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attraction have been commonly used; however, although the first case gives the long term
estimation of density, frequently it does not show an adequate approximation for the step-
by-step temporal behaviour; mainly for non-trivial behaviour. In the second case, basins of
attraction display a complete representation of the evolution of an ECA, but they are lim-
ited up to configurations of 32 cells; and for the same ECA, one can obtain tens of basins to
analyse. This paper is devoted to represent the dynamics of density in ECAs for hundreds of
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Basins of attraction cells using only two surfaces calculated by the nearest-neighbour interpolation. A diversity
Density behaviour of surfaces emerges in this analysis. Consequently, we propose a surface and histogram
Surface interpolation based classification for periodic, chaotic and complex ECA.
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1. Introduction

Elementary cellular automata (ECAs) have been widely studied because they are able to produce interesting dynamical
behaviour based on very simple local interactions [1,2].

A classic problem in ECAs has been the specification of numerical tools and methods to analyse, predict and classify their
dynamical behaviour.

The use of mean field theory for this task was initiated by Wolfram in [3]. Then, it was developed by Gutowitz [4], McIn-
tosh [5], and Martinez [6] among many others. The idea is to model the long-term behaviour of density with a polynomial
specified by the evolution rule of an ECA.

These polynomials are commonly nonlinear and are directly related to the dynamics of ECAs.

Another way to represent the dynamics of ECAs is using basins of attraction [7]. In this case, we have a graphic representa-
tion of all evolution in an ECA, and the branches and basins in these graphs describe the dynamics of the system. However, this
technique can produce several basins for the same automaton and it is limited up to 32 cells because of the exponential growth.

On the other hand, recent papers have exposed numerical techniques for detecting chaotic behaviour in ECAs. These stud-
ies take a sample of evolutions to estimate Lyapunov exponents [8, 9, 10], response curves [11] and Fourier spectra [12]. In
particular, ECAs have been analysed in [13] using a Walsh transformation in order to know their efficiency in the generation
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of random sequences. A relationship between conserved quantities (density classification and nonequilibrium phase transi-
tion) and the dynamics of ECAs is presented in [14]; and empirical measures for the intermediate conservation degree of
properties in ECAs have been proposed in [15].

With these results as background, the aim of this paper is to obtain a representation for the dynamical behaviour of den-
sity in ECAs by surface interpolation. We take the density and the binary value of configurations and their evolutions in an
ECA, and with them we calculate two surfaces describing the dynamic behaviour of these values using the nearest-neighbour
interpolation.

For a small number of cells (22 cells), all the configurations are taken. Thus, the surfaces obtained represent in a complete
way the dynamics of density in time. Further, for a greater number of cells (100,200 and 400), the surfaces are estimated
with a sample of random configurations. In all these cases, we have analysed ECAs with periodic boundary conditions.

This process represents the dynamical behaviour of density in ECAs with two surfaces. Besides, these surfaces are ana-
lysed to detect periods in time and classify periodic, chaotic and complex behaviour in ECAs; obtaining interesting results.

The paper is organised as follows. Section 2 presents the definition of ECAs and shows the problems of analysing their
dynamics with mean field theory and basins of attraction. Section 3 describes the process to obtain surfaces that describe
the dynamical behaviour of density. It shows as well how these surfaces are studied to understand and classify the dynamics
of ECAs. Section 4 explains how these surfaces are estimated for a greater number of cells taking a sample of evolutions;
proposing a surface and histogram based classification of ECAs. Section 5 applies this classification to the 88 ECA represen-
tative rules. The final sections provide the discussion and the conclusions of the paper.

2. Preliminars
2.1. Elementary cellular automata

This paper is concerned with the analysis of elementary cellular automata with periodic boundary conditions in the ter-
minology presented by [16,17].

