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ABSTRACT

Chargeofapiezoelectricactuatorisproportionaltoitsdisplacementforawideareaofoperating.
Hence,achargeestimatorcanestimatedisplacementforsuchactuators.However,existingcharge
estimatorstakeasizableportionoftheexcitationvoltage,i.e.voltagedrop.Digitalchargeestimators
havepresentedthesmallestvoltagedrop.Thisarticlefirstinvestigatesdigitalchargeestimatorsand
suggestsadesignguideline to (i)maximiseaccuracyand(ii)minimise thevoltagedrop.Digital
chargeestimatorshaveasensingresistor;anestimatorwithaconstantresistanceisshowntoviolate
thedesignguideline;while,allexistingdigitalchargeestimatorsuseoneorafewintuitivelychosen
resistors.Thatis,existingestimatorswitnessunnecessarilylargeinaccuracyand/orvoltagedrop.This
researchdevelopschargeestimatorswithvaryingresistors,fulfillingthedesignguideline.Several
methodsaretestedtoestimatesthesensingresistancebasedonoperatingconditions,andradialbasis
functionnetworksmodelsexcelintermsofaccuracy.

KEywoRDS
Averaging, Charge, Digital, Interpolation, Nano-Positioning, Piezoelectric Actuator, Radial Basis Function 
Network, Voltage Drop

INTRoDUCTIoN

Nano-positioningisanimportantareaofnanotechnology,aimingatcontrolofmotionatnanometre
scale.Thisareaoftechnologyhasdifferentapplicationssuchasscanningprobemicroscopy(Clayton,
Tien,Leang,Zou,&Devasia,2009)(includingatomicforcemicroscopy(Teh,2015)),ultra-fine
machining(Tang,Zeng,Gao,&Zhang,2015)andmedicalengineering(includingcellmanipulation(Li
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&Cheah,2015)androboticsurgery(Saedi,Mirbagheri,Jafari,&Farahmand,2014)).Variousactuators
havebeenusedinnano/micropositioninge.g.wormgears(Protopopov,2014)andmagnetostrictive
actuators(Ghodsietal.,2016).Amongstall,piezoelectricactuatorshavethesmallestsizeandthe
highestprecision(Mohammadzaheri&AlQallaf,2017).Theseactuatorsaretheforemostactuators
ofnano-positioningatthemomentandarelikelytomaintainthisstatusforyears(Moheimani,2008).

Positioncontrolof (unfixedpoint(s)/surface(s)of)apiezoelectricactuator is thekey task in
piezo-actuatednano-positioning(Bazghaleh,Grainger,&Mohammadzaheri,2018).Experiments
haveshownthatchargeofapiezoelectricactuatorisproportionaltoitsposition/displacementforan
extensiveareaofoperating(Bazghaleh,Grainger,Cazzolato,&Lu,2010;M.Bazghaleh,S.Grainger,
M.Mohammadzaheri,B.Cazzolato,&T.Lu,2013;Minase,Lu,Cazzolato,&Grainger,2010;Yi
&Veillette,2005).Thisfactisthekeymotivationfordesignofchargeestimatorsforpiezoelectric
actuators(Liu,Yen,&Wang,2018;Mohammadzaheri&AlQallaf,2017;Yang,Li,&Zhao,2017).

All existing charge estimators need electrical element(s) (e.g. resistor(s) or capacitor(s)) in
serieswiththepiezoelectricactuator(Bazghalehetal.,2018).Thevoltageacrosstheaforementioned
elementsisnotutilisedtoexpand/contracttheactuator;therefore,itshouldbeminimised.Thiswasted
voltageiscalled‘voltagedrop’(Minaseetal.,2010).Bazghalehetal,showedthatdigitalcharge
estimatorscauselessvoltagedropthanotherexistingchargeestimatorsforpiezoelectricactuators
(MBazghalehetal.,2013).

