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Abstract:This paperpresentsa �ight control systemdesignedason-boardintelligencefor
rotorcraft-basedunmannedaerialvehicles(RUAVs). This hierarchical�ight controlsystem,
endowed with autonomyresemblingsense-reason-actprocessesof intelligent agentsin
nature,gradually re�nes given abstractmission commandsinto real-time control signals
for eachvehicle.A tracking control layer is designedon the identi�ed vehicle dynamics
and integrated with a trajectory generatorfor logistical action planning. The proposed
structurehasbeenimplementedon radio-controlledhelicoptersand validatedin a variety
of experiments.Resultsfrom way-pointnavigation,aprobabilisticpursuit-evasiongameand
vision-basedtrackingof a moving target show the promisingpotentialof intelligent �ying
robots.
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1. INTRODUCTION

Deploymentof intelligentrobotshasbeenmadepossi-
ble throughtechnologicaladvances,andthereis little
doubt that the world of the future will be �lled with
intelligentrobotsemployedto autonomouslyperform
tasks,orembeddedin systemsall aroundus,extending
our capabilitiesto perceive, reasonandact,andsub-
stituting humanefforts in applicationswherehuman
operationis dangerous,inef�cient and/orimpossible.
Subscribingto this idea,Rotorcraft-basedunmanned
aerialvehicles(RUAVs) deservespecialinterests,due
to their �ight capabilities.The unique lift genera-
tion mechanismof a rotorcraftenableshover, vertical
take-off/landing,pirouette,andsideslip,whichcannot
be achieved by a �x ed-wingaircraft. Theseversatile
�ight modesareoftendesiredfor high-�delity detec-
tion, locationandtrackingof targets.

While the last decadehaswitnessedremarkablepro-
gressesin RUAV researchincludingmodeling(Mettler
etal., 1999),controltheory(Shimetal., 1998;Corban
et al., 1998;BendottiandMorris, 1995)andavionic
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Fig. 1. A Berkeley RUAV in an autonomousmission
with UnmannedGroundVehicles

systems(Gavrilets et al., 2000),currenttechnologyis
still far from achieving mostreal-world solutions.The
BErkeley AeRobot(BEAR) researchprojecthasbeen
directedtowardimproving theperformanceof RUAVs
asmembersof a networkedintelligenceconsistingof
multiple roboticvehicleswith heterogeneouscapabil-
ities. As a benchmarkproblemthat addressesmany
issuesin multi-robot systems,a probabilisticpursuit-
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Fig. 2. Multi-functional hierarchical�ight manage-
mentsystemof Berkeley RUAVs

evasiongamehasbeenstudied,in which a teamof
vehiclespursuea teamof evadingvehiclesandcon-
currently build a map in an unknown environment.
Algorithms and experimentalresultson real games
betweentwo teamsof groundrobotsin a centralized
settingarepresentedin (Kim etal., 2001).

In orderto employ RUAVs in awiderrangeof applica-
tions,adecentralizedframeworkshouldbeconsidered
for the reliableandef�cient operations.Therefore,it
is essentialthateach�ight controlsystembeendowed
with well-suitedautonomy, i.e., capabilitiesto inde-
pendentlysense,reason,planandact in coordination
with otherrobotsor environments.Thispaperpresents
thesynthesisof a hierarchical�ight managementsys-
tem(FMS) for RUAVs thatprovidesautonomywhile
allowing coordinationamongteammembers.

Section2 presentsanoverview of a hierarchical�ight
control systemfor RUAVs. Section3 describesthe
identi�cation andregulationof vehicledynamics,and
trajectorygeneration.In Section4, theproposedFMS
is appliedto threeexamples:pre-programmedway-
point navigation, dynamicway-pointnavigation in a
pursuit-evasiongame,andhigh-speedtarget tracking
control.Section5 concludesthepaper.

2. FLIGHT MANAGEMENTSYSTEMFOR
INTELLIGENT UNMANNED AERIAL VEHICLES

An “intelligent agent”continuously(1) perceivesdy-
namicallychangingconditionsin its environment,(2)
reasonsto interpret perceived information, to solve
problemsandto determineappropriateaction,and(3)
actsappropriatelyto affect conditionsin its environ-
ment.Basedon theseattributes,this sectiondescribes
eachlayerin a hierarchical�ight managementsystem
shown in Fig. 2.

