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Abstract Uninhabited autonomous vehicles(UAVs) are an increasingly important
part of battle¯eld environments, and may soon be common in civil-
ian applications such as disaster relief, environmental monitoring and
planetary exploration. Such vehicles may be airborne, land-based or
aquatic, though the focus so far has been on airborne vehicles for mil-
itary applications, and this is the focus of the research presented here.
We consider a heterogeneousgroup of UAVs drawn from several distinct
classesand engagedin a search and destroy mission over an extended
battle¯eld. During the mission, the UAVs perform Search, Con¯rm, At-
tack andBattle Damage Assessment (BD A) tasks at various locations.
The tasks are determined in real-time by the actions of all UAVs and
their consequences(e.g., sensorreadings), so that the task dynamics are
stochastic. The tasks must, therefore, be allocated to UAVs in real-time
as they arise, while ensuring that appropriate vehicles are assignedto
each task. Each classof UAVs has its own sensingand attack capabili-
ties, so the need for appropriate assignment is paramount.

We present a simple cooperative approach to this problem, basedon
distributed assignment mediated by centralized mission status informa-
tion. We also suggestmethods for decentralizing the allocation process
using a minim um disturbance approach termed MiD AS (Minim um Dis-
turbance Allo cation Strategy).

¤ This work was supported by the AFRL/V A and AF OSR Collab orativ e Center of Control
Science (Gran t F33615-01-2-3154).
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1. In tro duction

Over the last decade,unmanned vehiclessuch as airborne drones or
minesweeping robots have becomean increasingly feasible part of the
battle¯eld environment, and may soon be common in civilian applica-
tions such asdisaster relief, environmental monitoring and planetary ex-
ploration. However, the unmanned vehiclesin current use, such as the
Predator, are not autonomous,and require remote guidanceby a team
of human operators. Not only is this expensive and risky, it also places
a fundamental limit on the scalability and range of such systems. Moti-
vated by recent advancesin intelligent systemsand cooperative control,
many researchers have beenstudying large groups of truly autonomous
vehicles | called unmanned autonomous vehicles or UAVs | acting
in concert to accomplish di±cult missions in dynamic, poorly known
and/or hazardousenvironments (Passino,2002; Chandler and Pachter,
1998;Chandler et al., 2000;Chandler and Pachter, 2001;Chandler et al.,
2001;Chandler, 2002;Beard et al., 2000;Beard et al., ; Bellingham et al.,
2001; Jacques,1998; Li et al., 2002; McLain and Beard, 2000; McLain
et al., 2002; Moitra et al., 2001; Polycarpou et al., 2001; Polycarpou
et al., 2002;Schumacher et al., 2001). The work reported here presents
an approach to this problem.

We considera heterogeneousgroup of UAVs drawn from several dis-
tinct classesand engagedin a search and destroy mission over an ex-
tended battle¯eld with known and unknown targets. The UAVs must
cooperatively search the environment, con¯rm known targets, discover
and con¯rm new ones, attack them with appropriate munitions, and
con¯rm their destruction. This de¯nes a time-varying set of tasks over
the environment that must be accomplishedby UAVs of the appropriate
classessuch that the overall missioncompletion time is minimized. Since
the tasks are determined by the actions of the UAVs and their stochas-
tic consequences,the processof task generation is stochastic and not
predictable aheadof time. This, in turn, requires that the UAVs select
tasks in the battle¯eld as they arise. The primary determinants of this
selectionare: 1) The locations of tasks and UAVs; and 2) the UAV ca-
pabilities required for each task. This createsa problem similar to many
other assignment problems, but most closely related to the dynamic
vehicle routing problem (Schouwenaars et al., 2001; Tan et al., 2002),
albeit of much greater complexity given the several typesof vehiclesand
tasks. Our goal, ultimately , is to develop a truly decentralized approach
to the e±cient heuristic solution of this problem. However, in this paper,
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we present a simple, somewhat preliminary model where UAVs choose
tasks autonomously in a decentralized way but use a central cognitive
map that provides an instantaneous and accurate summary of the cur-
rent situation as known to the UAV team. Future work will address
the problem of decentralizing the cognitive map and the consequences
of this decentralization.