However,asdetailedinProblemStatement,designofexistingdigitalchargeestimatorsispartly
intuitive.Theseinflexibleandintuitively-designedestimatorsareshowntofaceasignificantvoltage
droporimprecisenessiftheareaofoperatingiswide.Thisresearchaddressestheaforesaidissue
throughdevelopmentofintelligentchargeestimatorsforpiezoelectricactuatorswithvaryingresistors.

DIGITAL CHARGE ESTIMAToRS

Figure1isaschematicofadigitalchargeestimator,usedinthisresearch.Theestimatorcomprises
of(i)adigitalpart,withinthecomputer,(ii)anI/Ocardincludinganaloguetodigital(A/D)and
digitaltoanalogue(A/D)units,and(iii)analoguepartsincludingtheactuator,avoltageamplifier
andasensingresistor.

VS,thevoltageacrossthesensingresistor,iscalledthe‘sensingvoltage’.VSisalmostproportional
tothecurrentpassingtheactuator,iP,andmostofiPpassesthroughthegroundedsensingresistor,RS:

Figure 1. A schematic of the experimental setup used in this research
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IntegralofiPequalschargeoftheactuator;thus,theoretically,chargecanbeestimatedwith
useofVS.

However,integrationofiPisproblematic.Inpractice,theanaloguetodigitalconverter,shown
asA/DinFigure1,isnotidealandhasaminuteoffsetvoltage.Thisvoltagetogetherwithdielectric
leakageofthepiezoelectricactuatorgeneratealowfrequency(almostconstant)smallbiasvoltage,
Vb,whichentersA/DalongwithVS.Thistinybiasvoltageisaccumulatedthroughintegrationbythe
computer(leftsideofEquation(2)).Therefore,thecalculatedcharge( q̂

P
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Thisphenomenon iscalleddrift (Bazghaleh,Mohammadzaheri,Grainger,Cazzolato,&Lu,
2013).Thehighpassfilter,showninFigure1,supressesthelowfrequencybiasvoltageandprevents
drift.Detrimentally,thehighpassfilteralsosuppresseslowfrequencycomponentsofVS.Asaresult,
adigitalchargeestimatordoesnotsuitlowfrequencyoperatingareas.

PRoBLEM STATEMENT

Inthisresearch,tworoughdesignobjectivesofO1andO2areconsideredfordigitalchargeestimators
intheorderofpriority:

O1:Highprecision
O2:Lowvoltagedrop

ResolutionandinputvoltagerangeofA/DunitsofanI/Ocardplaythemajorroleinprecision.
EachA/Dunithasnbits(resolution)andoneoranumberofrange(s)forinputvoltage.Forinstance,
anA/Dmayhave12bitsanditsinputrangecouldbechosenfromthreeoptionsof±0.625V,±2.5
Vand±10V.Then,2ndigitalnumbersisallocatedtotheinputrangeofchoice(Gray,2006).The
largerportionoftherangecoveredbytheinputvoltage(signal),themoredigitalnumbersusedto
quantifytheinputsignal,thehigherprecision.Hence,foragivenresolution,maximumprecisionis
achievedifinputrangeofanA/Disfullyused.VSistheinputtotheA/Dindigitalchargeestimators
asdepictedinFigure1.Therefore,toachievethehighestprecision,therangeofVSshouldbeequal
toaninputrangetotheA/DoftheI/Ocard;asaguidelinetoachieveO1.

Voltagedrop,theportionofVenotusedforactuation,equalsVS.Thus,VScanreplacevoltage
dropinO2.Hence,VSshouldbeassmallaspossible,asaguidelinetoattainO1.

In summary, for a given I/O card, design objectives of O1 and O2 result in following
designguidelines:

G1:TherangeofVSshouldbeequaltoaninputrangeoftheI/Ocard.
G2:VSshouldbeassmallaspossible.
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ForagivenI/Ocard,consideringthehigherpriorityofG1,bothG1andG2canbecombined
as«DesignGuideline:therangeofVSshouldbeequaltothesmallestinputrangeoftheI/Ocard».

