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Abstract

Dimensionally homogeneous neural networks [10, 11] have been proven to
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

Using theso-calledPi-transform(asshown later in eq. (6)), problemsinvolving� quantitiesin the physicaldomaincanbe reformulatedinvolving � ( � � � )
dimensionlessgroupsof the original � quantities. This transformis commonly
usedto simplify subsequentmodellingandanalysisefforts (seeBridgman[2]).

In thecontrol of smartstructuresnew controldesigns,suchasnonlinearcontrol
andneuralnetworkcontrol,have to beuseddueto thehighly nonlinearnatureof
thesecontrolproblems.Neuralnetworkcontrollersareoften implementedasin-
directcontrollers,meaningthatthey rely on anidentified(neuralnetwork)model
of theplant.

This neuralnetworkmodel identificationtechniqueusingdimensionalhomoge-
neousneuralnetworksis discussedin this paper.



1.1 Controlled systems

For most neuralcontrol problemsthe modelling and identificationof the con-
trolledsystemplaysanimportantrole. Thesedynamicalsystemsarecategorized
in linearsystems,which obey therulesof superposition,andnon-linearsystems,
wheresuchprinciplesdo nothold. Classicalsystemandcontroltheoryarebased
on linear time-invariantsystems.New approachesto systemmodellinginclude
nonlineartime-varyingsystems[8].

1.2 State-spacenotation

Thestate-spacenotationprovidesa standardform of the equationof motion for
dynamicalsystemsusingthestatevector � ascoordinates.Thenumberof states
equalsthe numberof degrees-of-freedomof the system. Especiallythe matrix
notation(eq.1 and2) is oftenusedin moderndynamicsystemtheoryandcontrol
systemdesignandanalysis.

In state-spacenotationdynamicalsystemsare written as first-orderdifferential
equations.Dynamicsystemswith linearequationsof motionof secondor higher
ordercanbe transformedinto an equivalentsetof linear first-orderdifferential
equationsandthereforeall linearsystemscanbewritten in state-spacenotation.
State-spacenotationsareexplicit notations,systemsthatcanonly bewrittenusing
implicit formulationscannotbetransformedinto state-spacenotation.

Lineartime-invariant(LTI) continuoustimesystemscanbedescribedusingama-
trix state-spacenotation �� � ���	��
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Non-lineartime-variantsystemscanalsobewritten in state-spacenotationas�� � %����	&
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with thenonlinearfunctions% and( whichusuallyincludederivativesof thestates)+* andinputs , * .



2 DimensionalAnalysis

A function relatingmeasuredquantitiesis calleda ’complete’ equationaccord-
ing to Bridgman[2] if it is of a form that it remainsformally true without any
changein the form of the function whenever the sizeof the fundamentalunits
is changedin any way whatever. Every adequateandcorrectexpressioncanbe
made’complete’by meansof dimensionalconstants.Dimensionalanalysisonly
appliesto to ’complete’equations(whicharecalleddimensionallyhomogeneous
equations),wherethenumericalsizeof thefundamentalunitscanbechanged,but
theirphysicalstatementremainsunaffected.

Dimensionalanalysishelpsto establishtheform of relationshipsgoverningphys-
ical phenomenathataretoo complicatedto beobtainedby regularmathematical
methods.Also, dimensionalanalysishelpsto find the scaling-laws for a prob-
lemwhichhelpsto reducethenumberof parametersinvolvedin theproblemand
thereforereducesthe experimentalwork needed.This alsosimplifiesgraphical
andtabular representations.

2.1 Similarity

Thedimensionlessgroupsfoundby dimensionalanalysisallow thescalingof the
processaslong asthegoverningequationor at leasttherelevancelist holds.For
thescale-upor scale-down of processes,thefollowing typesof similaritieshave
to befulfilled [2]:- geometricsimilarity: ratiosof lengthsareequal

Two bodiesaregeometricallysimilar if the,with sufficientenlargement,the
smallercanbebroughtto exactcoincidencewith thelarger.- kinematicsimilarity: ratiosof speedsareequal
Two moving systemsarekinematicallysimilar if homologouspointsexpe-
riencethesamemotionin homologoustimes.- dynamicsimilarity: ratiosof forcesareequal
Two bodiesaredynamicallysimilar if their homologouspointsexperience
thehomologousforcesin homologoustimes.- thermalsimilarity: ratiosof temperaturesareequal
Two bodiesarethermallysimilar if at their homologouspointsthey have
homologoustemperatureathomologoustimes.