The approach we follow is motivated by the seminalwork of Chandler
and Pachter, and their collaborators (Chandler and Pachter, 1998;Chan-
dler et al., 2000; Chandler and Pachter, 2001; Chandler et al., 2001;
Chandler, 2002;Schumacher et al., 2001). It is also related closelyto re-
cent work by several other researchers (Beard et al., 2000;Beard et al.,
; Bellingham et al., 2001; Jacques,1998; Li et al., 2002; McLain and
Beard, 2000; McLain et al., 2002). A comprehensive overview of the
research problems associated with UAV teams is available in (Passino,
2002).

1.1. Scenario

We considera L x £ L y cellular environment, N UAVs , M stationary
targets, ° i , i = 1; :::; M with locations, (x°

i ; y°
i ), and no threats. Though

we require that the UAVs completely search the entire environment, we
do not include any hidden targets in the simulations reported here.

A seriesof tasks need to be accomplishedat each target location as
described below. A canonical task set, TT, is de¯ned to comprise all
the tasks that the UAVs can undertake at a target location. In this
formulation, we have:

TT = f Search;Conf ir m; Attack ; B attl eDamageAssess(B DA); I gnoreg

1.2. UA V Mo del

Every UAV, ui , is characterized by an expertise vector, that gives in-
formation on the UAV's capabilities with regard to the tasks in the task
set, TT. The expertise vector for UAV ui is »i = f »ij g; j = 1; : : : ; n; 0 ·
»ij · 1, where »ij indicates the UAV's expertise for task Tj . The exper-
tise re°ects the quality of UAV's capabilities. This formulation can be
usedto specify classesof UAVs with speci¯c functional repertoires (e.g.,
reconnaissanceUAVs and attack UAVs), but UAVs can have individual
expertise pro¯les in the general case. These pro¯les may also change
with experience| representing learning. The matrix ¥ with expertise
vectors as rows is termed the expertise matrix for this problem.

UAVs move autonomously in the environment, scanning, communi-
cating with other UAVs, making decisions,and performing tasks.
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1.3. System Dynamics

At any time, t, every cell, (x; y), in the environment hasan associated
task status, T(x; y; t), indicating what a UAV needsto do in that cell.
The task status of all cells, T(t) = f T(x; y; t)g, represents the state of
the environment, termed the task state. The dynamics of the task state
is mediated by the target occupancy probability (TOP) , P(x; y; t), of each
cell, (x; y), de¯ned as the estimated probabilit y that the cell contains a
live target.

UAVs move in the environment seekingto accomplishthe tasks cued
at the cellsthey occupy. In the current (centralized) model, it is assumed
that all UAVs know the current task state, and actively plan their paths
to perform tasks suited to their capabilities, bidding for tasks and mak-
ing commitments in concert with the team. Actions and observations
by UAVs change the TOP, and the task status of each cell is updated
basedon TOP thresholds as described in the next section.

The conf ir m, attack and B DA tasks form the set of assignabletasks,
i.e., tasks for which the UAVs are assignedexplicitly . TheseUAVs move
purposively to the locations of their assignedtasks and perform them.
search and ignore comprise the set of automatic tasks, i.e., any UAV
passingthrough a cell with oneof thesetask statusesautomatically per-
forms the indicated task | possiblywith varying quality amongdi®erent
UAVs for search. However, UAVs do not actively bid for these tasks.
The search task does have an e®ecton UAV movements as described
later.

