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Chapter 1About the internshipMy internship took pla
e at the IRCAM (Institut de Re
her
he et de Coordina-tion A
oustique/Musique), (Institute of resear
h and 
oordination of a
ousti
sand musi
), where I worked in the resear
h team Analyse-Synthese under thedire
tion of Xavier Rodet. My instru
tor was Axel Röbel.1.1 Organizational stru
ture of the IRCAMSin
e its foundation in 1971 by Pierre Boulez, on request of the fren
h presidentGeorges Pompidou, the IRCAM has the status of a private and independentorganization (asso
iation relevant du droit privé (loi 1901)). Its 
oun
il of ad-ministration 
onsists of seven members of representatives of publi
 institutions,namely of the ministries of 
ulture and resear
h, of the Centre Pompidou andthe Centre National de la Re
her
he S
ienti�que (CNRS). Chairman of this
oun
il is the 
hief exe
utive of the Centre Pompidou; Bernhard Stiegler is the
hief exe
utive of the IRCAM sin
e January 2002.The IRCAM was founded with the obje
tive to provide various �elds of in-tera
tion between s
ienti�
al resear
h, te
hnology development and the musi
al
reation pro
ess. Still, the main aims are to support the 
reation of 
ontem-porary musi
 by developing software and know-how for 
omposers as well asto advan
e in a
ousti
al resear
h areas. The idea to 
ombine these two areas(resear
h and musi
al 
reation) has lead to the development of models and util-ities in di�erent aspe
ts of sound pro
essing (language, man-ma
hine-interfa
es,real-time appli
ations, psy
hoa
ousti
 software).1.2 The team Analyse/SynthèseThe Analysis/Synthesis team of the IRCAM 
on
eives and develops utilitieswith the aid of whi
h the 
omposers and musi
ians 
an transform existing soundsand 
reate new ones.In order to a
hieve this, the information transmitted by the sound has tobe stru
tured in a 
lear and intelligible way. This leads to the de�nition of amodel of the sound, whi
h also determins the way of the synthesis. On the onehand, these models explain penomena of sound, and on the other hand, they4



1.3. DESCRIPTION OF MY ASSIGNMENT 5provide means to modify the sound in a more detailed and pre
ise manner thanby global transformations.In sound synthesis, several models have been worked out and implementedby the team Analyse/Synthése, su
h as the synthétiseur 
hant. Every modelis being realised in form of a program, 
alled synthétiseur, whi
h 
al
ulatesthe sound from the values of given parameters. This leads to a di�erent viewof modifying sound: it is now merely the modifying of the parameters whi
hdes
ribe the sound; sound 
reation in this way means providing new parametersfor a new, syntheti
 sound.The analysis part of the work now 
onsists in determining the parametersof a given sound. This is a main �eld of study in this department, and this isalso the �eld whi
h 
onstituted my assignment, the dete
tion of fundamentalfrequen
ies.1.3 Des
ription of my assignment`Development of an algorithm �Expe
tation Maximization� for the estimate ofseveral simultaneous fundamental frequen
ies. Musi
al signals almost alwayspresent several simultaneous fundamental frequen
ies, even in the 
ase of amonophoni
 instrument be
ause the reverberation of the room prolongs theprevious note on the note in progress. The dete
tion of several simultaneousfundamental frequen
ies is thus a signi�
ant problem. Various work has beendone on this subje
t, in parti
ular in the Analysis-Synthesis team of the IRCAM,but a model and an algorithm satisfa
tory from the theoreti
 and pra
ti
al pointof view remains to design and develop.'



