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Abstract

Futureutilization of theInternationalSpaceStation(1SS)exhibitsademandor frequentpayloadreturnby means
of smallunmannede-entrycapsules Cornventionalpropulsive deorbitsystemsould be replacedy tethersys-
temsthatyield high systemmasssavings. In orderto guaranteesufficient landingaccuraciesthe tetherdeploy-
menthasto be controlled.Besidecorventionalmethodshe useof anadaptve neuralcontrolleris proposedThe
presenpaperdemonstratethe successfuidentificationof the highly non-linearandtime-varianttetherdynam-
ics, usingfeed-forward-netvorks. An operatingpointis selectecalonga predefinedptimal tetherdeployment
path, wheredisturbancesreimposed. The accumulatedieviations from the referencepath are calculatedby
forwardintegrationof the equationsf motion. The training patternsobtainedaretransformednto dimension-
lessstatespaceby applyingthe Pi-Theorenof Buckingham.Theresultsobtainedprovide the basisfor afuture
developmenbf anindirectneuralcontroller

Keywords: tethersystem,re-entycapsule frequentpayloadreturn, neuralcontroller, systemidentification,
similarity network, Pi-Theorem

Intr oduction

The useof tetherswithin the gravity field of the earthis an excellentway to utilize the principlesof orbit me-
chanicsfor awholevariety of applications.Amongthese the tetherassistedleorbitof smallre-entrycapsules
recentlygainedmuchinterest. Simple ballistic or semi-ballisticre-entrycapsulesould be usedto returnma-
terials processedn spacecombiningquick accesdo the samplesby the userson groundwith low cost. The
operationof wingedre-entryvehicles suchasthe ShuttleOrbiter, is complex andtheflight rateis low. In order
to enterinto an elliptic transferorbit, a specificdeorbitimpulsehasto be appliedin the oppositeof the flight
direction. Todaythis is mainly performedby meansof deorbitmodulesequippedwith propulsionsystems.This
cornventionalapproacttouldbereplacedy atetherassistedleorbitmaneuerthatutilizesmomentunexchange
andyields high systemmasssavings [1]. For that purposea long andthin tetheris deployed from the space
stationin directionto the earthwith the capsuleattached Dueto orbit mechanicaprinciplesthe velocity of the
capsuleafterthetetheris cutis reducedsuch,thatit entersinto a returntrajectory Unfortunatelythis maneuer
is highly sensitve regardingdisturbanceshereforethe useof a controllerduringdeploymentis mandatory The
dynamicsof thesystemarehighly non-linearandtime-variant. Thereforeanindirectadaptve neuralcontrolleris
proposedA successfufuture developmentof suchcontrollersstronglydependsn the quality of theidentifica-
tion of thetethersystem.Thereforethis paperfocuseson the systemidentificationof the tetherdynamicsduring
adeploymentprocedure.

Tether-assisted Deorbit of Re-entry Capsules

Therearetwo possibleoptionsto performatetherassistedlieorbitmaneuer, thestatic(hanging)andthedynamic
(swing) release.By usinga staticreleasethe capsuleis deployed closeto the vertical to a designatediltitude
belowv the station,where at an appropriatetime the capsuleis disconnectedrom the tether[2]. Due to the
momentumexchangethe capsulevelocity is too smallcomparedo the velocity necessaryor this orbit, andthe
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Dueto orbit mechanicalteasonsa deploymenttowardsthe earthimpliesanin-planemovementin flight direc-
tion. In the caseof a dynamicreleasethe capsules deployed alonga predefineddeploymentpathtowardsthe
maximumtetherlengthanda particularlargeangleaccordingo Fig. 1. At this pointa swingbackto thevertical
is initiated in the oppositeof the flight direction. The tetherlengthis kept constantandthe capsulds released
by cutting the tethercloseto thelocal vertical. By applyinga dynamicreleasethe tetherlengthcanbe highly
reducedsincetheadditionalimpulsecausedy the swingbackincreaseshe perigeereductionto [1]

ro = Tp & Tl + 4V/358in 0,0, - . 2)

