
providing command sequences for the aircraft itself, to
do such things as following trajectories, turning sen-
sors on an off, executing maneuvers, changing speed,
and releasing weapons.

2 UAV communication

In order to cooperatively plan and execute a mission,
UAVs must share some information involved in exe-
cuting both the task allocation model and the path
planner. The path planner must have access to any
new threat or target info or UAV position that would
effect the path of the UAV. The probabilities produced
by the path planner, and weapons and fuel availability
must be accessible to the task allocation model. This
is potentially a large quantity of communication in a
changing environment.

Commonly, one of two methods would be used
to control the communication: polling or subscrip-
tion/publish. Using subscription, a UAV agent would
subscribe to the information another UAV agent has
by sending a message requesting any changes to the
information base. That UAV would then forward the
requested information as it came in. This may lead
to inefficiency if the UAV must subscribe to more in-
formation than is necessary. Polling requires the UAV
agent to request each piece of information on a regular
basis. If there is no information the request is wasted.

In a hostile environment, cummunication must be
kept to a minimum. Excessive communication may
make it easy to track and destroy the UAV. Both
polling and subscription present inefficiencies by in-
troducing unneccesary communication.

As an alternative, we are developing ways to evalu-
ate and generate new information with various heuris-
tics which model the peer UAVs’ need for information.
If a UAV determines that it can provide information
that would affect another UAV, it volunteers the in-
formation as soon as possible. Delays are possible if
the information must be generated. Subscriptions and
requests for information can be reduced or eliminated.

As described above, a task allocation algorithm is
used to assign each UAV a task. This algorithm is run
on every UAV. Given the same initial values, every
UAYV will determine the same assignments. However,
two situations must be accounted for: data unique to
a UAV, and a support algorithm that must be dis-
tributed because of time.

Data unique to a UAV may include a threat which
was previously unknown. In this case, by the crite-
ria stated above, the UAV will heuristically detemine
which UAVs may be affected by the new information
and transmit the information only to them. The af-
fected UAVs would then re-evaluate their task alloca-
tions and modify them if appropriate.

In order to parameterize the task allocation algo-
rithm, the path planner is used. The path planner is
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Figure 1: Hierarchical Cooperative Control Hierarchy for UAVs. Requests for information propagate

downward, response propagate upward.

able to determine mission probabilities given a UAV-
target pair. This planner can take a significant amount
of time to execute. If there are m UAVs and n targets
then for the task allocation algorithm to run m * n
path planners must be run. Running m % n planners
on each UAV could be excessively slow. Allowing each
UAV to run only the planners for its own paths ex-
ploits the natural parallelism of the system, reducing
the complexity to n and saving critical time.

Task reallocation is triggered by new information.
This in turn triggers path planners on the affected
UAVs. Each UAV is able to determine which other
UAVs will be rerunning task allocation and sends its
updated path probabilities only to those UAVs. After
all path planners and CTPs complete the UAV will
progress to its assigned target.

We want to minimize communication in the hos-
tile environment. With this in mind, we divide the
information into three types: that which needs to be
shared with all other UAVs, that which does not need
to be sent to any and information which is only shared
with only some of the UAVs. New information of the
first two types are quickly handled by the respective

response. That of the last type can be evaluated on
the fly by a heuristic which determines the appropri-
ate/affected UAVs.

3 Knowledge Based Agents

Knowledge-based systems are increasingly playing an
important role in the advancement of all fields of sci-
ence, and technology as well as business and economy.
Consequently, knowledge based architectures have un-
dergone tremendous development in recent years re-
sulting in several successful paradigms that are cur-
rently in widespread use. The most promising of these
paradigms fall under the general category of “Task
Specific Architectures”. These methods have been
successfully applied in numerous domains, such as
industrial design, agricultural planning and financial
planning. A common underlying scheme behind these
applications is that they rely on heuristic knowledge
of the domain rather than precise numeric models.
This characterization implies that knowledge based
systems are inherently less precise than other tech-
niques. However, under circumstances where a pre-
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Figure 2: Information Processing Task of Routine
Design

cise solution method is not available, and in situations
where a precise model exists but is computationally
too complex to implement, it becomes crucial to rely
on knowledge-based alternatives.

3.1 Background on Key Knowledge
Based Systems Methodologies

In our overall problem solving architecture, we inte-
grate a number of Generic Tasks (GT’s). We will
present here as an example, two GT problem-solving
types; hierarchical classification ([3],[8]) and routine
design ([2],[5]).

Hierarchical classification is intuitively a knowledge
organization and control technique for selecting among
a number of hierarchically organized options. Hierar-
chical classification relies on developing a hierarchical
taxonomic view of the problem on hand and classify-
ing arising situations into a category within this tax-
onomy. As a selection methodology, it is readily un-
derstood, and will not be further described here. For
more detail on hierarchical classification see ([3],[8]).
Routine design is not as intuitive and will be described
in more detail here.

