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Abstract:  Genetic algorithms are generally used to search for global optima.  However, for many engineering / 
simulation applications a robust solution is desired, which may not correspond to the global optimum of the given 
problem.  This paper describes a genetic algorithm using diploid chromosomes, which favours robust local optima 
rather than a less robust global optimum in a problem space.   Diploid chromosomes are created with two binary 
haploid chromosomes, which are used to create a schema.  The schema then used to measure the fitness of a family 
of solutions.  The results of experiments using a bi-modal fitness function with one local optimum and a fitter less 
robust global optimum show that the optima in the problem space representing the more robust solution is found 
almost 100% of the time. 

1. INTRODUCTION. 
 
Genetic algorithms(GA) have proven to be a robust 
heuristic optimisation technique based on natural 
selection [Goldberg, 1989; Holland, 1975; 
Dawkins, 1987]. In common with all heuristic 
methods, GA’s cannot guarantee to locate the 
global optimum in a problem space in a finite time. 
For some engineering problems such as many 
design and simulation tasks [Parmee, 1996; Shultz 
et al, 1996] the most desirable solution may not be 
the conventional global optimum but instead a 
solution representing a robust answer to the 
problem in hand is sought.  In this paper a genetic 
algorithm using diploid chromosomes is presented 
which searches a multi-modal problem space and 
favours convergence in a hyper-volume 
representing a robust solution even if the local 
optima within this region is significantly less fit 
than the global optimum. To illustrate what is 
meant by a robust solution in an engineering 
context consider a model of a family car.  For the 
product to be successful it must operate on a 
regular basis without significant deterioration of 
performance as parts wear between services.  By 
way of contrast a Formula One racing car is 
designed with peak performance as a more 
important consideration as it needs to complete a 
race within 2 hours and then many hours are 
available post race for maintenance.  The family 
car represents the more robust yet less fit solution 
to car design than the high performing high 
maintenance racing car. 

 
Section 2 of this paper describes the diploid 
chromosomes used and the means of measuring its 
fitness.  Section 3 describes the other operators used in 
the diploid genetic algorithm.  Section 4 describes the 
fitness function used and section 5 details the 
experiments performed and the results obtained. 
Section 6 presents an argument explaining the 
algorithms function.  Section 7 discusses the 
implication of the results and further work. 
 
2. DIPLOID CHROMOSOMES AND GA. 
2.1 Diploid and Haploid Chromosomes. 
 
In naturally occurring organisms two types of 
chromosome structures are commonly found 
[Strickberger,1976].  In simpler organisms such as 
bacteria, the single  ‘Haploid’ chromosome is 
common whereas for more complex sexually 
reproducing organisms such as vertebrates and many 
plants, a diploid chromosome set is much more 
common.  In genetic algorithms the haploid structure 
has been favoured for the majority of GA variants 
with some notable exceptions [Goldberg and 
Richardson, 1987; Yukiko and Nobue, 1994].  The 
algorithms reported in [Goldberg and Richardson, 
1987] and [Yukiko and Nobue, 1994] use ideas from 
nature such as dominance of genes [Goldberg and 
Richardson, 1987] or meiosis [Yukiko and Nobue, 
1994] to convert the genotype to phenotype the 
preservation of population diversity the main 
objective.  However the approach for the diploid GA 
in this paper differs in both respects: robust solutions 
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are sought in favour of a potentially fitter, less robust 
global optimum and the means of extrapolating the 
phenotype is not based on a process found in natural 
organisms. 
 
2.2 Generating A Diploid Chromosome. 
 
To generate a diploid chromosome two possible 
solutions are generated randomly and encoded in 
binary in the conventional haploid way.  The two 
haploid strings are then stacked one on top of another 
to produce the genotype (Figure 1).  The bits at each 
locus in each string are compared and a notional third 
string is generated.  When the bits agree, this value is 
passed to the third string but if the bits disagree an 
asterisk representing an ambiguous digit is passed into 
the third string.  The third string now resembles a 
traditional schema of schemata theory [Goldberg, 
1989; Holland, 1975; Neubauer, 1997] and is used to 
generate the phenotype. 
 

Binary Diploid Chromosomes 
 

14,07  11100111 
10,13  10101101 
Schema  1*10 *1 *1 

 
Figure 1, Creating The Genotype And Phenotype Of 

A Diploid Chromosome. 
 
2.3 Measuring the fitness of a Diploid 
Chromosome. 
 
The schema of the diploid structure represents a 
family of solutions; the number of possible 
chromosomes ‘n’ in the family is 2k where ‘k’ is the 
number of ambiguous digits in the schema.  Ideally 
the average fitness of all the chromosomes represented 
by the schema would be suitable.  However when ‘k’ 
is large, expanding the schema to find and assess the 
fitness of each solution becomes computationally 
expensive and therefore impractical.   
 
