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Executive Summary

Intr oduction

Smallspacecraftwhich arevery costeffective,areanessentiatool for achievingtheobjectivesn
Goddard’'smissionstatement.In general attitudecontrolanddeterminatiorplaysa crucialrole in
the succes®f any spacamission. Without robustattitudecontrol,a spacecraftannot be pointed
with anyreasonablaccuracynorreliability. Dueto thisimportancetheFlight DynamicsAnalysis
Branchwasformedto providethe varioussupportfunctionsto the flight projectsincluding navi-
gation, mission design, attitude control and determination.

Dueto theinherentnon-linearities uncertaintiessaturationconstraintsand physicallimitations,
traditionalattitudecontrolschemesannot alwaysprovidetherequiredpointingprecision. There-
fore, the objectiveof this GraduateStudentResearchiProgram(GSRP)work is to developechew
morerobustattitudecontrol schemegrovide higherlevelsof accuracyin the presencef uncer-
tainty andnon-linearities.In addition,theseschemeshouldbe modularandcanbe portedto sim-
ilar spacecraft with minimal effort.

Oneof the major contributionsof this work is the developmenandsimulationof a genericfuzzy
sliding modecontrollerfor NASA satellites. Dueto its genericnature this controlschemecanbe
adaptedo a variety of existingandfuture satelliteswith minimal effort. The hybrid structureof
the controllertakesadvantagef classicalsliding modecontrollogic while maintaininga signifi-
cantdegreeof robustnessperformanceand portability. The fuzzy sliding mode controller was
comparedo conventionatlidingmode fuzzylogic MIMO control,andaPD controller. Thefuzzy
sliding mode(all of which wereformulatedaspartof thefirst yearof the GSRP)providedmuch
betterperformancen pointingandtrackingthantheothercontrollers. Furthermorethefuzzy slid-
ing modecontrollerout performedthe othercontrol schemesn the presencef noiseanddistur-
bancerejection. Finally, thefuzzy slidingmodecontrollerwasmoreportablethantheothercontrol
schemes. The results of this investigation are documented in this report

Conclusions

A simulationstudy,which examinedhe performancef thefour attitudecontrolschemesnention
abovewasperformedusingthreedifferentspacecrafinodels. Theconventionaklidingmodecon-
trol, whichwasformulatedin thiswork, wasableto providetheappropriatecontrolin thepresence
of noiseanddisturbance However thefuzzylogic/ slidingmodehybrid wasableto providebetter
controlrespons¢hanthe conventionakliding mode but at the price of ahigherfuel consumption.
Thefuzzylogic controllerandthetunedPD controllerperformednanevenfooting, with thefuzzy
logic controllerachievinga slight advantageverthe PD controller. However,without additional
tuningwith respecto othersatellitesneitheroneof thesetwo controllerswasableto properlycon-
trol anything other than the SAMPEX satellite.

A drawbackof the fuzzy sliding modeis it's more computationallyexpensivehanthe classical
slidingmodecontroller. However this caneasilybeovercomeby partitioningtheinputandoutput




spaceof the fuzzy controllerinto alook up table(i.e. similar to gain scheduling) This methodis
common in reducing the computational expense of fuzzy logic.

Overall,fuzzy logic did notreachthelevel of performancexpectedn the outsetof this project.It
wasbelievedthatfuzzy logic, which is modelindependentywould providea muchbetterperfor-
mancewith muchlessdesigntime. However,this wasnot the case. Significantdesigntime still
wentinto designingthe fuzzy logic controllerandthe fuzzy sliding modecontroller,with only
slightly betterperformanceln fact, fuzzy sliding modehadto beutilized dueto thefactthatfuzzy
logic alonedid not accomplishthe desiredresults.In conclusion,sliding modewith or without
fuzzy logic, was capable of performing generic control across very different spacecratft.

Finally, somelevel of adaptatiorwould needto beincorporatednto the controllerto estimatethe
inertia matrix in orderto truly provide genericcontrol. Originally this was going to be accom-
plishedby reinforcementearning butcurrentadaptivecontroltheoryor theuseof anextendedal-

man filter could also provide it.
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Abstract

Theinitial objectiveof this GraduateStudentResearchiProgram(GSRP)work is to developanin-
telligentfuzzy attitudecontrol strategyfor a spacecraft.This new approactensureshe required
performancen the presencef disturbanceyncertaintyandvariousnon-linearities. Furthermore,

the proposedattitudecontrol strategyis developedasedon a modularformulationallowing for
portability suchthatit canbe appliedto otherspacecraftvith minimal effort. Simulationstudies
areusedto illustratethe meritsof the controlscheme.The SAMPEX (solar,anomalousmagneto-
sphericparticleexplorer)wasthefirst virtual testbedfor the proposedvork. The proposedalgo-
rithms were also applied to the MAPS and SMART mission without redesignto illustrate
portability. By utilizing the developedschemeNASA canreducethe costandtime for designing
control systems while increasing the performance and reliability of current and future missions.




General Management Plan

The major objectivesof the first yearof this NASA GSRPprojectwere accomplishedand sur-
passed.This projectfollowed thetime line shownbelowin Tablel. Table2 showscurrentactiv-
ities associateavith the project. The overall objectiveof thefirst yearwasthe developmenand
comparisorof severalobustattitudecontrollersfor asmallspacecraftThesecontrollersmusttake
into account practical constraints and limitations while being modular.

Becauseof the technicalandpracticalguidancethat was providedby the GSRPprogram,Kevin
Walchkohascompletecdhis mastersandis nowworking on his Ph.D. His currentPh.D.work is an
extensiorof thefirst yearGSRPresults. Someof theareaseinginvestigatecareshownin Table
2. Both Dr. MasonandKevin Walchkoareinvestigatingthe possibility of extendingsomeof the
first yearresultsto formationcontrol. This work canbe the foundationof advancedautonomous
formation control methodologies for space and land based missions.

Table 0-1:Year 1 Actvities and Milestones

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

Modelling Sampex

Controller Development

QFB - Standard

Fuzzy Hybrid - Al

Stability Analysis

Disturbance Rejection

Saturation Characteristics

Reinforcement Adaptation

Nonlinear Controllers

Sliding Mode

Fuzzy Sliding Mode

Case Study / Comparison
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Table 0-2:0ngoing Project Actities

Visual Simulation Tool

Fuzzy Slide Refinement

Aug | Sept

Adaptation Mechanism

Formation Attitude Contr ol

Oct

Nov

Dec
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Intr oduction

Smallspacecraftywhich arevery costeffective,areanessentiatool for achievingsomeof the ob-
jectivesin Goddard’smissionstatementin generalattitudecontrolanddeterminatiorplaysacru-
cial role in the succes®f any spacamission. Without robustattitudecontrol,a spacecraftannot
bepointedwith anyreasonablaccuracyor reliability). Dueto theimportanceof attitudeandother
mission operations(mission design,orbit determinationnhavigation,etc), the Flight Dynamics
AnalysisBranchwasformedto providethevarioussupportfunctionsto theflight projects.To sup-
port the next generationspacecrafimissions,the Flight Dynamicsbranchhasput a significant
amount of resources in to robust, autonomous attitude control and determination.

Dueto theinherentnon-linearitiesuncertaintiessaturationconstraintsand physicallimitations,
traditionalattitudecontrol schemegannot alwaysprovidethe requiredpointing precisionfor the
next generationmissions. Therefore,the objectiveof this GraduateStudentResearctiProgram
(GSRP)work is to developedewrobustschemeshatcanprovidehigherlevelsof accuracyin the
presencef uncertaintyandnon-linearities.In addition,theseschemeareformulatedbasedon a
modular structure, and can be ported to similar spacecraft with minimal effort.

This reportsummarizeshe developmentaindsimulationof severalrobustattitudecontrollersin-
cludinga genericfuzzy sliding modeattitudecontroller. Dueto its genericnature the developed
fuzzy sliding modeschemeoutperformedhe otherrobustcontrollers. It canalsobe adaptedo a
variety of existingandfuture satelliteswith minimal effort. Thefuzzy sliding modeschemeakes
advantageof classicalsliding modecontrol andfuzzy logic, which providesrobustnessperfor-
manceandmaintainsasignificantdegreeof portability dueto its hybrid structure. To illustratethe
meritsof the fuzzy sliding modecontrolleris comparedo conventionakliding mode,fuzzy logic
MIMO control, and a PD controller in the presence of noise and disturbance.

In orderto providethereademwith a bettergraspof the meritsof this work, a brief reviewof some
of thecontrollerdevelopmenis furnished. This background/overviewontaingherelevantworks
and is not supposed to be encompassing.

Background

Conventional Attitude Contr ol Schemes

Havingthe ability to correctlargeslewingerrorsis a motivatingfactorfor manyworksin attitude
control. Thiscapabilityis essentiafor spacecrafthatarespinstabilizedduringdeploymentwhich
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couldproducdargeinitial attitudeerrors. Forexamplejf deploymenbccursfrom thespaceshut-
tle, thenthe reactionjets mustbe turnedoff until the spacecrafteachesa minimum safedistance
of 200ft. Sincethedeploymentateis approximatelyoneft/sec,thenno correctionscanoccurfor

200sec. An imperfectdeploymen{aslittle as.5 deg/secrouldcausethe spacecrafto drift away
from the desiredattitudewherea largeanglecorrection(up to 180 degreeswould be neededo

reorientto the properattitude. To addresshis problem Wie andBarba[1] developedeveracom-
putationally efficient control schemedor large angle maneuvers. Many of thesestabilizing
schemesitilize quaterniorandangularvelocity feedback.Theuseof quaterniorrepresentatioal-

lows for morerealistic, large angle maneuvercontrol schemes. Theseschemesare formulated
basedon Liapunovanalysiswhich producesa rangeof positivestablegainsfor thatcontrol law.

Thusin orderto meetdesiredperformanceengineersnustiteratethrougha significantnumberof

gaincombinationgo obtainthedesiredesponsén acleansimulation. However,evenwhenasat-
isfactoryresponsas finally obtainedthereareno guaranteefiow the satellitewill behaven the
presence of disturbances, noise, or uncertainties.

