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Executive Summary

Intr oduction
Smallspacecraft,whichareverycosteffective,areanessentialtool for achievingtheobjectivesin
Goddard’smissionstatement.In general,attitudecontrolanddeterminationplaysacrucialrole in
thesuccessof anyspacemission. Without robustattitudecontrol,a spacecraftcannot bepointed
with anyreasonableaccuracynorreliability. Dueto thisimportance,theFlight DynamicsAnalysis
Branchwasformedto providethevarioussupportfunctionsto theflight projectsincludingnavi-
gation, mission design, attitude control and determination.

Due to the inherentnon-linearities,uncertainties,saturationconstraints,andphysicallimitations,
traditionalattitudecontrolschemescannotalwaysprovidetherequiredpointingprecision.There-
fore, theobjectiveof this GraduateStudentResearchProgram(GSRP)work is to developednew
morerobustattitudecontrol schemesprovidehigherlevelsof accuracyin thepresenceof uncer-
taintyandnon-linearities.In addition,theseschemesshouldbemodularandcanbeportedto sim-
ilar spacecraft with minimal effort.

Oneof themajorcontributionsof this work is thedevelopmentandsimulationof a genericfuzzy
sliding modecontrollerfor NASA satellites.Dueto its genericnature,this controlschemecanbe
adaptedto a varietyof existingandfuturesatelliteswith minimal effort. Thehybrid structureof
thecontrollertakesadvantageof classicalsliding modecontrol logic while maintaininga signifi-
cant degreeof robustness,performanceand portability. The fuzzy sliding modecontroller was
comparedtoconventionalslidingmode,fuzzylogicMIMO control,andaPDcontroller.Thefuzzy
sliding mode(all of which wereformulatedaspartof the first yearof theGSRP)providedmuch
betterperformancein pointingandtrackingthantheothercontrollers.Furthermore,thefuzzyslid-
ing modecontrollerout performedtheothercontrolschemesin thepresenceof noiseanddistur-
bancerejection.Finally, thefuzzyslidingmodecontrollerwasmoreportablethantheothercontrol
schemes.  The results of this investigation are documented in this report

Conclusions
A simulationstudy,whichexaminedtheperformanceof thefour attitudecontrolschemesmention
abovewasperformedusingthreedifferentspacecraftmodels.Theconventionalslidingmodecon-
trol, whichwasformulatedin thiswork,wasableto providetheappropriatecontrolin thepresence
of noiseanddisturbance.However,thefuzzylogic / slidingmodehybridwasableto providebetter
controlresponsethantheconventionalslidingmode,butat thepriceof ahigherfuel consumption.
ThefuzzylogiccontrollerandthetunedPDcontrollerperformedonanevenfooting,with thefuzzy
logic controllerachievinga slight advantageoverthePD controller. However,without additional
tuningwith respectto othersatellitesneitheroneof thesetwo controllerswasableto properlycon-
trol anything other than the SAMPEX satellite.

A drawbackof the fuzzy sliding modeis it’s morecomputationallyexpensivethanthe classical
slidingmodecontroller. However,thiscaneasilybeovercomeby partitioningtheinputandoutput
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spaceof the fuzzy controllerinto a look up table(i.e. similar to gainscheduling).This methodis
common in reducing the computational expense of fuzzy logic.

Overall,fuzzy logic did not reachthelevelof performanceexpectedin theoutsetof thisproject.It
wasbelievedthat fuzzy logic, which is modelindependent,would providea muchbetterperfor-
mancewith muchlessdesigntime. However,this wasnot thecase. Significantdesigntime still
went into designingthe fuzzy logic controllerand the fuzzy sliding modecontroller,with only
slightly betterperformance.In fact, fuzzyslidingmodehadto beutilizeddueto thefact thatfuzzy
logic alonedid not accomplishthe desiredresults.In conclusion,sliding modewith or without
fuzzy logic, was capable of performing generic control across very different spacecraft.

Finally, somelevel of adaptationwould needto beincorporatedinto thecontrollerto estimatethe
inertia matrix in order to truly providegenericcontrol. Originally this wasgoing to be accom-
plishedby reinforcementlearning,butcurrentadaptivecontroltheoryor theuseof anextendedkal-
man filter could also provide it.



Abstract 5

Abstract

Theinitial objectiveof thisGraduateStudentResearchProgram(GSRP)work is to developanin-
telligent fuzzy attitudecontrolstrategyfor a spacecraft.This newapproachensurestherequired
performancein thepresenceof disturbance,uncertaintyandvariousnon-linearities.Furthermore,
the proposedattitudecontrol strategyis developedbasedon a modularformulationallowing for
portability suchthat it canbeappliedto otherspacecraftwith minimal effort. Simulationstudies
areusedto illustratethemeritsof thecontrolscheme.TheSAMPEX(solar,anomalous,magneto-
sphericparticleexplorer)wasthefirst virtual testbedfor theproposedwork. Theproposedalgo-
rithms were also applied to the MAPS and SMART mission without redesignto illustrate
portability. By utilizing thedevelopedschemeNASA canreducethecostandtime for designing
control systems while increasing the performance and reliability of current and future missions.



6

General Management Plan

The major objectivesof the first yearof this NASA GSRPprojectwereaccomplishedandsur-
passed.Thisprojectfollowed thetime line shownbelowin Table1. Table2 showscurrentactiv-
ities associatedwith theproject. Theoverallobjectiveof the first yearwasthedevelopmentand
comparisonof severalrobustattitudecontrollersfor asmallspacecraft.Thesecontrollersmusttake
into account practical constraints and limitations while being modular.

Becauseof the technicalandpracticalguidancethatwasprovidedby theGSRPprogram,Kevin
Walchkohascompletedhismastersandis nowworkingonhisPh.D. His currentPh.D.work is an
extensionof thefirst yearGSRPresults. Someof theareasbeinginvestigatedareshownin Table
2. Both Dr. MasonandKevin Walchkoareinvestigatingthepossibilityof extendingsomeof the
first yearresultsto formationcontrol. This work canbethefoundationof advancedautonomous
formation control methodologies for space and land based missions.

Table 0-1:Year 1 Activities and Milestones

Aug Sept Oct Nov Dec Jan Feb Mar Apr May June July

Modelling Sampex

Controller Development

QFB - Standard

Fuzzy Hybrid - AI

Stability Analysis

Disturbance Rejection

Saturation Characteristics

Reinforcement Adaptation

Nonlinear Controllers

Sliding Mode

Fuzzy Sliding Mode

Case Study / Comparison
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Table 0-2:Ongoing Project Activities

Aug Sept Oct Nov Dec

Visual Simulation Tool

Fuzzy Slide Refinement

Adaptation Mechanism

Formation Attitude Contr ol
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I.  Why a Generic Controller

Intr oduction

Smallspacecraft,which arevery costeffective,areanessentialtool for achievingsomeof theob-
jectivesin Goddard’smissionstatement.In general,attitudecontrolanddeterminationplaysacru-
cial role in thesuccessof anyspacemission. Without robustattitudecontrol,a spacecraftcannot
bepointedwith anyreasonableaccuracy(or reliability). Dueto theimportanceof attitudeandother
missionoperations(missiondesign,orbit determination,navigation,etc), the Flight Dynamics
AnalysisBranchwasformedto providethevarioussupportfunctionsto theflight projects.To sup-
port the next generationspacecraftmissions,the Flight Dynamicsbranchhasput a significant
amount of resources in to robust, autonomous attitude control and determination.

Due to the inherentnon-linearities,uncertainties,saturationconstraints,andphysicallimitations,
traditionalattitudecontrolschemescannot alwaysprovidetherequiredpointingprecisionfor the
next generationmissions. Therefore,the objectiveof this GraduateStudentResearchProgram
(GSRP)work is to developednewrobustschemesthatcanprovidehigherlevelsof accuracyin the
presenceof uncertaintyandnon-linearities.In addition,theseschemesareformulatedbasedon a
modular structure, and can be ported to similar spacecraft with minimal effort.

This reportsummarizesthedevelopmentandsimulationof severalrobustattitudecontrollersin-
cludinga genericfuzzy sliding modeattitudecontroller. Dueto its genericnature,thedeveloped
fuzzy sliding modeschemeoutperformedtheotherrobustcontrollers. It canalsobeadaptedto a
varietyof existingandfuturesatelliteswith minimaleffort. Thefuzzyslidingmodeschemetakes
advantageof classicalsliding modecontrol andfuzzy logic, which providesrobustness,perfor-
manceandmaintainsasignificantdegreeof portabilitydueto its hybridstructure.To illustratethe
meritsof thefuzzy sliding modecontrolleris comparedto conventionalsliding mode,fuzzy logic
MIMO control, and a PD controller in the presence of noise and disturbance.

In orderto providethereaderwith abettergraspof themeritsof thiswork, abrief reviewof some
of thecontrollerdevelopmentis furnished.Thisbackground/overviewcontainstherelevantworks
and is not supposed to be encompassing.

Background

Conventional Attitude Contr ol Schemes
Havingtheability to correctlargeslewingerrorsis a motivatingfactorfor manyworksin attitude
control. Thiscapabilityis essentialfor spacecraftthatarespinstabilizedduringdeployment,which
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couldproducelargeinitial attitudeerrors. Forexample,if deploymentoccursfrom thespaceshut-
tle, thenthereactionjetsmustbeturnedoff until thespacecraftreachesa minimumsafedistance
of 200ft. Sincethedeploymentrateis approximatelyoneft/sec,thennocorrectionscanoccurfor
200sec. An imperfectdeployment(aslittle as.5 deg/sec)couldcausethespacecraftto drift away
from the desiredattitudewherea largeanglecorrection(up to 180 degrees)would be neededto
reorientto theproperattitude.To addressthisproblem,Wie andBarba[1] developedseveralcom-
putationally efficient control schemesfor large angle maneuvers. Many of thesestabilizing
schemesutilize quaternionandangularvelocityfeedback.Theuseof quaternionrepresentational-
lows for more realistic, largeanglemaneuvercontrol schemes.Theseschemesare formulated
basedon Liapunovanalysis,which producesa rangeof positivestablegainsfor thatcontrol law.
Thusin orderto meetdesiredperformance,engineersmustiteratethroughasignificantnumberof
gaincombinationsto obtainthedesiredresponsein acleansimulation.However,evenwhenasat-
isfactoryresponseis finally obtained,thereareno guaranteeshow thesatellitewill behavein the
presence of disturbances, noise, or uncertainties.

CrassidisandMarkley[2] developedamodelbasednonlinearpredictivecontrolmethodfor space-
craft, which allowedfor large-anglemaneuvers.This methodutilized a predictivefilter to deter-
mination the trajectoryand control effort one-timestepahead. This predictivecontrol scheme
determinedthetorqueinput requiredto makethepredictedtrajectoriesmatchthedesiredtrajecto-
riesby minimizingthenorm-squarederrorbetweenthetwo. Thismethodwasrobustagainstmodel
error,andwastestedin simulationontheMicrowaveAnisotropyProbe(MAP). Althoughthiscon-
trol schemeoutperformedthanothertraditionalcontrollerspresentedin thepaper,thedesignmeth-
od wasvery complicatedandtime consuming.Thus,thedesignmethodwould requireanexpert
with in-depth knowledge to redesign a control system for each new satellite.

Fuzzy Logic
Intelligent controllers,suchas fuzzy logic, canaccountfor uncertainty,reducecomplexity,and
havebeenshownto out performconventionalschemes.It canevenbeusedin placebinarylogic
in softwareandhardware.“A lowercostmicrocontrollercanbeusedsincefewerlinesof logic are
used,complexmathematicalmodelsdonothaveto bedeveloped,andlesscomputationallyexpen-
siveprogramsaregenerated.”[3] Eventhoughthisstatementhasbeenproved,few Americancom-
paniesemploythepowerof fuzzylogic. Zadeh[4], whowasthefirst to developthebasicconcepts
associatedwith fuzzy theory,seesthe lack of acceptanceof fuzzy logic in Americaasa “lack of
understandingof whatfuzzy logic is andwhatit hasto offer.” While Sibbigtroth[5] seestheprob-
lem as “US engineerstypically take the position that any control methodologywithout precise
mathematicalmodelsis unworthyof seriousconsideration.”Evenwith this lackof commitmentto
fuzzy logic exist,manychip manufacturers(ie. Motorola68HC12,AdaptiveLogic AL220, SGS-
Thomson,etc.)areproducingvariousmicrocontrollersspecificallydesignedto utilize fuzzy logic
asthe primary control scheme.Thesemicrocontrollersgreatlyreducethe computationof fuzzy
logic by usinga hardwaresolutionratherthana softwareone. This meansthatevenvery compli-
catedfuzzycontrollerscanrunatextremelyfasthardwarespeed,thusenablingreal-timecontrolof
non-linear systems with significant model error [6].

Unlike classicalcontrols,whosedesignis modeldependentanddeterminesexactcontrolactions,
fuzzy logic controllerscanbedevelopedwithout theuseof analyticalmodels. In addition,it can
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accommodatea largedegreeof uncertainty. Walchkoet al [7] performednumerousexperiments
with ahybrid fuzzyPID controlleron linearsystemsandshowedthatin casewheretheinputsand
outputshadthesameranges,thehybrid fuzzy controlleroutperformedits’ classicalcounterpart.
Thesebenchmarkexperiments(DC servomotor,thehydraulicpiston,thepneumaticlinearactua-
tor, anda ball screw)illustratethe flexibility (generictrait) of a singlecontrollerto successfully
controldifferentsystemswith few to nomodifications,thusshowingfuzzy logic to bemodelinde-
pendent.Although other authors [8,9,10,11,12,13,14] have developed hybrid fuzzy PD and PID
controllers, none have investigated their generic capabilities. In addition, few researchers have
applied fuzzy logic to satellite control problem.

