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Abstract—This paper presentsthe Visual Threat Awareness
(VISTA) systemfor real time collision obstacle detection 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 from 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 inspir ed foveation,
perceptual organization and graph partitioning using the mini-
mum s-t graph cut. This systemhas been prototyped using the
Samoff Acadial vision processoito enableprocessingf 640x480
resolution imagery at 5-10Hz operation on embeddedavionics.
We describe system theory, demonstrate segmentation results
on scenesof increasing complexity, and showv ight experiment
resultson Georgia Tech's GT-Max autonomoushelicopter against
real collision obstacles.

I. INTRODUCTION

UnmannedAir Vehicles(UAVS) are ervisionedas an inte-
gral part of future civilian and military operationsjncluding
intelligence,suneillance and reconnaissancdSR) missions,
searchand rescue missions and surwillance for homeland
security Thesemissionsoften requirea UAV to y nap-of-
the-earth,risking collision with low level obstaclessuch as
treesand buildings whose position cannotbe guaranteedas
known before ight. PracticalUAVs mustinclude situational
awarenessasedon sensingand perceptionof the immediate
ervironmentto locatecollision dangersand plan an appropri-
ate avoidancepath.

Sensorsconsideredfor collision detectioncan be charac-
terized as active or passve sensorsActive sensorssuchas
millimeterwave and microvave RADAR, are currentlyunder
investigationfor detect,seeand avoid (DSA) capability for
large UAVs [1]. Thesesensorsexhibit all weatheroperation
with resolutionappropriatefor wire detection,however mea-
surementsare sparsewith a low scanrate,the sensoris non-
covert due to active emissionof radiation, and the sensor
form factor doesnot currently scaleto micro air vehicles.
Passve sensordasedn visualelectro-opticalEO) or forward
looking infrared (FLIR) are promisingdueto low size,weight
andpower requirementaswell asa lack of emittedradiation.
However, they require signi cant image processingo detect
obstaclesandrequireanarronv eld of view for wire detection
which limits sensorcoverage.Bhanu et al. [2] armue for a
maximallypassivesystemthat combinesnarrav eld of view

active sensorsfor wire detectionwith wide eld of view
passie stereosensorsfor coverage.This paper proposesa
passie stereosystemfor visual obstacledetectionsuitablefor
integrationinto sucha maximally passve system.

Visual obstacledetectionis a well explored problemin the
literature. Techniquesdnclude differentialinvariantsof optical
ow [3][4][5][6], horopter multibaselineand omnidirectional
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-
niguesmentionedall require an explicit or implicit solution
to the correspondenc@roblemto establishmatchingfeatures
in distinct viewpoints to reconstructscenestructure. Local
correspondencerrorscangeneratefalseor missedobstacles,
so a practical visual obstacle detection approachmust be
robust to sucherrors.In this paper we use binocular stereo,
focusingon a global sgmentationtechniqueperformedafter
stereocorrespondenct improve robustnesgo theseerrors.

Stereoobstacledetectionis dif cult due to the variability
of anunstructuredutdoorernvironment.Computationaktereo
computesscenestructureby establishingcorrespondencbe-
tweenfeaturesin eachimage, however variability in surface
re ectance lighting andviewpoint mayintroducematchinger-
rorsthatmanifestasfalseor missedobstaclesRealtime stereo
software basedon areacorrelationor block matchingis cur
rently commerciallyavailable, but this software suffers from
theselocal correspondencerrors and performanceis sensi-
tive to the choice of a x ed matchingcon dence threshold.
Recentdevelopmentdn computationaktereoshav signi cant
improvementsover block matchingin indoor ervironments,
however the state of the art is not real time and remains
sensitve to occlusions[15][16]. Therefore,we proposeto
combineexisting real time stereowith a global segmentation
stepto increaserobustnesgo correspondencerrors,resulting
in a practicalobstacledetectionsystemsuitablefor real time
operation.

