
7.3 Genetic algorithms

We start with a definition: genetic algorithms are a class of stochastic search

algorithms based on biological evolution. Given a clearly defined problem to be

solved and a binary string representation for candidate solutions, a basic GA can

be represented as in Figure 7.2. A GA applies the following major steps (Davis,

1991; Mitchell, 1996):

Step 1: Represent the problem variable domain as a chromosome of a fixed

length, choose the size of a chromosome population N, the crossover

probability pc and the mutation probability pm.

Step 2: Define a fitness function to measure the performance, or fitness, of an

individual chromosome in the problem domain. The fitness function

establishes the basis for selecting chromosomes that will be mated

during reproduction.

Step 3: Randomly generate an initial population of chromosomes of size N:

x1; x2; . . . ; xN

Step 4: Calculate the fitness of each individual chromosome:

f ðx1Þ; f ðx2Þ; . . . ; f ðxNÞ

Step 5: Select a pair of chromosomes for mating from the current population.

Parent chromosomes are selected with a probability related to their

fitness. Highly fit chromosomes have a higher probability of being

selected for mating than less fit chromosomes.

Step 6: Create a pair of offspring chromosomes by applying the genetic

operators – crossover and mutation.

Step 7: Place the created offspring chromosomes in the new population.

Step 8: Repeat Step 5 until the size of the new chromosome population

becomes equal to the size of the initial population, N.

Step 9: Replace the initial (parent) chromosome population with the new

(offspring) population.

Step 10: Go to Step 4, and repeat the process until the termination criterion is

satisfied.

As we see, a GA represents an iterative process. Each iteration is called a

generation. A typical number of generations for a simple GA can range from 50

to over 500 (Mitchell, 1996). The entire set of generations is called a run. At the

end of a run, we expect to find one or more highly fit chromosomes.
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Are any conventional termination criteria used in genetic algorithms?

Because GAs use a stochastic search method, the fitness of a population may

remain stable for a number of generations before a superior chromosome

appears. This makes applying conventional termination criteria problematic. A

common practice is to terminate a GA after a specified number of generations

Figure 7.2 A basic genetic algorithm
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and then examine the best chromosomes in the population. If no satisfactory

solution is found, the GA is restarted.

A simple example will help us to understand how a GA works. Let us find the

maximum value of the function ð15x � x2Þ where parameter x varies between 0

and 15. For simplicity, we may assume that x takes only integer values. Thus,

chromosomes can be built with only four genes:

Integer Binary code Integer Binary code Integer Binary code

1 0 0 0 1 6 0 1 1 0 11 1 0 1 1

2 0 0 1 0 7 0 1 1 1 12 1 1 0 0

3 0 0 1 1 8 1 0 0 0 13 1 1 0 1

4 0 1 0 0 9 1 0 0 1 14 1 1 1 0

5 0 1 0 1 10 1 0 1 0 15 1 1 1 1

Suppose that the size of the chromosome population N is 6, the crossover

probability pc equals 0.7, and the mutation probability pm equals 0.001. (The

values chosen for pc and pm are fairly typical in GAs.) The fitness function in our

example is defined by

f ðxÞ ¼ 15x � x2

The GA creates an initial population of chromosomes by filling six 4-bit

strings with randomly generated ones and zeros. The initial population might

look like that shown in Table 7.1. The chromosomes’ initial locations on the

fitness function are illustrated in Figure 7.3(a).

A real practical problem would typically have a population of thousands of

chromosomes.

The next step is to calculate the fitness of each individual chromosome. The

results are also shown in Table 7.1. The average fitness of the initial population is

36. In order to improve it, the initial population is modified by using selection,

crossover and mutation, the genetic operators.

In natural selection, only the fittest species can survive, breed, and thereby

pass their genes on to the next generation. GAs use a similar approach, but

Table 7.1 The initial randomly generated population of chromosomes

Chromosome

label

Chromosome

string

Decoded

integer

Chromosome

fitness

Fitness

ratio, %

X1 1 1 0 0 12 36 16.5

X2 0 1 0 0 4 44 20.2

X3 0 0 0 1 1 14 6.4

X4 1 1 1 0 14 14 6.4

X5 0 1 1 1 7 56 25.7

X6 1 0 0 1 9 54 24.8
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unlike nature, the size of the chromosome population remains unchanged from

one generation to the next.