An elementary cellular automaton (ECA) is defined by a finite array of locally connected cells x; where i € {0,...,n— 1}
(ring of the integers modulo n) and each x takes a value from a binary set of states £ = {0, 1}. A sequence of cells {x;} of finite
length n is a configuration c of the ECA. The set of finite configurations is represented as X". An evolution is described by a
sequence of configurations {c;} given by the mapping @ : " — X" such that:

(D(Ct) N CH] (1)

where t indicates time and the sequence of cell states in ¢ defines the global state. The cell states in c' are updated simul-
taneously by the same evolution rule ¢ in the following way:

¢(X§—17X§7Xf+l) - XI‘Jrl (2)
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Fig. 1. Examples of evolutions in ECAs. In these evolutions we can see examples of periodic (rule 15), chaotic (rule 30) and complex dynamics (rule 110).
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Fig. 2. Normalised density against time in the evolution of ECAs. Rule 15 has a periodic behaviour, rule 30 shows an aperiodic density dynamics and rule

110 presents a periodic behaviour after a number of steps.



944

Fig. 3. Sequences of different periods in rule 110. These sequences exhibit the diversity of periodic structures produced by this ECA.

with the condition

X =x

G, i=jmodn

Thus in ECAs there are 2° = 8 different neighbourhoods and 22 — 256 rules that are enumerated following Wolfram’s

notation [2].
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2.2. Normalised density in ECAs

For every c € 7" let o(c) be the number of cells in state 1 and let §(c) be the decimal value of the binary sequence rep-
resented by c. These values are normalised as follows:

d(c) = a(c)/n 3)
b(c) = p(c)/(2" - 1) (4)

The function d(c) is the normalised density of c. This value is useful to describe the dynamical behaviour of an ECA even
for a small number of cells because every evolution {c;} is also described by a sequence {d(c;)} of normalised densities. Fig. 1
shows the evolution of rules 15, 30 and 110 from random initial configurations of 22 cells and 132 time steps (dark cells in
state 0 and light cells in state 1). We are taking 6n evolutions to obtain a better approximation for the long term behaviour of
these ECAs. In computer experiments, we are using space-time diagrams with time going down.

Fig. 2 illustrates the associated sequences {d(c;)} against time. Each sequence {d(c;)} describes in an adequate way the
dynamics of the original evolution. A period in {d(c;)} is the size of the final interval in which the sequence repeats its values.
In these examples, rule 15, which is an ECA Class II in Wolfram’s classification, has a density sequence {d(c;)} of period 2. In
the other cases, rule 30 (Class III) has an aperiodic density sequence; and rule 110 (Class IV) shows a final interval with per-
iod greater than 1.
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Fig. 4. Real density (A) and the mean field estimation (B) for the evolution of a random configuration in rule 110. We can see that the mean field estimation
does not reflect the complex dynamics of this ECA.
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Fig. 5. Normalised density response (dots) in configurations of 22 cells and the estimation (continuous line) of the mean field polynomial in rule 110.
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Fig. 6. Normalised density response (dots) in configurations of 100 cells and the estimation (continuous line) of the mean field polynomial in rule 110.

In fact, rule 110 presents density sequences of different periods (Fig. 3) due to 22 cells are enough to produce several
types of non-trivial patterns as mobile self-localizations (or gliders) such as: A, B, B,C;,C,,C3,D1,D,,E and E [18]. Therefore,
we can get a satisfactory approximation for the dynamical behaviour of ECAs if we have a good model for their densities.

2.3. Mean field approximation

Mean field theory has been used in ECAs to obtain general statistical properties without analysing evolution spaces of
individual rules [ 19]. The method assumes that elements of £ are independent and uncorrelated between each other in every
neighbourhood. The probability of each neighbourhood is the product of the probabilities of its cells, and this probability
defines part of the probability of the state in which the neighbourhood evolves in the following time step. Thus the proba-
bility of a state is estimated with the following polynomial.

7

P =P0) =>_@Xp!(a,) " (5)

i=0

where i indexes every neighbourhood; X; is a neighbourhood in =3, » indicates how often state 1 occurs in X;,3 — v shows
how often state 0 occurs in X;, p, is the probability of a cell being in state 1 at time ¢, and q, = (1 — p,) is the probability of a
cell being in state 0.

To illustrate the polynomial wit a particular example, in rule 255 we have that ¢(X;) = 1 for every i. If p, = 1 then q, = 0,
so Eq. 5 has the next form:
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+1p.q7 + 1p.q; + 1q,p7 + 1p.q; + 1piq, + 1p7q, + 1p; = q; + 3p.q; + 3p7q, + b}

3
t

P(p) =1q

1

0’ +3(1-0%) +3(1°-0)+1°

1 in rule 255.

