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Abstract

This paperdiscussesimilarities and differencesn au-
tonomoushelicoptes developedat USCand CSIRD. The
mostsigni cant differencesare in the accuracy and sam-
ple rate of the sensorsystemaisedfor control. TheUSC
vehicle likeanumberof others, malesuseof a sensoisuite
thatcostsanorderof magnitudemorethanthevehicle The
CSIRO systemby contrast, utilizeslow-costinertial, mag-
netic,visionand GPSto achievethe sameends.

We describethe architecture of both autonomouseli-
coptess, discusghedesignissuesand presenicompaative
results.

1 Intr oduction

Recentjoint work betweenUSC and CSIRO haspro-
vided a uniqueopportunityto compareindependentlyde-
velopedhelicoptercontrol architectures. We discovered
somesmalldifferencesn thecontrolloop structurebut the
biggestdifferenceby faris theperformancendcostof the
sensosuitesused.

In Table 1 we present,to the bestof our knowledge,
a summaryof eachof the currently active autonomous
helicopterprojectsincluding [1-3]. A commonfeature
of all but the CSIRO systemis that they utilize high-
performance avionic grade sensors. Thesesensorsare
expensve, typically exceedingthe costof the vehicle by
oneorderof magnitude.Thesedevices,suchasthe Novo-
tel RT2 Millennium andthe Trimble TANS Quadre, pro-
vide goodqualityinformationaboutthe stateof thevehicle
at 10Hz which greatly simpli es the state-estimatiomand
controlproblem.

TheCSIRO projecthas,from its inception,aimedto de-
velopa controlsystemusinglow-costsensorsandinitially

Figurel: The CSIRO helicopter

Figure2: TheUSChelicopter

not consideringGPSat all. Its primary sensorsare low-
costinertial, magneticandstereovision. The rst two run
at 76Hz which is sufcient to control the attitude of the
helicopterwhile the latter runsat 5Hz to facilitate veloc-



ity andpositioncontrol. The stereovision systemprovides
heightrelative to the ground(unlike GPSwhich givesless
useful absoluteheight) and also speedfrom optical ow
betweerconsecutie frames.

Our currentjoint work providesa good opportunityto
explorethedesigntrade-ofs andotherissueshetweerone
exampleof an“expensvesensor’helicopterandthe“low-
costsensor”helicopter The sensorsuite of the CSIRO
helicopteris describedn [4]. The USC helicopteris de-
scribedby Saripalli[5]. This paperdealsmainly with the
CSIRO helicopteron which membersfrom both project
teamsworked.

University | Sensorandprocessingechniquesisedon the Helicopter

Massachusettdnsti-

tuteof Technology X-Cell 60 Helicopter

I1SIS-IMU with 100Hzupdaterateand0.02degrees/minutelrift
Honegywell HPB200AAltimeter with 2ft accuray
SuperstaGPSrecever from Marconiwith 1 Hz updaterate

13 dedKalman lter for imation

LQR basectontrol

Carngjie Mellon

University YYamah&R-Max Helicopter

Litton LN-200IMU with 400Hz updaterateand ~ 1mslateny
Novatel RT-2 differentialGPSwith 2cmaccurag

KVH-100 ux-gate digital compassvith 5 Hz updaterate

12 dedKalman lter for imation
Controlbasedn Hj,¢ control

StanfordUniversity X-Cell 60 Helicopter

Trimble TANS Quadre GPSwith 3cmpositionaccuray
UsedGPSwith multiple antenndor attitudeestimation

No othersensorsised
Stateestimatedisingcustomalgorithmsfrom carrierphaseGPS
PD basectontrol

Geogia Institute of

Technology YYamaheR-50Helicopter

ISIS-IMU with 100Hzupdaterateand0.02degrees/minutelrift
Novatel RT-2 differentialGPSwith 2cmaccurag
RadarandSonarAltimeters

HMR-200triaxial magnetometers

17 dedKalman lter for imation
Feedbackinearizationwith neuralnetworksfor control
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Figure3: Onlinevision basedvelocity andheightresults.

