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Abstract

‘1’11 is papcx presents the use of a multilayc’r  fcwdfcmvard ])eural  network and the IIc)pficld
IIc4worli  to emulate aud idmltify the dy]lamics of a ] ccluced order lnodcd of a large  space
antenna-like. ground eX]JCl”;mC!Ilt  structure located at tllc JPI,/Al’-l’I,  I.a.rge Spacecraft Con-
trol 1,aboratory.  Input-output relations are shcwn to he CIOSCI y replicated by a feedforward
network and lnodal  C.haracierlstics  identified by a Hopfield network.

1. introduction

NcuIa) networks can be used to emulate dynallnica]  systems to facilitate bot)l aua]ysis and
si]nulatio]l  [3], [4], [5], [6], In particular, a multi-layer fccclforw~ard  llctw~ork [1] with sigmoidal
activation fulictions  cari  be c.ollfigurcd  to mimic the dynamic behavior of a givcm systcln.
‘1’llc rcprcwntaticm  capability of the l]eural IIetwork results froln its ability to realize through
tJaillillg the input/output  relatio]ls of tile systmn. The training act deterlninm  the WIUC:S c)f a
set of weights SUC,]I  t]lat the desired input/output relatic)lls  result. A very i)nportant  theoreti-
cal ulldc:rpilllling  for suc]t an approach is pmvidcd  by recent  work that S}]OWTS  t}lat  ?nulti-layer
IIcural ]Ietw’orks cam a})proximate ally co~ltilluous  rnappillg to ally desired approximatio]l  error
IC’vcl.

Given a dyllalnic  syste~rl a IIcural  llctwork caJ~ hc uscIcl to lnodel the systcm.  g’he systcln
dctcrlnillcs  a set of input/output paim citllcr  cxperilncntally  or aua.lytical]y  derived. ‘1’o cflkct
]icura~  lnodclillg  of the dynamic  system a. trai]li)lg  record is generated by a.sscmbling  the inputs
and tllc corrcspondilg  outl)uts. ‘1’he weights of the ncura] ncjtwork  are then adjusted in a
supcrvlsctd I[lc)dc to nullify  I }lQ error between the desir(,cl cwtputs  and tile cnrtput predictions
of tllc ]Ieural  ]Ictwork.
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Altllcjuglt  fcedfor~vard type  artificial ]lcura] Ilct NwIks am Ivcll suited fc)r successfully lQalII-
i]lgjn~mt-outl)ut  nlappillgs  they arw rarely studied as ]mla]rictcl  esti]llators.  ‘J’llis is due to the
fact t}lat a systcIII’s  parameters CaII IIOt be cxplicit]y  I et Iicvcd froln a fmxlforward  ]iet~vork’s
cc)llllectiol)  wcigllts sillcc tlIc )Ietwwrk lcallis  cnl]y ]naI)])i)l~ fullctiolis.

0]1 the contrary, OIIC type of IecumIIIt  IIcural IIetworli,  IIaII-Iely, the lIoIJfielc?  IIctwmk [2] (
l’igurw 1 ) clcm not suflm frcm such a drawback. ‘J’ILUS,  it call  be used as a dyllalnic systcln’s
parallwtc:r estil[lator  if me can create  a direct  roll  cs~)c]lldcllce  of tile architect ura] fcmn of
the llopfie]d network  to the dynamical structure of the pmblc]n  at hand.

in the fcdlowilig  sec.tiolls  the ]nulti]ayer feedfcmvard  network is used for input-output
IIlapping characterization and the IIopfic]d  nctwcwk for lnoda]  parameters estimation.

2. Systmm  Characterization

‘J’lIe  lrlode]  used in this paper is that of all alltelllla-lilie  flexible  structure, located at the
J l’1,/A P-PI, Lmge Spat.ec.raft Ccmt  rol I,aboI story. ‘J’llis Inodcd  js sullllnarizcd  here for ccHL-
velliwlce  wit}] its details presmlted in Appcvldix  A. ‘J’lIc  state space cquatic)ll  c)f the )ncldcl
is

i == Ap z + 1$, II (1)

‘Riblc  1 shows the parametric. values of this model. ‘J’hc output equation  is givml by

y =- (,’1, x (2)

with the output measurement matrix

C’p = [ -0.0729 - 0.1959 - 0.04495 0.2706 0.1164 0 0 0 0 O]

