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FWT ScilabFunction

0.1 AtanH Ar ctangentvariation

Author: PauloGoncalves

Generatesanarc-tangenttrajectory

USAGE :

Ht=AtanH(N,h1,h2,shape);

INPUT PARAMETERS :

o N : Positive integerSamplesizeof thetrajectory
o h1 : RealscalarFirst valueof thearc-tangenttrajectory
o h2 : RealscalarLastvalueof thearc-tangenttrajectory
o shape: real in [0,1] smoothnessof thetrajectoryshape= 0 : constantpiecewise(stepfunction)shape

= 1 : linear

OUTPUT PARAMETERS :

o Ht : realvector[1,N] Timesamplesof thearc-tangenttrajectory

SEE ALSO: :

EXAMPLE: :

Ht = AtanH(1024,0,1,0.9) ;

0.2 FWT 1D Forward DiscreteWaveletTransform

USAGE :
[wt,index,length]=FWT(Input,NbIter,f1,[f2])

INPUT PARAMETERS :

o Input : realmatrix [1,n] or [n,1] Containsthesignalto bedecomposed.
o NbIter : realpositivescalarNumberof decompositionLevelsto compute
o f1 : Analysisfilter
o f2 : realunidimensionalmatrix [m,n] Synthesisfilter. Usefulonly for biorthogonaltransforms.If not

precised,thefilter f1 is usedfor thesynthesis.

OUTPUT PARAMETERS :

o wt : realmatrix Wavelettransform.Containsthewaveletcoefficientsplusotherinformations.
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FWT2D ScilabFunction

o index : real matrix [1,NbIter+1] Containsthe indexes(in wt) of the projectionof the signalon the
multiresolutionsubspaces

o length: realmatrix [1,NbIter+1]Containsthedimensionof eachprojection

DESCRIPTION :

This routine computesdiscretewavelet transformsof a 1D real signal. Two transformsare possible:
OrthogonalandBiorthogonal

INTR ODUCTION :

Thediscretewavelet transformof Input is a projectionon multiresolutionSpaces.Thenumberof scales
NbIter tells how many convolutionsarecomputed.Eachconvolution is followed by a downsamplingof
the output. For example,if the original signal size is 500, the resultingsize of the projectionafter the
first iteration is 250. Eachiterationconsiststhen in two convolution/downsamplingsteps. One is high-
pass(H) and the other one is low-pass(L). Exceptfor the last iteration, the low-passoutput is usedas
the input of the next iteration. Thus,only the high-passis storedin wt exceptat the last iterationwhere
both the outputsare stored. This explains why the wti array dimensionis equalto NbIter+1. The last
index index(NbIter+1)is the index of firts elementof thelast low-passprojection.Two typesof filters are
available: QuadratureMirror Filters (Orthogonal)or ConjugateQuadratureFilters (Biorthogonal).Each
oneallowsperfectreconstructionof thesignalbut only CQFpairscanbesymetric.Theadvantageof QMF
is thatsynthesisandreconstructionfilters arethesame.

PARAMETERS :

Inputmustbearealunidimensionalmatrix. NbIter is thenumberof scalescomputed.It mustbeapositive
integergreaterthanoneandshouldbesmallerthanlog2(max(size(Input)))but this is not necessary. f1 is
thelinearFIR filter usedfor theanalysisandmight beobtainedwith MakeQMF()or MakeCQF()f2 is the
linearFIR filter to usefor thereconstruction.It is only necessaryif f1 hasbeenobtainedwith MakeCQF().
wt is the wavelet decompositionstructure. The next two parametresmust be usedto readthe wavelet
coefficients.index containstheindexesof thefirst coefficientof eachoutput.lengthcontainsthedimension
of eachoutput.

ALGORITHM DETAILS :

Convolutionsarecomputedthroughdiscretelinearconvolutionsin timedomain.No FFT is used.Thesig-
nal is mirroredat its boundaries.Thewaveletstructurecontainsall theinformationsfor thereconstruction:
wt(1) : sizeof the original signalwt(2) : Numberof iterationswt(3) : Numberof causalcoefficientsof
thesynthesisfilter wt(4) : Numberof anticausalcoefficientsof thesynthesisfilter thentheSynthesisfilter
coefficientsandfinaly thewaveletcoefficientarestored.

EXAMPLES :

a=rand(1,250);
q=MakeQMF(’daubechies’,4);
[wt,wti,wtl] = FWT(a,6,q);
M=WTMultires(wt);
plot(M(2,:));
//Then to suppress the Lowest Frequency component and then reconstruction:
for i=1:wtl(6),wt(wti(6)+i-1)=0;end;
result=IWT(wt);

REFERENCES:

Meyer Y. : Wavelets,Algorithms & Applications,SIAM. Meyer Y. : Ondeletteset Operateurs(I) : Her-
mann,ParisDaubechiesI. : TenLectureson Wavelets,CBMS-NSFRegionalconferenceseriesin applied
mathematics.

AUTHOR : Author: BertrandGuiheneuf

SEE ALSO :

IWT, MakeQMF, MakeCQF, WTStruct,WTNbScales,WTMultires
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FWT2D ScilabFunction

0.3 FWT2D 2D Forward DisreteWaveletTransform

Author: BertrandGuiheneuf

This routinecomputesdiscretewavelet transformsof a 2D real signal. Two transformsarepossible:
OrthogonalandBiorthogonal

USAGE :
[wt,index,length]=FWT2D(Input,NbIter,f1,[f2])

INPUT PARAMETERS :

o Input : realmatrix [m,n] Containsthesignalto bedecomposed.
o NbIter : realpositivescalarNumberof decompositionLevels
o f1 : Analysisfilter
o f2 : realunidimensionalmatrix [m,n] Synthesisfilter

OUTPUT PARAMETERS :

o wt : realmatrix Wavelettransform.Containsall thedatasof thedecomposition.
o index : real matrix [NbIter,4] Containsthe indexes(in wt) of theprojectionof the signalon themul-

tiresolutionsubspaces
o length: realmatrix [NbIter,2] Containsthedimensionsof eachprojection

DESCRIPTION :

INTR ODUCTION :
The2D discretewavelet transformof Input is a projectionon 2D multiresolutionSpaces.Thenumberof

scalesNbIter tellshow many convolutionsarecomputed.Eachconvolutionis followedby adownsampling
of thesignalin bothdirection.For example,if theoriginal matrix is (256,512),a resultingprojectionafter
thefirst iterationis (128,256).In 2D, thereare4 projectionsfor eachiterationcorrespondingto 2 projections
in therow directionsand2 in thecolumndirection.In eachdirection,the2 projectionsareobtainedthrough
the convolutions with a low-passfilter and its associatedhigh-passfilter. The projectionsare then HL
HH LH LL wherethe first letter representsthe filter usedfor the row filtering and the secondletter is
the filter usedfor columnfiltering. H is High-Passfilter andL Low-passfilter. Exceptfor the last level
wherethefour convolutionsarekept,theLL outputis alwaysusedasthe input of the following iteration.
Two typesof filters areavailable: QuadratureMirror Filters(Orthogonal)or ConjugateQuadratureFilters
(Biorthogonal).Eachoneallows perfectreconstructionof thesignalbut only CQFpairscanbesymetric.
Theadvantageof QMF is thatsynthesisandreconstructionfilters arethesame.

PARAMETERS :
Input mustbea realmatrix. All dimensionsareallowedbut for a 1D vector, FWT is bestsuited.NbIter is
thenumberof scalescomputed.It mustbea positive integergreaterthanoneandshouldbesmallerthen
log2(max(size(Input)))but this is notnecessary. f1 is thelinearFIR filter usedfor theanalysisandmightbe
obtainedwith MakeQMF()or MakeCQF()f2 is thelinearFIR filter to usefor thereconstruction.It is only
necessaryif f1 hasbeenobtainedwith MakeCQF().wt is thewaveletdecompositionstructure.Thenext two
parametresmustbeusedto readthewaveletcoefficients. index containstheindexesof thefirst coefficient
of eachoutput. At eachscaleScale,the output indexesare: index(Scale,1): HL index(Scale,2): LH
index(Scale,3): HH index(Scale,4): LL on the lastscaleand0 otherwiselengthcontainsthedimensions
(height,width) of eachoutputat a givenIteration.

ALGORITHM DETAILS :
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GeneWei ScilabFunction

Convolutionsarecomputedthroughdiscretelinear convolutionsin time domain. No FFT is used. The
signalis mirroredat its boundaries.Thewaveletstructure(wt) is avectorandNOT a2D matrix. It contains
all theinformatiosnfor thereconstruction:wt(1) : heightof theoriginal signalwt(2) : width of theoriginal
signalwt(3) : Numberof iterationswt(4) : Numberof causalcoefficientsof the synthesisfilter wt(5) :
Numberof anticausalcoefficientsof thesynthesisfilter thentheSynthesisfilter coefficientsandfinaly the
waveletcoefficientarestored.

EXAMPLES :

a=rand(256,256);
q=MakeQMF(’daubechies’,4);
[wt,wti,wtl] = FWT2D(a,3,q);
V=WT2Dext(wt,1,2);
viewmat(V);
//Then to suppress the Lowest Frequency component and then reconstruction:
index=0;
for i=1:wtl(3,1),

for j=1:wtl(3,2),wt(wti(3,4)+index)=0;end
end;
result=IWT2D(wt);

REFERENCES:
Meyer Y. : Wavelets,Algorithms & Applications,SIAM. Meyer Y. : Ondeletteset Operateurs(I) : Her-

mann,ParisDaubechiesI. : TenLectureson Wavelets,CBMS-NSFRegionalconferenceseriesin applied
mathematics.

SEE ALSO :
IWT2D, MakeQMF, MakeCQF, WT2Dext, WT2DVisu,WT2DStruct

0.4 GeneWei GeneralizedWeierstrassfunction

Author: PauloGoncalves

GeneratesaGeneralizedWeierstrassfunction

USAGE :

[x,Ht]=GeneWei(N,ht,lambda,tmax,randf lag)

INPUT PARAMETERS :

o N : Positive integerSamplesizeof thesynthesizedsignal
o ht : Real vectoror characterstring ht : real vectorof size [1,N]: eachelementprescribesthe local

Holderregularityof thefunction.All elementsof ht mustbein theinterval [0,1]. ht : characterstring
: containstheanalyticexpressionof theHoldertrajectory(e.g.’0.5*sin(16*t) + 0.5’)

o lambda: positive realGeometricprogressionof theWeierstrassfunction.Default valueis lambda= 2.
o tmax: positiverealTimesupportof theWeierstrassfunction.Default valueis tmax= 1.
o randflag: flag 0/1 flag = 0 : deterministicWeierstrassfunctionflag = 1 : randomWeierstrassprocess

Default valueis randflag= 0
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IWT ScilabFunction

OUTPUT PARAMETERS :

o x : realvector[1,N] Timesamplesof theWeierstrassfunction
o Fj : realvector[1,N] Holdertrajectoryof theWeierstrassfunction

SEE ALSO: :

EXAMPLE :

[x,Ht] = GeneWei(1024,’abs(sin(16*t))’,2,1, 0) ;

0.5 IWT 1D InverseDiscreteWaveletTransform

Author: BertrandGuiheneuf

This routinecomputesinversediscretewavelet transformsof a realsignal.Two inversetransformsare
possible: OrthogonalandBiorthogonal

USAGE :
[result]=IWT2D(wt,[f])

INPUT PARAMETERS :

o wt : realunidimensionalmatrix [m,n] Containsthewavelettransform(obtainedwith FWT).
o f : realunidimensionalmatrix [m,n] Synthesisfilter.

OUTPUT PARAMETERS :

o result: realunidimensionalmatrix Resultof thereconstruction.

DESCRIPTION :

INTR ODUCTION :
Thewavelet transformis aninvertiblelinear transform.This routinesis theinversetransform.For details
on thealgorithmprocedure,seeFWT.
PARAMETERS :
Input must be a real matrix. It’s generallyobtainedwith FWT but can be created”by hand”. In that

case,it’s stronglyrecommendedto decomposea null signalwith FWT. f is the linearFIR filter to usefor
the reconstruction.It is only necessaryif the analysisfilter hadbeenobtainedwith MakeCQF()andthe
reconstructionfilter hadnot beenpassedto FWT. If not specifiedthe filter given in the synthesisis used.
(SeeFWT). resultis thereconstructedsignal.It hasthesamedimensionastheoriginalone.
ALGORITHM DETAILS :
Convolutionsarecomputedthroughdiscretelinear convolutionsin time domain. No FFT is used. The

signalis mirroredat its boundaries.
EXAMPLE :

a=rand(1,256);
q=MakeQMF(’daubechies’,4);
wt,wti,wtl = FWT(a,8,q);
wt=abs(wt);
result=IWT(wt);
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IWT2D ScilabFunction

REFERENCES:
Meyer Y. : Wavelets,Algorithms & Applications,SIAM. Meyer Y. : Ondeletteset Operateurs(I) : Her-

mann,ParisDaubechiesI. : TenLectureson Wavelets,CBMS-NSFRegionalconferenceseriesin applied
mathematics.

SEE ALSO :
FWT, MakeQMF, MakeCQF, WTMultires,WTStruct

0.6 IWT2D 2D InverseDisreteWaveletTransform

Author: BertrandGuiheneuf

This routinecomputesinversediscretewavelet transformsof a 2D realsignal.Two inversetransforms
arepossible: OrthogonalandBiorthogonal

USAGE :
[result]=IWT2D(wt,[f])

INPUT PARAMETERS :

o wt : realunidimensionalmatrix [m,n] Containsthewavelettransform(obtainedwith FWT2D).
o f : realunidimensionalmatrix [m,n] Synthesisfilter.

OUTPUT PARAMETERS :

o result: realmatrixResultof thereconstruction.

DESCRIPTION :

INTR ODUCTION :
Thewavelet transformis aninvertiblelinear transform.This routinesis theinversetransform.For details
on thealgorithmprocedure,seeFWT2D.

PARAMETERS :
Input mustbe a real matrix. It’s generallyobtainedwith FWT2D but canbe created”by hand”. In that

case,it’s stronglyrecommendedto decomposea null signalwith FWT2D. f is the linearFIR filter to use
for thereconstruction.It is only necessaryif theanalysisfilter hadbeenobtainedwith MakeCQF()andthe
reconstructionfilter hadnotbeenpassedto FWT2D.If notspecifiedthefilter givenin thesynthesisis used.
(SeeFWT2D). resultis thereconstructedsignal.It hasthesamedimensionsastheoriginal one.

ALGORITHM DETAILS :
Convolutionsarecomputedthroughdiscretelinear convolutionsin time domain. No FFT is used. The

signalis mirroredat its boundaries.

EXAMPLE :

a=rand(256,256);
q=MakeQMF(’daubechies’,4);
wt,wti,wtl = FWT2D(a,8,q);
wt=abs(wt);
result=IWT2D(wt);
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McCulloch ScilabFunction

REFERENCES:
Meyer Y. : Wavelets,Algorithms & Applications,SIAM. Meyer Y. : Ondeletteset Operateurs(I) : Her-

mann,ParisDaubechiesI. : TenLectureson Wavelets,CBMS-NSFRegionalconferenceseriesin applied
mathematics.

SEE ALSO :
FWT2D,MakeQMF, MakeCQF, WT2Dext, WT2DVisu

0.7 Koutrouvelis StableLaw parametersestimation (Koutrouvelis
method)

Author: Lotfi Belkacem

This routineestimatesparametersof astablelaw usingtheKoutrouvelis(1985)method.

USAGE :
[alpha,beta,mu,gamma]=Koutrouvelis(data)

INPUT PARAMETERS :

o proc: realvector[size,1]correspondingto thedatasample.

OUTPUT PARAMETERS :

o alpha: real positive scalarbetween0 and2. This parameteris often referredto asthe characteristic
exponent.

o beta: realscalarbetween-1 and+1. Thisparameteris oftenreferredto astheskewnessparameter.
o mu : realscalarThisparameteris oftenreferredto asthelocationparameter. It is equalto theexpecta-

tion whenalphais greaterthan1.
o gamma: realpositive scalar. This parameteris oftenreferredto asthescaleparameter. It is equalto

thestandarddeviationover two squaredwhenalphaequal2.

EXAMPLE :

[proc1,inc1]=sim_stable(1,0,0,1,10000 );
//generates a standard 1-stable motion (Cauchy process).
[alpha,beta,mu,gamma]=Koutrouvelis(in c1);
//estimates parameters of the previous simutated 1-stable random
//variable inc1.

REMARQ UE :
Skewnessandlocationparametersarebadlyestimatedwith this methode.

0.8 McCulloch Stablelaw parametersestimation (McCulloch
method)
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WT2DStruct ScilabFunction

Author: Lotfi Belkacem

This routineestimatesparametersof astablelaw usingtheMc-Culloch(1985)method.

USAGE :
[param,sdparam]=McCulloch(data)

INPUT PARAMETERS :

o data: realvector[size,1]correspondingto thedatasample.

OUTPUT PARAMETERS :

o param: realvector[4,1] correspondingto thefour estimatedparametersof thefitedstablelaw. theorder
is respectively alpha(characteristicexponent),beta(skewnessparameter),mu (locationparameter),
gamma(scaleparameter)

o sd param: realvector[4,1] correspondingto estimatedstandarddeviationof thefour previousparam-
eters.

EXAMPLE :

//generates a standard 1.5-stable motion.
[proc1.5,inc1.5]=sim_stable(1.5,0,0,1 ,10000 );
//estimates parameters of the previous simutated 1.5-stable
//random variable inc1.5 To visualize the estimates parameters
//or their sd-deviations use respectively param or sd_param.
[param,sd_param]=McCulloch(inc1.5);

alpha=param(1), beta=param(2), mu=param(3), gamma=param(4).
sd_alpha=sd_param(1), sd_alphabeta=sd_param(2),
sd_alphamu=sd_param(3), sd_gamma=sd_param(4).

REMARQ UE :
Skewnessparameterandits sd-deviation estimationsarenot very accurate.Speciallywhenthecharacter-
istic exponentis arround2.

0.9 WT2DStruct Retrieve the Structure of a 2D DWT

Author: BertrandGuiheneuf

This routineretrieve thestructureinformationscontainedin a2D WaveletTransform.

USAGE :
[ScIndex, ScLength]=WT2DStruct(wt)

INPUT PARAMETERS :

o wt : realunidimensionalmatrix [m,n] Containsthewavelettransform(obtainedwith FWT2D).
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WT2DVisu ScilabFunction

OUTPUT PARAMETERS :

o index : real matrix [NbIter,4] Containsthe indexes(in wt) of theprojectionof the signalon themul-
tiresolutionsubspaces

o length: realmatrix [NbIter,2] Containsthedimensionsof eachprojection

DESCRIPTION :

INTR ODUCTION :
This routine is usedto retreive the structureinformationof a wavelet transform. It mustbe usedin all

routinethatmight work on a wavelettransformwhosestructureis not passedasanimput parameter. (That
shouldbethecaseof all routinestakingaWaveletTransformasinputparameterto minimizetheinput).see
FWT2D.

PARAMETERS :
Inputmustbea realmatrix. It’sgenerallyobtainedwith FWT2D.It containsthewavelettransform.index
containsthe indexesof the first coefficient of eachoutput. At eachscaleScale,the output indexesare:
index(Scale,1): HL index(Scale,2): LH index(Scale,3): HH index(Scale,4): LL on the last scaleand0
otherwiselengthcontainsthedimensions(height,width) of eachoutputat agivenIteration.

EXAMPLE :

a=rand(256,256);
q=MakeQMF(’daubechies’,4);
wt = FWT2D(a,8,q);//(a few days pass...)
[wti, wtl]=WT2DStruct(wt);
wtl

SEE ALSO :
FWT2D,IWT2D, WT2Dext, WT2DVisu

0.10 WT2DVisu Visualisea 2D Multir esolution

Author: BertrandGuiheneuf

This routineconstructsamatrix thatshowsall thewaveletcoefficientsof a2D matrix.

USAGE :
[V]=WT2DVisu(wt)

INPUT PARAMETER :

o wt : realunidimensionalmatrix [m,n] Containsthewavelettransform(obtainedwith FWT2D).

OUTPUT PARAMETER :

o V : realmatrix [m,n] Containsamatrix to bevisualizeddirectly
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WT2Dext ScilabFunction

DESCRIPTION :

INTR ODUCTION :
This routineis usedto displayall thescalesandall thefrequency componentsof a wavelettransform.

PARAMETERS :
wt mustbea realmatrix. It’sgenerallyobtainedwith FWT2D.V thewaveletcoefficents.

EXAMPLE :

a=rand(256,256);
q=MakeQMF(’daubechies’,4);
wt = FWT2D(a,8,q);
V=WT2DVisu(wt);
viewmat(V);

SEE ALSO :
FWT2D,IWT2D, WT2Dext,

0.11 WT2Dext Extract a Projection fr om a 2D WT

Author: BertrandGuiheneuf

This routineextractsa projectionfrom thewavelettransformof a 2D matrix.

USAGE :
[V]=WT2Dext(wt, Scale,Num)

INPUT PARAMETER :

o wt : realunidimensionalmatrix [m,n] Containsthewavelettransform(obtainedwith FWT2D).
o w Scale: realscalarContainsthescalelevel of theprojectionto extract.
o w Num : realscalarContainsthenumberof theoutputto extractin level Scale(between1 and4)

OUTPUT PARAMETER :

o V : realmatrix [m,n] Containsthematrix to bevisualizeddirectly

DESCRIPTION :

INTR ODUCTION :
At eachscale,a wavelettransformcontains4 outputs(HL, HH, LH andHH at thelastscale).This routine
is usedto extracta particularcomponentat a desiredscale.

PARAMETERS :
wt must be a real matrix. It’s generallyobtainedwith FWT2D. It containsthe wavelet transformco-

efficients. Num is 1,2,3,or 4 (at the last scale). Eachnumbercorespondsto a particular2D frequency
component.

o 1 : HL High frequency in row direction,Low in columndirection.
o 2 : HH High frequency in row direction,High in columndirection.
o 3 : LH Low frequency in row direction,High in columndirection.
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WTStruct ScilabFunction

o 4 : LL Low frequency in row direction,Low in columndirection.Only for thelastscale(equals0 for
theotherscales).

V thewaveletcoefficentsat scaleScalewith fequency componentgivenby Num

EXAMPLE :

a=rand(256,256);
q=MakeQMF(’daubechies’,4);
wt = FWT2D(a,8,q);
V=WT2Dext(wt,2,2);
viewmat(V);

SEE ALSO :
FWT2D,IWT2D, WT2DVisu,

0.12 WTMultir es Construct a 1D Multir esolutionRepresentation

Author: BertrandGuiheneuf

This routineconstructsa matrix that shows the projectionsof the signalon eachmultiresolutionsub-
space

USAGE :
[V]=WTMultires(wt)

INPUT PARAMETER :

o wt : realunidimensionalmatrix Containsthewavelettransform(obtainedwith FWT).

