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Fig. 1. Examples of some of the most frequently used 1-D and 2-D neighborhoods: (a) the 1-D von Neumann neighborhood; (b) the 2-D von Neumann
neighborhood; and (c) the 2-D Moore neighborhood.

the rule at the same time. The algorithm is simple and easy to imhere

plement and forms the first stage in a CA identification procedure. A

simple GA is then employed, starting with the obtained neighborhood, a=fa a2 -+ ap and

to search for the best matching local rule. Separating the neighborhood s=[1 s(x1) - s(wn) s(e1) X s(e2)
detection from the rule construction provides a new approach to CA
identification that overcomes many of the limitations of earlier methods
which were often restricted to low-dimensional systems.

]T

s(xy) X -+ X s(@n)].

Applylngbl * by = by X bQ,bl T by = b1 +b2—2 X by X bz,
andb™ = b (whereby, b2, b are binary numbers and is a positive
Il. NEIGHBOURHOODDETECTION integer) to (2) yields

The notation and background to CA neighborhoods and rules is

briefly introduced below. Snew(;) =8 X2 (3)

wherea is a P x 1 integer vector.
One way to detect actual cells in the assumed neighborhood
A cellular automaton is composed of three parts: a discrete latticef@11(x ), - -, cell(z,)} of cell(z;) is to calculate the contribution
neighborhood and a rule for local transitions. All cells in the lattice akgach cell makes te,..,(x;). Alternatively, since there is no direct
updated synchronously according to the local rule. The neighborhogdly to evaluate the performance of each cell, terms,isuch as
of acellis the group of the cells which are able to directly affectthe evet., ), s(x,,), s(x1) x s(x2), s(z1) x - - x s(x, ), which are formed
lution. Some of the most frequently used neighborhoods are illustratigém various combinations of all the possible cells, can be exploited
in Fig. 1. For simplicity, this paper only considers neighborhoods corfor this purpose. However, the effect each term hassgn.(z;)
posed of cells from time stefp— 1, but the results are not restricted tois entangled ins, it is therefore not easy to assess the individual
this case. There are various representations for a CA rule. In this papesfiformance directly from (3). The new procedure below is therefore
Boolean expressions will be considered. From [9], every CA rule withtroduced to overcome this problem and to calculate each contribution
ann site neighborhoodcell(z1),-- -, cell(x,)} can be written as  independently.
Equation (3) can be written as

A. Cellular Automata

Snew(2;) = a0 D ars(x1) B Dap(s(ar) *---xs(xy)) (1)

Spew = S XA (4)
whereP = 2" — 1, z; is the cell to be updatedyz;) is the state
of cell(x;) at time step — 1, s,.(;) is the next state inell(xz;). Where
a; (i = 0,---, P) are binary numbers ang = 1 indicates that the .
following term is included in the Boolean expression while= 0 Snew = [Sncw(2j (1)) Snew(@i(2)) -+ Snew(@;(NV))]
indicates that the following term is not included. and * represent s=[s"(1) "2 - ST =[si -+ sp
XOR and AN D operators, respectively. sT(H) =1 s(ei() - san(t) s(ei(t)) x s(ws(t))

B. Neighborhood Detection s@(8)) - x s(@a(t))]

Define the vectorX O R operatorD as ands.....,(z;(t)) is the updated state of cell at time stef, s(x;(¥))
is the state of celk; at time stept. Matrix S can be decomposed as
¢l S = E x Q, where
by b2 -+ bp]E C2 | _ (brxc1) @ (baxca) DD (bnxcn) er(l) -+ ep(l)
on E= ; : =[e; --- ep]
. . N . (N
whereb; andc; (¢ = 1,---,n) are binary numbers. Equation (1) can e1(V) er(N)
then be represented as is an orthogonal matrix

Snew(;) =s@a 2 E"xE = Diag [e1T X e[ o eTJ x ep]
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Fig. 2. Evolution of 1-D CARule22 on various 3-site neighborhoods.

andQ is an upper triangular matrix with unity diagonal elements

1 q2 q3 -+ qir
1 q23 v qz2r
Q =
1 gp1p
1

Equation (4) can then be represented as

Snew = EXQxa=Exa

wherea = Q x a = [@ -+ dp]" . Therefore,

S:ew X Spew = é’T X ET x E x a.