3. M ultilayer Fecxlforward Network Modeling

A three-layer fmdforward  neural  network with 60 Iloclcs  in car]! lliddeJl  layer is used to lric)dcl
tllc above dynamics. ‘1’he  )Icural  elclne]lts  ill tile first two layers have a sigmoidal  activation
whew  c)utputs lie bctwmm  --1 a)ld 1. q’llc out~)ut layer utilizes li]Lcar neurons  so that sc.ali]lg
of tllc out~)uts c.a.n be avoided. }Iack])ropagatio]l  is used to tlaill  the Illultilayer ~lctwcwk.

‘J’hc ability of tllc network to lcarl[  arbitrary mappings is delncmstratcd  by l’igures 2
through  7. l’igur-e  2 shows the cvolut.ion  in training  c)f a desired ]nap betweml  a 100 elcvnellt
input  vector a]ld a 100 clwnc]lt  outl)ut  vector. ‘J’hc i)l}jut  has a sinusoidal

‘u = Cos( 0.1 k) l<}i <100 (3)

form while the desired cmt~)ut  is IIolllillcar  (i,e. w’it}i  IIallnonics I)JcscIIlt)

‘y = Cos( 0.1 /:) i Si?(( 0.’2 k)+ Si?t( 0.3 /:) (4)

At each q)ocl  I, tile trai]li])g  data (i.e., tile desired out])ut,  wpresmlted  by solid IiIles and tile
corres])olldi]lg  input  ) arc presented to tllc )Ictw’ork. ‘J’lLc  pledictiolls  of tile llctwwrk  (daslIcd
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lilies)  ale co][i~)alec~ with tile clcsired  output. ‘1’llc errm Letu’ecvl the t}~w is used to adjust the!
l]ctwo]k  w’c!glltillg. IIlitially, the lletwmk \vci.gilts are assul[led  to be ralIcloIn. ‘JIIe lc’arlli]lg
history  plots show tllc error  as the square ~oc)t of tllc suln-c)f-the-sclu  arm of the cliflerellc.e
betweml  I}IC actual  al]d }jredictcd  output u]) to tllc c})c)ch silo\;’]1. occasimlally,  there is a
loss of ])le]riory  iIl tlic training  as evjdellced  by tllc presPIIce of a s~~ikc  ill tile lear]lillg history
IJot.  ‘Jllis  is due to zizaggillg bcllavior of tile gradient  hascd error  :nillilnization  s e a r c h .  A
gocd lilatcll  is c)bscrved  after 200 training itc’ratio]ls.

l’igums 8 tlmough 13 show the nctwcn-k’s ability tc) learn input  output relations directly
IelcvaJIt  to tile J]’], lnode]. AIL input  functicm lasting  for  0.5 sees and consisting  of tlic
superJ)ositicnl  of sinusoids

‘u == 0.03* cm{ 10 i)+ o.o15si?l( 20 i) 4 0.0s+ MM( 30 f) (5)

is c.ollstructcd a~ld tlic response  of the J} ’I, model to this  functio]l is noted. q’he input and
output functions  are salnpled  every 5 ]nsccs. ~’he neural  network is then traillcd  to yield
the same output functio]i as the systeln for the idmltical  i~lput fullctioll. It is SC*C]I  fro~n the
Figure  that after 200 itcraticnls  the agrc’c:llient  betwemi the neural  IIctwork’s  response and
tllc actual  system’s output is very close,

4. Slructm-al  identification Using a IIopfie]d  Network

111 this section au oil-line idmtificatiou  scheIrIe  using t}le llo~)field  network is used to estimate
tllc ]nc)dal parameters of tile reduced order J}’], h40dcl without prior knowledf,c, assuming
t.l~at  tlic systmn states al]d their ti]ne derivatives are available.