OUTPUT PARAMETER :

o V : realmatrix [Nbiter,n] Containstheprojectionson theMultiresolution.Eachline is a projectionon
a subspacedifferent”low-pass”spaceVj

DESCRIPTION :

INTR ODUCTION :
This routineis usedto displayall thescalesof a wavelettransform.Theprojectionsaredifferentfrom the
waveletcoefficientsasthey represent”filtered” signals.Hereeachprojection
PARAMETERS :
wt mustbearealmatrixcontainingthewaveletcoefficientsbut alsomiscinformationssuchastheoriginal
signaldimensionandthereconstructionfilter. It’s generallyobtainedwith FW. V Is thematrix containing
theprojectionof thesignal(decomposedin wt) oneachMultiresolutionsubspace.TheNbiterfirst onesare
theprojectionson thedetailssubspaces.Thelastoneis theprojectionon thelasttrendsubspace.
EXAMPLE :

x=0.1:0.005:1;
s=(x.ˆ0.7) .* sin( x.ˆ(-2)) ;
q1 q2=MakeCQF(1);
wt = FWT(s,3,q1,q2);
V=WTMultires(wt);
plot(V’);
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alphagifs ScilabFunction

SEE ALSO :

FWT, IWT, WTStruct,

0.13 WTStruct Retrieve a 1D DiscreteWaveletStructure.

Author: BertrandGuiheneuf

This routineretrievesthestructureinformationscontainedin a 1D WaveletTransform.

USAGE :

[ScIndex, ScLength]=WT2DStruct(wt)

INPUT PARAMETERS :

o wt : realunidimensionalmatrix [1,n] Containsthewavelettransform(obtainedwith FWT).

OUTPUT PARAMETERS :

o index : realmatrix [1,NbIter] Containsthe indexes(in wt) of theprojectionof thesignalon themul-
tiresolutionsubspaces

o length: realmatrix [1,NbIter] Containsthedimensionsof eachprojection

DESCRIPTION :

INTR ODUCTION :

This routine is usedto retreive the structureinformationof a wavelet transform. It mustbe usedin all
routinethatmight work on a wavelettransformwhosestructureis not passedasanimput parameter. (That
shouldbethecaseof all routinestakingaWaveletTransformasinput parameterto minimizetheinput).

PARAMETERS :

Input mustbe a real matrix. It’s generallyobtainedwith FWT. It containsthe wavelet transform. index
containsthe indexesof the first coefficient of eachoutput. The first ”NbIter” indexesarethe indexes(in
wt) of the”high-pass”subspacesprojections(Wj), thelastoneis thelast”low-pass”projection(Vj); length
containsthedimensionof eachoutput.

EXAMPLE :

a=rand(1,256);
q=MakeQMF(’daubechies’,4);
wt = FWT2D(a,8,q);
[wti, wtl]=WTStruct(wt);
wtl

SEE ALSO :

FWT2D,IWT2D, WT2Dext, WT2DVisu
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bbch ScilabFunction

0.14 alphagifs Holder function estimationusing IFS

Author: Khalid Daoudi

EstimatesthepointwiseHolderexponentsof a1-D realsignalusingtheGIFSmethod.

USAGE :
[Alpha, Ci]=wave2gifs(sig,limtype)

INPUT PARAMETERS :

o sig : Realvector[1,n] or [n,1] Containsthesignalto beanalysed.
o limtype : Characterstring Specifiesthe type of limit you want to use. You have the choicebetween

’slope’and’cesaro’.

OUTPUT PARAMETERS :

o Alpha : RealvectorContainstheestimatedHolderfunctionof thesignal.
o Ci : Realmatrix ContainstheGIFScoefficientsobtainedusingtheSchauderbasis.

DESCRIPTION :

PARAMETERS :

o sig is a realvector[1,n] or [n,1] whichcontainsthesignalto beanalysed.
o limtype is a characterstringSpecifiesthetypeof limit you wantto use.You have thechoicebetween

’slope’and’cesaro’.
o Alpha is a real vector which containsthe estimatedHolder function of the signal i.e the estimated

pointwiseHolderexponentaeachpoint of thegivensignal.
o Ci is a realmatrixwhichcontainstheGIFScoefficientsobtainedastherationbetween(synchrounous)

Schauderbasiscoefficientsatsuccesivescales.

ALGORITHM DETAILS :
ThealgorithmusestheGIFSmethodto estimatetheHolderexponentat eachpoint of a givensignal.The
first stepof this methodconsistsin computingthe coefficientsof the GIFS whoseattractoris the given
signal.In thesecondstep,we replaceeachcoefficientwhich absolutevalueis greaterthan1 (resp.smaller
than1/2)by 1 (resp.by 1/2). Wethenperformthecomputationof thelimit thatyieldstheestimatedHolder
functionusingthechosentypeof limit.

SEE ALSO: :
gifs andprescalpha

EXAMPLE: :

//Synthesis of an fbm with exponent H=0.7 (of size 1024 samples):
x = fmblevinson(1024,0.7) ;
//Estimation of The Holder function :
Alpha = alphagifs(x,’slope’);
plot(Alpha)
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binom ScilabFunction

0.15 bbch beneath-beyond concavehull

Author: ChristopheCanus

This C LAB routinedeterminesthe concave hull of a function graphusingthe beneath-beyondalgo-
rithm.

USAGE :

[rx,ru_x]=bbch(x,u_x)

INPUT PARAMETERS :

o x : realvector[1,N] or [N,1] Containstheabscissa.
o u x : realvector[1,N] or [N,1] Containsthefunctionto beregularized.

OUTPUT PARAMETERS :

o rx : realvector[1,M] Containstheabscissaof theregularizedfunction.
o ru x : realvector[1,M] Containstheregularizedfunction.

DESCRIPTION :

PARAMETERS :
Theabscissax andthefunctionu x to beregularizedmustbeof thesamesize[1,N] or [N,1]. Theabscissa
rx andtheconcaveregularizedfunctionru x areof thesamesize[1,M] with M � =N.

ALGORITHM DETAILS :
Standardbeneath-beyondalgorithm.

EXAMPLES :

h=.3;beta=3;
N=1000;
// chirp singularity (h,beta)
x=linspace(0.,1.,N);
u_x=abs(x).ˆh.*sin(abs(x).ˆ(-beta));
plot2d(x,u_x);
[rx,ru_x]=bbch(x,u_x);
plot2d(rx,ru_x,style=5);
plot2d(x,abs(x).ˆh,style=3);

REFERENCES:
None.SHSeeAlso linearlt (C LAB routine).

0.16 binom binomial measuresynthesis

FractalesGroup July5th 1997 15



binom ScilabFunction

Author: ChristopheCanus

ThisC LAB routinesynthesizesa largerangeof pre-multifractalmeasuresrelatedto thebinomialmea-
sureparadigm(deterministic,shuffled, pertubated,andmixing of two binomials: lumping andsum)and
computeslinked theoreticalfunctions(partition sumfunction, Reyni exponentsfunction, generalizeddi-
mensions,multifractalspectrum).

USAGE :

[varargout [,optvarargout]]=binom(p0,str,varargi n,[op tvarar gin])

INPUT PARAMETERS :

o p0 : strictly positive realscalarContainstheweightof thebinomial.
o str : stringContainsthetypeof ouput.
o varargin : variableinput argumentContainsthevariableinputargument.
o optvarargin : optionalvariableinput argumentsContainsoptionalvariableinputarguments.

OUTPUT PARAMETERS :

o varargout: variableoutputargumentContainsthevariableoutputargument.
o optvarargout: optionalvariableoutputargumentContainsanoptionalvariableoutputargument.

DESCRIPTION :

PARAMETERS :

The binomial measureis completlycharacterizedby its weight p0. This first parametermustbe � 0.
and � 1. (thecaseof p0=.5correspondsto theLebesguemeasure).Thesecondparameterstr is a variable
stringusedto determinethedesiredtypeof output. Therearesix suffix strings(’meas’ for measure,’cdf ’
for cumulative distribution function,, ’pdf ’ for probabilitydensityfunction, ’part’ for partitionsumfunc-
tion, ’Reyni’ for Reyni exponentfunction, ’spec’for multifractalspectrum)for thedeterministicbinomial
measureanda lot of possiblycomposedprefix stringsfor relatedmeasures(’shuf’ for shuffled, ’pert’ for
pertubated,’ lump’ for lumping , ’sum’ for sum, ’sumpert’for sumof pertubated,andso on) which can
be addedto the first onesto form composedstrings. For example,’ lumppertmeas’is for the synthesisof
the lumping of 2 pertubatedbinomial pre-multifractalmeasuresand’sumspec’is for the computationof
the multifractal spectrumof the sumof two binomials. Note that all combinaisonsof stringsarenot im-
plementedyet. Whena string containingsuffix string ’meas’ is given assecondinput, a pre-multifractal
measuremu n (first outputargument)is synthesizedon the dyadic intervals I n (secondoptionaloutput
argument)of the unit interval. In that case,the third input argumentis a strictly positive real (integer)
scalarn which containstheresolutionof thepre-multifractalmeasure.Thesizeof theoutputrealvectors
mu n (andI n if used)is equalto 2n (so be awarethe stacksize;-)). This option is implementedfor the
deterministic(’meas’),shuffled(’shufmeas’)andpertubated(’pertmeas’)binomial,andalsofor themixing
(lumping or sum)of two deterministic(’ lumpmeas’and ’summeas’)or pertubated(’ lumppertmeas’and
’sumpertmeas’)binomial measures.Whena string containingprefix ’shuf’ is given assecondinput, the
synthesisis madefor a shuffled binomialmeasure.At eachlevel of themultiplicative cascadeandfor all
nodesof thecorrespondingbinarytree,theweight is chosenuniformly amongp0 and1-p0. This optionis
implementedonly for thebinomialmeasure(’shufmeas’).Whenastringcontainingprefix ’pert’ is givenas
secondinput, thesynthesisis madefor a pertubatedbinomialmeasure.In thatcase,thefourth input argu-
mentis a strictly positive realscalarepsilonwhich containsthepertubationaroundweights.Theweight is
an independantrandomvariableidenticallydistributedbetweenp0-epsilonandp0+epsilonwhich mustbe
� 0., � 1. This optionis implementedonly for thebinomialmeasure(’pertmeas’)andthemixing (lumping
andsum)of two binomial measures(’ lumppertmeas’and ’sumpertmeas’).Whenreplacingsuffix string
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’meas’ with suffix string ’cdf ’, respectively suffix string ’pdf ’, the cumulative distribution function F n,
respectively theprobabilitydensityfunctionp n, relatedto this pre-multifractalmeasureis computed(first
outputargument).Whenstring’part’ is givenassecondinput,thepartitionsumfunctionznqof multifractal
measureis computedassoleoutputargument. In that case,the third input argumentis a strictly positive
real (integer) vectorvn which containsthe resolutions,and the fourth input argumentis a real vectorq
which containsthemeasureexponents.Thesizeof theoutputrealmatrix znqis equalto size(q)*size(vn).
This optionis implementedonly for thebinomialmeasure.Whenstring ’Reyni’ is givenassecondinput,
the Reyni exponentsfunction tq (andthe generalizeddimensionsDq if used)of the multifractal measure
is computedasfirst outputargument(andsecondoptionaloutputargumentif used).In thatcase,thethird
inputargumentis arealvectorq whichcontainsthemeasure’sexponents.Thesizeof theoutputrealvector
tq is equalto size(q)).Thisoptionis implementedonly for thebinomialmeasure.Whenastringcontaining
suffix string ’spec’is givenassecondinput, themultifractalspectrumf alpha(secondoutputargument)is
synthesizedon theHoelderexponentsalpha(first outputargument).In thatcase,thethird input argument
is a strictly positive real (integer)scalarN which containsthenumberof Hoelderexponents.Thesizeof
bothoutputrealvectorsalphaandf alphais equalto N. This optionis implementedonly for thebinomial
measure(’spec’)andthemixing (lumpingandsum)of two binomialmeasures(’ lumpspec’andsumspec’).

ALGORITHM DETAILS :

For the deterministicbinomial, the pre-multifractalmeasuresynthesisalgorithmis implementedis a
iterative way (supposedto run fasterthana recursiveone).For theshuffledor thepertubatedbinomial,the
synthesisalgorithmis implementedis a recursiveway (to beableto pick up a i.i.d. r.v. at eachlevel of the
multiplicativecascadeandfor all nodesof thecorrespondingbinarytreew.r.t. thegivenlaw). Notethatthe
shuffledbinomialmeasureis not conservative.

EXAMPLES :

p0=.2;
n=10;
// synthesizes a pre-multifractal binomial measure
[mu_n,I_n]=binom(p0,’meas’,n);
plot(I_n,mu_n);
// synthesizes the cdf of a pre-multifractal shuffled binomial measure
F_n=binom(p0,’shufcdf’,n);
plot(I_n,F_n);
e=.19;
// synthesizes the pdf of a pre-multifractal pertubated binomial measure
p_n=binom(p0,’pertpdf’,n,e);
plot(I_n,p_n);
xbasc();
vn=[1:1:8];
q=[-5:.1:+5];
// computes the partition sum function of a binomial measure
znq=binom(p0,’part’,vn,q);
mn=zeros(max(size(q)),max(size(vn)));
for i=1:max(size(q))

mn(i,:)=-vn*log(2);
end
plot2d(mn’,log(znq’));
// computes the Reyni exponents function of a binomial measure
tq=binom(p0,’Reyni’,q);
plot(q,tq);
N=200;
q0=.4;
// computes the multifractal spectrum of the lumping of two binomial measures
[alpha,f_alpha]=binom(p0,’lumpspec’,N ,q0);
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plot(alpha,f_alpha);

REFERENCES:
”Multifractal Measures”,Carl J.G. EvertszandBenoitB. MandelBrot.In ChaosandFractals,New Fron-
tiersof Science,AppendixB. Editedby Peitgen,JuergensandSaupe,SpringerVerlag,1992pages921-953.
”A classof Multinomial Multifractal Measureswith negative(latent)valuesfor the”Dimension” f(alpha)”,
BenoitB. MandelBrot.In Fractals’PhysicalOriginsandProperties,Proceedingof theEriceMeeting,1988.
Editedby L. Pietronero,PlenumPress,New York, 1989pages3-29.

SEE ALSO :
sbinom,multim1d,multim2d,smultim1d,smultim2d(C LAB routines).MFAS measures,MFAS dimensions,
MFAS spectra(Matlaband/orScilabdemoscripts).

0.17 contwt Continuous L2 wavelet transform

Author: PauloGoncalves

Computesa continuouswavelet transformof a 1-D signal (real or complex). The scaleoperatoris
unitary with respectto the L2 norm. Two closedform waveletsare available: the Mexican Hat or the
Morlet Wavelet (real or analytic). For arbitraryanalyzingwavelets,numericalapproximationis achieved
usinga FastMellin Transform.

USAGE :

[wt,scale,f,scalo,wavescaled]=contwt( x,[fmi n,fma x,N,w vlt_le ngth] )

INPUT PARAMETERS :

o x : Realor complex vector[1,nt] or [nt,1] Timesamplesof thesignalto beanalyzed.
o fmin : realscalarin [0,0.5]Lower frequency boundof theanalysis.Whennotspecified,thisparameter

forcestheprogramto interactivemode.
o fmax : realscalar[0,0.5]andfmax � Upperfrequency boundof theanalysis.Whennot specified,this

parameterforcestheprogramto interactivemode.
o N : positiveinteger. numberof analyzingvoices.Whennotspecified,thisparameterforcestheprogram

to interactivemode.
o wvlt length: scalaror vectorspecifiesthe analyzingwavelet: 0: Mexicanhat wavelet (real)Positive

realinteger: realMorlet waveletof size2*wvlt length+1)atfinestscale1 Positive imaginaryinteger:
analytic Morlet wavelet of size 2*wvlt length+1)at finest scale1 Real valuedvector: waveform
samplesof anarbitrarybandpassfunction.

OUTPUT PARAMETERS :

o wt : Realor complex matrix [N,nt] coefficientsof thewavelettransform.
o scale: realvector[1,N] analyzedscales
o f : realvector[1,N] analyzedfrequencies
o scalo: real positive valuedmatrix [N,nt] Scalogramcoefficients(squaredmagnitudeof the wavelet

coefficientswt )
o wavescaled: Scalaror realvaluedmatrix [length(waveletat coarserscale)+1,N]

Dilatedversionsof theanalyzingwavelet
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DESCRIPTION :

PARAMETERS :

o x : signalto beanalyzed.Realor complex vector
o fmin : lower frequency boundof theanalysis.fmin is realscalarcomprisedin [0,0.5]
o fmax : upperfrequency boundof theanalysis.fmax is a realscalarcomprisedin [0,0.5] andfmax �

fmin
o N : numberof analyzingvoicesgeometricallysampledbetweenminimumscalefmax/fmaxandmaxi-

mumscalefmax/fmin.
o wvlt length: specifiestheanalyzingwavelet: 0: Mexicanhatwavelet(real).Thesizeof thewaveletis

automaticallyfixed by the analyzingfrequency Positive real integer: real Morlet wavelet of size
2*wvlt length+1)at finest scale(1) Positive imaginary integer: analytic Morlet wavelet of size
2* � wvlt length� +1) at finest scale1. The correspondingwavelet transformis thencomplex. May
beusefull for eventdetectionpurposes.Realvaluedvector: correspondsto thetime sampleswave-
form of any arbitrarybandpassfunctionviewedastheanalyzingwaveletatany givenscale.Then,an
approximationof thescaledwaveletversionsis achievedusingtheFastMellin Transform(seedmt
anddilate).

o wt : coefficientsof the wavelet transform. X-coordinatedcorrespondsto time (uniformly sampled),
Y-coordinatescorrespondto frequency (or scale)voices(geometricallysampledbetweenfmax(resp.
1) andfmin (resp.fmax/ fmin ). First row of wt correspondsto thehighestanalyzedfrequency (finest
scale).

o scale: analyzedscales(geometricallysampledbetween1 andfmax /fmin
o f : analyzedfrequencies(geometricallysampledbetweenfmaxandfmin . f correspondsto fmax/scale
o scalo: Scalogramcoefficients(squaredmagnitudeof thewaveletcoefficientswt )
o wavescaled: If wvlt lengthis a realor Imaginarypurescalar, thenwavescaledequalwvlt length. If

wvlt length is a vector (containingthe waveform samplesof an arbitraryanalyzingwavelet), then
wavescaledcontainscolumnwiseall scaledversionof wvlt lengthusedfor theanalysis.In this latter
case,first elementof eachcolumngivesthe effective time supportof the analyzingwavelet at the
correspondingscale.wavescaledcanbeusedfor reconstructingthesignal(seeicontwt)

ALGORITHM DETAILS :
The wavelet transformof x is computedvia convolutionsof dilatedand translatedversionsof a single

function calledthe ”mother wavelet”. The scalesaregivenby the dilatationfactor. As the scalesarenot
absolute,thescalefactoris determinedthroughthespecificationof theminimumandmaximumfrequency
of the decompositionconsideredasa time/frequency transform. The maximumfrequency might not be
greaterthantheNyquistFrequency i.e. 0.5asthewaveletatthisscalewouldbeundersampled(andtherefore
would createaliasing).Thenumberof scalestells how many convolutionsarecomputed.Thebiggerit is,
the slower the transformis. The frequency (or scale)axis is geometricallysampled.The resultingscales
andfrequenciesvaluescanbeobtainedasoutputparameters.Themeaningof thewaveletlengthparameter
is manyfold. Whennonzerointeger, it tells the routineto usea real Morlet Wavelet andgivesits length
at scale1 (maximumfrequency). Whenit is a positive imaginaryinteger, the analyticMorlet wavelet is
used. If wvlt length= 0, the Mexican Hat is used. The resultingwavelet transformis thenreal but has
a quite poor frequency resolution. If wvlt lengthis a real vector, it correspondsto the analyzingwavelet
waveformin timeatany arbitraryscale.Dilatedandcompressedversionof it (accordingto therange[ fmin
, fmax] arecomputeddirectly from wvlt lengthusinga FastMellin Transform.For all choicesof wavelet,
approximativereconstructionof thedecomposedsignalis possible(seeicontwt).

SEE ALSO: :
icontwt,contwtmirandcwt

EXAMPLE: :

//Signal synthesis
x = morlet(0.1,128) ;
//A Morlet (of size 2*8+1 samples ) wavelet transform
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[wtMorlet,scale,f,scaloMorlet] = contwt(x,0.01,0.5,128,8) ;
viewmat(scalomor,1:257,1:128);
//Compared with a Mexican hat wavelet transform
[wtMex,scale,f,scaloMex] = contwt(x,0.01,0.5,128,0) ;
viewmat(scaloMex,1:257,1:128);

0.18 contwtmir ContinuousL2 wavelet transform with mirr oring

Author: PauloGoncalves

Computesacontinuouswavelettransformof amirrored1-Dsignal(realor complex). Thescaleoperator
is unitary with respectto the L2 norm. Two closedform waveletsareavailable: the Mexican Hat or the
Morlet Wavelet (real or analytic). For arbitraryanalyzingwavelets,numericalapproximationis achieved
usinga FastMellin Transform.

USAGE :

[wt,scale,f,scalo,wavescaled]=contwtm ir(x,[ fmin, fmax, N,wvlt _leng th])

INPUT PARAMETERS :

o x : Realor complex vector[1,nt] or [nt,1] Timesamplesof thesignalto beanalyzed.
o fmin : realscalarin [0,0.5]Lower frequency boundof theanalysis.Whennotspecified,thisparameter

forcestheprogramto interactivemode.
o fmax : realscalar[0,0.5]andfmax � Upperfrequency boundof theanalysis.Whennot specified,this

parameterforcestheprogramto interactivemode.
o N : positiveinteger. numberof analyzingvoices.Whennotspecified,thisparameterforcestheprogram

to interactivemode.
o wvlt length: scalaror vectorspecifiesthe analyzingwavelet: 0: Mexicanhat wavelet (real)Positive

realinteger: realMorlet waveletof size2*wvlt length+1)atfinestscale1 Positive imaginaryinteger:
analytic Morlet wavelet of size 2*wvlt length+1)at finest scale1 Real valuedvector: waveform
samplesof anarbitrarybandpassfunction.