How can we maintain the size of the population constant, and at the

same time improve its average fitness?

The last column in Table 7.1 shows the ratio of the individual chromosome’s

fitness to the population’s total fitness. This ratio determines the chromo-

some’s chance of being selected for mating. Thus, the chromosomes X5 and X6

stand a fair chance, while the chromosomes X3 and X4 have a very low

probability of being selected. As a result, the chromosome’s average fitness

improves from one generation to the next.

One of the most commonly used chromosome selection techniques is the

roulette wheel selection (Goldberg, 1989; Davis, 1991). Figure 7.4 illustrates the

roulette wheel for our example. As you can see, each chromosome is given a slice

of a circular roulette wheel. The area of the slice within the wheel is equal to the

chromosome fitness ratio (see Table 7.1). For instance, the chromosomes X5 and

X6 (the most fit chromosomes) occupy the largest areas, whereas the chromo-

somes X3 and X4 (the least fit) have much smaller segments in the roulette

wheel. To select a chromosome for mating, a random number is generated in the

interval ½0;100�, and the chromosome whose segment spans the random number

is selected. It is like spinning a roulette wheel where each chromosome has a

segment on the wheel proportional to its fitness. The roulette wheel is spun, and

Figure 7.3 The fitness function and chromosome locations: (a) chromosome initial

locations; (b) chromosome final locations

Figure 7.4 Roulette wheel selection
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when the arrow comes to rest on one of the segments, the corresponding

chromosome is selected.

In our example, we have an initial population of six chromosomes. Thus, to

establish the same population in the next generation, the roulette wheel would

be spun six times. The first two spins might select chromosomes X6 and X2 to

become parents, the second pair of spins might choose chromosomes X1 and

X5, and the last two spins might select chromosomes X2 and X5.

Once a pair of parent chromosomes is selected, the crossover operator is

applied.

How does the crossover operator work?

First, the crossover operator randomly chooses a crossover point where two

parent chromosomes ‘break’, and then exchanges the chromosome parts after

that point. As a result, two new offspring are created. For example, the

chromosomes X6 and X2 could be crossed over after the second gene in each

to produce the two offspring, as shown in Figure 7.5.

If a pair of chromosomes does not cross over, then chromosome cloning takes

place, and the offspring are created as exact copies of each parent. For example,

the parent chromosomes X2 and X5 may not cross over. Instead, they create the

offspring that are their exact copies, as shown in Figure 7.5.

A value of 0.7 for the crossover probability generally produces good results.

After selection and crossover, the average fitness of the chromosome population

has improved and gone from 36 to 42.

What does mutation represent?

Mutation, which is rare in nature, represents a change in the gene. It may lead to

a significant improvement in fitness, but more often has rather harmful results.

So why use mutation at all? Holland introduced mutation as a background

operator (Holland, 1975). Its role is to provide a guarantee that the search

algorithm is not trapped on a local optimum. The sequence of selection and

crossover operations may stagnate at any homogeneous set of solutions. Under

such conditions, all chromosomes are identical, and thus the average fitness of

the population cannot be improved. However, the solution might appear to

become optimal, or rather locally optimal, only because the search algorithm is

not able to proceed any further. Mutation is equivalent to a random search, and

aids us in avoiding loss of genetic diversity.

How does the mutation operator work?

The mutation operator flips a randomly selected gene in a chromosome. For

example, the chromosome X10 might be mutated in its second gene, and the

chromosome X2 in its third gene, as shown in Figure 7.5. Mutation can occur at

any gene in a chromosome with some probability. The mutation probability is

quite small in nature, and is kept quite low for GAs, typically in the range

between 0.001 and 0.01.

Genetic algorithms assure the continuous improvement of the average fitness

of the population, and after a number of generations (typically several hundred)
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the population evolves to a near-optimal solution. In our example, the

final population would consist of only chromosomes and .

The chromosome’s final locations on the fitness function are illustrated in

Figure 7.3(b).