If for two systemsall dimensionlessgroupsformedby therelevantphysicalvari-
ablesareequal,thenthetwo systemsareconsideredanalogous. All measurements
andsimulationsof thesetwosystemsarecloselycorrelated,in fact,thedescription
of bothsystemsin termsof thedimensionlessvariablesis identical.Thisproperty
allows thescalingof modelexperimentsto the real-worldimplementations,e.g.
wind channeltestingof airplanesandlargebuildingsusingscalemodels.

In fluid dynamicssomeforceratios(dynamicsimilaritynumbers)havebeennamed
honoringvariousresearchersin thefield of fluid dynamics.Thesenumbers(e.g.
REYNOLDS andFROUDE number)areveryeasilyinterpretedastheratioof phys-
ically relevantforces.

2.2 The Pi-Theorem

Pi-Theorem[3, 2] Fromtheexistenceof a dimensionallyhomogeneousandcom-
pleteequation% of � physicalquantities)+* , theexistenceof anequation. of only� ( �/� �10�2 ) dimensionless1 quantities354 canbeshown%�� )"6 &878787 & )+9 �:� ; (4).<�=3 6 &878787>&
3+?@�:� ; (5)

where 2 �A� 0�� is therankof thedimensionalmatrix constructedby the )+* and
with dimensionlessquantities354 of theform3 4 � ) 4 BC*ED 6 )"FHGJI!K* (6)

with L��NMO&8787>7J&
��PRQ and ST4 * PVU asconstants.

Having formulatedarelevancelist of aphysicalproblem,Buckingham’sPi-theorem[3]
shows a straightforwardway to determinethe dimensionlessgroupsinvolved in
theproblem.

2.3 The structur eof physicalequations

Most physicalphenomenacanbewritten in anexplicit formulationsuchas WX�%�� ) &
YZ&
[5� . W 6 � %�� )"6 &\Y 6 &
[ 6 �W+] � %�� ) ]J&\YO]8&
[^]�� (7)

1Thesymbol_ for thedimensionlessvariablesisnotto beconfusedwith thealsodimensionless
ratio of circumferenceto diameterof a circle _a`�bdcfehgie'j k lJm�cnc'c , which by itself is only oneof
many possibledimensionlessgroups



Now theunit usedto measure) is reducedby a factorof Mdoqp , themeasureof )
increasesto p ) . Theunitsusedto measureY and [ arealsoreducedby a factorofM^o^r and Mdoqs respectively. TheaboveequationschangetoW 6 � %t�up )"6 &
rJY 6 &
s [ 6 �W+]v� %t�up ) ] &
rJYi]J&
s [^]J� (8)

Statingthatphysicallaws shouldnot bechangedby a changein theunit of mea-
surement,it is expectedthat%�� )"6 &
Y 6 &\[ 6 �%�� ) ] &
Y ] &\[ ] � � %��=p )T6 &\rJY 6 &
s [ 6 �%��=p ) ] &\rJY ] &
s [ ] � (9)

is valid for all pw&\rd&
sxPRU .

It canbeshown (seeBridgman[2]) thatfor everydefinitorialequationof aphysi-
calquantityeq.(9) is satisfiedif thefunction % is of theform%�� ) &
YZ&
[5�y�{z ) G Y}|i[d~ (10)

where z is a constant(Product-Theorem).

Thedimensionlessgroupsarequantitieswhichareobtainedby multiplicationand
divisionof physicalquantitiesin sucha way thattheirdimensionsareeffectively
one.2.

