Proceedings of theCOST G - 6 Conference on Digital Audio Effects (DAFX - 00), Verona, Italy, December 7 - 9, 2000

TRANSFORMATION OF INSTRUMENTAL SOUND RELATED NOISE BY

MEANS OF ADAPTIVE FILTERING TECHNIQUES

Sandro Zabarella Carlo Drioli

Dipart iment o diElet tronica e Informat ica Dipart iment o diElett ro nica e Informat ica

Università diPadova Università diPadova zaba@dei.unipd.it adrian@dei.unipd.it

AB STRACT

In th is wor k we pr esen t an extension of th e classic schema of a time - var ying fil ter excited with wh ite noise for the modeling of n oise sign als from musical in str ument soun ds.

Th e framewor k used is that ofstatistical signal processing, an d a structur e that combines an Autoregr essive (AR) model with an adaptive FIR filter is proposed. A comb - based str uctur e for the AR filter is used when tuned noise is tobe modeled. The analysis/resynthesis schema pr oposed is used to perfor m some basic soun d transformations such as time str etch ing, tun ing an d ener gyen velop contr ol, and spectr al proce ssing.

1. INTRO DUCTIO N

In th e field ofspeech and sound modelin g, it is common pr actice to decompose th e sounds in the sum of two components: th e sinusoidal or h ar monic one and th e r esidual or stochastic on e. In this way, it is possible touse differ ent syn thesis techn iques for the twopar ts, e.g. it is possible touse fr equency - domain techn iques torepr esen t an d con trol th e deter ministic par t, and time - domain techn iques torepr esent and con tr ol the stoch astic par t [1].

Th e pr oblem of the encodin g and tr an sformation of the deter ministic par t of sounds in term of time - var ying sin usoids has been deeplyexplored. A set of r obust techn iques is todayavailable to per form h igh qualitylow - level sound transfor mations, such as time - str etching and pitch shifting, as well as h igh - level sound tr an sfor mation s, such as control of expressiveness in digitallyr ecor ded musical per formances. On th e oth er han d, th er e is a lack of models for noisysoun d tr ansformations, such as the ones mentioned, in a time - frequen cyanalysis/ synth esis framewor k. A common approach is touse a noise - or pulse - dr iven source filter model for the an alysis an d synth esis of stoch astic compon en ts [1],[2]. However , this model generallydoes n ot wor k well due to the loss of synchr on ization between th e sin usoidal and stoch astic par t.

An other recent approach pr oposes torepr esen t a sin gle

component ofth e sinusoidal decomposition bypartials with n oise - enhanced bandwidth [3]. This r epresentation allows for effective an d compact sound manipulations, but s till has th e limitations ofa fr ame - based an alysis - synth esis appr oach for the modelin g of fast tr an sients.

Our resear ch aims at extending the classic sch ema ofa time - var ying filter excited with white noise, by or ganizing an ARMA filter in twopar ts, h avin g differ en t fun ctionalities: the MA par t is respon sible for th e modeling of r apidlytime - var ying transien ts, wh ile the AR par t is r esponsible for the stationaryor slowlychangin g spectral character istics.

Having these two compon en ts separ ated an d modele d by twodifferent filters gives better con tr ol in ter ms ofth e soun d parameters, soth at time - scale tr ansfor mation s can be don e bychanging the r ate in th e tempor al sequence of the MA coefficien t, while pitch r elated or spectr al r elated transformations ca n be don e bychangin g th e coefficien ts of th e ARpar t. When oppor tun e, a combARfilter is used tomodel th e emphasis, in the n oise spectr um, of fr equency r egions r elated tothe h ar mon ics ofthe deterministic par t.

2. ANALYSIS AND SYNTHESIS F RAMEWORK

Th e th e or etic fr amework we used is that of statistical signal pr ocessin g [4]. In detail, th e recursive least mean squar es (RLMS) algorithm is used toiden tifyth e time - var ying MA filter . Th e RLMS algorithm is is an adaptive algor ithm based on th e computation of t he estimate er ror, e(k)=d(k) - y(k), wher e d(k) an d y(k) are r espectivelythe desir ed and th e actual output sign al, and on th e adaptation of the coefficients of the filter c (k) accor ding tothe for mula:

wh er e

(k 1) (k) e(k) (k)

m + = + c c x

T 0 1 N-1

T

(k) [c (k), c (k), , c (k)]

(k) [x(k), x(k-1), , x(k-N 1)]

= ¼

= ¼ +

c x

Proceedings of theCOST G - 6 Conference on Digital Audio Effects (DAFX - 00), Verona, Italy, December 7 - 9, 2000 x(k) is th e input sign al, and m is an oppor tun e con stan t.

It has been obser ved th at RLMS algorithm offers good per formance for the transients an d rapidlytime - var ying par ts of the desired signal.

Conver sely, tomodel the slowly - var ying par t ofthe signal, a lin ear pr ediction (LP) analysis based on th e cor relation meth od, is used to identifyth e AR[4]. Th e combin ation of these two techn iques gives good syn th esis r esults an d a mean in gful contr ol inter face for transfor mation s. Th e over all model is a feed for ward sch ema composed bya time - var ying MA filt er excited with white noise followed byan AR filter, as in Fig. 1

Fig. 1:Schema of the noise model.

