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ABSTRACT

One of the most widely employed technique for the sound
synthesis is based on the Fourier theorem that states that
any signal can be obtained as a sum of sinusoids.
Unfortunately this agorithm, when applied to
synthesizers, requires ome peculiar operations, as the
addressng of aLook Up Table, that are not easily built-in
in standard processors, thus requiring specialy designed
architectures.

The am of this paper is to show that, when wsing a
new method for the analysis and polar coordinates, a
much broader class of functions can be employed as a
basis, and it turns out that the sguare wave is one of such
functions. When the synthesis of signalsis caried ou by
summing square waves, the alditive synthesizer
architecture results much more simplified, allowing for
example to synthesize ®mplex sounds dmply in
software, using general purpose Microprocesors, even in
red-time.

Firstly it will be proven that the L? function space
admits a broad class of functions as a basis, and the
requirements for a function, in order to be abasis, will be
defined. A straightforward and computationally simple
algorithm for the analysis of any function on such
generic basis will be proposed. Finaly the architecture
for the sguare wave based synthesizer will be sketched
and examples of synthesized waveforms will be given.

1. INTRODUCTION

The Fourier theorem has been around for exactly 200
years and has evolved alot in this time; from the original
seriesawhole set of tools has been derived.

The Theorem in its dandard form states that any
function (and hence ay rea world signa) that is
periodic, has finite energy and a limited number of
discontinuities in a ¢/cle, can be decomposed as a series
of sine and cosine. Or, better, that the series produced by
the superposition of the sinusoids, are said to converge to
the function. Actualy some different definitions of
convergence «ist: pointwise, uniform and L%norm, the
last being the most satisfactory from the mathematica
point of view.

By definition the norm of a function f(x), periodic with
aperiod P, is:
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And the series of partial sum Sy (basis superposition)
issaid to converge to f(x) in namiif:
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Up to now we did not spedfy how the series Sy shall
be built, the only thing that matters is that it can be built
from a specific function or coupe of functions, cdled the
basis, and a set of coefficients that can be computed
univocally for any function f(x).

As a matter of fad the Fourier theorem has a
redangular and polar enunciation and is valid also for
other orthogonal bases as the Legendre polynomials.

The standard enunciation of the Fourier Theorem
states that:

Given a function f(x), periodic with period P = 2p, that
satisfies the Dirichlet conditions:

1) f(x) has a finite number of maxima axd minima
in one period.

2) f(X) has afinite number of discontinuities in one
period.

P
3) and: ()f (X)|dx<¥
0

Then, f(x) can be decompaosed in a series of sine and
cosine as.

¥
f(x)=C, +q (a sinkx+b, coskx) (3

k=1
Where:
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Or, in the more cmmpad, complex exponential form:
¥
f(x)= q c.e™ (7)
k=-¥
Where:
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The above equation is called the Fourier Series; it can
be extrapolated to continuous and aperiodic functions by
means of the Fourier Transform (and Discrete Fourier
Transform in the ase of Discrete-Time signals) and its
inverse:
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The sufficient condition for the eistence of the

Fourier Transform is that f(x) be (Lebesgue) square

integrable:
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or equivalently f(x) T L2

The Eq.:3 isarectangular or Cartesian decomposition,
we @n think to the msine & the horizontal axis and the
sine its perpendicular. There is an dternative form of the
(3) in terms of polar coordinates using the module by, and
phese; i

£(X)=C, + 8 by, coskx+ ,)

k=1

(11)

And an equivalent for the transform [9].

The Fourier transform aways works on the entire
duration of the signal from time -¥, to +¥ , then any time
informationis gread out onthe etire frequency axis.

To owvercome this limitation another mathematicd tool
has been developed: the Short Time Fourier Transform
(STFT); here the analysis is performed not on the eitire
signal but on chunks of a certain duration, as to be
considered stationary in that time frame. Thus extrading
both frequency and time information, i.e. the evolution of
the signal. This kind of tools are said “time—frequency”
analysis.

In the last decades a new mathematicd tool has
evolved: the wavelets [1][2][7]; these, initialy developed
as orthogonal functions were then generalized to the non-
orthogoral case. They have the alvantage of changing the
window duration with the frequency. So, while in the
STFT the anadysis window has a fixed duration at all
frequencies (it is a “fixed resolution analysis’), in the
wavelets the analysis window is small at high frequency
(better time resolution) and larger at low frequencies
(better frequency resolution): so it is a “multiresolution”
analysis.

