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Abstract. This paper presents a solution for Density Clasatfon Task (DCT) using Cellular
Automata (CA). The density preserving property el as the translation property of fundamental
CA rules in 1-D are combined together to obtain BET solution.The project has been
implemented in software using C# programming laiggu@his work is totally related to the idea
of understanding the impact of the inherently Idoérmation processing of CA on their ability to
perform a coordinated computation at the globaklewas mediated by an evolutionary process.

1. INTRODUCTION

For the past 50 years cellular automata In the CA two-state version it is desired
(CA) have established themselves as populahat the evolved cellular automaton becomes
platforms to investigate complex phenomenaeither all 1's or all 0's depending on whatever the
Their attractiveness stems in part from theiinitial configuration image was more than half
ability to expose highly complex or even chaoticl’'s or more than half 0's, respectively. The
behavior from an initially simple spatial evolution of such a CA algorithm is thus a means
configuration and set of update rules. Anto “classify” the binary strings of 0's and 1's
important insight that CA may provide is that inaccording to their frequency (density) [2].
contrast to real world systems their dynamical Roughly speaking, densities of local
laws are not bound by the classical laws ofegions are classified and these regions expand
physics. The updating rule depends only on thaith time. Where there are regions of equal
state of the component and on the state of itdensity of 0's and 1's, a checkerboard or
neighbors, thus no component can "observe" thehite/black boundary signal is propagated
whole system. It is usually easy to modelindicating that the classification is carried ount 0
biological and other complex systems with thea wider scale.
help of CA. This paper starts with a short review of

On the other hand the problems which ar&€CA and of relevant related research. This is
intrinsically global in nature like the Density followed by the surveys on earlier work that
Classification Problem (also known as Densitypresents the DCT, including the known solutions
Classification Task (DCT)), first introduced byto be analyzed. Section 4 is about the
Packard, is a simple counting problem [1] but, iSmplementation of the proposed algorithm to
very difficult for any CA to get its solution, siac solve 1-D DCT problem. Finally, section 5
it has neither the memory to keep a cumulativeoncludes the paper.
count nor the spatial range of perception to make
a correct assessment. The DCT is therefore 2. BASIC CONCEPTS ON CA
attracted a great deal of interest to many CA
researchers to test and measure the computing  CA first introduced by J. v. Neumann [3]

ability of CA. and further popularized by S. Wolfram by
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publishing a book entitled “A New Kind Of cells for one-dimensional cellular automata
Science[4] encourage other researchers to wonlespective 5 cells for bi-dimensional cellular
in this area because of its regular, modularautomata¥on Neumann Neighbourhgodn this
simpler and easily cascadable computingase, for establishment of the next state of a one
structure. Further, the parallelism propertycell the direct neighbours are considerate. The so
inherently embedded in the CA tool dramaticallycalled Moore Neighbourhoodwith 3 cells for
increases the performance of any application thane-dimensional cellular automata respective 9
uses it. cells for bi-dimensional cellular automata
CA are mathematical idealizations of considers both kinds the direct and the diagonal
physical systems in terms of discrete space antkighbours.
time, where each cell can assume the value eith—_—@—@—@— —00@—
0 or 1, and the interactions are only local.

Despite of its simple description CA has beer
extensively used as models for complex systernr
in different areas. CA models have been applie
to fluid dynamics, plasma physics, chemical
systems, growth of dendritic crystals, economics
two-directional traffic flow, image processing

and pattern recognition, parallel processing vonMeuwman Meighbohood Moore Heighborhaod
random number generation, and have even been Fig. 1 — CA classical neighborhood

used as a model for the evolution of spiral

galaxies. CA has also been applied to several The state of each cell is updated

physical problems (modeling of very simultaneously at discrete time steps, based on
complicated physical or chemical processeshe states in its neighborhood at the preceding
molecular computing, pattern generators), wheréme step. The algorithm used to compute the
local interactions are involved. In fact, CA next cell state is referred to as the CA local.rule
represents a particular class of dynamicaUsually the same local rule is applied to all cells
systems that enable to describe the evolution aff the CA.

complex systems with simple rules, without » D * Q
using partial differential equations. »>
; . Clock
A CA consists of a regular uniform n- T

dimensional lattice (or array). At each site of the
lattice (cell), a physical quantity takes values.
This physical quantity is the global state of the

CA, and the value of this quantity at each cell is cL
the local state of this cell. Fromieht | ™ From right

