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ABSTRACT

Thisarticleintroduces amathematical approach to extracting some
statistical parameters from noise-like sounds. This approach could
define anew spectral model or extend existing onesto analyze and
synthesize such complex sounds. In the future, this method could
also permit electro-acoustic composers to make musical transfor-
mations. We have performed several synthesis tests with syn-
thetic and natural sounds using these parameters. The main as-
sumptions is that analyzed sounds must not contain any transient
or slow-varying deterministic component. The natural sounds re-
synthesized during our experiments sounds like the origina ones
even if some defects are perceptible because of the analysis limi-
tations. We propose someinitial solutions for future works.

1. INTRODUCTION

Electro-acoustic composers use any type of sounds : natural ones
from instruments or from other natural sources, or synthesized
ones. These soundsfrom natural sourcesare very difficult to define
mathematically. Although other types of models exist, this paper
focuses on spectral models. The limits of existing spectral models
are related to the assumption that non-sinusoid components are al-
waysfiltered white noises. Moreover this assumption does not take
account in spectral density which seems to be relevant to human
sound perception. Indeed experiments show the ability of human
listeners to discriminate between sounds with different number of
spectral components in a same band [1]. The statistical represen-
tations can extend existing synthesis techniques to be applied to
wider variety of sounds, which may be neither deterministic nor
filtered white noise.

Some recent works [2], based on time-domain manipulations, ex-
plore such methods with some effective results. In this paper, we
consider asound as arandom process and use some statistical tools
to represent noisy sounds in the spectral domain with mathemati-
cal parameters.

Thisarticle presents astatistical approach to analyzing and synthe-
sizing sounds from non-harmonic music instruments like percus-
sionsfor example. The model deducted from this approach defines
high-level parameters, which have to be validated by composers
but which could be modified to transform sounds in a natural and
musically expressive way.

After having explained somelimits of existing modelsin section 2,
we introduce statistical parametersin section 3. Analysis and syn-
thesis method are then explained in sections 4 and 5. We expose
some experiments in section 6 and the limitations. Some initial
solutions are proposed in section 7.
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2. BACKGROUND

Recent modeling techniques have been proposed to extend the ad-
ditive model.

The Spectral Modeling Synthesis (SMS) [3] separates the analyzed
sound into deterministic and stochastic parts.

2(t) = d(t) + s(t) )

The stochastic part is obtained by subtracting the magnitude spec-
tra of the deterministic signal from that of the original. The main
assumption about this component is that it is stochastic so it can
be fully described by its spectral envelope. In fact stochastic pro-
cesses also have probability density functions that are independent
of their spectra as well as other higher moments than just second
moments (that power spectra are related to). Once the determin-
istic part of the analyzed sound has been detected, a frequency-
domain subtraction from the magnitude spectra of deterministic
and original signal. The synthesis of the stochastic part is then
obtained by inverse-Fourier transform from spectra defined by the
original stochastic part (seefigure 1).

magnitude
spectrum

stochastic part
z(t) = d(t) + t(t) + s(t) 2

The Sructured Additive Synthesis (SAS) model [5] is a spectral
sound model based on additive synthesis. It can be seen as an
extension of the SMS model concerning the deterministic part. It
is based on first-order Fourier transform [6]. Four parameters are
extracted from the analyzed sound. These parameters can modify
the sound in an intuitive and musical way. The SAS model can not
produce every sound such as noises or transients but it could be
extended to include noises according to the assumptions from the
SMS model.

All these models can be used with non-deterministic sounds with
the assumption that everything which can not be represented by
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sinusoids whose amplitudes and frequencies evolve slowly in time,
isfiltered (or colored) white noise. Limitations of these approaches
can be clearly heard with applications on natural sounds or dense
musical instruments (cymbals).

Furthermore these models represent sounds in two or three dif-
ferent partsand it is obvious that separately editing these parts can
lead to an inadequate fusion of re-synthesized noise and sinusoidal
components [7]. It can particularly be heard when some transfor-
mations such as time scaling or pitch shifting are performed. In-
deed some spectral components from the deterministic part seems
to be related to components from the stochastic part, for exam-
ple turbulence around a harmonic frequency in awind instrument
would make some noise band appear in its spectrum. That's why
every musica transformation must be applied not only to both de-
terministic and stochastic parts but also must take into account the
relation between the two parts[8].

3. STATISTICAL AND SPECTRAL PARAMETERS

Considering every non-deterministic sound as filtered white noise
implies that every frequency has the same probability of being a
component of such sounds; a questionable assumption. For ex-
ample, this assumption isinvalid for most musical instrument [7].
Moreover it implies that spectral density is constant and depends
on the short-time Fourier transform properties.

