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Abstract

The paperdescribesthe development,implementationand �ight testingof the Visual ThreatAwareness

(VISTA) systemandtheMulti-layer Architecturefor TrajectoryReplanningandIntelligentplaneXecution

(MATRIX) for autonomousintelligent control of UnmannedAerial Vehicles(UAVs). The VISTA system

generatesinformationon thethreatsandobstaclesin real-time,andpassesit on to theMATRIX systemthat

makesmission-relateddecisionsandgeneratesnew waypointsandatrajectorythatsafelyavoidstheobstacle.

TheVISTA systemcombinesbinocularvisualstereo,perceptualorganization,graphpartitioningandfeature

trackingfor a passive systemto enablereal-timeobstacledetection.Computationalstereoperformancehas

progressedsuchthattherenow exist severalcommercialor opensourceimplementationsthatoperateatframe

rate,but suffer from well known correspondenceerrors.Weshow thatintroducingaglobalsegmentationstep

aftercommoditystereocanincreaserobustnessandleverageexisting stereosoftware.Theglobalsegmenta-

tion stepis basedon a graphstructureappropriatefor collision detection,humanvision inspiredperceptual

organizationandgraphpartitioningusingtheminimums-tgraphcut. Thissystemhasbeenprototypedusing

Sarnoff Corp'sAcadiaI visionprocessorto enable640x480@(3-5)Hz operationonembeddedavionicsatac-

curaciesof
�

6ft at50ft. WedescribeVISTA systemtheoryandshow proofof conceptand�ight experiment

resultsof theMATRIX/VISTA systemonGeorgiaTech'sGT-Max autonomoushelicopter.
�
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1 Intr oduction

UnmannedAerial Vehicles(UAVs) areenvisionedasan integral part of futuremilitary forces. Largescale

UAVs will performautonomoustaskssuchashigh-altitudereconnaissance,CloseAir Support,Suppressionof

EnemyAir Defenses,andaerialrefueling.SmallscaleUAVs will enableon-demandintelligence,surveillance

andreconnaissancetasksincluding: ”over thehill” reconnaissance,”perchandstare”surveillance,biological

andchemicalagentdetection,precisionstrike missions,andbattledamageassessment.Suchtasksrequire

that a UAV exhibit autonomousoperationincluding collision avoidance. UAVs �ying “nap of the earth”

below thetreetopsrisk collision with obstacleswhosepositioncannotbeguaranteedasknown before�ight.

UAVs mustincludesituationalawarenessbasedon sensingandperceptionof the immediateenvironmentto

locatecollisiondangersandplananappropriateavoidancepath[1]. A desiredautonomousintelligentcontrol

architecturefor UAVs integratesthreat/obstacleawarenesswith intelligent decisionmaking,pathplanning

and trajectorygenerationto achieve effective threatavoidanceand missioncompletion. A robust system

mustaccomplishthisautonomyduringahigh-speed�ight, in low visibility, clutteredenvironment,andunder

subsystemand/orcomponentfailures,resultingin achallengingautonomouscontrolproblem.

Sensorsconsideredfor collision detectionincludeactive or passive sensors.Active RADAR or LIDAR

(light detectingandranging)sensorsfor mannedaircraft arecurrentlyunderinvestigation for usein UAVs

[2, 3]. Thesesensorsprovideresolutionappropriatefor wire detection,but exhibit sparsemeasurements,non-

covert operationdueto emittedradiation,anda form factorandpower requirementthat doesnot currently

scaleto the smallestmicro air vehicles(MAVs). Passive sensorsbasedon visual electro-optical(EO) or

forward looking infrared(FLIR) arepromisingdueto low sizeweight andpower requirementsanda lack

of emittedradiation,but requiresigni�cant imageprocessingto detectobstacles.Bhanuet al. [1] arguefor

a maximallypassivesystemthatcombinesnarrow �eld of view active sensorsfor wire detectionwith wide

�eld of view passive stereosensorsfor peripheralvisibility. This paperproposesa passive stereosystemfor

visualobstacledetectionsuitablefor integrationinto suchamaximallypassivesystem.

