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Abstract

The nite elementmethodis widely usedfor solving various problemsin
geotechnicaéngineeringoractice Theinputparametersequiredfor thecal-
culationsaregenerallyimprecise.The paperis devotedto a comparisorof
probabilistic,stochasti@andfuzzy setmethodfor reliability analysiswith re-
spectto its applicability for practicalproblemsin geotechnicaéngineering.
Emphasiswill be given by comparingthe effects of modelling uncertainty
usingdifferentmethodswith specialreferenceo therole of spatialcorrela-
tion. After introducingsomebasicnotionsaboutthe approacheghis article
shavsthattheresultsobtainedwith thefuzzy setmethodfor asimplebearing
capacityproblemagreewith the outcomeddy a probabilisticanda stochas-
tic method Advantagesandshortcoming®f eitherapproactwith respecto
practicalapplicationswill bediscussed.
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1 Intr oduction

It is well known that materialparameter®f geomaterialsnay scatterwithin a
considerableange.Thus,a high degreeof uncertaintymay beintroducedin ary
type of analysisif materialparameteraretreatedasdeterministicvalues.There
is no agreemenaboutwhat methodshouldbe used,to accountfor theseuncer
taintiesespeciallyin practicalgeotechnicaproblemswhereusuallynot sufcient
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informationis availablefor arigorousstochasti@nalysis pecausesiteinvestiga-
tion andlaboratorytestingarerestricteddueto nancial undtime constraints.

It is still possibleto useprobabilisticmethodsin theseproblemsby making
suitableassumptionsn the statisticsof the uncertaintiesat leastto someextent,
by combiningdifferentsourceof informationvia Bayes'theorem However, the
numericalvaluesobtainedoy probabilisticanalysiqe.g.probabilityof failure)are
quite sensitve to changesn the input distribution parameterg¢[1, 13]), but play
animportantrule in comparatie andqualitative studieg14]. Onthe otherhand,
Fuzzysetmethodgrovide anappropriatenathematicaiodelwhich canbeused
for quantitatve assessment.

In the developedmethodologypoint estimatemethodgPEM) for probabilis-
tic analysesaandfuzzy setmethodfor possibilisticanalysegogethemwith a nite
elementmodelis used Emphasiswill be givento comparisorwith methodsem-
ploying astochastienodel which meanghattheparameteraredescribedy spa-
tial random elds (e.g.[7]). This stochasticapproactemploys the Monte-Carlo
methodandis usedin this paperasareference.

Both variability andspatialcorrelationlengthsof materialpropertiescanaf-
fectthereliability of geotechnicasystemsin this article, elasto-plasticnite el-
ementanalysishasbeencombinedwith theoriesmentionedabove to investigate
the in uence of materialvariability and spatialcorrelationlengthson the com-
putationof the bearingcapacityof a smoothrigid strip footing on a weightless
soil with shearstrengthparameterg andj underplanestrainconditions[14].
The soil stratumis compressedly incrementallydisplacingthe top surfaceverti-
cally downwards.Geometryand boundaryconditionsof the problemare shovn
in gure 1.
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In the simulations,the meancohesion(u:) and meanangleof friction (1 )
have beenheld constantat 100kN/m? and25 while the coefcient of variation,
(COV=s¢/|c), andthe spatialcorrelationlength, (Q), are varied systematically
For this investigation,it is assumedhat whenthe variability in the cohesionis
large, the variability in the friction anglewill alsobe large. The materialparam-
etersrequiredfor the modelusedare: Young's modulus(E), Poissors ratio (n),
dilatang/ angle(y ), cohesion(c), andfriction angle(j ). In the presentstudy E,
n andy areheld constant(at 100.000kN/m?, 0.3, and 0, respectiely) while ¢
andj arebasicvariableslt hasto be pointedout thatthe interactionandcross-
correlationbetweerthe shearstrengthparameterss neglectedin this study