All locations whosetask status at time t corresponds to an assignable
task form the set, L (t), of current target locations (CTLs) . The task,
¿j , at each CTL, (x j ; yj ), hasan assignmentstatus, A j , which cantakeon
the valuesfrom the set f avail able; associated; assigned; active; completeg.
The assignment status indicates whether the task is open for bidding
(available), has been provisionally assignedto a UAV (associated), has
been¯rmly assignedto a UAV (assigned),is being currently performed
by a UAV at the location (active), or has been ¯nished (complete). A
completed task is accompaniedby an immediate transition in the task
status of the CTL, possibly to the sametask.

The state, Si (t), of a UAV, ui , at time t comprisestwo parts:

A physical state, which includes information on its position, ¸ i (t),
and orientation, ±i (t).

A functional state, which indicates the identit y and location of the
speci¯c task (if any) to which the UAV is committed or hasbid for,
the corresponding commitment status (seebelow), and the UAV's
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expected cost for performing this task. The commitment status,
K i (t), of UAV ui takeson valuesfrom the set:

f open; competing; committedg

indicating whether the UAV has no commitment (open), has bid
on a task or beenassociated with one(competing), or is assignedto
a task and, possibly, is performing it (committed). The functional
state of an open UAV has NULL values in its other ¯elds. The
search and ignore tasks require no commitment, and correspond
to a NULL functional state.

As ui moves in the environment, it performs an action, ai (t), in each
cell, (x i (t); yi (t), that it visits at time t. The actions are drawn from
a canonical list, and include such acts as taking various kinds of sensor
readings and ¯ring various types of munitions. Doing nothing is also a
possibleaction, and is termed the null action. The action performed by
the UAV in cell (x i )t); yi )t)) is selectedfrom this canonical list by an
action selection function, G

ai (t) = G(T(x i (t); yi (t); t); Si (t)) (1)

Thus, the selectedaction is basedon the current task status of the cell
and the UAV's own state in terms of capabilities and commitment. If the
action is a sensorreading, it returns an observation value, bi (t), which
is a stochastic quantit y.

While actions are performed by UAVs, we also denote by a(x; y; t)
the set of actions (including null actions) performed by all UAV's in cell
(x; y) at time t, and by b(x; y; t) the set of observations (if any) taken
by the UAVs.

a(x; y; t) = f ai (t)8i s:t: ¸ i (t) = (x; y)g (2)

b(x; y; t) = f bi (t)8i s:t: ¸ i (t) = (x; y)g (3)

This determines the updates of the TOP value at (x; y) through a pos-
sibly stochastic TOP update function, F :

P(x; y; t + 1) = F (P(x; y; t); T(x; y; t); a(x; y; t); b(x; y; t)) (4)

If a(x; y; t) and b(x; y; t) have several elements (becausethe cell was
occupied by more than one UAV at time t), the TOP update iterates
over them. The TOP value, in turn, determines the dynamics of the
cell's task status, which is updated via a deterministic automaton whose
transitions depend on threshold crossingsin P(x; y; t) (Figure 1):

T(x; y; t + 1) = H (T(x; y; t); P(x; y; t + 1); µ) (5)
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where the parameter vector µ represents the set of threshold valuesused
for transitions. Together, Equations (1) | (5) de¯ne the dynamics of
the system. Note that the actions of the UAVs causestate transitions
in the environment which, in turn, drivesthe actions of the UAVs. The
dynamics is made stochastic by the stochasticity of b(x; y; t) and the
TOP update function, F (seebelow).

The TOP Up date Function. As described above, the task status
of each cell is updated basedon the crossingof preset thresholds by its
TOP. Thus, the TOP update function, F (¢), is crucial for the system's
dynamics. As indicated in Equation 4, the TOP update depends on a
cell's current task status, and we de¯ne F (¢) separately for each case.

1 Task 1: Search:

A UAV, ui , engagedin the search task makes a sensorreading
intended to detect targets. The resulting observation is given by
bi (x; y; t) = 1 if the sensordetects a target and by bi (x; y; t) = 0
is it does not. The sensor is assumedto be imperfect, with a
parameter ® characterizing its detection accuracy:

® =
P(bt jA )

P(bt

¯
¯
¯A )

where A is the event that a target is actually located in the cell
being scanned.