1 evolves into a new configuration with p,,

Thus, the polynomial predicts that a configuration with p,
In this example we can see that the polynomial depends on the neighbourhoods and the evolution rule, but not in the size of

the configuration.

Let us take now rule 110 which has the following evolution rule:

if 001,010,011,101,110

if 000,100,111

1
0

Therefore, the associated mean field polynomial is calculated as follows.

Pri10

= 0q; + 1p,q; + 1p.q; + 19,07 + Op.q; + 1p7q, + 1p;q, + Op; = 2p,q; + 3p;q;

P(p,)

2.4. Mean field polynomial and temporal dynamics of density

The mean field polynomial is usually used to estimate the long term value of density in an ECA. For an initial configuration

c1, the normalised density d(c;) represents the probability p, of a cell being in state 1. Thus, the dynamical behaviour of den-

sity can be estimated with the iteration of the mean field polynomial such that d(c;,1)

does not provide satisfactory results.

However, in some cases, it

P(d(ci)).
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Fig. 7. Real density (A) and the mean field estimation (B) for the evolution of a random configuration of 100 cells with density 0.53 in rule 110. Even though

the polynomial gives a good estimation for the density value, it does not reflect its periodic behaviour.
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For instance, Fig. 4 shows the evolution in 132 steps of rule 110 for 22 initial cells with density 8/22. It also presents the
dynamics in time of the real normalised density and the step-by-step estimation with the polynomial in Eq. 7.

In this case, the iteration of the polynomial does not show the complexity in the dynamical behaviour of density. The
main problem is that configurations with the same density are able to evolve in configurations with different densities; that
is, density is not a function in most ECAs.

This is illustrated in rule 110 taking a sample of different configurations in 2> with the same density; and varying the
density from O up to 1 with step 0.01. Fig. 5 displays the experimental values of d(c) against d(®(c)) (dots) and compares
them with the estimation of the mean field polynomial for every density (continuous line).

If we take a sample of configurations with a bigger number of cells (100), the mean field approximation has a better esti-
mation (Fig. 6).

Nevertheless, the dynamics predicted by the polynomial does not capture the periodic behaviour, even in a qualitative
way, of the normalised density produced by an initial configuration of 100 cells in 600 steps (Fig. 7).

2.5. Analysing the dynamics of ECAs

The best way to describe the dynamics of finite ECAs is with the basins of attraction defined by Wuensche [7]. These are a
complete representation for the evolution of an ECA, and their properties describe the dynamical features of the automaton.
However, they are restricted to a few tens of cells for their computational requirements, and an ECA may have several basins
of attraction to analyse.

There are as well other papers devoted to the numerical detection and study of chaotic and complex behaviours in ECAs.
For instance, to calculate Lyapunov exponents, response curves and Fourier spectra [8] [11] [9] [10] [12]. In these works, a
sample of evolutions is taken to obtain an estimation of these parameters.

Based on the previous works, this paper proposes the application of surface interpolation to model the temporal dynamics
of density in ECAs.

For a small number of cells, we measure the normalised density and binary values of each configuration and their evo-
lutions. The binary value is useful to order sequences with the same density.

With them, we generate two surfaces by interpolation, one modelling the response of density, and the other one describ-
ing the response of the binary value. For a larger number of cells (hundreds), a sample of the configurations is taken to esti-
mate both surfaces.

With the process described above, we are able to characterise the dynamic behaviour of the density in ECAs with a com-
pact description; using only two surfaces.

3. Surface interpolation

The previous section shows that density response is not a function. To solve this problem, we take the normalised binary
value b(c) for each sequence to obtain a function. For a small number of cells n, the following algorithm produces surfaces
describing the dynamics of density and binary values in ECAs.

Algorithm 1.

1. For every c € £", compute a table where the first two columns keep the values d(c) and b(c), and the last two columns
keep the values d(®(c)) and b(®(c)).
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2. Generate the surface D to estimate the normalised densities using the nearest-neighbour interpolation, where the inde-
pendent values are the first two columns of the table and the values for the interpolation are the ones in the third column.

3. Generate the surface B to estimate the normalised binary values using the nearest-neighbour interpolation, where the
independent values are the first two columns of the table and the values for the interpolation are the ones in the fourth
column.

