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Abstract— In this paper, we consider a heterogeneousteam
of UAVs drawn fr om several distinct classesand engagedin a
search and destroy missionover an extendedbattle�eld. Several
differ ent types of targetsare considered. Sometarget locations
aresuspecteda priori with a certain probability, while the others
are initially unknown. During the mission, the UAVs perform
Search, Con�rm, Attack and Battle Damage Assessment(BDA)
tasks at various locations. The target locations are detected
gradually thr ough search, while the tasks are determined in
real-time by the actions of all UAVs and their results (e.g.,
sensor readings), which makes the task dynamics stochastic.
The tasks must, therefore, be allocated to UAVs in real-time as
they arise. Each classof UAVs has its own sensingand attack
capabilities with respect to the differ ent target types, so the
need for appropriate and ef�cient assignmentis paramount.

We presenta simple cooperative approach to this problem,
basedon distrib uted assignmentmediated thr ough centralized
missionstatusinformation. Using this information, eachUAV as-
sessesthe task opportunities available to it, and makescommit-
ments thr ough a phasedincremental process.This producesa
simple, �exible, scalableand inherently decentralizablemethod
for task allocation. Concurrently, every UAV also monitors the
degree to which various parts of the envir onment have been
searched, and accommodatesthis information in planning its
paths.We study the effectof various decisionparameters,target
distrib utions, and UAV team characteristicson the performance
of our approach.

I . INTRODUCTION

Motivated by recentadvancesin intelligent systemsand
cooperative control, many researchershave been studying
large groups of unmannedautonomousvehicles or UAVs
actingin teamsto accomplishdif�cult missionsin dynamic,
poorly known or hazardousenvironments[15], [5], [8], [6],
[7], [4], [1], [2], [3], [9], [11], [12], [13], [14], [16], [17],
[19]. This paperpresentsan approachto this problem.

We considera heterogeneousgroupof UAVs drawn from
distinct classesandengagedin a searchanddestroy mission
over an extendedbattle�eld with both known and unknown
targets. The UAVs must cooperatively searchthe environ-
ment, con�rm suspectedtargets,discover and con�rm new
ones,attack them with appropriatemunitions,and con�rm
their destruction.The task dynamics arises stochastically
from the actions of the UAVs, and requiresthat tasks be
assignedto appropriateUAVs as they arise.This createsa
problemsimilar to thedynamicvehicleroutingproblem[18],
[20], albeit of muchgreatercomplexity given the stochastic
dynamicsand several types of vehicles and tasks. In this
paper, we presenta simplemodelwhereUAVs choosetasks

autonomouslyin real-time, using a central cognitive map
that providesan instantaneousandaccuratesummaryof the
currentsituationas known to the UAV team.The approach
we follow is motivatedin part by the work of Chandlerand
Pachter, andtheir collaborators[5], [8], [6], [7], [4], [19]. It
is alsorelatedto recentwork by severalotherresearchers[1],
[2], [3], [9], [11], [12], [13]. A comprehensive overview of
theresearchproblemsassociatedwith UAV teamsis available
in [15].

A. Scenarioand Model Description

We considera Lx � Ly cellular environment, N UAVs ,
M stationarytargets,gi , i = 1; :::;M with locations,(xg

i ;yg
i ),

andno threats.Of the M targets,Mk aresuspectedinitially,
while Mh = M � Mk must be discoveredduring search.The
UAVs do not know the value of Mh or M, so the only way
to ensuredetectionof all targetsis to do a completesearch.
A canonicaltaskset, T , de�nes the tasksthat theUAVs can
undertake at a target location.

T = f Search;Conf irm;Attack;BDA;Ignoreg

Each UAV, ui , is characterizedby an expertise vector,
xi = f xi jg; j = 1; : : : ;n;0 � xi j � 1, where n is the number
of possibletasksand xi j indicatesthe UAV' s expertisefor
taskTj 2 T . We numberthe tasksin the ordergiven above,
so, for example,T1 = search andT5 = Ignore. The matrix X
with expertisevectorsasrows is termedthe expertisematrix
for this problem.

