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Abstract— The paper describesthe developmentand imple-
mentation of the Visual Thr eat Awareness(VISTA) system,its
integration with the Multi-lay er Ar chitecture for Trajectory
Replanning and Intelligent plan eXecution (MATRIX) for
autonomous intelligent control of Unmanned Aerial Vehicles
(UAV), and performance evaluation of the integrated system
thr ough �ight tests.The VISTA systemgeneratesinformation
on the thr eats and obstacles in real-time, and passesit on
to the MATRIX systemthat makes mission-related decisions
and generates new waypoints and a trajectory that safely
avoids the obstacle. The VISTA system combines binocular
visual stereo, perceptual organization, graph partitioning and
feature tracking for a passive system to enable real-time
obstacle detection. Computational stereo performance has
progressedsuch that there now exist several commercial or
open source implementations that operate at frame rate, but
suffer fr om well known correspondenceerrors. We show
that intr oducing a global segmentationstep after commodity
stereo can increase robustness and leverage existing stereo
software. The global segmentationstep is based on a graph
structure appropriate for collision detection, human vision
inspired perceptual organization and graph partitioning using
the minimum s-t graph cut. This systemhas beenprototyped
using Sarnoff Corp's Acadia I vision processor to enable
640x480@10Hzoperation on embeddedavionics. We describe
VISTA system theory and show proof of concept and �ight
experiment results of the integrated MATRIX/VIST A system
on Georgia Tech's GT-Max autonomoushelicopter.

I . INTRODUCTION

UNMANNED Aerial Vehicles(UAVs) areenvisionedas
an integral part of future military forces.Large scale

UAVs will performautonomoustaskssuchashigh-altitude
reconnaissance,CloseAir Support,Suppressionof Enemy
Air Defenses,and aerial refueling.Small scaleUAVs will
enableon-demandintelligence,surveillanceandreconnais-
sancetasksincluding:”over thehill” reconnaissance,”perch
and stare” surveillance,biological and chemicalagentde-
tection,precisionstrike missions,andbattledamageassess-
ment. Such tasksrequire that a UAV exhibit autonomous
operationincluding collision avoidance. UAVs �ying “nap
of theearth”below thetreetopsrisk collision with obstacles
whose position cannot be guaranteedas known before
�ight. UAVs must include situationalawarenessbasedon
sensingand perceptionof the immediateenvironment to
locatecollision dangersandplan an appropriateavoidance
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path [5]. Hencethe desiredautonomousintelligent control
architecturefor UAVs integratesthreat/obstacleawareness
with intelligent decisionmaking,pathplanningand trajec-
tory generationto achieve effective threat avoidanceand
missioncompletion.This is a complex problemthathasnot
beensuccessfullysolved yet. If, in addition,threat/obstacle
avoidanceneedsto be accomplishedduring a high-speed
�ight, in low visibility, clutteredenvironment, and under
subsystemand/orcomponentfailures,theproblembecomes
truly formidable.

Sensorsconsideredfor collision detectionincludeactive
or passive sensors.Active RADAR or LIDAR (light detect-
ing and ranging)sensorsfor mannedaircraft are currently
underinvestigation for usein UAVs [6], [7]. Thesesensors
provideresolutionappropriatefor wire detection,but exhibit
sparsemeasurements,non-covert operationdue to emitted
radiation, and a form factor and power requirementthat
doesnot currently scaleto the smallestmicro air vehicles
(MAVs). Passive sensorsbasedon visual electro-optical
(EO) or forward looking infrared(FLIR) arepromisingdue
to low size weight and power requirementsand a lack of
emittedradiation,but requiresigni�cant imageprocessing
to detectobstacles.Bhanuet al. [5] argue for a maximally
passivesystemthat combinesnarrow �eld of view active
sensorsfor wire detectionwith wide �eld of view passive
stereosensorsfor peripheralvisibility. This paperproposes
a passivestereosystemfor visualobstacledetectionsuitable
for integration into sucha maximally passive system.