We are using the nearest-neighbour interpolation because it is a very simple method which approximates an unknown
point into the nearest known point on a surface. This kind of interpolation is an extension of Voronoi diagrams to adjust sur-
faces with a sample of points [20].

The nearest-neighbour interpolation will provide always a correct answer for the estimated densities and binary values
because it is taking all the possible configurations to produce the surface.

We use Matlab® R2012b to perform our experimental results. In particular, the interpolation surfaces are obtained with
the command TriScatteredInterp (). Fig. 8 shows the surfaces obtained with configurations of 22 cells for rule 110.

With these surfaces we can estimate the sequences {d(c;)} and {b(c;)} such that:

d(civ1) = D(d(ci), b(ci))
b(ciy1) = B(d(ci), b(ci))

In this way, we can obtain the dynamic behaviour of density with the iteration of these surfaces. Fig. 9 presents the real
and estimated densities for a random configuration of 22 cells and 132 steps in rule 110.
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Fig. 9. Real and estimated densities for a random configuration. We have an exact prediction of the density behaviour using the surfaces D and B.
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Both graphs are identical in Fig. 9, showing that the surfaces are estimating the exact value of density in time. This is con-
sequence that the surfaces are calculated using all the configurations in *; therefore, every possibility is considered. Fig. 10
presents the density surfaces obtained for 22 cells for rule 15 (reversible and Class II), rules 22, 30 and 90 (Class III) and rules

54 and 110 (Class IV).
It is clear in Fig. 10 that the smoothness of a surface is related to the complexity of the dynamic behaviour in each ECA.

3.1. Long term range and difference surfaces

The surfaces D and B can be analysed to characterise the dynamics of an ECA. For instance, for 0.01 <i,j < 0.99 with a

step of 0.01, we can take pairs (i,j) of normalised densities and binary values, and iterate them in the surfaces. Densities
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Fig. 10. Density surfaces for different ECAs. For periodic ECAs we have almost-plain surfaces, and for chaotic and complex ECAs we obtain steep and rugged

surfaces.
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Fig. 11. Surface of the density difference for rule 110. In the surface we can notice that configurations with high density have a relevant decrement of 1's in
the next generation. However, configurations with low and mean densities have a small increment of 1's.

0 and 1 are not taken in the initial pairs because they only evolve into fixed configurations; and we are looking for config-
urations with more interesting behaviour.

Then we take the minimum and maximum values of every parameter to estimate their long term range. With the surface
D, we can take the difference of density in one step for every pair (i,j) in these ranges. This process yields a new surface E
such that:

E(i,j) = D(i,j) —1i 9)

The surface E represents the density difference in one step for the values inside the long term range. For rule 110, 132
iterations of every pair (i,j) produce a density range [0,0.82] and a binary value range [0,0.98]. The corresponding surface
E is depicted in Fig. 11.

Fig. 11 shows that density decreases notably in the evolution of configurations with high density; however, for configu-
rations with low and mean densities, we have a small increment of density in their evolutions. Fig. 12 presents the difference
surfaces for 22 cells for rule 15 (reversible and Class II), rules 22, 30 and 90 (Class III) and rules 54 and 110 (Class IV).

Fig. 12 shows that periodic ECAs produce planar surfaces; that is, the changes in density are not complex. It is interesting

that chaotic rules (30 and 90) have more complicated difference surfaces than complex rules (54 and 110). On the other
hand, rule 22 has a difference surface similar to rule 54. Perhaps rule 22 needs more cells to show a chaotic behaviour.

3.2. Histogram of periods

With the surfaces D and B we can take a sample of m initial values (i,j) and iterate them g times in the surfaces to obtain a
sequence of estimated densities and detect periods in the last p iterations of density to approximate and analyse its long
term behaviour. Exact repetitions of the values of d(c) are considered for the estimation of periods.

The m periods can be classified in a histogram. If the histogram has only a few types of short periods, the ECA is not pro-
ducing a complex dynamics. A majority (but not only) of short periods could indicate that the ECA is producing structures of
different periods, which is related to mobile self-localizations and complex behaviours. If the histogram shows a majority of
long periods or aperiodic evolutions, then the ECA is producing chaotic evolutions.