Thedynamicreleaseaswell asthe staticreleasearevery sensitve with respecto disturbancesluring the first
deploymentphase An uncontrolleddeploymentcausestrongdeviationsfrom the predefinedandingsite[1].
Theexaminedsystenmis composedaf two pointendmassesr; andms, thatareconnectedo eachotherwith
along, thin tether Themassof thetetheris muchlessthanthe endmasseandis thusneglected.Furthermorehe
tetheris assumedo be straightandinextensible.Fig. 3 shavsthe existing forceson orbital tethersystemsEach
massis affectedby the gravitationalforce F;, aswell asby the centrifugalforce F,. The resultingforce pulls
the massm» outwardin radialdirectionandthe massm; towardsthe earth. Theresultingforce canbe split up
into aradial componentwhich strecheghe tether anda restoringperpendiculacomponentthat stabilizesthe
systemin thelocal vertical. Oneshoulddiffer betweerthe centerof orbit, Oz, the centerof gravity, Gz andthe
centerof mass,M z, on principle. They canbe assumedo be situatedat the orbital radiusrg [1]. Furthermore,
sincethe massof the spacestationms ~ 415t is muchhigherthanthemassof there-entryvehiclem; = 170kg
consideredthe centerof orbitis assumedo be situatedatthe positionof the spacestationry ~ ry = 6771km.

Equations of Motion

In orderto simulatea deploymentproceduretheequation®f motionof thesystemhave to bederived. It is useful
to describetherelative motion of the capsulewith respecto the spacestation(centerof orbit) thatis assumedo
mavein acircularorbit. The Lagrangiarof the systemis givenby

L = Eyiy, — Epot ) (3)

wherethekineticenegy Ey;, andthegravitationalpotentialenegy E,,; (to first order)aregivenby [5]

Ekz’n =
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With theassumptiomms > m, follows
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In the above equationd) denoteghe in-planeangle, ¢ the out-of-planeangle,and! the distancebetweenthe

endmasse@tetherlength) as definedin Fig. 2. The angularrate of the spacestationin its circular orbit Q is

calculatedoy

m
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whereu = 3.986005 - 1014m3/s? denoteghe gravitational parametenof the earth. The equationof motion of
thesystemaregivenby
d /0L oL
—(=) - (=) =Qu, 8
zaz) ~ (5g) = @ ®

with ¢; = 6, p,1 fori = 1,2, 3, where@,; denoteshegeneralizedlisturbingor controlforcein theg; degreeof
freedomnotincludinggravitationaleffects. In the presenstudythe out-of-planemotionis not consideredsince
it is not coupledto the in-planemotion. Thusfor a purein-plane-motiomo out-of-planedisplacemenis to be
expected,if no disturbingforcesalongan inclined orbit are considered.However, the oppositeis not true [1].

Thereforethereducedsetof differentialequationgor the planarmotionis givenby [6]:

6 = —30231n0c030—2%(9—9) (9)
I = —% +1(6? — 269 + 302 cos? §) (10)
1

Neglectingthe disturbingforce componentsthe only actingforceis Fg, the breakingforce providedby the de-
ploymentmechanism.



Control and Identification of Dynamical Systems Using Neural Networks

Theapplicationof neuralnetworksto the deploymentcontrol of orbital tethersystemss of greatinterest,since
the dynamicsystemis highly non-linearandtime-variant. Therefore,a sequentiacontrollerhasto determine
suitablecontrolactionsin orderto minimizedeviationsof thetethermotionfrom anoptimalreferencdrack. The
only control of the systemis representedby the breakingforce of the deploymentmechanism.Two different
controlstratgiesusingneuralnetworks may be distinguishedthe directandtheindirectcontrolstratgy. In the
presentpproacltheindirectcontrol stratgy wasinvestigated.
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Figure4: An indirectneuralcontroller[7]

An indirectcontrollerfor a dynamicsystemconsistof the following elementg8]:

O A neuralnetwork which is trainedto representhe dynamicmodel of the systemitself. The network
estimateghe state-ectorfor a future time period by usingthe presentstate-ectorderived from sensor
informationzy,, aswell asthestate-ectorsfrom pastperiodsz_ ;. Sincethecontroluy, highly effectsthe
future stateof the systemjt hasalsoto beconsideredi.e. its presentpast,andestimateduturevalues.

