Flight Testingof a Fault-Tolerant Control and Vision-basedObstacle
AvoidanceSystemfor UAVsS

RamanrK. Mehra,Jefrey ByrneandJovanBoskovic
Scienti ¢ SystemsCompary, Inc.
500WestCummingsPark, Suite3000,Woburn, MA 01801
Phone:(781)933-5355Fax: (781)938-4752
rkm@ssci.comhttp://www.ssci.com

Abstract

The paperdescribegshe development,implementationand ight testingof the Visual Threat Awareness
(VISTA) systemandthe Multi-layer Architecturefor TrajectoryReplanningand Intelligent plan eXecution
(MATRIX) for autonomousntelligent control of UnmannedAerial Vehicles(UAVs). The VISTA system
generateinformationon the threatsandobstaclesn real-time,andpassedét on to the MATRIX systemthat
makesmission-relatediecisionsandgeneratesew waypointsandatrajectorythatsafelyavoidsthe obstacle.
TheVISTA systemcombineshinocularvisual stereoperceptuabrganization graphpartitioningandfeature
trackingfor a passve systemto enablereal-timeobstacledetection. Computationaktereoperformancehas
progresseduchthattherenow exist severalcommerciabr opensourcamplementationshatoperateatframe
rate,but suffer from well known correspondencerrors.We shav thatintroducinga globalsegmentatiorstep
aftercommoditystereocanincreaseobustnessandleverageexisting sterecsoftware. The global sggmenta-
tion stepis basedon a graphstructureappropriatefor collision detection humanvision inspiredperceptual
organizationandgraphpartitioningusingthe minimums-t graphcut. This systemhasbeenprototypedusing
Sarnof Corp's Acadial visionprocessoto enable540x480@(3-5Hz operatioronembeddedvionicsatac-
curacieof 6ft at 50ft. We describeVISTA systentheoryandshaw proofof conceptand ight experiment

resultsof the MATRIX/VISTA systemon Geogia Tech's GT-Max autonomouselicopter
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authorswish to thankDr. JohnBay for his suggestionandcontrikutions.
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1 Intr oduction

UnmannedAerial Vehicles(UAVs) areervisionedasan integral part of future military forces. Large scale
UAVs will performautonomousgaskssuchashigh-altitudereconnaissanc€loseAir SupportSuppressionf
EnemyAir Defensesandaerialrefueling. SmallscaleUAVs will enableon-demandhtelligence sureillance
andreconnaissandasksincluding: "overthehill” reconnaissancé&perchandstare”suneillance biological
and chemicalagentdetection precisionstrike missions,andbattle damageassessmentSuchtasksrequire
that a UAV exhibit autonomousperationincluding collision avoidance UAVs ying “nap of the earth”
below thetreetopgisk collision with obstaclesvhosepositioncannotbe guaranteeésknown before ight.

UAVs mustincludesituationalawarenesdasedon sensingandperceptiorof theimmediateervironmentto
locatecollisiondangersaindplananappropriateavoidancepath[1]. A desiredautonomoudntelligentcontrol
architecturefor UAVs integratesthreat/obstaclewarenesawvith intelligent decisionmaking, pathplanning
andtrajectorygenerationto achieve effective threatavoidanceand missioncompletion. A robust system
mustaccomplistthis autonomyduringahigh-speedight, in low visibility, clutteredenvironment,andunder

subsystenand/orcomponenfailures,resultingin a challengingautonomougontrolproblem.

Sensorgonsideredor collision detectionincludeactive or passie sensorsActive RADAR or LIDAR
(light detectingandranging)sensordor mannedaircraft are currentlyunderinvestigation for usein UAVS
[2, 3]. Thesesensorprovide resolutionappropriatdor wire detectionput exhibit sparseneasurementson-
covert operationdueto emittedradiation,anda form factorand power requirementhat doesnot currently
scaleto the smallestmicro air vehicles(MAVS). Passve sensorshasedon visual electro-optical(EO) or
forward looking infrared (FLIR) are promisingdueto low size weight and power requirements&nd a lack
of emittedradiation,but requiresigni cant imageprocessingo detectobstaclesBhanuetal. [1] arguefor
a maximallypassivesystemthat combinesnarrov eld of view active sensordor wire detectionwith wide
eld of view passie stereasensorgor peripherabisibility. This paperproposes passie stereosystemfor

visual obstacledetectiorsuitablefor integrationinto sucha maximally passve system.

