Dimensionall y Homog eneous Neural
Networks for System ldentification

Dipl.-Ing. Steffen Bruckner and Dr. Stephan Rudolph
Institute for Statics and Dynamics
of Aerospace Structures (ISD)
University of Stuttgart
Pfaffenwaldring 27
D-70550 Stuttgart
[brueckner | rudolph]@isd.uni-stuttgart.de
http://www.isd.uni-stuttgart.de/pigroup/

Abstract

Dimensionally homogeneous neural networks [10, 11] have been provento
possess several important advantages over dimensional inhomogeneous
neural networks. The principal idea of combining artificial intelligence tech-
niques with the powerful concept of dimensional analysis opens new per-
spectives and possibilities in the identification of adaptive systems and in
intelligent control. Some issues in the application of dimensional analysis
and neural networks in system identification is investigated and discussed
in this paper.

1 Intr oduction

Usingthe so-calledPi-transform(asshavn laterin eq. (6)), problemsinvolving
n quantitiesin the physicaldomaincan be reformulatednvolving m (m < n)
dimensionlesgroupsof the original » quantities. This transformis commonly
usedto simplify subsequennodellingandanalysisefforts (seeBridgman[2]).

In the control of smartstructuresnew controldesignssuchasnonlinearcontrol
andneuralnetworkcontrol, have to be useddueto the highly nonlineamatureof
thesecontrol problems.Neuralnetworkcontrollersare oftenimplementedasin-
directcontrollers meaningthatthey rely on anidentified(neuralnetwork)model
of theplant.

This neuralnetwork modelidentificationtechniqueusing dimensionahomoge-
neoumeuralnetworksis discussedh this paper



1.1 Controlled systems

For most neural control problemsthe modelling and identification of the con-

trolled systemplaysanimportantrole. Thesedynamicalsystemsarecateorized
in linear systemswhich obey the rulesof superpositionandnon-linearsystems,
wheresuchprinciplesdo nothold. Classicalkystemandcontroltheoryarebased
on linear time-invariantsystems.New approaches$o systemmodellinginclude

nonlineartime-varyingsystemg8].

1.2 State-spacenotation

The state-spaceotationprovidesa standardorm of the equationof motion for
dynamicalsystemausingthe statevectorx ascoordinatesThe numberof states
equalsthe numberof degrees-of-freedonof the system. Especiallythe matrix
notation(eq. 1 and2) is oftenusedin moderndynamicsystemheoryandcontrol
systemdesignandanalysis.

In state-spac@otationdynamicalsystemsare written as first-orderdifferential
equationsDynamicsystemawith linearequation®f motionof secondor higher
order can be transformednto an equivalentsetof linear first-orderdifferential
equationsaandthereforeall linear systemscanbe written in state-spaceaotation.
State-spacpotationsareexplicit notationssystemshatcanonly bewrittenusing
implicit formulationscannotbe transformednto state-spacaotation.

Lineartime-invariant(LTI) continuoudime systemsanbedescribedisingama-
trix state-spacaotation

x = Ax(t)+ Bu(?)
y = Cx()+ Du(t) (1)
anddiscreteime LTI systemsas
x(t+ At) = A.x(t) + B.u(t)
y(t) = C.x(t)+ D.u(t) (2)

Non-lineartime-variantsystemsanalsobe written in state-spacaotationas
x = f(x,u,t)
y = g(x, u, t) (3)

with thenonlinearfunctionsf andg which usuallyincludederivativesof thestates
x; andinputsu;.



2 Dimensional Analysis

A functionrelatingmeasuredjuantitiesis calleda’'complete’ equationaccord-
ing to Bridgman([2] if it is of a form thatit remainsformally true without ary
changein the form of the function wheneer the size of the fundamentalnits
is changedn ary way whatever. Every adequatend correctexpressioncanbe
made’complete’ by meansf dimensionatonstants Dimensionalanalysisonly
appliesto to 'complete’ equationgwhich arecalleddimensionallyhomogeneous
equations)wherethenumericakizeof thefundamentalinitscanbechangedbut
their physicalstatementemainsunafected.