Thisguidelineguaranteesthemaximumprecisionatthesmallestpossiblevoltagedrop.Witha
givenexcitationvoltage(whichdependsontherequireddisplacement)andI/Ocard,RS,inFigure1,
istheonlyvariabletotuneVSandmeettheaforementionedguideline.However,experimentsshowed
thatasinglevalueofRScannotsatisfytheguidelineacrossawideareaofoperation.Figure2depictsVS
fortheestimatorofFigure1witha5×5×36mmPiezoStackofSA050536typemadebyPiezoDrive
Company(PiezoDrive,2018)andRS=100Ωfortwoexcitationvoltages10sin(20×2πt)+10Vand
10sin(50×2πt)+10Vwithaphaseof-90°.TheminimuminputrangeoftheI/Ocardis±0.625V.
Attheexcitationfrequencyof50Hz,theselectedvalueofRSleadstouseofalargeportionofthe
inputrangeandnearlyfulfilstheguideline.However,at10Hz,55%ofinputrangeisleftunused
andtheguidelineisnotmet.

Figure2showsthatadigitalestimatorwithasinglevalueofRSdoesnotsuitawiderangeof
piezoelectricactuators’operation.However,allreporteddigitalchargeestimatorsofpiezo-actuated
nano-positioningsystemshaveeitherasinglevalue(M.Bazghaleh,S.Grainger,M.Mohammadzaheri,
B.Cazzolato,&T.-F.Lu,2013;MohsenBazghaleh,MortezaMohammadzaheri,etal.,2013)or
onlya few instinctivelychosenvaluesofRS (MBazghalehet al.,2013).This researchproposes
chargeestimatorswithanadaptiveRS.Anadaptivechargeestimator,withagivenI/Ocard,requires
amathematicalmodel(FinEquation(3))todeterminetherightRSatanyoperatingconditionsoas
tofulfilthedesignguideline:

RS=F(operatingconditions) (3)

whereoperating conditions arewaveform, amplitude (inV) and frequency (inHz)of excitation
voltage(VeinFigure1).

Thisresearchonlydealswithsinusoidalexcitationvoltages.Thus,theoperatingconditionsare
limitedtoamplitude(Ae)andfrequency(f)ofexcitationvoltage:

RS=F(Ae,f) (4)

Figure 2. The range of sensing voltage for same excitation amplitude of 10 V and different excitation frequencies of 10 and 50 Hz. 
The actuator is PZT with dimensions of 5×5× 36 mm.
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AfteridentificationofF,Equation(3)(orEquation(4))willtuneRStorealiseanadaptivecharge
estimator.NexttwosectionsaimatidentificationofFusingapproximateanalyticalmodelsandradial
basisfunctionnetworks,respectively.

EXPERIMENTATIoN

Figure3depictstheexperimentalsetup,whichistheimplementationofFigure1.Thedigitalcontroller
isapersonalcomputerequippedwithMATLAB7.10/Simulink7.5softwareincludingSimulink
Real-TimeDesktopToolbox3.5.Theactuatorisa5×5×10mmpiezostack,andtheamplifier is
MX-200,bothmadebymadebyPiezoDriveCompany(PiezoDrive,2018).Amultifunctionalcard
ofAdvantechPCI-1710Uwasemployedtoconnectthecomputerandanalogueparts.Thiscardhasa
resolutionof12bitsandfiveoptionalrangesforanalogueinputs±10,±5,±2.5,±1.25and±0.625V.

Inordertoassess/developmathematicalmodels,whichplaytheroleofFinEquation(4),35
seriesofexperimentswereperformed.Inallexperiments,sinusoidalexcitationvoltages(Ve)with
frequencyoff(inHz)andidenticalamplitudeandbiasofAe(inV)wereused:

Ve = Aesin(f×2πt)+Ae (5)

wheretistimeins.Thevaluesof5,10,20,30or40Vand20,30,40,50,60,70or80Hzwereused
forAeandf,respectively.Ineveryexperiment,thesensingresistance,RS,wastunedsothatthesensing
voltagetouchestherangeof±0.625V,minimuminputrangeoftheI/Ocard,thenRSwasrecorded.
Inotherwords,thevalueofRS,withbestmatchingtothedesignguideline,foreachcombination
ofexcitationamplitudeandfrequencywasexperimentallyfound.TheoutputofFinEquation(4)
shouldideallyequaltheseresults.