Chapter 2The Algorithm f02bisd2.1 MotivationIn this 
hapter, the ideas leading to the algorithm will be dis
ussed.f02bisd is an algorithm whi
h is designed to �nd the fundamental frequen
yof a given signal of monophoni
 sound. In a �rst step, we 
reate models for ea
hf0; then we 
he
k how well ea
h of these models des
ribes the a
tual spe
trumof the signal. This is done by basi
ally four summands, d1 to d4. Ea
h ofthese summands analyzes 
ertain aspe
ts of the spe
trum and assigns it a valuebetween 0 and 1. These �aspe
ts� will be des
ribed in the following subse
tions.2.2 Constru
ting a modelThe spe
trum of a sound whi
h we 
onsider as a harmoni
 sound 
onsists ofpeaks whi
h are lo
ated at a frequen
y f0, 
alled the fundamental frequen
y,and its integer multiple frequen
ies, 
alled the superharmoni
 peaks of f0.We now 
onsider the 
ase where we have an arbitrary windowed signal whi
hwe suppose to be harmoni
, with a fundamental frequen
y in the range [f0min,f0max℄. Sin
e we don't have any further assumptions or restri
tions on thefrequen
ies, every integer frequen
y is a possible 
andidate for the f0 of thegiven sound, and so we 
onstru
t a model for ea
h integer frequen
y.A model for frequen
y f0 is (an abstra
tion of) a harmoni
 spe
trum, givenby a set of n points of the format (k � f0; jS(k � f0)j)1�k�n, where n is the numberof peaks in the model (n = b fmaxf0 
) and S is the 
omplex spe
trum of thewindowed signal, evaluated at the frequen
ies of the multiples of f0.2.3 Preanalyzing the spe
trum of the signalBefore we start 
omparing our f0-models with the given signal, we 
an �nd outsome properties of the signal spe
trum. The most important property of thespe
trum are the frequen
ies and the amplitudes of its peaks. Hen
e, the �rstidea is to dete
t all peaks of the spe
trum, i.e. the maxima of the absolute valueof the spe
trum, with their 
orresponding frequen
y and amplitude.6



2.4. DISTANCE COMPONENTS 7In addition to the amplitude and frequen
y of ea
h peak, we 
an also 
al-
ulate the reassignment values; a short explanation of this theory will be givenLATER.We now have determined a set (pi)i=1;:::;n of spe
tral peaks, where ea
hpeak has a frequen
y fi, an amplitude ai and a reassignment value ti. It is nowpossible to sele
t peaks a

ording to their reassignment value. At the 
urrentstate of the algorithm, there are two ways in whi
h these reassignment values areused: the �rst is the �transient peak removal�, where the peak with the highestamplitude is removed if its reassignment value surpasses a given threshold, i.e.it indi
ates that the time 
enter of the frequen
y is too far away from thewindow 
enter. After the removal of the peak, we 
an dete
t other peaks in theerrorspe
trum, whi
h may have been 
overed by the bigger peak. The se
ondway is to absolutely ignore those peaks whi
h have �outlier� reassignment values.These peaks are then taken out of the 
olle
tion (pi).2.4 Distan
e Components2.4.1 Correlation 
omponent - d1Files:� private/mtlComputeCorrShift5bopt.
pp� private/mtlComputeCorrShift.mexglx (soft link)Fun
tions:� 
omp-
orr()This 
omponent is no longer in use as standalone 
omponent - hen
e its
orresponding parameter p1 is usually set to 0. Nevertheless, I will explain thepurpose of this 
omponent, sin
e it has now been 
ombined with the se
ond
omponent, d2.For a given model for frequen
e f0, we will divide the peaks of the observedspe
trum into two groups: those who are �explained� by the model and thosewho are not.To the �rst group, we 
ount all those peaks, who are 
lose enough to oneof the modelpeaks, i. e. whose frequen
y distan
e to the nearest modelpeakdoesn't surpass the threshold � � f0. It has been shown in various test seriesthat a good value for the parameter � is 0:4. However, if we don't want allpeaks to be explained by the model, we must set � to a value stri
tly less than0:5.The Correlation Component was designed to give an estimation of the �har-moni
ity� of the observed spe
trum. It takes every peak and judges if its am-plitude and phase shape is similar to a �modelpeak�, i.e. the peak of the FFTof the window.This is done by a variant of the usual 
orrelation 
oe�
ient. Let win denotethe model peak amplitude (i.e. the absolute value of the spe
trum) and spe
sidenote the 
omplex spe
trum segment around the spe
tral peak pi; both ve
torsare given in bin values and both have the size of a windowpeak (maximum