2.1 Sensing

Dynamicallychangingconditionsin theenvironment
and the vehicle statesare perceived by various on-
boardsensors.The preciseguidanceof the host ve-

hicle of much smaller size demandsmore accurate
navigation sensors.GPS-basedINS is employedasa
centralnavigationsensor-suitein orderto correctthe
unboundederror of strap-down INS by supplement-
ing a high-accuracy GPS.Additional sensorssuchas
ultrasonicsensorsandlaserrange-�ndersareusedto
acquiretheenvironment-speci�cinformationsuchas
relative distancefrom thegroundsurface,or to detect
theobjectsaroundthehostvehicle.Contactswitches
are installed on the landing gear of the helicopter
primarily to assistautomatictake-off/landing.A com-
puter vision system(Sharpet al., 2001) is usedto
detectthe objectsof interestbasedon their colorsor
shapes.

2.2 Reasoning& Coordination

Data sensedby sensor-suitesshouldbe properly in-
terpretedby a strategy planninglayer. Fig. 2 shows
threetypesof strategy plannersto beimplementedfor
eachexperimentin Section4.Theappropriatestrategy
planneris selectedby a switching layer for a given
mission.

When this information is not enoughto identify the
current state of the world, the world is modeled
as a partially observable Markov decision process
(POMDP),asdescribedlaterin Section4.2.Thestrat-
egy plannerthenupdateseachagent'sbelief(informa-
tion) state, i.e., probability distribution over the state
spaceof the world, given measurementand action
histories,andgeneratesa policy, i.e, a mappingfrom
theagent's belief stateto its actionset.Searchof the
optimal policy is computationallyintractablein most
problems,thususuallysub-optimalpoliciesareimple-
mented(Kim et al., 2001), or, the classof policies
to searchthroughis limited (Ng and Jordan,2000).
Algorithms are typically run on real-time operating
systemsto satisfyhardreal-timeconstraints.

The strategy planner also managescommunication
networks.Therole of communicationin theFMS for
UAVs is morecritical thanin conventionalFMSsfor
mannedvehicles,becauseUAVs shouldreporttheve-
hiclestatusandacceptexternalcommandstypically at
a fasterratethanhumanvoicecommunication.More-
over, it is desirableto havethesupportof highquality-
of-service(QoS) wirelesscommunicationsystemin
order for multiple UAVs to function asa tightly co-
ordinated,recon�gurable,distributednetworkedintel-
ligence.

While the autonomyof each vehicle is important,
intervention of human intelligence is often neces-
sary due to contingenciesor missioncharacteristics.
Open-controlarchitectureallows eachstrategic plan-
ner to acceptincoming requestsfrom humanopera-
tors for mixed initiative planningthroughhuman-to-
consoleand console-to-UAV interface.The human-
to-consoleinterface,implementedas a graphic-user-
interface(GUI), receiveshumancommandsanddis-
playstheinformationdownloadedfrom theUAV. The
console-to-UAV interfacesendsthe commandsin a
properdatastructureto the UAV controller and re-
ceivestheUAV status.



2.3 Action

One of the most essentialcapabilitiesof a UAV is
to autonomouslyguide itself through the requested
trajectoriesor way-points,with minimal supervision
by humanoperators.Eachvehicleplatformshouldbe
equippedwith stabilizing controllersthat take input
saturationandstateconstraintsinto consideration,as
will be describedin 3.3.Action-sensingcoordination
occursat a very fastratein orderto copewith contin-
gencies,for example,suchasdetectionandavoidance
of collisions.

3. VEHICLE-LEVEL CONTROL & TRAJECTORY
COORDINATION

This sectiondescribesthecomponentsat thevehicle-
level of thehierarchyfor autonomous�ight: dynamic
model identi�cation, control and trajectory genera-
tion.

3.1 VehiclePlatformConstruction

Berkeley RUAVs are built with off-the-shelf radio-
controlledhelicoptersof varioussizesandpayloads.
An industrial radio-controlledhelicopter, YamahaR-
50, is equippedwith on-boardnavigation computers
andsensorsfor the experimentsdescribedin this pa-
per. An optical engineRPM sensorregulatesthe en-
gineat a constantspeedin orderto maintainthevehi-
cle dynamicresponsecloseto the nominaloperating
point at which the dynamicmodel is acquired.The
FMS software, implementedon a QNXTM real-time
operationsystem,managessensors,vehicle control,
and communication.More detailed theoreticaland
practical issuesin building an RUAV are described
in (Shim,2000).

