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Abstract— This paper presentsthe Visual Thr eat Awareness
(VISTA) systemfor real time collision obstacledetection for an
unmanned air vehicle (UAV). Computational stereo performance
has progressedsuch that several commercial or open source
implementations are available which operate at frame rate, but
suffer fr om well known correspondenceerrors. We show that
intr oducing a global segmentationstep after commodity stereo
can increaserobustnessand leverage existing stereo software.
The global segmentationstep is basedon a graph structur e ap-
propriate for collision detection,human vision inspired foveation,
perceptual organization and graph partitioning using the mini-
mum s-t graph cut. This systemhas been prototyped using the
Sarnoff Acadia I vision processorto enableprocessingof 640x480
resolution imagery at 5-10Hz operation on embeddedavionics.
We describe system theory, demonstrate segmentation results
on scenesof increasing complexity, and show �ight experiment
resultson Georgia Tech's GT-Max autonomoushelicopter against
real collision obstacles.

I . INTRODUCTION

UnmannedAir Vehicles(UAVs) are envisionedasan inte-
gral part of future civilian and military operations,including
intelligence,surveillanceand reconnaissance(ISR) missions,
searchand rescuemissions and surveillance for homeland
security. Thesemissionsoften require a UAV to �y nap-of-
the-earth,risking collision with low level obstaclessuch as
treesand buildings whoseposition cannotbe guaranteedas
known before�ight. PracticalUAVs must include situational
awarenessbasedon sensingandperceptionof the immediate
environmentto locatecollision dangersandplan an appropri-
ateavoidancepath.

Sensorsconsideredfor collision detectioncan be charac-
terized as active or passive sensors.Active sensors,such as
millimeter-wave andmicrowave RADAR, arecurrentlyunder
investigationfor detect,seeand avoid (DSA) capability for
large UAVs [1]. Thesesensorsexhibit all weatheroperation
with resolutionappropriatefor wire detection,however mea-
surementsaresparsewith a low scanrate, the sensoris non-
covert due to active emissionof radiation, and the sensor
form factor does not currently scale to micro air vehicles.
Passivesensorsbasedonvisualelectro-optical(EO)or forward
looking infrared(FLIR) arepromisingdueto low size,weight
andpower requirementsaswell asa lack of emittedradiation.
However, they requiresigni�cant imageprocessingto detect
obstaclesandrequirea narrow �eld of view for wire detection
which limits sensorcoverage.Bhanu et al. [2] argue for a
maximallypassivesystemthat combinesnarrow �eld of view

active sensorsfor wire detection with wide �eld of view
passive stereosensorsfor coverage.This paper proposesa
passive stereosystemfor visualobstacledetectionsuitablefor
integrationinto sucha maximally passive system.

Visual obstacledetectionis a well exploredproblemin the
literature.Techniquesincludedifferential invariantsof optical
�o w [3][4][5][6], horopter, multibaselineandomnidirectional
stereo[7][8][9][10], structurefrom motion [11][12], bearing
only methods[13] and obstacleclassi�cation [14]. A full
review is out of the scopeof this paper, however the tech-
niquesmentionedall require an explicit or implicit solution
to the correspondenceproblemto establishmatchingfeatures
in distinct viewpoints to reconstructscenestructure.Local
correspondenceerrorscangeneratefalseor missedobstacles,
so a practical visual obstacledetection approachmust be
robust to sucherrors.In this paper, we usebinocularstereo,
focusingon a global segmentationtechniqueperformedafter
stereocorrespondenceto improve robustnessto theseerrors.

Stereoobstacledetectionis dif�cult due to the variability
of anunstructuredoutdoorenvironment.Computationalstereo
computesscenestructureby establishingcorrespondencebe-
tweenfeaturesin eachimage,however variability in surface
re�ectance,lighting andviewpointmayintroducematchinger-
rorsthatmanifestasfalseor missedobstacles.Realtimestereo
software basedon areacorrelationor block matchingis cur-
rently commerciallyavailable, but this software suffers from
theselocal correspondenceerrors and performanceis sensi-
tive to the choice of a �x ed matchingcon�dence threshold.
Recentdevelopmentsin computationalstereoshow signi�cant
improvementsover block matching in indoor environments,
however the state of the art is not real time and remains
sensitive to occlusions[15][16]. Therefore,we proposeto
combineexisting real time stereowith a global segmentation
stepto increaserobustnessto correspondenceerrors,resulting
in a practicalobstacledetectionsystemsuitablefor real time
operation.