4.1 Circuit Dynamics of the IIopfic]d  Network

q’he dynall]ic cqua.tiolls  of an analog  Hopfield  IIetwcmk l[~c)del can be described as [2],

(6)

WIICJC N is the total Ilumber of neurons, Y;j is the C.olillcc.tioll  strel[gtll  bctwecll ncurcnl i and
~, L’i is the i- th neuron capacitance, and R.i, li arc tllc i--th neuron impcclancc and bias
input,  rmpective]y.  l’he  input-output relation bctwcc’n tile i--th neuron state Ui and output
It is dc’terlnined  Ly tile ac.tivaticui  fu]lcticm  g(z), where g(z) is a. nonlinear sigmoid  function.
~’hc dynamics of (6) are il~flucnccd  by both  tllc learning  rate Ai and tile activation fu~lction
g(z). IPcm illstallce,  ill the high lcarnillg rate lilnit case, ~ -,  co a]ld g(x)  approac]les  a step

functicm.

‘J’ILc  IIetwork’s  I,yapu]Iov function E, for citllcr syllchrcmc)us  or asyllc.hronous  update in
tllc state of the llcurolls is:
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1; is also ca]lccl t]ic colnputatic)lla] Cllclgy of tllc lletv,’olk. )Iy using sy][illlclric  IIdwoIk ccuL-

]Iwtio]l  Stl’C’llgthS  Yij =. 7:~; a]ld g(x)  a lnc))lc~tollical]y  i]lcmasillg  siglnoicl  fullcticm,  llopfield
dcmmlstrated  that t}le  time  evolution of It will cl IaIIF;c in tile direction such that the energy
function 1; decreases.

4 . 2  Hopfielcl IJascxl  Neural Nstimalor  h’ciwork

2’llc slate Of the IICUIOIIS  (aII be cO1lfilled  tO posi t ive IIypmcubes G’i WIICIJC  (ii is deflllcd aS
~i > 1, ~i G Ri’  for 1 < i < N. ‘lTllis  a p p r o a c h  i s  expkiincd as follows. ~~~ u s i n g  the
siglnoid  act ivat ion] fullctiojl g(z) =. fu~lh(z) fcm the IIeurculs,  the ili~)ut-output  relatio]l of
each sIcuI-cm call bc. de.fi~led  by

(8)

wliere the output  of cacli  )Ieuron, lfi, is c.ollstrai)lcd  wit}lill  tl~e subset of positive hyperc.ubcs
G ’i. ‘1’licrefore,  with  tlie nciwork  states reprcsmtillg  tile dynamical systwn’s paralnetcrsj  fi,
the hypmcube  ]ilnits,  G ;, IllUSt be ChCRC’1”1  SUCII t ha t  1~1 < \G’~1.

With the input- cwtput  relation for each lleurcm defined by (8), the analog  Hopfie]d
IIetwork  dyllamic.s  (6), when operated ill the high i]npedance  md unit capacitance c.oxlditions,
C.aII bc described ]JUIely in terms of tile IIcuroll  output state’ variable It by substituting U i of
(8) i,,to (6) as follows:

d[lifdt z (3[li/{)\+) (  d\$/cZt) (9)

where (92Ji/dl~ jS given  w

l]cnc.e, the dynalnic  equations of the resulting neural  IIetwc)rk  can be formulated as

(lo)

[

Ai (G’i ‘1 IL) (G’i ‘ l“i)
A, = ------- .-@ - - - - - - - - - - - -. .

1
,]<i <AT

i

w}lcre ~ is the total ]Iumbcr of IIcwrons,  V is all ~ x 1 colulnll vector ccnltai]lj?ig  the I1C’U101IS

output., a]ld A’ is a diagol]al ]natrix co]lsisti]lg  of 11011- ]legati\’e diago]lal  e]c]ne](ts.  Cmnpa.rillg

(11)  and ((i), it is nc)ted  that the IIeuml )Ietwcwk  based csti]nator  al”chitecture  of (11) has
~)reserved  the primary structule of tile analog  }lolJfie]d  ]noclcl  dcfi)lcd  in (6) as well as the
aclvalltag,cs  of representing tllc systmn parall-leters  directly wit]lout scaling.

III the case of a hig]l-  gain limiting co]lditic,ll  whew .Ai --> m, the correspolldilig;  IIc:twork
co]nputationa]  energy  -E a]ld its time  derivative ~j are p,iven  by
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Wllerc  ( )1’ lnc’ails Illc tralls})clscl  of a lllatrix. It is llcltecl that  the tiIlle (Ierivativc!  of tllc!