Usingthis definitionof dimensionlessgroups,equation(10) canbewritten using
dimensionlessgroups3 * , wherethenumberof dimensionlessgroupsfor a given
problemis alwaysequalor lessthanthenumberof physicalquantitiesinvolved.
Theequalityonly holdsif thereis thesamenumberof physicalquantitiesasbasic
dimensioninvolvedin theproblem..<�=3 6 &
3 ] �	�{z 6 3 GO�6 3 | �] (11)

For non-definitoryphysicalequationsadditive dimensionlesstermsmight occur
andthepureproductform of equation(11) still holdsfor eachsummationterm.

2Sometimesit is claimedthat the dimensionshouldbe zero("0"). Defining a physicalvari-
able to be a measurednumbertimes the dimension,this doesn’t hold and the "dimensionof a
dimensionlessnumber"hasto beone("1").



2.4 Relevancelist

Dimensionalanalysis,althougha very formal method,requiresprofoundengi-
neeringskills in preparingtherelevancelist of theproblem.This list containsall
variablesandconstantsrelevantto theproblemandcanbefoundby examiningthe
governingequations(if known) or by goodengineeringsense.Oneof the most
interestingthingsaboutdimensionalanalysisis thatyou don’t needto know any
completeequationsat thebeginning,but youhave to makeveryeducatedguesses
aboutthevariablesinvolved[5].

Therelevancelist canbe foundby examiningtheanalyticalor differentialequa-
tionsgoverningthephysicalphenomenon.If theequationsareunknown, therele-
vancelist is generatedby engineeringinsightandotherdomainknowledge.Only
thosevariablesanduniversal(dimensional)constantsthat arethoughtor known
to form thegoverningequationof theproblemunderinvestigationarepartof the
relevancelist.

2.5 DimensionalMatrix

Writing theexponentsof thedimensionsin amatrixwith thephysicalquantities) *
asrowsandthebasicdimensionsascolumnsestablishestheso-calleddimensional
matrix. Thesevenbasicunitsof theSI systemareoftenusedascolumntitles,but
theoreticallycorrect,only thetitles ����� for length, ����� for time,and ����� for mass
shouldbe used.This leavesthe specificchoiceof basicunitsopensinceall the
quantitiesappearingin the laws of mechanicscanbe written in termsof length,
time,andmass.Additionally, thisshowstheindependenceof thebasicdimensions
from theunitsof measurement.Sometimesit canbeevenmoreadvantageousto
useforce ��.�� andlength ����� insteadof mass-time-lengthasbaseunits.

Oncethedimensionalmatrix is determined,therankof thematrix is determined.
The dimensionalmatrix (in fig. 1 left) hasasmany columnsas the rank of the
matrix is. If this is not the casecolumns(and thereforevariables)have been
omittedor areunnecessary(andcanthereforebeomitted).

Thedimensionalmatrixis thentransformedintoanupperdiagonalmatrix(in fig. 1
right) usingrank-preservingcalculations.Thedimensionlessgroupscanthenbe
directly determinedfrom this specialform of thedimensionalmatrix. Theupper2 rowsarethebaserows andthelower � rowsareusedfor thedeterminationof
thedimensionlessgroups3 4 usingtheformula3 4 � ) 4 BC*ED 6 ) FHGJI!K* � L�� 2 ��Mi&8787878& � (12)
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Figure1: Thedimensionalmatrix [11]

Thesetof dimensionlessgroups3 4 foundwith this schemeis not unique,other
sets �3 4 caneasilybecreatedby

�3 4 � BC*�D 6�� 4 * 3 | I!K* (13)

wherethe � 4 * P�U andthe � 4 * P�U aredimensionlessconstantfactors. An in-
finite numberof dimensionlessgroupscanbe found employingthe � -Theorem
andequation(13) but only thosegroupsthatare’minimal’ in thesensethat they
can’t bedividedinto smallerdimensionlessgroupsareof physicalrelevance.This
featureis calledthe propertyof structuralindependence[6, 5] andrelieson the
fact thatthe 3 -systemfoundby equation(12)and(13) form a freeabeliangroup.

3 Neural networks

Artificial NeuralNetworks(ANNs or NNs) wereinventedearlyin thiscenturyas
a mathematicalmodelof thehumanbrain. Sincethenneuralnetworkshave been
usedin differentapplications,like patternrecognition,classification,clustering,
functionapproximation,etc. Dif ferentneuralnetworkarchitecturesandlearning
algorithmshave beendevelopedsince[13].