In this paper, we describe the development and im-
plementationof the Visual Threat AwarenessAvoidance
(VISTA) systemfor passive, stereoimage basedobstacle
detection,its integration with the Multi-layer Architecture
for Trajectory Replanningand Intelligent plan eXecution
(MATRIX) for autonomousintelligentcontrolof UAVs, and
performanceevaluation of the integrated systemthrough
�ight tests.The VISTA systemcombinesblock matching
stereocomputedon the AcadiaI vision processordesigned
by the Sarnoff Corporation[8] with image segmentation
basedon a specialpurposegraphrepresentationappropriate
for collision detection,human vision inspired perceptual
organizationandef�cient graphpartitioningbasedon there-
cursive minimums-t graphcut. This segmentationprovides
a meansto increaserobustnessto stereocorrespondence
errors as will be describedin this paper, and provides
constraintssuitablefor motionplanningandavoidance.This
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paperwill describesystemtheory, and show experimental
results from a VISTA prototype �ight testedon Georgia
Tech's GT-Max autonomoushelicopter[9].

I I . MATRIX SYSTEM ARCHITECTURE

We recently completeda DARPA PhaseII SBIR, that
was also a part of the DARPA Software EnabledControl
(SEC) Program. The objectives under the project were
as follows: (i) To study the issuesarising in the context
of autonomouscontrol of UnmannedAerial Vehiclesand
developamulti-layerarchitecturefor autonomouscontrolof
UAV; (ii) To implementthearchitectureon autonomoushe-
licopters;and(iii) To developandimplementVISTA system
(VisualThreatAwareness).Undertheprojectwe developed
a new Multi-layer Architecturefor Trajectory Replanning
and Intelligent plan eXecution(MATRIX) system,Figure
1, and integratedit with VISTA to achieve real-timethreat
detectionandavoidanceunderfaultsandfailures.Themain
role of the MATRIX systemis to integratethreatdetection
algorithmswith on-line pathplanningandtrajectorygener-
ationwithin aneffective multi-layerarchitecturefor pop-up
threatavoidanceundersubsystemandcomponentfaultsand
failures.

An architecturethat integratesthe MATRIX andVISTA
systemsis referredto as the IntegratedMotion Planning,
AwarenessandControl Technology(IMPACT) system,and
integratespop-upthreatdetectionwith on-linemotionplan-
ning for aggressive maneuvering to achieve missionobjec-
tivesfor UAVs underdifferentthreatsanddynamicchanges
in the environment.The IMPACT architectureis shown in
Figure2. Different layersof the MATRIX architectureare
describednext.

A. Failure Detection,Identi�cation and Recon�guration

The main role of this layer is to monitor the health
of UAV subsystemsand components,detect faults, fail-
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ures and structural damage,and recon�gure the controls
to achieve effective failure and damageaccommodation
while maintainingor gracefullydegradingthedesired�ight
performance.

We have developedseveralef�cient algorithmsfor effec-
tive FDIR in thepresenceof actuatorfailures,controleffec-
tor damage,anddamage-generateddisturbances.The main
architecturethat was developed is referred to as FLARE
(Faston-Line ActuatorRecon�gurationEnhancement),and
is shown in Figure 3. It is seenthat the actuatorhealth
statusis monitoredby multipledecentralizedFDI observers,
while the damageconditionsanddisturbancesaredetected
by the Global FDI system.The FDI information is passed
on to the retro�t recon�gurablecontroller that assuresfast
recon�guration and system stability. The main features
of the FLARE system are as follows: (a) Fast on-line
detectionof failuresandbattledamageusinglow-orderob-
serversandasmallnumberof failure-relatedparameters.(b)
Highly robustadaptive recon�gurablecontrolfor failureand
damageaccommodation.(c) Capability to handlemultiple
failuresanddamages,aswell asfailure recoveries.(d) The
recon�gurablecontrolleris implementedin a retro�t fashion
whichallows thebaseline�ight controllerto beretained.(e)
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First- or second-orderactuatordynamicsand position and
rate limits on the control effectorsareexplicitly taken into
accountin the algorithm.The FLARE systemwasrecently
evaluated through piloted F/A-18 aircraft simulations at
BoeingandNASA Drydenyielding excellentresultsin the
presenceof severe �ight-critical failures[2], [4].