APPRoXIMATE ANALyTICAL MoDEL oF THE SENSING RESISTANCE

ThepurposeofthissectionistoanalyticallyapproximateF,presentedinEquation(4).Todoso,
thepiezoelectricactuatorisapproximatedwithacapacitor,CP(MBazghalehetal.,2013),andtiny

Figure 3. Experimental setup
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currententeringtheA/Dcardisneglected.Then,usingFigure3,combinationoftheactuatorand
thesensingresistorcanbeshownasFigure4(Mohammadzaherietal.,2019).

Forsuchanapproximatesystem,inLaplacedomain:
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Consequently, the transfer function between the sensing voltage, VS, and the excitation
voltage,Ve,is:
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Model for Excitations without Bias
FortheapproximatelinearsystempresentedbyEquation(6),asinusoidalexcitationvoltagewithout
abias,Ve=Aesinωt,leadstoasensingvoltageofVS=ASsinωt,whereωisfrequencyinrad/s,and
theamplitudeofASandAehavethefollowingrelationship(Mohammadzaherietal.,2019):
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Consequently:
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whereindexAstandsforanalyticallyestimated.Consideringthefactsthat(i)thesmallestinputrange
oftheI/Ocardis±0.625V;thatis,AS=0.625VtomeettheguidelinedetailedinProblemStatement,
(ii)fortheinvestigatedactuator,CP=1.046μF.Therefore:

Figure 4. Schematics of a resistor in series with a piezoelectric actuator which is assumed equivalent of a capacitor



International Journal of Artificial Intelligence and Machine Learning
Volume 10 • Issue 1 • January-June 2020

37

R
A

SA

e

=
×

−

0 5975 10

0 390625

6

2

.

.ω
 (8)

wheretheunitforRSisΩ.ForAe>>1andchangeoftheunitoffrequencyfromrad/stoHz:
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Equation(9)iscomparablewithEquation(4).

Bias Effect
FromEquation(8),Ve=Vewb+B.Withuseofsuperposition,thesensingvoltagecanbeassumedas
sumoftwocomponentsinfluencedbyVewbandB(bias)excitations.

AcomponentofVSwhichisonlyinfluencedbyBispresentedasVSB.FinalvalueofVSBisshown
tobezero:
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Thatis,theeffectofbiasdisappearsshortly;hence,biashasnoenduringinfluence;thus,Equations
(8)and(9)arestillvalidforexcitationswithabias.

RBFN MoDELS oF THE SENSING RESISTANCE

Radialbasisfunctionnetworks(RBFNs)wereemployedtoapproximateFinEquation(4).RBFNs
areuniversalapproximatorswithmathematicallyprovenmodellingcapabilities(Mohammadzaheri,
Chen,&Grainger,2012;Mohammadzaheri,Ghodsi,&AlQallaf,2018).InordertodevelopRBFNs,
twoseparateseriesofdatawereemployed:modellingand testdata.Testdatawerenot involved
in identificationof themodelandmerelyused tocross-validate theRBFNmodels.Experiments
provide35setsofdata;eachsetincludestwoinputs(Aeandf)andasingleoutputofRS.Thedata
withfollowingcouplesofAe(inV)andf(inHz)wereusedfortest:(1070),(2060),(3050),(4040)
and(5030).Therestofdata,30sets,wereusedformodelling.

AnRBFNhasatwo-layermathematicalstructure,thefirstlayerreceivesinputsarray(U)and
producesthe‘layeroutput’(O).Inthisresearch,eachcolumnofUis[Ae f]

T,whereTstandsfor
transpose.ThesecondlayerreceivesOandproducesthe‘networkoutput’(Y).Inthisproblem,Yis
arowinwhichitselementsareRS.

