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Abstract

Tphimal desipn of an on-line sbate and parareter estimwation algorithm
results in o complex structure not readily feasible for adoptive control pur-
poses and/or for implemeniation in a typical process contrel or flight computer.
Suboptimal desipns are often used in prectice pnd despite the ease of imple-
menting these procedures, problems such as durerpence and/or inacewrasies are
not uncommon. An on-line minimum variance parameter identifier has therefore
‘neen developed which ewbadies both securacy and computati nel efficieney. 'the
new formu. . bion results in a linear estimation problem with hoth additive and

t

mltiplicative noise. The resulting filter is shown to utilize bolth the co- ‘
variance of the parameter vector itself and ihe covariunce of the error in
tdentifleation,

A bips reduetion scheme can be used if desired to wield asymptobtically
unbiased estimates. It is proven that the identification filter is mean square
convergent and mean square consistent. The MV paremeter identification scheme

is then used to construct a stable gtate and perameter estimetion alpgorithm.
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1, INTRODUCTION
Simple mechanieal linkages are often unable to cope with many control problems
assoclated with high performance aireraft. This has let to the present interest

in dlgltel Ply-by-wire (s 2]

control systems. Digital implementation is extremely
advantageous becguse of

* The significant walght and volume savings.

* The aveilnbility of integrated eireuits.

*. The ability to design complex controllers which were previously

impossible to implement on board an airecraft,
. * The high reliability of digital logie.

Furthermore, the nced for an adaptive control system has been established for: [3"]

. prcvldinp uniform stnbility angd handllng gualities over the

complete rlight envelope despite drastic changes in the open
loop characteristics of the aireraft.

- plovi&ing sccepbable flying cﬁelitics over o wide renpe of
externel visturbances due to atwospheric tunbulence and
outer loop cormand sipnals.

In dCuiEﬂlﬂP an adaptlve control svstem, it 1is neccssaly to determine whether
to implement an explzcxt system in which on=line parametcr Jdcntlfication ig per-
formeﬁ or an impl;clt system which docs not zeqnlre Pyplicit parameter 1denti“ica~
tion. Recent sLudies have 1nd1cated preference for cxnlicit designs whencver tho
proces" to be oontroJWed has nonnminlmum phcee characterlgt1ca and/or hiph gein
rsand large bendwidth Jlmltetlone[s] - | . |

The development of an implemeﬁﬁabie digital edeﬁﬁife ccntrol sysﬁeﬁ fequires
the uge of an identlfication sch*me thet 1s capcble of supplying parameter estl-__
mates et an accuracy and rate specified bv the controller characteristics. Because
a dlgltql edantlve controllez uses elements of the discretized matrices, 1dentif1— L

cation of theee elements and not the "ontinuous physical sy°tem peremeter should

be considered._:Furthermore, identlflcation of the parameters of a contlnuous



system (e.gs, stﬁbiliﬁy dcrivutiﬁos) Trom discrete date results in a problem with
many scvere nonllnearities.

Prequently, the chelce of an identificaﬁion methoa depends not only upon
the type of model used, but also on the Lomputing fneildities avuilable. Duo to
inherent limitations in the slorape and computation time of o typlcul process |
control computer the identification gcheme should be recursive in nature in
order fo ﬁvoid daté ﬁccumulation. Therefore,.of interest were the extended
K&lman_filter, the weighted least squares alporithm, stochastic approximation,
end o decoupllng process iﬁ vhich linesy staﬁe estimation and parnmeter.identifin
aation were considered separately and alternate;y.

Respi” he case of implementing these procedures, problems such as dlvergence
‘end/or inasccuracies are not uncommon. In parbicular the following items were
noted:

+ Yhe perfcrmance of the extended Xalmen Tilter is incdequate .

for andaptive control purvoses because of inaccuracies vhich

(6]

* The weiphbed lEast square procedure s very useful for high -

result fron ]inearlaation

signal to noise ratios. Hipghly blased estimates are not un-

- “common at low signal to noise ratios and 3n the estimates ol

(61

*  Computer sipulations conducted using the stochastic approxi-

insensitive porameters

" mation (8A) alporithm for the identification of linear lateral
motion of an aircraft showed that the convergence of the SA
procedu;e is very slow especially Tor adaptive control purposesP;Q]

¢ A decoupllng process in which linear state and parameter esti-
mation are performed separately and alternately (state estimates

‘used in the parmmeter filter s+d parameter estimates used in the .
state filter) is highly inaccurate and of limited use in digital

_edaptive control. | '