3.2 DynamicModelIdenti�cation

Acquisitionof high-�delity modelsof thetargetUAVs
is a critical stepin the designof a high-performance
�ight managementsystem.Multi-input multi-output
(MIMO), nonlinearcharacteristicsandseveredistur-
bancemustbeaccountedfor to acquireprecisemod-
els.A lumpedparametermethodmodelsa helicopter
as a combinationof main rotor, tail rotor, fuselage
andstabilizer�ns. Sinceaservorotormechanism,aug-
mentedto the main rotor systemin orderto increase
a responsetime delay and damping,dominatesthe
mainrotordynamics,it shouldbeproperlyre�ectedin
the templatemodel.In this research,prediction-error
method(Ljung, 1997)is appliedto thecollecteddata
using the parametricmodel proposedby (Mettler et
al., 1999),resultingin a six degree-of-freedomrigid
bodymodelwith the�rst-order servorotordynamics:

�x(t) = fc(x(t);u(t)) ; x(0) given (1)

x = [xK ;xD] 2 IRnx

xK = [xS;yS;zS; f ;q;y ]

xD = [ �xB; �yB; �f ; �q;a1s;b1s; �zB; �y ; r f b]
u = [ua1s;ub1s;uqM ;uqT ] 2 IRnu;

where S and B denotespatial and body coordinate
respectively, and f , q, and y denoteroll, pitch, and
yaw, respectively. Thetransformationbetweenspatial
andbodycoordinatesaregivenby

[ �xS; �yS; �zS]T = RB! S[ �xB; �yB; �zB]T ;

whereRB! S 2 SO(3) is the rotationalmatrix of the
body axis relative to the spatialaxis, representedby
ZYX Eulerangles[f ;q;y ]. Theparametersa1s andb1s
arelongitudinalandlateral�apping angles,andr f b is
thefeedbackgyrosystemstate.u consistsof inputsto
thelateralcyclic pitch, longitudinalcyclic pitch,main
rotorcollectivepitch,andtail rotor collectivepitch.

3.3 Stabilization& TrackingControl

TheunstableRUAV dynamicsneedsproperstabiliza-
tion usingfeedbackcontrolby theon-boardreal-time
controller. A multi-loop single-input single-output
(SISO) controller (Shim et al., 2000) demonstrated
stableresponseswith 0.5 m accuracy in the x andy
directions,0.1m in thealtitude,and3� in theheading,
whenemployedfor hoverandslow motion.In orderto
accountfor nonlinearnatureandinput/statesaturation
over the �ight envelopeincludingagilemaneuvers,a
nonlinearmodelpredictive control is currentlybeing
applied.Only for controllerdesignpurposes,Eqn.(1)
is discretizedto

xk+ 1 = f (xk;uk): (2)

andacostfunctionfor trackingis de�ned by

J , f (ỹN) +
N� 1

å
k= 0

L(xk; ỹk;uk) (3)

with
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whereỹ , yd � y, y = Cx 2 IRny, yd is thedesiredtra-
jectory, andSis introducedto boundthestatevariables
thatdo not directly appearin y. By introducinga se-
quenceof Lagrangemultiplier vectorsf l k 2 IRnxgN

k= 1,
Eqn.(3) canbewrittenas

J = f (ỹN) +
N� 1

å
k= 0

L(xk; ỹk;uk) (4)

+ l T
k+ 1[ f (xk;uk) � xk+ 1]:

With theHamiltonianfunction

Hk = L(xk; ỹk;uk) + l T
k+ 1 f (xk;uk); (5)

Eqn.(4) canbewrittenas

J = f (xN) � l T
NxN +

N� 1

å
k= 1

[Hk � l T
k xk] + H0:

In orderto computef ukgN� 1
0 thatminimizeJ, take a

look at
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Eqn.(6) is simpli�ed to

dJ =
N� 1

å
k= 0

¶Hk

¶uk
duk + l T

0 dx0; (9)

and
¶Hk

¶uk
= uT

k R + l T
k+ 1

¶fk
¶uk

: (10)

With a candidateinput sequencef ukg
N� 1
0 anda given

x0, on-line optimizationscanbe achievedby the fol-
lowing processpresentedin (Sutton and Bitmead,
2000):

while jDJj > edo
for k = 1; � � � ;N

computef xkgN
1 using(2)

end
for k = N; � � � ;1

computel k using(7) and(8)
end
for k = 1; � � � ;N

compute ¶Hk
¶uk

using(10)
end
if DJ � 0

uk+ 1 := uk + Dk
¶Hk
¶uk

for k = 0; � � � ;N � 1
elsereduceDk .

The details on this tracking control schemeare re-
portedin (Kim et al., 2002).The associatedparame-
tersaretunedto generateanappropriatecontrol input
for each�ight mode,andresultingcontrollerswill be
integratedwith thetrajectorycoordinationlayer.

3.4 TrajectoryGeneration

A trajectorygenerationlayer is responsiblefor gen-
erating a desiredtrajectory or a sequenceof �ight
modesand triggering the proper control law in the
stabilization/trackinglayerto executeit.