When the UAV's search sensor reports a target present in cell
(x; y), i.e., bi (x; y; t) = 1, the update is:

P(x; y; t + 1) =
®P(x; y; t)

1 + (®¡ 1)P(x; y; t)
(6)

When the UAV's search sensorreports there is no target in cell
(x; y), i.e., bi (x; y; t) = 0: (x; y),

P(x; y; t + 1) =
1 ¡ P(x; y; t)

1 + (®¡ 1)P(t)
(7)

These update equations are derived basedon Bayesian inference
(seeAppendix).

A cell with the search status remains in this status until its TOP
falls below the resolution threshold, pr , or exceedsthe suspicion
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threshold, ps. In the former case,it transitions to ignore and in
the latter to conf ir m.

2 Task 2: Con¯rm:

This status is invoked when the TOP, P(x; y; t), for a cell (x; y)
with status search reaches the suspicion threshold, ps, indicating
a signi¯cant possibility of a target being present there. The cuing
of a conf ir m task at cell (x; y) indicates that a UAV with the
appropriate sensorsshould move purposively towards the cell and
scan it. All cells where targets are suspected at mission inception
are initialized with the conf ir m task and given a TOP of ps. The
conf ir m task is functionally identical to search, but is assignable
to UAVs with the appropriate expertise whereassearch is not.

The TOP update function is as given in Equations (6) and (7).
However, the sensorsused neednot be the sameas those used in
search, and may have a di®erent value of ®. The cell remains in
the conf ir m status until its TOP falls below ps (as a result of
failure to con¯rm suspicions) or exceedsthe certainty threshold,
pc. In the former case,the status changesback to search, in the
latter to attack.

3 Task 3: Attack:

If P(x; y; t) at cell (x; y) with status conf ir m exceedsthe certainty
threshold, pc, its status transitions to attack, indicating that an
appropriately armed UAV should proceedto the location and at-
tack it with the correct munition. Once this action is performed,
the UAV changesthe TOP for that location in accordancewith an
internal model (seeAppendix).

The update function given by the simple model is:

P(x; y; t + 1) = P(x; y; t) (1 ¡ Ps) (8)

where 0 · Ps · 1 is the probabilit y that the target is destroyed
in the attack. Di®erent typesof UAVs can have di®erent valuesof
Ps for di®erent target types.

A cell with status attack remains in this status until its TOP
exceedsthe exit threshold, pe, which causesa transition to status
B DA.

4 Task 4: BDA:
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If, as a result of an attack in a cell (x; y) with an attack status,
the cell's TOP falls below the exit threshold, pe ¸ ps, the cell
transitions to the B DA status. The task here is to verify that the
TOP has indeed fallen below pe.

The B DA task, like search and conf ir m is purely observational,
and usesthe sameupdate equations (6) and (7). If the result of
the update producesP(x; y; t + 1) ¸ pe, the cell transitions back
to attack; if pr · P(x; y; t + 1) · pe, it transitions to search; and
if P(x; y; t + 1) < pr , the cell transitions to ignore. The value pr
(resolution threshold) corresponds to a value so low as to exclude
any possibility of a target. Note that setting pr = 0 e®ectively
eliminates the ignore state. However, ignore is a useful state
since it allows the speci¯cation of regions that should speci¯cally
be excluded from the search. It also allows a mission termination
condition to be de¯ned concisely.

5 Task 5: Ignore:

As discussedabove, this state appliesto cellsthat do not even need
to be scanned. This may be becausethey are known a priori to
harbor no targets, becausethey have beenscannedsu±ciently to
be excluded, or becauseknown targets there have beendestroyed
veri¯ably .

Figure 1 shows the transitions between states using an automaton
formulation.