Taking again the rule 110 and their surfaces D and B for n = 22 cells, we iterate 400 initial values (i,j) for 6n = 132 steps;
and we detect periods for the last 2n = 44 iterations. The associated histogram is showed in Fig. 13.

Fig. 13 shows several periods and aperiodic sequences detected in rule 110, and most of them are short periods; as ex-
pected for this kind of ECA. Fig. 14 presents the histograms of periods obtained for 22 cells for rule 15, rules 22, 30 and 90;
and rules 54 and 110.

Fig. 14 illustrates that periodic ECAs produce sequences with very short periods. Chaotic rules (30 and 90) have histo-
grams where long periods and aperiodic evolutions are dominant. Complex rules (54 and 110) have a majority of short peri-
ods. Finally, the histogram of rule 22 shows only short periods despite of being chaotic; this indicates that this ECA needs
more cells to expose a chaotic behaviour.

4. Surface estimation for a greater number of cells

Similar to the case of basins of attraction [21], a complete representation using surfaces is not possible for more than 32
cells. However, we can take a sample of configurations and their evolutions to estimate the corresponding surfaces.
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Fig. 12. Difference surfaces for different ECAs. Class Il ECAs show planar surfaces, meanwhile chaotic and complex ECAs present more complicated surfaces.

The objective of this estimation is to obtain a qualitative approximation for the dynamics of density in ECAs for larger
configurations (with hundreds of cells), rather than obtaining an exact model of this behaviour.

In fact, it is very difficult to obtain a precise model because of the difference between the exponential growth in the num-
ber of configurations and the feasible size (in terms of memory and processing time) of a sample for calculating the surfaces.

However, the idea is that the surfaces reflect the essence of the density dynamics in ECAs.

With the expansion of the surfaces for a greater number of cells, we are looking for a method to classify the density
dynamics in a qualitative way. That is, the behaviour predicted by the surfaces would be characterised for very short periods
for ECAs producing fixed and periodic evolutions. Long periods or aperiodic behaviour would be the main attribute of ECAs
with chaotic behaviours. Finally, we would have a mixture of short and long periods for ECAs producing different periodic
structures in a steady background.
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Fig. 13. Histogram of periods for rule 110. This ECA has a majority (but not only) of short periods.
The algorithm for n cells is defined as follows.

Algorithm 2.

. Foreveryiel={1/n,2/n,3/n,...,(n—1)/n}, take m random initial configurations with density i.

. For every initial configuration c, take its evolution ®*"(c).

. Add configurations with density 0 and 1. Thus we have a total of 2m(n — 1) + 2 configurations.

. Remove identical configurations keeping one of them in the configuration set. This set represents a sample of initial and
long term configurations.

. For every configuration c in this set, calculate its evolution ®"/?(c).

. Make a table with four columns, the first two columns keep the normalised densities and binary values of the configu-
rations and the last two columns keep the same values for their evolutions after n/2 steps.

7. Generate the surface D to estimate the normalised density using the nearest-neighbour interpolation where the indepen-

dent values are the first two columns of the table and the values for the interpolation are the ones in the third column.

8. Generate the surface B to estimate the normalised binary values using the nearest-neighbour interpolation where the

independent values are the first two columns of the table and the values for the interpolation are the ones in the fourth

column.

AW N =

[©2 )]

In the modelling of nonlinear systems, it is used to distinguish between the transient and the stable dynamical states. This
kind of analysis has been applied to cellular automata as well [7,22-24].

In areas devoted to model and control nonlinear dynamical systems [25,26], sometimes the proposed model takes into
account both the transient and the steady dynamics to estimate in a better way the behaviour of the system.

Previous papers studying dynamical properties in cellular automata [9-12,14,27-30] have used a different number of
cells and evolutions (from tens to thousands). In most of them, for n cells, these studies have used a number of evolutions
close to n.

Empirically, one can suppose that for n cells, in n evolutions we can observe the effect of all the initial cells over every cell
in the n-th evolution.

In order to obtain surfaces that present a more accurate qualitative description for the density dynamics in ECAs, we will
select a sample combining random configurations and configurations obtained after 2n evolutions. In this way, the surfaces
will model the transient and the steady behaviour of ECAs with a sample that can be calculated in a reasonable time.

