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Applications of cellular automata: attractors
and fractals in analytical chemistry?
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A cellular automaton is a discrete dynamic system of simple
construction, yet capable of exhibiting complex self-organiz-
ing behavior. A celular automaton can be used to mode dif-
ferential systems by assuming that time and space are quan-
tized, and that the dependent variable takes on a finite set of
possible values. Cellular-automaton behavior falls into four
diginct universality classes, analogous to (1) limit points, (2)
limit cycles, (3) chaotic attractors (fractals), and (4) ‘univer-
sal computers'. The behavior of members of each of these
four classesis explored in the context of digital spectral fil-
tering. The utility of class 2 behavior in experimental data
analyss is demongrated with a laboratory example.

Most chemists, if they have heard of cellular automa-
ta a dl, are probably familiar with them only as a
means of synthesizing complex computer-graphic
images. The public’'s view of automata has been
shaped by cinematic applications like the Lucasfilm
Computer Graphics Laboratory’s creation of the
‘Genesis bomb’ explosion in Star Trek || — The
Wrath of Khan. The perception of automata as an
arcane mathematical construct has prevented their
application to a number of problems for which they
are naturaly suited, and has left many researchers
with the public’'s impression that cellular automata
are best left in the hands of Hollywood's high-tech
artists.

Nevertheless, cellular automata have been ap-
plied both to theoreticd problems and experimenta
data anadysis. For example, workers at the Univers-
ty of Toronto have used such constructs to theoreti-
caly model the formation of stars and gaaxies, and
cellular-automaton-based computers have been
used to analyze data transmitted to earth from Land-
sat satellites®. The purpose of the present review is to
outline what a celular automaton is and how it
works, and to show how automata can be used to
study real systems. The cellular automaton as a
problem-solving machine will be compared to the

more common Turing-machine approach in the
course of this discussion.

In essence, the comparison between Turing ma-
chines and cellular automata is a comparison be-
tween sequential and parald methods of problem
solving. Turing machines and cellular automata are
both mathematical constructs that can be used to in-
vestigate the process of computation. Modern com-
puting is based on theories developed using the Tur-
ing machine, and the use of parale congructs like
cellular automata represents a fairly recent develop-
ment in computing.

The Turing machine and its operation have been
described thoroughly”, and only a brief discussion is
necessary here. The Turing machine is usually
thought of as a mechanical device, athough few
would bother to actually build one. (The operation
of the machine is much more efficiently simulated on
paper.) The ‘machine’ is composed of a tape (con-
taining ‘ones’ and ‘zeroes’) and a tape scanner, and is
really quite similar to a cassette recorder. The only
real difference between the Turing machine and the
tape recorder is that the Turing-machine head reads
and writes in both directions on a single track. The
direction of the head’'s movement and its read/write
mode are determined by the state of the machine and
the information configuration of the data tape. The
head moves in discrete steps and operates on only
one value on the tape at a time. The head’s next step
is determined by the current value on the tape (at the
head) and the current state of the machine (a config-
uration of ‘switches that is itself determined by the
previous value at the tape head). Despite its seem-
ingly simple construction, the Turing machine has
been shown to be capable of performing the most
complex calculations, given enough time.

The simplest celular automaton resembles the
Turing machine in that it aso starts with a one-di-
mensional array of data values. In celular automata,
however, each site can directly communicate with
some of the others, and the values at al of the posi-
tions along the array are updated simultaneoudly in-
stead of one a a time (sequentialy). A cdlular auto-
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maton is perhaps the simplest architecture for a mas-
sively parallel processor.

In a typica cdlular automaton, each cell in the ar-
ray contains one member of a finite set of possible
cell values. The values in dl of the cells change ac-
cording to the same set of rules (a program). These
rules describe the state of a cell as a function of the
previous value in the cell and the previous vaues of
the cdls in some defined neighborhood around the
central site. The values in al of the cells are synchro-
nously updated. In the simplest case, a celular auto-
maton is a one-dimensional array of cells arranged
on a line so that each cell has only two nearest neigh-
bors. A more common computational configuration
has the cells in a 2-D square array, giving each cell
eight nearest neighbors. Mathematical anayses of
cellular automata treat the cells essentialy as ‘mail-
boxes', and describe the tempora evolution of struc-
ture in the cell-value configuration. The computatio-
nal implementation of cellular automata is a bit more
complex, with each cell representing a simple pro-
cessor, some memory, and an 1/O device. (As a mat-
ter of historical interest, the name ‘automaton’ came
about as the result of John von Neumann's attempts
to construct a machine that could reproduce itself.
When Von Neumann adopted Stanisaw Ulam's sug-
gestion to move the search for self-reproducing sys
tems to the mathematical level, and Von Neumann
discovered geometric configurations that sponta
neously replicated in an aray, cdlular automata
were born. )

