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Abstract— This paper describesour “sandbox” for the study
of multi-assetsurveillance, and exploresthe performance of rule-
based control strategieson this task. In order to maximize the
probability of detection of targets of interest, it is assumed
that the team of unmanned air vehicles (UAVS) must provide
maximum sensory coverage of the terrain. We demonstrate,
however, both through simulation and mathematical analysis,
that this is not always the case.

I. INTRODUCTION

The focus of our researchis to designand build rapidly
deployable, scalable,adaptve, cost-efective, and robust net-
works of autonomoudlistributed assetsThe generalpurpose
for deploying tensto hundredsof suchassetsanbe summa-
rized as“volumetriccontrol” Volumetriccontrol meansmon-
itoring, detecting,reporting,and respondingo ervironmental
conditionswithin a speci ed physicalregion.

In this paperwe concentrateon the task of multi-asset
suneillance.We assumethereare  UAV assetsying at a
constantaltitude over terrainthat containsareasof forestand
non-forestThe assethave sensorgo detecttargetsof interest,
and they can determinewhetherthey are over areasof non-
forestor forest. The target sensorcannotpenetratehe foliage
—thus,regionsof forestareof lower interesthanthosewithout
forest. Eachassethasa target sensorwith a eld of view of

, andmay also have a foliage sensomwith a eld of view

of , Where . The total areaof the region is much
greaterthan . The target sensoralsohasa probability of
detection  (which is assumedo be 1.0 in this paper).The

goalisto locate tametsasreliably aspossible within some
time period . Targetscanbe stationaryor mobile. Whenthey

move they cantake advantageof theforestto provide coverfor

themseles.Our principal focuswill be on whetherproviding

maximum sensorycoverageof the terrain implies maximum
target detection.

Il. SURVEILLANCE SANDBOX

In orderto study multi-assetsuneillancein a methodical
manneywe have createda sophisticategimulationtool called
“SURVE". SURVE has several modules, including forest
generationfargetcontrollers,assetcontrollers,a geneticalgo-
rithm, andmoduledor datacollection.It canberunin eitherof
two modesIn learningmodethe geneticalgorithmcanbeused

to optimizeparameterghatarepartof someassetontroller In
performancemode SURVE collectsdataon the performance
of the optimizedcontroller Our currentimplementationis in
Java, to allow for cross-platformcompatibility.*

A. ForestGeneation

Our “world” is a squarewith sidesof length , and
discretegrid points. Grid point (, ) can contain a tree or
remain barren.We designedthe algorithm to mimic a real
forest, such that there are large clustersof trees, yet there
canbe holesin the middle. Theseholesallow assetgo view
targets.

The algorithm begins by placing an initial numberof trees
in the ervironment, and then uses the natural processof
“seeding” in orderto generatethe next phaseof the forest.
The processcontinuesuntil the desiredamountof forest is
reachedThe controlling parameter®f the algorithmare:

- Theinitial numberof treesin the forest.

- The distancethat seedscantravel.

- The amountof seedsspreadduring seeding.
- The decayrate of the seeds.

- The desiredforestcoverage.

Thealgorithmbeginsby initializing  trees.Theplacement
of thesetreesis uniformly distributedaboutthe world. Rather
than just initializing one squarefor a clump of trees,we
initialize a cross section,to aid in the developmentof the
forest, see Figure 1(a). Once the initial trees have been
placed,the next generatiorbegins. For a given generatiorthe
currenttreesin the populationare allowed to seedthe areas
surroundingthemwith a distanceof . The amountof seed
laid at eachposition within this circle is de ned as . The
seedingprocesscan be seenin Figure 1(b). Onceeverything
has beenseededwe beggin selectingpositions( , ) that are
seededand determineif they becometrees, by selectinga
uniformly distributedrandomnumber If the value selecteds
lessthan that of the seedsin the area,then the seedshave
taken hold, and grow to becometrees.Using this procedure
not all seedswill becometrees;therefore,we apply a decay
to thoseseeddhat have not becometrees.Notice thatasmore
treessurroundanarea,the greaterthe probability of growing a

1The learningaspectof SURVE will not be discussedn this paper
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Fig. 1. Forestseedingalgorithm.(a) The initial forestcon®gurationNotice
thatthe treesdo not represenexactly one square (b) The seedingportion of

the algorithm. Notice that the overlapreceves more seedsandis morelikely

to createa new tree.

tree, sinceit hasmore seedsWe continuethe algorithmuntil
the desiredforestcoverage  hasbeenachieved.