CrassidisandMarkley [2] developedi modelbasedchonlinearpredictivecontrolmethodfor space-
craft, which allowedfor large-anglenaneuvers.This methodutilized a predictivefilter to deter-
mination the trajectoryand control effort one-timestepahead. This predictive control scheme
determinedhetorqueinputrequiredto makethe predictedrajectoriesnatchthe desiredtrajecto-
riesby minimizingthenorm-squareérrorbetweerthetwo. Thismethodwasrobustagainsimodel
error,andwastestedn simulationonthe MicrowaveAnisotropyProbe(MAP). Althoughthiscon-
trol schemeutperformedhanothertraditionalcontrollerspresentedh thepaperthedesignmeth-
od wasvery complicatedandtime consuming. Thus,the designmethodwould requirean expert
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 performconventionaschemes.lt canevenbe usedin placebinarylogic
in softwareandhardware.“A lower costmicrocontrollercanbeusedsincefewerlinesof logic are
usedcomplexmathematicainodelsdo not haveto bedevelopedandlesscomputationallyexpen-
siveprogramsaregenerated.[3] Eventhoughthis statemenhasbeenproved few Americancom-
paniesemploythepowerof fuzzylogic. Zadeh[4], whowasthefirst to developthebasicconcepts
associatedvith fuzzy theory,seeshe lack of acceptancef fuzzy logic in Americaasa “lack of
understandingf whatfuzzylogic is andwhatit hasto offer.” While Sibbigtroth[5] seegheprob-
lem as“US engineerdypically take the position that any control methodologywithout precise
mathematicamodelsis unworthyof seriousconsideration.”Evenwith this lack of commitmento
fuzzy logic exist,manychip manufacturergie. Motorola68HC12,AdaptiveLogic AL220, SGS-
Thomsongetc.)areproducingvariousmicrocontrollersspecificallydesignedo utilize fuzzy logic
asthe primary control scheme. Thesemicrocontrollersgreatly reducethe computationof fuzzy
logic by usinga hardwaresolutionratherthana softwareone. This meanghatevenvery compli-
catedfuzzy controllerscanrun atextremelyfasthardwarespeedthusenablingreal-timecontrol of
non-linear systems with significant model error [6].

Unlike classicalcontrols,whosedesignis modeldependenanddeterminegxactcontrolactions,
fuzzy logic controllerscanbe developedvithout the useof analyticalmodels. In addition,it can
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accommodatea largedegreeof uncertainty. Walchkoet al [7] performednumerousexperiments
with a hybrid fuzzy PID controlleronlinearsystemsandshowedhatin casewheretheinputsand
outputshadthe samerangesthe hybrid fuzzy controlleroutperformedts’ classicalcounterpart.
Thesebenchmark experimentgDC servomotorthe hydraulicpiston,the pneumatidinearactua-
tor, anda ball screw)illustratethe flexibility (generictrait) of a single controllerto successfully
controldifferentsystemswith few to no modifications thusshowingfuzzylogic 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-
opedafuzzy controllerfor the FastAuroral SnapshoExplorer(FAST) andcomparedt to thetra-

ditional controller (AGSS). FAST waslaunchedin August1996 utilizing the Attitude Ground
SupportSystem(AGSS). AGSSis agroupof algorithmsdevelopedn the1970’sfor the Dynamics
Explorermission. Woodard'sfuzzy controllerprovedto beinferior to thetraditionalAGSS. Dur-

ing pointingmaneuvershe fuzzy controllertook 15%Ilongerto pointin the desireddirectionand
hadalargerrangeof errorsduring pointing. HoweverWoodarddid point out thatthefuzzy logic

controller was mathematicallysimpler and more flexible, but not as accurateas the traditional
method. “The performancef thefuzzy logic controllerwasslightly lessdesirablehanthatof the
AGSS. This reinforcesthe generalnotion that performancewith fuzzy logic controllersis sacri-
ficed somewhat.[10] Thisis anunfair notion of fuzzy logic’s performanceapabilities. Fuzzy
logic doeshavethe capabilityto achieveor surpasshe performancdevel of othertraditionalcon-
trol schemes, as shown in this work.

In anothemwork, Steyn[16] performeda comparisorstudybetweeranadaptiveMIMO LQR and
afuzzylogic controllerfor smallsatellitesn alow Earthorbit. Thefuzzylogic controllerwasca-

pable of producing slightly better performance than the LQR in controlling the non-linear satellite
dynamics. Steyn’ssimulationincludedsensomoiseanda cyclic disturbance.Steyn[17] further
describeshedesignof thefuzzylogic controller,whichutilizesa 3-axismagneto-torquingp main-

tain its attitude. Fuzzylogic wascapableof “maximizing the desiredinfluenceon the controlled

axis and minimize the undesireddisturbancedo the other axes. It was found fuzzy logic can
achieve these goals in a computationally efficient way.”

Fuzzycontrollerswhich havealreadybeenappliedto satelliteshaveperformedwell againsother
well known controllers. Fuzzylogic’s strengthis its’” modelindependencandintuitive naturein
designingthe rule base. It is hopedthesefactorscanhelpin the designof the genericcontroller
presented here.

Intelligent Adapti ve Mechanisms

Controllersthatachievethe desiredresponsén the presencef variationsin the systemdynamics
or the environmentby altering control parameterdasedon someadaptatiormechanismarere-
ferredto asadaptiveschemes.In mostcasestheseschemeslo not alterthe basicstructureof the
controller. Therearemanydifferentconventionabndintelligentadaptatiormechanismshatcan
altera controller'sparameterandstructureto adaptto its newenvironmenbor dynamicg18,19].
Some of these techniques are described below.
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GuoandHuang[20] usedgeneticalgorithmsasatool to altermembershigunctionsof afuzzy con-
troller for the motion control of an autonomousinderwatewehicle. Their methodof adaptation
wascapableof tuningafuzzy controller,with very poorinitial performanceto produceacceptable
results. Geneticalgorithmsareefficient atthe adaptatiorprocessdueto their ability to getout of
local minimumsthroughthe useof mutationsn thegenepool. However,dueto the complexityof
geneticalgorithms(manygenerationsnustbeexploredin orderto producehedesirableoffspring)
a powerful processodedicatedo solving the adaptiveprocesss required. Thusfor satellites|n
the era of faster, cheaper, smarter, this is not a useful method.

Recently,Buijtenenet al [21] developedan adaptivefuzzy logic PD controller. This methoduti-
lizesacritic thatpredictsthefuturesystemperformancenda stochasti@xplorationmoduleto ex-
plore the spaceof possibleactions. The actualadaptatiorprocesss poweredby reinforcement
learningscheme ReinforcementLearning(RL) is afamily of biologically inspiredalgorithmsthat
indirectly evaluatesa controllersactionand rewardsdesiredoutcomesand punishesundesirable
outcomes.However,this methodwasonly appliedto oneattitudeaxis (roll, pitch, or yaw) while
themethodgevelopedn thiswork providefull authorityfor all axes. Sincetheattitudedynamics
of asatellitearecoupledandnon-linearchangingoneelemenof theattitudecouldhaveadramatic
effectontheothervalues. In addition,their methodrelieson a critic accuratelypredictingseveral
stepanto thefuture. Thisis acritical componenof theRL, sincethecritic is usedin thereinforce-
mentprocess. Thusif the critic is inaccuraten predictingthe future, this proceshasno hopeof
properly adapting.

Dueto the potentialof fuzzy logic someresearcherbaveutilized it asan adaptatiormechanism.
Forexamplethe PID controllerscanbe alteredsuchthattheir gainschangedadaptivelyby fuzzy

logic. Visioli [22], utilized afuzzy logic systembasedon the errorandderivativeof errorto tune

the PID controller. The valuesof the proportional,integral,and derivativegain are determined
from thewell-known Ziegler-Nicholsformula. This methodis robustagainsiparametewariation

andonly requiresasmallcomputationaéffort. Theauthorhoweveronly implementghecontroller
on simple linear systems.

Many of the currentfuzzy techniquesrevery applicationdependent. For exampleErbaturet al
[23] designeda fuzzy adaptivesliding modecontroller,wherethe gain matrix K wasadjustedac-
cordingto fuzzy adaptiverules. Their desirewasto reducechatterin the positioningof a serial
linkedrobotarm. Themethodprovedto work nicelyfor thesimplearmchoserfor thestudy. How-
ever,for theadaptivemechanisnto work, theinitial matrixgainK andadaptiveconstantsnustbe
accurateto providereasonableesults. Thustheseinitial valuesweredeterminedhrougha trial
and error process.

With respecto intelligentadaptatioriechniquesthetwo mostpromisingadaptivemethodsappear
to be geneticalgorithmsandRL, but geneticalgorithmsaretoo computationato implement. RL
seemsnorepromising sincethesatellitewoulditselflearnthroughtrial anderror. Thecouplecon-
stantspresenin RL areintuitive, thuseasyto pick dependingon the desiredearningrate. Other
methodsseento heavilydependnthestartingpoint of the optimization,andcangetcaughtatlo-
cal minimums.




Emphasis / Direction of this Research 13

Sliding Mode

Unlike lineartechniquesnonlinearcontrollerscanaccommodateonlineardynamicsandcanpro-
vide a higherlevel of robustnessind performance.Sliding modecontrol, a nonlinearcontroller,
hasexcellentstability, robustnessanddisturbanceejectioncharacteristics |t is categorizedsa
variablestructurecontrolsystemwhich hasbeenstudiedin the SovietUnionfor manyyears. The
useof sliding modecontrolis not newto satelliteattitudecontrol. Lo andChen[24] designecda
slidingmodecontrollerschemevhichavoidstheinverseof theinertiamatrix,andsmoothghecon-
trol effort of the controller. Such a strategy provides for a more efficient use of the fuel.

In anotherwork, Colemanand Godbole[25] conductedperformancdrade study betweenfuzzy
logic, PID, andsliding modecontrol. The controllersweretunedfor andtestedon threesimilar
linearplants. In all threecasesthesliding modecontrollerout-performedhefuzzy logic control-
ler. Thisis atypical result,wheresliding modetendsto providea superiormodelbasedperfor-
mance compared to fuzzy logic, assuming the model is very accurate.