For that reason we propose a statistical approach to considering
the possihility for each frequency to have different probabilities
and for a sound spectrum to be composed of many bands with
different width or different density.

Analyzed sounds (sample rate R) are here considered in the spec-
tral model as random processes X . Each frequency component F;
is a random variable with fixed amplitude a; and random phase
®; has its own probability of being a component of the analyzed
sound.

N
X =Y assin(2nFi L 4 #) ®

i=0

In this paper we focus our attention on the frequencies. In order
to simplify this approach, the amplitude is not considered as aran-
dom variable.

3.1. Main assumptions

The high-level parameters presented here could be part of sound
analysis and synthesis models. The only assumptions here are re-
lated to statistical mathematic tools and to the fact that a sound is
considered as arandom process. This process must be ergodic for
practical reason, which implies that statistical properties are the
same when extracted from many realizations as temporally from
oneredlization. It isobviousthat thisassumptionisinvalid in most
of natural sounds. It could be interesting in the future to work with
many samples from the same source under the same conditions.

3.2. Modédl parameters

Using statistics naturally leads to defining and extracting the four
following parameters, some of which can be directly related to
perception:

probability probability

1

f

@ frequency (b) frequency

Figure 2: Theoretical PDF from (a) white noise and (b) sinusoid.

3.2.1. Probability Density Function

PDF : frequency x time — real

For each spectra analysis window, prominent components are ex-
tracted. The first parameter is the probability for each frequency
values to be detected in several short-time transform windows. In
what follows, this sequence of STFT windows will be caled a
PDF window. This probability density function can be related
to musical parameters by describing sound harmonicity. For ex-
ample, concerning a sound from a musical instrument, a dirac
function as probability density function will model aperfectly har-
monic instrument whereas a band around an harmonic frequency
will represent possibilities for this frequency not to be exactly har-
monic. This inharmonicity can also be controlled by the SAS
model (warping [9]) but it seemsinteresting to re-synthesize anew
sound with arandom inharmonicity which could make it more re-
alistic.

3.2.2. Frequency count

FC : time — integer

For each spectral analysis window, the number of prominent com-
ponentsisalso auseful parameter, linked to the probability density
function. For example, awind instrument is represented by a spec-
trum whose some harmonic components are narrow bands. These
bands can be synthesized by increasing the frequency count and by
broadening the probability density function around the harmonic
value.

3.2.3. Continuation probability

CP : frequency x time — real

For each spectral component, if its frequency value is selected in
two successive windows (length IV, sample rate R), the associated
phases ¢; are tested according to equation 4 in order to determine
whether they suggest two different partials or just only amultiple-
window long one. These results determine the continuation prob-
ability for each frequency.

B = o1+ 2mf @

3.2.4. Color

C : frequency x time — amplitude

Color is one of the parameters of the SAS model [5]. It coin-
cides with an interpolated version of the spectral envelope. We
call it color by analogy between audible and visible spectra. This
analogy is already well-known for noises (white, pink, ... ). Itis
directly related to the complex notion of timbre.
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4. ANALYSIS

The analysis part starts with computing a set of magnitude spectra
using the short-time Fourier transform. An interpolation of these
spectra is obtained with zero padding, i.e. filling out of the pre-
cision wanted with zeros. The choice of the type if the analysis
window is beyond the scope of this article. We will, however, dis-
cuss the length parameter. On the one hand, as many sound spec-
tra such as natural noise spectra vary rapidly, it seems relevant to
choose the shortest analysis window. On the other hand, this size
must be large enough so that a minimum of frequencies must lay
in different Fourier transform bins in the case of dense spectra so
that every perceptually relevant component can be detected.

4.1. Peak detection

Once the set of spectra of a sound is computed, the prominent
peaks of each spectrum are extracted. A peak is simply defined
as alocal maximum in the magnitude spectrum. This method is
based on the assumption that each peak corresponds to asine com-
ponent of the analyzed sound. It is clear from studying complex
sound spectra that they are certainly dense enough so that many
frequencies other than the local maximum are perceptually impor-
tant. That iswhy another selection criterion isintroduced here.

4.2. Amplitudethresholding

As the magnitude spectrum is only an estimation using Fourier
transform, some others frequencies must be detected to try to cor-
rect errors introduced by too low a frequency resolution. Another
selection is made with an amplitude threshold arbitrarily defined.
Each spectral component whose amplitudeishigher than thisvalue
is saved.

