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Abstract

Futureutilizationof theInternationalSpaceStation(ISS)exhibitsademandfor frequentpayloadreturnby means
of smallunmannedre-entrycapsules.Conventionalpropulsive deorbitsystemscouldbereplacedby tethersys-
temsthatyield high systemmasssavings. In orderto guaranteesufficient landingaccuracies,thetetherdeploy-
menthasto becontrolled.Besideconventionalmethodstheuseof anadaptiveneuralcontrolleris proposed.The
presentpaperdemonstratesthesuccessfulidentificationof thehighly non-linearandtime-varianttetherdynam-
ics, usingfeed-forward-networks. An operatingpoint is selectedalonga predefinedoptimal tetherdeployment
path,wheredisturbancesare imposed. The accumulateddeviationsfrom the referencepatharecalculatedby
forwardintegrationof theequationsof motion. The trainingpatternsobtainedaretransformedinto dimension-
lessstatespaceby applyingthePi-Theoremof Buckingham.Theresultsobtainedprovide thebasisfor a future
developmentof anindirectneuralcontroller.

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

Intr oduction

Theuseof tetherswithin thegravity field of theearthis an excellentway to utilize the principlesof orbit me-
chanicsfor a wholevarietyof applications.Amongthese,the tether-assisteddeorbitof small re-entrycapsules
recentlygainedmuchinterest. Simpleballistic or semi-ballisticre-entrycapsulescould be usedto returnma-
terialsprocessedin spacecombiningquick accessto the samplesby the userson groundwith low cost. The
operationof wingedre-entryvehicles,suchastheShuttleOrbiter, is complex andtheflight rateis low. In order
to enterinto an elliptic transferorbit, a specificdeorbit impulsehasto be appliedin the oppositeof the flight
direction.Todaythis is mainly performedby meansof deorbitmodulesequippedwith propulsionsystems.This
conventionalapproachcouldbereplacedby atether-assisteddeorbitmaneuverthatutilizesmomentumexchange
andyields high systemmasssavings [1]. For that purposea long andthin tetheris deployed from the space
stationin directionto theearthwith thecapsuleattached.Dueto orbit mechanicalprinciplesthevelocity of the
capsuleafterthetetheris cut is reducedsuch,that it entersinto a returntrajectory. Unfortunatelythis maneuver
is highly sensitive regardingdisturbances,thereforetheuseof a controllerduringdeploymentis mandatory. The
dynamicsof thesystemarehighly non-linearandtime-variant.Thereforeanindirectadaptiveneuralcontrolleris
proposed.A successfulfuturedevelopmentof suchcontrollersstronglydependson thequality of theidentifica-
tion of thetethersystem.Thereforethispaperfocuseson thesystemidentificationof thetetherdynamicsduring
a deploymentprocedure.

Tether -assisted Deorbit of Re-entr y Capsules

Therearetwo possibleoptionsto performatether-assisteddeorbitmaneuver, thestatic(hanging)andthedynamic
(swing) release.By usinga staticreleasethe capsuleis deployedcloseto the vertical to a designatedaltitude
below the station,whereat an appropriatetime the capsuleis disconnectedfrom the tether[2]. Due to the
momentumexchange,thecapsulevelocity is too smallcomparedto thevelocitynecessaryfor thisorbit, andthe
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bodyentersinto a re-entrytrajectory. Theperigeereduction( � 
�
 ��� ) amountsto [3]� 
�
 ������� 	�� (1)

Dueto orbit mechanicalreasons,a deploymenttowardstheearthimpliesanin-planemovementin flight direc-
tion. In thecaseof a dynamicreleasethecapsuleis deployedalonga predefineddeploymentpathtowardsthe
maximumtetherlengthandaparticularlargeangleaccordingto Fig. 1. At thispointaswingbackto thevertical
is initiated in theoppositeof theflight direction. The tetherlengthis keptconstantandthecapsuleis released
by cutting the tethercloseto the local vertical. By applyinga dynamicrelease,the tetherlengthcanbehighly
reduced,sincetheadditionalimpulsecausedby theswingbackincreasestheperigeereductionto [1]� 
 
 � � ��� 	������ � ��!#"%$'&)(�*�+,	-� (2)

Thedynamicreleaseaswell asthestaticreleasearevery sensitive with respectto disturbancesduring thefirst
deploymentphase.An uncontrolleddeploymentcausesstrongdeviationsfrom thepredefinedlandingsite[1].