The heuristic assumption used to measure the fitness 
of a diploid chromosome in mathematical form is 
given in Equation 1.  Each of the ‘n’ haploid
chromosomes of the set represented by the 
schema has ‘xi’ parameters.  If the value 
produced by substituting each ‘(Σxi)/n’ into 
the fitness function is approximately equal to 
the average fitness of all the ‘n’ diploid 
chromosomes for high fitness values, then an 
adequate measure of the fitness of the whole 
family is achieved. 
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It can be shown that the average value for any one 
parameter is equivalent to decoding its bit string by 
considering the contribution of an ambiguous digit as 
though it were a ‘1’ and dividing this value by 2. 
 
A second phase of assigning a fitness value to a 
diploid chromosome involves looking at the schema 
itself.  Two properties of a schema ‘H’ used in 
schemata theory are needed, the order the schema 
‘o(H)’ and the defining length ‘δ(H)’.  o(H) is defined 
as the number of unambiguous digits in the schema 
and δ(H) is the number of digits from the first 
unambiguous digit encountered to the last 
unambiguous digit in the schema (Figure 2).  This is 
alternatively stated as the loci of the last unambiguous 
digit minus the loci of the first unambiguous digit. 
 
            

Schema  ‘H’ = * 1 * * 1 0 * 
o(H) = 3 
δ(H) = 4 
 

Figure 2, The Defining Length and Order of a 
Schema 

 
With these two values a weighting factor is applied to 
the fitness value for the schema as shown in equation 
2.  
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Equation 2. 
 
 
 
3 REPRODUCTION: SELECTION, 
CROSSOVER, EXCHANGE AND MUTATION. 
 
The selection procedure used is the roulette wheel 
using the fitness values derived from Equation 2. 
Once chromosomes have been selected for producing 
the next generation and before reproduction the 
crossover operator is used in the usual way but within 
one diploid chromosome.  Crossover within a diploid 
chromosome will not change the schema and therefore 
will not change the phenotype.  To create new 
chromosomes the next step is the exchange.   Two 
selected parents exchange their lower bit strings as 
shown in Figure 3. 
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Figure 4, Two-dimensional version of Equation 3 (m=2,b=5000). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

         

1 1 0 0 1 0 1 0
1 1 1 1 1 1 1 1Parent A

0 0 0 0 0 1 1 1
0 0 0 0 0 0 0 0Parent B

1 1 0 0 1 0 1 0

1 1 1 1 1 1 1 1

Child  A

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

Child B
 

Figure 3 Example of exchange to create new chromosomes. 

The final stage of reproduction is mutation. 
For the diploid chromosomes this is no 
different to mutation in the conventional GA, 
each bit in both bitstrings has a small 
probability of changing state.  Once 
reproduction is completed, the new 
population has a schema assigned and the 
cycle is repeated until an ending criteria is 
met.  The schemata of the fittest diploid 
chromosomes in the population are then 
expanded to form a set of haploid 
chromosomes.  These are subsequently 
decoded to form the candidate solutions.  

4. FITNESS FUNCTIONS AND 
ROBUSTNESS. 
 

For many engineering applications robustness of 
operation can be a more important consideration than 
peak performance. A simple fitness function to 
simulate a region of robustness verses high 
performance is shown in Figure 4. The figure shows a 
two-dimensional version of Equation 3, with m=2 and 
b = 5000, where peak ‘B’ centred at x=+2.5 is less 
steep than its sister peak ‘A’ centred at x=-2.5. Peak 
‘B’ represents a more robust solution than its 
neighbour ‘A’. Consider an imaginary point at the 
local optima of ‘B’ shifted a small amount: its fitness 
will not decrease as much as a similar point moved the 
same distance from local optima ‘A’.  Each dimension 
of the problem space is bounded to values in the range 
-5.11 to +5.12. 
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5 EXPERIMENTS. 
5.1  Description. 
 
Experiments were conducted to test the diploid GA’s 
ability to converge to robust solutions as opposed to 
fitter, less robust solutions using the fitness function 
of Equation 3.  The value of peak B is varied with the 
parameter ‘b’ and adjusts the fitness value of the local 
optimum at peak B and therefore the relative fitness of 
the optima of both peaks.  The parameter ‘m’ changes 
the steepness (spread/variance) of peak ‘A’: the 
greater the value of ‘m’ the steeper the region of peak 
‘A’. 
 
5.2 Constant parameters. 
 
All the experiments conducted use a crossover rate of 
1 and the probability of exchange was also 1.  The 
mutation rate was set at 0.007.  The mutation rate is 
considered small by some [Baeck and Hammel, 1997] 
but is of the same order of magnitude as the values 
used in the mutation schedule in the work by [Parmee, 
1996] where the object was to find robust optima.   
For the diploid algorithm a high mutation rate is far 
too disruptive for well-defined schema to form and 
prevents the algorithm converging in a convenient 
time.  All experiments were repeated 100 times. 
 