Emphasis / Direction of this Reseach

Recently MasonandWalchko[27,28] andothershavesuccessfullyappliedfuzzy logic to the sat-
ellite attitudecontrolproblem. Giventhecapabilityto reducehedesignandtuningtime of current
controlschemesNASA couldreducethe costof developingandmaintaininga satellitesby imple-

mentingintelligentsliding modecontrollerswhich are capableof adaptingto different satellites.
Slidingmodehasbeenshownto providesuperiomperformancéo thatof fuzzylogic, butfuzzylogic

is modelindependenandrobustin the present®f noiseanddisturbancesThecombiningof these
two technologies could greatly benefit NASA’s ability to control satellites.

Originally the hopeof this work wasto designan adaptivefuzzy logic controllerthatwould learn
how to adaptto differentsatellites. However,aftertalking to NASA engineersat Goddardthere
seemedo begreatskepticismin anythingmorecomplicated¢hana PD controller. Thuswe moved
awayfrom the moreradicalidea,andembracedaliding modecontrol. Sliding modeis capableof
handlingsystemswith modelinginaccuraciesand bestof all, stability of the controller can be
shown. It is hopedthata hybrid controllercomposeaf thewell understoodliding modearchitec-
ture and fuzzy logic will be better received.

Thecontrollersdevelopedn thiswork will beimplementedn severakystems.Specifically,this
work usesthe SAMPEX, MAP, andSMART spacecrafto illustratethe robustnessf the control-
ler.

Outline of Report

Thisreportis laid outin the following manner. Section2 presencehe theorypertainingto fuzzy
logic, reinforcementearning,andsliding mode. Section3 describeshe satelliteshatthe control-
ler hasbeenappliedtoo andabrief overviewof attitudedynamics.Sectiord is thedesignof apro-
portionalderivative(PD) controller,a sliding modecontroller,fuzzy sliding modecontrollerand
the multi-input/multi-output(MIMO) fuzzy controller. Section5S is theresultsof varioussimula-
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tions performedon the SAMPEX, MAP and SMART satellites. Section6 containsconclusions,
and recommendations.




Il. Theory

This sectionlaysthe basicfoundationfor the formulationof the controllerpresentedn this work.
Firstabrief overviewof fuzzylogic is providedwith amoredetaileddiscussiorof fuzzylogic giv-
enin AppendixD. Next,thehybrid structurewhichis acompositeof classicalndfuzzylogic, is
described.Finally, in an effort to automatethe control parametepptimizationprocessn anon-
line mannerfor fuzzy logic, reinforcementearningasanadaptatiormechanisms introducedand
developed.

Fuzzy Logic

Fuzzylogic wasconceivedby Lotfi Zadehandbroughtto the attentionof the world in his paper
“Fuzzy Set”in 1965. At thattime, fuzzylogic wasaradicaldeviationfrom classicalogic, andini-

tially received little interest and attention. However, fuzzy logic is slowly gaining more and more
creditin theUnited Statesasa legitimatemethodfor controls. Themotivationbehindtheadoption

of fuzzylogic to controlsapplicationsare:modelindependenceajseof expertknowledgeto control
systems, robustness to noise/disturbances, capable of controlling nonlinear systems, etc.

A graphicaldepictionof theentirefuzzylogic controlprocesss shownin Figure2-1. Theninputs
on the left arefuzzified by MFs. Theneachof the fuzzified valuesis evaluatedy the rulesthat
produce m outputs.

Crisp rputs Fuzafication Rale Evaluation Outprat Fuzzy Sets

ol e T e
\1 Rt RN Y Agoremation
O—|/ 0\ s )
\‘ L] ._. W

LY S
[ ] . RN - -
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W Deffiz fication

FAR
™ [ ] L . .
1 Y

Crisp Output

Figure 2-1. Fuzzy logic from input to output. [29]
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Eachof thesem outputsare combined(therearevariousmethods)andthe defuzzificationof the
resultingareais found. Now thewhole processf fuzzification, rule application,anddefuzzifica-
tion can be put together.

Fuzzy Stability

Stabilityanalysigs still oneof themajorobstacle®pposinghewide spreacadoptionof fuzzylog-
ic. Dueto recenteffortsin thefield, thereare manygenerallyacceptednethodsof determining
whethera fuzzy controlleris stableor unstable. Onesuchmethoddescribedy Petroffet al [30]
utilizedalinearizedrepresentationf thefuzzy controlsurfaceoversmallareasandthendetermine
whetherthe controlleris stablebasedon energymethods. However,fuzzy logic control surfaces
tend to be very complex and analyzing dense grids over large areas is not always practical.

Anothermethodpresentedby Sio andLee[31] utilized the passivitytheoremwhich allow the de-

terminationof a stability regionof the effectiveparameterso be determined.Oncethis regionis

defined,alongwith somesufficientconditionsfor a stablefuzzy controller,therule basecaneasily
be definedto producea stablecontroller. This methodonly appliesto systemghat are passive,
which is only a small subset of non-linear systems.

A Liapunovstability analysiss usedto demonstratstability for the proposedvork in the context
of aPD structure.Thedownsideof this methods thatit is notalwaysapplicableto fuzzy schemes
which areunstructurear haveadrasticallydifferentstructure. This hybrid structures choserbe-
causeof it's generalityandintuitivenessThenextsectionprovidesabrief descriptiorof thehybrid
PD structure.

Hybrid Structur e

Thehybrid controllerstructuras baseduponaclassicabrchitecturesuchthatit canbeinsertednto

anyerror-baseaontrolsystem.A graphicaldescriptiorof this hybrid algorithmis providein Fig-

ure2-2. Therearethreestandardnputsinto thefuzzy inferencesystem:error,derivativeandinte-

gral. Theseinputscanbeusedto computethefuzzy gainsor the controleffort directly. Thefuzzy
gainsare time varyingandprovidea higherlevel of robustnesandcontrol. Thevaluesof these
gainsaredependentntheinputandthefuzzyrules,whicharebasedntheuserdinguistic knowl-

edgeof the system. This allows for the control of nonlinear/timevarying systemswithout exact
analyticaldescriptionof thesesystems. This robust/flexiblecharacteristi@llows for the control
of avarietyof systemswith little or no modificationof the controller. In thiswork, thisis referred
to as the generic characteristic.
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Error (e)

» Fuzzy Proportional

—» [& |—» Fuzzy Integral

de
—» gt [—® Fuzzy Derivative

Figure 2-2. The Hybrid structure of the fuzzy controller.

Robust Characteristics

Dueto thestructureof the currenthybrid schemeagenericcharacteristics embeddedhto the hy-
brid algorithmsuchthatit canbeintegratednto alargenumberof systemgo enhancgerformance
withoutasignificantamountof effort. A robustcontrollersimplifiesthe designof newcontrolap-
plicationwhile still maintainingperformance.This characteristientroducesa degreeof “plug and
play” to controllerdesignprocess.Theparagraploelowillustratesthis attributefor a SISOsystem.
Later,furtherwork will showtherobustpropertiesof the controllerasthey pertainto MIMO sat-
ellites.

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

Kps? + Kps+ K, )w?
TF = (Ko™ * Kpst Koy = N(S) (2.1)
3+ (2¢w, + Kpw?)s? + (L + Kp)wis+ K,w2  D(s)

Replacingw and ¢with @ and¢. Wherew = (1+A)w, ¢ = (1+B)¢, andA andp areun-
certaintiesn the systemparametefrom the nominalor modelledvalues. The new characteristic
equation is

D(s) = s®+ (2Cw, + Kpw?)s? + (1 + Kp)wgs+ K w2 = (2.2)

In a fuzzy PID structure, the control effort can be written as
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u. = fuzzyp(e) + fuzzyy(e) + fuzzy, (J’e) =Kp(l+Ay)e+ K|(1+A|)J’e+ Kp(1+Ap)e(2.3)

whereA,, A, ,andA arefunctionsof theuniverseof discourse.Thefuzzy universeof discourse

canbe adjustedio accountfor variationsin the model. This conclusioncanbe extendedo state
thatthefuzzy PID is a generalizeatontroller(generic)like its classicalcontrolscounterpart. Al-
thoughtheremay be variations,systemshavingsimilar levelsof controllability anddominantdy-
namicswill yield similar controlledresponsesTherefore this hybrid algorithmcanbe classified
as a generic controller.

Reinforcement Leamning

Althoughfuzzy logic is capableof generic(i.e. Systemindependentgontrol,in orderto achieve
betterperformancea methodfor fine tuningor optimizingthefuzzy controller'sperformancevas
needed.Thetechniquechoserto providethistuningis reinforcementearning. An introductionto

reinforcement learning follows.

Reinforcement.earning(RL) accordingto SuttonandBarto[32] is learningbasedon interaction
with the environment. Basically,anagent(satellitein this case)triesto mapsituationsto actions
in orderto maximizea numericalrewardsignal (which is similar to minimizing a costfunction).
The agentis not told what actionsto take,but mustlearn (throughtrial anderror) which actions
resultin thegreatestewards. An actiontakendoesnotimmediatelyresultin thedesiredresponse,
thusrewardsaredelayedn aneffort to determinavhich actionsresultedn whatoutcome. Unfor-
tunatelyfor theagentto learnthe optimalstate-actiomairs,it mustpasshroughall possiblestates.
Thus,RL is heavily dependanon the agentexploringits environmenbeforecommittingto a so-
lution for all time.

For example,a manleavesa bar after drinking heavily. He accelerateso twice the speedimit.

Tenminuteslater,heapproachea hair pin turn, andturnsthewheelsharplyin aneffort to stayon
theroad. Unfortunately dueto thespeedf thecarandhis poorhandeyecoordinationfrom drink-
ing) the carflies off theroad. Now, if rewardswereimmediatelygivenin this situationinsteadof
delayedwhatwould be penalized?Only sharplyturning the wheelactionwould be penalizedas
whatnotto do, ratherthanalsopenalizingthe agentfor drinking andspeedingoo. Therearevar-
lous methods for determining this delayed reward.