UAVs move autonomouslyin the environment,scanning,
communicatingwith otherUAVs, makingdecisions,andper-
forming tasks.At time,t, everycell, (x;y), in theenvironment
hasanassociatedtaskstatus, T(x;y;t), indicatingwhatneeds
to be done in that cell. The task statusof all cells, T(t) =
f T(x;y;t)g, representsthe stateof the environment,termed
the taskstate. The dynamicsof the taskstateis determined
by the target occupancyprobability (TOP), P(x;y;t), of each
cell, (x;y), de�ned as the estimatedprobability that the cell
containsa live target.

The conf irm, attack andBDA tasksarecalledassignable
tasks, i.e., tasksfor which the UAVs areassignedexplicitly.
Such UAVs move purposively to the locationsof their as-
signedtasksandperformthem.The search andignore tasks
aretermedautomatictasks, i.e., any UAV passingthrougha
cell with one of thesetask statusesautomaticallyperforms
the indicatedtask. However, UAVs do not actively bid for



thesetasks.The search task doeshave an effect on UAV
movementsasdescribedbelow.

All locationswith assignabletasksat time t form the set,
L(t), of current target locations(CTLs). Thetask,t j , at each
CTL, (x j ;y j ), hasan assignmentstatus, A j , which can take
on the valuesfrom the set

A = f available; associated; assigned; active; completeg

The assignmentstatusindicateswhetherthe taskis openfor
bidding(available),hasbeenprovisionallyassignedto aUAV
(associated),hasbeen�rmly assignedto a UAV (assigned),
is being currently performed by a UAV at the location
(active), or hasbeen�nished (complete).A completedtask
is accompaniedby an immediatetransitionin the taskstatus
of the CTL.

B. UAV State

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

� A physicalstate, including informationon its position,
l i(t), andorientation,di(t).

� A functionalstate, indicatingtheidentityandlocationof
thespeci�c task(if any) to which theUAV is committed
or hasbid for, thecorrespondingcommitmentstatus(see
below), andtheUAV' s expectedcostfor performingthis
task. The commitmentstatus,Ki(t), of UAV ui takes
valuesfrom the set:

S = f open; competing; committedg

indicatingwhethertheUAV hasno commitment(open),
hasbid on a taskor beenassociatedwith one(compet-
ing), or is assignedto a taskand,possibly, is performing
it (committed).Thefunctionalstateof anopenUAV has
NULL valuesin its other �elds. The search andignore
tasksrequirenocommitment,andcorrespondto anopen
functionalstate.

C. Task Dynamics

As ui moves in the environment, it performsan action,
ai(t), in eachcell, (xi(t);yi(t)) , that it visits. A canonical
action set is denotedby D , which include sensorreadings,
�ring of munitions and null actions. The action ai(t) is
selectedfrom D by an action selectionfunction, G; i.e.,

ai(t) = G(T(xi(t);yi(t);t);Si(t)) (1)

If the action is a sensorreading,it returnsan observation
value, bi(t), which is a stochasticquantity. We also denote
by a(x;y;t) thesetof actionsperformedby 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. This determinesthe updatesof the
TOPvalueat (x;y) througha possiblystochasticTOP 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)) (2)

If multiple UAVs occupy the cell at time, updatesdue to
their actionsareappliedsequentially. TheTOPvalue,in turn,
determinesthe dynamicsof the cell's task status,modelled
as a deterministicautomatonwhose transitionsdependon
thresholdcrossingsin P(x;y;t) (Figure1):

T(x;y;t + 1) = H(T(x;y;t);P(x;y;t + 1);q) (3)

wherethe parametervectorq representsthe setof threshold
valuesusedfor transitions.Thedynamicsis madestochastic
by thestochasticityof b(x;y;t) andtheTOPupdatefunction,
F. We de�ne F(�) separatelyfor eachtaskstatus:

Task 1: Search: UAV, ui , makes a sensor reading
bi(x;y;t) = 1 if the sensordetectsa target and bi(x;y;t) = 0
is it doesnot. Theaccuracy of thesensoris characterizedby

a =
P(bt jA)
P(bt

�
�A)

whereA is the event that a target is actually locatedin the
cell beingscanned.TheTOPis updatedbasedon a Bayesian
formulation [10]:

P(x;y;t + 1) = (1� bi(x;y;t))
1� P(x;y;t)

1+ (a � 1)P(x;y;t)

+ bi(x;y;t)
a P(x;y;t)

1+ (a � 1)P(x;y;t)
(4)

A cell with thesearch statustransitionsto ignore if its TOP
falls below theresolutionthreshold, pr , andto conf irm if the
TOP exceedsthe suspicionthreshold, ps.

