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ABSTRACT

We present an algorithm for sound analysis and resyntheagis w
local automatic adaptation of time-frequency resolutibinere ex-
ists several algorithms allowing to adapt the analysis winde-
pending on its time or frequency location; in what follows pre-
pose a method which select the optimal resolution depenaling
both time and frequency. We consider an approach that weteleno
asanalysis-weightingfrom the point of view of Gabor frame the-
ory. We analyze in particular the case of different adaptives-
varying resolutions within two complementary frequencyds
this is a typical case where perfect signal reconstructamot in
general be achieved with fast algorithms, causing a ceetair

to be minimized. We provide examples of adaptive analyses of
music sound, and outline several possibilities that thiskepens.

1. INTRODUCTION

Traditional analysis methods based on single sets of athmiz
tions offer limited possibilities concerning the variatiof the res-
olution. Moreover, the optimal analysis parameters arenoet
depending on an a-priori knowledge of the signal charasttesi.
Analyses with a non-optimal resolution result in a blurrarxgome-
times even a loss of information about the original signdijch
affects every kind of later treatment: visual represeotatiea-
tures extraction and processing among others. This mesivthie
research for adaptive methods, conducted at present intheth
signal processing and the applied mathematics communitieg
lead to the possibility of analyses whose resolution Igcetiange
according to the signal features.

We present an algorithm with local automatic adaptation of
time-frequency resolution. In particular, we usestationary Ga-
bor framed[I] of windows with compact time supports, being able
to adapt the analysis window depending on its time or frequen
location. For compactly supported windows fast reconsional-
gorithms are possible, se€ [1/2, 3]: all along the paper Vlérwi
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dicate adasta class of algorithms whose principal computational
cost is due to the Fourier transform of the signal.

In the present paper we want to go a step beyond and adapt
the window in timeand frequency. This case has been detailed
in [4] among others. This can be possible, and frame thedry [5
would help in providing perfect reconstruction synthesitmods
(if no information is lost). However, this is a typical caskave the
calculation of the dual frame for the signal reconstructtannot
in general be achieved with a fast algorithm: thus a choicst e
done between a slow analysis/re-synthesis method guaiagte
perfect reconstruction and a fast one giving an approxonatiith
a certain error. There are, at least, two interesting aghesmto
obtain fast algorithms:

Iter bank : the signalis rst Itered with an invertible bank
of P pass band lters, to obtaiR different band limited
signals; for each of these bands a different nonstationary
Gabor framd glf;l g of windows with compact time support
is used, withgf the time-dependent window function. The
other members of the frame are time-frequency shiftg of

o = gt apet ()
wherek; | 2 Z anda; 1 are the time location and fre-
guency step associated to theh frame at the time index
k. We will write NGF to indicate a nonstationary Gabor
frame in the time case, and we will always assume to be in
the painless cask][6]. Each band-limited signal is pesfectl
reconstructed with an expansion of the analysis coef @ent
in the dual framef g«; Pg. Note that by this notation we
denote the dual frame for a xeg. By appropriately com-
bining the reconstructed bands we obtain a perfect recon-
struction of the original signal. An important remark isttha
the reconstruction at every time location is perfect as long
as all the frequency coef cients within all tHé analyses
are used. On the other hand, for every analysis we are inter-
ested in considering only the frequency coef cients corre-
sponding to the considered band, thus introducing a recon-
struction error.
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analysis - weighting the signal is rst analyzed withP
NGFsf glf;l g of windows with compact time support . Each

This is related to the concept of weighted frames detaild]iras
in the hypothesis of semi-normalization the sequeml?:ebﬁI)gl’j;I

analysis Is associated to a certain frequency band, and itsjs g frame Withwp—(lbpr)gku P as one of its dual. For weights which

coef cients are weighted to match this association. We look
for a reconstruction formula to minimize the reconstructio
error when expanding the weighted coef cients within the
union of theP individual dual frame$ ,F)’zl fou g

We focus here on the second approach, in the basic case of two

bands; so we split the frequency dimension into high and lew f
quencies, witl? = 2. We provide the algorithm for an automatic
adaptation routine: in each frequency band, the best résolis
de ned through the optimization of a sparsity measure deduc
from the class oRényi entropie§7]. As for the Iter bank ap-
proach, the results detailed inl [8] indicate a useful sofutithey
give an exact upper bound of the reconstruction error wheorre
structing a compactly supported and essentially bandéuinsig-
nal from a certain subset of its analysis coef cients witaiGabor
frame.