8 CHAPTER 2. THE ALGORITHM F02BISD3��tsizewindowsize). Then 
i := jPz win(z) � spe
si(z)jqPz jwin(z)j2 �Pz jspe
si(z)j2denotes the 
orrelation value of the peak pi. Some properties of this expressionare:1. 
i 2 [0; 1℄2. jspe
sij = win and spe
si has 
onstant phase =) 
i = 1.3. If spe
si has 
onstant phase and spe
sj has the same amplitude, but vary-ing phase, then 
i � 
j .Hen
e a peak �looks good� if its 
orrelation value is 
lose to 1.2.4.2 Shift 
omponent - d2Files:� private/mtlComputeCorrShift5bopt.
pp� private/mtlComputeCorrShift.mexglx (soft link)Fun
tions:� 
omp-shift()This distan
e 
omponent gives informations about the positions of the ob-served peaks, relative to the harmoni
 peaks of a model f0 frequen
y.Sin
e this 
omponent 
onsists itself of several fa
tors, we will explain ea
hone of them separately.1. ~̂sf0:For ea
h peak pi of the observed spe
trum, the distan
e 
omponent ŝf0;imeasures the distan
e to the nearest modelpeak, if f0 explains pi, i.e. ifjfi � round( fif0 ) � f0j < � � f0. In this 
ase we de�neŝf0;i := jfi � k � f0j� � f0 ;where k = round( fif0 ). If f0 does not explain pi, we set the value of ŝf0;ito 1.Properties of this de�nition:(a) If fi = k � f0, then ŝf0;i = 0.(b) ŝf0;i 2 [0; 1℄.(
) If pi is not explained by f0: =) ŝf0;i = 1.In other words: If we have a peak pi, with frequen
y fi, then its distan
evalue ŝf0;i is determined a

ording to the following graphi
 (here, f0 is setto 150 and � to 0.4).



2.4. DISTANCE COMPONENTS 9

0 200 400 600 800 1000 1200 1400 1600
0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2
Shiftvector − Distance

2. 
i:This is the Correlation Component as explained in 2.4.1.3. hf0:For ea
h peak pi of the observed spe
trum, the amplitude envelope 
om-ponent hf0;i provides the weight ve
tor for a weighted average on the shiftve
tor. The idea is that only the �rst n partials of a harmoni
 spe
trumare resolved high enough to give information about the fundamental fre-quen
y, and so we want to pay more attention to the lower peaks. Hen
e,we set hf0;i := min( 1n � f0 ; 1fi );where fi is the frequen
y of the peak pi.Now let ~w be the weighting ve
tor for ~̂s, whi
h is de�ned (for ea
h bin l) asfollows: wf0;l := � 
Æ1f0;i � hÆ2f0;i ; l lies in the pondregion of any pi0 ; otherwise.Æ1 and Æ2 are additional parameters, whose optimal settings are still to determine(see 3).Let ~~w be the normalized version of ~w (~~w = 1Pl wf0;l�spe
s(l) � ~wf0). Then wede�ne the shift ve
tor ~s:sf0;l := � ~wf0;l � ŝf0;i ; l lies in the pondregion of any pi1 ; otherwise.2.4.3 Amplitude Envelope 
omponent - d3Files:� private/mtlComputeCorrShift5bopt.
pp� private/mtlComputeCorrShift.mexglx (soft link)� private/newdistbis.m



10 CHAPTER 2. THE ALGORITHM F02BISDFun
tions:� 
omp-shift()� HiLowFrequRatio()This 
omponent is being added to the other distan
e summands in order toavoid subharmoni
 errors; the idea is that the real f0 will have a �smoother�amplitude envelope than f02 , i. e. the number of �ups� and �downs� in theamplitude of the observed spe
trum, evaluated at the modelpeak frequen
ies, islower.Let ~a be de�ned as follows:If pi is a peak of the observed spe
trum and k is the (integer) number ofthe nearest peak of the model for f0. Then, if pi is explained by f0, i.e. ifjfi � k � f0j < � � f0, then we de�neak := jspe
s(k � f0)j;where spe
s denotes the observed spe
trum. The resulting amplitude ve
tor ~ahas then n = b fmaxf0 
 entries of the observed amplitude at the frequen
y of themodelpeaks of f0. The entries of ~a, whose indi
es belong to modelpeaks whi
hdon't explain any observed peak, are set to 0.Now de�ne ~~a by~~a := (an; an�1; : : : ; a1; a1; : : : ; an�1; an);(i.e. ~~a is a version of ~a, whi
h has been �ipped around 0) and let 
 be aHighpass-Filter.Then hlrf0 := 2nPi=1 
(~~a)2i2nPi=1 ~a2i2.4.4 Reassignment Operator Variation 
omponent - d4Even in monophoni
 signals, e�e
ts like e
ho and hall 
an result in di�erent f0frequen
ies o