This paperpresentsthe Visual ThreatAwareness(VISTA)
systemfor passive, stereoimagebasedobstacledetectionfor
an unmannedair vehicle.The VISTA systemcombinesblock
matchingstereocomputedon the Acadia I vision processor
designedby Sarnoff Corporation[17] with imagesegmentation
basedon a specialpurposegraph representationappropriate
for collision detection,perceptualorganizationand ef�cient
graph partitioning basedon the minimum graph cut. This
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Fig. 1. Visual ThreatAwareness(VISTA) systemblock diagram.

segmentationprovidesa meansto increaserobustnessto stereo
correspondenceerrors,andprovidesboundaryconstraintssuit-
able for motion planning. This paper will describesystem
theory, demonstratequalitative segmentationperformanceon
imageryof increasingcomplexity, andshow �ight experiment
resultson GeorgiaTech'sGT-Max autonomoushelicopter[18]
in real collision scenarios.

I I . SYSTEM ARCHITECTURE

The Visual Threat Awareness(VISTA) systemis an ap-
proach to collision obstacledetection based on real time
stereo,graphpartitioningandperceptualorganization.A block
diagramof the systemis shown in �gure 1. A stereopair of
camerasis mountedforward looking on the UAV to monitor
the region throughwhich the UAV will �y . On eachiteration,
imageryis capturedfrom a calibratedstereopair of cameras
and passedto the Acadia I vision processorwhich computes
a stereo disparity map(sectionII-A) which is proportionalto
the 3D scenegeometry. The imageryand disparity mapsare
foveatedusinga log-polarmappingcompression(sectionII-B)
and fused into an af�nity graph representation(sectionII-C)
usingperceptualorganizationtechniques.Theaf�nity graphis
recursively bipartitionedusinga minimum graphcut (section
II-C) resultingin an estimateof k-regionswithin the imagery.
Thoseregionswhich passanedgeconsistency test(sectionII-
D) are3D reconstructed,representedwith a boundingellipse
and tracked using a Kalman �lter (sectionII-D) forming an
obstaclemapsuitablefor motionplanningandavoidance.Each
of theseblockswill be describedin moredetail.

A. ComputationalStereo

Computationalstereo is the processof extracting three-
dimensionalscenestructurefrom two or more imagestaken
from distinctviewpoints.This computationrequiresa solution
for stereocorrespondencewhich is theprocessof establishing
theprojectionof a scenepoint in eachimage.Correspondence
techniquesattempt to �nd matching points in the imagery
by exploiting constraintssuch as epipolar geometry, order-
ing, brightnessconstancy, edge consistency and uniqueness
[15][16]. However, this matching can be ambiguouswhen
featuresin one image do not have an identical and unique

match in the other image. This may be due to viewpoint
changes(foreshortening),multiple featurematch (regions of
low contrast,periodic features)or no featurematch(specular
re�ections, occlusion,minimum distanceviolation).

Real time block matchingcorrespondencetechniques,such
as the commercial productsavailable from Videre Design,
Point Grey or Tyzx, include a matchingcon�dencethreshold
to discardpoor matches.However, as shown in �gure 2, the
accuracy of the correspondenceis sensitive to the choice of
this threshold,andit is unclearhow to choosethis thresholdin
generalin an outdoorenvironmentwithout introducing false
alarmsor misseddetections.

In this system,stereocorrespondenceis computedon the
Acadia I vision processor[17] using a sum of absolute
differences(SAD) block matchingapproachalong calibrated
epipolar scanlines,with left/right consistency checking and
maximum32 disparitysearch.The Acadia I vision processor
is able to compute640x480binocularstereoat 23Hz.

B. Foveation

Foveationrefersto aspacevariantimagerepresentationwith
a high resolutioncentralregionor foveasurroundedby a lower
resolution periphery [19]. This approachis inspired by the
structureof the humanretina which featuresa spacevariant
distribution of light sensitive elements.

In thecontext of collision detection,foveationprovidescol-
lision appropriate image compression. Foveationretainshigh
resolutionin the image center, which has a high likelihood
of containinga collision obstacledueto alignmentof vehicle
headingwith the optical axis of the sensor. Foveation also
reducesthe resolution in the periphery which may contain
an obstacle,but a low likelihood of containing a collision
obstacle.This approachfocusesavailable computationalre-
sourceson thosespatialimageregionsthatarelikely to contain
collision dangers.

Foveationcan be implementedusing a log-polar mapping
[19], suchthat the spacevariant resolutionis proportionalto
the log of the distancefrom the imagecenter. An exampleof
the log-polarmappingis shown in �gure 3.