In thispaper, wedescribethedevelopment,implementationand�ight testsof theVisualThreatAwareness

Avoidance(VISTA) systemfor passive,stereoimagebasedobstacledetection,its integrationwith theMulti-

layerArchitecturefor TrajectoryReplanningandIntelligentplaneXecution(MATRIX) for autonomousin-

telligent control of UAVs. The VISTA systemcombinesblock matchingstereocomputedon the AcadiaI

vision processordesignedby the Sarnoff Corporation[4] with imagesegmentationbasedon a specialpur-
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Figure1: (left) MATRIX: Multi-layer Architecturefor TrajectoryRe-planningandIntelligentplaneXecution
(ADP - AchievableDynamicPerformance)(right) FLARE: Faston-LineActuatorRecon�gurationEnhance-
mentSystem

posegraphrepresentationappropriatefor collision detection,humanvision inspiredperceptualorganization

andef�cient graphpartitioningbasedon therecursive minimums-t graphcut. This segmentationprovidesa

meansto increaserobustnessto stereocorrespondenceerrorsaswill bedescribedin this paperandprovides

constraintssuitablefor motion planningandavoidance. This paperwill describesystemtheoryandshow

experimentalresultsfrom �ight testson GeorgiaTech'sGT-Max autonomoushelicopter[5].

2 MATRIX SystemAr chitecture

TheMulti-layer Architecturefor TrajectoryReplanningandIntelligentplaneXecutionor MATRIX system

is anoverall architecturefor autonomousmotionplanning.TheMATRIX systemblock diagramis shown in

Figure1. The role of this systemis to integratethreatdetectionalgorithmswith on-linepathplanningand

trajectorygenerationwithin aneffective multi-layerarchitecturefor pop-upthreatavoidanceundersubsys-

tem andcomponentfaultsandfailures. In this section,speci�c layersin the MATRIX architecturewill be

describedin moredetail.

Theadaptive recon�gurablecontrol layercombinespartial feedbacklinearizationandsliding modecon-

trol with zerodynamicsstabilizationusingouter-loop LQR controllerasshown in �gure 2. The controller

wasextendedto adda retro�t modulefor accommodationof loss-of-effectivenessfailureof �ight controlac-

tuators.Theextendedalgorithmwas�ight testedusingGeorgiaTech'sGT-Max helicopterundertheDARPA
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SECProgram[17].

Thefailuredetection,identi�cation andrecon�guration(FDIR) layermonitorsthehealthof UAV subsys-

temsandcomponents,detectsfaults,failuresandstructuraldamage,andrecon�guresthecontrolsto achieve

effective failure anddamageaccommodationwhile maintainingor gracefullydegradingthe desired�ight

performance.We have developedseveralef�cient algorithmsfor effective FDIR in thepresenceof actuator

failures,controleffectordamage,anddamage-generateddisturbances.Themainarchitecturethatwasdevel-

opedis referredto asFLARE (Faston-LineActuatorRecon�gurationEnhancement),andis shown in Figure

1. Actuatorhealthstatusis monitoredby multipledecentralizedFDI observers,while thedamageconditions

anddisturbancesaredetectedby the Global FDI system.The FDI informationis passedon to the retro�t

recon�gurablecontrollerthatassuresfastrecon�gurationandsystemstability. TheFLARE systemwasre-

centlyevaluatedthroughpilotedF/A-18aircraftsimulationsatBoeingandNASA Drydenyieldingexcellent

resultsin thepresenceof severe�ight-critical failures[18, 20]. TheFLARE systemwasalsoimplemented

undertheDARPA SECprogramonGeorgiaTech'sGT-Max autonomoushelicopter[17].

Theautonomoustrajectorygeneration(ATG) layer �ts a feasibletrajectorythroughtheway-pointseven

while satisfyingthestate,controlinput,andspatialconstraints.Trajectorygenerationis commonlybasedon

minimizationof a given criterionsuchastime betweentheway points,fuel consumption,or low exposure

to known stationarythreats,andcanbegeneratedeitheron-lineor off-line. In thecaseof failures,upsets,or

otheranticipatedor unanticipatedevents,thepathplanninglayerautomaticallyrecon�guresthedesiredpath

by modifying theway-points,while thetrajectorygenerationlayer�ts a feasibletrajectorythatis achievable

underthecircumstances.In this project,we have exploredtrajectorygenerationalgorithmsbasedon splines

andhigherorderpolynomials[17].
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Figure3: MATRIX �ight experimentin theDARPA SECProgram

Theachievabledynamicperformance(ADP) layerprovidesameasurementof themaximumperformance

thatthevehiclecanachieveunderdifferentfaults,failures,andexternaldisturbancesin adynamicallyvarying

environment. The ADP measureis calculatedon-line at the inner-loop control level, andpassedon to the

higherhierarchicallevelsthatmakeappropriatechangesto re�ect thenew loweredcapabilitiesof thevehicle.