Neuralnetworksconsistof computationalelementscalledneuronswhich arear-
rangedin layersandall of theneuronsof onelayerhave input connectionsfrom
all neuronsof the precedinglayer andoutputconnectionsto all neuronsin the
subsequentlayer. Theweightedoutputsof all neuronsfrom theprecedinglayer
areintegratedusingtheintegrationfunction(usuallya summation).Theresultof
this operation,a scalar, is thentransformedwith theactivation function(oftena



Figure2: Feedforwardneuralnetworkwidth threelayersandoneshortcutcon-
nection(dashed)

sigmoid,hyperbolictangentor linearfunction)andthenagaintransformedby the
outputfunction (usuallythe identity function). An input vectorpresentedto the
first layeris propagatedto thelast(output)layerusingthis schemein eachlayer.

Usuallytheweightsof theconnectionof theneuralnetworkcanbeadjustedusing
anappropriatelearningalgorithm,suchasbackpropagation[12, 9, 16].

3.1 Feedforward neural networks

Feedforwardnetworks,alsocalledmultilayerperceptrons(MLPs)aresimpleneu-
ral networksasdescribedabove. They areoften calledbackpropagationneural
networksaccordingto themostpopularlearningalgorithmfor thiskind of neural
network. For backpropagation[12] a patternis presentedto thenetworkandthe
errorof theoutputlayer to a definedpatternoutputis calculatedandpropagated
backto the input layer. Thentheweightsof theneuralnetworkareadjustedac-
cordingto theerrorgradients.Anothertrainingalgorithmfor feedforwardneural
networksis thestochasticThresholdAcceptingalgorithm[4].

Feedforwardneuralnetworksprovideastaticmappingandusingonly linearacti-
vationfunctionsandthesummationasintegrationfunction,thy canbedescribed
in mathematicalmatrix notation.A specialtypeof feedforwardneuralnetworks
is thekind with shortcutconnections,wheretheneuronsof onelayerarenotonly
connectedto all neuronsof thesucceedinglayerbut with all neuronsin all subse-
quentlayers.
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Figure3: Activationfunctionfor neuralnetworks

3.2 GeneralizedRadial BasisFunction Neural Networks

Radialbasisfunctionneuralnetworks(GRBF-NNs)[7] areanextensionto radial
basisfunctionneuralnetworks(RBF-NNs)which weremainly usedfor strict in-
terpolationtasks.GRBFneuralnetworksareequivalentto generalizedsplines.To
approximatea functiongivenin � points �!�	&
Y+�
���VPRU 9 &\Y1PRU�� , onecanfind an
approximationfunctionof thefollowing form

%t�!�y�$� �  *ED 6 s *¢¡ � £ � * 0¥¤ * £�� (14)

wherethe ¡ �'¦E� aretheradialbasisfunctionsatthe § centers¤ * ( ¤ * P¨U 9
). Approx-

imatingthefunction,theRBF centers¤ * have to bechosenandthecoefficients s *
to becalculated.

GRBFneuralnetworksarethree-layerneuralnetworkswith linearactivationfunc-
tions in the input and the output layer and the radial basisfunction (usuallya
Gaussian)with differentcentersin thehiddenlayer. Sincefor GRBFsusuallya



Figure4: TwodimensionalGaussianactivationfunctionfor GRBFneuralnetwork

directlearningalgorithmis employed,theproblemof localminimaof backpropa-
gationis avoidedandthetrainingitself is very fast[7]. Theseadvantagesarepaid
for with slow recallswhenthenetworksarein use.

3.3 DimensionallyHomogeneousNeural Networks

approximation
function(©ª««««¬

)"6) ]
...)+9 F 6

­=®®®®¯ ©�° )+9i±
Classicalneuralnetwork

3 6 3 F 6function.©ª««««¬
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Similarity network

Figure5: Neuralnetworksfor approximation[11]

Dimensionallyhomogeneousneuralnetworksor for shortsimilarity networksare
restrictedto dimensionalhomogeneousformulations.Dueto this property, a sig-
nificant reductionof the trainingspacefor theneuralnetworkweightedconnec-
tions results. For thesesimilarity networks,betterapproximationand learning



propertiesfor problemsin thephysicaldomaincomparedto classicalneuralnet-
work implementationshavebeenobserved[10, 11].