Dimensionaknalysishelpsto establisitheform of relationshipgoverningphys-

ical phenomenahataretoo complicatedo be obtainedby regular mathematical
methods. Also, dimensionalanalysishelpsto find the scaling-lavs for a prob-

lemwhich helpsto reducethe numberof parametergvolvedin the problemand

thereforereduceghe experimentalwork needed.This also simplifiesgraphical
andtalular representations.

2.1 Similarity

Thedimensionlesgroupsfoundby dimensionahnalysisallow the scalingof the
processaslong asthe governingequationor atleastthe relevancelist holds. For
the scale-upor scale-davn of processeghe following typesof similaritieshave
to befulfilled [2]:

e geometricsimilarity: ratiosof lengthsareequal
Two bodiesaregeometricallysimilarif the,with sufficientenlagementthe
smallercanbe broughtto exactcoincidencewith thelarger

e kinematicsimilarity: ratiosof speedsreequal
Two moving systemsarekinematicallysimilar if homologougointsexpe-
riencethe samemotionin homologougimes.

e dynamicsimilarity: ratiosof forcesareequal
Two bodiesaredynamicallysimilar if their homologougointsexperience
thehomologougorcesin homologougimes.

¢ thermalsimilarity: ratiosof temperatureareequal
Two bodiesarethermally similar if at their homologouspointsthey have
homologougemperaturathomologougimes.



If for two systemsll dimensionlesgroupsformedby therelevantphysicalvari-
ablesareequalthenthetwo systemsareconsidere@nalogousAll measurements
andsimulationsof thesewo systemsrecloselycorrelatedin fact,thedescription
of bothsystemsn termsof thedimensionlessariabless identical. This property
allows the scalingof modelexperimentsto the real-worldimplementationse.g.
wind channelestingof airplanesandlarge buildingsusingscalemodels.

In fluid dynamicssomeforceratios(dynamicsimilarity numbershave beernamed
honoringvariousresearchers thefield of fluid dynamics.Thesenumberge.g.
REYNOLDS andFROUDE number)arevery easilyinterpretedastheratio of phys-
ically relevantforces.

2.2 The Pi-Theorem

Pi-Theorem|[3, 2] Fromtheexistenceof a dimensionalljhomogeneousndcom-
pleteequationf of n physicalquantitiesz;, theexistenceof anequationF’ of only
m (m = n — r) dimensionles$ quantitiesr; canbeshown
flze,...,zn) = 0 (4)
F(my,...,mm) = 0 (5)
wheer = m — n is therankof thedimensionamatrix constructedy the z; and
with dimensionlesguantitiesr; of theform

r
mp=a; [Ja;i™" (6)
=1

withy =1,...,m € Nanda;; € R asconstants.

Having formulatedarelevancdist of aphysicalproblem BuckinghamsPi-theorenj3]
shaws a straightforwardwvay to determinethe dimensionlesgiroupsinvolvedin
theproblem.

2.3 The structur e of physical equations

Most physicalphenomen&anbe written in an explicit formulationsuchasp =
f(z,y,2).

P = f(flfl,ylazﬂ

p2 = f(l‘z,ymzz) (7)

Thesymbolr for thedimensionlessgariabless notto beconfusedvith thealsodimensionless
ratio of circumferenceao diameterof acircle r = 3.1415926 . . ., which by itself is only one of
mary possibledimensionlesgroups




Now the unit usedto measurer is reducedby afactorof 1/a, the measureof =
increase$o ax. Theunitsusedto measurey andz arealsoreducedy afactorof
1/b and1/c respectiely. Theabore equationchangeo

= f(al‘bbyhch)
P2 = f(a$2yby27022) (8)

Statingthatphysicallaws shouldnot be changedy a changean the unit of mea-
surementit is expectedthat

f($17y1721) _ f(axl,byl,czl)
f($27y2722) B f(a;z:Q,byz,CZQ) 9

isvalidfor all a,b, ¢ € R.

