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ABSTRACT negative feedback mechanisms. By respecting this
scheme it is possible to modify or create differ€mt

This paper presents a new method for sound sylssthe5|rules for designing new cyclic CAs.

The method consists in mapping the histograms

sequence of a cellular automata evolution ontoumdo

spectrogram. The data obtained from the histoganas

in the form of sound spectral structures evolvimgime

in a natural fashion. The main problem of cellular

automatas is the difficulty of control due to its Fi 10 iod of lic CA
unpredictability property. This mapping offers 'gure 1. ne period ot a cyclic
significant controllability characteristics whichlaav
flexible processes for sound and instrument desige. 2. MAPZIL\IEGC?IIQS&?SEGEASONTO

sounds obtained with this mapping present natural

behaviour and are capable of simulate acoustiwWe devised a mapping method based on a statistical

instruments and other real sounds. analysis of the CA evolution. We estimate the
Probability Distributions of the cell values forabaCA
1. INTRODUCTION generation by Histogram measurements of each CA

. . . . image [5]. The histogram of a digital image witlegr
Effective use of any digital synthesis techniqupet®ls , Y . :
on having good Control Data for the synthesisleveIS in the range [Q, - 1] is a discrete function

instrument. Control Data can be obtained from saver p(r)=n/n (1)
sources. One approach commonly followed is to impor
them from another domain and to map them into the Whereryis the kth grey levelny is the number of
range of synthesis parameters [7]. In this researcipixels in the image with that grey level, n is tio¢al
Cellular Automata [1], or CA, will be considered s numbers of pixels in the image, ake 0, 1, 2, ... - 1.
be the Source of Control Data for sound synthesis &o0osely speaking,p(r) gives an estimate of the
processing applications. probability of occurrence of grey-level[3].

The CA chosen for this study is based on the Gdrhar We have found zones in the histograms consisting in
& Schuster's hodge-podge machine [2]. A slightlynarrow bands (sometimes with a width of just one
different version of this CA was successfully ugech ~ colour) clearly separated one from the others. By
granular synthesis system called Chaosynth [4]. Th@xamining the evolution in time of those narrow d&n
states of a cell can be interpreted as follows:stage ~ We surprisingly found that their envelopes wereyver
characterized by a minimum value 0 is called “ifgdlt ~ Similar to the amplitude envelopes of sounds partia

The state given by a maximum vaMel is called “ill”.  With this in mind, our mapping will be to conside
All other states in between are called “infectefihe  Histograms Sequence of the CA evolution as to be a
transition rules are expressed as follows: Sound Spectrogram. Considering that the time domsain
common for both, the histograms sequences and the
int(A/r,)+int(B/r,) for m,[t]=0 RULE1 spectrogram, the histogram’s sample space domain
m, [t+1]=int(S/ A)+ K for 0<m,_f]<v-1 RuLE2 ~ Maps onto the spec_trogram's_frequency domain dued, t
0 for m,,[t]=v -1 rRuLEs  histogram’s probability domain maps onto the sgéctr

magnitude domain.

where the state of a cell at a time stépdenoted by
myltl, x and y are the horizontal and vertical 3. HISTOGRAMSAND BEHAVIOURS
coordinates of the location of the cell in the GfandB
represent respectively the number of ‘infected’ affid
cells in the neighbourhood; andr, are constantsS
stands for the sum of the states of all cells ia th
neighbourhood, an¥ is the number of possible states
that a cell can adopt.