TheFLARE architecturewasalsoimplementedunderthe
DARPA SEC programto a small autonomoushelicopter.
We developeda new baselinehelicoptercontroller (Heli-
Con) controller that combinesin an innovative way partial
feedbacklinearizationand sliding modecontrol with zero
dynamics stabilization using outer-loop LQR controller,
Figure 4. The controller was extended to add a retro�t
modulefor accommodationof loss-of-effectivenessfailure
of �ight control actuators,and the extendedalgorithmwas
�ight testedusing Georgia Tech's RMax helicopterunder
the DARPA SECProgram.

B. AchievableDynamicPerformance(ADP)

The main distinguishingfeatureof the MATRIX archi-
tecture is the Achievable Dynamics Performance(ADP)
block. ADP is de�ned as the maximumperformancethat
the vehiclecan achieve underdifferent faults, failures,and
externaldisturbancesin a dynamicallyvaryingenvironment.
In theMATRIX architecture,anADP measureis calculated
on-line at the inner-loop control level, and passedon to
thehigherhierarchicallevelsthatmake appropriatechanges
to re�ect the new loweredcapabilitiesof the vehicle. We
implementedthe ADP concept under the DARPA SEC
programby on-line identi�cation of the position limits of
the helicopterrudder, and ADP measurecalculationbased
on this estimate.This measurewas used by the higher
hierarchicallayersasdescribedbelow.

C. AutonomousTrajectoryGeneration (ATG) Layer

The role of this layer is to �t a feasible trajectory
through the way-points even while satisfying the state,
control input, andspatialconstraints.Trajectorygeneration
is commonly basedon minimization of a given criterion
(e.g. time betweenthe way points, fuel consumption,or
low exposure to known stationary threats), and can be
generatedeitheron-line or off-line. In the caseof failures,
upsets,or other anticipatedor unanticipatedevents, the

path planning layer automaticallyrecon�guresthe desired
path by modifying the way-points, while the trajectory
generationlayer �ts a feasibletrajectorythat is achievable
underthe circumstances.

We have developed several trajectory generationalgo-
rithms basedon splinesandhigher-orderpolynomials.

D. AutonomousPath Planning(APP) Layer

The role of this layer is to generatethe motion plan
for the overall mission, and compute spatial and other
constraintsneededfor thedesignof thedesiredtrajectories.
Many of the routesand constraintscan be computedoff-
line to cover differentsituations,includingthenominalcase
anda setof anticipatedevents,andstoredin memory. The
constraintsare computedin the form of safe set bound-
ariesaroundthe way-points.We have developedthe path-
planningalgorithmsbasedon the following techniques:(i)
Voronoi diagramsand Delaunaytriangulation;(ii) Mixed-
integer/LMI algorithms; and (iii) Rapidly-exploring Ran-
dom Trees(RRT). The latter approachis currently being
implementedunder a NASA Ames PhaseII STTR with
UC Berkeley.

E. AutonomousDecision-Making(ADM) Layer

This layer hasthe informationaboutthe overall mission
objectivesandconstraints.This information,in conjunction
with the sensory and ADP information and situational
awareness,is usedto make appropriatedecisionsas trade-
offs betweenthe missionsuccessandvehiclesurvivability.
This layer is responsiblefor collision avoidance,con�ict
resolution,missionretasking,andgoal reassessment.

Under the Final Demo of the DARPA SEC Program,
we demonstratedthe MATRIX systemthrough�ight tests.
The ADP measurewasusedto make a decisionto retaska
mission,recalculateachievablepathsafter a vehiclefailure
and�t anew feasibletrajectorybetweenthewaypoints.This
is shown in Figure5.