Fig. 2. Tradeoff betweenstereomatching thresholdand correspondence
accuracy. (left) Grayscaleimage(middle) Disparity map with low threshold
(right) Disparitymapwith high threshold.Thelow thresholdintroducessevere
correspondenceerrorsin the sky (Dark=far,light=near,white=unde�ned)

C. Segmentation

Segmentationcan be de�ned as the processof labeling
featuresin an imagesuchthat featureswith equal labelsare
“similar” and “belong together” in somesense,and features
with unequallabelsdo not.

In the context of obstacledetection,segmentationprovides
a foundation for rejecting stereocorrespondenceerrors. As
previously discussed,stereocorrespondenceerrorsare gener-
atedwhenimagefeaturesdo not have an identicalandunique
match.If we introducea segmentationstepsuchthat “similar”
is de�ned as smoothly varying feature measurements,then
a segmentationwill de�ne k-regions such that within group
featuresaresmoothlyvarying andbetweengroupfeaturesare
discontinuous.Smoothly varying featureswill generatepoor
stereocorrespondencedueto low contrast,so a segmentation
cansafelyignore all disparity interior to a region, and focus
only on disparity at the region boundary. Boundarydisparity
canbecheckedfor theedge consistencyconstraint [20], which
statesthat a true object boundaryshould exhibit smoothly
varying disparity. Thoseregions passingthis checkare used
for motion planning.

A suitable segmentation algorithm must be stable and
scalable.A stablealgorithm will generatea consistentseg-
mentationgiven a slightly different perspective of a scene.
Local segmentationapproachessuchas thresholding,cluster-
ing, region growing, split-and-merge and deformablecontour
techniquesaresensitive to initial conditionsandoftengenerate
inconsistentsegmentationsin smoothregions[21]. As a result,
in this system,we usea global segmentationtechniquebased
on recursive minimum cut of an af�nity graph.This approach
exhibits stability due to the useof global imageinformation,
with a polynomialcomputationalcomplexity for scalabilityto
large images.

The segmentationproblem can be posed formally as a
Bayesianenergy minimization problem [22]. Assume that
thereexistsa �nite setof pointsP = f p1; p2; : : : ; pN g thatfall
within the �eld of view of thesensorfor which measurements
can be taken. For each point pi , a sensorcan capture a
multidimensionalmeasurementM (pi ) = f m1; m2; : : : ; mk g,
such that the total set of all measurementsfor all points
is S = f M (p1); M (p2); : : : ; M (pN )g. Each measurement
is somedescriptive featureof pi that may include intensity,
texture, color, intensity gradient,motion, depth or others.A
labeling f (P) is a mappingfrom P to L whereL is a �nite

Fig. 3. Exampleof foveationusing the log-polar mapping.(left) Original
image(middle)Graphrepresentationof foveation(right) Foveatedimagewith
high resolutioncentralfoveaand low resolutionperiphery.

set of labels.An energy optimal labeling f � minimizes the
energy function E [23]

E(f ) =
X

p2 P

Dp(f p) +
X

(p;q)2 N

Vp;q (f p; f q) (1)

f � = argmin
f

E(f ) (2)

Dp is a function which encodesthecostof assigninglabel f p

to p, which representsprior knowledgeaboutthe true labeling
of p. Vp;q is a function which encodesthe cost of assigning
label f p to p and a different label f q to q when (p;q) are
neighborsin a given neighborhoodset N � P � P. This
function representsa penalty for violating label smoothness
for neighboring(p;q). Solutionsf � to theenergy minimization
problemare dif�cult to �nd in generalsince(1) can be non-
convex in a high dimensionalspace.

In this application,we approachtheenergy minimizationin
(2) asa recursivemaximumnetwork�ow problem.A network
�o w graph is de�ned as a directed graph G = (V; E ; W )
with nodesV , edgesE and edgeweightsW . Edgeweights
wij betweennodesi and j are interpretedas capacities, and
certain distinguishednodess and t in V are interpretedas
terminalnodes. Themaximumnetwork �o w problemis thatof
determiningthe maximum�o w of somecommoditybetween
terminalnodessuchthatthemaximum�o w onany edgeis less
thanor equalto capacity. Using the Ford-Fulkersontheorem,
it canbe shown that a solutionto the maximumnetwork �o w
problemis alsoa solutionto theminimumgraphcut or mincut
problem [24]. The mincut on a network �o w graph de�nes
a graphbipartition which is equivalent to a binary labeling,
where the binary labeling is an exact solution to the energy
minimizationin (2) assumingthat D p is equalto the terminal
edgecapacities,Vp;q is equalto the edgecapacities,andVp;q

is a regular functionasde�ned in [23]. Recursive application
of the binary labeling generatesa k-labeling such that the
maximumof the inter-partition �o ws is minimizedamongall
possiblepartitions of G into the samenumberof partitions
[24].