A diagramof theagent-environmeris shownin Figure2-3. RL containsfour mainsub-elements
in additionto theagentandtheenvironmentapolicy, arewardfunction,avaluefunction,and(op-
tionally) a modelof the environment. Policy determinesiow anagentlearns.lt is the methodby
which perceivedstatef the environmentaremappedo actions. Policiesmaybefunctions,look
up tables stochasticpr computationakearchalgorithms. A commonpolicy is (€ )-greedy where

anagentin agivenstatepickstheactionwith the highestpossiblereward. However,e percenof

thetime theagentwill pick arandomactioninsteadof pickingtheactionwith thehighestpossible
reward. This policy enableghe agentto exploreall possibleactionsto seeif theyleadto higher
rewardsthuspreventingheadaptatioomechanisnirom gettingcaughtin local minimums. How-

ever this also requires the agent to spend lots of time exploring all possible states.
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—l Environment

Reward

Action State
Agent

Figure 2-3. Q-Learningblock diagramwhich showshow theagent
takes the inputs of reward and states to produce an action.

Rewardfunctionmapseachperceivedstate(s) or state-actiompair (s,a)to asinglerewardvalue(r).
As previouslystated the agent’smain objectiveis to maximizethe rewardreceived. Thereward
function is the basis for altering policy.

Thevaluefunction(Q) indicateshow muchrewardanagentgetsby takingacertainactionin acer-
tainstate. Thisfunctionis typically initialized randomlyto smallvalueshenupdatedy 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

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, observer, s’

Q(s a) « Q(s,a) +afr +ymax,Q(s, a) —Q(s, a)]
S S
until s is terminal
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In this section,a brief descriptionof thethreesatellitesusedin this study, SAMPEX SMART and
MAP, is given. Their backgrouncandmissionarebriefly statedfor familiarity. In addition,there
is a concise review of satellite dynamics.

MAP Satellite

The MAP (MicrowaveAnisotropyProbe)satellite’sprimary missionis to probeconditionsin the

earlyuniverseby measuringhe propertieof the cosmicmicrowavebackgroundadiationoverthe

full sky. MAP will accomplistthis by usingpassivelycooleddifferential microwaveradiometers
with dual Gregorianl.4 x 1.6 meterprimary reflectors.Questionghat MAP could answer:How

oldis theuniverseHow fastis the Universeexpanding?s theuniverseanfinite? Is therea cosmo-
logical constantAWhat is the density of ordinary (“baryonic”) matter?Whendid the first stars
form? What is the origin of structure in the universe?

SAMPEX Satellite

SAMPEX (Solar,Anomalous,andMagnetospheri®articleExplorer)[33,34] is a productof the

SMEX (SmallExplorerProgram).This progranrealizegheadvantagesf small,quickturnaround
projects. The SAMPEX satelliteis designecandequippedo studythe energy,compositionand
chargestatesof particlesfrom the explosionsof supernovassolarflares,andfrom the depthsof

interstellarspace.Closerto home, SAMPEX monitorsthe earth’smiddle atmospherasmagneto-
spheric particle populations occasionally plunge into it.

SMART Satellite

The SMART (Scientific Microsatellitefor AdvancedResearctand Technology)[35] is a project
fundedby theltalian SpaceAgencyto designanddevelopamulti-missionmicrosatellitefor remote
sensingapplicationsn Sun-synchronousrbits. The microsatelliteconsistsof main bus (40 kg)
supplied with 64W (average) power from a solar array.

Satellite Summary

The satellitesusedin this study are very differentin size,however,their model structureis the
same. Thetablebelow lists their inertia matrices which revealsthreebasicsize classifications:

20
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small,medium,andlarge. Utilizing thesethreedifferentsizes the genericcapabilitiesof the pro-
posed controllers can be measured.

Table 3-1: Satellite Intertia Matrices

Inertia Matrix

Satellite i)

MAP
399 -2.81-1.3

-2.81 377 254
-1.31 2.54 377

SAMPEX
1552 O 0

0 21.62 -0.19
0 -0.194 15.23

SMART 5

057 4.21x107* —4.86x10°
421x10°% 072 —5.8x10°
_4.86x1072 —5.8x10°  0.45

Spacecraft Attitude Dynamics

In this section,a brief review of the kinematicand dynamicequationsof motion for a three-axis
stabilizedspacecrafis presentedi36]. Theattitudeis assumedio berepresentetly thequaternion,

defined as
q
q= |1 (3.1)
Ay
with
41
Oys = |, = NBIN(O) (3.2)
ds
90 (3.3)
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whereh is aunit vectorcorrespondingo theaxisof rotationand is theangleof rotation. In Wertz
[37] thequaterniorkinematicequation®f motionarederivedby usingthespacecraft'angularve-
locity,

q-= éQq (3.4)

Thedynamicequationof motion,alsoknownasEuler'sequationfor arotatingspacecrafts given
by

H=-wxH+u (3.5)
where is thetotal systemangulaimomentumuy is thetotal externatorque(whichincludes control
torquesaerodynamidragtorquessolarpressurdgorquessetc.). In addition,the angularvelocity
from of Euler’s equation (given below) could be used.

Jou+wxJw = u (3.6)

where J is the inertia matrix of the spacecraft, and u is the total torque.
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This sectionprovidestheformulationof theattitudecontrollersstudiedin thiswork. Thefirst con-
troller is thestandardjuaterniorfeedbackcontroller. The seconds thesliding modeattitudecon-
troller. Third is fuzzylogic PD hybrid andthelastis a fuzzy sliding modecontrolhybrid. These
algorithmsarechoserbecaus®f their potentialandrobustnessThis initial work will the basisof

future works in robust intelligent attitude control.

Proportional Derivative Control

In moderncontrol theoryoutputfeedbackcontrolis oneof the mostpracticalandusedschemes.
However,it cannotarbitrarily placeall of the polesof the system. If the systemis observablend
controllable this methodis quite adequatéo meetthe needof manyexistingapplications.In atti-
tude control, quaternionfeedbackcontrolis well suitedfor onboardreal-timecontrol dueto the
computationakfficiency of quaternions.This methodfeedsbackbothattitudeandangularveloc-
ity. Thereforeallowing for full controlauthority(pole placement).The quaterniorbasedPD con-
troller defined by Bong Wie [38] is

U = —K Merror = C Wogrror (4.1)

whereqy, ., isthequaterniorerrorandw,, ., istheangularvelocity errorin thesystem.Wie lists
four differentcontrollersgains(for the samecontrolstructure) wherethepositivescalarvaluesfor

K, a, B and c are obtained via simulation (trial and error).

Controller 1: K = ki C = diag(c,, ¢y, C3)

Controller 2: K = —k§ C = diag(c,, ¢, Cg)
a7

Controller 3: K = k [5ign(q,)! C = diag(cy, Cy C3)

Controller 4: K = [aJ+BI]1 K-1C>0

wherek is a scalarandl is the identity matrix. In quaternionspacethe erroris determinedoy
multiplying the inverse of the commanded attitude quaternion by the current attitude quaternion.

qerror = qgc:Jmeanded churrent = qgl Eq (4-2)

23
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Oac O3c —O2c —Gic| |1
—O3c Usc d1c M q

Qerror = 3c H4c Hlc 2¢i 12 (4.3)
U2c —H1c Yac —Y3c 43

| Qic O2c G3¢c Uac| |4

Oncethe quaterniorerrorandtheangularvelocity errortermsaredeterminedthe control effort is
determinedy equatiord.1. In the currentformulation,the controleffortsaredecoupledandK, C
canbewrittenasdiagonalmatrices.In addition,thegainsof this controllerareconstannddo not
accounfor uncertaintie®r variationsin thesystendynamics.Thenextcontrollerinvestigatectan
account for uncertainties and is formulated for nonlinear systems.

Sliding Mode Control

Sliding Mode Control,whichis avariablestructurecontrolschemeis morethana promisingtech-
niquein thefield of non-linearcontrol. It permitstherealizationof very robustandsimpleregula-
tors, with appealingcharacteristics.It utilizes model and uncertaintyinformation (bounds)to

obtainhigh accuracyrobustperformancen a variety of applications. In this work, sliding mode
controlis appliedto attitudecontrol. This formulation,which is a full-state feedbackechnique,
utilizes the existingdynamicmodelandcompensatefr uncertaintywhile formulatinga control

effort that tracksthe desiredtrajectories. The equationsof motion for a satellite’sattitude (in

guaternion space) are given by [38].

Jw = Qlw+f+u (4.4)
g = %Qq+%q4w (4.5)
where:
0 —w; w, g,
Q=lw; 0 —w aqa=q,
0, w; 0 a3

f in theequatiord.4representthe modellingerrorandpotentialdisturbances thesystem.qis a
vectorcomposeanly of the threefunctionalelementf a quaternion. In the original controller
formulationasecondrdermatrixrepresentatiors utilized (two first orderequationsn = 2). How-
ever,in thiswork, we cantakethe statevariablex to betheeulerangleorientationandequatehis
to q (see Appendix A for derivation).
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0y Ox
X = ey = Zqu (4.6)
6, 0z

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

-1 .
s:%mg % = X+AX = O+ AG 4.7)
where
X = X — Xgesired (4'8)

In orderto calculatethe equivalentcontroleffort (0), we needto takethe derivativeof thesliding
surface and set it equal to zero.

§= O+ (4.9)

Now multiplying bothsidesby theinertiamatrix (J) will allow usto substituten the equationof
motion (4.4 and 4.5).

A

J5 = Jw+A3q = IO+ AIq—I00yegeq — M gegired (4.10)
J$ = QI+ +0+AJIq—-I0yesired — M gesired (4.11)
Thehatoverparticularvariablesdenoteghattheyareestimates.In reality, we maynotaccurately

knowthetrueinertiamatrix. Assuminga pointingmaneuverthereis no desiredangularaccelera-
tion or velocity. Therefore,

Wyesired ~ qdesired =0

Howeverfor tracking,oneor both of thesetermswould exist, but herethe derivationis only for
pointing so those terms drop out.