OUTPUT PARAMETERS :

o wt : Realor complex matrix [N,nt] coefficientof thewavelettransform.
o scale: realvector[1,N] analyzedscales
o f : realvector[1,N] analyzedfrequencies
o scalo: real positive valuedmatrix [N,nt] Scalogramcoefficients(squaredmagnitudeof the wavelet

coefficientswt )
o wavescaled: Scalaror realvaluedmatrix [length(waveletat coarserscale)+1,N]

Dilatedversionsof theanalyzingwavelet

DESCRIPTION :

PARAMETERS :

o x : signalto beanalyzed.Realor complex vector
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o fmin : lower frequency boundof theanalysis.fmin is realscalarcomprisedin [0,0.5]
o fmax : upperfrequency boundof theanalysis.fmax is a realscalarcomprisedin [0,0.5] andfmax �

fmin
o N : numberof analyzingvoicesgeometricallysampledbetweenminimumscalefmax/fmaxandmaxi-

mumscalefmax/fmin.
o wvlt length: specifiestheanalyzingwavelet: 0: Mexicanhatwavelet(real).Thesizeof thewaveletis

automaticallyfixed by the analyzingfrequency Positive real integer: real Morlet wavelet of size
2*wvlt length+1)at finest scale(1) Positive imaginary integer: analytic Morlet wavelet of size
2* � wvlt length� +1) at finest scale1. The correspondingwavelet transformis thencomplex. May
beusefull for eventdetectionpurposes.Realvaluedvector: correspondsto thetime sampleswave-
form of any arbitrarybandpassfunctionviewedastheanalyzingwaveletatany givenscale.Then,an
approximationof thescaledwaveletversionsis achievedusingtheFastMellin Transform(seedmt
anddilate).

o wt : coefficient of thewavelet transform.X-coordinatedcorrespondsto time (uniformly sampled),Y-
coordinatescorrespondto frequency (or scale)voices(geometricallysampledbetweenfmax(resp.1)
andfmin (resp.fmax / fmin ). First row of wt correspondsto thehighestanalyzedfrequency (finest
scale).

o scale: analyzedscales(geometricallysampledbetween1 andfmax /fmin
o f : analyzedfrequencies(geometricallysampledbetweenfmaxandfmin . f correspondsto fmax/scale
o scalo: Scalogramcoefficients(squaredmagnitudeof thewaveletcoefficientswt )
o wavescaled: If wvlt lengthis a realor Imaginarypurescalar, thenwavescaledequalwvlt length. If

wvlt length is a vector (containingthe waveform samplesof an arbitraryanalyzingwavelet), then
wavescaledcontainscolumnwiseall scaledversionof wvlt lengthusedfor theanalysis.In this latter
case,first elementof eachcolumngivesthe effective time supportof the analyzingwavelet at the
correspondingscale.wavescaledcanbeusedfor reconstructingthesignal(seeicontwt)

ALGORITHM DETAILS :
Theoverall detailsof thealgorithmaresimilar to thoseof contwt . Thedifferencestemsfrom themirror

operationappliedto thesignalbeforecomputingthewavelettransformto minimizebordereffects.At each
scalej theanalyzedsignalis mirroredat its bothextremities.Thenumberof addedsamplesat bothsides
is equalto scale(j)* wvlt length(the half lengthof the analyzingwavelet at this particularscale). After
convolution of the mirroredsignalwith the analyzingwavelet, the result is truncatedto theactualsizeof
theinitial signal.
SEE ALSO: :
contwt,icontwt,cwt

EXAMPLE: :

//Signal synthesis
x = fbmlevinson(1024,0.8) ;
//Regular Wavelet transform
[wt_nomirror,scale,f] = contwt(x,2ˆ(-6),2ˆ(-1),128,8) ;
viewmat(abs(wt_nomirror),[1 1 24]) ;
//Compared with a mirrored wavelet transform
[wt_mirror,scale,f] = contwtmir(x,2ˆ(-6),2ˆ(-1),128,0) ;
viewmat(abs(wt_mirror),[1 1 24]) ;

0.19 contwtspec ContinuousL2 waveletbasedLegendre spectrum

Author: PauloGoncalves

Estimatesthe multifractal Legendrespectrumof a 1-D signal from the wavelet coefficientsof a L2
continuousdecomposition
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USAGE :

[alpha,f_alpha,logpart,tau] = contwtspec(wt,scale,Q[,FindMax,Cho oseReg])

INPUT PARAMETERS :

o wt : Realor complex matrix[N scale,N]Waveletcoefficientsof acontinuouswavelettransform(output
of contwtor contwtmir))

o scale: realvector[1,N scale]Analyzedscalevector
o Q : realvector[1,N Q] Exponentsof thepartitionfunction
o FindMax : 0/1 flag. FindMax = 0 : estimatesthe Legendrespectrumfrom all coefficientsFindMax

= 1 : estimatestheLegendrespectrumfrom the local Maximacoefficientsof thewavelet transform
Default valueis FindMax= 1

o ChooseReg : 0/1flagor integervector[1,N reg], (N reg � = N scale)ChooseReg = 0 : full scalerange
regressionChooseReg = 1 : asksonline the scaleindicessettingthe rangefor the linear regression
of thepartitionfunction. ChooseReg = [n1 ... nN reg] : scaleindicesfor thelinearregressionof the
partitionfunction.

OUTPUT PARAMETERS :

o alpha: Real vector [1,N alpha], N alpha � = N Q Singularity supportof the multifractal Legendre
spectrum

o f alpha: realvector[1,N alpha]Multifractal Legendrespectrum
o logpart: realmatrix [N scale,NQ] Log-partitionfunction
o tau: realvector[1,N Q] Regressionfunction

SEE ALSO: :
contwt,cwtspec,cwt, dwtspec,FWT

EXAMPLE: :

N = 2048 ; H = 0.7 ; Q = linspace(-4,4,11) ;
[x] = fbmlevinson(N,H) ;
[wt,scale] = contwtmir(x,2ˆ(-8),2ˆ(-1),16,8) ;
[alpha,f_alpha,logpart,tau] = contwtspec(wt,scale,Q,1,1) ;
plot(alpha,f_alpha),

0.20 cwt ContinuousWaveletTransform

Author: BertrandGuiheneuf

This routinecomputesthe continuouswavelet transformof a real signal. Two waveletsareavailable:
theMexicanHator theMorlet Wavelet.

USAGE :

[wt,scales,freqs]=cwt(sig,fmin,fmax,n bscale s,[wv lt_le ngth])
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INPUT PARAMETERS :

o sig : realvector[1,n] or [n,1] Containsthesignalto bedecomposed.
o fmin : realpositivescalarLowestfrequency of thewaveletanalysis
o fmax : realpositivescalarHighestfrequency of thewaveletanalysis
o nbscales: integer positive scalarNumberof scalesto computebetweenthe lowest and the highest

frequencies.
o wvlt length: realpositive scalar(optionnal)If equalto 0 or not specified,thewavelet is theMexican

Hat andits length is automaticalychoosen.Otherwise,Morlet’s wavelet is usedandit’s lengthat
scale1 is givenby wvlt length

OUTPUT PARAMETERS :

o wt : complex matrix [nbscales,n]Wavelettransform.Thefirst line is thefinerscale( scale1 ). It is real
if theMexicanHathasbeenused,complex otherwise.

o scales: realvector[1,nbscales]Scalecorrespondingto eachline of thewavelettransform.
o freqs: realvector[1,nbscales]Frequency correspondingto eachline of thewavelettransform.

DESCRIPTION :

PARAMETERS :
The wavelet transformof sig is computedvia convolutionsof dilatedandtranslatedversionsof a single

functioncalledthe”wavelet”. Thescalesaregivenby thedilatationfactor. As thescalesarenot absolute,
the scalefactor is determinedthroughthe specificationof the minimum andmaximumfrequency of the
decompositionconsideredasa time/frequency transform. The maximumfrequency might not be greater
than the Nyquist Frequency i.e. 0.5 as the wavelet at this scalewould be undersampled.The number
of scalestells how many convolutionsarecomputed.The bigger it is, the slower the transformis. The
frequency (or scale)axis is logarithmicalysampled.The resultingscalesand frequenciesvaluescanbe
obtainedasoutputparameters.Themeaningof thewaveletlengthparameteris twofold. If nonzero,it tells
theroutineto usea Morlet Waveletandgivesits lengthat scale1 (maximumfrequency). Otherwise(zero
or not specified),theMexicanHat is used.Theresultingwavelettransformis thenrealbut hasa quitepoor
frequency resolution.
ALGORITHM DETAILS :
Convolutionsarecomputedthroughdiscretelinearconvolutionsin timedomain.No FFTisused.Thelinear
filters areobtainedby asamplingof thewaveletafterdilatation.Thesignalis mirroredat its boundaries.

0.21 cwtspec ContinuousL1 waveletbasedLegendre spectrum

Author: PauloGoncalves

Estimatesthe multifractal Legendrespectrumof a 1-D signal from the wavelet coefficientsof a L1
continuousdecomposition

USAGE :

[alpha,f_alpha,logpart] = cwtspec(wt,scale,Q[,FindMax,ChooseReg] )

INPUT PARAMETERS :
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o wt : Realor complex matrix[N scale,N]Waveletcoefficientsof acontinuouswavelettransform(output
of cwt)

o scale: realvector[1,N scale]Analyzedscalevector
o Q : realvector[1,N Q] Exponentsof thepartitionfunction
o FindMax : 0/1 flag. FindMax = 0 : estimatesthe Legendrespectrumfrom all coefficientsFindMax

= 1 : estimatestheLegendrespectrumfrom the local Maximacoefficientsof thewavelet transform
Default valueis FindMax= 1

o ChooseReg : 0/1flagor integervector[1,N reg], (N reg � = N scale)ChooseReg = 0 : full scalerange
regressionChooseReg = 1 : asksonline the scaleindicessettingthe rangefor the linear regression
of thepartitionfunction. ChooseReg = [n1 ... nN reg] : scaleindicesfor thelinearregressionof the
partitionfunction.

OUTPUT PARAMETERS :

o alpha: Real vector [1,N alpha], N alpha � = N Q Singularity supportof the multifractal Legendre
spectrum

o f alpha: realvector[1,N alpha]Multifractal Legendrespectrum
o logpart: realmatrix [N scale,NQ] Log-partitionfunction
o tau: realvector[1,N Q] Regressionfunction

SEE ALSO: :
cwt, contwtspec,contwt,dwtspec

EXAMPLE: :

N = 2048 ; H = 0.7 ; Q = linspace(-4,4,11) ;
[x] = fbmlevinson(N,H) ;
[wt,scale] = cwt(x,2ˆ(-8),2ˆ(-1),16,8) ;
[alpha,f_alpha,logpart,tau] = cwtspec(wt,scale,Q,1,1) ;
plot(alpha,f_alpha),

0.22 cwttrack ContinuousL2 waveletbasedHolder exponent
estimation

Author: PauloGoncalves

Estimatesthelocalor globalHolderexponentof a1-D signalfrom its L2 continuouswavelettransform
( outputof contwt(mir)). In somecases,theglobalHolderexponentcanalsobereferedto asthelongrange
dependanceparameter

USAGE :

[HofT] = cwttrack(wt,scale,whichT,FindMax,C hoose Reg,r adius, DeepScale, Show)

INPUT PARAMETERS :

o wt : Realor complex matrix[N scale,N]Waveletcoefficientsof acontinuouswavelettransform(output
of contwt)

o scale: realvector[1,N scale]Analyzedscalevector
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o whichT : Integer whichT, whennon zerospecifiesthe time positionon the signalwhereto estimate
thelocal Holderexponent.WhenwhichT is zero,theglobalscalingexponent(or LRD exponent)is
estimated.

o FindMax: 0/1flag. FindMax= 0 : estimatestheHolderexponents(localor global)from all coefficients
of the wavelet transformFindMax = 1 : estimatesthe Holder exponents(local or global) from the
localMaximacoefficientsof thewavelettransformDefault valueis FindMax= 1

o ChooseReg : 0/1 flag or integer vector [1,N reg], (N reg � = N scale)ChooseReg = 0 : full scale
rangeregressionChooseReg = 1 : scalerangeis choosedby theuser, clicking with themouseon a
regressiongraph.ChooseReg = [n1 ... nN reg] : imposesthescaleindicesfor thelinearregressionof
thewaveletcoefficientsversusscalein a log-log plot Defaultvalueis ChooseReg = 0

o radius: Positive integer. The local maximaline searchis restrictedto someneighbourhoodof the
analyzedpoint. Basically, this regionis definedby theconeof influenceof thewavelet.radiusallows
to modulatethewidth of thecone.Default valueis cone= 8 .

o DeepScale: strictly positive integer. DeepScaletells themaximaline procedurehow depthin scaleto
scanfrom stepto step.Default valueis DeepScale= 1

o Show 0/1 flag. Show = 1 : displaythemaximaline trajectoryandthelog-log regressiongraphShow =
0 : no display

OUTPUT PARAMETERS :

o HofT : Realscalar. Localor globalHolderexponentestimated

ALGORITHM DETAILS :
Themaximaline searchfollows thetwo steps:

o all localmaximaarefoundusinga standardgradienttechnique
o local maximaareconnectedalongscalesby finding theminimumLobatchevsky distancebetweentwo

consecutivemaximalying beneaththeconeof influence.

SEE ALSO: :
cwttrack all, contwtspec,contwt,dwtspec

EXAMPLE: :

N = 1024 ;
[x] = GeneWei(N,[ones(1,N/2)*0.2 ones(1,N/2)*0.8],2,1,1) ;
[wt,scale] = contwtmir(x,2ˆ(-8),2ˆ(-1),64,8*i) ;
HofT_1 = cwttrack(wt,scale,N/4,1,1)
HofT_2 = cwttrack(wt,scale,3*N/4,1,1)

0.23 cwttrack all Continuous L2 waveletbasedHolder function
estimation

Author: PauloGoncalves

Estimatesthe Holder function of a signal from its continuouswavelet transform(L2 contwt). cwt-
track all merelyrunscwttrackasmany timesastherearetimesamplesto beanalyzed

USAGE :
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[HofT,whichT] = cwttrack_all(wt,scale,FindMax,ChooseR eg,rad ius,D eepSc ale,dT )

INPUT PARAMETERS :

o wt : Realor complex matrix[N scale,N]Waveletcoefficientsof acontinuouswavelettransform(output
of contwt)

o scale: realvector[1,N scale]Analyzedscalevector
o whichT : Integer whichT, whennon zerospecifiesthe time positionon the signalwhereto estimate

thelocal Holderexponent.WhenwhichT is zero,theglobalscalingexponent(or LRD exponent)is
estimated.

o FindMax: 0/1flag. FindMax= 0 : estimatestheHolderexponents(localor global)from all coefficients
of the wavelet transformFindMax = 1 : estimatesthe Holder exponents(local or global) from the
localMaximacoefficientsof thewavelettransformDefault valueis FindMax= 1

o ChooseReg : 0/1 flag or integer vector [1,N reg], (N reg � = N scale)ChooseReg = 0 : full scale
rangeregressionChooseReg = 1 : scalerangeis choosedby theuser, clicking with themouseon a
regressiongraph.ChooseReg = [n1 ... nN reg] : imposesthescaleindicesfor thelinearregressionof
thewaveletcoefficientsversusscalein a log-log plot Defaultvalueis ChooseReg = 0

o radius: Positive integer. The local maximaline searchis restrictedto someneighbourhoodof the
analyzedpoint. Basically, this regionis definedby theconeof influenceof thewavelet.radiusallows
to modulatethewidth of thecone.Default valueis cone= 8 .

o DeepScale: strictly positive integer. DeepScaletells themaximaline procedurehow depthin scaleto
scanfrom stepto step.Default valueis DeepScale= 1

o dT 01 Integer. Samplingperiodfor theHolderfunctionestimate

OUTPUT PARAMETERS :

o HofT : Realscalar. Localor globalHolderexponentestimated
o whichT IntegervectorTime samplingvector

SEE ALSO: :
cwttrack

EXAMPLE: :

N = 2048 ;
[x] = GeneWei(N,linspace(0,1,N),1.2,1,1) ;
[wt,scale] = contwtmir(x,2ˆ(-6),2ˆ(-1),64,8*i) ;
[HofT,whichT] = cwttrack_all(wt,scale,1,0,8,1,(N/64)) ;

0.24 dilate Dilation of a signal

Author: PauloGoncalves

Computesdilated/compressedversionof a signalusingFastMellin transform.

USAGE :

[sscaled,mellin,beta] = dilate(s,a,[fmin,fmax,N])

INPUT PARAMETERS :
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o s : realvector[1,nt] or [nt,1] Timesamplesof thesignalto bescaled.
o a: realstrictly positivevector[1,N scale]Dilation/compressionfactors.a � 1 correspondsto compres-

sionin time
o fmin : realscalarin [0,0.5] Lower frequency boundof thesignal(necessaryfor theintermediatecom-

putationof theMellin transform)
o fmax : realscalar[0,0.5] andfmax � Upperfrequency boundof thesignal(necessaryfor theinterme-

diatecomputationof theMellin transform)
o N : positive integer. numberof Mellin samples.

OUTPUT PARAMETERS :

o sscaled: Real matrix with N scalecolumnsEachcolumn j (for j = 1 .. N scale)containsthe di-
lated/compressedversionof s by scalea(j). First elementof eachcolumngivesthe effective time
supportfor eachscaledversionof s.

o mellin : complex vector[1,N] Mellin transformof s.
o beta: realvector[1,N] Variableof theMellin transformmellin.

DESCRIPTION :

PARAMETERS :

o s : signalto be analyzed.Realor complex vector. Sizeof s shouldbeodd. If even,a zerosampleis
appendedat theendof thesignal

o a scalefactor. Maximum allowed scaleis determinedby the spectralextent of the signalto be com-
pressed:thespectralextentof thecompressedsignalcannot go beyondtheNyquistfrequency (1/2).
Thereis no theoreticallimit for theminimumallowedscale,otherthanthecomputationalcost.

o fmin : lower frequency boundof theanalysis.fmin is realscalarcomprisedin [0,0.5]
o fmax : upperfrequency boundof theanalysis.fmax is a realscalarcomprisedin [0,0.5] andfmax �

fmin
o N : numberof Mellin samples.This numbermustbe greaterthansomeammountdeterminedby the

spectralextentof thesignal,to avoid aliasingin theMellin domain.

ALGORITHM DETAILS :
This algorithusesa FastMellin Transform(dmt) to diagonalizetheScaleoperator. Thealgorithmrunsas
follows

o computetheFourier-Mellin transformof thesignal
o Multiply theresultby a(-i.beta)(betais theMellin variable),for eachvaluesof scalea
o computetheinverseFourier-Mellin transformto getthea-dilatedversionof s

SEE ALSO: :
dmt, idmt

EXAMPLE: :

// Signal synthesis

x = morlet(0.1,32) ;
plot(x)
//Dilation by a factor 2
[sscaled,mellin,beta] = dilate(x,2,0.01,0.5,256) ;
plot(sscaled(2:sscaled(1)))
//Compression by a factor 2
[sscaled,mellin,beta] = dilate(x,1/2,0.01,0.5,256) ;
plot(sscaled(2:sscaled(1)))
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0.25 dimR2d Regularization dimensionof the surfaceof a 2d
function

Author: FrancoisRoueff

Computestheregularizationdimensionof thesurfaceof a 2d function. Two kernelsareavailable: the
Gaussianor theRectangle.

USAGE :

[dim,handlefig]=dimR(x,sigma,voices,N min,Nm ax,ke rnel, mirror ,reg, graph s)

INPUT PARAMETERS :

o x : Realor complex matrix [nt,pt] Spacesamplesof thesignalto beanalyzed.
o sigma: RealpositivenumberStandardDeviationof thenoise.Its defaultvalueis null (noisefree)
o voices: Positive integer. numberof analyzingvoices.Whennotspecified,this parameteris setto 128.
o Nmin : Integerin [2,nt/3]Lowerscalebound(lowerwidth) of theanalysingkernel.Whennotspecified,

this parameteris setto aroundnt/12.
o Nmax : Integer in [Nmin,2nt/3] Upperscalebound(upperwidth) of the analysingkernel. Whennot

specified,thisparameteris setto nt/3.
o kernel : String specifiesthe analyzingkernel: ”gauss”: Gaussiankernel (default) ”rect”: Rectangle

kernel
o mirror : Boolean

specifieswetherthesignalis to bemirrorizedfor theanalyse(default: 0).
o reg : Boolean

specifieswethertheregressionis to bedoneby theuseror automatically(default: 0).
o graphs: Boolean:

specifieswethertheregularizedgraphshave to bedisplayed(default: 0).

OUTPUT PARAMETERS :

o dim : RealEstimatedregularizationdimension.
o handlefig: IntegervectorHandlesof thefiguresopenedduringtheprocedure.

DESCRIPTION :
This function is the sameasdimR but adaptedto 2d signals. For a more completeexplanationof the

regularizationdimension,onecanreferto: ”A regularizationapproachto fractionnaldimensionestimation”,
F. Roueff, J. Levy-Vehel,submittedto Fractal98 conference.The regularizedgraphsof x arecomputed
via convolutionsof x with dilatedversionsof thekernelat differentscales.Thelengthsof theregularized
graphsarecomputedvia convolutionsof x with the derivativesof the dilatedversionsof the kernel. The
regularizationdimensioniscomputedeithervia anautomaticrangeregressionorvia aregressionbyhandon
theloglogplot of thelengthsversusscales.If sigmais strictly positive,anestimationof thelengthswithout
noiseis usedfor the regression.Theselengthsaredisplayedin red while thoseof the noisysignalarein
black. They shouldseperateat fine scales.Whenonespecifiestherangeregression,theloglog plot of the
lengthsversusscalesappears.Aboveareeitherincrements(whensigmais null) or a loglogplot of thenoise
prevalencein the lengths. Oneselectsthe scalerangeof the regression.In the caseof noisefreesignals,
selecta scaleregion with stableincrements.In the caseof a strictly positive sigma,selecta scaleregion
wherethenoiseprevalenceis not toocloseto 1 (0 in log10): it shouldcorrespondto anapproximatelylinear
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region for theredestimations.Thenumberof scales(voices)tells how many convolutionsarecomputed.
The bigger it is, the slower the computationis. The scaleaxis is geometricallysampled(i.e. its log is
arithmeticallysampled).The gaussiankernelshouldgive a betterresultbut the rectangleis faster. As a
generalrule,becarefulof thesizeof theinputsignalandof themaximalsizeof thekernel(Nmaxx Nmax)
to avoid too long computingtimes.
SEE ALSO: :
cwttrack,cwtspec.

EXAMPLE: :

//Signal synthesis
x = GeneWei(100,0.6,2,1.0,0);
y = GeneWei(100,0.4,3,1.0,1);
w = x’*y;
plot3d((1:100)/100,(1:100)/100,w)
//Dimension of the graph with a regression by hand
dim = dimR2d(w,0,25,5,30,’gauss’,0,1,0);

0.26 dmt DiscreteMellin transform of a vector

Author: PauloGoncalves

ComputestheFastMellin transformof a signal.

USAGE :

[mellin,beta] = dmt(s,[fmin,fmax,N])

INPUT PARAMETERS :

o s : realvector[1,nt] or [nt,1] Timesamplesof thesignalto betransformed.
o fmin : realscalarin [0,0.5]Lower frequency boundof thesignal
o fmax : realscalar[0,0.5]andfmax � Upperfrequency boundof thesignal
o N : positive integer. numberof Mellin samples.

OUTPUT PARAMETERS :

o mellin : complex vector[1,N] Mellin transformof s.
o beta: realvector[1,N] Variableof theMellin transformmellin.

DESCRIPTION :

PARAMETERS :

o s : signalto betransformed.Realor complex vector.
o fmin : lower frequency boundof theanalysis.fmin is realscalarcomprisedin [0,0.5]
o fmax : upperfrequency boundof theanalysis.fmax is a realscalarcomprisedin [0,0.5] andfmax �

fmin
o N : numberof Mellin samples.This numbermustbe greaterthansomeammountdeterminedby the

spectralextentof thesignal,to avoid aliasingin theMellin domain.
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ALGORITHM DETAILS :
ThefastMellin transformcanbesimply interpretedasaFFT appliedto ageometricallysampledvector.