Unfortunately the wavel ets have some disadvantagesin
the reconstruction phase; only a limited set of waveletsis
available and they all are speda mathematicd functions
(11, [6].

In the last years a new concept has evolved for the
time-frequency decomposition: the Frames [1], [3], [4].
The frame theory establish the genera condtions under
which ore can recover a vedor f in a Hilbert space H
from its inner products with a family of vectors {f}i
cdled the “frame”. Having such a general definition both,
the discrete windowed Fourier transforms and the discrete
wavelet transforms (both based oninner product) can be

considered as geda cases of frames and studied
accordingly. The main advantage of the frames is that
they can be generalized to being redundant, or
overcomplete, which alows the reconstruction of signals
even in presence of noise.

But the frame theory has me limitations. to
recnstruct a signal from its inner products one needs to
invert the frame operator U:

Ufn = <f,f,> " nl G anindex set

The inversion of this operator is always numericdly
complex and in some @ses can be arried out only
employing a dua frame (a reconstruction frame different
from the analysis frame). Due to these difficulties only
few speda types of frames are adualy employed, and
mainly in the transmisson and reconstruction d signals
in noisy environment.

Lately, a new approad to the function decomposition
has been proposed: the Generic Frequency Analysis, [10],
[11], [12]. There, it has been demonstrated that any
function f in L? can be remnstructed by a series of
couges of even and ad functions that have
multiplicative Fourier coefficients [11].

Indeed, having two functions like the even and add:

X(X) :5 A(n) cosx)

(12
n=1
3
Y(x) = a B(n)sin(nx) (13)
n=1

That have quadratically summable and completely
multiplicative Fourier coefficients, i.e.:

¥

a A(n) <¥

n=1
and:

A(nm)=A(n)A(m)
and the same for B(n).

Then, the cmbinative system:

1, X(X), Y(X), X(2x), Y(2x),
isabasisin the whole space L[-p, p].

It means that any function f(x)i L?-p, p] can be
expressed as a series of these functions as:

¥
f(x) =C,+ g C(N)X(nX) + D(N)Y(nx) (14)
n=1
With the wefficients given by:

ey X(NX), Y(NX)

p

Co = Of (¥)dx (15)
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C(n) = of ()h,(x)dx (16)
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D(n) = of (x)g,(x)dx 17)
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Here the functions:
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Are the biorthogonal functions of X(x) and Y(x)
respectively, where djn means that d is a fador of n.
Details can be found in [10], [11], [12].

Summarizing, this last analysis/synthesis procedure
starts by choosing a suitable couple of functions X(x) and
Y(x); from these, the family of their biorthogord
functions: hy(x), gn(X) is generated. Findly the
coefficients are cdculated via the inner product of the
function f(x) with any of these h,(x), gn(X).

Here the main restriction seems to be the necessty of
using the inner product in the computing of the
coefficients C(n) and D(n); this, in turn, forces to the use
of biorthogonal functions and limits the set of functions
that can be used as bases to even and odd couges of
square waves and few others.

These results are quite recent and did not find many
applications yet, athough in [10] it was suggested a
schematic for generating, with an analog circuitry, any f(t)
as asum of many even and odd sgquare waves.

Anocther problem here lays in the complexity of the
cdculation of the mefficients C(n) and D(n) by means of
the biorthogoral functions.

All the previous tools actualy limit the set of possble
basis to few functions, the same frame theory, that
theoretically admits an ample dassof basis functions, at
the same time suffers from a great complexity in the
computation, so limiting its applicability.

We now try a new approach to functional analysis that
has the avantage of alowing a much more anple dass
of functions as basis while & the same time simplifying
the computation.

All we have to do is not limit ourselves to the use of
the inner product in the efficient computation [8]. The
new methodology being so general that it can be applied
to the decomposition of a function in terms of both
redangular or polar coordinates. Only this last case will
be discussed here, while for a general discusson and a
degoer look at the consequence and some other
application see [8].

