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Abstract: Height is a critical variablefor helicopterhover control. In this paper
we discuss,andpresentexperimentalresultsfor, two differentheightsensingtech-
niques:ultrasonicandstereoimaging,which have complementarycharacteristics.
Feature-basedstereois usedwhichprovidesabasisfor visualodometryandattitude
estimationin thefuture.

1. Intr oduction
We have recentlystarteddevelopmenttowardanautonomousscale-modelhelicopter,
seeFigure1. Ourfirst targetis to achievestableautonomoushoveringwhich involves
the subtasksof: heightcontrol, yaw control, androll andpitch control. For initial
purposeswe considertheseas independentcontrol problems,thoughin reality the
dynamicsof variousdegreesof freedomhavecomplex coupling.

Thispaperis concernedonly with theproblemof estimatingheightof thevehicle
above the groundwhich is an essentialinput to any height regulationloop. We are
currently investigatingtwo approaches:ultrasonicfor very closerange( 2m) and
stereoimagingfor mediumrange( 20m). Stereovision methodsarediscussedin
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Figure1. TheCMST scale-modelhelicopterin flight.



Figure2. Thesmallstereocameraheadusedonthehelicopterin adownwardlooking
configuration.

Section2, ultrasonicsin Section3, andcombinedresultsin Section4. Conclusions
andfuturework arethesubjectof Section5.

2. Stereo-basedheight estimation
Our previouswork hasconcentratedondensearea-basedstereovision[1], but for this
work we have focussedon feature-basedtechniques.The disparity betweencorre-
spondingimagefeaturesin the left andright camerascanbe usedto provide sparse
rangeinformationwhich is sufficient for heightcontrolpurposes.In additionthefea-
turescanbe tracked in time[5] to provide informationaboutthe vehicle’s changein
attitudeandmotionacrosstheground.

Stereoimaging hasmany desirablecharacteristicsfor this application. It can
achieve a high samplerateof 60Hz (NTSC field rate), is totally passive, andgives
heightabove the surfaceratherthanheightwith respectto somearbitrarydatum(as
doesGPS).Its disadvantagesarecomputationalcomplexity, andfailureat night1. In
our experimentsthe helicopteris flying over a grassyareathat provides sufficient
irregulartexturefor stereomatching.Our goalis to achieveheightestimationwithout
artificial landmarksor visualtargets.

2.1. The camerasystem
The ST1 stereoheadfrom Videre Design2, shown in Figure 2, comprisestwo 1/4
inch CMOS cameramodulesmountedon a printedcircuit boardthat allows various
baselines— we are using the maximumof 160mm. The two camerasare tightly
synchronizedandline multiplexedinto anNTSCformatcompositevideosignal.Thus
eachvideo field containshalf-vertical resolutionimages,320 pixels wide and 120
pixelshigh, from eachcamera.The camerashave barelyadequateexposurecontrol
andno infra-redfilters.

The lensesare 12mm diameterscrew fit type with a nominal focal length of
6.3mm. Thelensesaremadeof plasticandhave fairly pooropticalquality — barrel
distortionandpoormodulationtransferfunctionareclearlyevidentin theimageswe
obtain.

The essentialcameraparametersaregiven in Table1. Sincethe two cameras
aremultiplexedon a line-by-line basisthe effective pixel height is twice that of the

1Infra-redcamerascouldbeusedbut sizeandcostprecludetheir usewith thisvehicle.
2http://www.videredesign.com



Parameter Value

Baseline 160mm
Pixel width 14.4um
Pixel height 13.8um
Focallength( f ) 6.3mm

αx f 438
αy f 457

Table1. Cameraandstereoheadparameters.α is pixel pitch (pixels/m).

actualphotosite.Mechanicallythestereoheadis manufacturedsothatscanlinesare
parallelandvertically alignedto reasonableprecision. The mountingconfiguration
alsoensuresthat the optical axesareapproximatelyparallelbut in practicewe find
that thecamerasareslightly convergent. AnotherPCB,parallelto themainoneand
connectedvia nylon spacersstiffensthestructurebut againin practicewefind thatthe
boardsflex sothegeometryvarieswith time.