The questionis how the variability of the shearstrengthparameters and
j affectsthe responsegiven by the dimensionles$earing capacityfactor, N¢,
and consequentlyhe reliability of the structure.The bearingcapacityfactoris
traditionally de ned by N¢ = g; / ¢ whereqs is the computedbearingcapacity
andc is the cohesiorof the soil. Thetheoreticabearingcapacityfactor, N, for a
spatiallyconstanfriction angleis givenby Sokolovski [19]:

c =

1 h ; j
—— PN 45+ 1
tan 2

2 Spatial variability of soil properties

In principle,the spatialvariationof a soil layercanbe characterizedh detail, but
only if alargenumberof testscanbeperformed.Thus,for geotechnicapurposes
a simpli cation is introducedin which spatialvariability is subdvided into two
parts,i.e. alineartrend,and a residualvariability (stochastiadescription)about
thattrend[15]. Figure2 depictsthe valueof thesoil property u, ata boringloca-
tion asafunctionof depth,z, wherep,(z) describeshetrendwhichis represented
by a depth-dependenneanvalue. The stochasticdescriptionof the soil prop-
erty, u(2), consistof the standarddeviation, s 4(2), andthe scaleof uctuation or
autocorrelatioength,Qy, of u(2).

The spatialcorrelationlength measureshe distancewithin which the prop-
erty shaws relatively strongcorrelationfrom point to point. The soil is modelled
asarandom eld ([21, 16]), which is a stochastigorocessde ned by threeco-
ordinatesn spaceThismeanghatthepropertiesof thesoil in aspeci ¢ pointare
describedcasa randomvariable.Ratherthana characterizatiomf soil properties
atevery point, dataareusedto estimatea smoothtrend,andremainingvariations
aredescribedstatisticallybecausef thelack of data.

2.1 Spatial averaging

The meanof large volumesremainsthe sameasthe meanof smallvolumes,but
the standardieviation of the averagepropertyfrom onelarge volumeto the next
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Soil property u(z)

Depth z

Figure?2: Spatialvariability of a soil layer

is smallerthan the standarddeviation of the averageproperty from one small
volumeto the next [21]. The extent of averagingof soil propertiesu(z), within
alarge volumedepend®n the structureof spatialvariation.More precisely the
extentof averagingdependenthestandardleviationof propertiess ,, from point
to point and on the autocorrelatiorfunction. Similarly, the standarddeviations
of the spatialaveragesup, anduy, ares,, andsy,, respectrely. Therefore the
largerthelengthDz or thevolumeV overwhichthepropertyis averagedthemore
variationsof u tendsto producea reductionin the processof spatialaveraging.
Thistendgto originateareductionin standardieviationasthesizeof theaveraged
lengthor volumeincreasesTheso-calledreductionfactorGy(V) is de ned asthe
dimensionlessatio betweers, andsy (Gu(V) =Sy, / Su).

The squareof the reductionfactor G2, will be called the variancefunction,
whereasfor the two-dimensionakaseit will take the form: G3(Dz) = Q, / Dz
for Dz Q. Thisrelationshipin factde nesthe scaleQ,, andprovidesa basis
for estimatingthis parametef u(z) ( gure 2). A usefulinterpretationof this
relationshipis that Qy is the elementarydistancethat can be usedto measure
Dz. Otherassumptiongor the determinatiorof this variancereductionfactorare
presentedh e.g.[10, 22).

3 Probabilistic approach

3.1 The point estimatemethod

An alternatve approacHor calculatingthe statisticalmomentsof the limit state
function,denotediy G(X), whereX is thecollectionof randominputvariablesjs
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the point estimatemethod(PEM). The methodis essentiallya weightedaverage
methodsimilar to numericalintegrationformulasinvolving samplingpointsand
weighting parametes. The methodseeksto replacea given continuousproba-
bility densityfunction,with adiscretefunctionhaving thesamerst threecentral
momentgmearvaluey, standardleviations andskewnesa). Thepointestimate
methodis ableto accountor upto threemoments.

Themostcommonpointestimatemethodwasdevelopedby Rosenbluetifil 7].
In additionto Rosenbluetts method,thereare mary other PEMs developedby
variousresearcherdncluding the methodsof Evans[6], Zhouand Nowak [24],
Harr[9] andof Li [11]. In the presenstudythepointestimatenethoddy Rosen-
blueth,Harr and Zhou and Nowak are usedto obtainthe statisticalmomentsof
thebearingcapacityfactorNc. A brief descriptionof themethodss givenbelow.

PEM by RosenbluethRosenbluetj17] developeda point estimatemethod
which concentratethe probabilitydensityof a continuougandomvariableX into
two estimatepoints.If G(X) is afunctionof n basicvariablesvhoseskewnessis
zero but which may be correlated,2" points are chosento include all possible
combinationsothatthevalueof eachvariableis onestandardieviation above or
below its meanvalue.