This paperpresentghe Visual Threat AwarenesgVISTA)
systemfor passie, stereocimage basedobstacledetectionfor
an unmannedir vehicle. The VISTA systemcombinesblock
matching stereocomputedon the Acadial vision processor
designedy Sarnof Corporatior[17] with imagesegmentation
basedon a specialpurposegraph representatiorappropriate
for collision detection,perceptualorganizationand ef cient
graph partitioning basedon the minimum graph cut. This
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Fig. 1. Visual ThreatAwarenesgVISTA) systemblock diagram.

segmentatiorprovidesa meango increaseobustnesgo stereo
correspondencerrors,andprovidesboundaryconstraintsuit-
able for motion planning. This paperwill describesystem
theory demonstratejualitatve segmentationperformanceon
imageryof increasingcomplexity, andshav ight experiment
resultson Geogia Tech's GT-Max autonomouselicopter{18]

in real collision scenarios.

Il. SYSTEM ARCHITECTURE

The Visual Threat Awareness(VISTA) systemis an ap-
proach to collision obstacle detection basedon real time
stereographpartitioningandperceptuabrganization A block
diagramof the systemis showvn in gure 1. A stereopair of
camerass mountedforward looking on the UAV to monitor
the region throughwhich the UAV will y. On eachiteration,
imageryis capturedfrom a calibratedstereopair of cameras
and passedo the Acadial vision processomwhich computes
a stereo disparity map (sectionll-A) which is proportionalto
the 3D scenegeometry The imageryand disparity mapsare
foveatedusingalog-polarmappingcompressiorfsectionli-B)
andfusedinto an af nity graph representatior{sectionlI-C)
usingperceptuabrganizationtechniquesThe af nity graphis
recursvely bipartitionedusinga minimum graphcut (section
[I-C) resultingin an estimateof k-regionswithin the imagery
Thoseregionswhich passan edgeconsisteng test(sectionll-
D) are 3D reconstructedrepresentedvith a boundingellipse
and tracked using a Kalman lter (sectionll-D) forming an
obstaclemapsuitablefor motionplanningandavoidance Each
of theseblockswill be describedn more detail.

A. ComputationalSteeo

Computationalstereois the processof extracting three-
dimensionalscenestructurefrom two or more imagestaken
from distinctviewpoints. This computatiorrequiresa solution
for steleo correspondencehich is the procesof establishing
the projectionof a scenepointin eachimage.Correspondence
techniquesattemptto nd matching points in the imagery
by exploiting constraintssuch as epipolar geometry order
ing, brightnessconstanyg, edge consisteng 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 feature match (regions of

low contrast,periodic features)or no featurematch (specular
re ections, occlusion,minimum distanceviolation).

Realtime block matchingcorrespondenceechniquessuch
as the commercial products available from Videre Design,
Point Grey or Tyzx, include a matchingcon dencethreshold
to discardpoor matchesHowever, as shovn in gure 2, the
accurag of the correspondences sensitve to the choice of
this thresholdandit is unclearhow to choosethis thresholdn
generalin an outdoorernvironmentwithout introducing false
alarmsor misseddetections.

In this system,stereocorrespondencé computedon the
Acadia | vision processor[17] using a sum of absolute
differences(SAD) block matchingapproachalong calibrated
epipolar scanlines,with left/right consisteng checking and
maximum 32 disparity search.The Acadial vision processor
is ableto compute640x480binocularstereoat 23Hz.

B. Foveation

Foveationrefersto a spacevariantimagerepresentatiomwith
ahighresolutioncentralregion or foveasurroundedy alower
resolution periphery [19]. This approachis inspired by the
structureof the humanretina which featuresa spacevariant
distribution of light sensitve elements.

In the context of collision detection foveationprovidescol-
lision appropriate image compiession 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 resolutionin the peripherywhich may contain
an obstacle,but a low likelihood of containinga collision
obstacle.This approachfocusesavailable computationalre-
source®nthosespatialimageregionsthatarelik ely to contain
collision dangers.