2 Stateestimation

2.1 Vision

University of Cali-
forniaBerkele

‘YamahaR-Max Helicopter
BoeingDQI-NP INS/GPSintegrationsystem

Novatel RT-2 differentialGPSwith 2cmaccurag

DQI-NP unit providesattitude velocity andpositioninformation
No imationnecessargincethe sensorgrovide state
Hinf basectontrol

University of South-

ernCalifornia Bementwin IndustrialHelicopter

CrossBav VGX IMU with 133Hzupdaterateand 2 degreesac-
curay

Novatel RT-2 differentialGPSwith 2cmaccurag
TCM-250triaxial magnetometer

Laseraltimeterwith 10cm accurag and10 Hz updaterate
16-statekalman lter for stateestimation

PID basectontrol

CSIRo X-Cell 60 Helicopter

CustommadelMU embeddedvith magnetometersiith 76 Hz
updaterate

Ublox GPSunit with differential correctionsusing WAAS, 2m
accurag

Stereovision for heightestimation

Velocity estimatiorusingvision

Complimentary Ilters and extendedKalman Iter usedin con-
junction

PID basectontrol

Table 1. Sensorsuites, state estimationand control ap-
proachfor somecontemporaryprojects.

Theremaindenf thepapelis organizedasfollows. Sec-
tion 2 discusseghestateestimatiortechniquesisedby the
CSIRO helicopter Section3 describeshedifferentcontrol
approachessedby CSIRO andUSC,andincludesexper
imentalresults.Finally, Section4 lists someconclusions.

WeTheCSIRO teamusevision to provide estimateof
vehicleheightandmotion at 5Hz from imagesof natural
undulatinggrassyterrainwith noarti cial landmarksThe
estimate®f h, x andy areall in thebody- x edframe.

Tracking corner featuresbetweenconsecutie frames
providesthe raw informationfor velocity estimationand
odometry Sincethe cornersarealreadycomputedor the
stereoprocesswe do not have to recomputehemfor mo-
tion estimation.The two subproblemsrecorrespondence
and motion estimation,which are not independent.Cur
rently we usea simplestratgy for establishing-orrespon-
dencewhich assumethatthematchingpointslies within a
diskof x edradiusfrom apointpredictecbasednattitude
changefrom the previousframe.

For eachframewe typically achieve at least20 strong
matchedut therearefrequentlya large numberof spuri-
ousmatchessincethereis no apriori epipolarconstraint.
More detailsareprovidedin [4]. A numberof robusttech-
niguesincluding ICP andvectormedian Itering areused
to establisha consensuselocity.

Thesigni cantissuesarecomputationatompleity and
robust estimationthat can handle mismatchedfeatures.
The algorithmsareimplementedastightly written C code



andexecutesn around80mson the helicopters 800MHz
P3processar

Figure 3 shaws the resultsof the vision basedvelocity
andheightestimation.Thetop two plotsshaw thevelocity
in the x andy directionsrespectiely ascomputedby the
velocity complementarylter . The third and fourth plots
shav the numberof tracked featuresandthe quality mea-
sure. This quality measurds the ratio of the numberof
consensuselocity featuredivided by the total numberof
featuresFinally, thebottomplot shavs the heightascom-
putedby the stereovision algorithm.

2.2 Inertial sensors

A custombuilt low-costIMU and magneticcompass
were developedfor the CSIRO helicopter The combined
unitis known asthe Embeddednertial Measurementnit,
EiMU, pronounced'emu” like the bird (Figure4). The
EiMU is actuallyan Attitude andHeadingReferenceSys-
tem (AHRS). Theinertial sensorsarethreeMurataENC-
03J solid-staterate gyros and two Analog Devices dual-
axisADXL202JQCaccelerometers heunit alsocontains
threeHoneywell HMC1001/2magnetometers.

Figure4: The EIMU.