Linear system ldentification using the input and noisy measurements

of the output can be generally cast as a state estlmation problem with both
additive and multiplication noise (AMN).' These termé will in fact be functions
of the sume noise sequence, ‘The continuous optlimal nonlinear filter as derived
by Kushner[7] for (AMM) is infinite aimensional and its physical realization is
impossible. Approximate linear filters were subsequently derived for AMN[S’gjz
under che assunption that the ndditive and multiplication diséurﬁéhcé“térms.are;;l
Tunetions of two independent random processes; hénce fhesc results are nbt |
immediaﬁel& énplicable to sysgtem idchtification; Ehus n ﬁe# onnline minin@m
variance filter for the 1denLification of svetems with additive and multipllca~.
tive noise hns been developed which embodies both accurncw and compntatlonal
.eff1c1eucy. The resulting filter is showr to utilize both_the covariance of
tﬁe pa“ametef vector.itéelf and the covéfiénco 6” the error in identific¢t10n.
A bins reditetion seheme can be used ir desiwed, 1o yie}d as;wptotlcallv unhiaued
estimates, | |

As common in: deriving any estimafion schewé, proof of the converpgence
of 1hc identiilc&t:on fijter ig on Jntegzal part of the valldatlon of the 1equ1ts.
_In thi“ respect tho prOpoved identifieatlon scheme is shoﬂn to be convergent in .
the mean square sense. The proof consistsrof deriving & suiteble upper-bound
:for the mean square error (MSE) and,showlng that the MSE ganyergeé to zero as
time tends to infinlty. The mean square convergence of-the {ilter implies con-
vergence wlth nrobability whlch, in turn would imply that the estimates are con-
- sistent. Using the proposgd parametex identification filter and the related.
.convergence proofs, & stgte—parametér estimation scheme is constructed and

proven to be stable in the sense of boundness. The resulting state-parameter

'.qisaheme;is-shown_to be computationally feasible and amenable for on-line system

identification;and'aﬂaptiveicgntrol appiications.
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To illusirate the relinbility of the idenfication schemes and the problems
encountéred. experimentnl results for simulated linearized lateral nireraft
motion in a digital closed loop mode, are included, A comparison of the extend-
ed Kalman filter and the minimum variance filter in the adaptive mode are presented.
2, PROBLEM DEFINITION
The problem of dgtermining on-line values of certain parameters appearing in

the discrete cquations of a linear constent coefficient process, vhich are best

with repgard to use in adaptive centrel loghe, pgiven the input and noisy messure-

ments of the output, was considered uging an on-line minlmum variance filter.

Ihe corrermonding equations are:

skl )=A x(k)} + B u(k) - B )
y() = x(i0) + nlk) @
where o | | |
x(k) = plent state at the KA sarple instant (n x 1)
A= staté transition matrix for the discrete system (n x n)
u(k) = ¢ trol vector (m x 1) | o
B = Control. distribution matrix (n x h)

y{k) = meascurement vector (£ x 1) at Lhe k inatcnt

n{k) = weasurement noise at'the'k 1nstant novarignee
. 2 : ot
matrix R(i,3) = 513’
vhere '6id =1, 1= jqﬁij = 0 otherwise,

3. PARAMEIER MODELING
To estimate any unknown vector of pdrameters.q appearing in thé eﬁaﬁe ﬁrans~

ition matrix A and in the cnntrol distxlbutlon matrix B, 1t is necessary to model

- {the dynamics and observations of the systen parameters. Furthermore, slnce not

all parameters apnearlng in the matrices A and B are to he identlfled, the differ-r

_entiatlon ‘between the set of parameters that ‘nre to be 1dent1r1ed and the set of
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parﬁmeburs not to be ldentified is gencrﬁlly recommended. In particulasr, o
convenient represcntation of.the systen o |

| x(k+1) = (k) q(k) + D(k) ¢ | - (3
!#lm re

C and D are selection matéices containing values of the system
state and conbrol at the kth instant. A zero entry for o part.

icular Gid(or D,,) vould indicate thnt no couwpling exists belween

1d
% and g, (or between x, and 53)'

q is a vector of unknown parcmeters popearing in the A and. B matricesd
8 is a vector of known parameters appearing in the A and B matrices,
The model for the constont delerministic or stochastie parameter vector q is then.

given by:

Bvslemg Dynamigs

alk+d) = glx) 2(a(0))=q, .PO=EE(q(bl-qo)(qfo)-qo)m. : (W)
Ohservation
x(x+1) = C(k) alk) + D{k) § . (5)

. The identification problem ag defined in {i} ang (5) appears to be a convenbionnl,
linear stnte estimation problem;' Howéver, because x ié’not novn exactly, Cﬂaﬁﬁ
D ere also unknown, and the rules a=nd usape'of'thé conventional Kﬁlman filter
¢an not be appliad. Substituting equation (2) into (55 givesf ' |

ylice1)~n(ie1)=e(y(k)-n(k), (k) Velk) +'ﬁ(y(k)—h(k),'ﬁ(k)5 s  (6a)

vhere

" the notation C(y(k)-n(k), u(k)) and B(y(k)-n(k),u(k)) stresses the fact
that the selection matrices € and D gre functions of the state and s
-control values, Noting that: . L
Cly(k)-n{k), ulk))=C(y(k), u(k))-C(n(k), ulk)).
and“éimilafiy for'D; equation Gcan be rewritten asi

y(k+1)=D{y(k), ulk))s=Ccly{k), ulk))alk)
- =C(n(k), u(k))g(k)-D(n{k), uw(kNstn(k+1) — - ST ew)



