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Selt-crossover—a new genetic operator and its application to

feature selection

NikiiL R. PaLT, SucHisMITA NANDIE and MaLay K. Kunput

Crossover is an important genetic operation that helps in random recombination of
structured information to locate new points in the search space, in order to achieve a
good solution to an optimization problem. The conventional crossover operation when
applied on a pair of binary strings will usually not retain the total number of 1s in the
offsprings to be the same as that of their parents, but there are many optimization
problems which require such a constraint. In this article, we propose a new crossover
technique called ‘self-crossover’, which satisfies this constraint as well as retaining the
stochastic and evolutionary characteristics of genetic algorithms. This new operator
serves the combined role of crossover and mutation. We have proved that self-crossover
can generate any permulation of a given string. As an illustration, the effectiveness of
this new technique has been demonstrated for the feature selection problem of pattern
recognition. Performance of self-crossover for feature selection is also compared with

that of ordinary crossover.

1. Introduction ’:‘
Genetic algorithms (GAs) are probabilistic heuristic
scarch processes based on natural genctic system. They
are capable of solving a wide range of complex optimi-
zation problems using three simple genetic operations
(selection-reproduction, crossover and mutation) on
coded solutions (strings-chromosomecs) for the para-
meter set (not the parameters themselves) in an iterative
fashion. There arc scveral interesting featurcs which
make GAs so popular. GAs consider several potential
solution points 1n the scarch space simultancously,
which reduces the chance of convergence to a local
optima. GAs usc only the pay-off or penalty function
(objective function) called the fitness function and do
not nced any other auxihiary information. GAs arc the-
oretically and empirically proven to provide a robust
scarch 1n complex spaces (Goldberg 1989) even if the
functions arc not smooth or not continuous. Such {unc-
tions arc very difficult (sometimes 1impossiblc) to opti-
mizc using calculus-bascd methods.
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Normally, GAs use simiple crossover which 1n case of
binary codcd solution space, may change the total
number of Is in the offsprings. Crossover and mutation
are usually adequate for solving a widc class of optimi-
zation problem. However, there are famihes of problems
which rcquire to maintain certain constraints on the
number of Is (in the casc of binary coding) in the strings.
Some such problems arc sclection of an optimal subsct
of k, k > 0, featurcs for pattern rccognition application
and sclcction of a subsct of &, & > 0, data points for
designing a necarcst-neighbour (NN) classifier. In addi-
tion there arce scveral other combinatorial optimization
problems such as the travelling-salecsman problem,
which requirc some such constraints.

In this paper we show that, if the genctic recombina-
tion opcrator 1s choscn properly, then GAs can be com-
pctitive with the best known techniques for a large sct of
problems with this type of constraint. To achicve this we
proposc a new crossover operation, We call it 'self-cross-
over’ because of its stmilarity with conventional cross-
over. The sclf-crossover 1s performed with a single
parcnt string instcad of a pair of strings. The new
operator preserves the probabilistic and cvolutionary
charactenistics of GAs. We use sclf-crossover for solving
the fcature sclection problem. We comparced the per-
formance of sclf-crossover with thc conventional
crossover for feature selection using an [8-dimensional
data sct.
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2. Genctic algorithms

GAs (Goldberg 1989) are general-purpose optimization
algorithms which can solve problems resistant to other
known optimization methods. This scarch technique is
population bascd which evolves from generation to gen-
cration. The criterion of ‘survival of the fittest’ provides
cvolutionary pressure for populations to grow with
increasingly fit individuals. Although there arc many
variants, the basic mechanism of GA (conventional
GA) consists of the following steps.

Step 1. Start with an intuial population (a sct of strings -
chromosomes).

Step 2. Evaluate fitness of cvery string and sclection of

appropriatc candidate strings to form the
mating pool.

Step 3. Pcrform crossover and mutation.

Step 4. Repeal Steps 2 and 3 until the system ceascs (o
Improve or some stopping criterion is reached.

Each string 1n the population is represented by a
fixed-length coded string. Although different coding
schemes are possiblc, we confine ourselves to binary
coding only. Sclection or reproduction creates the popu-
lation for the ncxt generation using a probabilistic sclec-
tion process which gives a string with higher fitness a
greater chance of selection. Mutation corresponds to
flipping (probabilistically) one or more bits of an indi-
vidual string. Mutation incrcascs the variability in the
population and cnsures that the probability of attaining
any point 1in the scarch spacc ts greater than zero. The
simplest implementation of crossover sclects two parcnls
(randomly) from the mating pool and then, alter
choosing a random position, cach parcnt string
cxchanges 1ts tail at that position. The resulting ofl-
springs form the subscquent population for the next
generation.

