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FWT ScilabFunction

0.1 AtanH Ar ctangentvariation

Author: PauloGoncalhes

Generatesnarc-tangentrajectory

USAGE :

Ht=AtanH(N,h1,h2,shape);
INPUT PARAMETERS :

N : Positve integer Samplesizeof thetrajectory

hl: RealscalarFirstvalueof thearc-tangentrajectory

h2: Realscalar_astvalueof thearc-tangentrajectory

shape realin [0,1] smoothnessf thetrajectoryshape= 0 : constanpiecavise (stepfunction) shape
=1: linear

OUTPUT PARAMETERS :

0 Ht: realvector[1,N] Time samplesf thearc-tangentrajectory

SEEALSO: :

EXAMPLE: :

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

0.2 FWT 1D Forward Discrete Wavelet Transform

USAGE :
[wt,index,length]=FWT(InputiNblter,f1,[f2])
INPUT PARAMETERS :

Input: realmatrix[1,n] or [n,1] Containgthe signalto be decomposed.

Nbilter: realpositive scalarNumberof decompositiorLevelsto compute

f1 : Analysisfilter

2 : realunidimensionamatrix [m,n] Synthesidilter. Usefulonly for biorthogonalransforms.If not
precisedthefilter f1 is usedfor the synthesis.

O O o O

OUTPUT PARAMETERS :

0 wt: realmatrix Wavelettransform.Containsthe waveletcoeficientsplus otherinformations.
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ScilabFunction

0 index : real matrix [1,Nblter+1] Containsthe indexes(in wt) of the projectionof the signal on the
multiresolutionsubspaces
o length: realmatrix[1,Nblter+1] Containsthe dimensionof eachprojection

DESCRIPTION :

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

INTRODUCTION :

The discretewavelettransformof Inputis a projectionon multiresolutionSpaces.The numberof scales
Nblter tells how mary corvolutionsare computed. Eachcorvolution is followed by a downsamplingof
the output. For example,if the original signal sizeis 500, the resultingsize of the projectionafter the
first iterationis 250. Eachiteration consiststhenin two convolution/dovnsamplingsteps. Oneis high-
pass(H) andthe otheroneis low-pass(L). Exceptfor the lastiteration, the low-passoutputis usedas
the input of the next iteration. Thus, only the high-passs storedin wt exceptat the lastiterationwhere
both the outputsare stored. This explainswhy the wti array dimensionis equalto Nblter+1. The last
index index(Nblter+1)is theindex of firts elementof the lastlow-passprojection. Two typesof filters are
available: QuadraturéMirror Filters (Orthogonal)or ConjugateQuadraturd-ilters (Biorthogonal). Each
oneallows perfectreconstructiorof the signalbut only CQF pairscanbe symetric. Theadwantageof QMF
is thatsynthesisandreconstructiorilters arethe same.

PARAMETERS :

Input mustbe arealunidimensionamatrix. Nblter is the numberof scalescomputedIt mustbea positive
integer greaterthanoneandshouldbe smallerthanlog2(max(size(Input))put this is not necessaryfl is
thelinearFIR filter usedfor the analysisandmight be obtainedwith MakeQMF() or MakeCQF()f2 is the
linearFIR filter to usefor thereconstructionlt is only necessaryf f1 hasbeenobtainedwith MakeCQF().
wt is the wavelet decompositiorstructure. The next two parametresnust be usedto readthe wavelet
coeficients.index containgheindexesof thefirst coeficientof eachoutput.lengthcontainghedimension
of eachoutput.

ALGORITHM DETAILS :

Corvolutionsarecomputedhroughdiscretdinear corvolutionsin time domain.No FFT is used.Thesig-
nalis mirroredatits boundariesThewaveletstructurecontainsall the informationsfor the reconstruction:
wt(1) : sizeof the original signalwt(2) : Numberof iterationswt(3) : Numberof causalcoeficients of
the synthesidilter wt(4) : Numberof anticausatoeficientsof the synthesidilter thenthe Synthesidilter
coeficientsandfinaly thewaveletcoeficient arestored.

EXAMPLES :

a=rand(1,250);

g=MakeQMF('daubechies’,4);

[wt,wti,wtl] = FWT(a,6,9);

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. : Ondelettest Operateurgl) : Her
mann,Paris Daubechied. : TenLectureson Wavelets,CBMS-NSFRegional conferenceseriesin applied
mathematics.

AUTHOR : Author: BertrandGuiheneuf

SEEALSO :
IWT, MakeQMFE MakeCQF WTStruct, WTNbScalesWTMultires
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ScilabFunction

0.3 FWT2D 2D Forward Disrete Wavelet Transform

Author: BertrandGuiheneuf

This routine computediscretewavelet transformsof a 2D real signal. Two transformsare possible:
OrthogonalandBiorthogonal

USAGE :
[wt,index,length]=FWT2D(Inpw,Nbiter,f1,[f2])
INPUT PARAMETERS :

Input: realmatrix [m,n] Containsthe signalto bedecomposed.
Nblter: realpositive scalarNumberof decompositiorLevels

f1 : Analysisfilter

f2 : realunidimensionamatrix [m,n] Synthesidilter

O O OO

OUTPUT PARAMETERS :

0 wt: realmatrix Wavelettransform.Containsall the datasof thedecomposition.

0 index : real matrix [Nblter,4] Containstheindexes(in wt) of the projectionof the signalon the mul-
tiresolutionsubspaces

o0 length: realmatrix[Nblter,2] Containsthe dimensionf eachprojection

DESCRIPTION :

INTRODUCTION :

The 2D discretewavelettransformof Inputis a projectionon 2D multiresolutionSpacesThe numberof
scaled\bltertells how mary corvolutionsarecomputed Eachcorvolutionis followedby a downsampling
of the signalin bothdirection. For example,if the original matrixis (256,512) aresultingprojectionafter
thefirstiterationis (128,256).In 2D, thereare4 projectionsfor eachiterationcorrespondingo 2 projections
in therow directionsand?2 in thecolumndirection.In eachdirection,the 2 projectionsareobtainedhrough
the corvolutions with a low-passfilter and its associatedigh-passfilter. The projectionsare then HL
HH LH LL wherethe first letter representghe filter usedfor the row filtering and the secondletter is
thefilter usedfor columnfiltering. H is High-Passfilter andL Low-passfilter. Exceptfor the lastlevel
wherethefour convolutionsarekept, the LL outputis alwaysusedasthe input of the following iteration.
Two typesof filters areavailable: QuadratureMirror Filters(Orthogonal)or ConjugateQuadraturd-ilters
(Biorthogonal). Eachoneallows perfectreconstructiorof the signalbut only CQF pairscanbe symetric.
Theadwantageof QMF is thatsynthesisandreconstructioriilters arethe same.

PARAMETERS :

Input mustbearealmatrix. All dimensionsareallowedbut for a 1D vector, FWT is bestsuited.Nblteris
the numberof scalescomputed.It mustbe a positive integer greaterthanoneand shouldbe smallerthen
log2(max(size(Input))put thisis notnecessaryfl is thelinearFIR filter usedfor theanalysisandmightbe
obtainedwith MakeQMF() or MakeCQF()f2 is thelinear FIR filter to usefor thereconstructionlt is only
necessarif f1 hasbeenobtainedvith MakeCQF().wt is thewaveletdecompositiorstructure Thenext two
parametresnustbe usedto readthe waveletcoeficients. index containghe indexesof thefirst coeficient
of eachoutput. At eachscaleScale,the outputindexesare: index(Scale,1): HL index(Scale,2): LH
index(Scale,3). HH index(Scale,4). LL onthelastscaleandO otherwiselengthcontainsthe dimensions
(height,width) of eachoutputat a givenIteration.

ALGORITHM DETAILS :

FractalesGroup 01Junel997 4



GeneVel ScilabFunction

Convolutions are computedthroughdiscretelinear corvolutionsin time domain. No FFT is used. The
signalis mirroredatits boundariesThewaveletstructure(wt) is avectorandNOT a 2D matrix. It contains
all theinformatiosnfor thereconstructionwt(1) : heightof theoriginal signalwt(2) : width of theoriginal
signalwt(3) : Numberof iterationswt(4) : Numberof causalcoeficientsof the synthesidfilter wt(5) :
Numberof anticausatoeficientsof the synthesidilter thenthe Synthesidilter coeficientsandfinaly the
waveletcoeficientarestored.

EXAMPLES :

a=rand(256,256);
g=MakeQMF('daubechies’,4);

[wit,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=1l:wtl(3,1),

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

result=IWT2D(wt);

REFERENCES:

Meyer Y. : Wavelets,Algorithms & Applications,SIAM. Meyer Y. : Ondelettest Operateurgl) : Her
mann,Paris Daubechied. : TenLectureson Wavelets,CBMS-NSFRegional conferenceseriesin applied
mathematics.

SEEALSO :

IWT2D, MakeQMF, MakeCQF WT2Dext, WT2DVisu, WT2DStruct

0.4 GeneWei GeneralizedWelerstrassfunction

Author: PauloGoncalhes

Generates GeneralizedNeierstrasgunction

USAGE :

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

INPUT PARAMETERS :

0 N : Positive integer Samplesizeof the synthesizedignal

0 ht: Realvectoror characterstring ht : real vector of size[1,N]: eachelementprescribeghe local
Holderregularity of thefunction. All element®f ht mustbein theinterval [0,1]. ht: charactestring
: containghe analyticexpressiorof the Holdertrajectory(e.g.’0.5*sin(16*t) + 0.5’)

0 lambda: positive realGeometrigprogressiorof the Weierstrasgunction. Default valueis lambda= 2.

tmax: positive real Time supportof the Weierstrasgunction. Default valueis tmax= 1.

o randflag: flag0/1flag= 0 : deterministicWeierstrassunctionflag = 1 : randomWeierstrasprocess
Defaultvalueis randflag= 0

o
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IWT ScilabFunction

OUTPUT PARAMETERS :

0 Xx: realvector[1,N] Time samplef the Weierstrasgunction
o Fj:realvector[1,N] Holdertrajectoryof the Weierstras$unction

SEEALSO: :

EXAMPLE :

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

0.5 IWT 1D InverseDiscrete Wavelet Transform

Author: BertrandGuiheneuf

This routinecomputesnversediscretewavelettransformsof arealsignal. Two inversetransformsare
possible: OrthogonakndBiorthogonal

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

0 wt: realunidimensionamatrix [m,n] Containsthe wavelettransform(obtainedwith FWT).
o f: realunidimensionamatrix[m,n] Synthesidilter.

OUTPUT PARAMETERS :

o result: realunidimensionammatrix Resultof thereconstruction.

DESCRIPTION :

INTRODUCTION :

Thewavelettransformis aninvertiblelineartransform.This routinesis the inversetransform.For details
onthealgorithmprocedureseeFWT.

PARAMETERS

Input mustbe a real matrix. It's generallyobtainedwith FWT but can be created’by hand”. In that
case,|t's stronglyrecommendetb decompose null signalwith FWT. f is the linear FIR filter to usefor
the reconstruction.lt is only necessaryf the analysisfilter had beenobtainedwith MakeCQF()andthe
reconstructiorfilter hadnot beenpassedo FWT. If not specifiedthefilter givenin the synthesiss used.
(SeeFWT). resultis thereconstructedignal. It hasthe samedimensionastheoriginal one.
ALGORITHM DETAILS :

Convolutions are computedthroughdiscretelinear corvolutionsin time domain. No FFT is used. The
signalis mirroredatits boundaries.

EXAMPLE :

a=rand(1,256);
g=MakeQMF('daubechies’,4);
wt, wti,wil = FWT(a,8,q);
wt=abs(wt);

result=IWT(wt);
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12D ScilabFunction

REFERENCES:

MeyerY. : Wavelets,Algorithms & Applications,SIAM. Meyer Y. : Ondelettest Operateurgl) : Her-
mann,Paris Daubechied. : TenLectureson Wavelets, CBMS-NSFRegional conferenceseriesin applied
mathematics.

SEEALSO :

FWT, MakeQMF, MakeCQF WTMultires, WTStruct

0.6 IWT2D 2D InverseDisreteWavelet Transform

Author: BertrandGuiheneuf

This routinecomputesnversediscretewavelettransformsof a 2D real signal. Two inversetransforms
arepossible: OrthogonakndBiorthogonal

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

INPUT PARAMETERS :

0 wt: realunidimensionamatrix [m,n] Containsthe wavelettransform(obtainedwith FWT2D).
o f: realunidimensionamatrix[m,n] Synthesidilter.

OUTPUT PARAMETERS :

o result: realmatrix Resultof thereconstruction.
DESCRIPTION :

INTRODUCTION :
Thewavelettransformis aninvertible linear transform.This routinesis theinversetransform.For details
onthealgorithmprocedureseeFWT2D.

PARAMETERS :

Input mustbe a real matrix. It's generallyobtainedwith FWT2D but canbe created’by hand”. In that
case,|t's stronglyrecommendedo decompose null signalwith FWT2D. f is the linear FIR filter to use
for thereconstructionlt is only necessaryf theanalysidfilter hadbeenobtainedwith Make CQF()andthe
reconstructiorilter hadnotbeenpassedo FWT2D.If notspecifiedhefilter givenin the synthesiss used.
(SeeFWT2D). resultis thereconstructedignal. It hasthe samedimensionsastheoriginal one.
ALGORITHM DETAILS :

Convolutions are computedthroughdiscretelinear corvolutionsin time domain. No FFT is used. The
signalis mirroredatits boundaries.

EXAMPLE :

a=rand(256,256);
g=MakeQMF('daubechies’,4);
wt,witi,wil = FWT2D(a,8,q);
wt=abs(wt);

result=IWT2D(wt);
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McCulloch ScilabFunction

REFERENCES:

MeyerY. : Wavelets,Algorithms & Applications,SIAM. Meyer Y. : Ondelettest Operateurgl) : Her-
mann,Paris Daubechied. : TenLectureson Wavelets,CBMS-NSFRegional conferenceseriesin applied
mathematics.

SEEALSO :

FWT2D, MakeQMFE MakeCQF WT2Dext, WT2DVisu

0.7 Koutrouvelis_ StableLaw parametersestimation (Koutrouvelis
method)

Author: Lotfi Belkacem

Thisroutineestimateparametersf a stablelaw usingthe Koutrouwelis (1985)method.

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

INPUT PARAMETERS :

0 proc: realvector[size,1]correspondingo the datasample.

OUTPUT PARAMETERS :

0 alpha: real positive scalarbetween0 and2. This parameteis often referredto asthe characteristic
exponent.
beta: realscalarbetweenl and+1. This parameters oftenreferredto asthe skewnessparameter
mu : realscalarThis parameteris oftenreferredto asthelocationparameterlt is equalto the expecta-
tion whenalphais greaterthan1.
0 gamma: real positive scalar This parameteis often referredto asthe scaleparameterlt is equalto
the standarddeviation over two squaredvhenalphaequal2.

o O

EXAMPLE :

[procl,incl]=sim_stable(1,0,0,1,10000 );

/lgenerates a standard 1-stable motion (Cauchy process).
[alpha,beta,mu,gamma]=Koutrouvelis(in cl);

/lestimates parameters of the previous simutated 1-stable random
/Ivariable incl.

REMARQ UE :

Skewnessandlocationparameterarebadly estimatedwvith this methode.

0.8 McCulloch __ Stablelaw parametersestimation (McCulloch
method)

FractalesGroup 1 April 1997 8



WT2DStruct ScilabFunction

Author: Lotfi Belkacem

Thisroutineestimateparametersf a stablelaw usingthe Mc-Culloch (1985)method.

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

INPUT PARAMETERS :

0 data: realvector[size,1]correspondingo the datasample.

OUTPUT PARAMETERS :

0 param: realvector[4,1] correspondingo thefour estimategarametersf thefited stabldaw. theorder
is respectiely alpha(characteristiexponent) ,beta(skewnessparameter)mu (locationparameter),

gamma(scaleparameter)

0 sdparam: realvector[4,1] correspondingo estimatedstandardieviation of thefour previous param-
eters.

EXAMPLE :

/lgenerates a standard 1.5-stable motion.

[procl.5,incl.5]=sim_stable(1.5,0,0,1 ,10000 );

/lestimates parameters of the previous simutated 1.5-stable

/frandom  variable incl.5 To visualize the estimates parameters

/lor  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).

REMARQUE :

Skewnessparameteandits sd-deviation estimationsare not very accurate Speciallywhenthe character
istic exponentis arround?2.

0.9 WT2DStruct Retrieve the Structur e of a 2D DWT

Author: BertrandGuiheneuf

Thisroutineretrieve the structureinformationscontainedn a 2D Wavelet Transform.

USAGE :
[Scinde, ScLength]l=WT2DStruct(wt)

INPUT PARAMETERS :

0 wt: realunidimensionamatrix [m,n] Containsthe wavelettransform(obtainedwith FWT2D).
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WT2DVisu ScilabFunction

OUTPUT PARAMETERS :

0 index : realmatrix [Nblter,4] Containsthe indexes(in wt) of the projectionof the signalon the mul-
tiresolutionsubspaces
0 length: realmatrix[Nblter,2] Containsthe dimensionsf eachprojection

DESCRIPTION :

INTRODUCTION :

This routineis usedto retreve the structureinformation of a wavelet transform. It mustbe usedin all
routinethatmightwork on awavelettransformwhosestructures not passedsanimput parameter(That
shouldbethe caseof all routinestakinga Wavelet Transformasinput parameteto minimizetheinput).see
FWT2D.

PARAMETERS :

Inputmustbearealmatrix. It's generallyobtainedwith FWT2D. It containsthe wavelettransform.index
containsthe indexesof the first coeficient of eachoutput. At eachscaleScale,the outputindexesare:
index(Scale,1). HL index(Scale,2). LH index(Scale,3). HH index(Scale,4). LL onthelastscaleandO
otherwiselengthcontainsthe dimensiongheight,width) of eachoutputat a givenIteration.

EXAMPLE :

a=rand(256,256);

g=MakeQMF('daubechies’,4);

wt = FWT2D(a,8,q9);//(a few days pass...)
[wti, witl[=WT2DStruct(wt);

witl

SEEALSO :
FWT2D,IWT2D, WT2Dext, WT2DVisu

0.10 WT2DVisu Visualisea 2D Multir esolution

Author: BertrandGuiheneuf

This routineconstructsa matrix thatshavs all the waveletcoeficientsof a2D matrix.

USAGE :
[VI=WT2D Visu(wt)
INPUT PARAMETER :

0 wt: realunidimensionamatrix [m,n] Containsthe wavelettransform(obtainedwith FWT2D).

OUTPUT PARAMETER :

0 V :realmatrix [m,n] Containsa matrix to bevisualizeddirectly
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WT2Dext ScilabFunction

DESCRIPTION :

INTRODUCTION :

Thisroutineis usedto displayall the scalesandall thefrequengy component®f a wavelettransform.
PARAMETERS :

wt mustbearealmatrix. It's generallyobtainedwith FWT2D.V thewaveletcoeficents.

EXAMPLE :

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

SEEALSO :
FWT2D, IWT2D, WT2Dext,

0.11 WT2Dext Extract a Projectionfroma2D WT

Author: BertrandGuiheneuf

Thisroutineextractsa projectionfrom the wavelettransformof a 2D matrix.

USAGE :
[VI=WT2Dext(wt, Scale Num)

INPUT PARAMETER :

o0 wt: realunidimensionamatrix [m,n] Containsthe wavelettransform(obtainedwith FWT2D).
0 w Scale: realscalarContaingthe scalelevel of the projectionto extract.
o0 w Num: realscalarContainsthe numberof the outputto extractin level Scale(betweenl and4)

OUTPUT PARAMETER :

0 V :realmatrix[m,n] Containghematrix to bevisualizeddirectly

DESCRIPTION :

INTRODUCTION :

At eachscale,awavelettransformcontains4 outputs(HL, HH, LH andHH atthelastscale).This routine
is usedto extracta particularcomponenttadesiredscale.

PARAMETERS :

wt mustbe a real matrix. It's generallyobtainedwith FWT2D. It containsthe wavelet transformco-
efficients. Num s 1,2,3, or 4 (at the last scale). Eachnumbercorespondso a particular2D frequengy
component.

0 1: HL High frequeng in row direction,Low in columndirection.

0 2: HH Highfrequeng in row direction,High in columndirection.
0 3:LH Low frequeng in row direction,High in columndirection.
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WT Struct ScilabFunction

0 4:LL Low frequeng in row direction,Low in columndirection. Only for the lastscale(equalsO for
theotherscales).

V thewaveletcoeficentsat scaleScalewith fequengy componengivenby Num

EXAMPLE :

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

SEEALSO :
FWT2D,IWT2D, WT2DVisu,

0.12 WTMultir es_ Construct a 1D Multir esolutionRepresentation

Author: BertrandGuiheneuf

This routine constructsa matrix that showvs the projectionsof the signalon eachmultiresolutionsub-
space

USAGE :
[VI=WTMultires(wt)
INPUT PARAMETER :

o wt: realunidimensionamatrix Containsthe wavelettransform(obtainedwith FWT).