urring at the same time. In order to avoid 
onfusion betweenthese di�erent se
tions of the segment, we 
al
ulate the reassignment operatorri for ea
h peak pi, as des
ribed in 2.3.After having eliminated all those peaks with reassignment operators whi
hindi
ate an energy 
enter position too far away from the window 
enter (morethan 18 per
ent of the windowsize), we now 
onsider the set Jf0 � f1; : : : ; ng,su
h that (pi)i2Jf0 are the peaks, whi
h are explained by f0. If ri is the reas-signment operator for pi and ŝf0;i is as in 2.4.2, then letŵf0;i := 1� ŝf0;iand wf0;i := 1Pi2J spe
s(fj)2 � ŵf0;j � spe
s(fi)2 � ŵf0;i



2.5. CALCULATING REASSIGNMENT OPERATORS OF THE SPECTROGRAM11for every i 2 Jf0. This means, ~w is a weighting ve
tor, whi
h moves the �im-portan
e� of peaks both towards the model peaks of f0 (we assume that peaks
lose to harmoni
 peaks of f0 belong to this position) and towards the peaks ofthe spe
trum with high amplitude (here we also assume that large peaks always
arry information about the fundamental frequen
y).The varian
e vf0 is then de�ned as follows:vf0 :=sXi2J (ri �Xj2J wj � rj)2 � wi:That means that the only di�eren
e to a �regular� varian
e is that we don't usethe arithmeti
 mean as weight (whi
h would be the 
ase if w = 1n ), but insteada weighted average, whi
h takes in a

ount the more important peaks.2.5 Cal
ulating Reassignment operators of thespe
trogramOne way to display the energy density of a signal x (in time and frequen
y) isthe Wigner-Ville-distribution (WVD), de�ned byWVD(x; t; w) := +1Z�1 x(t+ �2 )x�(t� �2 )e�i!�d�:The fun
tion WVD(h; s; �)WVD(x; t� s; � � �)
an be 
onsidered as a mass distribution fun
tion of the signal x in the windowh; hen
e the time 
oordinate of the mass 
enter 
an be found att̂(x; t; !) := t� RRuWVD(h;u;
)WVD(x; t� u; ! � 
)dud
RRWVD(h;u;
)WVD(x; t� u; ! � 
)dud
 : (2.1)It is shown in [1℄ that this 
an also be written ast̂(x; t; !) = �d(arg(STFTh(x; t; �)))d� ; (2.2)whi
h means that the reassignment values depend strongly on the phase of theFouriertransform of x, not only on the form of the amplitude. As we will shownow, t̂ is equal to the expressiont�Re�STFTTh(x; t; !)STFTh(x; t; !)�jSTFTh(x; t; !)j2 � ; (2.3)where Th(s) = s � h(s) is a modi�ed window. Sin
e this is a faster and nu-meri
ally more stable version of (2.1), the reassignment values are now used inf02bisd in the form (2.3). Remains to show the equality12�RRuWVD(h;u;
)WVD(x; t� u; ! � 
)dud
12�RRWVD(h;u;
)WVD(x; t� u; ! � 
)dud
 = Re�STFTTh(x; t; !)STFTh(x; t; !)�jSTFTh(x; t; !)j2 � :(2.4)



12 CHAPTER 2. THE ALGORITHM F02BISDWe will only show the equality of the numerators - the equality of the denomi-nators follows with a similar argument.12�ZZ uWVD(h;u;
)WVD(x; t� u; ! � 
)dud
= 12�ZZ uZ h(u+ �2)h�(u� �2 )e�i
�d�Z x(t� u+ �2)x�(t� u� �2)e�i(!�
)d�dud
= ZZ ux(t� u+ �2)x�(t� u� �2)e�i!� 12�ZZ h(u+ � + �2 )h�(u� � + �2 )e�i
�d�d
d�du;with � := � � �. Setting z(�) := h(u+ �+�2 )h�(u� �+�2 ), this yields= ZZ ux(t� u+ �2)x�(t� u� �2)e�i!� 12�Z Z(i
)d
d�du= ZZ ux(t� u+ �2)x�(t� u� �2)e�i!�z(0)d�du;= ZZ ux(t� u+ �2)x�(t� u� �2)e�i!�h(u+ �2)h�(u� �2)d�du;where Z(i
) is the Fourier Transform of z. Now set v := t� u+ �2 := � ZZ (t� v + �2)x(v)x�(v � �)e�i!�h(t� (v � �))h�(t� v)d�dv= � ZZ �x(v)(t � v)�h�(t� v)e�i!v� hx(v � �)h�(t� (v � �))e�i!(v��)i� d�dv� ZZ �2x(v)x�(v � �)e�i!�h(t� (v � �))h�(t� v)| {z }:=s(�) d�dv= STFTTh(x; t; !)STFTh(x; t; !)� � ZZ s(�)d�dv:The equality 2.4 now follows from the fa
t that WVD is always real (forsymmetry reasons: x(u + �2 )x�(u � �2 )e�i�! = �x(u� �2 )x�(u+ �2 )e�i(��)!��)whereas the subtrahend of the last line is purely imaginary (also by symmetry:s(�) = �s(��)�).