Oneof theinitial workswhich appliedfuzzy to satelliteswasby Woodard. Woodard[15] devel-
opeda fuzzycontrollerfor theFastAuroralSnapshotExplorer(FAST)andcomparedit to thetra-
ditional controller (AGSS). FAST was launchedin August1996utilizing the Attitude Ground
SupportSystem(AGSS). AGSSis agroupof algorithmsdevelopedin the1970’sfor theDynamics
Explorermission. Woodard’sfuzzycontrollerprovedto beinferior to thetraditionalAGSS. Dur-
ing pointingmaneuversthefuzzy controllertook 15%longerto point in thedesireddirectionand
hada largerrangeof errorsduringpointing. HoweverWoodarddid point out thatthefuzzy logic
controller was mathematicallysimpler and more flexible, but not as accurateas the traditional
method.“The performanceof thefuzzy logic controllerwasslightly lessdesirablethanthatof the
AGSS. This reinforcesthegeneralnotion thatperformancewith fuzzy logic controllersis sacri-
ficed somewhat.”[10] This is anunfair notionof fuzzy logic’s performancecapabilities. Fuzzy
logic doeshavethecapabilityto achieveor surpasstheperformancelevelof othertraditionalcon-
trol schemes, as shown in this work.

In anotherwork, Steyn[16] performeda comparisonstudybetweenanadaptiveMIMO LQR and
a fuzzy logic controllerfor smallsatellitesin a low Earthorbit. Thefuzzy logic controllerwasca-
pable of producing slightly better performance than the LQR in controlling the non-linear satellite
dynamics. Steyn’ssimulationincludedsensornoiseanda cyclic disturbance.Steyn[17] further
describesthedesignof thefuzzylogiccontroller,whichutilizesa3-axismagneto-torquingtomain-
tain its attitude. Fuzzylogic wascapableof “maximizing thedesiredinfluenceon thecontrolled
axis and minimize the undesireddisturbancesto the other axes. It was found fuzzy logic can
achieve these goals in a computationally efficient way.”

Fuzzycontrollers,whichhavealreadybeenappliedto satellites,haveperformedwell againstother
well knowncontrollers. Fuzzylogic’s strengthis its’ modelindependenceandintuitive naturein
designingthe rule base. It is hopedthesefactorscanhelp in thedesignof thegenericcontroller
presented here.

Intelligent Adapti ve Mechanisms
Controllersthatachievethedesiredresponsein thepresenceof variationsin thesystemdynamics
or the environmentby alteringcontrol parametersbasedon someadaptationmechanismarere-
ferredto asadaptiveschemes.In mostcases,theseschemesdo not alterthebasicstructureof the
controller. Therearemanydifferentconventionalandintelligentadaptationmechanismsthatcan
altera controller’sparametersandstructureto adaptto its newenvironmentor dynamics[18,19].
Some of these techniques are described below.
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GuoandHuang[20] usedgeneticalgorithmsasatool to altermembershipfunctionsof afuzzycon-
troller for themotioncontrolof anautonomousunderwatervehicle. Their methodof adaptation
wascapableof tuningafuzzycontroller,with verypoorinitial performance,to produceacceptable
results. Geneticalgorithmsareefficient at theadaptationprocess,dueto their ability to getout of
localminimumsthroughtheuseof mutationsin thegenepool. However,dueto thecomplexityof
geneticalgorithms(manygenerationsmustbeexploredin orderto producethedesirableoffspring)
a powerfulprocessordedicatedto solvingtheadaptiveprocessis required. Thusfor satellites,in
the era of faster, cheaper, smarter, this is not a useful method.

Recently,Buijtenenet al [21] developedanadaptivefuzzy logic PD controller. This methoduti-
lizesacritic thatpredictsthefuturesystemperformanceandastochasticexplorationmoduleto ex-
plore the spaceof possibleactions. The actualadaptationprocessis poweredby reinforcement
learningscheme.ReinforcementLearning(RL) is afamily of biologically inspiredalgorithmsthat
indirectly evaluatesa controllersactionandrewardsdesiredoutcomesandpunishesundesirable
outcomes.However,this methodwasonly appliedto oneattitudeaxis(roll, pitch,or yaw) while
themethodsdevelopedin thiswork providefull authorityfor all axes.Sincetheattitudedynamics
of asatellitearecoupledandnon-linear,changingoneelementof theattitudecouldhaveadramatic
effecton theothervalues. In addition,theirmethodreliesonacritic accuratelypredictingseveral
stepsinto thefuture. This is acritical componentof theRL, sincethecritic is usedin thereinforce-
mentprocess.Thusif thecritic is inaccuratein predictingthefuture,this processhasno hopeof
properly adapting.

Dueto thepotentialof fuzzy logic someresearchershaveutilized it asanadaptationmechanism.
For example,thePID controllerscanbealteredsuchthattheir gainschangedadaptivelyby fuzzy
logic. Visioli [22], utilized a fuzzy logic systembasedon theerrorandderivativeof errorto tune
the PID controller. The valuesof the proportional,integral,andderivativegain aredetermined
from thewell-knownZiegler-Nicholsformula. This methodis robustagainstparametervariation
andonly requiresasmallcomputationaleffort. Theauthorhoweveronly implementsthecontroller
on simple linear systems.

Many of thecurrentfuzzy techniquesarevery applicationdependent. For exampleErbaturet al
[23] designeda fuzzyadaptiveslidingmodecontroller,wherethegain matrixK wasadjustedac-
cordingto fuzzy adaptiverules. Their desirewasto reducechatterin the positioningof a serial
linkedrobotarm. Themethodprovedtoworknicelyfor thesimplearmchosenfor thestudy.How-
ever,for theadaptivemechanismto work, theinitial matrixgainK andadaptiveconstantsmustbe
accurateto providereasonableresults. Thustheseinitial valuesweredeterminedthrougha trial
and error process.

With respectto intelligentadaptationtechniques,thetwo mostpromisingadaptivemethodsappear
to begeneticalgorithmsandRL, but geneticalgorithmsaretoo computationalto implement. RL
seemsmorepromising,sincethesatellitewoulditself learnthroughtrial anderror. Thecouplecon-
stantspresentin RL areintuitive, thuseasyto pick dependingon thedesiredlearningrate. Other
methodsseemto heavilydependonthestartingpointof theoptimization,andcangetcaughtat lo-
cal minimums.
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Sliding Mode
Unlike lineartechniques,nonlinearcontrollerscanaccommodatenonlineardynamicsandcanpro-
vide a higherlevel of robustnessandperformance.Sliding modecontrol,a nonlinearcontroller,
hasexcellentstability, robustness,anddisturbancerejectioncharacteristics.It is categorizedasa
variablestructurecontrolsystem,whichhasbeenstudiedin theSovietUnionfor manyyears.The
useof sliding modecontrol is not newto satelliteattitudecontrol. Lo andChen[24] designeda
slidingmodecontrollerschemewhichavoidstheinverseof theinertiamatrix,andsmoothsthecon-
trol effort of the controller.  Such a strategy provides for a more efficient use of the fuel.

In anotherwork, ColemanandGodbole[25] conductedperformancetradestudybetweenfuzzy
logic, PID, andsliding modecontrol. Thecontrollersweretunedfor andtestedon threesimilar
linearplants. In all threecases,theslidingmodecontrollerout-performedthefuzzy logic control-
ler. This is a typical result,wheresliding modetendsto providea superiormodelbasedperfor-
mance compared to fuzzy logic, assuming the model is very accurate.

Emphasis / Direction of this Research

Recently,MasonandWalchko[27,28]andothershavesuccessfullyappliedfuzzy logic to thesat-
ellite attitudecontrolproblem.Giventhecapabilityto reducethedesignandtuningtimeof current
controlschemes,NASA couldreducethecostof developingandmaintainingasatellitesby imple-
mentingintelligent sliding modecontrollerswhich arecapableof adaptingto different satellites.
Slidingmodehasbeenshowntoprovidesuperiorperformanceto thatof fuzzylogic,butfuzzylogic
is modelindependentandrobustin thepresentsof noiseanddisturbances.Thecombiningof these
two technologies could greatly benefit NASA’s ability to control satellites.

Originally thehopeof this work wasto designanadaptivefuzzy logic controllerthatwould learn
how to adaptto differentsatellites. However,after talking to NASA engineersat Goddard,there
seemedto begreatskepticismin anythingmorecomplicatedthanaPDcontroller. Thuswemoved
awayfrom themoreradicalidea,andembracedsliding modecontrol. Sliding modeis capableof
handlingsystemswith modelinginaccuracies,and bestof all, stability of the controller can be
shown. It is hopedthatahybridcontrollercomposedof thewell understoodslidingmodearchitec-
ture and fuzzy logic will be better received.

Thecontrollersdevelopedin this work will beimplementedon severalsystems.Specifically,this
work usestheSAMPEX,MAP, andSMART spacecraftto illustratetherobustnessof thecontrol-
ler.

Outline of Report
This reportis laid out in thefollowing manner.Section2 presencethetheorypertainingto fuzzy
logic, reinforcementlearning,andslidingmode. Section3 describesthesatellitesthatthecontrol-
ler hasbeenappliedtooandabrief overviewof attitudedynamics.Section4 is thedesignof apro-
portionalderivative(PD) controller,a sliding modecontroller,fuzzy sliding modecontrollerand
themulti-input/multi-output(MIMO) fuzzy controller. Section5 is theresultsof varioussimula-
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tionsperformedon theSAMPEX, MAP andSMART satellites. Section6 containsconclusions,
and recommendations.
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II.  Theory
This sectionlaysthebasicfoundationfor theformulationof thecontrollerpresentedin this work.
Firstabrief overviewof fuzzy logic is providedwith amoredetaileddiscussionof fuzzy logic giv-
enin AppendixD. Next, thehybridstructure,which is acompositeof classicalandfuzzy logic, is
described.Finally, in aneffort to automatethecontrolparameteroptimizationprocessin anon-
line mannerfor fuzzy logic, reinforcementlearningasanadaptationmechanismis introducedand
developed.

Fuzzy Logic

Fuzzylogic wasconceivedby Lotfi Zadehandbroughtto theattentionof theworld in his paper
“FuzzySet” in 1965. At thattime,fuzzylogic wasaradicaldeviationfrom classicallogic,andini-
tially received little interest and attention.  However, fuzzy logic is slowly gaining more and more
creditin theUnitedStatesasalegitimatemethodfor controls.Themotivationbehindtheadoption
of fuzzylogic to controlsapplicationsare:modelindependence,useof expertknowledgeto control
systems, robustness to noise/disturbances, capable of controlling nonlinear systems, etc.

A graphicaldepictionof theentirefuzzylogic controlprocessis shownin Figure2-1. Then inputs
on the left arefuzzified by MFs. Theneachof the fuzzified valuesis evaluatedby therulesthat
produce m outputs.

Figure 2-1.  Fuzzy logic from input to output. [29]
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Eachof thesem outputsarecombined(therearevariousmethods)andthedefuzzificationof the
resultingareais found. Now thewholeprocessof fuzzification,rule application,anddefuzzifica-
tion can be put together.

Fuzzy Stability

Stabilityanalysisis still oneof themajorobstaclesopposingthewidespreadadoptionof fuzzylog-
ic. Due to recentefforts in the field, therearemanygenerallyacceptedmethodsof determining
whethera fuzzy controlleris stableor unstable.Onesuchmethoddescribedby Petroffet al [30]
utilizedalinearizedrepresentationof thefuzzycontrolsurfaceoversmallareasandthendetermine
whetherthecontrolleris stablebasedon energymethods.However,fuzzy logic controlsurfaces
tend to be very complex and analyzing dense grids over large areas is not always practical.

Anothermethodpresentedby SioandLee[31] utilized thepassivitytheorem,whichallow thede-
terminationof a stability regionof theeffectiveparametersto bedetermined.Oncethis regionis
defined,alongwith somesufficientconditionsfor astablefuzzycontroller,therulebasecaneasily
be definedto producea stablecontroller. This methodonly appliesto systemsthat arepassive,
which is only a small subset of non-linear systems.

A Liapunovstabilityanalysisis usedto demonstratestability for theproposedwork in thecontext
of aPDstructure.Thedownsideof thismethodis thatit is notalwaysapplicableto fuzzyschemes
whichareunstructuredor haveadrasticallydifferentstructure.Thishybridstructureis chosenbe-
causeof it’s generalityandintuitiveness.Thenextsectionprovidesabrief descriptionof thehybrid
PD structure.

Hybrid Structur e

Thehybridcontrollerstructureis baseduponaclassicalarchitecturesuchthatit canbeinsertedinto
anyerror-basedcontrolsystem.A graphicaldescriptionof thishybridalgorithmis providein Fig-
ure2-2.Therearethreestandardinputsinto thefuzzy inferencesystem:error,derivativeandinte-
gral. Theseinputscanbeusedto computethefuzzygainsor thecontroleffort directly.Thefuzzy
gainsare time varyingandprovidea higherlevel of robustnessandcontrol. Thevaluesof these
gainsaredependentontheinputandthefuzzyrules,whicharebasedontheuserslinguisticknowl-
edgeof thesystem. This allows for thecontrol of nonlinear/timevaryingsystemswithout exact
analyticaldescriptionsof thesesystems.This robust/flexiblecharacteristicallowsfor thecontrol
of avarietyof systemswith little or nomodificationof thecontroller. In thiswork, this is referred
to as the generic characteristic.
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Figure 2-2. The Hybrid structure of the fuzzy controller.

Robust Characteristics

Dueto thestructureof thecurrenthybridscheme,agenericcharacteristicis embeddedinto thehy-
brid algorithmsuchthatit canbeintegratedinto alargenumberof systemsto enhanceperformance
withoutasignificantamountof effort. A robustcontrollersimplifiesthedesignof newcontrolap-
plicationwhile still maintainingperformance.Thischaracteristicintroducesadegreeof “plug and
play” to controllerdesignprocess.Theparagraphbelowillustratesthisattributefor aSISOsystem.
Later,furtherwork will showtherobustpropertiesof thecontrollerastheypertainto MIMO sat-
ellites.

