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Abstract

Thispaperdiscussessimilaritiesanddifferencesin au-
tonomoushelicopters developedat USCand CSIRO. The
mostsigni�cant differencesare in the accuracy and sam-
ple rate of the sensorsystemsusedfor control. TheUSC
vehicle, likea numberof others,makesuseof a sensorsuite
thatcostsanorderof magnitudemorethanthevehicle. The
CSIRO system,bycontrast,utilizeslow-costinertial, mag-
netic,visionandGPSto achievethesameends.

We describethe architecture of both autonomousheli-
copters,discussthedesignissuesandpresentcomparative
results.

1 Intr oduction

Recentjoint work betweenUSC andCSIRO haspro-
videda uniqueopportunityto compareindependentlyde-
velopedhelicoptercontrol architectures.We discovered
somesmalldifferencesin thecontrolloopstructurebut the
biggestdifferenceby far is theperformanceandcostof the
sensorsuitesused.

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 gradesensors. Thesesensorsare
expensive, typically exceedingthe costof the vehicleby
oneorderof magnitude.Thesedevices,suchastheNovo-
tel RT2 Millennium andtheTrimble TANS Quadrex, pro-
videgoodquality informationaboutthestateof thevehicle
at 10Hz which greatlysimpli�es the state-estimationand
controlproblem.

TheCSIRO projecthas,from its inception,aimedto de-
velopacontrolsystemusinglow-costsensors,andinitially

Figure1: TheCSIRO helicopter.

Figure2: TheUSChelicopter.

not consideringGPSat all. Its primary sensorsare low-
costinertial,magneticandstereovision. The�rst two run
at 76Hz which is suf�cient to control the attitudeof the
helicopterwhile the latter runsat 5Hz to facilitateveloc-



ity andpositioncontrol.Thestereovisionsystemprovides
heightrelative to theground(unlikeGPSwhich givesless
useful absoluteheight) and also speedfrom optical �o w
betweenconsecutive frames.

Our currentjoint work providesa goodopportunityto
explorethedesigntrade-offs andotherissuesbetweenone
exampleof an“expensivesensor”helicopter, andthe“low-
cost sensor”helicopter. The sensorsuite of the CSIRO
helicopteris describedin [4]. The USC helicopteris de-
scribedby Saripalli [5]. This paperdealsmainly with the
CSIRO helicopteron which membersfrom both project
teamsworked.

University Sensorsandprocessingtechniquesusedon theHelicopter

MassachusettsInsti-
tuteof Technology

� X-Cell 60Helicopter
� ISIS-IMU with 100Hzupdaterateand0.02degrees/minutedrift
� Honeywell HPB200AAltimeter with 2ft accuracy
� SuperstarGPSreceiver from Marconiwith 1 Hz updaterate
� 13-stateextendedKalman�lter for stateestimation
� LQR basedcontrol

Carnegie Mellon
University

� YamahaR-MaxHelicopter
� Litton LN-200IMU with 400Hz updaterateand � 1mslatency
� NovatelRT-2 differentialGPSwith 2cmaccuracy
� KVH-100 �ux-gate digital compasswith 5 Hz updaterate
� 12-stateextendedKalman�lter for stateestimation
� ControlbasedonHinf control

StanfordUniversity
� X-Cell 60Helicopter
� TrimbleTANS Quadrex GPSwith 3cmpositionaccuracy
� UsedGPSwith multiple antennafor attitudeestimation
� No othersensorsused
� Stateestimatedusingcustomalgorithmsfrom carrierphaseGPS
� PDbasedcontrol

Georgia Institute of
Technology

� YamahaR-50Helicopter
� ISIS-IMU with 100Hzupdaterateand0.02degrees/minutedrift
� NovatelRT-2 differentialGPSwith 2cmaccuracy
� RadarandSonarAltimeters
� HMR-200triaxial magnetometers
� 17-stateextendedKalman�lter for stateestimation
� Feedbacklinearizationwith neuralnetworksfor control