Chapter 3Testing the algorithm3.1 Test pro
eduresMinimizing the error rate of an f0-algorithm, applied to monophoni
 signals,requires both a representative 
hoi
e of sound �les and an exa
t idea of the�
orre
t� f0-values. In our 
ase, the 
hosen signals were spee
h signals of maleand female speakers. Following the example of A. Cheveigné ([3℄), we used thesound�les from the Bagshaw database (Bagshaw et al, 1993,http://www.
str.ed.a
.uk/~p
b/fda_eval.tar.gz - or on the IRCAM network un-der /net/lilith/alain/f0data/fda) to evaluate and optimize the algorithm. Thesound �les in this database were re
orded together with the signal of a laryn-gograph (an apparatus that measures ele
tri
al resistan
e between ele
trodespla
ed a
ross the larynx), from whi
h a reliable �ground-truth�
an be derived.f02bisd was 
alled with f0min = 40 Hz, f0max = 800 Hz, a windowsize
orresponding to 40 ms and a blo
kshift (distan
e between the 
enters of twowindows) 
orresponding to 2,5 ms.When evaluating the results, values that di�ered by more than 20% from thelaryngograph-derived estimates were 
ounted as �gross errors�. These errors 
anfurther be divided into �too low� (mainly subharmoni
) and �too high� errors.The resulting error rate is the number of errors, divided by the number of
ompared results.3.2 Tests with two parametersSin
e the beginning of my internship, various attempts have been made to im-prove the results of the given algorithm, f02bisd, whi
h had been worked out byB. Prudham [8℄. Namely the �rst 
omponent, (1-
orr), whi
h seemed to produ
eresults whi
h are only vaguely 
onne
ted to the appearan
e of the spe
trum, dueto the strongly os
illating aspe
t of (1-
orr).Furthermore, the e�e
ts of the exponentiation used (�expo(k), as de�ned in[8℄), are not evident. Hen
e we removed the summand d1 by setting p1 to 0,and used the 
orrelation ve
tor as a weighting ve
tor for the se
ond 
omponentonly; for details, see 2.4.2.After having introdu
ed two new parameters (Æ1 and Æ2, as in 2.4.1), wetested the algorithm f02bisd in various parameter settings in order to study13