Foveation can be implementedusing a log-polar mapping
[19], suchthat the spacevariantresolutionis proportionalto
the log of the distancefrom the imagecenter An example of
the log-polar mappingis shavn in gure 3.



Fig. 2. Tradeof betweenstereomatchingthresholdand correspondence
accuray. (left) Grayscaleimage (middle) Disparity map with low threshold
(right) Disparitymapwith high threshold Thelow thresholdntroducessevere
correspondencerrorsin the sky (Dark=farlight=neajwhite=unde ned)

C. Sgmentation

Segmentationcan be de ned as the processof labeling
featuresin an image suchthat featureswith equallabelsare
“similar” and “belong together”in somesense and features
with unequallabelsdo not.

In the context of obstacledetection,seggmentationprovides
a foundationfor rejecting stereocorrespondencerrors. As
previously discussedstereocorrespondencerrorsare gener
atedwhenimagefeaturesdo not have anidenticalandunique
match.If we introducea segmentatiorstepsuchthat“similar”
is de ned as smoothly varying feature measurementshen
a sgmentationwill de ne k-regions suchthat within group
featuresare smoothlyvarying and betweengroupfeaturesare
discontinuous Smoothly varying featureswill generatepoor
stereocorrespondencdueto low contrast,so a sggmentation
cansafelyignore all disparity interior to a region, andfocus
only on disparity at the region boundary Boundarydisparity
canbe checledfor the edge consistencyonstaint [20], which
statesthat a true object boundary should 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 perspectie of a scene.
Local sggmentationapproachesuchasthresholding,cluster
ing, region growing, split-and-mege and deformablecontour
techniquesresensitve to initial conditionsandoftengenerate
inconsistensegmentationsn smoothregions[21]. As aresult,
in this system,we usea global segmentationtechniquebased
on recursve minimum cut of anaf nity graph.This approach
exhibits stability due to the useof global imageinformation,
with a polynomial computationabomplexity for scalabilityto
large images.

The segmentation problem can be posedformally as a
Bayesianenegy minimization problem [22]. Assume that

within the eld of view of the sensorfor which measurements
can be taken. For each point p;, a sensorcan capture a

is somedescriptve featureof p; that may include intensity
texture, color, intensity gradient,motion, depth or others.A
labeling f (P) is a mappingfrom P to L wherelL is a nite

Fig. 3. Exampleof foveationusing the log-polar mapping.(left) Original
image(middle) Graphrepresentatioof foveation(right) Foveatedmagewith
high resolutioncentralfoveaandlow resolutionperiphery

set of labels. An enegy optimal labeling f minimizesthe

enegy function E [23]
X

E(f)= Dp(fp) + Vo (fpifa)
p2P (p:g)2N
f = argmfin E(f)

1)
)

D, is afunction which encodeghe costof assigningabelf ,
to p, which representgrior knowledgeaboutthe true labeling
of p. Vp,q is a function which encodesghe cost of assigning
label f, to p and a different label f4 to q when (p;q) are
neighborsin a given neighborhoodset N P P. This
function representsa penalty for violating label smoothness
for neighboring(p; g). Solutionsf  to theenegy minimization
problemaredif cult to nd in generalsince(1) canbe non-
corvex in a high dimensionalspace.