O A furtherneuralnetwork, Net 2 in Fig. 4, representaninversedynamicmodelof the controlledsystem.
This netactsasacontroller Theinputvariablesarethedeviationsof theestimatedstatevectorz,. y from
the futurereferencestatevectorzp ,+n givenby thereferenceprofile. The outputthereforecorresponds
to thecontrol a4 v of thefutureperiod.

O meandor building thedeviationsof the estimatedstate-ectorsfrom the referencestate-ectors
O timedelayelements

Theindirectcontrolleris hencebasedn theidentificationof the controlledsystem.The quality of the controller
thereforestronglydependsiponthe quality of the systemidentification[7], [9], [10].

The presenstudydealswith theidentificationof thetetherdynamicsusinga neuralnetwork. Sincethistask
is carriedout at an operatingpoint, the delayedfeedbackcanbe renounced Fig. 5 shavs the network training
setup. The training patternsare eitherobtaineddirectly from the real system(if available)or, asin the present
investigationthey canbe simulatedby integratingthe equation®f motionrepresentinghe dynamicsystem.

In orderto obtainanumberof trainingpatternswith differinginformationon thephysicsof theproblem atool
is requiredfor the examinationof training patternghatshawv differentphysicalvariablesbut representdentical
solutionsfrom a similarity point of view. The useof similar training patternswould have no positive effect on
thetraining of the network [11]. Thusa similarity transformatiorbasedon the so-calledBuckingham-Theorem
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or Pi-Theoremis applied.In this approactdimensionlessl ;-productsarebuilt from the physicalvariableq12].
Similarcasesiow show identicaldimensionlesgroducts By thisway, similar casecanbeidentifiedandfiltered
outof thetrainingdataset.

The dimensionamatrix is built containingthe relevantdimensionse; in the mass-length-timéundamental
systemasshown belowv accordingo [11]:
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Theapplicationof the Pi-Theorenyields

.
M, = [[ o, %, (11)
=1

wherer denotegherankof thedimensionamatrixandea;; theexponentsub-matrix.Thedimensionlesproducts
Hj, with

F i i 6 f
miQ?’ 0’ 5702 T

canberegardedasdimensionlessimilarity numbers.Thesedimensionlessariablesbuild up the input andthe
outputlayerof the neuralnetwork in Fig. 5. For detailson dimensionabnalysissee[11] and[12].

I T = 0, (12)
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Identification of the dynamic system

The optimal reference trajector y

Thetetheris deployed alongan optimaltrajectory Due to the advantageof a reducedetherlength,a dynamic
releasef thecapsulas consideredThe performancéndex waschosersuch thatthecontrolinputis minimized.
This correspondso a minimizationof the enegy addedto the systemthroughthe control force. The tetheris
assumedo beinitially stabilizedin averticalhangingposition,wheretheinitial tetherlengthamountgo 1000m
asdepictedn Fig. 6. After releasefreedeploymentoccursthusnotethertensionis imposedaccordingo Fig. 7.
Dueto this factandsincethe equationsf motiondescribethe relative motion of the capsulewith respecto the
spacestation,the capsules moving in a slightly elliptic orbit. The tetherlengthincreasesorrespondingo the
alsoincreasingdeploymentvelocity asshovn in Fig. 6. After passinghe perigeeatt ~ 2750s, the deployment
velocity decreaseagain,even beforebreakingis initiatedat t &~ 3100s. Notethatonly low tensionvaluesare
commandedaccordingto Fig. 7. At deploymentterminationthe imposedconstraintsaare met. The final tether
lengthamountgto 30km andthe deploymentvelocityis reducedo | = 0m/s. Fig. 8 illustratesthe deployment
pathin cartesiarcoordinatessdefinedn Fig. 2. Thistwo-pointboundarywalueproblemwassolvedby applying
aparametepptimizationmethod[13].
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The simulation of the training-patterns

In orderto obtainthetrainingpatternstheintroducedeferenceprofile is used.At anarbitrarily choseroperating
point (in thiswork at¢t = 2000s), disturbancesreimposedon the states.They correspondvith deviationsfrom
thereferenceaccumulateduringthedeploymenttowardsthe operatingpoint. Themagnitudeof thedisturbances
is listedin Tah 1.