Theexaminedsystemis composedof two pointendmasses,.0/ and .21 , thatareconnectedto eachotherwith
a long,thin tether. Themassof thetetheris muchlessthantheendmassesandis thusneglected.Furthermorethe
tetheris assumedto bestraightandinextensible.Fig. 3 showstheexisting forcesonorbital tethersystems.Each
massis affectedby the gravitational force 354 aswell asby the centrifugalforce 376 . The resultingforce pulls
themass.21 outwardin radialdirectionandthemass.8/ towardstheearth.Theresultingforcecanbesplit up
into a radialcomponent,which strechesthe tether, anda restoringperpendicularcomponent,thatstabilizesthe
systemin thelocal vertical. Oneshoulddiffer betweenthecenterof orbit, 9;: , thecenterof gravity, <=: andthe
centerof mass,>?: , on principle. They canbeassumedto besituatedat theorbital radius � 
 [1]. Furthermore,
sincethemassof thespacestation. 1 � ��@'ACB

is muchhigherthanthemassof there-entryvehicle . /�D @ �CEGFGH
considered,thecenterof orbit is assumedto besituatedat thepositionof thespacestation� 
 �I� 1JD�K �L� @ FM. .

Equations of Motion
In orderto simulateadeploymentprocedure,theequationsof motionof thesystemhaveto bederived.It is useful
to describetherelativemotionof thecapsulewith respectto thespacestation(centerof orbit) thatis assumedto
movein a circularorbit. TheLagrangianof thesystemis givenbyN DIOJP�Q#R 
 O �TS�UWV (3)

wherethekineticenergy O P�QXR andthegravitationalpotentialenergy O �TS�U (to first order)aregivenby [5]

OJP�Q#R D .ZY[]\_^	 1 �`	 1 \ba�^$=
dc)e 1 +Tf,gL� 1ih � ^hj1Tklk V (4)O �TS-U D .ZY[ c 1 	 1 a @)
d�mf�gG� 1 $mf,gL� 1 h e�� (5)
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With theassumption. 1Jn . / follows . Y D .0/�.Z1. / � . 1 �I.8/ � (6)

In the above equations
$

denotesthe in-planeangle, h the out-of-planeangle,and
	

the distancebetweenthe
endmasses(tetherlength)asdefinedin Fig. 2. The angularrateof the spacestationin its circular orbit

c
is

calculatedby c Dpo q�Cr
 V (7)

where q D �s� tvu K ELE Aw+M@ E /-x . rlyvz 1 denotesthegravitationalparameterof theearth.Theequationsof motionof
thesystemaregivenby {{ B7|5} N} ^~ Ql� 
 |5} N} ~ Ql� D���� Q V (8)

with ~ Q D $ V h V 	 for � D @ V [ V � , where��� Q denotesthegeneralizeddisturbingor controlforcein the ~ Q degreeof
freedomnot includinggravitationaleffects.In thepresentstudytheout-of-planemotionis not considered,since
it is not coupledto the in-planemotion. Thusfor a purein-plane-motionno out-of-planedisplacementis to be
expected,if no disturbingforcesalongan inclinedorbit areconsidered.However, the oppositeis not true [1].
Therefore,thereducedsetof differentialequationsfor theplanarmotionis givenby [6]:�$ D 
��Gc 1 ��!#")$mf�gG��$=
 [ ^		 a�^$=
�c)e (9)�	 D 
 3��.8/ �`	 a ^$ 1 
 [ ^$Lc����Gc 1 f�gL� 1 $Le (10)

Neglectingthedisturbingforcecomponents,theonly actingforceis 3 � , thebreakingforceprovidedby thede-
ploymentmechanism.



Contr ol and Identification of Dynamical Systems Using Neural Networks

Theapplicationof neuralnetworksto thedeploymentcontrolof orbital tethersystemsis of greatinterest,since
the dynamicsystemis highly non-linearandtime-variant. Therefore,a sequentialcontrollerhasto determine
suitablecontrolactionsin orderto minimizedeviationsof thetethermotionfrom anoptimalreferencetrack.The
only control of the systemis representedby the breakingforce of the deploymentmechanism.Two different
controlstrategiesusingneuralnetworksmaybedistinguished,thedirectandtheindirectcontrolstrategy. In the
presentapproachtheindirectcontrolstrategy wasinvestigated.
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Figure4: An indirectneuralcontroller[7]