I I I . VISTA SYSTEM ARCHITECTURE

The Visual Threat Awareness(VISTA) system is an
approachto collision obstacledetectionbasedon real time
stereo,graphpartitioning,perceptualorganizationand fea-
ture tracking. A block diagram of the system is shown
in �gure 6. A stereopair of camerasis mountedforward
looking on the UAV to monitor the region throughwhich
the UAV will �y . On each iteration, imagery is captured
from a calibrated stereo pair of camerasand passedto
the Acadia I vision processorwhich computesa disparity
map. The disparitymapis proportionalto the scenedepth,
or distanceto points within the scene.The imagery and
disparity maps are foveated using a log-polar mapping
compressionandfusedinto an af�nity graphrepresentation
usingperceptualorganizationtechniques.Theaf�nity graph
is recursively bipartitionedusing a minimum s-t graphcut
resulting in an estimateof � regions within the imagery.
Statisticsarecomputedfor eachregion, andthosethat pass



Fig. 5. Final DemoundertheDARPA SECProgram:Thecontrol system
�rst replansthe trajectoryto avoid a pop-upthreatin the no-failure case.
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a statisticaltestarereconstructedusingstereotriangulation
andrepresentedwith a boundingellipse.Theseregionsare
tracked using a Kalman �lter and those regions with a
given tracking con�dence above a thresholdare labeled
obstaclehypotheses. Obstaclehypothesesthat fall within
the �ight path are labeled collision obstacle hypotheses
with the closestcollision obstaclelabelednearestcollision
obstacle. Collision obstaclehypothesesare measurements
of thepositionandsizeof possiblecollision dangerswhich
provide dynamicconstraintsfor avoidance.

A. ComputationalStereo

Computationalstereois the processof extracting three-
dimensionalscenestructurefrom two or moreimagestaken
from distinct viewpoints [10]. This computationrequires
a three step processof calibration, correspondenceand
reconstruction.

Stereocalibrationis theprocessof measuringtheparam-
eterswhich de�ne the cameraintrinsics, stereointrinsics
and stereoextrinsics. The cameraintrinsic parametersor
camera intrinsicsde�ne a transformationbetween3D scene

Fig. 7. Tradeoff betweenstereo thresholdand correspondencequal-
ity. (left) Grayscaleimagery (middle) Disparity map with low thresh-
old (right) Disparity map with high threshold. Dark gray=far,light
gray=close,white=unde�ned

coordinatesand2D imagecoordinatesthattake into account
uncertaintiesintroducedin the cameramanufacturingpro-
cess,geometriclens distortion and other nonlinearities.In
thissystem,cameraintrinsiccalibrationis acoupledprocess
of radial lens distortion correctionand cameraprojection
matrix estimationusing the approachdescribedin [1].

Stereo correspondenceis the processof establishing
matching points in stereo imagery. A point at a �nite
distancefrom a stereopair will exhibit a disparityor change
in position betweenmatchingpoints in eachimagedue to
the changein viewpoint. Stereogeometryconstraintsthe
position of matchingpoints to be along epipolar lines in
the image,andcalibratedstereopairsin epipolaralignment
furtherconstrainthepositionto bealonganimagescanline.
Stereocorrespondencetechniquesattemptto �nd matching
pointsin theleft andright imageryby exploiting constraints
suchas epipolargeometry, ordering,brightnessconstancy,
edgeconsistency anduniqueness[10]. However, this match-
ing can be ambiguouswhen featuresin one imagedo not
have an identical and unique match in the other image.
This may be due to viewpoint (foreshortening),multiple
featurematch (regions of low contrast,periodic features)
or no featurematch(specularre�ections, occlusion,mini-
mum distanceviolation). Many correspondencetechniques
include a matching con�dence thresholdto discard poor
matches,however as shown in 7, the quality of the corre-
spondenceis sensitive to this threshold.The low threshold
disparity map in 7b introducessevere matchingerrors in
the sky due to low contrast,but exhibits excellent smooth
correspondenceon theground.Thehigh thresholddisparity
map in 7c removes the sky errors,but also removes some
correctcorrespondenceon the ground.It is unclearhow to
choosethis thresholdin general,without introducingfalse
alarms or misseddetectionsin an unconstrainedoutdoor
environment.This point will berevisitedin thenext section.