PEM by Harr: In particularthe point estimatemethodby Harr [9] extends
Rosenbluetts PEM. Harr proposedan alternatve methodwhich startsfrom the
correlationmatrix of the data. This matrix is a real symmetricmatrix of order
n, the numberof randomvariableswhich canbe diagonalizedoy an orthogonal
eigen/sctormatrix.Thecorrelationﬂatrix canberepresentetly ahyperspheref
radius’ n centerecatthecorrespondingxpectedvaluesof x, in thestandardized
coordinatesystem.The eigervectorstartsfrom the origin of expectedvaluesin
theirrespectiedirectionsandeacheigervectorintersectshesphereattwo points.
Thesepoints of intersectiongrovide the 2n point estimatesfor calculatingthe
statisticalmomentsof G(X).

PEMbyZhouandNowak In theapproactproposedy ZhouandNowak[24]
predetermineg@ointsin thestandarcdhormalspacereusedo computethestatisti-
cal parametersf afunctionof multiple randomvariablesx. Thesepointsmustbe
transformedn thetypically correlatecandnonstandardhormaldistributedspace.
Theintegrationof G(X) canbe achiezedusinga non-producformula.Zhouand
Nowak provide a setof numericalintegrationformulas.In this work the 2n%+1
formula(zZN 11l) is usedwhichleadsto 2n?+1 realizationsof G(X).

3.2 Stochasticmodelling of soil properties

The nite elementode[2] usedin theproposedpproacho calculatehebearing
capacityqs, requirethesoil pro le to bemodelledusinghomogeneoulayerswith
constansoil propertiesFor thisreasorsoil propertiehave to bede ned notonly
for a certainpoint in spacebut alsofor the entire domainwhich is usedin the
calculationprocessDue to the fact of spatial averagingof soil propertiesthe
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coefcient of variationis reducedsigni cantly asdescribedabove. In this study
thevariancereductionfactorGby Vanmarcle[22] is usedandcanbeobtainedby

GZ=Q1Q

Lo~ 4L

for Q/Ly, 2,whereQ istheautocorrelatiodengthandL, is thelengthof the
potentialfailuresurface.For iy =25 thelengthof thefailuresurfacel, yieldsa
valueof approximatelyl0.5m.

4 Stochasticapproach

The model of Fentonand Grif ths [7] combinesrandom eld theorywith an

elasto-plasticnite elementalgorithmin aMonte-Carloframevork (RFEM). The

spatiallyvarying and cross-correlatedandom elds aregeneratedisingthe so-

calledLocal AverageSubdvision (LAS) methodwhich producedocal arithmetic
averagesof the lognormally distributedrandom eld over eachelement.Thus,
eachelements assigned randomvalueof In ¢ (c is the soil cohesionyasalocal

average over the elementsize, of the continuouslyvaryingrandom eld having

point statistics.The elementvaluesthus correctlyre ect the variancereduction
dueto arithmeticaveragingovertheelementaswell asthecross-correlatiostruc-
turedictatedby spatialcorrelationength,Qy, ¢. Forthecorrelationstructureof the

underlyinggeneratedelds anexponentiallydecayingsotropiccorrelationfunc-

tion is assumeds (t) = exp(-2t / Qi) wheret is the absolutedistancebetween
ary two pointsin the eld. A typical deformed nite elementmeshat failureis

shavn in gure 3. Lighter regionsin the illustration indicate strongermaterial
anddarker regionsindicatewealer material, which have triggeredquiteirregular

failuremechanisms.

The soil cohesiong, is assumedo be lognormallydistributedwith meanil,

standarddeviation s, andspatialcorrelationlengthQ, ¢. For thefriction angle,
j , aboundedlistributionis selectedFor eachsetof statisticalpropertiegivenin
Table 1 accordingto [7], Monte-Carlosimulationshave beenperformed,which
involves 1000 repetitionsof the soil propertyrandom elds andthe subsequent
nite elementanalysisA differentvaluefor the bearingcapacity andafter nor-
malizationby the meancohesiony, a differentvalue for the bearingcapacity
factor Nj, is obtainedfor eachof the n Monte-Carlosimulationsby N¢i = gy /
He, 1 =1,2,...n. Thesevaluesarethenanalysedstatisticallyleadingto anexpected
valueE[N¢], andstandardieviation, S[N¢].
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Figure3: Typical deformednite elementmeshat failurefrom [7]