In thispaperwedescribéhedevelopmentjmplementatiorand ight testsof theVisualThreatAwareness
Avoidance(VISTA) systemfor passie, steredmagebasedbstacledetectionjts integrationwith the Multi-
layer Architecturefor TrajectoryReplanningandintelligent plan eXecution(MATRIX) for autonomousn-
telligent control of UAVs. The VISTA systemcombinesblock matchingstereocomputedon the Acadial

vision processodesignedoy the Sarnof Corporation[4] with imagesegmentationbasedon a specialpur
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posegraphrepresentatioappropriatdor collision detection humanvision inspiredperceptuabrganization
andef cient graphpartitioningbasedon therecursve minimums-tgraphcut. This sggmentatiorprovidesa
meando increaseaobustnesdo stereacorrespondencerrorsaswill be describedn this paperandprovides
constraintssuitablefor motion planningand avoidance. This paperwill describesystemtheoryand showv

experimentakesultsfrom ight testson Geogia Tech's GT-Max autonomouselicopterf5].

2 MATRIX SystemAr chitecture

The Multi-layer Architecturefor TrajectoryReplanningandIntelligent plan eXecutionor MATRIX system
is anoverall architecturdor autonomousnotionplanning. The MATRIX systemblock diagramis shovn in

Figurel. Therole of this systemis to integratethreatdetectionalgorithmswith on-line path planningand
trajectorygeneratiorwithin an effective multi-layer architectureor pop-upthreatavoidanceundersubsys-
tem and componenfaultsandfailures. In this section,speci c layersin the MATRIX architecturewill be

describedn moredetail.

Theadaptve recon gurablecontrollayercombinespartialfeedbacKinearizationandsliding modecon-
trol with zerodynamicsstabilizationusing outerloop LQR controllerasshavn in gure 2. The controller
wasextendedo addaretro t modulefor accommodatiof loss-of-efectivenesgailureof ight controlac-

tuators.Theextendedalgorithmwas ight testedusingGeogia Tech's GT-Max helicopterunderthe DARPA
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SECProgram[17].

Thefailuredetectionjdenti cation andrecon guration(FDIR) layermonitorsthehhealthof UAV subsys-
temsandcomponentsgetectsaults,failuresandstructuraldamageandrecon guresthe controlsto achieve
effective failure and damageaccommodatiorwhile maintainingor gracefully degradingthe desired ight
performance We have developedseveral ef cient algorithmsfor effective FDIR in the presencef actuator
failures,controleffectordamageanddamage-generatetisturbancesThe mainarchitectureahatwasdevel-
opedis referredto asFLARE (Faston-Line ActuatorRecon gurationEnhancementgndis shavn in Figure
1. Actuatorhealthstatuss monitoredby multiple decentralizedrDI obsenrers,while the damageconditions
anddisturbancesre detectedoy the Global FDI system. The FDI informationis passecn to theretro t
recon gurablecontrollerthatassuregastrecon gurationandsystemstability. The FLARE systemwasre-
centlyevaluatedthroughpiloted F/A-18 aircraftsimulationsat BoeingandNASA Drydenyielding excellent
resultsin the presencef severe ight-critical failures[18, 20]. The FLARE systemwasalsoimplemented

underthe DARPA SECprogramon Geogia Tech’s GT-Max autonomouselicopter17].