J5= QJw+f+0+NJg=0 (4.12)
Now solving for the equivalent control effort from equation 4.8 yields.

0=-QJw-f-AJg (4.13)

where
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f=ads=aJ(®+AQ) (4.14)
F=F7-f=27Js (4.15)
Finally, the sliding mode control effort is given by
u = 0-K [Bat(s) (4.16)
K=F+n =Js (4.17)

wheren is definedaszeroin our formulation. However,otherapplicationsutilize this asa sec-
ondarytuning parameter.If we examineequatiorn4.13,[26] refersto thefirst andthird termsas
feed forward adaptive terms. While the second term has a PD structure. Thus,

=~

a=k, A=TD =2
Ko

TheK termin equation4.17,is definedbasedon the magnitudeof the uncertainlyin the model.
This switchingterm providesthe appropriatecontrol actionto quickly drive the trajectoriesback
ontothesliding surface.Unlike otherworks,thesignfunctionis replacedy asaturatiorfunction.
Sincerealactuatorgio nothaveaninfinite bandwidth,onecanexpectto getchatterduethe useof
thesignfunction. Thesaturatiorfunctionnotonly smoothnesthecontrolresponset alsoreduces
the amount of fuel used by the controller.

Fuzzy Logic Control

IntroductionThis sectionfurnisheshe basicformulationandstructureof a SISOfuzzy controller.
Next, a descriptionof the methodusedto extendthe SISOfuzzy controllerto a MIMO controller
is given. Finally, the stability and robustness of the controller are examined.

Thefuzzy attitudecontrollerutilizesthe samerulesandstructuresasWalchkoetal [7] whichwas
usedto control variouslinear systemsTherule basewasdevelopedy first designinga conven-
tional PID controllerusingtherootlocusmethod,andformulatingtherelationshipbetweererrors
(error,integralof error,andderivativeof error)andthecontrol. Thefirst setof ruleswasconstruct-
ed to mimic this relationship.

Like the conventionaPID, the fuzzy PID hybrid consistsof threeinputs(error,integralof error,
andderivativeof error)andoneoutput(controleffort). Sincethisis amulti dimensionafuzzycon-
troller, it is very difficult to displaythe rule tables. Thus,only somethe possibleruleswill be
shown. Therule tablesfor the controllerareshownbelowin Table4-1,whereNEG, SN, SSN,Z,
SSP,SP,POSarenegative smallnegative smallsmallnegative zero,smallsmall positive,small
positive, positive respectively:
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Table 4-1:Fuzzy PID controller output for selected inputs

EggéR "= | sn|ssn| z |ssp|sp| D
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| spP | 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

Eggé NE POS
e

POs | Pos| PoOs| 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 / NE
DER G z POS
POS POS | POS | POS
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Table 4-3:Fuzzy PID controller output for selected inputs

M [E] < s
SP SP | POS| POS
SSP SSP| SP SP
Z Z Z Z
SSN SN SN | SSN
SN NEG | NEG| SN
NEG NEG | NEG | NEG

yalt

ity A
NSl
St

cler L # error

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

Extension of the SISO Fuzzy Hybrid Scheme to MIMO Aplications

Thefuzzy PID controllerwasoriginally designedor SISOsystems.In orderto applyit to thesat-
ellite problem,a techniqueto extendthe SISO schemanto the multi input realmmustbe devel-
oped. This conversion(or extension)canbe accomplishedhroughthe manipulationof the error
vector,whichis usedto definethedirectionandmagnitudeof the controleffort to reducethe error
in aminimalamountof time. Themotivationandtheformalizationof thistechniquearegivenbe-
low.

The errorusedby theinitial fuzzy PD controlleris a scalar. However,in the MIMO case|t is a
vector. In orderto maintainthe fuzzy PID structure the vectoris transformednto a scalarrepre-
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sentationThis scalarepresentatiors usedto calculatecthe MIMO controleffort. Thetransforma-
tion is based on the norm of the error vector.

|g O Fuzzy(scalar)

This scalarrepresentatiois usedby the fuzzy inferencesystemto determinecontrol magnitude,
which is usedalongwith a givendirectionto createthe MIMO control vector. The control effort

level mustbe basedn theratiosof the errormagnitudeswhich aredefinedby thedirection. This

directionis the normalizederrorvector,which accountfor differentlevelsof possibleerrors. For

examplejf thefirst elementwas.001andthethird elementwas4000,theinputerrorto thefuzzy

controllerwould be dominatedoy 4000andthe outputcontrol effort would belarge. Thiswould

result in over controlling of the system, or result in instability.

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

) . e
direction = —

U = Uy, [Hirection

Sincethe fuzzy input is alwayspositive,the complexity of the fuzzy inferencesystemis signifi-
cantlyreduced.Thenumberof rulesis cutin half, which alleviateghe needfor all of thenegative
MF’s ontheinputsandoutput(it is importantto remembethisfactwhenwe discussstability later).
This doesnot meanthattherewill neverbe a negativecontrol effort. Negativesarereintroduced

back into the system by the direction vector.

Is This Stable?

Thenextsectionaddressetheissueof stability androbustnessf the controller. The stability will
be examinedvia Liapunov. For SAMPEX, or the standardsmall spacecraftontrol problem,the
dynamics and control is given by

q=9qw (4.18)
Jo=H = (wk)H (4.19)
U= —Kp(te)" L—Kp(w-0) (4.20)

The following Liapunov function is chosen.

1 1
V = S0TJ0+ 5(K (g 0rer) (A= Grer) 4.21)

Upon simplification
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V = K, 0" (0e) —Kpw'w (4.22)

V is alwayspositiveaslong asKp is positiveandV dotis alwaysnegativeaslong asKp andKd
are positivewhich weredetermineckarlierto bethe criterianeededor stability. This is easyto
verify, sinceit wasstatedin the beginningthat the magnitudeof the error vectoris sentinto the
fuzzy controller (alwaysa positive value) andthusalwaysa positive valuewill emergefrom the
fuzzy controller. Therefore, the system is stable and robust.

Fuzzy Sliding Mode Control

This sectiondiscusseshe fuzzy sliding modecontrollerpresentedn this research.Sincesliding
modeandfuzzy logic havealreadybeenintroducedthis sectionwill bebriefly describeheformu-
lation of thisnewhybrid. Theblendingof fuzzylogic andsliding modeoccursin Eqn.4.16where
theK termisreplacedy afuzzyinferencesystenratherthanaderivedexpressiofior K. Theinput
to theinferencesystemis quaterniorerrorandit’s derivative. Theseinputsprovidea accuratele-
scriptionof the stateof the systemdynamics. Therefore rulesassociatedvith the accuracyand
speedof convergence&anbe formulated. The rule baseand control surfaceare shownbelowin

Table 4-1 and Figure 4-2. Note that Z is zero, S is small, M is medium, and L is large.

Table 4-1:Fuzzy sliding mode rule base

eRrRoR | Z | S | M | L
Z z | s | s |wm
s s | s | s |wm
M M| M| M| WM
L L c ||t

Thefuzzy partof thefuzzy sliding modecontrolleris only basedntheerrorandthe derivativeof
theerror. Also sincetheK termof aslindingmodecontrolleris supposedo alwaysbepositive(for
stability reasons), the fuzzy part always returns a positive result.

Robustness (Generic)

Sincethe intertia matrix of the satelliteis usedin the formulationof the controller,the controller
will beableto successfullyoperateacrossawide rangeof satellites. Sincethe controleffort is es-
sentiallyscaledby theintertalmatrix. Thefuzzy partof thecontrollerdoesnotdependn sizeand
is genericin its ability to control satellites. Theinitial performancenf the controllerto a newsat-
ellite is goodconsideringt wasnotinitially testedon the spacecraft.However,aswith all off the
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racktypes,it canbetailoredto specificsatellites. The performanceanbetunedhowever by the
incorporation of an auto-tuning method which would be able to increase performance.
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Figure 4-2. Fuzzysliding modecontrol surfacewhich replaceghe

constangainK in traditionalsliding modecontrol. Notethatthe out
put of thefuzzy logic partis alwayspositive,whichis arequirement
for K for stability reasons.




V. Simulation Results

This sectiondiscusseshe resultsof this work. Firstwill be a shortdescriptionof thingsthatdid
not work, and then the results of various simulations of the proposed hybrid controller.

Reinforcement Leamning

Eventhoughfuzzy logic hasbeenshownto havegenericcontrol capabilities;t still needsadjust-
mentof variousparameterso resultin betterperformance.Initially, reinforcementearning(RL)
washopedto providethis capabilityof autotuning,andwasbasedon the work doneby Benjius
[21]. HowevertheequationBenjiususedto updatehisfuzzylogic controllerdid notimproveper-
formance at all, and usually deteriorated performance.

Sincewewereunableto getRL to work properlywith fuzzylogic, astepbackto asimplerproblem
wastakenin hopesof discoveringvhatwasbeingdonewrong. Q-learningwasusedto try to find
anoptimal PD gain mappingat eachstate. The statewasthe quaterniorerrorandthe actionwas
the PD gain. Intuitively onewould expectthatat largequaterniorerrorsRL would producédarge
PD gains,andin statesvith smallquaterniorerrorsRL would producesmall PD gains. However
thiswasnotthecase.RL producednappingghatdid notseemogicalandproducedoor(unstable
sometimes) responses. After many weeks, RL was abandoned.

After looking throughseveralbooksandpapersRL is typically usedin different situationsthan
whatwe attemptedo useit in. Therearenumerousexamplef RL beingusedin pathplanning,
or decisionmakingin robotics. However,all of theseexamplesarein situationswheretrial and
errorhastheworstoutcomeof arobotbumpinginto awall, notgoingunstableandbecomingmil-
lions of dollarsworth of spacqgunk. Uponfurtherexaminatiorof Benjius’swork, hedeviatefrom
thestandard-learningframework. Also, he startsoff with afuzzy controllerthatperformshorri-
bly andis ableto controloneattitude(ie. eitherroll, yaw, or pitch) only. His RL schemeaesultsin
afuzzy controllerthatperformsmuchbetterthanit startedoff as,butthe performances still poor.