OUTPUT PARAMETER :

0 V :realmatrix [Nbiter,n] Containsthe projectionson the Multiresolution. Eachline is a projectionon
asubspacdifferent’low-pass”spaceVj

DESCRIPTION :

INTRODUCTION :

This routineis usedto displayall the scalesof awavelettransform.The projectionsaredifferentfrom the
waveletcoeficientsasthey representfiltered” signals.Hereeachprojection

PARAMETERS :

wt mustbearealmatrix containingthe waveletcoeficientsbut alsomiscinformationssuchasthe original
signaldimensionandthe reconstructioffilter. It's generallyobtainedwith FW. V Is the matrix containing
theprojectionof the signal(decomposeth wt) oneachMultiresolutionsubspaceThe Nbiter first onesare
the projectionson the detailssubspacesThelastoneis the projectiononthe lasttrendsubspace.
EXAMPLE :

x=0.1:0.005:1,;

s$=(x."0.7) Fosin( x(-2)) ;
gl g2=MakeCQF(1);

wt = FWT(s,3,91,g2);
V=WTMultires(wt);

plot(V’);
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alphagifs ScilabFunction

SEEALSO :
FWT, IWT, WTStruct,

0.13 WTStruct __ Retrieve a 1D Discrete Wavelet Structure.

Author: BertrandGuiheneuf

This routineretrievesthe structureinformationscontainedn a 1D Wavelet Transform.

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

INPUT PARAMETERS :

o0 wt: realunidimensionamatrix[1,n] Containsthe wavelettransform(obtainedwith FWT).

OUTPUT PARAMETERS :

0 index : realmatrix [1,Nblter] Containstheindexes(in wt) of the projectionof the signalon the mul-
tiresolutionsubspaces
0 length: realmatrix[1,Nblter] Containsthe dimensionsf eachprojection

DESCRIPTION :

INTRODUCTION :

This routineis usedto retreve the structureinformation of a wavelet transform. It mustbe usedin all
routinethatmight work on a wavelettransformwhosestructureis not passedsanimput parameter(That
shouldbethe caseof all routinestakinga Wavelet Transformasinput parameteto minimizetheinput).

PARAMETERS :

Input mustbe a real matrix. It's generallyobtainedwith FWT. It containsthe wavelettransform. index
containsthe indexesof thefirst coeficient of eachoutput. The first "Nblter” indexesarethe indexes(in
wt) of the”high-pass”subspaceprojectiongWj), thelastoneis thelast”low-pass”projection(Vj); length
containshedimensionof eachoutput.

EXAMPLE :

a=rand(1,256);
g=MakeQMF('daubechies’,4);
wt = FWT2D(a,8,q);

[wti, wtl|=WTStruct(wt);
wil

SEEALSO :
FWT2D,IWT2D, WT2Dext, WT2DVisu
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pbch ScilabFunction

0.14 alphagifs Holder function estimationusing IFS

Author: Khalid Daoudi

Estimateghe pointwiseHolderexponentf a 1-D realsignalusingthe GIFS method.

USAGE :
[Alpha, Cil=wave2gifs(siglimtype)
INPUT PARAMETERS :

0 sig: Realvector[1,n] or [n,1] Containghe signalto beanalysed.
o limtype : Characterstring Specifiesthe type of limit you wantto use. You have the choicebetween
'slope’and’cesaro’.

OUTPUT PARAMETERS :

0 Alpha: RealvectorContaingheestimatecdHolderfunctionof thesignal.
o Ci: Realmatrix Containsthe GIFS coeficientsobtainedusingthe Schaudebasis.

DESCRIPTION :

PARAMETERS :

0 sigisarealvector[1,n] or [n,1] which containsthe signalto be analysed.

o limtypeis acharactestring Specifieghetype of limit you wantto use. You have the choicebetween
'slope’and’cesaro’.

0 Alphais a real vector which containsthe estimatedHolder function of the signali.e the estimated
pointwiseHolderexponenta eachpoint of thegivensignal.

o Ciisarealmatrixwhich containghe GIFS coeficientsobtainedastherationbetween(synchrounous)
Schaudebasiscoeficientsat succesie scales.

ALGORITHM DETAILS :

Thealgorithmusesthe GIFS methodto estimatethe Holder exponentat eachpoint of a givensignal. The
first stepof this methodconsistsin computingthe coeficients of the GIFS whoseattractoris the given
signal.In the secondstep,we replaceeachcoeficientwhich absolutevalueis greaterthanl (resp.smaller
than1/2) by 1 (resp.by 1/2). We thenperformthe computatiorof thelimit thatyieldsthe estimatedHolder
functionusingthe chosertype of limit.

SEEALSO: :

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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pinom ScilabFunction

0.15 bbch beneath-beynd concave hull

Author: ChristopheCanus

This C_LAB routine determinegshe concae hull of a function graphusingthe beneath-bgond algo-
rithm.

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

INPUT PARAMETERS :

0 Xx: realvector[1,N] or [N,1] Containgheabscissa.
0 ux: realvector[1,N] or [N,1] Containghefunctionto beregularized.

OUTPUT PARAMETERS :

0 rx: realvector[1,M] Containstheabscissaf theregularizedfunction.
0 rux: realvector[1,M] Containstheregularizedfunction.

DESCRIPTION :

PARAMETERS :

Theabscissa andthefunctionu_x to beregularizedmustbe of thesamesize[1,N] or [N,1]. Theabscissa
rx andthe concae regularizedfunctionru_x areof the samesize[1,M] with M<=N.

ALGORITHM DETAILS :

Standardeneath-bgondalgorithm.

EXAMPLES :

h=.3;beta=3;

N=1000;

/I chirp  singularity (h,beta)
x=linspace(0.,1.,N);
u_x=abs(x).”h.*sin(abs(x).”(-beta));
plot2d(x,u_x);

[rx,ru_x]J=bbch(x,u_x);
plot2d(rx,ru_x,style=5);
plot2d(x,abs(x)."h,style=3);

REFERENCES:
None.SHSeeAlso linearlt (C_LAB routine).

0.16 binom binomial measure synthesis
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Author: ChristopheCanus

This C_LAB routinesynthesizes largerangeof pre-multifractalmeasuresgelatedto thebinomialmea-
sureparadigm(deterministic,shufled, pertubatedand mixing of two binomials: lumping andsum)and
computedinked theoreticalfunctions(partition sumfunction, Reyni exponentsfunction, generalizedli-
mensionsmultifractalspectrum).

USAGE :
[varargout [,optvarargout]]=binom(p0,str,varargi n,jop tvarar gin])

INPUT PARAMETERS :

pO0: strictly positive real scalarContainghe weightof the binomial.

str: string Containsthe type of ouput.

varagin : variableinput agumentContainsthe variableinputargument.

optvaragin : optionalvariableinput agumentsContainsoptionalvariableinputarguments.

O O 0O

OUTPUT PARAMETERS :

0 varagout: variableoutputargumentContainghe variableoutputargument.
0 optvaragout: optionalvariableoutputargumentContainsan optionalvariableoutputargument.

DESCRIPTION :

PARAMETERS :

The binomial measurds completly characterizedy its weight p0. This first parametemustbe >0.
and<1. (the caseof pO=.5correspondso the Lebesgueneasure) The secondparametestr is a variable
string usedto determinethe desiredtype of output. Therearesix suffix strings('meas’for measure’cdf’
for cumulatve distribution function,, 'pdf’ for probability densityfunction,'part’ for partition sumfunc-
tion, 'Reyni’ for Reyni exponentfunction, 'spec’for multifractal spectrum¥or the deterministichinomial
measureanda lot of possiblycomposedrefix stringsfor relatedmeasureg shuf for shufled, 'pert’ for
pertubated; lump’ for lumping, 'sum’ for sum,’sumpert’for sum of pertubatedand so on) which can
be addedto the first onesto form composedstrings. For example,’ lumppertmeasis for the synthesiof
the lumping of 2 pertubatechinomial pre-multifractalmeasuresand’sumspecis for the computationof
the multifractal spectrumof the sum of two binomials. Note that all combinaison®f stringsare notim-
plementedyet. Whena string containingsufiix string’meas’is given assecondnput, a pre-multifractal
measuremu_n (first outputargument)is synthesizedn the dyadicintervals |_n (secondoptional output
argument)of the unit interval. In that case,the third input argumentis a strictly positive real (integer)
scalarn which containsthe resolutionof the pre-multifractalmeasure The sizeof the outputreal vectors
mu_n (andl_n if used)is equalto 2n (so be awarethe stacksize;-)). This optionis implementedor the
deterministiq’'meas’),shufled ('shufmeas’andpertubated’pertmeas’binomial,andalsofor the mixing
(lumping or sum) of two deterministic(’' lumpmeas’and’summeas’)or pertubated’ lumppertmeasand
'sumpertmeas’pinomial measures Whena string containingprefix 'shuf is given assecondinput, the
synthesids madefor a shufled binomial measure At eachlevel of the multiplicative cascadendfor all
nodesof the correspondindpinary tree,the weightis choseruniformly amongp0 and 1-p0. This optionis
implementednly for thebinomialmeasurd’shufmeas’) Whena stringcontainingprefix’pert’ is givenas
secondnput, the synthesidgs madefor a pertubatedinomialmeasureln thatcase the fourth input argu-
mentis a strictly positive real scalarepsilonwhich containsthe pertubatioraroundweights. The weightis
anindependantandomvariableidentically distributed betweernp0-epsilonandpO+epsilonwhich mustbe
>0., <1. This optionis implementednly for the binomial measurd’pertmeas’)andthe mixing (lumping
and sum) of two binomial measureg’ lumppertmeasand’sumpertmeas’).Whenreplacingsuffix string
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'meas’ with suffix string’cdf’, respectiely suffix string’'pdf’, the cumulatie distribution function F_n,
respectiely the probability densityfunction p_n, relatedto this pre-multifractaimeasuraés computedfirst
outputargument).Whenstring’part’ is givenassecondnput, the partitionsumfunctionznqof multifractal
measuras computedassole outputargument. 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 containsthe measureexponents.The sizeof the outputreal matrix zngis equalto size(q)*size(vn).
This optionis implementecbnly for the binomial measure Whenstring’Reyni’ is givenassecondnput,
the Reyni exponentsfunctiontg (andthe generalizeddlimensionsDq if used)of the multifractal measure
is computedasfirst outputargument(andsecondptionaloutputargumentf used).In thatcase thethird
inputargumentis arealvectorq which containghe measures exponents Thesizeof the outputrealvector
tq is equalto size(q)).This optionis implementednly for the binomialmeasureWhena stringcontaining
suffix string’spec’is givenassecondnput, the multifractal spectrunt_alpha(secondoutputargument)is
synthesizedn the Hoelderexponentsalpha(first outputargument).In thatcase thethird input argument
is a strictly positive real (integer) scalarN which containsthe numberof Hoelderexponents.The size of
both outputrealvectorsalphaandf_alphais equalto N. This optionis implementednly for the binomial
measurd’spec’)andthe mixing (lumpingandsum)of two binomialmeasure¢ lumpspec’andsumspec’).

ALGORITHM DETAILS :

For the deterministicbinomial, the pre-multifractalmeasuresynthesisalgorithmis implementeds a
iterative way (supposedo run fasterthanarecursve one). For the shufled or the pertubatedinomial, the
synthesisalgorithmis implementeds a recursve way (to beableto pick up ai.i.d. r.v. ateachlevel of the
multiplicative cascadendfor all nodesof the correspondindpinarytreew.r.t. thegivenlaw). Notethatthe
shufled binomialmeasurés not conserative.

EXAMPLES :

p0=.2;

n=10;

/I synthesizes a pre-multifractal binomial measure
[mu_n,l_n]=binom(p0,’meas’,n);

plot(l_n,mu_n);

/I synthesizes the cdf of a pre-multifractal shuffled binomial  measure
F_n=binom(pO0,’shufcdf’,n);

plot(l_n,F_n);

e=.19;

Il synthesizes the pdf of a pre-multifractal pertubated binomial  measure
p_n=binom(p0,’'pertpdf’,n,e);

plot(l_n,p_n);

xbasc();

vn=[1:1:8];

g=[-5:.1:+5];

/I computes the partition sum function of a binomial measure

zng=binom(p0,’part’,vn,q);
mn=zeros(max(size(q)),max(size(vn)));
for i=1l:max(size(q))
mn(i,:)=-vn*log(2);
end
plot2d(mn’,log(znq’));
/I computes the Reyni exponents function of a binomial measure
tq=binom(p0,’Reyni’,q);

plot(q,ta);

N=200;

q0=.4;

/[l computes the multifractal spectrum of the Ilumping 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 ChaosandFractalsNew Fron-
tiersof Science AppendixB. Editedby Peitgen JuegensandSaupeSpringeiVerlag,1992page921-953.
"A classof Multinomial Multifractal Measuresvith negative (latent)valuesfor the"Dimension”f(alpha)”,
BenoitB. MandelBrot.In Fractals’PhysicalOriginsandPropertiesProceedingf theErice Meeting,1988.
Editedby L. PietroneroPlenumPressNew York, 1989pages3-29.

SEEALSO :
sbinom,multim1d,multim2d,smultim1ld smultim2d(C_LAB routines).MFAS_measuredMIFAS_dimensions,
MFAS_spectraMatlaband/orScilabdemoscripts).

0.17 contwt Continuous L2 wavelettransform

Author: PauloGoncalhes

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,numericalapproximations achieved
usinga FastMellin Transform.

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

INPUT PARAMETERS :

o

x : Realor complex vector[1,nt] or [nt,1] Time samplesf the signalto be analyzed.
fmin : realscalarin [0,0.5] Lower frequeng boundof the analysis Whennot specified this parameter
forcesthe programto interactve mode.

o fmax: realscalar[0,0.5] andfmax > Upperfrequeng boundof the analysis.Whennot specifiedthis
parameteforcesthe programto interactive mode.

o N: positiveinteger numberof analyzingvoices.Whennotspecifiedthis parameteforcestheprogram
to interactve mode.

o wvlt_length: scalaror vectorspecifieshe analyzingwavelet: 0: Mexican hatwavelet(real) Positve

realinteger: realMorlet waveletof size2*wvlt _length+1)atfinestscalel Positve imaginaryinteger:

analytic Morlet wavelet of size 2*wvlt_length+1)at finestscalel Real valuedvector: waveform

samplef anarbitrarybandpasgunction.

o

OUTPUT PARAMETERS :

wt : Realor complex matrix [N,nt] coeficientsof thewavelettransform.

scale: realvector[1,N] analyzedscales

f : realvector[1,N] analyzedrequencies

scalo: real positive valuedmatrix [N,nt] Scalogramcoeficients (squaredmagnitudeof the wavelet
coeficientswt )

wavescaled Scalaror realvaluedmatrix [length(weveletat coarserscale)+1,N]

O O OoOo

o

Dilatedversionsof theanalyzingwavelet
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DESCRIPTION :

PARAMETERS :

o

X : signalto beanalyzed Realor complex vector

fmin : lower frequeny boundof theanalysisfmin is realscalarcomprisedn [0,0.5]

o fmax: upperfrequengy boundof the analysis.fmaxis areal scalarcomprisedn [0,0.5] andfmax >
fmin

0 N : numberof analyzingvoicesgeometricallysamplecbhetweemminimum scalefmax/fmaxandmaxi-
mum scalefmax/fmin.

o wvlt_length: specifiegheanalyzingwavelet: 0: Mexicanhatwavelet(real). The sizeof the waveletis
automaticallyfixed by the analyzingfrequeng Positive real integer: real Morlet wavelet of size
2*wvlt Jlength+1) at finest scale (1) Positve imaginary integer: analytic Morlet wavelet of size
2*|wvlt_length+1) at finestscalel. The correspondingvavelettransformis thencomplex. May
be usefullfor eventdetectionpurposes Realvaluedvector: correspondso thetime samplesvave-
form of ary arbitrarybandpasfunctionviewedastheanalyzingwaveletatary givenscale.Then,an
approximationof the scaledwaveletversionsis achiezed usingthe FastMellin Transform(seedmt
anddilate).

o wt: coeficientsof the wavelettransform. X-coordinatedcorrespondgo time (uniformly sampled),
Y-coordinatesorrespondo frequeng (or scale)voices(geometricallysampledhetweerfmax (resp.
1) andfmin (resp.fmax/fmin ). Firstrow of wt correspond$o thehighestanalyzedrequeng (finest
scale).

scale: analyzedscaleqgeometricallysampledbetweenl andfmax/fmin

f : analyzedrequencieggeometricallysampledetweerfmax andfmin . f correspondso fmax/scale

scalo: Scalogranctoeficients(squarednagnitudeof thewaveletcoeficientswt )

wavescaled If wvlt_lengthis areal or Imaginarypurescalar thenwavescaledequalwvlt_length. If
wvlt_lengthis a vector (containingthe waveform samplesof an arbitrary analyzingwavelet), then
wavescaledcontainscolumnwiseall scaledversionof wvlt_lengthusedfor theanalysis.In this latter
case first elementof eachcolumngivesthe effective time supportof the analyzingwavelet at the
correspondingcale.wavescaledcanbe usedfor reconstructinghe signal(seeicontwt)

o

O O O o

ALGORITHM DETAILS :

The wavelet transformof x is computedvia corvolutionsof dilated and translatedversionsof a single
function calledthe "mother wavelet”. The scalesaregiven by the dilatationfactor As the scalesarenot
absolutethe scalefactoris determinedhroughthe specificatiorof the minimumandmaximumfrequeng
of the decompositiorconsideredas a time/frequenyg transform. The maximumfrequeng might not be
greatetthantheNyquistFrequenyi.e. 0.5asthewaveletatthis scalewould beundersample¢andtherefore
would createaliasing). The numberof scalegells how mary corvolutionsarecomputed.The biggerit is,
the slower the transformis. The frequeng (or scale)axis is geometricallysampled.The resultingscales
andfrequenciewvaluescanbeobtainedasoutputparametersThe meaningof thewaveletlengthparameter
is maryfold. Whennon zerointeger, it tells the routineto usea real Morlet Waveletandgivesits length
at scalel (maximumfrequeng). Whenit is a positive imaginaryinteger, the analytic Morlet waveletis
used. If wvlt_length= 0, the Mexican Hat is used. The resultingwavelet transformis thenreal but has
a quite poor frequeng resolution. If wvlt_lengthis a real vector, it correspondso the analyzingwavelet
waveformin time atary arbitraryscale.Dilatedandcompressesiersionof it (accordingo therange] fmin
, fmax] arecomputedirectly from wvlt_lengthusinga FastMellin Transform.For all choicesof wavelet,
approximatve reconstructiorof thedecomposedignalis possible(seeicontwt).

SEEALSO: :
icontwt, contwtmirandcwt

EXAMPLE: :

//Signal synthesis
X = morlet(0.1,128) ;
/IA 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 _ Continuous L2 wavelettransform with mirr oring

Author: PauloGoncales

Computescontinuousvavelettransformof amirrored1-D signal(realor complex). Thescaleoperator
is unitary with respecto the L2 norm. Two closedform waveletsare available: the Mexican Hat or the
Morlet Wavelet (real or analytic). For arbitraryanalyzingwavelets,numericalapproximations achieved
usinga FastMellin Transform.