This approachrequiresthat imagerybe abstractedto a net-
work �o w graphrepresentationsuitablefor obstacledetection.
Graphnodesandgraphedgesarede�ned using the log polar
mapping from section II-B. The log polar mapping is well
suitedto the minimum cut sincethe cut value is invariant to
certain classesof expansion,such as rotationally symmetric
obstaclescenteredat thefovea.This typeof expansionpattern
or looming may be generatedby an approachingcollision



Fig. 4. Segmentationexamples.(top row): renderedsphere,renderedbillboard, indoor hallway. (bottomrow): building, large tree,small tree.

obstacle.Graphedgeweightsareencodedusingtheperceptual
organizationheuristicof similarity [25][26] suchthat theedge
weight wij or node af�nity betweenadjacentnodesi and j
canbe de�ned as:

wij =
DX

d=1

� ddij (3)

dij = exp
�

� (max((md(i ) � md(j )) ; � d) � � d)2

2� 2
d

�
(4)

Equation4 is a nonlinearmodelfor featuresmoothness,which
is similar to theapproachby Shi andMalik in [27]. Eachnode
i hasD measurementsm(i ) = [m1; m2; : : : ; mD ]T , with the
measurementmd(i ) correspondingto the dth measurement
for the i th node, such as intensity, color, texture, depth or
others. The feature smoothnessbetweennodes i and j is
parameterizedby � d and � d which de�ne the mean and
standarddeviation for smoothfeaturechanges.The resulting
nodeaf�nity is a linear combinationof eachfeaturesmooth-
nesswith weight � d. The form of equation3 is related to
boostingin machinelearningtheory [28], which implies that
coef�cients � may be determinedusing an of�ine boosting
procedure.

A commondrawbackof the minimum cut is that solutions
tendtowardssmall groups[24][29]. To compensate,we intro-
duce a �ow encodingF (wij ) which mapsaf�nity wij to a
�o w appropriatefor the log-polarmappingandthe minimum
cut.

F (wij ) = C
( w ij +1)

2 (5)

The choiceof the constantC in (5) is chosenexperimentally
to satisfy three�o w constraintsasdiscussedin [30].

In this application,the minimum cut of the network �o w
graphis computedusinga polynomial time augmentingpath
approachproposedby Boykov andKolmogorov [31]. Features
in equation(4) include foveatedintensity and disparity. Ad-
ditional issuesof oversegmentation,perceptualorganization
heuristics,source-terminal(S-T) nodeassignmentfor network
�o w graphs,recursionstoppingcriterion and �o w encoding
areaddressedin [30].

Examplesof this segmentationapproachareshown in �gure
4. This �gure shows segmentationperformanceon synthetic,
indoor andoutdoorimagery. Regionsof constantcolor in the

segmentationresultcorrespondto thoseregionsin theintensity
imagerywith thesamelabel.Theseimagesshow segmentation
resultsthatarequalitatively equivalentto humansegmentation,
with someacceptableoversegmentation.Examplesof theseg-
mentationapproachin a �ight experimentareshown in �gure
5 (row two). Finally, the segmentationsub-blockin �gure 1
shows the �rst and last stepsof the recursive bipartition.

D. ObstacleDetectionand Tracking

Obstacledetectionandtrackingincludesboundarystatistics,
region reconstructionand obstacletracking. The k-partition
from sectionII-C de�nes a setof k-regionssuchthat the k th

region is a connectedsubgraphGk = (Vk ; Ek ) with nodes
Vk , edgesEk , and boundarynodesB k = f i 2 Vk j(i; j ) 2
Ek ; j =2 Vk g. Boundarynodeshave at leastonegraphedgein
a differentregion. The edgeconsistency constraint[20] states
that a true object boundaryshouldexhibit smoothlyvarying
disparity. If the disparity variancefor nodesB k is above a
threshold,then this partition violatesedgeconsistency and is
discardedas correspondencenoise.Empirical testsshow that
thisboundarystatisticthresholdis morereliablethanthestereo
matchingthreshold.

Thoseregions which passthe edgeconsistency check are
reconstructedin 3D using the meanboundarydisparity and
linear triangulation,and are representedusing the bounding
ellipse of the region. Each obstacleellipse is independently
trackedusinga Kalman�lter , andtheresultis a stateestimate
x̂k andstateestimatecovariancePk for the boundingellipse
of eachobstaclein the inertial frame of the vehicle.The set
of obstaclesthat intersecta given collision volume are then
passedto the control systemfor motion planning.