Task 2: Con�rm: The cuing of a conf irm task at cell
(x;y) indicates that a UAV with the appropriatesensors
shouldmove towards the cell and scanit. All cells with a
priori suspectedtargetsareinitialized with the conf irm task
and given a TOP of ps. The conf irm task is functionally
identicalto search, andtheTOPupdatefunction is thesame
(Equation(4)). However, unlike search, it is assignableto
UAVs with the appropriateexpertise.The sensorsusedmay
also be different in the two cases.The cell transitionsto
search if its TOP falls below ps (as a result of failure to
con�rm suspicions),and to attack if the TOP exceedsthe
certainty threshold, pc.

Task 3: Attack: The attack status indicates that an
appropriatelyarmed UAV should proceedto the location
and attack the target there with the correct munition. The
attackingUAV thenchangesthe TOP for the locationas:

P(x;y;t + 1) = P(x;y;t) (1� Ps) (5)

where0 � Ps � 1 is theprobabilitythatthetargetis destroyed
in the attack. Different types of UAVs can have different
valuesof Ps for different target types. If the updatedTOP
exceedsthe exit threshold, pe, the cell transitionsto status
BDA.

Task 4: BDA: The purposein the BDA task is to verify
that the TOP has indeedfallen below pe. Like search and



conf irm, this is a purely observational task, and usesthe
sameupdateequation(4). If theresultof theupdateproduces
P(x;y;t + 1) � pe, the cell transitionsbackto attack; if pr �
P(x;y;t + 1) � pe, it transitionsto search; and if P(x;y;t +
1) < pr , the cell transitionsto ignore. The last designation
allows searchto focus in regions wheretargetsare likelier.
It alsoallows a missionterminationcondition to be de�ned
concisely.

Task 5: Ignore: This statusappliesto cells thatareknown
a priori to harborno targetsor wherethe absenceof targets
hasbeencon�rmed.

Figure 1 shows the transitionsbetweenstatesusing an
automatonformulation.
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Fig. 1. Task Dynamics. Where, ps=suspicion threshold, pc=certainty
threshold,pe=exit threshold,pr =resolutionthreshold.

D. Certainty Dynamics

In order to direct the searchfor targets,it is importantto
quantify the degree to which eachcell's TOP is basedon
knowledgerather than ignorance.We do this by de�ning a
certaintyvariable,c (x;y;t) 2 [0;1], for each(x;y). Theinitial
value, c (x;y;0), is basedon the a priori information about
the occupancy of (x;y) (e.g., if all targets are land-based,
locationscorrespondingto watermaybegin with P(x;y;0) =
0 and c (x;y;0) = 1). Locationswhere targets are possible
begin with c (x;y;0) = 0. Eachobservationby a UAV in (x;y)
updatesthe certaintyas:

c (x;y;t + 1) = c (x;y;t) + 0:5(1� c (x;y;t))

= 0:5(1+ c (x;y;t))

This formulation [22] provides a simple way to track the
numberof useful“looks” eachlocationhashadandcaptures
the notion of diminishingreturnswith eachlook.

I I . ASSIGNMENT ALGORITHM

In this paper, we considerUAVs drawn from two classes:
Target recognition (TR) UAVs; and attack (A) UAVs. All
UAVs areassumedto have sensorsneededfor search.UAVs
of classC have a class-speci�cexpertisevector, [xC

j ], with
respectto the � ve tasks,Tj , j = 1; :::;5, in the taskset.The
expertiseof classC UAV ui for taskTj is, therefore,denoted
by xC

i j . All xC
i j are between0 and 1. In keepingwith the

capabilitydesignations,we set:x TR
1 = x A

1 , xTR
2 > x A

2 , xTR
3 <

xA
3 , xTR

4 > x A
4 , xTR

5 = x A
5 . Thus, TR UAVs are neededfor

the conf irm and BDA tasks,while A UAVs are neededfor
attack.

The UAVs' mission is to search all cells that are not
designatedignore, andto performconf irm, attack andBDA
taskson eachtargetknown or discoveredthroughsearch. For
eachtask,the teammust try to useUAVs bestsuitedto it.