Derining.

z{k) = y(k+2} = D(y{k), ulk)) 8
{0 be a pseudo-measurement vector for the lincar systrm givén in (h) ang rearfang-
__ing equwbion_(?) glves the parameter RO

alk+l) = q(k) (M)

2(k)=B(k)a (k)0 (i pa{kMn(ked)-D, (K)5 )
whefe

(k) = cly(k),ulr))

cn(k)=c(n(k)',u(k))

1, (k)=0(n(x),u(k))
Fguations: (4) and (8) denote a lineor time invariant system with & transition
retrlx I and cbsevvation matrix C(k). The observation is corrupteéd by Lhe
multiplicntive noise termrcn(k) and the additlve noise terms'g(k)mnn(k)s with
‘covariance R E{D ST'DHT]“

b, MINIMUM VARLANCE ESTIMATION
k.1 Develovrent
Because of divergence and/or inaccuracies common to most existing identi-
. fication schemes, it was desirable to develop an slteriabe scheme that cowld
hopelully desl with these problems, The proposed Tilteér is besed on a minimum
yariance porformence index for the state estimabion of a linenr system with
'addltive and multlpllcative noise.
‘The optimum minimum vax iance rilter for a contlnuous system is in rnct fion-

linearlT]

s and its exact in@lementation is virbually impossible. A linear
a optima; filter VBE therefore of 1nterest. Thua defining the 1dent1f1catior
algorithm to be

q(k) et )+K(k)[z(k) Benien] (o)



K is to be dctcrmincd so as to minimize:

7 IR la00) - 4,000 | - (10)
which is the trace of the covariance matrix

P(k)=E, {(g(k)-4(k)) (ql)-4(x))") (11)
where _ Ey(d(k))=3[afy(0),-,-y(k)]

The parmmeter & (which will be discussed in the next section) defines the fre-
quency of identification, Define the parameter error es a(k)-8(k)-q(k), with
initial conditions ut 'I=0 -
B(3(0))=0 5 B{E(0) (0)7) =p,
Using (b)Y, (8) and (9) the error & propapates aa:
G(6)=G (54K (1) [-ECk-1)F (k2D =6 k1) (k) =D, (k)84 ()] (12)
By post multiplying 12 by its trencpose, end taking ihe conditional expectation
over the entire measurement vector history (y{(0),...y{k)) and noting that:
HLC (k-2)a()T (e-8) g,y () =0
when 2>, the aifference equation for the condit’onal varience P(k) 5ecbmes:.
p(I)=P (-2} K (¥ k)G (k-—l)P(k-—MmP P(-2) 8 (k1)K (8)
() (G -1 )P(R-2) (1:-1)ua(k~1)m )"P'(k)”' ©(130)

where a 7
W ~L{c( 1) (k-sz) (k z)c (k -1)} ' (13b>

. . k 1

Stationary condmtionb for the mJnlmlAatlon of thc tlacc of P(k) are obtuined by
settnny all derivatives of (12) with respect to the elements of K{k) equal to
| aerq. This yield | - | -

K(k)=p(-2) (k_-J.){a(k-:._l_)P_(l_{_-_ﬂ)aT(k-—l)-b@(lc-l)fﬁeq]__l e

h 2 Observations

(1) The pain of the rosulting fllter is a function of thc error

" covariance P and the weighted noise covariance w(l3b); where
the weighting matrix for u is uhE covariance of the identifled o
parametér Q. - ER

(2)  The derivation of the proposed minimum variance filter is made
-possible by not identifying every sample;  i.e., £ > L. For.
f =1, the expeclted value of many cross terms involving the -
-parameter g, the error g and the noise selection matrix C_ will
not vanish; this can be illustrated by notlng that: i

RIS - REPRODUCIBILITY OF THE
7 |  ORIGINAL PAGE IS POOR



m{cn(k~1)ﬁ(k)qT(k-l)lyo,...y(k)} #0

t .
ginee €. {(k-1) and Er(k—l) nre correlated, Obviously recursive
updating of non-vanishing cross terms is possible, and the
minimization would not be feasible for on=line implementation.

(3) fiirce no eétimation is performed betwer., the time instants
k-j and k-1, the notntion P will be used instead of PK-R'

Hence the resulbing identification ulrorith can be plven by
~.the following cquations: o ' : '