University of Cali-
forniaBerkeley

� YamahaR-MaxHelicopter
� BoeingDQI-NP INS/GPSintegrationsystem
� NovatelRT-2 differentialGPSwith 2cmaccuracy
� DQI-NPunit providesattitude,velocityandpositioninformation
� No stateestimationnecessarysincethesensorsprovidestate
� Hinf basedcontrol

University of South-
ernCalifornia

� Bergentwin IndustrialHelicopter
� CrossBow VGX IMU with 133Hzupdaterateand2 degreesac-

curacy
� NovatelRT-2 differentialGPSwith 2cmaccuracy
� TCM-250triaxial magnetometer
� Laseraltimeterwith 10cm accuracy and10Hz updaterate
� 16-stateKalman�lter for stateestimation
� PID basedcontrol

CSIRO
� X-Cell 60Helicopter
� CustommadeIMU embeddedwith magnetometerswith 76 Hz

updaterate
� Ublox GPSunit with differential correctionsusing WAAS, 2m

accuracy
� Stereovision for heightestimation
� Velocity estimationusingvision
� Complimentary�lters and extendedKalman �lter usedin con-

junction
� PID basedcontrol

Table 1: Sensorsuites,stateestimationand control ap-
proachfor somecontemporaryprojects.

Theremainderof thepaperis organizedasfollows.Sec-
tion 2 discussesthestateestimationtechniquesusedby the
CSIRO helicopter. Section3 describesthedifferentcontrol
approachesusedby CSIRO andUSC,andincludesexper-
imentalresults.Finally, Section4 listssomeconclusions.
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Figure3: Onlinevisionbasedvelocityandheightresults.

2 Stateestimation

2.1 Vision

WeTheCSIRO teamusevision to provide estimatesof
vehicleheightandmotion at 5Hz from imagesof natural
undulatinggrassyterrainwith noarti�cial landmarks.The
estimatesof h, �x and �y areall in thebody-�x edframe.

Tracking corner featuresbetweenconsecutive frames
providesthe raw information for velocity estimationand
odometry. Sincethecornersarealreadycomputedfor the
stereoprocesswe do not have to recomputethemfor mo-
tion estimation.Thetwo subproblemsarecorrespondence
andmotion estimation,which arenot independent.Cur-
rently we usea simplestrategy for establishingcorrespon-
dencewhichassumesthatthematchingpointslieswithin a
diskof �x edradiusfrom apointpredictedbasedonattitude
changefrom thepreviousframe.

For eachframewe typically achieve at least20 strong
matchesbut therearefrequentlya large numberof spuri-
ousmatches,sincethereis no apriori epipolarconstraint.
Moredetailsareprovidedin [4]. A numberof robusttech-
niquesincludingICP andvectormedian�ltering areused
to establisha consensusvelocity.

Thesigni�cant issuesarecomputationalcomplexity and
robust estimationthat can handle mismatchedfeatures.
Thealgorithmsareimplementedastightly written C code



andexecutesin around80mson thehelicopter's800MHz
P3processor.

Figure3 shows the resultsof thevision basedvelocity
andheightestimation.Thetop two plotsshow thevelocity
in the x andy directionsrespectively ascomputedby the
velocity complementary�lter . The third andfourth plots
show thenumberof trackedfeaturesandthequality mea-
sure. This quality measureis the ratio of the numberof
consensusvelocity featuresdividedby thetotal numberof
features.Finally, thebottomplot showstheheightascom-
putedby thestereovisionalgorithm.

2.2 Inertial sensors

A custombuilt low-cost IMU and magneticcompass
weredevelopedfor theCSIRO helicopter. The combined
unit is known astheEmbeddedinertialMeasurementUnit,
EiMU, pronounced“emu” like the bird (Figure 4). The
EiMU is actuallyanAttitude andHeadingReferenceSys-
tem (AHRS). The inertial sensorsarethreeMurataENC-
03J solid-staterate gyros and two Analog Devices dual-
axisADXL202JQCaccelerometers.Theunit alsocontains
threeHoneywell HMC1001/2magnetometers.

Figure4: TheEiMU.