I I I . FLIGHT EXPERIMENTS

Flight experimentswere performedthe Georgia Tech GT-
Max autonomoushelicopterplatform [18], out�tted with the
VISTA �ight computerand stereocameras.The systempa-
rameterswere: stereo baselineB =50cm, lens focal length
f =12mm,pixel sizep=12� m, imageresolution=640x480and
maximumstereodisparity=32.Parametersderived from these
systemspecsare: minimum spatial resolutionof 0.3”@46.9'
(0.7cm@14.3m),and a one disparity distance of 1500ft
(457.2m).The VISTA �ight computerconsistedof the PCI



Fig. 5. VISTA �ight experimentresultsfor four collision detectionscenarios(left-right): �ights 1-4 (columns):Calibratedgrayscaleimageryfrom left camera,
k-partition segmentation(solid color=region), Obstacledetectionoverlay (yellow=tracked obstacle,green=nearestcollision obstaclewith collision distance),
Quantitative obstacledetectionperformanceevaluation.

basedAcadiaI visionprocessormountedon a batterypowered
2.4GHz Pentium 4 motherboard.The systemwas attached
to the RMAX helicopter and all processingwas performed
on board.Runtimeperformanceof the systemfor each�ight
rangedfrom 5Hz-10Hzdueto scenecomplexity affecting the
total numberof regionsk of the recursive bipartition.

Figure 5 shows imagery and processingresultsfrom four
of nineteen�ight experiments.These�ight experimentshad
the vehicle �y a true collision trajectoryapproachingeithera
“sign” obstacle(40”x30” which foamcore)or “pole” obstacle
(90”x20” black foamcore)at an altitude of 21' at speedsup
to 30ft/s. The obstacledetectionresultsshow that both the
pole (�ight 2) and sign (�ights 1,3,4) obstaclesare correctly
detectedat variouscollision distances,aswell asothertracked
obstaclesshown with yellow ellipses:haybalesandcars(�ight
1-2), van (�ight 2), gantry (�ight 2) and ground tarpaulins
(�ight 3). In �ight 3, notice that the sign obstacleis visible
far in the background,but the nearestcollision obstacleis

correctlydetectedasa groundtarpaulinobstacle.

Figure5 includesgraphsof obstacledetectionperformance.
The groundtruth position of the collision obstaclewas cap-
tured after each�ight, and the obstacleestimationerror was
computedby comparingthe tracking estimateof the green
ellipse centroid to the ground truth obstaclecentroid. The
blue plot shows the Euclideandistancebetweenthe estimated
position of the obstacleP̂ and the ground truth position P,
such that the error at time index i is jP � P̂ j. The red plot
shows the predictedestimationerror given the ground truth
distanceto theobstaclefrom theUAV navigationsolutionand
the known rangeresolutionof stereo.Stereorangeresolution
is nonlinearin rangedueto pixel quantizationerror in stereo
triangulation, where the range uncertainty � z for a single
disparityatdistancer is � z (r ) = r 2p=Bf . A correctdetection
result should exhibit error E(r ) � 2� z (r ), where E is the
rangeuncertaintydueto a two pixel disparityerror. The error
E is also a function of the vertical and horizontal position



error, but theseerrors is dominatedby rangeuncertaintyfor
the distancesconsideredin UAV �ight, and are negligible
in practice[32]. The plots show that the position estimation
error doesfollow the expectederror bound E, occasionally
improving the error due to subpixel disparity estimatesand
disparityaveragingin the �lter , or worseningthe error dueto
subpixel correspondenceerrors.Finally, the �ight experiments
werecarriedout undervariouslighting conditions,but with a
�x ed stereothreshold.The plots show that thereare no false
alarmobstacledetectionsdueto stereocorrespondenceerrors.

IV. CONCLUSIONS

This paper has describedthe Visual Threat Awareness
(VISTA) system for passive stereo based obstacle detec-
tion. The VISTA system augmented the foundation of
640x480@23Hzstereowith a 5-10Hz global segmentation
step that improved performanceover stereoalone.Proof of
conceptwas demonstratedin four �ight experimentsagainst
real obstacleson embeddedhardware with no false alarms
andpositionestimationaccuraciesof � 6ft@50ft.Futurework
includesextendingthe testingto include urbanenvironments
with multiple obstacles,and to integrate an online motion
plannerfor avoidance.
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