We implementedtheADP conceptundertheDARPA SECprogramby on-line identi�cation of theposition

limits of thehelicopterrudder, andADP measurecalculationbasedon this estimate[17].

Theautonomouspathplanning(APP) layergeneratesthemotionplanfor theoverall mission,andcom-

putesspatialand other constraintsneededfor the designof the desiredtrajectories. Many of the routes

and constraintscan be computedoff-line to cover different situations,including the nominal caseand a

set of anticipatedevents, and storedin memory. The constraintsare computedin the form of safeset

boundariesaroundthe way-points. We have developedthe path-planningalgorithmsbasedon the follow-

ing techniques:(i) Voronoi diagramsandDelaunaytriangulation;(ii) Mixed-integer/LMI algorithms;and

(iii) Rapidly-exploringRandomTrees(RRT) [17].

Theautonomousdecisionmaking(ADM) layerhastheinformationabouttheoverall missionobjectives

and constraints. This information, in conjunctionwith the sensoryand ADP information and situational

awareness,is usedto make appropriatedecisionsastrade-offs betweenthemissionsuccessandvehiclesur-

vivability. This layer is responsiblefor collision avoidance,con�ict resolution,missionretasking,andgoal

reassessment.
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2.1 MATRIX Flight TestResults

Underthe Final Experimentof the DARPA SECProgram,we demonstratedthe MATRIX systemthrough

�ight tests.TheADP measurewasusedto make a decisionto retaska mission,recalculateachievablepaths

afteravehiclefailureand�t anew feasibletrajectorybetweenthewaypoints.This is shown in Figure3. The

control system�rst replansthe trajectoryto avoid a pop-upthreatin the no-failure case.Following that, a

rudderlock-in-placeoccursthatchangesthepositionlimits; this is detectedby theLimit DetectionSystem

thatcalculatesa new ADP measureandpassesthis informationto theADM layer thatmakesa decisionto

retaskthemission(follow alarger-radiuscircle); this informationis passedonto theAPPlayerthatcalculates

new waypoints,andtheATG layerthat�t anew trajectorythroughthesewaypoints.

3 VISTA SystemAr chitecture

The Visual ThreatAwareness(VISTA) systemis an approachto collision obstacledetectionbasedon real

time stereo,graphpartitioning,perceptualorganizationandfeaturetracking.A block diagramof thesystem

is shown in �gure 4. A stereopair of camerasis mountedforwardlooking on theUAV to monitortheregion

throughwhich the UAV will �y . On eachiteration, imageryis capturedfrom a calibratedstereopair of

camerasandpassedto the AcadiaI vision processorwhich computesa disparity map. The disparitymap

is proportionalto the scenedepth,or distanceto pointswithin the scene.The imageryanddisparitymaps

are foveatedusinga log-polarmappingcompressionandfusedinto an af�nity graph representationusing
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perceptualorganizationtechniques.Theaf�nity graphis recursively bipartitionedusingaminimums-tgraph

cutresultingin anestimateof � regionswithin theimagery. Statisticsarecomputedfor eachregion,andthose

thatpassastatisticaltestarereconstructedusingstereotriangulationandrepresentedwith aboundingellipse.

Theseregionsaretracked usinga Kalman�lter andthoseregionswith a given trackingcon�denceabove

a thresholdarelabeledobstaclehypotheses. Obstaclehypothesesthat fall within the �ight patharelabeled

collision obstaclehypotheseswith theclosestcollision obstaclelabelednearestcollision obstacle. Collision

obstaclehypothesesaremeasurementsof thepositionandsizeof possiblecollision dangerswhich provide

dynamicconstraintsfor avoidance.

3.1 Computational Stereo

Computationalstereois theprocessof extractingthree-dimensionalscenestructurefrom two or moreimages

takenfrom distinctviewpoints[6]. This computationrequiresa threestepprocessof calibration,correspon-

denceandreconstruction.