Other Things Tried

Originally, it washopedthatthefuzzy MIMO controllerwould beableto controlthe differentsat-
ellitessinceit is a modelindependentontroller. A significantamountof time wasspenton RL,
alreadydiscusse@bove,andalsoembeddingotherinformationinto the fuzzy controllerin order
to get the desired response.

Oneof themanymethoddried wasavariableTD termin thefuzzy PD controller. TheTD termis
basicallya weightingfactor thatdecideswhich error (i.e. positionor velocity) is moreimportant.

32
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Variousattemptsveremadeto enablethefuzzy controllerto generatenot only a control effort but
alsoaTD termateachtime step. Basicallythelogic wasthatthe positionalerrorwasmoreimpor-
tantin theinitial stagef a stepresponsebutasthaterrordecreasetb a certainlevel, theimpor-
tanceof thevelocity errorwould startto becomemoreimportant. Theresultsof thiswork werenot
fruitful. Eventually it was abandoned.

Simulation

In orderto testthegenericcapabilitiesof thefuzzy sliding modecontroller,threetestsatelliteshat

haddifferentinertiamatricesverechosen.All controllers(i.e. PD, fuzzylogic, slidingmode,and

fuzzy sliding mode)wereoriginally designedor the middle sizedsatelliteSAMPEX andthenap-

pliedto thesmallerSMART andlargerMAP satellitewith noredesigrof thecontroller. Theonly

changewasfor thesliding modecontrollers theinertiamatrix for the differentsatellitesvasused.
Thereasorthatthe inertiamatrix for the correctsatellitewasused,is becauset is approximately
known beforehand. Thusfor eachsection the approximateanertiamatrix usedin thatsimulation
Is given. Notethattheinertiamatrix usedis not the true inertiamatrix of the system just anap-

proximate uncouple inertia matrix.

Eachsimulationwasconductedn Matlab5.3andrunfor 1000second$16.6minutes)usingafixed
stepRunge-Kuttaalgorithmwith thetime stepsetto onesecond. The satellitewascommandedo
follow the eiganvalue path of:

()
=
14

sin

© 6
-
o
i

= (5.1)
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|

~
=

=

=
o 4
o
P‘

whichwasthenconvertednto quaternions.Thedesiredvelocity wasthetime derivativeof the at-

titude pathandthe magnitudeof the velocity in eitherroll or pitch did not exceed 009 rads/sec.
Thismagnitudeincidentally,waswell belowthemaximuminputlevelin thefuzzylogic controller
which was.5 rads/sec.Two simulationwereconductedpnewith a normalgaussiamoiseadded
(.001*N[0,1]) into the statefeedbaclof thequaterniongandthenrenormalizedjanda secondsim-

ulation with a disturbance add to the equations of motion.

Also in Figure5-1below,noticethatthe outputof the controlleris saturatedy a differentamount
for eachsatellite. An attemptwasmadeto determinewhatthe maximumcontrol effortsfor each
satellitewhere,but only SMART’s wereeasilyavailable. Both MAPs andSAMPEX weregiven
arbitrary limits.
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Disturbance

Desired
Path Controller —®  Satellite —————®

Noise

Figure 5-1. Block diagram of signal flow.

In orderto quantify the resultsof all controllers,eachsimulationwill presenthe amountof fuel
consumedduring the maneuverand the integral time absoluteerror (ITAE). This performance
measuravasusedbecausénitial errorsareweightedessthanerrorsthatoccurlateronin thesim-
ulation.

t
ITAE = J’(t Cerror|)dt (5.2)
0

SAMPEX Satellite Results

Thesliding modecontrollers(fuzzy andnormal)usedthefollowing estimatednertiamatrix to de-
termine their control efforts.

|10 0
0 0 15

Note that this matrix is different from the correctinertia matrix given for SAMPEX. Also,

SAMPEX was assumed to be capable of producing .01 N-m of torque from its reaction wheels.

Normal

Thefollowing simulationwasconductedindernormalconditions(in theabsencef noiseanddis-
turbance).Eachof thecontrollers’responseto following the pathprovidedis shownbelow. Also,
the individual control efforts (ul-3) and the norm of the control effort are shown.
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Figure5-2. Quaterniorstatesandcontroleffortsfor thefuzzyslid-
ing mode.
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Figure5-3.  Quaternionstatesand control efforts for the sliding
mode controller.
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Figure 5-4. Quaterniorstatesandcontroleffortsfor thefuzzy logic
controller.
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Figure5-5. Quaterniorstatesandcontroleffortsfor the PD control-
ler.

Noise
Next noise was introduced in to the quaternion feedback to simulate sensor noise.
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Figure5-9. Quaterniorstatesandcontroleffortsof thePD controller
in the presents of noise.

Disturbance
Thedisturbanceaddedinto the systemfor the SAMPEX satellitewas.005N-m which is 50% of
the maximum control effort SAMPEX was capable of.
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Figure 5-10. Quaterniorstatesandcontrolefforts of the fuzzy slid-
ing mode controller with a disturbance.
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Figure5-13. Quaterniorstatesandcontroleffortsof the PD control-
ler with a disturbance.

SAMPEX ControllerSummaryin eachof thetwo typesof simulationsthefuzzy slidingmodecon-
troller providedbetterperformancebut at a costof a higherfuel consumption.The sliding mode
controllerwasvery closebehindthe performancef the fuzzy sliding mode,while boththefuzzy
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controllerandthe PD controllerwherebringingup therear. Thefuel is representeth N-m-min-
utes.

Table 5-1: SAMPEX

Simulations Slidli:nugzaode 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 15,830 16,040 22,293 22,485
[IT AE]
[Fuel] 4.84 4,78 4.21 4.22

MAP Satellite Results

The MAP satellitewasassumedo be ableto producea maximumof .2 N-m of torquefrom its re-
action wheels. The estimated inertia matrix used in the sliding mode controllers is shown below.

390 0
J=10 3770 (54)
0 0 377

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

Normal

Both the fuzzy andPD controllerswere unableto properlycontrolthe MAP satellitefollowing a
pathwithout a disturbanceor noisepresent. Thusonly the sliding modecontrollerswill be dis-
cussed in this section.
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Figure 5-14. The (a) Fuzzyand(b) PD controllerswere unableto
follow the desired states in normal conditions.
Noise

Noise was introduced into the feedback quaternion states, simulating sensor noise.
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Figure5-15. Quaterniorstatesandcontroleffortsfor thefuzzy slid-
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.
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Figure5-17. Quaterniorstatesandcontroleffortsfor thefuzzy slid-
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,theslidingmodecontrollersnverecapableof providingthe propercontrolto follow thepath,
while both the fuzzy logic andthe PD controllerwere unableto. Onceagain,the fuzzy sliding
modeprovidedbetterperformanceatthe costof aslightly higherfuel consumptionThefuelis rep-
resented in N-m-minutes.

Table 5-1:MAPS

Simulations Slidli:nugzi/)llode Sliding Mode
Noise [ITAE] 15,924 16,072
[Fuel] 86.62 77.42
Disturbance [ITAE] 15,391 15,954
[Fuel] 103.03 102.00

SMART Results

Themaximumcontrol effort for this satellitewas7.5E-4N-m. Theinertiamatrix usedfor bothof
the sliding mode controllers is shown below.
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_ |0.565 0 0
J=1 0 0719 0 (5.5)
0 0 0.45

Normal
Neitherthe fuzzy or the PD controllerwereableto properlycontrolthe satelliteto follow the de-
sired path. Thus no discussion of them will be present in this section.
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Figure 5-19. The (a) Fuzzyand(b) PD controllerswere unableto
control the MAP satellite under normal conditions.

Noise
Theresultsfor thefour controllersin the present®f noiseonthe SMART satelliteareshownbe-
low.
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Figure 5-20. Quaterniorstatesandcontrol effortsfor Fuzzysliding
mode controller in the presents of noise.
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Figure 5-21. Quaternionstatesand control efforts for the sliding
mode controller in the presents of noise.

Disturbance
Theresultsof thefour controllersin thepresent®f adisturbanceés shownbelow. Thedisturbance
was3.5E-4N-m whichis 50%of the maximumcontroleffort thatSMART wascapableof produc-

ing.
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Figure5-22. Quaterniorstatesandcontroleffortsfor thefuzzy slid-
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

ThePD andfuzzy logic controllerswerenot ableto properlycontrolthe satellite thuseliminating
themastruly genericcontrollers.Bothof theslidingmodecontrollerswereableto properlycontrol
thesatellitewith thefuzzy sliding modecontrollerprovidingbetterperformanceatalmostno addi-

tional cost of fuel consumption. The fuel is represented in N-m-minutes.

Table 5-1: SMART

Simulations Slidli:nugzzl\%ode Sliding Mode
Noise [ITAE] 16,074 16,374
[Fuel] 12 12
Disturbance [ITAE] 17,801 18,148
[Fuel] .26 .26




VI. Conclusions

Throughoutthe testsimulationsof noiseanddisturbancdor all threetestspacecraftthe sliding
modecontrollerswereableto provepropercontrol. Thefuzzylogic slidingmode wasableto pro-
vide bettercontrolthantheregularslidingmode butatthepriceof ahigherfuel consumption.The
fuzzylogic controllerandthe PD controllerperformedonanevenfooting, with thefuzzylogic con-
troller achievingaslightadvantageverthe PD controller. However neitheroneof thesewo con-
trollers were able to properly control anything other than the SAMPEX satellite.

Thefuzzyslidingmodealsohasthedrawbackof beingmuchmorecomputationallyexpensivehan
theclassicaklidingmodecontroller. However this caneasilybe overcomeby partitioningthein-
put andoutputspaceof the fuzzy controllerinto a look up table(i.e. similar to gain scheduling).
This method is common in reducing the computational expense of fuzzy logic.