TheautonomousrajectorygenerationATG) layer ts afeasibletrajectorythroughthe way-pointseven
while satisfyingthe state,controlinput, andspatialconstraintsTrajectorygeneratioris commonlybasedn
minimizationof a given criterion suchastime betweenthe way points,fuel consumptionpr low exposure
to known stationarythreatsandcanbe generatecitheron-line or off-line. In the caseof failures,upsetspr
otheranticipatedor unanticipatedents,the pathplanninglayerautomaticallyrecon guresthe desiredpath
by modifying theway-pointswhile thetrajectorygeneratiorayer ts afeasibletrajectorythatis achievable
underthe circumstancesin this project,we have exploredtrajectorygeneratioralgorithmsbasedon splines

andhigherorderpolynomialg[17].
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Figure3: MATRIX ight experimentin the DARPA SECProgram

Theachiezabledynamicperformancé€ADP) layerprovidesameasuremerdf themaximumperformance
thatthevehiclecanachiere underdifferentfaults,failures,andexternaldisturbances adynamicallyvarying
ervironment. The ADP measurds calculatedon-line at the innerloop control level, and passedn to the
higherhierarchicalevelsthatmale appropriat&changeso re ect thenew loweredcapabilitiesof thevehicle.
We implementedhe ADP conceptunderthe DARPA SECprogramby on-lineidenti cation of the position

limits of the helicopterrudder andADP measurealculationbasecbn this estimatd17].

The autonomougpathplanning(APP) layergenerateshe motion planfor the overall 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 safe set
boundariesaroundthe way-points. We have developedthe path-planningalgorithmsbasedon the follow-
ing techniques:(i) Voronoi diagramsand Delaunaytriangulation;(ii) Mixed-integer/LMI algorithms;and

(iii) Rapidly-exploring RandomTrees(RRT) [17].

Theautonomouslecisionmaking(ADM) layerhasthe informationaboutthe overall missionobjectives
and constraints. This information, in conjunctionwith the sensoryand ADP information and situational
awarenessis usedto make appropriatedecisionsastrade-ofs betweerthe missionsuccessndvehiclesur
vivability. This layeris responsibldor collision avoidance,con ict resolution,missionretasking,andgoal

reassessment.
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2.1 MATRIX Flight TestResults

Underthe Final Experimentof the DARPA SEC Program,we demonstratethe MATRIX systemthrough
ight tests.The ADP measuravasusedto make a decisionto retaska mission,recalculateachiezablepaths
afteravehiclefailureand t anew feasibletrajectorybetweerthewaypoints.Thisis shavn in Figure3. The
control systemrst replansthe trajectoryto avoid a pop-upthreatin the no-failure case. Following that, a
rudderlock-in-placeoccursthat changeghe positionlimits; this is detectedy the Limit DetectionSystem
that calculatesa nev ADP measureand passeghis informationto the ADM layerthatmakesa decisionto
retaskthemission(follow alargerradiuscircle); thisinformationis passeanto the APPlayerthatcalculates

new waypoints,andthe ATG layerthat t anew trajectorythroughthesewaypoints.

3 VISTA SystemAr chitecture

The Visual ThreatAwarenesgVISTA) systemis an approachto collision obstacledetectionbasedon real
time stereo graphpartitioning,perceptuabrganizationandfeaturetracking. A block diagramof the system
isshavnin gure 4. A steregpair of camerass mountedforwardlooking onthe UAV to monitortheregion
throughwhich the UAV will y. On eachiteration,imageryis capturedfrom a calibratedstereopair of
camerasnd passedo the Acadial vision processowhich computesa disparity map The disparity map
is proportionalto the scenedepth,or distanceto pointswithin the scene.The imageryanddisparity maps

are foveatedusing a log-polar mappingcompressiorand fusedinto an af nity graph representatiomising
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perceptuabrganizationtechniquesTheaf nity graphis recursvely bipartitionedusinga minimums-tgraph
cutresultingin anestimateof regionswithin theimagery Statisticsaarecomputedor eachregion,andthose
thatpassa statisticatestarereconstructedsingsteredriangulationandrepresentewith aboundingellipse.
Theseregionsaretracked usinga Kalman Iter andthoseregionswith a given trackingcon denceabove
a thresholdarelabeledobstaclehypothesesObstaclehypotheseghat fall within the ight patharelabeled
collision obstaclehypothesewith the closestcollision obstacldabelednearestcollision obstacle Collision
obstaclehypothesesre measurementsf the positionandsize of possiblecollision dangerswvhich provide

dynamicconstraint§or avoidance.