4 Applications of dimensionalanalysis

DimensionalAnalysishasalreadybeenappliedin engineeringscienceslike fluid
dynamics,heattransferanddynamics[14, 15]. Theadvantagesarein theexperi-
mentalsciences,whereexperimentaleffort canbesaved,aswell a in thetheoreti-
cal sciences,wheredimensionalanalysisgivesa betterinsightinto thescalingof
problemsandthereforeinto thenatureof theproblemitself.

4.1 Singledegree-of-freedomsystem

c

k

m

x

Figure6: Themass-spring-dashpotsystem

The equationof motion for a mass-spring-dashpotsystemasshown in fig. 6 is
foundby first principlesto beequalto�³²) �#s �) � � ) �´�Wa¦^%Oµ¢¶
· (15)

andcanbe transformedinto a dimensionlessform (accordingto the procedures
describedaroundtables1, 2, and3)¸8¹ º
º ��»�¼ ¸8¹ º � ¸ �A%R½�¾¿�À�Á (16)

where
¹ º

meansdifferentiationwith respectto ¾ .

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



m mass � ( ����� 6
c dampingcoefficient

��ÂÃ ����� 6 ����� F 6
k stiffness

��ÂÃÅÄ ����� 6 ����� F ]
x position � ����� 6
t time � �Æ�Ç� 6�W externalforceconstant � ����� 6 ����� 6 ���Ç� F ].�µ¢¶
· externalforcetimedep. - -

Table1: Therelevancelist

Using this relevancelist, the dimensionalmatrix is assembledand transformed
into anupperdiagonalmatrix

���È� ����� �����
m 1 0 0
x 0 1 0
t 0 0 1
c 1 0 -1
k 1 0 -2�W 1 1 -2%iµÅ¶
· - - -

3"É6 � s@¦8
�3 É] � � ¦8
 ]�3 ÉÊ � �Wa¦8
 ]�Ë¦ )3 ÉÌ � %Oµ¢¶
·
Table2: Thedimensionalmatrix

Thedimensionlessgroupsin equation(16)canbederivedfrom thedimensionless
equationsfoundin thisdimensionalanalysisby applyingequation(13)



3 6 ¼ � ÍÎ>Ï � 6]OÐ Ñ Ä?	Ò � �Ð 3 É6 ] oq3 É] attenuationconstant

3 ] ¾ � ¿�À ¦8
	� Ð � · Ä? � Ð 3 É] dimensionlesstime3 Ê ¸ � � Ò ¶ÓÔ ��3 É] oq3 ÉÊ dimensionlessposition3 Ì %Oµ¢¶
·t�È3 ÉÌ dimensionlessext. force

Table3: Thedimensionlessgroups

To write thedimensionlessform of theequationof motionthepositioncoordinate) is transformedwith 3 Ê sothat ) � ÓÔÖÕ� andthedifferentiationwith respectto time
 is transformedinto a differentiationwith respectto dimensionlesstime ¾ using× 
	� 6Î8Ï × ¾ .

The modified dimensionlessgroups 3 6 &>¦8¦8¦�&
3 Ì might be more meaningfuland
better suited for interpretationby many readersas the original dimensionless
groups 3 É6 &8787>78&
3 ÉÌ originally found in the exampledimensionalanalysisabove,
but mathematicallyspeaking,bothsetsareequallyvalid.