The Routine Design GT forms a high level plan-
ning template for the generation of design assemblies
as well as for the generation of plans of actions. We
have previously used Routine Design as the backbone
of an engineering design system [4] as well as for an
agricultural planning system [6].

The basic intuition underlying Routine Design
is that a successful Artificial Intelligence technique
should follow the same method of reasoning as humans
do to be able to use predictions to form hypotheses
about how a human designer (planner) would behave
in situations that have not been observed or analyzed
and act accordingly.

A consequence that follows from this intuition is
the use of hierarchical structures of design specialists
to perform design, each responsible for a particular
part of the overall plan. Hierarchies are used not be-
cause the design (or planning) activity is intrinsically
hierarchical, but because hierarchical decomposition is
a typical means utilized to manage complexity.

The input is a set of planning constraints, and the
output should be a full set of specifications for the
required plan. The information-processing task can be
summarized as follows and as shown diagrammatically
in Figure 2:

e Working on a problem that has been done many
times before, each time with different but similar
requirements, until the problem solving knowl-
edge has been compiled into a form that allows
efficient solution of the problem, and

e Design proceeds with each sub-problem by se-
lecting from previously known sets of well-
understood alternatives. In a sense, plans gener-
ated using a routine design framework are novel
assemblies of plan segments of well understood
nature.

3.2 Use of Generic Task Agents for
Control of UAVs

As part of the overall architecture, Generic Task based
knowledge based systems will be integrated with more
precise numeric models. Under circumstances where
sufficient planning time is available, precise numeric
models will be the preferred choice. However, under
circumstances where time is of essence, the complexity
of the numeric models will be avoided by relying on
knowledge based results. Within this framework, a
hierarchical classification system is integrated as an
independent agent within each of the UAVs for the
classification of emergent situations. For example, as a
result of a UAV being notified of the existence of a new
threat, it would quickly classify the situation as one
where it needs to re-plan its route, abandon its current
mission, ignore the threat, ...etc. Another knowledge-
based component that will be integrated within each
UAV is a routine planning agent to plan the sequence
of actions (plan the new path, notify the command
center, notify other UAVs, ...etc.) to be followed by
the UAV after classifying the current situation.

4 Example

One potential scenario involves three UAVs (a, b and
¢) enroute to attack three targets.

1. During flight, b discovers a threat. b determines
that the threat does not affect a but does affect
c. After sending a message to ¢; b and ¢ each
replan paths to their respective targets. Both ¢
and b are able to find a path of similiar quality



to their previous paths and adjust themselves ac-
cordingly.

2. Alternatively, b may not have been able to find a
path of similiar quality. In this case, b would de-
termine that the group needs to reevaluate tasks
and sends this information to both a and ¢. All
three evaluate paths to all targets and share their
information with the other two UAVs. If a vi-
able solution is found, each UAV will assign itself
to the appropriate target, otherwise, the mission
will be aborted by all three.

In the first case, only the information about the new
threat must be transmitted to ¢ only. Replanning for
this new threat is handled by the UAVs independently.

The second case presents a case in which more
UAVs will need to cooperate in order to solve the
problem. A total of nine messages are sent. First,
the message from the first case (1). Then b shares its
problem with maintaining the current plan with each
other UAV (2). Finally, each UAV shares with the
other UAVs its capabilities for each target (3  2).

Without the heuristic determination of who is af-
fected by new information, both cases send eight mes-
sages. b would send out the new threat information
to both a and ¢ (2). Upon recalculation, each UAV
shares with the other UAVs its capabilities for each
target (3 *2). So, if case 2 occurs less than 86% of
the time then the communication with heuristics will
involve less communication.

5 Future work

The linear network optimization model has already
been implemented, but additional work must be done
to break the independence of sequential tasks in this
model to make it realistic for the application. This
can be possibly done iteratively, or by assigning sub-
sequences rather than single tasks. Combinatorial
optimization approaches, such as the generalized as-
signment problem, are well-established as application
models in routing and scheduling. This approach is of
value when simultaneously striking a target with mul-
tiple UAVs, to increase the probability of destroying
the target. Work has to be done on this approach and
implemented. Neuro-dynamic programming is a rela-
tively new class of dynamic programming methods for
control in sequential decision problems under stochas-
tic condition. They have been effective in problems
with large state spaces in which accurate models are
difficult to formulate. Bertsekas [1] has pioneered the

approach. This approach is currently being investi-
gated and will be implemented soon. The hierarchy
agent architecture discussed is a good starting point
for investigation. More helper agents could be added
at each level to handle the complex task of that level
and to make the UAV very veratile in handling alien
condition. The communication issue between agents
on the same UAV is not complex and can be handled
easily, but new and latest techniques need to be ex-
plored for communication between two seperate UAVs.
We have tried to reduce the communication between
them in this paper but safer transporting medium is
still to be explored.
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