Setting the parameterds relatively easy knowing that at
full seedstrength,we will have perfect circles of trees of
size . As we decrease we bggin getting more sparsely
populatedforests becauseour seedsare not as hearty and
don't survive. The decayrateprovidesa mechanisnto remove
old seedsfrom the populationof seeds,again protectingus
from realizing perfectcircled forests.Figure 2 providesa nice
illustration of our forestgeneratarin this paperour world is
200 200in size.

Fig. 2. An exampleforestwith 100 tagetsof interest.

B. Target Contmllers

Targetscaneitherbe stationaryor mobile. Whenthey move
they try to crossthe ervironmentby moving from theleft to the
right. We are currently creatingcontrollersmodeledafter real-
life scenariosasfoundin the Departmenbf the Army's Field
Manual“TankandMechanizednfantryCompary Team”[12].
In this paperwe will focus on one target controller, called
“Gollum”.

Gollumis a“snealy” targetcontrollerthatattemptso cross

theenvironmentby greedily(andlocally) choosinga pathwith
maximumfoliage, so that the time a target spendsexposedto
the assets'sensords minimized. To achieve the effect, each
targethasa foliage sensomwith two attributes,a foliage radius
and a foliage angle,which de ne how far and how wide the
foliage sensorscansthe environmentaheadof the target to
nd foliage. In the absenceof foliage, eachtarget will move
horizontally toward the right edge.However, whenfoliage is
detectedthe target will alter its courseto reachthe foliage
cover. Once in the foliage, the target will again continue
moving toward the right edge,and attemptto stay within the
foliage as long as possible.In this paper the target foliage
sensorradiusis 10, andthefoliage sensomangleis  , sothat
the sensorscans and away from the horizontal.
Thesevaluesyield a good trade-of betweenseekingfoliage
cover and avoiding large detoursin target paths.

Figure2 shows areasf forest,and100targets.Thetriangle
representsa target that has not yet beenseenbut is visible,
andthe“ ” represents hiddentargetthat hasnot beenseen.
The simulationalso usesa “+” to represent target that has
beenseenandis visible,anda“ ” to represent targetthatis
currently hiddenbut hasbeenpreviously seen(the latter two
arenot shavn in this gure).

C. Rule-BasedAssetContmollers

We have implementedthree rule-basedassetcontrollers.
The rst, called “Straight Line” (SL), is our simple base
controllerthatmovesin a straightline at velocity . Whenthe
ervironmentwall is hit, the assetreboundssuchthatthe angle
of re ection equalsthe angle of incidence.This extremely
simple assetcontroller doesnot have a foliage sensor

To illustratethe behaior of the SL controller, we monitored
the “asset map” achieved by this assetstratgy. This map
shaws locationsthat were seenby at leastone of the assets
during the given suneillance period. Areas with frequent
sensorcoverageare denotedby bright white areas,and areas
that were obsened lessfrequentlyare shaovn in darker hues,
with black areasreceving no target sensorcoverageat all.
Sincethe tarmget sensorcan not penetrateoliage, the forested
areasare also black, regardlessof whetherassetsew over
those areas.The sample ervironment used for this set of
experimentsis shavn in Figure 2.

As canbeseenin Figure3, SL-controlledassetsanachiese
uniform world coverage,given a moderatenumberof assets
(tenassetappeardo be enoughto achieve this effectfor mary
setsof initial conditions) However, oneweaknesss thatassets
spendtime over foliage, which is not productie.



Fig. 3. Sensorcoveragewith the SL stratgy after 1,000 steps.

As a consequenceve also implementeda “Straight Line
Avoid Forest” (SLAF) controller This controller extendsSL
by presumingthe presenceof a foliage sensorwhich allows
the assetto avoid spendingvaluable suneillance time over
forestedareaswheretarget sensorsare ineffective. The only
information that is assumedo be available from this simple
foliage sensoris the percentageof the sensorview eld
occupiedby thefoliage.Oncethatpercentagexceedsacertain
threshold (currently set at 50%), the assetwill reverse its
direction and will move away from the edge of the forest.
Shouldthe assebeinitially deployeddirectly overthe foliage,
it will continuemoving in its initial directionuntil it leaves
the foliage, or aninteractionwith a world boundarycausest
to turn around;in either case,given sufcient time, the asset
will endup in a foliage-freelocation.