2.2. Calibration
For parallel camerageometry, which this stereoheadapproximates,the horizontal
disparityis givenby

d
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whereαx is thepixel pitch (pixelspermetre), f is thefocal lengthof thelens,b is the
baselineandr is therangeof thepointof interest.

Thederivedparametersαx f andαy f givenin Table1 arethelumpedscaleparam-
etersthatappearin theprojectionequations.Thecomputedvaluesin thetableagree
well with simplecalibrationtestswhich give valuesof αx f 445andαy f 480—
consistentwith aslightly higherfocal lengthof approximately6.5mm. Figure3 shows
resultsof anothercalibrationexperimentwhich givestheempiricalrelationship
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This indicatesthat the camerasare slightly verged with the horopterat 10.2m —
beyondwhich disparity is positive. For our target working rangeof 2m to 20m the
disparitywould lie in the range-4 to 27 pixels,or a 32 pixel disparitysearchrange.
Theestimatednumeratorconstantis quitesimilar to thatgivenin (1) basedoncamera
data.

2.3. Ar chitecturefor visual processing
An overall view of theproposedsystemis given in Figure4. Thehelicoptercontrol
computeris basedon thePC104/PC104+bus,which is a stackablearchitecturebased
on the ISA/PCI specifications.The framegrabberis a PC104+modulewhich writes
imagesdirectly over thePC104+(PCI) businto systemmemory. Thevision process-
ing softwarerunsundertheon-boardreal-timeoperatingsystem,LynxOS,andusesa
customstreamingvideodriver for theframegrabber. Thedevicedriversupportsthree
modesof operation:demand, streamingandfield-streaming. In demandmode,frame
captureis triggeredby theapplicationprogram.In streamingmode,theframegrabber
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Figure3. Experimentaldisparityversusinverserange.

Sensorarray 311

PCI bus driver for LynxOS

flight
control
system

ultrasonic ranging

Videre ST1 head

image

gyro
magnetometer

height estimation

server

helipad
recognition and
tracking

spatio−temporal
feature tracker

attitude estimation

Bt848

Figure4. Overall systemarchitecture.

is setupto captureimagescontinuallyinto auser-providedring of imagebuffers.This
makesit possibleto captureimagesat framerate. Field-streamingmodeis a variant
of streamingmodein which eachfield is consideredanimage.This allows for image
captureat two timestheframerate.

ThePCIbushasa theoreticalmaximumbandwidthof 132Mbyte sandfull-size
PAL color video at framerateconsumesonly 44Mbyte s. However, thereis other
activity on thesystemanddependingon thenumberof devicesusingthesystembus,
this can be a significant issue. The disk bandwidthbecomesan issuewhen video
hasto bewritten to disk at framerate. Thedisk subsystemrequiresalmostthesame
bandwidthasthe framegrabberandthat could prove to be too muchfor the system.
For the hardwarewe use,we have found that it is possibleto capturemonochrome



192x144sizedimagesto the’raw’ disk device at framerate.A biggerlimitation was
thehard-diskshuttingdown dueto vibration— we now usesolidstatedisks.

2.4. Stereovision
Our previouswork with stereowasconcernedwith densematching[1]. However for
the helicopterapplicationwe choseto usefeature-basedmatchingfor the following
reasons.Firstly thenon-parallelimaginggeometrymeantthatsincetheepipolarlines
werenot parallel,andgiventhelargerangeover which we arematching,thevertical
disparitybecomessignificant.Projectiverectificationwasinvestigatedbut is computa-
tionally tooexpensivefor thisapplicationandassumesthegeometryis time invariant.
Secondly, for heightcontrolwedonotneeddenserangedata.A few points,sufficient
to establishconsensus,will beadequate.Thirdly, featurescanbetemporallytracked
to provideodometryandattitudeinformation.