In this application,we approachtthe enegy minimizationin
(2) asarecuisive maximumnetwork ow problem.A network
ow graphis de ned as a directedgraphG = (V;E;W)
with nodesV, edgesE and edgeweightsW. Edgeweights
w;; betweennodesi andj areinterpretedas capacities and
certain distinguishednodess andt in V are interpretedas
terminalnodes Themaximumnetwork o w problemis thatof
determiningthe maximum o w of somecommoditybetween
terminalnodessuchthatthe maximum o w onary edgeis less
than or equalto capacity Using the Ford-Fulkersontheorem,
it canbe shavn that a solutionto the maximumnetwork ow
problemis alsoa solutionto the minimumgraphcut or mincut
problem [24]. The mincut on a network ow graphde nes
a graph bipartition which is equivalentto a binary labeling,
wherethe binary labeling is an exact solution to the enegy
minimizationin (2) assuminghatD, is equalto the terminal
edgecapacitiesVyq is equalto the edgecapacitiesand Vyq
is a regular functionasde ned in [23]. Recursie 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 approactrequiresthatimagerybe abstractedo a net-
work o w graphrepresentatiosuitablefor obstacledetection.
Graphnodesand graphedgesare de ned usingthe log polar
mapping from sectionll-B. The log polar mappingis well
suitedto the minimum cut sincethe cut valueis invariantto
certain classesof expansion,such as rotationally symmetric
obstaclesenterecht the fovea. This type of expansionpattern
or looming may be generatedby an approachingcollision



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

obstacle Graphedgeweightsareencodedisingthe perceptual
organizationheuristicof similarity [25][26] suchthatthe edge
weight wj or node af nity betweenadjacentnodesi and j
canbe de ned as:

ad 3

(max((ma(i) ma()); o)  a)?
2

x @

Equation4 is a nonlinearmodelfor featuresmoothnessyhich
is similar to the approactby ShiandMalik in [27]. Eachnode

dij = exp

measurementg(i) correspondingto the d measurement
for the i™ node, such as intensity color, texture, depth or
others. The feature smoothnesshetweennodesi and | is
parameterizedby 4 and 4 which de ne the mean and
standarddeviation for smoothfeaturechangesThe resulting
nodeafnity is a linear combinationof eachfeaturesmooth-
nesswith weight 4. The form of equation3 is relatedto
boostingin machinelearningtheory [28], which implies that
coefcients  may be determinedusing an of ine boosting
procedure.

A commondrawbackof the minimum cut is that solutions
tendtowardssmall groups[24][29]. To compensateye intro-
ducea ow encodingF (w; ) which mapsafnity w; to a
o w appropriatefor the log-polar mappingandthe minimum
cut.

(Wij +1)

F(wj)=C )

The choiceof the constantC in (5) is chosenexperimentally
to satisfythree o w constraintsas discussedn [30].

In this application,the minimum cut of the network ow
graphis computedusing a polynomial time augmentingpath
approactproposediy Boykov andKolmogoror [31]. Features
in equation(4) include foveatedintensity and disparity Ad-
ditional issuesof oversgmentation,perceptualorganization
heuristics source-termina(S-T) nodeassignmentor network
ow graphs,recursionstoppingcriterion and ow encoding
areaddressedhn [30].

Examplesof this sggmentatiorapproactareshavnin gure
4. This gure shovs sggmentationperformanceon synthetic,
indoor and outdoorimagery Regions of constantcolor in the

segmentatiorresultcorrespondo thoseregionsin theintensity
imagerywith the samelabel. Theseimagesshov segmentation
resultsthatarequalitatively equivalentto humansegmentation,
with someacceptabl@versgmentation Examplesof the seg-
mentationapproachn a ight experimentareshovn in gure
5 (row two). Finally, the segmentationsub-blockin gure 1
shaws the rst andlast stepsof the recursve bipartition.

D. ObstacleDetectionand Tracking

Obstacledetectionandtrackingincludesboundarystatistics,
region reconstructionand obstacletracking. The k-partition
from sectionll-C de nes a setof k-regionssuchthat the k™"
region is a connectedsubgraphGy = (Vk; Ex) with nodes
Vi, edgesEy, and boundarynodesBy = fi 2 Vj(i;j) 2
Ex;j 2 Wg. Boundarynodeshave at leastonegraphedgein
a differentregion. The edgeconsisteng constraint[20] states
that a true object boundaryshould exhibit smoothlyvarying
disparity If the disparity variancefor nodesBy is above a
threshold thenthis partition violatesedgeconsisteng and is
discardedas correspondencaoise. Empirical testsshav that
this boundarystatisticthresholds morereliablethanthe stereo
matchingthreshold.