IIetwork’s  ccnn~)utatimlal  mimgy };; i]t (12) call  b slIowII to h always 11011- pos i t ive ,  wllicli
Incm IIs that. time evolutions of the state of IIcumll  If stops at all ccluilihriuln  poi]lt, w}lere

sillcef iis a ljyal)ullcw fullctic)ll  ofthc Systcln  ( 1 1 ) .

4.3 Design of the IIopfielcl FJasccl Neural Estimator

~’hc block cliagrwn of the cstimfition schc~nc is clcyicted ill Figure  14. I,et t h e  c o n t i n u o u s
tilrlc slate s~mcc equatio]l of tile actual  system be givcll  as

whcm Ap and Br, are the actual system matrices, rmpective.ly.  z is the state ~~ariable,  and u
is t}lc control a.c.tuaticm.  1 )enoting  by As and IJs the unli]Icnvn  adjustaMe  system matrices,
tlic estilnaticul cvror for a series- parallel cstilnaticul  sclIcmc call be writtcw as

q’he dynamic equation of the csti]l-laticm  error e is

or
tui–(A~z-l  }1.’zf)-l  xc (17)

‘J’}Ic objective is to ]ninimize the ti]nc rate c)f change c)f the error,  i.e., /: . More s}m.ifically,
the rnini]nizitioll  criterion is the error energy fullc.tion

E = (1/h) ~“(1  /2){:”{ dt (18)

IIcm’cwer,  tl[e tcrln  Kc in (17) introduces a de~~cwdcllcy  of {: cMi y ( since c = z -- y ) w]lich
ill tum depmlds o n  AS and BS . q’his lcacls  to a  cmnplicated  cnler~y surfidce l!! W11OSC
glc)bal millinluln ]nay not he directly accessible. q’bus, A’ is set to mm and E becomes a
quadratic function of As and 1~~

L. (l/h)Jh(l/2)(i- A,z - IJ.q U)q’(i  - Asx - l), u) di

= -  (1/h)( (1/2)irA, <  r,TT’> A: -j (1/2) tT1J~ < z/, U7’ > }1:’ +

frA, < X,U7’  > B:’ -- iIA$ < x,il’ > - IT]), < u,iT > +
(1/2) < F,i > )



wlicrc < cl, b >  i s  defined  a s  < a,b >= (1/h) .f~ cl L di ]vitli  h as tlIc sa]llpli]lg  ])cricld  and
tr dcIIIcItes  the tram of a Inatrix.

‘J’lle state of tile ]Ieurolis,  V, bcillg idclltificcl  vitlt  tllc e]c)nellts  c)f the As and 11~ lnatriccs,
tllc IIt!twork  colnputatimlal  mlcr~y, l;, alIcl its tiln(! Clclivativc,  lj, c.ali be expressed ill ter]ns
of tlIc estilnated  paraliictcrs,  i.e., V, as follows:

.F; = -( l/2v7’Y’v -1 1 v)+ (1/2) <i~’, i > (20)
dE/dt = ( dE/fw ) i’

= -  -(TV+ l)u(u-1 1) <0

wllcre the last tmln  of E is dcterlni]led by tile ti]ne deri~~ative  of the state mca.suremcl)t
which is a non-]  ]egative constant value witllill  each sampling time and has no effect on
dl;/dt. ~o]lseque:ltly,  with the computatiolial  cvlcrgy l; given by (20), the resulting JIctwork
call still  retain  tlie dynamics of the JIopfie]d  network.

~’llus,  by associating the states  of the Ncwrolls  of a }Iopfic]d lletwork with the uIlliIlowJt
paralllctcrs  of a dynalnic  system and by i]lvckillg  the configuration of l’igure . we call ac.llicve
convcrgcnc.e  of tlIe stable state of the network to the system’s parameter values. ‘J’Ilis is due to
tllo fact that  the quadratic cc)st  function c.orrespolldil(g  to tlIe derivative of the error squared
bctweeII the dynamic syste]n’s  state and tile adjustable systelll’s  state has been configured
to ]]iatc.h the IIopficld network’s computational energy function whicl  we know from theory
that it gets millinlizcd by the evolutio]l  of the dy]iamics of tile IIetwcmk.