In the rst section, the analysis-weighting method is tesht
with an extension of the weighted Gabor frames approath [9],
which will give us a closed reconstruction formula. The seto
section is dedicated to the sparsity measures we use foruthe a
tomatic adaptation, with an insight on how weighting tecjueis
of the analysis coef cients can lead to measures with spefda-
tures. We then close the paper with some examples and ari@verv
on the perspectives of our research.

2. RECONSTRUCTION FROM WEIGHTED FRAMES

k andl are the time and frequency location, respectively. We will
consider weight functior@ wP( ) 1 : foreveryp, they only
depend on the frequency location. The idea is to smoothlyoset
zero the coef cients not belonging to the frequency portidrich

the p-th analysis has been assigned to; in this way, every asalysi
will just contribute to the reconstruction of the signal foam of its
pertinence, so high or low frequencies respectively wken 2.

For each NGF gy, g we writecy, = wP(f1)H; g}, i to indicate
the weighted analysis coef cients, and we consider theofaithg
reconstruction forn&ula: 11

B N 1 X X
f=F '@—F @
p( ) p=1 kil

wherep( )= 1fp:wP( )
0ifwP (K1) < , else

r(p;k; HNAA )

g and forevery > O, r(p;k;l) is

ik = WD GE T proa®s @)

We see that non-zero weights cancel each other: this recon-

struction formula still makes sense, as the goal is exactlyd a
reconstruction as an expansion of te.

We give now an interpretation of the introduced formula. If
wP is a semi-normalized sequence for egghthat is there exist
constantam, andnp such that0 < m,  wP(Kfl)  n, and

m, 8p, thenp( ) = p and the equatiori]2) becomes

Wp(q?')hc?gsu i ﬁwl)gku P=f: (4
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are not bounded from below, but still non-zero, the recaiesion
still works: the sequences® (K1) gl‘j;l are not frames anymore
(for eachp), but complete Bessel sequences (also known as upper
semi-frames[10]). This reconstruction can be unstabtajgh.
In our case, these hypotheses are not veri ed, as we need to
set to zero a certain subset of the coef cients within bothhef
analyses; thus the equatidd (2) will in general give an agpra-
tion of f . In sectiol[Z2 we give an example of reconstruction
following this approach, evaluating the reconstructioroerfur-
ther theoretical and numerical examinations should bézexhlas
we are interested to nd an upper bound for the error dependin
on:

the signal spectral features at frequenciesherep( ) >
1;

the features of the&/” sequences and tipg¢ ) function.

A rst natural choice for the weightsv’ is a binary mask;
rst because this is the worst case in terms of reconstroatiwor,
as we are multiplying in the frequency domain with a rectangu
lar window before performing an inverse Fourier transfoilrhus
the analysis of the error with a binary masking establishado
to the error obtained with a smoother mask. Moreover, witha b
nary mask the reconstruction formula takes the very simmie f
detailed in equatiorf{6), allowing a direct implementatitmrived
from the general full band algorithm. So we consiéer 2 and
| . a certain cut value, then

1
0

if e

wi( )= it o>,

()

andw?( )=1 w?*( ). Inthiscase( )= 1 forevery frequency
and the equatiori12) becomes
X
Migkiiga®:  (6)

bP 1>t ¢

€= Mgk iga * +

bl 1

The reconstruction error in this case will in general bedagfre-
gquencies corresponding to coef cients close to the cute/aly
we envisage that a way to reduce this error is to allowwRe
weights to have a smooth overlap; this results in more coefts
form different analyses contributing to the reconstruttiba same
portion of signal, thus weakening their interpretation.

3. RENYIENTROPY EVALUATION OF WEIGHTED
SPECTROGRAMS

The representation we take into account is the spectrogfaan o
signal f : it is the squared modulus of the Short-Time Fourier
Transform (STFT) of with window g, which is de ned by
z

f(t)g(t u)e

Vof (u; )= 21t gt (7)

and so the spectrogram®sS; (t;! ) = jVgf (t;! )j%. Given a Ga-
bor framef g« g we obtain a sampling of the spectrogram coef -
cients consideringx; = jhf; gk, ij 2. With an appropriate normal-
ization, both the continuous and sampled spectrogram cam-be
terpreted as probability densities. The idea to use Rényogies
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as sparsity measures for time-frequency distributionsoleas in-
troduced in[[7]: minimizing the complexity or informatiorf a

set of time-frequency representations of a same signaluivaq
lent to maximizing the concentration, peakiness, and fbexéhe
sparsity of the analysis. Thus we will considebastanalysis the
sparsest one, according to the minimal entropy evaluation.