Overall,fuzzylogic did notreachthelevel of performancexpectedn the outsetof this project. It
was believedthatfuzzy logic, which is modelindependentyould providea muchbetterperfor-
mancewith muchlessdesigntime. This washowevernot the case. Significantdesigntime still
wentinto designingthe fuzzy logic controllerandthe fuzzy sliding modecontroller,with only
slightly betterperformance In fact, fuzzy sliding modehadto beutilized dueto thefactthatfuzzy
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 adaptatiorwould needto beincorporatednto the controllerto estimatethe
inertia matrix in orderto truly provide genericcontrol. Originally this wasgoingto be accom-
plishedby RL, butit couldalsobe providedby currentadaptivecontroltheorysuchaswasdone
by Ahmed et al [40] or the use of a kalman filter.
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APPENDIX A: Small Angle Approximation

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

cos%%cos%gcos%%+ sin%%in%%in%ﬁ
q, = cos%%cos%%sin%%— sin%%sin%%cos%%
ay = cos%%in%g%cos%%+ sin%%cos%g%in%%

sin%%cos%%%cos%%— cos%%sin%%sin%’%

O

(A.1)

0,
where
(0] roll

8| = |pitch (A.2)
U] yaw

Now when the small angle approximation is taken on (A-1).

(A.3)
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APPENDIX B: Attitude Repr esentations and Rotation
Matrices

Euler Angles

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

A
Yaw <=

—
U\>

Pitch

Roll

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

(0} roll
8| = |pitch
U] yaw

In orderto performtheseoperation®nthespacecraftanattitudematrix (A) is usedto find thenew
orientationof the spacecrafgiventhe old orientation. Given below arethe attitudematricesfor
rotations about the x, y, and z-axes.

1 0 0
Al®) = |0 cos(g) sin() (B.2)

0 —sin(@) cos(y)
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cog(0) 0 —sin(0)
ABG =] 0 1 o (B.3)
sin(B) 0 cog(0)

cos(y) sin(y) 0
A(P) = |=sin(p) cos(y) O (B.4)
0 0 1

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

Ayz(B, 8, 0) = A,(W) TA(8) A () (B.5)

Quaternions

QuaternionsalsoknownasEulersymmetricparametersaremoremathematicallyefficientwayto
computerotationsof rigid andnon-rigidbodysystemghantraditionalmethodsnvolving standard
rotationalmatricesor Eulerangles.Quaternion$iavetheadvantagef few trigonometricfunctions
neededo computeattitude. Also, thereexistsa productrule for successiveotationsthatgreatly
simplifiesthemath,thusreducingprocessocomputatiortime. Themajordisadvantagef quater-
nionsis thelack of intuitive physicalmeaning. Most peoplewould understandvherea pointwas
if theyweregiven[1 2 3], however few would comprehendvherea pointwasif giventhequater-
nion[1 2 34]. Thissectiondoesnotattemptto providetheextensivaunderstandingeededo em-
ploy quaterniondutrathera simpleintroduction. Furtherinformationcanbefoundin Wertz[37]
or Crane and Duffy [42].

Quaternion Algebra.

The quaternions composedf a scalaranda vectorpart. The scalaris a redundanelementthat
prevents singularities from occurring since the four elements are all dependent upon each other.

a=[aq00q (B.6)
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Table H-1: Quaternion Algebra Summary

Add / Subtract T

q+q = [Xiqx' 9,0y, d,+q; qriqr}

Scalar Multiplication _ T
ag = [ag, aq, ag, ag,|

Quaternion Multiplication r 7
ds d3 9, —0q
qoy = —O3 44 91 -0y )
d> —0; 94 -4z
_ql g, O3 Q4_
Conjugate B T
qCOﬂj - |:_qx _qy _qz q|;|
Inverse o Gon
q
anI’m

Rotations of rigid bodies in space.

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

e= [el e, e3}T (B.7)

The quaternion representation of this operation is

Oi3 = e[Bin%E (B.8)
qu = cos%% (B.9)

Noticethatonly onesineandonecosinefunctioncall is neededo calculatea quaternion. While
eulerwould requirethreesine andthreecosinefunction calls, one eachfor roll, pitch, andyaw.
Since trigonometric function calls are computationally expensive, this is a great savings.
The attitude matrix (A) for this is
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af-03-093+0a 2(q,0,+030,)  2(0;03—0,04)
A(Q) = | 2(0,0,—030,) —97+05—0a3+0q3 2(0,03+q;0,) (B.10)
2(0,05+9,04)  2(9,03—9;0,) -93-05+05+03

Successiveotationscanbe accomplishedby multiplying the attitudematricestogether. Thusfor
two successive rotations, the attitude matrix that would accomplish both would be:

Alg’) = A(q) DA(9) (B.11)

Thus,theaboveequatiorwill providethequaterniorwith thetwo successiveotationsalreadyem-
beddednto it. Hadthetwo eulerattitudematricesbeencalculatedand multiplied together that
would haveresultedin twenty-severmultiplication operationgatherthanthe sixteenmultiplica-
tion operations from quaternion multiplication.

Hopefully it canbe seenthat quaternionsare betterthanotherEuler operationgo determineatti-
tude. Quaterniondack singularitiesdueto oneredundantlement. They alsolack the computa-
tionally intensivetrigonometricfunctions,and containa simplified way to determinesuccessive
rotations about an arbitrary axis.
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APPENDIX C: Fuzzy Logic

Fuzzylogic wasbiologically inspiredby a world of living organismsvhich do not facelife in the
classicabinarylogic senseof trueor false. Living organismsealwith sometimesubtle,gradual
change®f truth, wherethereis no crispblackandwhite, butrathershade®f gray. Fuzzylogic is
amethodwhichallowscomputergo deviatefrom theclassicabinarydecisionmakingmethodand
embrace the shades of gray world of human existence.

Fuzzylogicis avastandcomplextopic. Thus,thepurposeof this sectionis notto coverall aspects
of fuzzylogic, butratherintroduceanunfamiliarreadetto theconcepf fuzzy logic andtherefore
lay afoundationfor materialthroughoutherestof thisreport. For moreinformationonfuzzylog-
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 this basicunderstandingf the differencebetweerclassicalndfuzzy, a
better understanding of the under lying principles of fuzzy logic should emerge.

Classical Set Theory

Classicakettheoryis markedby atrueor false,on or off, 1 or O relationship. Thereis aclearand
unambiguoudine in thesandwherefalseendsandtruthbegins. Forexamplejf Y is aclassicaket
composed of real numbers whose value is greater than 10, then

Y ={x| x> 10}

Thereis acrispboundarywhere10.00000doesnotbelongto Y, but 10.000000doesbelongto Y.
Thistypeof logic is simplefor computergo understan@dnduse butclassicaketsarenon-intuitive
to humans who do not see real life situations in black and white but rather shades of gray.

Fuzzy Set Theory

Fuzzysettheoryon the otherhandis quite differentfrom the classicafform. Fuzzysettheoryin-
troducegheseshade®f graythatis inherento humanperceptiorof everydaylife andallowscom-
putersto participatein this ambiguityof life. Forexample supposéhatY is the settall treesand
x is theheightof anindividual treegreatetthantenmeterdall. Thenotationfor fuzzy settheoryis:
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Y = ux> 1O(X)

Anotherexampleof fuzzy settheoryis, if fifty peoplewhereaskedwhattheyconsideredo befast
driving, therewouldbefifty differentanswers.Thisis becausé¢hehumanexperiences averysub-
jectiveone. Whatonepersorconsidergast,someon&lsemightthinkis toofastor notfastenough.
This also shows the shades of gray that humans see, but classically logical computers do not.

Fuzzy Rule Base

Now we needto definetheframeworkfor howwe aregoingto usefuzzy logic. Membershigunc-
tionsarefuzzy sets(asdescribedreviously)andfuzzy rulesarea methodof joining setstogether.
A seriesof rulesdefinewhatis referredto astherule base. In controls,this would be your input/
output control surface.

From the previousexamplesjet X be the samplespace(universeof discoursefrom which x is
drawnandY O X whereY is acollectionof elementof x. In theclassicalinstancex will either

belongto or notbelongto Y. Thusfor eachelementix in X, asetof orderedoairswhichwill denote
the degree of membership, (x,0) and (x,1), can be constructed to represent the classical set Y.

Now in fuzzy logic, asimilar pairingwill occurto denotethe degreeof membershipvhengivena
fuzzy setY in X whereX containsa collectionof elementf x. Now eachelementx in X canbe
mapped to Y by a set of ordered pairs:

Y = {0y O[O Y}

wherepy(X) isthemembershigunction(MF) for fuzzy setY. TheMF will mapeachelementx
to a membership value between O (false) and 1 (true).

Fuzzy Inference Fuzzification and Fuzzy Reasoning

Fuzzification

Thefuzzy logic processstartswith obtainingsomecrisp valuesfrom userinput or sensoron the
systenthatis beingcontrolled. Thefirst thing thathasto bedoneis to fuzzify thesecrispnumbers
into fuzzy numbers.This processs of courseaccomplishedby useof theappropriatéMFsto which
the crisp numbers belong.

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

Rules.

Fuzzylogic rulesdescribeherelationshipbetweerthe input andthe output,and(from a controls
standpointdefinesaninput/outputsurfaceof controleffort. Thissurfacehasbeenusedto quantify
stability by Petroff et al [30] of fuzzy controllers. Fuzzy rules take the standard if then form, i.e.
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IF (Y is x) then (B is a) IF (antecedent) then (premise)

wherex isaninput,Y andB areafuzzy setsandais anoutput. A fuzzy systemcanhavemultiple

inputsand multiple outputs(MIMO), wherethe inputsandoutputsarejoined togetherby ANDs
and ORs.

IF (Ais a) AND (B is b) AND (Cis c) AND ... then (AAis aa) AND ...

In addition,manyotheroperator€anbeusedio combineandmanipulatduzzyrules. Oneexample
is hedgedi.e. Not, Very, Somewhatpelow,above etc)[43]. Thesehedgeswill notbedescribed
here since they were not used in this work.

Defuzzification.

Oncethefuzzyreasonings completeafuzzyoutputcanbeproduced.However this outputis only

meaningfulto humansandnot to computersaandotherclassicalogic equipment. Thus,a method
is necessarjo transformtheresultingfuzzy outputinto acrispnumericalbutput. Thereareseveral
methodgo accomplishthis. Someof the mostmeaningfulschemesredescribedelowandillus-

trated in Figure C-1.
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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 @erage.