_d(k)=Q(k~z)af(k)[z(k)~6(k~1)3(k~n)} | (9)
K00)=P 08 (1) [P (k18 (ke )t o, 170 (2h)
P =P (-1 )-K(k )E(k-l)w(r—l) (15)

vhere e@udtlon (15) results from uuhutitutinp eouution (14) in (13)



|
g
5. BIAS REDUCTION 35
Although the linear minimum varinnee filter as deseribed by equations (9), (1Lh) {
and (15) wog oboerved to be relatively accurate with respect to other linear schemes,
-4 substantinl bias did appear in the parametes estimates, especially in the estimgtes
of insensitive pnrametersis]. An investipgation was therefore. conducted to deoter-
mine the causes and the means to reduce or eliminate the tiaes.
By combining equations (15) and (1h), the pain can be rewritten as:
K(k)=P(k) T (k=28 (k1)
where . | Bmu Reg ¥ Wy o | o _.(16)
.By‘substituting (16) in (9) and taking thelexpecﬁatibﬁ and the'limit'aé K m; |
It iz found thuﬁ: | _ _ §
RGO enr ey et R
e, (e-1) 117+ (RE )R] - o) an
Obviously eqﬁation (17) reveals bhe.bias in the estimetes of q, q. Assuming that é
~the term E{awﬁh—l)ﬁaﬁa(kfl)} is a peneralized measure of the sipmal pover, and _é
E{Cg(kml)ﬁ;lcn(k—l)}is 8 generalized measure of the noise, equation (17) can be g
written as: R T PO T S
| BA()I=lg + 07 I8 c a) 0 (18)
where | . | .
§=='E_{C_T_(k-.l)'n;f‘-c(_k-l)}.-__-'__ R R T

N Efcg(k-l)ﬁ:"l ¢ (k-1))

n
By examining equation (17)and (18), 4t bedomes cbvious that the'trouhlGSOmﬁ term

is the noise power N, Hence a correction term must be added so as to compensate

for the blas. From consideration of equations (16) and (17), it is clear that %he




corraction term rust incorporate the covariance tewrm Pk ond the latono entimate ak-i'
AMding the correction torm to (1), the basie algorithm becomes:

a(k)={T+P(k) 6(K)1G(k-2) + K(k) [2(k)-C(k-1) §(k=2}] {19)
where G(k) 48 to be found such that

rim B{g(kx)} =
w'“ ary e o (20)

Taking the expectation for (19) and using (20), vields:
6(k) = BICH(R-1)R77G, (k1) }el
Hence, the modificd minimum variance filter is nlvan by:
ﬁ(P)=(I+P(k)W{C (r—l)n ¢ (k—l)})q(k-z)+xtk [z(k)-e(k—l)q(r £)1 (21)
whefo ?{k) und K{k) are pivcn by the rocursivo equations (14) and (15). It,shoold
be pointed oud 1hut in recursive on=-line porameben idnntification schemes, onlv
asymptotic wblasness is posnibleil 0] -
6. FILITQ STARILITY

Pssent*ul Lo any estimation scheme 1s the valldity of tne resulting,astlmateu.
In this respect, 1t is desired to nrove that the propoaed;idontificotion_algorithm
conve .8 to the actual system parapeters. The convergence of the filter is of
particular importence sinee the resulting estimates are to.be used in the construci-
ion of an adeptive controller.

The proot of converpence of any estimption schewe usually involves the following:

1. Proving that the natural modes ol the estimation scheme
are stable.

2, Estabiishiﬁm,'in a stutisﬁical.sense'that the errors
resulting {rom the measurement and/or plant nolse
remain bounded und/or converge to 2ero in the limit.

Before proceeding in establishing the convergence of the proposed identification
scheme the following nasumptions neoded for the proof are statﬂd'.

Al. in 1] is a vector Bequence whose entrlcu are zero mean indopondcnt
variables. All entries of the measurement noise vector (n,) are
_ mutually independent., Second . and fourth moments of[n_] aré wiformly

10
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6.l

A2, 'The deterministic control veetor uw(k) is assumed to be boundad,
Similarly the output vector y{k) snd all transformations on y(k)
are uspwied to have bounded moments, Clearly, this asswnption
in readist” » since the proposed alporithm s to be used in identi-
fying physawally realizable oyustems,

A3. 'The Llinenr system 1u completely contrdedloeble ond completely
cobaervable., "These conditions ore necessery since the only
part of the system vhich is identifiable from input-output

- obgervations 28 the completely controllable and completely
observable one,

Ab,  "he porametey, get to be identificd 4a easuned to be corpletely
observable in the pense that the information mntrix

. k A .-_ . )
“F{k,1) & Y cﬂ(i)nml cli)
ie]
is positive definiie. Purtherrove, it is aasumed that the
~systom ldentification wodel is wlformiy complotely obscry-
nble in the senzo thut
~M - ”
0er<EH (1)K C(4) < BT Vi, a.s.
vhere o and B are constanla.

A5,  The product of the patrix P oand Lhe signal powef's is.pnsitive
definite,

Parpretér Mlter converprence

Theoren 1. lesn Souare Converpenece. Under the assurptions Al Lo AL, the

- linear estinotor of a(k) piven in eaustions 1%, 15 ond 21 converres in the

mesh square sense Lo the unknown parhreter vecLor q of Lhe 1inear hVBtO

Cin (1-2),

nanlinesr functions of the smpnal and noise power

?roof' The eutlmation error q can be pivcn bv the followiup EQuation

(k) [I+P - rcf(k-l)-; C(k-l)}ﬁ(k- )+P[C (k l)R C(k—l)q~Nq.