The difference between conventional computing
and computing in a cellular-automaton framework is
essentialy the difference between paralle and se-
quentiadl methods of problem solving. In sequential
problem solving, of course, a problem is broken into
steps, each one of which must be solved before the
next step can be attempted. In paralel problem solv-
ing, however, the problem is broken into pieces
somewhat differently, so each piece can be solved in-
dependently of the others. (As mentioned above,
cellular automaton sites generally communicate with
a certain neighborhood of nearby cells, so the calcu-
lations are not totaly independent.) Turing worked
to prove the sequentia method capable of universal
computing, while Conway and Wolfram did the
same for the paralld method using cdlular automa
ta

Cellular-automaton behavior (in terms of cell-
value configurations) falls into four distinct univer-
sdity classes’. Because celular automata can be
considered approximations of differentia  equations
(with large numbers of discrete degrees of freedom),
it is not too surprising that these configuration
classes paralle the kinds of behavior of non-linear
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ordinary differential  equations. Each configuration
class can be categorized with respect to its self-orga-
nizing behavior, and in particular to its attractor. A
good appreciation of each of these classes of behav-
ior can be obtained when one examines their perfor-
mance in a digital-filtering context. To simplify the
following discussion, a synthetic digitized *spectrum’
of 100 readings was created with full-scale peaks
(given a value of 1) and a noiseless basdine (given a
value of zero). The 100 synthetic spectral values that
were created are; 0110011011001111011001011111
1101100101010001000010101000000100001110000
11001101111101011100101101010. The plots in Figs.
I-4 depict contours of a 100 x 100 element array de-
noting transitions between the 0 and 1 readings. The
original ‘spectrum’ (which is the same for Figs. 1-4)
occurs above the top row of each figure. The subse-
guent rows in the figures represent 100 successive
synchronous steps in the temporal evolution of the
1-D automata. Each successive synchronous step is
equivdent to a filtering pass on the previous spec-
trum, producing a new sequence of readings.

Fig. 1 depicts a celular automaton rule acting on
the spectrum to produce class 1 behavior. Class 1 be-
havior is characterized by a limit-point attractor:
temporal evolution from al initia states tends to-
ward a homogeneous final state. In other words, a
class 1 filter acting on a spectrum tends to reduce all
of the peaks to a flat baseline (with a non-zero value,
perhaps). Running-means filters (among other rules)
have this effect.

Fig. 2 depicts a class 2 cellular-automaton rule act-
ing on the same initia spectrum used in Fig. 1. Class
2 rules are characterized by limit-cycle behavior:
temporal evolution from all initid states tends to
propagate the value-structures around some sites in-
definitely while extinguishing the values a the re
maining sites. The value of a particular cell after a
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Fig. 1. A class 1 rule operating on a synthetic spectrum.



242

trends in analytical chemistry, vol. 7, no. 7, 1988

Time

Spectrum
Fig. 2. A class 2 rule operating on a synthetic spectrum.

large number of time-iterations depends upon the
initid vaues & a definite number of the ‘origind’

cdls. Running-median and certain other non-linear
filters show this kind of behavior, which is desrable
from a gpectrd-filtering or image-enhancement
standpoint, because al values that are not part of a
target dructure are eventudly extinguished.

Fig. 3 shows a class 3 rule acting on the same initid
gpectrum used in Figs. 1 and 2. Class 3 rules are
characterized by chaotic (drange) attractors. tem-
pord evolution from dl initid sates leads to repro-
duction of the origind dructures a& seemingly ran-
dom locations and scades. This random scding is
typicd of fractds, and in fact, fractd dimensons can
be caculated for cdlular automata®. As the number
of time-iterations increases under a class 3 rule, the
vaue in a paticular cdl is determined by an ever-in-
creeang number of the initid cdls. The chaotic pat-
tern that evolves has a fractd sdf-amilarity that is
undesirable from a spectra-filtering point of view,
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Fig. 4. A class 4 rule operating on a synthetic spectrum.
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Fig. 3. A class 3 rule operating on a synthetic spectrum.

because the pattern means that peaks would sponta
neoudy replicate in the gpectrum during filtering,
and would congantly change location and magni-
tude.

Fig. 4 illugrates the fourth class of cdlular-auto-
maton behavior, again usng the same initid spec-
trum as the previous three figures. Class 4 rules are
characterized by the lack of a definite attractor: tem-
pord evolution from dl initid sates leads to config-
urations that may continue to change indefinitely, or
may become extinct after the next time iteration.
The vaue of a paticular cdl after a number of time
iterations depends on the vaues of an indeterminate
number of initid cdl vaues In other words, there is
no generd finite dgorithm capable of predicting
whether the cdlular automaton will evolve to a
homogeneous date after a certan amount of time,
or whether some gructures will continue to exig af-
ter an abitrarily large number of time iterations.
The find configuration of a dass 4 cdlular automa:
ton is thus formaly undecidable, except by the expli-
ct gmulaion of every dep in the evolution of the
cdlular automaton. The undecidability of the pard-
lel-processing problem in cdlular automata corre-
gponds to the insolubility of the hating problem in
universd Turing mechines (the logicd condruct
upon which modern CPU-based computers are pred-
icated)*. Class 4 cdlular austomata can be considered
as modds for padld processng in generd, and
some work indicates that cdlular automata may be
better models for computing a certain levels than
the more conventional Turing-machine congruct!

