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Abstract—We presenta genetic algorithm (GA) baseddeci-
siontool for the designand con guration of teamsof unmanned
ground sensors. The goal of the algorithm is to generate
candidate solutionsthat meetcostand performanceconstraints.
The GA evolvesthe membership,placement,and characteristics
of a team of cooperating sensors.Previous work shows that
this algorithm can generatesuccessfuteamsin simple, obstacle
freeernvironments.This work examinesthe performance of our
algorithm in environmentsthat include obstacles.

|. INTRODUCTION

The penasivenessof technologyin today's military have
extendedthe military theaterinto the realm of the electro-
magnetic(EM) spectrum.Activity suchas radio communi-
cation, laserguided control, and radar emissionsall reside
within the EM spectrum.Electronic Warfare (EW) refers
to military actionsfocusedon the control and use of the
EM spectrumEW is accomplishedisingoffensive electronic
attack(EA) anddefensve electronicprotection(EP) actions.
The choice and implementationof EA and EP actionsare
determinedby a third componenbf EW, electronicwarfare
support(ES). ES involves actionswhich intercept,identify,
andanalyzeenemyradiationswith a goal of detectingthreat
conditionsand recognizingoffensive opportunities.

This work addressea generaproblemin ES: determining
anappropriateaeamandorganizationof sensorshatprovides
maximal detectioncapabilitiesin a given scenario.ldenti -
cation and location of enemyemittersallow intelligenceto
be formed aboutthe enemyorder of battle, both electronic
and physical. This knowledge allows for the planning of
suneillanceand reconnaissanc&hesecapabilitiesare part
of Commandand Control Warfare (C2W) which is designed
to preventan enemyfrom exercisingcontrol over their units
or at leastdegradingsuchcontrol. Onceemitterlocationsare
known, they canbe eliminated.Sinceemittersareassociated
with weaponssystems this knowledge also eliminatesthe
weaponssystems.Battle damageassessmentan also be
undertalen throughelectronicsureillance.

Previous work has shavn that a geneticalgorithm (GA)
approactcansuccessfullyaddresshis problemof the forma-
tion andorganizationof teamsof unattendedyroundsensors
[6]. This work focusedon simple problem ervironments
and investigatedthe GA's ability to design optimal teams
of sensordor given enemyscenariosin additionto nding
good solutionsin termsof the numberand organizationof
sensorsthe GA approactexhibits anaddedadvantageof not
being scenariospeci ¢, thatis, the GA requireslittle or no
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Fig. 1. Exampleproblemenvironment.

recon gurationfrom one problemscenarioto the next. Re-
latedwork in evolutionaryroboticshave found evolutionary
algorithmsto be an effective approachfor designingsensor
suitesfor autonomousgentd1], [2], [3]. Theseproblemsare
more comple in that the possiblesensorcon gurationsare
restrictedby the physicalparameter®f autonomousobots.

In this paper we extend our previous studies[6] to
examinemore complex ervironmentsthatinclude obstacles.
The additionof obstaclegyreatlyrestrictsthe placementand
reach of sensorsand complicatesthe problem of building
and organizing effectively cooperatingteams of sensors.
We examine a series of test scenariosand evaluate the
compositionand placementof the evolved teams.Results
indicate that the GA is able to intelligently designsensor
placementshat minimize the negative effectsof obstaclesn
the ervironment.

Il. TEST PROBLEM

Our problemervironmentis an abstractsimulationervi-
ronmentconsistingof a two dimensionalworking areain
which obstablesanda collectionof enemyradarare placed.
Figurel shavs an exampleernvironmentconsistingof twelve
randomly placedenemyradar and no obstaclesRadarare
representedspointssurroundedy graduallyfadingcircles.
The location, power, andfrequenciesf the enemyradarare
con gured beforehandand remain static throughouta run.
Radarcanonly be detectedby sensorghatare con guredto
senseon the samefrequeng. A radarmustbe detectedoy at
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Fig. 2. Sensorcharacteristics: = detectionrangeand = orientation.