Thetrajectorygenerationlayeremploys a framework
calledVehicleControlLanguage(VCL). VCL is im-
plementedas a script languagethat decomposesa
givenmissioninto asequenceof �ight modesor way-
points with the provided commandset, as will be
shown in Section4.1.Usingrapidly reprogrammable,
easilytransmittedVCL codes,it is possibleto isolate
the strategic plannerand the stabilizationlayer. By

abstractingaway thedetailsof sensingandcontrolof
eachagent,the uni�ed interoperabilityfor high-level
planningacrossheterogeneousplatformsis achieved.
Yet by consideringthe dynamicsof eachvehicle in
high-level planning, the overall systemcan achieve
real-time performance.A VCL module consistsof
theuserinterfaceon thegroundstation,the language
interpreter, andthesequencerontheFMS.For agiven
�ight pattern,the VCL codemay be generatedusing
a graphicuserinterface,or manuallyanduploadedas
an ASCII �le to the �ight computerfor a sequential
execution.

4. EXPERIMENTS

In this section,the performanceof the proposedhi-
erarchicalFMS is evaluatedin a seriesof test �ights
of threedistinct scenarios:(1) way-point navigation
using a batch (or preprogrammed)VCL mode, (2)
a pursuit-evasiongameemploying a dynamic VCL
mode,and(3) high-speedtrackingof a moving target
assistedby theon-boardvisioncomputer.

4.1 Way-pointNavigation:Batch VCLMode

In this mode,theVCL executionmoduleassumesthe
highesthierarchy in the guidanceof the RUAV. A
lawn-mowing patternasshown in Fig. 3 is usedasa
sampletrajectoryand the correspondingVCL codes
aregeneratedin thestrategy plannerasa text �le. The
�ight mode,way-point,andotheroptionalparameters
areextractedin eachline of VCL codeandthensent
to the trajectorycoordinationlayer. Upon receiving
a new VCL command,it activatesa suitablecontrol
module for the current �ight mode associatedwith
the targetway-pointandotheroptions.Thereal-time
controloutputsgeneratedby thestabilization/tracking
layeraresentto theactuatorson thehostRUAV. The
navigationmeasurementsarereportedto all thelayers
for feedbackcontrolandothersupervisorytasks.

4.2 Pursuit-EvasionGame:DynamicVCLMode

This experiment evaluatesthe performanceof the
FMSin aprobabilisticpursuit-evasiongame(PEG)(Kim
et al., 2001). The goal of pursuersis to “capture”
evadersin a givengrid-�eld. An evaderis considered
ascapturedwhenit is locatedwithin a certainrange
(e.g.,1.5 m) from a pursuerandit is in the pursuer's
visibility region. The initial locationsof evadersare
unknown a priori. At eachdiscretetime instant,the
group of pursuers,consistingof RUAVs and/orun-
mannedgroundvehicles(UGVs), is requiredto go to
the requestedway-pointsand take measurementsof
their own locationsand of any evaderswithin their
visibility regions using sensor-suites.This measure-
ment is usedto decidethe pursuers'next actionthat
minimizesthecapturetime. Fromthepursuers'point
of view, thisPEGis modeledasaPOMDP, i.e.,atuple
hS;A;T;Z;O;Ri 2 :

2 Randomvariablesare indicatedin bold type accordingto the
usualconvention.



TakeoffTo(0,0 ,- 5) re l;

Hover(0,0,0)r el heading=270deg duration=10s;

FlyTo(0,-5,0) re l vel=0.5m/s stopover autoheading;

Hover(0,0,0)r el heading=0deg duration=10s;

FlyTo(5,0,0)r el vel=0.5m/s stopover autoheading;

Hover(0,0,0)r el heading=270deg duration=10s;

FlyTo(0,-5,0) re l vel=0.5m/s stopover autoheading;

Hover(0,0,0)r el heading=180deg duration=10s;

FlyTo(-5,0,0) re l vel=0.5m/s stopover autoheading;

Hover(0,0,0)r el heading=270deg duration=10s;

FlyTo(0,5,0)r el vel=0.5m/s stopover autoheading;

Hover(0,0,0)r el heading=0deg duration=10s;

FlyTo(5,0,0)r el vel=0.5m/s stopover autoheading;

Hover(0,0,0)r el heading=270deg duration=10s;

Land;
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Fig. 3. A VCL code for lawn-mowing patternand
�ight experimentresult

� S is a �nite set of statesof the world, i.e., the
con�gurationsof thepursuersandevadersin the
given�eld;

� A is a �nite setof actions;
� T : S � A ! PD(S) is a transition function.