Given a signaf and its spectrograrRS; , the Rényi entropy
oforder > 0; 61 of PS is de ned as follows

PSt (t;!)

HY(PSt) = | RR dtd!;
(PS)= 7= log, ~PS: (1% 9dtod! 0
(8)
whereR  R? and we omit its indication if equality holds. Given

a discrete spectrogram obtained through the Gabor ffagneg,

we considerR as a rectangle of the time-frequency plaRe=
[ti;t2] [ 1; 2] R2. Itidenti es a sequence of poini& on
the sampling grid de ned by the frame. As a discretizatiornhaf
original continuous spectrogram, every sanjple j2 is related to

a time-frequency region of aredn, wherea andb are respectively
the time and frequency steps; we thus obtain the discretgiRén
entropy measure directly fror](8),

p Z;|

He[PS ] =
k0102 G Zk010

+log ,(ab) :
©)

We consider now another weight function w(k;l) 1 ;
instead of weighting the STFT coef cient$; g« i as we did in
Section2, we weight here the discrete spectrogram obtaiain
new distributionz,, = w(k;l)zk; which is not necessarily the
spectrogram of a signal: nevertheless, by the de nitiow¢k; 1),
its Rényi entropy can still be evaluated froph (9). This vajiies
an information of the concentration of the distribution hvisit the
time-frequency area emphasized by the speci ¢ weight fonct
as we show in sectidn 4.1, this can be useful for the custdiniza
of the adaptation procedure.

log,
kKi2G

1

We will focus on discretized spectrograms with a nite num-
ber of coef cients, as dealing with digital signal processire-
quires to work with nite sampled signals and distribution&s

so that the discretized temporal support of the scaled wisdd
still remains insides for anys 2 S. In our case( is a rectangle
with the time segment analyzed as horizontal dimension hed t
whole frequency lattice as vertical: at each step of ourrélyo,
this rectangle is shifted forward in time with a certain dapmwith
the previous position. By xing an, the sparsest local analysis is
de ned to be the one with minimum Rényi entropy: thus the -opti
mization is performed on the scaling facgand the best window
is de ned consequently, with a similar approach to the onele
oped in [14]. With the weight functions introduced above, ave
also able to limit the frequency range of the rectar@lat each
time location: adaptation is thus obtained over the timeetision
for each weighted spectrogram, so in our case for each fregue
band enhanced. An interpolation is performed over the aperl
ping zones to avoid abrupt discontinuities in the tradebfffie res-
olutions: in the examples given in sectidn 4, the spectragsag-
ment for the entropy evaluation includes four spectrogreamés
of the largest window, and the overlapping zone correspénds
three frames of the largest window. The temporal sizes o¢ige
ment and the overlap are deduced accordingly.

The time-frequency adapted analysis of the global signakity
realized by opportunely assembling the slices of local sgsr
analyses obtained with the selected windows.

3.2. Biasing spectral coef cients through the parameter

The parameter in equatiofil(8) introduces a biasing on the spec-
tral coef cients; to have a qualitative description of thigsing,

we rst consider a collection of simple spectrograms congabs
by a variable amount of large and small coef cients. We mahi
vectorD of lengthN = 100 generating humbers between 0 and
1 with a normal random distribution; then we consider themec
Dw;1 M N suchthat

D]
D [
20

ifk M
ifk>M

Dw [K] = (11)

and then normalize to obtain a unitary sum. We then apply Rény
entropy measures with varying between 0 and 3: these are the
values that we use to adopt for music signals. As we see from g

tends to one this measure converges to the Shannon entropyure[d, there is a relation between the number of large cosfitsi

which is therefore included in this larger class. Generapprties

of Rényi entropies can be found in_J11], [12] and1[13]; in par-
ticular, givenP a probability densityH (P) is a non increasing
functionof ,s0 1< 2) H ,(P) H ,(P):Moreover, for
every order the Rényi entropyH is maximum wherP is uni-
formly distributed, while it is minimum and equal to zero wie
has a single non-zero value. As we are working with nite dite
densities we can also consider the case 0 which is simply
the logarithm of the number of elementspnas a consequence
Ho[p] H [p] for every admissible order. As long as we can
give an interpretation to the parameter, this class of measures of-
fers a largely more detailed information about the timefiency
representation of the signal.