SEE ALSO: :
idmt, dilate

EXAMPLE: :

//Signal synthesis
x = morlet(0.1,32) ;
plot(x)
//Computation of the Mellin transform
[mellin,beta] = dmt(x,0.01,0.5,128) ;
plot(beta,abs(mellin))

0.27 dwtspec DiscretewaveletbasedLegendre spectrum

Author: PauloGoncalves

EstimatesthemultifractalLegendrespectrumof a1-D signalfrom thewaveletcoefficientsof adiscrete
decomposition

USAGE :

[alpha,f_alpha,logpart] = dwtspec(wt,Q[,ChooseReg])

INPUT PARAMETERS :

o wt : Realvector[1,N] Waveletcoefficientsof a discretewavelettransform(outputof FWT)
o Q : realvector[1,N Q] Exponentsof thepartitionfunction
o ChooseReg : 0/1flagor integervector[1,N reg], (N reg � = N scale)ChooseReg = 0 : full scalerange

regressionChooseReg = 1 : asksonline the scaleindicessettingthe rangefor the linear regression
of thepartitionfunction. ChooseReg = [n1 ... nN reg] : scaleindicesfor thelinearregressionof the
partitionfunction.

OUTPUT PARAMETERS :

o alpha: Real vector [1,N alpha], N alpha � = N Q Singularity supportof the multifractal Legendre
spectrum

o f alpha: realvector[1,N alpha]Multifractal Legendrespectrum
o logpart: realmatrix [N scale,NQ] Log-partitionfunction
o tau: realvector[1,N Q] Regressionfunction

SEE ALSO: :
cwtspec,FWT, WTStruct,MakeQMF, flt, iflt

EXAMPLE: :

N = 2048 ; H = 0.3 ; Q = linspace(-4,4,11) ;
[x] = fbmlevinson(N,H) ;
qmf = MakeQMF(’daubechies’,2) ;
[wt] = FWT(x,log2(N),qmf) ;
[alpha,f_alpha,logpart,tau] = dwtspec(wt,Q,1) ;
plot(alpha,f_alpha),
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0.28 fbmfwt Discretewaveletbasedsynthesisof a fBm

Author: PauloGoncalves

Generatesa1/f Gaussianprocessfrom a discretewavelettransform

USAGE :

[x] = fbmfwt(N,H,[noctave,Q,randseed]) ;

INPUT PARAMETERS :

o N : Positive integerSamplesizeof thefBm
o H : Realin [0,1] Holderexponent
o noctave : integerMaximumresolutionlevel (shouldnotexceeedlog2(N))
o Q : realvector. AnalyzingQMF (e.g.Q = MakeQMF(’daubechies’,4))
o randseed: realscalarRandomseedgenerator

OUTPUT PARAMETERS :

o x : realvector[1,N] Timesamplesof the1/f Gaussianprocess

ALGORITHM DETAILS :
Generatesa1/f Gaussianprocessby invertingadiscretewavelettransform.Step1: generatesy a[1,N] i.i.d.
standardGaussiannoiseStep2: computesthe discretewavelet coefficientsy Step3: weigth the wavelet
coefficientsy with thecorrespondingscalepowerlaw Step4: inverttheweighteddiscretewavelettransform

SEE ALSO: :
fbmlevinson,synth2,FWT, MakeQMF

EXAMPLE: :

Q = MakeQMF(’daubechies’,4) ;
[x] = fbmfwt(1024,0.5,10,Q) ;
[wt,scale,f] = contwt(x,2ˆ(-8),2ˆ(-1),64,8) ;
[H] = cwttrack(wt,scale,0,1,1,8,1,1) ;

0.29 fbmlevinson Levinsonsynthesisof a fractional Brownian
motion

Author: PauloGoncalves

GeneratesaFractionalBrownianMotion (fBm) usingCholesky/Levinsonfactorization

USAGE :

[x,y,r] = fbmlevinson(N,H,[seed])
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INPUT PARAMETERS :

o N : Positive integerSamplesizeof thefBm
o H : Realin [0,1] Holderexponent
o seed: realscalarRandomseedgenerator

OUTPUT PARAMETERS :

o x : realvector[1,N] Timesamplesof thefBm
o y : realvector[1,N] Vectorof N i.i.d. whitestandardGaussianr.v.’s (inputprocessof thegenerator)
o r : realvector[1,N] First row of thevar/cov Toeplitzmatrix R of theincrementprocessw[k] = x[k+1]

- x[k].

ALGORITHM DETAILS :
Generatesa FractionalBrownianMotion usingLevinsonalgorithmto triangularizethecovariancematrix.
R = E W * W’ beingthevariance/covariancematrix of thefBm incrementW[n ; shift] = X[n+shift] - X[n-
shift], R = L*L ’, with L thelower left trianglematrix (Choleskior Levinsonfactorization).Then,we pose
Z = L(-1) * W � = � W = L * Z with Rz thevar/cov matrix of theprocessZ, Rz = E � Z * Z’ � Rz = E �
L(-1) * W * W’ * (L(-1))’ � Rz= L(-1) * R * (L(-1))’ Rz= L(-1) * L * L’ * (L(-1))’ Rz= I (identity)Thus,
Z is a whiteGaussiannoisewith unit variance.
SEE ALSO: :
mbmlevinson

EXAMPLE: :

[x,y,r] = fbmlevinson(1024,0.8) ;

0.30 fft1d Operatesa column-wisedir ect or inverseFFT

Author: PauloGoncalves

Operatesacolumn-wisedirector inverseFFTon a matrix

USAGE :

Y = fft1d(X,DirInv) ;

INPUT PARAMETERS :

o X : Realor complex valuedmatrix [rx,cx]
o DirInv : +1 / -1 flag -1 DirectFastFourierTransform+1 InverseFastFourierTransform

OUTPUT PARAMETERS :

o Y : Real or complex valuedmatrix [rx,cx] Eachcolumn of Y containsthe FFT (respIFFT) of the
correspondingcolumnof X

SEE ALSO: :
fft

EXAMPLE: :
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//Matrix synthesis:
t = linspace( 0,1,128 ) ;
f0 = [4 8 16 32]
X = sin( 2*%pi*t(:)*f0 ) ;
Y = abs( fft1d( X , -1 ) ) ;
Y = [Y(65:128,:) ; Y(1:64,:)] ;
f = linspace(-64,63,128) ;
plot2d(f(ones(4,1),:)’,Y) ;

0.31 findWTLM Finds local maxima linesof a CWT

Author: PauloGoncalves

Findsthelocal maximaof acontinuouswavelettransform

USAGE :

[maxmap] = findWTLM(wt,scale[,depth])

INPUT PARAMETERS :

o wt : Complex matrix [N scale,N]Wavelet coefficientsof a continuouswavelet transform(outputof
FWT or contwt)

o scale: realvector[1,N scale]Analyzedscalevector
o depth: realin [0,1] maximumrelativedepthfor thepeakssearch.Default valueis 1 (all peaksfound)

OUTPUT PARAMETERS :

o maxmap: 0/1matrix [N scale,N]If maxmap(m,n)= 0 : thecoefficientwt(m,n)is nota localmaximum
If maxmap(m,n)= 1 : thecoefficientwt(m,n) is a local maximum

SEE ALSO: :
contwt,cwt

EXAMPLE: :

N = 2048 ; H = 0.3 ; Q = linspace(-4,4,11) ;
[x] = fbmlevinson(N,H) ;
[wt,scale] = cwt(x,2ˆ(-6),2ˆ(-1),36,0) ;
[maxmap] = findWTLM(wt,scale) ;

0.32 flt FastLegendre transform

USAGE :

[u,s] = flt(x,y[,ccv])

INPUT PARAMETERS :
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o x : realvaluedvector[1,N] samplessupportof thefunctiony
o y : realvaluedvector[1,N] samplesof functiony = y(x)
o ccv : optionalargumentto choosebetweenconvex (ccv = 0) andconcave (ccv = 1) envelope.Default

valueis ccv= 1 (concave)

OUTPUT PARAMETERS :

o u : realvaluedvector[1,M] Legendretransformof input y. Notethat,sinceu stemsfrom theenvelope
of y, in generalM � = N.

o s : realvaluedvector[1,M] Variableof theLegendretransformof y.

DESCRIPTION :
ComputestheLegendretransformof y y*(s) = sup � x in X � [s.x - y(x)]

EXAMPLE: :

//Function synthesis
m0 = .55 ; m1 = 1 - m0 ;
m2 = .95 ; m3 = 1 - m2 ;
q = linspace(-20,20,201) ;
tau1 = - log2(exp(q.*log(m0)) + exp(q.*log(m1))) ;
tau2 = - log2(exp(q.*log(m2)) + exp(q.*log(m3))) ;
tau3 = min(tau1 , tau2) ;

//Legendre Transforms
[u1,s1] = flt(q,tau1) ;
[u2,s2] = flt(q,tau2) ;
[u3,s3] = flt(q,tau3) ;

// Vizualisation
plot2d(s3,u3,17) ;
plot2d(s1,u1,18,’001’) ;
plot2d(s2,u2,19,’001’) ;

AUTHOR : PauloGoncalves

0.33 gauss Gaussianwindow

Author: PauloGoncalves

Returnsa Gaussianwindow

USAGE :

Win = gauss(N[,A])

INPUT PARAMETERS :

o N : Positive integerNumberof pointsdefiningthetimesupportof thewindow
o A : RealpositivescalarAttenuationin dB at theendof thewindow (10(-A)). Default valueis A = 2.
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OUTPUT PARAMETERS :

o Win : realvector[1,N] Gaussianwindow in time.

SEE ALSO: :
mexhat,morlet

EXAMPLE: :

t = linspace(-1,1,128) ;
Win1 = gauss(128,2) ;
Win2 = gauss(128,5) ;

plot2d([t(:) t(:)],[Win1(:) Win2(:)],[17 19])

0.34 gifs2wave waveletcoefficientsfr om newGIFS coefficients

Author: Khalid Daoudi

Computesthewaveletc0efficientsof thesynthetic1-D realsignalfrom its new GIFScoefficients.

USAGE :

[wt_new]=gifs2wave(Ci_new,wt,wt_idx,w t_lg)

INPUT PARAMETERS :

o Ci new : RealmatrixContainsthenew GIFScoefficients
o wt : Realmatrix containsthewaveletcoefficients(obtainedusingFWT)
o wt idx : Realmatrix [1,n] containstheindexes(in wt) of theprojectionof thesignalon themultireso-

lution subspaces
o wt lg : Realmatrix [1,n] containsthedimensionof eachprojection

OUTPUT PARAMETERS :

o wi new : Realmatrix Containsthenew waveletcoefficientsplusotherinformations.

DESCRIPTION :

PARAMETERS :

ALGORITHM DETAILS :

SEE ALSO: :
wave2gifs

EXAMPLE: :
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0.35 gifseg Replacesnodesof the diadic tr eeby a ceratin unique
value.

Author: Khalid Daoudi

Replacesat eachscaletheleft (resp.right) nodesof thediadictree,associatedto theGIFScoefficients,
thatbelongto [cmin,cmax]by a ceratinuniquevalue.

USAGE :

[Ci_new, marks, L]=gifseg(Ci,[cmin,cmax,epsilon])

INPUT PARAMETERS :

o Ci : Realmatrix ContainstheGIFScoefficients(obtainedusingFWT)
o cmin : Realscalar[1,n] Specifiestheminimal valueof theCi’s to beconsidered(cmin=0by default)
o cmax: Realscalar[1,n] Specifiesthemaximalvalueof theCi’s to beconsidered(cmin=0by default)
o epsilon: realscalarSpecifiesthemaximalerrordesiedon theCi’s approximation.

OUTPUT PARAMETERS :

o Ci new : RealmatrixContainsthethenew GIFScoefficients.
o marks: RealvectorContainsthesegmentationmarques.length(marks)-1is thenumberof segmented

parts.
o L : Realmatrix A structurecontainingthe left andright lambdai’s correspondingto eachsegmented

part.

DESCRIPTION :

PARAMETERS :

ALGORITHM DETAILS :

SEE ALSO: :
hist,wave2gifs

EXAMPLE: :

0.36 holder2d holder exponentsof a measuresdefinedon 2D real
signal

USAGE :

[holder]=holder2d(Input,[Meas],[Res], [Ref], [RefM eas])

INPUT PARAMETERS :
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o Input : realmatrix [m,n] Containsthesignalto beanalysed.
o Meas: string Analysingmeasure.Must choosenbe in � ”sum”, ”var”, ”ecart”, ”min”, ”max”, ”iso”,

”riso”, ”asym”, ”aplat”, ”contrast”,”lognorm”, ”varlog”, ”rho”, ”pow”, ”logpow”, ”frontmax”, ”front-
min”, ”dif fh”, ”dif fv”, ”dif fmin”, ”dif fmax” � (default : ”sum”)

o res: Numberof resolutionsusedfor thecomputation.(default : 1)
o Ref : realmatrix [m,n] Containsthereferencesignali.e. thesignalonwhich thereferencemeasurewill

becomputed.InputandRefmusthave thesamedimensions.
o RefMeas: stringReferencemeasure.(default : ”sum”)

OUTPUT PARAMETERS :

o holder: realmatrix [m,n] ContainstheHolderexponents.

DESCRIPTION :

INTR ODUCTION :
Thisroutinescomputesholderexponentsby regressingananalysingmeasure(in a log-logplot) atdifferent
scales.Givena pixel, onedefinesa (square)window aroundit. Thewindow sizeis calledthe resolution.
The specifiedmeasure(or capacity)is thenevaluatedon the setdefinedby the window. For example,in
thecaseof the”sum” measure,at resolution2, a5x5squarecenteronapixel p0 is extractedfrom theinput
image. The meanof the gray levelsof the obtainedpixelsdefinesthe measureat pixel p0 andresolution
2. The measuretype is thusgiven by the input parameterMeaswhereasthe actualmeasureis obtained
throughtheinput signal. In thecaseof a simplemeasureanalysis,theregressionis computedwith respect
to thesizeof thewindow, this correspondsto comparingtheanalysingmeasureto theLebesguemeasure.
Nevertheless,it is possibleto computetheregressionby comparisonwith a referencemeasuregivenby the
lasttwo parameters.

AUTHOR : Author: PascalMignot - BertrandGuiheneuf

0.37 icontwt InverseContinuous L2 wavelet transform

Author: PauloGoncalves

Computestheinversecontinuouswavelet transform:reconstructsa 1-D signalfrom its waveletcoeffi-
cients.Thescaleoperatoris unitarywith respectto theL2 norm.

USAGE :

[x_back]=icontwt(wt,f,wl_length)

INPUT PARAMETERS :

o wt : Realor complex matrix [N,nt] coefficientof thewavelettransform
o f : realvectorof size[N,1] or [1,N] which elementsarein /[0,0.5], in decreasingorder.
o wl length: scalaror matrixspecifiesthereconstructionwavelet:0: Mexicanhatwavelet(real)Positive

real integer: realMorlet waveletof size2*wl length+1)at finestscale1 Positive imaginaryinteger:
analyticMorlet waveletof size2*wl length+1)at finestscale1 Realvaluedmatrix with N columns:
eachcolumncontainsa dilatedversionsof anarbitrarysynthesiswavelet.

OUTPUT PARAMETERS :
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o x back: Realor complex vector[1,nt] Reconstructedsignal.

DESCRIPTION :

PARAMETERS :

o wt : coefficient of thewavelet transform.X-coordinatedcorrespondsto time (uniformly sampled),Y-
coordinatescorrespondto frequency (or scale)voices(geometricallysampledbetweenfmax(resp.1)
andfmin (resp.fmax / fmin ). First row of wt correspondsto thehighestanalyzedfrequency (finest
scale).Usually, wt is theoutputmatrix wt of contwt.

o scale: analyzedscales(geometricallysampledbetween1 andfmax /fmin. Usually, scaleis theoutput
vectorscaleof contwt.

o wl length : specifiesthe synthesiswavelet: 0: Mexican hat wavelet (real). The sizeof the wavelet
is automaticallyfixed by the analyzingfrequency Positive real integer: real Morlet wavelet of size
2*wl length+1)atfinestscale(1)Positiveimaginaryinteger:analyticMorletwaveletof size2* � wl length� +1)
at finestscale1. The correspondingwavelet transformis thencomplex. May be usefull for event
detectionpurposes.Realvaluedmatrix: usually, for reconstructionwl length is the outputmatrix
wavescaledfrom contwt.

ALGORITHM DETAILS :
ThereconstructionalgorithmInverseWaveletTransform, proceedsby convolving thewaveletcoefficients
(obtainedfrom contwt) by thesynthesiswavelet. As we dealwith continuouswaveletdecomposition,the
analyzingwaveletandits dualfor reconstructionarethesame(continuousbasis).Thisoperationis iterated
at eachanalyzedscalej yielding N correspondingband-passedsignalversions.Thereconstructedsignalis
thescaleweightingsumof theseN vectors.
SEE ALSO: :
contwt,contwtmir

EXAMPLE: :

//Signal synthesis
x = morlet(0.1,64) ;
t = 1:129 ;
//A Morlet (of size 2*8+1 samples ) wavelet transform
[wtMorlet,scale,f,scaloMorlet] = contwt(x,0.01,0.5,128,8) ;
viewmat(scaloMorlet,1:129,f,[1 1 24]) ;
//Reconstruction with the same synthesis wavelet
[x_back] = icontwt(wtMorlet,f,8) ;
plot([t(:) t(:)],[x(:) x_back(:)]) ;

0.38 idmt InverseDiscreteMellin transform

Author: PauloGoncalves

ComputestheInverseFastFourier-Mellin transformof asignal.

USAGE :

[x,t] = idmt(mellin,beta,[M])

INPUT PARAMETERS :
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o mellin : complex vector[1,N] Fourier-Mellin transformto be inverted.For a correctinversionof the
Fourier-Mellin transform,thedirectFourier-Mellin transformmellin musthavebeencomputedfrom
fmin to 0.5cyclespersec.

o beta: realvector[1,N] Variableof theMellin transformmellin.
o M : positive integer. Numberof time samplesto berecoveredfrom mellin.

OUTPUT PARAMETERS :

o x : complex vector[1,M] InverseFourier-Mellin transformof mellin.
o t : time variableof theInverseFourier-Mellin transformx.

DESCRIPTION :
TheInverseFourier-Mellin transformcanbeviewedasanInverseFastFourierTransformwhich resultis

assumedgeometricallysampled.To recover the initial time signal,a DiscreteInverseFourier Transform
is appliedto this geometricallyFourier representation.ImportantTheInverseFourier-Mellin transformis
correctonly if thedirectFourier-Mellin transformhasbeencomputedfrom fmin to 0.5cyclespersec.

SEE ALSO: :
dmt,dilate

EXAMPLE: :

//Signal synthesis
x = morlet(0.1,32) ;
plot(x)
//Computation of the Mellin transform
[mellin,beta] = dmt(x,0.01,0.5,128) ;
plot(beta,abs(mellin))
//Computation of the Inverse Mellin transform

[y,t] = idmt(mellin,beta,65) ;
plot(t,abs(x-y))

0.39 integ Approximate 1-D integral

Author: PauloGoncalves

Approximate1-D integral. integ(y,x) approximatestheintegralof y with respectto thevariablex

USAGE :

SOM= integ(y[,x])

INPUT PARAMETERS :

o y : realvaluedvectoror matrix [ry,cy] Vectoror matrix to be integrated.For matrices,integ(Y) com-
putestheintegralof eachcolumnof Y

o x : row-vector[ry,1] Integrationpathof y. Default valueis (1:cy)

OUTPUT PARAMETERS :
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o SOM : realvaluedvector[1,cy] Finitesumapproximatingtheintegralof y w.r.t theintegrationpathx

SEE ALSO: :
integ2d

EXAMPLE: :

//Cumulative Normal Distribution
sigma = 1 ; N = 100 ;
x = logspace(log10(0.001),log10(3),N/ 2) ;
x = [ -fliplr(x) x ] ;
y = 1/sqrt(2*pi) * exp( -(x.ˆ2)./2 ) ;
plot(x,y)
for n = 1:N

PartialSom(n) = integ( y(1:n),x(1:n) ) ;
end
xbasc();plot2d(x,PartialSom,-1)

0.40 isempty Checksif a matrix is empty

Author: PauloGoncalves

isemptyTrue for emptymatrix. isempty(x)returns%T if x is an emptyarrayand%F otherwise.An
emptyarrayhasno elements,thatis prod(size(X))==0.

USAGE :

isempty(x)

INPUT PARAMETERS :

o x : Realor complex valuedmatrix [rx,cx]

SEE ALSO: :
all

0.41 lambdak k’ s lambda functions for pseudoAW

Author: PauloGoncalves

ComputestheparametrizingfunctionlambdakdefiningtheAffineWignerdistributions.

USAGE :

[y] = lambdak(u,k)
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INPUT PARAMETERS :

o u : realvector[1,n] Argumentof thefunctionlambdak.
o k : real scalarParameterof the lambdakfunction. K=-1 correspondsto the Unterbergerdistribution;

K=0 correspondsto theBertranddistribution;K=0.5correspondsto theD-Flandrindistribution;K=2
correspondsto theWigner-Ville distributionon analyticsignals.

OUTPUT PARAMETERS :

o y : realvector[1,n] Resultof thefunctionlambdak.

SEE ALSO: :
pseudoAW

EXAMPLE: :

x = linspace(-10,10,101) ;
y0 = lambdak(x,-1) ;
y1 = lambdak(x,2) ;
plot(y0)
plot(y1)

0.42 lepskiiap lepskii adaptiveprocedure

Author: ChristopheCanus

This C LAB routineis an implementationof theLepskii’s adaptive procedure.This algorithmselects
the”best” estimatorwhich balancesthebias-variancetradeoff in asequenceof noisyandbiasedestimators
thetahat j of anon-randomparameterthetawith theassumptionthatwhenj increases,biasb j increasesas
variancesigma2j decreases.

USAGE :

[K_star,j_hat,I_c_j_min,I_c_j_max,E_c _j_hat _min, E_c_j _hat_m ax]=. .
lepskiiap(theta_hat_j,[sigma2_j,K])

INPUT PARAMETERS :

o thetahat j : realvector[1,J] or [J,1] Containsthesequenceof estimators.
o sigma2j : strictly positive realvector[1,J] or [J,1] Containsthesequenceof variances.
o K : strictly positive realscalarContainstheconfidenceconstant.

OUTPUT PARAMETERS :

o K star: strictly positive realscalarContainstheoptimalconfidenceconstant.
o j hat: strictly positivereal(integer)scalarContainstheselectedindex.
o I c j min : realvector[1,J] Containstheminimumboundsof theconfidenceintervals.
o I c j max: realvector[1,J] Containsthemaximumboundsof theconfidenceintervals.
o E c j hat min : realscalarContainstheminimumboundof theselectedintersectioninterval.
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o E c j hat max: realscalarContainsthemaximumboundof theselectedintersectioninterval.