Due to the orthogonality of matrik, the contribution each tersy

(i =1,---, P) makes t®,.., can be calculated from (6) as
~2 T
a; Xe;, Xe;
t], = =~ = % 7
[C ] SZE’LU >< Snew ( )

The neighborhood selection is entirely dependenfcin. The se-
lection process can be summarized as follows:

1) Allthe termss; (: = 1,---, P) are considered as candidates for
Snew. FOri = 1,---, P, calculate
(i)
© o) =i af) = S XS
()7 x e
a0 _ (@) x ()" x e}’
(6) el ==

new X Snew.
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If [ct]g’) = IlchX{[LtJ( D=1, -+, P}, then thejth terms; is The evaluation function
selected. Lot — € b = &&]) alt]d[Ct]l ~ [(.it](lj)' . . MAX(Error(i)) — Error(i)
2) All the termss; (i = 1,---, Pi 7é ‘7).are considered as candi- eva(i) = MAX (Error(i)) — MIN(Error(i))
dates fors,,..,. FOri = 1,---, P,i # j, calculate
7 ) is then introduced to normalize the error function and act as the driving
€; XS; () ~(7) €5 X Spew L
Q12 = —F , ey =s; —qieer, ay = —2— force to minimize the error.
e Xe (eél))T X eg)
)y = (@52 x (eiNH)T x e C. The Reproduction Process
12 T . . .
Shew X Snew. The reproduction process contains two stages: parent selection and
r [ct]é") _ max{[ct]gi),i —1,---,P.i % j},thenthekth term genetic operation. The purpose of parent selection is to give more re-

productive chances, on the whole, to those chromosomes that are the
most fit. This paper uses the roulette wheel parent selection technique
in [10]. The selected parent is then used for genetic operations in the
breeding process. Crossover and mutation are the two most commonly
used genetic operators. Crossover produces new chromosomes which
have some segments of both parents’ genetic structure. Mutation ran-
The correct and minimal neighborhood can be detected from tdlemly alters one or more bits in a chromosome with a probability equal
set of terms selected using the procedure in Section II-B (details &ethe mutation rate. For details, see [11] and [12].
presented in Section IV-A). Denote the neighborhood obtained asWhen the GA is run, the population, evaluation function and re-
{cell(zn,),- -, cell(xn,)}, then the Boolean form of the rule to beproduction process work in combination to affect the evolution in the
identified can be written as search for a matching CA rule. After initializing the population, each
R , chromosome is evaluated by the evaluation function and a series of
Snew(@5) Zao © a18(Xn,) B B apy (s(eny) -0 % 5(2ng)) (8) cycles of replacing the current population by a new population begins.
whereP, = 2"27 ™1+ _ 1 (ny > n,). However, the selected terms!n each cycle, the evaluation, the parent selection, the genetic operation
do not correspond to the terms in (8) due to the significant differen@@d the insertion of the new population to replace the old population are
betweend and x operators. It is therefore necessary to use a GA ®rformed sequentially. The search process terminates when all chro-
search for the matching rule. However, now the number of rules the GRPSOMes in the new population converge to a single individual.
can select from has been considerably reduced because the neighbdsompared to the algorithm in [9] where a multi-objective GA with
hood the rule is operating on has been determined by the neighborh8giPopulations was employed, the GA in this paper is much simpler
detection procedure in Section 1I-B. and easier to implement. The pre-determined minimal neighborhood
The GA used in this paper is composed of three parts: a populati&\fhiCh is obtained in the neighborhood detection procedure enables the
an evaluation function, and a reproduction process, these are descrigPnd search objective to minimize the neighborhood structure in the

si. is selected. Let, = e}, a, = ag Jand[ct], = [et] .
3) Follow the procedure in (2) until eithér— Efzﬁ [ct]i < cofys
Py < PorwhenP; = P.c,sy is a desired tolerance value.

