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Abstract
Genetic algorithms that utilise floating point-
encoded chromosomes instead of the traditional
binary or Gary code have become wide spread in
recent years.  This paper introduces new floating-
point crossover and mutation operators for such
genetic algorithms.  The operators are derived
from examining the implicit constraints that
traditional binary crossover and mutation
operators impose on the values of the parameters
being affected. It is shown by an example that a
genetic algorithm using these operators does
converge and they should be considered for
general use in floating-point genetic algorithms.
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1. Introduction.

Genetic algorithms are now a well-known set of
search algorithms based on the ideas and theories
of natural selection [Goldberg 1989;Holland
1975; Workman & Reader 2004].  Traditionally, a
population of binary or Gray coded candidate
solutions are created at the initialisation stage of a
genetic algorithm, the population ‘evolves’ by
utilising a collection of selection, recombination
and mutation operators.

However, several possible weaknesses have been
identified with genetic algorithms that use binary
or Gray code [Wright 1991; Oyama A Et al
2000]. An alternative encoding method using real
numbers, often floating point numbers has
become popular in recent years.  One such
weakness of binary encoding is the resolution.
Consider a binary bit string of defined length l.
The string can represent 2l real numbers.  The
range of the real numbers that the string represent
is bounded by the upper value RU and lower value
RL, where RU – RL = 2l. The resolution is
restricted by the value of the least significant bit.
Floating-point numbers are not subject to this
restriction.  Floating-point numbers in genetic

algorithms would also be free of the necessity of
RU – RL being a ‘round’ or normalized base two
number.  If a problem to be tackled by a binary
genetic algorithm is not neatly bounded by a
‘round’ base two number in each dimension then
new operators may need to be introduced in order
to disqualify chromosomes that have parameters
outside the required range.

Wright [1991] analyses the effect crossover has
on the real values of parameters represented by
the bit strings in binary and Gray encoded genetic
algorithms by viewing the change in the
‘perturbations’ in the bit strings.  However,
implementing this view of crossover is
necessarily conscious of the binary/Gray bit
strings that might represent real numbers. But real
floating-point numbers have a potentially infinite
number of decimal places and therefore defy
conversion to a limited length binary bit string
without making approximations that would
reintroduce the resolution weakness. Wright
[1991] proposes an alternative crossover operator
for real numbers named ‘Linear Crossover’ that is
quite unlike the conventional crossover operators
used in binary/Gray coded genetic algorithms and
doesn’t implement the ‘perturbations’ revealed in
his analysis. Djurišic et al [1997] use a crossover
operator that restrict themselves to swapping
complete floating-point encoded genes, as each
real encoded gene is equivalent to many binary
encoded genes the mixing in recombination does
not produce new values for any parameter.

2 The Implicit Constraints of Binary
Encoded Crossover.

2.1 Traditional Crossover

To illustrate the implicit constraints that
traditional crossover imposes, it is wise to
consider an example. Figure 1 shows an instance
of single point crossover on a pair of binary
encoded chromosomes.  In the example, the
chromosomes have two dimensions; each



dimension is in the range 0 to 63.  Parent
chromosome 1 represents the vector (25,35) while
parent 2 represents the vector (42,56).  The single
crossover point falls between the 9th and 10th bits,
the trailing bits are swapped producing child
chromosomes 1 & 2 that represent the vectors
(25,32) and (42,56)respectively.