There are scveral variations of conventional GA. Kuo
and Hwang (1993) proposed a new selection operator,
named disruptive selection, which rests on the fact that a
worse solution also contains information that s useful
for biasing the scarch. So, unlike directional selcction,
disruptive selection tends to eliminate offsprings with
moderate fitness values for the next generation.
Syswerda (1989) presented a new crossover, uniforn
crossover, and cmpirically showed its superiority to
one-point crossover and two-point crossover. For
uniform crossover, a crossover mask is considered.
The mask 1s a string of bits of the same size as that of
the chromosomes to be crosscd. I any mask bit 1s ‘1°,
then parents will exchange their corresponding bits;
othcrwise they will rctain their onginal bits, resulting
in two ncew ollsprings.

Bhandari et al. (1994) proposcd a4 ncw mutation
opcrator called directed mutation, which is motivated
from the concept of induced mutation in biological sys-
tems. The gencration of the new string 1s directed by the
potcntial strings of somc previous populations. At cach
generation a new string 1s generated on the basis of the
information gathered from the gradicnt (or some crudc
cstimate of the gradient) of the fitness function 1n the
scarch space. They empirically showed that GAs with
this ncw multation opcerator nccds fewer iterations than
the ordinary GAs to obtain a good solution. Homaifar
el al. (1993) devised a new crossover technigue named
matrix crossover (MC) to solve the travelhng-salesman
problem using GA. This ncw opcrator i1s a natural exten-
ston of the conventional single-pomt or double-point
crossover to maltrix strings. MC opcerates on matrices
and dcals with column positions rather than bit posi-
tions. MC just cxchanges all the entrics of the two par-
cnts dctermined by the crossover site (the chosen column
position).

3. FKeature extraction

Many workers (Fukunaga and Koontz 1970, Folcy and
Sammon 1978, Johnson and Wichern 1988, Pal 1992,
Dc et al. 1997, Pal and Chintalapudi 1997) dealt with
the problem of feature vectors extraction in ¢ space from
data 1 p space where ¢ < p. Featurc extraction is uscd
for two different but somewhat related problems: dimen-
sionality reduction and visual display. Reducing p to
g < p reduces the space and time complexity of compu-
tations that usc the extracted data. Another issuc is that
somce of the original p [catures may result in conlusion in
the fecature space. Can we do just as well (with respect to
a problem undcr consideration) with ¢ < p new lcatures
derived from the orniginal fcatures? For example, trans-
formed [catures can work better than the origimal data
[or purposcs such as classifier design. We show that
cxactly this happens with the mango-leaf data lor nearest
prototype (NP) classifier.

Another important use of [caturc cxtraction 1s to
obtain two-dimensional (¢ = 2) displays of data for
visual cxploratory data analysis which helps us to
guess the clustering tendencics, that s the distributional
densities through visual .inspection of scatter plots of
two-dimensional extracted data.

Scveral techniques such as principal components
(PCs) (Johnson and Wickern 1988) and the (Foley-
Sammon 1978) algornthm (FSA) for cxtracting im-
portant feature subscts arc available. Fukunaga and
Koontz (1970) pointed out that onc of the disadvantages
of PCs analysis (Johnson and Wichern 1988) 1s that this
technique does not necessartly produce the best {catures
[or pattern classtfication. Converscly, [Foley and
Sammon (1978) obscrved that the best extracted features
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for discrimination may not scrve adcqualcly for visual
display. PCs and the FSA extract features using differcnt
criterion. PCs can be uscd to sclect featurcs that can
account for a large sharc of variance while the FSA
extracts featurcs prescrving interpoint distances.

Feature sclection, a special type ol featurc extraction,
on the othcr hand, sclects a subsct ol the original fca-
turcs so that scveral pattern rccognition tasks can be
performed with the reduced sct of fecatures to a satis-
factory level. IFor reducing the dimension of the fcaturc
space, we should climinate thosc fcaturcs which arc less
important or rcdundant for discriminating the classcs.
Wc can achicve this through ranking of f[caturcs
according to their importance in discrimination. In our
investigation we shall call a featurc subsct A better than
a subsct B if the performance of an NP classificr with the
subsect A is better than that with B. There exist a number
of mcthods for [caturc extraction—ranking, cach having
its own merits and demerits (Foley and Sammon 1978,
" Johnson and Wichern 1988, Kelly and Davis 1991, Pal
1992).