Ill. RULE SELECTION

below: GA to be discarded. It is also possible to eliminate the subpopulations
designed for the multi-objective approach of the earlier method. These
A. The Population simplications will therefore considerably accelerate the rule identifica-

The GA search is designed to select the appropriate terms frorﬁi%{1 Process.

term set which comprises all the possible combinations of states of cells

identified in the neighborhood detection procedure. fhendividual IV. SIMULATION STUDIES
in the GA population is therefore defined aslax I, binary vector  simulation results will be presented initially to illustrate the neigh-
ci. Each entry ine; corresponds to a term in the set borhood detection algorithm. The identified neighborhood will then be
ci(1) = 1,¢:(2) = $(2n, )y ci(3) = $(zng1)s - used, in Section 1V-B, as the input to the GA routine to determine the
. ’ CA rule.
ci(ne —ni +2) — s(an,)
ci(ng —ny +3) = s(xny) *8(Tny+1), - A. Neighborhood Detection
ci(Pr) = s(any) * -+ % 5(any) 1) Soatio-temporal patterns produced by 1-D CA Rule22 on

wherec;(j) = 1 indicates that the associated term has been selecf’é"a'OUS?’ siteneighborhoods:  The spatio-temporal patterns produced
ande:(j) = 0 otherwise. Define by 1-D CA Rule22 on various 3-site neighborhoods are shown in

Fig. 2. All of these were developed or2@0 x 200 lattice with time
fi=1 s(an () - slan (B)*x- % s(any(1))] evolution from top to bottom and a periodic boundary condition. That
C=ler ca -+ cm]t is the lattice is taken as a circle in the horizontal dimension, so the first

and last sites are identified as if they lay on a circle of finite radius.

wherem is the population size andindicates the position of the dataThe evolution started from an initial condition of a randomly gener-
point. The starting population is generated by filling each chromosorgged binary vector. The neighborhoodsceti(j) for (a) — (¢) are
with a randomly generated binary vector Bf bits. {eell(j—1), cell(j),cell(j+ 1)}, {cell(j — 2), cell(j — 1), cell(j)},
. . cell(§),cell(j+1),cell(j+2)}, {cell(j —4), cell(j — 1), cell(§ +

B. The Evaluation Function SJ;)}, z(;md {ccl(l(j —)2),00(11(‘7’),(:{311{(]’ +(2)}, )respe(ctively. Although

The evaluation function is used to assess the performancetioé patterns were all produced under the same rule, Fig. 2 clearly
each chromosome in regenerating the behavior of the obsergmbws the diversity induced by the different neighborhoods asso-
spatio-temporal evolution. Firstly, define the error function asiated with the rule. Fig. 2(a) was produced by the symmetric von
Error(i) = SY¥T |o(i,j) — 6(i.j)|, whereo(i, j) is the original Neumann neighborhood and is therefore composed of inverted sym-
measured state at data pajrfor chromosome ando(i,j) = ¢; @ f;  metric triangles of varying sizes. However, the triangle structures in
is the predicted state. Figs. 2(b) and (c) only represent the left and right half of the triangles
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in Fig. 2(a). This is due to the left- and right-shift nature of the
corresponding neighborhoodsell(j — 2), cell(j — 1), cell(j)} and
{cell(y),cell(j+1), cell(j+2)}. Theirregularity of the neighborhood
{cell(j—4),cell(j—1), cell(j+3)} produced the blurred and twisted
triangles in Fig. 2(d). The increase of the distance between neigh-
boring cells in the neighborhooftell(j — 2), cell(j),cell(j + 2)}
(compared td cell(j — 1), cell(j),cell(j 4+ 1)}) is clearly illustrated
in Fig. 2(e) where the triangles are flattened.