USAGE :

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

INPUT PARAMETERS :

o

x : Realor comple vector[1,nt] or [nt,1] Time samplef thesignalto be analyzed.
fmin : realscalarin [0,0.5] Lower frequeng boundof the analysis Whennot specified this parameter
forcesthe programto interactive mode.

o fmax: realscalarf0,0.5] andfmax > Upperfrequeng boundof the analysis.Whennot specifiedthis
parameteforcesthe programto interactive mode.

o0 N: positiveinteger numberof analyzingvoices.Whennotspecifiedthis parameteforcestheprogram
to interactve mode.

o wvlt_length: scalaror vectorspecifieshe analyzingwavelet: 0: Mexican hatwavelet(real) Positve

realinteger: realMorlet waveletof size2*wvlt length+1)atfinestscalel Positive imaginaryinteger:

analytic Morlet wavelet of size 2*wvlt_length+1)at finestscalel Real valuedvector: waveform

samplef anarbitrarybandpasgunction.

o

OUTPUT PARAMETERS :

wt : Realor complex matrix [N,nt] coeficient of thewavelettransform.

scale: realvector[1,N] analyzedscales

f : realvector[1,N] analyzedrequencies

scalo: real positive valuedmatrix [N,nt] Scalogramcoeficients (squaredmagnitudeof the wavelet
coeficientswt )

wavescaled Scalaror realvaluedmatrix [length(waveletat coarseiscale)+1,N]

O O O o

o

Dilatedversionsof theanalyzingwavelet

DESCRIPTION :

PARAMETERS :

0 X: signalto beanalyzed Realor complec vector
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o fmin: lowerfrequeny boundof theanalysis.fmin is realscalarcomprisedn [0,0.5]

o fmax: upperfrequengy boundof the analysis.fmaxis areal scalarcomprisedn [0,0.5] andfmax >
fmin

0 N : numberof analyzingvoicesgeometricallysamplechetweemminimum scalefmax/fmaxandmaxi-
mum scalefmax/fmin.

o wvlt_length: specifiegtheanalyzingwavelet: 0: Mexicanhatwavelet(real). Thesizeof thewaveletis
automaticallyfixed by the analyzingfrequeng Positive real integer: real Morlet wavelet of size
2*wvlt length+1) at finest scale (1) Positve imaginary integer: analytic Morlet wavelet of size
2*|wvlt_length+1) at finestscalel. The correspondingvavelet transformis thencomplex. May
be usefullfor eventdetectionpurposesRealvaluedvector: correspondso thetime samplesvave-
form of ary arbitrarybandpasfunctionviewedastheanalyzingwaveletatary givenscale.Then,an
approximationof the scaledwaveletversionsis achiezed usingthe FastMellin Transform(seedmt
anddilate).

o wt: coeficient of thewavelettransform.X-coordinatedcorrespondso time (uniformly sampled),Y-
coordinatesorrespondo frequeng (or scale)voices(geometricallysampledetweerfmax (resp.1)
andfmin (resp.fmax/ fmin ). First row of wt correspondso the highestanalyzedrequeng (finest
scale).

scale: analyzedscaleqgeometricallysampledetweenl andfmax/fmin

f : analyzedrequencieggeometricallysampledetweerfmaxandfmin . f correspondso fmax/scale

scalo: Scalograntoeficients(squarednagnitudeof thewaveletcoeficientswt )

wavescaled If wvlt_lengthis areal or Imaginarypurescalar thenwavescalecequalwvlt_length. If
wvlt_lengthis a vector (containingthe waveform samplesof an arbitrary analyzingwavelet), then
wavescaledcontainscolumnwiseall scaledversionof wvlt_lengthusedfor theanalysis.In this latter
case first elementof eachcolumn givesthe effective time supportof the analyzingwavelet at the
correspondingcale wavescaledcanbe usedfor reconstructinghe signal(seeicontwt)

O O 0O

ALGORITHM DETAILS :

The overall detailsof the algorithmaresimilar to thoseof contwt. Thedifferencestemsfrom the mirror
operationappliedto thesignalbeforecomputingthewavelettransformto minimize bordereffects. At each
scalej the analyzedsignalis mirroredat its both extremities. The numberof addedsamplesat both sides
is equalto scale(j)* wvlt_length (the half length of the analyzingwavelet at this particularscale). After
convolution of the mirroredsignalwith the analyzingwavelet, the resultis truncatedto the actualsize of
theinitial signal.

SEEALSO: :

contwt,icontwt, cwt

EXAMPLE: :

//Signal synthesis

x = fbmlevinson(1024,0.8) ;

//Regular Wavelet transform

[wt_nomirror,scale,f] = contwt(x,27(-6),27(-1),128,8) ;
viewmat(abs(wt_nomirror),[1 1 24) ;

/[Compared with a mirrored wavelet transform
[wt_mirror,scale,f] = contwtmir(x,2°(-6),2°(-1),128,0) ;
viewmat(abs(wt_mirror),[1 1 24]) ;

0.19 contwtspec. ContinuousL2 waveletbasedLegendre spectrum

Author: PauloGoncales

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

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

INPUT PARAMETERS :

0 wt: Realor complex matrix[N_scale,N]Waveletcoeficientsof acontinuousvavelettransform(output
of contwtor contwtmir))

0 scale: realvector[1,N_scale]Analyzedscalevector

0 Q:realvector[1,N_Q] Exponentof the partitionfunction

o0 FindMax: 0/1flag. FindMax= 0 : estimateshe Legendrespectrumfrom all coeficients FindMax
= 1: estimateghe Legendrespectrunfrom the local Maxima coeficientsof the wavelettransform
Defaultvalueis FindMax= 1

0 ChooseRg: 0/1flag orintegervector[1,N_reg], (N_reg <= N_scale)ChooseRg= 0 : full scalerange
regressionChooseRg = 1 : asksonlinethe scaleindicessettingthe rangefor the linear regression
of the partitionfunction. ChooseRg = [n1 ... nN_reg] : scaleindicesfor thelinearregressiorof the
partitionfunction.

OUTPUT PARAMETERS :

o alpha: Realvector[1,N_alpha], N_alpha<= N_Q Singularity supportof the multifractal Legendre
spectrum

o f_alpha: realvector[1,N_alpha]Multifractal Legendrespectrum

0 logpart: realmatrix [N_scale,NQ] Log-partitionfunction

0 tau: realvector[1,N_Q] Regressiorfunction

SEEALSO: :
contwt,cwtspeccwt, dwtspecFWT

EXAMPLE: :

N =2048 ; H= 0.7 ; Q = linspace(-4,4,11) ;

[x] = fbmlevinson(N,H) ;

[wt,scale] = contwtmir(x,27(-8),27(-1),16,8) ;
[alpha,f_alpha,logpart,tau] = contwtspec(wt,scale,Q,1,1) ;
plot(alpha,f_alpha),

0.20 cwt Continuous Wavelet Transform

Author: BertrandGuiheneuf
This routine computeghe continuouswavelet transformof a real signal. Two waveletsare available:

the MexicanHat or the Morlet Wavelet.

USAGE :

[wt,scales,freqs]=cwt(sig,fmin,fmax,n bscale s,Jwv It le ngth])

FractalesGroup 12 Februaryl997 22



cwispec ScilabFunction

INPUT PARAMETERS :

sig: realvector[1,n] or [n,1] Containsthe signalto bedecomposed.

fmin : realpositive scalarLowestfrequeng of thewaveletanalysis

fmax: realpositive scalarHighestfrequeng of thewaveletanalysis

nbscales integer positive scalarNumberof scalesto computebetweenthe lowestand the highest
frequencies.

wvlt_length: real positive scalar(optionnal)If equalto 0 or not specified the waveletis the Mexican
Hat andits lengthis automaticalychoosen.Otherwise,Morlet's waveletis usedandit’s length at
scalel is givenby wvlt_length

O O o0 o

(o]

OUTPUT PARAMETERS :

0 wt: complex matrix [nbscales,nWavelettransform.Thefirst line is thefiner scale( scalel). It is real
if the MexicanHat hasbeenused,complec otherwise.

0 scales realvector[1,nbscalesBcalecorrespondingo eachline of thewavelettransform.

o freqgs: realvector[1,nbscalesfrequenyg correspondingo eachline of thewavelettransform.

DESCRIPTION :

PARAMETERS :

The wavelettransformof sig is computedvia corvolutionsof dilatedandtranslatedversionsof a single
functioncalledthe"wavelet”. The scalesaregivenby thedilatationfactor As the scalesarenot absolute,
the scalefactoris determineahroughthe specificationof the minimum and maximumfrequeng of the
decompositiorconsideredas a time/frequeng transform. The maximumfrequeng might not be greater
thanthe Nyquist Frequeng i.e. 0.5 asthe wavelet at this scalewould be undersampled.The number
of scalestells how mary corvolutionsare computed. The biggerit is, the slower the transformis. The
frequeng (or scale)axis is logarithmicalysampled. The resultingscalesand frequencies/aluescan be
obtainedasoutputparametersThe meaningof thewaveletlengthparameteis twofold. If nonzero,it tells
theroutineto usea Morlet Waveletandgivesits lengthat scalel (maximumfrequeng). Otherwise(zero
or notspecified) the MexicanHatis used.Theresultingwavelettransformis thenreal but hasa quite poor
frequeng resolution.

ALGORITHM DETAILS :

Convolutionsarecomputedhroughdiscretdinearcornvolutionsin timedomain.No FFTisused.Thelinear

filters areobtainedby a samplingof the waveletafterdilatation. The signalis mirroredatits boundaries.

0.21 cwtspec___ ContinuousL1 waveletbasedLegendre spectrum

Author: PauloGoncales

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

USAGE :

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

INPUT PARAMETERS :
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0 wt: Realor complex matrix[N _scale,N]Waveletcoeficientsof a continuousvavelettransform(output
of cwt)

0 scale: realvector[1,N_scale]Analyzedscalevector

o0 Q:realvector[1,N_Q] Exponentf thepartitionfunction

o0 FindMax: 0/1flag. FindMax= 0 : estimateshe Legendrespectrumfrom all coeficients FindMax
= 1: estimateghe Legendrespectrunfrom the local Maxima coeficientsof the wavelettransform
Defaultvalueis FindMax=1

0 ChooseRg: 0/1flag orintegervector[1,N_reg], (N_reg <= N_scale)ChooseRg=0: full scalerange
regressionChooseRg = 1 : asksonlinethe scaleindicessettingthe rangefor the linear regression
of the partitionfunction. ChooseRg = [n1 ... nN_reg] : scaleindicesfor thelinearregressiorof the
partitionfunction.

OUTPUT PARAMETERS :

o alpha: Realvector[1,N_alpha], N_alpha<= N_Q Singularity supportof the multifractal Legendre
spectrum

o f_alpha: realvector[1,N_alpha]Multifractal Legendrespectrum

0 logpart: realmatrix [N _scale,NQ] Log-partitionfunction

0 tau: realvector[1,N_Q] Regressiorfunction

SEEALSO: :
cwt, contwtspeccontwt,dwtspec
EXAMPLE: :

N =2048 ; H= 0.7 ; Q = linspace(-4,4,11) ;

[x] = fbmlevinson(N,H) ;

[wt,scale] = cwt(x,2°(-8),2"°(-1),16,8) ;
[alpha,f_alpha,logpart,tau] = cwtspec(wt,scale,Q,1,1) ;
plot(alpha,f_alpha),

0.22 cwittrack _____ Continuous L2 waveletbasedHolder exponent
estimation

Author: PauloGoncalhes
Estimateghelocal or globalHolderexponentof a1-D signalfrom its L2 continuousvavelettransform

(outputof contwt(mir)). In somecasestheglobalHolderexponentcanalsobereferedto asthelongrange
dependancparameter

USAGE :

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

INPUT PARAMETERS :

0 wt: Realor complex matrix[N _scale,N]Waveletcoeficientsof a continuousvavelettransform(output
of contwt)
o0 scale: realvector[1,N_scale]Analyzedscalevector
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o whichT : Integer whichT, when non zero specifiesthe time positionon the signalwhereto estimate
thelocal Holder exponent.WhenwhichT is zero,the global scalingexponent(or LRD exponent)is
estimated.

o FindMax: 0/1flag. FindMax=0: estimatesheHolderexponentglocal or global)from all coeficients
of the wavelettransformFindMax = 1 : estimateghe Holder exponents(local or global) from the
local Maximacoeficientsof thewavelettransformDefault valueis FindMax= 1

0 ChooseRg : 0/1 flag or integer vector [1,N_reg], (N_reg <= N_scale)ChooseReg = 0 : full scale
rangeregressionChooseRg = 1 : scalerangeis choosedyy the user clicking with the mouseon a
regressiorgraph.ChooseRg=[n1 ... nN_reg] : imposedhescaleindicesfor thelinearregressiorof
thewaveletcoeficientsversusscalein alog-log plot Defaultvalueis ChooseRg =0

o radius: Positve integer The local maximaline searchis restrictedto someneighbourhoodf the
analyzedpoint. Basically thisregionis definedby the coneof influenceof thewavelet. radiusallows
to modulatethewidth of the cone.Defaultvalueis cone= 8.

0 DeepScale strictly positive integer DeepScaléells the maximaline procedurenow depthin scaleto
scanfrom stepto step.Default valueis DeepScales 1

0 Shaw 0/1flag. Shav = 1: displaythe maximaline trajectoryandthelog-log regressiorgraphShow =
0: nodisplay

OUTPUT PARAMETERS :

0 HofT : Realscalar Local or globalHolderexponentestimated

ALGORITHM DETAILS :
Themaximaline searcHollows thetwo steps:

o all local maximaarefoundusinga standardyradienttechnique
0 localmaximaareconnectedilongscaledy finding the minimum Lobatchesky distancebetweerntwo
consecutre maximalying beneattthe coneof influence.

SEEALSO: :

cwttrack all, contwtspeccontwt, 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,2°(-8),27(-1),64,8*) ;

HofT_1 = cwittrack(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: PauloGoncalhes

Estimatesthe Holder function of a signalfrom its continuouswavelet transform(L2 contwt). cwt-
track all merelyrunscwttrackasmary timesastherearetime samplego beanalyzed
USAGE :
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[HofT,whichT] = cwttrack_all(wt,scale,FindMax,ChooseR eg,rad ius,D eepScale,dT )

INPUT PARAMETERS :

0 wt: Realor complex matrix[N _scale,N]Waveletcoeficientsof a continuousvavelettransform(output
of contwt)

0 scale: realvector[1,N_scale]Analyzedscalevector

o whichT : Integer whichT, whennon zero specifiesthe time position on the signalwhereto estimate
thelocal Holder exponent.WhenwhichT is zero,the global scalingexponent(or LRD exponent)is
estimated.

o FindMax: 0/1flag. FindMax= 0: estimatesheHolderexponentglocal or global)from all coeficients
of the wavelettransformFindMax = 1 : estimateghe Holder exponents(local or global) from the
local Maximacoeficientsof thewavelettransformDefault valueis FindMax= 1

0 ChooseRg : 0/1 flag or integer vector [1,N_reg], (N_reg <= N_scale)ChooseRg = 0 : full scale
rangeregressionChooseRg = 1 : scalerangeis chooseduy the user clicking with the mouseon a
regressiorgraph.ChooseRg=[n1 ... nN_reg] : imposedhescaleindicesfor thelinearregressiorof
thewaveletcoeficientsversusscalein alog-log plot Defaultvalueis ChooseRg=0

o radius: Positve integer The local maximaline searchis restrictedto someneighbourhoodf the
analyzedpoint. Basically thisregionis definedby the coneof influenceof thewavelet. radiusallows
to modulatethewidth of the cone.Defaultvalueis cone= 8.

0 DeepScale strictly positive integer DeepScaléells the maximaline procedurenow depthin scaleto
scanfrom stepto step.Default valueis DeepScale 1

0 dT01Integer Samplingperiodfor the Holderfunctionestimate

OUTPUT PARAMETERS :

0 HofT : Realscalar Local or globalHolderexponentestimated
o0 whichT IntegervectorTime samplingvector

SEEALSO: :
cwttrack

EXAMPLE: :

N = 2048 ;

[x] = GeneWei(N,linspace(0,1,N),1.2,1,1) ;

[wt,scale] = contwtmir(x,2"(-6),2°(-1),64,8*) ;
[HofT,whichT] = cwttrack_all(wt,scale,1,0,8,1,(N/64)) ;

0.24 dilate Dilation of a signal

Author: PauloGoncales

Computedlilated/compressedersionof 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] Time samplesf the signalto bescaled.
a: realstrictly positive vector[1,N_scale]Dilation/compressiofiactors.a < 1 correspond$o compres-
sionin time

o fmin: realscalarin [0,0.5] Lower frequeng boundof the signal(necessaryor theintermediatecom-
putationof the Mellin transform)

o fmax: realscalar0,0.5] andfmax > Upperfrequeny boundof the signal(necessaryor theinterme-
diatecomputatiorof the Mellin transform)

0 N positiveinteger numberof Mellin samples.

o

OUTPUT PARAMETERS :

0 sscaled: Realmatrix with N_scalecolumnsEachcolumnj (for j = 1 .. N_scale)containsthe di-
lated/compressedersionof s by scalea(j). First elementof eachcolumngivesthe effective time
supportfor eachscaledversionof s.

o mellin: comple vector[1,N] Mellin transformof s.

0 beta: realvector[1,N] Variableof the Mellin transformmellin.

DESCRIPTION :

PARAMETERS :

o

s : signalto be analyzed.Realor complec vector Sizeof s shouldbe odd. If even,azerosampleis
appendedtthe endof thesignal

0 ascalefactor Maximum allowed scaleis determinecby the spectralextent of the signalto be com-
pressedthe spectralextentof the compressedignalcannot go beyondthe Nyquistfrequeny (1/2).
Thereis notheoreticalimit for the minimumallowed scale otherthanthe computationatost.

o fmin: lowerfrequeny boundof theanalysis.fmin is realscalarcomprisedn [0,0.5]

o fmax: upperfrequeny boundof the analysis.fmaxis areal scalarcomprisedn [0,0.5] andfmax >
fmin

0 N : numberof Mellin samples.This numbermustbe greaterthansomeammountdeterminedoy the

spectrakextentof the signal,to avoid aliasingin the Mellin domain.

ALGORITHM DETAILS :
This algorithusesa FastMellin Transform(dmt) to diagonalizethe Scaleoperator The algorithmrunsas
follows

0 computethe FourierMellin transformof thesignal
0 Multiply theresultby a(-i.beta)(betais the Mellin variable),for eachvaluesof scalea
0 computetheinverseFourierMellin transformto getthe a-dilatedversionof s

SEEALSO: :
dmt,idmt
EXAMPLE: :

/l 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: FrancoisRouef

Computeghe regularizationdimensionof the surfaceof a 2d function. Two kernelsareavailable: the
Gaussiaror the Rectangle.

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

INPUT PARAMETERS :

X : Realor complex matrix[nt,pt] Spacesamplef thesignalto beanalyzed.

sigma: Realpositve numberStandardeviation of the noise.Its defaultvalueis null (noisefree)

voices: Positve integer. numberof analyzingvoices.Whennot specifiedthis parameteis setto 128.

Nmin : Integerin [2,nt/3] Lower scalebound(lowerwidth) of theanalysing<ernel. Whennot specified,

this parameters setto aroundnt/12.

0 Nmax: Integerin [Nmin,2nt/3] Upperscalebound(upperwidth) of the analysingkernel. Whennot
specifiedthis parameters setto nt/3.

o kernel: String specifiesthe analyzingkernel: "gauss”: Gaussiarkernel (default) "rect”: Rectangle
kernel

0 mirror: Boolean

specifiesavetherthesignalis to be mirrorizedfor the analysg(default: 0).
0 reg: Boolean

specifiesvethertheregressions to be doneby the useror automatically(default: 0).
graphs. Boolean:

specifiesvethertheregularizedgraphshave to be displayed(default: 0).

o

OUTPUT PARAMETERS :

o dim: RealEstimatedregularizationdimension.
o handlefig: IntegervectorHandlesof the figuresopenedduringthe procedure.

DESCRIPTION :

This function is the sameas dimR but adaptedo 2d signals. For a more completeexplanationof the
regularizationdimensionpnecanreferto: "A regularizationapproacho fractionnaldimensiorestimation”,
F. Rouef, J. Levy-Vehel,submittedto Fractal98 conference.The regularizedgraphsof x are computed
via convolutionsof x with dilatedversionsof the kernelat differentscales.The lengthsof theregularized
graphsare computedvia convolutionsof x with the derivativesof the dilatedversionsof the kernel. The
regularizationdimensioris computeckitherviaanautomatiadangeregressioror via aregressiorby handon
theloglog plot of thelengthsversusscalesIf sigmais strictly positive, anestimationof thelengthswithout
noiseis usedfor the regression.Theselengthsaredisplayedin red while thoseof the noisy signalarein
black. They shouldseperatat fine scales.Whenonespecifieshe rangeregressiontheloglog plot of the
lengthsversusscalesappearsAbove areeitherincrementgwhensigmais null) or aloglog plot of thenoise
prevalencein the lengths. One selectsthe scalerangeof the regression.In the caseof noisefreesignals,
selecta scaleregion with stableincrements.In the caseof a strictly positive sigma,selecta scaleregion
wherethenoiseprevalencds nottoocloseto 1 (0 in log10): it shouldcorrespondo anapproximatelfinear
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region for thered estimations.The numberof scalegvoices)tells how mary convolutionsarecomputed.
The biggerit is, the slower the computationis. The scaleaxis is geometricallysampled(i.e. its log is

arithmeticallysampled). The gaussiarkernelshouldgive a betterresultbut the rectangleis faster As a

generalule, becarefulof thesizeof theinput signalandof the maximalsizeof thekernel(Nmaxx Nmax)

to avoid too long computingtimes.

SEEALSO: :

cwittrack,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: PauloGoncales

Computeghe FastMellin transformof a signal.

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

INPUT PARAMETERS :

s: realvector[1,nt] or [nt,1] Time samplesf thesignalto betransformed.
fmin : realscalarin [0,0.5] Lowerfrequeng boundof the signal

fmax: realscalarf0,0.5]andfmax > Upperfrequeng boundof the signal
N : positiveinteger numberof Mellin samples.