4.2 Multiple degree-of-freedomsystem

Theequationof motionfor anundampedlinearmulti-degree-of-freedom(MDOF)
systemis givenby thematrixequationØ ²����ÙÚ�R� �Û�Ü5Ý (17)

wherethemassmatrix

Ø
andthestiffnessmatrix Ù aresymmetricandthemass

matrix is alsopositive definite.Equation(17) canbetransformedin modalcoor-
dinatesÞ , which leadsto uncoupledequationsof motion in termsof modalgen-
eralizedcoordinatesß * . Themassandstiffnessmatricesarethereforetransformed
usingthematrixof theeigenvectorsof theundampedproblemàá� eigv � Ø F 6 Ùâ�
into Ø ? � à Ü Ø àã��ä (18)Ù�? � à Ü Ùåàá� diag� ¿ ]À * �	�çæ (19)Þ � àè� (20)



where¿�À * aretheeigenfrequenciesof theundampedsystem.Usingtheequation
of motion in modalcoordinatesandapplyingmodalor Rayleighdamping( �´�
diag�us * � ), which allows for the concurrentdiagonalizationof all threematrices
Ø &J�a& and Ù , theresultingequationof motionreads

²Þ��³� �Þ1�XæéÞå� �Û ?�¦ Ý (21)

The dimensionlessgroupscorrespondingto the termsof the single-degree-of-
freedomequationof motioncanbefoundas

¾ * � ¿�À * ¦8
 (22)¼ *�* � ê *¿ À * � M» s *¿ À * (23)¸ * � ¿ ]À * ¦^ß *�W * (24)

Theequationof motioncanthenbewritten in matrixnotationasë ¹ ì^ì ��»i� ë ¹ ì � ë � Ý ½1¾ *¿�À * Á (25)

wherethe matrix of dampingcoefficients � � diag�n¼ *�* � is given asa diagonal
matrix. In thenotationof equation(25) the index „

¹îí
“ meanscomponentwise

differentiationwith respectto thevectorof dimensionlesstimes
í

.

5 SystemIdentification with neural networks

Systemidentificationis thetaskto identify thefreeparametersof a chosenmodel
structure.In thecontext of this work themodelparametersarederivedfrom di-
mensionalanalysisandtheconstantsandexponentsthatcannotbedeterminedby
dimensionalanalysisalonearethenidentifiedusinga neuralnetworkapproxima-
tion technique.

Let ussupposethe function (�� ) � of figure5 is of monomialform asin equation
(10), thedimensionlessformulationin the 3 -domainis givenby equation(11).

In ansimilarity networkasshown in figure5, this productform canbeintegrated
usingthe logarithmasactivationfunctionof the input layerandtheexponential
in the hiddenlayer. By usingthis constructionit is avoidedto usethe product



astheintegrationfunctionof thehiddenlayerandsothenetworkcanbetrained
usingknown algorithmslike backpropagation,etc.,andstandardneuralnetwork
packageswhichoftendon’t useintegrationfunctionsotherthansummation.

3 9 � ï8ð5ñóò 9 F 6 *ED 6 S *^ôöõ ��� * 3 * �=÷� z 9 F 6C*ED 6 3 GO�* (26)

Equation(26) shows thata feedforwardneuralnetworkwith theabove architec-
tureof activationfunctionsimplementsaproductfunctionof theinputarguments.
Thenumberof inputargumentsof thekernelof thesimilarity networkis givenby
thenumberof dimensionlessproductswhich is lessthanthenumberof physical
quantitiesinvolvedin theproblem.

5.1 Finite differ enceneural networks

In thetime-domainsystemscanbeidentifiedapproximatingtime-seriesdata.This
canbeaccomplishedby usingtime-delayedinputunitsin theneuralnetwork.

NN

ø�ùîú�û

ø�ùÆú�ü Ä¢ý ú�ûø�ùÆú�ü ý ú�ûþnùÆú}ü Ä¢ý ú�ûþnùÆú}ü ý ú�ûþnùÆú�û

Figure 7: Feedforwardneural network for systemidentification in the time-
domainusinga fixedsamplingrateof Mdoq� ¾
5.2 State-spaceneural networks

Thestate-spacenotationof discretetime systemscanbetransformedinto a feed-
forwardneuralnetworkwith timedelayfeedbacklines.This typeof feedforward
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Figure8: A discrete-timestate-spaceneuralnetwork. ��&��a& z , and ¼ denotethe
weightmatriceswhichareidenticalto thestate-spacematrices.

neuralnetworkcanbetreatedasa MLP andbetrainedusingstandardalgorithms
like backpropagation,etc.