DESCRIPTION :

PARAMETERS :
The sequenceof variancessigmaj mustbe stricly positive, decreasingwhenj increasesandof thesame

sizethanthetahat j. Whenno sequenceof variancesis givenasinput or whenit is uniformly equalto 0,
thealgorithmcomputesthesequenceof variancesassigma2j=1./j. Thedefaultvaluefor epsilonis 1./[1:J].
TheconfidenceconstantK mustbe � =1. For themeaningof theouputparameters,seenext section.
ALGORITHM DETAILS :
Definethe sequenceof confidenceintervals I c j=[theta hat j-K*sigma j,thetahat j+K*sigma j], the se-

quenceof their decreasingintersectionsE c j andj hatasthelargestindex j suchasthatE c j is nonvoid.
Thebestestimatorwith respectto theLepskii’sadaptiveprocedureis selectedasthetahat j hatin E c j hat.
The two parametersto be handledarethe sequenceof variancessigma2j andtheconfidenceconstantK.
sigma2j canbe any sequencedominatingthe estimatorvariance. Choosinga smallerK speedsup the
selectionandresultsto smallerj hat.
EXAMPLES :

MATLAB :

T=33;
% linear model
f_t=linspace(0,1,T);
% jump for t=floor(3/4*T)
f_t(floor(3/4*T):T)=2*f_t(floor(3/4*T ):T);
% Wiener process
W_t=randn(1,T);
sigma=.1;
Y_t=f_t+sigma*W_t;
subplot(2,1,1);
plot(f_t);hold on;plot(Y_t);
title(’White noise model Y(t)’);
xlabel(’index: t’);
ylabel(’Y(t)=f(t)+\sigma W(t)’);
% estimation for t=t_0=floor(T/2)
t_0=floor(T/2)+1;
Y_t=f_t+sigma*W_t;
for t=1:floor(T/2)

f_hat_t(t)=mean(Y_t(t_0-t:t_0+t));
end
% Lespkii’s adaptive procedure
[K_star,t_hat,I_c_t_min,I_c_t_max,E_c _t_hat _min, E_c_t _hat_m ax]=l epski iap(f_ hat_t ,.005 *1./[1 :floo r(T/2 )],2);
% plot and disp results
plot(t_0,Y_t(t_0),’k*’);
plot(t_0-t_hat,Y_t(t_0-t_hat),’kd’);
plot(t_0+t_hat,Y_t(t_0+t_hat),’kd’);
subplot(2,1,2);
plot(f_hat_t);
hold on;
plot(I_c_t_max,’rˆ’);
plot(I_c_t_min,’gV’);
title([’estimator \theta_t(t_0) vs. index t with t_0=’,num2str(floor(T/2)+1)]);
xlabel(’index: t’);
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ylabel(’estimator: \theta_t(t_0)’);
plot(t_hat,E_c_t_hat_min,’ko’);
plot(t_hat,E_c_t_hat_max,’ko’);
disp([’linear estimation of f_t for t=t_0=’,num2str(t_0)]);
disp([’selected index t=’,num2str(t_hat)]);
disp([’estimated f_t_0 in [’,num2str(E_c_t_hat_min),’,’,num2str( E_c_t _hat_m in),’ ]’]);

SCILAB :

//

REFERENCES:
To bepublished..SHSeeAlso monolr(C LAB routine).

0.43 linearlt linear time legendre transform

Author: ChristopheCanus

This C LAB routine the Legendretransformof a function using the linear time Legendretransform
algorithm.

USAGE :

[s,u_star_s]=linearlt(x,u_x)

INPUT PARAMETERS :

o x : realvector[1,N] or [N,1] Containstheabscissa.
o y : realvector[1,N] or [N,1] Containsthefunctionto betransformed.

OUTPUT PARAMETERS :

o s : realvector[1,M] Containstheabscissaof theregularizedfunction.
o u star s : realvector[1,M] ContainstheLegendreconjugatefunction.

DESCRIPTION :

PARAMETERS :
Theabscissax andthefunctionu x to betransformedmustbeof thesamesize[1,N] or [N,1]. Theabscissa
sandtheLegendreconjugatefunctionu star sareof thesamesize[1,M] with M � =N.

ALGORITHM DETAILS :
ThelineartimeLegendretransformalgorithmis basedontheuseof aconcaveregularizationbeforeslopes’
computation.

EXAMPLES :
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x=linspace(-5.,5.,1024);
u_x=-1+log(6+x);
plot2d(x,u_x);
//looks like a Reyni exponents function, isn’t it ?
[s,u_star_s]=linearlt(x,u_x);
plot2d(s,u_star_s);

REFERENCES:
None.

SEE ALSO :
bbch(C LAB routine).

0.44 mbmlevinson Levinsonsynthesisof a multifractional
Brownian motion

Author: PauloGoncalves

GeneratesaMulti-FractionalBrownianMotion (mBm) usingCholesky/Levinsonfactorization

USAGE :

[x,y,r] = mbmlevinson(N,H,[seed])

INPUT PARAMETERS :

o N : Positive integerSamplesizeof thefBm
o H : Realvector[1,N] of characterstring H real vector: containsthe Holder exponentsat eachtime.

Eachelementin [0,1]. H characterstring: analyticexpressionof theHolderfunction(e.g. ’abs(0.5*
( 1 + sin(16t) ) )’)

o seed: realscalarRandomseedgenerator

OUTPUT PARAMETERS :

o x : realvector[1,N] Timesamplesof themBm
o y : realvector[1,N] Vectorof N i.i.d. whitestandardGaussianr.v.’s (inputprocessof thegenerator)
o r : realmatrix [N,N] Matrix containingcolumnwiseeachfirst row of thevar/cov ToeplitzmatricesR(n)

of thenon-stationaryincrementprocessw[n] = x[n+1] - x[n].

ALGORITHM DETAILS :
For eachtime n, a fbm processwith constantHolder exponentH[n/] is synthesizedover N points (see

fbmlevinson).Only thesampleat rankn is kept. As a resultof this computationallyexpensive procedure,
only smallsamplesizesof mBmscanbegenerated(typically lessthan1024samples).
SEE ALSO: :
mbmlevinson

EXAMPLE: :

[x,y,r] = mbmlevinson(512,AtanH(512,2,1,0.5)) ;
plot(x) ;
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0.45 mcfg1d Continuous largedeviation spectrumestimationon
1d measure

Author: ChristopheCanus

ThisC LAB routineestimatesthecontinuouslargedeviationspectrumon 1d measure.

USAGE :

[alpha,fgc_alpha,[pc_alpha,epsilon_st ar,eta ,alph a_eta _x]]=. .
mcfg1d(mu_n,[S_min,S_max,J],progs tr,bal lstr, N,eps ilon,. .
contstr,adapstr,kernstr,normstr,I _n])

INPUT PARAMETERS :

o mu n : strictly positiverealvector[1,N n] or [N n,1] Containsthe1d measure.
o S min : strictly positiverealscalarContainstheminimumsize.
o S max: strictly positive realscalarContainsthemaximumsize.
o J : strictly positivereal(integer)scalarContainsthenumberof scales.
o progstr: stringContainsthestringwhich specifiesthescaleprogression.
o ballstr: stringContainsthestringwhichspecifiesthetypeof ball.
o N : strictly positive real(integer)scalarContainsthenumberof Hoelderexponents.
o epsilon: strictly positive realvector[1,N] or [N,1] Containstheprecisions.
o contstr: stringContainsthestringwhich specifiesthedefinitionof continuousspectrum.
o adapstr: stringContainsthestringwhichspecifiestheprecisionadaptation.
o kernstr: stringContainsthestringwhichspecifiesthekernelform.
o normstr: stringContainsthestringwhich specifiesthepdf’snormalization.
o I n : strictly positiverealvector[1,N n] or [N n,1] Containstheintervalsonwhichthepre-multifractal

1d measureis defined.

OUTPUT PARAMETERS :

o alpha: realvector[1,N] ContainstheHoelderexponents.
o fgc alpha: realmatrix [J,N] Containsthespectrum(a).
o pc alpha: realmatrix [J,N] Containsthepdf(’s).
o epsilonstar: strictly positiverealmatrix [J,N] Containstheoptimalprecisions.
o eta: strictly positive realvector[1,J] Containsthesizes.
o alphaeta x : strictly positive realmatrix [J,N n] ContainsthecoarsegrainHoelderexponents.

DESCRIPTION :

PARAMETERS :
Thecontinuouslargedeviationspectrum(alpha,fgcalpha)is estimatedfor Jsizeseta j andfor theprecision
vectorepsilonby takinginto accounttheresolutionof the1dmeasuremu n. TheminimumsizeS min sets
the equivalent size eta 1 in the unit interval at which the first spectrumis estimated. eta1 is equalto
S min*eta n whereeta n is relatedto the resolutionof the1d measure(etan=N n � -1 � whenall intervals
areof equalsizeelseit is max(� I n ��� -1 � ). It mustbe � =1. Thedefault valuefor S min is 1. Themaximum
sizeS maxsetstheequivalentsizeeta J in theunit interval at which the lastspectrumis estimated.etaJ
is equalto S max*etan. It mustbe � =S min. Thedefault valuefor S max is 1. Thenumberof scalesJ
setsthenumberof computedspectra.ThebiggerJ is, theslower thecomputationis. It mustbe � =1. The
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default valuefor J is 1. The scaleprogressionstring progstrspecifiesthe type of scalediscretization.It
canbe ’dec’ for decimated,’ log’ for logarithmicor ’ lin’ for linear scale.Thedefault valuefor progstris
’dec’. Theball stringballstrspecifiesthetypeof ball B eta(x). It canbe’asym’ for asymmetric,’cent’ for
centeredor ’star’for threetimesbiggerasymmetricball. Thedefaultvaluefor ballstris ’asym’. Thenumber
N setsthediscretizationof theHoelderexponentsinterval. They arelinearlyspacedbetweenalphaetamin
andalphaeta max which arethe minimum andmaximumvaluesof the coarsegrain Hoelderexponents
at sizeeta. The biggerN is, the slower the computationis. It mustbe � =1. The default valuefor N is
100. Theprecisionvectorepsilonsetstheprecisionsat which thespectrumis estimated.It mustbeof size
[1,N] or [N,1]. Whenno precisionvectoris givenasinputor whenit is uniformly equalto 0, thealgorithm
determinesthe optimal precisionsvector epsilonstar. The default value for epsilon is zeros(1,N).The
continuousstringcontstrspecifiesthedefinitionof continuousspectrum.It canbeequalto ’hnokern’ for
definitionwithoutprecisionandkernelor ’hkern’ for definitionwith precisionandkernel.Thedefaultvalue
for contstris ’hkern’. Theprecisionadaptationstringadapstrspecifiesthelocaladaptationof theprecision
w.r.t. theHoelderexponentsalpha.It canbeequalto ’maxdev’ for maximumdeviation or ’maxadaptdev’
for maximumadaptive deviation. The default value for adapstris ’maxdev’. The kernel string kernstr
specifiesthe kernel. It canbe equalto ’box’ for boxcar, ’ tri’ for triangle, ’mol’ for mollifier, ’epa’ for
epanechnikhov or ’gau’ for gaussiankernel.Thedefaultvaluefor kernstris ’gau’. Thenormalizationstring
normstrspecifiesthe type of pdf’s normalizationconductedbeforedoublelog-normalization. It canbe
equalto ’nonorm’ for nonormalizationconducted,’suppdf’ for normalizationw.r.t thesupremumof pdf’s,
’infsuppdf’ for normalizationw.r.t theinfimumandthesupremumof pdf’s.Thedefaultvaluefor normstris
’suppdf’. TheintervalsvectorI n canbeusefulwhentheintervalsonwhichthepre-multifractal1dmeasure
is definedarenotof equalsize(not implementedyet). Thepdf of thecoarsegrainHoelderexponentsmatrix
or vectorpc alpha,theoptimalprecisionsmatrix or vectorepsilonstar, thesizesvectoretaandthecoarse
grainHoelderexponentsmatrix or vectoralphaeta x canbeobtainedasoutputsparameters.

ALGORITHM DETAILS :

ThecoarseHoelderexponentsareestimatedoneachpoint x of theunit interval discretizationby summing
interval measuresinto a sliding window of sizeetacontainingx (which correspondsto ball B eta(x)).The
probabilitydensityfunctionpc alphais obtainedby integratinghorizontalsections.

EXAMPLES :

// computation of pre-multifractal besicovitch measure: mu_n
// resolution of the pre-multifractal measure
n=10;
// parameter of the besicovitch measure
p_0=.4;
// synthesis of the pre-multifractal besicovitch 1d measure
[mu_n,I_n]=binom(p_0,’meas’,n);
// continuous large deviation spectrum estimation: fgc_alpha
// minimum size, maximum size & # of scales
S_min=1;S_max=8;J=4;
// # of hoelder exponents, precision vector
N=200;epsilon=zeros(1,N);
// estimate the continuous large deviation spectrum
[alpha,fgc_alpha,pc_alpha,epsilon_sta r]=mcf g1d(m u_n,[ S_min, S_max,J],’ dec’,’ cent’ ,N,ep silon, ’hker n’,’m axdev’ ,’gau ’,’su ppdf’) ;
// plot the Continuous Large Deviation spectrum
plot2d(a,f,[6]);
xtitle(["Continuous Large Deviation spectrum";" "],"alpha","fgc(alpha)");

REFERENCES:

To bepublished.

SEE ALSO :

mch1d,fch1d,fcfg1d,cfg1d(C LAB routines).MFAG continuous,MFAG epsilon,MFAG eta,MFAG epsiloneta
(Matlaband/orScilabfunctions).
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0.46 mdfl1d DiscreteLegendrespectrumestimationon 1d
measure

Author: ChristopheCanus

This routineestimatesthediscreteLegendreSpectrumon 1d measure.

USAGE :

[alpha,f_alpha]=mdfl1d(mu_n,N,n)

INPUT PARAMETERS :

o mu n : strictly positiverealvector[1,nu n] Containsthepre-multifractalmeasure.
o N : strictly positive real(integer)scalarContainsthenumberof Hoelderexponents.
o n : strictly positivereal(integer)scalarContainsthefinal resolution.

OUTPUT PARAMETERS :

o alpha: realvector[1,N] ContainstheHoelderexponents.
o f alpha: realvector[1,N] Containsthedimensions.

DESCRIPTION :

PARAMETERS :
ThediscreteLegendrespectrumf alphais estimatedon thefinite finer resolutionof thepre-multifractal1d
measuremu n. Thethreestepsof theestimatationare:

o estimationof thepartitionfunction;
o estimationof theReyni exponents;
o estimationof theLegendretransform.

ALGORITHM DETAILS :

Thediscretepartitionfunctionis estimatedby coarse-grainingmassesmu n into non-overlappingboxes
of increasingdiameter(boxmethod).If nu n is apowerof 2, 2ˆncorrespondsto thecoarserscale.Thereyni
exponentsareestimatedby leastsquarelinear regression.The Legendretransformof the massexponent
functionis estimatedwith thelinear-timeLegendretransform.

SEE ALSO :
mdzq1d,mdzq2d,reynitq,linearlt,mdfl2d.

0.47 mdfl2d DiscreteLegendrespectrumestimationon 2d
measure
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Author: ChristopheCanus

This routineestimatesthediscreteLegendrespectrumon a pre-multifractal2d measure.

USAGE :

[alpha,fl_alpha]=mdfl2d(mu_n,N,n)

INPUT PARAMETERS :

o mu n : strictly positiverealmatrix [nux n,nuy n] Containsthepre-multifractalmeasure.
o N : strictly positive real(integer)scalarContainsthenumberof Hoelderexponents.
o n : strictly positivereal(integer)scalarContainsthefinal resolution.

OUTPUT PARAMETERS :

o alpha: realvector[1,N] ContainstheHoelderexponents.
o fl alpha: realvector[1,N] Containsthedimensions.

DESCRIPTION :

PARAMETERS :

The discreteLegendrespectrumfl alphais estimatedon the finite finer resolutionof the 2d measure
mu n. Thethreestepsof theestimationare:

o estimationof thediscretepartitionfunction;
o estimationof theReyni exponents;
o estimationof theLegendretransform.

ALGORITHM DETAILS :
Thediscretepartitionfunctionis estimatedby coarse-grainingmassesmu n into non-overlappingboxesof
increasingdiameter(box method).If nux n andnuy n arepowerof 2, 2n correspondsto thecoarserscale.
TheReyni exponentsareestimatedby leastsquarelinearregression.TheLegendretransformof themass
exponentfunctionis estimatedwith thelinear-timeLegendretransform.
SEE ALSO :
mdznq1d,mdznq2d,reynitq,linearlt,mdfl1d.

0.48 mdznq1d Discretepartition function estimationon 1d
measure

Author: ChristopheCanus

This routinecomputesthediscretepartitionfunctionon apre-multifractal1d measure.

USAGE :

[mznq]=mdznq1d(mu_n,n,q)
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INPUT PARAMETERS :

o mu n : strictly positiverealvectorContainsthepre-multifractalmeasure.
o n : strictly positivereal(integer)vectorContainstheresolutions.
o q : strictly positiverealvectorContainstheexponents.

OUTPUT PARAMETERS :

o mznq: realmatrix [size(q),size(n)]Containsthepartitionfunction.

DESCRIPTION :

PARAMETERS :

Thediscretepartitionfunctionmznqis computedon thepre-multifractal1d measuremu n. Thevector
of resolutionsn andthevectorof exponentsq setsthesizeof theoutputrealmatrixmznqto size(q)*size(n).

ALGORITHM DETAILS :

Thediscretepartitionfunctionmznqis computedby coarse-grainingmassesmu n into non-overlapping
boxesof increasingdiameter(boxmethod).If nu n is a powerof 2, n correspondsto theresolution.

SEE ALSO :
mdzq2d,reynitq, linearlt,mdfl1d,mdfl2d

0.49 mdznq2d Discretepartition function estimationon 2d
measure

Author: ChristopheCanus

This routinecomputesthediscretepartitionfunctionon apre-multifractal2d measure.

USAGE :

[mznq]=mdznq2d(mu_n,n,q)

INPUT PARAMETERS :

o mu n : strictly positiverealmatrixContainsthepre-multifractalmeasure.
o n : strictly positivereal(integer)vectorContainstheresolutions.
o q : strictly positiverealvectorContainstheexponents.

OUTPUT PARAMETERS :

o mznq: realmatrix [size(q),size(n)]Containsthediscretepartitionfunction.
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DESCRIPTION :

PARAMETERS :

Thediscretepartitionfunctionmznqis computedon thepre-multifractal2d measuremu n. Thevector
of resolutionsn andthevectorof exponentsq setsthesizeof theoutputrealmatrixmznqto size(q)*size(n).

ALGORITHM DETAILS :

Thediscretepartitionfunctionmznqis computedby coarse-grainingmassesmu n into non-overlapping
boxes of increasingdiameter(box method). If nux n and nuy n are power of 2, n correspondsto the
resolution.

SEE ALSO :

mdznq1d,reynitq, linearlt,mdfl1d,mdfl2d

0.50 mexhat Mexican hat wavelet

Author: PauloGoncalves

Computesa MexicanHat wavelet(secondederivativeof thegaussian).

USAGE :

[wavelet,alpha] = mexhat(nu)

INPUT PARAMETERS :

o nu : realscalarbetween0 and1/2 Central(reduced)frequency of thewavelet.

OUTPUT PARAMETERS :

o wavelet: realvector[1,2*N+1] MexicanHat waveletin time.
o alpha: realscalarAttenuationexponentof theGaussianenveloppeof theMexicanHatwavelet.

SEE ALSO: :

morlet,contwt

EXAMPLE: :

//wavelet synthesis

wavelet1 = mexhat(0.05) ; plot(wavelet1)

wavelet2 = mexhat(0.2) ;plot(wavelet2)
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0.51 monolr monovariate linear regression

Author: ChristopheCanus

ThisC LAB routineprovidessix differentalgorithmsto proceedlinearregressiononmonovariatedata:
leastsquare,weightedleastsquare,penalizedleastsquare,multiple leastsquare,maximumlikelyhoodand
Lepskii’sadaptiveprocedureleastsquare,in onesoleroutine.

USAGE :

[a_hat,[b_hat,y_hat,e_hat,sigma2_e_ha t,optv ararg out]= ..
monolr(x,y,[lrstr,optvarargin])

INPUT PARAMETERS :

o x : realvector[1,J] or [J,1] Containstheabscissa.
o y : realvector[1,J] or [J,1] Containstheordinatesto beregressed.
o lrstr : stringContainsthestringwhichspecifiesthetypeof linearregressionto beused.
o optvarargin : Containsoptionalvariableinputarguments.Dependingonthechoiceof linearregression,

thefourth parametercanbe
o w : strictly positive realvector[1,J] or [J,1] If weightedleastsquareis chosen,containstheweights.
o I : strictly positive real (integer) scalarIf penalizedleastsquareis chosen,containsthe numberof

iterations.
o sigma2j : strictly positive real vector [1,J] or [J,1] If Lepskii’s adaptive procedureleastsquareis

chosen,containsthesequenceof variances.

Thefifth parametercanbe
o m : realscalarIf penalizedleastsquareis chosen,containsthemeanof thenormalweights.
o K : strictly positive real scalarIf Lepskii’s adaptive procedureleastsquareis chosen,containsthe

confidenceconstant.

Thesixthparametercanbe
o s : strictly positive realscalarIf penalizedleastsquareis chosen,containsthevarianceof thenormal

weights.