Given a second order system with a standard PID controller, the closed-loop transfer function is

(2.1)

Replacing and with and . Where , , and and areun-
certaintiesin thesystemparameterfrom thenominalor modelledvalues. Thenewcharacteristic
equation is

(2.2)

In a fuzzy PID structure, the control effort can be written as

Fuzzy Proportional
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Fuzzy Derivative
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(2.3)

where , ,and arefunctionsof theuniverseof discourse.Thefuzzyuniverseof discourse

canbeadjustedto accountfor variationsin themodel. This conclusioncanbeextendedto state
thatthefuzzy PID is a generalizedcontroller(generic)like its classicalcontrolscounterpart. Al-
thoughtheremaybevariations,systemshavingsimilar levelsof controllability anddominantdy-
namicswill yield similar controlledresponses.Therefore,this hybrid algorithmcanbeclassified
as a generic controller.

Reinforcement Learning

Although fuzzy logic is capableof generic(i.e. Systemindependent)control, in orderto achieve
betterperformancea methodfor fine tuningor optimizingthefuzzy controller’sperformancewas
needed.Thetechniquechosento providethis tuningis reinforcementlearning. An introductionto
reinforcement learning follows.

ReinforcementLearning(RL) accordingto SuttonandBarto[32] is learningbasedon interaction
with theenvironment.Basically,anagent(satellitein this case)triesto mapsituationsto actions
in orderto maximizea numericalrewardsignal(which is similar to minimizing a costfunction).
Theagentis not told what actionsto take,but mustlearn(throughtrial anderror) which actions
resultin thegreatestrewards.An actiontakendoesnot immediatelyresultin thedesiredresponse,
thusrewardsaredelayedin aneffort to determinewhichactionsresultedin whatoutcome.Unfor-
tunatelyfor theagentto learntheoptimalstate-actionpairs,it mustpassthroughall possiblestates.
Thus,RL is heavilydependanton theagentexploringits environmentbeforecommittingto a so-
lution for all time.

For example,a manleavesa bar afterdrinking heavily. He acceleratesto twice the speedlimit.
Tenminuteslater,heapproachesahairpin turn,andturnsthewheelsharplyin aneffort to stayon
theroad. Unfortunately,dueto thespeedof thecarandhispoorhandeyecoordination(from drink-
ing) thecarflies off theroad. Now, if rewardswereimmediatelygivenin this situationinsteadof
delayed,whatwould bepenalized?Only sharplyturningthewheelactionwould bepenalizedas
whatnot to do,ratherthanalsopenalizingtheagentfor drinkingandspeedingtoo. Therearevar-
ious methods for determining this delayed reward.

A diagramof theagent-environmentis shownin Figure2-3. RL containsfour mainsub-elements
in additionto theagentandtheenvironment:apolicy,arewardfunction,avaluefunction,and(op-
tionally) a modelof theenvironment.Policy determineshow anagentlearns.It is themethodby
whichperceivedstatesof theenvironmentaremappedto actions.Policiesmaybefunctions,look
up tables,stochastic,or computationalsearchalgorithms. A commonpolicy is ( )-greedy,where

anagentin agivenstatepickstheactionwith thehighestpossiblereward. However, percentof
thetime theagentwill pick a randomactioninsteadof picking theactionwith thehighestpossible
reward. This policy enablestheagentto exploreall possibleactionsto seeif they leadto higher
rewards,thuspreventingtheadaptationmechanismfrom gettingcaughtin localminimums. How-
ever this also requires the agent to spend lots of time exploring all possible states.

uc fuzzyP e( ) fuzzyD ė( ) fuzzyI e∫( ) KP 1 ∆e+( )e K I 1 ∆I+( ) e∫ KD 1 ∆D+( )ė+ +≈+ +=

∆e ∆I ∆D

ε
ε



Reinforcement Learning 19

Figure2-3. Q-Learningblockdiagramwhichshowshow theagent
takes the inputs of reward and states to produce an action.

Rewardfunctionmapseachperceivedstate(s)or state-actionpair (s,a)to asinglerewardvalue(r).
As previouslystated,theagent’smainobjectiveis to maximizetherewardreceived.Thereward
function is the basis for altering policy.

Thevaluefunction(Q) indicateshowmuchrewardanagentgetsby takingacertainactionin acer-
tainstate.Thisfunctionis typically initializedrandomlytosmallvaluesthenupdatedby thereward
function as an agent explores its environment utilizing its policy.

Q-Learning
Q-leaningis oneof manyalgorithmsin RL. It is a methodfor approximatingthe optimal state-
action pair.  The algorithm is shown below in List 2-1.

List 2-1. Q-Learning

Environment

Agent

Reward

StateAction

    Initialize Q(s,a) to small random values
    Repeat for each episode:
        Initialize s
        Repeat for each step in an episode:
            Choose a form s using policy derived from Q (i.e. e-greedy)
            Take action a, observe r, s’

        until s is terminal

Q s a,( ) Q s a,( ) α r γmaxa'Q s' a',( ) Q s a,( )–+[ ]+←

s s'←
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III.  System Models and Dynamics
In this section,a brief descriptionof thethreesatellitesusedin this study,SAMPEX SMART and
MAP, is given. Theirbackgroundandmissionarebriefly statedfor familiarity. In addition,there
is a concise review of satellite dynamics.

MAP Satellite

TheMAP (MicrowaveAnisotropyProbe)satellite’sprimarymissionis to probeconditionsin the
earlyuniverseby measuringthepropertiesof thecosmicmicrowavebackgroundradiationoverthe
full sky. MAP will accomplishthis by usingpassivelycooleddifferentialmicrowaveradiometers
with dualGregorian1.4 x 1.6 meterprimary reflectors.QuestionsthatMAP couldanswer:How
old is theuniverse?How fastis theUniverseexpanding?Is theuniverseinfinite? Is thereacosmo-
logical constant?What is the densityof ordinary (“baryonic”) matter?When did the first stars
form? What is the origin of structure in the universe?

SAMPEX Satellite

SAMPEX (Solar,Anomalous,andMagnetosphericParticleExplorer)[33,34] is a productof the
SMEX(SmallExplorerProgram).Thisprogramrealizestheadvantagesof small,quickturnaround
projects. TheSAMPEX satelliteis designedandequippedto studytheenergy,composition,and
chargestatesof particlesfrom theexplosionsof supernovas,solarflares,andfrom thedepthsof
interstellarspace.Closerto home,SAMPEXmonitorstheearth’smiddleatmosphereasmagneto-
spheric particle populations occasionally plunge into it.

SMART Satellite

TheSMART (ScientificMicrosatellitefor AdvancedResearchandTechnology)[35] is a project
fundedby theItalianSpaceAgencyto designanddevelopamulti-missionmicrosatellitefor remote
sensingapplicationsin Sun-synchronousorbits. The microsatelliteconsistsof main bus(40 kg)
supplied with 64W (average) power from a solar array.

Satellite Summary

The satellitesusedin this studyarevery different in size,however,their modelstructureis the
same. The tablebelow lists their inertia matrices,which revealsthreebasicsizeclassifications:
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small,medium,andlarge. Utilizing thesethreedifferentsizes,thegenericcapabilitiesof thepro-
posed controllers can be measured.

Spacecraft Attitude Dynamics

In this section,a brief reviewof thekinematicanddynamicequationsof motion for a three-axis
stabilizedspacecraftis presented[36]. Theattitudeis assumedto berepresentedby thequaternion,
defined as

(3.1)

with

(3.2)

(3.3)

Table 3-1: Satellite Intertia Matrices

Satellite
Inertia Matrix

(kg- )

MAP

SAMPEX

SMART

m2

399 2.81– 1.31–

2.81– 377 2.54

1.31– 2.54 377

15.52 0 0

0 21.62 0.194–

0 0.194– 15.23

0.57 4.21
4–×10 4.86

2–×10–

4.21
4–×10 0.72 5.8

3–×10–

4.86
2–×10– 5.8

3–×10– 0.45

q
q13

q4

=

q13

q1

q2

q3

n̂ θ( )sin⋅= =

q4
θ
2
--- 

 cos=
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where is aunit vectorcorrespondingto theaxisof rotationand is theangleof rotation. In Wertz
[37] thequaternionkinematicequationsof motionarederivedby usingthespacecraft’sangularve-
locity,

(3.4)

Thedynamicequationof motion,alsoknownasEuler’sequation,for arotatingspacecraftis given
by

(3.5)
where is thetotalsystemangularmomentum,u is thetotalexternaltorque(whichincludes,control
torques,aerodynamicdragtorques,solarpressuretorques,etc.). In addition,theangularvelocity
from of Euler’s equation (given below) could be used.

(3.6)

where J is the inertia matrix of the spacecraft, and u is the total torque.

n̂

q̇
1
2
---Ωq=

Ḣ ω H u+×–=

J ω̇ ω Jw×+ u=
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IV.  Controller Designs
Thissectionprovidestheformulationof theattitudecontrollersstudiedin thiswork. Thefirst con-
troller is thestandardquaternionfeedbackcontroller. Thesecondis theslidingmodeattitudecon-
troller. Third is fuzzy logic PD hybrid andthelast is a fuzzy sliding modecontrolhybrid. These
algorithmsarechosenbecauseof theirpotentialandrobustness.This initial work will thebasisof
future works in robust intelligent attitude control.

Proportional Derivative Control

In moderncontrol theoryoutputfeedbackcontrol is oneof themostpracticalandusedschemes.
However,it cannotarbitrarily placeall of thepolesof thesystem.If thesystemis observableand
controllable,thismethodis quiteadequateto meettheneedof manyexistingapplications.In atti-
tudecontrol,quaternionfeedbackcontrol is well suitedfor onboardreal-timecontrol dueto the
computationalefficiencyof quaternions.Thismethodfeedsbackbothattitudeandangularveloc-
ity. Thereforeallowing for full controlauthority(poleplacement).ThequaternionbasedPD con-
troller defined by Bong Wie [38] is

(4.1)

where is thequaternionerrorand is theangularvelocityerrorin thesystem.Wie lists

four differentcontrollersgains(for thesamecontrolstructure),wherethepositivescalarvaluesfor
K, ,  and c are obtained via simulation (trial and error).

Controller 1:

Controller 2:

Controller 3:

Controller 4:

wherek is a scalarandI is the identity matrix. In quaternionsspace,the error is determinedby
multiplying the inverse of the commanded attitude quaternion by the current attitude quaternion.

(4.2)

u K qerror C ωerror⋅–⋅–=

qerror ωerror

α β

K kI= C diag c1 c2 c3, ,( )=

K
k

q4
3

-----= C diag c1 c2 c3, ,( )=

K k sign q4( )I⋅= C diag c1 c2 c3, ,( )=

K αJ βI+[ ] 1–= K 1– C 0>

qerror qcommanded
1– qcurrent⋅ qc

1– q⋅= =
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(4.3)

Oncethequaternionerrorandtheangularvelocityerrortermsaredetermined,thecontroleffort is
determinedby equation4.1. In thecurrentformulation,thecontroleffortsaredecoupledandK, C
canbewrittenasdiagonalmatrices.In addition,thegainsof thiscontrollerareconstantanddonot
accountfor uncertaintiesor variationsin thesystemdynamics.Thenextcontrollerinvestigatedcan
account for uncertainties and is formulated for nonlinear systems.

Sliding Mode Control

SlidingModeControl,which is avariablestructurecontrolscheme,is morethanapromisingtech-
niquein thefield of non-linearcontrol. It permitstherealizationof very robustandsimpleregula-
tors, with appealingcharacteristics.It utilizes model and uncertaintyinformation (bounds)to
obtainhigh accuracyrobustperformancein a varietyof applications. In this work, sliding mode
control is appliedto attitudecontrol. This formulation,which is a full-statefeedbacktechnique,
utilizes theexistingdynamicmodelandcompensatesfor uncertaintywhile formulatinga control
effort that tracksthe desiredtrajectories. The equationsof motion for a satellite’sattitude(in
quaternion space) are given by [38].

(4.4)

(4.5)

where:

f in theequation4.4representsthemodellingerrorandpotentialdisturbancesin thesystem.q is a
vectorcomposedonly of the threefunctionalelementsof a quaternion. In theoriginal controller
formulationasecondordermatrixrepresentationis utilized(two first orderequations,n = 2). How-
ever,in thiswork, wecantakethestatevariablex to betheeulerangleorientation,andequatethis
to q (see Appendix A for derivation).

qerror

q4c q3c q– 2c q– 1c

q– 3c q4c q1c q– 2c

q2c q– 1c q4c q– 3c

q1c q2c q3c q4c

q1

q2

q3

q4

⋅=

J ω̇ ΩJω f u+ +=

q̇
1
2
---Ωq

1
2
---q4ω+=

Ω
0 ω3– ω2

ω3 0 ω1–

ω2– ω1 0

= q

q1

q2

q3

=
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(4.6)

Thus the sliding surface (s) is given by [39].

(4.7)

where

(4.8)

In orderto calculatetheequivalentcontroleffort ( ), we needto takethederivativeof thesliding
surface and set it equal to zero.

(4.9)

Now multiplying bothsidesby theinertiamatrix (J) will allow usto substitutein theequationsof
motion (4.4 and 4.5).

(4.10)

(4.11)

Thehatoverparticularvariablesdenotesthattheyareestimates.In reality,wemaynotaccurately
knowthetrueinertiamatrix. Assumingapointingmaneuver,thereis nodesiredangularaccelera-
tion or velocity.   Therefore,

Howeverfor tracking,oneor bothof thesetermswould exist,but herethederivationis only for
pointing so those terms drop out.

(4.12)

Now solving for the equivalent control effort from equation 4.8 yields.