8% (-0 ) R0 (k1) (k1) R (neD 6)] (22)

Premultiplying (22) by q(k), tuking the cxceptimn and by repeated use of

 theé Couchy-Shwartz and trisngle inequalities, aﬁ'upper“ﬁoﬁnd for the mean

square of the identiflcotion error can be given by:
18001 12) < tv] o112 5-2n ) (]2 [2) #l 2] 12 6

vhere AMi is the minimum elpgenvalue of the product PS, and L5 andwﬁ6 are
fiz]

U A

ST S A e




The upperbound in (23) is o penernlizetion of the bound given by Mcndeltlo]

for single output identifisation. A dotuiled derivation of (23) is provided

[13] and using the fuet that In

in veference 12, By applying Venter's Theorem
the limit, the meximum elpenvalue of P hehaves zne % y the mean square error
E[]}a(x)]|*] is chown to converge to zero in the limit, i.e.,

fdm B[] 30 ]]2) - 0 | . .
a0 : ' o

Combining the fect that the vroposed ldentifieation scheme 1s novmptotically
“unbiassed ond mean souare converpent, it ig coneluded that the filter-is mean-
(247

square consistent

6.2 Converperice of State Fstiratlon

The raximm likeliliood, rindirum variunce nnd least squares estimate of ithe
atnto vector (k) riven the rensurement vaator ¥(0),...¥(k) is fi.ven by the Kalran-—

[14],

Bucv i;ltor The Xalman filter wng ohown to converge in the rean Square Sense
_and with prcbahllity 1 1¢ the plent moda] und Gauasian noise btatnqticu are
cxuctly ¥nown., -~ Fo ne e where the pJnnL model is not eyactjv known, an upprcx—
_imnte ¥alman filter can be constructed uninp idcntiilod rarametcru. Thorstabiiity

of the anproximatc Kalman filtcr {18 diseussed in thp n*quel.

Thcnrem 21 Giyen the npproximate Kulman filter
ek y=R x(k=1 /=0 )+E u(k—-l)+f<'f5'('}:)_’.':.r(k)-[ﬁ 5 (k-0 a1 )48 u(k'-l)]]

By (R)=p_ (k)RS e (2h)

where ﬁ(k/k)g state  ertimate using ddentirfied parameters

, B identified system and inpub metrix

o 4

bl
>

g+ Py gain and covariance'mutrix using identified paramcters;7
ir the linear system (l 2) is stable and if A and B are consisient estimates of
A nnd B resper.tively, then 7

ﬂ;im -—Z |X(k|k - ¥ k|k ' O w:lth probability one ..

o EPRODUGIBILITY OF THB
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P (k) » P2 a5 ko  vyith probability one

K (k) +—Kg us k +»  with probability one
vhere

x(k|k) A optimnl stote estimute
' Kg , Pg oétimal fain and covdfiahce matri#
The proof of theorem 2 iz provided in reference (15). |

Tt was shown iﬁ séction 6.1.that the estimntor a in (21):13 mean sqﬁare
converpgent and mean square consistent. Ry invoking theorem 2 and therstubiliﬁy
condition on the plant in l; if can be ohéerved that the proposed identifier
and tﬁe réépcctivq_upproximute Kalman filter constitute a stable_(in the senge
of boﬁndédncsa) ntgtoeparumetér identificaﬁion scheme. This structure can serve
as an alternativg ta the linenrizad_Kalmun:rilter with the advantages o: stubility
and éase of implementﬁtion. Sim\laﬁionu {for the state parameter filter are pre-
- gented in sgction 81 “

T. IDENTIFICATION OF TIME VARYING PARAIETFRS

An important property of a paremeter ldenfication procedure is its efTective-
neas in Ldentifyinp and tracking timz varying parameters, The extended Kalmoen
Tilter was cf* limited use due to problems related to linearization and the up~

[6)

dating of the priming trajectory” . Furthermore, beocause of problems related
to. the converpence spzed. and updating of the correction gain, - ‘stochastic

approximation was found to be unsatisfactory for identification of iime vary-

- dfig-poramcters.

Modeling time varying parameters as a first order random well, the mindsmum
" varlanee filter san be modified or rederived so as to track the varistion in the"
system purameter (k). The new parameter model is then given by the following

equationg:

a3
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Parameter Model

alk) = q(k-2) + v{k-£)
vhere v is a zero meen uncorrelated stutionary Caussian nolse sequence
with covarience Q{k) = E{v(k) v(k)m};
Observution:

'z(k)=8(k~1)q(k)~cn(k)q(k)-nn(k)S(k)

Miniwum Yarience Filter

A0k)=8 (k-2 4K (k) [2(k) ~B(x-1)(k-2) ] - (25)
M(k) = P(k-1) + Q | (26)
K(k):m(k)éw(k-l)[ﬁ(k-i)n(k)ﬁwtknl)+w(k-1)+néqj'1:" (27
P{k)=t(k) = K(r) C{k~1) M(k) - | (28)

vhere w(k-1} is the weingted noise covarience. _
- w(k-1)8(0, (x-1) alk-8) o"(k-2) C(x-2))