1.4. Certain t y Dynamics

As TOP estimates are updated via search, it is important also to
quantify the \reliabilit y" of theseestimates. For example,if P(x; y; t) for
a location is closeto zeroafter several UAVs have scannedit, onecan be
more certain that it hasno target than if the TOP is basedon an initial
guess.Indeed, while the conf ir m, attack and B DA tasks are driven by
the TOP, the search task must be driven by this con¯dence factor We
quantify it by de¯ning a certainty variable, Â(x; y; t) 2 [0; 1], for each
(x; y). The initial value, Â(x; y; 0), is basedon the a priori information
about the occupancyof (x; y) (e.g., if all targets are land-based,locations
corresponding to a lakemay beginwith P(x; y; 0) = 0 and Â(x; y; 0) = 1).
Most locations would typically begin with a certainty of zero. Each time
a UAV visits (x; y) and makesan observation, the certainty changesas

Â(x; y; t + 1) = Â(x; y; t) + 0:5(1 ¡ Â(x; y; t)) = 0:5(1 + Â(x; y; t)) (9)
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Figure 1.1. Task Dynamics. Where, Ps=suspicion threshold, Pc=certain ty thresh-
old, Pe=exit threshold, Pr=resolution threshold.

This formulation, originally proposedin (Yang et al., 2002b),provides
a simple way to track the number of useful \lo oks" each location hashad
and captures the notion of diminishing returns with each look.
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2. Algorithm Description

We considera team of UAVs, ui , drawn from two known classeswith
well-de¯ned capabilities (target recognition (TR) and attack (A)). All
UAVs are assumedto have sensorsneededfor search. The UAV classes
are represented by distinct expertise vectors,»ij , with respect to the ¯v e
tasks in the task set:

TR Class UA Vs have »ij = f »S
1 ; »C

1 ; »A
1 ; »B

1 ; »I
1g.

A Class UA Vs have »ij = f »S
2 ; »C

2 ; »A
2 ; »B

2 ; »I
2g.

All »T
k are between 0 and 1. In keeping with the capability designa-

tions, we set: »S > »S
2 , »C > »C

2 , »A < »A
2 , »B > »B

2 , »I = »I
2.

The UAVs operate in a region where certain targets are suspected
to exist. No threats are considered in this preliminary model. The
UAVs' mission is to search all cells that are not designatedignore, and
to perform conf ir m, attack and B DA tasks on each target known or
discovered through search. For each task, the team must try to use
UAVs best suited to it.

2.1. Information Base

All UAVs have instantaneous and noise-freeaccessto a centralized
information base(IB) , which comprisesthe following items:

1 The TOP map P(x; y; t) 8(x; y).

2 The certainty map Â(x; y; t) 8(x; y).

3 The task status map T(x; y; t) 8(x; y).

4 The assignment status map A(x; y; y) 8CTL(x; y).

5 The UAV state vector, S(t) = f Si (t)g 8ui .

Each UAV readsand updates the IB at each step.

2.2. Initialization

The mission begins with an externally supplied TOP map for the
environment. Typically, this would include P(x; y; 0) · ps for regions
where targets are unlikely (or impossible),P(x; y; 0) = ps for suspected
target locations, and ps < P(x; y; 0) < pr for other locations. Thus, the
suspected target locations are cued with available conf ir m tasks and
the rest with search or ignore tasks. The UAVs' initial positions are
also given. All UAVs initially have the open status.
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2.3. Initial Assignmen t

Given the initial tasks and UAV positions, the ¯rst step is to assign
an initial task to each UAV. We denote the current set of assignable
tasks by Ts = f ¿kg, and use j k to denote the identity of task ¿k , i.e.,
whether it is conf ir m (j k = 2), attack (j s = 3), or B DA (j s = 4). The
assignment is done as follows:

1 Each UAV ui calculatesa cost value, hik , with respect to all avail-
able or associated assignabletasks, ¿k :

hik = ! 1 ¤ dik + (1 ¡ ! 1) ¤ exp(¡ »ij k ) (10)

where! 1 is a positive parameter, 0 · ! 1 · 1, dik is the normalized
distance between UAV ui and the location of task ¿k . »ij k is the
expertise of UAV ui for task j k .