4.3. Methods

Using peak detection or/and amplitude thresholding depends on
the nature of the sound studied. It is obvious that different ampli-
tude threshold will result in completely different extracted param-
eters.

For example, analyzing perfectly harmonic sounds requires peak
detection and amplitude thresholding in order to detect all sine
components but no peaks introduced by the estimation window
from the Fourier transform.

On the other hand, dense or noise-like sounds have to be mod-
eled taking care of many components, even if they arein the same
analyzing bin. That's why peaks or component whose amplitude
seems to be high enough are relevant as shown in figure 3.

Once the spectrum components detected, the statistical param-
eters have to be extracted. Each oneis calculated from an arbitrar-
ily defined number of STFT window. It is obvious that statistical
parameters like probability density function is al the more rele-
vant when the number of analysiswindow islarger. But it depends
on the nature of the studied sound too.

4.4, Limitations

Analysisis the most difficult and uncertain part of this investiga-
tion. Some more advanced works will be needed to be sure about
the quality of the relevance of the detected frequencies. Indeed
the analysis limitations imply the main assumptions about sounds:
they must not contain any transient or slow-varying deterministic

Amplitude

Amplitude

®) ‘ Frequency

Algorithm 1 Synthesis algorithm
Require: Probability Density Function PDF
Require: Frequency Count list FC
Require: Continuation Probabilities CP
Require: Color C

1: for each PDF window do

2. for each STFT window do

3 for frequency count FC do
4 random frequency following PDF : f;
5 end for
6 for each determined frequency f; do
7 random real a between 0 and 1
8 if a <Continuation Probability CP[f;] then
9. random phase between 0 and 27
10: ese
11 Calculation of the phase from the precedent STFT
window
12: end if
13: amplitude = Color C[f;]
14: end for
15:  end for
16: end for

Ensure: partials (frequency f;, amplitude C[ f;], phase ®;)

First, the number of spectral components is set to the parameter
frequency count. Each one is drawn according to the probability
density function and the cumulative function. Once a frequency
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value is determined, another draw (continuation probability) is
done to decide whether this component will be part of the next
frame of the spectrum. In this case, the phase is calculated, other-
wiseit takes arandom value between 0 and 27. Then an amplitude
is set according to the spectral envelope (color). An additive syn-
thesisis then performed.

z(n) = Asin(27rf% +¢)
As the frame size is constant, some undesired periodicities could
appear. That is why we have chosen to randomize the frame size
No,

N =Ny +¢€
where € is arandom value.

€€ [—0.1N0; 0.1N0]
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Figure 4: Synthesis method.

6. IMPLEMENTATIONSAND EXPERIMENTS

The method of extracting the four parameters presented have been
implemented and tested [10] (figure 5). First of al, analyzing and
synthesizing non-varying sinusoids and filtered white noises have
been successful. Of course, these examples on synthetic sounds
can aso be performed with existing models like SMS and its ex-
tensions. A more interesting example come from synthetic sounds
created with mixed white noise and sinusoids. Improvement of
our technique appear in the cases of musical or sound transforma-
tions, when, for example, the deterministic fundamental frequency
ismodified. SMS-like synthesis would create a sound with the old
fundamental always perceptible mixed with the new one because
of the errors of the spectrum subtraction [11]. The importance of
considering such asound in itsintegrity is confirmed.

Moreover the parameters introduced here improve the result on
some others synthetic sounds which can not be successfully an-
alyzed with existing models. The main example is the case of a
noise which is not a filtered white noise because its probability
density function is not uniform (figure 6). Tests were executed in
the case of a noise whose probability density function is constant
except for afrequency band which is characterized by a most im-
portant probability. This type of sound can be perfectly analyzed

Prob. Prab.

fry | MWMMM fry.

Figure 5: Analyzed PDF of white noise (left) and percussion sound
(right) (analysis parameters: STFT window size = 2048 samples,
PDF window size = 65536 samples).

and synthesized with the proposed statistical approach whereas ex-
isting techniques fail (figure 7).

probability probability

fo f frequency frequency

Figure 6: Frequency PDF of synthesized sounds : white noise with
non-uniform PDF (left) and mix of one sinusoid with white noise

(right).

Prob. Prob.
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Figure 7: Analyzed PDF of white noise with non-uniform PDF
(500Hz band) (left) and mix of one sinusoid and white noise

(right).

Several more experiments with a wide variety of natural noise
should be done to find sounds which could have the same prop-
erties as the synthetic examples presented above.