4.4 ~onnection  Strengths of the Ncurzd  Es t ima to r

Generally, space structural systems can be rcq)resentcd  in state space form with a number of
rigid plus flexural modes. The colltilluous time domain state space representation ill (14)
would consist of a set of J clecoupled secolld-order systclns. The state vector z is of di]nension
M x 1. Ap and llP of 14 are the system IIlatrices of dilnclLsion 2J x 2J al~d 2J x r, rcspectivc]y.
T is tile dimension of control input  matrix  tir X1 = [u], ti2, . . . . Ur]q’. The system matrices
AI,, l~p arc:

x. ‘ = 
[91 41 92 92 ““”””” !/J d’ (21)

Ap =- “.

“.

o 1
- w; - 2(JlLJJ

=: bl~ckdi~g. [ Al AZ . . . Ak . . . AJ ]
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0, (), . . . 0
h,], h,2, ““’ h,T

o, 0, . . . 0

(!)4] , bz,?, , “ . lq,v
o, 0, . . . 0

,,

[
1

where r~ :- Yk gk ]  is thestatevcctcm , w <k a]ld [k is the natural frequmlcy and modal
damping  associated with tile k-th  mode, rcspcctivcdy.  Ak = {a,,~}, 1 s k s 3, is a 2 by 2
]natrix  associated with the k-th lnodc and a ~,g is the entries of Ak for 1 s c,9 < 2. q’he
modal gain )natrix  ccmespcmdil]g  to the k-th lnode is definc~cl  as as l~k = {LP,~} wllcre llk is
of dinlensicm 1 by T and b ~,s is t}le elltry of l~k =dakd  with the k-th mode for 1 < s < r,
l~I)5J.

~’lie state of the IIcurons V represents different elc]llcnts  in tile AP and llP matrices as
fc)ll Ow’s.:

v(k) = [a,,~ ,..,, rlz,~, o,o,..., o,b,j, , . . .. L.,7]T

The network colnputational  euergy (18) is

E = (1/h)  /h(l/2)#’i  (ii ( 2 3 )
o

‘i’he co~l~lectiorl  stre]igth  ]nairix  T j]] 23 is a hlc,ck diag,mld  matrix  givml by

[
1’ :. Idockdiay. i’(’),. . . . i’(k),. . . . j’(JJ

1 ,l<k<J (24)
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1“_ . . . ..__._i._.c.jg=lii5iIg*ilg*ilMode Number

Modal  -~requency (rad/s&) 0 - ”

Modal Damping
. . . . . . . . -. -—— —.— .-

‘J’ab]c  1: Modal Characteristics of 2’l!c  l{cduced  Ordm  hlodcl.

a]ld ~(~1 is the ccmncction  strwlgt]i ]natrjx  associated with the k- th mode, mrhich is a deter-
lninc!d by

(25)

Wher[!  the di)ncllsion  c)f ~’(k) dcpellds 0]1 t]lc state I]lcmsurenlellts  r~, the t i m e  d e r i v a t i v e s
~k, as we]] as on the control  variable u. Ac.cording]y,  the bias input weight lnatrix  1 can be
forl nul a ted a.s follows:

1 == [~(’) T,..., j(k)7$, f(J)7J]7’]7 (26)

.
with l(k) is ddincd as

.,

(lk ~k ~ki’k dkqk ik U7’ 1
1 Cltj (k) =: (1/}1) ~h [ qk(jk “ “’ (27)

liencc,  for a space structura]  systeIr]  c.onsistillg  of 3 modes, with T input channels, the
di]ne]lsion  of the lleura.1  estilnator  network coIlnectioll  stre]lgths  matrix, 7’, is J (4 + T) x
J (4 + T), the bias input weig}]t  matrix, 1, is J (4 + r) x 1, and the state of ILeurolis,  V, is
3 (4 + r) x 1, respectively.

4.5 On-- Line Simulation

011-lillc  cstirnation  of the l~iodal parameters of tllc JP1, lnode] arc conducted by inlplclnmlting
(11). IIetwecn each sampling period, the state of the ,,curons, V, cvo]vcs to minimize the
IIctwork  c.oInputationa]  Cllergy and t]lus the system parameters ( natural  freclucncic!s,  Lok,
modal damping ratio, (k, and lnodal gains, ]]k, (1 < k ~ 3) associated with each mode),
bciIlg identical to tile neural llctwork state elejnmlts, arc tlie converged  \’a]ues.