3.1. Adaptive procedure

We choose a nite se$ of admissible scaling factors, and realize
different scaled version of a windogy

g°(t) = pl—gg é ; (10)

M and the slope of the entropy curves for the different valldes o
. For =0,Ho[Dwm ]is the logarithm of the number of non-zero
coef cients and it is therefore constant; wherincreases, we see
that densities with a small amount of large coef cients graty
decrease their entropy, faster than the almost at vectorsee
sponding to larger values &f . This means that by increasing
we emphasize the difference between the entropy valueseztleyp
distribution and that of a nearly at one. The sparsity measwe
consider, selects as best analysis the one with minimabgytr
so reducing rises the probability of less peaky distributions to be
chosen as sparsest: in principle, this is desirable as weakwgpo-
nents of the signal, such as partials, have to be taken ictmuat
in the sparsity evaluation.

The second example we consider shows that the just men-
tioned principle should be applied with care, as a small cieft
in a spectrogram could be determined by a partial as well as by
a noise component; with an extremely smallthe best window
selected could vary without a reliable relation with spaicton-
centration, depending on the noise level within the sound.ilvv
lustrate how noise has to be taken in account when tuning the
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Figure 1: Rényi entropy evaluations of tbe, vectors with vary-
ing ; the distribution becomes atter &4 increases. Therefore
increasing favors a sparse representation (see text).

parameter by means of another model of spectrogram: taking t
same vectoD considered previously, and two integérs Npart ,
1 Rypart ,wedeneD. like follows:

8 .
E 1 ifk=1
Dikl= _ mmt 1<k Npan (12)
§ D [K] i
: W |f k >N part -
whereRnose = ~2; L 2 [1;1]; then we normalize to obtain

a unitary sum. This vectors are a simpli ed model of the spect
grams of a signal whose coef cients correspond to one maak,pe
Npart partials with amplitude reduced B¥par and some noise
whose amplitude varies, proportionally to theparameter, from a
negligible level to the one of the partials. Applying Réngitrepy
measures with varying between 0 and 3, we obtain the gure
[, which shows the impact of the noise lelebn the evaluations
with different values of .

alpha

Figure 2: Rényi entropy evaluations of tBe vectors with vary-
ing ,Npat =5 andRpat = 2; the entropy values rise differ-
ently asL increases, depending on this shows that the impact
of the noise level on the entropy evaluation depends on ttie@n
order (see text).

The increment of corresponds to a strengthening of the noise

coef cients, causing the rise of the entropy values for anyThe
key point is the observation of how they rise, depending en th
value: the convexity of the surface in guké 2 increases dse-
comes larger, and it describes the impact of the noise levéhe
evaluation; the stronger convexity wheris around 3 denotes an
higher robustness, as the noise level needs to be high tordete

a signi cant entropy variation. Our tests show that, as andra
back, in this way we lower the sensitivity of the evaluatiortiie
partials, and the measure keeps almost the same pro le fayev
Rpart > 1.

On the other hand, whentends to O the entropy growth is almost
linear inL, showing the signi cant impact of noise on the evalua-
tion, as well as a ner response to the variation of the plrian-
plitude. As a consequence, the tuning of thparameter has to be
performed according to the desired tradeoff between thsitsen
ity of the measure to the weak signal components to be olderve
and the robustness to noise. In our experimental experi¢hee
value of 0.7 is appropriate for both speech and music signals

4. ALGORITHMS AND EXAMPLES

We give here two examples of the methods described above: the
rst shows an application of two different weights on the spe
trogram of a given sound, which determines two differenict®
for the optimal resolutions; the second is a reconstruatiibh the
algorithm detailed in Sectidd 2.

4.1. Adaptation with Different Masks

We can privilege a certain subset of the analysis coef cetot
drive the adaptation routine, instead of considering théwith
the same importance. For example, the adaptation withip-the
band could be determined from the coef cients laying at daier
small distance from the band central frequency.