In this example, the problem has only one variable. It is easy to represent. But

suppose it is desired to find the maximum of the ‘peak’ function of two variables:

f ðx; yÞ ¼ ð1 � xÞ2e�x2�ðyþ1Þ2 � ðx � x3 � y3Þe�x2�y2
,

where parameters x and y vary between �3 and 3.

0 1 1 1 1 0 0 0

Figure 7.5 The GA cycle

227GENETIC ALGORITHMS



The first step is to represent the problem variables as a chromosome. In other

words, we represent parameters x and y as a concatenated binary string:

in which each parameter is represented by eight binary bits.

Then, we choose the size of the chromosome population, for instance 6, and

randomly generate an initial population.

The next step is to calculate the fitness of each chromosome. This is done in

two stages. First, a chromosome is decoded by converting it into two real

numbers, x and y, in the interval between �3 and 3. Then the decoded values

of x and y are substituted into the ‘peak’ function.

How is decoding done?

First, a chromosome, that is a string of 16 bits, is partitioned into two 8-bit

strings:

and

Then these strings are converted from binary (base 2) to decimal (base 10):

ð10001010Þ2 ¼1	27 þ0	26 þ0	25 þ0	24 þ1	23 þ0	22 þ1	21 þ0	20

¼ð138Þ10

and

ð00111011Þ2 ¼0	27 þ0	26 þ1	25 þ1	24 þ1	23 þ0	22 þ1	21 þ1	20

¼ð59Þ10

Now the range of integers that can be handled by 8-bits, that is the range from 0

to ð28 � 1Þ, is mapped to the actual range of parameters x and y, that is the range

from �3 to 3:

6

256 � 1
¼ 0:0235294

To obtain the actual values of x and y, we multiply their decimal values by

0.0235294 and subtract 3 from the results:

x ¼ ð138Þ10 	 0:0235294 � 3 ¼ 0:2470588

and

y ¼ ð59Þ10 	 0:0235294 � 3 ¼ �1:6117647

1 0 0 0 1 0 1 0 0 0 1 1 1 0 1 1|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
x y

1 0 0 0 1 0 1 0 0 0 1 1 1 0 1 1
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When necessary, we can also apply other decoding techniques, such as Gray

coding (Caruana and Schaffer, 1988).

Using decoded values of x and y as inputs in the mathematical function, the

GA calculates the fitness of each chromosome.

To find the maximum of the ‘peak’ function, we will use crossover with the

probability equal to 0.7 and mutation with the probability equal to 0.001. As we

mentioned earlier, a common practice in GAs is to specify the number of

generations. Suppose the desired number of generations is 100. That is, the GA

will create 100 generations of 6 chromosomes before stopping.

Figure 7.6(a) shows the initial locations of the chromosomes on the surface

and contour plot of the ‘peak’ function. Each chromosome here is represented by

a sphere. The initial population consists of randomly generated individuals that

are dissimilar or heterogeneous. However, starting from the second generation,

crossover begins to recombine features of the best chromosomes, and the

population begins to converge on the peak containing the maximum, as shown

in Figure 7.6(b). From then until the final generation, the GA is searching around

this peak with mutation, resulting in diversity. Figure 7.6(c) shows the final

chromosome generation. However, the population has converged on a chromo-

some lying on a local maximum of the ‘peak’ function.

But we are looking for the global maximum, so can we be sure the search is for

the optimal solution? The most serious problem in the use of GAs is concerned

with the quality of the results, in particular whether or not an optimal solution is

Figure 7.6 Chromosome locations on the surface and contour plot of the ‘peak’

function: (a) initial population; (b) first generation; (c) local maximum solution;

(d) global maximum solution
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being reached. One way of providing some degree of insurance is to compare

results obtained under different rates of mutation. Let us, for example, increase

the mutation rate to 0.01 and rerun the GA. The population might now converge

on the chromosomes shown in Figure 7.6(d). However, to be sure of steady

results we must increase the size of the chromosome population.

Figure 7.7 Performance graphs for 100 generations of 6 chromosomes: (a) local

maximum solution and (b) global maximum solution of the ‘peak’ function
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A surface of a mathematical function of the sort given in Figure 7.6 is a

convenient medium for displaying the GA’s performance. However, fitness

functions for real world problems cannot be easily represented graphically.