O O 0O

OUTPUT PARAMETERS :

o mellin: comple vector[1,N] Mellin transformof s.
0 Dbeta: realvector[1,N] Variableof the Mellin transformmellin.

DESCRIPTION :

PARAMETERS :

o

s: signalto betransformedRealor complex vector

fmin : lower frequeny boundof theanalysisfmin is realscalarcomprisedn [0,0.5]

fmax : upperfrequeny boundof the analysis.fmax is areal scalarcomprisedn [0,0.5] andfmax >
fmin

0 N : numberof Mellin samples.This numbermustbe greaterthansomeammountdeterminedoy the

spectrakextentof thesignal,to avoid aliasingin the Mellin domain.

o O
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ALGORITHM DETAILS :

ThefastMellin transformcanbe simply interpretedasa FFT appliedto a geometricallysampledvector
SEEALSO: :

idmt, dilate

EXAMPLE: :

/ISignal 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: PauloGoncales

Estimateghe multifractal Legendrespectrunof a 1-D signalfrom thewaveletcoeficientsof adiscrete
decomposition

USAGE :
[alpha,f_alpha,logpart] = dwtspec(wt,Q[,ChooseReq])

INPUT PARAMETERS :

0 wt: Realvector[1,N] Waveletcoeficientsof a discretewavelettransform(outputof FWT)

0 Q:realvector[1,N_Q] Exponentof the partitionfunction

0 ChooseRg: 0/1flagorintegervector[1,N_reg], (N_reg <= N_scale)ChooseRg= 0 : full scalerange
regressionChooseRg = 1 : asksonlinethe scaleindicessettingthe rangefor the linear regression
of the partitionfunction. ChooseRg = [n1 ... nN_reg] : scaleindicesfor thelinearregressiorof the
partitionfunction.

OUTPUT PARAMETERS :

o alpha: Realvector[1,N_alpha], N_alpha<= N_Q Singularity supportof the multifractal Legendre
spectrum

o f_alpha: realvector[1,N_alpha]Multifractal Legendrespectrum

0 logpart: realmatrix [N_scale,NQ] Log-partitionfunction

0 tau: realvector[1,N_Q] Regressiorfunction

SEEALSO: :
cwtspec FWT, WTStruct,MakeQMF flt, iflt
EXAMPLE: :

N =2048 ; H= 03 ; Q = linspace(-4,4,11) ;
[x] = fbmlevinson(N,H) ;

gmf = MakeQMF('daubechies’,2) ;

[wt] = FWT(x,log2(N),gmf) ;
[alpha,f_alpha,logpart,tau]
plot(alpha,f_alpha),

dwtspec(wt,Q,1) ;
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0.28 fbmfwt Discretewavelet basedsynthesisof a fBm

Author: PauloGoncalhes

Generatea 1/f Gaussiarprocesgrom a discretewavelettransform

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

INPUT PARAMETERS :

N : Positive integer Samplesizeof thefBm

H : Realin [0,1] Holderexponent

noctave : integerMaximumresolutionlevel (shouldnotexceeedog2(N))
Q: realvector AnalyzingQMF (e.g.Q = MakeQMF('daubechies’,4)
randseed realscalarRandomseedgenerator

O OO0 oo

OUTPUT PARAMETERS :

0 x: realvector[1,N] Time samplef the 1/f Gaussiarprocess

ALGORITHM DETAILS :

Generatea 1/f Gaussiaprocesdy invertingadiscretevavelettransform.Stepl: generateg a[1,N]i.i.d.

standardGaussiamoise Step2: computeghe discretewavelet coeficientsy Step3: weigth the wavelet
coeficientsy with thecorrespondingcalepowerlaw Step4: inverttheweighteddiscretewavelettransform

SEEALSO: :
fbmlevinson,synth2, FWT, MakeQMF

EXAMPLE: :

Q = MakeQMF('daubechies’,4)

[x] = fbmfwt(1024,0.5,10,Q) ;

[wt,scale,f] = contwt(x,27(-8),27(-1),64,8) ;
[Hl = cwttrack(wt,scale,0,1,1,8,1,1) ;

0.29 fbmlevinson____ Levinson synthesisof a fractional Brownian
motion

Author: PauloGoncales

Generates FractionalBrownianMotion (fBm) usingCholesky/Levinsonfactorization

USAGE :

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

0 N : PositveintegerSamplesizeof thefBm
0 H:Realin[0,1] Holderexponent
0 seed realscalarRandonmseedgenerator

OUTPUT PARAMETERS :

0 Xx: realvector[1,N] Time sampleof thefBm

o0 v : realvector[1,N] Vectorof N i.i.d. white standardsaussiam.v.'s (input procesof the generator)

o r: realvector[1,N] Firstrow of thevar/cos Toeplitzmatrix R of theincrementprocessw[k] = x[k+1]
- X[K].

ALGORITHM DETAILS :

Generates FractionalBrownianMotion usingLevinsonalgorithmto triangularizethe covariancematrix.
R=EW * W’ beingthevariance/cwariancematrix of the fBm 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 * Zwith Rzthevar/cosr matrix of theprocesZ, Rz=E{Z* Z' } Rz=E {
LC-1)*W* W * (L(-1)) } Rz=L(-1)* R* (L(-1))’ Rz=L(-1)* L * L' * (L(-1))’ Rz =1 (identity) Thus,
Z is awhite Gaussiamoisewith unit variance.

SEEALSO: :

mbmlevinson

EXAMPLE: :

xy.r] = fbmlevinson(1024,0.8) ;

0.30 fftld __ Operatesa column-wisedirector inverseFFT

Author: PauloGoncales

Operates column-wisedirector inverseFFT on a matrix

USAGE :
Y = fftld(X,Dirlnv) ;

INPUT PARAMETERS :

0 X :Realor comple valuedmatrix [rx,cX]
o0 Dirlnv: +1/-1flag-1 Direct FastFourier Transform+1 InverseFastFourier Transform

OUTPUT PARAMETERS :

0 Y : Realor comple valuedmatrix [rx,cx] Eachcolumnof Y containsthe FFT (respIFFT) of the
correspondingolumnof X

SEEALSO: :
fft

EXAMPLE: :
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/Matrix synthesis:

t = linspace( 0,1,128 )

fO = [4 8 16 32]

sin( 2*%pi*t(:)*f0 )
abs( fftld( X, 1)) ;
[Y(65:128,)) 7 Y(1:64,)] ;
linspace(-64,63,128) ;
plot2d(f(ones(4,1),:),Y)

X
Y
Y
f

0.31 findWTLM Finds local maxima linesof a CWT

Author: PauloGoncales

Findsthelocal maximaof acontinuousvavelettransform

USAGE :

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

INPUT PARAMETERS :

o wt: Complex matrix [N_scale,N]Wavelet coeficients of a continuouswavelettransform(output of
FWT or contwt)

0 scale: realvector[1,N_scale]Analyzedscalevector

0 depth: realin [0,1] maximumrelative depthfor the peakssearch Defaultvalueis 1 (all peaksfound)

OUTPUT PARAMETERS :

o maxmap 0/Lmatrix[N_scale,N]Jif maxmap(m,n¥ O: the coeficientwt(m,n)is notalocal maximum
If maxmap(m,n¥ 1: thecoeficientwt(m,n)is alocal maximum

SEEALSO: :
contwt, cwt

EXAMPLE: :

N =2048 ; H= 03 ; Q = linspace(-4,4,11)
[x] = fbmlevinson(N,H) ;

[wt,scale] = cwt(x,2°(-6),2"(-1),36,0) ;
[maxmap] = findWTLM(wt,scale) ;

0.32 flt Fast Legendre transform
USAGE :
[us] = fit(x,y[,ccv])

INPUT PARAMETERS :
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0 X: realvaluedvector[1,N] samplesupportof thefunctiony

0 v : realvaluedvector[1,N] samplef functiony = y(x)

0 ccv: optionalargumentto choosebetweerncorvex (ccv = 0) andconcae (ccv = 1) envelope. Default
valueis ccv=1 (concae)

OUTPUT PARAMETERS :

0 u: realvaluedvector[1,M] Legendretransformof inputy. Notethat, sinceu stemsfrom the ervelope
ofy,in generaM <= N.
0 s: realvaluedvector[1,M] Variableof the Legendretransformof y.

DESCRIPTION :
Computeghe Legendretransformof y y*(s) = sup{x in X}[s.x- y(x)]

EXAMPLE: :

//[Function synthesis
mo=55 ; mli=1- mO;
m2=.95 ; m3=1- m2;
g = linspace(-20,20,201) ;

taul = - log2(exp(g.*log(m0)) + exp(g.*log(m1))) ;
tau2 = - log2(exp(g.*log(m2)) + exp(g.*log(m3))) ;
tau3 = min(taul , tau2) ;

/lLegendre  Transforms

[ul,s1] = flt(g,taul) ;
[u2,s2] = flt(g,tau2) ;
[u3,s3] = flt(q,tau3) ;

/Il Vizualisation
plot2d(s3,u3,17) ;
plot2d(s1,ul1,18,’001") :
plot2d(s2,u2,19,'001") :

AUTHOR : PauloGoncales

0.33 gauss Gaussianwindow

Author: PauloGoncalhes

Returnsa Gaussiarwindow

USAGE :
Win = gauss(N[A])
INPUT PARAMETERS :

o0 N : PositveintegerNumberof pointsdefiningthetime supportof thewindow
0 A : Realpositive scalarAttenuationin dB attheendof thewindow (10(-A)). Defaultvalueis A = 2.
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OUTPUT PARAMETERS :

0 Win: realvector[1,N] Gaussiarwindow in time.

SEEALSO: :
mexhat, morlet

EXAMPLE: :
t = linspace(-1,1,128) ;

Winl = gauss(128,2) ;
Win2 = gauss(128,5) ;

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

0.34 qgifs2wave ___ wavelet coefficientsfrom new GIFS coefficients

Author: Khalid Daoudi

ComputeghewaveletcOeficientsof the syntheticl-D realsignalfrom its new GIFS coeficients.

USAGE :
[wt_new]=gifs2wave(Ci_new,wt,wt_idx,w t 1g)

INPUT PARAMETERS :

Ci_new : Realmatrix Containsthe new GIFS coeficients

wt : Realmatrix containghe waveletcoeficients(obtainedusingFWT)

wt_idx : Realmatrix[1,n] containstheindexes(in wt) of the projectionof the signalon the multireso-
lution subspaces

0 wt.g: Realmatrix[1,n] containghe dimensionof eachprojection

O O O

OUTPUT PARAMETERS :

0 wi_new : Realmatrix Containsthe new waveletcoeficientsplusotherinformations.

DESCRIPTION :
PARAMETERS :
ALGORITHM DETAILS :
SEEALSO: :

wave2gifs
EXAMPLE: :
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0.35 gifseg__ Replacesnodesof the diadic tr eeby a ceratin unique
value.

Author: Khalid Daoudi

Replacesteachscaletheleft (resp.right) nodesof thediadictree,associatedo the GIFS coeficients,
thatbelongto [cmin,cmax]by a ceratinuniquevalue.

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

INPUT PARAMETERS :

Ci : Realmatrix Containsthe GIFS coeficients(obtainedusingFWT)

cmin: Realscalarf1,n] Specifiegshe minimal valueof the Ci’s to be consideredcmin=0by default)
cmax: Realscalan1,n] Specifiegshe maximalvalueof the Ci’'s to be consideredcmin=0by default)
epsilon: realscalarSpecifiegshe maximalerrordesiedon the Ci’s approximation.

O O 0O

OUTPUT PARAMETERS :

o Ci_new : Realmatrix Containshethe new GIFS coeficients.

o marks: RealvectorContainsthe sggmentatiormarqueslength(marks)-is the numberof sggmented
parts.

0 L : Realmatrix A structurecontainingtheleft andright lambdai’s correspondindgo eachsegmented
part.

DESCRIPTION :
PARAMETERS :
ALGORITHM DETAILS :
SEEALSO: :

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] Containsthe signalto beanalysed.

0 Meas: string Analysingmeasure.Must chooserbein {"sum”, "var”, "ecart”, "min”, "max”, "iso”,
"riso”, "asym”,"aplat”, "contrast”,”lognorm”, "varlog”, "rho”, "pow”, "logpow”, "frontmax”, "front-
min”, "difth”, "diffv", "dif fmin”, "dif fmax”} (default: "sum”)

o0 res: Numberof resolutionsusedfor thecomputation(default: 1)

0 Ref: realmatrix[m,n] Containghereferencesignali.e. the signalonwhich thereferenceneasurevill
be computedInputandRef musthave the samedimensions.

o0 RefMeas stringReferencemeasure(default: "sum”)

OUTPUT PARAMETERS :

0 holder: realmatrix [m,n] Containshe Holderexponents.

DESCRIPTION :

INTRODUCTION :

Thisroutinescomputedolderexponentsy regressingananalysingmeasurdin alog-log plot) atdifferent
scales.Givena pixel, onedefinesa (square)window aroundit. Thewindow sizeis calledtheresolution.
The specifiedmeasurgor capacity)is thenevaluatedon the setdefinedby the window. For example,in
the caseof the’sum” measureatresolution2, a 5x5 squarecenteron a pixel pOis extractedfrom theinput
image. The meanof the gray levels of the obtainedpixels definesthe measureat pixel pO andresolution
2. The measurdype is thus given by the input parameteMeaswhereashe actualmeasurds obtained
throughtheinputsignal. In the caseof a simplemeasurenalysistheregressions computedwith respect
to the size of the window, this corresponds$o comparingthe analysingmeasurdo the Lebesguaneasure.
Neverthelessit is possibleto computetheregressiorby comparisorwith areferenceaneasurayivenby the
lasttwo parameters.

AUTHOR : Author: PascalMignot - BertrandGuiheneuf

0.37 icontwt__ InverseContinuous L2 wavelettransform

Author: PauloGoncalhes

Computegheinversecontinuouswvavelettransform:reconstructs 1-D signalfrom its waveletcoefi-
cients. Thescaleoperatoriis unitarywith respecto theL2 norm.

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

INPUT PARAMETERS :

0 wt: Realor complex matrix [N,nt] coeficient of thewavelettransform

o f: realvectorof size[N,1] or [1,N] which elementsarein /[0,0.5],in decreasingrder

o wl_length: scalaror matrix specifieghereconstructionwavelet: 0: Mexicanhatwavelet(real) Positve
realinteger: real Morlet waveletof size2*wl length+1)at finestscalel Positve imaginaryinteger:
analyticMorlet waveletof size2*wl _length+1)at finestscalel Realvaluedmatrix with N columns:
eachcolumncontainsa dilatedversionsof anarbitrarysynthesisvavelet.

OUTPUT PARAMETERS :
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0 x._back: Realor complex vector[1,nt] Reconstructedignal.

DESCRIPTION :

PARAMETERS :

o wt: coeficient of thewavelettransform.X-coordinatedcorrespondso time (uniformly sampled),Y-
coordinategorrespondo frequeng (or scale)voices(geometricallysampledetweerfmax (resp.1)
andfmin (resp.fmax/ fmin ). First row of wt correspondso the highestanalyzedrequeng (finest
scale).Usually, wt is the outputmatrix wt of contwt.

0 scale: analyzedscaleggeometricallysampledbetweerl andfmax /fmin. Usually, scaleis the output
vectorscaleof contwt.

o wl_length: specifiesthe synthesiswavelet: 0: Mexican hat wavelet (real). The size of the wavelet
is automaticallyfixed by the analyzingfrequeng Positive real integer: real Morlet wavelet of size
2*wl length+1)atfinestscale(1) Positveimaginaryinteger: analyticMorlet waveletof size2*|wl_length+1)
at finestscalel. The correspondingvavelet transformis thencomplex. May be usefull for event
detectionpurposes.Realvaluedmatrix: usually for reconstructiorwl_lengthis the output matrix
wavescaledrom contwit.

ALGORITHM DETAILS :

ThereconstructioralgorithmIinverseWavelet Transform, proceeddy convolving the waveletcoeficients
(obtainedfrom contwt) by the synthesisvavelet. As we dealwith continuousvaveletdecompositionthe
analyzingwaveletandits dualfor reconstructiorarethe same(continuousbasis).This operationis iterated
ateachanalyzedscalgj yielding N correspondindpand-passesignalversions.Thereconstructedignalis
the scaleweightingsumof theseN vectors.

SEEALSO: :

contwt,contwtmir

EXAMPLE: :

//Signal synthesis
x = morlet(0.1,64) ;

t = 1:129 ;

/IA° 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(:) tOLIXE) x_back(:)]) ;

0.38 idmt InverseDiscrete Mellin transform

Author: PauloGoncales

Computeghe InverseFastFourier-Mellin transformof a signal.
USAGE :
[x,1] = idmt(mellin,beta,[M])

INPUT PARAMETERS :
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o mellin: complex vector[1,N] FourierMellin transformto beinverted. For a correctinversionof the
FourierMellin transform the directFourierMellin transformmellin musthave beencomputedrom
fmin to 0.5cyclespersec.

0 beta: realvector[1,N] Variableof the Mellin transformmellin.

0 M : positiveinteger Numberof time samplego berecoveredfrom mellin.

OUTPUT PARAMETERS :

0 Xx:complevector[1,M] InverseFourierMellin transformof mellin.
o0 t:timevariableof thelnverseFourierMellin transformx.

DESCRIPTION :

The InverseFourierMellin transformcanbe viewed asan InverseFastFourier Transformwhich resultis
assumedyeometricallysampled. To recover the initial time signal, a DiscretelnverseFourier Transform
is appliedto this geometricallyFourier representationlmportantThe InverseFourierMellin transformis
correctonly if thedirectFourierMellin transformhasbeencomputedrom fmin to 0.5 cyclespersec.
SEEALSO: :

dmt, dilate
EXAMPLE: :

/ISignal 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: PauloGoncales

Approximatel-D integral. integ(y,x) approximatesheintegral of y with respecto thevariablex

USAGE :

SOM=integ(y[,x])

INPUT PARAMETERS :

0 v : realvaluedvectoror matrix [ry,cy] Vectoror matrix to beintegrated.For matrices,integ(Y) com-
putestheintegral of eachcolumnof Y

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

OUTPUT PARAMETERS :
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0 SOM: realvaluedvector[1,cy] Finite sumapproximatingheintegral of y w.r.t theintegrationpathx

SEEALSO: :
integ2d
EXAMPLE: :
/[Cumulative Normal Distribution
sigma = 1 ; N = 100 ;
x = logspace(log10(0.001),log10(3),N/ 2)
x = [ -fliplr(x) x 1 ;
y = 1/sqgrt(2*pi) * exp( -(x."2)./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: PauloGoncalhes

isemptyTrue for empty matrix. isempty(x)returns%T if x is an emptyarrayand%F otherwise.An
emptyarrayhasno elementsthatis prod(size(X))==0.

USAGE :

isempty(x)
INPUT PARAMETERS :

0 X: Realor complex valuedmatrix[rx,cx]

SEEALSO: :
all

0.41 lambdak k’slambda functions for pseudoAV

Author: PauloGoncalhes

Computeghe parametrizingunctionlambdakdefiningthe Affine Wigner distributions.

USAGE :

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

0 u: realvector[1,n] Argumentof the functionlambdak.

0 k: realscalarParameteiof the lambdakfunction. K=-1 correspondso the Unterbegerdistribution;
K=0 correspond$o the Bertranddistribution; K=0.5 correspondso the D-Flandrindistribution; K=2
correspondso the WignerVille distribution on analyticsignals.

OUTPUT PARAMETERS :

0 Y : realvector[1,n] Resultof thefunctionlambdak.

SEEALSO: :
pseudoAV

EXAMPLE: :

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

yl = lambdak(x,2) ;

plot(y0)

plot(y1)

0.42 lepskiiap lepskii adaptive procedure

Author: ChristopheCanus

This C_LAB routineis animplementatiorof the Lepskii's adaptie procedure.This algorithmselects
the”best” estimatowhich balanceshe bias-\ariancetradeof in asequencef noisyandbiasedestimators
thetahatj of anon-randonparametethetawith theassumptiorthatwhenj increaseshiasb._j increasesas
variancesigma2j decreases.

USAGE :

[K_star,j _hat,|_c_j min,]|_c_j max,E_c _j_hat _min, E_c j hat max]=.
lepskiiap(theta_hat_j,[sigma2_j,K])

INPUT PARAMETERS :

o thetahatj : realvector[1,J] or [J,1] Containshe sequencef estimators.
0 sigmaz2j : strictly positive realvector[1,J] or [J,1] Containsghe sequencef variances.
o K : strictly positive realscalarContainghe confidenceconstant.

OUTPUT PARAMETERS :

K_star: strictly positive realscalarContainghe optimal confidenceconstant.

j-hat: strictly positive real (integer) scalarContainsthe selectedndex.