OUTPUT PARAMETERS :

o a hat: realscalaror vector[1,J] Containstheestimatedslope.
o b hat: realscalaror vector[1,J] Containstheestimatedordimateat theorigin.
o y hat: realvector[1,J] or [1,(J+2)*(J-1)/2]Containstheregressedordinates.
o e hat: realvector[1,J] or [1,(J+2)*(J-1)/2]Containstheresiduals.
o sigma2e hat: realscalarContainstheresiduals’variance(thatis, themeansquareerror).
o optvarargout: Containsoptionalvariableoutputarguments.If Lepskii’sadaptiveprocedureleastsquare

is chosen,theparametersare
o K star: strictly positive realscalarContainstheoptimalconfidenceconstant.
o j hat: strictly positivereal(integer)scalarContainstheselectedindex.
o I c j min : realvector[1,J] Containstheminimumboundsof theconfidenceintervals.
o I c j max: realvector[1,J] Containsthemaximumboundsof theconfidenceintervals.
o E c j hat min : realscalarContainstheminimumboundof theselectedintersectioninterval.
o E c j hat max: realscalarContainsthemaximumboundof theselectedintersectioninterval.
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DESCRIPTION :

PARAMETERS :
Theabscissax andtheordinatey to beregressedwith mustbeof thesamesize[1,J] or [J,1]. The linear

regressionstring lrstr specifiesthe typeof linear regressionused. It canbe ’ ls’ for leastsquare,’wls’ for
weightedleastsquare,’pls’ for penalizedleastsquare,’mls’ for multiple leastsquare(that is for j varying
from 1 to J),’ml’ for maximumlikelyhood,’ lapls’ for Lepskii’sadaptiveprocedureleastsquare.Thedefault
valuefor lrstr is ’ ls’. Theweightsw or thesequenceof variancessigma2j mustbestrictly positive andof
size[1,J] or [J,1]. For themeaningof thevariableoptionalinput parameterssigma2j andK, seelepskiiap
(Lepskii’s Adaptive Procedure)C LAB routine’s help. The numberof iterationsI must be � =2. The
varianceof thenormalweightssmustbestrictly positive. If multiple leastsquare,maximumlikelyhoodor
Lepskii’sadaptiveprocedureleastsquareis chosen,theestimatedslopea hatandtheordinateat theorigin
b hatarevectorsof size[1,J], resp.theregressedordinatesy hatandtheresidualse hatvectorsareof size
[1,(J+2)*(J-1)/2](asthey containsresultsfor multiple linearregression,beawareof thatwhenvizualising
them:-), seeexamples),otherwisetherearescalars,resp. vectorsof size[1,J]. For maximumlikelyhood,
multiple leastsquarelinearregressionsareproceededin orderto obtainvarianceestimates.Thenmaximum
likelyhoodlinearregressionis proceeded(correspondingresultsarefoundin a hat(1),b hat(1),y hat(1:J),
e hat(1:J)andsigma2e hat(1),seeexamples).For themeaningof thevariableoptionaloutputparameters
K star, j hat,I c j min, I c j max,E c j max,andE c j max,seelepskiiap(Lepskii’sAdaptiveProcedure)
C LAB routine’shelp.
ALGORITHM DETAILS :
For the detailsof theLepskii’s adaptive procedure,seelepskiiap(Lepskii’s Adaptive Procedure)C LAB

routine’shelp.
EXAMPLES :

MATLAB :

J=32;
x=1+linspace(0,1,J);
% Wiener process
W=randn(1,J);
epsilon=.1;
y=x+epsilon*W;
% least square
[a_hat,b_hat,y_hat,e_hat,sigma2_e_hat ]=mono lr(x, y);
plot(x);hold on;plot(y);plot(y_hat,’kd’);
plot(epsilon.*W);hold on;plot(e_hat);
title(’least square’);
disp(’type return’);
pause;
clf;
% weighted least square
epsilon=linspace(.05,.5,J);
y=x+epsilon.*W;
[a_hat,b_hat,y_hat,e_hat,sigma2_e_hat ]=mono lr(x, y,’wl s’,1./ epsil on);
plot(x);hold on;plot(y);plot(y_hat,’kd’);
plot(epsilon.*W);hold on;plot(e_hat);
title(’weighted least square’);
disp(’type return’);
pause;
clf;
% penalized least square
[a_hat,b_hat,y_hat,e_hat,sigma2_e_hat ]=mono lr(x, y,’pl s’,30) ;
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plot(x);hold on;plot(y);plot(y_hat);
title(’penalized least square’);
disp(’type return’);
pause;
clf;
% multiple least square
[a_hat,b_hat,y_hat,e_hat,sigma2_e_hat ]=mono lr(x, y,’ml s’);
plot(x);hold on;plot(y)
start_j=0;
hold on;
for j=2:J

plot([1:j],y_hat(start_j+1:start_j+ j),’k’ );
disp([’estimated slope a_hat =’,num2str(a_hat(j))]);
disp(’type return’);
pause;
start_j=start_j+j;
j=j+1;

end
clf
% maximum likelyhood
[a_hat,b_hat,y_hat,e_hat,sigma2_e_hat ]=mono lr(x, y,’ml ’);
plot(x);hold on;plot(y_hat(1:J),’kd’);
plot(epsilon.*W);hold on;plot(e_hat(1:J));
clf;
% Lespkii’s adaptive procedure
epsilon=.01;
y(1:16)=x(1:16)+epsilon*W(1:16);
y(16:32)=2*x(16:32)+epsilon*W(16:32);
[a_hat,b_hat,y_hat,e_hat,sigma2_e_hat ,K_sta r,j_h at,I_ c_j_mi n,I_c _j_ma x,E_c_ j_hat _min, E_c_j_ hat_m ax]=m onolr( x,y,’ lapls ’);
plot(a_hat);
hold on;
plot(I_c_j_max,’rˆ’);
plot(I_c_j_min,’gV’);
title(’LAP: estimator vs. index’);
xlabel(’index: j’);
ylabel(’estimator: \theta_j’);
plot(j_hat,E_c_j_hat_min,’ko’);
plot(j_hat,E_c_j_hat_max,’ko’);

SCILAB :

//

REFERENCES:
To bepublished.

SEE ALSO :
lepskiiap(C LAB routine).

0.52 morlet Morlet wavelet
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Author: PauloGoncalves

Computesa Morlet wavelet.

USAGE :

[wavelet,alpha] = morlet(nu,[N,analytic])

INPUT PARAMETERS :

o nu : realscalarbetween0 and1/2 Central(reduced)frequency of thewavelet
o N : Positive integerHalf lengthof thewavelettransform.Default valuecorrespondsto a total lengthof

4.5periods.
o analytic: boolean(0/1)underMatalbor (%F/%T)underScilab. 0 or %F: realMorlet wavelet1 or %T

: analyticMorlet wavelet

OUTPUT PARAMETERS :

o wavelet: realor complex vector[1,2*N+1] Morlet waveletin time.
o alpha: realscalarAttenuationexponentof theGaussianenveloppeof theMorlet wavelet.

SEE ALSO: :
mexhat,contwt

EXAMPLE: :

//wavelet synthesis
wavelet1 = morlet(0.1,64) ;plot(wavelet1)

wavelet2 = morlet(0.1) ;plot(wavelet2)

0.53 multim1d multinomial 1d measuresynthesis

Author: ChristopheCanus

This C LAB routinesynthesizesa largerangeof pre-multifractalmeasuresrelatedto the multinomial
1d measure(deterministic,shuffled, pertubated)andcomputeslinked theoreticalfunctions(partitionsum
function,Reyni exponentsfunction,generalizeddimensions,multifractalspectrum).

USAGE :

[varargout,[optvarargout]]=multim1d(b ,p,str ,vara rgin, [optva rargi n])

INPUT PARAMETERS :

o b : strictly positivereal(integer)scalarContainsthebaseof themultinomial.
o p : strictly positiverealvector[1,b] Containstheweightsof themultinomial.
o str : stringContainsthetypeof ouput.
o varargin : variableinput argumentContainsthevariableinputargument.

FractalesGroup July5th 1997 54



multim1d ScilabFunction

o optvarargin : optionalvariableinput argumentsContainsoptionalvariableinputarguments.

OUTPUT PARAMETERS :

o varargout: variableoutputargumentContainsthevariableoutputargument.
o optvarargout: optionalvariableoutputargumentContainsanoptionalvariableoutputargument.

DESCRIPTION :

PARAMETERS :

Themultinomial1dmeasureis completlycharacterizedby its baseb andits weightsp(i) (i=1 to b). The
first parameterb mustbe � 1. Thesecondparametermustbea vectorof sizeequalto b. Theweightsp(i)
mustbe � 0., � 1. andtheirsummustbe=1. (thecaseof p(i)=1/bcorrespondsto theLebesguemeasure)(i=1
to b). Thethird parameterstr is avariablestringusedto determinethedesiredtypeof output.Therearesix
suffix strings(’meas’for measure,’cdf ’ for cumulativedistribution function, ’pdf ’ for probabilitydensity
function, ’part’ for partition sumfunction, ’Reyni’ for Reyni exponentfunction , ’spec’ for multifractal
spectrum)for the deterministicmultinomial measureand two prefix stringsfor relatedmeasures(’shuf’
for shuffled , ’pert’ for pertubated)which canbe addedto the first onesto form composedstrings. For
example,’shufmeas’is for thesynthesisof a shuffled multinomial1d pre-multifractalmeasure.Note that
all combinaisonsof stringsarenot implementedyet. Whenastringcontainingsuffix string’meas’is given
asthird input,apre-multifractalmeasuremu n (first outputargument)is synthesizedontheb-adicintervals
I n (secondoptional output argument)of the unit interval. In that case,the fourth input argumentis a
strictly positive real (integer)scalarn which containsthe resolutionof the pre-multifractalmeasure.The
sizeof the outputreal vectorsmu n (andI n if used)is equalto bn (so be awarethe stacksize;-)). This
option is implementedfor the deterministic(’meas’), shuffled (’shufmeas’)and pertubated(’pertmeas’)
multinomial 1d measure.Whena string containingprefix ’shuf’ is given asthird input, the synthesisis
madefor a shuffled multinomialmeasure.At eachlevel of themultiplicative cascadeandfor all nodesof
thecorrespondingbinarytree,thevectorof weightsp is shuffled. This optionis implementedonly for the
multinomial 1d measure(’shufmeas’).Whena string containingprefix ’pert’ is given asthird input, the
synthesisis madefor a pertubatedmultinomialmeasure.In thatcase,thefifth input argumentis a strictly
positive real scalarepsilonwhich containsthe pertubationaroundweights. The weightsareindependant
randomvariablesidentically distributed betweenp(i)-epsilonand p(i)+epsilonwhich must be � 0., � 1.
(i=1 to b). This optionis implementedonly for themultinomial1d measure(’pertmeas’).Whenreplacing
suffix string ’meas’ with suffix string ’cdf ’, respectively suffix string ’pdf ’, the cumulative distribution
function F n, respectively the probability densityfunction p n, relatedto this pre-multifractalmeasureis
computed(first outputargument). Whenstring ’part’ is given as third input, the partition sumfunction
znqof multifractal measureis computedassoleoutputargument.In that case,the fourth input argument
is a strictly positive real (integer)vectorvn which containstheresolutions,andthefifth input argumentis
a real vectorq which containsthe measureexponents.The sizeof the outputreal matrix znq is equalto
size(q)*size(vn).This option is implementedonly for the multinomial 1d measure.Whenstring ’Reyni’
is givenasthird input, theReyni exponentsfunctiontq (andthegeneralizeddimensionsDq if used)of the
multifractal measureis computedasfirst outputargument(andsecondoptionaloutputargumentif used).
In that case,the fourth input argumentis a real vectorq which containsthe measure’s exponents. The
sizeof the outputrealvectortq is equalto size(q)). This option is implementedonly for the multinomial
1d measure.Whenstring ’spec’ is given asthird input, the multifractal spectrumf alpha(secondoutput
argument)is synthesizedon the Hoelderexponentsalpha(first outputargument). In that case,the fourth
inputargumentis astrictly positivereal(integer)scalarN whichcontainsthenumberof Hoelderexponents.
Thesizeof bothoutputrealvectorsalphaandf alphais equalto N. Thisoptionis implementedonly for the
multinomial1d measure.

ALGORITHM DETAILS :

For thedeterministicmultinomial,thepre-multifractalmeasuresynthesisalgorithmis implementedis a
iterative way (supposedto run fasterthana recursiveone).For theshuffledor thepertubatedmultinomial,
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the synthesisalgorithmis implementedis a recursive way (to be ableto pick up a i.i.d. r.v. at eachlevel
of themultiplicativecascadeandfor all nodesof thecorrespondingbinarytreew.r.t. thegivenlaw). In the
caseof thepertubatedmultinomial, theweightsof eachnodearenormalisedby their sumfor themeasure
to remainconservative. Notethattheshuffledmultinomial1d measureis notconservative.

EXAMPLES :

b=3;
p=[.1 .3 .6];
n=8;
// synthesizes a pre-multifractal multinomial 1d measure
[mu_n,I_n]=multim1d(b,p,’meas’,n);
plot(I_n,mu_n);
// synthesizes the cdf of a pre-multifractal shuffled multinomial 1d measure
F_n=multim1d(b,p,’shufcdf’,n);
plot(I_n,F_n);
e=.09;
// synthesizes the pdf of a pre-multifractal pertubated multinomial 1d measure
p_n=multim1d(b,p,’pertpdf’,n,e);
plot(I_n,p_n);
xbasc();
vn=[1:1:8];
q=[-5:.1:+5];
// computes the partition sum function of a multinomial 1d measure
znq=multim1d(b,p,’part’,vn,q);
mn=zeros(max(size(q)),max(size(vn)));
for i=1:max(size(q))

mn(i,:)=-vn*log(2);
end
plot2d(mn’,log(znq’));
// computes the Reyni exponents function of a multinomial 1d measure
tq=multim1d(b,p,’Reyni’,q);
plot(q,tq);
N=200;
// computes the multifractal spectrum of a multinomial 1d measure
[alpha,f_alpha]=multim1d(b,p,’spec’,N );
plot(alpha,f_alpha);

.SH References
"Multifractal Measures", Carl J. G. Evertsz and Benoit
B. MandelBrot. In Chaos and Fractals, New Frontiers of Science,
Appendix B. Edited by Peitgen, Juergens and Saupe, Springer Verlag,
1992 pages 921-953.
"A class of Multinomial Multifractal Measures with negative
(latent) values for the "Dimension" f(alpha)", Benoit
B. MandelBrot. In Fractals’ Physical Origins and Properties,
Proceeding of the Erice Meeting, 1988. Edited by L. Pietronero, Plenum
Press, New York, 1989 pages 3-29.
.SH See also
binom, sbinom, multim2d, smultim1d, smultim2d (C_LAB routines).
MFAS_measures, MFAS_dimensions, MFAS_spectra (Matlab and/or Scilab demo scripts).

0.54 multim2d multinomial 2d measuresynthesis
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Author: ChristopheCanus

This C LAB routinesynthesizesa largerangeof pre-multifractalmeasuresrelatedto the multinomial
2d measure(deterministic,shuffled, pertubated)andcomputeslinked theoreticalfunctions(partitionsum
function,Reyni exponentsfunction,generalizeddimensions,multifractalspectrum).

USAGE :

[varargout,[optvarargout]]=binom(bx,b y,p,st r,var argin ,[optv ararg in])

INPUT PARAMETERS :

o bx : strictly positive real(integer)scalarContainstheabscissabaseof themultinomial.
o by : strictly positive real(integer)scalarContainstheordonatebaseof themultinomial.
o p : strictly positiverealvector[by,bx] Containstheweightsof themultinomial.
o str : stringContainsthetypeof ouput.
o varargin : variableinput argumentContainsthevariableinputargument.
o optvarargin : optionalvariableinput argumentsContainsoptionalvariableinputarguments.

OUTPUT PARAMETERS :

o varargout: variableoutputargumentContainsthevariableoutputargument.
o optvarargout: optionalvariableoutputargumentContainsanoptionalvariableoutputargument.

DESCRIPTION :

PARAMETERS :

Themultinomial2dmeasureis completlycharacterizedby its abscissabasebx,ordonatebaseby andits
weightsp(i) (i=1 to bx*by). Thefirst two parametersbx andby mustbe � 1. Thethird parametermustbe
a vectorof sizeequalto bx*by. Theweightsp(i) mustbe � 0., � 1. andtheir summustbe=1. (thecaseof
p(i)=1/(bx*by) correspondsto theLebesguemeasure)(i=1 to bx*by). Thefourthparameterstr is avariable
stringusedto determinethedesiredtypeof output. Therearesix suffix strings(’meas’ for measure,’cdf ’
for cumulativedistributionfunction, ’pdf ’ for probabilitydensityfunction,’part’ for partitionsumfunction,
’Reyni’ for Reyni exponentfunction , ’spec’for multifractal spectrum)for the deterministicmultinomial
measureandtwo prefixstringsfor relatedmeasures(’shuf’ for shuffled, ’pert’ for pertubated)whichcanbe
addedto thefirst onesto form composedstrings.For example,’shufmeas’is for thesynthesisof a shuffled
multinomial 2d pre-multifractalmeasure.Note that all combinaisonsof stringsarenot implementedyet.
When a string containingsuffix string ’meas’ is given as fourth input, a pre-multifractalmeasuremu n
(first outputargument)is synthesizedon thebx-adicandby-adicintervalsI nx andI ny (secondandthird
optionaloutputargument)of theunit square.In thatcase,thefifth input argumentis a strictly positive real
(integer)scalarn which containstheresolutionof thepre-multifractalmeasure.Thesizeof theoutputreal
matrix mu n is equalto bxn*byn andthe oneof the output real vectorsI nx and I ny (if used)is equal
to bxn andbyn (sobeawarethestacksize;-)). This optionis implementedfor thedeterministic(’meas’),
shuffled(’shufmeas’)andpertubated(’pertmeas’)multinomial2dmeasure.Whenastringcontainingprefix
’shuf’ is given as fourth input, the synthesisis madefor a shuffled multinomial measure.At eachlevel
of the multiplicative cascadeand for all nodesof the correspondingbinary tree, the vector of weights
p is shuffled. This option is implementedonly for the multinomial 2d measure(’shufmeas’). When a
stringcontainingprefix ’pert’ is givenasfourth input, thesynthesisis madefor a pertubatedmultinomial
measure.In that case,the fifth input argumentis a strictly positive real scalarepsilonwhich containsthe
pertubationaroundweights.Theweightsareindependantrandomvariablesidenticallydistributedbetween
p(i)-epsilonandp(i)+epsilonwhich mustbe � 0., � 1. (i=1 to bx*by). This option is implementedonly
for themultinomial2d measure(’pertmeas’).Whenreplacingsuffix string ’meas’with suffix string ’cdf ’,
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respectively suffix string’pdf ’, thecumulativedistributionfunctionF n, respectively theprobabilitydensity
functionp n, relatedto thispre-multifractalmeasureis computed(first outputargument).Whenstring’part’
is givenasfourth input, thepartitionsumfunctionznqof multifractalmeasureis computedassoleoutput
argument.In thatcase,thefifth input argumentis a strictly positive real(integer)vectorvn which contains
theresolutions,andthesixth input argumentis a realvectorq which containsthemeasureexponents.The
sizeof the output real matrix znq is equalto size(q)*size(vn). This option is implementedonly for the
multinomial2d measure.Whenstring’Reyni’ is givenasthird input, theReyni exponentsfunctiontq (and
the generalizeddimensionsDq if used)of the multifractal measureis computedasfirst outputargument
(and secondoptional outputargumentif used). In that case,the fifth input argumentis a real vectorq
which containsthe measure’s exponents.The sizeof the output real vector tq is equalto size(q)). This
optionis implementedonly for themultinomial2dmeasure.Whenstring’spec’is givenasfourth input,the
multifractalspectrumf alpha(secondoutputargument)is synthesizedontheHoelderexponentsalpha(first
outputargument).In that case,the fifth input argumentis a strictly positive real (integer)scalarN which
containsthenumberof Hoelderexponents.Thesizeof bothoutputrealvectorsalphaandf alphais equal
to N. This optionis implementedonly for themultinomial2d measure.

ALGORITHM DETAILS :

For thedeterministicmultinomial,thepre-multifractalmeasuresynthesisalgorithmis implementedis a
iterative way (supposedto run fasterthana recursiveone).For theshuffledor thepertubatedmultinomial,
the synthesisalgorithmis implementedis a recursive way (to be ableto pick up a i.i.d. r.v. at eachlevel
of themultiplicativecascadeandfor all nodesof thecorrespondingbinarytreew.r.t. thegivenlaw). In the
caseof thepertubatedmultinomial, theweightsof eachnodearenormalisedby their sumfor themeasure
to remainconservative. Notethattheshuffledmultinomial2d measureis notconservative.

EXAMPLES :

bx=2;
by=3;
p=[.05 .1; .15 .2; .24 .26];
n=5;
// synthesizes a pre-multifractal multinomial 2d measure
[mu_n,I_nx,I_ny]=multim2d(bx,by,p,’me as’,n) ;
plot3d(I_nx,I_ny,mu_n);
// synthesizes the cdf of a pre-multifractal shuffled multinomial 2d measure
F_n=multim2d(bx,by,p,’shufcdf’,n);
plot3d(I_nx,I_ny,F_n);
e=.049;
// synthesizes the pdf of a pre-multifractal pertubated multinomial 2d measure
p_n=multim2d(bx,by,p,’pertpdf’,n,e);
plot3d(I_nx,I_ny,p_n);
xbasc();
vn=[1:1:8];
q=[-5:.1:+5];
// computes the partition sum function of a multinomial 2d measure
znq=multim2d(bx,by,p,’part’,vn,q);
mn=zeros(max(size(q)),max(size(vn)));
for i=1:max(size(q))

mn(i,:)=-vn*log(2);
end
plot2d(mn’,log(znq’));
// computes the Reyni exponents function of a multinomial 2d measure
tq=multim2d(bx,by,p,’Reyni’,q);
plot(q,tq);
N=200;
// computes the multifractal spectrum of a multinomial 2d measure
[alpha,f_alpha]=multim2d(bx,by,p,’spe c’,N);
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plot(alpha,f_alpha);

REFERENCES:
”Multifractal Measures”,Carl J.G. EvertszandBenoitB. MandelBrot.In ChaosandFractals,New Fron-
tiersof Science,AppendixB. Editedby Peitgen,JuergensandSaupe,SpringerVerlag,1992pages921-953.
”A classof Multinomial Multifractal Measureswith negative(latent)valuesfor the”Dimension” f(alpha)”,
Benoit B. MandelBrot. In Fractals’PhysicalOrigins and Properties,Proceedingof the Erice Meeting,
1988. Editedby L. Pietronero,PlenumPress,New York, 1989pages3-29. .SH Seealsobinom,sbinom,
multim1d,smultim1d,smultim2d(C LAB routines).MFAS measures,MFAS dimensions,MFAS spectra
(Matlaband/orScilabdemoscripts).

0.55 nextpowQ Roundsa number to the up-nearestpower of an
integer

Author: PauloGoncalves

Roundsa numberx to theup-nearestpowerof anintegerQ

USAGE :

[xup2Q,powQ] = nextpowQ(x[,Q])

INPUT PARAMETERS :

o x : Realpositivenumber
o Q : Positive integer. Default valueis Q = 2

OUTPUT PARAMETERS :

o xup2Q: Positive integerx roundedto theclosestpowerof Q
o powQ : Positive integerxup2Q= powQQ.

SEE ALSO: :
log, log2

0.56 oscillsing Oscillating Singularity synthesis

Author: PauloGoncalves

Generatesoscillatingsingularitieslocatedin theinterval [0 .. 1]

USAGE :

[x,Fj,Fs] = oscillsing(alpha,beta,sing_pos,N,sho w) ;
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INPUT PARAMETERS :

o alpha: Realpositivevector[1,n sing] or [n sing,1]Holderstrenghtsof thesingularities
o beta: Realpositivevector[1,n sing] or [n sing,1]Chirp exponentsof thesingularities
o sing pos: Realvector[1,n sing] or [n sing,1]Locationof thesingularitiesin theinterval [0 .. 1]
o N : IntegerSamplesizefor thesynthesizedsignal
o show : flag0/1flag= 0 : nodisplayflag= 1 : displaystheinstantaneousfrequenciesandthesynthesized

signal

OUTPUT PARAMETERS :

o x : realvector[1,N] Timesamplesof thesynthesizedsignal
o Fj : realmatrix [N,n sing] instantaneousfrequencies(eachcolumnof Fj containsthe frequency chirp

of eachsingularity)
o Fs: realsamplingfrequency

SEE ALSO: :

EXAMPLE: :

[x,Fj,Fs] = oscillsing([1/2 1 2],[1 2 4],[-0.5 0 0.5],256,1) ;

0.57 prescrib Generationof signalswith prescribedHolder
function

Author: Khalid Daoudi

Using the GIFS method,this routinegeneratesa continousfunction with prescribedHolder function,
while interpolatingasetof point.

USAGE :

[x,y]=prescrib(Interp_pts, Holder_funct, nbr_iter)

INPUT PARAMETERS :

o Interp pts: Realmatrix [n,2] Containstheinterpolationpointsin theformat: abscissa-ordinate.
o Holder funct : CharacterstringSpecifiestheHolder functionyou want to prescribe.It musthave the

form of compositionsof matlabfunctionsof variablet (’2*sqrt(1-t)’ for instance).The useof the
variablet is crucial.For shakeof simplicity, this variablet is supposedto vary in [0,1].

o nbr iter : integerNumberof iterationwantedin thegenerationprocessof theGIFSattractor.