We first need to find out the necessary requirements
for afunction S(x) in order to be abasisin L2 when using
polar coordinates reconstruction. We will make use of the
norm convergenceto prove that if S(x) satisfy some loose
requirements, unique sets of modules M, and phases Q,
exist, such that the series Sy converges to any function.
So that we aan write:

N
f(x)=C, +lim § M, S(kx+Q,) (20
N® ¥ K=1

Once we prove that these mefficients (the module and
phase) exist and are unique, we will 1 ook for away to find
them. A last thing to nde is that we will base the proof
and the analysis, entirely on the reconstruction algorithm,

i.e. the reconstruction algorithm will be used to creae a
function that has the same Fourier components as the
original, and hence thanks to the uniqueness of the
Fourier transform, it is actually the same function.

2.  PROOF OF FEASIBILITY OF THE
RECONSTRUCTION

Given a periodic function f(x) that can be expressd as a
Fourier seriesin polar coordinates:

f0) =4 [m costox+J,)] (21)

and given another noreero periodic function with Fourier
series.

s =a [ s,cosx+f,) |

with zero average over a period, if the energy of Sx) is
mainly at the fundamental frequency i.e.:

¥
4 [/ >alsf
i=2

Then f(x) can also be expressed as a series of §X) in
polar coordinates :

(22)

(23)

¥
f(x) =84 [M,S(hx+Q,)] (24)
n=1

Here the functions are assumed to be periodic in
[0,2p]; however it is easy to extend this period P to any
other period P’ just changing from variable x to variable z
=xP'/P.

Moreover, without any loss of generality, we assume
that the average, or DC component of the function f(x) is
zero, otherwise aconstant Cy shoud be alded. But this
will nat change our conclusions. We split the proof in two
parts, in the first part we will prove that any function S(x)
1 L2 is complete on that space; the second mart defines the
requirements for such S(x) in order to be abasis, i.e.
under which conditions the series of the S(kx) converges
(innorm) toany f(x) T L2

2.1. Existenceand uniguenessof the wefficients

From Eq.: (21) and (24) we @an write:

f0) =4 ,Im, cosx+J,)]= (25)

o o
- a nM na p{sp Cin(nX'F Qn)+ f pﬂ
As the cosine is an orthogoral function we can

separate the components of f(x) at each frequency: F1, F2,
, etc.:

Fi:  mcosi+J,) = M,s codl(x+Q) +f,)

F2:
m, cos@x+J,) =M,s, cod2(x+Q,) +f, )+
+M,s, codl(2x+Q,) +f,)



Etc.

At the fundamental frequency F1 we @n separate the
variables and find the unique solutions:

M, = (26)
S
Q1=J1' fl (27)

We can then placethese two values in the equation for
the frequency F2 and find the new M, and Q,; iterating
the procedure we can reconstruct the exad module and
phase of the function f(x) at any frequency by means of a
series of the functions S(nx).

In ather words, we just require that the f(x) and its
reconstructed counterpart (as a sum of S(x) ) have the
same Fourier spedrum. We obviously can do it at the
fundamental F1 (Egs. 26 and 27) then, we do the analysis
starting from frequency 1 up, every time subtrading the
previous reconstruction from the function f(x), in order to
find the next resulting comporents. This anaysis
reoonstruction-analysis  procedure can be stopped
whenever the difference, i.e. the RMS error, in
reconstruction be lower than a predetermined value.

For example if we reconstruct a square wave using a
square wave as basis, only one component will be needed,
as it zeroes the (Fourier) harmonics of the difference dl
at once. Intuitively, having any function S(x) we can
modify its module and phase in order to match any
possble module and phase & frequency 1; then using
S(2x) we can dothe same for frequency 2 and so on.

2.2.  Convergenceof the series

In the previous paragraph we acually proved that any
function can be used to reconstruct, by means of the given
algorithm, any other function at any single frequency.
Mathematically speeking we showed that any nonzero
function spans the atire L? space when employing the
given analysigreconstruction (we uld say ade-
construction®) method. Or equivalently, the function S(x)
is complete on the space L.

Now, to check whether S(x) is a basis, we nedl to
verify under which condtions the series of the S(kx)
converges to any f(x). We can expressit in more rigorous
terms requiring that the norm of the error tends toward
zero as N increases (following the definition of metricsin
Hil bert spaces):

lim Il fou (917

| oN (28)
lim |1 (- & M,S(nx+Q,) [0

N® ¥ =1

As the norm is always positive, and we diminate one
Fourier component at any iteration, we an reduce the
above problem to the search o requirements on the
function S(x) that verify:

[Fenall> Ifencll * N1 <N2 (29)

We @n start from zero, or, no reconstruction at al,
then the aror isthe function itsdlf:

[FeoCAII= IO

We require that the first approximation has an error
lower than this:

(30)

[FOII= [FeaCII> [Fea (]

Using Eq.: 21 and 22

Il fa I EI F (- M,S(x+Q,) |E
=[|§ m, coskx+J,)-

(1)

(32)

- M. s, cos(px+f, +Q)) |
P

We @n rewrite the right hand side of Eq.:32 as:

”micos(x""]l)' Mlslcos(x"'fl +Q1) +
+8 m coskx+J,)-

k3 2

- M, Q s, cospx+f, +Q,) ||

p*2

(33)

But, as M; and Q, are the results of Egs.: 26 and 27,
the sum of the first two termsis zero, then:

Il () [F
3 3

=l mcoskx+Jy)- M, q s, cos(px+f, +Q,) ||
k=2 p=2

(34)

While from the Egs. (26) and (27) we can rewrite f(X)
as:

¥
Il O IIFIIm cosx+J,) +@ m, coskx+J,) || =
k=2

¥
=lla m coskx+J, ) +M,s cosi+Q, +f,) |

k=2

(35)

Comparing the second part of EQ.:35 and Eq.:34 we
can see that |fa(X)|KIIF(X)|]is verified if:

s/ >a
p=2

That is the condition of convergence (1) above.

We can now iterate the procedure, using ead time &
the new function f(x) the eror function found at the
previous dage; and, as the limit of the Fourier
coefficients my is zero (Eq.: 21), and the norm is always
positive, the aror in norm shall tend to zero.
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Then we proved that any function, or signdl, f(x), that
can be decomposed in Fourier series, can aso be
uniquely decomposed in series of any other function S(x)
satisfying the requirement |, above; and hence S(x) is a
basis (of the L? Hilbert space when wsing the aove
ddeonstruction® algorithm and polar coordinates.

This result can be expressed in a more intuitive way if
we remember that the energy of asignal is proportional to
the sum of the squares of its Fourier coefficients; then the
condtion |, dictates that most of the energy must be
concentrated at the fundamental frequency of the basis
function S(x). So anytime we make an approximation as
the |Ifes(¥)|] in the Eq.: 32, we subtract more energy at the
fundamental frequency than we ald at higher frequencies.
Then, iterating the procedure the total energy of the
difference (the norm of the eror function) approaces
zero.

Once we make sure that with the right coefficients we
can asemble the Eq.: 20, dl it remainsto do isto find the
coefficients M,, and Q,. We can simply use the same
algorithm we employed in the proof above, starting from
freguency 1 and subtracting at any frequency the
approximation found at the previous step.

The procedure is very efficient, as it is esentially a
reaursive dhange of coordinates between the sinusoids
and the new basis S(x). An even faster algorithm that
works directly in the frequency domain has been written,
so taking advantage of the speed o the FFT.

Note how this tool, thanks to its reaursive agorithm
has considerable alvantages over above mentioned
wavelets, frames and generic function analysis.

3. CONSEQUENCESOF THE NEW
DECOMPOSITION

The fact that we found that such an ample dass of
functions or even real world signals, are basis of the L?
space has some unexpected consequences, some of them
are pointed out in [8].

Here we will focus on the advantages that such
approach can have on the sound synthesis. Now that we
know how to decompose any sound, not just as a sum of
sinusoids, but as a sum of much more complex functions,
we @n generate richer sounds adding only few instances
of a mmplex basis, instead of many simple sinusoids.
Inded, it is much more dficient to synthesize a complex
sound starting from a basis that has some similarity with
it.

The consequence on the computing power nedls is
evident. It is like having the computational efficiency of
FM generation but with the @ntrol detail of the alditive
synthesis.

Or one can just imagine the possbilities of synthesize
a omplex sound like apiano, but adding samples taken
from a different sound, for example the human voice

But we explore now the opposite diredion: we will try
to find a way to smplify the alditive synthesizer, so that
a much cheaper system could be feasible, without

saqificing any of the features of the standard (Fourier)
additive synthesizer.

The trick is as simple & using a special function like
the square wave as a basis. Indeed the 2 level (+1, -1)
square wave, satisfies the requirement I, above, so it isa
basis of the L® space including any red world signals
too.

Just to prove it in Fig. 1 there is the plot of a sinusoid
obtained as a sum of 21 square waves.

Figure 1:The sinusoid as asum of 21 square waves

If the sinusoid seems too elemental to prove it,
following there is a more complex signal obtained as a
sum of sguare waves.