3.1 Computational Stereo

Computationastereas the procesf extractingthree-dimensionalcenestructurefrom two or moreimages
takenfrom distinctviewpoints[6]. This computatiorrequiresathreestepprocesof calibration,correspon-

denceandreconstruction.

Stereocalibrationis the procesof measuringhe parametersvhich de ne the cameraintrinsics, stereo
intrinsicsandstereoextrinsics. The camerantrinsic parametersr camen intrinsicsde ne atransformation
between3D scenecoordinatesand 2D imagecoordinateghat take into accountuncertaintiesntroducedin
the cameramanugcturingprocessgeometridensdistortionandothernonlinearitiesIn this systemgcamera
intrinsic calibrationis a coupledprocessof radial lens distortion correctionand cameraprojectionmatrix

estimationusingthe approachdescribedn [17].

Stereocorrespondencis the processof establishingmatchingpointsin stereocimagery A point at a
nite distancefrom a stereopair will exhibit a disparity or changein positionbetweenmatchingpointsin
eachimagedueto the changein viewpoint. Stereogeometryconstraintghe positionof matchingpointsto
be alongepipolarlinesin theimage,andcalibratedstereopairsin epipolaralignmentfurther constrainthe
positionto bealonganimagescanline.Stereacorrespondenceechniquesattemptto nd matchingpointsin
theleft andrightimageryby exploiting constraintsuchasepipolargeometryordering,brightnessonstany,
edgeconsisteng anduniguenes§s]. However, this matchingcanbe ambiguousvhenfeaturesn oneimage
donothave anidenticalanduniquematchin the otherimage.This maybedueto viewpoint (foreshortening),
multiple featurematch(regionsof low contrastperiodicfeatures)or no featurematch(speculare ections,

occlusion,minimum distanceviolation). Many correspondenctechniquesnclude a matchingcon dence
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Figure5: Tradeof betweenstereothresholdand correspondencquality. (left) Grayscaleémagery (mid-
dle) Disparity map with low threshold(right) Disparity map with high threshold. Dark gray=farlight
gray=close,white=unde ned

thresholdto discardpoor matcheshowever asshavn in 5, the quality of the correspondencis sensitve to
thisthreshold.Thelow thresholddisparitymapin 5bintroducessevzerematchingerrorsin the sky dueto low
contrast but exhibits excellentsmoothcorrespondencen the ground. The high thresholddisparitymapin
5cremovesthesky errors,but alsoremosessomecorrectcorrespondencen theground.lt is unclearhow to
choosethis thresholdin generalwithout introducingfalsealarmsor misseddetectionsn an unconstrained

outdoorervironment. This pointwill berevisitedin the next section.

In this system,stereocorrespondenceé computedon the Acadial vision processomsing a sum of
absolutedifferencegSAD) block matchingapproachalong epipolarscanlineswith left/right consisteng
checkingandmaximum32 disparitysearch{4]. SAD estimatearethresholdedandthosepointswith SAD
measurabove thisthresholdde ne adisparitymapwhichis proportionalto scenedepthusingsterearecon-
struction.The Acadial vision processors dedicatedo steregorocessingresultingin 640x480disparitymap

computatiorat 23Hz.

Finally, stereareconstructiors the computatiorof depthfrom disparitydeterminedrom correspondence
and stereogeometrydeterminedfrom calibrationThis reconstructiorusesstandardstereotriangulationto
recover 3D scenestructurefrom 2D projectiong7], resultingin depthmeasurement® pointsin the scene,

which providescollision distancefor obstacledetection.