In this system,stereocorrespondenceis computedon
the Acadia I vision processorusing a sum of absolute
differences(SAD) block matchingapproachalongepipolar
scanlines,with left/right consistency checkingand maxi-
mum 32 disparity search[8]. SAD estimatesare thresh-
olded, and those points with SAD measureabove this
thresholdde�ne a disparity map which is proportionalto
scenedepthusingstereoreconstruction.TheAcadiaI vision
processoris dedicatedto stereo processing,resulting in
640x480disparitymapcomputationat 23Hz.Othersimilar



Fig. 8. Exampleof foveationusing the log-polarmapping

commercialapproachesthat achieve similar performance
using variants of the block matching technique include
VidereDesign,Point Grey, Tyzx.

Finally, stereoreconstructionis thecomputationof depth
from disparitydeterminedfrom correspondenceandstereo
geometrydeterminedfrom calibration This reconstruction
uses standardstereo triangulation to recover 3D scene
structurefrom 2D projections[11], resultingin depthmea-
surementsto points in the scene,which provides collision
distancefor obstacledetection.

B. Foveation

Foveationrefersto a spacevariant imagerepresentation
with a high resolutioncentral region or fovea surrounded
by a lower resolutionperiphery[12], [13]. In thecontext of
collision detection,foveationprovidesthe bene�ts of com-
pressionandfocusof attention.Collision detectionsystems
exhibit a tradeoff betweensensorresolutionfor detection
of small obstacles,and detection time requirementsfor
safe operation.Computationalcomplexity is proportional
to sensorresolution, so limited computationalresources
requirethatcomputationis focusedappropriately. Foveation
retains high resolution in the image center, which has a
high likelihoodof containinga collision obstaclesincethe
imagecenterof a forward looking sensorcan be actively
alignedwith thecurrentheading.Foveationalsoreducesthe
resolutionin the peripherywhich may containan obstacle,
but a low likelihood of containing a collision obstacle.
Therefore,foveation allows the systemto focus available
computationalresourceson thosespatialimageregionsthat
arelikely to containcollision dangers.The lower resolution
peripheryprovides image compressionthat is appropriate
for collision detection, and focusescomputationon the
imagecenterwhich is likely to containcollision dangers.

Foveationcanbeimplementedusinga log-polarmapping
[13], suchthatthespacevariantresolutionis proportionalto
thelog of thedistancefrom theimagecenter. An exampleof
the log-polarmappingis shown in �gure 8. Pixels in �gure
8a are mappedto nearestlog-polar sectorswith centroids
representedas circles in �gure 8b, such that the median
grayscaleintensity representsthe entire sectorin the log-
polar mappingas in �gure 8c.

C. Segmentation

Segmentationcan be de�ned as the processof labeling
an image such that featureswith equal labels are “simi-
lar” and featureswith unequallabels are “dissimilar”. A

labeling de�nes groupingsof pixels into regions suchthat
pixels with a commonlabel belongtogetherin somesense,
and pixels with different labels do not. In the context
of obstacledetection,segmentationprovides hypothesized
obstaclesizeandobstacleboundaries.Segmentationgroups
pixels into regions which are usedto de�ne the extent of
an obstaclehypothesisfor motion planning.Hypothesized
obstacleboundariesare boundariesbetweensegmentation
labels, which can be used to compensatefor the stereo
correspondenceerrorsdescribedin sectionIII-A by ignoring
disparitywithin groupsandenforcingthe edgeconsistency
constraintalonga label boundary. This will be revisited in
the next section.