III cleIi]olistratillg/\~alidati~)g  the efficacy of t]lis  pro])osed IIcural  cstirnation  schcInc, the
J]’],  rcduccd  order model is c]nployed. ‘1’his reduced nlc)del  preserves tlic pri]icipal dynwnics
of the system. The mode] correspollds  to the 5 flcxural  ]nodes  listed in ‘J’aMc 1. O]le flcxural
mode has a damping ratio of 0.]2  arid tllc rema,illi]lg  ficxural Inodcs have a daInpillg ratio of
0.01.

8



4.G Sillllllalion  Results

‘1’lIello]Ifielcl  IIctN’orti is traiIIcd toicte~llify tlIc IIIc)dal  ])aIaII-ICtCVS  ( ‘J’al,le  1 ) \YitlI a sillglc
i]l])ut. ‘1’llesystwn  statcvarial~le,  itstillle  clclivati]’ealld  tlleccjIitIcd  Signal arecc)]ltalllillatccl
with zcvo ll-Ieal I 1~’liite IIoisc,

III silillllatilig  al~igll-  gajllli)ilitiIlg  case, alargelc'al  Ilillglatci  suscclf cjrcacli) leulc~lllvitli
~~= 2.OC+ 4, i=: 1 ,  2,.., , 56 .  ‘1’hc state of tile IIcuIcms evolves ~i’itllill  tllc prcscrihecl
lly]Jelcllljcs\  !’llflctllcsizeof  tlleliy~)c’lcllbcsis  cllc)sell  aS G’; =- I.OC+ 4, i= 1, 2,..., 3 0 .
‘J’lIc u1)l)cI  Loulld, 30, represmlts  the total Ilurrlbel  of states  for the ]ic~ural net since tllcre  are
5  ]nodes  aIld 6 states l)CI ]Ilodc ( .4 cc,rres])c)lldi]lg  to tl[e Inodal  dylla~nic.s  aIIcl 2 to tile g;aill
Illatrix ). ‘lTlle ca~~acitance  is c} IcmII as L’i v l.Oe + 4, i :: 1, 2, . . . . 30. Moreolfer,  the initial
st ale of all IICUIWIIS is assigl[cd as - ] ().0 CXCC~jt for t]lose  associated with the Ilatural  frecluellcy
w]lerc positi~~e initjal  \Talucs  were assigned  ill complyi]lg  with tile physical structural )nc)del.
‘i’hc initial gums of the natural frcquelkcics correspolldi]ig  to each lnode is assigled  as 10
I“(l(//.< cc-.

~’hc results clcyjcted  in 11’igum 15 through 21 show tile estjmated  by the Hopfie]d network
}mralllctcrs  versus their  t rue values wit]l the i)l~)ut tc) tile IIetworlc sifglals (i.e., the state
varial)lcs, tllcir  time  dmi~~ative  slid tile colltrcJ  actuatio]ls)  colltalrlillated  hy noise.

5 .  Conc lus ions

‘J’his  l)a~)cr  presented  exalnp]es sllo~~’ing  the successful ap~)licatic)n  cjf neural networks to struct-
ural  ]Iloclclillg  and idelltificatioll. q’lle powerful properties c)f neural  nctworlis can thus  bc
utilimd  tc) aid tile lnc)clelillg  c)f dyna)riic  systmtls  for citl[er colltro]  or siInulatic)n applicatic)]ls.
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Appendix A: System Dynamics Mode]

‘J’lIc  Inodcd used for tlIis  paper is a lalge  space allte]l]la-like grcm]Icl  czxperilnellt  structure
loca ted  at tile J1’1,/Al’-l’l,  l,argc  S])acccraft (kuItrol l,abcuatory  (1. Scl,). A finite elmne]lt
)nc)de] for this structure has been clcvcloped  hy J}’], I)CVSO]I]lCI.