All UAVs have instantaneousand noise-freeaccessto
a centralizedinformation base (IB), which comprisesthe
following items:

1) The TOP mapP(x;y;t) 8(x;y).
2) The certaintymap c (x;y;t) 8(x;y).
3) The taskstatusmapT(x;y;t) 8(x;y).
4) The assignmentstatusmapA(x;y;t) 8CTL(x;y).
5) The UAV statevector, S(t) = f Si(t)g 8ui .

EachUAV readsandupdatesthe IB at eachstep.
The initial TOP maphasP(x;y;0) < ps (search) for cells

wheretargetsarenot suspected,P(x;y;0) = ps (conf irm) for
suspectedtarget locations,and P(x;y;0) < pr (ignore) for
locations where targets are impossible.The UAVs' initial
positionsare also given. All UAVs initially have the open
status.

The current set of assignabletasksis Ts = f t kg, and jk
denotesthe identity of task t k, i.e., whether it is conf irm
( jk = 2), attack ( jk = 3), or BDA ( jk = 4). The initial
assignmentis doneas follows:

EachUAV ui of classC calculatesa costvalue, hik, with
respectto all availableor associatedassignabletasks,t k:

hik = w1 � dik + (1� w1) � exp(� xC
i jk) (6)

where 0 � w1 � 1, dik is the normalizeddistancebetween
UAV ui andthe locationof task t k, andxC

i jk
is the expertise

of UAV ui for task jk. Whena UAV hasno taskto choose(it
happenswhen all the targetsare neutralizedor the UVA is
ineligible for all available or associatedassignabletasks),
it can choosethe neighboringcell with the lowest certainty
value(search dri ven algorithm) or choosea neighboringcell
randomly(non-search dri ven algorithm).

EachUAV reportsits bestchoiceto the centralcontroller.
UAVs that are suf�ciently closeto their preferredtasksare
assignedthese tasks, while other UAVs competefor the
remainingchoicesuntil every UAV hasaninitial assignment.
Whentwo UAVs preferthesametask,thecon�ict is resolved



in favor of the UAV with smallercost.Thus, initial assign-
ment is purely cooperative andsemi-greedy.

After the initial assignment,eachUAV moves towardsits
assignedor associated task,updatingtheTOPin eachcell it
passes.Whenit reachesits assignedtask,it performsthetask
and updatesthe TOP there.A new task (possibly the same
asthe previous one)is thencuedat the CTL, andthe UAV' s
statusrevertsto open. LocationscanbecomeCTLs if search
raisestheir TOP above ps, correspondingto the “discovery”
of a new target. Eachnew assignabletask is cuedwith an
available status.

At all times,all openandcompeting UAVs areconsidered
for all available and associated tasks.The UAVs are pro-
cessedin a randomizedsequenceaccordingto the algorithm
usedfor the initial assignment.The processcontinuesuntil
all locationshave an ignore statusor sometime thresholdis
met.

While committed UAVs move directly to their tasks,open
UAVs move by following the mostlocally productive search
direction,as determinedthroughthe certaintyvariable:The
UAV comparesthe certainty values for all possible next
positions and always moves to the one with the lowest
certainty. Ties are broken randomly. In other work [22],
[21], we have consideredmoresophisticatedapproachesfor
determiningef�cient searchpaths.

I I I . PERFORMANCE MEASURES

The goal for the UAV team is to cover the environment
as rapidly as possiblein sucha way that all cells reachthe
ignore taskstatus,i.e., all cells arecompletelysearchedand
all targetsneutralized.Speci�cally, weconsidertwo measures
to quantify performance:

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

2) The total mission time (TMT) , which is the total
numberof stepsneededto bring all cells to the ignore
status.

IV. SIMULATION RESULTS

In the �rst simulation (Figure 2), we considera 20� 20
cellular environmentwith 10 a priori suspectedtargets.The
total numberof UAVs is 10 (�x ed), but l (the ratio of TR
UAVs to A UAVs) is varied from 1 : 9 to 9 : 1. The datafor
eachcaseis averagedover100independentrunswith random
target con�gurations.Figure2 shows that the valueof l has
a signi�cant effect on the TNT but little effect on TMT.
This re�ects the fact that all UAVs are equally capableof
search, but have differentialabilities for conf irm andattack
tasks.Furthermore,thereexistsa ”best” l suchthattheTNT
is smallest.Thus,given the total numberof UAVs, one can
�nd a UAV teamcompositionthat provides maximal target
neutralizationef�ciency while giving up nothing in search
ef�ciency.
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Fig. 2. The effect of the ratio of two typesof UAVs on TNT andTMT.
20� 20 cellularenvironment,10 suspicioustargets,10 UAVs. Solid line for
TNT, anddashedline for TMT.