I_c_j_-min: realvector[1,J] Containsthe minimumboundsof the confidencentervals.
I_c_j_max: realvector[1,J] Containsthe maximumboundsof the confidencantervals.
E_c_j_hatmin : realscalarContainshe minimumboundof the selectedntersectiorinterval.

O OO0 oo
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o E_cj_hatmax: realscalarContainshe maximumboundof the selectedntersectiorinterval.

DESCRIPTION :

PARAMETERS :

The sequencef variancessigmaj mustbe stricly positive, decreasingvhenj increasesandof the same
sizethanthetahatj. Whenno sequencef variancess givenasinput or whenit is uniformly equalto 0,
thealgorithmcomputeghesequencef variancesassigma2j=1./j. Thedefaultvaluefor epsilonis 1./[1:J].
TheconfidenceconstanK mustbe >=1. For the meaningof the ouputparametersseenext section.
ALGORITHM DETAILS :

Definethe sequencef confidenceintervals | c_j=[theta_hatj-K*sigma_j,thetahatj+K*sigma_j], the se-
quenceof their decreasingntersections€ _c_j andj_hatasthelargestindex j suchasthatE_c_j is nonvoid.
Thebestestimatomwith respecto theLepskii'sadaptie procedurés selectedsthetahatj_hatin E_c_j_hat.
The two parameterso be handledarethe sequencef variancessigma2j andthe confidenceconstani.
sigma2j canbe ary sequencalominatingthe 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_O=floor(T/2)

t O=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_O-t:t_O+t));

end

% Lespkii's adaptive  procedure

[K_star,t hat,l ¢ t min,l c t max,E_c _t hat min, E_c t _hat max]=l epski iap(f_

% plot and disp results
plot(t_0,Y_t(t_0),’k*";
plot(t_O-t_hat,Y_t(t_O-t_hat),’kd";
plot(t_O+t_hat,Y_t(t O+t _hat),’kd");
subplot(2,1,2);

plot(f_hat_t);

hold on;

plot(l_c_t_max,'r™);
plot(l_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 ft for t=t 0=",num2str(t_0)]);

disp(['selected index t=',num2str(t_hat)]);

disp(['estimated ftO in [,num2str(E_c_t _hat _min),’,’,num2str( E ct _hat min),
SCILAB :

I

REFERENCES:

To be published..SHseeAlso monolr (C_LAB routine).

0.43 linearlt linear time legendre transform

Author: ChristopheCanus

This C_LAB routinethe Legendretransformof a function usingthe linear time Legendretransform
algorithm.

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

INPUT PARAMETERS :

0 x: realvector[1,N] or [N,1] Containgheabscissa.
o0 Y : realvector[1,N] or [N,1] Containghefunctionto betransformed.

OUTPUT PARAMETERS :

0 s:realvector[1,M] Containgheabscissaf theregularizedfunction.
0 u.stars: realvector[1,M] Containghe Legendreconjugatefunction.

DESCRIPTION :

PARAMETERS :

Theabscissa andthefunctionu_x to betransformednustbeof thesamesize[1,N] or [N,1]. Theabscissa
sandthe Legendreconjugateunctionu_star s areof the samesize[1,M] with M<=N.

ALGORITHM DETAILS :

Thelineartime Legendreransformalgorithmis basedntheuseof aconcaeregularizationbeforeslopes’
computation.

EXAMPLES :
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x=linspace(-5.,5.,1024);

u_x=-1+log(6+x);

plot2d(x,u_x);

/Nooks like a Reyni exponents function, isn't it ?
[s,u_star_s]=linearlt(x,u_x);

plot2d(s,u_star_s);

REFERENCES:

None.

SEEALSO :
bbch(C_LAB routine).

0.44 mbmlevinson___ Levinson synthesisof a multifractional
Brownian motion

Author: PauloGoncales

Generates Multi-FractionalBrownian Motion (mBm) usingCholesk/Levinsonfactorization

USAGE :

[xy.r] = mbmlevinson(N,H,[seed)])
INPUT PARAMETERS :

0 N : Positive integer Samplesizeof thefBm

0 H: Realvector[1,N] of characterstringH real vector: containsthe Holder exponentsat eachtime.
Eachelemenin [0,1]. H charactestring: analyticexpressiorof the Holderfunction (e.g. 'abs(0.5*
(1+sin(16t))))

0 seed realscalarRandomseedgenerator

OUTPUT PARAMETERS :

0 x: realvector[1,N] Time samplef themBm

0 v : realvector[1,N] Vectorof N i.i.d. white standardGaussiam.v.'s (input procesof the generator)

o r: realmatrix[N,N] Matrix containingcolumnwiseeachfirst row of thevar/cos ToeplitzmatricesR(n)
of thenon-stationaryncrementprocesswv[n] = x[n+1] - x[n].

ALGORITHM DETAILS :

For eachtime n, a fbom processwith constantHolder exponentH[n/] is synthesizedver N points (see
fbmlevinson). Only the sampleat rankn is kept. As aresultof this computationallyexpensve procedure,
only smallsamplesizesof mBmscanbe generatedtypically lessthan1024samples).

SEEALSO: :
mbmlevinson

EXAMPLE: :

[X,y,r] = mbmlevinson(512,AtanH(512,2,1,0.5)) ;
plot(x) ;

FractalesGroup February28,1998 44



mcigla ScilabFunction

0.45 mcfgld__ Continuouslargedeviation spectrum estimationon
1d measure

Author: ChristopheCanus

This C_LAB routineestimateghe continuoudarge deviation spectrurmon 1d measure.

USAGE :

[alpha,fgc_alpha,[pc_alpha,epsilon_st areta ,alph a eta X]]=.
mcfgld(mu_n,[S_min,S_max,J],progs tr.bal Istr, N,eps ilon,.
contstr,adapstr,kernstr,normstr,| _n)

INPUT PARAMETERS :

mu_n ; strictly positive realvector[1,N_n] or [N_n,1] Containghe 1d measure.

S_min : strictly positive realscalarContainsghe minimumsize.

S_max: strictly positive realscalarContainshe maximumsize.

J: strictly positive real (integer) scalarContainsthe numberof scales.

progstr: string Containsthe stringwhich specifieshe scaleprogression.

ballstr: string Containsthe stringwhich specifieghetype of ball.

N : strictly positive real (integer) scalarContainsthe numberof Hoelderexponents.

epsilon: strictly positive realvector[1,N] or [N,1] Containsthe precisions.

contstr: string Containghe stringwhich specifieghe definitionof continuousspectrum.

adapstr. string Containsthe stringwhich specifieghe precisionadaptation.

kernstr: string Containsthe stringwhich specifieshekernelform.

normstr; string Containsthe stringwhich specifieghe pdf's normalization.

I_n: strictly positive realvector[1,N_n] or [N_n,1] Containgheintervalson which the pre-multifractal
1d measuras defined.

OO O0OO0OO0OO0OO0OO0OO0OO0OO0OOoOOo

OUTPUT PARAMETERS :

alpha: realvector[1,N] Containsghe Hoelderexponents.

fgc_alpha: realmatrix [J,N] Containghe spectrum(a).

pc.alpha: realmatrix [J,N] Containsthe pdf(’s).

epsilonstar: strictly positive realmatrix [J,N] Containsthe optimal precisions.

eta: strictly positive realvector[1,J] Containsthe ssizes.

alphaetax : strictly positive realmatrix [J,N_n] Containsthe coarsegrainHoelderexponents.

O O O0OO0OO0Oo

DESCRIPTION :

PARAMETERS :

Thecontinuoudargedeviationspectrunialpha,fgcalpha)is estimatedor Jsizesetaj andfor theprecision
vectorepsilonby takinginto accountheresolutionof the 1d measuranu_n. TheminimumsizeS_min sets
the equivalentsize etal in the unit interval at which the first spectrumis estimated. etal is equalto
S_min*eta.n whereetann is relatedto the resolutionof the 1d measurgetan=N_n{-1} whenall intervals
areof equalsizeelseit is max(l_n|{-1}). It mustbe >=1. Thedefaultvaluefor S.minis 1. The maximum
size S_max setsthe equivalentsize eta J in the unit interval at which the last spectrumis estimated.eta.J
is equalto S_.max*etan. It mustbe >=S min. Thedefault valuefor S.maxis 1. The numberof scales]
setsthe numberof computedspectra.The biggerJis, the slower the computations. It mustbe >=1. The
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default valuefor Jis 1. The scaleprogressiorstring progstrspecifiesthe type of scalediscretization. It
canbe’dec’ for decimated;log’ for logarithmicor 'lin’ for linear scale. The default valuefor progstris
'dec’. Theball string ballstr specifieghe type of ball B_eta(x). It canbe'asym’ for asymmetric,cent’ for
centeredr ’'star’'for threetimesbiggerasymmetridall. Thedefaultvaluefor ballstris '"asym’. Thenumber
N setsthediscretizatiorof theHoelderexponentsnterval. They arelinearly spacedetweeralphaetamin
and alphaetamax which are the minimum and maximumyvaluesof the coarsegrain Hoelderexponents
at sizeeta. The biggerN is, the slover the computationis. It mustbe >=1. The default valuefor N is
100. The precisionvectorepsilonsetsthe precisionsat which the spectrumis estimated It mustbe of size
[1,N] or [N,1]. Whenno precisionvectoris givenasinput or whenit is uniformly equalto 0, the algorithm
determineshe optimal precisionsvector epsilonstar The default value for epsilonis zeros(1,N).The
continuousstring contstrspecifiesthe definition of continuousspectrum.It canbe equalto 'hnokern’ for
definitionwithout precisionandkernelor 'hkern’ for definitionwith precisionandkernel. Thedefaultvalue
for contstris 'hkern’. The precisionadaptatiorstringadapstispecifieghe local adaptatiorof the precision
w.r.t. the Hoelderexponentsalpha. It canbe equalto 'maxdes’ for maximumdeviation or 'maxadaptde’
for maximumadaptve deviation. The default value for adapstris ‘'maxdes’. The kernel string kernstr
specifiesthe kernel. It canbe equalto 'box’ for boxcar 'tri’ for triangle,’'mol’ for mollifier, 'epa’ for
epanechnikheor 'gau’ for gaussiarkernel. Thedefaultvaluefor kernstris 'gau’. Thenormalizationstring
normstrspecifiesthe type of pdf's normalizationconductedbefore doublelog-normalization. It canbe
equalto 'nonorm’ for no normalizationconducted;suppdf for normalizationw.r.t the supremunof pdf’s,
'infsuppdf’ for normalizationw.r.t theinfimumandthesupremunof pdf’'s. Thedefaultvaluefor normstris
'suppdf. Theintervalsvectorl _n canbeusefulwhentheintervalsonwhichthepre-multifractalld measure
is definedarenot of equalsize(notimplemented/et). Thepdf of thecoarsegrainHoelderexponentsnatrix
or vectorpc_alpha,the optimal precisionsmatrix or vectorepsilonstar, the sizesvectoretaandthe coarse
grainHoelderexponentamatrix or vectoralphaeta x canbe obtainedasoutputsparameters.

ALGORITHM DETAILS :

ThecoarseHoelderexponentsaareestimatedn eachpointx of the unit interval discretizatiorby summing
interval measureito a sliding window of sizeetacontainingx (which corresponds$o ball B_eta(x)). The
probabilitydensityfunction pc_alphais obtainedby integratinghorizontalsections.

EXAMPLES :

/[ computation  of pre-multifractal besicovitch measure: mu_n
/I resolution of the pre-multifractal measure

n=10;

/I parameter of the besicovitch measure

p_0=.4;

/I synthesis of the pre-multifractal besicovitch 1d measure

[mu_n,l_n]=binom(p_0,'meas’,n);

/[ continuous large deviation spectrum  estimation: fgc_alpha

/I minimum size, maximum size & # of scales

S min=1;S_max=8;J=4;

/I # of hoelder exponents, precision vector

N=200;epsilon=zeros(1,N);

/l  estimate the continuous large deviation spectrum
[alpha,fgc_alpha,pc_alpha,epsilon_sta rl=mcf gld(mu_n,] S_min, S_maxJ],’, dec’,’ cent
/l plot the Continuous Large Deviation  spectrum

plot2d(a,f,[6]);

xtitle(["Continuous Large Deviation spectrum”;" ","alpha","fgc(alpha)");

REFERENCES:
To be published.

SEEALSO :

mchldfchld,fcfgld,cfgld(C_LAB routines).MFAG_continuousMFAG_epsilon MFAG_eta, MFAG_epsiloneta
(Matlaband/orScilabfunctions).
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0.46 mdflld___ DiscretelLegendre spectrumestimationon 1d
measure

Author: ChristopheCanus

ThisroutineestimateshediscreteLegendreSpectrunon 1d measure.

USAGE :
[alpha,f_alpha]=mdflld(mu_n,N,n)

INPUT PARAMETERS :

0 mu.n: strictly positive realvector[1,nun] Containsthe pre-multifractalmeasure.
o N strictly positive real (integer) scalarContainsthe numberof Hoelderexponents.
0 n: strictly positive real (integer) scalarContainsthefinal resolution.

OUTPUT PARAMETERS :

o alpha: realvector[1,N] Containshe Hoelderexponents.
o f_alpha: realvector[1,N] Containghedimensions.

DESCRIPTION :

PARAMETERS :
Thediscretel egendrespectrunt_alphais estimatedn thefinite finer resolutionof the pre-multifractalld
measurenu_n. Thethreestepsof the estimatatiorare:

o0 estimationof the partitionfunction;
0 estimationof the Reyni exponents;
0 estimationof the Legendretransform.

ALGORITHM DETAILS :

Thediscretepartitionfunctionis estimatedy coarse-grainingnassesnu_n into non-overlappingooxes
of increasingliameter(box method).If nu_.nis apowerof 2, 2°ncorrespondso the coarsescale. Thereyni
exponentsare estimatedby leastsquareinear regression. The Legendretransformof the massexponent
functionis estimatedvith thelineartime Legendretransform.

SEEALSO :
mdzqld,mdzq2d,smitq,lineaidt,mdfl2d.

0.47 mdfl2d ____ DiscretelLegendre spectrum estimationon 2d
measure
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Author: ChristopheCanus

Thisroutineestimateshediscretel egendrespectrunon a pre-multifractal2d measure.

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

INPUT PARAMETERS :

0 mu.n: strictly positive realmatrix [nux_n,nuy.n] Containghe pre-multifractaimeasure.
0 N strictly positive real (integer) scalarContainshe numberof Hoelderexponents.
0 n: strictly positive real (integer) scalarContainghefinal resolution.

OUTPUT PARAMETERS :

o alpha: realvector[1,N] Containshe Hoelderexponents.
o fl_alpha: realvector[1,N] Containghedimensions.

DESCRIPTION :

PARAMETERS :

The discreteLegendrespectrumfl_alphais estimatedon the finite finer resolutionof the 2d measure
mu_n. Thethreestepsof theestimationare:

o0 estimationof thediscretepartitionfunction;
0 estimationof the Reyni exponents;
o0 estimationof the Legendretransform.

ALGORITHM DETAILS :

Thediscretepartitionfunctionis estimatedy coarse-grainingnassesnu_n into non-overlappingboxesof
increasingdiameter(box method).If nux.n andnuy_n arepower of 2, 2n correspondso the coarserscale.
The Reyni exponentsareestimatedoy leastsquardinear regression.The Legendretransformof the mass
exponentfunctionis estimatedvith thelineartime Legendretransform.

SEEALSO :
mdzngld,mdzng2deynitq lineadt,mdfl1d.

0.48 mdzngld ___ Discretepartition function estimationon 1d
measure

Author: ChristopheCanus

This routinecomputeghediscretepartitionfunctionon a pre-multifractalld measure.

USAGE :

[mzng]=mdzngld(mu_n,n,q)
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INPUT PARAMETERS :

0 mu.n: strictly positive realvectorContainsthe pre-multifractalmeasure.
0 n: strictly positive real (integer) vectorContainstheresolutions.
0 (: strictly positive realvectorContainsthe exponents.

OUTPUT PARAMETERS :

0 mzng: realmatrix[size(q),size(n)Containsthe partitionfunction.
DESCRIPTION :

PARAMETERS :

Thediscretepartition function mzngis computedon the pre-multifractalld measuremu_n. Thevector
of resolutions andthevectorof exponentsy setsthesizeof theoutputrealmatrixmznqto size(q)*size(n).

ALGORITHM DETAILS :

Thediscretepartitionfunctionmzngis computeddy coarse-grainingnassesnu_n into non-overlapping
boxesof increasingdiameter(box method).If nu_n is a power of 2, n correspondso theresolution.

SEEALSO :
mdzq2d reynitq, linearlt, mdfl1d, mdfl2d

0.49 mdzng2d_____ Discretepartition function estimationon 2d
measure

Author: ChristopheCanus

This routinecomputeghediscretepartitionfunction on a pre-multifractal2d measure.

USAGE :

[mzng]=mdzng2d(mu_n,n,q)

INPUT PARAMETERS :

0 mu.n: strictly positive real matrix Containsthe pre-multifractalmeasure.
0 n: strictly positive real (integer)vectorContainstheresolutions.

0 (q: strictly positive realvectorContainshe exponents.

OUTPUT PARAMETERS :

0 mzng: realmatrix[size(q),size(n)IContainsthe discretepartitionfunction.
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DESCRIPTION :

PARAMETERS :

Thediscretepartition function mzngis computedon the pre-multifractal2d measuremu_n. Thevector
of resolutions andthevectorof exponentsy setsthe sizeof theoutputrealmatrix mznqto size(q)*size(n).

ALGORITHM DETAILS :

Thediscretepartitionfunctionmzngis computedy coarse-grainingnassesnu_n into non-overlapping
boxes of increasingdiameter(box method). If nux.n and nuy_n are power of 2, n correspondgo the
resolution.

SEEALSO :
mdzngldyeynitq, linearlt, mdfl1d, mdfl2d

0.50 mexhat Mexican hat wavelet

Author: PauloGoncales

Computesa MexicanHat wavelet(secondelerivative of the gaussian).

USAGE :
[wavelet,alpha] = mexhat(nu)

INPUT PARAMETERS :

0 nu: realscalarbetweerD and1/2 Central(reducedfrequeng of thewavelet.

OUTPUT PARAMETERS :

o0 wavelet: realvector[1,2*N+1] MexicanHat waveletin time.
0 alpha: realscalarAttenuationexponentof the Gaussiarenveloppeof the Mexican Hat wavelet.

SEEALSO: :
morlet,contwt

EXAMPLE: :

Ilwavelet synthesis

waveletl mexhat(0.05) ;  plot(waveletl)

wavelet2 mexhat(0.2) ;plot(wavelet2)
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0.51 monaolr monovariate linear regression

Author: ChristopheCanus

This C_LAB routineprovidessix differentalgorithmsto proceedinearregressioron monovariatedata:
leastsquareweightedleastsquarepenalizedeastsquare multiple leastsquare maximumlik elyhoodand
Lepskii's adaptve procedurdeastsquarejn onesoleroutine.

USAGE :

[a_hat,[b_haty hat,e_hat,sigma2_e ha t,optv ararg out]= ..
monolr(x,y,[Irstr,optvarargin])

INPUT PARAMETERS :

x : realvector[1,J] or [J,1] Containsthe abscissa.

y : realvector[1,J] or [J,1] Containgthe ordinatego beregressed.

Irstr ; string Containsthe stringwhich specifieshetype of linearregressiorto be used.

optvaragin : Containsoptionalvariableinputarguments Dependingonthechoiceof linearregression,
thefourth parametecanbe

w : strictly positive realvector[1,J] or [J,1] If weightedleastsquards chosencontaingheweights.

| : strictly positive real (integer) scalarlf penalizedleastsquareis chosen,containsthe numberof
iterations.

0 sigma2j : strictly positive real vector[1,J] or [J,1] If Lepskii's adaptve procedureleastsquareis

chosengontainghe sequencef variances.

O O o0 O

o O

Thefifth parametecanbe

0 m: realscalarlf penalizedeastsquares chosencontainsghe meanof the normalweights.

o0 K : strictly positive real scalarlf Lepskii's adaptve procedureleastsquareis chosen,containsthe
confidenceconstant.
Thesixth parametecanbe

0 s: strictly positive real scalarlf penalizedeastsquares chosengcontainsthe varianceof the normal
weights.

OUTPUT PARAMETERS :

a_hat: realscalaror vector[1,J] Containsthe estimatedslope.

b_hat: realscalaror vector[1,J] Containshe estimatedrdimateat the origin.

y_hat: realvector[1,J] or [1,(J+2)*(J-1)/2]Containgheregressedrdinates.

e_hat: realvector[1,J] or [1,(J+2)*(J-1)/2]Containgheresiduals.

sigma2e_hat: realscalarContaingheresidualsvariance(thatis, themeansquareerror).

optvaragout: Containoptionalvariableoutputargumentslf Lepskii'sadaptveprocedurdeastsquare
is chosentheparameterare

K _star: strictly positive realscalarContainsthe optimal confidenceconstant.

j-hat: strictly positive real (integer) scalarContainsthe selectedndex.