Description of the Experiment Structure

CoI]figuration

A schematic. diagram of of the alltell]la-like structure is depicted in }’igurc  22. I’]lc lnain
c.c}lnpcmield of the apparatus consists of a central hub to which 12 ribs are attached. ‘l’he
diameter of the dish structure is 18.5 fec’t, the large size beilig ]Ieccssary to achieve the low
mc)da,l  frccluen  cy desired. q’lic  ribs are coupled togctllcr  by two rings of pretelLsicmal  wires.
l~llctio]lally,  tile wires provide C.oup]illg  motion in the circumferential direction which cannot
be ])rovided  by the nub.  The ribs arc each supported at two locations along their free length
by levitatcm, Each levitator assembly ccmsists  of a pulley, a counterweight, and a wire
attached to tile counterweig]lt  which passes cwer the pulley aILd attaches to the rib, The hub
is moultted  to the backup structure throug}l a gimbal platform, so that it is free to rotate
about two perpendicular axes in the horizontal plallc, A flexible boom is attached to the hul.I
a]ld lIa)[gs below it, and a feed lnass, silnulatillg  the fcwcl horn of an antenna)  is attac}lcd  at
the free cnd of the boom. The boom for our current  cxpcrimellt  is 3-foot long,

Actuators

Each rib can be individually excited or contro]lcd by a rib-rc)ot  actuator. Each rib-root
actuator has a. sole~loid  design which reacts against  a ]lloul[t  that is rigidly attached to tile
hub. In addition two hub actuators are prc]~’ided  to torclue the hub about its two gilnba]
axes. Me hub torques do not provide torque directly, but rather arc linear force actuators
w’hic.11  provide torque  to the hub by pusllillg  at its outer circulnfcmmce.  g’he torclue  ~)rovided
is cqua,l to the force times the ]eval arm abcmt tile axis clf rotation. I’hc placcmcnt  of these
actuators g;uaralitees  good coxltrollabi]ity  of all of the flexible ]nodes of motion. The location
of the actuators arc shown in Figure 23.

%2nsors

l’hc sensor locations are also shown i]] }’igurc 23. l’irst. each of the 24 levitators is equipped
with an i)lcrclne]ltaj o]~tica,l  wlcoder which IIleasurcs  t}ie relative  angle of the levitator pulley.
‘1’he  levitatcm sensors thus  provide, in all illdi)cct lnallllcr, tile measurement of t}le  vertical
motion of the ccmresponding  ribs at tile poillts wllcrc! the levitators arc attac}led. ‘1’here
are also fcmr evenly spaced linear  ~wriah]c difrerelltia]  t I ansfornlcls  (],VDT)  rib-root scl[sors
c.olocated with four rib-root sensors. g’lle huh angular positio]ls  are measured by two rotary
vm-iah]e differmltial  transformers (Rvl)l’) ]nount,ed  dilcctly  at the gimbal bearings. Note
that each hub sensor measures t]le structural respcnlse to t)le actuator ]noullted orthogonal to
itself. IIence,  although t}le actuator/sensor pairs 11A] /}1S1 a]ld l~AIO/ll SIO are physically

10



Collc)catcdl it js 11..41 /115’10  a]ld }lAIO/ll AI that ale c o l l o c a t e d  ill tlic .SCIISC  of ‘~clual))
Vdriablcx about a commcm axis,

Dynamic Model

‘J’hc! system modes call  bc ohta.illccl  usillg  filiite  clemmlt atlalysis. Each rib, and the boom, is
divided iuto IO bcm)n-type elelnmlts and the hub is IIlcdeled as a very stifi  ]JlatC.  The Ilcmna]
]nodcs and their frequencies can be obtai]led by solving a generalized cigenvalue probleln  in
stau darxl form:

where K is the stiffness matrix, it4 js the ]nass matrix, and z is the c!igellvector  with frequency
w

qllc  sym]netry  of the structure ]nakcs it pc)ssib]e to separate variables and wrjte  the
ci)cular  de])e)ldcnce of a given mode shape by inspection. k’or a given mc)dc,  tile displac.emmlt
of the ilh  rib is given by ,

%rik’
d i s p l a c e m e n t  c)f i - th rib = COS(- -i ~))

71

wlIcrc 71 is the IIumbcr of ribs, and cj is a phase allglc dctcrlni]led  by the coordinate systeln
tra~isfc~rlnation.  lime k is a circular wave IIumbcr associated with a given mode.