5.3 Variable parameters. 
 
Populations of 10,20,40 and 80 diploid chromosomes 
were used.   The dimension of the fitness function was 
set to 2, 4 or 6 and the parameter ‘b’ was set to values 
10000, 5000, 1000, 500 and 0.  Two values were used 
for parameter ‘m’, 2 & 5.  To test the effect of the 
weighting factor each experiment was performed with 
weighting and repeated without weighting. 
 
5.4 Ending Criteria.  
 
It would be disadvantageous if at the end of the run of 
the diploid GA the schema produced by the fittest 
diploid individuals had too many ambiguous digits. 
Therefore the weighting factor is designed to limit the 
number of possible solutions produced by these 
schema.   The first ending criteria uses the average 
order ‘õ(H)’ of the population and stops the algorithm 
when this value is greater than 85% of the number of 
loci in the schema ‘L’.  For longer schema the 85% 
cut off can still lead to a large  number of ambiguous 
digits, so a second  criteria can be used where the 
search ceases once õ(H) reaches a value ‘L - l’, where 
‘l’ is a predetermined value representing a number of 
unambiguous digits in a schema which is convenient 

to expand into 2l unambiguous solutions.  Values of l 
used in these experiments are 3 and 4, producing an 
average of 8 or 16 solutions from each schema in the 
population. 
 

 
In some instances, populations will not achieve either 
of the above criteria in a useful time so the last 
criterion is simply to end the GA after a pre-set 
number of generations.  For the experiments reported 
here the algorithms were stopped at generation 300 if 
the one of the criteria above was not met. 
 
5.5 Results and comparison with a simple Haploid 
GA. 
 
Excluding the experiments where the peak B has the 
value 0, the final population of the diploid GA 
produced solutions in the region of peak ‘B’ with just 
one instance out of 9,600 converging on peak A.  The 
inclusion of a peak value of 0 for ‘B’ was introduced 
as a control to check that there was not a systemic 
error in the software, which favoured the peak ‘B’ 
region.  The position of ‘A’ and ‘B’ were also 
switched and the experiments rerun with the same 
result that the more robust peak ‘B’ was found 100% 
of the time. 
 
A second set of control experiments was performed 
using a simple haploid GA.  The population for each 
of these controls was double that for the equivalent 
diploid algorithm, reflecting the number of solutions 
randomly generated to create the initial population of 
the diploid algorithm.  The simple GA did regularly 
converge on peak B.  The percentage of peak B ‘hits’ 
varied with population size, the spread of peak A 
controlled by parameter ‘m’ and the height of peak B 
controlled by parameter ‘b’.  With a small population 
of 20 chromosomes, m = 5 and b = 10000 the haploid 
GA converged on peak B 62% of the time while with 
a population of 160, m=2, b=500 the peak B was 
found just 20% of the time.   The most successful 
haploid GA experiments did not come close to 
matching the diploid GA’s near 100% performance of 
peak B hits. 
 
The quality of solutions found varied with population 
size but not significantly with the height of peak B.  If 
one or more of the solutions derived from the schema 
of the fittest chromosome in the final population has 
most of its parameters within ± 0.3 of the parameters 
(2.50,..2.50) at the optimum of peak B it is deemed to 
be ‘high quality’.   
 
Table 1 shows the percentages of high quality 
solutions for each population size; the greater the size 
of the population the more high quality solutions were 
found. 
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Population 

size 
10 20 40 80

% of High  
quality 

solutions 

70 
to 
75 

82 
to 
86 

89 
to 
94 

93 
to 
97

 
Table 1, Percentages of high quality solutions found 

with varying population size. 
 

The time to convergence of the algorithm increased 
with dimension of the fitness function as would be 
expected.  The effect of the weighting factor was to 
increase the number of generations needed until the 
schema convergence criteria was met but not by a 
great deal, on average 10 generations.  The conclusion 
is that the weighting factor is not necessary to the 
successful function of the diploid GA. 
 