In Fig.2 a complex signal has been approximated with
just 9 square waves. If we consider that the original signal
is the sum of 7 Fourier componrents (sinusoids), and
extends up to a frequency 11 times the fundamental, the
approximation is surprisingly good. In Fig. 3 the same
signal has been better approximated by summing 36
square waves, up to a frequency that is 50 times the
fundamental. Always in the figures dotted line represent
the signal while solid line is its reconstruction. Just as a
reference in the Fig. 4 there is the 3quare wave
frequency spedrum® i.e. is the plot of the module My of
the sguare waves as a function d frequency, relative to
the approximation of Fig. 3.



Figure 2: A complex signal as asum of 9 square waves

Figure 3: The same cmplex signal obtained as a sum of
36 square waves

Figure 4: The "square wave spedrum" relative to the

analysis of the signal in Figure 3

A corresponding plot of the phases could be done.
Note that here we refer to pheses or delays, while leaving
the term @angles® only to the trigonametric fun ctions.

One wuld even think to modify the 3generic
spectrum® & the one in Fig. 4 to get some kind of
ggeneric filtering® well, the results on the reconstructed
signals would be &solutely counter-intuitive but
norethelessinteresting.

About the high frequency noise that appeas in the
previous figures, it should nd worry as it is easly
eliminated by a simple standard RC low-passfilter. That
noise is, in some way, the opposite of the Gibbs
phenomenon encourtered at the discontinuities of a
sguare wave obtained as a sum of sinusoids. As the
sinusoid is a @ntinuows function, the Fourier series
cannot pointwise approximate discontinuities as thase
found in square waves. Conversely, as the square wave is
a function with discontinuities, a series of them cannot
pointwise gproximate a continuous function as is the
sinusoid, but for our purposes the norm approximation is
good enowh as far as we can eiminate the high
frequency noise with a plain Low Passfilter.

Some points doudd be amnphasized: when
ade constructing® a sinusoid with square waves, the series
extends to infinite (and the same when approximating a
sguare wave with sinusoids). In Figure 1 the square wave
spectrum is extended up to 50 times the fundamental,
while in Figure 3 the highest square wave frequency is
only 3 times the highest Fourier component in the signal.
But we must consider that, at the Nyquist frequency (half
the sampling rate), the sinusoid and the square wave ae
both sampled with 2 points only, so they are
indistinguishable and hence, essentially, the same wave.

At this point one could ask why do not use the
wavelets for the same purpose, as for example the Haa
set that is obtained from a square wave asin Fig 5.

Figure 5: Example of Haar Wavelets

The reason is that the hardware results a little more
cumbersome & these are ac¢ually three level waves (+1, -



1 and 0), and much more wavelets are required for the
reconstruction. For example in Fig. 6 a sinusoid has been
obtained as a sum of 32 wavelets; it can be seen that the
approximation is worse than in the previous Fig. 1, where
only 21 sguare waves were used.

Figure 6: The sinusoid obtained as a sum of 32 Haa
wavelets

4. ARCHITECTURE OF THE SQUARE
WAVE ADDITIVE SYNTHESIZER

To see what the architedure of a square wave based
synthesizer would be, we first look at a typical standard
additive synthesizer based on Fourier synthesis as the one
in Fig. 7. As it is snusoid based, it needs a way to
efficiently compute the sinusoids, the typical solution is
to introduce in the achitecture aLook Up Table (LUT)
and eventually a mechanism for the interpolation of
samples not contained inthe LUT.

Once asinusoid sample has been computed it must be
multiplied by a given amplitude, that is esentialy the
module in the Fourier series expansion for that signa
(stored in the Am memory).

Finally al these must be acamulated to produce a
single sample of the synthesized signal. Note that we do
not included an envelope cntroller at the output as it
would bejust alow rate multiplication.

Now let's simplify the previous architecure to
accommodate the square wave basis. We do not need the
LUT as the square waves are purely digital, and, as we
asociate the two levels of the square wave & the values
of +1 and -1 we do not even reed the multiplier, a
simplest 2's complement logic will be sufficient. So the
architecture for the sguare wave based synthesizer would
be as in Fig. 8. The sguare wave is smply the most
significant bit (msb) of the phase, it controls a 2's
complement logic that is the equivdent to a
multiplicaiion by 1 or —1 of the module amplitude (Am).