It canbeshowvn (seeBridgman[2]) thatfor every definitorialequatiorof a physi-
calquantityeq.(9) is satisfiedf thefunction f is of theform

f(z,y,2) = Ca®y’2" (10)

where(' is aconstan{Product-Theorem).

Thedimensionlesgroupsarequantitiesvhich areobtainedby multiplicationand
division of physicalquantitiesn sucha way thattheir dimensionsareeffectively
one?.

Usingthis definitionof dimensionlesgroups,equation(10) canbewritten using
dimensionlesgroupsr;, wherethe numberof dimensionlesgroupsfor a given
problemis alwaysequalor lessthanthe numberof physicalquantitiesinvolved.
Theequalityonly holdsif thereis thesamenumberof physicalquantitiesasbasic
dimensioninvolvedin theproblem.

F(my,m) = C’ﬁrflwgl (11

For non-definitoryphysicalequationsadditive dimensionlessermsmight occur
andthe pureproductform of equation(11) still holdsfor eachsummatiorterm.

2Sometimest is claimedthat the dimensionshouldbe zero ("0"). Defining a physicalvari-
ableto be a measurechumbertimesthe dimension,this doesnt hold and the "dimensionof a
dimensionlesaumber“hasto beone("1").



2.4 Relevancelist

Dimensionalanalysis,althougha very formal method,requiresprofoundengi-
neeringskills in preparinghe relevancelist of the problem.This list containsall
variablesandconstantselevantto theproblemandcanbefoundby examiningthe
governingequationgif known) or by goodengineeringsense.One of the most
interestingthingsaboutdimensionaknalysisis thatyou don’'t needto know ary
completeequationsatthebeginning,but you have to makevery educatedjuesses
aboutthevariablesnvolved(5].

Therelevancelist canbe found by examiningthe analyticalor differentialequa-
tionsgoverningthe physicalphenomenonlf the equationgreunknowvn, therele-
vancelist is generatedby engineeringnsightandotherdomainknowledge.Only
thosevariablesanduniversal(dimensional)constantghat arethoughtor known
to form the governingequationof the problemunderinvestigationarepartof the
relevancelist.

2.5 DimensionalMatrix

Writing theexponentf thedimensionsn amatrix with thephysicalquantitiesr;
asrowsandthebasicdimension@scolumnsestablishetheso-calleddimensional
matrix. Thesevenbasicunitsof the SI systemareoftenusedascolumntitles, but
theoreticallycorrect,only thetitles [ ] for length,[T] for time, and[M] for mass
shouldbe used. This leavesthe specificchoiceof basicunits opensinceall the
guantitiesappearingn the laws of mechaniccanbe writtenin termsof length,
time,andmass.Additionally, thisshavstheindependencef thebasicdimensions
from the units of measurementSometimest canbe even moreadwantageouso
useforce[F] andlength|[L] insteadof mass-time-lengthsbaseunits.

Oncethedimensionamatrix is determinedthe rank of the matrix is determined.
The dimensionalmatrix (in fig. 1 left) hasasmary columnsasthe rank of the
matrix is. If this is not the casecolumns(and thereforevariables)hase been
omittedor areunnecessarfandcanthereforebe omitted).