We have chosen this CA mostly for its cyclic nature
(Figure 1) which, among other things, easily allowes
to work with different and, as large as we wismge of
cell values. The cyclic nature in a CA is chardetst
by two end states, positive feedback mechanisms a

Different CA behaviours offer different histogram
typologies. A ‘quasi-synchronic’ behaviour (in whiall

the cells reach the maximum state almost at theesam
time) offers a type of histogram from which we can
obtain sets of structured data for both, sinusoatad
noise sound components. After the maximum state is
reached, “distorted circumferences” patterns wilbear.
The contours of these shapes will create narrow$an
peaks in the histogram. From here, the cell vagresv
&awards the maximum state and the boundaries of the



distorted circumferences become “blurred”, creating CAs present different forms of long-term behaviours
wide bands in the histogram (see Figure 2). AtheadRegarding sound evolution, we can differentiate two
cycle of the CA this process is repeated with th@eneric forms: long-term behaviours that will bring
following interesting characteristics: A) At eachicle, structures for sustained sounds and long-term betzs/
the CA self-organizes through the same set ahat will bring structures for non-sustained souritise
predominant colours. These set of colours varpreviously mentioned CA behaviour is an exampléhef
depending on the CA parameter values. That wilhtere formers. CA definitions with few neighbours areelik
the time evolving structures in the histograms sege. to give structures for non-sustained sounds. Thdhe
B) At each cycle, the distorted circumferences adopase of considering Neumann neighbourhoods [2], or
slightly different shapes. That will create timerwing even fewer neighbours, for example consideringctse
amplitudes in the structures. where the central cell is not a neighbour. Due to
considering fewer neighbours, the divisor of Rulés?2
e o lower than with Moore neighbourhoods, and thus,
i 372 ‘infected’ cells have great chances of getting
: immediately ‘ill’; there are many combinations ihet
! e - \ neighbourhoods that induce this effect. In the
Cots (B = e o neighbourhood, ‘il cells make the numerator highe
' 2 2 whereas the denominator does not grow by ‘il or
‘healthy’ cells. Thus, having just one ‘ill' neigbbr,
then in case of not having any other ‘infectedghiour
than the central cell, this cell becomes automiyiGl'.
That makes that the CA reaches a long-term behaviou
with cells that oscillate only in between 0, cedllues
corresponding to SC1 Zone awiedl. While reaching this
B : long-term behaviour, the rest histogram’s bins fade
ont to zero, creating structures of sound releasesselhe
: structures are interesting because there appédarettif
release times for different histogram bins. Itlsoeaclear
this process in the images of the CA evolution (Fég
Figure 2: Different CA configurations in the ‘quasi- ~ 4) There will remain structures in the first, t8€1
synchronic’ behaviour ‘and the histograms they  74ne and the last histogram’s bins. All the CA eite
produce: narrow bands (left) and wide bands (right) concentrated in these few positions, so their time

s “_"‘:
e L o

Figure 3 shows the histograms sequence of a CAvolution will be very flat, and can be discarded.
evolution and the different zones we can find oi5€1
which represent Control Data suitable for sinusoida -.-
sound components. NC Zone consists of wide bands™= ;

and SC2 are zones consisting of narrow band stegtu
correlated in amplitude with the previous structuaad Figure 4. CA evolution that creates non-sustained

can provide Control Data for correlated noise bands structures in the histograms sequence.
We can see also that the histograms sequence is a
good reflect of the CA rules, parameter values, and 4. SPECTRAL STRUCTURES

hence of the CA behaviour. Peaks E1 and E2 are thgs \ye have already seen in previous section, with
probabilities of the two end estates. There is #@&h  jifferent CA behaviours we can find many types of
zero probabilities due to the addition of constinin structures with different time evolutions.

Rule 2 (like an offset) and due to the end of S©he&Z Time varying amplitudes can be considered in

which has a maximum value duertoandr, in Rule 1. jifterent ways. The original amplitude evolution tog
This behaviour is achieved by many combinationghef histogram’s bins usually present oscillatory shapes!