The segmentationproblemcan be posedformally as an
energy minimizationproblem[14]. Assumethatthereexists
a �nite setof points �������	��
���
�
�������
������ that fall within
the �eld of view of thesensorfor which measurementscan
be taken. For eachpoint ��� , a sensorcan capturea mul-
tidimensionalmeasurement�������������! "��
# $
�
�������
� �%&� ,
suchthat the total setof all measurementsfor all points is

'

�(�)�*���+�,�-
,�*����
!�-
�������
,�*�����.��� . Eachmeasurementis
somedescriptive featureof ��� that may include intensity,
texture,color, intensitygradient,motion,depthor others.A
labeling /0�1�2� is a mappingfrom � to 3 where 3 is a �nite
setof labels.An energy optimal labeling /+4 minimizesthe
energy function 5 [15]
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< to � , which representsprior knowledge about the true
labeling of � .
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<>E F is a function which encodesthe cost
of assigninglabel /

< to � and a different label /

F to T

when ���	
�T@� are neighbors in a given neighborhoodset
UWV

�YXZ� . This functionrepresentsa penaltyfor violating
labelsmoothnessfor neighboring���+
�T@� . Solutions/+4 to the
energy minimizationproblemaredif�cult to �nd in general
since(1) canbe non-convex in a high dimensionalspace.

In this application,we approachtheenergy minimization
in (2) as a recursive maximumnetwork �ow problem. A
network �o w graph is de�ned as a directed graph [\�

�

H


�5]
,^_� with nodes
H

, edges 5 and edgeweights ^ .
Edge weights `a��b betweennodes c and d are interpreted
ascapacities, andcertaindistinguishednodese and f in

H

are interpretedas terminal nodes. The maximumnetwork
�o w problem is that of determining the maximum �o w
of somecommoditybetweenterminal nodessuchthat the
maximum�o w on any edgeis lessthanor equalto capacity
[16]. Using the Ford-Fulkersontheorem,it can be shown
that a solution to the maximumnetwork �o w or max�ow
problem is also a solution to the minimum graph cut or
mincutproblem[17]. The mincut on a network �o w graph
de�nes a graphbipartition which is equivalent to a binary
labeling. This binary labeling is an exact solution to the



energy minimization in (2) assumingthat
A

< is equal to
the terminal edgecapacitiesand

H

<>E F is equal to the edge
capacitiessuchthat

H

<>E F is a regular functionasde�ned in
[15]. Recursive applicationof the binary labelinggenerates
a � -labeling such that the maximum of the inter-partition
�o ws is minimizesamongall possiblepartitionsof [ into
the samenumberof partitions[18].

This approachrequires that imagery be abstractedto
a network �o w graph representationsuitable for obstacle
detection.Graphnodesand graphedgesare de�ned using
the log polar mapping from section III-B. Graph edge
weightsareencodedusingperceptualorganizationheuristic
of similarity suchthat the edgeweight `g��b or nodeaf�nity
betweenadjacentnodesc and d canbe de�ned as:
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Equation4 is a nonlinearmodel for feature smoothness,
which is similar to the approachby Shi andMalik in [19].
Eachnodec has

A

measurements •�yc{�‚�„ƒ  •�# $
0�����# 

j†…|‡

,
with the measurement 

l

�yc{� correspondingto the puˆy‰

measurementfor the c

ˆy‰ node, such as intensity, color,
texture, depth or others.The featuresmoothnessbetween
nodesc and d is parameterizedby }

l and
•

l which de�ne
themeanandstandarddeviationfor smoothfeaturechanges.
The resultingnodeaf�nity is a linear combinationof each
featuresmoothnesswith weight

n

l . For this application,
features include median intensity and median disparity.
Graph terminal nodesencodethe hypothesisthat certain
nodes representforeground and background.Therefore,
those nodes that exhibit depth contrast,and are near to
the sensorare likely to be foreground and those further
from the sensorare likely to be background[1]. Finally,
the minimum cut of the network �o w graph is computed
using a new polynomial time augmentingpath approach
proposedby Boykov and Kolmogorov [20]. Additional
issues of oversegmentation,perceptualorganization and
Rubin's rules,terminalnodeassignment,recursionstopping
criterion,coef�cient

n

l learningandsinglenodegroupsare
addressedin [1].