Stereocalibrationis theprocessof measuringtheparameterswhich de�ne thecameraintrinsics,stereo

intrinsicsandstereoextrinsics.Thecameraintrinsic parametersor camera intrinsicsde�ne a transformation

between3D scenecoordinatesand2D imagecoordinatesthat take into accountuncertaintiesintroducedin

thecameramanufacturingprocess,geometriclensdistortionandothernonlinearities.In this system,camera

intrinsic calibrationis a coupledprocessof radial lensdistortioncorrectionandcameraprojectionmatrix

estimationusingtheapproachdescribedin [17].

Stereocorrespondenceis the processof establishingmatchingpoints in stereoimagery. A point at a

�nite distancefrom a stereopair will exhibit a disparity or changein positionbetweenmatchingpointsin

eachimagedueto thechangein viewpoint. Stereogeometryconstraintsthepositionof matchingpointsto

be alongepipolarlines in the image,andcalibratedstereopairsin epipolaralignmentfurther constrainthe

positionto bealonganimagescanline.Stereocorrespondencetechniquesattemptto �nd matchingpointsin

theleft andright imageryby exploiting constraintssuchasepipolargeometry, ordering,brightnessconstancy,

edgeconsistency anduniqueness[6]. However, this matchingcanbeambiguouswhenfeaturesin oneimage

donothaveanidenticalanduniquematchin theotherimage.Thismaybedueto viewpoint (foreshortening),

multiple featurematch(regionsof low contrast,periodicfeatures)or no featurematch(specularre�ections,

occlusion,minimum distanceviolation). Many correspondencetechniquesincludea matchingcon�dence
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Figure 5: Tradeoff betweenstereothresholdand correspondencequality. (left) Grayscaleimagery(mid-
dle) Disparity map with low threshold(right) Disparity map with high threshold. Dark gray=far,light
gray=close,white=unde�ned

thresholdto discardpoormatches,however asshown in 5, thequality of thecorrespondenceis sensitive to

this threshold.Thelow thresholddisparitymapin 5b introducesseverematchingerrorsin thesky dueto low

contrast,but exhibits excellentsmoothcorrespondenceon theground. Thehigh thresholddisparitymapin

5c removesthesky errors,but alsoremovessomecorrectcorrespondenceon theground.It is unclearhow to

choosethis thresholdin general,without introducingfalsealarmsor misseddetectionsin anunconstrained

outdoorenvironment.Thispoint will berevisitedin thenext section.

In this system,stereocorrespondenceis computedon the Acadia I vision processorusing a sum of

absolutedifferences(SAD) block matchingapproachalongepipolarscanlines,with left/right consistency

checkingandmaximum32 disparitysearch[4]. SAD estimatesarethresholded,andthosepointswith SAD

measureabove this thresholdde�ne adisparitymapwhich is proportionalto scenedepthusingstereorecon-

struction.TheAcadiaI visionprocessoris dedicatedto stereoprocessing,resultingin 640x480disparitymap

computationat23Hz.

Finally, stereoreconstructionis thecomputationof depthfrom disparitydeterminedfrom correspondence

andstereogeometrydeterminedfrom calibrationThis reconstructionusesstandardstereotriangulationto

recover 3D scenestructurefrom 2D projections[7], resultingin depthmeasurementsto pointsin thescene,

whichprovidescollisiondistancefor obstacledetection.

3.2 Foveation

Foveationrefersto a spacevariant imagerepresentationwith a high resolutioncentralregion or foveasur-

roundedby a lower resolutionperiphery[8, 9]. In thecontext of collision detection,foveationprovidesthe
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Figure6: Exampleof foveationusingthelog-polarmapping

bene�tsof compressionandfocusof attention.Collisiondetectionsystemsexhibit a tradeoff betweensensor

resolutionfor detectionof smallobstacles,anddetectiontimerequirementsfor safeoperation.Computational

complexity is proportionalto sensorresolution,solimited computationalresourcesrequirethatcomputation

is appropriatelyfocused.Foveationretainshigh resolutionin the imagecenter, which hasa high likelihood

of containinga collision obstaclesincetheimagecenterof a forwardlooking sensorcanbeactively aligned

with thecurrentheading.Foveationalsoreducestheresolutionin theperipherywhichmaycontainanobsta-

cle, but a low likelihoodof containinga collision obstacle.Therefore,foveationallows thesystemto focus

availablecomputationalresourceson thosespatialimageregionsthatarelikely to containcollision dangers.