Command bus

v vy v

Step Pha Am

LUT

Now

Figure 7: Additive Fourier synthesizer

Command bis

e e

Am

msb A 4
P 2'sComp.

Out

Figure 8: Additive square wave synthesizer



We @n see that only two adders and some memory
space ae neealed in order to synthesize awy signa. It
means that even very cheap devices can generate complex
sounds. Looking a high end applicdion like music
synthesis, one can see that, in order to reduce the high
frequency noise associated with square wave synthesis as
in figures 2 and 3, one could include more square waves
at higher frequency. Hence one can establish a sampling
rate higher than that required for the Fourier synthesis,
and so easing the job of the final low pass filter (it's
esentialy akind of oversampling).

The reason is that the Nyquist-Shannon theorem is
acdually valid only for sinusoidal decomposition, but can
be generadlized to accommodate for any basis
decomposition.

Just to make a example, let's think to the
decomposition of a square wave in the sinusoid basis,
then infinite sinusoids would be necessry, as the
frequency spedrum of the sguare wave extends to
infinite.

While, when analyzing a sinusoid, only one Fourier
component is needed, so the Nyquist frequency in that
cese would be just the double of the signal frequency.
The opposite is true when the basis is the square wave;
the sguare wave spectrum of a sinusoid is infinite, while
that of a square wave isasingle frequency.

As in music we mostly ded with harmonic sounds,
they are more similar to sinusoids than to square waves,
but, as sid above, a simple low passfilter at the output
cuts al the unwanted noise. For instance, an ided
(Fourier) low pass filter at half the Nyquist frequency
would eliminate dl higher Fourier components o, for
example reducing a square wave at the ait-off frequency
to aplain sinusoid. Asided filters do not exist in the real
world, al one hasto do isto double the sampling rate of
the signal generated by sguare waves, and use areal low
pass filter. It is the euivalent to reconstructing the
highest frequency sinusoid as a sum of two square waves.
Thisisenough to reproduce high quality sounds.

This leads us to a further enhancement to the
architecture of Fig. 8; there the computationis carried out
at any cycle, i.e. to generate any sample of the sound all
the square wave components must be alded. Let's
suppose we ae generating 2 channels at 100KHz of
sampling rate, then we have 5 microsecond d computing
time for each channel. If we have 100 square wave
oscillators for each channedl, it means that we have 50
nanoseands cycle time for each square wave oscillator.
Almost any modern microprocessor can do the job.

But we can further enhanceit.

The fad isthat only the highest frequency square wave
changes at any cycle, the lower frequency square waves
remain constant for many of the dock cycles. It is an
additional advantage respect to the sine wave alditive
synthesizer. For example in Fig. 9 a sinusoid is plotted
together with its first few square wave cmponents. It can
be seen that for most of the time only few of the square
waves change sign contemporarily; while the rest
remaining constant, so it is uselessto sum them at eat

cycle. Then a sort of differential technique @an be used;
the output is kept constant and only when one of the
square wave switches, the output is updated for the
relative fador.

Figure 9: The sinusoid and its first square wave
components

This approach is best suited for software
implementations, in which a procesor can time share
music synthesis and ather jobs. An even simpler version,
when uwsing only few square wave oscillators, can be
designed using just an adder, few counters and some
registers.

It can be seen that a synthesizer based onsguare waves
is aviable dternative in many different applications, as a
matter of fad it has the alvantage respect to the sinusoid
additive synthesizer of alowing many possible
implementations.

When very high frequency signals are needed, a
completely custom integrated circuit is viable; in this case
the sampling rate an be foreseen in the order of many
tens or even hundreds of MHz, so allowing for digita
synthesis in afield where the only viable implementations
were, up to now, analog.

Instead, for signalsin the audio band, a dedicated DSP
procesor or even one of the new general purpose
microprocesors can be employed, thus grealy reducing
the cost of such instruments, while retaining the
effectivenessof the additive synthesis.

This approach can thus effectively leal to software
only, red-time synthesis on standard personal computers.

Finally, very smple, low end implementations are
possble, so alowing this technique to be promptly used
in a large dass of devices. An experimental device has
aready been creaed by students at the ORT University in
Montevideo using just a simple FPGA. It has sown
satisfactory audio cgpabilities, needing orly a DAC and a
plain RC filter at the output in order to generate low noise
signals. Other implementations of the technique ae
adually under study.
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