Instead, we can use performance graphs.

What is a performance graph?

Since genetic algorithms are stochastic, their performance usually varies from

generation to generation. As a result, a curve showing the average performance

of the entire population of chromosomes as well as a curve showing the

performance of the best individual in the population is a useful way of

examining the behaviour of a GA over the chosen number of generations.

Figures 7.7(a) and (b) show plots of the best and average values of the fitness

function across 100 generations. The x-axis of the performance graph indicates

how many generations have been created and evaluated at the particular point

in the run, and the y-axis displays the value of the fitness function at that point.

The erratic behaviour of the average performance curves is due to mutation.

The mutation operator allows a GA to explore the landscape in a random

manner. Mutation may lead to significant improvement in the population

fitness, but more often decreases it. To ensure diversity and at the same time to

reduce the harmful effects of mutation, we can increase the size of the

chromosome population. Figure 7.8 shows performance graphs for 20 genera-

tions of 60 chromosomes. The best and average curves represented here are

typical for GAs. As you can see, the average curve rises rapidly at the beginning of

the run, but then as the population converges on the nearly optimal solution, it

rises more slowly, and finally flattens at the end.

Figure 7.8 Performance graphs for 20 generations of 60 chromosomes
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7.4 Why genetic algorithms work

The GA techniques have a solid theoretical foundation (Holland, 1975;

Goldberg, 1989; Rawlins, 1991; Whitley, 1993). That foundation is based on

the Schema Theorem.

John Holland introduced the notation of schema (Holland, 1975), which

came from the Greek word meaning ‘form’. A schema is a set of bit strings of

ones, zeros and asterisks, where each asterisk can assume either value 1 or 0. The

ones and zeros represent the fixed positions of a schema, while asterisks

represent ‘wild cards’. For example, the schema stands for a set of

4-bit strings. Each string in this set begins with 1 and ends with 0. These strings

are called instances of the schema.

What is the relationship between a schema and a chromosome?

It is simple. A chromosome matches a schema when the fixed positions in the

schema match the corresponding positions in the chromosome. For example,

the schema H

matches the following set of 4-bit chromosomes:

Each chromosome here begins with 1 and ends with 0. These chromosomes are

said to be instances of the schema H.

The number of defined bits (non-asterisks) in a schema is called the order.

The schema H, for example, has two defined bits, and thus its order is 2.

In short, genetic algorithms manipulate schemata (schemata is the plural of

the word schema) when they run. If GAs use a technique that makes the

probability of reproduction proportional to chromosome fitness, then according

to the Schema Theorem (Holland, 1975), we can predict the presence of a given

schema in the next chromosome generation. In other words, we can describe the

GA’s behaviour in terms of the increase or decrease in the number of instances of

a given schema (Goldberg, 1989).

Let us assume that at least one instance of the schema H is present in the

chromosome initial generation i. Now let mHðiÞ be the number of instances of

the schema H in the generation i, and f̂f HðiÞ be the average fitness of these

instances. We want to calculate the number of instances in the next generation,

mHði þ 1Þ. As the probability of reproduction is proportional to chromosome

fitness, we can easily calculate the expected number of offspring of a chromo-

some x in the next generation:

1 
 
 0

1 
 
 0

1 1 1 0

1 1 0 0

1 0 1 0

1 0 0 0
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mxði þ 1Þ ¼ fxðiÞ
f̂f ðiÞ

; ð7:1Þ

where fxðiÞ is the fitness of the chromosome x, and f̂f ðiÞ is the average fitness of

the chromosome initial generation i.

Then, assuming that the chromosome x is an instance of the schema H, we

obtain

mHði þ 1Þ ¼

Xx¼mH ðiÞ

x¼1

fxðiÞ

f̂f ðiÞ
; x 2 H ð7:2Þ

Since, by definition,

f̂f HðiÞ ¼

Xx¼mH ðiÞ

x¼1

fxðiÞ

mHðiÞ
;

we obtain

mHði þ 1Þ ¼ f̂f HðiÞ
f̂f ðiÞ

mHðiÞ ð7:3Þ

Thus, a schema with above-average fitness will indeed tend to occur more

frequently in the next generation of chromosomes, and a schema with below-

average fitness will tend to occur less frequently.