2 Each UAV, ui , choosesa task ¿k¤
i
, which satis¯es hik ¤

i
< hik for all

the other ¿k 's. Note that already assigned tasks are not considered
in this process.

3 Each UAV, ui , reports its preferred task ¿k¤
i
, the corresponding

valueof the distancedik ¤
i
, and the costvaluehik ¤

i
to the information

base.

If the status of the task ¿k¤
i

is available (i.e., the task has
not beenbid for by any UAV), then ui is consideredfor this
task. If the distanceto the task location is within a threshold
(dik ¤

i
· µA ), task ¿k¤

i
is assigned to UAV ui , whose status

changesto committed. The task is removed from the pool
over which UAVs are competing. If dik ¤

i
> µA , task ¿k¤

i
is

associated with UAV ui , whose status is set to competing.
The task, in this case,still remains open for competition.

If the status of the task ¿k¤
i

is associated (i.e., someother UAV,
ul , hasbeenprovisionally given this task), then the costshik ¤

i
and hlk¤

i
are comparedand the UAV with the smaller cost is

assignedor associated with the task under the threshold rule.
The UAV that losesthe competition stays in the competing
pool for the remaining tasks.

4 The processcontinuesiterativ ely until all UAVs havebeenassigned
a task (we assumethat the number of tasks exceedsthe number
of UAVs).
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2.4. Assignmen t Up date

When the initial assignment is completed, each UAV begins to move
towards its assignedor associated task. As it passeseach cell, the TOP
in that cell is updated in accordancewith the update dynamicsdescribed
above. When it gets to its assignedtask, it performs the task and leads
to a TOP update there. A new task is then cued at the CTL, and the
UAV's status reverts to open. Depending on whether the last action
causedthe TOP to crossa task transition threshold, the new ask may
be the sameas the previous one or not. Locations that previously did
not have suspected targets can becomeCTLs if search raisestheir TOP
above ps. This corresponds to the \discovery" of a new target. Each
new assignabletask | whether at an existing CTL or a new one | is
cued with an availablestatus.

At all times, all open and competing UAVs are being consideredfor all
availableand associated tasks. The UAVs are processedin a randomized
sequenceaccording to the same algorithm as that used for the initial
assignment. The processcontinues until all locations have an ignore
status or sometime threshold is meet.

2.5. UA V Mo vement

At all times, open UAVs moveby following the most locally productive
search direction, which is determined via the certainty variable. We use
a particularly simple model in this paper, where the UAV compares
the certainty values for all possible next positions and always moves
to the one with the lowest certainty. Ties are broken randomly. In
other work (Yang et al., 2002b;Yang et al., 2002a),we have considered
more sophisticated approaches for determining e±cient search paths.
Competing and committed UAVs follow the most direct path to their
target locations.

3. Performance Measures

The goal for the UAV team is to cover the environment as rapidly as
possible in such a way that all cells reach the ignore task status, i.e.,
all cellsare completely searched and all targets neutralized. Speci¯cally,
we measuretwo times to quantify performance:

1 The target neutralization time (TNT) , which is the time
neededto neutralize all a priori known targets.

2 The jotal mission time (TMT) , which is the total number of
stepsneededto bring all cells to the ignore status.
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4. Sim ulation Results

One of the primary issuesconsideredin the simulations we report is
the e®ectivenessof search in combination with target neutralization. As
described earlier, the movement of uncommitted UAVs in the environ-
ment is driven by the needto search, mediated by the certainty variable.
We usesimulations to quantify the e®ectivenessof this search-driv en
(SD) policy in comparison with the naive random movement (RM)
policy. Note that the di®erent policies apply only to UAVs that are not
associated with or committed to a task; other UAVs always take the
shortest path to their designatedtarget location.