State-spaceneuralnetworkswith linearactivationfunctionsasshown in fig. 8 are
theneuralnetworkrepresentationof lineardiscrete-timestate-spacesystems.This
typeof dynamicsystemis calledarecurrentneuralnetworkwith thespecialprop-
erty, thatit canbeimplementedasfeedforwardneuralnetworkwith externaltime
delayfeedbacklines. Specialtrainingalgorithmslike recurrentbackpropagation
andbackpropagation-through-time(BPTT) have beendevelopedfor this kind of
neuralnetworks[9, 16].

6 Simulation Example

A singledegree-of-freedom,single-input-single-outputmodelof a mass-spring-
dashpotsystem(fig. 6) hasbeensimulatedwith a discretetime-stepof ��
å�;H7�;HM � . Theinputsignalwasgeneratedusingdiscretetimestepsof ��
 * 9 Ô�� ·t� ;57öM � )
usingtheMatlab/Simulinksoftwarepackage[1].

For the identificationin the time domaina neuralfeedforwardnetworkwith five
input neuronswith linear activation function, five hiddenneuronswith hyper-
bolic tangentsigmoid activation function, and one output neuronwith hyper-
bolic tangentsigmoid activation function was used. According to fig. 7 the
input layer is a combinationof the past two dimensionlessinput-outputpairs



� ¸ � ¾ 0 � ¾ �
&
%�� ¾ o ¿�À � ) andtheactualdimensionlessinput %t� ¾ o ¿�À � . Thenetwork
wastrainedusingstandardbackpropagationwith a learningrateof �X� ;57�;HM inM��57f;O;O; epochs,reachinga summedsquareerrorof lessthan �è¦�M>; F�� .Theidentifi-
cationwasverifiedusingthetestdatasetshown in 9(b),theresultis plottedin fig.
10. Both datasetscontained198time stepswith 0 »H7öM>»O»�� ��, �!

�x��»57�� �"!�� and0 �57$#���¦�M8; F Ì ��YZ��

�	�%!57'&�#é¦�M8; F Ì .
This modellingprinciple for singleinput singleoutputsystemscanalsobeused
for multiple degree-of-freedomsystemsandeasilyexpandedfor multiple input
multiple output systems.The neuralnetworkwith hyperbolictangentsigmoid
activationfunctionprovidesa staticnonlinearmapping,dynamiceffectsarecon-
sideredasinherenttime delaysin thechoiceof theinputvariables.Usinga feed-
forwardneuralnetworkwith linearactivationfunctionswith theabove choiceof
inputvariablesrepresentsa lineardifferenceequation.

Thesamesystemwasidentifiedusinga radialbasisfunctionneuralnetworkwith
20 neurons,usingmoreneuronsdecreasesthe identificationerror but increases
computationtime andmemoryusage.Thenetworkwastrainedin 20 epochsto
a sum-squarederrorof »H7öM���¦5M>; F 6 Ê . Thesystemsimulationwith theRBF neural
networkusingthenot identifiedtestdatasetis shown in figure11.



(a) trainingdataset
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(b) validationdataset
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Figure9: Datasetsfor singledegree-of-freedomsingle-input-single-outputmass-
spring-dashpotsystemusinga whitenoiseinputsignal
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Figure 10: Neural Network simulating the mass-spring-dashpotsingle-input-
single-outputsingledegree-of-freedomsystemin thetimedomain
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Figure11: RBF neuralnetworksimulatingthemass-spring-dashpotsingle-input-
single-outputsingeldegree-of-freedomsystemin thetimedomain



7 Conclusion

Severalmodellingtechniquesfor dynamicalsystemsaredescribedandembedded
into a neuralnetworkarchitecture.Using the principlesof dimensionalanaly-
sis,it hasbeenshown that thecombinationof dimensionalanalysisandartificial
intelligencehasa high potentialin dynamicsystemidentificationandrepresents
a valuableprerequisitefor successfulneuralcontrol. Theapplicationof dimen-
sionalanalysisandartificial intelligenceon theequationof motionof linearsin-
gledegree-of-freedomandmultipledegree-of-freedomsystemsmergesefficiently
engineeringdomainknowledgewith the learningpotentialof biologicalsystems
encodedin neuralnetworks.
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