How about effects caused by crossover and mutation?

Crossover and mutation can both create and destroy instances of a schema. Here

we will consider only destructive effects, that is effects that decrease the number

of instances of the schema H. Let us first quantify the destruction caused by the

crossover operator. The schema will survive after crossover if at least one of its

offspring is also its instance. This is the case when crossover does not occur

within the defining length of the schema.

What is the defining length of a schema?

The distance between the outermost defined bits of a schema is called

defining length. For example, the defining length of is 3,

of is 5 and of is 7.

If crossover takes place within the defining length, the schema H can be

destroyed and offspring that are not instances of H can be created. (Although the

schema H will not be destroyed if two identical chromosomes cross over, even

when crossover occurs within the defining length.)


 
 
 
 1 0 1 1

 0 
 1 
 1 0 
 1 
 
 
 
 
 
 0
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Thus, the probability that the schema H will survive after crossover can be

defined as:

P
ðcÞ
H ¼ 1 � pc

ld
l � 1

� �
; ð7:4Þ

where pc is the crossover probability, and l and ld are, respectively, the length and

the defining length of the schema H.

It is clear, that the probability of survival under crossover is higher for short

schemata rather than for long ones.

Now consider the destructive effects of mutation. Let pm be the mutation

probability for any bit of the schema H, and n be the order of the schema H.

Then ð1 � pmÞ represents the probability that the bit will not be mutated,

and thus the probability that the schema H will survive after mutation is

determined as:

P
ðmÞ
H ¼ ð1 � pmÞn ð7:5Þ

It is also clear that the probability of survival under mutation is higher for

low-order schemata than for high-order ones.

We can now amend Eq. (7.3) to take into account the destructive effects of

crossover and mutation:

mHði þ 1Þ ¼ f̂f HðiÞ
f̂f ðiÞ

mHðiÞ 1 � pc
ld

l � 1

� �	 

ð1 � pmÞn ð7:6Þ

This equation describes the growth of a schema from one generation to the

next. It is known as the Schema Theorem. Because Eq. (7.6) considers only

the destructive effects of crossover and mutation, it gives us a lower bound

on the number of instances of the schema H in the next generation.

Despite crossover arguably representing a major advantage of GAs, there is as

yet no theoretical basis to support the view that a GA will outperform other

search and optimisation techniques just because crossover allows the combina-

tion of partial solutions.

Genetic algorithms are a very powerful tool, but need to be applied intelli-

gently. For example, coding the problem as a bit string may change the nature of

the problem being investigated. In other words, there is a danger that the coded

representation becomes a problem that is different from the one we wanted to

solve.

To illustrate the ideas discussed above, we consider a simple application of the

GA to problems of scheduling resources.
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7.5 Case study: maintenance scheduling with genetic
algorithms

One of the most successful areas for GA applications includes the problem of

scheduling resources. Scheduling problems are complex and difficult to solve.

They are usually approached with a combination of search techniques and

heuristics.

Why are scheduling problems so difficult?

First, scheduling belongs to NP-complete problems. Such problems are likely to

be unmanageable and cannot be solved by combinatorial search techniques.

Moreover, heuristics alone cannot guarantee the best solution.

Second, scheduling problems involve a competition for limited resources; as a

result, they are complicated by many constraints. The key to the success of the

GA lies in defining a fitness function that incorporates all these constraints.

The problem we discuss here is the maintenance scheduling in modern power

systems. This task has to be carried out under several constraints and uncertain-

ties, such as failures and forced outages of power equipment and delays in

obtaining spare parts. The schedule often has to be revised at short notice.

Human experts usually work out the maintenance scheduling by hand, and

there is no guarantee that the optimum or even near-optimum schedule is

produced.

A typical process of the GA development includes the following steps:

1 Specify the problem, define constraints and optimum criteria.

2 Represent the problem domain as a chromosome.

3 Define a fitness function to evaluate the chromosome’s performance.

4 Construct the genetic operators.

5 Run the GA and tune its parameters.

Step 1: Specify the problem, define constraints and optimum criteria

This is probably the most important step in developing a GA, because if

it is not correct and complete a viable schedule cannot be obtained.