(4.13)

 where

x

θx

θy

θz

2

qx

qy

qz

⋅= =

s
td

d λ+ 
  n 1–

x̃ x̃̇ λ x̃+ ω̃ λq̃+= = =

x̃ x xdesired–=

û

ṡ ω̇̃ λ q̃̇+=

J ṡ Ĵ ω̇̃ λĴ q̃̇+ Ĵ ω̇ λĴ q̇ Ĵωdesired λĴ q̇desired––+= =

J ṡ ΩĴω f̂ û λĴ q̇ Ĵ ω̇desired– λĴ q̇desired–+ + +=

ω̇desired q̇desired 0= =

J ṡ ΩĴω f̂ û λĴ q̇+ + + 0= =

û Ω– Ĵω f̂– λĴ q̇–=
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(4.14)

(4.15)

Finally, the sliding mode control effort is given by

(4.16)

(4.17)

where is definedaszeroin our formulation. However,otherapplicationsutilize this asa sec-
ondarytuningparameter.If we examineequation4.13,[26] refersto the first andthird termsas
feed forward adaptive terms.  While the second term has a PD structure.  Thus,

TheK term in equation4.17,is definedbasedon themagnitudeof theuncertainlyin themodel.
This switchingtermprovidestheappropriatecontrolactionto quickly drive the trajectoriesback
ontotheslidingsurface.Unlike otherworks,thesignfunctionis replacedby asaturationfunction.
Sincerealactuatorsdonothaveaninfinite bandwidth,onecanexpectto getchatterduetheuseof
thesignfunction. Thesaturationfunctionnotonly smoothnessthecontrolresponse,it alsoreduces
the amount of fuel used by the controller.

Fuzzy Logic Control

IntroductionThissectionfurnishesthebasicformulationandstructureof aSISOfuzzycontroller.
Next,a descriptionof themethodusedto extendtheSISOfuzzy controllerto a MIMO controller
is given.  Finally, the stability and robustness of the controller are examined.

ThefuzzyattitudecontrollerutilizesthesamerulesandstructuresasWalchkoet al [7] which was
usedto controlvariouslinearsystems.Therule basewasdevelopedby first designinga conven-
tional PID controllerusingtheroot locusmethod,andformulatingtherelationshipbetweenerrors
(error,integralof error,andderivativeof error)andthecontrol. Thefirst setof ruleswasconstruct-
ed to mimic this relationship.

Like theconventionalPID, the fuzzy PID hybrid consistsof threeinputs(error, integralof error,
andderivativeof error)andoneoutput(controleffort). Sincethisis amulti dimensionalfuzzycon-
troller, it is very difficult to display the rule tables. Thus,only somethe possibleruleswill be
shown. Therule tablesfor thecontrollerareshownbelowin Table4-1,whereNEG,SN,SSN,Z,
SSP,SP,POSarenegative,smallnegative,smallsmallnegative,zero,smallsmallpositive,small
positive, positive respectively:

f̂ αĴ s αJ ω̃ λq̃+( )= =

F f̂ f– J̃ s= =

u û K sat s( )⋅–=

K F η+ J̃ s= =

η

α kD≈ λ TD≈
kD

k p
------=
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Table 4-1:Fuzzy PID controller output for selected inputs

INT /
ERROR

NE
G

SN SSN Z SSP SP
PO
S

POS Z SSP SP POS POS POS POS

SP SSN Z SSP SP POS POS POS

SSP SN SSN Z SSP SP POS POS

Z NEG SN SSN Z SSP SP POS

SSN NEG NEG SN SSN Z SSP SP

SN NEG NEG NEG SN SSN Z SSP

POS NEG NEG NEG NEG SN SSN Z

Table 4-2:Fuzzy PID controller output for selected inputs

DER /
ERRO

R

NE
G

Z POS

POS POS POS POS

SP SP SP POS

SSP SSP SSP POS

Z Z Z Z

SSN NEG SSN SSN

SN NEG SN SN

NEG NEG NEG NEG

Table 4-3:Fuzzy PID controller output for selected inputs

INT /
DER

NE
G

Z POS

POS POS POS POS
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Figure 4-1.  Control surface for fuzzy logic controller.

Extension of the SISO Fuzzy Hybrid Scheme to MIMO Applications
ThefuzzyPID controllerwasoriginally designedfor SISOsystems.In orderto applyit to thesat-
ellite problem,a techniqueto extendtheSISOschemeinto themulti input realmmustbedevel-
oped. This conversion(or extension)canbeaccomplishedthroughthemanipulationof theerror
vector,which is usedto definethedirectionandmagnitudeof thecontroleffort to reducetheerror
in aminimalamountof time. Themotivationandtheformalizationof this techniquearegivenbe-
low.

Theerrorusedby the initial fuzzy PD controlleris a scalar. However,in theMIMO case,it is a
vector. In orderto maintainthefuzzy PID structure,thevectoris transformedinto a scalarrepre-

SP SP POS POS

SSP SSP SP SP

Z Z Z Z

SSN SN SN SSN

SN NEG NEG SN

NEG NEG NEG NEG

Table 4-3:Fuzzy PID controller output for selected inputs

INT /
DER

NE
G

Z POS
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sentation.Thisscalarrepresentationis usedto calculatetheMIMO controleffort. Thetransforma-
tion is based on the norm of the error vector.

This scalarrepresentationis usedby the fuzzy inferencesystemto determinecontrolmagnitude,
which is usedalongwith a givendirectionto createtheMIMO controlvector.Thecontroleffort
levelmustbebasedon theratiosof theerrormagnitudes,whicharedefinedby thedirection. This
directionis thenormalizederrorvector,which accountfor different levelsof possibleerrors. For
example,if thefirst elementwas.001andthethird elementwas4000,theinput errorto thefuzzy
controllerwould bedominatedby 4000andtheoutputcontroleffort would belarge. This would
result in over controlling of the system, or result in instability.

Thecontroleffort vectoris definedby magnitudeanddirection. Thisrelationshipis usedto extend
the single control effort to multi output control effort.

Sincethe fuzzy input is alwayspositive,thecomplexityof the fuzzy inferencesystemis signifi-
cantlyreduced.Thenumberof rulesis cut in half, whichalleviatestheneedfor all of thenegative
MF’s ontheinputsandoutput(it is importantto rememberthisfactwhenwediscussstabilitylater).
This doesnot meanthat therewill neverbea negativecontroleffort. Negativesarereintroduced
back into the system by the direction vector.

Is This Stable?
Thenextsectionaddressestheissueof stabilityandrobustnessof thecontroller. Thestabilitywill
beexaminedvia Liapunov. For SAMPEX, or thestandardsmall spacecraftcontrolproblem,the
dynamics and control is given by

(4.18)

(4.19)

(4.20)

The following Liapunov function is chosen.

(4.21)

Upon simplification

e Fuzzy scalar( )⇒

direction
e
e
-----=

u u fuzzy direction⋅=

q̇ q ω⋅=

J ω̇ Ḣ ω x⋅( )H= =

u K p– qref( )T q⋅ KD ω 0–( )–=

V
1
2
---ωT Jω 1

2
--- K p q qref–( )T q qref–( )( )+=
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(4.22)

V is alwayspositiveaslong asKp is positiveandV dot is alwaysnegativeaslong asKp andKd
arepositivewhich weredeterminedearlierto be thecriterianeededfor stability. This is easyto
verify, sinceit wasstatedin the beginningthat the magnitudeof the error vectoris sentinto the
fuzzy controller(alwaysa positivevalue)andthusalwaysa positivevaluewill emergefrom the
fuzzy controller.  Therefore, the system is stable and robust.

Fuzzy Sliding Mode Control
This sectiondiscussesthefuzzy sliding modecontrollerpresentedin this research.Sincesliding
modeandfuzzylogic havealreadybeenintroduced,thissectionwill bebriefly describetheformu-
lationof thisnewhybrid. Theblendingof fuzzy logic andslidingmodeoccursin Eqn.4.16where
theK termis replacedbyafuzzyinferencesystemratherthanaderivedexpressionfor K. Theinput
to theinferencesystemis quaternionerrorandit’s derivative. Theseinputsprovideaaccuratede-
scriptionof the stateof the systemdynamics. Therefore,rulesassociatedwith the accuracyand
speedof convergencecanbe formulated. The rule baseandcontrol surfaceareshownbelow in
Table 4-1 and Figure 4-2.  Note that Z is zero, S is small, M is medium, and L is large.

Thefuzzypartof thefuzzyslidingmodecontrolleris only basedon theerrorandthederivativeof
theerror. Also sincetheK termof aslindingmodecontrolleris supposedto alwaysbepositive(for
stability reasons), the fuzzy part always returns a positive result.

Robustness (Generic)
Sincethe intertiamatrix of thesatelliteis usedin the formulationof thecontroller,thecontroller
will beableto successfullyoperateacrossawide rangeof satellites.Sincethecontroleffort is es-
sentiallyscaledby theintertalmatrix. Thefuzzypartof thecontrollerdoesnotdependonsizeand
is genericin its ability to controlsatellites.Theinitial performanceof thecontrollerto a newsat-
ellite is goodconsideringit wasnot initially testedon thespacecraft.However,aswith all off the

Table 4-1:Fuzzy sliding mode rule base

DER /
ERROR

Z S M L

Z Z S S M

S S S S M

M M M M M

L L L L L

V̇ K p– ωT I qref( ) KDωT ω–=
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racktypes,it canbetailoredto specificsatellites.Theperformancecanbetunedhowever,by the
incorporation of an auto-tuning method which would be able to increase performance.

Figure 4-2. Fuzzysliding modecontrolsurfacewhich replacesthe
constantgainK in traditionalslidingmodecontrol. Notethattheout
put of thefuzzy logic partis alwayspositive,which is a requirement
for K for stability reasons.
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V.  Simulation Results
This sectiondiscussestheresultsof this work. First will bea shortdescriptionof thingsthatdid
not work, and then the results of various simulations of the proposed hybrid controller.

Reinforcement Learning

Eventhoughfuzzy logic hasbeenshownto havegenericcontrolcapabilities,it still needsadjust-
mentof variousparametersto resultin betterperformance.Initially, reinforcementlearning(RL)
washopedto providethis capabilityof autotuning,andwasbasedon thework doneby Benjius
[21]. HowevertheequationsBenjiususedto updatehisfuzzylogic controllerdid not improveper-
formance at all, and usually deteriorated performance.

Sincewewereunableto getRL to work properlywith fuzzylogic,astepbackto asimplerproblem
wastakenin hopesof discoveringwhatwasbeingdonewrong. Q-learningwasusedto try to find
anoptimalPD gainmappingat eachstate. Thestatewasthequaternionerrorandtheactionwas
thePD gain. Intuitively onewould expectthatat largequaternionerrorsRL would producelarge
PD gains,andin stateswith smallquaternionerrorsRL would producesmallPD gains. However
thiswasnotthecase.RL producedmappingsthatdid notseemlogicalandproducedpoor(unstable
sometimes) responses.  After many weeks, RL was abandoned.

After looking throughseveralbooksandpapers,RL is typically usedin different situationsthan
whatwe attemptedto useit in. Therearenumerousexamplesof RL beingusedin pathplanning,
or decisionmakingin robotics. However,all of theseexamplesarein situationswheretrial and
errorhastheworstoutcomeof a robotbumpinginto awall, notgoingunstableandbecomingmil-
lionsof dollarsworthof spacejunk. Uponfurtherexaminationof Benjius’swork,hedeviatesfrom
thestandardQ-learningframework. Also, hestartsoff with a fuzzycontrollerthatperformshorri-
bly andis ableto controloneattitude(ie. eitherroll, yaw,or pitch)only. His RL schemeresultsin
afuzzycontrollerthatperformsmuchbetterthanit startedoff as,but theperformanceis still poor.

Other Things Tried

Originally, it washopedthatthefuzzyMIMO controllerwouldbeableto controlthedifferentsat-
ellitessinceit is a modelindependentcontroller. A significantamountof time wasspenton RL,
alreadydiscussedabove,andalsoembeddingotherinformationinto the fuzzy controllerin order
to get the desired response.

Oneof themanymethodstriedwasavariableTD termin thefuzzyPDcontroller. TheTD termis
basicallya weightingfactor thatdecideswhich error (i.e. positionor velocity) is moreimportant.
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Variousattemptsweremadeto enablethefuzzycontrollerto generatenotonly acontroleffort but
alsoaTD termateachtimestep. Basicallythelogic wasthatthepositionalerrorwasmoreimpor-
tantin theinitial stagesof astepresponse,butasthaterrordecreasedto acertainlevel, theimpor-
tanceof thevelocityerrorwouldstartto becomemoreimportant.Theresultsof thiswork werenot
fruitful.  Eventually it was abandoned.

Simulation

In orderto testthegenericcapabilitiesof thefuzzyslidingmodecontroller,threetestsatellitesthat
haddifferentinertiamatriceswerechosen.All controllers(i.e.PD,fuzzy logic, slidingmode,and
fuzzyslidingmode)wereoriginally designedfor themiddlesizedsatelliteSAMPEXandthenap-
plied to thesmallerSMART andlargerMAP satellitewith noredesignof thecontroller. Theonly
changewasfor theslidingmodecontrollers,theinertiamatrix for thedifferentsatelliteswasused.
Thereasonthat theinertiamatrix for thecorrectsatellitewasused,is becauseit is approximately
knownbeforehand. Thusfor eachsection,theapproximateinertiamatrix usedin thatsimulation
is given. Note that the inertiamatrix usedis not the true inertiamatrix of thesystem,just anap-
proximate uncouple inertia matrix.