Thoseregions which passthe edgeconsisteng checkare
reconstructedn 3D using the meanboundarydisparity and
linear triangulation,and are representedising the bounding
ellipse of the region. Each obstacleellipse is independently
tracked usinga Kalman lter , andtheresultis a stateestimate
Rk and stateestimatecovariancePy for the boundingellipse
of eachobstaclein the inertial frame of the vehicle. The set
of obstaclesthat intersecta given collision volume are then
passedo the control systemfor motion planning.

I1l. FLIGHT EXPERIMENTS

Flight experimentswere performedthe Geogia Tech GT-
Max autonomoushelicopterplatform [18], out tted with the
VISTA ight computerand stereocameras.The systempa-
rameterswere: stereo baseline B=50cm, lens focal length
f =12mm,pixel sizep=12 m, imageresolution=640x48@&nd
maximumstereodisparity=32.Parameterslerived from these
systemspecsare: minimum spatialresolutionof 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 detectionscenariogleft-right): ights 1-4 (columns):Calibratedgrayscalémageryfrom left camera,
k-partition sggmentation(solid color=region), Obstacledetectionoverlay (yellow=tracled obstacle green=nearestollision obstaclewith collision distance),

Quantitatve obstacledetectionperformanceevaluation.

basedAcadial vision processomountedon a batterypowered
2.4GHz Pentium 4 motherboard.The systemwas attached
to the RMAX helicopterand all processingwas performed
on board.Runtime performanceof the systemfor each ight
rangedfrom 5Hz-10Hzdueto scenecompleity affecting the
total numberof regionsk of the recursve bipartition.

Figure 5 shavs imagery and processingresultsfrom four
of nineteenight experiments.These ight experimentshad
the vehicle y atrue collision trajectoryapproachinggithera
“sign” obstacle(40"x30” which foamcore)or “pole” obstacle
(90"x20" black foamcore)at an altitude of 21' at speedsup
to 30ft/s. The obstacledetectionresultsshon that both the
pole (ight 2) andsign (ights 1,3,4) obstaclesare correctly
detectedat variouscollision distancesaswell asothertracked
obstacleshovn 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

correctly detectedas a groundtarpaulinobstacle.

Figure5 includesgraphsof obstacledetectionperformance.
The groundtruth position of the collision obstaclewas cap-
tured after each ight, andthe obstacleestimationerror was
computedby comparingthe tracking estimateof the green
ellipse centroid to the ground truth obstaclecentroid. The
blue plot shavs the Euclideandistancebetweenthe estimated
position of the obstacleP and the groundtruth position P,
suchthat the error at time index i is jP  Pj. The red plot
shaws the predicted estimationerror given the ground truth
distanceto the obstaclefrom the UAV navigation solutionand
the known rangeresolutionof stereo.Stereorangeresolution
is nonlinearin rangedueto pixel quantizationerrorin stereo
triangulation, where the range uncertainty , for a single
disparityatdistance is ,(r) = r2p=Bf . A correctdetection
result should exhibit error E(r) 2 ,(r), whereE is the
rangeuncertaintydueto a two pixel disparityerror. The error
E is also a function of the vertical and horizontal position



error, but theseerrorsis dominatedby rangeuncertaintyfor

the distancesconsideredin UAV ight, and are negligible

in practice[32]. The plots shav that the position estimation
error doesfollow the expectederror bound E, occasionally
improving the error due to subpixel disparity estimatesand
disparity averagingin the lter, or worseningthe error dueto

subpiel correspondencerrors.Finally, the ight experiments
were carriedout undervariouslighting conditions,but with a
x ed stereothreshold.The plots showv that thereare no false
alarmobstacledetectionglueto stereocorrespondencerrors.

IV. CONCLUSIONS

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