6 WHY THE ALGORITHM WORKS. 
 
Consider four solutions in binary form for a 2-
dimensional version of equation 3 as shown in table 2: 

Chromosome Co-ordinates Haploid 
Fitness 

C1. 1000001010100000000 -2.5, -2.5 
Optimum Peak A 

10196 

C2. 10111110011011100000 +2.5, +2.5 
Optimum Peak B 

10000 

C3. 1000110010100010000 -2.3, -2.3 
Close to Peak A 

7018 

C4. 10111001011011100000 +2.3, +2.3 
Close to Peak B 

9259 

Table 2, four possible solutions to Equation 3 

These solutions produce the following 3 diploid 
chromosomes shown in Table 3:- 

The haploid chromosome ‘C1’ in the list 
above represents the global optimum at peak 
A, C2 is the more robust Peak ‘B’ solution. 
C3 and C4 are candidate solutions equally 
near the two optima in terms of Euclidean 
distance.  The first of the diploid 
chromosomes, formed from C1 and C3, 
represents a family of solutions close to the 
less desirable peak ‘A’ and the second, 
formed from C2 and C4, a family close to the 
robust peak ‘B’.  When comparing the 
unweighted diploid fitness of the 
chromosomes with the fitness of their 
component haploid strings, it can be seen that 
the less fit component has a smaller effect on 
the fitness value for the peak ‘B’ 
chromosome than for peak ‘A’: this is due 
directly to the fitness gradient in the region 
of both peaks and therefore the robustness of 
the solution.  This procedure favours the 

C1   01000001010100000101  Unweighted diploid fitness = 9261 
C3  01000110010100011001  o(H) = 16, δ(H) = 20  
Schema  01000***0101000***01  Weighted diploid fitness = 7409 
 
C2  10111110011011111001  Unweighted diploid fitness = 9804 
C4  10111001011011100101  o(H) = 16, δ(H) = 20 
Schema   10111***0110111***01  Weighted diploid fitness = 7843 
 
C1  01000001010100000101  Unweighted diploid fitness =  741 
C2  10111110011011111001  o(H) = 4, δ(H) = 12 
Schema  ********01********01  Weighted diploid fitness =  247 

 
Table 3, Diploid chromosomes derived from the haploid chromosomes in Table 2. 

 



S. LEE et al: FINDING ROBUST OPTIMA WITH A DIPLOID GENETIC ALGORITHM 

I. J. of SIMULATION Vol. 6 No 9 78 ISSN 1473-804x online, 1473-8031 print 

 

selection of the more robust diploid chromosome in 
the roulette wheel operator.   It can be seen from the 
first two diploid chromosomes that the local optimum 
does not need to be one of the component haploid 
strings.  In both examples there are six ambiguous 
digits and so 26 diploid chromosomes are possible to 
create the same phenotype, only two of which contain 
the optimal solution.  
 
 
As the first two chromosomes in the above example 
have equal o(H) and δ(H) the effect of the weighting 
factor on selective pressure is not obvious.  However 
in the case of the third diploid chromosome, formed 
from C1 and C2, which has the two haploid 
components representing both optima, the unweighted 
fitness is very low due to the large number of 
ambiguous digits and will subsequently have a small 
probability of selection.  When the weighting factor is 
included its relative fitness falls still further and its 
chances of selection reduced.  It can be seen that the 
weighting factor will increase the selective pressure in 
favour of the better defined schema and increase the 
rate of convergence although the better defined 
schemata have an implicit advantage  without 
weighting. 
 
 
7 DISCUSSION AND FURTHER WORK. 
 
The results have shown that the diploid genetic 
algorithm does indeed find the more robust optimum 
in favour of the global optimum.  An important 
priority will be to find a means of tailoring the 
algorithm to predetermine a balance between 
robustness and global performance. 
 
The weighting factor is not strictly necessary for the 
fitness function; its purpose is to increase the selective 
pressure in favour of those schemata, which are better, 
defined i.e. fewer ambiguities.  The nature of the 
averaging operation in the fitness function tends to 
favour the well-defined schemata in any case. 
However modifications to the weighting parameter 
will be investigated with a view to managing selective 
pressure and population diversity. 
 
The algorithm presented in this paper has deliberately 
used basic GA operators to gauge the validity of the 
method.  A greater range of advanced operators will 
be used in further work to investigate the effect of 
operators such as ranking and windowing selection 
operators [Hancock, 1994]. 
 
 
More complex fitness functions such as the one used 
by [Parmee, 1996] will be used to test the algorithm 
for finding robust solutions.  Parmee’s fitness function 
is similar to the one used in these experiments, having 
2 optima, however it has the added complication that 
the less desirable optima (equivalent to peak A) is not 
smooth but contains a peak optima surrounded by 
many sub-optima making for a very rugged landscape. 
 

In common with all GA’s, the diploid genetic 
algorithm does not find the precise local optima with 
regularity but rather converges on solutions very close 
to the optima.  Hybrid search algorithms using the 
diploid GA for the global search and a selection of 
secondary search algorithms such as haploid GA using 
a modification of the orthogonal array refocusing 
operator [Lee and Rowlands, 1998] or evolutionary 
operation (EVOP) [Pride & H.Rowlands, 1997] for 
the local search are to be tested. 
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