Thedimensionamatrixis thentransformednto anupperdiagonamatrix(in fig. 1
right) usingrank-preservingalculations.The dimensionlesgroupscanthenbe
directly determinedrom this specialform of the dimensionamatrix. The upper
r rows arethe baserows andthe lower m rows areusedfor the determinatiorof
thedimensionlesgroupsr; usingtheformula

szxj]___[:(;i_aﬂ sj=r+1,....n 12)
i=1
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Figurel: Thedimensionamatrix[11]

The setof dimensionlesgroupsr; found with this schemas not unique,other
setst; caneasilybe createdy

ﬁ']' = H k‘jiﬂ'fﬂ (13)
=1

wherethe k;; € R andthe 3;; € R aredimensionlesgonstantffactors. An in-
finite numberof dimensionlesgroupscanbe found employingthe II-Theorem
andequation(13) but only thosegroupsthatare’minimal’ in the sensehatthey
cant bedividedinto smallerdimensionlesgroupsareof physicalrelevance.This
featureis calledthe propertyof structuralindependencés, 5] andrelieson the
factthatthe r-systemfoundby equation(12) and(13) form afreeabeliangroup.

3 Neural networks

Artificial NeuralNetworks(ANNs or NNs) wereinventedearlyin this centuryas
amathematicamodelof the humanbrain. Sincethenneuralnetworkshave been
usedin differentapplicationsJike patternrecognition,classification clustering,
functionapproximationgtc. Differentneuralnetworkarchitecturesandlearning
algorithmshave beendevelopedsince[13].

Neuralnetworksconsistof computationaklementscalledneuronswhich arear
rangedin layersandall of the neuronsof onelayerhave input connectiongrom
all neuronsof the precedinglayer and outputconnectiongo all neuronsin the
subsequentyer The weightedoutputsof all neuronsfrom the precedingayer
areintegratedusingthe integrationfunction (usuallya summation).Theresultof
this operation,a scalay is thentransformedwith the activation function (oftena



Figure2: Feedforwarcheuralnetworkwidth threelayersandone shortcutcon-
nection(dashed)

sigmoid,hyperbolictangenbr linearfunction)andthenagaintransformedy the
outputfunction (usuallythe identity function). An input vectorpresentedo the
first layeris propagatedo thelast(output)layerusingthis schemen eachlayer.

Usuallytheweightsof the connectiorof the neuralnetworkcanbeadjustedising
anappropriatdearningalgorithm,suchasbackpropagatiofiL 2, 9, 16].

3.1 Feedbrward neural networks

Feedforwardahetworks alsocalledmultilayerperceptron$MLPs) aresimpleneu-
ral networksas describedabove. They are often called backpropagatiomeural
networksaccordingo themostpopularlearningalgorithmfor this kind of neural
network. For backpropagatiofil2] a patternis presentedo the networkandthe
errorof the outputlayerto a definedpatternoutputis calculatedand propagated
backto theinputlayer Thentheweightsof the neuralnetworkareadjustedac-
cordingto theerrorgradients Anothertrainingalgorithmfor feedforwardneural
networksis the stochasticT hresholdAcceptingalgorithm[4].

Feedforwardheuralnetworksprovide a staticmappingandusingonly linearacti-
vationfunctionsandthe summatiorasintegrationfunction,thy canbe described
in mathematicamatrix notation. A specialtype of feedforwardneuralnetworks
is thekind with shortcutconnectionswherethe neuronf onelayerarenotonly
connectedo all neuronf thesucceedingdayerbut with all neuronsn all subse-
quentlayers.
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Figure3: Activationfunctionfor neuralnetworks

3.2 GeneralizedRadial BasisFunction Neural Networks

Radialbasisfunctionneuralnetworks(GRBF-NNSs)[7] areanextensionto radial
basisfunction neuralnetworks(RBF-NNs)which weremainly usedfor strictin-
terpolationtasks.GRBFneuralnetworksareequivalentto generalizegplines.To
approximatea functiongivenin N points(x, y)(x € R,y € R), onecanfind an
approximatiorfunctionof thefollowing form

K
f(x) = Z:Cihﬂxi —t) (14)

wheretheh(-) aretheradialbasisfunctionsatthe K" centers; (t; € R™). Approx-
imatingthe function,the RBF centers;; have to be choserandthe coeficientsc;
to becalculated.