5 Fuzzysetapproach

Zadeh[23] usedthe theoryof fuzzy setsasa basisfor possibility to modelun-

certainties Although possibility distributions seemto be similar to probability

distributions, possibility calculus,which is usedto derive the membershigunc-

tion of the performanceof a systemfrom the membershigunctionsof the un-

certainvariables,is fundamentallydifferentthan probability calculus.The main

differencebetweernthe axiomsof possibility andprobability measuress thatthe

possibility of a union of events(disjoint or not) is equalto the maximumof the

possibilitiesof theindividual events whereashe probabilityof aunionof disjoint

eventsis equalto the sumof the probabilitiesof theseevents(seee.g.discussion
in [4]). Thereforefuzzy setapproachs analternatve to probability.

5.1 Fuzzynumbers

F(X) denoteghe collectionof fuzzy subsetof asetX. A fuzzy setA2 F(X) is
characterizethy (andcanbeidenti ed with) its membershigunctionma(x), O
ma(X) 1, describingthe degreeof possibilitythatthe variableA takesthevalue
x of X. Thefuzzy sets[A]2 =x2 X : ma(X) a aretheso-calleda-level setsof
A i.e.thevariableA uctuatesin therange[A]2 with possibilitydegreea. Given
afunctionf: X! Y, theextensionprinciplesby Zadeh[23] allowsto extendit to
afunctionf:F(X) ! F(Y) by m¢a(y) = suf ma(x);x2 f (y)o.

A2 F RY is calledafuzzy vector if eachof its a-level setsis corvex and
compact0 < a < 1), and[A]! containsexactly onepoint. In thecaseofd = 1, A
is referredto asafuzzy numberlf f: R9! R is continuousandA afuzzy vector
thefunctionvaluef (A) is a fuzzy number whoselevel setsare computedby set
theoreticevaluation:[f (A)]2 = f([A]?).
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5.2 Fuzzi cation Method

Dubois and Prade[5] have proposedmethods,which are basedon judgement
and/oron statisticaldatabut thereis no commonlyacceptedorocedurefor es-
timating the possibility distribution of a variable.To compareprobabilisticand
fuzzy set-basednethodswe rst constructa fuzzy setof an uncertainvariable
onthebasisof agivenprobabilitydistribution by meansof theleastconservative
principle [12]. In this way, we ensurethatboth modelsare constructedisingthe
samedata.In this paper the principle is appliedto constructa fuzzy seton the
basisof a givenlognormalprobability distribution in sucha way that the range
betweerthe 5% andthe 95%-fractilerepresentshe support(the upperandlower
boundvaluecorrespondso a = 0) of thetriangularfuzzy numbermwherethe ulti-
matevalue thecore, respectiely is atthemodalvalue,whichis themostfrequent
value( gure 4 and 5). Sincethe datais basedn thelognormaldistributionsac-
cordingto section3.3,it hasto be pointedout thatautocorrelations considered
already

1.0
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Degree of possibility m(c)
Degree of possibility m(c)

Figure4: Fuzzyinput parametec, for a) COV of 0.2andb) COV of 0.5

5.3 Fuzzy nite elementanalysis

Whenthe input variablesare de ned asfuzzy numbersthe computationof the
fuzzy responsejuantity hasto be performed.This is achievzed by constructing
a possibility distribution for the responsequantity which is basedon the exten-
sion principle mentionedabore. The principle relatesthe possibility distribution
of fuzzy input variablego the possibility distribution of the fuzzy responséunc-
tion, whereaghea-level concepis usedto numericallyimplementthe extension
principle.In thisapproachthefuzzy functionis a nite elemenimodelthattrans-
formsinput fuzzy datato a desiredfuzzy outputquantity By replacingthe fuzzy
numberdn the solutionmodelwith intervals,thefuzzy computatiorreducego a
seriesof interval analyseswherethe minimumandthe maximumof the2" values
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Figure5: Fuzzyinputparameteyj , for a) COV of 0.2andb) COV of 0.5

de ne theresultingintenval (n is the numberof fuzzy input variables) Repeating
this procesdor all selectedh-levels,a setof resultingintervals correspondingo

the selecteda-levelsis obtainedandde ne the nal output,the responsenem-
bershipfunction of the dimensionles®earingcapacityfactor N¢ ( gure 6). The
higherthenumberof a-levelsunderconsiderationthegreateitheaccuray of the

possibility distribution of the responseThe total numberof nite elementruns
thatis involvedis N 2", whereN is the numberof a-levels.
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Figure6: Possibilitydistribution of thebearingcapacityfactor N¢, for a) COV of
0.2andb) COV of 0.5