Each cell of the CA is restricted to local neighbor neighbor
neighborhood interactions only, and as a result it Fig. 2 — Typical CA cell
is incapable of immediate global communication.
The neighborhood of the cell is taken to be the The cells evolve in discrete time steps
cell itself and some or all of the immediatelyaccording to some deterministic rule that
adjacent cells. depends only on local neighbours. In effect, each

The CA evolves in discrete steps, with thecell consists of a storage element (D flip-flop)
next value of one site determined by its previouand a combinational logic (CL) implemented the
value and that of a set of sites called the neighb@ext-state  functions (see Fig. 2). The
sites. The extent of the neighborhood can varysombinational logic is called the “rule” of the
depending among other factors upon thecA.

dimensionality of the cellular automaton under The next-state function describing a rule

consideration. for a three neighborhood CA cell can be
The width of the neighbourhood of the expressed as follows:

cellj is the width of the neighbourhood at thih | a (t+1) = f[a (t),a,(t),a_(1)] 1)

side of the array. Classical examples for cell
neighbourhood are presented in Fig. 1 with 3
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wherei is the position of an individual cell Class 4:CAs having complicated localized and
in one-dimensional array of cells,is the time propagating structures. CA of this class are
step, and is the rule of CA. capable of universal computation.

For the cells aand a it can be noted that Classes 1 and 2 are more or less self-
different boundary conditions can be imposedxplanatory. However, the temporally periodic
such as Null, Periodic, Fixed, Adiabatic,evolution of a spatially disordered configuration
Reflexive, Intermediate, etc. In case of Fixed“spatial chaos”) falls into class 2. In class 3,
boundarythe extreme cells are connected by &chaotic” is taken to mean “spatio-temporal
pre-assigned fixed logic 0/1 states. If the extremdisorder”, in the sense that the number of distinct
cells are connected by logic 0 states then it ispace-time patches growth exponentially with the
called Null boundary CA. In case of Periodiclinear size of the patch along both the spatial and
boundarythe extreme cells are connected to eactemporal axes. Class 4 has been the subject of
other and form a cycle. In case of Adiabaticspeculation about its possible computational
boundarythe missing neighbors states (or virtualcapacity. It has been suggested that CA in this
neighbors) are duplicate of the boundary celtlass may be capable of universal computation,
values. In case of Reflexididoundary the value that is, of implementing a universal Turing
of left and right neighbors are same with respeanachine. Class 4 was defined by the presence of
to the boundary cell. In case of Intermediatespatially isolated transients of many shapes
boundary the value of the left (right) boundaryevolving for arbitrarily long times.
will be the same as the cell value present at its We can regard these cellular automata as a
next to next ((previous to previous) cell. metaphor of a universe whose physics is reduced

If the same CA rule determines the %tfe to some fundamental simple laws. Regarding the
bit in each cell of a CA, the CA will be called aUniverse we live in, it seems for the physicists
Uniform Cellular Automaton; otherwise it will not to have managed until now to discover a set
be called a Hybrid Cellular Automaton. In caseof fundamental simple lows, but it is possible for
of 1-D, 3-neighborhood, 2-state the number of althem to do that taking into account their efforts
possible uniform CA rules is®2= 256. These made in this direction. The cellular automata
rules are enumerated using Wolfram’s naminguggest just the fact that the Universe could
convention [5] from rule number O to rule remain for us as mysterious as it was until now,
number 255 and can be represented by a &ven if those universal lows would be discovered
variable Boolean function. Under this [4]. The inventors of the cellular automata, S.
perspective these three rules, which will be usetdlam and John von Neumann, wanted to show
in latter sections, are considered fundamental artiat the most elementary rules could lead to too
are shown in Table 1. complex consequences for someone to guess

_ them. Although the local behaviour of the
Table 1. 3-fundamental 1-D CA rules with 3-zutomatons is perfectly transparent, the overall
neighborhood structure behaviour it seems that will never be completely

7 6 5 4 | 3 2 1 0 understood.
111 | 110 | 101 | 100 | 011 | 010 | 001 | 000

30 0 0 0 1 1 1 1 0

9 | o0} 1] o) 1] 1] o] 1] © 3. SURVEY ON IMAGE DCT
150 | 1| o o 1| of 1| 1] o

Rules

- _ DCT as reported by [1] is a simple

CA, based on the statistical properties Of., 5 ting problem in which the CA starts with

the three neighborhoods, can be classified intgn jpjtia| configuration and forms a configuration

four categories [5]: with either all 1's or all 0's depending on which
Class 1: CA’s that evolve to a homogeneousyhe higher initial density had. For example, if the
final global state. L CA's initial state contains 80% 1's and 20% O’s
Class 2:CAs in which each state lies in Somey,q there are more 1's than 0s so the CA should