2) Neighborhood Detection of 1-D CA Rule22: Assume initially
that the largest possible neighborhood is a 9-site neighborhood defined
by {cell(j),cell(j—4), cell(j —3), cell(j —2), cell(j — 1), cell(j +
1), cell(j + 2),cell(j + 3),cell(j + 4)}. Define the neighborhood
vectornei as

nei =[cell(j) cell(j —4) cell(j—3) ecell(j—2)
cell(j—1) cell(j+1) cell(j+2) cell(j+3)
cell(j+4)]%.

2 0 00 0O0O 0O 0 0 0.06147
25 0 0 0 0 0 0 0 0.0915
5 0 0 0 0 0 0 0 0 0.1261
28 0 0 0 0 0 0 0 0.0604
25 8 00 0 0 0 0 0.1409
58 0 00 0 0 0 0 0.1191

18 00 0 0 0 0 0 0 0.2139

(d)

(4 0 0 0 0 0 0 0 0 0.13337
1 4 00 00 0 0 0 0.2657
1 0 00 0 0 0 0 0 0.1211
1 7 0 0 0 0 0 0 0 0.0702
7 0 0 0 0 O O O O 0.2059
1 4 7 0 0 0 0 0 0 0.0572

14 7 0 0 0 0 0 0 O 0.1466 |

()

] o ) ] Data extracted from the spatio-temporal patterns in Figs. 2(a)—(e)
The candidate term s$tE'7" which is based on this assumed neighgyere used in the neighborhood detection. For each pattern, 1000 data

borhood will initially be constructed as points were used and the tolerance valug ; was set a§. Applying
the neighborhood detection technique in Section 1I-B to each pattern
100000000 produced matricesa)-(e). The last term on each row in each ma-
SET — : trix represents the contributidet];, ( = 1,---,7) the term on the

12 3 45 6 7 8 9

same row makes 9, .., (7). The maximum contribution is 1.0 so mul-

tiplying the last term in each row by 100 would give the percentage
contribution of the term on the same row.

where 1, 2, 3, 4, 5, 6, 7, 8, and 9 denote the elemenisein For
instance, entry 5 represents the fifth elemenhé&i and is therefore
associated witheell(j — 1), and so on. The fulSET consists of

The matrices above show that for each pattern just seven terms were
selected from the original set of 511 terms. For the patterns in Figs.
2(a)—(e), the positions of the cells in the neighborhoods as selected from

T o9 o X .
P =2 — 1 =511 terms/rows. Each row i§ ET represents a candi- nei are (1, 5, 6), (1, 4, 5), (1, 6, 7), (2, 5, 8), and (1, 4, 7), respectively.

date term which corresponds tosni = 1,---, P in matrixS in (4)

Referringbacktothedefinition afei, the corresponding neighborhoods

in Section II-B. For instance, the firstrow (1000000 0 0) represent$ thevon Neumann neighborho@ekll(j — 2), cell(j — 1), cell(j)},
5(j) only while the last row (123456 7 8 9) corresponds t0 a produgt. ;i) celi(j + 1), cell(j +2)} . {cell(j — 4), cell(j — 1), cell(j +

of nine states(j) x s(j —4) x s(j = 3) x s(j = 2) X s(J = 1) X 331 andfceli(j — 2), cell(j), cell(j + 2)}. These are the same as the

s(J+1) xs(F+2)xs(j+3) xs(j+4).