In the ¯rst simulation (Figures 2 and 3), we considera 15£ 15 cellular
environment with 10 UAVS | 5 ATR units and 5 attack units. The
number of targets is varied systematically from 10 to 50. The data for
each case is averaged over ten independent runs with random target
con¯gurations. Figure 2 shows that the SD and RM policies lead to no
signi¯cant di®erencein the TNT. The time taken to neutralize all known
targets appearsto scalelinearly with the number of targets, which is to
beexpected. Figure 3 showsthe TMT with the two policies,and hereit is
clear that the SD policy provides an extremely signi¯cant improvement.
Thus, using the SD approach gives up nothing in attack e®ectiveness
while greatly increasingsearch e±ciency.

Figures 4 and 5 show the results for the case with 8 ATR UAVs
and only 2 attack UAVs. While the actual mission duration is di®erent
becauseof the small number of attack UAVs, the results arequalitativ ely
similar to the previous case.

5. Decen tralization Approac h

As described above, the current formulation is a partially centralized
onein that all UAVs usethe same,globally and instantaneouslyupdated
cognitive map. However, the UAVs make their commitment decisions
autonomously, and this is the basisfor the possibility of decentralization.
We have beendeveloping a decentralization approach that we term the
minim um disturbance allo cation strategy (MiD AS) , which has
several components:

1 Optimal, o®-line initial assignment: In this stage, UAVs are as-
signed to all known targets using a powerful | but possibly ex-
pensive | optimization proceduresuch as a genetic algorithm or
integer programming. However, this is feasiblebecauseit is done
o®-line using powerful computers. Since the actual dynamics of
the mission is stochastic and not known a priori, this initial as-
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Figure 1.2. TNT for 15*15 cellular environment, 5 ATR UAVs and 5 Attack UAVs.
Solid line is for the search-driv en policy and dashed line for random movement.
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Figure 1.3. TMT for 15*15 cellular environment, 5 ATR UAVs and 5 Attack UAVs.
Solid line is for the search-driv en policy and dashed line for random movement.
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Figure 1.4. TNT for 15*15 cellular environment, 8 ATR UAVs and 2 Attack UAVs.
Solid line is for the search-driv en policy and dashed line for random movement.
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signment would usea \t ypical" unfolding of the mission basedon
a model using known targets, etc.

2 Decentralized, opportunistically updated cognitive map: Rather than
a single centralized map, each UAV would carry its own cognitive
map built basedon its own experienceand on information commu-
nicated by UAVs that it happened to passcloseto. The latter is
what we term \opp ortunistic". Clearly, any individual UAV's map
will be variously incomplete, inaccurateand out-of-date, leading to
greater performancechallengescomparedto the centralized map.

3 Opportunistic, decentralized in-¯eld adjustment and assignment:
After the UAVs enter the environment and begin to follow their
initial assignments, these assignments are modi¯ed locally by in-
dividual UAVs in response to developing circumstances. As the
mission unfolds, it createsthe actual task dynamics; new targets
are discovered; new threats emerge.Each UAV, using its own lim-
ited, possibly incorrect, cognitivemap, proposeschangesto its plan
that would not alter that plan drastically. Then, asit getscloserto
its new target, it negotiateswith other UAVs that may also have
independently volunteered themselvesfor the sametask. The Mi-
DAS principle dictates that, in such a negotiation, the UAV whose
assignment would lead to the least overall disruption of the initial
plan is preferred. The main issuehere is to develop a negotiation
protocol and triggering mechanism that leads to minimal overall
disruption. For example,this may involve looking at di®erent con-
ditions for volunteering and distance thresholds for commitment.

The system described in this paper can be seenas a preliminary ver-
sion of the third component of the MiD AS approach. However, the
crucial element of incremental negotiation is not yet included.

6. Conclusion and Future W ork

The model presented above is only a simple, ¯rst-cut attempt to for-
malize the UAV search-and-destroy problem in a way that is amenableto
decentralization. The results are promising, and suggestseveral avenues
for further exploration. Theseinclude:

Inclusion of initially unknown targets and pop-up threats.