Thefirstlayerhasanarrayofweights,W,andascalarnamelyspread,S.Thecomponentsof
layeroutput,O,arecalculatedasfollowing:

O
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Thesecondlayerhastwoarraysofweights,X,andbiases,B.Theoutputarrayiscalculated
asfollowing:

Ŷ =X×O+B (12)

CombinationofEquations (11)and (12) is theRBFN; thenext task is to identifyunknown
parametersofW,S,XandBusingthemodellingdata,consistingofinputandoutputarraysofU2×30
andY1×30.Therearetwoapproachestoaccomplishthistask‘exact’and‘efficient’RBFNmodelling.

Exact RBFN Modelling
Equation(11)indicatesthatgreatercomponentsofOaremoreinfluentialonthenetwork’s
output.Inaddition,Equation(12)showsthat(i)therangeofOcomponentsis[01]and(ii)
iftheithrowofWisidenticaltothekthcolumnofU,thenOikwillbemaximum,1.Inexact
RBFNmodelling,itwasconsideredthatW=UT;asaresult, if theinputsofmodellingdata
aregiven tosuchanRBFN,allelementsofOare1.With theaforementionedassumption,
theonlyremainingunknownoftheexactRBFNareXandB.WithuseaknownOandthe
modellingdata,Equation(12)intheformofEquation(13)couldbesolvedtoobtainBand
Xandfullyidentifythemodel:

Y X B
O

I1 30 1 60
60 30

× ×
×

= 


















 (13)

whereIisauniquematrixwithsizeof30×30.
InthecaseinputsofthemodellingdataarefedtotheexactRBFN,themodelproducestheexact

outputsofthemodellingdata,regardlessofthevalueofSinEquation(11).Thisisthereasonbehind
thetitleof‘exact’forsuchanRBFN.However,aseriousconcernaboutexactRBFNsisinaccuracy
ofestimationoutsidethemodellingdata.Alargespread(S)cansmoothenandgeneralisethenetwork
(Beale,Hagan,&Demuth,2017).

Hereisapseudo-algorithmofexactRBFNmodelling(tofindW,X,BandSusingtheinputand
outarraysofthemodellingdata,U2×30andY1×30):

1. SetW30×2=UT
2×30;

2. SetO30×30=ones(30×30);
3. FormEquation(13)withY1×30andOfromstep2andsolveittofindX1×30andB1×30;
4. ChoosealargeS(198inthisresearch)togeneralisethedevelopedRBFN.

MaximumnumberofdatasetswhichcanbefedintothedevelopedRBFNis30,forsmaller
inputssomeelementsofBarenotused.

Exact RBFNs advantageously has a straightforward non-iterative parameter identification
algorithm.However,thismethodcreatesmodelswithtoomanyparameters,121inthisresearch,
whereonly30modellingdatasets,intotal90piecesofinput/outputdata,areavailable.Excessive
numberofparametersandfocusofthealgorithmonexactfittingtothemodellingdataincreasethe
riskof‘overfitting’orlackofgenerality(Cawley&Talbot,2010;Mohammadzaheri,Mirsepahi,
Asef-afshar,&Koohi,2007).Concernshavebeenraisedonsufficiencyofspread(S)toadequately
generalisetheareaofvalidityoftheexactRBFNsoutsidetheoperatingareaswherethemodelling
datahavebeencollectedfrom(Cawley&Talbot,2010).
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Efficient RBFN Modelling
AnalternativetoexactRBFNmodellingisefficientmodellingwhichmayproduceRBFNswithfewer
parametersthanexactRBFNs.InspiteofexactRBFNswhichemploythetransposeofinputarray
ofmodellingdata,UT,astheweightarray,W,inefficientRBFNmodelling,somecolumnsofUare
selectedandtransposedtoformW.Thus,WisoftensmallerthanU(Mohammadzaherietal.,2018).