3.2 Foveation

Foveationrefersto a spacevariantimagerepresentatiomith a high resolutioncentralregion or foveasur

roundedby a lower resolutionperiphery[8, 9]. In the context of collision detection foveationprovidesthe



Ayix Scienti ¢ Systems 9

Figure6: Exampleof foveationusingthelog-polarmapping

bene tsof compressiomndfocusof attention.Collision detectiorsystemsexhibit atradeof betweersensor
resolutionfor detectiorof smallobstaclesanddetectiortime requirements$or safeoperation.Computational
compl«ity is proportionalto sensoresolution,solimited computationafesourcesequirethatcomputation
is appropriatelyfocused.Foveationretainshigh resolutionin theimagecenter which hasa high likelihood
of containinga collision obstaclesincetheimagecenterof aforwardlooking sensoicanbe actively aligned
with the currentheading Foveationalsoreducegheresolutionin the peripherywhich may containanobsta-
cle, but alow likelihoodof containinga collision obstacle.Therefore foveationallows the systemto focus
availablecomputationatesource®n thosespatialimageregionsthatarelik ely to containcollision dangers.
The lower resolutionperipheryprovidesimagecompressiorthat is appropriatefor collision detection,and

focusescomputatioron theimagecenterwhichis likely to containcollision dangers.

Foveationcanbe implementedusing a log-polar mapping[9], suchthatthe spacevariantresolutionis
proportionalto thelog of thedistancerom theimagecenter An exampleof thelog-polarmappingis shavn
in gure 6. Pixelsin gure 6aaremappedo nearestog-polarsectorswith centroidsrepresentedscirclesin

gure 6b, suchthatthe mediangrayscaléntensityrepresentshe entiresectorin thelog-polarmappingasin

gure 6c.

3.3 Segmentation

Segmentationcan be de ned asthe processof labeling animagesuchthat featureswith equallabelsare
“similar” andfeatureswith unequalabelsare“dissimilar”. A labelingde nesgroupingsof pixelsinto regions
suchthatpixelswith acommonlabelbelongtogetheiin somesenseandpixelswith differentlabelsdonot. In

the context of obstacledetection segmentatiorprovideshypothesizewbstaclesizeandobstacleboundaries
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for motion planning. Hypothesizebstacléboundariesare boundariebetweernsggmentationabels,which
canbeusedto compensatéor the stereccorrespondencerrorsdescribedn section3.1 by ignoringdisparity

within groupsandenforcingthe edgeconsisteng constraintalongalabelboundary

The segmentationproblemcan be posedformally as an enegy minimization problem[10]. Assume
that thereexists a nite setof points that fall within the eld of view of the sen-
sor for which measurementsan be taken. For eachpoint , a sensorcan capturea multidimensional
measurement , suchthat the total set of all measurementfor all pointsis

. Eachmeasuremernis somedescriptve featureof  thatmayinclude
intensity texture, color, intensitygradientmotion,depthor others.A labeling isamappingfrom to

where isa nite setof labels.An enegy optimallabeling minimizestheenegy function [11]

(1)
(2)

is a functionwhich encodeghe costof assigningabel to , whichrepresentprior knowledgeabout

thetruelabelingof . is afunctionwhichencodeshecostof assignindabel to andadifferentlabel
to when areneighbosin agivenneighborhoodet . Thisfunctionrepresentapenalty
for violating label smoothnes$or neighboring . Solutions  to the enegy minimizationproblemare

dif cult to nd in generakince(1) canbenon-cowex in a high dimensionakpace.

In this application,we approachthe enegy minimizationin (2) asa recuisive maximumnetwork ow
problem. Usingthe Ford-Fulkersontheorem|t canbe shovn thata solutionto the maximumnetwork ow
or max ow problemis alsoa solutionto the minimum graphcut or mincutproblem[12]. The mincuton a
network o w graphde nesagraphbipartitionwhichis equivalentto abinarylabeling. Thisbinarylabelingis
anexactsolutionto theenegy minimizationin (2) assuminghat  is equalto theterminaledgecapacities
and is equalto the edgecapacitiessuchthat is a regular functionasde ned in [11]. Recursie
applicationof thebinarylabelinggeneratea -labelingsuchthatthe maximumof theinter-partition o wsis

minimizedamongall possiblepartitionsof  into the samenumberof partitions[13].