We now mention some carlicr attempts to solve the
fcature sclection problem using GAs. Sicdlecki and
Sklansky (1989) used a k-NN rulc to find a small
subsct of fcaturcs for which the classificr’s performance
docs not deteriorate below a specificd level. They did
this by constructing a GA chromosomc consisting of a
binary string whosc length cqualled the number of [ca-
turcs. If a bit is *1’, that featurc 1s sclected for cvaluating
the performance of the classifier.

Kelly and Davis (1991) and Punch et al. (1993) solved
the same fecaturc sclection problem using GAs. Unlike
Sicdlecki and Sklansky they multiplied cach fcature by a
rcal-valued weight and then used that weighted feature
for computing distances required for implementation of
k-NN classificr. GAs have been used to Icarn thesc
weights. Featurcs with high valucs for the lcarncd
weights arc considered important fcatures and vice
versa.

We make the following remarks about the preceding
GA-bascd approachics. These methods cannot be used Lo
sclect a fixed number of good [caturcs, that 1s say ¢,
good fcaturcs. The algorithm may terminate at a point
wherc the total number of 1s in the solution string may
not be equal to ¢ (Siedlecki and Sklansky 1989), whilc
for other two mcthods (Kelly and Davis 1991, Punch et
al. 1993) thosc ¢ [catures having highest weights can be
sclected. Howcver, this can crcatc anothcer problem.
Suppose that there is a feature which i1s more or less
constant for all classes. For this fcature, irrespective of
the weight, the classifier performance is not going to be
changed. Since GAs arc probabilistic search techniqucs,
thc algorithm might terminate at a point with high

weight for this indifTfcrent feature, thereby indicating a
falsc importancc!

4. Sclf-crossover

Unlike the conventional crossover mechanism, the sclf-
crossover mcchanism alters the genctic information
within a single potential string sclected randomly from
the mating pool to producc an oflspring. This is donc n
such a manncr that thc stochastic and cvolutionary
characteristics ol GAs arc prescrved.

Lct

S == 0001001001100101101 ]

be a string of length 20 slected from the maung pool.
For scll-crossover, first wc sclect a random posttion
p(0 < p< L) and gencrale two substrings s and
yoisp=Dbits L topof Sand s, =buts p--1 to L of S,
Now we sclect two random positions p;, 0 < p; < p, and
a2, 0 < py < L — p. Then four substrings are gencrated
as follows:

s;; = bits 1 to p— p; of 5y,

S;1o = bits p—p; + 1 1o p ol sy,
§91 = bits 1 to L — p — p; ol 55,
S99 =bits L —py+ 1 to L of ;.

Using opecrations similar to crossover we  gencerate
S' = 5,5y, and S? = 55,151. Finally, the scll-cross-
overed oflspring of S is generated as ) = S‘llSz. [ 1S
casy Lo scc that the numbers of Is in S and S, arc the

same. We now cxplain it with the example string S of
length 20:

S = 0001001001 1001011011.

A random position, p =9, i1s sclected lor sphtung the
string into two substrings (s,,s;) as follows:

51 = 000100100,
s, = 11001011011,

Now two random positions, p; =4 and p; =7, arc
sclected for s, and sy respectively. Alter sphitting s
and s, at the fourth and scventh positions respectively,
wc gcl

Y] = UO(”U,

312 = 0100,
1 100,
= 101]011.

-y
>
|

The (wo new substrings S' and S* arc then obtained as
S = 000101011011,
S? = 11000100.

Finally, the offspring S, is gencrated by concatenating
S' and S§* as
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S = 00010101101111000100.

Thus, sclf-crossover exchanges substrings s,, and s5,. If
the parent string consists of all 0s or all Is, thc offspring
generated through sclf-crossover will resemble its parcent
because of the underlying constraint' on the total
number of Is in the string. It is also clear that, if wc
do not start the GA with an all-‘1’ or all-‘0’ string, the
GA with the sclf-crossover technique will never gencrate

such strings as offsprings. So, sclf-crossover will cvolve
ncw oflsprings as itcrations go on.