5.4 Defuzzi cation Method

For defuzzi cation a methodbasedon weightedpossibilisticmeanandvariance
of fuzzy numbersis usedin this paper Carlssonand Fuller [3] suggestedhe
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notationsof weightedpossibilisticmeanvalue and varianceof fuzzy numbers,
which areconsistentvith the extensionprinciple. Furthermorethey shovedthat
theweightedvarianceof linearcombinationof fuzzy numberscanbe computed
in asimilar mannerasin probabilitytheory:

i § 2%
i=1

with x5, = 1/2 (%5, + Xy, ), WwhereE[X'] representshe level-weightedr'" mo-
mentof all a-level sets.a; denoteshe a-level, N the numberof a-levels con-
sideredandx;, thearithmeticmeansof all a-level sets thatis, the weightof the
arithmeticmeanof x;. andxa;,, is justa.

6 Resultsand discussion

Figure7 depictsthein uence of Q andCOV on the samplecoefcient of vari-
ation of the estimatedbearingcapacityfactor COVn, = sn./E[N¢] computedby
therandom eld model(RFEM) andby usingthe probabilisticandthe fuzzy set
approach.
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Figure7: Coefcient of variationof N¢, a) Q=0.5andb) Q=4.0

To have an assessmerdn the performanceof all the approacheghe results
from the fuzzy solutionarealsoincludedin thoseplots. The gure showvs how
the bearingcapacityfactorvarieswith soil variability, andthe spatialcorrelation
length. The plots indicatethat COVy, is positively correlatedwith both COV
andQ, i.e. the variability in E[N¢] increaseswith the variability in the soil (the
higherthe spatialcorrelationlengththe highertheincrease)Theresultscompare
well with the COVy,, by therandom eld method,which represents more so-
phisticatedmethod.The PEM methodsaswell asthe fuzzy setmethodcapture
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the overall behaiour of the analysedratio andis fairly accuratefor moderate
magnitude®f thevariability in the soil, i.e. COV<0.5.

DuboisandPrade[5] have shovn thata possibility distribution (fuzzy setA)
constructedstarting from few statisticaldatamay be usedto represent wide
classof probability distributions (compatiblewith the availableinformation)and
to consistentlyde ne upperandlower probability distributions,F_(xX) andFy (X).
Theseboundsmaybe rewrittenin termsof the membershigunctionof thefuzzy
setAasF (X) = suf ma(X);x  wg andFy(X) = inff 1-ma(X);x > wg, wherew
describeghe valuex with the degreeof possibility, ma(x)=1[8].
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Figure8: Cumulatve distributionfunctionsof E[N¢] assumedéslognormallydis-
tributedandmembershigunctionof N, for a) COV of 0.2andb) COV of 0.5

Figure 8 shavs the possibility and probability of the bearingcapacityfactor
Nc. It canbe seenthatthe possibility is alwaysgreaterthanthe probability. Also
notethat, for this case,the possibilityis 1.0 whenthe probability is 0.5. These
resultsarein line with otherstudiesg.g.Smithetal. [18] shavedthatif thefuzzy
membershigunction for a randomvariableis basedon the meanand standard
deviation of a probabilisticrandomvariable the possibility of failureis onewhen
theprobability of failureis fty-percent. Thereforefuzzy settheorymaybeused
to obtainconsenrative boundsfor probability[13].

Froma practicalpoint of view, it would be of interestto estimatethe proba-
bility of designfailure[7], de ned hereasoccurringwhenthe computecbearing
capacityfactor, N, is lessthanthe deterministicvalue basedon the meanangle
of friction dividedby afactorof safetyF, i.e.20.7F (themeanangleof friction j
= = 25degreesthenthedeterministiovalueof N¢ yieldsapproximately20.7).