Fig. 4. Sensorcoveragewith the SLAF stratgy after 1,000steps.

As canbeseenin Figure4, SLAF-operatedssetdrequently
move in a short,localizedpattern,andfail to achiese uniform

sensorcoverageregardlessof the amountof time the suneil-
lanceactiity is carriedout.

To addressthe poor coverageof SLAF, we nally im-
plementeda “Super Straight Line Avoid Forest” (SSLAF)
controller that utilizes a more sophisticatedfoliage sensor
Upon detecting an increasedamount of foliage within its
sensor(currentthresholdis setat 10%), the assetwill enter
an“avoid forest” state,computingthe massdistribution of the
sensedoliageandmoving in the directionexactly oppositethe
centerof foliage mass.Oncethe detectedoliage dropsbelow
thethresholdthe assetwill switchinto its normalsuneillance
state, continuing to move in its current direction until an
encountemwith anotherpatchof foliage or a bouncefrom an
ervironmentboundaryoccurs. This stratgly was inspired by
Reynolds[8] andBalch [2].

Fig. 5. Sensorcoveragewith the SSLAF stratgy after 1,000 steps.

As canbeseenin Figure5, SSLAF-controllecagentgendto
achieve a far more more comprehensie sensorcoveragethan
SLAF, and they achieve this fasterthan do SL-basedassets
(asindicatedby the brighter coverageof SSLAF versusSL).

I1l. RESULTS WITH STATIONARY TARGETS

We rst testedthe SL, SLAF, and SSLAF assetcontrollers
with environmentscontaininglOOstationantargets.Thetarget
radius , while the foliage radius . Regardlessof
controller, all assetsmoved at speed . The percentage
of foliage varied from 0% to 70% in incrementsof 10%.
The performancemetric is the percentageof tarmgets spotted
within times steps,given that thesetargetswere in
fact visible. For eachpercentageof foliage 100 forestswere
randomly generatedand for eachof the foreststhe results
were averagedover 50 runs with different target and initial
assetplacements.

Tables| and Il give the performanceof the three asset
controllers,with and assetsWith 0% foliage,
all controllersperform equivalently; sincethe foliage sensors
have no function to perform. Also, the performanceof SL



TABLE |
PERCENTAGE OF STATIONARY TARGETS FOUND (10 ASSETS)

Foliage (%) || SL | SLAF | SSLAF
0 4118 | 41.18 | 41.18
10 39.05 | 2247 | 39.87
20 41.25 [ 20.09 | 41.11
30 3925 1743 | 4312
a0 38.08 | 15.83 | 4453
50 4067 | 17.73 | 50.19
60 4135 18.19 | 54.57
70 39.08 | 20.13 | 5758
TABLE II

PERCENTAGE OF STATIONARY TARGETS FOUND (30 ASSETS)

Folage (%) || SL | SLAF | SSLAF
0 7952 | 7952 | 7952
10 79.71 | 54.30 | 75.73
20 79.33 | 48.07 | 77.67
30 78.14 | 44.06 | 77.63
20 7854 | 43.01 | 7955
50 7886 | 43.78 | 81.25
60 79.07 | 4422 | 84.05
70 7727 | 4746 | 84.49

is independenbf the percentageof foliage, sinceit hasno

foliage sensorin general SSLAF outperformsSL, especially
asthe percentagef foliage increasesThis is a consequence

of the factthat SL wastestime over areasof foliage. Finally,
as expected,SLAF performspoorly, dueto its lack of ability
to provide uniform coverageof the ervironment.

IV. RESULTSWITH MOVING TARGETS

For the next set of experimentswe allowed the targetsto
move accordingto their “Gollum” controller Targetspeedvas
0.4, with all otherexperimentalvariables x ed as before.