Parent Chromosome 1 0 1 1 0 0 1 1 0 0 0 1 1

Parent Chromosome 2 1 0 1 0 1 0 1 1 1 0 0 0

= vector (25,35)

= vector (42,56)

Child   Chromosome 1 = vector (25,32)

Child   Chromosome 2 = vector (42,59)

Crossover
Point

0 1 1 0 0 1 1 0 0 0 0 0

1 0 1 0 1 0 1 1 1 0 1 1

Figure 1, An illustration of traditional single point crossover

considered as this will result in swapping
unmodified parameters.  When the crossover
occurs, bits are swapped between bit strings.
Equivalent positioned bits in each parameter are
swapped.  If equivalent bits swapped agree (i.e.
both bits have 1 or both have a 0) then neither
parameter is modified.  If equivalent bits swapped

Before crossover occurs two parent chromosomes
are chosen. In single point crossover, the
crossover point will generally fall within the bit
string of one dimension of the vector represented
by the chromosomes. In figure 1 this occurs in the
parameter of the second dimension. This will
generally modify the value of each parameter to
produce novel values for this parameter in the
child chromosomes. The case where the point of
crossover falls between parameters need not be

disagree (i.e. one bit is 1 and the other is a 0) one
parameter has the value of that bit subtracted and
the other has that value added.  Consider the case
in figure 2, here only the parameters where the
crossover occurs are viewed.  In this example the
crossover point falls between the 5th and 6th bits.
After crossover parameter Ai has been modified
by –1 while parameter Bi has been modified by
+1. Another way of stating this is that the sum of
the parent parameters before crossover must be
equal to the sum of the child parameters post
crossover.

2.2 Equality of Modification, The First
Constraint.

Parent Chromosome parameter  A 1 1 1 1 1 1

Parent Chromosome parameter  B 1 1 0 1 1 0i

i = 63

= 54

Child   Chromosome parameter  A 1 1 1 1 1 0

Child   Chromosome parameter  B 1 1 0 1 1 1i

i = 62

= 53

Figure 2, Illustration of the difference between parameters constraint.



To give these assertions algebraic form consider
two parent chromosomes ‘A’ and ‘B’ each with
‘n’ parameters represented by floating-point
values (A1,A2,…,Ai,…,An) and
(B1,B2,…,Bi,…,Bn).  The crossover point falls
within parameter i.  The child chromosomes are
(A1,A2,…,Ai- ,…,Bn) and (B1,B2,…,Bi+ ,…,An).
Where ‘ ’ is the absolute value that modifies each
affected parameter. Therefore the first constraint
can be expressed as equation 1 where the left
hand side of the equation is the affected
parameters prior to crossover and the right hand
side represents the new parameters post
crossover.

(Ai + Bi) = (Ai-  Bi+

2.3 Difference between parameters, The
Second Constraint. 

Parameters with similar bit strings modify each
other far less than those with dissimilar ones.  The
extreme case of identical bit strings cannot
modify each other at all.  In fact the magnitude of
the modification is limited to the difference
between them.  Figure 3, the parameters differ by
only one bit, no matter where the crossover point
is, parameter Ai can change by no more than the
value of the bit that differs from Bi.

allowed for that dimension. With brief inspection
of figure 3, where the shown parameters have an
upper boundary of 63 and lower boundary of 0, it
can be seen that ‘ ’ cannot be greater than 63 or
less than 0. In algebraic form these constraints
for ‘ ’ using parameters Ai and Bi can be
expressed as:-

 <= RU – Ai …………………..….3a

 <= Ai – RL …………………..….3b

 <= RU – Bi …………………..…..3c

 <= Bi – RL  …………………..…..3d

3 The Swingometer Creating the Operator.

3.1 Creating the Operator.

The first step for the new floating-point crossover
operator is to calculate the maximum value that
each parameter can have subtracted without
violating the constraints described in sections 2.3
and 2.4. These values, Max A and Max B, can
be derived by choosing the minimum value
allowed as expressed by equations 4a and 4b.

The value of a parameter after crossover can be
no more than the value of the upper boundary
‘RU’ no less than their lower boundary ‘RL’

Max A = min [|Ai – RL|, |Ai-Bi|, |RU – Bi|] ….4a 

Max B = min [|Bi – RL|, |Ai-Bi|, |RU – Ai|] ….4b 

Parameter Ai can have no more than A
subtracted from it without violating the second
and third constraints. Of course the argument is
equally true for Bi. It follows that the maximum
value allowed by the first constraint ‘Max ’ is
given by equation 5. 

