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ABSTRACT:

We describea real-timealgorithmfor learningaircraft parameterso be
usedby anadaptve controller Learningconsistsof training a collection
of radialbasisfunctionneuralnetworksto approximateheincomingdata
streamin the least-squaresense Only the heightsof the basisfunctions
aretrained;heuristicsareusedto find their centersandwidths. Sincethe
heightsenterthe equationdinearly, we employ recursve least-squaret®
quickly obtainthenew heightsvhenwe incorporateadditionaldatapoints
andbasisfunctions. In orderto keepthe computationgnanageableye
breakthe datastreaminto segmentswith eachsegmentapproximatedy
aboutlObasisfunctions.Weillustratethealgorithmon asetof F-15flight
data.

INTRODUCTION

Designinggainsfor aircraft flight controllersrequiresestimatef the stability and
control derivatives, which are the primary componentf the A and B matricesin
a state-spacenodel of the dynamics. Estimatesof thesederivatives are normally
obtainedfrom a databasef aerodynamianformationderived primarily from wind
tunneltesting. Controllerdevelopmentproceedswith the gainsbeingdesignedni-
tially using the aerodynamialatabasend then refined using information obtained
over mary flight tests.

Thereis a desirein the aerospace&ommunityto provide a better responseo
changesn aerodynamidoading, control surfacefailures,or minor aircraft damage
duringflight by adaptingthe flight controllaws in realtime. However, this approach
requiresonline estimatef the time-varying stability andcontrol derivatives. To es-
timatetheseparametershe aircraftdynamicsmustbe excitedin sucha way thatthe
parametersnfluence(are obsenablein) the sensomeasurementsFor example,a
derivative with respecto a requiresmovementin the a dimension. During periods
whenaccurateestimatesrepossiblethey mustbestoredandmadeavailablefor when
accurateestimatesrenot possible.This storaggunctioncanbe providedby a neural
network.
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A radial basisfunction (RBF) neuralnetwork is a good candidatefor this online
storagdunctionbecausehelearningcanbelocalizedto theareaof currentflight, and
becausdhesenetworks canbe trainedquickly. Localizationalongthe trajectoryis
accomplishedy placingthe centersof the RBFsalongthe flight pathin parameter
space Thewidthsof thebasisfunctionsandtheir spacingarechosenn adwvanceusing
heuristics,e.g., requiringeachpoint alongthe trajectoryto be supportecoy at least
four basisfunctions.With thewidthsandcenterschosenthe heightsof the RBFscan
be quickly determinedo satisfytheleastsum-of-squaredrrorscriterionby usingthe
recursve least-squaresethodology

Recursve least-square@RLS)is amethodfor maintainingaleast-squaresolution
asnew datapointsareaddedo thetrainingcase®r asnew basisfunctionsareadded
to the RBF network. RLS hasbeenusedextensvely in adaptve filter theory(Haykin,
1991)andadaptve control (Astrdm and Wittenmark,1989). If pointsor basisfunc-
tionsareaddedoneat atime, no matrix inversionsarerequiredby this processpnly
matrix multiplicationsandadditionsare necessaryHowever, whena basisfunction
is added the sizeof the primary matrix grows by onerow andonecolumn. We take
additionalstepgo limit thesizeof this matrixandensurehe possibilityof areal-time
implementation.

Theremaindewof thispaperis organizedasfollows. In thenext sectiorwe develop
the RBF network modelusedin our approximations.We derive the RLS equations
usedo incorporateew basisfunctionsanddatapointsinto thetrainingmodel,andwe
discussstepgakento reduceheamountof computatiomequiredto maintaintheleast-
squaresolution. Finally, we illustrate our algorithmby approximatingaerodynamic
dervativesfrom a sggmentof flight data.

TRAINING RBF NETWORKSUSING RECURSIVE LEAST-SQUARES

Supposedata{z,y;}{. ; is given, wherez is the input vector[zil,...,ziZ]T andthe
measuremeny; is ascalar A radial basis function (RBF) neuralnetwork is a model
of theform

yr Db1f1(2)+ -+ bmfm(2) (1)

wheretheorderof themodelsatisfiesn < n to achieve compressionHere{ f;(2), j =
1,...,m} aretheradial basisfunctions,which arederivedfrom a radially symmetric
function f(z), calledthe basic RBF (Bishop, 1995). The vectorof coeficientsb =
[b1 ... bm] mustbe determinedso that the modelfits the datain the least-squares
sense.