leastthreesensorgo befully detected(Threemeasurements
are necessaryfor triangulationof position.) Radarthat are
detectedby two sensorsare partially detectecandradarthat
are detectedby one sensorare minimally detected

The obstaclesin our ervironmentare modeledas solid
rectangularobjectsthat can vary in size. The location and
size of an obstacleare prede ned and remain unchanged
during the courseof a run. Obstacleghatintersectthe direct
line betweena sensoranda radarblock that sensors ability
to detectthatradar

Sensorplacements speci ed asx andy coordinatesand
direction of orientation.As shavn in Figure 2, orientation
is speci ed as an angle, , which runs counterclockwise
with zerodegreesat due east.Sensorcharacteristicsnclude
detectionangle, power threshold,and frequeny range.The
detectionangle, , is centeredaroundthe direction of ori-
entationwithin which a sensorcan detectsignals. Larger
valuesprovide greaterdetectioncapability Both orientation
and detectionangle range from zero to 360 degrees.The
power emittedby a radardecreasegroportionallywith the
distancesquared.Radar pover must exceedthe minimum
power thresholdof a sensolin orderfor thatsensotto detect
the radar Frequeng is representecs discreteintervals that
are turned on or off. The numberof available frequengy
intenals is a pre-de nedconstant.

We examine two types of sensorsin our experiments.
Long-rangesensorshave a maximum sensingrange that
coversthe entire working area.As a result,any sensorcan
potentiallyevolve characteristicthatwould allow it to detect
all radarin the working area.Short-rangesensorshave a
maximum sensingrange that covers at most one quarter
of the ervironment. We expect solutionswith short range
sensorgo consistof moresensorslueto their comparatiely
limited capabilities.

Figure3 shavs anexampleof a candidatesolution. Thepie
shapedelementsindicate sensorsand their detectionangle
and orientation. Lines indicate detectionof a radar by a
sensor

I1l. GENETIC ALGORITHM DETAILS

The GA [4], [5] is a learningalgorithm basedon princi-
ples from geneticsand evolutionary biology. Where nature
evolves organismsthat meetthe requirementsiecessaryor
survival in a particularenvironment, GAs evolve solutions
that meet the requirementsnecessaryfor solving speci c

Fig. 3. Problemernvironmentwith candidatesolution.

procedure  GA
initialize population;
while  termination condition not
satisfied do
evaluate current  population;
select parents;
apply genetic operators to parents
to create offspring;
set current  population equal to
the new offspring population;
}
}

Fig. 4. Basicstepsof a typical geneticalgorithm.

problems A typical GA works with a populationof individ-
uals, where eachindividual representsa potential solution
to the problemto be solved. Thesepotential solutionsare
evaluated and the better solutions are used to create a
new populationof potentialsolutionsusinggenetics-inspired
operators.Over multiple “generations”,the quality of the
evolved solutionswill improve.

Key featuresof a GA include the following. A GA
works with a population of individuals where each indi-
vidual representsa potential solution to the problemto be
solved. Idealizedgeneticoperatorsxplore the searchspace
by forming new solutions out of existing ones. Genetic
operatorgle ne how encodednformationis manipulatedand
changedy a GA. A selectiorfunctionselectdndividualsfor
reproductiorbasedon their tness. Selectionexploits useful
information currently existing in a population. A tness
functionevaluateghe utility of eachindividual asa solution.

Figure 4 shavs the basic stepsof a GA. The initial
populationmay be initialized randomlyor with userde ned
individuals. The GA then iteratesthru an evaluate-select-
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Fig. 5. Problemrepresentatioffior a teamof sensors.

reproducecycle until eithera userde ned stoppingcondition
is satis ed or the maximumnumberof allowed generations
is exceeded.

A. Problemrepresentation

Each individual in a GA population speci es the com-
position and arrangementof a team of sensorsencoded
as a vector of genes.Each gene encodesthe evolvable
characteristicfor a singlesensaorFigure5 shavs anexample
individual which represents teamof N+1 sensorsExample
parametenvaluesfor Sensor2 are shovn in detail. As the
optimal numberof sensorsmay not be known in adwance,
we allow the GA to evolve variable length individuals.
Initially, eachindividual contains20 randomly con gured
sensors.The maximum possiblelength of an individual is
100, indicatinga maximumteamsize of 100 sensors.