Theaccelerometersarewell calibrated,but thegyrosare
not. The gyroshave a signi�cant time-varying ratebias.
Originally, acomplementary�lter wasusedin orderto de-
terminetheattitudeof thehelicopter[4]. Thecomplemen-
tary �lter gave reasonableresultsandclosed-loopattitude
control wasachievedusingit. However, the complemen-
tary �lter doesnot deal with the gyro rate bias well and
anextendedKalman�lter wasimplementedto addressthis
issue.
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Figure5: KalmanFilter

2.3 Overview of the ExtendedKalman Filter

To implementfull statefeedbackcontrolonahelicopter
we usean extendedKalman�lter to merge the sensorin-
formationfrom the inertial measurementunit (IMU), dif-
ferential global positioning system(DGPS),and vision-
systemderivedheightandvelocityestimates.An extended
Kalman�lter is usedto optimallycombineeachof theon-
boardsensorsgivenuniqueupdaterates,errorcharacteris-
tics andcoordinateframes. The coreof the �lter is pro-
vided by the IMU which propagatesthe helicopterstate
vectorovertime. An helicopterdynamicmodelis notused,
insteadthe measuredaccelerationsand the rotationalve-
locitiesprovide theinputsfor therigid bodymotionequa-
tions. Although this is just an approximationto themore
accuratemodelincludingthefull aerodynamicsof theheli-
copter, thisallowsusto operatein more�e xible situations,
suchaswhenthe helicopteris in air, or on the groundor
evenboltedto acarfor testingwithoutchangingthemodel
of thehelicopter. The block diagramin Figure2.3 shows
therelationshipbetweenvarioussensors.

2.3.1 SystemModel

A typical dynamicsystemmodelusedin Kalman�ltering
hasthefollowing model[6]

d
dt

X �

�X � f
�

X � u��� W N
�

0 � Q� (1)

HereX is thesystemstate,' f ' is thesystemfunctionand
' u' representsthe forcessuchasgravity, lift, torquesetc
actingon theaerodynamicstructureandactingit to move.
But without a validatedfull model of the helicopterdy-
namics,we cannotdeterminewhat ' u' is. Insteadwe use
the accelerationsfrom the IMU andthe rotationalveloc-
ities from the IMU to substitutefor the control inputs in
driving the motion dynamics. The noise inherentin the
measurementsis incorporatedin theprocessnoise



Themeasurementnoisepresentin the inertial readings
is lumpedtogetherwith the processnoiseW and propa-
gatedto thestatevariableerrorcovarianceduringthepre-
diction loop.

�X � f
�

X � Åa �

Åw ��� W N
�

0 � Q� (2)

wherethe measuredaccelerationsÅa �

�

Åax � Åay � Åaz� and
themeasuredrotationalvelocities Åw �

�

Åwx �

Åwy �

Åwz � arepa-
rametersof thesystemfunction f

�
	

� .

2.3.2 SystemStates

The system statescontain the navigational parameters
which are tracked and �ltered by the extendedKalman
�lter . The choiceof a statevector is largely determined
by trade-off between�lter complexity andaccuracy.In this
casethe stateconsistsof the positionof the helicopterin
thelocalco-ordinateframeof reference,thevelocityof the
helicopterin the body co-ordinateframe, attitudeof the
helicopter, thegyroscopebiasesandthemagnitudeof the
gravity vector. Quaternionsareusedfor representingthe
attitudeinsteadof Euleranglesto takecareof thesingular-
ities. Gravity is includedasastatebecauseit whenusedin
conjunctionwith roll andpitch allows the DGPSdiscrete
updatesto handlelargerchangesin thebiaserrorsin thein-
ertial accelerometermeasurements.By giving theKalman
�lter this extra degreeof freedomthegravity vectortakes
up theslackfrom theaccelerometerbiases

The14statesof thenavigation�lter consistof xL � yL � zL,
thepositionof thehelicopterwith respectto agroundrefer-
enceexpressedin thelocal frame,uB � vB � wB thehelicopter
velocitiesexpressedin thebodyframe,e0 � e1 � e2 � e3, theat-
titudeparametersrepresentedasa quaternion,thegyro bi-
asesrepresentedby pbias� qbiasandrbias andthe magnitude
of thegravity vectorg.