TABLE 1lI
PERCENTAGE OF GOLLUM TARGETS FOUND (10 ASSETS)

Follage (%) || SL | SLAF | SSLAF
0 32.28 | 32.28 | 32.28
10 29.78 | 29.63 | 31.35
20 25.46 | 26,50 | 29.04
30 23.09 | 25.60 | 28.47
a0 1859 | 22.72 | 24.02
50 1745 2310 | 24.85
60 1454 | 21.93 | 22.39
70 1361 2311 | 23.10

Tableslll and IV give the performanceof the three asset

controllers,with and assetsAgain, with 0%
foliage, all controllersperformequialently, sincethe foliage
sensordhave no functionto perform.However, in generalthe
task is clearly more dif cult. This is a consequencef the
Gollum controller, wheretamgetsactively seekout foliage for
cover. As expected,SSLAF still outperformsSL. However,
the resultswith SLAF look anomalousWith moving targets
SLAF performsroughly equivalently to SSLAF (and in fact

TABLE IV
PERCENTAGE OF GOLLUM TARGETS FOUND (30 ASSETS)

Foliage (%) || SL | SLAF | SSLAF
0 65.02 | 65.02 | 65.02
10 64.66 | 64.10 | 65.57
20 5555 | 56.25 | 57.27
30 51.13 | 54.79 | 54.52
40 4501 | 51.05 | 5055
50 39.50 | 48.46 | 47.36
60 36.61 | 48.47 | 46.67
70 30.78 | 45.75 | 40.90

outperformsSSLAF whenthereare a large numberof assets
andthe percentagef foliage is high)!

Recallthat our initial motivation for creatingthe behavior
of our assetcontrollerswas predicatedn the belief that max-
imum sensorcoverageof the domainimplies maximumtarget
detection. For stationary targets, this belief was validated.
However, assoonasthetargetsstartto move (with aspeedhat
is quite slow relative to the assetspeed),an assetcontroller
with extremely poor domain coverage provides very good
target detection. The next section provides a mathematical
analysisof why this occurs.

V. ANALYSIS

Informally, onecanstartto understandheerrorin our belief
if onenoticesthatthebeliefwasgroundedn spatialreasoning.
Clearly, for stationarytargets,uniform coverageof the space
is necessary(if one assumeghe targets also are uniformly
distributed throughoutthe space).The assetmap shavn in
Figure4 clearly indicatesthat vastportionsof the domainare
unexplored, leadingto poor target detection.

Fig. 6. Gollum tamget coverageover 1,000steps.

However, once targets move, spatial reasoningmust be
combinedwith temporalreasoningTo illustratethis, Figure 6
shaws a “targetmap” illustrating the movementof the Gollum
targetsovertime, asthetargetsmove from left to right through



theernvironment.The passagef targetsthroughfoliagearenot
shawn, sincethey arenotvisible to the assetsluringthattime.
One cannoticethata clump of foliage providesa “focusing”
effect that changesthe density of targets (along a column)
from uniform to highly non-uniform.

For the sale of tamget detection,it can be seenthat if one
mentally overlays Figures4 and 6, all that is really required
for detectionis anintersectiorbetweerthetargetpathsandthe
assetpaths,at the samemomentin time Although the tarmget
and assetmapsprovide spatialinformation, their intersection
in time is not representedFor this we will require some
probabilisticanalysis.

First, for the sale of tractability, we assumehat the
ervironmentcontainsno forest,andthat tamgetsarecrossing
the environmenthorizontally from left to right. We consider
four situations:(A) anassetis bouncingbackandforth in the
domainalong the horizontal, (B) an assetis bouncingalong
thevertical, (C) anasseis bouncingalongthe majordiagonal,
and (D) an assetis bouncingin sucha way asto uniformly
cover the space.We will then computethe expectednumber
of targetsthatthe assewill detect.Notethatthe situationsare
speci cally designedo differentiatebetweena highly uniform
coverageof the spaceversusa highly non-uniformcoverage.

A. Horizontal Movement

This situationis the easiesto analyzelf oneassehastarget
radius , thenit will sweeparow with height . If tamets
are uniformly distributed along the left-most column as they
starttheir movement thenthe assewill detect targets.
If thereare assetswith non-overlappinghorizontal paths,
thenthe expectednumberof targetsdetecteds:

@)

Note that the velocity of the assetis not relevant for this
particularsituation.The velocity of the target mustbe greater
than zero.