We can sce clearly that mutation is incllective in pro-
ducing such constraincd offsprings, but sclf-crossover

can rcgencrate any lost genctic information. So we
may avoid mutation when we use this new technique
in constraincd GA application.

Next we show via a Lemma that scll-crossover
(without mutation) can gencrale any targel string.

Lemma:  Given a string of symbols, self-crossover opera-
tions can generate any arbitrary permutation of the
symbols.

Proof: Wc can represent any arbitrary string P by
P = §,|5,|5;|S4 where S; represents a subscquence of
symbols. S; can bc cmipty scquence as well. Now, if we
arc ablc to prove that a parcnt string P = S,|5,|53]S,
can producc an offspring O = §|5,|5;|S4 using a finitc
number of sclf-crossover opcrations, then we can itcrale
the process to genecrate a sequence of sclf-crossover
opcrations to rcach any target offspring.

The position for splitting P is choscn such that two
subscquence s, and s, arc formed as

51 = 5|5,
and
Jy = S3‘S4.

Now two random positions for s, and s, arc sclected
such that after splitting of s, and s, al these two
positions we get

S| = 9,

Si2 = 5,

521 = S,
and

517 = S4.

So the resultant child 1s obtained as
Py = S§1]54]53]S3.

We apply once more the sclf-crossover opcration on
intermediate child P;. Now the random position for
spliting 2, 1s chosen such that

5| = Si}54
and

Sy = S:; Sz \

Again we sclect two random positions lor s; and s, such
that after splitting of 5, and s, at these two positions we
get

Si= 39y,
512 =S41
51 = 3|5,

and

Yy = cmply scqucence.
The oflspring now bcecomcs
0 = 8118515115
which is simply what we wanted o produce. B

Since S could be a null string, so any symbol rom
the parcent string can be brought at the beginning of
the oflspring through substring 57 by two successive
sclf-crossover opcrations. The lemma also ensures that
any substring consisting of symbols starting from the
beginning of a parcent string can be prescrved in the
child through substring S,. Hence, any target permuta-
tion can be grown from the left side. Procecding this way
in the terminal phasc of the process S; and S4 will be
cmpty; S| will contain the entire target substring except
the last symbol which will be in S5,

Noltc that the lemma docs nor say that there 1s no need
for mutation in thc GA with the sclf-crossover tech-
nique. It simply says that for combinatorial problems
such as the travelling salesman problem, usc ol scif-
crossover without mutation can gencrate all possible
valid solution strings. For problcms such as fealure
sclecction, data cditing for the NN classificr where we
want to sclect the best subsct of [caturcs or data
points of a pre-fixed cardinality, sclf-crossover without
mutation is suflicient. In lact, conventional mutation lor
such problcms may produce invahid solutions, that s il
may generate a substring of arbitrary cardinality, not
cqual to the pre-hxed cardinality.

At first sight, 1t mught appcar that sclf-crossover is
simply a parallel random scarch, but this is not the
casc [or two rcasons. Sclf-crossover is donc only on a
randomly sclected subsct of strings and sclf-crossover
docs not alter the substring s;,. It cxchanges on sy
and 5)5. Conscquently, the cvolutionary characteristics
of the GA arc prescerved. The similarity between the
parcnts and ollsprings will bc morec If we take
py=py=p' (say) cquation to a random number
sclected between | and min(p, L — p), that 1s 0 < p; =
Py =p' <min(p, L — p). In this case, the bits in posi-
tions 0 to p’ and bits from p+ | to L — p’ will remain
unaltcred. Conscquently, the cvolution of the process
will be faster.
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5. Algorithm for feature selection using the genetic
algorithm

Let X = {x),x5,...,X,}, X; € R”; the p components of
x; correspond to values of p features F\, F;,..., F,. Wc
have to select a sct of ¢ features, say {F;, Fp,..., F;,} C
{F),F3,...,F,} such that the selected feature subset can
do different pattern recognition jobs well. To usc the GA
for feature selection we need an objective (fitness) func-
tion to guidc the feature selection process. The fitness
function should refliect the performance of the reduccd
data sct for diffcrent pattern recognition tasks. For an
unlabelled (where class information is not availablc)
data set the fitness function may reflect the performance
of a clustering algorithm, whilc for labelled data (where
class Information 1s available) the fitness [unction
may be defincd to measure thc performance of a
classifier. Here we consider the latter casc and the fitness
function 1s dcfincd to bec the performance of the
NP classifier. Thus the fitness function f 1s given by
f(Fu,Fa,...,Fiy, Y, V) equal to the number of correct
classification, where Y, = {y,y2,...,¥a}, ¥i € R?, and
the kth component of y;, that is y,, 1s equal to some /th
component x; of x; € R, V = {v,,v5,...,v.}, and
v; € R is the sct of g-dimensional prototypes defined by

|
vf:mzyka (l)

keC,;

where ¢ i1s the number of classes and C; denotes the ith
class.