14 CHAPTER 3. TESTING THE ALGORITHMhow the parameters would be best adjusted, in intera
tion with the �old� param-eters p1 to p3. We assigned a range (e.g. 1.0:0.1:2.0 in test
oeffs
rexp3.m),another one to d2 (e.g. 6:4:42) and tested the algorithm with every possible
ombination of the two parameter settings, while �xing the other parameters.The pre
eding example would result in 110 
alls of the fun
tion f02bisd.m.The following table 3.1 gives an overview of the s
ripts whi
h were used todo tests with two parameters.S
ript�le Parameters adjusted Sound�letest
oeffs
rexp3.m distexp2, d2 rl001test
oeffs
rexp4.m distexp, d2 rl002test
oeffs
rexp5.m distexp1, distexp2 rl001test
oeffs
rexp0_5.m distexp, d2 rl001test
oeffs
rexp0_75.m distexp, d2 rl001test
oeffs
rexp.m distexp, d2 rl001test
oeffs
rexpalpha.m alpha, d2 rl001test2
oeffs
r.m distexp, d2 sb001test2
oeffs
r2.m distexp1, distexp2 sb001Table 3.1: Test dire
toriesTest results 
an be displayed (divided into sub - and superharmoni
 errors)with s
ripts like displaysubsup4.m. Sin
e these results do not re�e
t the 
ur-rent state of the algorithm, we will abstain from presenting them here in detail.3.3 Tests with three parametersAfter having introdu
ed a se
ond exponent distexp2 (the one whi
h is in 2.4.1referred to as Æ2), whi
h is intended to put more weight on the lower regionsof the signal (sin
e it in
reases the amplitude envelope at the frequen
es lowerthan f0), we have now no longer the problem of testing two, but three di�erentparameters for the algorithm. This leads to three arrays of possible values,where every triple of values has to be tested.Ex
ept for the di�
ulty to display the test results intuitively, this test s
hemeposes also problems in terms of 
al
ulation time: if every parameter test arrayis of length 10, we already have 1000 
alls of f02bisd.m, whi
h is equivalent toroughly 80 hours of 
al
ulation on one ma
hine. This shows the need for moree�
ient and time-saving test algorithms.S
ript�le Parameters adjusted Sound�letestexp3d.m distexp1, distexp2, d2 rl001testexp3d1.m distexp1, distexp2, d2 rl001test2
oeffs
r3d.m distexp1, distexp2, d2 sb001test2
oeffs
r3d1.m distexp1, distexp2, d2 sb001Table 3.2: Test dire
toriesThe results 
an be displayed with s
ripts like displaysubsup13d.m.



3.4. EVOLUTIONARY TEST ALGORITHM 153.4 Evolutionary test algorithmHaving introdu
ed yet another parameter (the standard deviation d4), themethod of testing every 
ombination of parameters be
ame nearly impossible,due to the huge amount of time this would have taken. Instead, we implementedan algorithm whi
h 
ombines evolutionary and geneti
 strategies to �nd the�best� adaptation of parameters.Evolution Strategy (ES) was developed at Berlin Te
hni
al University byIngo Re
henberg (Re
henberg 1973) and Hans Peter S
hwefel (S
hwefel 1981).The ES-algorithms 
onsider the indivual i.e. its phenotype to be the obje
t tobe optimized.The 
hara
teristi
al data of the individual are the parameters to be opti-mized in a evolution-based pro
ess. These parameters are arranged in ve
torsof real numbers on whom operators for re
ombination (
ross-over) and mutationare de�ned.A population is represented by n individuals P = (
1; : : : ; 
n) , where 
i =(pi;1; : : : ; pi;m). pi;j is thus the jth obje
t parameter of the ith individual 
i,and is in fa
t a real number whi
h 
onstitutes one of the parameter settings forthe algorithm f02bisd.m.The evolutionary pro
ess starts with a randomly 
hosen start generation P0.If Pl is already de�ned, we get Pl+1 by applying the three steps Re
ombination,Mutation and Sele
tion. This pro
ess 
an then be repeated, until the parametersin the 
urrent generation are su�
iently adapted.1. Re
ombination stepLet i 2 f0; : : : ; bn2 
 � 1g, and let � be a random permutation of the in-dizes of the parent generation. We sele
t two �parent individuals� 
�(2i+1)and 
2i+2 and 
onstru
t the new individual 
n+i by 
hoosing ea
h ofits obje
t parameters randomly from one of the parents, i.e. 
n+i =(pk1;1; : : : ; pkm;m), wherekj = � �(2i+ 1) ; randj < :5�(2i+ 2) ; otherwise,where randj is an equally distributed random number on [0,1℄.2. Mutation stepThe se
ond way to generate new individuals from a given population ismutation. In our implementation, we have two mutated individuals perparent; i.e. if i 2 f1; : : : ; ng, then the new individuals are 
n+bn2 
+2i�1and 
n+bn2 
+2i, with 
n+bn2 
+2i�1 = (pk1 ; : : : ; pkm) andpkj = � pi;j + randnj ; randj < :2rand0j ; otherwise;In this 
ase, randnj denotes a normally distributed random variable, randjdenotes an equally distributed random number on [0,1℄ and rand0j is anequally distributed random number on the parameter range of the jthobje
t parameter.
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tion step Now, P 0l = (
1; : : : ; 
n; 
n+1; : : : ; 
n+bn2 
; 
n+bn2 
+1; : : : ; 
n+bn2 
+2n)is the 
urrent generation, 
onsisting of n parent individuals bn2 
 re
ombi-nated and 2nmutated individuals. We now apply the algorithm f02bisd.mwith the appropriate obje
t parameters of ea
h individual 
i and 
al
ulatethe error quote qi.Then Pl 
onsists of the n individuals with the lowest error quotes. Inthis way, we always move towards a lower overall error quote in everygeneration.The following table 3.3 shows the dire
tories used to store results of thisevolutionary strategy. All dire
tories whi
h are listed here used at least the �lesrl010 and sb004 from the database of Bagshaw, and all are lo
ated in/net/ke
er/data1/krauleda/. The ba
kup dire
tories are in /u/formes/krauleda/.Dire
tory Comments/
hanges Ba
kup Resultgeneti
test/ 9.43%geneti
test2/ introdu
ed post pro
ess-ing(
ross out too high de
ala-tions of estimates) 8.40%geneti
test4/ d2 = d22; Bug �xed:NaN in varian
e 8.61%geneti
test5/ d2 = d21 8.82%geneti
test6/ d2 = d22; in
reased train-ing dataset by rl001 ba
kup2/ 7.50%geneti
test8/ New parameter:NumParts;in
reased training datasetby sb011 10.29%geneti
test9/ Re-introdu
ed d1; d2 =d22 ba
kup6/ 7.69%geneti
test10/ d2 = d21 ba
kup3/ 8.69%geneti
test11/ Restri
ted minimumsear
h to lo
al minima ofd2. ba
kup4/ 8.49%geneti
test12/ Re-introdu
ed varying ex-planation region ba
kup5/ 9.63%Table 3.3: Evolutionary testsMost of the s
ripts with whi
h these tests were run have the same namesas the 
orresponding folders. The 
olumn �Result� 
ontains the lowest errorper
entage of the latest generation of parameters. Sin
e we pi
ked extremelydi�
ult signals for training purposes, these per
entage doesn't re�e
t the a
tualperforman
e of the algorithm.3.5 Entire Database testsHaving found some promising parameter settings with the above methods, westarted test runs on the entire database of Bagshaw. The dire
tories with the