B. \ertical Movement

Again, assumehe assethastargetradius . It will sweep
a columnof width . Assumefor the sale of simplicity
that the velocity of the asset , So that overlap does
not occut Thenthe numberof stepsrequiredfor the assetto
traversethe column . Thus, ary grid point in
the column s hit with a probability approximatedoy ,
andis not hit with probability approximatedoy
Finally, we needto calculatehow long a target will be W|th|n
that column. If the speedof the targetis , thenthe tamget
will require stepsto crossthe column. Hencethe
probability of that target not being detectedis approximately

. Finally, the expected number of targets
detecteds approximately:

)

If thereare
detecteds:

independentissetghen the numberof tamgets

®3)

C. Diagonal Movement

This situationis a small transformationof vertical move-
ment. Since moving along the diagonalis a factor of
longer than moving along the column, both and must
be renormalized.In this situation - and

. . If thereare independentassetsthen the
numberof targetsdetecteds:

(4)

D. Uniform coverage

Finally, if an assetis uniformly covering the domainthen
and . If thereare independent
assetghenthe numberof targetsdetecteds:

(®)

E. TheoryversusSimulation

For con rmation of the theory we ran SUR/E with 100
Gollum tamets, no forest, assetspeed , target radius
, andtarget speed . The numberof assetsvere

one, two, andfour.

TABLE V
EXPECTED NUMBER OF TARGETS DETECTED

Horizontal | Vertical | Diagonal | Uniform
1 5 74 73 62
2 10 93 92.9 86
4 20 99.6 995 98
TABLE VI

ACTUAL NUMBER OF TARGETS DETECTED

Horizontal | Vertical | Diagonal | Uniform
1 5 73 77 63
2 10 91 93 86
4 18 98 99 98

TableV shows the theoreticalresultsfrom the above equa-
tions, for the four situations.Table VI shavs the empirical
results,averagedover 1000 runs. The empirical resultsagree
verywell with thetheoreticakesults andarequiteinformative.
First, asmight be expected horizontalmovementof the asset
yields the poorest performance(assumingthat targets are
also moving horizontally). However, column movementand
diagonalmovementde nitely outperformuniform coverage!
Hence,althoughuniform coverageis excellentfor stationary
targets, this stratgy is suboptimalfor moving targets.If one



re-examinesthe assetmap showvn in Figure4, onecanclearly
seethe long vertical movementsthat are yielding the good
performanceof SLAF. The diagonalassetcontrol straty is
especiallyinteresting,since it will work well regardlessof
whethertargetscrossthe domainhorizontally or vertically.

VI. SUMMARY

This paperpresentghe SURVE toolkit for experimentsin
multi-assetsurwillance.SURVE hasseveral modules,includ-
ing forest generation,target controllers, assetcontrollers, a
genetic algorithm, and modulesfor data collection. Due to
the efciency of implementation,SURVE can be run with
hundredsof assetsand thousandf targets.We then present
evidence that although the goal of uniform coverageof a
domain is excellent for detecting stationary tamets, it is
suboptimalfor moving targets. Theoreticalanalysiscon rms
the empirical results, indicating that specializedpatternsof
suneillancewill outperformmore generalizeduniform cover-
age.

Prior work in this areaincludesWu et. al., who usedthe
SAMUEL learningsystento evolve rule setsthatcontrola set
of micro-air vehicles(MAVSs) to provide maximumcoverage
of a region [13]. Wu expandedon this by combining chunk-
ing with a GA to increaseperformanceg14]. Independently
BugajskacombinedSAMUEL with a GA to nd an optimal
sensorsuite and reactve rules [3], and combinedSAMUEL
with ACT-R to provide a cognitve model [4]. Sukhatme
et. al. have useda behaior-basedapproachto surweillance
with cooperatie aerial and ground vehicles[11]. Albekord
et. al. summarizea multi-tiered control strategy for multiple-
assetsuneillance, utilizing both air and groundvehicles[1].
Spearst. al. discussa physics-basedistributedalgorithmfor
controlling swarms of UAVs for sunweillance[9], [10]. Pack
andMullins proposea methodfor searchingan areaaccording
to four basic searchrules, in order to provide complete
coverageof the domain[7]. Finally, Krishna et. al. provide
a sunweillance systembasedon multiple mobile sensorg6].
Interestingly this latter paperusesan“X” formationof assets,
wherethe assetsare placedalongboth major diagonalsof the
ervironment.However, thesepapersdo not provide theoretical
justi cation for the behavior of the assets.

We are currently attemptingto generalizeour theoretical

analysisto include forest distributions. The eventual goal
is to formally memge the spatial assetand target mapsinto
a temporal construct that is predictve of target detection
probability, allowing us to constructoptimal assetstratgjies
for giventarget controllers.
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