Eachsimulationwasconductedin Matlab5.3andrunfor 1000seconds(16.6minutes)usingafixed
stepRunge-Kuttaalgorithmwith thetimestepsetto onesecond.Thesatellitewascommandedto
follow the eiganvalue path of:

(5.1)

whichwasthenconvertedinto quaternions.Thedesiredvelocitywasthetimederivativeof theat-
titudepathandthemagnitudeof thevelocity in eitherroll or pitch did not exceed.009rads/sec.
Thismagnitude,incidentally,waswell belowthemaximuminputlevel in thefuzzylogic controller
which was.5 rads/sec.Two simulationwereconducted,onewith a normalgaussiannoiseadded
(.001*N[0,1]) into thestatefeedbackof thequaternions(andthenrenormalized)andasecondsim-
ulation with a disturbance add to the equations of motion.

Also in Figure5-1below,noticethattheoutputof thecontrolleris saturatedby adifferentamount
for eachsatellite. An attemptwasmadeto determinewhat themaximumcontrolefforts for each
satellitewhere,but only SMART’s wereeasilyavailable. Both MAPs andSAMPEX weregiven
arbitrary limits.

φ
θ
ψ

2πt
700
--------- 

 sin

2πt
700
--------- 

 sin

0

=
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Figure 5-1. Block diagram of signal flow.

In orderto quantify the resultsof all controllers,eachsimulationwill presenttheamountof fuel
consumedduring the maneuverand the integral time absoluteerror (ITAE). This performance
measurewasusedbecauseinitial errorsareweightedlessthanerrorsthatoccurlateron in thesim-
ulation.

(5.2)

SAMPEX Satellite Results

Theslidingmodecontrollers(fuzzyandnormal)usedthefollowing estimatedinertiamatrix to de-
termine their control efforts.

(5.3)

Note that this matrix is different from the correct inertia matrix given for SAMPEX. Also,
SAMPEX was assumed to be capable of producing .01 N-m of torque from its reaction wheels.

Normal
Thefollowing simulationwasconductedundernormalconditions(in theabsenceof noiseanddis-
turbance).Eachof thecontrollers’responsesto following thepathprovidedis shownbelow. Also,
the individual control efforts (u1-3) and the norm of the control effort are shown.

Desired
Path Controller Satellite

Disturbance

Noise

ITAE t error⋅( ) td

0

t

∫=

Ĵ
15 0 0

0 21 0

0 0 15

=
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Figure5-2. Quaternionstatesandcontroleffortsfor thefuzzyslid-
ing mode.

Figure 5-3. Quaternionstatesandcontrol efforts for thesliding
mode controller.
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Figure 5-4. Quaternionstatesandcontroleffortsfor thefuzzy logic
controller.

Figure5-5. Quaternionstatesandcontroleffortsfor thePDcontrol-
ler.

Noise
Next noise was introduced in to the quaternion feedback to simulate sensor noise.
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Figure 5-6. Quaternionstatesandcontroleffortsfor thefuzzy slid-
ing mode controller in the presents of noise.

Figure5-7. Quaternionstatesandcontroleffortsof theslidingmode
controller in the presents of noise.
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Figure 5-8. Quaternionstatesandcontroleffortsof thefuzzy logic
controller in the presents of noise.

Figure5-9. Quaternionstatesandcontroleffortsof thePDcontroller
in the presents of noise.

Disturbance
Thedisturbanceaddedinto thesystemfor theSAMPEX satellitewas.005N-m which is 50%of
the maximum control effort SAMPEX was capable of.
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Figure 5-10. Quaternionstatesandcontroleffortsof thefuzzy slid-
ing mode controller with a disturbance.

Figure 5-11. Quaternionstatesand control efforts of the sliding
mode controller with a disturbance.
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Figure5-12. Quaternionstatesandcontroleffortsof thefuzzy logic
controller with a disturbance.

Figure5-13. Quaternionstatesandcontroleffortsof thePDcontrol-
ler with a disturbance.

SAMPEXControllerSummaryIn eachof thetwo typesof simulations,thefuzzyslidingmodecon-
troller providedbetterperformance,but at a costof a higherfuel consumption.Thesliding mode
controllerwasvery closebehindtheperformanceof thefuzzy sliding mode,while boththefuzzy

0 2 4 6 8 10 12 14 16 18
−0.5

0

0.5

1

Q
u

a
te

rn
io

n
 S

ta
te

s

Time (min)

Student Version of MATLAB

0 2 4 6 8 10 12 14 16 18
0

0.005

0.01

0.015

0.02

C
o

n
tr

o
l E

ff
o

rt
 N

o
rm

Time (min)

0 2 4 6 8 10 12 14 16 18
−0.01

−0.005

0

0.005

0.01

C
o

n
tr

o
l E

ff
o

rt

Student Version of MATLAB

0 2 4 6 8 10 12 14 16 18
−0.5

0

0.5

1

Q
u

a
te

rn
io

n
 S

ta
te

s

Time (min)

Student Version of MATLAB

0 2 4 6 8 10 12 14 16 18
0

0.005

0.01

0.015

0.02

C
o

n
tr

o
l E

ff
o

rt
 N

o
rm

Time (min)

0 2 4 6 8 10 12 14 16 18
−0.01

−0.005

0

0.005

0.01

C
o

n
tr

o
l E

ff
o

rt

Student Version of MATLAB



MAP Satellite Results 41

controllerandthePD controllerwherebringingup therear. Thefuel is representedin N-m-min-
utes.

MAP Satellite Results

TheMAP satellitewasassumedto beableto produceamaximumof .2 N-m of torquefrom its re-
action wheels.  The estimated inertia matrix used in the sliding mode controllers is shown below.

(5.4)

Also,dueto MAP beingalargersatellite,thefuel consumptionwill belargerthaneitherSAMPEX
or SMART while the ITAE is approximately the same.

Normal
Both the fuzzy andPD controllerswereunableto properlycontrol theMAP satellitefollowing a
pathwithout a disturbanceor noisepresent. Thusonly the sliding modecontrollerswill be dis-
cussed in this section.

Table 5-1:SAMPEX

Simulations
Fuzzy

Sliding Mode
Sliding Mode Fuzzy Logic PD

Normal [IT AE] 15,425 15,581 22,060 22,128

[Fuel] 2.96 2.90 2.35 3.45

Noise [ITAE] 15,640 15,858 21,506 22,282

[Fuel] 3.55 3.47 2.64 2.57

Disturbance
[ITAE]

15,830 16,040 22,293 22,485

[Fuel] 4.84 4,78 4.21 4.22

Ĵ
399 0 0

0 377 0

0 0 377

=
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    (a)                                                                          (b)
Figure 5-14. The (a) Fuzzyand(b) PD controllerswereunableto
follow the desired states in normal conditions.

Noise
Noise was introduced into the feedback quaternion states, simulating sensor noise.

Figure5-15. Quaternionstatesandcontroleffortsfor thefuzzyslid-
ing mode controller in the presents of noise.
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Figure 5-16. Quaternionstatesand control efforts for the sliding
mode controller in the presents of noise.

Disturbance
The disturbance injected into the system was .1 N which is 50% of the maximum control effort.

Figure5-17. Quaternionstatesandcontroleffortsfor thefuzzyslid-
ing mode controller with a disturbance.
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Figure 5-18. Quaternionstatesand control efforts for the sliding
mode controller with a disturbance.

MAP Summary
Again,theslidingmodecontrollerswerecapableof providingthepropercontrolto follow thepath,
while both the fuzzy logic andthe PD controllerwereunableto. Onceagain,the fuzzy sliding
modeprovidedbetterperformanceatthecostof aslightly higherfuel consumption.Thefuel is rep-
resented in N-m-minutes.

Table 5-1:MAPS

SMART Results

Themaximumcontroleffort for thissatellitewas7.5E-4N-m. Theinertiamatrixusedfor bothof
the sliding mode controllers is shown below.

Simulations
Fuzzy

Sliding Mode
Sliding Mode

Noise [ITAE] 15,924 16,072

[Fuel] 86.62 77.42

Disturbance [ITAE] 15,391 15,954

[Fuel] 103.03 102.00
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(5.5)

Normal
Neitherthefuzzy or thePD controllerwereableto properlycontrol thesatelliteto follow thede-
sired path.  Thus no discussion of them will be present in this section.

    (a)                                                                      (b)
Figure 5-19. The (a) Fuzzyand(b) PD controllerswereunableto
control the MAP satellite under normal conditions.

Noise
Theresultsfor thefour controllersin thepresentsof noiseon theSMART satelliteareshownbe-
low.
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Figure 5-20. Quaternionstatesandcontroleffortsfor Fuzzysliding
mode controller in the presents of noise.

Figure 5-21. Quaternionstatesand control efforts for the sliding
mode controller in the presents of noise.

Disturbance
Theresultsof thefour controllersin thepresentsof adisturbanceis shownbelow. Thedisturbance
was3.5E-4N-m whichis 50%of themaximumcontroleffort thatSMART wascapableof produc-
ing.

Figure5-22. Quaternionstatesandcontroleffortsfor thefuzzyslid-
ing mode controller with a disturbance.
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Figure 5-23. Quaternionstatesand control efforts for the sliding
mode controller with a disturbance.

SMART Summary
ThePDandfuzzy logic controllerswerenotableto properlycontrolthesatellite,thuseliminating
themastruly genericcontrollers.Bothof theslidingmodecontrollerswereableto properlycontrol
thesatellitewith thefuzzyslidingmodecontrollerprovidingbetterperformanceatalmostnoaddi-
tional cost of fuel consumption. The fuel is represented in N-m-minutes.

Table 5-1:SMART

Simulations
Fuzzy

Sliding Mode
Sliding Mode

Noise [ITAE] 16,074 16,374

[Fuel] .12 .12

Disturbance [ITAE] 17,801 18,148

[Fuel] .26 .26
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VI.  Conclusions
Throughoutthe testsimulationsof noiseanddisturbancefor all threetestspacecraft,the sliding
modecontrollerswereableto provepropercontrol. Thefuzzylogic slidingmode,wasableto pro-
videbettercontrolthantheregularslidingmode,butat thepriceof ahigherfuel consumption.The
fuzzylogiccontrollerandthePDcontrollerperformedonanevenfooting,with thefuzzylogiccon-
troller achievingaslightadvantageoverthePDcontroller. However,neitheroneof thesetwo con-
trollers were able to properly control anything other than the SAMPEX satellite.

Thefuzzyslidingmodealsohasthedrawbackof beingmuchmorecomputationallyexpensivethan
theclassicalslidingmodecontroller. However,thiscaneasilybeovercomeby partitioningthein-
put andoutputspaceof the fuzzy controllerinto a look up table(i.e. similar to gainscheduling).
This method is common in reducing the computational expense of fuzzy logic.

Overall,fuzzy logic did not reachthelevelof performanceexpectedin theoutsetof thisproject. It
wasbelievedthat fuzzy logic, which is modelindependent,would providea muchbetterperfor-
mancewith muchlessdesigntime. This washowevernot thecase. Significantdesigntime still
went into designingthe fuzzy logic controllerand the fuzzy sliding modecontroller,with only
slightly betterperformance.In fact,fuzzyslidingmodehadto beutilizeddueto thefact thatfuzzy
logic alonedid not accomplishthe desiredresults. In conclusion,sliding modewith or without
fuzzy logic, was capable of performing generic control across very different spacecraft.

Finally, somelevel of adaptationwould needto beincorporatedinto thecontrollerto estimatethe
inertia matrix in order to truly providegenericcontrol. Originally this wasgoing to be accom-
plishedby RL, but it couldalsobeprovidedby currentadaptivecontrol theorysuchaswasdone
by Ahmed et al [40] or the use of a kalman filter.



49

VII.   References
1. Wie, B., andBarba,P., “QuaternionFeedbackfor SpacecraftLargeAngle Maneuvers,” Jour-

nal of Guidance, Control and Dynamics, Vol. 8, No. 3, May-June 1985, pp. 360-365.
2. Crassidis,J.L., andMarkley, F.L., “Predictive Filtering for Attitude EstimationWithout Rate

Sensors,” Journalof Guidance,Control andDynamics,Vol. 20, No. 3, May-June1997,pp.
522-527.

3. Sakkas,Chris, “An Introductionto FuzzyLogic,” Circuit Cellar INK, Issue#75,Oct. 1996,
pp. 12-14.

4. Zedah,L. A., “Fuzzy Control: A PersonalPerspective,” Control Engineering,July1996,pp.
51-52.

5. Sibigtroth, Jim, “Fuzzy Logic for EmbeddedMicrocontrollers,” Circuit Cellar INK, Issue
#56, March 1995, pp. 30-37.

6. Bartos,FrankJ., “Fuzzy Logic ReachesAdulthood.” ControlEngineering,July 1996,pp.50-
55.

7. Walchko, K., Petroff, N., Mason,P.A.C.,andFitz-Coy, N., “Developmentof aGenericHybrid
FuzzyController,” IntelligentEngineeringSystemsThroughArtificial NeuralNetworks,Vol.
8, 1998, pp. 214-218, St. Louis, MS.

8. Brehm,T., andKuldip, S.R., “Hybrid FuzzyLogic PID Controller,” IEEE InternationalCon-
ference on Fuzzy Systems, Vol. 3, 1994, pp. 1682-1687.

9. Brehm,T., andKuldip, S. R., “ProportionalFuzzyLogic Controller:ClassicalProportional-
Plus-Derivative Like Response,” IEEE International Conferenceon Systems,Man, and
Cybernetics, Vol. 3, 1995, pp. 2029-2033, Piscataway, NJ.

10. Gonsalves,P. G., and Caglayan,A. K., “Fuzzy Logic PID Controller for Missile Terminal
Guidance,” IEEEInternationalSymposiumonIntelligentControl- Proceedings,Vol. 1, 1995,
pp. 377-382.

11. Misir, D., Malki, H. A., andChen,G., “Design andAnalysisof a FuzzyProportional-Inte-
gral-Derivative Controller,” Fuzzy Sets and Systems, Vol. 79, 1996, pp. 297-314.