Theaccelerometemrewell calibratedputthegyrosare
not. The gyros have a signi cant time-varying rate bias.
Originally, acomplementanfter wasusedin orderto de-
terminethe attitudeof the helicopter{4]. Thecomplemen-
tary Iter gave reasonableesultsandclosed-loopattitude
controlwasachiezed usingit. However, the complemen-
tary Iter doesnot dealwith the gyro rate biaswell and
anextendedKalman lter wasimplementedo addresshis
issue.
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Figure5: KalmanFilter

2.3 Overview of the Extended Kalman Filter

To implementfull statefeedbackcontrolonahelicopter
we usean extendedKalman Iter to memgethe sensolin-
formationfrom the inertial measurementnit (IMU), dif-
ferential global positioning system(DGPS), and vision-
systenderivedheightandvelocity estimatesAn extended
Kalman Iter is usedto optimally combineeachof theon-
boardsensorgjivenuniqueupdaterates,errorcharacteris-
tics and coordinateframes. The core of the lter is pro-
vided by the IMU which propagateghe helicopterstate
vectorovertime. An helicopterdynamicmodelis notused,
insteadthe measuredaccelerationsind the rotationalve-
locities provide the inputsfor the rigid body motionequa-
tions. Althoughthis is just an approximatiornto the more
accuratenodelincludingthefull aerodynamicsf theheli-
copter this allows usto operatan more e xible situations,
suchaswhenthe helicopteris in air, or on the groundor
evenboltedto a carfor testingwithoutchanginghemodel
of the helicopter The block diagramin Figure2.3 shavs
therelationshipbetweenvarioussensors.

2.3.1 SystemModel

A typical dynamicsystemmodelusedin Kalman Itering
hasthefollowing model[6]
d

—X X
dt

Here X is the systemstate, f' is the systemfunctionand
"u representshe forcessuchas gravity, lift, torquesetc
actingon the aerodynamictructureandactingit to move.
But without a validatedfull model of the helicopterdy-
namics,we cannotdeterminewhat'u’ is. Insteadwe use
the accelerationgrom the IMU andthe rotationalveloc-
ities from the IMU to substitutefor the control inputsin
driving the motion dynamics. The noiseinherentin the
measurements incorporatedn the processhoise

fXu WNOQ 1)



The measurementoisepresenin the inertial readings
is lumpedtogetherwith the processnoiseW and propa-
gatedto the statevariableerror covarianceduringthe pre-
dictionloop.

X fxX A& WNOQ (2

wherethe measuredaccelerationsh A A A and
the measuredotationalvelocities  wh wh vl arepa-
rameterf thesystemfunction f

2.3.2 SystemStates

The system statescontain the navigational parameters
which are tracked and Itered by the extendedKalman
Iter. The choiceof a statevectoris largely determined
by trade-of betweenlter compleity andaccurag.In this
casethe stateconsistsof the position of the helicopterin
thelocal co-ordinatdrameof referencethevelocity of the
helicopterin the body co-ordinateframe, attitude of the
helicopter the gyroscopebiasesandthe magnitudeof the
gravity vector Quaternionsare usedfor representinghe
attitudeinsteadof Euleranglego take careof thesingular
ities. Gravity is includedasa statebecausé whenusedin
conjunctionwith roll andpitch allows the DGPSdiscrete
updatego handlelargerchangedn thebiaserrorsin thein-
ertial accelerometemeasurement®8y giving the Kalman
Iter this extra degreeof freedomthe gravity vectortakes
up the slackfrom the accelerometebiases

Thel4 stateof thenavigation lter consistofx_ y. z.,
thepositionof thehelicoptemwith respecto agroundrefer
enceexpressedn thelocalframe,ug vg wg thehelicopter
velocitiesexpressedn thebodyframe,ep e; e €3, theat-
titude parametersepresentedsa quaternionthe gyro bi-
asesrepresentethy ppias Obias@Ndrpias andthe magnitude
of thegravity vectorg.