6 00 0O OO 0O 0 0 0.2578]
1 6 00 00 0 0 0 0.0661
1 0 00 0O 0O 0 0 0 0.0734
1 50 0 0 0 0 0 0 0.1322
50 00 0 0 0 0 0 0.0608
1 5 0 0 0 0 0 0 0.0559

L5 6 0 00 0 0 0 01059

(a)

4 0 0 0 0 0 0 0 0 0.1818]
4 5 0 0 0 0 0 0 0O 0.2078
50 00 0 0 0 0 0 0.1515
1 5 0 0 0 0 0 0 0 0.0836
1 0 00 00 0 0 0 0.1564
1 4 5 0 0 0 0 0 0 0.0430

L1 4 00 0 0 0 0 0 01759

()

(7 0 00 00 0 0 0 0.1867]
1 7 0 0 00 0 0 0 0.1604
1 0 00 00 0 0 0 0.1265
1 6 00 00 0 0 0 0.1034
1 6 70 0 0 0 0 0 0.0471
6 7 0 0 0 0 0 0 0 0.2508

(16 0 0 0 0 0 0 0 0 0.1250

known neighborhoods used to produce the patterns and are all absolutely
correct. Despite the factthatthe three elementswhich constitute the seven
terms are all different for the five patterns, the way the seven terms are
formed is the same. This is because although the neighborhoods are dif-
ferent, the underlying local rules are the same, thatis, 1-D Fsite22.
However, the correspondifg]; ‘s are largely dependenton the different
datasettestedand are therefore notnecessarily the sameineach case.

Other 1-D CA rules with neighborhood sizes larger than three were
also tested using the same procedure and again these confirm the va-
lidity of the algorithm and the results are all correct. For simplicity the
results are not presented in the paper.

3) Neighborhood detection of a2-D CARule: Data extracted from
the spatio-temporal patterns produced by the evolution of the two-di-
mensional (2-D)Rule(01011111 10100011 01001001 01 000 000)
on the 2-D von Neumann neighborhoddell(i — 1,j),cell(i,j —
1),cell(i,j), cell(i,j+1), cell(i+1, j)} will be used to illustrate the
neighborhood detection procedure for the 2-D case. The initial neigh-
borhood was assumed to be a 2-D 9-site Moore Neighborhood de-
fined by {cell(i,j),cell(i+ 1,5 — 1), cell(i + 1,7),cell(i + 1,5 +
1), cell(i,j—1), cell(i, j+1), cell(i—1,j—1),cell(i—1, ), cell (i —
1,57 + 1)}, and the neighborhood vectaei was defined as

nei =|[cell(i,j) cell(i+1,5—1)
cell(i+1,5) cell(i+1,j+1) cell(i,j—1)
cell(i,j+1) cellli—1,57—-1) cell(i—1,7)
cell(i — 1,5+ 1)]".
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TABLE |
SUMMARY OF RESULTS OBTAINED IN EVOLVING SOME 1-D CA RULES WITH VARIOUS SIZES OF NEIGHBOURHOODSUSING GA
n| rale | Eeverations [ errors | no. ofterms [
mean | std.dev, | mean | std.dev. | mean | std.dev.
1 Fede22 14.68 5.132 il 0 4 i 1{h. 1 Imen
fHulefd | 1891 137 i 0 4 0 13.5min
4 Rulel T | 3540 .83 1 ] [ ] 24 4%min
Fuled2d | 46,76 .04 i {1 b i Bk 2Imin
A kel a1 .34 T.Ad i u 10 ] GH admin
Ml H4.57 L0 U 1 1B 1] 3.5l
P Hinle3 132 1] T.TE i [ 35 | 1] !'i-".I'.ﬁ_:'a-r.-llrl
Hiled | 10846 T.31 ] 0 19 0 T BEin
- | Ruled | 17281 | 10.03 ] 1] 16 i & Bmin
"I Ruled | 19448 | 9532 ] 1] bE il 109, Bdrmin,
8 MwleT | ZM)H] 13.22 i {i 4 il 152.36mamn.
Ruled | 0418 1563 i i a0 ] 130, 54min
g | fuwled | 30035) 2617 | 0 0 62 0 | 210.80min.
3 Hulelll | 313.08 IR L 1) h4 i 226, 16min

n indicates the size of the neighbourhood. av.r.t. represents the average

run time in the search for the optimal solution in one trial. 100 trials were

made for each problem. The “generations” column indicates the number

of generations reached before the optimal solution was found. “no. of

terms” shows the number of terms selected in the optimal solution.