GRBFneuralnetworksarethree-layeneuralnetworkswith linearactivationfunc-
tions in the input and the output layer and the radial basisfunction (usually a
Gaussianyith differentcentersin the hiddenlayer Sincefor GRBFsusuallya
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Figure4: TwodimensionaGaussiamctivationfunctionfor GRBFneuralnetwork

directlearningalgorithmis employedtheproblemof local minimaof backpropa-
gationis avoidedandthetrainingitselfis veryfast[7]. Theseadvantagesirepaid
for with slow recallswhenthe networksarein use.

3.3 DimensionallyHomogeneoudNeural Networks
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Figure5: Neuralnetworksfor approximatior{11]

Dimensionallyhomogeneouseuralnetworksor for shortsimilarity networksare
restrictedto dimensionahomogeneou®rmulations.Dueto this property a sig-
nificantreductionof the training spacefor the neuralnetworkweightedconnec-
tions results. For thesesimilarity networks,betterapproximationand learning



propertiedor problemsin the physicaldomaincomparedo classicaineuralnet-
work implementationfiave beenobsened[10, 11].

4 Applications of dimensionalanalysis

DimensionalAnalysishasalreadybeenappliedin engineeringsciencedike fluid
dynamicsheattransferanddynamicq14, 15]. Theadwantagesrein the experi-
mentalscienceswhereexperimentakffort canbesaved,aswell ain thetheoreti-
cal scienceswheredimensionahnalysisgivesa betterinsightinto the scalingof
problemsandthereforanto the natureof the problemitself.

4.1 Singledegree-of-freedomsystem

c

F—

X

Figure6: Themass-spring-dashpsystem

The equationof motion for a mass-spring-dashpsystemas shavn in fig. 6 is
foundby first principlesto beequalto

mz + ct + kx =p - fers (15)
andcanbe transformednto a dimensionlessorm (accordingto the procedures

describedaroundtablesl, 2, and3)

er 208, + 6= 1 (2) (16)

wo
where ; meandlifferentiationwith respecto .

The relevancelist of this mass-spring-dashpalystemis given by the variables
occurringin the differentialequationof motion (15).



m mass kg [M]'

c dampingcoeficient kg (M) 17!

K stiffness b (M) [T]7°

X position m [

t time 5 7]

i externalforce constant N (M) [L) 1]
Foo externalforcetime dep. - -

Tablel: Therelevancelist

Using this relevancelist, the dimensionalmatrix is assemblednd transformed

into anupperdiagonalmatrix

| [M] (L) [M]
m 1 0O O
X 0 1 0
t 0 0O 1
C 1 0o -1
k 1 o -2
P 1 1 -2

c-t
m

Table2: Thedimensionamatrix

Thedimensionlesgroupsin equation(16) canbederivedfrom thedimensionless
equationgoundin this dimensionabnalysisby applyingequation(13)




™ D S = 1./<¢  — | attenuatiorconstant

= wo 2V m-k
2w
T T=wy -t =L = /n} dimensionlesime

3 £ =82 =mp/m dimensionlesgposition

T4 Sewt = 74 dimensionlessxt. force

Table3: Thedimensionlesgroups

To write thedimensionlesform of the equatiorof motionthepositioncoordinate
x Istransformeavith 75 sothatz = % andthedifferentiationwith respecto time
t is transformednto a differentiationwith respecto dimensionlessime 7 using
dt = Ldr.

wo

The modified dimensionlesgroupsn, - - - , 74 might be more meaningfuland
better suited for interpretationby mary readersas the original dimensionless
groupsny, ..., m, originally found in the exampledimensionalanalysisabove,
but mathematicallyspeakingpothsetsareequallyvalid.