InordertoselectUcolumnstobeusedasWrows,first,everysinglecolumnofUistransposed
andtriedasasingle-rowW.Then,itscorrespondingXandBarecalculatedusingEquation(18),
andanRBFNiscreated.ThecolumnofUleadingtothesmallestmodellingerror(ME)isselected,
transposedandusedasthefirstrowofW,where:

ME Y Y
i i

i

= −( )
=
∑1

30 1

30 2

ˆ  (14)

Afterwards,remainingcolumnsofUaretestedtofindtheoneinwhichadditionofitstranspose
toWleadstothelargestdropinthemodellingerror.TransposedofsuchacolumnisaddedtoW.This
continuestillthenumberofWrows(R)reachesitspre-definedmaximum(Rmax=30inthisresearch)
orthemodellingerrorreachesitspredefinedtarget(Et=1.7Ω2inthisresearch);targetingatoosmall
modellingerror(e.g.0)risesthechanceofoverfitting.

Hereisapseudo-algorithmofefficientRBFNmodelling:

1. W=null,Urem=U,Uopt=null,E=1000(alargenumber),TW=null(temporaryweightmatrix);
2. ChoosealargeS(126inthisresearch)togeneralisethedevelopedRBFN;
3. ChooseRmax(30inthisresearch)andtargetmodellingerror,Et(1.7inthisresearch);
4. SetR=1;
5. Setk=1;
6. AddtransposeofkthcolumnofUremtoWtoformTW;
7. CalculateOfromEquation(11)withU2×30fromthemodellingdataandTWR×2andSdefinedin

steps6and2;

8. SolveY X B
O

IR
R

1 30 1 30
30 30

× × +( )
+( )×
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tofindX1×RandB1×30(YandOareavailablefromthe

modellingdataandstep7);
9. FindtheModellingError(ME)sfromcomparisonofŶ (calculatedfromEquations(11)and

(12))andY,withuseofEquation(14);
10.ifME<E,thenE=MEandUopt=Uk;
11.k=k+1;
12.ifk≤30-Rthengoto6;
13.RemoveUoptfromUremandaddittoW;
14.R=R+1;
15.ifR≤RmaxandE>Etthengoto5.

RESULTS AND DISCUSSIoN

Assessment of Approximate Analytical Model
Figure5comparesanalyticallyapproximatedandexperimentalsensingresistancesfor thewhole
experiments. It is obvious that analyticalmodels overestimate the resistance, particularly at low
frequencies.These toohighsensing resistances, if implemented,would lead to toohighsensing
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voltages,surpassingtheselectedinputvoltagerangeoftheA/D,i.e.±0.625V.Asaresult,thesensing
voltagewouldbesaturatedandchargeestimationcannotbeperformedinfull.Asanalternative,a
below1factorshouldbemultipliedbyanalyticallyestimatedsensingresistancestoavoidsaturation
ofthesensingvoltage.

Comparison of Analytical and RBFN Models and other Data-Based Methods
Using the algorithms presented in RBFN modelling section and the modelling data presented
Experimentationsection,anexactandanefficientRBFNweredeveloped.TheexactRBFNhasan
S=198andfortheefficientoneS=126,bothvaluesofSwereobtainedwithtrialanderror.In
ordertodeveloptheefficientRBFN,thetargetmodellingerror=1.7Ω2,leadingtoanetworkwith
R=22.ThedataofRBFNmodelshavenotbeenfittedintoFigure5,becauseforthemodelling
data(30setsdetailed),RBFNsinherentlypresentextremelyhighaccuracywhichcannotbetrusted
forcross-validation.Onlyfivesetsoftestdata,detailedinRBFNmodellingsection,wereusedfor
cross-valuationofRBFNs.Estimatedvaluesby thedevelopedRBFNsfor the testdataand their
comparisonwithexperimentalandanalyticallyapproximatedsensingresistancesispresentedinTable
1.Resistancesestimatedthroughdatainterpolationandaveraginghavebeenalsopresentedinthe
table.Differentinterpolationalgorithmsweretried,andcubicoutperformedothersandwasopted.