An indirectcontrollerfor a dynamicsystemconsistsof thefollowing elements[8]:�
A neuralnetwork which is trainedto representthe dynamicmodel of the systemitself. The network
estimatesthe state-vectorfor a future time periodby usingthe presentstate-vectorderived from sensor
information �� P , aswell asthestate-vectorsfrom pastperiods �� P'��� . Sincethecontrol � P highly effectsthe
futurestateof thesystem,it hasalsoto beconsidered,i.e. its present,past,andestimatedfuturevalues.�
A furtherneuralnetwork, Net 2 in Fig. 4, representsan inversedynamicmodelof thecontrolledsystem.
Thisnetactsasacontroller. Theinputvariablesarethedeviationsof theestimatedstatevector �� P��i� from
thefuturereferencestatevector ����%� P��i� givenby thereferenceprofile. Theoutputthereforecorresponds
to thecontrol �� P��i� of thefutureperiod.�
meansfor building thedeviationsof theestimatedstate-vectorsfrom thereferencestate-vectors�
timedelayelements

Theindirectcontrolleris hencebasedontheidentificationof thecontrolledsystem.Thequalityof thecontroller
thereforestronglydependsuponthequalityof thesystemidentification[7], [9], [10].

Thepresentstudydealswith theidentificationof thetetherdynamicsusinga neuralnetwork. Sincethis task
is carriedout at anoperatingpoint, thedelayedfeedbackcanberenounced.Fig. 5 shows thenetwork training
setup.The trainingpatternsareeitherobtaineddirectly from the real system(if available)or, asin thepresent
investigation,they canbesimulatedby integratingtheequationsof motionrepresentingthedynamicsystem.

In ordertoobtainanumberof trainingpatternswith differinginformationonthephysicsof theproblem,atool
is requiredfor theexaminationof trainingpatternsthatshow differentphysicalvariablesbut representidentical
solutionsfrom a similarity point of view. Theuseof similar trainingpatternswould have no positive effect on
thetrainingof thenetwork [11]. Thusa similarity transformationbasedon theso-calledBuckingham-Theorem
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Figure5: Trainingsetupfor systemidentification

or Pi-Theoremis applied.In thisapproachdimensionless¡%¢ -productsarebuilt from thephysicalvariables[12].
Similarcasesnow show identicaldimensionlessproducts.By thisway, similarcasescanbeidentifiedandfiltered
outof thetrainingdataset.

Thedimensionalmatrix is built containingthe relevantdimensions� Q in themass-length-timefundamental
systemasshown below accordingto [11]:�w�w�w�J�� /� 1
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Theapplicationof thePi-Theoremyields

¡%¢ D � ¢ ¤¬Q#­ / � �W®v¯±°Q V (11)

where� denotestherankof thedimensionalmatrixand § ¢ Q theexponentsub-matrix.Thedimensionlessproducts¡%¢ , with

¡;/ D 3. 	²c 1 V ¡w1 D ^		³c V ¡ r D �		³c 1 V ¡�x D ^$c V ¡w´ D �$c 1 V ¡wµ D $ V (12)

canberegardedasdimensionlesssimilarity numbers.Thesedimensionlessvariablesbuild up the input andthe
outputlayerof theneuralnetwork in Fig. 5. For detailsondimensionalanalysissee[11] and[12].



Identification of the dynamic system

The optimal reference trajector y
Thetetheris deployedalonganoptimal trajectory. Dueto theadvantageof a reducedtetherlength,a dynamic
releaseof thecapsuleis considered.Theperformanceindex waschosensuch,thatthecontrolinput is minimized.
This correspondsto a minimizationof the energy addedto the systemthroughthe control force. The tetheris
assumedto beinitially stabilizedin averticalhangingposition,wheretheinitial tetherlengthamountsto

@ EvEvEv.
asdepictedin Fig.6. After release,freedeploymentoccurs,thusnotethertensionis imposedaccordingto Fig. 7.
Dueto this factandsincetheequationsof motiondescribetherelative motionof thecapsulewith respectto the
spacestation,thecapsuleis moving in a slightly elliptic orbit. Thetetherlengthincreasescorrespondingto the
alsoincreasingdeploymentvelocityasshown in Fig. 6. After passingtheperigeeat

B � [ � A E z , thedeployment
velocity decreasesagain,evenbeforebreakingis initiatedat

B � �s@ EvE z . Note thatonly low tensionvaluesare
commandedaccordingto Fig. 7. At deploymentterminationthe imposedconstraintsaremet. Thefinal tether
lengthamountsto

� ELFM. andthedeploymentvelocity is reducedto ^	 D E¶. y_z . Fig. 8 illustratesthedeployment
pathin cartesiancoordinatesasdefinedin Fig.2. Thistwo-pointboundaryvalueproblemwassolvedby applying
a parameteroptimizationmethod[13].
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The simulation of the training-patterns
In orderto obtainthetrainingpatterns,theintroducedreferenceprofile is used.At anarbitrarilychosenoperating
point (in thiswork at

B D [ EvEvE z ), disturbancesareimposedon thestates.They correspondwith deviationsfrom
thereferenceaccumulatedduringthedeploymenttowardstheoperatingpoint. Themagnitudeof thedisturbances
is listedin Tab. 1.