Examplesggmentationsareshovn in gure 7 (row three),whereregionsof constantolor have thesame
label. An exampleof the rst andlaststepdn therecursvebipartitionareshavnin thesegmentatiorsubblock

of gure 4.
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3.4 ObstacleDetectionand Tracking

Obstacledetectiorandtrackingincludesboundarystatisticsregionreconstructiorandobstaclearacking. The

-partitionfrom section3.3de nesasetof -regionsin theimagewhich mustbereconstructedh 3D using
the stereageometryanddisparity For eachregion, we computeboundarystatisticsfor measurementabout
the boundaryof eachregion. Thoseregionswith statisticsabove a giventhresholdarereconstructedn 3D
usingthe boundarydisparity Region centroidsare usedto determineif the region falls within the tracking

volume.Suchregionsareparameterizetly the boundingellipse,andtrackedusinga Kalman lter .

Boundarystatisticscanbe usedto compensatéor stereocorrespondencerrorsby ignoring disparityin
region interiorsandby checkingthe edge consistencyonstaint alongregion boundaries Boundarystatis-
tics arethosestatisticswhich arecomputedover all featuremeasurementst the boundaryof a givenregion.
As discussedn section3.1, noisy stereodisparity estimatesnay be introduceddueto poorly choserstereo
thresholdor stereocorrespondencerrorsfrom scenegeometry Noisy disparityresultsin incorrect3D re-
constructiorwhich cangeneratéalsealarmobstaclespr missedobstaclesltogether Stereccorrespondence
is strongestn areasexhibiting intensity edgescorrespondingo local maximain intensity gradients. By
natureof the sggmentationprocessandthe formulationof nodeaf nity , the interior of a segmentedregion
will exhibit smoothchangesn featuremeasurementgndthe boundarywill exhibit violations of smooth-
ness. Therefore,he boundaryof a sggmentwill exhibit strongercorrespondencéhan the interior, which
meanghe disparityinterior to a region canbe discardedn favor of the disparityat the boundary In other
words, disparityfrom regionsof low contrastis ignored. The edge consistencygonstraints commonlyused
in computationakterecto constrainthe searchfor correspondencg4], suchthatdisparity alongintensity
edgesshouldbe smoothlyvarying. Any violation of the edgeconsisteng constraintis anindicationof in-
correctcorrespondencd herefore we de ne anedgeconsisteng checkin termsof disparityvariancealong
a boundarysuchthata region with a boundaryarianceabore a thresholdviolatesedgeconsisteng andis

discarded.

Thoseregionswhich passthe edgeconsisteng checkarereconstructeéh 3D usingtheboundingellipse
of theregion. Boundingellipseswhich fall within a giventrackingvolumearelabeledobstaclehypotheses
andboundingellipseswhich fall within a given collision volumearelabeledcollision obstaclehypotheses
Thoseellipsesoutsidethe trackingvolumeareignoredfor computationakf ciently, The ellipseparameters

for obstaclenypothesesrethenpassedismeasurement® a KalmanFilter for obstacleracking[15]. Each
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obstacleis tracked independentlysuchthat obstaclesvhich enterand exit the tracking volume spavn or
destry their associatedter . Measuremenassignmenis determinedy comparingthe measuremerto all
obstacleswvithin a speci ed gating distance.Measurementareassignedo the obstaclewith the minimum
errorin ellipse parameterand closestmeanintensity The resultis a stateestimate  andstateestimate
covariance for theboundingellipseof eachobstaclén theinertial frameof thevehicle.Detectedbstacles

within the collision volumearethenpassedo the control systemfor motion planning.

3.5 VISTA Flight TestResults

Flight experimentsfor the VISTA systemwere performedon the Geogia Tech GT-Max autonomoushe-
licopter platform [5], out tted with the VISTA ight computerand stereocameras.Flights 1,4,5hadthe
helicopterautonomoushapproacha”sign” obstaclewhichwasa 40"x30” pieceof white foamcoremounted
onthetop of a21' tall, 0.75” diametemole. Flights 2,3 replacedhe "sign” with a "pole” obstacle which
wasa 90"x20” pieceof black foamcorerepresentinghe top sectionof a 20" diametertelephonepole. The
helicopterapproachedhe obstaclesat a constantvelocity and altitude, with variableheading(north/south
or east/west)forward speedand ambientlighting for each ight. Flight experimentswere performedin a
eld in McDonoughGA thatincludedhay bales trees,tarpaulins gantry andgroundstationvehiclesin the

background.