Sincethebj occurlinearly in (1), we maywrite the modelasa setof linearequa-
tions. Specifically letthemeasuremerdatavectorbey = [y; ... yn] T, andletR= (rij)
bethen x mregressiormatrix definedby ri; = f;(z). Then(1) becomey ~ Rb, and
we assumehatthe columnsof R arelinearly independentTo fit thedatain theleast-
squaresensethatis, to find the heightssuchthat

b= argmin (Ro—y)T(Rb—Yy)

requires A
b=[RTR~IR"y (2)



whichis the standardeast-squaresolutionto an over-determinedsetof linearequa-
tions(Strang,1980).

Adding a New Basis Function to the Model

Givena solutionin the form of (2), supposeve wish to add an additionalfunction
fm+1(2) to the modeland calculatethe new solutionwith a minimum of additional
computationTheregressiommatrixbecomesRk = [RH], where

H=[ foga(z) ..o fmea(z) ]
Let
B =[0 ... B,
bethenew vectorof coeficientsto bedeterminedBy (2),
T T “lr gt
BI:[STF\I; STLI:| [ET}V 3)
A calculationshovsthat
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wherec = [RTR]7'R"H and6 = (Rc— H)TH. Equation(4) is valid wheneer 6 # 0.
Substituting4) into (3) gives A
~ | b—ac
<[]
in which T
q— (Rc—eH) y 6)

Thus(4) maybeusedto efficiently calculatethe new inversematrix from theold, and
(5) maybeusedto obtainthe new least-squaresolution.

Adding a New Data Point to the Training Set
Given a solutionin the form of (2), supposet is desiredto add an additionaldata
point{z,,1,Yn:1} to thetraining setandcalculatethe new solutionwith a minimum
of additionalcomputationIn this casetheregressiommatrixbecomesR = [R" G']T,
where

G=[ fiz1) - fm(zns1) ]
andtheoutputvectorbecomes

.
Y=[Y Yni1 ]
Let P=R'R, andP’ = P+ G'G. Startingwith (2) andutilizing the matrix inver-
sionlemma(Haykin, 1991),we reducethe solutionto

b = b+K(yn.1—Gb) 7)
Pl = [I1-KkgP? (8)

where
K=pPIGT[GP G +1]71 (9)

Equationg7), and(8) maybeusedo find thenew solutionheightsandthenew inverse
matrix from theold, all without matrixinversion.



Finding Centersand Widths
In our application the datais a functionof time. Thatis, z = z(t;) andy; = y(t;) for
somesequencef timevalues{t;}. Thereforethedatapointsform aone-dimensional
trajectory in an/ + 1 spaceof parametevalues.In orderto give approximatelyequal
treatmento eachof thedimensionsn parametespacetheinputis scaledsothateach
parametervariesbetween1 and+1. Also we assumehe basisfunctionshave equal
widthsin all dimensionswhich we defineasthe numbero.
Thebasisfunctionsmustbe placednearthetrajectoryin orderto beresponsieto
theincomingdatastream,andthey shouldbe approximatelyequallyspacedn order
to give uniform coverage.With eachnew datapoint, the Euclideandistancefrom the
lastdatapointis computed We adda seriesof thesedistancedo approximatehearc
lengthalongthetrajectory Whenthetotal distancesxceedgheintendedRBF spacing,
A, anew basisfunctionis centeredatthe currentz andincorporatednto thesolution.
GivenA, theintendedRBF spacingn parametespacewe computethewidth, o,
accordingo aheuristic:roughlyfour basisfunctionsshouldbenon-zerdor eachdata
pointin orderto form accurateapproximations.(This heuristicresultsfrom experi-
mentswith RBF approximationgo multi-dimensionalpolynomials.) Ensuringsuch
a conditionrequiresthe width of the basisfunctionsto satisfyo > (3/2)A which is
easilyverifiedin thesingledimensionatase.

Segmenting the Data

Equation(4) shaws thatthe new P matrix grows by onerow andonecolumnwhena
new basisfunctionis addedo themodel.If stepsarenottakento restrictthis growth,
P will eventuallygrow too largefor real-timeimplementatiorof thealgorithm.