I_c_j_-min: realvector[1,J] Containsthe minimumboundsof the confidencentervals.

|_c_j_max: realvector[1,J] Containsghe maximumboundsof the confidencéntervals.

E_c_j_hatmin : realscalarContainshe minimumboundof the selectedntersectiorinterval.

E_c_j_hatmax: realscalarContainghe maximumboundof the selectedntersectiorinterval.

O O OO0 Oo0Oo

O O O0OO0OO0Oo
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DESCRIPTION :

PARAMETERS :

The abscissx andthe ordinatey to be regressedvith mustbe of the samesize[1,J] or [J,1]. Thelinear
regressionstring Irstr specifiesthe type of linearregressionused. It canbe’ls’ for leastsquare,wls’ for
weightedleastsquare,pls’ for penalizedeastsquare,mls’ for multiple leastsquare(thatis for j varying
from1toJ),’ml’ for maximumlikelyhood, lapls’ for Lepskii'sadaptve procedurdeastsquare Thedefault
valuefor Irstris’ls’. Theweightsw or the sequenc®f variancesigma?2j mustbe strictly positive andof
size[1,J] or [J,1]. For the meaningof the variableoptionalinput parametersigma2j andK, seelepskiiap
(Lepskii's Adaptive Procedure)C_LAB routine's help. The numberof iterationsl mustbe >=2. The
varianceof the normalweightss mustbe strictly positive. If multiple leastsquare maximumlikelyhoodor
Lepskii's adaptve procedurdeastsquards chosenthe estimatedslopea_hatandthe ordinateat the origin
b_hatarevectorsof size[1,J], resp.theregressedrdinatesy_hatandtheresidualse_hatvectorsareof size
[1,(3+2)*(3-1)/2](asthey containsresultsfor multiple linearregressionpe awareof thatwhenvizualising
them:-), seeexamples) otherwisethereare scalarsresp. vectorsof size[1,J]. For maximumlik elyhood,
multiple leastsquardinearregressionsareproceededh orderto obtainvarianceestimatesThenmaximum
likelyhoodlinearregressions proceededcorrespondingesultsarefoundin a_hat(1),b_hat(1),y_hat(1:J),
e_hat(1:J)andsigma2e_hat(1),seeexamples).For the meaningof the variableoptionaloutputparameters
K_star j_hat,l_c_j_min, | _c_j_max,E_c_j_max,andE_c_j_max,seelepskiiap(Lepskii's Adaptive Procedure)
C_LAB routine’shelp.

ALGORITHM DETAILS :

For the detailsof the Lepskii’'s adaptie procedure seelepskiiap(Lepskii's Adaptive Procedure)C_LAB
routine’s help.

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_haty hat,e_hat,sigma2_e_ hat J=mono Ir(x, v);
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 ]J=monoIr(x, vy,wl s1./ 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_haty hat,e_hat,sigma2_e_hat J=monolir(x, vy,’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_haty hat,e_hat,sigma2_e hat J=monoIr(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+ DK );
disp(['estimated slope a_hat =',num2str(a_hat(j))]);
disp('type return’);
pause;
start_j=start_j+j;
=i+
end
clf
% maximum likelyhood
[a_hat,b_haty hat,e_hat,sigma2_e_hat J=monoIr(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_haty hat,e_hat,sigma2_e_hat Ksta rjh atl c¢cjminlc jmaxE c_jhat min, E_
plot(a_hat);
hold on;
plot(l_c_j _max,'r™);
plot(I_c_j_min,'gV");
title(LAP: estimator vs. index’);
xlabel(index: i)
ylabel(’estimator: \theta j);
plot(i_hat,E_c_j hat_min,’ko");
plot(j_hat,E_c_j hat_max,’ko’);
SCILAB :
1
REFERENCES:
To be published.
SEEALSO :
lepskiiap(C_LAB routine).
0.52 morlet Morlet wavelet
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Author: PauloGoncales

Computesa Morlet wavelet.

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

INPUT PARAMETERS :

0 nu: realscalarbetweerD and1/2 Central(reduced)frequeng of thewavelet

o N : PositveintegerHalf lengthof thewavelettransform.Default valuecorrespondso atotal lengthof
4.5periods.

0 analytic: boolean(0/1) underMatalbor (%F/%T)underScilah 0 or %F : realMorlet wavelet1 or %T
: analyticMorlet wavelet

OUTPUT PARAMETERS :

0 wavelet: realor complec vector[1,2*N+1] Morlet waveletin time.
0 alpha: realscalarAttenuationexponentof the Gaussiarernveloppeof the Morlet wavelet.

SEEALSO: :

mexhat, contwt

EXAMPLE: :

Ilwavelet synthesis

waveletl = morlet(0.1,64) ;plot(waveletl)

wavelet2 = morlet(0.1) ;plot(wavelet2)

0.53 multimld multinomial 1d measure synthesis

Author: ChristopheCanus

This C_LAB routinesynthesizes large rangeof pre-multifractalmeasureselatedto the multinomial
1d measurgdeterministic,shufled, pertubatedand computedinked theoreticafunctions(partition sum
function, Reyni exponentdunction,generalizedlimensionsmultifractal spectrum).

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

INPUT PARAMETERS :

b : strictly positive real (integer) scalarContainsthe baseof the multinomial.
p : strictly positive realvector[1,b] Containgthe weightsof the multinomial.
str: string Containsthe type of ouput.

varagin : variableinput agumentContainsthe variableinputargument.

O O 0O
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0 optvaragin : optionalvariableinput argumentsContainsoptionalvariableinput arguments.

OUTPUT PARAMETERS :

0 varagout: variableoutputargumentContainghe variableoutputargument.
0 optvaragout: optionalvariableoutputargumentContainsan optionalvariableoutputargument.

DESCRIPTION :

PARAMETERS :

Themultinomial1d measuraés completlycharacterizetby its baseb andits weightsp(i) (i=1 to b). The
first parameteb mustbe >1. The secondparametemustbe a vectorof sizeequalto b. Theweightsp(i)
mustbe >0., < 1. andtheirsummustbe=1. (thecaseof p(i)=1/bcorrespondto theLebesgueneasurefi=1
to b). Thethird parametestris avariablestringusedto determinethe desiredype of output. Therearesix
suffix strings('meas’for measure’cdf’ for cumulative distribution function, 'pdf’ for probability density
function, 'part’ for partition sumfunction, 'Reyni’ for Reyni exponentfunction, 'spec’for multifractal
spectrum)for the deterministicmultinomial measureand two prefix stringsfor relatedmeasureg’shuf
for shufled, 'pert’ for pertubated)vhich canbe addedto the first onesto form composedstrings. For
example,’shufmeasis for the synthesisof a shufled multinomial 1d pre-multifractalmeasure Note that
all combinaisonf stringsarenotimplementedyet. Whena string containingsuffix string’meas’is given
asthird input, a pre-multifractalmeasurenu_n (first outputargument)is synthesizean theb-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 (and|_n if used)is equalto bn (so be awarethe stacksize;-)). This
option is implementedfor the deterministic(meas’), shufled ('shufmeas’)and pertubated’pertmeas’)
multinomial 1d measure.Whena string containingprefix 'shuf is given asthird input, the synthesids
madefor a shufled multinomial measure At eachlevel of the multiplicative cascadeandfor all nodesof
the correspondindinary tree,the vectorof weightsp is shufled. This optionis implementecbnly for the
multinomial 1d measurg’shufmeas’). When a string containingprefix 'pert’ is given asthird input, the
synthesidgs madefor a pertubatednultinomial measureln thatcase the fifth input algumentis a strictly
positive real scalarepsilonwhich containsthe pertubationaroundweights. The weightsareindependant
randomvariablesidentically distributed betweenp(i)-epsilonand p(i)+epsilonwhich mustbe >0., <1.
(i=1 to b). This optionis implementednly for the multinomial 1d measurd’pertmeas’). Whenreplacing
suffix string 'meas’ with suffix string 'cdf’, respectiely suffix string 'pdf’, the cumulative distribution
function F_n, respectiely the probability densityfunction p_n, relatedto this pre-multifractalmeasuras
computed(first outputargument). Whenstring 'part’ is given asthird input, the partition sumfunction
znqg of multifractal measurds computedas sole outputargument. In that case the fourth input agument
is a strictly positive real (integer) vectorvn which containsthe resolutionsandthefifth input argumentis
a real vectorg which containsthe measure=xponents. The size of the outputreal matrix znqis equalto
size(q)*size(vn).This optionis implementedonly for the multinomial 1d measure Whenstring 'Reyni’
is givenasthird input, the Reyni exponentsunctiontq (andthe generalizedlimensiondDq if used)of the
multifractal measurds computedasfirst outputargument(andsecondoptionaloutputargumentif used).
In that case,the fourth input algumentis a real vector g which containsthe measures exponents. The
size of the outputreal vectortq is equalto size(q)). This optionis implementeddnly for the multinomial
1d measure.Whenstring 'spec’is given asthird input, the multifractal spectrumf_alpha(secondoutput
argument)is synthesizedn the Hoelderexponentsalpha(first outputargument). In that case the fourth
inputarguments astrictly positive real(integer)scalaN which containghenumberof Hoelderexponents.
Thesizeof bothoutputrealvectorsalphaandf_alphais equalto N. This optionis implementednly for the
multinomial1d measure.

ALGORITHM DETAILS :

For the deterministianultinomial, the pre-multifractaimeasuresynthesisalgorithmis implementeds a
iterative way (supposedo run fasterthanarecursve one). For the shufled or the pertubatednultinomial,
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the synthesisalgorithmis implementeds a recursie way (to be ableto pick up ai.i.d. r.v. ateachlevel
of themultiplicative cascadandfor all nodesof the correspondindinarytreew.r.t. thegivenlaw). In the
caseof the pertubatednultinomial, the weightsof eachnodearenormalisedby their sumfor the measure
to remainconsenrative. Notethatthe shufled multinomial 1d measurés not conserative.

EXAMPLES :

b=3;
p=[.1 .3 .6];
n=8;
Il synthesizes a pre-multifractal multinomial 1d measure
[mu_n,I_n]=multim1d(b,p,'meas’,n);

plot(l_n,mu_n);

Il synthesizes the cdf of a pre-multifractal shuffled multinomial 1d measure
F_n=multim1d(b,p, shufcdf’,n);

plot(l_n,F_n);

e=.09;

/I synthesizes the pdf of a pre-multifractal pertubated multinomial 1d measure
p_n=multiml1d(b,p, pertpdf’,n,e);

plot(l_n,p_n);

xbasc();

vn=[1:1:8];

g=[-5:.1:+5];

/I computes the partition sum function of a multinomial 1d measure

zng=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(znqg’));
/I computes the Reyni exponents function of a multinomial 1d measure
tg=multim1d(b,p,’Reyni’,q);
plot(q,ta);
N=200;
/I 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, smultimld, smultim2d (C_LAB routines).

MFAS measures, MFAS_dimensions, MFAS spectra (Matlab and/or Scilab demo scripts).

0.54 multim2d multinomial 2d measur synthesis
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Author: ChristopheCanus

This C_LAB routinesynthesizes large rangeof pre-multifractalmeasureselatedto the multinomial
2d measurgdeterministic shufled, pertubatedand computedinked theoreticalfunctions(partition sum
function, Reyni exponentgunction,generalizedlimensionsmultifractal spectrum).

USAGE :
[varargout,[optvarargout]]=binom(bx,b y,p,st rvar argin ,Joptv ararg in])

INPUT PARAMETERS :

bx : strictly positive real (integer) scalarContainghe abscissdaseof themultinomial.

by : strictly positive real (integer) scalarContainghe ordonatebaseof the multinomial.

p : strictly positive realvector[by,bx] Containsheweightsof the multinomial.

str: string Containsthe type of ouput.

varagin : variableinput agumentContainsthe variableinputargument.

optvaragin : optionalvariableinput argumentContainsoptionalvariableinputarguments.

O O O0OO0OO0oOo

OUTPUT PARAMETERS :

0 varagout: variableoutputargumentContainghe variableoutputargument.
0 optvaragout: optionalvariableoutputargumentContainsan optionalvariableoutputargument.

DESCRIPTION :
PARAMETERS :

Themultinomial2d measurés completlycharacterizetby its abscissdasebx, ordonatebaseby andits
weightsp(i) (i=1 to bx*by). Thefirst two parameter®x andby mustbe >1. Thethird parametemustbe
avectorof sizeequalto bx*by. Theweightsp(i) mustbe >0., <1. andtheir summustbe =1. (the caseof
p(i)=1/(bx*by) correspondso the Lebesgueneasurefi=1 to bx*by). Thefourthparametestris avariable
string usedto determinethe desiredtype of 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
measurandtwo prefix stringsfor relatedmeasureg shuf for shufled, 'pert’ for pertubatedyvhich canbe
addedto thefirst onesto form composedtrings.For example,’shufmeasis for the synthesiof a shufled
multinomial 2d pre-multifractalmeasure.Note that all combinaison®f stringsare not implementedyet.
When a string containingsuffix string 'meas’is given asfourth input, a pre-multifractalmeasuremu_n
(first outputargument)is synthesizedan the bx-adicandby-adicintervals|_nx andl_ny (secondandthird
optionaloutputargument)of the unit square In thatcase thefifth inputargumentis a strictly positive real
(integer) scalam which containsthe resolutionof the pre-multifractalmeasureThe sizeof the outputreal
matrix mu_n is equalto bxn*byn andthe one of the outputreal vectorsl_nx andI_ny (if used)is equal
to bxn andbyn (sobe awarethe stacksize;-)). This optionis implementedor the deterministic(’meas’),
shufled ('shufmeas’andpertubated’pertmeas’)multinomial2d measureWhena stringcontainingprefix
'shuf is given asfourth input, the synthesiss madefor a shufled multinomial measure.At eachlevel
of the multiplicative cascadeand for all nodesof the correspondingpinary tree, the vector of weights
p is shufled. This option is implementedonly for the multinomial 2d measure(’shufmeas’). Whena
string containingprefix 'pert’ is given asfourth input, the synthesiss madefor a pertubatednultinomial
measure.In that case thefifth input argumentis a strictly positive real scalarepsilonwhich containsthe
pertubatioraroundweights. The weightsareindependantandomvariablesdentically distributedbetween
p(i)-epsilonand p(i)+epsilonwhich mustbe >0., <1. (i=1 to bx*by). This optionis implementedonly
for the multinomial 2d measurd’pertmeas’). Whenreplacingsuffix string’meas’with suffix string’cdf’,
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respectiely suffix string’pdf’, thecumulative distribution functionF_n, respectrely the probabilitydensity
functionp_n, relatedo this pre-multifractaimeasurés computedfirst outputargument) Whenstring’part’
is givenasfourth input, the partition sumfunction zng of multifractal measurés computedassoleoutput
argument.In thatcase thefifth inputargumentis a strictly positive real (integer) vectorvn which contains
theresolutionsandthe sixth input agumentis a real vectorg which containsthe measurexponents.The
size of the outputreal matrix znq is equalto size(q)*size(vn). This option is implementedonly for the
multinomial2d measureWhenstring'Reyni’ is givenasthird input, the Reyni exponentdunctiontq (and
the generalizedlimensiondDq if used)of the multifractal measurds computedasfirst outputargument
(and secondoptional outputargumentif used). In that case,the fifth input agumentis a real vectorq
which containsthe measures exponents. The size of the outputreal vectortq is equalto size(q)). This
optionis implementednly for the multinomial2d measureWhenstring’spec’is givenasfourthinput, the
multifractalspectrunt_alpha(secondutputargument)s synthesizedn theHoelderexponentsalpha(first
outputargument). In that case the fifth input argumentis a strictly positive real (integer) scalarN which
containsthe numberof Hoelderexponents.The sizeof both outputrealvectorsalphaandf_alphais equal
to N. This optionis implementecbnly for the multinomial2d measure.

ALGORITHM DETAILS :

For the deterministianultinomial, the pre-multifractaimeasuresynthesisalgorithmis implementeds a
iterative way (supposedo run fasterthana recursie one). For the shufled or the pertubatednultinomial,
the synthesisalgorithmis implementeds a recursie way (to be ableto pick up ai.i.d. r.v. ateachlevel
of themultiplicative cascadandfor all nodesof the correspondindinarytreew.r.t. thegivenlaw). In the
caseof the pertubatednultinomial, the weightsof eachnodearenormalisedby their sumfor the measure
to remainconsenrative. Notethatthe shufled multinomial2d measurés not conserative.

EXAMPLES :

bx=2;

by=3;

p=[.05 .1; .15 .2; .24 .26];

n=5;

/I synthesizes a pre-multifractal multinomial 2d measure
[mu_n,I_nx,l_nyl=multim2d(bx,by,p,'me as',n) ;

plot3d(I_nx,l_ny,mu_n);

/I synthesizes the cdf of a pre-multifractal shuffled multinomial 2d measure

F_n=multim2d(bx,by,p, shufcdf’,n);
plot3d(l_nx,l_ny,F_n);
e=.049;

/I synthesizes the pdf of a pre-multifractal pertubated multinomial 2d measure

p_n=multim2d(bx,by,p, pertpdf’,n,e);
plot3d(l_nx,l_ny,p_n);
xbasc();
vn=[1:1:8];
g=[-5:.1:+5];
/[ computes the partition sum function of a multinomial 2d measure
zng=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(znqg’));

/I computes the Reyni exponents function of a multinomial 2d measure
tg=multim2d(bx,by,p,'Reyni’,q);

plot(q,ta);

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 JuegensandSaupeSpringeiVerlag,1992page921-953.
"A classof Multinomial Multifractal Measuresvith negative (latent)valuesfor the”"Dimension”f(alpha)”,

Benoit B. MandelBrot. In Fractals’ PhysicalOrigins and Properties,Proceedingof the Erice Meeting,
1988. Editedby L. PietroneroPlenumPressNew York, 1989 pages3-29. .SH Seealsobinom, shbinom,
multim1d, smultim1d,smultim2d(C_LAB routines).MFAS_measuresVIFAS_dimensionsMFAS_spectra
(Matlaband/orScilabdemoscripts).

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

Author: PauloGoncales

Roundsa numberx to the up-nearespower of anintegerQ

USAGE :
[xup2Q,powQ] = nextpowQ(x[,QJ)

INPUT PARAMETERS :

0 Xx: Realpositive number

0 Q: Positiveinteger Defaultvalueis Q = 2

OUTPUT PARAMETERS :

0 Xxup2Q: Positve integerx roundedto the closestpowerof Q
0 powQ : Positive integerxup2Q= powQQ.

SEEALSO: :

log, log2

0.56 oscillsing Oscillating Singularity synthesis

Author: PauloGoncales

Generatesscillatingsingularitiedocatedin theinterval [0 .. 1]

USAGE :

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

alpha: Realpositive vector[1,n_sing] or [n_sing,1]Holder strenghtof the singularities

beta: Realpositive vector[1,n_sing] or [n_sing,1]Chirp exponentwf the singularities

sing.pos: Realvector[1,n_sing]or [n_sing,1]Locationof thesingularitiesn theinterval [0 .. 1]

N : Integer Samplesizefor the synthesizedignal

shaw : flag0/1flag=0: nodisplayflag=1: displaystheinstantaneouequenciesandthesynthesized
signal

O OO0 oo

OUTPUT PARAMETERS :

0 x: realvector[1,N] Time samplef thesynthesizedignal

o0 Fj: realmatrix [N,n_sing] instantaneoufrequenciegeachcolumnof Fj containsthe frequeny chirp
of eachsingularity)

o0 Fs: realsamplingfrequeny

SEEALSO: :

EXAMPLE: :

[X,Fj,Fs] = oscillsing([1/2 12,[1 2 4][05 0 0.5],256,1) :

0.57 prescrib_____ Generation of signalswith prescribedHolder
function

Author: Khalid Daoudi

Using the GIFS method,this routine generates continousfunction with prescribecdHolder function,
while interpolatinga setof point.

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

INPUT PARAMETERS :

0 Interppts: Realmatrix[n,2] Containgheinterpolationpointsin theformat: abscissa-ordinate.

0 Holderfunct: Characteistring Specifiesghe Holderfunctionyou wantto prescribe.lt musthave the
form of compositionsof matlabfunctionsof variablet ("2*sqrt(1-t)’ for instance). The useof the
variablet is crucial. For shale of simplicity, this variablet is supposedo varyin [0,1].