OUTPUT PARAMETERS :

o x : RealvectorContainstheabscissaof theattractorgraph.
o y : RealvectorContainstheordinatesof theattractorgraph.
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DESCRIPTION :

PARAMETERS :

o Interp ptsis a realmatrix [n,2] containingthecordinatesof theinterpolationpoints.
o Holder funct is a characterstring specifyingthe Holder function you want to prescribe.This means

thatGIFSattrcatorwill have,atapoint t, aHolderexponentequalto thevalueof this functionatpint
t.

o nbr iter is thenumberof iterationwantedin thegenerationprocessof theGIFSattractor.
o x andy containthecordinatesof theGIFSattractor.

ALGORITHM DETAILS :
GeneralizedIteratedFunctionsSystems(GIFS)area generalizationof theusualIFS. This generalization

consistsin allowing the contarationsto changeat eachstep(scale)of the attractorgenerationprocess.
We alsoallow their numberandtheir supportto change.Here,we usethe GIFS to constructcontinuous
function with prescribedlocal regularity. More precisely, if H(t) is the prescribedHolder function, then
for eachj=1,...,nbriter-1, andfor eachk=0,...,pow(m,j)-1, theGIFScoefficient c kj is definiedas: c kj =
pow(m,H(k*pow(m,-j))), wherem+1 is the numberof interpolationpoints. The resultingattractoris the
graphof a continuousfunctionF suchthat theHolderexponentof F, at eachpoint t, is H(t). Moreover, if
� (t i, y i), i=1,...,m+1� is thesetof interpolationpoints,thenF(t i)=y i for eachi=1,...,m+1.

SEE ALSO: :
gifs andalphagifs

EXAMPLE: :

I = [0 0
.5 1

1 0];
[x,y] = prescrib(I,’abs(sin(3*pi*t))’,10);
plot(x,y)
//[x,y] is the graph of a continuous function F which
//interpolates {(0,0); (0.5 1); (1,0)} and such that
// the Holder exponent of F, at each point t, is abs(sin(3*pi*t)).

0.58 pseudoAW Pseudoaffine Wigner distrib ution

Author: PauloGoncalves

Computesa PseudoAffineWignerDistributionsof a 1-D signal(realor complex).

USAGE :

[tfr,scale,f,wt] = pseudoAW(x,K,[wave,smooth,fmin,fma x,N]);

INPUT PARAMETERS :

o x : Realor complex vector[1,nt] or [nt,1] Timesamplesof thesignalto beanalyzed.
o K : realscalarParameterof thepseudoaffineWignerdistributions.K = -1 : pseudoUnterbergerK = 0

: pseudoBertrandK = 1/2 : pseudoD-FlandrinK = 2 : pseudoaffineWigner-Ville, etc...
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o wvlt length: positive integerspecifiesthe analyzingwavelet: 0: Mexicanhat wavelet (real)Positive
realinteger: realMorlet waveletof size2*wvlt length+1)atfinestscale1 Positive imaginaryinteger:
analyticMorlet waveletof size2*wvlt length+1)at finestscale1 Default valueis the Mexicanhat
wavelet( wvlt length= 0 )

o smooth: positive integerhalf lengthof thetime smoothingwindow. SMOOTH = 0 correspondsto the
PseudoaffineWignerdistributionwith no time-smoothing.Default valueis mooth= 0.

o fmin : realin [0,0.5]Lower frequency boundof theanalysis.Whennotspecified,thisparameterforces
theprogramto interactivemode.

o fmax : real in [0,0.5] andfmax � Upperfrequency boundof the analysis.Whennot specified,this
parameterforcestheprogramto interactivemode.

o N : positiveinteger. numberof analyzingvoices.Whennotspecified,thisparameterforcestheprogram
to interactivemode.

OUTPUT PARAMETERS :

o tfr : Realmatrix [N,nt] time-frequency distribution
o scale: realvector[1,N] analyzedscales
o f : realvector[1,N] analyzedfrequencies
o wt : realor complex matrix [N,nt] matrix of thewaveletcoefficients(intermediatestep)

DESCRIPTION :

PARAMETERS :

o K : fixesthe function lambdaK(u) = K ( (exp(-u)-1)/(exp(-Ku)-1) )(1/(k-1)) usedin the generalized
affineconvolutionto definetheK-orderpseudoaffineWignerdistribution.

o smooth: fixestheammountof smoothin timeof thedistribution. Thisammountcanvarycontinuously
from anunsmoothedpseudoaffineWignerdistribution up to a maximumsmoothnesscorresponding
to a scalogram(squaredmagnitudeof theintermediatewaveletcoefficients)

o N : numberof analyzingvoicesgeometricallysampledbetweenminimumscalefmax/fmaxandmaxi-
mumscalefmax/fmin.

o tfr : Samplesof thepseudoaffine Wignerdistribution. X-coordinatedcorrespondsto time (uniformly
sampled),Y-coordinatescorrespondto frequency (or scale)voices(geometricallysampledbetween
fmax (resp. 1) andfmin (resp. fmax / fmin ). First row of tfr correspondsto the highestanalyzed
frequency (finestscale).

o scale: analyzedscales(geometricallysampledbetween1 andfmax /fmin
o f : analyzedfrequencies(geometricallysampledbetweenfmaxandfmin . f correspondsto fmax/scale
o wt : coefficientsof the intermediate-stepwavelet transform.X-coordinatedcorrespondsto time (uni-

formly sampled),Y-coordinatescorrespondto frequency (or scale)voices(geometricallysampled
betweenfmax (resp. 1) andfmin (resp. fmax / fmin ). First row of wt correspondsto the highest
analyzedfrequency (finestscale).

ALGORITHM DETAILS :
A pseudoaffine Wigner distribution requiresto computea continuouswavelet transformfirst. For each

time,thecorrespondingcolumnof thewavelettransformis affineconvolved(generalizedaffineconvolution
definedthroughfunctionlambdaK(u) ) with itself.

SEE ALSO: :
contwt,cwt andlambdak

EXAMPLE: :

//Signal synthesis
x = morlet(0.35,32)+morlet(0.1,32) ;
// K = -1 pseudo affine Wigner distribution with no time smoothing
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[tfr,scale,f,wt] = pseudoAW(x,-1,12*i,0,0.01,0.5,128) ;
viewmat(tfr,1:length(x),f,[1 0 .5]) ;
//K = -1 time smoothed pseudo affine Wigner distribution
[tfr,scale,f,wt] = pseudoAW(x,-1,12*i,3,0.01,0.5,128) ;
viewmat(tfr,1:length(x),f,[1 0 0]) ;

0.59 regdim Estimate the regularization dimensionof a 1d or 2d
sample.

Author: FrancoisRoueff

Computesthe regularizationdimensionof the graphof a 1d or 2d sampledfunction. Two kernelsare
available:theGaussianor theRectangle.

USAGE :

dim = regdim(x,sigma,voices,Nmin,Nmax,kerne l,mir ror,r eg,gra phs)

INPUT PARAMETERS :

o x : 1d: Realvector[1,nt] or [nt,1] 2d: Realmatrix [nt,pt] Timesamplesof thesignalto beanalyzed.
o sigma: RealpositivenumberStandardDeviationof thenoise.Its defaultvalueis null (noisefree)
o voices: Positive integer. numberof analyzingvoices.Whennotspecified,this parameteris setto 128.
o Nmin : Integerin [2,nt/3]Lowerscalebound(lowerlength)of theanalysingkernel.Whennotspecified,

this parameteris setto 2.
o Nmax : Integer in [Nmin,2nt/3] Upperscalebound(upperlength)of theanalysingkernel. Whennot

specified,thisparameteris setto nt/3.
o kernel : String specifiesthe analyzingkernel: ”gauss”: Gaussiankernel (default) ”rect”: Rectangle

kernel
o mirror : Boolean

specifieswetherthesignalis to bemirrorizedfor theanalyse(default: 0).
o reg : Boolean

specifieswethertheregressionis to bedoneby theuseror automatically(default: 0).
o graphs: Boolean:

for onedimensionalsignals,it specifieswethertheregularizedgraphshave to bedisplayed(default:
0). In two dimensionalsugnalsandfor matlabonly, all theregularizedsamplescontoursareplotted
on asamefigure.

OUTPUT PARAMETERS :

o dim : RealEstimatedregularizationdimension.
o handlefig(for Matlabonly): IntegervectorHandlesof thefiguresopenedduringtheprocedure.

DESCRIPTION :
For a morecompleteexplanationof the regularizationdimension,onecanrefer to: ”A regularizationap-

proachto fractionnaldimensionestimation”,F. Roueff, J.Levy-Vehel,submittedto Fractal98 conference.
Theregularizedgraphsof x arecomputedvia convolutionsof x with dilatedversionsof thekernelatdiffer-
entscales.Thelengthsof theregularizedgraphsarecomputedvia convolutionsof x with thederivativesof
thedilatedversionsof thekernel.Theregularizationdimensionis computedeithervia anautomaticrange
regressionor via a regressionby handon the loglog plot of the lengthsversusscales.If sigmais strictly
positive,anestimationof thelengthswithoutnoiseis usedfor theregression.Theselengthsaredisplayedin
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redwhile thoseof thenoisysignalarein black.They shouldseperateatfinescales.Whenonespecifiesthe
rangeregression,the loglog plot of the lengthsversusscalesappears.Above areeitherincrements(when
sigmais null) or a loglog plot of the noiseprevalencein the lengths. Oneselectsthe scalerangeof the
regression.In the caseof noisefreesignals,selecta scaleregion with stableincrements.In the caseof a
strictly positivesigma,selecta scaleregionwherethenoiseprevalenceis not too closeto 1 (0 in log10): it
shouldcorrespondto anapproximatelylinearregion for theredestimations.Thenumberof scales(voices)
tells how many convolutionsarecomputed.Thebiggerit is, theslower thecomputationis. Thescaleaxis
is geometricallysampled(i.e. its log is arithmeticallysampled).Thegaussiankernelshouldgive a better
resultbut therectangleis faster.

SEE ALSO: :
cwttrack,cwtspec.

EXAMPLE: :

// 1D:
// Signal synthesis
x = GeneWei(1024,0.6,2,1.0,0);
plot(x);
//Dimension of the graph with a regression by hand
dim = regdim(x,0,128,10,500,’gauss’,0,1,1);

// 2D
// Signal synthesis
z = GeneWei(200,0.6,2,1.0,0);
y = GeneWei(200,0.4,3,1.0,0);
w = z’*y;
plot3d(linspace(0,1,200),linspace(0,1 ,200), w);
//Dimension of the graph with a regression by hand
dim = regdim(w,0,25,10,50,’gauss’,0,1);

0.60 reynitq Reyni exponentsestimation

Author: ChristopheCanus

This routineestimatestheReyni exponentson a partitionfunction.

USAGE :

[tq,[Dq]]=reynitq(znq,n,q)

INPUT PARAMETERS :

o znq: strictly positive realmatrixContainsthepartitionfunction.
o n : strictly positivereal(integer)vectorContainstheresolutions.
o q : strictly positiverealvectorContainstheexponents.

OUTPUT PARAMETERS :

o tq : realvector[1,size(q)]ContainsthediscreteLegendreSpectrum.
o Dq : realvector[1,size(q)]Containsthegeneralizeddimensions.
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DESCRIPTION :

PARAMETERS :

The massexponentstq and the generalizeddimensionsDq (if used)are computedon the partition
functionznq.Theinput realmatrixznqmustbeof heightsize(q)andof width size(n).

Theoutputrealvectorstq andDq (if used)areof sizesize(q).
ALGORITHM DETAILS :

Themassexponentfunctiontq by leastmeansquarelinear-fit.
SEE ALSO :
mdzq1d,mdzq2d,linearlt,mdfl1d,mdfl2d.

0.61 sbinom stochasticbinomial measuresynthesis

Author: ChristopheCanus

This C LAB routinesynthesizestwo typesof pre-multifractalstochasticmeasuresrelatedto thebino-
mial measureparadigm(uniform law andlognormallaw) andcomputeslinkedmultifractalspectrum.

USAGE :

[varargout,[optvarargout]]=sbinom(str ,varar gin,[ optva rargin ])

INPUT PARAMETERS :

o str : stringContainsthetypeof ouput.
o varargin : variableinput argumentContainsthevariableinputargument.
o optvarargin : optionalvariableinput argumentsContainsoptionalvariableinputarguments.

OUTPUT PARAMETERS :

o varargout: variableoutputargumentContainsthevariableoutputargument.
o optvarargout: optionalvariableoutputargumentContainsanoptionalvariableoutputargument.

DESCRIPTION :

PARAMETERS :

Thefirst parameterstr is a variablestringusedto determinethedesiredtypeof output. Therearefour
suffix strings(’meas’for measure,’cdf ’ for cumulativedistribution function, ’pdf ’ for probabilitydensity
function,’spec’for multifractalspectrum)andatwo prefixstringsfor thetypeof stochasticmeasure(’unif ’
for uniform and’ logn’ for lognormal)which mustaddedto thefirst onesto form composed.For example,
’unifmeas’ is for the synthesisof a uniform law binomial pre-multifractalmeasureand’ lognspec’is for
thecomputationof themultifractal spectrumof a lognormalbinomialmeasure.Whena stringcontaining
suffix string ’meas’ is given assecondinput, a pre-multifractalmeasuremu n (first outputargument)is
synthesizedon thedyadicintervalsI n (secondoptionaloutputargument)of theunit interval. In thatcase,
the third input argumentis a strictly positive real (integer) scalarn which containsthe resolutionof the
pre-multifractalmeasure.The sizeof the outputreal vectorsmu n (andI n if used)is equalto 2n (so be
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awarethestacksize;-)). This option is implementedfor theuniform law (’unifmeas’)andthe lognormal
law (’ lognmeas’)binomialmeasures.Whena stringcontainingprefix ’unif ’ is givenassecondinput, the
synthesisor thecomputationis madefor a uniform law binomialmeasure.In thatcase,theoptionalfourth
inputargumentis astrictly positiverealscalarepsilonwhichcontainsthepertubationaroundweight.5. The
weightis anindependantrandomvariableidenticallydistributedbetweenepsilonand1-epsilonwhichmust
be � 0., � 1. Thedefault valuefor epsilonis 0. Whena stringcontainingprefix ’ logn’ is givenassecond
input, the synthesisor the computationis madefor a lognormallaw binomial measure.In that case,the
optionalfourth input argumentis a strictly positive realscalarsigmawhich containsthestandarddeviation
of thelognormallaw. Whenreplacingsuffix string’meas’with suffix string’cdf ’, respectively suffix string
’pdf ’, thecumulativedistribution functionF n, respectively theprobabilitydensityfunctionp n, relatedto
this pre-multifractalmeasureis computed(first outputargument). Whena string containingsuffix string
’spec’is givenassecondinput, themultifractalspectrumf alpha(secondoutputargument)is synthesized
on theHoelderexponentsalpha(first outputargument).In thatcase,the third input argumentis a strictly
positive real (integer)scalarN which containsthe numberof Hoelderexponents.Thesizeof bothoutput
real vectorsalphaandf alphais equalto N. This option is implementedfor the uniform law (’unifspec’)
andthelognormallaw (’ lognspec’)binomialmeasures.
ALGORITHM DETAILS :

For the uniform and lognormallaw binomial, the synthesisalgorithm is implementedis a recursive
way (to be able to pick up a i.i.d. r.v. at eachlevel of the multiplicative cascadeand for all nodesof
the correspondingbinary treew.r.t. the given law). Note that the lognormallaw binomial measureis not
conservative.
EXAMPLES :

n=10;
// synthesizes a pre-multifractal uniform Law binomial measure
[mu_n,I_n]=sbinom(’unifmeas’,n);
plot(I_n,mu_n);
s=1.;
// synthesizes the cdf of a pre-multifractal lognormal law binomial measure
F_n=sbinom(’logncdf’,n,s);
plot(I_n,F_n);
e=.19;
// synthesizes the pdf of a pre-multifractal uniform law binomial measure
p_n=sbinom(’unifpdf’,n,e);
plot(I_n,p_n);
N=200;
// computes the multifractal spectrum of the lognormal law binomial measure
[alpha,f_alpha]=sbinom(’lognspec’,N,s );
plot(alpha,f_alpha);

REFERENCES:
”A classof Multinomial Multifractal Measureswith negative(latent)valuesfor the”Dimension”f(alpha)”,
Benoit B. MandelBrot. In Fractals’PhysicalOrigins and Properties,Proceedingof the Erice Meeting,
1988.Editedby L. Pietronero,PlenumPress,New York, 1989pages3-29. ”Limit LognormalMultifractal
Measures”,BenoitB. MandelBrot. In Frontiersof Physics,LandauMemorialConference,Proceedingof
theTel-Aviv Meeting,1988.Editedby Errol AsherGotsman,Yuval Ne’emanandAlexanderVoronoi,New
York Pergamon,1990pages309-340.
SEE ALSO :
binom,multim1d,multim2d,smultim1d,smultim2d(C LAB routines).MFAS measures,MFAS dimensions,
MFAS spectra(Matlaband/orScilabdemoscripts).

0.62 sgifs SemiGeneralizedIFS generation
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Author: Khalid Daoudi

This routinegeneratesstochasticalSemi-GeneralizedIteratedFunctionsSystems(SGIFS)attractors.

USAGE :

[x, y, Ci]=sgifs(Interp_pts, coefs, nbr_iter,law_type,var)

INPUT PARAMETERS :

o Interp pts: Realmatrix [n,2] Containstheinterpolationpointsin theformat: abscissa-ordinate.
o coefs: RealvectorContainsthefundamentalcontractionsratios.
o nbr iter : IntegerNumberof iterationswantedin thegenerationprocessof theSGIFSattractor.
o law type: CharacterstringSpecifiesthe typeof law desired.You have thechoicebetween’uniform’

and’normal’.
o var : RealscalarRulesthe variancedecreaseacrossscales. At eachscalej, the variancewould be

1/pow(j,var).

OUTPUT PARAMETERS :

o x : RealvectorContainstheabscissaof theattractorgraph.
o y : RealvectorContainstheordinatesof theattractorgraph.
o Ci : RealvectorContainsall thecoefficientsof thesogeneratedGIFS.

DESCRIPTION :

PARAMETERS :

o Interp ptsis a realmatrix [n,2] containingtheinterpolationpoints.
o coefsis a realvectorcontainingthefundamentalcontractionsratios,i.e. coefs(1)(resp.coef(2))would

bethemeanof theeven(resp.odd)ceofficients.
o nbr iter is thenumberof iterationswantedin thegenerationprocessof theSGIFSattractor.
o law typeis acharacterstringwhich specifiesthetypeof law desiredfor theGIFScoefficients.
o var is a realscalarruling thevariancedecreaseacrossscales.At eachstepj of theattractorgeneration,

thevarianceof thechosenlaw wouldbe1/pow(j,var).
o [x,y] containstheresultingattractor.
o Ci is a realvectorcontainingall thecoefficientsof thesogeneratedGIFS.

ALGORITHM DETAILS :
Semi-GeneralizedIteratedFunctionsSystems(SGIFS)area generalizationof the usualIFS. This gen-

eralizationconsistsin allowing the contarationsto changeat eachstep(scale)of the attractorgeneration
process.Here,weuseGIFSto constructstocasticalSGIFS.Moreprecisely, ateachscalej, theGIFScoeffi-
cientsc kj, for k even(resp.odd),area randomvariableof law law type,of meancoefs(1)(resp.coefs(2))
andof variance1/pow(j,var)Moreover, if � (t i, y i), i=1,...,n+1� is thesetof interpolationpoints,thenany
realisationof theattractoris thegraphof acontinuousfunctionF suchthat: F(t i)=y i for eachi=1,...,n+1.
SEE ALSO: :
fif, alphagifsandprescrib

EXAMPLE: :

I = [0 0
.5 1

1 0];
coefs = [.3 -.9];
[x,y,Ci] = sgifs(I,coefs,10,’uniform’,1);
plot(x,y)
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0.63 sim stable Generationof stablerandom processes

Author: Lotfi Belkacem

This routinegeneratesa stablerandomprocessandits incrementsusingthe Chambers,Mallows and
Stuck(1976)algorithm.

USAGE :

[proc,inc]=sim_stable(alpha,beta,mu,g amma,size)

INPUT PARAMETERS :

o alpha: real positive scalarbetween0 and2. This parameteris often referredto asthe characteristic
exponent.

o beta: realscalarbetween-1 and+1. Thisparameteris oftenreferredto astheskewnessparameter.
o mu : realscalarThisparameteris oftenreferredto asthelocationparameter. It is equalto theexpecta-

tion whenalphais greaterthan1.
o gamma: realpositive scalar. This parameteris oftenreferredto asthescaleparameter. It is equalto

thestandarddeviationover two squaredwhenalphaequal2.
o size: integerpositivescalar. sizeof thesimulatedsample.

OUTPUT PARAMETERS :

o proc: realvector[size,1]correspondingto thestablerandomprocess.
o inc : realvector[size,1]correspondingto theincrementsof thesimulatedprocess.

EXAMPLES :

//Example 1
//generates a standard stable random process with alpha=2, beta=0
//(symmetric), mu=0 and gamma=1.4142 which coinside with a standard
//gaussian process (Brownian motion). To visualize the process or
//the increments use plot(proc) or plot(inc).

[proc,inc]=sim_stable(2,0,0,1.4142136 ,5000) ;

//Example 2 generates a standard 1.5-stable motion
[proc,inc]=sim_stable(1.5,0,0,1,5000) ;

0.64 smultim1d multinomial 1d measuresynthesis-

Author: ChristopheCanus

This C LAB routinesynthesizestwo typesof pre-multifractalstochasticmeasuresrelatedto themulti-
nomial1d measure(uniform law andlognormallaw) andcomputeslinkedmultifractalspectrum.

USAGE :
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[varargout,[optvarargout]]=sbinom(b,s tr,var argin ,[opt vararg in])

INPUT PARAMETERS :

o b : strictly positivereal(integer)scalarContainsthebaseof themultinomial.
o str : stringContainsthetypeof ouput.
o varargin : variableinput argumentContainsthevariableinputargument.
o optvarargin : optionalvariableinput argumentsContainsoptionalvariableinputarguments.

OUTPUT PARAMETERS :

o varargout: variableoutputargumentContainsthevariableoutputargument.
o optvarargout: optionalvariableoutputargumentContainsanoptionalvariableoutputargument.

DESCRIPTION :

PARAMETERS :
Thestochasticmultinomial1d measureis completlycharacterizedby its baseb. This first parametermust
be � 1.