Power system components are made to operate continuously

throughout their life by means of preventive maintenance. The

purpose of maintenance scheduling is to find the sequence of outages

of power units over a given period of time (normally a year) such that

the security of a power system is maximised.

Any outage in a power system is associated with some loss in

security. The security margin is determined by the system’s net reserve.

The net reserve, in turn, is defined as the total installed generating

capacity of the system minus the power lost due to a scheduled outage

and minus the maximum load forecast during the maintenance period.

For instance, if we assume that the total installed capacity is 150 MW
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and a unit of 20 MW is scheduled for maintenance during the period

when the maximum load is predicted to be 100 MW, then the net

reserve will be 30 MW. Maintenance scheduling must ensure that

sufficient net reserve is provided for secure power supply during any

maintenance period.

Suppose, there are seven power units to be maintained in four equal

intervals. The maximum loads expected during these intervals are

80, 90, 65 and 70 MW. The unit capacities and their maintenance

requirements are presented in Table 7.2.

The constraints for this problem can be specified as follows:

. Maintenance of any unit starts at the beginning of an interval and

finishes at the end of the same or adjacent interval. The main-

tenance cannot be aborted or finished earlier than scheduled.
. The net reserve of the power system must be greater than or equal to

zero at any interval.

The optimum criterion here is that the net reserve must be at the

maximum during any maintenance period.

Step 2: Represent the problem domain as a chromosome

Our scheduling problem is essentially an ordering problem, requiring

us to list the tasks in a particular order. A complete schedule may

consist of a number of overlapping tasks, but not all orderings are legal,

since they may violate the constraints. Our job is to represent a

complete schedule as a chromosome of a fixed length.

An obvious coding scheme that comes to mind is to assign each unit

a binary number and to let the chromosome be a sequence of these

binary numbers. However, an ordering of the units in a sequence is not

yet a schedule. Some units can be maintained simultaneously, and we

must also incorporate the time required for unit maintenance into the

schedule. Thus, rather than ordering units in a sequence, we might

build a sequence of maintenance schedules of individual units. The

unit schedule can be easily represented as a 4-bit string, where each bit

is a maintenance interval. If a unit is to be maintained in a particular

Table 7.2 Power units and their maintenance requirements

Unit

number

Unit capacity,

MW

Number of intervals required for

unit maintenance during one year

1 20 2

2 15 2

3 35 1

4 40 1

5 15 1

6 15 1

7 10 1
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interval, the corresponding bit assumes value 1, otherwise it is 0. For

example, the string presents a schedule for a unit to be

maintained in the second interval. It also shows that the number of

intervals required for maintenance of this unit is equal to 1. Thus, a

complete maintenance schedule for our problem can be represented as

a 28-bit chromosome.

However, crossover and mutation operators could easily create

binary strings that call for maintaining some units more than once

and others not at all. In addition, we could call for maintenance

periods that would exceed the number of intervals really required for

unit maintenance.

A better approach is to change the chromosome syntax. As already

discussed, a chromosome is a collection of elementary parts called

genes. Traditionally, each gene is represented by only one bit and

cannot be broken into smaller elements. For our problem, we can adopt

the same concept, but represent a gene by four bits. In other words, the

smallest indivisible part of our chromosome is a 4-bit string. This

representation allows crossover and mutation operators to act accord-

ing to the theoretical grounding of genetic algorithms. What remains

to be done is to produce a pool of genes for each unit:

The GA can now create an initial population of chromosomes by filling

7-gene chromosomes with genes randomly selected from the corres-

ponding pools. A sample of such a chromosome is shown in Figure 7.9.

Step 3: Define a fitness function to evaluate the chromosome performance

The chromosome evaluation is a crucial part of the GA, because

chromosomes are selected for mating based on their fitness. The fitness

function must capture what makes a maintenance schedule either good

or bad for the user. For our problem we apply a fairly simple function

concerned with constraint violations and the net reserve at each

interval.