0 nbr.iter: integerNumberof iterationwantedin the generatiorprocesf the GIFSattractor

OUTPUT PARAMETERS :

0 Xx: RealvectorContaingthe abscissaf theattractorgraph.
0 VY : RealvectorContainsthe ordinatesof theattractorgraph.
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DESCRIPTION :

PARAMETERS :

0 Interpptsis arealmatrix [n,2] containingthe cordinateof theinterpolationpoints.

0 Holderfunctis a characteistring specifyingthe Holder function you want to prescribe. This means
thatGIFSattrcatorwill have,atapointt, aHolderexponentequalto thevalueof this functionat pint
t.

0 nbr.iteris thenumberof iterationwantedin the generatiorprocesof the GIFS attractor

0 x andy containthe cordinatef the GIFS attractor

ALGORITHM DETAILS :

GeneralizedteratedFunctionsSystemdqGIFS) area generalizatiorof the usuallFS. This generalization
consistsin allowing the contarationgo changeat eachstep (scale)of the attractorgenerationprocess.
We alsoallow their numberandtheir supportto change.Here,we usethe GIFS to constructcontinuous
function with prescribedocal regularity. More precisely if H(t) is the prescribecHolder function, then
for eachj=1,...,nbriter-1, andfor eachk=0,...,pav(m,j)-1, the GIFS coeficient c_kj is definiedas: c_kj =
pow(m,H(k*pow(m,-))), wherem+1 is the numberof interpolationpoints. The resultingattractoris the
graphof a continuoudunction F suchthatthe Holderexponentof F, ateachpointt, is H(t). Moreover, if
{(td, y.i), i=1,...,m+1} is the setof interpolationpoints,thenF(ti)=y_i for eachi=1,...,m+1.

SEEALSO: :

gifs andalphagifs
EXAMPLE: :
Il =0 O
51
1 0];
[x,y] = prescrib(l,’abs(sin(3*pi*t))’,10);
plot(x,y)
1x,y] is the graph of a continuous  function F which
/linterpolates {(0,0); (0.5 1); (1,0} and such that

/l the Holder exponent of F, at each point t, is abs(sin(3*pi*t)).

0.58 pseudoAV Pseudoaffine Wigner distrib ution

Author: PauloGoncales

Computes PseuddAffine Wigner Distributionsof a 1-D signal(realor comple).

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

INPUT PARAMETERS :

0 X : Realor comple vector[1,nt] or [nt,1] Time sampleof thesignalto beanalyzed.
0 K realscalarParametepf the pseudaaffine Wignerdistributions.K = -1 : pseuddJUnterbegerK =0
: pseuddBertrandK = 1/2: pseudd-FlandrinK = 2 : pseudaaffine WignerVille, etc...
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o wvlt_length: positive integer specifiesthe analyzingwavelet: 0: Mexican hatwavelet (real) Positive
realinteger: realMorlet waveletof size2*wvlt _length+1)atfinestscalel Positive imaginaryinteger:
analyticMorlet waveletof size 2*wvlt _length+1)at finestscalel Default valueis the Mexican hat
wavelet( wvlt_length=10)

0 smooth: positive integerhalf lengthof thetime smoothingwindow. SMOOTH = 0 correspondso the
Pseudaffine Wignerdistribution with no time-smoothing Default valueis mooth= 0.

o fmin: realin [0,0.5] Lowerfrequeng boundof the analysis.Whennot specifiedthis parameteforces
the programto interactive mode.

o fmax: realin [0,0.5] andfmax > Upperfrequeny boundof the analysis. When not specified this
parameteforcesthe programto interactve mode.

o N: positiveinteger numberof analyzingvoices.Whennotspecifiedthis parameteforcestheprogram
to interactive mode.

OUTPUT PARAMETERS :

o tfr : Realmatrix [N,nt] time-frequeny distribution

0 scale: realvector[1,N] analyzedscales

o f:realvector[1,N] analyzedrequencies

0 wt: realor complex matrix [N,nt] matrix of thewaveletcoeficients(intermediatestep)
DESCRIPTION :

PARAMETERS :

o K : fixesthe functionlambdaK(u) = K ( (exp(-u)-1)/(exp(-Ku)-1) )(1/(k-1)) usedin the generalized
affine corvolutionto definethe K-order pseudaaffine Wignerdistribution.

0 smooth: fixestheammounbf smoothin time of thedistribution. Thisammounicanvary continuously
from anunsmoothegbseudaaffine Wignerdistribution up to a maximumsmoothnessorresponding
to a scalogran{squarednagnitudeof theintermediatevaveletcoeficients)

o0 N : numberof analyzingvoicesgeometricallysampledetweemminimum scalefmax/fmaxandmaxi-
mumscalefmax/fmin.

o tfr : Samplesof the pseudaaffine Wignerdistribution. X-coordinatedcorrespondso time (uniformly
sampled),Y-coordinatesorrespondo frequeng (or scale)voices(geometricallysampledbetween
fmax (resp. 1) andfmin (resp. fmax/ fmin ). Firstrow of tfr correspondso the highestanalyzed
frequeny (finestscale).

0 scale: analyzedscaleggeometricallysampledetweenl andfmax /fmin

f : analyzedrequencieggeometricallysampledetweerfmax andfmin . f corresponds$o fmax/scale

o wt: coeficientsof the intermediate-stepvavelet transform. X-coordinatedcorrespondso time (uni-
formly sampled),Y-coordinatescorrespondo frequeng (or scale)voices(geometricallysampled
betweenfmax (resp. 1) andfmin (resp. fmax/ fmin ). Firstrow of wt correspondso the highest
analyzedrequeny (finestscale).

o

ALGORITHM DETAILS :

A pseudaaffine Wigner distribution requiresto computea continuouswavelet transformfirst. For each
time, thecorrespondingolumnof thewavelettransformis affine convolved(generalize@ffine corvolution
definedthroughfunctionlambdaK(u) ) with itself.

SEEALSO: :

contwt,cwt andlambdak

EXAMPLE: :

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

/IK = -1 time smoothed pseudo affine  Wigner distribution
[tfr,scale,f,wt] = pseudoAW(x,-1,12*,3,0.01,0.5,128) ;
viewmat(tfr,1:length(x),f,[1 0 0) ;

0.59 regdim__ Estimatethe regularization dimensionof a 1d or 2d
sample.

Author: FrancoisRouef

Computeghe regularizationdimensionof the graphof a 1d or 2d sampledfunction. Two kernelsare
available:the Gaussiaror the Rectangle.

USAGE :
dim = regdim(x,sigma,voices,Nmin,Nmax,kerne I,mir ror,r eg,gra phs)
INPUT PARAMETERS :

x : 1d: Realvector[1,nt] or [nt,1] 2d: Realmatrix [nt,pt] Time samplesf the signalto beanalyzed.

sigma: Realpositive numberStandardeviation of the noise.lts defaultvalueis null (noisefree)

voices: Positve integer. numberof analyzingvoices.Whennot specifiedthis parameteis setto 128.

Nmin: Integerin [2,nt/3] Lowerscalebound(lowerlength)of theanalysingkernel. Whennotspecified,
this parameters setto 2.

Nmax: Integerin [Nmin,2nt/3] Upperscalebound(upperlength)of the analysingkernel. Whennot
specifiedthis parameters setto nt/3.

o kernel: String specifiesthe analyzingkernel: "gauss”: Gaussiarkernel (default) "rect”: Rectangle

kernel
0 mirror: Boolean

O O 0O

o

specifiesvetherthesignalis to be mirrorizedfor the analysg(default: 0).
0 reg: Boolean

specifiesvethertheregressions to be doneby the useror automatically(default: 0).
0 graphs Boolean:

for onedimensionakignals,it specifieswvetherthe regularizedgraphshave to be displayed(default:
0). In two dimensionakugnalsandfor matlabonly, all the regularizedsamplesontoursareplotted
onasamefigure.

OUTPUT PARAMETERS :

o dim: RealEstimatedregularizationdimension.
o handlefig(for Matlabonly): IntegervectorHandlesof thefiguresopenedduringthe procedure.

DESCRIPTION :

For a morecompleteexplanationof the regularizationdimension,onecanreferto: "A regularizationap-
proachto fractionnaldimensionestimation”,F. Rouef, J. Levy-Vehel,submittedto Fractal98 conference.
Theregularizedgraphsof x arecomputedvia convolutionsof x with dilatedversionsof thekernelatdiffer-
entscales.Thelengthsof theregularizedgraphsarecomputedvia corvolutionsof x with thederivativesof
thedilatedversionsof the kernel. The regularizationdimensionis computedeithervia anautomaticrange
regressionor via a regressiorby handon the loglog plot of the lengthsversusscales.If sigmais strictly
positive,anestimationof thelengthswithout noiseis usedfor theregression Thesdengthsaredisplayedn
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redwhile thoseof the noisysignalarein black. They shouldseperatatfine scalesWhenonespecifieghe
rangeregressionthe loglog plot of the lengthsversusscalesappears Above areeitherincrementgwhen
sigmais null) or a loglog plot of the noiseprevalencein the lengths. One selectsthe scalerangeof the
regression.In the caseof noisefreesignals,selecta scaleregion with stableincrements.In the caseof a
strictly positive sigma,selecta scaleregion wherethe noiseprevalences nottoo closeto 1 (0 in log10): it

shouldcorrespondo anapproximatellinearregion for thered estimationsThe numberof scaleqvoices)
tells how mary corvolutionsarecomputed.The biggerit is, the slower the computatioris. The scaleaxis
is geometricallysampled(i.e. its log is arithmeticallysampled).The gaussiarkernelshouldgive a better
resultbut therectanglds faster

SEEALSO: :
cwttrack,cwtspec.
EXAMPLE: :

1 1D:

/I 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);

I 2D
/I 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

Thisroutineestimateshe Reyni exponentson a partitionfunction.

USAGE :

[ta,[Da]]=reynitq(zna,n,q)

INPUT PARAMETERS :

0 znq: strictly positive realmatrix Containghe partitionfunction.
0 n: strictly positive real (integer) vectorContainstheresolutions.
0 (: strictly positive real vectorContainsthe exponents.
OUTPUT PARAMETERS :

o0 tqg: realvector[1l,size(g)]Containsthe discreteLegendreSpectrum.
o Dq: realvector[1,size(q)]Containghe generalizedlimensions.
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DESCRIPTION :

PARAMETERS :

The massexponentstq and the generalizeddimensionsDq (if used)are computedon the partition
functionzng. Theinputrealmatrix zngmustbe of heightsize(q)andof width size(n).
Theoutputrealvectorstq andDq (if used)areof sizesize(q).

ALGORITHM DETAILS :
The massexponentfunctiontq by leastmeansquardinearfit.

SEEALSO :
mdzqld,mdzg2d,linearlt,dil1ld, mdfl2d.

0.61 shinom stochastichinomial measure synthesis

Author: ChristopheCanus

This C_LAB routinesynthesizeswo typesof pre-multifractalstochastianeasureselatedto the bino-
mial measurgaradigm(uniform law andlognormallaw) andcomputedinked multifractal spectrum.

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

INPUT PARAMETERS :

0 str: string Containghetype of ouput.
0 varagin : variableinput argumentContainsthe variableinputargument.
0 optvaragin: optionalvariableinput argumentsContainsoptionalvariableinputarguments.

OUTPUT PARAMETERS :

0 varagout: variableoutputargumentContainghe variableoutputargument.
0 optvaragout: optionalvariableoutputargumentContainsan optionalvariableoutputargument.

DESCRIPTION :

PARAMETERS :

Thefirst parametestr is a variablestring usedto determinethe desiredtype of output. Therearefour
suffix strings('meas’for measurecdf’ for cumulative distribution function, 'pdf’ for probability density
function,’spec’for multifractalspectrumpandatwo prefix stringsfor thetype of stochastieneasurg’unif’
for uniform and’logn’ for lognormal)which mustaddedto thefirst onesto form composedFor example,
‘'unifmeas’is for the synthesisof a uniform law binomial pre-multifractalmeasureand’lognspec’is for
the computationof the multifractal spectrumof a lognormalbinomial measure Whena string containing
suffix string ’'meas’is given assecondinput, a pre-multifractalmeasuremu_n (first outputargument)is
synthesizedn the dyadicintervals|_n (secondptionaloutputargument)of the unit interval. In thatcase,
the third input argumentis a strictly positive real (integer) scalarn which containsthe resolutionof the
pre-multifractalmeasure.The size of the outputreal vectorsmu.n (andl_n if used)is equalto 2n (sobe
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awarethe stacksize;-)). This optionis implementedor the uniform law ('unifmeas’) andthe lognormal
law ('lognmeas’)binomial measuresWhena string containingprefix 'unif ' is givenassecondnput, the
synthesior the computatioris madefor a uniform law binomial measureln thatcasethe optionalfourth
inputarguments astrictly positive realscalarepsilonwhich containghepertubatioraroundweight.5. The
weightis anindependantandomvariableidenticallydistributedbetweerepsilonand1-epsilonwhich must
be >0., <1. Thedefault valuefor epsilonis 0. Whena string containingprefix 'logn’ is givenassecond
input, the synthesisor the computationis madefor a lognormallaw binomial measure.In that case the
optionalfourth input arguments a strictly positive real scalarsigmawhich containsthe standardieviation
of thelognormallaw. Whenreplacingsufix string’meas’with suffix string’cdf’, respectrely suffix string
'pdf’, the cumulative distribution function F_n, respectiely the probability densityfunctionp_n, relatedto
this pre-multifractalmeasurds computed(first outputargument). Whena string containingsuffix string
'spec’is givenassecondnput, the multifractal spectrunt_alpha(secondoutputargument)is synthesized
on the Hoelderexponentsalpha(first outputargument).In thatcase the third input argumentis a strictly
positive real (integer) scalarN which containsthe numberof Hoelderexponents.The size of both output
real vectorsalphaandf_alphais equalto N. This optionis implementedor the uniform law ('unifspec’)
andthelognormallaw (’lognspec’)binomialmeasures.

ALGORITHM DETAILS :

For the uniform andlognormallaw binomial, the synthesisalgorithmis implementedis a recursie
way (to be ableto pick up ai.i.d. r.v. ateachlevel of the multiplicative cascadeand for all nodesof
the correspondindinary treew.r.t. the givenlaw). Note thatthe lognormallaw binomial measurds not
consenrative.

EXAMPLES :

n=10;

Il synthesizes a pre-multifractal uniform  Law binomial = measure
[mu_n,I_n]=sbinom(’'unifmeas’,n);

plot(l_n,mu_n);

s=1,;

Il synthesizes the cdf of a pre-multifractal lognormal law binomial  measure
F_n=sbinom(logncdf,n,s);

plot(l_n,F_n);

e=.19;

/I synthesizes the pdf of a pre-multifractal uniform  law binomial  measure
p_n=sbinom(unifpdf’,n,e);

plot(l_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 Measuresvith negative (latent)valuesfor the”"Dimension”f(alpha)”,
Benoit B. MandelBrot. In Fractals’ PhysicalOrigins and Properties,Proceedingof the Erice Meeting,
1988. Editedby L. PietroneroPlenumPressNew York, 1989pages3-29."Limit LognormalMultifractal
Measures”BenoitB. MandelBrot. In Frontiersof PhysicsLandauMemorial ConferenceProceedingf
theTel-Aviv Meeting,1988.Editedby Errol AsherGotsman,Yuval Ne’emanandAlexander/oronoi, New
York Pegamon,1990pages309-340.

SEEALSO :

binom,multim1d,multim2d,smultim1d,smultim2d(C_LAB routines).MFAS_measuresyIFAS_dimensions,
MFAS_spectraMatlaband/orScilabdemoscripts).

0.62 sgifs SemiGeneralizedIFS generation
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Author: Khalid Daoudi

Thisroutinegeneratestochasticabemi-GeneralizetteratedFunctionsSystemgSGIFS)attractors.

USAGE :
[x, vy, Cil]=sgifs(Interp_pts, coefs, nbr_iter,law_type,var)

INPUT PARAMETERS :

0 Interppts: Realmatrix [n,2] Containstheinterpolationpointsin theformat: abscissa-ordinate.

o coefs: RealvectorContainsghefundamentatontractiongatios.

0 nbr.iter: IntegerNumberof iterationswantedin the generatiorprocesf the SGIFSattractor

o law_type: Charactesstring Specifieghetype of law desired.You have the choicebetweeriuniform’
and’normal’.

0 var: RealscalarRulesthe variancedecreaseicrossscales. At eachscalej, the variancewould be
1/pow(j,var).

OUTPUT PARAMETERS :

0 Xx: RealvectorContainghe abscissaf theattractorgraph.
0 v : RealvectorContainsthe ordinatesof theattractorgraph.
o Ci: RealvectorContainsall the coeficientsof thesogenerate@IFS.

DESCRIPTION :

PARAMETERS :

0 Interpptsis arealmatrix[n,2] containingtheinterpolationpoints.

0 coefsis arealvectorcontainingthe fundamentatontractionsatios,i.e. coefs(1)(resp.coef(2))would
bethemeanof theeven (resp.odd) ceoficients.

0 nbr.iteris thenumberof iterationswantedin the generatiorprocesof the SGIFSattractor

o0 law_typeis acharactestringwhich specifieshetype of law desiredfor the GIFS coeficients.

0 varis arealscalaruling thevariancedecreas@acrossscales At eachstepj of theattractorgeneration,
thevarianceof the choseraw would be 1/pow(j,var).

0 [x,y] containstheresultingattractor

o Ciisarealvectorcontainingall the coeficientsof thesogenerated@IFS.

ALGORITHM DETAILS :

Semi-GeneralizedteratedFunctionsSystems(SGIFS)are a generalizatiorof the usual IFS. This gen-
eralizationconsistsin allowing the contarationgo changeat eachstep(scale)of the attractorgeneration
processHere,we useGIFSto constructstocasticaBGIFS.More preciselyateachscalgj, the GIFScoefi-
cientsc_kj, for k even(resp.odd),arearandomvariableof law law_type,of meancoefs(1)(resp.coefs(2))
andof variancel/pow(j,var) Moreover, if {(t.i, y-i), i=1,...,n+1} is the setof interpolationpoints,thenary
realisationof the attractoris thegraphof a continuoudunctionF suchthat: F(ti)=y_i for eachi=1,...,n+1.
SEEALSO: :

fif, alphagifsandprescrib

EXAMPLE: :
Il =0 O
51
1 0];
coefs = [.3 -9
[x,y,Ci] = sgifs(l,coefs,10,'uniform’,1);
plot(x,y)
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0.63 simstable_ Generation of stablerandom processes

Author: Lotfi Belkacem

This routine generates stablerandomprocessandits incrementausingthe ChambersMallows and
Stuck(1976)algorithm.

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

INPUT PARAMETERS :

o0 alpha: realpositive scalarbetween0 and2. This parameteis often referredto asthe characteristic
exponent.

0 beta: realscalarbetween1 and+1. This parameters oftenreferredto asthe skewnessparameter

0 mu: realscalarThis parameters oftenreferredto asthelocationparameterlt is equalto the expecta-
tion whenalphais greaterthan1.

0 gamma: realpositive scalar This parameteis often referredto asthe scaleparameterlt is equalto
thestandardleviation over two squaredvhenalphaequal2.

0 size: integerpositive scalar sizeof the simulatedsample.

OUTPUT PARAMETERS :

0 proc: realvector[size,1]correspondingo the stablerandomprocess.
0 inc: realvector[size,1]correspondingo theincrementf the simulatedorocess.

EXAMPLES :

/[Example 1

/lgenerates a standard stable random process with alpha=2, beta=0
/l(symmetric), mu=0 and gamma=1.4142 which coinside with a standard
/lgaussian process (Brownian  moation). To visualize the process or
/lthe  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 smultimld multinomial 1d measure synthesis-

Author: ChristopheCanus

This C_LAB routinesynthesize$wo typesof pre-multifractalstochastianeasureselatedto the multi-
nomial 1d measurdguniform law andlognormallaw) andcomputedinked multifractalspectrum.

USAGE :
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[varargout,[optvarargout]]=sbinom(b,s trvar argin ,Jopt vararg in])

INPUT PARAMETERS :

0 b: strictly positive real (integer) scalarContainghe baseof the multinomial.

0 str: stringContainsthetype of ouput.

0 varagin : variableinput argumentContainsthe variableinputargument.

0 optvaragin : optionalvariableinput algumentsContainsoptionalvariableinput arguments.
OUTPUT PARAMETERS :

0 varagout: variableoutputargumentContainghe variableoutputargument.
0 optvaragout: optionalvariableoutputargumentContainsan optionalvariableoutputargument.

DESCRIPTION :

PARAMETERS :
The stochastianultinomial 1d measuras completlycharacterizetby its baseb. This first parametemust
be>1.