The secondparameterstr is a variablestring usedto determinethe desiredtype of output. Thereare
four suffix strings(’meas’ for measure,’cdf ’ for cumulative distribution function q, ’pdf ’ for probability
densityfunction,’spec’for multifractalspectrum)andatwo prefixstringsfor thetypeof stochasticmeasure
(’unif ’ for uniform and’ logn’ for lognormal)which mustaddedto the first onesto form composed.For
example,’unifmeas’ is for the synthesisof a uniform law multinomial 1d pre-multifractalmeasureand
’ lognspec’is for the computationof the multifractal spectrumof a lognormalmultinomial 1d measure.
Whena string containingsuffix string ’meas’ is given assecondinput, a pre-multifractalmeasuremu n
(first outputargument)is synthesizedon theb-adicintervals I n (secondoptionaloutputargument)of the
unit interval. In thatcase,thethird inputargumentis astrictly positivereal(integer)scalarn whichcontains
theresolutionof thepre-multifractalmeasure.Thesizeof theoutputrealvectorsmu n (andI n if used)is
equalto bn (sobe awarethestacksize;-)). This option is implementedfor the uniform law (’unifmeas’)
andthe lognormallaw (’ lognmeas’)multinomial 1d measures.Whena string containingprefix ’unif ’ is
givenassecondinput, thesynthesisor thecomputationis madefor auniformlaw multinomial1dmeasure.
In that case,the optional fourth input argumentis a strictly positive real scalarepsilonwhich contains
the pertubationaroundweight .5. The weight is an independantrandomvariableidentically distributed
betweenepsilonand1-epsilonwhich mustbe � 0., � 1. Thedefault valuefor epsilonis 0. Whena string
containingprefix ’ logn’ is givenassecondinput, thesynthesisor thecomputationis madefor a lognormal
law multinomial 1d measure.In that case,the optional fourth input argumentis a strictly positive real
scalarsigmawhich containsthe standarddeviation of the lognormallaw. Whenreplacingsuffix string
’meas’ with suffix string ’cdf ’, respectively suffix string ’pdf ’, the cumulative distribution function F n,
respectively theprobabilitydensityfunctionp n, relatedto this pre-multifractalmeasureis computed(first
outputargument).Whena string containingsuffix string ’spec’ is givenassecondinput, the multifractal
spectrumf alpha(secondoutput argument)is synthesizedon the Hoelderexponentsalpha(first output
argument).In thatcase,thethird inputargumentis astrictly positivereal(integer)scalarN which contains
thenumberof Hoelderexponents.Thesizeof bothoutputrealvectorsalphaandf alphais equalto N. This
optionis implementedonly for thelognormallaw (’ lognspec’)multinomial1dmeasures.

ALGORITHM DETAILS :

For theuniform andlognormallaw multinomial1d, thesynthesisalgorithmis implementedis a recur-
siveway(to beableto pick upa i.i.d. r.v. ateachlevel of themultiplicativecascadeandfor all nodesof the
correspondingbinarytreew.r.t. thegivenlaw). Notethatthelognormallaw multinomial1d measureis not
conservative.

EXAMPLES :
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n=10;
// synthesizes a pre-multifractal uniform Law multinomial 1d measure
[mu_n,I_n]=smultim1d(b,’unifmeas’,n);
plot(I_n,mu_n);
s=1.;
// synthesizes the cdf of a pre-multifractal lognormal law multinomial 1d
measure
F_n=smultim1d(b,’logncdf’,n,s);
plot(I_n,F_n);
e=.19;
// synthesizes the pdf of a pre-multifractal uniform law multinomial 1d measure
p_n=smultim1d(b,’unifpdf’,n,e);
plot(I_n,p_n);
N=200;
// computes the multifractal spectrum of the lognormal law multinomial 1d
measure
[alpha,f_alpha]=smultim1d(b,’lognspec ’,N,s) ;
plot(alpha,f_alpha);

REFERENCES:
”A classof Multinomial Multifractal Measureswith negative(latent)valuesfor the”Dimension”f(alpha)”,
Benoit B. MandelBrot. In Fractals’PhysicalOrigins and Properties,Proceedingof the Erice Meeting,
1988.Editedby L. Pietronero,PlenumPress,New York, 1989pages3-29. ”Limit LognormalMultifractal
Measures”,BenoitB. MandelBrot. In Frontiersof Physics,LandauMemorialConference,Proceedingof
theTel-Aviv Meeting,1988.Editedby Errol AsherGotsman,Yuval Ne’emanandAlexanderVoronoi,New
York Pergamon,1990pages309-340.
SEE ALSO :
binom,sbinom,multim1d,multim2d,smultim2d(C LAB routines).MFAS measures,MFAS dimensions,
MFAS spectra(Matlaband/orScilabdemoscripts).

0.65 smultim2d multinomial 2d measuresynthesis-

Author: ChristopheCanus

This C LAB routinesynthesizestwo typesof pre-multifractalstochasticmeasuresrelatedto themulti-
nomial2d measure(uniform law andlognormallaw).

USAGE :

[varargout,[optvarargout]]=sbinom(bx, by,str ,vara rgin, [optva rargi n])

INPUT PARAMETERS :

o bx : strictly positive real(integer)scalarContainstheabscissabaseof themultinomial.
o by : strictly positive real(integer)scalarContainstheordonatebaseof themultinomial.
o str : stringContainsthetypeof ouput.
o varargin : variableinput argumentContainsthevariableinputargument.
o optvarargin : optionalvariableinput argumentsContainsoptionalvariableinputarguments.

OUTPUT PARAMETERS :
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smultim2d SUBTITLE =stochasticmultinomial2dmeasuresynthesis ScilabFunction

o varargout: variableoutputargumentContainsthevariableoutputargument.
o optvarargout: optionalvariableoutputargumentContainsanoptionalvariableoutputargument.

DESCRIPTION :

PARAMETERS :
Thestochasticmultinomial2d measureis completlycharacterizedby its abscissabasebx, ordonatebase

by. Thesefirst two parametersmustbe � 1.
The third parameterstr is a variablestring usedto determinethe desiredtype of output. Thereare

four suffix strings(’meas’ for measure,’cdf ’ for cumulative distribution function q, ’pdf ’ for probability
densityfunction,’spec’for multifractalspectrum)andatwo prefixstringsfor thetypeof stochasticmeasure
(’unif ’ for uniform and’ logn’ for lognormal)which mustaddedto the first onesto form composed.For
example,’unifmeas’ is for the synthesisof a uniform law multinomial 2d pre-multifractalmeasureand
’ lognspec’is for the computationof the multifractal spectrumof a lognormalmultinomial 2d measure.
Whena stringcontainingsuffix string’meas’is givenasthird input,a pre-multifractalmeasuremu n (first
outputargument)is synthesizedonthebx-adicandby-adicintervalsI nxandI ny (secondandthirdoptional
outputargument)of theunit square.In thatcase,thefourthinputargumentis astrictly positivereal(integer)
scalarn which containsthe resolutionof the pre-multifractalmeasure.The sizeof the outputreal matrix
mu n is equalto bxn*byn andtheoneof theoutputrealvectorsI nx andI ny (if used)is equalto bxn and
byn (sobeawarethestacksize;-)). This option is implementedfor theuniform law (’unifmeas’)andthe
lognormallaw (’ lognmeas’)multinomial 2d measures.Whena stringcontainingprefix ’unif ’ is givenas
third input,thesynthesisor thecomputationis madefor auniformlaw multinomial2dmeasure.In thatcase,
the optionalfourth input argumentis a strictly positive real scalarepsilonwhich containsthe pertubation
aroundweight .5. The weight is an independantrandomvariableidentically distributedbetweenepsilon
and1-epsilonwhich mustbe � 0., � 1. Thedefault valuefor epsilonis 0. Whena stringcontainingprefix
’ logn’ is given asthird input, the synthesisor the computationis madefor a lognormallaw multinomial
2d measure.In that case,the optionalfifth input argumentis a strictly positive real scalarsigmawhich
containsthestandarddeviationof thelognormallaw. Whenreplacingsuffix string’meas’with suffix string
’cdf ’, respectively suffix string’pdf ’, thecumulativedistribution functionF n, respectively theprobability
densityfunctionp n, relatedto this pre-multifractalmeasureis computed(first outputargument).

ALGORITHM DETAILS :

For theuniform andlognormallaw multinomial2d, thesynthesisalgorithmis implementedis a recur-
siveway(to beableto pick upa i.i.d. r.v. ateachlevel of themultiplicativecascadeandfor all nodesof the
correspondingbinarytreew.r.t. thegivenlaw). Notethatthelognormallaw multinomial2d measureis not
conservative.

EXAMPLES :

n=5;
bx=2;
by=3;
// synthesizes a pre-multifractal uniform Law multinomial 2d measure
[mu_n,I_nx,I_ny]=smultim2d(bx,by,’uni fmeas’ ,n);
mesh(I_nx,I_ny,mu_n);
s=1.;
// synthesizes the cdf of a pre-multifractal lognormal law multinomial 2d
measure
F_n=smultim2d(bx,by,’logncdf’,n,s);
mesh(I_nx,I_ny,F_n);
e=.19;
// synthesizes the pdf of a pre-multifractal uniform law multinomial 2d measure
p_n=smultim2d(bx,by,’unifpdf’,n,e);
mesh(I_nx,I_ny,p_n);

REFERENCES:
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”A classof Multinomial Multifractal Measureswith negative(latent)valuesfor the”Dimension”f(alpha)”,
Benoit B. MandelBrot. In Fractals’PhysicalOrigins and Properties,Proceedingof the Erice Meeting,
1988.Editedby L. Pietronero,PlenumPress,New York, 1989pages3-29. ”Limit LognormalMultifractal
Measures”,BenoitB. MandelBrot. In Frontiersof Physics,LandauMemorialConference,Proceedingof
theTel-Aviv Meeting,1988.Editedby Errol AsherGotsman,Yuval Ne’emanandAlexanderVoronoi,New
York Pergamon,1990pages309-340.

SEE ALSO :
binom,sbinom,multim1d,multim2d,smultim1d(C LAB routines).MFAS measures,MFAS dimensions,
MFAS spectra(Matlaband/orScilabdemoscripts).

0.66 sortup Sorts the elementsof an array in increasingorder

Author: PauloGoncalves

Sortstheelementsof anarrayin increasingorder

USAGE :

[yup,kup] = sortup(x[,how])

INPUT PARAMETERS :

o x : Realvaluedarray[rx,cx]
o how : optionargument’*’ : x is treatedasx(:). sortupreturnsa [rx,cx] array’c’ : x is treatedcolumn-

wise. sortupreturnsa [rx,cx] arraywhich columnsaresortedin increasingorder’r’ : x is treatedin
row. sortupreturnsa [rx,cx] arraywhich rowsaresortedin increasingorderDefault valueis ’*’

OUTPUT PARAMETERS :

o yup : Realmatrix [rx,cx] Sortedelementsof x
o kup : Integermatrix [rx,cx] Indicesof thesortedelementsof x

SEE ALSO: :
sort

EXAMPLE: :

[y,x] = sort(rand(4,4)) ;
x
xSortAll = sortup(x,’*’)
xSortCol = sortup(x,’c’)
xSOrtRow = sortup(x,’r’)

0.67 stable cov Covariation of two jointly symmetric Alpha-Stable
random variables
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Author: Lotfi Belkacem

This routineestimatesthecovariationof two jointly symmetricalpha-stablerandomvariables.

USAGE :

[cov]=stable_cov(data1,data2)

INPUT PARAMETERS :

o data1: realvector[size,1]correspondingto thethefirst datasample.
o data2: realvector[size,1]correspondingto theseconddatasample.

OUTPUT PARAMETERS :

o sm: realscalarcorrespondingto theestimationthecovariationof data1on data2.

DESCRIPTION :
Thecovariationof two jointly symmetricalphastablerandomvariablesis definedonly for alphabetween
1 and2. It designedto replacethe covariancewhenthe latter is not defined(alpha� 2). Unfortunately, it
lackssomeof thedesirablepropertiesof thecovariance(notsymmetric,...). It is however, ausefulquantity
andappearsnaturally in many settings,for example,in the context of linear regression..SHExamplefor
two givensignalsS1andS2,cov=stablecov(S1,S2);estimatesthecovariationof S1onS2.

0.68 stable sm Spectralmeasureof a bivariate Stablerandom
vector

Author: Lotfi Belkacem

This routineestimatesa normalizedspectralmeasureof a bivariatestablerandomvector.

USAGE :

[theta,sm]=stable_sm(data1,data2)

INPUT PARAMETERS :

o data1: realvector[size,1]correspondingto thethefirst datasample.
o data2: realvector[size,1]correspondingto theseconddatasample.

OUTPUT PARAMETERS :

o theta: realvectorcorrespondingto thetheinput argumentof theestimatedspectralmeasure.Compo-
nentsof thevectorthetaarevaryingbetween0 and2*PI.

o sm : real vectorcorrespondingto the estimationof the normalizedspectralmeasureof the bivariate
vector(data1,data2).

EXAMPLE :
for two givensignalsS1andS2,[theta,sm]=stablesm(S1,S2);estimatesthenormalizedspectralmeasure
of thedatavector(S1,S2).To visualizeit useplot(theta,sm).
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0.69 stable test stablelaw conformicy test

Author: Lotfi Belkacem

This routineteststhestabilitypropertyof a signal.

USAGE :

[param,sd_param]=stable_test(maxr,dat a)

INPUT PARAMETERS :

o maxr: integerpositivescalar. maximumresolutionwitch dependon thesizeof thesample.
o data: realvector[size,1]correspondingto thedatasample(incrementsof thesignal).

OUTPUT PARAMETERS :

o param: real matrix [maxr,4] correspondingto the four estimatedparametersof the fited stablelaw
at eachlevel of resolution.param(i,:),for i=1, ...maxr, givesrespectively alpha(characteristicexpo-
nent),beta(skewnessparameter),mu(locationparameter),gamma(scaleparameter)estimatedat the
resolutioni.

o sd param: realmatrix [maxr,4] correspondingto theestimatedstandarddeviationsof thefour previous
parametersat eachlevel of resolution. sd param(i,:),for i=1, ...maxr, gives respectively standard
deviationof alpha,beta,mu andgammaestimatedat theresolutioni.

DESCRIPTION :
Thestabilitytestconsistsonestimatingparametersof afitedalpha-satblelaw atdifferentlevelof resolution.
the variableis said to be stableif the charateristicexponentalpharemainsapproximatively constantat
differentresolution,andthescaleparameterfollowsascalinglaw with exponent(1/alpha)-1..SHExample

[proc1_5,inc1_5]=sim_stable(1.5,0,0,1 ,20000 );
[param,sd_param]=stable_test(7,inc1_5 );
alpha=param(:,1);
m=(1:7)’;
lnm=log(m);
plot2d(m,alpha,1,’111’,’alpha’,[1,0,7 ,2]);
gamma=param(:,4);
lngamma=log(gamma);
plot(lnm,lngamma);
[a,b,sig]=reglin(lnm’,lngamma’);
slope=a
th_slope=1/1.5-1

o we generatea standard1.5-stablemotionandits increments.
o wetestthestabilitypropertyof theprevioussimutated1.5-stablerandomvariable”inc1 5” at7 resolu-

tions.
o we list estimatedalphaat differentscales.
o we visualizethestabilityof theshapeparameteralpha.
o we list estimatedgammaat differentscales.
o we visualizethescalinglaw of thescaleparametergammawith a log-logplot in thespace(scale,scale

parameter).
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o we computetheslope”a” of thefited line which will becomparedto (1/alpha-1).

:

0.70 strfbm Structure Function of a Brownian Field

Author: B. Pesquet-Popescu(ENS-Cachan)

Createsthestructurefunctionof anisotropicfBm

USAGE :

[Y] = strfbm(x,y,H)

INPUT PARAMETERS :

o x : Realvector[1,N] verticalcoordinate
o y : Realscalar[1,M] horizontalcoordinate
o H : Realin [0,1] Hurstparameter

OUTPUT PARAMETERS :

o Y : Matrix [N,M] Matrix containingthevaluesof thestructurefunction

SEE ALSO: :
synth2

EXAMPLE: :

x = 1:128 ;
y = 1:128 ;
[Y] = strfbm(x,y,0.8) ;

0.71 symcori Symmetrization of a periodic 2D correlation field

Author: B. Pesquet-Popescu(ENS-Cachan)

Symmetrizationof a periodic2D correlationfield

USAGE :

Ss = symcori(S) ;

INPUT PARAMETERS :
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o S: Matrix [N/2+1 , N] Periodic2D correlationfield S(1:N/2+1,1:N)of acomplex 2D NxN field. Values
of S(1,N/2+2:N)maybearbitrary.

OUTPUT PARAMETERS :

o Ss: Matrix [N , N] Symetrizedcorrelationfield

SEE ALSO: :
synth2,strfbm

0.72 synth2 Stationary Incr ements2D Process

Author: B. Pesquet-Popescu(ENS-Cachan)

IncrementalFouriersynthesismethodfor processeswith stationaryincrementsof order(0,1)and(1,0)

USAGE :

[B] = synth2(M,H,core)

INPUT PARAMETERS :

o M : Positive integerVertical/Horizontaldimensionof thegeneratedfield
o H : Realin [0,1] parameterof thestructurefunction(e.g.: Hurstparameter)
o core: stringNameof thestructurefunctionof typecore(x,y,H)with x,y : vertical/horizontalcoordinates

OUTPUT PARAMETERS :

o B : realmatrix [N,N] Synthesizedrandomfield

REFERENCES:
L.M. Kaplan,C.C.JKuo : IEEETran.on IP, May 1996(extendedversion).

SEE ALSO: :
fbmlevinson,fbmcwt, fbmfwt, mbmlevinson

EXAMPLE: :

[B] = synth2(128,0.8,’strfbm’) ;
viewmat(B)

0.73 viewWTLM Vizualisesthe local maxima linesof a CWT

Author: PauloGoncalves

Displaysthelocal maximaof acontinuouswavelettransform

USAGE :
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viewWTLM(maxmap[,scale,wt])

INPUT PARAMETERS :

o maxmap: 0/1 matrix [N scale,N]Indicatormatrix of thelocalwaveletcoefficientsmaxima
o scale: realvector[1,N scale]Analyzedscalevector
o wt : Complex matrix [N scale,N]Wavelet coefficientsof a continuouswavelet transform(outputof

FWT or contwt)

SEE ALSO: :
findWTLM, viewmat,contwt,cwt

EXAMPLE: :

N = 2048 ; H = 0.3 ; Q = linspace(-4,4,11) ;
[x] = fbmlevinson(N,H) ;
[wt,scale] = cwt(x,2ˆ(-6),2ˆ(-1),36,0) ;
[maxmap] = findWTLM(wt,scale)

viewWTLM(maxmap,scale,wt) ,

0.74 viewmat Vizualisation of a matrix

USAGE :

viewmat(Z [,X,Y])

INPUT PARAMETERS :

o Z : Realvaluedmatrix [ny,nx] 2-D matrix to bedisplayed
o X : Realvector[1,nx] or [nx,1] x-axis
o Y : Realvector[1,ny] or [ny,1] Controlsthe vertical axis. y forcesthe vertical axis to be numbered

from bottom to top in the increasingorder. When not specified,the coordinatesystemis set to
its ”Cartesian”axesmode. The coordinatesystemorigin is at the lower left corner. The x axis is
horizontalandis numberedfrom left to right. They axis is verticalandis numberedfrom bottomto
top.

o type= 0 : image
o type= 1 : pseudocolor
o type= 2 : contourplot
o type= 3 : meshplot
o type= 4 : shadedsurfacewith lighting
o scale= 0 : lineardynamic
o scale= 1 : logarithmicdynamic
o level : scalarsettingtheminimumlevel of thedisplay0 � level � +1 for linearscale0 dB � level �

Infty dB for logarithmicscale

Scilabversion:cmdis ineffectiveandfrozento [1 0 0] .

REMARK :
viewmatchangesthecolormap

SEE ALSO: :
plot3d,grayplot

EXAMPLE: :
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wave2gifs ScilabFunction

//Signal synthesis:
x = oscillsing(1,1,0,128) ;
X = x(:)*x(:)’ ;
//Matrix vizualisation:

viewmat(abs(X))

AUTHOR : Author: PauloGoncalves- BertrandGuiheneuf

0.75 wave2gifs Computation of IFS coef. with DiscreteWavelet
coefficients

Author: Khalid Daoudi

ComputestheGIFScefficientsof a 1-D realsignalastheratio between(synchrounous)waveletscoef-
ficientsat successivescales.You have to computethewaveletcoefficientsof thegivensignal(usingFWT)
beforeusingwave2gifs.

USAGE :

[Ci,Ci_idx,Ci_lg,pc0,pc_ab]=wave2gifs (wt,wt _idx, wt_lg , [M0,a,b])

INPUT PARAMETERS :

o wt : Realmatrix [1,n] Containsthewaveletcoefficients(obtainedusingFWT).
o wt idx : Realmatrix [1,n] Containstheindexes(in wt) of theprojectionof thesignalon themultireso-

lution subspaces(obtainedalsousingFWT).
o wt lg : Realmatrix [1,n] Containsthedimensionof eachprojection(obtainedalsousingFWT).
o M0 : Realpositive scalarIf specified,eachGIFS coefficient whoseabsolutevaluebelongto ]1,M0[

will bereplacedby 0.99(keepingits signe).
o a,b: Realpositive scalarsTheroutinegivesthepercentageof theCi’s whoseabsolutevaluebelongto

]a,b[ (if not specified,]a,b[=]0,2[).

OUTPUT PARAMETERS :

o Ci : Realmatrix ContainstheGIFScoefficientsplusotherinformations.
o Ci idx : Realmatrix Containsthetheindexesof thefirst Ci ateachscale(thefinestscaleis 1).
o Ci lg : RealmatrixContainsthelengthof Ci’sat eachscale.
o pc0: RealscalarGivesthepercentageof vanishingCi’s
o pc ab: RealscalarGivesthepercentageof Ci’swhich belongto ]a,b[

DESCRIPTION :

PARAMETERS :

o wt is a real matrix which is a structurecontaingthewavelet coefficientsandotherinformations.It is
obtainedusingFWT.
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wave2gifs ScilabFunction

o wt idx is a realvectorwhich containsthe indexes(in wt) of thefirst waveletcoefficient a eachscale.
For instance,wt(wt idx(1) : wt idx(2)-1) is a vectorcontainingthe waveletcoefficientsa the finest
scale.

o wt lg is a real vectorwhich containsthe length of wavelet coefficients a eachscale. For instance,
wt lg(1) is thenumberof thewaveletcoefficientsa thefinestscale.

o M0 is a realpositivescalarsuchthateachGIFScoefficient (ci) whoseabsolutevaluebelongto ]1,M0[
will bereplacedby 0.99*signe(ci).

o aandb aretwo realpositivescalars.Theroutinegivesthepercentageof theCi’swhoseabsolutevalues
belongto ]a,b[ (if not specified,]a,b[=]0,2[).

o Ci is a realmatrixwhich containstheGIFScoefficients,thesizeof thesignalin Ci(lenght(Ci))andthe
numberof scalesusedin thewaveletdecompositionin Ci(lenght(Ci)-1).

o Ci idx is a real matrix which ontainsthe the indexes of the first Ci at eachscale. For instance,
Ci(Ci idx(j) : Ci idx(j)+ Ci lg(j) - 1) is a vector containingthe GIFS coefficients at scalej (the
finestscaleis j=1).

o Ci lg is arealvectorwhichcontainsthelengthof GIFScoefficientsaeachscale.For instance,Ci lg(1)
is thenumberof thewaveletcoefficientsa thefinestscale.

o pc0is a realscalarwhich givesthepercentageof vanishingGIFScoefficients.
o pc abis a realscalarwhich givesthepercentageof GIFScoefficientswhich belongto ]a,b[.

ALGORITHM DETAILS :

SEE ALSO: :

FWT andMakeQMF.

EXAMPLE: :
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