» Bisector of area- this is a partition of the resulting area intmtwgions.

» Centroid of area- this is the most popular defuzzification method. This method finds the
center of mass of the outpugren.
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The entireprocesss shownin FigureC-2. The n inputson the left arefuzzified by MFs. Then
eachof thefuzzified valuesis putinto the rulesthat producem outputs. Eachof thesem outputs
are combined(thereare variousmethods)and the defuzzificationof the resultingareais found.
Now the whole process of fuzzification, rule application, and defuzzification can be put together.

Crisp Inputs Fuzafication Fule Evaluation  Cutpat Fuzzy Sets

®_}/XX\;1—3— 1:1f ... then |—=
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Figure C-2. Fuzzy Logic from input to output [29]

Crisp Output
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APPENDIX D: Source Code

Main Program

% func( whatSimType, ControllerType, satellite,

%other)
%
%
% kevin's satellite simulator
%
% Xn - current state [gn;Ln]

% gn - 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];

gn=[direction/norm(direction)]; % orientation
Ln=[1le-15;1e-15;1e-15]; % angular momentum
Xn=[gn;Ln]; % state vector

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

elseif strcmp(ControllerType,’slide’) | strcemp(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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021.62100000000062 -0.19400000000166
0-0.19400000000166 15.2340000000057];

elseif strcmp(satellite,’maps’)
inertia=[3.99e2 -2.81 -1.31
-2.813.77e2 2.54
-1.31 2.543.77e2];

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(ERRORY))
end

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

gdirection=[axis(1)*sin(angle/2);
axis(2)*sin(angle/2);
axis(3)*sin(angle/2);
cos(angle/2)];

direction=gmult(qn,gdirection);
gd=[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
gpath=[e2q(s(1:m+1),s(1:m+1),zs(1:m+1),11); dsp];
gd=gpath(:,1);
%******** dlStUrbanCe *kkkkkkkkkkkkkkkkkkkkkk
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(ERRORY));
end

QpFkkkkxikikk  main LOOp Fkkkkkkkkkkkkkkkkk

for ii=1:m,

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

if stremp(whatSimType,’path’)

qd=gpath(:,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 *kk
e_d=(Ln-Ld);
save_ed(:;,ii))=e_d;
save_norm_ed(ii)=norm(e_d’);

Op****** calc e p *kk

% error = inv(qd)*q
ginverse=[-qd(1);-qd(2);-qd(3);ad(4)];
e_p=gmult(ginverse,Xn(1:4));

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

%****** CaIC e | *kk
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 stremp(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

%90%%9%6%%%% %% %% % %% % %% % %% % %% % %% % %%

[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 strcemp(ControllerType,’slide’) | strcmp(Controller-
Type,’fuzslide’)
alpha =.1;
gamma =.5;

if strcmp(satellite,'sampex’)
inertiah=[15 0 O

021 0

0 0 15];

elseif strcmp(satellite,’'maps’)
inertiah=[3.99e2 0 0

0 3.77e2 0

00 3.77e2];

elseif strcmp(satellite,’smart’)
inertiah=.9*[5.65e-1 0 0;

07.19e-10;
0 0 4.54e-1];
else
disp(sprintf((ERRORY"))
end

iinertiah=inv(inertiah);

w=iinertiah*Ln;
omega=-0 w(3)-w(2);

-w(3) 0 w(l);
w(2) -w(1) 0];
ge=e_p,

wd = iinertiah*Ld,;

we =w - wd;

s = we+alpha*qe(1:3);
save_s(;,ii) =s;

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

if stremp(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*g_dot - diag(F)*sat(s,.1);
un=[0;sul;

else
disp(sprintf(ERROR!"))
end

% Disturbance input

if stremp(other,’disturbance’) & ii>300 & ii<600
dn=disturb;

else
dn=[0;0;0];

end

%******* Satul’ate OUIpUt *kkkkkkkkkkk
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 *kkkkk
kix=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);
kdx=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 ****xx

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

t(ii)=tn/60; % save time

saveqd(:,ii)=qd; % save desired
end

QpFrrkrixixk and main |00p Fokkkkkkkkkkkkkkkkk

%%%% %% %%%% %% %% % %% %% %% %% % %% %% %%
% Draw Graphs %

%  Printing results %

%  not shown here %
%%%%%%%%%% %% %% % %% %% %% %% % %% %% %%

Euler to Quaternion: e2q.m

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

function q=e2q(phi,theta,psi,flag)
%function g=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 ==
g4=cos(t2/2).*cos((t1+t3)/2);
end

if flag==1,
gl=cos(t2/2).*sin((t1+t3)/2);
g2=sin(t2/2).*cos((t1-t3)/2);
g3=sin(t2/2).*sin((t1-t3)/2);
elseif flag==2,
gl=sin(t2/2).*sin((t1-t3)/2);
g2=cos(t2/2).*sin((t1+t3)/2);
g3=sin(t2/2).*cos((t1-t3)/2);
elseif flag==3,
gl=sin(t2/2).*cos((t1-t3)/2);
g2=sin(t2/2).*sin((t1-t3)/2);
g3=cos(t2/2).*sin((t1+t3)/2);
elseif flag==4,
gl=cos(t2/2).*sin((t1+t3)/2);
g2=sin(t2/2).*sin((t3-t1)/2);
g3=sin(t2/2).*cos((t3-t1)/2);
elseif flag==5,
gl=sin(t2/2).*cos((t3-t1)/2);
g2=cos(t2/2).*sin((t3+t1)/2);
g3=sin(t2/2).*sin((t3-t1)/2);
elseif flag==6,
gl=sin(t2/2).*sin((t3-t1)/2);
g2=sin(t2/2).*cos((t3-t1)/2);
g3=cos(t2/2).*sin((t3+t1)/2);
end

if flag==7 | flag==8 | flag==9
g4=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
g4=cos(t1/2).*cos(t2/2).*cos(t3/2)+sin(t1/2).*sin(t2/2).*sin(t3/
2);

end

ncqflliiiznz(Zl’/Z).*cos(t2/2).*cos(t:’,/2)+cos(t1/2).*sin(t2/2).*sin('[3/
2q)’2=cos(t1/2).*sin(t2/2).*cos(t3/2)-sin(tl/2).*cos(t2/2).*sin(t3/
2ci:yazcos(t1/2).*cos(t2/2).*sin(t3/2)+sin(t1/2).*sin(t2/2).*cos(13/
él)éeif flag==8,
gl=cos(t1/2).*cos(t2/2).*sin(t3/2)+sin(t1/2).*sin(t2/2).*cos(t3/
2);

g2=sin(t1/2).*cos(t2/2).*cos(t3/2)+cos(t1/2).*sin(t2/2).*sin(t3/
2(:ézcos(tlIZ).*sin(t2/2).*cos(t3/2)—sin(t1/2).*cos(t2/2).*sin(t3/
il)éeif flag==9,
gl=cos(t1/2).*sin(t2/2).*cos(t3/2)-sin(t1/2).*cos(t2/2).*sin(t3/
Zt:’2=cos(t1/2).*cos(t2/2).*sin(t3/2)+sin(t1/2).*sin(t2/2).*cos(t3/
2cié:sin(tl/Z).*cos(t2/2).*cos(t3/2)+cos(t1/2).*sin(t2/2).*sin(t3/
2I)éeif flag==10,
gl=sin(t1/2).*cos(t2/2).*cos(t3/2)-cos(t1/2).*sin(t2/2).*sin(t3/
2(:’chos(tlIZ).*cos(t2/2).*sin(t3/2)—sin(t1/2).*sin(t2/2).*cos(t3/
2t:é:cos(tl/Z).*sin(t2/2).*cos(t3/2)+sin(t1/2).*cos(’[2/2).*sin(t3/
(zel)éeif flag==11,
gl=cos(t1/2).*sin(t2/2).*cos(t3/2)+sin(t1/2).*cos(t2/2).*sin(t3/
2ci’2=sin(t1/2).*cos(t2/2).*cos(t3/2)-cos(tl/2).*sin(t2/2).*sin(t3/
2(:ézcos(tlIZ).*cos(t2/2).*sin(t3/2)—sin(t1/2).*sin(t2/2).*cos(t3/
il)éeif flag==12,
gl=cos(t1/2).*cos(t2/2).*sin(t3/2)-sin(t1/2).*sin(t2/2).*cos(t3/
Zt:’2=cos(t1/2).*sin(t2/2).*cos(t3/2)+sin(t1/2).*cos(t2/2).*sin(t3/
2cié:sin(tl/Z).*cos(t2/2).*cos(t3/2)-cos(tl/2).*sin(t2/2).*sin(t3/
o

g=[a1; 92; g3; g4l;

Quaternion Multiplication: gmult.m

This function performedquaternionmultipli-
cation.

function out=gmult(g1,q2)

out=[ q1(4) -q1(3) q1(2) q1(1);
g1(3) ql(4) -q1(1) 91(2);
-q1(2) q1(1) q1(4) q1(3);
-q1(1) -91(2) -q1(3) 91(4)]*a2;

Equations of Motion: sat_cntl.m

This function containedthe equationsof mo-
tion, usedby the RK45 sectionof the simula-
tion to calculate the new states.




66 Appendix D: Source Code
%

% This program simulates the Any satellite for i=1:howMany,
% if uin(i)>sat

% Syntax [sys]=thing1(t,x,u,dn,inertia,iinertia); uin(i) = sat;
% elseif uin(i)<-sat
% where u(:,1) = the reaction wheel input uin(i) = -sat;
% u(:;,2) = the L1 angular momentum input end

% u(:,3) = the L2 angular momentum input end

% u(:,4) = the L3 angular momentum input

% iinertia = the inverse of the inertia matrix uout = uin;

%

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 function saturatedhe outputof the con-
troller to the properlevel sinceeachsatellite
could produce different control effort levels.

function uout = saturateOutput(uin,sat)

howMany = length(uin);
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