Tablel: Disturbancesattheoperatingpoint

condition | disturbanceén percent
in-planeangled +2
tetherlengthl +10
in-planeangularvelocity § +4
deploymentvelocity +10(+2)

After thedisturbancebkave beenaddedo the statevalues eachpatternis simulatedby forwardintegrationof
theequationof motion. Thedisturbedstatesat the operatingpoint build thetraininginput, the trainingoutputis
givenby thefinal statevaluesat deploymentterminationsubjectto the optimalbreakingprofile. Thecompliance
of afixedtime periodis important,sincethelandingaccuragy is highly affectedby deploymentdelays[1]. Fig. 8
indicatesthatthetrainingspaces very large,subjectto averylongtime period.
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Figure8: Theoptimaldeploymentpathwith traininginput andtrainingoutputdata

The quality of the identification

Thetrainednetworks shav a simplearchitecture In this study mainly feed-forward networks areapplied,pro-

viding goodresultswith only onelayerof hiddenneuronsTheactvationfunctionchoseris thelogistic function.
The simplicity of the network topologycanbe explainedby the methodof usingoperatingpoints, by thetether
dynamicitself, andby theuseof thePi-transformationBesttrainingresultsareobtainedoy trainingpatternsthat
arerandomlyspreadedverthewholetraininginterval. Theresultspresentedh Fig. 9 aresubjecto atestpattern
setcontaining50 patternsof a training interval reducingthe disturbanceof the deploymentvelocity from 10%
to 2% sincethetraininginterval is very large. The differentcolumnsdenoteerrorclasse®f the end-staterector
estimatedy the network comparedo the exactvaluesobtainedoy integrationof the equationsf motion. It has
to be consideredthatthetrainingspacss still very largeandthatthetime periodfrom the operatingpointup to

thedeploymentterminationis long. In the patternghetotal tetherlengthvariesfrom 23km upto 34km, thefinal

deploymentvelocity from —6 m /s upto 5 m/s. Thedeviationsof theestimatedinal statevectorsirom theexact
valuesshaw a standarddeviation of 363.5m for the tetherlengthand0.145m/s in the caseof the deployment
velocity. Theidentificationcanthusbe considereguccessfuliegardingthe sizeof thetraininginterval.

Minimizing the network topology

In a further step,the objective is to reducethe arbitrarily chosemetwork topologyto a minimum necessaryo
provide the sameprecisionof systemidentification. Therefore,the numberof neuronsin the hiddenlayer is
reducedstepby step,until the posttraining network errorincreasesTheresultsshav, thata minimumnetwork
topologyof threeneurondn the hiddenlayeris needed14]. Thesameresultis obtainedby the useof aweight
pruningalgorithmlike the magnitudebasedoruning[15]. This algorithmfirst eliminatesthe wealestlinks, re-
trainsandevaluateghe prunednetwork, determinesgheincreaseof the error, eliminatesghewealestlinks again,
and goeson till the increaseof the besterror subjectto this prunednetwork reachesa thresholdvalue. The
minimum network topologyobtainedby applyingthe pruningalgorithmis shavnin Fig. 10.

Summary

In the presenpapetrthe ability of neuralnetworksto describehe dynamicsof orbital tethersystemsvasdemon-
strated. This was shown for a deploymentprocedureusinga dynamicrelease. The deploymentfollowed an
optimalreferenceprofile, whereat an arbitrarily chosenoperatingpoint small disturbancesvereimposed.The
training of the neuralnetwork took placein a dimensionlesspaceusingthe Pi-Theorem.A feedforward net-
work containingone hiddenlayer of 6 neuronswvasableto estimatethe final statesat deploymenttermination
within adequatdimits. The network topologycould be reducedo a minimum network topologyusingpruning
techniquesTheresultsprovide the basisfor afuturedevelopmenbf anindirectadaptve neuralcontroller
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