The candidate term s&FET for the 2-D rule was constructed ex-five elements (1, 3, 5, 6, 8), which referring back to the neighborhood
actly as for 1-DRule22 but with entries pointing to different cells. For vectornei, represent the neighborhood given fyli(i, j), cell(i +
example, entry 5 denotes the fifth elemenigi but is now related to 1, 5), cell(i,j—1),cell(i,j+1),cell(i—1,j)}. Thisidentified neigh-
cell(i,j — 1) and similarly for the other assignments. So that for exborhood is exactly the same as the original neighborhood which was

ample, the lastrow (12386 7 8 9represents(i,j) X s(i + 1,5 —
Dxs(i+1,5)xs(i4+1,5+1) xs(i,j—1) x s(i,j+1) x s(i —

used to generate the data set.

1,j—1)xs(i—1,5) xs(i—1,j+1) inthe 2-D case. A total of 1000 B. Identification of the CA Rules
data points were used for the neighborhood detection and the toIerancg Selection of 1-D CA rules: The genetic algorithm described in

valueC, sy was setas 0. Twenty terms were selected from the origingbction 111 will be used to identify the CA rules based on the neighbor-
set of 511 terms and these are shown in matfix

r8 0.0 0 0 0
1 3 5 6 00
35 8 0 00
10 0 0 00
1 8 0 0 00
150 000
158 000
5 8 00 00
5 00 0 00O
356 8 00
1 3 6 8 00
1 36 0 00
1 3 5 6 80
3500 00
16 8 0 00
1 3 8 000
36 8 0 00
1 35 000
156 0 00

L3 5 6 0 0 0

(f)

0

o o o o

0.23247
0.0349
0.0276
0.0326
0.0547
0.0382
0.0422
0.0507
0.0344
0.0157
0.0240
0.0252
0.0123
0.0153
0.0038
0.0045
0.0087
0.0092
0.0096
0.0209 ]

hood structure which was obtained from the neighborhood detection al-
gorithm. The GA search was tested over a large set of 1-D CA rules with
neighborhoods of various sizes which were identified in Section IV-A2.
Some of the results are shown in Table I. For each rule, 100 trials were
conducted with different initial populations. The search was terminated
when 400 generations had been reached. For simplicity only the av-
erage and standard deviatisd(dev.) values are listed in Table I.

For Rule22 the data points for the GA search can be extracted
from any of the five spatio-temporal patterns in Fig. 2. This is
possible because all the patterns were produced uitide22,
although over different neighborhoods. Now the neighborhoods have
been determined it will not make any difference which pattern is
used in the GA search. This also applies to the other rules. Assume
the neighborhood forcell(ws) is {cell(x1), cell(wz), cell(xs)},
the Boolean form ofRule22 is then identified ass,ew(r2) =
s(x1) P s(x2) @ s(ws) @ (s(x1) * s(x2) * s(xs)). In Table I, only
rules with small neighborhoods are enumerated. This is due to the fact
that the numerical label and the truth table form of the rules can be
very cumbersome when the neighborhood size is larger than 4. Each
identified rule in Table | produces a correct truth table which, together
with the pre-detected minimal neighborhood, defines a minimal and
correct Boolean rule for the corresponding spatio-temporal pattern.