Since thc pdraﬁetér vector q is modeléd'as.ﬁirlrst order random wuik, its
covafiunée hng to be updwted fecursively so as to compﬁté w(kni). Assuming that
“the initlal parumeﬁdr covarionce T is given by -

o 2(0) = 2{a(0) a7(0)};

_Bhe barumetef éovariunce T(k) and the'ﬁeightgd noisé éovafiaﬁce.cnnzhe giyen.bj:
) | (k) = T(k—ﬁ):+q(k;£) - ._“: o - :_ (29)

o Rl (e0)Be ey (30)

Equations (25) to (29) summarize the minimum veriance filtér for identification of

. varying,parumeters;_ The resulting filter is relatiﬁely simple for use in a typiecal

provess control computer.

8.  APPLICATIONS AND RESULTS
The performance of the minimum variance filter was evaeluated experimentally

using a Ylincarized model of the lateral motion of a typical fighter sircraft.:

1h



where

This evaluetion consisted of:

(1) An investipgation of the converpence properties
and parameter trackinp of the minimum vorlance
filter.

(2) A stuly of the overall performance of the closed
loop system in the adaptlve mode.

(3) A comparective analysis of the performance of the
© minimum variance filter; .the extended Kalman
filter and the veighted least squares algorithr.

8.1 Adaptive Control Loop Desigg

Developnent of an aﬂaptife cﬁntrol sjatem requires that considerﬁtion be
glven to desipning a control *lgorithm that performs well and at thc same time
iz ezasily ndjusLuble on-line in response to paramcter chunges._' | |

Given a ploant to he controlled and & model having the desired closed loop
“plent response, u model folloving adaptivé coﬁtroller can be deéigned so that
the closed lomp system will behave in the same manner s the model., i;e.; fbr a"
' inLn input the closed loop system should.resnond as the nmdel would, were it
subject to the same input.

The particular controller used in the experiments was thg one desipned by

[16]

Alag end Kauiman so as to yield e bounded error. In particular for s plant

of the form

xp(k'i-fl.) :f:p(k) + -Bpup(k')_-

and a model of the form

':‘r.m(k»e:L) Amxm(k) + Bmum(k;)' R

the cbrrésponding control signal up”bECOmeB:

Yp Y _*'_-“2

' 7Sl

uy = B B x »A, X, +(B B BB u
¢ ) M ) ( p 1)) Pmmo

u2 = _K( }:cmu.xpr) :

“and K 'ig such that (_AP,~BP‘K)_-is-_sta,ble.___ o

15



Note that wherens the feedforwnrd gaing that define ul can be computed by
formulu evaluation, glven cstimntasof A_ ang Bp,a Riccnti type iLerative pro-

cedure in necded to find,K[ls]

8.2 Computer Simulationa

In orﬁer o evaluate the oveza]l performance, dnta for a typicel nireraft
was providnd by NASA Langley Research Center for linearized Jateral aircraft
motions ubout trim[ ]. The physical aignificancc ol the state end contirol

vector components Tor airerafl lateral control is as follows:

p} roll rate w = |§, |eileron deflection
y =| T {vov rate | 6r rudder deflectlon

f | sidesliy angle '

¢ [ roll angle

For.simulntion purposes, the ailreraft wvas assumed to be f£lying In a fixed flight -
condition (FCR, Much 0.9, 3000 m). A sensitivity study defined,for identiflcation,
a set of 12 parameters which moke up the first and third rows of A end B matrices.

To test out the mlnimum vuriance fllte1 and adnptive Lonirmller in a reulis-
tic nnvironment the system shown in Iigure 1 was simulated.on an IBM 360/67 com-
pﬁter Paxumeter estimutea were obLumncd uelng noilsy mcasurements of Lhe atutes[sl.
Using E*E, palumeter en 1imntes ‘were obtalned alte1native1y every 0. h sca., (sampling_
poriod . 0.2 bec.) and were uacd Fvery 1 see. in the gain adantation pzoceduze.
ihe xequltlng parameters ond gnins were then used to eatlmuLe the states und con- .
trols every 0. 2 sec, The uquare wave aileron pllot innuﬁ u of S° al the fre-
quency. of 0 y Hz was used in all the experiments.

The convevggnce.propert;es, &daptive:controller.resulté and comparisons with
aifferent identification procedures to be presented ih“this.#aper_verg all con-
ducted:fpp.the fixed flight condition (rca) whére a11 parameter estimates were

initielized at 50% of their actual values.

16



Figares 2.a,b,c,d and e illustrate the behavior uuing the minimum vnriuncg
filter. The asymptollc unblasuess is evident in fipures 2.n,c and e which show
that the estimstes have couverpged within 20 see. (50 measurements).  As can be
- seen in figures 2.b and 4 the estimotes of parameters a

13 2nd By,

biased. 'The paranmeter 83 featured In fipure 2.% is very ingensitive especi lly

waere highly

- with sileron excitation (the .arameter a., couples the sideslip engle to the roll

13

rete).