Figure7 shovs sampleimageryandprocessingesultsfrom ve ight experimentsFlight dataincludes
calibratedgrayscalémagery disparitymaps,segmentatiorresultsand obstacledetection. The obstaclede-
tectionimageryshaws thatthe nearestollision obstacles detectedasshavn with a greenellipse,but also
additionalobstaclesare detectedas shavn with yellow ellipses. Theseobstaclesnclude cars, hay bales,
tarpaulinsanda gantryin the backgroundhatarein factobstaclesvhich arecorrecteddetectedoy the sys-

tem.

Figure7 alsoshav a graphof obstacledetectionperformanceThe groundtruth positionof the collision
obstaclewas capturedafter each ight, andthe obstacleestimationerror was computedby comparingthe
tracking estimateof the greenellipse centroidto the groundtruth obstaclecentroid. The detectionerror
graphsshaw the Euclideandistancebetweenthe estimatedoositionof the obstacle andthe groundtruth
position , suchthatthe error at time index . The position estimationerror is shavn in

blue. Thered plot shawvs the predictedestimationerror given the groundtruth distanceto the obstacleand
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Flight 1 Flight 2 Flight 3 Flight4 Flight5

Figure 7: VISTA sampleimageryand ight experimentresultsfor collision detectionscenarios. From
top to bottom: calibratedgrayscaldmageryfrom left camerafoveateddisparity map (dark gray=far, light
gray=closewhite=unde ned), k-partition segmentation(solid color=region), obstacledetection(yellow el-
lipse=tracled obstaclegreenellipse=nearestollision obstacle greentext=collision distanceto nearestol-
lision obstacle)pbstacledetectionperformancevaluation
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the known resolutionof stereo.Stereoestimationerror re ects the nonlinearrangeresolutionof stereodue
to pixel quantizationsuchthatthe uncertaintyin rangefor a singledisparityis proportionalto the squareof
therange.At timeindex , thehelicopterwith position is atrange from the obstacle.The

sterearangeresolutionatdistance is givenby

— 3

for a known baseline in metersandfocal length in pixel units. This rangeresolutionis the expected
uncertaintyfor a single disparity which is dueto pixel quantizationerror and stereogeometry A correct
detectiorresultshouldtracktheerror , where istherangeuncertaintydueto atwo pixel
disparityerror. Theerror is alsoa function of the vertical and horizontalpositionerror, but theseerrors
is dominatedby rangeuncertaintyfor the distancesonsideredn UAV ight, andarenggligible in practice
[16]. The plotsshaw thatthe positionestimationerrordoestrack , andattimesimproveson the expected

errordueto subpiel disparityestimategrom trackingandfrom disparityaveraging.

The obstacledetectionperformanceresultsinclude processingesultsfor the entirerun, including the
periodin which the helicopteris pitchingdown during accelerationand pitching up during halt. The plots
begin atthe rst time index in whichtheobstaclds detectedwhich shavs thattherearenofalsealarms.The
accurag of detectionat the closestpoint (50ft) is shavn in the plotsto be 6ft on averagewhich follows
from thetheoreticarangeresolutionof stereo Runtimeperformancdor eachight rangedrom 3-5Hz,with

variationsdueto scenecompleity affectingthetotal numberof regionsk of therecursve bipartition.

4 Summary

This paperhasdescribedhe VISTA systemfor visual threatawarenessandthe MATRIX systemfor au-
tonomousmotion planning. The VISTA systemhasdemonstratedhe rst applicationof 640x480@23Hz
embeddedterechardwarein UAV ight with arealtime (3-5Hz)algorithmthatimprovesobstacladetection
performanceover traditional stereoonly. Proof of concepthasbeendemonstratedh six ight experiments
againstreal obstaclesvith no falsealarmsat accuracie®f 6ft@50ft. The MATRIX systemwas ight tested
undersimulatedvehiclefailuresandpopupthreatsasshavn in gure 3. Futurework includesurban ight

experimentf theintegratedMATRIX/VISTA systeminvolving multiple obstaclesandtrajectories.
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