Therotationalbiasstatespbias� qbias � rbias provideacon-
tinuousestimateof the currentdrift in the gyroscopesof
the IMU. Thesebiasesareusedwhenconverting the raw
IMU rotationalvelocitiesinto measuredrotationalveloci-
ties.For example

Åw � wraw �

wbias

wherewraw � wbias �

Åw are respectively the raw, biasedand
measuredrationalevelocitiesin radians/sec.Therotational
biasesvary dynamicallydueto parameterssuchasinstru-
menttemperatureor acceleration.

2.3.3 Kalman Filter Equations

The extendedKalman �lter hastwo phases. In the �rst
phase,the estimatestate vector ˆX

�

t � is propagatedby

the underlyingcontinuous-timenonlinearsystemdynam-
icsandits correspondingerrorcovariancematrixPis prop-
agatedby a linearizedstatedynamicsmatrix A. In thesec-
ondphase,discrete-timemeasurementsupdatethestatees-
timatewith theoptimalKalmangainmatrix K, andtheer-
ror covariancematrix is correspondinglyadjusted.

2.4 PropagationPhase

Thepropagationof thestatevectoris basedon therigid
bodyequationsof motionandhasthefollowing form

ˆ�X
�

t ��� f
�

X̂
�

t �
� t �

Åw
�

t ��� Åa
�

t ��� (3)

whereX̂ is thestatevectorand Åw and Åa arethe inertial
measurements,angularrateandaccelerationrespectively.

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

A
�

X̂
�

t ��� t � Åa �

Åw���

¶f
�

X
�

t ��� t �

¶X
�

t �

�

X � t ��� X̂ � t �

(4)

whichis thenusedto propagatetheestimator'serrorco-
variancematrix usingtheequation:

�P � AP � PAT
� Q (5)

ProcesscovariancematrixQ is usuallychosendiagonal
with the samesize asstatecovarianceP. The entriesin
Q aretheinstrumentsin tuningtheExtendedKalman�lter
convergencetimeif measurementcovariancesare�x ed.An
initial guesscanbeobtainedfrom theIMU unit. More ex-
tensive modelingof thenoisecertainlyhelpsin tuningthe
�lter . In addition the continuoustime propagationequa-
tions canbe replacedwith discretetime. This will allow
thesquareroot implementationof theKalman�lter which
resultsin amorenumericallyrobustimplementationdueto
lowerconditionnumbersof thesquarerootmatrices.

Note that in practicethe Kalman �lter is actually im-
plementedas two separateKalman �lters eachhaving 7
states.TheinnerKalman�lter estimatestheattitudeof the
helicopterandtherotationalbiasesof thegyroscopes.The
secondKalman�lter estimatesthepositionandvelocities
of thehelicopter. Theerrorsin theattitudeareusedby the
secondKalman�lter for correctingthepositionandveloc-
ity estimatesbut only the IMU is usedfor calculatingthe
attitudeestimates.

2.5 UpdatePhase

Whenupdatesof DGPS,AHRS,stereoor vision based
measurementsoccur, anoptimaldiscreteupdateis madeof
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Figure6: KF andCFcomparisonat estimatingroll angle.

thestatevectorandthestatevectorerrorcovariancematrix,
usingtheequations

K � PCT � CPCT
� R���

1

X̂ ��� X̂ � K � ẑ
�

h
�

X̂ ���

P��� P
�

KCP (6)

whereh
� �

� is the measurementfunction of the particular
sensorto be updated,C is a matrix containingthe partial
derivativesof h

� �
� with respectto thestates.Thematrix R

is themeasurementnoiseẑ is theactualmeasurement,and
K is the Kalman gain matrix. The updateequationsfor
eachsensorremainthesamebut the measurementmatrix
C andthenoisein measurementR vary for eachsensor.