In the secondsimulation,we comparethe performanceof
searchdriven and non-searchdriven algorithms(de�ned in
Section I I ). A 20� 20 cellular environment is considered
here. There are 8 TR UAVs and 8 A UAVs. The total
numberof targetsis 20,andtheratio of suspectedtargetsand
unknown targetsis varied.Figure3 shows the searchdriven
algorithmis moreef�cient thanthenon-searchdriven oneat
neutralizingall the targets,especiallywhenmost targetsare
unknown initially. And �gure 4 shows that the searchdriven
algorithm is also more ef�cient than the non-searchdriven
oneat searchingthe whole region. The result is reasonable,
sincetheUAVs aremorelikely to searchtheunknown region
by using the searchdriven algorithm.

In the third simulation, we considera structuredenvi-
ronment with simpli�ed dynamics for which the optimal
behavior of a UAV team can be determinedexplicitly. We
thencomparetheperformanceof our cooperative searchand
taskallocationalgorithmwith this optimal performance,and
also with a non-cooperative version of our algorithm. The
speci�c environment is an L � L cellular one as shown in
Figure5. Thereis oneTR UAV locatedat eachcorneralong
themaindiagonal,while oneA UAV is locatedat eachcorner
alongthe antidiagonal.Four suspectedtargetsare locatedat
the verticesof a centeredsquarewith sidesof size X. For
simplicity, we assumethat oncea committed UAV reaches
its task locationandexecutesits task(in onetime step),the
taskstatusof that locationtransitionsdeterministicallyto the
next one.This allows anexplicit determinationof theoptimal
planfor eachUAV sothatoverall missiontime is minimized.

ThetheoreticaloptimalTNT canbeachievedif thesearch
and task allocationproblemis solved off-line a priori in a
centralizedmanner. Thus, each UAV is assigneda trajec-
tory and a task schedule,which it executeswithout further



Fig. 3. Comparisonof TNT of searchdriven and non-searchdriven
algorithms.20� 20 cellular environment,8 TR UAVs and 8 A UAVs, 20
targets.

decision-making.The optimal TNT in this case is given
by (L + 5X + 2)=2. This obviously neglects the stochastic
aspectsof thecompletemodel,but it doesprovide a valuable
benchmarkfor evaluating the relative performanceof our
real-timealgorithm.

We also evaluate the effect of cooperationin our task
allocationalgorithmby comparingit with a non-cooperative
method. In this case,we assumethat each UAV goes to
its preferredtaskwithout consideringthe decisionsof other
UAVs, and moves away from it only when the task's status
changesin responseto anotherUAV accomplishingit �rst.

In thesimulation,L = 21,while X is varied.Theterm“co-
operative algorithm” refers to the task allocationalgorithm
presentedin Section I I . Figure 6 shows that cooperation
signi�cantly improvestheperformanceof theUAVs, moving
it roughly halfway towardsthe optimum.

V. CONCLUSION AND FUTURE WORK

The model presentedabove is a simple attempt to for-
malize the UAV search-and-destroy problem in a way that
is amenableto decentralization.The resultsare promising,
and suggestseveral avenuesfor further exploration. These
include:

� Inclusionof threats.
� Allowing each UAV bid simultaneouslyfor several

tasks,andusinga multi-stageassignmentprocess.
� Including predictionin the assignmentprocess,so that

UAVs cananticipatetaskslikely to becomeavailablein
the nearfuture and include thesein their plans.

� Incorporatinglearning and adaptationat the UAV and
teamlevels, so that decision-makingcan improve with

Fig. 4. Comparisonof TMT of searchdriven and non-searchdriven
algorithms.20� 20 cellular environment,8 TR UAVs and 8 A UAVs, 20
targets.

L

X

Fig. 5. The environment of the given example. Circles denotetargets,
triangularesdenoteTR UAVs , andsexangularesdenoteA UAVs.

experience,and individual UAVs can develop special-
ized expertise.

� Using a dynamic expertisematrix to model lossesin
UAV capabilitiesdue to munitionsuseor damage.

� Decentralizingthe informationbaseandthe assignment
process.

Work on theseareaswill be reportedin the future.
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