The secondparametestr is a variablestring usedto determinethe desiredtype of output. Thereare
four suffix strings('meas’ for measure;cdf’ for cumulative distribution function g, 'pdf’ for probability
densityfunction,’spec’for multifractalspectrumpandatwo prefix stringsfor thetypeof stochastieneasure
(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.
When a string containingsuffix string’meas’is given assecondinput, a pre-multifractalmeasurenu_n
(first outputargument)is synthesizean the b-adicintervals|_n (secondoptional outputargument)of the
unitinterval. In thatcasethethird inputarguments a strictly positive real(integer)scalam which contains
theresolutionof the pre-multifractalmeasureThe sizeof the outputreal vectorsmu_n (andl_n if used)is
equalto bn (so be awarethe stacksize;-)). This optionis implementedor the uniform law ('unifmeas’)
andthe lognormallaw ('lognmeas’)multinomial 1d measuresWhena string containingprefix 'unif’ is
givenassecondnput, the synthesior thecomputatioris madefor a uniformlaw multinomialld measure.
In that case,the optional fourth input argumentis a strictly positive real scalarepsilonwhich contains
the pertubationaroundweight .5. The weightis an independantandomvariableidentically distributed
betweerepsilonand 1-epsilonwhich mustbe >0., <1. The default valuefor epsilonis 0. Whena string
containingprefix 'logn’ is givenassecondnput, the synthesisor the computatioris madefor alognormal
law multinomial 1d measure.In that case,the optional fourth input argumentis a strictly positive real
scalarsigmawhich containsthe standarddeviation of the lognormallaw. Whenreplacingsufiix string
'meas’ with suffix string’cdf’, respectiely suffix string’'pdf’, the cumulative distribution function F_n,
respectiely the probability densityfunction p_n, relatedto this pre-multifractaimeasuras computedfirst
outputargument). Whena string containingsuffix string’spec’is givenassecondnput, the multifractal
spectrumf_alpha(secondoutput argument)is synthesizedn the Hoelderexponentsalpha (first output
argument).In thatcase thethird inputarguments a strictly positive real (integer) scalarN which contains
thenumberof HoelderexponentsThesizeof bothoutputrealvectorsalphaandf_alphais equalto N. This
optionis implementednly for thelognormallaw (' lognspec’)multinomial 1d measures.

ALGORITHM DETAILS :

For the uniform andlognormallaw multinomial 1d, the synthesisalgorithmis implementeds a recur
siveway (to beableto pick up ai.i.d. r.v. ateachlevel of the multiplicative cascadendfor all nodesof the
correspondinginarytreew.r.t. thegivenlaw). Note thatthelognormallaw multinomial 1d measurés not
conserative.

EXAMPLES :
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n=10;

/I synthesizes a pre-multifractal uniform  Law multinomial 1d measure
[mu_n,I_n]=smultim1d(b, unifmeas’,n);

plot(l_n,mu_n);

s=1,

/I synthesizes the cdf of a pre-multifractal lognormal  law multinomial 1d
measure

F_n=smultim1d(b, logncdf,n,s);

plot(l_n,F_n);

e=.19;

Il synthesizes the pdf of a pre-multifractal uniform  law multinomial 1d measure
p_n=smultim1d(b, unifpdf’,n,e);

plot(l_n,p_n);

N=200;

/I 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 Measuresvith negative (latent)valuesfor the”"Dimension”f(alpha)”,

Benoit B. MandelBrot. In Fractals’PhysicalOrigins and Properties,Proceedingof the Erice Meeting,
1988. Editedby L. PietroneroPlenumPressNew York, 1989pages3-29."Limit LognormalMultifractal

Measures”BenoitB. MandelBrot. In Frontiersof PhysicsLandauMemorial ConferenceProceedingf

theTel-Aviv Meeting,1988.Editedby Errol AsherGotsmanYuval Ne’emanandAlexander/oronoi, New

York Pegamon,1990pages309-340.

SEEALSO :

binom,sbinom multim1d, multim2d,smultim2d(C_LAB routines).MFAS_measures\IFAS_dimensions,
MFAS_spectra(Matlab and/orScilabdemoscripts).

0.65 smultim2d multinomial 2d measure synthesis-

Author: ChristopheCanus

This C_LAB routinesynthesizeswo typesof pre-multifractalstochastianeasureselatedto the multi-
nomial 2d measurdguniform law andlognormallaw).

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

INPUT PARAMETERS :

bx : strictly positive real (integer) scalarContainghe abscissdaseof the multinomial.

by : strictly positive real (integer) scalarContainshe ordonatebaseof the multinomial.

str: string Containsthe type of ouput.

varagin : variableinput agumentContainsthe variableinput argument.

optvaragin : optionalvariableinput argumentContainsoptionalvariableinputarguments.

O OO0 oo

OUTPUT PARAMETERS :
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0 varagout: variableoutputargumentContainghe variableoutputargument.
0 optvaragout: optionalvariableoutputargumentContainsan optionalvariableoutputargument.

DESCRIPTION :

PARAMETERS :
The stochastianultinomial 2d measurds completly characterizedby its abscissdasebx, ordonatebase
by. Thesefirst two parametersnustbe >1.

The third parameteistr is a variable string usedto determinethe desiredtype of output. Thereare
four suffix strings('meas’ for measure;cdf’ for cumulative distribution function g, 'pdf’ for probability
densityfunction,’spec’for multifractalspectrumpandatwo prefix stringsfor thetypeof stochastieneasure
(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 string containingsuffix string’meas’is givenasthird input, a pre-multifractalmeasuremu_n (first
outputargument)s synthesizednthebx-adicandby-adicintervalsl_nx andl _ny (secondandthird optional
outputargument)of theunit squareln thatcasethefourthinputarguments astrictly positivereal(integer)
scalarn which containsthe resolutionof the pre-multifractalmeasure.The size of the outputreal matrix
mu_n is equalto bxn*byn andthe oneof the outputrealvectorsl _nx andl_ny (if used)is equalto bxnand
byn (so be awarethe stacksize;-)). This optionis implementedor the uniform law ('unifmeas’) andthe
lognormallaw ('lognmeas’)multinomial 2d measuresWhena string containingprefix 'unif’ is givenas
third input, thesynthesi®r thecomputatioris madefor auniformlaw multinomial2d measureln thatcase,
the optionalfourth input algumentis a strictly positive real scalarepsilonwhich containsthe pertubation
aroundweight .5. The weightis anindependantandomvariableidentically distributed betweenepsilon
andl-epsilonwhich mustbe >0., <1. The default valuefor epsilonis 0. Whena string containingprefix
"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
containghe standardieviation of thelognormallaw. Whenreplacingsufiix string’meas’with suffix string
‘cdf’, respectiely suffix string’pdf’, the cumulative distribution function F_n, respectiely the probability
densityfunctionp_n, relatedto this pre-multifractaimeasurés computedfirst outputargument).

ALGORITHM DETAILS :

For the uniform andlognormallaw multinomial 2d, the synthesisalgorithmis implementeds a recur
siveway (to beableto pick up ai.i.d. r.v. ateachlevel of the multiplicative cascadendfor all nodesof the
correspondinginarytreew.r.t. thegivenlaw). Note thatthelognormallaw multinomial 2d measurés not
conserative.

EXAMPLES :

n=>s;

bx=2;

by=3;

/I synthesizes a pre-multifractal uniform  Law multinomial 2d measure
[mu_n,l_nx,l_ny]=smultim2d(bx,by, uni fmeas’ ,n);

mesh(l_nx,|_ny,mu_n);

s=1.;

/I synthesizes the cdf of a pre-multifractal lognormal  law multinomial 2d
measure

F_n=smultim2d(bx,by,’logncdf’,n,s);

mesh(l_nx,l_ny,F_n);

e=.19;

/I synthesizes the pdf of a pre-multifractal uniform  law multinomial 2d measure
p_n=smultim2d(bx,by, unifpdf’,n,e);

mesh(l_nx,l_ny,p_n);

REFERENCES:
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"A classof Multinomial Multifractal Measuresvith negative (latent)valuesfor the”Dimension”f(alpha)”,
Benoit B. MandelBrot. In Fractals’ PhysicalOrigins and Properties,Proceedingof the Erice Meeting,
1988. Editedby L. PietroneroPlenumPressNew York, 1989pages3-29."Limit LognormalMultifractal
Measures”BenoitB. MandelBrot. In Frontiersof Physics,LandauMemorial ConferenceProceedingpf
theTel-Aviv Meeting,1988.Editedby Errol AsherGotsmanyuval Ne’emanandAlexanderVoronoi, New
York Pegamon,1990pages309-340.

SEEALSO :
binom,sbinom multim1d, multim2d,smultim1d(C_LAB routines).MFAS_measures\IFAS_dimensions,
MFAS_spectra(Matlaband/orScilabdemoscripts).

0.66 sortup ___ Sortsthe elementsof an array in increasingorder

Author: PauloGoncales

Sortsthe elementf anarrayin increasingorder

USAGE :

[yup,kup] = sortup(x[,how])
INPUT PARAMETERS :

0 X: Realvaluedarray[rx,cx]

0 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 rows aresortedin increasingorderDefault valueis ™'

OUTPUT PARAMETERS :

0 yup: Realmatrix[rx,cx] Sortedelementof x
0 kup: Integermatrix [rx,cx] Indicesof the sortedelementof x

SEEALSO: :

sort

EXAMPLE: :

[y.x] = sort(rand(4,4)) ;
X

xSortAll = sortup(x,”™)
xSortCol = sortup(x,'c’)
xSOrtRow = sortup(x,'r’)

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

Thisroutineestimateshe covariationof two jointly symmetricalpha-stableandomvariables.

USAGE :
[cov]=stable_cov(datal,data?)

INPUT PARAMETERS :

o datal: realvector[size,1]correspondingo thethefirst datasample.
0 data2: realvector[size,1]correspondingo the seconddatasample.

OUTPUT PARAMETERS :

0 sm: realscalarcorrespondindo the estimatiorthe covariationof datalon data2.

DESCRIPTION :

The covariationof two jointly symmetricalphastablerandomvariablesis definedonly for alphabetween
1 and2. It designedo replacethe covariancewhenthe latter is not defined(alpha<2). Unfortunately it
lackssomeof thedesirablegoropertiesof the covariancenot symmetric,...). It is however, a usefulquantity
andappearsaturallyin mary settings,for example,in the context of linear regression..SHExamplefor
two givensignalsS1andS2,cov=stablecov(S1,S2)estimateshe covariationof S1on S2.

0.68 stablesm___ Spectralmeasur of a bivariate Stablerandom
vector

Author: Lotfi Belkacem

Thisroutineestimates normalizedspectraimeasuref a bivariatestablerandomvector

USAGE :
[theta,sm]=stable_sm(datal,data?)

INPUT PARAMETERS :

o datal: realvector[size,1]correspondingo thethefirst datasample.
0 data2: realvector[size,1]correspondingo the seconddatasample.

OUTPUT PARAMETERS :

0 theta: realvectorcorrespondindo the theinput agumentof the estimatedspectraimeasure Compo-
nentsof thevectorthetaarevaryingbetweerD and2*PI.

0 sm: realvectorcorrespondingo the estimationof the normalizedspectralmeasureof the bivariate
vector(datal,data2).

EXAMPLE :
for two givensignalsS1andS2,[theta,sm]=stablsm(S1,S2)estimategshe normalizedspectraimeasure
of thedatavector(S1,S2).To visualizeit useplot(theta,sm).
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0.69 stabletest stablelaw conformicy test

Author: Lotfi Belkacem

This routineteststhe stability propertyof a signal.

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

INPUT PARAMETERS :

0 maxr: integerpositive scalar maximumresolutionwitch dependon the sizeof the sample.
0 data: realvector[size,1]correspondingo the datasample(incrementf thesignal).

OUTPUT PARAMETERS :

0 param: real matrix [maxr,4] correspondingdo the four estimatedparameterf the fited stablelaw
at eachlevel of resolution. param(i,:) for i=1, ...maxt givesrespectiely alpha(characteristiexpo-
nent),beta(skewnesgparameter)mu (locationparameter)gamma(scaleparametergstimatedatthe
resolutioni.

0 sdparam: realmatrix[maxr,4] correspondingo theestimatedstandardieviationsof thefour previous
parameterst eachlevel of resolution. sd.param(i,:),for i=1, ...maxx givesrespectiely standard
deviation of alpha,beta,muandgammaestimatedat theresolutioni.

DESCRIPTION :

Thestabilitytestconsiston estimatingparametersf afited alpha-satbléaw atdifferentlevel of resolution.
the variableis saidto be stableif the charateristicexponentalpharemainsapproximatvely constantat
differentresolution,andthe scaleparametefollows a scalinglaw with exponent(1/alpha)-1..SHExample

[procl 5,incl 5]=sim_stable(1.5,0,0,1 ,20000 );
[param,sd_param]=stable_test(7,incl_5 );
alpha=param(:,1);

m=(1:7)";

Inm=log(m);

plot2d(m,alpha,1,’111’,’alpha’,[1,0,7 2));

gamma=param(:,4);
Ingamma=Ilog(gamma);
plot(Inm,Ingamma);
[a,b,sig]=reglin(Inm’,Ingamma’);
slope=a

th_slope=1/1.5-1

0 we generatea standardlL.5-stablamotionandits increments.

we testthe stability propertyof the previoussimutatedl.5-stablaandomvariable’inc1_5" at 7 resolu-
tions.

we list estimatedalphaat differentscales.

we visualizethe stability of the shapeparameterlpha.

we list estimatedyammaat differentscales.

we visualizethe scalinglaw of the scaleparametegammawith alog-log plot in the spacgscale,scale
parameter).

o

O O 0O
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0 wecomputetheslope”a” of thefited line which will becomparedo (1/alpha-1).

0.70 strfbm Structur e Function of a Brownian Field

Author: B. Pesquet-Popes¢ENS-Cachan)

Createghestructurefunction of anisotropicfBm

USAGE :
[Y] = strfbom(x,y,H)

INPUT PARAMETERS :

0 Xx: Realvector[1,N] verticalcoordinate
0 VY : Realscalarfl,M] horizontalcoordinate
0 H:Realin [0,1] Hurstparameter

OUTPUT PARAMETERS :

0 Y : Matrix [N,M] Matrix containingthe valuesof the structurefunction

SEEALSO: :
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-Popes¢ENS-Cachan)

Symmetrizatiorof a periodic2D correlationfield

USAGE :
Ss = symcori(S)

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

OUTPUT PARAMETERS :

0 Ss: Matrix [N, N] Symetrizeccorrelationfield

SEEALSO: :
synth2,strfom

0.72 synth2 Stationary Increments2D Process

Author: B. Pesquet-Popes¢ENS-Cachan)

IncrementaFouriersynthesismethodfor processewith stationaryincrementf order(0,1) and(1,0)

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

INPUT PARAMETERS :

0 M : PositveintegerVertical/Horizontadimensionof the generatedield
0 H:Realin[0,1] parametepf thestructurefunction (e.g.: Hurstparameter)
o0 core: stringNameof thestructurgunctionof typecore(x,yH) with x,y : vertical/horizontatoordinates

OUTPUT PARAMETERS :

0 B :realmatrix[N,N] Synthesizedandomfield

REFERENCES:

L.M. Kaplan,C.C.JKuo: IEEE Tran.on P, May 1996(extendedversion).

SEEALSO: :

fbmlevinson,fbmcwt, fomfwt, mbmlevinson

EXAMPLE: :

[B] = synth2(128,0.8,’strfbm’) ;

viewmat(B)

0.73 viewWTLM ____ Vizualisesthe local maximalinesof a CWT

Author: PauloGoncales

Displaysthelocal maximaof a continuousvavelettransform

USAGE :
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viewWTLM(maxmapl,scale,wt])

INPUT PARAMETERS :

o maxmap: 0/1 matrix [N _scale,N]indicatormatrix of thelocal waveletcoeficientsmaxima

0 scale: realvector[1,N_scale]Analyzedscalevector

o wt: Complex matrix [N_scale,N]Wavelet coeficients of a continuouswavelettransform(output of
FWT or contwt)

SEEALSO: :
findWTLM, viewmat, contwt,cwt

EXAMPLE: :

N =2048 ; H= 0.3 ; Q = linspace(-4,4,11) ;
[x] = fbmlevinson(N,H) ;

[wt,scale] = cwt(x,2°(-6),2°(-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 :

0 Z:Realvaluedmatrix[ny,nx] 2-D matrix to bedisplayed

X : Realvector[1,nx] or [nx,1] x-axis

0 Y : Realvector[1,ny] or [ny,1] Controlsthe vertical axis. y forcesthe vertical axisto be numbered
from bottomto top in the increasingorder When not specified,the coordinatesystemis setto
its "Cartesian”axesmode. The coordinatesystemorigin is at the lower left corner The x axisis
horizontalandis numberedrom left to right. They axisis verticalandis numberedrom bottomto
top.

type=0: image

type=1: pseudacolor

type= 2: contourplot

type= 3: meshplot

type= 4 : shadedsurfacewith lighting

scale=0: lineardynamic

scale= 1 : logarithmicdynamic

level : scalarsettingthe minimum level of the displayO < level < +1 for linearscale0 dB < level <
Infty dB for logarithmicscale

o

O O0OO0OO0OO0OO0OO0OOo

Scilabversion:cmdis ineffective andfrozento [1 0 0] .

REMARK :
viewmatchangeshecolormap
SEEALSO: :

plot3d,grayplot

EXAMPLE: :
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//Signal synthesis:

x = oscillsing(1,1,0,128) ;
X = x(E)*x() ;

IIMatrix vizualisation:

viewmat(abs(X))

AUTHOR : Author: Paulo Goncales- BertrandGuiheneuf

0.75 wave2gifs__ Computation of IFS coef with Discrete Wavelet
coefficients

Author: Khalid Daoudi

Computeghe GIFS cefficientsof a 1-D real signalasthe ratio betweensynchrounousjyvaveletscoef-
ficientsat successie scales.You have to computethe waveletcoeficientsof the givensignal(usingFWT)
beforeusingwave2gifs.

USAGE :
[Ci,Ci_idx,Ci_lg,pc0,pc_ab]=waveZ2gifs (wtwt _idx, wt lg , [MO,a,b])

INPUT PARAMETERS :

o0 wt: Realmatrix[1,n] Containghewaveletcoeficients(obtainedusingFWT).

0 wt.idx : Realmatrix[1,n] Containstheindexes(in wt) of the projectionof the signalon the multireso-
lution subspacefbtainedalsousingFWT).

o wt.lg: Realmatrix[1,n] Containsthe dimensionof eachprojection(obtainedalsousingFWT).

0 MO : Realpositive scalarlf specified,eachGIFS coeficient whoseabsolutevalue belongto ]1,MO[
will bereplacedoy 0.99 (keepingits signe).

0 a,b: Realpositive scalarsTheroutinegivesthe percentag®f the Ci's whoseabsolutevaluebelongto
]a,b[ (if notspecified]a,b[=]0,2]).

OUTPUT PARAMETERS :

Ci : Realmatrix Containghe GIFS coeficientsplus otherinformations.

Ci_idx : Realmatrix Containghetheindexesof thefirst Ci ateachscale(thefinestscaleis 1).
Ci_lg : Realmatrix Containgthelengthof Ci's ateachscale.

pcO: RealscalarGivesthe percentagef vanishingCi's

pc.ab: RealscalarGivesthe percentagef Ci'swhich belongto Ja,b[

O OO0 oo

DESCRIPTION :

PARAMETERS :

0 wtis areal matrix which is a structurecontaingthe wavelet coeficientsand otherinformations. It is
obtainedusingFWT.
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(o]

(0]
(0]

wt_idx is a realvectorwhich containsthe indexes(in wt) of the first wavelet coeficient a eachscale.
For instance wt(wt_idx(1) : wt_idx(2)-1) is a vectorcontainingthe wavelet coeficientsa the finest
scale.

wt_Ig is a real vector which containsthe length of wavelet coeficientsa eachscale. For instance,
wt_Ig(1) is the numberof thewaveletcoeficientsathefinestscale.

MO is arealpositive scalarsuchthateachGIFS coeficient (ci) whoseabsolutevaluebelongto ]1,MO[
will bereplacedoy 0.99*signe(ci).

aandb aretwo realpositive scalars Theroutinegivesthepercentagef the Ci's whoseabsolutevalues
belongto ]Ja,b[ (if notspecified Ja,b[=]0,2[).

Ciis arealmatrixwhich containsthe GIFS coeficients,the sizeof the signalin Ci(lenght(Ci))andthe
numberof scalesusedin the waveletdecompositionn Ci(lenght(Ci)-1).

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)+ Cilg(j) - 1) is a vector containingthe GIFS coeficients at scalej (the
finestscaleis j=1).

Ci_lg is arealvectorwhich containghelengthof GIFScoeficientsa eachscale.For instanceCi_lg(1)
is thenumberof thewaveletcoeficientsathefinestscale.

pcOis arealscalamwhich givesthe percentagef vanishingGIFS coeficients.

pc.abis arealscalarwhich givesthe percentagef GIFS coeficientswhich belongto ]a,b|.

ALGORITHM DETAILS :

SEEALSO: :

FWT andMakeQME

EXAMPLE: :
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