Mode shapes of the structure can be grouped according to their circular wave number k,
w]lich rail.ge fro]n k == O to k == 6. Solutions with k = O, ?,3,4, 5 and 6 are symmetric about
the hub, ill the scllse that all reaction forces on the hub caused by the ribs exactly cancc] out.
III suclt  modes, which are called “dish modes” , neither the hub nor the boom participates
in ]nocla.1 motion. on the other hand, niodcs in which k = 1 arc asyn]Inetric  wjth respect
to reaction forces on the hub. These modes, which ale called ‘(boom dish modes’), involve
]notion  of tllc boom, }Iub a]~d dish structures togctller. ‘1’he lower freclucncy  modes are listed
ill TalJc 1 a]ld g’aldc  2, respcctive]y.
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.—
l~ocnn-disll  -Ii-loam

Mode No,

j -

2
3
4
5
6

l“rc’c]uc’]lcy,  IIz
Axis 4-10 Sulbsystcln  I Axis 1-7 ~UbSySt &Il -

0.091 ‘ ““ “0.OQI “
0.616
1.685
2.577
4 .s58
9.822-——.

o.~~,~
1 .(is7
2.682
4.897
9,892

k
1
1
1
1
1
1

Table2:  NorInal BooIn-l)is}lh40dcs

Afi~~itc  clerllcllt  l~~odc,l  collsistirlg  ofthcfirst  30flcxil)le l~~odcs,  Gactuatori  1lputs,and  30
scIlsor Ineasure]Ilcllts  is provided by JP],. OIlly six scqlsc)r  outputs will be used for our illvcw-
tigation.  The  available sensors and actuators are listed in ~’able  3 and Table 4, respectively.
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I Dish modes

2
3
4
5
(i
7
8
9
10
11
]~
13
14
15
16
17
18
](J
20
21
22
23
24_.—

. . . . . . . . . . . .. —__
Freqwcy (}IZ)

0.210- ‘- ‘“--”’
0.253*’-

0.290”
0,322*

0.344”
0.351
1.517

1 .533*
1.550”
1.566”
1 .578*
1.583
4.656
4.658”
4 .(i(io”
4.661”
4 .662*
4.663
9$474
9.474”
9.474*
9.474*
9.474*
9.474

13

k..-
0
2
3
4
5
6
0
2
3
4
5
6
0
2
3
4
5
6
0
2
3
4
5
6—

“ twofold dqym]zite  ]Imdcs

Table 3: Nor]nal l)ish Mcjdes



IIldex  N’u]llber——. .. ———-—
1
2

, ._. 3—... ..— ..—
4
5-’

[- . ..!. ____

Actuator. ..- .. —— - .— — — ..—
RA1 Rib root  actuator at rib No. 1
RA4 Rib root actuator at rib No. 4
RA7 Rib root actuator at rib No. 7.—. —.. . . ..— —.-

RAIO Rib rc)ot  actuator at rib No.10
HAIO Huh actuator about  rib 4-10 axis_ .——
11A] IIub  actuator ~~)out rib 1-7 axis——— ..—.

‘l’able  4: Available Actuators

B3EZE-E3]nncr  levitator rib dis~lacclnent  scuscrs 1,11- ,
Outer ]evitatod  rib displaccv;lent  se]~=;;=lj~l””~-j,ol  2“”

HSl  Hub rotatioli  senscw  (about rib 1 -7 axis)
HS1O Huh rotation senscjr  (about rib 4-10 axis)

1/S1 nib root displacemc]lt scmsor  at rib No. 1
}{S4 Rib root displacemmlt sensor at rib No. 4
1{S7 Rib rcmt displacexncll~  “Se]lk;r” ;t rib No.’7

RS1O Rib root dis};lacelrmilt  sensor ;t–rib  No. 10

Table  5: Available Smlsc)rs
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Figure 1. Schematic of the Ilopficld  Neural Network
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Figure 6. Training of the mu]tilaycr neural network, 150th epoch.
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Damping Identification
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Figure 16. Estimated 4th Modal Damping of tlIc Reduced Order System.
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Frequency Identifkation
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Figure 19. Estimated 5th Modal Damping of the Reduced Order System.
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FIZUIW 20. Estimated 5th Modal Gain of the Recluccd Order Svstem..
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Figure 21. RMS Value of 5th Modal Parameter lk.timation  Error.
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Figure 22. Schematic of the Experiment Structure.
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PigurC 23. Txansd~~cer Location and Labeling – Plan View
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