cycle (p(?riodic behavior). _ become 100% 1's and remain in that state. Like
Class 3: CAs that exhibit chaotic or pseudo-\yise if the initial state contains 40% 1's and

random behavior. This model is suitable forgnes o's then the CA should become all 0's
pseudo-random pattern generation. '
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It has been proved that no 1-D two-state A solution of 2-D DCT can be found in
CA can be constructed, which classifies binary15]. Result of this paper shows that, for two-
strings according to their densities of 1's and 0’'slimensional task, a perfect rule does not exist.
[6]. Further it has been demonstrated [7] that &lowever, their experiments show a good
solution to the density classification problemperformance even when radius of neighborhood
does exist, defining a different output inis minimum.
comparison to that of Packard and [8] An interesting question is to design a
demonstrated that a rule, which resolves thgeneral algorithm to solve 1-D and 2-D density
density classification problem, for a one-classification problem according to an arbitrary
dimensional elementary CA, has to satisfy twacritical density g. To the best of my knowledge
conditions: no earlier work exists that discusses this

1. The density of the initial configuration nus problem.
be preserved over time.

2. The rules table must exhibit density of 0.5 4. IMAGE DCT—-CA ALGORITHM
implying that it should be a balanced rule.

A group of researchers of the Santa Fe The DCT algorithm presented in this
institute uses Genetic Algorithm (GA) to evolvepaper for 1-D arrives from a two-phase
CA rules, which are able to solve the problem 0Brocedure as a slight modification of the classical
the DCT. Results of selected rules can be foungCT definition originally introduced by Packard
in [9, 10]. (1988). The initial CA configuration with the

An alternative, however, is the use of theapplication of proper CA rules results in an
algorithm developed by [11] and [12] for runningintermediate CA configuration of 0's and 1's and

a CA rule backwards. In other words, find a CAthen the CA picks up the classification decision
rule such that the whole of configuration-space igased on the pre-produced densities.

divided into precisely two basins of attraction; The algorithm discussed here to solve 1-D
one of which consists of all rules with densityDCT problem can be divided into two-phases:
greater than the critical densityand has as its v A preprocessing phase and
attractor the state of all 1's, and the other v" A decision phase.

consisting of all other configurations and having In the preprocessing phase the initial CA
as its attractor the state of all O0's. configuration of lengtt is evolved by CA rules

This then raises the possibility that one cang reach at a particular type of configuration mfte
now avoid some of the difficulties, both which a decision regarding the densities can be
conceptual and computational, of the standarghade in the decision phase.

‘forwards’ approach. For example, one might be In the preprocessing phase we use three
able to more efficiently estimate the performanceundamental 1-D CA rules. These rules are called
of a rule not by picking CA configurations at 226 for all the cells fromato x,4, 14 for cell x

random and following each of them forward toand 64 for cell x in Wolfram convention [5].

their attractor. The main problem in this These rules have the ability to translate 1's from
approach is the wide variation in quantitativeleft to right, from the bcms to the bcmps and
results obtained when sampling different parts opreserves the number of 1's and 0’'s constant
the attractor basin. _ throughout the evolution. One such intermediate

In [13] a genetic algorithm evolves 1-D configuration to be used in the pre-processing

CA in order to perform the classical main task igshase of the proposed 1-D DCT algorithm is
reported. First time this paper uses higheshown in fig. 3.

number of states called multi-states CA anc

solves the density classification problem. Thei EIIIIIIIE]IJIHIIIII:I

result shows that there is a substantia Va .

homogeneity between elementary CA and mult : l

state CA. M— T S—
In [14] a pair of elementary rules, namely I [ ([ ([ [ [[[[1111]

the “traffic rule” 184 and the “majority rule” 232, equal density

performs the density classification task perfectly. ~Fi9- 3 — Possible intermediate outputs for taking
decision in 1-D DCT algorithm
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After preprocessing phase is over
depending on the length of CA is either even or -
odd a decision is made in the decision phase. Read input image
(Initial CA configuration)
For an odd length CA only two outputs

are possible, which is either dense in 0’'s or dense
in 1's. In this case only looking the value of the
middle cell X,+1y is either O or 1, it is possible to
take the decision of classification.