With this sample of configurations, we are taking their evolutions in n/2 steps in Algorithm 2 in order to estimate the
surfaces. Once more, we do this for obtaining a better estimation for the transient and the steady dynamics of the density
in ECAs.

Again, we make use of the function TriScatteredinterp () in Matlab® R2012b to calculate the surfaces D and B with the
previous algorithm.

In Algorithm 2 we have m configurations and their evolutions in 2n steps for each density (2m configurations in total).
Since there are n — 1 different densities (distinct to 0 and 1) we have 2m(n — 1) configurations for the estimation of the sur-
faces. Adding the extreme cases of configurations with density 0 and 1, we are taking a total of 2m(n + 1) + 2 configurations
to approximate D and B. For bigger values of n and m, we obtain surfaces with a better approximation, but requiring more
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Fig. 14. Histogram of periods for different ECAs. Rule 15 shows only very short periods. Complex ECAs (rules 54 and 110) present a diversity of periods,
most of them of short length. Chaotic ECAs (rule 30 and 90) have a majority of long periods. One exception is rule 22 which displays a majority of short
periods although it is a chaotic ECA. Perhaps it needs more than 22 cells to show it real behaviour.

time to be calculated. For m = 600 and n = 100, Algorithm 2 takes around four minutes in order to calculate the surfaces. For
n = 200 it takes around 18 min; and for n = 400 it takes around two hours.
With these surfaces, we compute the histogram of periods with the following algorithm.

Algorithm 3.

1. Take k pairs (i,j) of initial densities and binary values.

2. For each pair, keep a sequence of 2n iterations in the surfaces to estimate the behaviour of density in 2n steps.

3. Take the last n values of each sequence to detect a period from 1 to n — 1. If the sequence is aperiodic then it will have
period n.

4. Form a histogram with the k periods.
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Fig. 15. Estimated surfaces D and B for 100 cells in rule 110. The surface D shows that the density tends to 0.6, but the roughness of D and B indicates that
the evolutions of this ECA do not have a trivial behaviour.

In Algorithm 3 we use surfaces D and B to approximate the dynamics of density after 2n iterations. We have to remember
that every iteration in the surfaces is estimating the density obtained after n/2 evolutions. This means that the 2n iterations
are approximating the density dynamics of 2n(n/2) = n? evolutions (with intervals of size n/2) in order to calculate roughly
its long term behaviour.
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Fig. 16. Real (A) and estimated (B) density dynamics with surfaces D and B for three random initial configuration with n = 100 in rule 110. The evolutions,
real and estimated temporal densities are taken every 50 steps following Algorithm 2. The space-time diagrams show only 100 configurations in steps of 50
evolutions for simplicity. We can see that the surfaces estimate different periods for distinct dynamical behaviours, achieving a good qualitative
approximation.

In the previous algorithms, we calculate a sample of configurations trying to take into account the most possible regions
of normalised densities and binary values. Let us take again the rule 110; for n = 100 and m = 600, one execution of Algo-
rithm 2 produces the surfaces in Fig. 15. The figure displays as well the distribution of the pairs to interpolate the surfaces.

In this case, we initially calculate 2m(n — 1) + 2 = 118802 configurations; after deleting repetitions, we finally got
107712 configurations for the interpolation. These surfaces are rougher than those in Fig. 8 because they are estimations.
We approximate the surface of 2'® different configurations with only 107712 points; that is, with only the
8.4970 x 1072* percent of possible values.

Fig. 16 shows the estimations obtained by the surfaces calculated with Algorithm 2. They approximate, in a qualitative
way, the dynamics of density for three different evolutions with n = 100 in rule 110. As we said before, every iteration on
the surfaces estimates 50 evolutions of the ECA. In this way, 200 iterations in the surfaces estimate 10000 evolutions. The
space-time diagrams display compressed evolutions (only 100 configurations for simplicity) where there are 50 steps be-
tween one configuration and the following one. The experimental densities are taken in the same way, every 50 steps.

In this example we can see that the surfaces do not give an exact approximation for the real periods, but they estimate
different periods for the different kinds of real density dynamics. So the complex behaviour of this ECA can be classified in a
qualitative way.



J.C. Seck-Tuoh-Mora et al./ Commun Nonlinear Sci Numer Simulat 19 (2014) 941-966 957

Rule 110, n=100
600 . . .