4.2 Multiple degree-of-freedomsystem

Theequatiorof motionfor anundampedinearmulti-degree-of-freedoniMDOF)
systemis givenby thematrix equation

Mx + Kx = p’f (17)

wherethe massmatrix M andthestiffnessmatrix K aresymmetricandthe mass
matrix is alsopositive definite. Equation(17) canbe transformedn modalcoor
dinatesq, which leadsto uncoupledequationof motionin termsof modalgen-
eralizedcoordinateg;. Themassandstiffnessmatricesarethereforeransformed
usingthematrix of theeigervectorsof theundampegbroblemA = eigv(M~'K)
into

M, = ATMA =1 (18)
K, = ATKA =diagw?) = w (19)
q = Ax (20)



wherewy; arethe eigenfrequenciesf the undampedystem.Usingthe equation
of motionin modalcoordinatesandapplyingmodalor Rayleighdamping(C =
diag ¢;)), which allows for the concurrentdiagonalizatiorof all threematrices
M, C, andK, theresultingequationof motionreads

4+ Cq+wq=pn-f (21)

The dimensionlesgroupscorrespondingo the termsof the single-dgree-of-
freedomequationof motioncanbefoundas

T, = Wo; -1 (22)
Dy = - (23)
Woi 2 wo;
2. . .
= (24)
Pi

Theequationof motioncanthenbewritten in matrix notationas

T

€rr+2DE, +E=1() (25)
Wo;

wherethe matrix of dampingcoeficientsD = diag D;;) is given asa diagonal

matrix. In the notationof equation(25) theindex , =“ meanscomponentvise

differentiationwith respecto thevectorof dimensionlesimesr.

5 Systemldentification with neural networks

Systemdentificationis thetaskto identify thefree parametersf achosemmodel
structure.In the context of this work the modelparametersrederived from di-
mensionahnalysisandthe constantandexponentghatcannotbe determinedy
dimensionabnalysisalonearethenidentifiedusinga neuralnetworkapproxima-
tion technique.

Let ussupposehe functiong(z) of figure5 is of monomialform asin equation
(10), thedimensionles$ormulationin the r-domainis givenby equation(11).

In ansimilarity networkasshavn in figure 5, this productform canbeintegrated
usingthe logarithmasactwvation function of the input layer andthe exponential
in the hiddenlayer. By usingthis constructionit is avoidedto usethe product



astheintegrationfunction of the hiddenlayerandsothe networkcanbetrained
usingknown algorithmslike backpropagatioretc.,andstandardheuralnetwork
packagesvhich oftendon’t useintegrationfunctionsotherthansummation.

n—1
T, = exp (Z o; ln(/@m))
=1
n—1
H Tt (26)

7
=1

I
Q

Equation(26) shaws thata feedforwardneuralnetworkwith the above architec-
tureof activationfunctionsimplementsa productfunctionof theinputarguments.
Thenumberof inputargumentsof thekernelof thesimilarity networkis givenby

the numberof dimensionlesproductswhich is lessthanthe numberof physical
guantitiesnvolvedin theproblem.

5.1 Finite differenceneural networks

In thetime-domairsystemsanbeidentifiedapproximatingime-serieslata. This
canbeaccomplishedby usingtime-delayednput unitsin the neuralnetwork.

f(7) C) &(7)

flr— A7)

O

f(r —2A7)
NN

:

&(r— A7)

:

E(r —2A7T)

:

Figure 7: Feedforwardneural network for systemidentificationin the time-
domainusinga fixedsamplingrateof 1 /A~

5.2 State-spaceneural networks

The state-spacaotationof discretetime systemsanbe transformednto a feed-
forwardneuralnetworkwith time delayfeedbacHines. This type of feedforward



Figure8: A discrete-timestate-spacaeuralnetwork. A, B, C', and D denotethe
weightmatriceswvhich areidenticalto the state-spaceatrices.

neuralnetworkcanbetreatedasa MLP andbetrainedusingstandardalgorithms
like backpropagatioretc.