It can be seen from Table | that the average run time depends largely
on the size of the neighborhood. For each rule, the average run time
in Table | is considerably smaller than in [9, Table VI], where without

The last term in each row in the matrix represents the contributimsing the neighborhood detection algorithm the solutions had to be se-
the term on the same row makes4g...(j). These 20 terms cover lected from a substantially larger set of possible rules. For example
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TABLE I
THE TABULAR FORM OF THEIDENTIFIED 2-D BOOLEAN RULE
ela|lalajela|a|le|la | &) e
neighbourhood | ieelbd) | g 1o || Bl7|le|m| 7| 2l n |2 ]| m
[ELEE] 1} glrjpjojo|p|d|0|Dj@ (D] 0
(LN 4 || 1 1 ] | 1 1 1 I 1
M 1 gljo|lofjo|jo|4|0|a)]a (D] 0
THi i [ HEEEEEEE R EEEN ]
(TR i (5 N T 0 O T e T o T
ML 1 [(HAESNENENEREN S ENE 1
[ELLL L] I F|l1]1 1 1 1 1 1 1 1 1 1
onEnl I (I} O Y | 1 | 1 1 1 ] 1
01000 I 1 I 1 1 1 1 1 1 I 1 L 1
Gl ¥ it joajolola|lo]lala|o]a
T i HE N EN N E D NS G
ATILL] 1] Tlil0l0f0lOlO|gloalm o0
[ENRL]] 1 1 pilojojo|oj|@|ofjdo|D]0
o1io i 1 (L | ljo|jo|0|o(ojo (0|0
[N §[i] | ] piojojo|lof(O0|0|D 1 1 1
01111 | 1 i1 1l |0|0|0 1 1 1
i [] BRI EE R EE N AE D ENE R K
TR - e e e e e e R R B
LLLI 1] NlmEjojlojojo |9 |o|lDjo|(m]no
LLLELR m a|lmj1 1 111 1 1 |ojo )0
1o | (I} I 1 1 1 1 1 1 1 ] ] 1
S 1S A N T O N A
RLIAR (1] 1k [ 1 1 1 tjofojajolo]a
I [TT5 i HENE NN EEE N RN A N ]
11K ] HEEEEE R R N EE I NE R E
11 1 1 ] ol 1 1 1 1 1 1 1 1
1100 ¥ 1 I ljojoplp |y |o|loDlo |0
110601 ¥ 1 11011 1 1 1 1 |G6|d|o| 0
1110 it 1 piofl ljo |9 oo |o]a0
RHTIL] 1] ALNENEEEN N N
11110 i il lafafalifajijaolala
11111 1] AL IERENEREENENEN ENER KR
B=s(i,j—1), C=s(i,j), D=s{i—1,5), E=38(i —1,7) x 8(i,j — 1),
F = s(i,5) x s(i—-1,7), G = s(i+1,5) x 8(i,j — 1) x s(i,§), H =
s+ 1,5) x s(i, §) x 8(i,j + 1), I = s(i + 1,7) x 8(4,5) x 8(¢ — 1,7),
J=s(i+1,5) xs(5,j+1) xs(i—1,5), K = s(i,j—1) x 8(4,§) x 8(4, j+ 1),
L=s(i+1,5) xs(i,j~1)xs(i,j) xs(i—=1,j4), M = s(i+1,7) x 8(i, §) x
s(i,j+1) x 8(i—1,7)
TABLE 11l initial assignments. For each trial the search was terminated after 400
SUMMARY OF RESULTSOBTAINED IN EVOLVING THE 2-D CA RULE wWITH GA generations.
[ generationm prer—— e T The tabular form of the identified Boolean rule is shown in Table
" Uimesn | sl dev. | mean | sddev. | mean | sdedev. | """ 1l The search results are shown in Table Iil. The Boolean rule is
i |' Tl {1 u ik 13" | 1l A2Thmin. the @ combination of the selected 12 terms froBh to M. As