Our approachs to allow the window to grow to a fixed size,e.g., 10 basisfunc-
tions, storethe entire window, and begin a nev window. This approachinherently
segmentsthe datatrajectory with eachsegmentapproximatedy 10 basisfunctions.
To evaluatethis approximatiorat a point on a trajectory the segmentcontainingthis
pointis determinedandevaluated.The problemis thatfor a givenpoint, it is not ob-
viouswhich segmentit belonggto. The solutionwe adoptis to find the basisfunction
whichis closesto the givenpointandusethe segmentcontainingthatbasisfunction.
With thisapproachtheonly time thatminimumleast-squaresccuray is notobtained
is whenthewrong segmentis determinedor a point, andthena closeapproximation
is still obtained.

APPLICATION TO ONLINE LEARNING OF AIRCRAFT PARAMETERS

We now considerthe problemof learningaircraft parameter®nline usingan RBF
network trainedwith RLS. We wish to approximatea portion of the surfaceof an
aerodynamialervative in the least-squaresensepy placingthe centersof the basis
functionsalongthetrajectoryandadjustingtheir heightsto provide anoptimumfit.
The variablesof interestareaeronauticastateinputssuchasthe angleof attack,
a, the angleof sideslip,3, the speedn machunits, andthe deflectionanglesof the
stabilatorandthe canardds anddc. Theseanputsareusedwith theaircraftequations
of motionin orderto estimatethe aerodynamiaervativesC,, andcmés, which are

the ratesof changeof the coeficient of pitching momentwith respectto a andds,
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Figure 1: Segmented RLS approximation to Cy,, with A =2 and 10 RBFs per window,
42 RBFs total.

respectrely. It is requiredto save Cpy, andeES asfunctionsof a, 3, mach,ds anddc
usinganeuralnetwork.

A datasetfrom F-15flight testsis usedto demonstratéhe approach.The datais
samplecat40 Hz, andthedurationof our exampleflight is 20 secondsManeu\ersare
beingperformedduringthis flight, but the type of aircraftmovements notimportant
to the approach.Centersare placedalongthe trajectoryin (a, 3, mach &g, &c)-space
usingthe above heuristicswith A = 2 (in normalizedcoordinates)andRLS is used
to determinethe heightsso that the RBF approximate,, and Cmas in the least-
squaressense. The sggmentingapproachis usedto limit the requiredcomputation
time. Thetruevalueof Cy,, andits approximationn time for theflight dataareshovn
in Figurel. Similarly, theapproximatiorforCmas is shavn in Figure2.

The total rangeof Cy, is the interval [—0.0350.019 and the rangeof Crne is

[—0.01360.0014. Dividing the error by the size of theseintervals shavs that our
approximationsare accurateto lessthan 1.5% of the rangeof the approximatedga-
rameter Evidencethattheseestimatesare accurateenoughfor useby the controller
comedrom internalstudiesatMcDonnellDouglas which have shavn thatstability is
maintainedf all thederwvativesareaccurateo within 12%of range.

Thecompressiomatioresultsareasfollows. Ourdatasetcontains/97datapoints,
and42 basisfunctionsare usedto approximatat asFiguresl and2 indicate. Thus,
the compressiomatio for this datasets roughly 19:1. Fromtheseresults,we expect
compressiomatiosof 20:1to beachievableandeffective.

The averagetime to adda point usingactualflight dataon a SFARCstation2 is
1.34ms,andthe averagetime to evaluatea pointis 1.02ms. Sincethe updaterateof
theaircraftcontrolleris expectedo be 12.5ms,thereis reasorto believe thatthe RBF
neuralnetwork canbetrainedandevaluatedjuickly enoughto operatan realtime.
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Figure 2: Segmented RLS approximation to Cmas with A =2 and 10 RBFs per window,
41 RBFs total.

CONCLUSIONS

Adaptive aircraftcontrollersareof interestbecaus¢he maintenancef excellentcon-
trol is desiredwhenthe aircraft structurechangesr unexpectedconditionsoccurin

flight. A quickly trainedlocalizedneuralnetwork consistingof radialbasisfunctions
canbe usedto provide an adaptve aircraftmodelfor sucha controller Simulations
have shavn thatthe algorithmworksin realtime. Flightsfor the purposeof testing
this conceptareexpectedo occurin 1997.
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