3.5. ENTIRE DATABASE TESTS 17results are listed in table 3.4.Dire
tory Parameters Version Resulttestdatabase/ Æ1 = 1:75; Æ2 = 1:6;p2= 14 2:27%testdatabase2/ Æ1 = 2:0; Æ2 = 1:7;p2= 26 2:55%testdatabase3/ Æ1 = 0; Æ2 = 3:5;
oe� = 0; 30; 15; 16 ba
kup/ 2:66%testdatabase4/ Æ1 = 0:5; Æ2 = 4:5;
oe� = 16; 10; 15; 10 ba
kup6/ 2:10%testdatabase5/ Æ1 = 0:5; Æ2 = 4:5;
oe� = 16; 10; 15; 10(without dis
arding transient peaks) ba
kup7/ 2:04%Table 3.4: Database testsThe 
olumn �Result� gives the overall result of the test on the database. Itis the proportion of the number of errors to the number of total tests.More detailed results 
an be displayed by using the s
ript displaydatabase.In 
omparison with the old version of the algorithm, we 
an remark that thelatest verion of the algorithm, stored in ba
kup7/, performs slightly better onthe Bagshaw database (2.04% vs. 2.15%, as displayed in table 3.6 and 3.5).The per
entage given in table 3.5 di�ers from the one 
al
ulated in [8℄; thisis due to the di�erent 
al
ulation method employed: B. Prudham has 
al
ulatedthe error rate for every �le in the database and has then taken the arithmeti
mean over all per
entage values, whereas we 
al
ulated the error rate of all �lesat on
e by dividing the number of errors by the number of tests. This approa
havoids the in�uen
e of the �le lengths of the �les in the database.male female all �lessub 0.53% 2.29% 1.50%sup 0.70% 0.62% 0.67%� 1.23% 2.91% 2.15%Table 3.5: Prudhams test results in /net/keprak/data2/prudham/testdatabase/male female all �lessub 0.46% 1.82% 1.21%sup 0.82% 0.81% 0.82%� 1.29% 2.64% 2.04%Table 3.6: Test results in testdatabase5/Compared to the results of YIN on the same database, this is also a slight im-provement: a

ording to [3℄, YIN has a total error rate of 2.2% on the Bagshawdatabase.
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