The lower resolutionperipheryprovidesimagecompressionthat is appropriatefor collision detection,and

focusescomputationon theimagecenterwhich is likely to containcollisiondangers.

Foveationcanbe implementedusinga log-polar mapping[9], suchthat the spacevariantresolutionis

proportionalto thelog of thedistancefrom theimagecenter. An exampleof thelog-polarmappingis shown

in �gure 6. Pixelsin �gure 6aaremappedto nearestlog-polarsectorswith centroidsrepresentedascirclesin

�gure 6b,suchthatthemediangrayscaleintensityrepresentstheentiresectorin thelog-polarmappingasin

�gure 6c.

3.3 Segmentation

Segmentationcanbe de�ned as the processof labeling an imagesuchthat featureswith equallabelsare

“similar” andfeatureswith unequallabelsare“dissimilar”. A labelingde�nesgroupingsof pixelsinto regions

suchthatpixelswith acommonlabelbelongtogetherin somesense,andpixelswith differentlabelsdonot. In

thecontext of obstacledetection,segmentationprovideshypothesizedobstaclesizeandobstacleboundaries
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for motionplanning.Hypothesizedobstacleboundariesareboundariesbetweensegmentationlabels,which

canbeusedto compensatefor thestereocorrespondenceerrorsdescribedin section3.1by ignoringdisparity

within groupsandenforcingtheedgeconsistency constraintalonga labelboundary.

The segmentationproblemcan be posedformally as an energy minimization problem[10]. Assume

that thereexists a �nite setof points �����
	���
�	���
�������
�	���� that fall within the �eld of view of the sen-

sor for which measurementscan be taken. For eachpoint 	�� , a sensorcan capturea multidimensional

measurement����	 � � �!�#" � 
$" � 
�������
$"&%'� , such that the total set of all measurementsfor all points is
(

�)���*�+	 �,� 
-�*�+	 �#� 
�������
-�*�+	�� � � . Eachmeasurementis somedescriptive featureof 	 � thatmay include

intensity, texture,color, intensitygradient,motion,depthor others.A labeling ./�0� � is a mappingfrom � to
1

where
1

is a �nite setof labels.An energyoptimallabeling .

�

minimizestheenergy function 2 [11]
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7 is a functionwhich encodesthecostof assigninglabel .

7 to 	 , which representsprior knowledgeabout

thetruelabelingof 	 .
B

7�? @ is a functionwhichencodesthecostof assigninglabel .

7 to 	 andadifferentlabel

.

@ to N when ��	�

N
� areneighbors in agivenneighborhoodset OQPR�RST� . This functionrepresentsapenalty

for violating labelsmoothnessfor neighboring��	�

N
� . Solutions.

�

to theenergy minimizationproblemare

dif�cult to �nd in generalsince(1) canbenon-convex in ahighdimensionalspace.

In this application,we approachthe energy minimization in (2) asa recursivemaximumnetwork�ow

problem.UsingtheFord-Fulkersontheorem,it canbeshown thata solutionto themaximumnetwork �o w

or max�ow problemis alsoa solutionto theminimumgraphcut or mincutproblem[12]. Themincuton a

network �o w graphde�nesagraphbipartitionwhichis equivalentto abinarylabeling.Thisbinarylabelingis

anexactsolutionto theenergy minimizationin (2) assumingthat
;

7 is equalto theterminaledgecapacities

and
B

7U? @ is equalto the edgecapacitiessuchthat
B

7�? @ is a regular functionasde�ned in [11]. Recursive

applicationof thebinarylabelinggeneratesa � -labelingsuchthatthemaximumof theinter-partition�o ws is

minimizedamongall possiblepartitionsof V into thesamenumberof partitions[13].