Figured8 anfl4 are realized with an improved version of the
algorithm described i [15], which allows for a weighting tbe
analysis coef cients which concerns only the adaptationtiree,
and not the analysis and re-synthesis. Thus, we obtairreliffe
adapted analyses depending on the frequency area we wist+to p
ilege, still preserving perfect reconstruction: the sowedanalyze
is a music signal with a bass guitar, a drum set and a femaj@gin
voice starting from second 1.54. We use two different comple-
tary binary masks, the rst setting to zero the spectrograwf €
cients corresponding to frequencies higher than 300Hzebend
doing the opposite. As we can see in Figdre 3, with the rstknas
we obtain an analysis where the largest window is privilegieid
is the best frequency resolution for the bass guitar souhé;his
prominent in the considered band. The only points wheretshor
windows are chosen correspond to strong transients, asdoass
voice attacks, where the time precision is enhanced.

With the second mask, low frequencies are ignored in thetadap
tion step, and as a consequence we obtain a different opzimadl
ysis: the smallest window is generally selected, yieldindigher
time resolution which is best adapted to the percussive dgun
moreover, we see that the largest window is chosen correspon
ing to the presence of the singing voice, whose higher haicaon
belong to the considered band and determine a better frequen
resolution to be privileged.
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Figure 3: Adaptive analysis with a mask privileging freqcies Figure 4: Adaptive analysis with a mask privileging freqcies
below 300Hz, on a music signal with a bass guitar, a drum set above 300Hz, on a music signal with a bass guitar, a drum set
and a female singing voice starting from second 1.54: onkiegt and a female singing voice starting from second 1.54: onkiegt,
window size chosen as a function of time; at the bottom, athpt window size chosen as a function of time; at the bottom, athpt
spectrogram of the analyzed sound le. spectrogram of the analyzed sound le.

In both cases we calculate the difference between the signal
constructed and the original one; we use a 16 bit audio legseh
amplitude is represented in the rarjgel; 1] with double preci-  ossibility for the cut frequency to be variable, in ordeffrieely
sion: the maximum absolute value of the differences between select the adaptation criterium.
responding _time_ samples, as well as thl(g root mean squane eIMoEjgureT shows the spectrogram of the difference betweeoriye
over the entire signal, are both of order . inal sound and the reconstructed one, and we see that theapec
content of the error is concentrated at the cut frequencye arh
teration introduced has negligible perceptual effectsthsd the
original signal and the reconstruction are hard to be djsished:
We show here an example of the approximation of a signal apply this aspect needs to be quanti ed; when dealing with the @ppr

low: unfortunately, music signals generally do not havgedow-
energy bands; moreover, the interest of our method reliebdan

4.2. Analysis-Weighting Example

ing the formula[(B), within the analysis-weighting approarsing matipn of mgsic signals, the objective error measures dgivet
a binary mask: as detailed in Sectifiis 2 Bhd 3, we analyze a sig any information about the perceptual meaning of the erroe dc-
nal with different stationary Gabor frames; the sound wesitter curacy of a method has thus to be evaluated by means of measure

is the same of the sectidn #.1, and the binary mask is still ob- taking into account the human auditory system as well aarlisg
tained with a cut frequency of 300Hz, while the sampling iate  tests.

44.1kHz. We modify the coef cients of all these analyseshwiite

maskw ( ), and build the NGF g, g with resolutions adapted to Another element to consider is the overlap between the weigh
the low frequencies optimizing the entropy of the maskedyaea. functions introduced in sectidd 2: if we allow them for an eve
Then we repeat this step with the mask( ) and build the NGF  |ap over a suf ciently large frequency band, we envisage tha

f g2 9. We nally calculate the duals of the two NGFs, which can  error would be reduced. The sense of this point can be clari-

be done in these cases with fast algorithms, and re-symthés ed considering the causes of the reconstruction error:daims

two signal bands: for these examples, the reconstructiqeris with compact time support cannot have a compactly supported
formed with the SuperVP phase vocoder by Axel Robel [16]. Fourier transform; from the analysis point of view, this me#hat
Figure[® shows the spectrogram of the lower signal bandnreco a spectrogram coef cient affects the signal reconstructmong
structed with the low-frequencies adapted analysis. Tpgstso- the whole frequency dimension. We can limit such an in uence

gram is computed with a xed window, which is the largest one with a choice of well-localized time-frequency atoms: eifeheir
within the set considered; the choice of the best windowvemi frequency support is not compact, they have a fast decajdetds

as well, to give information about how the reconstructiopes- certain region. If we cut with a binary mask outside a certaind,
formed at each time. FiguEé 6 is obtained in the same way, con-the reconstruction error comes mainly from the fact that vee a
sidering the upper band reconstruction. The approximatfahe setting to zero the contribution of atoms whose Fourierstiaims
original sound is then given by the sum of the two bands. spread into the band of interest: if the atoms are well-iaed]

only a few of them actually have an impact.