Therotationalbiasstatepias Obias bias Provideacon-
tinuousestimateof the currentdrift in the gyroscopeof
the IMU. Thesebiasesare usedwhen corvertingthe raw
IMU rotationalvelocitiesinto measuredotationalveloci-
ties. For example

i Wraw  Whias

whereWray Woias W are respectiely the raw, biasedand
measuredationalevelocitiesin radians/secTherotational
biasesvary dynamicallydueto parametersuchasinstru-
menttemperatur@®r acceleration.

2.3.3 Kalman Filter Equations

The extendedKalman lter hastwo phases.In the rst
phase,the estimatestate vector X t is propagatedby

the underlyingcontinuous-timenonlinearsystemdynam-
icsandits correspondingrrorcovariancematrix P is prop-
agatedy alinearizedstatedynamicamatrix A. In thesec-
ondphasediscrete-timaneasurementgpdatethe statees-
timatewith the optimal Kalmangain matrix K, andtheer-
ror covariancematrix is correspondingladjusted.

2.4 PropagationPhase

The propagatiorof the statevectoris basedntherigid
bodyequation®f motionandhasthefollowing form

Xt fXt tht At ©)

whereX is the statevectorandvk and A arethe inertial
measurementgngularateandacceleratiomespectiely.

The non-linearsystemfunctionis linearizedaboutthe
currentstateestimateo producethelinearizedsystemma-
trix A which is the Jacobianof the systemstatesand is
givenby [7]

- 1 Xt t

whichis thenusedto propagateheestimators errorco-

variancematrix usingthe equation:

P AP PAT Q (5)

Processovariancematrix Q is usuallychoserdiagonal
with the samesize as statecovarianceP. The entriesin
Q aretheinstrumentsn tuningthe Extended<alman Iter
corvergencdime if measuremertovariancesare x ed.An
initial guesscanbe obtainedfrom theIMU unit. More ex-
tensve modelingof the noisecertainlyhelpsin tuningthe

Iter. In additionthe continuoustime propagationequa-
tions canbe replacedwith discretetime. This will allow
the squarerootimplementatiorof the Kalman Iter which
resultsin amorenumericallyrobustimplementatiordueto
lower conditionnumbersof the squareroot matrices.

Note that in practicethe Kalman lter is actuallyim-
plementedas two separateKalman Iters eachhaving 7
statesTheinnerKalman Iter estimatesheattitudeof the
helicopterandtherotationalbiasesof the gyroscopesThe
secondKalman lter estimateghe positionandvelocities
of the helicopter The errorsin the attitudeareusedby the
secondKalman Iter for correctingthe positionandveloc-
ity estimatesut only the IMU is usedfor calculatingthe
attitudeestimates.

2.5 Update Phase

Whenupdatef DGPS,AHRS, stereoor vision based
measurementsccur, anoptimaldiscreteupdateis madeof
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Figure6: KF andCF comparisorat estimatingroll angle.

thestatevectorandthestatevectorerrorcovariancamatrix,
usingtheequations

K PcTcpcT R *
X X Kz hX
P P KCP (6)

whereh is the measurementfunction of the particular
sensorto be updatedC is a matrix containingthe partial
derivativesof h  with respecto the states.The matrix R
is themeasurementoiseZ is the actualmeasuremengnd
K is the Kalman gain matrix. The updateequationsfor
eachsensoremainthe samebut the measuremernmatrix
C andthenoisein measuremerR vary for eachsensor

2.6 Kalman lter versusComplementary lter

A comparisorof the performanceof the Kalman lIter
andcomplementanyter for roll angleestimatioris shavn
in Figure6. The Kalman Iter seemamoreresponsie to
larger changesn roll angle. Also note that the comple-
mentary Iter datadoesnot matchwell with the Kalman
Iter atthelow values(low spikes). Thisis dueto a posi-
tive ratebiasthatincreasesluringthe ight. Thecomple-
mentary lter doesnot dealwith the biasandhencecon-
sistentlyoverestimatesheroll angle. Figure7 shavs the
roll gyro rate bias estimatedby the Kalman Iter, which
clearly shavs the gradualincreasingate biasasthe ight
progresses.