Examplesegmentationsareshown in �gure 7 (row three),whereregionsof constantcolorhave thesame

label.An exampleof the�rst andlaststepsin therecursivebipartitionareshown in thesegmentationsubblock

of �gure 4.
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3.4 ObstacleDetectionand Tracking

Obstacledetectionandtrackingincludesboundarystatistics,regionreconstructionandobstacletracking.The

� -partitionfrom section3.3de�nesa setof � -regionsin theimagewhich mustbereconstructedin 3D using

thestereogeometryanddisparity. For eachregion,we computeboundarystatisticsfor measurementsabout

theboundaryof eachregion. Thoseregionswith statisticsabove a given thresholdarereconstructedin 3D

usingtheboundarydisparity. Region centroidsareusedto determineif the region falls within the tracking

volume.Suchregionsareparameterizedby theboundingellipse,andtrackedusinga Kalman�lter .

Boundarystatisticscanbeusedto compensatefor stereocorrespondenceerrorsby ignoringdisparityin

region interiorsandby checkingtheedge consistencyconstraint alongregion boundaries.Boundarystatis-

tics arethosestatisticswhich arecomputedover all featuremeasurementsat theboundaryof a givenregion.

As discussedin section3.1,noisystereodisparityestimatesmaybe introduceddueto poorly chosenstereo

thresholdor stereocorrespondenceerrorsfrom scenegeometry. Noisy disparityresultsin incorrect3D re-

constructionwhichcangeneratefalsealarmobstacles,or missedobstaclesaltogether. Stereocorrespondence

is strongestin areasexhibiting intensity edgescorrespondingto local maximain intensity gradients. By

natureof the segmentationprocessandthe formulationof nodeaf�nity , the interior of a segmentedregion

will exhibit smoothchangesin featuremeasurements,andthe boundarywill exhibit violationsof smooth-

ness. Therefore,he boundaryof a segmentwill exhibit strongercorrespondencethan the interior, which

meansthedisparityinterior to a region canbe discardedin favor of the disparityat theboundary. In other

words,disparityfrom regionsof low contrastis ignored.Theedge consistencyconstraintis commonlyused

in computationalstereoto constrainthe searchfor correspondence[14], suchthat disparityalongintensity

edgesshouldbe smoothlyvarying. Any violation of theedgeconsistency constraintis an indicationof in-

correctcorrespondence.Therefore,we de�ne anedgeconsistency checkin termsof disparityvariancealong

a boundary, suchthata region with a boundaryvarianceabove a thresholdviolatesedgeconsistency andis

discarded.

Thoseregionswhich passtheedgeconsistency checkarereconstructedin 3D usingtheboundingellipse

of the region. Boundingellipseswhich fall within a given trackingvolumearelabeledobstaclehypotheses

andboundingellipseswhich fall within a givencollision volumearelabeledcollision obstaclehypotheses.

Thoseellipsesoutsidethetrackingvolumeareignoredfor computationalef�ciently , Theellipseparameters

for obstaclehypothesesarethenpassedasmeasurementsto a KalmanFilter for obstacletracking[15]. Each
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obstacleis tracked independentlysuchthat obstacleswhich enterand exit the tracking volume spawn or

destroy their associated�lter . Measurementassignmentis determinedby comparingthemeasurementto all

obstacleswithin a speci�ed gating distance.Measurementsareassignedto theobstaclewith the minimum

error in ellipseparametersandclosestmeanintensity. The result is a stateestimate W

X

% andstateestimate

covariance�/% for theboundingellipseof eachobstaclein theinertial frameof thevehicle.Detectedobstacles

within thecollisionvolumearethenpassedto thecontrolsystemfor motionplanning.

3.5 VISTA Flight TestResults

Flight experimentsfor the VISTA systemwereperformedon the Georgia TechGT-Max autonomoushe-

licopter platform [5], out�tted with the VISTA �ight computerandstereocameras.Flights 1,4,5had the

helicopterautonomouslyapproacha”sign” obstacle,whichwasa40”x30” pieceof white foamcoremounted

on the top of a 21' tall, 0.75” diameterpole. Flights 2,3 replacedthe ”sign” with a ”pole” obstacle,which

wasa 90”x20” pieceof black foamcorerepresentingthe top sectionof a 20” diametertelephonepole. The

helicopterapproachedthe obstaclesat a constantvelocity andaltitude,with variableheading(north/south

or east/west),forward speedandambientlighting for each�ight. Flight experimentswereperformedin a

�eld in McDonoughGA that includedhaybales,trees,tarpaulins,gantryandgroundstationvehiclesin the

background.