Multiple sensorsin an individual may have the same
location in the ervironment. When that occurs, the rst
(leftmost)sensomat a givenlocationis active. The remaining
areinactive and are unableto detectary radar;however, all
sensorsare included in the cost componentof the tness
function.

B. Fitnessevaluation

The tness of eachcandidatesolution generatedby the
GA is evaluatedby insertingthe solution (sensorteam)in
the test problem simulation and evaluatingits performance
within the simulation.Obstaclesrenot directly factorednto
the tness evaluation.They indirectly affect tness evaluation
becausen obstaclethat intersectghe directline betweena
sensorand a radarwill prevent that sensorfrom detecting
the correspondingadar

The tness function consistsof two components,the
detection capability and the total cost of a solution. The
tness functionis:

(1)
where is the raw tness, is the detectioncapability
and is the total cost of a solution. To calculate , we

count the number of radar that are fully, partially, and
minimally detectedThe detectioncapabilityis calculatedby
the following equation:
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Fig. 6. Intergenelevel crosseer operation.

where is the total numberof radarand are the
numbersof fully, partially and minimally detected-adar re-
spectvely. Partially and minimally detectedradarcontribute
lessto the tness evaluationthanfully detectedradar

The raw tness is inversely proportional to the total
solution cost. The total cost of a solutionis its basic cost
plus the total costof all of sensors:

®3)

where is the x ed basiccostof the deployment, is the
total numberof sensors, is the basiccostof eachsensor
,and is the costof the sensorfrequeny ranges.

C. Selectionand GeneticOperators

We use deterministictournamentselectionwith tourna-
ment size two, one-pointvariable length crosseer, and a
problemspeci ¢ mutationoperator

The crosseer rate indicates the probability that two
selectedparentswill undego crosseer. Parentsthat do
not undego crosseer are copiedunchangednto offspring.
Crosseer pointsare selectedndependentlyon eachparent;
consequentlythe length of an offspring may be different
from its parentsCrosseer pointsalwaysfall in betweenthe
genesasshawvn in Figure6.

Mutationoccursat theintra-gendevel. Eachcharacteristic
of eachgeneis subjectto mutationat the givenmutationrate.
Sensorcharacteristicsuchaslocation,orientation,detection
angle, and power thresholdmutate using a Poissondistri-
bution function which generatesn offset from the original
value.As a result,mutationis likely to generatevaluesthat
aresimilar to the original value ratherthan simply mutating
randomlyto arny new value.We expectthis mutationscheme
to encourageccurateadjustmenbf sensorcharacteristics.

We use two additional operatorscalled insertion and
deletion mutation. Insertion mutation insertsinto a sensor
suite a new sensorwith randomlyinitialized randomchar
acteristicswith probability given by the insertion mutation
rate. Deletionmutationrandomlyselectsa sensorto remove
from a sensorsuite with probability given by the deletion
mutationrate.

IV. EXPERIMENTAL RESULTS

We test our algorithm on two radar con gurations. In
the grid con guration, enemyradar are laid out in a grid



Populationsize 200, initialized randomly

Initial length 20
ParentSelection Tournamentsize:2
Crosseer type one-point
Crosseer rate 0.7

Mutation rate

Deletion Mutation rate
InsertionMutation rate

Max numberof generations
Numberof runs

0.01 (pergene)
0.05 (per gene)
0.1 (perindividual)
450

100

TABLE |
GA PARAMETER SETTINGSUSED.

andcover almostthe entireworking area.This con guration
teststhe algorithm’s ability to evolve solutionsthat provide
maximum coverage of the working area. In the cluster
con guration, enemyradarare randomlylaid out in several
clusters.This con guration teststhe algorithms ability to
focuson speci ¢ areasof the working area.

Table | givesthe GA parametersettingsusedin our ex-
perimentsThesevalueswereselectecbasedon performance
in previous experiments.