CA parameters: CA size around 200x200 cells; by coyld be desired to perform an amplitude envelop
working with thousands of state&/)( the histogram  gyiraction to get a smoother evolution (Figure 5).

space is enlarged fostering interesting structuors o

sinusoidal components to appear in SC2 Zdfeas " ool
20~30 % ofV, andr, andr, can be set to 2. gl i
nol | 'q g
L) HISTOGRAMS SEQUENCE E
! 1 NEGATIVE FEEDBACK E2 DD\ SID WDID QD‘D 250
RULE 3 Time Step
ost POSITIVE FEEDEACES Figure 5. Time evolution of one histogram’s bin from
LR RULE 2 RULE 2 : ‘ : ) . ;
L / SC2 Zone in the ‘quasi-synchronic’ behaviour (solid
“E(—fﬂnh R SE— line), and its amplitude envelope (dotted line).
02 : v SC2ZONE NC ZONE
Y When the partials are in the form of narrow bariids,
], L . ; - : : :
R R e S M T is possible to obtain frequency trajectories. Empec

i . ) attention deserves some correlated glissandi aimgear
Figure 3. Frontal plot of the histograms sequence with in attacks (Figure 6).

the effects of the rules (‘quasi-synchronic’ beloav).



bands in NC Zone. It is also very intuitive to gbat

HISTOGRAMS with a large GAP we may lose noise banHsalso
SEQUENCE

contributes to the attack delays; the lowes value is,
the more delay (in these cases, delays are also
proportional to the histogram bins).andr, control the
tendency for a ‘healthy’ cell to be infected byf&nted’
neighbours and by ‘ill' neighbours respectivelyh&
working in the ‘quasi- synchronic’ behaviour, weutth
consider they act in parallel; the lower the va)ube
wider SC1 Zone is. If the values are extremely Itve,
histograms sequence will evolve presenting only two
peaks in the first and the last bins. On the contifthe
values are higher than the number of neighbouss, th
Figure 6. Structures from SC2 Zone showing glissandi  histograms sequence will evolve blocking in thestfir
and a noisy structure in the attack. bin. About the time domain, we have seen that by
considering few neighbours it is possible to contim
Sgenerad terms, the time-evolution of the amplitude
envelopes. Once analyzed how non-sustained stasctur
appear, it is possible to induce the same effecking
with Moore neighbourhoods, by modifying the rules.
One way we can simulate fewer neighbours is by
dividing A andB by two. With this we can get the same
kind of non-sustained structures than working with
BTN Neumann Neighbourhoods.
We have found an Invariance Property in the

Histograms by performing the following experiment:
different runs of the same CA definition, with egbu
time to reach the long-term behaviour, and each one
starting from different initial configurations cadssng
of noisy images generated with uniform random
distributions. By looking in the histogram at a eoof
narrow bands (peaks of prominent colours like S€1 o
SC2 in the ‘quasi-synchronic’ behaviour) we have
observed that the histograms’ structure in termgeak
locations remains exactly the same (all the CA$ sel
organize through the same set of prominent colours)
Apart from this, the relative amplitude of the pgak

In synthesis it is common to perform a reorganarati remains very similar. The time variations of the
of the structures (by frequency assignment) in otde amplitude envelopes (fluctuations included) arghsly

The Self-Organization process of CAs also give
other interesting noisy structures. In Figure 6 @nde
can see a noisy structure in the attack that desmgp
while the partials emerge. Here, there are sefseaks
that may be candidates for Transients.

P(r)

Figure 7. Structures from SC2 Zone showing
correlated amplitudes and noisy structure in the
attack

design the spectrogram. different for every CA. This invariance propertynains
present even with changes in the CA sizes (as &g
5. CONTROL these changes do not induce a different behaviour).

Thus, this is a degree of predictability with

pplications, for example in the context of our \diag;

is Invariance Property is useful for Instrumemsign.
Considering that every process done from the
histograms’ data can be “recorded”, once it isglesil a
sound with a desired structure, it will be possibde
automatically obtain multiple instances of the ora
€-sound. Each instance will have the same structiitieeo
original sound, but with differences in the timeryiag

mplitude envelopes. Thus, we can design an instntim
at will not ever output the same exact soundeveind
erefore, capable of generating more natural serpse
of notes.