Figure7 shows sampleimageryandprocessingresultsfrom � ve �ight experiments.Flight dataincludes

calibratedgrayscaleimagery, disparitymaps,segmentationresultsandobstacledetection.Theobstaclede-

tectionimageryshows that thenearestcollision obstacleis detectedasshown with a greenellipse,but also

additionalobstaclesare detectedas shown with yellow ellipses. Theseobstaclesincludecars,hay bales,

tarpaulinsanda gantry in thebackgroundthatarein factobstacleswhich arecorrecteddetectedby thesys-

tem.

Figure7 alsoshow a graphof obstacledetectionperformance.Thegroundtruth positionof thecollision

obstaclewascapturedafter each�ight, andthe obstacleestimationerror wascomputedby comparingthe

tracking estimateof the greenellipse centroidto the groundtruth obstaclecentroid. The detectionerror

graphsshow the Euclideandistancebetweenthe estimatedpositionof the obstacle W

� andthe groundtruth

position � , suchthat the error at time index YZ2
�

�\[ �^]

W

�3[ . The positionestimationerror is shown in

blue. The redplot shows thepredictedestimationerrorgiven thegroundtruth distanceto theobstacleand
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Flight 1 Flight 2 Flight 3 Flight 4 Flight 5

Figure 7: VISTA sampleimageryand �ight experimentresultsfor collision detectionscenarios. From
top to bottom: calibratedgrayscaleimageryfrom left camera,foveateddisparitymap(dark gray=far, light
gray=close,white=unde�ned),k-partitionsegmentation(solid color=region), obstacledetection(yellow el-
lipse=trackedobstacle,greenellipse=nearestcollision obstacle,greentext=collision distanceto nearestcol-
lision obstacle),obstacledetectionperformanceevaluation
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theknown resolutionof stereo.Stereoestimationerror re�ects thenonlinearrangeresolutionof stereodue

to pixel quantization,suchthattheuncertaintyin rangefor a singledisparityis proportionalto thesquareof

therange.At time index Y , thehelicopterwith position �`_ is at rangea�_b�c[ �d]e�f_g[ from theobstacle.The

stereorangeresolutionatdistancea:_ is givenby

hji

��aU_ � �

a

�

_

k

.

(3)

for a known baseline
k

in metersandfocal length . in pixel units. This rangeresolutionis the expected

uncertaintyfor a singledisparitywhich is due to pixel quantizationerror andstereogeometry. A correct

detectionresultshouldtracktheerror 23�la:_ �`mdn

hTi

��aU_ � , where2 is therangeuncertaintydueto a two pixel

disparityerror. The error 2 is alsoa function of the vertical andhorizontalpositionerror, but theseerrors

is dominatedby rangeuncertaintyfor thedistancesconsideredin UAV �ight, andarenegligible in practice

[16]. Theplotsshow that thepositionestimationerrordoestrack 2 , andat timesimproveson theexpected

errordueto subpixel disparityestimatesfrom trackingandfrom disparityaveraging.

The obstacledetectionperformanceresultsincludeprocessingresultsfor the entire run, including the

periodin which thehelicopteris pitchingdown duringacceleration,andpitchingup duringhalt. Theplots

begin at the�rst time index in which theobstacleis detected,whichshowsthatthereareno falsealarms.The

accuracy of detectionat the closestpoint (50ft) is shown in the plots to be
�

6ft on averagewhich follows

from thetheoreticalrangeresolutionof stereo.Runtimeperformancefor each�ight rangedfrom 3-5Hz,with

variationsdueto scenecomplexity affectingthetotalnumberof regionsk of therecursivebipartition.

4 Summary

This paperhasdescribedthe VISTA systemfor visual threatawarenessand the MATRIX systemfor au-

tonomousmotion planning. The VISTA systemhasdemonstratedthe �rst applicationof 640x480@23Hz

embeddedstereohardwarein UAV �ight with a realtime(3-5Hz)algorithmthatimprovesobstacledetection

performanceover traditionalstereoonly. Proofof concepthasbeendemonstratedin six �ight experiments

againstrealobstacleswith no falsealarmsat accuraciesof 6ft@50ft. TheMATRIX systemwas�ight tested

undersimulatedvehiclefailuresandpopupthreatsasshown in �gure 3. Futurework includesurban�ight

experimentsof theintegratedMATRIX/VISTA systeminvolving multipleobstaclesandtrajectories.
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