2.6 Kalman �lter versusComplementary �lter

A comparisonof the performanceof the Kalman�lter
andcomplementary�lter for roll angleestimationis shown
in Figure6. The Kalman�lter seemsmoreresponsive to
larger changesin roll angle. Also note that the comple-
mentary�lter datadoesnot matchwell with the Kalman
�lter at the low values(low spikes). This is dueto a posi-
tive ratebiasthat increasesduringthe�ight. Thecomple-
mentary�lter doesnot dealwith the biasandhencecon-
sistentlyoverestimatesthe roll angle. Figure7 shows the
roll gyro rate bias estimatedby the Kalman �lter , which
clearlyshows thegradualincreasingratebiasasthe�ight
progresses.

3 Control

At thelowestlevel thehelicopterhasasetof PID loops
that maintainstability by holding the craft in hover. The
headingcontroller attemptsto hold thedesiredheadingby
usingdatafrom the IMU (Inertial MeasurementUnit) to
actuatethe tail rotor. The altitude controller usesheight
obtainedfrom the Kalman �lter to control the collective
and the throttle. The pitch and roll controllers maintain
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Figure7: Roll gyro ratebiasestimatedby KF.

thedesiredroll andpitch anglesreceivedfrom the lateral
velocitybehavior. Thelateral velocitycontroller generates
desiredchangesin pitch androll valuesthat aregiven to
the pitch and roll controllers to achieve a desiredlateral
velocity. At thetop level thenavigationcontroller inputsa
desiredheadingto theheadingcontrol, adesiredaltitudeor
verticalvelocityto thealtitudecontrol andadesiredlateral
velocity to thelateral control behavior.

The low-level roll, pitch, heading are implemented
with proportionalcontrollers(Thealtitude control behav-
ior is implementedasaproportional-plus-integral(PI)con-
troller). For exampletheroll control behavior readsin the
currentroll anglefrom theIMU andoutputsalateralcyclic
commandto thehelicopter.

Thenavigationcontroller is responsiblefor overall task
planningandexecution. If theheadingerror is small, the
navigationcontroller givesdesiredlateralvelocitiesto the
lateral velocity. If theheadingerror is large, the heading
controller is commandedto align the helicopterwith the
goalwhile maintainingzerolateralvelocity.

Both USC andtheCSIRO helicoptersfollow thesame
control architecturedescribedabove. For a detailedde-
scriptionof thecontrolarchitectureof theUSChelicopter
referto [5] Thedifferenceexistsin theoutputof thelateral
velocity controller to the attitudecontrollers. The main
differenceis CSIRO velocity controller takes the current
velocity and the desiredvelocity as inputsandoutputsa
desiredchangein anglefrom the initial trim angles. The
USCvelocity controllertakesthecurrentvelocity andthe
desiredvelocity asinputsandoutputsa desiredchangein
anglefrom the current angle8. The differenceexists be-
causethe USC helicopterhasbettersensingandcanesti-
matevelocitiesbetterthantheCSIRO helicopter. During
stablehover the error in velocitiesin the USChelicopter
is 0.05 m /secwhile for the CSIRO helicopter it is 0.20
m /sec. The CSIRO helicoptercanadjustthe trim angles
on-line usinga small integral term in the lateral velocity
controller, which is necessaryin gustywind conditions.

Figure9 showstheposition(from DGPS)of theCSIRO
helicopterduringa hover testin gustywind. Notethatthis
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testdid notusepositionsloop,only velocity loops.

4 Conclusion

This paperhaspresentedwork performedjointly be-
tweentheUSCandCSIRO helicopterteams.Thework has
concentratedon achieving autonomoushover of a small
helicopterusinglow-costsensors.Automaticcontrolof a
helicopterrequiresgoodsensing.In particular, very good
velocity andattitudeinformation is requiredto achieve a
stablehover.

The USC helicopterusesa high-costRT2 GPS and
medium-costIMU and magnetometers.This results in
high-accuracy velocity and attitude measurements.The
implicationsof this `goodsensing'for controlaretheabil-
ity to control theattitudein sucha way that thehelicopter
is extremelystablein hoverandnaturallyadjustsfor wind

changes.
The CSIRO helicopter uses low-cost DGPS, vision

and IMU/magnetometer. This results in relatively low-
accuracy velocityandattitudemeasurements,whichin turn
leadsto a controlsystemthatis capableof hover, but does
nothave theability to rapidlyadjustasto wind gusts.
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