Padld processng usng cdlular automata has
many red applicaions, both insde and outsde of
chemistry. Mackay® has proposed cellular automata
as away of developing a unified theory of crystd for-
mation capable of describing the 230 space groups as
well as the occurrence of pseudosymmetry and loca
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Fig. 5 The Indiana Universty logo was painted in this format
(usng red and green acrylic paints) on illustration board. The
logo was then covered with one layer of white acrylic paint and
one layer of white enamd paint.

symmetry. Burks and Farmer’ at the Los Alamos
Nationa Laboratory have been working on modd-
ing the evolution of DNA sequences usng cdlular
automata. Axdrod and Hamilton have described
the evolution of cooperation in a Dawinian world
usng degant experiments involving cdlular auto-
mata and a variety of rules contributed by invited
theorists and by people responding to a magazine ad-
vetisement. At Indiana Univerdty we have recently
been gpplying cdlular automata to the three-dimen-
sond imaging of surfaces by means of near-infrared
reflectance spectrometry. The types of surfaces we
have chosen to invedtigate are painted, specificaly,
the painted walls in higoric buildings that are being
restored'.

Over time, the accumulation of dirt and smoke on
historic surfaces, as well as the aging of overcoat lay-
ers like varnishes, gradualy obscures both the color
and pattern of paintings, muras, and wals. Typi-
cdly a generd darkening of the surfaces gradudly
destroys their color and contrast. Later, restorers
may repant these surfaces to match their present
(decadent) condition, and might consequently con-
ced entirdy detal that was dready becoming ob-
scured by the aging process. Even very few such
cyces of aging and redtoration are sufficient to ater
fundamentdly the nature of a surface covered with
decordtive designs. Findly, politicad and aesthetic
congderations often result in the deliberate and totdl
concedment of origind surfaces in higoric build-
ings. In these cases the circumstances and even loca
tions of such dterations are often long forgotten.

The usud method of investigaing hidoric sur-
faces employs stereomicroscopic andyss and man-
ud dissection of individud pant layers to detect the
presence of conceded images and designs. This

Fig. 6. The attractor for the cdlular automaton formed by the
near-infrared  reflectance  spectra  of the  overcoat-concedled  paint-
ing in Fig. 5.

method is tedious and expengive, and it unnecessari-
ly damages the areas that do not conced interesting
subsurface patterns. A spectroscopic method is red-
ly smpler and less dedtructive.

In our work, a target surface was divided (not ne-
cessarily physicaly) into pixels (see Fig. 5), the near-
infrared spectra of these pixels was loaded into a cd-
lular automaton, and the cdlular automaton rules
were selected. The proper choice of (class 2 type)
rules forces the tempora evolution of the automaton
to converge on an attractor that is the image of the
subsurface design (see Fig. 6). The use of this non-
destructive spectroscopic method of reconstructing
subsurface images might permit restorers to choose
inteligently ether to redore the origind desgns
they find, or to duplicate them on a freshened sur-
face with new gencils.

Cdlular automata have contributed much to com-
puter graphics, and they have much to contribute to
chemistry and other sciences as wel. Mgor changes
in padld processng and the implementation and
role of pattern recognition are now underway'“. The
cdlular-automaton modd suggests that more than
just the process sensors used in pattern-recognition
methods can bendfit from smplification: the com-
puters, and even the caculations themsdves, can
benefit from a union of smplification and parallel-
ism. Future work, particularly in the area of pardld
dgorithms and the design of ingruments optimized
for use with such agorithms, will open up a range of
gpplications that have yet to be imagined.
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Developments In computer aided mass
spectrometry. a networked workstation
environment for data analysis
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Introduction

Mass spectrometry, just as other sophisticated an-
alytical techniques, has been profoundly affected by
the impact of computer methods and has, in its turn,
made considerable demands on these methods. The
diversity of the applications of computers in mass
spectrometry '3 can readily be appreciated by a con-
sideration of three magor areas. data acquisition, in-
strument control and data analysis. It is the purpose
of this article to look at developments in these three
areas from historical and technica viewpoints and
then to consider, in more detail, the impact of the re-
cent introduction of high-performance workstation
facilities for the analysis of mass spectrometry data.

0165-9936/88/$03 00

Data acquisition

Historically, the first regquirement for computers
in mass spectrometry was in data acquisition because
of the increasing amount of experimental data that
could be produced by this technique in a short period
of time. This problem was particularly acute in two
areas of mass spectrometry, i.e. the acquisition of
complete high-resolution scans to give eementd
composition data and the use of repetitive scanning
techniques in gas chromatography-mass spectrome-
try (GC-MS).

An early approach to these difficulties was the use
of off-line processing of recorded data. Off-line
methods are, however, inherently time consuming
and offer no possibility of feedback control. Again,
the interposition of a data-logging device, such as
magnetic tape, very often imposes technical limita-
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