Refer ring toFig. 1, th e lin ear pr ediction an alysis permits toestimate the quasi - stationar yspectral envelope of the desir ed sign al s . This spectral envelope can be removed by deconvolvin g s with the inver se filter , i.e. the all - zer os filter A 1 (z), an d an excitation signal y is obtain ed as pr ediction er r or . If s does n ot h ave rapidlych an ging transients, th e prediction er ror is `n early´ wh it e.

Otherwise, a fur ther modeling of th e r apidlych an ging char acter istics is requir ed. This task is accomplished by the adaptive filter C(z) , that is realized usin g an RLMS algor ithm. Th is process permits torepr oduce the signal y bya time - var ying FIRfilt er excited with a r eal white gaussian n oise in put, with varian ce equal toth e noise ener gy.

It has to be n oted th at, in th is pr elimin ar yfor m th e filter coefficien ts ar e computed an d stored at sample r ate. This makes th e algorithm quite inefficien t from a n en coding point of view, and suitable str ategies ar e under investigation.

In some cases, soun ds from acoustic in str uments ar e char acter ized bya n oise en er gythat is weak r elative to th e sin usoidal energy, sothat the stochastic component r etain s some o f the tunin g characteristics ofth e determin istic component. Even though a single ARfilter with sufficientlyhigh order will fit the desir ed spectr al envelope, it is common pr actice to separ ate the lin ear pr ediction sch ema in a long - ter m pr edictor , r espon sible for the per iodicityof th e signal (i.e., the fine structur e of th e spectrum) and a sh or t - ter m predictor, respon sible for the

gr oss str uctur e of th e spectr um. The sch ema is shown in

Fig. 2.

Fig. 2:Schema of the comb - based AR filter.

Th is r epr esen tation pr ovides a mean ofmanipulatin g th e noise independen tlyfor m the deter ministic part, as th e comb filter can be easilytuned, and the all - poles filter can be inter preted as a formant modeler. The ARfilter cor respon ding tothis con figuration c an be written as

A two - step approach is usuallyadopted for th e identification of the twocascaded filter s: fir st, a low - or der

LPC filter is used tor emove the sh or t - ter m corr elation in the signal; th en a comb filter is iden tified to r emove th e lon g ter m cor relation [6]. Here, we use a differ en t appr oach . We obser ve that th e denomin ator polyn omial pr ovided bya convention al LP analysis oftuned noise pr esents most of the times a str ucture th at is coh er en t with the r epresentation ofFig. 2 (see, for e xample, the dashed lin e ofFig. 3, r epr esentin g the coefficien t of th e polynomial): i.e. it has the r ight - most par t that r esembles the left - most par t, scaled bya constant less th an on e in modulus, and it pr esen ts low - ener gycoefficients in the middle. Bas ed on th is observations, the algor ith m is as follows: fir st, a conven tional LP an alysis of sufficiently high or der is per formed, r esultin g in a high - or der polynomial A 1 (z) with coefficients [1 a

1,1 ... a 1,P ] . Then, an autocor relation analysis on the coeffi cients is used to estimate the par ameter L (an d, as a con sequen ce, the order

N of th e filter A(z) ). Ifthe similarityof th e fir st an d the last

N+1 coefficien t is pr on ounced, then the easiest wayto have th e desir ed approximation is tosimplytake A(z)=[ 1 a 1,1 ... a 1,N ] and g= a

1,L (Fig. 4 showth e corr espondin g r esults). This appr oach h as the advan tage th at the final r epresentation is stable for pitch tr ansfor mation s.

C(z)

Adaptive FIR

1 / A 1 (z)

x y s’

1/A(z) z -L g

-

L L zzgA z A z A gz z A - - +

= ×

+

=

) ( ) (

1

) (

1

1

1

) (

1

1

Proceedings of theCOST G - 6 Conference on Digital Audio Effects (DAFX - 00), Verona, Italy, December 7 - 9, 2000

Fig 3: Coefficients of the polynomial A 1 (z). Dashed line:

original LP analysi s with filter order P=55; continuos line: adaptation ofA 1 (z) to the comb - based schema with

N=13 and L=42 .

However , since th is appr oximation is not always accur ate, especiallyfor lowpitch tuned noises, a valid alter n ative is toperfor m a second optimiza tion step (once L an d N ar e kn own), solving a constrain ed LS pr oblem. In th is case, the Youle - Walker equations are solved with an iterative meth od, an d th e coefficien ts a

1,(N+1) ... a 1,(L - 1) ar e forced to assume low - ener gy values.

Fig 4:Identification o f the AR filter. Upper plot: desired spectrum. Lower plot: AR model identification, traditional LP analysis (dashed line) vs adapted comb - based AR model

(continuos line).

3. RESULTS AND DISCUSSION

Th e model just presented above is suitable to transformation s ofsign als, since everypar t of th e model contr ols a deter min ed characteristic of th e pr ocess an d a soun d transfor mation sch ema is organ ized as follows.