With theobtainednearnvalueandstandardieviation of theperformancéunc-
tion basedbnthePEMassumingalognormaldistributiontheprobabilityof design
failure (P[Nc< 20.7F]) canbeevaluated For the casewhereQ=4.0 gure 9 com-
paregheprobabilityof desigrfailurefor two differentfactorsof safetyF obtained
by probabilisticmethodsandrandom eld method[14]. Theresultsindicatethat
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the higherthe variability (COV) the higherthe probability of designfailure and
shav thatthe proposednethodpredictsthe basicbehaiour of relatively simple
functionsof randomvariables put the accurag is signi cantly reducedor large
coefcients of variationof theinput variables.

0=40 0 =40

0.50

(a) — — - Hamr (b)

0.25 4 0.25 — -

P[N,<20.7/2]
1
PN, <20.7/4]

Figure9: Probabilisticandstochasti@pproactwith Q=4.0:In uence of factorof
safetyfor a) F=2 andb) F=4

In orderto determinea possibility of designfailurethe membershigunctions
for theresponsdearingcapacityfactor N, arecomparedvith the allowablere-
sponses,e. 20.7F asalreadymentionedFigurel0illustrateshow the possibility
of designfailure variesasa function of COVy, andtheratio of the tamgetvalue
20.7F. The fuzzy setmethodalso captureghe basicbhehaiour in termsof the
possibility of designfailure for the given problem.The outcomesshaw thatthe
higherthe variability (COV) the higherthe possibility of designfailure. Similar
obsenationscanbe madeaboutthe relationsbetweerpossibility andprobability
asdescribedoy gure 8, i.e. thatthe possibility of failureis onewhenthe prob-
ability of failureis fty-percent. However, Stroudet al. [20] reportedthat even
thoughthe possibility of failurewasalwaysgreaterthanthe probability of failure
for a particularproblemwith two failure modes the assumptiorthat possibilis-
tic designis conserative is not a valid assumptiorwhenthereare mary failure
modes.

7 Concluding remarks

Thegenerabbjective of this paperis to studythe differencedetweerprobabilis-
tic, stochasti@andfuzzy setmethoddor modellinguncertaintiesvith respecto a
simplepracticalproblemfor geotechnicaéngineeringlt is arguedthattheuncer
taintiesassociatedvith materialand modelparametersire coveredin arational
way in theprobabilisticandfuzzy setapproachThetrueprobability distributions
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Figurel10: Fuzzysetapproachln uence of factorof safetyfor a) F=2 andb) F=4

of the uncertainsoil parameters¢ (cohesion)and,j (friction angle),areused
asthe scaleto comparethe probabilisticandfuzzy setbasedmethodsGenerally
speakinghe outcomeof point estimatenethodsandthefuzzy setmethodagreed
reasonablyvell with theresultsobtainedby therandom eld method.An advan-
tageof thefuzzy setapproachfrom apracticalpoint of view, is thedetermination
of an upperandlower boundto the probability in an ef cient way. The results
arein line with otherstudiesgvenfor membershigunctionsassimpleasthetri-
angularfunctionsemployed here.For the given systemandthe given dataabout
uncertaintiesprobabilisticandstochasti@nalysisyieldsthe probability of failure
andfuzzy setanalysisyieldsthe possibility of failure,which alsovarieshetween
zero and one. However, the two measuresre not directly comparableput the
resultsconsideredvereintendedto be of easycomprehensiomndto allow the
establishmenof a comparisoranda correspondenceetweerthe methods.

It is acknavledgedthatthe comparisonpresentedrenot rigorousin amath-
ematicakensaandtheauthorsareawareof thediscussioronwhethertheassump-
tionsmadein thesemethodsallow a comparisoratall. However, from apractical
point of view this type of uncertaintycanbe acceptedbecauset is a signi cant
stepforwardto be ableto accountfor uncertaintiesn materialparametersising
highlevel numericaimethodsandkeepingthe computationaéffort acceptableln
practicetherewill alwaysbe atradeoff betweenmathematicatigour andprac-
tical bene tsachievable,which is truein particularin geotechnicaéngineering.
Thework presentedhereshouldbe seenasa steptowardsa morerealisticmod-
elling in geotechnicakngineeringoy demonstratinghe applicability of various
approachesnd should not be seenas a recommendatiorior one or the other
method at leastnot atthe presenstageof developments.
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