We begin with the simplest case of one obstacle. A
single rectangularobstacleis placed vertically down the
middleof theernvironmentdividing the ervironmentinto two
regions.An intuitive solutionfor this problemis to treatthe
two regionsindependentlypositioningthreesensorsn each
region. Recallthata minimum of threesensorarenecessary
tofully detectaradar Figure7 shavs anexamplesolutionfor
the grid con guration. The GA doesindeed nd a solution
with six sensorghat canfully detectall radar Interestingly
however, the sensorsdo not focus solely on one region;
four of the six sensorsattemptto straddleboth regions.
Figure 8 shavs the number of sensorsevolved and the
detectionpercentageveragedover 100 runs.The numberof
sensordevelsoff aroundsesenfor the bestindividual, which
balanceshe minimum costandthe maximumdetection.The
bestindividual clearly achiezes 100% detection.

We repeatthis experimentin the cluster con guration.
Figure9 shavs an examplesolutionfrom the clusterexperi-
ments.The GA generates teamof six sensorghatcanfully
detectall radar Again, somesensorarearrangedothatthey
straddleboth halves. Figure 10 shavs the averagebehaior
over 100 runs.The numberof sensordor the bestindividual
levelsoff aroundsevenandthe detectiorpercentagés 100%.

We test increasingnumbersof obstaclesin a variety of
positionsandsizesto increasethe dif culty of the problem.
Figure 11 shavs someexampleresultsfrom two, three,and
multiple obstaclesxperimentson both the grid and cluster
con gurations.In all casesthe GA is ableto nd optimal
or nearoptimal solutionsin which all or almostall radarare
detectedby at leastthreesensors.

The moststriking featureof theseexampleresultsis how
the GA minimizesthe teamsize by consistentlyattempting

to arrangesensorgloseto the endsof the obstaclesvhere
they are more likely to be able to senseon both sides
of an obstacle.In the two obstaclescenarios sensorsare
arrangedto take adwantageof the small gap betweenthe
obstaclesAs the numberof obstaclesncreasessensorsare
still arrangedat locationswhere most can take advantage
of a near360 degree detectionrange. Whereasthe teams
evolvedin obstabldreeervironmentdendedo placesensors
centrally within clustersof radar in theseexperimentsthe
GA does occasionallyplace sensorsoutside of the radar
region to allow a sensorsto “reach” around obstacles.In
the more densegrid ervironment, increasedteam size is
unavoidableasthe numberof obstaclesncreasesin themore
sparseclusteredervironment, the GA is able to maintain
teamsizescloseto six evenin the multiple obstaclescenario.

V. CONCLUSION

We apply a GA to the problem of designingteams of
sensorsthat work togetherto detectand monitor multiple
enemy radar This problem is an important concern for
electronicwarfare supportto aid in the detection,offensie,
and assessmenactivities of electronic warfare. The GA
evolves the count, placement,and characteristicsof the
sensor®f ateam.Thegoalof the GA is to designa teamthat
maximizesthe detectionpercentagevhile minimizing cost.
Previous resultsindicatethat a GA is able to successfully
evolve ef cient teamsthat candetectall or almostall radar
In this work, we testthe effectivenessof the GA in more
comple ervironmentsthat include obstacleshat can limit
thedetectioncapabilitiesof sensorsThesizes Jocations,and
the numberof the obstaclesaffect the solutionsgenerated
by the GA. Although the detectionpercentagés robust to
ervironmentalchanges,in terms of both the obstacleand
radarcon gurations, the size of the evolved teamstendsto
increasewith increasingsize and numberof obstacles.

Emegent stratgjies of how the GA arrangessensorsare
interesting. The current tness function doesnot penalize
for large detectionangles.The GA takes adwvantageof this
lack by favoring sensorswith large detectionangles.With
no obstacles,the GA attemptsto place sensorsclose to
the centerof all radar This placementin combinationwith
large detectionanglesmaximizesthe numberof radarthat
a single sensorcan detect.Whenthere are obstaclesn the
ervironment,the GA eitherplacessensorgloseto the center
of a group of radaror at the cornersof obstacleswhich
allow the sensorgo work on both sidesof an obstacle Both
stratgiesarelogical approache® maximizingthe ef ciency
of a sensor
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