The predictability of the outcome of a CA evolutitn
an open problem [11]. Music & Sound Systems base
on CA may offer more or less degree of flexibilibyt
being under unpredictability conditions implies troh
limitations and thus, restrictions in the Desigrodess.
Consequently, a high factor of aleatority is preé$erhe
output. Our work gives improvements in this issu
Firstly, the mapping presented in this paper litkksa
CA analysis giving structured data in the form of
Spectral Magnitude. Thus, we can establish a sou
design process from here using many of the existingh
spectral signal processing techniques [9]. Secondth
this mapping it is possible to work with a certdegree
of predictability. As we have seen, the CA rulesl an
parameters are very well reflected in the histogram
Thus, it is possible to find direct relations beéwethe  We have tested the CA Control Data with two syrithes
CA parameter values and their effects in the histmg. & processing techniques: additive synthesis withkba
Most of them refer to the spectral dimension, aadyv of oscillators and subtractive synthesis by FFT
little to the time dimension. For instance, the éoW(’s  convolution.

value is, the lower the GAP is. As a consequencie In this section we show an example using real-time
‘quasi- synchronic’ behaviour, we will have mords®  subtractive synthesis of white noise to produce the

6. SYNTHESIS



spectra. The CA Control Data applied to this predss
illustrated in Figure 8. It comes from a CA with
modifications in the rules to get a non-sustaine
structure. Having discarded the firsts and the bas, it
results in a compact structure due to the low \sahf&
andV (K=8,Vv=100,r, =r, = 2).

7. CONCLUSION AND FURTHER WORK

Gln this paper we have presented a new method for
spectrograms design, based on histogram measurement
of a CA evolution. We have described a number ofsva
for obtaining spectral structures for both, sindaband
noise sound components in both, sustained and non-

sustained modes. We also have addressed contlitflabi

P(r)

HISTOGRAMS
SEQUENCE

iy aspects useful for sound design and, we have pgezsen
| an Invariance Property useful for instrument design
, The synthesis results obtained so far show great
potential. Cellular Automatas are computational eied
inspired in Nature and with few parameter spediiices
we obtain complex structures evolving in a natural
ol |l e fashion. Also, with different rules and, modificais in
(i other aspects like boundary conditions, initial CA

configurations, neighbourhood specifications, ¢tere
is a great variety of possible structures to baiokd.

We are planning to test the potential of this mdtho

Time ' according to Spectral Modelling procedures and

Step

Figure 8. Non-sustained structure after envelope
extraction.

to the frequency-domain by the Short-Time Fourier
Transform (STFT) using the Real FFT. We will pratee
with the parameters mapping of our CA Control Dsda

as to become a frequency domain signal. We will1]
consider the bins of the histogram as to be binthef
Real FFT; for each CA generation we will construct,
with N points, one half of the symmetric FFT thatuld
correspond to the analysis of a 2N-point real-vélue [2]
input frame [6]. In our example, the value of N5ik2,

and the CA structure has around 90 bins, so we will
have to add zero-valued bins up to get a struatfibd 2

bins. We adjust the CA structure as to start inbhe  [3]
corresponding to the desired minimum frequency by
adding the correspondent zero-valued bins to tfte le
Then we complete the FFT structure by adding zerol4l
valued bins to the right up to N. We extract the
amplitude envelopes and apply an appropriate anojalit
scale. Then, at a certain ratio, the CA ControlaDatl

be sent (for each CA generation) to the FFT cortiaiu
filter. Finally, the signal is converted back tettime-  [5]
domain by Overlap-Add method (OLA).

(6]
(7]
‘ Data Trigger ‘
T 8]
‘ Time/Rate Specification ‘
‘ Amplitude Envelope Extraction-Scaling
‘ Frequency/Bins Assignment ‘
(9]

CA Control Data Components Selection-Extraction ‘

Figure 9. Real-Time Filtering of white noise with the [10]

CA Control Data.

With this CA structure and this process (estabtighi
the duration in the range of 1 to 2 seconds) wainét
a reverberated explosive sound.

(11]

techniques [8, 10]. In the sound design processes w
have not mixed synthesis techniques and we are also

. ) o planning to do so within the context of Spectrasiba
Figure 9 shows the process. White noise is condertestydies.
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