Figﬁre 3 deﬁicts the roll rate behavior in the adaptive mdde. "It can be
 seen that'mbdel folloving performance is highly correlnted with convergence of
the pﬁrameﬁer cstimates, Rensonsble model following was achieved after 15 sec,
‘when most pérameters had eonverped to the actual values.

To compure”thé performance of the w! admum variance filter, weiphted least
‘aguares &hd.the conventional extended Kalman filter {EKF), figures 2, % and 5
can be used. The adﬁantaﬁeé of using The MVF over the FKP is evident from
.figures 2 éhd.s. In wdightéd least squaraes, ohl&'h purameter“éstimates-were

more accurate than those resulting from the MVF, (é.g., b,y as shown in Clgures 2.4
ﬁnd h.d)§ but the oveféii.ﬁqrametér.ésfimation wds subsﬁantially betﬁer.iﬁ'MVF;
whepe 7 Dé£aﬁeter cstimaﬁes_wgre mofe acﬁufﬁﬁe than the estimates from the FKF
gnaIWLé.' | | | o |

- It ﬁas Aﬁéepved that ésfimﬂﬁidﬁ of insgnsitive pargméﬁefé using MVF.wﬁsr
rglntively_accﬁfﬁté compared t§ th¢ other.éested scheméé. Sinéé 5ehsitivitj |
.is generallyrreiaﬁed.to restrictiaﬁs.oh_types, ﬁoﬁer_énd freqﬁcncy_of iﬁput
_:signais as well as'the_physiéél structﬁre of thg.sysﬁem; this.method_gould
be very vaiuable in.mﬁdéiing_gnd iééﬁtificg@ion bf_gpmpigx.éfstgms such as a

.. Fluid Catalytie Cracker at low test signal powers and frequency. .

1T REPRODUCIBILITY OF THE
- NRIGINAL PAGE IS POOR



9. DISCUSBIONS AND CONCLUSIONS
A lineur minimun variance pufdmetﬂr identifier was desived and wuas shown
experimentally Lo donﬁ@rgn to the nebunl porametars, A dbias rvﬁucfioﬁ'scheme
nﬁd modi fleations for time vﬁvyinﬁ pﬁrumators were presentcd. The new riiter
proved.sﬁpcrior over exintihg 1incur and Llineariued purametexr filters and |

generally more flexible and effective in the estimabion of inoonsitive pﬁrumotorn,

18



¥

Refexrences

1.

Kasn, P. I., "Fly by Wire Advantages Explored", Aviation Week and Spuce
Pachnology, Juiy 10, 1975, pp. 52-5h,

Sutherland, Mejor J., "Fly by Wire Control Systems", AGARD Conference Pro-

“eeedings, No. 52 Advenced Control Systom Concept, Sopt. 1968, pp. 51-72.

Smyth, R. and Fhlers, "Survey of Adaptive Control Applications to Aerosvace
Vehieles", ibia pp. 3-13.

OStpunrd M. A, "Cnoe tor Adavtive Control";'ibid pp. 15-271,

Adaptive Control and Guidanoo for Tactienl Miasilos, TR 170~ 1 The Analybicnl
Sciences Corporatlion, June 30, 1970, N

Kaufiwan, Alag, Berry and Kotob, NASA CR-2IG6 Contr. No. NGR 33-018-183,

Dec. 197h,

Kushner, (T., "Approxirations to Ontinnl Hnnliuear biltcrn", IREE, AC, vol. 12,
No. 5, Oct. LOGT, pp ShE-54E,

Helane, P, J., "Optimal Iinenr Filterinpg for lLinear Systems with State~

Dependent nc}se", Int..J,_ConLrol, 1969, vql. 10, No. l,.hl—Slr_

Ruéasekarsn, P, K., fatyanarevana, Ir,, Swelnath, H.D., "Oplimal ILinenr Fstimntion
of Stochastic Pipnals in the }xcsencv of Multiplleative Woisc", IPFP Ahn«(,

- No. H, Moy 1971, »p h(“-hn&,

10,

0.

2.

13..

1k,

15,

16, A

tendel, J., "Discovete Tachnigues of Parameter Estimation", Mareel Dekker, Inc,

New York, 1973,

Jagwinshd, A. H., Stochostie Precegees and Filteving Theory, Academic Fross,
New York 1970,

Kotob, 8., "Discrete On-line Sywlem Identification and Iis Appllcation to.
Wedtal M3pht Control", Ph.D. Fhesln Renspelaer Polytechnle Inatitute,
Troy, New York 1975,

Venter, J,-H., "An Extension of the Robbins-Monroe Procedure", Annals lath.

Stat., 38, pp. 181-190, (1967).