In general algebraic form the second constraint is

 <= |Ai-Bi| ….………………….… 2 

2.4 Boundary Restrictions, The Third
Constraint.

Parent Chromosome parameter  A 1 1 1 1 1 1

Parent Chromosome parameter  B 1 1 0 1 1 0i

i = 63

= 54

Child   Chromosome parameter  A 1 1 1 1 1 0

Child   Chromosome parameter  B 1 1 0 1 1 1i

i = 62

= 53

Figure 2, Illustration of the difference between parameters constraint.



4. The Swingometer Mutation Operator For
Real Encoded Genetic Algorithms
The swingometer mutation operator has a very
similar derivation to the equivalent swingometer
crossover operator.  However, the only constraint
that applies for mutation is similar to the
boundary restriction described in section 2.4.  A
parameter ‘Ai’ selected for mutation after the
operation cannot be greater than ‘RU’ or less than
‘RL’.  For mutation consider ‘ ’ to be a number
added to ‘Ai’ or subtracted from ‘Ai’.  The
maximum value that can be added to ‘Ai’ is given
by equation 6a and the maximum value that can
subtracted from ‘Ai’ is given by equation 6b.

Max + <= RU – Ai .…………………....6a
Max –  <= Ai – RL …………………….6b

For the swingometer, in figure 4, the limits ‘a’
and ‘b’ are Max +  and Max –  respectively. As
for crossover, a random number is generated in
along the arc ‘a’ to ‘b’ and the parameter Ai is
modified accordingly. 

Max = min [Max A, Max B] ……………..5

The value ‘ ’ for the crossover is calculated by
generating a random number between 0 and ‘Max

’. The final step to implement the operator is to
randomly choose to subtract ‘ ’ from one
parameter and add it to the other.  This
automatically imposes the first constraint (section
2.2).

3.2 Visualising the Operator.

The floating-point operator can be visualised as a
‘swingometer’ (figure 4).  The arc of the
swingometer is delimited by the values +Max
and –Max , represented in figure 4 by points ‘a’
and ‘b’.  The length of the arc is 2Max .  A
value ‘ ’ is selected randomly along the length of
the arc. If the value ‘ ’ is between ‘a’ and ‘ ’
it is added to Ai while simultaneously being
subtracted Bi but if ‘ ’ is between ‘ ’ and ‘b’
it is added to Bi while simultaneously being
subtracted Ai.

Figure 4, Visual representation of the swingometer crossover and mutation operators.
For crossover a = Max +  and b = Max –
For mutation a = +Max  and b = –Max



5. A Working Example.
This section shows the results of a set of 60
identical experiments that demonstrate the new
operators in use within a genetic algorithm. The
genetic algorithm used a population of 25, a
crossover rate of 0.9 and a mutation rate of 0.2.
The function that was optimised (equation 7) is
the 5th of the Dejong suite[1975] normalised to
give a global optimum fitness of 10,000.  For
each generation the fitness of the fittest
chromosome is recorded and averaged for the 60
identical experiments.
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Figure 5 shows the result; the genetic algorithm
does perform as expected.  The fitness of the
fittest in the population rises generation by
generation until a plateau of convergence is
reached.
6 Discussion And Further Work.
This paper has set out to describe two new
operators for floating-point encoded genetic
algorithms and has shown that they do allow the
algorithm to converge.  The two operators have

been extensively and successfully used in [2002].
However, no attempt has been made to measure
its relative efficacy when compared to other
floating-point operators; experiments to fill this
gap are a priority.  Even though the new operators
have yet to be fully tested they are simple to
implement and do work and should be considered
when designing a floating-point encoded genetic
algorithm.
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Figure 5, Result of the experiments to demonstrate that the new operators can work
within a genetic algorithm.
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