S00 B

Frequency
) H
o =
o o
. .

N

o

o
T

100} ‘ 1
0 | | . | P | . .
20 40 60

0 80 100
Period

Fig. 17. Histogram of estimated periods for rule 110. The estimated frequencies suggest that the ECA produces several structures with different density
periods.

Since we are only taking a minimum part of all the possible configurations, an initial pair (i,j) of density and binary values
will tend to reach a period after some iterations. With the histograms, we can classify ECAs in the following types:

(A) Most of the sequences have very short periods; their frequencies are close to the left margin of the histograms. The
associated ECAs produce simple structures with almost no variation of density.

(B) Most of the sequences generate long periods or are aperiodic; their frequencies are in the right side of the histograms.
The corresponding ECAs have chaotic evolutions with high variations of density.

(C) Most of the sequences produce a variety of short and medium-length periods; most of their frequencies are distributed
in the left side of the histograms. The ECAs in this class have evolutions characterised by several structures where den-
sity varies in different periods.

These types of ECAs can be related to Wolfram’s classification in a qualitative way. Class I and II are associated with ECAs
type A, Class III with type B; and Class IV (or particularly, ECAs producing gliders) with type C.

Fig. 17 exposes the histogram for rule 110 with n = 100 and k = 600.

The histogram shows several short and medium-length periods periods as expected for a complex ECA. For n = 100,200
and 400; and k = 600, Fig. 18 presents the estimated density surfaces for rules 15, 22, 30, 90, 54 and 10.

For these ECAs, the histograms of estimated periods are presented in Fig. 19. These histograms illustrate the expected
behaviour for every class of ECA. The periodic ECA (rule 15) shows a majority of periods 1 and 2; chaotic ECAs (rule 22,
30 and 90) have a majority of aperiodic iterations or periods in the right side of the histogram. Finally, complex ECAs (rule
54 and 110) expose a majority of periods in the left side of the histogram; most of them are periods greater than 1 or 2.

The surfaces and histograms obtained with the previous algorithms are based on a minimum sample of configurations;
therefore, the results so obtained are just approximations for the real behaviour of ECAs and we lost precision as we take a
greater number of cells.

5. Atlas of surfaces and histograms in ECAs

Figs. 20-22 display the estimated surfaces with n = 100 for the 88 representative ECAs. Fig. 23 presents the histograms
associated only to ECAs type B or C. The rest of ECAs have trivial histograms showing one or two very short periods, as the
case of rule 15. Therefore, they are not included in the figure.

The surfaces and the histograms offer some interesting results:

1. ECAs normally categorised as Class I (rules 0, 8, 32, 40, 128, 136, 160 and 168) have estimated surfaces largely defined by
horizontal planes.

2. Reversible ECAs (rules 15, 51, 170 and 204) have estimated surfaces defined by 45-degree inclined planes. Rules 29 and
184 also have this kind of estimated surfaces. This means that these rules are density conservative for an even number of
evolutions.
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Fig. 20. Estimated surfaces for rules O to 34.

3. Two Class Il rules (26 and 154) are classified as type B. These ECAs form isolated periodic structure whose period depend
on the distribution of states in the initial configuration. Fig. 24 depicts some examples of evolutions in these ECAs and the
behaviour of density in time.
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. Estimated surfaces for rules 35 to 106.

961

4. Two Class Il rules (62 and 73) are classified as type C. The first ECA produces simple self-mobile structures in a periodic
background. The second ECA generates isolated vertical structures of different periods. Examples of evolutions and den-

sity behaviour is presented in Fig. 25.
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Fig. 22. Estimated surfaces for rules 108 to 232.

Table 1 shows the classification of the 88 representative ECAs with regard of their estimated density dynamics. The dif-
ferent types of ECAs are compared with Wolfram’s classification.
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Fig. 23. Histograms of estimated periods for ECAs type B and C. These ECAs show a nontrivial behaviour in their density dynamics.

6. Discussion

This work has considered the value of a binary sequence to obtain a function for the density in ECAs. This function is mod-
elled by surface interpolation, thus we obtain two surfaces, one for density and the other for binary values.

For a small number of cells, the surfaces can be calculated so that they capture the entire behaviour of an ECA. With this,
we are able to reproduce the exact dynamics of density in time. Besides, we obtain a compact representation (only two sur-
faces) to model the density behaviour of ECAs.