Use of more comprehensive cost functions, accounting for UAV-
speci¯c capabilities.

Considering the existenceof threats.
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Letting each UAV bid for more than one target.

Using two or more stagesof commitment for UAVs, and multiple
thresholds for transition of commitment.

Using more realistic UAV expertise pro¯les and target behavior.

Work on these areaswill be reported in the future, as will the work
on the decentralization with MiD AS.
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App endix: Deriv ation of TOP Up date Equations
To obtain the update functions (6) and (7), consider the casewhere a UAV takes

a measurement in cell (x; y) at time t. De¯ne the following for a cell (x; y):

A is the event that a target is located in cell (x; y).

bt is the binary sensorreading taken by the UAV, where bt = 1 indicates target
detection and bt = 0 non-detection.

B t ¡ 1 is the vector of all sensorreadings for cell (x; y) by all UAVs taken up to
time t ¡ 1 (i.e., before time t).

Based on the above de¯nitions, P (AjB t ¡ 1) is the probabilit y of target existencein
cell (x; y) at time t ¡ 1 and P(AjB t ¡ 1 ; bt ) is the updated probabilit y after obtaining
the new reading, bt . Thus we have

P(t ¡ 1) = P(AjB t ¡ 1) (A.1)

P(t) = P(AjB t ¡ 1 ; bt ) (A.2)

We assumethat the sensors'measurements in any cell are conditionally indepen-
dent given the state of the cell, i.e.

P (b1 ; b2 ; :::; bn jA) =
nY

i =1

P(bi jA) (A.3)

Based on the above de¯nitions and assumptions, the updating function (6) and
(7) follow directly from Bayes' rule (Moravec, 1988). According to Bayes' rule,

P (A jB t ¡ 1 ; bt )

P (A jB t ¡ 1 ; bt )
=

P(A jB t ¡ 1 )

P (A jB t ¡ 1 )
¢

P(bt jA jB t ¡ 1 )

P (bt

¯
¯A jB t ¡ 1 )

(A.4)

which can be simpli¯ed by virtue of the conditional independenceassumption to:

P (A jB t ¡ 1 ; bt )

P (A jB t ¡ 1 ; bt )
=

P(A jB t ¡ 1 )

P (A jB t ¡ 1 )
¢

P(bt jA; B t ¡ 1 )

P (bt

¯
¯A; B t ¡ 1 )

(A.5)

=
P(A jB t ¡ 1 )

P (A jB t ¡ 1 )
¢

P(bt jA )

P (bt

¯
¯A )

(A.6)

By solving (A.6) for P (AjB t ¡ 1 ; bt ) using the fact that P ( ¹AjB t ¡ 1 ; bt ) = 1¡ P (AjB t ¡ 1 ; bt ),
we get

P (AjB t ¡ 1 ; bt ) = 1 ¡

"

1 +
P(bt jA )

P (bt

¯
¯A )

¢
P(A jB t ¡ 1 )

P (A jB t ¡ 1 )

#¡ 1

(A.7)

De¯ning P ( bt j A )

P ( bt jA )
= ® and using equation (A.7), (A.1), (A.2), we can obtain the

update equation (6) and (7) by exchanging P(AjB t ¡ 1), P (AjB t ¡ 1 ; bt ) with P(t) and
P(t + 1) correspondingly.

The update function in (8) is obtained as follows:
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P(x; y; t + 1) ´ P r ob(tar get present at (x; y) at step t + 1 j tar get attack ed)

= Pr ob(tar get present at (x; y) at step t AN D not destroyed j tar get attack ed)

´ P r ob(tar get present at (x; y) at step t)P r ob(tar get not destroyed j tar get attack ed)

= P(x; y; t)[ 1 ¡ P r ob(tar get destroyed j tar get attack ed) ]

= P(x; y; t)(1 ¡ Ps ) (A.8)

where Ps is the probabilit y that the target is destroyed in the attack.
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