State-spaceeuralnetworkswith linearactivationfunctionsasshavn in fig. 8 are
theneuralnetworkrepresentatioof lineardiscrete-timestate-spacsystemsThis
typeof dynamicsystemis calledarecurrenneuralnetworkwith thespecialprop-
erty, thatit canbeimplementedasfeedforwardheuralnetworkwith externaltime
delayfeedbacHines. Specialtraining algorithmslike recurrentbackpropagation
andbackpropagation-througime (BPTT) have beendevelopedfor this kind of
neuralnetworkg9, 16.

6 Simulation Example

A singledgyree-of-freedomsingle-input-single-outpunodel of a mass-spring-
dashpotsystem(fig. 6) hasbeensimulatedwith a discretetime-stepof At =
0.01s. Theinputsignalwasgeneratedisingdiscretetime stepof At;,,,.: = 0.1s)
usingthe Matlab/Simulinksoftwarepackagd1].

For theidentificationin the time domaina neuralfeedforwardnetworkwith five
input neuronswith linear activation function, five hidden neuronswith hyper
bolic tangentsigmoid activation function, and one output neuronwith hyper
bolic tangentsigmoid activation function was used. Accordingto fig. 7 the
input layer is a combinationof the pasttwo dimensionlessnput-outputpairs



(&(r — A7), f(7/we)) andthe actualdimensionlesgput f(7/wo). Thenetwork
wastrainedusing standardoackpropagatiomvith a learningrateof n = 0.01 in
15.000 epochsreachinga summedsquareerrorof lessthan5 - 10~¢. Theidentifi-
cationwasverifiedusingthetestdatasetshovn in 9(b), theresultis plottedin fig.
10. Both datasetscontainedl98time stepswith —2.1227 < u(¢) < 2.3867 and
—5.45-107* < y(1) < 6.94 - 107,

This modellingprinciple for singleinput singleoutputsystemscanalsobe used
for multiple degree-of-freedonsystemsand easily expandedfor multiple input
multiple output systems. The neuralnetwork with hyperbolictangentsigmoid
activationfunction providesa staticnonlinearmapping,dynamiceffectsarecon-
sideredasinherenttime delaysin the choiceof theinputvariables.Usingafeed-
forwardneuralnetworkwith linearactivationfunctionswith the above choiceof
inputvariablegepresenta lineardifferenceequation.

Thesamesystemwasidentifiedusinga radialbasisfunction neuralnetworkwith
20 neurons,using more neuronsdecreaseshe identificationerror but increases
computatiortime and memoryusage.The networkwastrainedin 20 epochsto
asum-squareerrorof 2.15 - 10~'?. The systemsimulationwith the RBF neural
networkusingthe notidentifiedtestdatasetis shovnin figure 11.
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Figure9: Datasetsfor singledegree-of-freedonsingle-input-single-outpuhass-
spring-dashpatystemusinga white noiseinput signal



feedforward neural network system simulation
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Figure 10: Neural Network simulating the mass-spring-dashpaingle-input-
single-outpusingledegree-of-freedonsystemn thetime domain

RBF simulated system
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Figurell: RBF neuralnetworksimulatingthe mass-spring-dashpsingle-input-
single-outpusingeldegree-of-freedonsystemn thetime domain



7 Conclusion

Severalmodellingtechniquedor dynamicalkystemsaredescribecandembedded
into a neuralnetwork architecture. Using the principlesof dimensionalanaly-
sis, it hasbeenshawvn thatthe combinationof dimensionaknalysisandartificial
intelligencehasa high potentialin dynamicsystemidentificationandrepresents
a valuableprerequisitdfor successfuheuralcontrol. The applicationof dimen-
sionalanalysisandartificial intelligenceon the equationof motion of linear sin-
gledeggree-of-freedomandmultiple degree-of-freedonsystemsnemgesefficiently
engineeringdlomainknowledgewith the learningpotentialof biological systems
encodedn neuralnetworks.
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