These surfaces are useful to estimate the long term ranges of density and binary values, and calculate the difference sur-
face to analyse the behaviour of density in ECAs.
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The most relevant analysis described in this paper is the histogram of periods. The process of taking a sample of initial
pairs of density and binary values, and iterate them in the surfaces; is very useful to estimate the periods produced by ECAs.
The histogram is able to classify the frequency and length of these periods, giving an approximation for the dynamic behav-

iour of ECAs.

This process can be extended for hundreds of cells to have a rough estimation about the dynamics of ECAs. In this way,
periodic ECAs produce histograms with a majority of periods 1 and 2; in chaotic ECAs, the histograms show a majority of long
periods or aperiodic sequences. Finally, complex ECAs generate histograms with a majority of short and medium periods.

Algorithm 3 takes only 2n iterations (instead of 6n) and detect periods in the last n values (instead of 2n) to save com-
putational resources. Nevertheless, with these values we obtain satisfactory results in the analysis and classification of ECAs.
Therefore, the present analysis offers a numerical tool to automatically classify and recognise ECAs displaying complex

behaviour, chaos, or periodic behaviour.

Rule 73
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Table 1

Classification of the 88 representative ECAs according to their estimated density dynamics (EDD) and the comparison with Wolfram’s classification (W).
Rule EDD w Rule EDD w Rule EDD \WY Rule EDD W
0 A 1 26 B 11 56 A 11 132 A 11
1 A 11 27 A 11 57 A 11 134 A 11
2 A il 28 A I 58 A 11 136 A I
3 A il 29 A I 60 B 11 138 A 11
4 A 11 30 B 11 62 C 11 140 A 11
5 A il 32 A I 72 A 11 142 A 11
6 A il 33 A il 73 C 11 146 B 11
7 A 11 34 A 11 74 A 11 150 B 111
8 A I 35 A il 76 A 11 152 A 11
9 A il 36 A il 77 A 11 154 B 11
10 A 11 37 A 11 78 A 11 156 A 11
11 A 11 38 A 11 90 B 11 160 A I
12 A I 40 A I 94 A 11 162 A 11
13 A il 41 B v 104 A 11 164 A 11
14 A 11 42 A 11 105 B 11 168 A I
15 A I 43 A il 106 B v 170 A 11
18 B 11 44 A il 108 A 11 172 A 11
19 A 11 45 B 11 110 C 1\ 178 A 11
22 B 111 46 A il 122 B 11 184 A 11
23 A I 50 A il 126 B 11 200 A 11
24 A I 51 A I 128 A I 204 A 11
25 A I 54 C v 130 A 11 232 A 11

7. Conclusions

The analysis of cellular automata is still open to the application of numerical tools commonly used in other fields in order
to obtain new models and results in the dynamics of these systems. The approach presented in this paper shows that simple
concepts developed in other areas offer interesting results when are applied in the study of cellular automata.

Further work implies the extension of the process described in this manuscript for a larger number of cells. Every con-
figuration has a unique binary value, but it is difficult to calculate when hundreds of cells are taken. With the process pre-
viously presented, we need a way to order configurations with the same density and not the calculus of a complete binary
value.

Other kinds of surface interpolations could be useful to obtain better estimations for the dynamic behaviour of ECAs; and
defining ways to discriminate configurations with the same density in two or three dimensions would extended this process
for cellular automata in higher dimensions.

The results presented in this manuscript have been focused on the analysis of density in ECAs. Nevertheless, a further
study can be developed taking now the binary value b(c). These results could be compared and complemented with the ones
obtained by [31] in order to classify ECAs based on the temporal dynamics of binary values.

Finally, the methods presented in this paper could be modified to be applied in cellular automata with a bigger number of
states or different from the classical specification. For instance, probabilistic cellular automata [32] or cellular automata with
memory [33,34]. Besides, other kind of complex systems could be analysed with these methods, as coupled map lattices and
random boolean networks [32,35]. In these cases, perhaps more than two surfaces should be calculated for modelling the
densities of distinct states, or mapping continuous spaces to binary sequences in a similar way to [31] so that we can use
the analysis exposed in this paper.
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