Some tests on natural sounds like rain, crash cymbal hits or insect
noises were promising but make some defects appear because of
the limitations of the assumptions described. Indeed many natu-
ra sounds contain transients, have deterministic components , or
otherwise can not be presented as ergodic processes.

Here are some details about our experiments, especialy afew rep-
resentations of analyzed parameters and synthesized sounds:
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PDF window size 65536 samples
STFT window size 2048 samples
STFT window type Hann
STFT zero padding 44100

Analysis method peak or amplitude threshold

Table 1: Analysis parameters used for sound from crash cymbal
hit.

Frob. Ampl.

Freg

Figure 8: Extracted parameters from cymbal crash hit at timet =
0s from 65536 samples (1.49s) : frequency probability density
function (right) and amplitude spectrumor color (right).

6.1. Crash cymbal hit

We have performed several experiments with asound from acrash
cymbal hit, which is often considered as a noise [7]. Although
its spectrum is dense, some sine components can clearly be heard.
The synthesized sound is promising and has many similaritieswith
the original. However some defects are revealed certainly because
of the limitations of the analysis, particularly concerning the tran-
sients.

The analysis parameters are listed in table 1. The continuation
probability is zero except for afew frequency values correspond-
ing to the deterministic part of the sound. Moreover the number of
frequenciesis around 1000 and decreases with time.

The figure 8 shows the PDF parameter extracted from the crash
cymbal sound and the spectrum associated. We can notice some
similarities between the two representations. More studies would
explain whether these similarities exist because of theanalysislim-
itations or just because of the sound composition.

6.2. Seashore

We have also performed other experiments with seashore noises.
As crash cymbal sounds, seashore noises have dense spectrum.
The synthesized sound is very similar to the original.

The analysis parameters are listed in table 2. The continuation
probability isequal to zero for nearly every frequency value. More-
over the number of frequencies is around 1500 and fluctuates be-
tween 500 and 2500.

The figure 8 shows the PDF parameter extracted from the seashore
sound and the spectrum associated. We can also notice some sim-
ilarities between the two representations.

Pk, Ampl.

“ap

e i Freg

MWM " Fieg

Figure 9: Extracted parameters from seashore noise: frequency
probability density function (left) and amplitude spectrumor color

(right)

Analysiswindow size 65536 samples
STFT window size 2048 samples
STFT window type Hann
zero padding 44100
Analysis method peak or amplitude threshold

Table 2: Analysis parameters used for seashore sound.

6.3. Limitations

One of the main assumption of this statistical approach isthe pro-
cessergodicity. Thisapproximation exists mainly for practical rea-
sons. A better experiment would be to extract statistical parame-
ters from many sounds from the same source.

It is obvious that our experiments on natural sounds were limited
by fact that assumptions for the parameter extraction method are
that sounds mustn’'t contain any transient or slow-varying deter-
ministic component. But these constraints could be relaxed in the
future by extending the analysis method.

Furthermore analysis limits exist when some spectral components
are inside the same bin. For example, two components separated
by 50 Hz are estimated as only one component by a short-time
Fourier transform with window size of 512 samples (sampling rate
44100 kHz). The frequency resolution implied by size of the anal-
ysis window introduces a few spectral density errors. Some oth-
ers methods should perhaps be investigated to try to correct these
problems.

7. FUTURE WORK

More experiments have to be done with a wide variety of sounds
in order to demonstrate the hypothetic link between probability
density function and perception. That is why some cther psychoa-
coustic tests should indicate the validity of this statistical param-
eter. Furthermore amplitude has not be considered as a random
variable in this paper. Some works about this parameter will be
doneto try to treat it as a statistical parameter.

A more advanced statistic model using the parameters introduced
in this paper could constitute a solid base for investigating scien-
tific and musical research on the concept of noise. The parameters
can dready be useful to classify natural noises in different cate-
gories defined by statistical properties.

Moreover the synthesis method presented using statistical param-
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eters could lead to an experimental synthesis tools which could
permit composers to create and edit sounds. Once the analysis
method improved with extended techniques based on short time
Fourier transform like n-order Fourier transform or techniques for
adapting window length, a certain number of musical manipula-
tions would be possible. Transformations of natural sounds will
be experimented with electro-acoustic composers in order to vali-
date the utility of statistical parameters and to relate it to musical
manipulations and definitions.

8. CONCLUSIONS

Our results suggest that a statistical approach is possible for mod-
eling sounds. This can lead to a sound model that does not re-
quire a separate treatment of periodic and stochastic components.
However, these works must be improved to create a useful tool for
electro-acoustic composers by relating the modifications of statis-
tical parameters to musical manipulations.
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