The reconstruction error we obtain is higher than the onleént  Formula [2) gives an ideal reference: if the overlap is thiren
previous examples: the maximum absolute value of the sample frequency dimension, weights are non-zero, thus we havea-a pe
differences is 0.0568, while the root mean square errol08d®. fect reconstruction from the weighted coef cients. Whemso
With the choice of a binary mask, the only way to reduce thererr  weights are zero and weight functions do overlap, the ndazaal
is to set the cut frequency in a range where the signal enargy i tion factor in the formuld{2) is greater than one in the avgping
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Figure 5: Low-frequencies reconstruction from the masked
adapted analysis of a music signal with a bass guitar, a daim s
and a female singing voice starting from second 1.54: onliegt
window size chosen as a function of time. At the bottom, spect
gram of the analyzed band with a 4096 samples Hamming window,
3072 samples overlap and 4096 frequency points; the freguen
axis is bounded to 2kHz to focus on the reconstructed region.

frequency interval. This reduces the impact of the erroraing
from individual re-syntheses: on the other hand, the facuofi-
ming them all imposes a limit to the achievable global ereatuc-
tion.

A further improvement of this formula is to put different \gbis at
the denominator ir{4), with an effective ampli cation oidrgetion
of the contributions coming from individual coef cientsokeep
the perfect reconstruction valid in the case of semi-nozadll
norms, a possibility is to obtain the different weights asiacf
tion of the analysis weights depending also on the overlap.

5. CONCLUSIONS AND PERSPECTIVES

We have sketched the rst steps of a promising research groje
about the local automatic adaptation of time-frequencyhdoep-
resentations: a rst question which arises is how to disglagp-
resentation of the signal such the one described; thergvarpds-
sibilities involving weighted means of the coef cients atertain
time-frequency location:

dog = =L o, displayingjdy, j, or
p
S 5——
2
A) _
dfcl) - % CE;I

p

In a previously proposed methdd [15] the algorithm keepsthg

inal coef cients in memory; with this approach, we can use .
reconstruction scheme mentioned [n](13). A further new gques
tion would be how to reconstruct the signal from an expansion
thedy, or dffl\) coef cients. Straightforward numerical examples
could give some numerical insights.

If d(}) is used, we also have to address the problem of the
phase. This approach is useful when dealing with spectrogra
transformations where the phase information is lost, aks veias-
signed spectrogram or spectral cepstrum. We could eitteeans
iterative approach, like the one described in [17] adaptefcaime

DAFX-
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High-frequencies reconstruction from the masked
adapted analysis of a music signal with a bass guitar, a daim s
and a female singing voice starting from second 1.54: onliegt,
window size chosen as a function of time; at the bottom, spect
gram of the analyzed band with a 4096 samples Hamming window,
3072 samples overlap and 4096 frequency points.

e

Figure 7: Spectrogram of the reconstruction error givenhsy t
described method on a music signal with a bass guitar, a detm s
and a female singing voice starting from second 1.54; spgam
obtained with a 4096 samples Hamming window, 3072 samples
overlap and 4096 frequency points.
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theory, or use a system with a high redundancy (see [18]).

From a computational point of view, we are interested in lim-

iting the size of the signal for the direct and inverse Faurigns-
forms in (2), as this will largely improve the ef ciency oféralgo-
rithm. A different form of the formula (2) in this sense is

1
p( )

Ok;l P

ERRICH)

i F ol (13)

pikil

whose properties have to be further investigated.

Later we would also investigate the properties of timeavatri

Iters by multiplying these new sets of coef cients, resalj in
new kinds of frame multipliers [19]. Using an optimized way t
analyze acoustical signal, will, therefore, also lead tetidn con-
trol of such adaptive lters.
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