Examplesegmentationsareshown in �gure 9 (row three),
where regions of constantcolor have the samelabel. An
exampleof the�rst andlaststepsin therecursivebipartition
areshown in �gure 6.

D. ObstacleDetectionand Tracking

Obstacledetectionandtrackingincludesboundarystatis-
tics, region reconstructionand obstacletracking. The � -
partition from section III-C de�nes a set of � -regions in
the image which must be reconstructedin 3D using the
stereogeometryanddisparity. For eachregion,we compute
boundarystatistics for measurementsabout the boundary
of eachregion. Thoseregionswith statisticsabove a given

thresholdarereconstructedin 3D usingtheboundarydispar-
ity. Regioncentroidsareusedto determineif theregion falls
within the trackingvolume.Suchregionsareparameterized
by the boundingellipse,andtracked usinga Kalman�lter .

Boundarystatisticscanbe usedto compensatefor stereo
correspondenceerrorsby ignoringdisparityin region interi-
ors andby checkingthe edge consistencyconstraint along
region boundaries.Boundarystatisticsare thosestatistics
which are computedover all featuremeasurementsat the
boundaryof a given region. As discussedin section III-
A, noisy stereodisparity estimatesmay be introduceddue
to poorly chosenstereothresholdor stereocorrespondence
errorsfrom scenegeometry. Noisy disparityresultsin incor-
rect3D reconstructionwhichcangeneratefalsealarmobsta-
cles,or missedobstaclesaltogether. Stereocorrespondence
is strongestin areasexhibiting intensityedgescorrespond-
ing to local maximain intensitygradients.By natureof the
segmentationprocessand the formulation of nodeaf�nity ,
the interior of a segmentedregion will exhibit smooth
changesin feature measurements,and the boundarywill
exhibit violations of smoothness.Therefore,he boundary
of a segmentwill exhibit strongercorrespondencethanthe
interior, which meansthe disparity interior to a region can
be discardedin favor of the disparity at the boundary.
In other words, disparity from regions of low contrast
is ignored. The edge consistencyconstraintis commonly
used in computationalstereoto constrainthe searchfor
correspondence[21], such that disparity along intensity
edgesshould be smoothly varying. Any violation of the
edge consistency constraint is an indication of incorrect
correspondence.Therefore,we de�ne an edgeconsistency
checkin termsof disparityvariancealonga boundary, such
that a region with a boundaryvarianceabove a threshold
violatesedgeconsistency and is discarded.

Thoseregionswhich passtheedgeconsistency checkare
reconstructedin 3D usingtheboundingellipseof theregion.
Boundingellipseswhich fall within agiventrackingvolume
arelabeledobstaclehypothesesandboundingellipseswhich
fall within a given collision volume are labeledcollision
obstacle hypotheses. Those ellipses outside the tracking
volume are ignored for computationalef�ciently , The el-
lipse parametersfor obstaclehypothesesare then passed
as measurementsto a Kalman Filter for obstacletracking
[22]. Each obstacle is tracked independentlysuch that
obstacleswhich enterand exit the tracking volume spawn
or destroy their associated�lter . Measurementassignment
is determinedby comparingthe measurementto all ob-
stacleswithin a speci�ed gating distance.Measurements
are assignedto the obstaclewith the minimum error in
ellipse parametersand closestmean intensity. The result
is a stateestimate Š

‹

% andstateestimatecovariance�‚% for
theboundingellipseof eachobstaclein theinertial frameof
the vehicle.Detectedobstacleswithin the collision volume
are thenpassedto the control systemfor motion planning.