Themainprocessingstagesareasfollows:

for i=L, R do
for eachpixel in Ii do

Ci plessey Ii
end for
Xi = coordinatesof N strongestlocalmaximain Ci

end for
for eachfeatureXLi XL do

for eachcandidatefeatureXRj XR do
computesimilarity si j ZNCC XLi XRj

end for
bestmatchsi maxj si j

if si s̃ then
if XRj matchesbackto XLi then

di disparity XLi XRj

end if
end if

end for
d mediandi

2.5. Corner operators
Cornerfeaturesarethosewhich have high curvaturein orthogonaldirections.Many
cornerdetectorshave beenproposedin the literature[3] but we consideredonly two
well known detectors:Plessey[2] andSUSAN[6]. Roberts[5] comparedthetemporal
stability for outdoorapplicationsandfoundthatthePlessey operatorwassuperior.

ThePlessey operatorrequirescomputation,for eachpixel, of

M
I2
x IxIy

IxIy I2
y

whereIx I 1 0 1 ∂I ∂x, Iy I 1 0 1 T ∂I ∂y, andX X w where
w is a Gaussiansmoothingfunction. The Plessey cornerfunction is traceM detM
which is invariant to illumination scale. This is very importantwhen looking for
featuresin imagesfrom two differentcameras.
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Figure 5. Left and right handcameraimagefrom helicopterimagesequencewith
cornerfeaturesindicated.Also shown is a featuresearchboxcorrespondingto theleft
imagefeaturemarkedby a circle.

Thefeaturesusedfor thematchingstagearethecoordinatesof non-localcorner
maximathathavebeensortedby strength.Thestrongest100featuresareused.Figure
5 showsa typical flight imageanddetectedcornerfeatures.

2.6. Geometricconstraints

The cornerdetectionstageprovides100 featuresin eachimagefor which we must
establishcorrespondence.Naively applying a similarity measurewould result in a
100 100 matchingproblem. Applying epipolarconstraintscangreatly reducethe
orderof this problemsinceweknow thatthecorrespondingpoint is constrainedto lie
alongtheepipolarline.

In practiceweobserve,seeFigure6,considerablevariationin slopefor theepipo-
lar linesover time. Theepipolarlineswerecomputedusingthemethodof Zhang[7]
for eachframein thesequence.Webelievetwo effectsareatwork here:flexing of the
stereoheadresultsin changesto the camerageometry, andcorrelationwith vertical
scenemotion.Thislattermaybedueto timing issuesin thecamera’sline multiplexing
circuitry or CMOSreadouttiming.

For eachfeaturein the left imagewe know an approximateregion of the right
handimagein which the correspondingfeaturemust lie. The vertical extent of this
region is a functionof uncertaintyin theverticaldisparity, andthehorizontalextentis
a functionof thedisparitywhichmayor maynotbeapproximatelyknown,seeFigure
5. We assumehereno apriori knowledgeof disparity. By this meanswe reducethe
numberof regioncomparisonsfrom 10,000to typically lessthan600.

2.7. Similarity measure

Thefirst approachwasbasedonearlierwork by Roberts[5] in temporalfeaturetrack-
ing. Cornersaredefinedin termsof a3-elementfeaturevectorcontainingtheintensity
andtheorthogonalgradientsandsimilarity is definedby Euclideandistancebetween
features.This is computationallyinexpensivebut in practiceexhibitedpoordiscrimi-
nationin matching.
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Figure6. Histogramof epipolarline gradient.

Insteadwe useda standardZNCCmeasure

ZNCC L R
∑i j Li j L Ri j R

∑i j Li j L ∑i j Ri j R

which is invariantto illumination offset andscale. The bestmatchwithin the right
imagesearchregion that exceedsa ZNCC scoreof 0.8 is selected.The role of the
two imagesis thenreversedandonly featuresthatconsistentlymatchleft to right, and
right to left aretaken.Typically lessthan50 featurespassthis batteryof tests.

2.8. Establishingdisparity consensus
The disparitiesresultingfrom the above procedurestill containsoutliers, typically
verycloseto zeroor maximumdisparity. We usea medianstatisticto eliminatethese
outliersandprovide an estimateof the consensusdisparityfrom which we estimate
heightusing(2). Figure7 showsdisparityandthenumberof robustlydetectedfeatures
for successive framesfrom a shortflight sequence.