T(s0;s;at ) = P(s(t + 1) = s0 j s(t) = s;a(t) = at )
is the probability of landing in the states0 2 S
undertheactiona 2 A from thestates2 S;

� Z is a �nite setof observationsthe pursuercan
experienceof its world;

� O : S� A ! PD(Z) is theobservationfunction.
O(zt ;s0;at� 1) = P(z(t) = zt j s(t) = s0;a(t � 1) =
at� 1) is theprobabilityof makingobservationz
giventhat thepursuertook actionat andlanded
in states0;

� R: S� A � Z ! IR isarewardfunction.r(s;at ;zt ) =
1 if s correspondsto theevader-capturedcon�g-
urationand0 otherwise.

The pursuers'belief state,ht
(s) , P(s(t) = s j At� 1 =

At� 1;Zt = Zt ) denotetheconditionalprobability that
the world is in states given h0

(s) , P(s0 = s), and

the action and observation histories, i.e., At� 1 ,
f a0; � � � ;at� 1g, and Zt , f z0; � � � ;ztg. Given that the
pursuerobserveszt+ 1 after applyingat , the recursive
belief state dynamicscan be obtainedby applying
Bayes'rule
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ht+ 1
(s0) = P(st+ 1= s0;At= At ;Zt+ 1= Zt+ 1)

å s02SP(st+ 1= s0;At= At ;Zt+ 1= Zt+ 1)

= P(x0;At� 1;Zt ;at ;zt+ 1)
å x02X P(x0;At� 1;Zt ;at ;zt+ 1)

= P(zt+ 1js0;at ) å s2SP(s0;s;At� 1;Zt ;at )
å s02SP(s0;At� 1;Zt ;at ;zt+ 1)

=
O(zt+ 1;s0;at ) å s2ST(s0;s;at )ht

(s)

å s02SO(zt+ 1;s0;at ) å s2ST(s0;s;at )ht
(s)

;

whosedenominatorcan be treatedas a normalizing
factor, independentof s0. The strategic planner im-
plementsa variety of computationally-ef�cient sub-
optimal policies, including a greedypolicy with re-
spectto ht+ 1(s0), underwhich thelocationin thepur-
suer's one-stepreachabilityregion with the highest
probabilityof containingtheevaderat thenext stepis
selectedastheway-pointfor thepursuers.This infor-
mationis sentto thepursuersin aVCL codevia wire-
less communicationand processedby the on-board
VCL executionmodule.Fig. 4 shows a PEG of one
greedyaerialpursuervs.onegreedygroundevaderin
a20mx 20m�eld. Thenumberof participatingagents
canbeeasilychanged.Thesetupof oneaerialpursuer
is shown so that the load of RUAV is maximized.
Along with thetrajectoriesfor theRUAV pursuerand
the UGV evader, the evolution of the probabilistic
map is shown as the gray-scalebackgroundand the
squarerepresentsthe visibility region of RUAV. The
RUAV pursuercatchestheevaderin 133seconds.This
experimentshows that the proposedcontrol law and
dynamicVCL arewell-suitedin ahierarchicalcontrol
structurefor thePEG.

4.3 High-SpeedPositionTracking

In this scenario,anRUAV is requiredto tracka mov-
ing groundobject,after theRUAV detectsit. The vi-
sion computerestimatesthe relative position of the
ground target by extracting a special feature of a
markerdetectedby a camera(Sharpet al., 2001).The
high-rateposition-trackingrequest,e.g.,at3 Hz in this
case,activatesa specially-tunedway-pointnavigator.
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In Fig. 5, the trajectoriesof the RUAV andUGV are
shown. The FMS shows satisfactory trackingperfor-
mancewith a small error attributedto wind gusts.In
the middle of the experiment,it wasnoticedthat the
vision computerceasedsendingthe referencetrajec-
tory for about8 seconds.The FMS demonstratesits
fail-safefeaturein this faulty situationby following
an expectedtrajectoryof targetsuntil next command
is received.

5. CONCLUSION

This paperhasshown thedesign/implementationpro-
cedureand effectivenessof a hierarchicalstructure
for an RUAV �ight control system.The experimen-
tal results validate the satisfactory performanceof
the multi-functional �ight managementsystemcon-
structed on Berkeley RUAVs in the three exam-
ples consideredin this paper:way-point navigation,
pursuit-evasiongameandtrackingof amoving target.
Furtherresearcheffort will beexercisedto expandthe
capabilityof the �ight managementsystemwith rich
strategy planninglogics and increasedrobustnessin
orderto narrow down thegapbetweencurrentRUAVs
andintelligent�ying robots.
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