12. VonAltrock, Constantin,“PracticalFuzzy-LogicDesign,” Circuit CellarINK, Issue#75,Oct.
1996, pp. 16-20.

13. BrehmandRattan,“Hybrid FuzzyLogic PID Controller,” IEEE InternationalConferenceon
Fuzzy Systems, Vol.3, 1994, pp. 1682-1687.

14. Misir, D., Malki, H. A., Chen,G., “Design andAnalysisof a FuzzyProportional-Integral-
Derivative Controller,” Fuzzy Sets and Systems 79 (1996) 297-314.



50 VII.  References

15. Woodard, M., “Fuzzy Open-Loop Attitude Control for the FAST Spacecraft,” http://
fdd.gsfc.nasa.gov/ mwoodard/aiaa_96/aiaa_96.html.

16. Steyn, William H., “Comparisonof Low-Earth-OrbitSatelliteAttitude ControllersSubmitted
to Controllability Constraints,” Journalof Guidance,Control andDynamics,Vol. 17, No. 4,
July-Aug 1994, pp. 795-804.

17. Steyn, William H., “Fuzzy Control for a Non-LinearMIMO PlantSubjectto Control Con-
straints,” IEEE Transactionson Systems,Man, andCybernetics,Vol. 24, No. 10, Oct. 1994,
pp 1565-1570.

18. Ju, M. S. and Yang,D.L., “Design of Adaptive Fuzzy ControlsBasedon Natural Control
Laws,” Fuzzy Sets and Systems, 81(1996), pp. 191-204.

19. Lo, J.C. andYang,C. H., “A HeuristicError-FeedbackLearningAlgorithm for FuzzyModel-
ling,” IEEE Transactionsof Systems,Man andCybernetics,Vol. 29, No. 6, November1999,
pp. 686-691.

20. Guo, J. and HaungS. H., “Control of an AutonomousUnderwater Vehicle TestbedUsing
FuzzyLogic andGeneticAlgorithms,” Proceedingsof the1996Symposiumon Autonomous
Underwater Vehicle Technology, June 2-6, 1996, Monterey, California, pp.485-489.

21. Buijtenen,W. M., Schram,G., Babuska,R., andVerbruggen,H. B., “Adaptive FuzzyControl
of SatelliteAttitude by ReinforcementLearning,” IEEE Transactionson FuzzySystems,Vol.
6, No. 2, May 1998, pp. 185-194.

22. Visoli, Antonio, “Fuzzy Logic BasedSet-PointWeight Tuning of PID Controllers,” IEEE
TransactionsonSystems,Man,andCybernetics,Vol. 29,No. 6, November1999,pp.587-592.

23. Erbatur, K., Kaynak,O., Sabauouoc,A. and Rudas,I., “Fuzzy ParameterAdaptationfor a
SlidingModeControllerasApplied to theControlof anArticulatedArm, “Proceedingsof the
1997IEEE InternationalConferenceon RoboticsandAutomation,Albuquerque,New Mex-
ico, April 1997, pp. 817-822.

24. Lo, S.andChen,Y., “SmoothSlidingModeControlfor SpacecraftAttitudeTrackingManeu-
vers,” Journalof Guidance,Control,andDynamics,Vol. 18,No. 6, Nov.-Dec.1995,pp.1345-
1348.

25. Coleman,C. P. andGodbole,D., “A Comparisonof Robustness:FuzzyLogic, PID, & Sliding
Mode Control,” Proc. of 3rd IEEE Intl. Conf. On Fuzzy Systems, pp. 1654-1560.

26. Cristi, Roberto,Burl, Jeffery, andRusso,Nick, “Adaptive QuaternionFeedbackRegulation
for EigenaxisRotations,” Journalof Guidance,Control andDynamics,Vol. 17, No. 6, Nov-
Dec 1994, pp. 1287-1291.

27. Mason,P., andWalchko, K., “Fuzzy Gain Schedulingfor SatelliteAttitude Control,” to be
publishedin the Proceedingsof the Flight Mechanics/EstimationTheorySymposium,God-
dard Space Flight Center, Greenbelt, MD, 1999.

28. Walchko, K., “Developmentof a FuzzyLogic MIMO Controller for SatelliteAttitude Con-
trol,” Master’s Thesis, University of Florida at Gainesville, May, 1999.

29. Gulley, N., andRogerJang,J. S. FuzzyLogic Toolbox for usewith Matlab. Nortick, MA:
The MathWorks, Inc., 1995.



SMART Results 51

30. Petroff, N., Walchko, K., Mason,P.A.C., Reisinger, K.D., “NumericalStability Analysisof a
FuzzyController”, IntelligentEngineeringSystemsThroughArtificial NeuralNetworks,Vol.
8, 1998, pp. 219-224, St. Louis, MS.

31. Sio, K. C. andLee C. K., “Stability of FuzzyPID Controllers,” IEEE Transactionson Sys-
tems, Man, and Cybernetics, Vol. 28, No. 4, July 1998, pp. 490-495.

32. Sutton,RichardS. and Barto, Andrew G., ReinforcementLearning,An Introduction,The
MIT Press, 1998, p. 148.

33. Baker, D. N., Mason,G. M., Figueroa,O., Colon,G., Watzin,J.G., andAleman,R. M., “An
Overview of the Solar, Anomalous,andMagnetosphericParticle Explorer(SAMPEX) Mis-
sion,”  IEEE Transactions on Geoscience and Remote Sensing. Vol. 31 No. 3, May 1993.

34. Flatley, ThomasW., Forden,JosephineK., Henretty, DebraA., Lightsey, E. Glenn,Markley,
F. Landis, “MME-Based Attitude DynamicsIdentification and Estimationfor SAMPEX,”
Proceedingsof the Flight Mechanics/EstimationTheorySymposium,GoddardSpaceFlight
Center, Greenbelt, MD, 1990, pp.497-511.

35. Pastenea,M. andGrassi,M., “SMART Attitude AcquisitionandControl,” TheJournalof the
Astronautical Sciences, Vol. 46, No. 4, Oct. - Dec. 1998, pp. 379-393.

36. Rimrott, F. P. J., Introduction to Attitude Dynamics, Springer-Verlag, 1989.

37. Wertz,JamesR., SpacecraftAttitude DeterminationandControl,Boston:Kluwer Academic
Publishers, 1995.

38. Wie, Bong, “SpaceVehicle Dynamicsand Control”, AIAA EducationSeries,J. S. Prze-
mieniecki, 1998.

39. Slotine, Jean-Jacques E., Li, Weiping, Applied Nonlinear Control, Prentice Hall, 1991.

40. Ahmed,Jasim,Coppola,VincentT., andBernstein,DennisS., “Adaptive AsymptoticTrack-
ing of SpacecraftAttitude Motion with Inertia Matrix Identification,” Journalof Guidance,
Control, and Dynamics, Vol. 21, No. 5, Sept-Oct. 1998, pp. 684-692.

41. Kuipers, Jack B., Quaternions and Rotation Sequences, Princeton Univ. Press, 1999.

42. Crane,C., andDuffy, J., KinematicAnalysisof RobotManipulators,CambridgeUniversity
Press, 1998.

43. Kosko, Bart.  Fuzzy Engineering.  New Jersey:  Prentice Hall, 1997.

44. Reznik, Leonid, Fuzzy Controllers, Newnes, 1995.

45. Dorf, R., Bishop,R., ModernControl Systems,8th Ed. Menlo Park, CA: AddisonWesley,
1998.

46. Ogata,K., Modern Control Engineering,3rd Ed. Upper SaddleRiver, NJ: Prentice-Hall,
1997.



52

VIII.  Biographical Sk etch

Kevin J. Walchko

He wasbornon 1 Nov. 1972in Sarasota,FL. He attended
theUniversityof Floridafrom 1991-1997andreceivedaBS
degreein mechanicalengineering. Most of the research
Kevin hasdonewasin theareasof controlsanddynamics.
Specifically,Kevin hasfocusedon intelligentcontrolssuch
asfuzzylogicandneuralnetworks.Kevin receivedhismas-
ter’s degreein mechanicalengineeringSpringof 1999,and
will stayattheUniversityof Floridato completeaPh.D.de-
greein mechanicalengineering.Also duringthis timeperi-
od, Kevin was a memberof the Florida Army National
Guard.Kevinservedsevenyearsasacavalryscoutandrose
to therankof sergeant(E5). Most notablewashis service
duringbothhurricaneAndrewandOpalwhichhit theFlor-

idacoast.Kevin is alsoconcurrentlyworkingonamastersdegreein electricalengineering.He is
specializing in robotics and digital signal processing.



Quaternions 53

APPENDIX A:  Small Angle Approximation

Quaternions

Ref. [41] defines the euler angles to quaternion conversions as:

(A.1)

where

(A.2)

Now when the small angle approximation is taken on (A-1).
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APPENDIX B:  Attitude Repr esentations and Rotation
Matrices

Euler Angles

Euleranglesaretypically thoughof in termsof roll, pitch,andyaw. Thesetermsareshowngraph-
ically below.

Figure B-1. Spaceship with pitch, yaw, and roll

In orderto performtheseoperationsonthespacecraft,anattitudematrix(A) is usedto find thenew
orientationof thespacecraftgiven theold orientation. Givenbelowaretheattitudematricesfor
rotations about the x, y, and z-axes.

(B.2)

Roll

Pitch

Yaw

φ
θ
ψ

roll

pitch

yaw

=

Ax φ( )
1 0 0

0 φ( )cos φ( )sin

0 φ( )sin– φ( )cos

=
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(B.3)

(B.4)

Now, subsequentrotationsabouttheseprimaryaxescanbeaccomplishedby multiplying thema-
trices together.  Thus, successive rotations about the z-axis, x-axis, and y-axis are given by:

(B.5)

Quaternions

Quaternions,alsoknownasEulersymmetricparameters,aremoremathematicallyefficientwayto
computerotationsof rigid andnon-rigidbodysystemsthantraditionalmethodsinvolving standard
rotationalmatricesor Eulerangles.Quaternionshavetheadvantageof few trigonometricfunctions
neededto computeattitude. Also, thereexistsa productrule for successiverotationsthatgreatly
simplifiesthemath,thusreducingprocessorcomputationtime. Themajordisadvantageof quater-
nionsis thelack of intuitive physicalmeaning.Most peoplewould understandwherea point was
if theyweregiven[1 2 3], however,few wouldcomprehendwhereapointwasif giventhequater-
nion[1 2 3 4]. Thissectiondoesnotattemptto providetheextensiveunderstandingneededto em-
ploy quaternionsbut ratherasimpleintroduction. Furtherinformationcanbefoundin Wertz[37]
or Crane and Duffy [42].

Quaternion Algebra.
Thequaternionis composedof a scalaranda vectorpart. Thescalaris a redundantelementthat
prevents singularities from occurring since the four elements are all dependent upon each other.

(B.6)
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Rotations of rigid bodies in space.

In orderto performarotation( ) of arigid bodyaboutanarbitrarymoving/fixedaxis(e) in space,
where e is defined by

(B.7)

The quaternion representation of this operation is

(B.8)

(B.9)

Noticethatonly onesineandonecosinefunctioncall is neededto calculatea quaternion.While
eulerwould requirethreesineandthreecosinefunction calls,oneeachfor roll, pitch, andyaw.
Since trigonometric function calls are computationally expensive, this is a great savings.
The attitude matrix (A) for this is

Table H-1: Quaternion Algebra Summary
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(B.10)

Successiverotationscanbeaccomplishedby multiplying theattitudematricestogether.Thusfor
two successive rotations, the attitude matrix that would accomplish both would be:

(B.11)

Thus,theaboveequationwill providethequaternionwith thetwo successiverotationsalreadyem-
beddedinto it. Had the two eulerattitudematricesbeencalculatedandmultiplied together,that
would haveresultedin twenty-sevenmultiplicationoperationsratherthanthesixteenmultiplica-
tion operations from quaternion multiplication.

Hopefully it canbeseenthatquaternionsarebetterthanotherEuleroperationsto determineatti-
tude. Quaternionslack singularitiesdueto oneredundantelement. Theyalsolack thecomputa-
tionally intensivetrigonometricfunctions,andcontaina simplified way to determinesuccessive
rotations about an arbitrary axis.
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APPENDIX C:  Fuzzy Logic
Fuzzylogic wasbiologically inspiredby a world of living organismswhich do not facelife in the
classicalbinarylogic senseof trueor false. Living organismsdealwith sometimessubtle,gradual
changesof truth,wherethereis nocrispblackandwhite,but rathershadesof gray. Fuzzylogic is
amethodwhichallowscomputerstodeviatefrom theclassicalbinarydecisionmakingmethod,and
embrace the shades of gray world of human existence.

Fuzzylogic is avastandcomplextopic. Thus,thepurposeof thissectionis not to coverall aspects
of fuzzy logic, but ratherintroduceanunfamiliarreaderto theconceptof fuzzy logic andtherefore
lay afoundationfor materialthroughouttherestof thisreport. Formoreinformationonfuzzy log-
ic, the reader is referred to Kosko [43] and Leonid [44].

Classical and Fuzzy Set Theory

In the sectionsbelow,a descriptionof classicalsettheory,fuzzy settheoryandfuzzy logic asa
wholeis presented.With thisbasicunderstandingof thedifferencebetweenclassicalandfuzzy,a
better understanding of the under lying principles of fuzzy logic should emerge.

Classical Set Theory.
Classicalsettheoryis markedby a trueor false,onor off, 1 or 0 relationship.Thereis aclearand
unambiguousline in thesandwherefalseendsandtruthbegins.Forexample,if Y is aclassicalset
composed of real numbers whose value is greater than 10, then

                                                                     Y = {x | x > 10}

Thereis acrispboundarywhere10.00000doesnotbelongto Y, but10.0000001doesbelongto Y.
Thistypeof logic is simplefor computersto understandanduse,butclassicalsetsarenon-intuitive
to humans who do not see real life situations in black and white but rather shades of gray.