In case of an even length CA, looking two

cells value ¥, and %.).1 Situated at the middle 3
and the (middle+1) positions respectively one _‘CV‘
can take the decision for their densities. Apply rule 14 for cell x; Q

It may be mentioned here that in the g’
decision phase two types of outputs are possible * BT
for DCT. In first type, one can print the output as 8
the starting CA is dense in O’s or it is dense in Apply rule 64 for cell x, S
1's for odd length CA in addition with another * ot
possibility to print equal density in case of even )
length CA. This way of output is required for the Apply rule 226 for cells X, t0 X1 o

DCT problem defined by (Capcarrere et al.,
1996).

In the second type, knowing the
information that the CA is either dense in O's or
dense in 1's a trivial rule: rule O or rule 255 may
be applied to get an output of 1-D DCT defined
by [1]. Thus in this way it can able to solve both
the original DCT defined by [1] as well as the
DCT defined by [7]. T
The proposed two-phase algorithm to solve 1-D
DCT problem using the three CA rules (14, 226 Fig. 4a — Diagram of the DCT preprocessing phase
and 64) is presented in fig. 4a and fig. 4b.

The preprocessing phase of the algorithm For an odd length CA only two outputs
generates the required intermediate image likare possible, which is either dense in 0's or dense
fig. 3. Starting from the initial configuration of in 1's. In this case only reading the middle cell
lengthn, in the worst case CA is evolved up o ( value of the vector x ..., X, one can take the
-1) times. In each evolution process, rule 226 igecision of their densities.
applied to all the cells except the boundary cells For an even length CA, the decision for
(X, and x). density classification is made on reading two cell

values situated at the middle and the (middle+1)
positions of the vectorx..., X,

Some update
of the cells
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Continued from
Preprocessing phase

Print: “CA is dense in 1's”

-4
cells x,, and X(n/2)+1 = 00

(O]
v ()
Print: “CA is dense in 0's” g

Print: “CA is dense in 0's” | o
C
Yes (o]
cells x,» and X(n/2y+1 = 10 'a
O
(O]
(]

Print: “CA is dense in 1's” Print: “equal density in 0's and 1's”
-

STOP

Fig. 4b — Diagram of the DCT decision phase

The complete DCT — CA application
including the two phases (pre-processing an
decision) was fully implemented in software
using C# programming language. In Fig. 5 is
presented a relevant instance of a demonstrati
task applied to a common input composed fron
the following bits: 0000101111011.

Density Classification Task - Cellular Automata

=S

Generation
START No.

DECISION: Input image is dense in 1's

Density Classification Task - Cellular Automata

FEX
EEEEEEEEEEEEEEEEE.

et 0010101101011101 > 47828
0101010110101110 > 30122
; 1010101011010110 > 27477
Cellular &utamata Length: l:l T T D e
: 1110101010110100 > 11607
LA settings 1111010101011000 > 6831
) 1111101010101000 > 5471
O Graphic 1111110101010000 > 2751
O Test 1111111010100000 > 1407

1111111101000000 -> 767
1111111110000000 -> 511
-> 511

(%) Graphic and Text

REFRESH

Syt s 0001010111101 > 6056

0010101011110 > 3924

Cellular Automata Length: |13 v 101010101110 -> 3754

ot [13 o ] 1010101010110 > 3413

: 1101010101010 -> 2731

L4 settings 1110101010100 -> 1367
1111010101000 -> 687
O Graphic 1111101010000 -> 351
O Test 1111110100000 -> 191

1111111000000 -> 127
© Graphic and Text 1111111000000 -> 127

Generation
START | o |:| REFRESH

DECISION: Input image is dense in 1's

Fig. 5 — DCT — CA algorithm for a random input
string of length 13

The following figures (fig. 6, fig. 7 and
fig. 8) demonstrate the outputs obtained by the 1
D DCT algorithm by considering three different
initial 1-D CA of length 16. Only the

Generation
START Mo

DECISION: Input image has equal density in 0's and 1's

Fig. 6 — DCT — CA algorithm for an input string of

length 16: 0010101101011101

ensity Classification Task - Cellular Automata

EEX
EEEEEEEEEEEEEN e

\wWorking Mode 0000000101111111 -> 65152 A
0000001010111111 -> 64532
) 0000010101011111 -> 64160
Cellular &utamata Length: l:l B T Rt
0001010101010111 -> 60072
C4 seftings 0010101010101011 -> 54612
) 0101010101010101 -> 43690
O Graphic 1010101010101010 -> 21845
O Test 1101010101010100 -> 10923

1110101010101000 -> 5463
1111010101010000 -> 2735

1111101010100000 -> 1375
|:| REFRESH| 1111110101000000 > 703

(%) Graphic and Text

intermediate output is shown based on which aFig. 7 — DCT — CA algorithm for an input string of

decision can be made.
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