can be seen from the second column in Table Il, which matches

the rule definition (01011111 10100011 01001001 01000 000)
for the 3-site 1-D rules the rule set for the GA search without thexactly, this truth table is correct. Therefore, together with the pre-
initial neighborhood detection algorithm would comprise a massivéentified minimal neighborhood, thes combination of B to M
22° = 1.3408¢ + 154 rules. In comparison, the rule set for the GAdefines the desired correct and minimal Boolean rule. The average
search based on the algorithm introduced in this study and which geum time in Table Ill is very similar to the the run time for 5-site
erated the results in Table | consisted of a substantially reduced sedrdD rules in Table | and is considerably shorter than the time in
overjust?23 = 256 rules. In addition since the pre-defined neighbor[9, Table IV]. Again this is because the neighborhood detection
hood is minimal the GA used above evolves with consideration of onygorithm was used to predetermine the neighborhood for a full GA
one objective, to minimize the matching errors, while the GA withowgearch. The main element that determines the search time is the
neighborhood detection involves a second search objective, to misize of the neighborhood rather than the position occupied by each
mize the structure of the neighborhood. cell in the neighborhood. This means that the dimensionality of the

2) Sdection of 2-D CA rules: The neighborhood obtained in CA does not have a crucial impact on the search. A GA search

Section 1V-A3 will be used for the GA search of the 2-D CA ruleover a large set of 2-D rules was conducted using the results from
in Section IV-A3. A total of 100 trials were tested with differentthe neighborhood detection routine. Because of the insensitivity to
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the dimensionality of CA, the results were very similar to the 1-D Texture Classification Using Rotated Wavelet Filters

case in Table | and are not listed in the paper.
Nam-Deuk Kim and Satish Udpa

Abstract— n this paper, we propose a novel approach tothetextureclas-
sification problem using a new set of two-dimensional (2-D) wavelet filters
that are nonseparable and oriented for improved characterization of diag-
onally oriented textures. Channel energies are estimated at the output of
both the new filter bank and a standard discrete wavelet frames (DWF)

A new CA identification technique has been introduced whicfilter bank. Classification results obtained using each individual method

breaks the identification of CA rules from given patterns of dafd'd " combination are presented. The results show that the oriented filter
Set resultsin finer discrimination providing complementary texture infor-

into two problems. First a new neighborhood detection procedureqiyion to the DWF by making use of its orientation selectivity. Asa result,
used to establish the correct neighborhood. Then using this identifiggbmbination of the featuresfrom the output of two filter banksimproved
neighborhood a GA search is conducted to determine the minimal @#e classification accuracy significantly with a smaller number of features.

V. CONCLUSIONS

847

rule.

Index Terms—Discrete wavelet frames, rotated wavelet filters, texture

The new approach can yield significant improvements in efficiencylassification.
For example a full GA search for a 3-site 1-D rule would comprise

a search over a hugﬁ9 = 1.3408¢ + 154 possible rules. But by
using the neighborhood detection procedure to prune the GA search

|. INTRODUCTION

this can be reduced to a search over jifstrules. Simulation results ~ The past few decades have witnessed a substantial interest in the
for both 1-D and 2-D CAs clearly demonstrate the performance of th@alysis of textured images. The interest has been motivated in large
new algorithm. part by the huge number of applications in such diverse areas as remote
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sensing, robot vision, medical image analysis, and quality inspection.
While considerable research has been carried out in the texture anal-
ysis domain, the problems related to texture processing have still only
partially been solved and active research is continuing.
ACKNOWLEDGMENT Among the many texture analysis algorithms proposed in the liter-
ature, statistical approaches [1] and model-based approaches [2], [3]
are some of the more commonly used methods. Recently, multiscale
nfiltering methods have shown significant potential for texture classifi-
cation and segmentation [4]-[9], where advantage is taken of the spa-
tial-frequency concept to maximize the simultaneous localization of
energy in both spatial and frequency domains. The notion of spatial-fre-
quency analysis is also supported by experimental research on human
and mammalian vision [10]. Multiscale filtering approaches were orig-
inally motivated by Gabor-filter models of neural architecture in the vi-
sual cortex [4]. The approach to texture analysis is intuitively appealing
because it allows us to exploit differences in dominant sizes and orien-
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