3 Control

At thelowestlevel the helicopterthasa setof PID loops
that maintainstability by holding the craftin hover. The
headingcontroller attemptgo hold the desiredheadingoy
using datafrom the IMU (Inertial Measurementnit) to
actuatethe tail rotor. The altitude controller usesheight
obtainedfrom the Kalman lter to control the collective
andthe throttle. The pitch and roll contollers maintain

Roll gyro rate bias (deg/s)

| | | i i 1 |
100 150 200 250 300 350 400
Time (s)

Figure7: Roll gyroratebiasestimatedy KF.

the desiredroll andpitch anglesreceved from the lateral
velocitybehavior. Thelateral velocitycontroller generates
desiredchangesn pitch androll valuesthat are givento
the pitch and roll controllers to achieve a desiredlateral
velocity. At thetop level the navigationcontmller inputsa
desirecheadingo theheadingcontmol, adesiredaltitudeor
verticalvelocityto thealtitude control andadesiredateral
velocity to thelateral control behavior.

The low-level roll, pitch, heading are implemented
with proportionalcontrollers(Thealtitude control behar-
ior is implementedasa proportional-plus-intgral(Pl) con-
troller). For exampletheroll contol behaior readsin the
currentroll anglefromthelMU andoutputsalateralcyclic
commando thehelicopter

Thenavigationcontmller is responsibldor overalltask
planningandexecution. If the headingerroris small, the
navigationcontmoller givesdesiredateralvelocitiesto the
lateral velocity: If the headingerroris large, the heading
contoller is commandedo align the helicopterwith the
goalwhile maintainingzerolateralvelocity.

Both USC andthe CSIRO helicoptersfollow the same
control architecturedescribedabose. For a detailedde-
scriptionof the control architectureof the USC helicopter
referto [5] Thedifferenceexistsin the outputof thelateral
velocity controller to the attitude controllers. The main
differenceis CSIRO velocity controllertakes the current
velocity and the desiredvelocity as inputs and outputsa
desiredchangein anglefrom theinitial trim angles The
USC velocity controllertakesthe currentvelocity andthe
desiredvelocity asinputsandoutputsa desiredchangen
anglefrom the currentangle 8. The differenceexists be-
causethe USC helicopterhasbettersensingand canesti-
matevelocitiesbetterthanthe CSIRO helicopter During
stablehover the error in velocitiesin the USChelicopter
is 0.05 m /secwhile for the CSIRO helicopterit is 0.20
m/sec The CSIRO helicoptercanadjustthe trim angles
on-line using a small integral termin the lateral velocity
controller, whichis necessaryn gustywind conditions.

Figure9 showvsthe position(from DGPS)of the CSIRO
helicopterduringa hovertestin gustywind. Notethatthis
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Figure 8: Different control structureof CSIRO(top) and
USC(bottom)helicopters.
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Figure 9: DGPS position during hover (velocity control
only).

testdid not usepositionsloop, only velocity loops.

4 Conclusion

This paperhas presentedvork performedijointly be-
tweentheUSCandCSIRO helicopteiteams.Thework has
concentraten achieving autonomoushover of a small
helicopterusinglow-costsensors Automaticcontrol of a
helicopterrequiresgoodsensing.In particular very good
velocity and attitudeinformationis requiredto achieve a
stablehover.

The USC helicopterusesa high-costRT2 GPS and
medium-costiMU and magnetometers. This resultsin
high-accurag velocity and attitude measurements.The
implicationsof this "goodsensing‘for controlarethe abil-
ity to controlthe attitudein sucha way thatthe helicopter
is extremelystablein hover andnaturallyadjustsfor wind

changes.

The CSIRO helicopter uses low-cost DGPS, vision
and IMU/magnetometer This resultsin relatively low-
accurag velocityandattitudemeasurementsyhichin turn
leadsto a controlsystemthatis capableof hover, but does
not have the ability to rapidly adjustasto wind gusts.
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