Twodiffer ent r ealizations of time str etch in g ar e used for transients an d quasi - stationar yregion s : transients ar e str etched byan oppor tune inter polation of both the MA adaptive filter coefficien ts c, an d th e time - var ying gain of the input wh ite n oise, wh ich has been estimated in th e an alysis step as the en er gyenvelop ofthe signal. Slowly - var ying r e gions ofthe signal are stretched, in the simplest case, byactin g on lyon the AR filter (in this case th e MA filter is r educed to a con stan t). Her e, th e gain of the in put wh ite n oise, estimated as befor e, is in terpolated. However , wh en time str etch ing is to be per for med on a r egion of th e signal modeled byboth the ARan d th e MA filter s, th e two actions descr ibed above are syn ch ronized to obtain th e desir ed effect.

When a comb - based exten ded str ucture ofthe AR filter is used for tun ed n oise, the tuning c har acteristics of the signal ar e con tr olled bych an ging the length L of th e comb delaylin e. The parameter g is used todetermin e th e bandwidth of th e partial - r elated ener gybands, in or der to contr ol th e tuning degr ee ofthe noise.

In an ycase, the ARfi lter is organ ized in secon d - or der cells tohave indepen dent access tothe sin gle en er gyformants.

Tr an sformations ofthe short - ter m spectr al en velope can be done bych an ging the central frequen cies and ban dwidth s of the secon d - or der ARcells.

Th e an alys is/r esyn th esis schema has been tested on some soun ds fr om mon ophon ic in str uments: in par ticular , two examples ofa flute an d an oboe r esiduals (sampled at

22050 Hz, 16 bit/sample) ar e sh own in Fig. 5, 6 and 7.

Infor mal listen in g tests demon strate that th e signals generated with the pr oposed model are perceptually indistin guishable from th e target sign als, an d that the time scale and tuning tr an sfor mation s ar e quite realistic.

Fig. 5: time stretchingofa flute residual noise (attack transient). It has been stretched byinterpolation of the

 Proceedings of the COST G - 6 Conference on Digital Audio Effects (DAFX - 00), Verona, Italy, December 7 - 9, 2000

          adaptive MA filter coefficients and input gain, from start

          to 0.4  sec. Then, a simple AR model is used for the

          remaining release part, and the time stretching is done by

          interpolating the analysis gain for the excita tion white

          noise.

          Fig. 6: Example of a tuning control, by means of a change

          of the parameter L  in the comb - filter. Upper figure:

          target spectrum. Middle figure: spectrum of the signal

          resynthesized by means of the adapted AR model. Lower

          figure: signa l resynthesized  with a shorter delay line of

          the comb filter.

          Fig. 7: Example of a time stretching  by means of a AR

          model of the stationary region of the residual noise.

4.  CONCLUSIONS

A model of th e noisy par t of  sounds has been pr oposed. It
consist s of two par ts: the first is r epresented by a FIR filter
wh ich uses th e adaptive technique of RLMS algorithm; th e
second is in stead repr esented by an  all - pole filter  obtained
by an  algor ith m of linear  prediction  codin g. The fir st filter
is respon sible for  the modeling of tr ansients, while th e
latter  filter  is r esponsible for  the stationar y spectr al
str uctur e of the noise. A comb - filter  structur e has been
used for  tun ed n oise, wher e the AR original filter  is
splitted in two AR filter s takin g in to account res pectively
the tun ing and the formantic str ucture of the spectr um.

Th is model has given very good perfor mances, both  in
r esyn th esis of sounds and in th eir  tr an sfor mation s, such  as
time stretchin g. It has been  proved for  the n oisy par t of
soun ds fr om mon opho nic instr umen ts, in particular flute
an d oboe.

5.  REFERENCES

[1]  X. Ser ra. "Musical sound modeling with sinusoids
plus noise", in C. Roads an d others (eds.), Musical

Signal Processing, Swets and Zeitlinger  Publish er s,

1997.

[2]  Y. Din g, X.Qian. ^Sin usoidal an d resi dual
decomposition an d modeling of musical tones usin g
the QUASAR signal model~, Pr oc. ICMC97, pp. 35 -

42, Thessaloniki , 1997.

[3]  K. Fitz, L. Haken , P. Chr isten sen. ^A new algorithm
for  bandwidth association in bandwidth - enhanced
additive soun d modeling~, Pr oc . ICMC 2000, pp.384 -

387, Berlin , 2000

[4]  L. Ljung. ^System identification -  Theor y For  the

User , 2nd ed~, PTR Pr en tice Hall, Upper  Saddle River ,

N.J., 1999.

[5]  J. Makhoul. ^Linear prediction: a tutorial review~, Proc.

IEEE, vol. 63, no. 4, pp. 561 - 580, Apr . 1975 .

[6]  J. R. Deller, J. G. Pr oakis, J. H. Hansen . ^Discr ete -

Time Pr ocessing of Speech Signals~, Macmillan

Publish in g Company, New Yor k, 1993.