2.9. Time performance
Thecoderunson a 300MHz K6 andis written carefully in C but makesno use,yet,
of MMX instructionasdoes[4]. Cornerstrength,maximadetectionandsortingtakes
78ms for both images. Matching takes6.5ms (20µs for an 11 11 window) with
a further 1.3ms to verify left-right consistency. With otheronboardcomputational
processesrunningweareableto obtainheightestimatesat a rateof 5Hz.

3. Ultrasonic height estimation
Whencloseto thegroundthestereocamerasystemis unableto focusandtheblurred
imagesareuselessfor stereomatching.Ultrasonicsareanalternativesensingmodality
which aretheoreticallysuitedto this heightregime,but we werenot very optimistic
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Figure7. Disparity andnumberof robustly detectedcornerfeaturesfor shortflight
sequence.
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Figure8. Raw heightestimatefrom theultrasonictransducer.

that it would work in this application.Thehelicopterprovidesanacousticallynoisy
environment,both in termsof mechanicallycoupledvibrationand“dirty” air for the
ultrasonicpulsesto travel in. We attemptedto shieldthesensorfrom themain rotor
downwashby positioningit beneaththenoseof thevehicle.

Theultrasonicsensorwe choseis a Musto1aunit which hasa maximumrange
of 4m. The sensorhasbeenadjustedso that the working distancerangespansthe
outputvoltagerangeof 0 to 5V. Thesensoremits10 pingspersecond,andwhenit
receivesno returnit outputsthemaximumvoltage.

Figure8 shows raw datafrom the sensorduring a shortflight. The minimum
height estimateis 0.3m which is the height of the sensorabove groundwhen the
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Figure9. Combinedheightestimatefrom ultrasonicandstereosensorswith respect
to thestereocamera.

Figure10. New integratedstereocamerasensor.

helicopteris on the ground. Good estimatesare obtainedfor heightsbelow 1.2m.
Above 1.5mthe signal is extremelynoisy which we believe is dueto poor acoustic
signalto noiseratio. Whetherthis is improvedby isolatingthesensorfrom thebody
of thehelicopterhasnot yet beentested.Neverthelessthereis just sufficient overlap
betweentheoperatingrangeof thestereoandultrasonicsensorsto providesomecross-
checking.

4. Combined results

Figure9 showstheresultsof combiningraw ultrasonicdatawith stereodisparitydata.
We have plottedall ultrasonicrangevaluesbelow 1.2mandaddedthe heightdiffer-
ential betweenthe ultrasonicandstereosensorsystems.The stereodisparitydatais
convertedto rangeusing(2).

On takeoff thereis a verysmallamountof overlapandwe havegoodstereodata
to below 1m (disparityof 75 pixels). The landingoccurredin a patchof long grass
which led to veryblurry imagesin which no reliablefeaturescouldbefound.



5. Conclusionsand further work
We have shown that stereoandultrasonicsensorscanbe usedfor heightestimation
for anautonomoushelicopter. They arecomplementaryin termsof theheightregimes
in which they operate.Botharesmallandlightweightsensorswhich arecritical char-
acteristicsfor this application.Feature-basedstereois computationallytractablewith
the onboardcomputingpower, andprovidessufficient informationfor the task. The
next stepsin our projectare:

1. “Closetheloop” on helicopterheight.

2. Fly our new customstereo-camerahead,seeFigure 10, which will overcome
themany limitationsof thecurrentST-1 head,in particularexposurecontroland
readouttiming.

3. Fusestereo-derivedheightinformationwith datafrom theinertial sensoranduse
theestimatedheightto controlthedisparitysearchrangeandgatedisparityvalues
at theconsensusstage.

4. Implementtemporalfeaturetrackingandusefeatureflow for visual gyroscope
andodometry.

5. Visual-servo controlof helicopterwith respectto a landmark.
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