Figure 5. Experimental vs analytically approximated sensing resistance

Table 1. Estimated sensing resistances by different models versus experimental values

Excitation 
Voltage (V)

Experimental 
RS (Ω)

Estimated RS (Ω)

Analytical 
Model

Exact 
RBFN

Efficient 
RBFN

Cubic 
Interpolation Averaging

5sin(2π×70t) 267.9 273.9 266.2 265.8 275.7 198.4

10sin(2π×60t) 142.5 158.8 150.8 147.7 207.5 182.5

20sin(2π×50t) 78.5 95.1 76.7 77.4 81.2 106.2

30sin(2π×40t) 66.4 79.3 67.9 65.2 67.6 75.8

40sin(2π×30t) 67.2 79.3 59.3 67.7 70.2 84.8



International Journal of Artificial Intelligence and Machine Learning
Volume 10 • Issue 1 • January-June 2020

41

Datainterpolationresultsinfairlyhighaccuracyatlowfrequencies,andaverybadestimation
attheamplitudeof10Vandfrequencyof60Hz.Suchaninaccurateestimationconvincedauthorsto
excludeinterpolationfromreliableestimationmethodsinthisareaofresearch.Averagingofavailable
resistancesoftheimmediateneighbouringoperatingareasdidnotresultinaccurateresultsaswell.
Theseshowthatdata-basedmethodsbasedonthedataofadjacentoperatingareascannotleadto
accurateresults,andtechniques,suchasRBFNs,whichemploythewholedata,arefarmoretrustable.

Meanofabsolutetesterrorpercentage,accordingtoEquation(15),is1.66%,4.88%,14.44%,
11.64%and25.93%forefficientandexactandRBFNs,analyticalmodel,interpolationandaveraging,
respectively.Themeanofabsolute testerror is2.01Ω,4.41Ω,12.77Ω,15.93Ωand32.84Ω.
Percentage-wise, interpolation presents better accuracy than the analytical model, due to better
performanceatlowersensingresistances.Furthermore,theefficientRBFNpresentsbetterestimation
thantheexactoneinspiteofhavingfewerparameters.Forall testdatasets,RBFNsoutperform
theanalyticalmodel.However,itshouldbenotedthatexactandefficientRBFNshave121and97
parameters,respectively,whiletheanalyticalmodelhasasingleparameter:

test error percent=
−

×
Experimental R Estimated R

Experimental R
S S

S

1100  (15)

CoNCLUSIoN

Thisarticlestartedwithacriticalreviewofdigitalchargeestimatorsforpiezoelectricactuators.Based
onthisreview,adesignguidelinewassuggestedforsuchestimators:forgivenexcitationvoltageand
I/Ocard,therangeofthesensingvoltageshouldbeequaltothesmallestinputrangeoftheI/Ocard.
Then,itwasexperimentallyshownthatanestimatorwithafixedsensingresistorcannotsatisfythe
aforementionedguideline.However,allreporteddigitalchargeestimatorsofpiezoelectricactuators
useoneorafewintuitivelyselectedvaluesforsensingresistance.Consequently,theseestimators
witnessavertibleaccuracylossand/orvoltagedrop.Thisresearchfocusestoaddressthisissuewith
useofvariableresistance,determinedwithradialbasisfountainmodels,inchargeestimators.

Avarietyofmethodswereemployedtoestimatethesensingresistancesoastheestimatormeets
theguidelines:(i)approximateanalyticalmodelling,basedonthatassumptionthatapiezoelectric
actuatorbehaveslikeacapacitor,(ii)radialbasisfunctionnetwork(RBFN)modelling,amethodof
artificialintelligence,and(iiiandiv)interpolationandaveragingofexperimentally-foundsensing
resistancesaroundtheoperatingarea.RBFNprovidedmodelswithhighlyaccurateestimation.The
bestRBFNhasanabsolutemaximumtesterrorof3.65%andmeanofabsoluteerrorof1.66%.
Approximateanalyticalmodelalwaysoverestimatestheresistance;however,theanalyticalmodelneeds
noexperimentaldataandhasonly1parameters,whileRBFNmodelshave97and121parameters.
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