Fuzzy Set Theory.
Fuzzysettheoryon theotherhandis quitedifferentfrom theclassicalform. Fuzzysettheoryin-
troducestheseshadesof graythatis inherentto humanperceptionof everydaylife andallowscom-
putersto participatein this ambiguityof life. For example,supposethatY is thesettall treesand
x is theheightof anindividual treegreaterthantenmeterstall. Thenotationfor fuzzysettheoryis:
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Anotherexampleof fuzzysettheoryis, if fifty peoplewhereaskedwhattheyconsideredto befast
driving, therewouldbefifty differentanswers.Thisis becausethehumanexperienceis averysub-
jectiveone.Whatonepersonconsidersfast,someoneelsemightthink is toofastornotfastenough.
This also shows the shades of gray that humans see, but classically logical computers do not.

Fuzzy Rule Base
Now weneedto definetheframeworkfor howwearegoingto usefuzzy logic. Membershipfunc-
tionsarefuzzysets(asdescribedpreviously)andfuzzyrulesareamethodof joining setstogether.
A seriesof rulesdefinewhat is referredto astherule base. In controls,this would beyour input/
output control surface.

From the previousexamples,let X be the samplespace(universeof discourse)from which x is
drawnand whereY is a collectionof elementsof x. In theclassicalinstance,x will either
belongto or notbelongto Y. Thusfor eachelementx in X, asetof orderedpairswhichwill denote
the degree of membership, (x,0) and (x,1), can be constructed to represent the classical set Y.

Now in fuzzy logic, asimilarpairingwill occurto denotethedegreeof membershipwhengivena
fuzzysetY in X whereX containsacollectionof elementsof x. Now eachelementx in X canbe
mapped to Y by a set of ordered pairs:

where is themembershipfunction(MF) for fuzzy setY. TheMF will mapeachelementx

to a membership value between 0 (false) and 1 (true).

Fuzzy Inference Fuzzification and Fuzzy Reasoning.

Fuzzification
The fuzzy logic processstartswith obtainingsomecrispvaluesfrom userinput or sensoron the
systemthatis beingcontrolled. Thefirst thingthathasto bedoneis to fuzzify thesecrispnumbers
into fuzzynumbers.Thisprocessis of courseaccomplishedby useof theappropriateMFsto which
the crisp numbers belong.

Onceall of theinputsarefuzzified,therulesneedto beappliedto thenowfuzzynumbers.In fuzzy
logic, all rules are executed in parallel; thus no rules in the rule base are ever not evaluated.

Rules.
Fuzzylogic rulesdescribetherelationshipbetweentheinput andtheoutput,and(from a controls
standpoint)definesaninput/outputsurfaceof controleffort. Thissurfacehasbeenusedto quantify
stability by Petroff et al [30] of fuzzy controllers.  Fuzzy rules take the standard if then form, i.e.

Y µx 10> x( )=

Y X⊂

Y x µY x( ),( ) x Y∈{ }=

µY x( )
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                             IF (Y is x) then (B is a) IF (antecedent) then (premise)

wherex is aninput,Y andB areafuzzysets,anda is anoutput. A fuzzysystemcanhavemultiple
inputsandmultiple outputs(MIMO), wherethe inputsandoutputsarejoined togetherby ANDs
and ORs.

                IF (A is a) AND (B is b) AND (C is c) AND ... then (AA is aa) AND ...

In addition,manyotheroperatorscanbeusedtocombineandmanipulatefuzzyrules.Oneexample
is hedges(i.e. Not, Very, Somewhat,below,above,etc)[43]. Thesehedgeswill not bedescribed
here since they were not used in this work.

Defuzzification.
Oncethefuzzyreasoningiscomplete,afuzzyoutputcanbeproduced.However,thisoutputisonly
meaningfulto humansandnot to computersandotherclassicallogic equipment.Thus,a method
is necessaryto transformtheresultingfuzzyoutputinto acrispnumericaloutput. Thereareseveral
methodsto accomplishthis. Someof themostmeaningfulschemesaredescribedbelowandillus-
trated in Figure C-1.

Figure C-1. Comparison of various defuzzification techniques [29]

• Winner takes all / Singleton - this is the simplest defuzzification method to implement.  The
output MF with the highest membership wins.

• Mean of max (mom) - this is the average.
• Bisector of area - this is a partition of the resulting area into two regions.
• Centroid of area - this is the most popular defuzzification method.  This method finds the

center of mass of the output region.
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Theentireprocessis shownin FigureC-2. Then inputson the left arefuzzified by MFs. Then
eachof thefuzzified valuesis put into therulesthatproducem outputs. Eachof thesem outputs
arecombined(therearevariousmethods)andthe defuzzificationof the resultingareais found.
Now the whole process of fuzzification, rule application, and defuzzification can be put together.

Figure C-2. Fuzzy Logic from input to output [29]
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APPENDIX D:  Source Code

Main Program

% func( whatSimType, ControllerType, satellite,
%other)
%
%**********************************************
% kevin’s satellite simulator
%**********************************************
% Xn - current state [qn;Ln]
% qn - current quaternion
% Ln - angular momentum
%
%
% This simulation allows you to simulate
%attitude maneuvers on three different
%satellites, using three different controllers.
%It also allows you to do step or path
%following, with noise or disturbances
%included.
%
% misc variables:
% m - length of simulation in steps
% dt - time of each step (seconds)
% ii - current step
% tn - current time (seconds)
% e_p - attitude error of satellite
% e_i - integral of error
% e_d - velocity error of satellite
% uc - control effort
%
%
%********************************
% simulation types
%********************************
%  step - step
%  path - follows a path
%********************************
%
%********************************
% other
%********************************
%  normal - nothing
%  noise - includes noise
%  disturbance - includes disturbance
%********************************
%
%********************************
% satellites
%********************************
%   samepx

%   maps
%   smart
%********************************
%
%********************************
% controller types
%********************************
%  fuzzy - fuzzy controller
%  pd - normal PD controller
%  pid - normal PID controller
%  slide - sliding mode controller
%  fuzslide - fuzzy sliding mode controller
%********************************

function output=func(whatSimType,ControllerType,satel-
lite,other)

m=1000;                   % stop iteration
ii=0;                     % start iteration
wd=[0;0;0];

TD=1.0;
dt=1;                              % time step
tn=0;                              % start time
FLCSM=’try12_sat’;
FLC=’try4_sat’;

e_i=0;

%**** initial states ******
direction=[1;1;1;1];
qn=[direction/norm(direction)];   % orientation
Ln=[1e-15;1e-15;1e-15];           % angular momentum
Xn=[qn;Ln];                      % state vector

if strcmp(ControllerType,’fuzzy’)
  % Define fuzzy control
  fismatrix=readfis(FLC);

elseif strcmp(ControllerType,’slide’) | strcmp(Controller-
Type,’fuzslide’)
  % Define fuzzy control
  fismatrix=readfis(FLCSM);
end

% inertia matrices
if strcmp(satellite,’sampex’)
  iinertia=[0.06444960041248 0 0;
          0 0.04625661524405 0.00058906284347;
          0 0.00058906284347 0.06565014298225];

  inertia=[15.51599999999938 0 0
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         0 21.62100000000062 -0.19400000000166
         0 -0.19400000000166 15.2340000000057];

elseif strcmp(satellite,’maps’)
  inertia=[3.99e2 -2.81 -1.31
          -2.81 3.77e2 2.54
          -1.31  2.54 3.77e2];

  iinertia=inv(inertia);

elseif strcmp(satellite,’smart’)
   inertia=[5.65e-1 4.21e-4 -4.86e-2;
            4.21e-4 7.19e-1 -5.8e-3;
           -4.86e-2 -5.8e-3 4.54e-1];

  iinertia=inv(inertia);
else
  disp(sprintf(‘ERROR!))
end

%***** desired states ******
if strcmp(whatSimType,’step’)
   Ld=[0;0;0];               % angular momentum
  axis=[1;1;1];
  axis=axis/norm(axis);
  angle=pi;

  qdirection=[axis(1)*sin(angle/2);
axis(2)*sin(angle/2);
axis(3)*sin(angle/2);

cos(angle/2)];

  direction=qmult(qn,qdirection);
  qd=[direction/norm(direction);Ld];

elseif strcmp(whatSimType,’path’)
  s=sin(2*pi/700*(0:dt:dt*(m+1)));
  zs=zeros([1,m+1]);
  ds=diff(s)/dt;
  for i=1:m+1,
    % L = I*w angular momentum
    dsp(:,i)=inertia*[ds(i);ds(i);zs(i)];
  end
  qpath=[e2q(s(1:m+1),s(1:m+1),zs(1:m+1),11); dsp];
  qd=qpath(:,1);
%******** disturbance ***********************
  if strcmp(other,’disturbance’)
    if strcmp(satellite,’smart’)
      disturb=[3.5e-4*ones([3,1])];
    elseif strcmp(satellite,’sampex’)
      disturb=[.005*ones([3,1])];
    else
      disturb=[.1*ones([3,1])];
    end
%******************noise *******************
  elseif strcmp(other,’noise’)
    noise=.001*randn([4,m+1]);
  end
else
  disp(sprintf(‘ERROR!));
end

%************  main  Loop  ******************
for ii=1:m,

%***** calculate the control effort  *******
  tn=tn+dt;                           % time

  if strcmp(whatSimType,’path’)
    qd=qpath(:,ii);
  end

  Ln=Xn(5:7);
  Ld=qd(5:7);

  if strcmp(other,’noise’)
    Xn(1:4)=Xn(1:4)+noise(:,ii);
    Xn(1:4)=Xn(1:4)/norm(Xn(1:4));
  end

%****** calc e_d ***
  e_d=(Ln-Ld);
  save_ed(:,ii)=e_d;
  save_norm_ed(ii)=norm(e_d’);

%****** calc e_p ***
% error = inv(qd)*q
  qinverse=[-qd(1);-qd(2);-qd(3);qd(4)];
  e_p=qmult(qinverse,Xn(1:4));

  save_ep(:,ii)=e_p;
  save_norm_ep(ii)=norm(e_p(1:3));
  save_itae(ii)=tn*save_norm_ep(ii);

%****** calc e_i ***
  e_i = e_i + (e_p(1:3)*dt)/30;
  save_ei(:,ii) = e_i;
  save_norm_ei(ii) = norm(e_i);

  % fuzzy controller
  if strcmp(ControllerType,’fuzzy’)
    inputs = [norm(e_p(1:3)’) norm(e_i’)  norm(e_d’)];          %
input into fuzzy

%%%%%%%%%%% saturation %%%%%%%%%%%%%%
    if inputs(1)>1.1
      inputs(1)=1.1;
    end
    if inputs(2)>.5
      inputs(2)=.5;
    end
    if inputs(3)>.5
      inputs(3)=.5;
    end
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

    [fuz] = evalfis(inputs, fismatrix
    kp=fuz(1);
    TD=1;
    save_fuz(:,ii)=fuz’;
    un=-50*kp*([0;e_p(1:3)/norm(e_p)] + TD*[0;e_d]);

  % normal PD controller
  elseif strcmp(ControllerType,’pd’)
    kp=.5;
    TD=1;
    un=-kp*([0;e_p(1:3)]+[0;TD*e_d]);
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  % sliding mode controller
  elseif strcmp(ControllerType,’slide’) | strcmp(Controller-
Type,’fuzslide’)
    alpha = .1;
    gamma = .5;

    if strcmp(satellite,’sampex’)
      inertiah=[15  0   0
                0  21   0
                0   0  15];

    elseif strcmp(satellite,’maps’)
      inertiah=[3.99e2 0   0
                0  3.77e2  0
                0  0    3.77e2];

    elseif strcmp(satellite,’smart’)
      inertiah=.9*[5.65e-1 0 0;
                   0 7.19e-1 0;
                   0 0 4.54e-1];
    else
      disp(sprintf(‘ERROR!’))
    end

    iinertiah=inv(inertiah);

    w=iinertiah*Ln;
    omega = -[0     w(3) -w(2);
             -w(3)  0     w(1);
              w(2) -w(1)   0 ];
    qe = e_p;

    wd = iinertiah*Ld;
    we = w - wd;
    s =  we+alpha*qe(1:3);
    save_s(:,ii) = s;

q_dot = .5*omega*Xn(1:3)+.5*Xn(4)*w;

  if strcmp(ControllerType,’slide’)
    F=(inertiah*s);
  elseif strcmp(ControllerType,’fuzslide’)
    for i=1:3,
      inputs = [abs(alpha*e_p(i)) abs(e_d(i))];
      if inputs(1)>1.1     % saturation
        inputs(1)=1.1;
      end
      if inputs(2)>.5
        inputs(2)=.5;
      end
      fuz=evalfis(inputs, fismatrix);
      F(i,1)=2*fuz(1);
    end
    F=inertiah*F;
  end
  save_F(:,ii)=F;

  su = -omega*inertiah*w - gamma*inertiah*s - alpha*iner-
tiah*q_dot - diag(F)*sat(s,.1);
un=[0;su];

  else
    disp(sprintf(‘ERROR!’))
  end

  % Disturbance input
  if strcmp(other,’disturbance’) & ii>300 & ii<600
    dn=disturb;
  else
    dn=[0;0;0];
  end

   %******* saturate output ************
  if strcmp(satellite,’smart’)
    un = saturateOutput(un,7.5e-4);
  elseif strcmp(satellite,’sampex’)
    un = saturateOutput(un,.01);
  else
    un = saturateOutput(un,.2);
  end

   save_uc(:,ii)=un;          % Store control effort
save_norm_uc(:,ii)=norm(un); % Store the norm of the effort

%*******  RK45  ******
   k1x=dt*sam_ctrl(tn,Xn,un,dn,inertia,iinertia);
  k2x=dt*sam_ctrl(tn+.5*dt,Xn+.5*k1x,un,dn, inertia,iinertia);
  k3x=dt*sam_ctrl(tn+.5*dt,Xn+.5*k2x,un,dn, inertia,iinertia);
  k4x=dt*sam_ctrl(tn+dt,Xn +k3x,un,dn,inertia, iinertia);
  Xn= Xn +(1/6)*(k1x + 2*k2x + 2*k3x + k4x );