Table1: Disturbancesat theoperatingpoint
condition disturbancein percent

in-planeangle
$ º

2
tetherlength

	 º
10

in-planeangularvelocity ^$ º
4

deploymentvelocity ^	 º
10(

º
2)

After thedisturbanceshavebeenaddedto thestatevalues,eachpatternis simulatedby forwardintegrationof
theequationsof motion.Thedisturbedstatesat theoperatingpointbuild thetraininginput, thetrainingoutputis
givenby thefinal statevaluesatdeploymentterminationsubjectto theoptimalbreakingprofile. Thecompliance
of afixedtimeperiodis important,sincethelandingaccuracy is highly affectedby deploymentdelays[1]. Fig. 8
indicates,thatthetrainingspaceis very large,subjectto avery long timeperiod.
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Figure8: Theoptimaldeploymentpathwith traininginputandtrainingoutputdata

The quality of the identification
Thetrainednetworksshow a simplearchitecture.In this study, mainly feed-forwardnetworksareapplied,pro-
viding goodresultswith only onelayerof hiddenneurons.Theactivationfunctionchosenis thelogisticfunction.
Thesimplicity of thenetwork topologycanbeexplainedby themethodof usingoperatingpoints,by thetether
dynamicitself, andby theuseof thePi-transformation.Besttrainingresultsareobtainedby trainingpatterns,that
arerandomlyspreadedoverthewholetraininginterval. Theresultspresentedin Fig.9 aresubjectto atestpattern
setcontaining50 patternsof a training interval reducingthe disturbanceof thedeploymentvelocity from 10%
to 2%sincethetraininginterval is very large. Thedifferentcolumnsdenoteerrorclassesof theend-statevector
estimatedby thenetwork comparedto theexactvaluesobtainedby integrationof theequationsof motion. It has
to beconsidered,thatthetrainingspaceis still very largeandthatthetimeperiodfrom theoperatingpointup to
thedeploymentterminationis long. In thepatternsthetotal tetherlengthvariesfrom

[ � FM. upto
�_� FM. , thefinal

deploymentvelocity from

 K . y_z upto

A . yvz . Thedeviationsof theestimatedfinal statevectorsfrom theexact
valuesshow a standarddeviation of

� K �s�»A . for the tetherlengthand E �#@,�GA . yvz in thecaseof thedeployment
velocity. Theidentificationcanthusbeconsideredsuccessful,regardingthesizeof thetraininginterval.

Minimizing the netw ork topology
In a furtherstep,theobjective is to reducethearbitrarily chosennetwork topologyto a minimumnecessaryto
provide the sameprecisionof systemidentification. Therefore,the numberof neuronsin the hiddenlayer is
reducedstepby step,until theposttrainingnetwork error increases.Theresultsshow, thata minimumnetwork
topologyof threeneuronsin thehiddenlayeris needed[14]. Thesameresultis obtainedby theuseof a weight
pruningalgorithmlike themagnitudebasedpruning[15]. This algorithmfirst eliminatestheweakestlinks, re-
trainsandevaluatestheprunednetwork, determinestheincreaseof theerror, eliminatestheweakestlinks again,
andgoeson till the increaseof the besterror subjectto this prunednetwork reachesa thresholdvalue. The
minimumnetwork topologyobtainedby applyingthepruningalgorithmis shown in Fig. 10.

Summar y

In thepresentpapertheability of neuralnetworksto describethedynamicsof orbital tethersystemswasdemon-
strated. This wasshown for a deploymentprocedureusinga dynamicrelease.The deployment followed an
optimal referenceprofile, whereat anarbitrarily chosenoperatingpoint smalldisturbanceswereimposed.The
trainingof theneuralnetwork took placein a dimensionlessspaceusingthePi-Theorem.A feedforwardnet-
work containingonehiddenlayer of 6 neuronswasableto estimatethe final statesat deploymenttermination
within adequatelimits. Thenetwork topologycouldbereducedto a minimumnetwork topologyusingpruning
techniques.Theresultsprovidethebasisfor a futuredevelopmentof anindirectadaptiveneuralcontroller.
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