Notc that the prototypes may be generated in many
other ways.

Wec now represent a fecature subsct by a binary string,
ol length p. A sct ol M binary strings of length p oand
cardinality & 1s taken as the initial population where the
cardinality of a binary string is defined as the total
number of Is in the string. If the jth featurc i1s selected
for the chosen subsct, then the jth position of the binary
string 1s filled up with a ‘I’, or otherwise with a ‘0’. Thus,
a string of cardinality k£ denotes a {eature subset of sizc

k. Corrcsponding to each string thc fitness function
value / 1s calculated. The best membcer of the population
Is stored. The mating pool can now be gencrated by
replicating potential strings (potcntal as reflected by
their fitness valucs) morce times. Some randomly selected
members or all members of the current gencration then
undergo the sclf-crossover mechanism to gencrate the
population for next gencration. We f{ind the current
best member of the ncewly gencrated population,
comparc it with the previously stored best mcember
and finally storc the best of these two. The entire process
15 repeated for a desired number of times or unul we
ind no improvement 1 the fitness valuce lor scveral
gencrations.

6. Results and discussion

We usced a data sct named mango-lcal. Mango-lcaf 1s a
p = 18 dimensional data with 166 points. It has threc
classes representing three kinds of mango. The feature
set consists of the following mcasurecments: arca A, peri-
meter Pe, maximum length L, maximum brcadth B,
pctiole P, length + petiole L + P, length/petiole L/ P,
length/maximum brcadth L/B, (L+ P)/B, A/L, A/,
A/ Pe, upper midrib/lower midrib, upper Pe/lower Pe
and so on. The terms upper and lower arc used with
respect to maximum  brecadth  position.  Although
ordinary crossover may not sclect a fcaturc subsct with
the desired number of features, we implemented if for
comparison. In this investigation, the population size is
taken as 20 and the process 1s run for 200 gencrations.,
For the implementation withy ordinary crossover, we
uscd a mutation probability of 0.1.

The Table shows the best results obtained by sclf-
crossover and ordinary crossover [or the mango-lcal
data. Notc that the final population with ordinary cross-
over had all strings with cither five or six non-zcro cle-
mcnts and the best feature scts with cardinality five and
six are reported. In the Table the column hcaded Maltch

Results with the mango-leaf data

Our result with self-crossover Results with ordinary crossover

ol —

Number of featurcs Number of Numbcr of
extracted Featurc subsct generations Match Feature subsct generations Malch
l 9 | 1 103 — —- -
2 9, 14 |8 127 — — -
3 9, 13, 14 51 131 — —
4 9, 13, 14, 17 80 132 — _
5 9, 13, 14, 16, 17 74 33 9,13, 14, 17, 18 1 S 132
6 5,9, 12, 13, 16, 17 32 128 7,9,13, 14, 17, 18 35 133
18 (Full sct) — 106 - —
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indicates the total number of data points whose derived
classification and actual classification agreed, that is the
value of the objective function.

The Table reveals several interesting things. First,
more features are not always good; some features may
create confusion in the decision surface. For example,
with all 18 features, the NP classifier can recognize only
106 pounts while, with just two features, the recognition
score increases to 127. It i1s interesting to sce that the best
recognition score is obtained with only five features.

7. Conclusions

There 1s a class of optimization problems which requires
the number of Is in cach string to be constant.
- Conventional crossover-mutation docs not guarantce
this. We have introduced a ncw crossover opcration
named self-crossover which preserves this constraint.
Morcover, this ncw operator plays the combined rolc
of mutation and as well as of the conventional cross-
over. The elfectivencss of GAs equipped with self-cross-
over 1s demonstrated for solving the feature sclection
problem. Experimental investigation shows that the

new operator i1s quitc effective for the feature selection
problem. |
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