%******  Feedback  and error terms  ******

  saveXn(:,ii)=Xn;        % save state vector

  t(ii)=tn/60;                 % save time
  saveqd(:,ii)=qd;             % save desired
end
%********** end main loop ******************

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%         Draw Graphs        %
%      Printing results      %
%      not shown here        %
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

Euler to Quaternion:  e2q.m

This function converts euler angles into
quaternions.It wasusedto calculatethe de-
sired path of the satellites to follow.

function q=e2q(phi,theta,psi,flag)
%function q=e2q(phi,theta,psi,flag)
%
% This m-file transforms Euler angle to
% quaternions with the following rotations.
% Theta, phi, and psi are in radians.
%
%  The input are:
%    flag = 1 for 1-2-1
%         = 2 for 2-3-2
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%         = 3 for 3-1-3
%         = 4 for 1-3-1
%         = 5 for 2-1-2
%         = 6 for 3-2-3
%         = 7 for 1-2-3
%         = 8 for 2-3-1
%         = 9 for 3-1-2
%         = 10 for 1-3-2
%         = 11 for 2-1-3
%         = 12 for 3-2-1

% John L. Crassidis 4/24/95

t1=phi;t2=theta;t3=psi;

if flag==1 | flag==2 | flag==3 | flag==4 | flag==5 | flag ==6
 q4=cos(t2/2).*cos((t1+t3)/2);
end

if flag==1,
 q1=cos(t2/2).*sin((t1+t3)/2);
 q2=sin(t2/2).*cos((t1-t3)/2);
 q3=sin(t2/2).*sin((t1-t3)/2);
elseif flag==2,
 q1=sin(t2/2).*sin((t1-t3)/2);
 q2=cos(t2/2).*sin((t1+t3)/2);
 q3=sin(t2/2).*cos((t1-t3)/2);
elseif flag==3,
 q1=sin(t2/2).*cos((t1-t3)/2);
 q2=sin(t2/2).*sin((t1-t3)/2);
 q3=cos(t2/2).*sin((t1+t3)/2);
elseif flag==4,
 q1=cos(t2/2).*sin((t1+t3)/2);
 q2=sin(t2/2).*sin((t3-t1)/2);
 q3=sin(t2/2).*cos((t3-t1)/2);
elseif flag==5,
 q1=sin(t2/2).*cos((t3-t1)/2);
 q2=cos(t2/2).*sin((t3+t1)/2);
 q3=sin(t2/2).*sin((t3-t1)/2);
elseif flag==6,
 q1=sin(t2/2).*sin((t3-t1)/2);
 q2=sin(t2/2).*cos((t3-t1)/2);
 q3=cos(t2/2).*sin((t3+t1)/2);
end

if flag==7 | flag==8 | flag==9
 q4=cos(t1/2).*cos(t2/2).*cos(t3/2)-sin(t1/2).*sin(t2/2).*sin(t3/
2);
end
if flag==10 | flag==11 | flag==12
 q4=cos(t1/2).*cos(t2/2).*cos(t3/2)+sin(t1/2).*sin(t2/2).*sin(t3/
2);
end

if flag==7,
 q1=sin(t1/2).*cos(t2/2).*cos(t3/2)+cos(t1/2).*sin(t2/2).*sin(t3/
2);
 q2=cos(t1/2).*sin(t2/2).*cos(t3/2)-sin(t1/2).*cos(t2/2).*sin(t3/
2);
 q3=cos(t1/2).*cos(t2/2).*sin(t3/2)+sin(t1/2).*sin(t2/2).*cos(t3/
2);
elseif flag==8,
 q1=cos(t1/2).*cos(t2/2).*sin(t3/2)+sin(t1/2).*sin(t2/2).*cos(t3/
2);

 q2=sin(t1/2).*cos(t2/2).*cos(t3/2)+cos(t1/2).*sin(t2/2).*sin(t3/
2);
 q3=cos(t1/2).*sin(t2/2).*cos(t3/2)-sin(t1/2).*cos(t2/2).*sin(t3/
2);
elseif flag==9,
 q1=cos(t1/2).*sin(t2/2).*cos(t3/2)-sin(t1/2).*cos(t2/2).*sin(t3/
2);
 q2=cos(t1/2).*cos(t2/2).*sin(t3/2)+sin(t1/2).*sin(t2/2).*cos(t3/
2);
 q3=sin(t1/2).*cos(t2/2).*cos(t3/2)+cos(t1/2).*sin(t2/2).*sin(t3/
2);
elseif flag==10,
 q1=sin(t1/2).*cos(t2/2).*cos(t3/2)-cos(t1/2).*sin(t2/2).*sin(t3/
2);
 q2=cos(t1/2).*cos(t2/2).*sin(t3/2)-sin(t1/2).*sin(t2/2).*cos(t3/
2);
 q3=cos(t1/2).*sin(t2/2).*cos(t3/2)+sin(t1/2).*cos(t2/2).*sin(t3/
2);
elseif flag==11,
 q1=cos(t1/2).*sin(t2/2).*cos(t3/2)+sin(t1/2).*cos(t2/2).*sin(t3/
2);
 q2=sin(t1/2).*cos(t2/2).*cos(t3/2)-cos(t1/2).*sin(t2/2).*sin(t3/
2);
 q3=cos(t1/2).*cos(t2/2).*sin(t3/2)-sin(t1/2).*sin(t2/2).*cos(t3/
2);
elseif flag==12,
 q1=cos(t1/2).*cos(t2/2).*sin(t3/2)-sin(t1/2).*sin(t2/2).*cos(t3/
2);
 q2=cos(t1/2).*sin(t2/2).*cos(t3/2)+sin(t1/2).*cos(t2/2).*sin(t3/
2);
 q3=sin(t1/2).*cos(t2/2).*cos(t3/2)-cos(t1/2).*sin(t2/2).*sin(t3/
2);
end

q=[q1; q2; q3; q4];

Quaternion Multiplication: qmult.m

This function performedquaternionmultipli-
cation.

function out=qmult(q1,q2)

out=[ q1(4) -q1(3)  q1(2) q1(1);
      q1(3)  q1(4) -q1(1) q1(2);
     -q1(2)  q1(1)  q1(4) q1(3);
     -q1(1) -q1(2) -q1(3) q1(4)]*q2;

Equations of Motion:  sat_cntl.m

This function containedthe equationsof mo-
tion, usedby theRK45 sectionof thesimula-
tion to calculate the new states.
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%
%               This program simulates the Any satellite
%
%               Syntax [sys]=thing1(t,x,u,dn,inertia,iinertia);
%
% where         u(:,1) = the reaction wheel input
%               u(:,2) = the L1 angular momentum input
%               u(:,3) = the L2 angular momentum input
%               u(:,4) = the L3 angular momentum input
%               iinertia = the inverse of the inertia matrix
%

function [sys]=sam_ctrl(t,x,u,dn,inertia,iinertia)

d=zeros(7,1);

w=iinertia*([x(5) x(6) x(7)]’-[0 0.0041488*u(1)*0 0]’);

sys(1,1)=0.5*(w(3)*x(2)-w(2)*x(3)+w(1)*x(4));
sys(2,1)=0.5*(-w(3)*x(1)+w(1)*x(3)+w(2)*x(4));
sys(3,1)=0.5*(w(2)*x(1)-w(1)*x(2)+w(3)*x(4));
sys(4,1)=0.5*(-w(1)*x(1)-w(2)*x(2)-w(3)*x(3));

sys(5,1)=w(3)*x(6)-w(2)*x(7)+u(2) + dn(1);
sys(6,1)=-w(3)*x(5)+w(1)*x(7)+u(3) + dn(2);
sys(7,1)=w(2)*x(5)-w(1)*x(6)+u(4) + dn(3);

Sliding Mode Saturation Function:
sat.m

This function was the saturationfunction in
the sliding mode controllers.

function out=sat(in,boundry)

for i=1:length(in),
  if(abs(in(i))<(boundry))
    out(i,1) = in(i);
  else
    out(i,1) = sign(in(i))*boundry;
  end
end

Control Effort Saturation:  saturate-
Output.m

This functionsaturatedtheoutputof thecon-
troller to the properlevel sinceeachsatellite
could produce different control effort levels.

function uout = saturateOutput(uin,sat)

howMany = length(uin);

for i=1:howMany,
   if uin(i)>sat
      uin(i) = sat;
   elseif uin(i)<-sat
      uin(i) = -sat;
   end
end

uout = uin;
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APPENDIX E:  OPEN PUBLICATION LICENSE  Draft
v1.0, 8 June 1999

I. REQUIREMENTS ON BOTH UNMODIFIED AND MODIFIED VER-
SIONS

TheOpenPublicationworksmaybereproducedanddistributedin wholeor in part,in anymedium
physicalor electronic,providedthatthetermsof this licenseareadheredto, andthatthis licenseor
an incorporationof it by reference(with anyoptionselectedby theauthor(s)and/orpublisher)is
displayed in the reproduction.

Proper form for an incorporation by reference is as follows:

Copyright (c) <year>by <author’s nameor designee>.This materialmaybedistributedonly
subjectto thetermsandconditionssetforth in theOpenPublicationLicense,vX.Y or later(the
latest version is presently available at http://www.opencontent.org/openpub/).

Thereferencemustbeimmediatelyfollowedwith anyoptionselectedby theauthor(s)and/orpub-
lisher of the document (see section VI).

Commercial redistribution of Open Publication-licensed material is permitted.

Any publicationin standard(paper)book form shall requirethecitationof theoriginal publisher
andauthor.Thepublisherandauthor’snamesshallappearonall outersurfacesof thebook.Onall
outersurfacesof thebooktheoriginalpublisher’snameshallbeaslargeasthetitle of thework and
cited as possessive with respect to the title.

II. COPYRIGHT

The copyright to each Open Publication is owned by its author(s) or designee.

III. SCOPE OF LICENSE

Thefollowing licensetermsapplyto all OpenPublicationworks,unlessotherwiseexplicitly stated
in the document.

Mereaggregationof OpenPublicationworksor a portionof anOpenPublicationwork with other
worksor programsonthesamemediashallnotcausethislicenseto applyto thoseotherworks.The
aggregatework shallcontainanoticespecifyingtheinclusionof theOpenPublicationmaterialand
appropriate copyright notice.
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SEVERABILITY. If anypartof this licenseis foundto beunenforceablein anyjurisdiction,the
remaining portions of the license remain in force.

NO WARRANTY. OpenPublicationworksarelicensedandprovided“as is” withoutwarrantyof
anykind, expressor implied, including,butnot limited to, theimpliedwarrantiesof merchantabil-
ity and fitness for a particular purpose or a warranty of non-infringement.

IV. REQUIREMENTS ON MODIFIED W ORKS

All modified versionsof documentscoveredby this license,including translations,anthologies,
compilations and partial documents, must meet the following requirements:

1. The modified version must be labeled as such.
2. The person making the modifications must be identified and the modifications dated.
3. Acknowledgementof the original author and publisher if applicablemust be retained

according to normal academic citation practices.
4. The location of the original unmodified document must be identified.
5. Theoriginalauthor’s (or authors’)name(s)maynotbeusedto assertor imply endorsement

of the resulting document without the original author’s (or authors’) permission.

V. GOOD-PRACTICE RECOMMEND ATIONS

In additionto therequirementsof this license,it is requestedfrom andstronglyrecommendedof
redistributors that:

1. If you are distributing OpenPublicationworks on hardcopy or CD-ROM, you provide
email notification to the authorsof your intent to redistribute at leastthirty daysbefore
your manuscriptor mediafreeze,to give the authorstime to provide updateddocuments.
This notification should describe modifications, if any, made to the document.

2. All substantivemodifications(includingdeletions)beeitherclearlymarkedup in thedocu-
ment or else described in an attachment to the document.

3. Finally, while it is not mandatoryunderthis license,it is consideredgoodform to offer a
freecopy of any hardcopy andCD-ROM expressionof anOpenPublication-licensedwork
to its author(s).

VI. LICENSE OPTIONS

Theauthor(s)and/orpublisherof anOpenPublication-licenseddocumentmayelectcertainoptions
by appendinglanguageto thereferenceto or copyof thelicense.Theseoptionsareconsideredpart
of thelicenseinstanceandmustbeincludedwith thelicense(or its incorporationby reference)in
derived works.

A. To prohibitdistributionof substantively modifiedversionswithout theexplicit permissionof
theauthor(s).“Substantive modification” is definedasa changeto thesemanticcontentof the
document, and excludes mere changes in format or typographical corrections.
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To accomplishthis,addthephrasè Distribution of substantively modifiedversionsof this doc-
umentis prohibitedwithout theexplicit permissionof thecopyright holder.’ to thelicenserefer-
ence or copy.

B. To prohibit any publicationof this work or derivative works in wholeor in part in standard
(paper)book form for commercialpurposesis prohibitedunlessprior permissionis obtained
from the copyright holder.

To accomplishthis, addthe phrase‘Distribution of the work or derivative of the work in any
standard(paper)bookform is prohibitedunlessprior permissionis obtainedfrom thecopyright
holder.’ to the license reference or copy.

OPEN PUBLICATION POLICY APPENDIX:

(This is not considered part of the license.)

OpenPublicationworksareavailablein sourceformatvia theOpenPublicationhomepageathttp:/
/works.opencontent.org/.

OpenPublicationauthorswho want to includetheir own licenseon OpenPublicationworksmay
do so, as long as their terms are not more restrictive than the Open Publication license.

If you havequestionsabouttheOpenPublicationLicense,pleasecontactTBD, and/ortheOpen
Publication Authors’ List at opal@opencontent.org, via email.