Sape, AP, and Melsa, J.L,, Estimetion Theory nnd Apulicationq to Communicationa
and Control, MeGraw-11ll Book Co., 197L. .. = - . :

“Anderson, V. N.,'Kloindozfex, G H.,'Kiéinddrfel, PR, and Woodlodfe, M,

"Consistent Estimates of the Parameters of a Linear System", The Annals of
Mathematical Statistics,)069, Yol. 40, No. 6, pp.2064-2075,

Alng, G and K&ufman, Hey 'Di 1ta1 Adaptive'ﬁodel Folldwanp Flight Contrel",
ATAA Mechanics and Contro] Eﬂlght Confﬁreucc Auuheim, Colif., Aupgust, lQTh



o WWM- #

i ATRCRAFT {etmf Ayt

STATE

2 ESTIMATOR

v v

PARAMETER

CONTR
LOOP

| DIGITAL
1% | CONTROL

COMPUTATION

25
W

o)

4 fﬁl

5

i

PILOT

ESTIMATOR

GAIN
UPDATE
L.OOP

FIGH, ADAPTIVE CONTROLLER STRUCTURE

GALN o
UPDATE e

COMPUTATION

L T A A S L PR Al 5 T A 1 e




O S

K

L]

nar!

L]
ry An.l‘la‘ll‘l""
» biget
(LY »
L] ' o
»
— e Pl
e LA N UL UL
. b
)
L]
L)
L) N 4
W iy
L e KT BUXHE
.o sen (itimith PAAIY
»
[ " .
T
'o..'c.
R * u..“
* "Il.!llll".”.'..
L]
O
R ol
iy
* — Eha PN
. LRI e LT
. .,
. e kyy
| cosmmessrartt e s i g g g Ao vavseisnisbay
" aantgnet
.
.0 * ¢ .
L]
J. i
¢ KON
Cogtee Y, ".._ . _" )
v e ".""""'"auo---n-u--‘.b'vcon
.
-—dtl HNE
e AN fuaLhl
"Wy
. . eestttanie .,
¢ ! arteds
e Tyl
o . — A M
't MR H T T T
L] . " 5
[ ] . .
..
.
v -
it
A "
___O ) | TR n
A [ToF TaTTReyrareTen o .

Fice
Y]

3]

[131]

Cm— AL
o 00 MR SN

PEGY BOLL PATE BLERNLL,

Mindmm wnbiAnCE F LK

' REPRODUCIBILITY OF THE
ORIGINAL PAGE IS POOR



baiar?

-
.
" L1 FYTLLLIYPWNILLA
LU T
[
' Cal b W U]
. . ! ae NN Bt
L]
LI 1) k4
[
. .
f
w oy
e —RN HUAR
S8 BUINIEE HBARE
ST L :
‘. L] ...I.I
. [ . erqatend
.'. . CLTTE PP L L
. L]
4
L e
‘ ub by
— A PN
o0 H NN PRYTILE
- .
.
. " ' [ »
P S S Y 3L DA e SO LRV TRS oS
NEITH
b . " L
I. L] . .
oo, . ¥ Iy
L] v - .
o [ELITTE N
>, LAY B
— A BT
wee QTINKE IREITH
L
™
.
eedNld g0
« e [ LTI LA T YT BT
A P LLITTY
» - Lo e T AN
te e T T sy e
ot
L]
i e,
oo W " . »

(LR YT RV = Y]

[ 1] L] X
[}
[}
111l
..l|ll
[ ] ...'o
L 1]] L]
. .'“"0 Woninnte
LI "
. Py S et
ap o, N . eesditinni mavenk
L]
[ ]
T ¥
L} Faee ut ay
¢ e ATl WAL
’ ' * sealiimAl P
[
1 .
1.
o | * [T LT »
’ L] gk
’ N e LTI
[ ]
L Q,u“"
F
Ll
o e o m iedid oo o i
’
[EN:
&by
ra
. . .
) o o.....a""".nn_ﬂ- setnd
N (11
.Il
.
—— AT HENTH
L} . * e DTAT paa ]
1 —
) (2
]
1l
L]
* .IQI tovne®
L] -
. — K, BTN
1 . e GIHmAE byl
: il ) : f
10" .o
' . ul by
. s
] . .
L] o . .
. ANty
* "eny .
' L .u‘_._'"
1
N ’ ) NI AT
v oLITIMNT LT
ut
L
I P T A |

LU NLL ORIV




	GeneralDisclaimer.pdf
	0033A01.pdf
	0033A02.pdf
	0033A03.pdf
	0033A04.pdf
	0033A05.pdf
	0033A06.pdf
	0033A07.pdf
	0033A08.pdf
	0033A09.pdf
	0033A10.pdf
	0033A11.pdf
	0033A12.pdf
	0033A13.pdf
	0033B01.pdf
	0033B02.pdf
	0033B03.pdf
	0033B04.pdf
	0033B05.pdf
	0033B06.pdf
	0033B07.pdf
	0033B08.pdf
	0033B09.pdf
	0033B10.pdf