Flight 1 Flight 2 Flight 3 Flight 4 Flight 5

Fig. 9. VISTA sampleimageryand �ight experimentresultsfor collision detectionscenarios.From top to bottom:calibratedgrayscaleimageryfrom
left camera,foveateddisparitymap(dark gray-far, light gray=close,white=unde�ned),k-partition segmentation(solid color=region), obstacledetection
(yellow ellipse=tracked obstacle,greenellipse=nearestcollision obstacle,greentext=collision distanceto nearestcollision obstacle),obstacledetection
performanceevaluation

IV. FLIGHT EXPERIMENTS

Flight experiments for the VISTA system were per-
formed on the Georgia Tech GT-Max autonomousheli-
copter platform [9], out�tted with the VISTA �ight com-
puter and stereocameras.Flights 1,4,5 had the helicopter
autonomouslyapproacha ”sign” obstacle,which was a
40”x30” piece of white foamcoremountedon the top of
a 21' tall, 0.75” diameterpole. Flights 2,3 replacedthe
”sign” with a ”pole” obstacle,which was a 90”x20” piece
of black foamcorerepresentingthe top section of a 20”
diameter telephonepole. The helicopter approachedthe
obstaclesat a constantvelocity and altitude, with vari-
ableheading(north/southor east/west),forward speedand
ambient lighting for each �ight. Flight experimentswere
performedin a �eld in McDonoughGA that includedhay
bales,trees,tarpaulins,gantry and groundstationvehicles
in the background.

Figure 9 shows sampleimagery and processingresults

from � ve �ight experiments.Flight dataincludescalibrated
grayscaleimagery, disparitymaps,segmentationresultsand
obstacledetection.The obstacledetectionimagery shows
that thenearestcollision obstacleis detectedasshown with
a greenellipse,but alsoadditionalobstaclesaredetectedas
shown with yellow ellipses.Theseobstaclesinclude cars,
hay bales,tarpaulinsand a gantry in the backgroundthat
are in fact obstacleswhich are correcteddetectedby the
system.

Figure9 alsoshow a graphof obstacledetectionperfor-
mance.The groundtruth position of the collision obstacle
was capturedafter each�ight, and the obstacleestimation
error was computedby comparing the tracking estimate
of the greenellipse centroid to the ground truth obstacle
centroid. The detectionerror graphsshow the Euclidean
distancebetweenthe estimatedposition of the obstacle Š

�

andthe groundtruth position � , suchthat the error at time
index cP5Z�Œ�Ž• �

x

Š

�6• . The position estimationerror is



shown in blue.The red plot shows the predictedestimation
error given the ground truth distanceto the obstacleand
the known resolution of stereo. Stereo estimation error
re�ects thenonlinearrangeresolutionof stereodueto pixel
quantization,suchthat the uncertaintyin rangefor a single
disparity is proportional to the squareof the range. At
time index c , the helicopterwith position �

‰

is at range
•

‰

�;• �

x

�

‰

• from theobstacle.Thestereorangeresolution
at distance•

‰

is given by

•’‘

�

•

‰

�9�

•




‰

“

/

(5)

for a known baseline
“

in metersand focal length / in
pixel units.This rangeresolutionis theexpecteduncertainty
for a single disparity which is due to pixel quantization
errorandstereogeometry. A correctdetectionresultshould
track the error 56�

•

‰

�]”

~

•’‘

�

•

‰

� , where 5 is the range
uncertaintydue to a two pixel disparity error. The error

5 is alsoa function of the vertical andhorizontalposition
error, but theseerrorsis dominatedby rangeuncertaintyfor
the distancesconsideredin UAV �ight, and are negligible
in practice[23]. Theplotsshow that thepositionestimation
error doestrack 5 , andat times improveson the expected
error dueto subpixel disparityestimatesfrom trackingand
from disparityaveraging.

The obstacledetectionperformanceresultsinclude pro-
cessingresults for the entire run, including the period in
which the helicopteris pitching down during acceleration,
andpitchingup duringhalt.Theplotsbegin at the�rst time
index in which the obstacleis detected,which shows that
there are no false alarms.Runtime performancefor each
�ight rangedfrom 5Hz-10Hz,with variationsdue to scene
complexity affecting the total numberof regions k of the
recursive bipartition. Future work includes extending the
analysisto multi-obstaclescenarios,additional trajectories
andmorecomplex urbanenvironments.
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