0 1 0 0

Figure 7.9 A chromosome for the scheduling problem

1 1 0 0

1 1 0 0

1 0 0 0

1 0 0 0

1 0 0 0

0 1 1 0

0 1 1 0

0 1 0 0

0 1 0 0

0 1 0 0

0 0 1 1

0 0 1 1

0 0 1 0

0 0 1 0

0 0 1 0

0 0 0 1

0 0 0 1

0 0 0 1

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

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

Unit 1:

Unit 2:

Unit 3:

Unit 4:

Unit 5:

Unit 6:

Unit 7:
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The evaluation of a chromosome starts with the sum of capacities of

the units scheduled for maintenance at each interval. For the chromo-

some shown in Figure 7.9, we obtain:

Interval 1: 0	20þ0	15þ0	35þ1	40þ0	15þ0	15þ1	10

¼ 50

Interval 2: 1	20þ0	15þ0	35þ0	40þ1	15þ0	15þ0	10

¼ 35

Interval 3: 1	20þ1	15þ0	35þ0	40þ0	15þ1	15þ0	10

¼ 50

Interval 4: 0	20þ1	15þ1	35þ0	40þ0	15þ0	15þ0	10

¼ 50

Then these values are subtracted from the total installed capacity of the

power system (in our case, 150 MW):

Interval 1: 150 � 50 ¼ 100

Interval 2: 150 � 35 ¼ 115

Interval 3: 150 � 50 ¼ 100

Interval 4: 150 � 50 ¼ 100

And finally, by subtracting the maximum loads expected at each

interval, we obtain the respective net reserves:

Interval 1: 100 � 80 ¼ 20

Interval 2: 115 � 90 ¼ 25

Interval 3: 100 � 65 ¼ 35

Interval 4: 100 � 70 ¼ 30

Since all the results are positive, this particular chromosome does not

violate any constraint, and thus represents a legal schedule. The

chromosome’s fitness is determined as the lowest of the net reserves;

in our case it is 20.

If, however, the net reserve at any interval is negative, the schedule

is illegal, and the fitness function returns zero.

At the beginning of a run, a randomly built initial population might

consist of all illegal schedules. In this case, chromosome fitness values

remain unchanged, and selection takes place in accordance with the

actual fitness values.

Step 4: Construct the genetic operators

Constructing genetic operators is challenging and we must experiment

to make crossover and mutation work correctly. The chromosome has to

be broken up in a way that is legal for our problem. Since we have

already changed the chromosome syntax for this, we can use the GA

operators in their classical forms. Each gene in a chromosome is

represented by a 4-bit indivisible string, which consists of a possible

maintenance schedule for a particular unit. Thus, any random mutation
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of a gene or recombination of several genes from two parent chromo-

somes may result only in changes of the maintenance schedules for

individual units, but cannot create ‘unnatural’ chromosomes.

Figure 7.10(a) shows an example of the crossover application during

a run of the GA. The children are made by cutting the parents at the

randomly selected point denoted by the vertical line and exchanging

parental genes after the cut. Figure 7.10(b) demonstrates an example of

mutation. The mutation operator randomly selects a 4-bit gene in

a chromosome and replaces it by a gene randomly selected from

the corresponding pool. In the example shown in Figure 7.10(b), the

chromosome is mutated in its third gene, which is replaced by the gene

chosen from the pool of genes for the Unit 3.

Step 5: Run the GA and tune its parameters

It is time to run the GA. First, we must choose the population size and

the number of generations to be run. Common sense suggests that a

larger population can achieve better solutions than a smaller one, but

will work more slowly. In fact, however, the most effective population

size depends on the problem being solved, particularly on the problem

coding scheme (Goldberg, 1989). The GA can run only a finite number

of generations to obtain a solution. Perhaps we could choose a very

large population and run it only once, or we could choose a smaller

population and run it several times. In any case, only experimentation

can give us the answer.

0 0 0 1

Figure 7.10 Genetic operators for the scheduling problem: (a) the crossover operator;

(b) the mutation operator
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Figure 7.11 Performance graphs and the best maintenance schedules created in a

population of 20 chromosomes: (a) 50 generations; (b) 100 generations
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Figure 7.12 Performance graphs and the best maintenance schedules created in a

population of 100 chromosomes: (a) mutation rate is 0.001; (b) mutation rate is 0.01
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Figure 7.11(a) presents performance graphs and the best schedule created by

50 generations of 20 chromosomes. As you can see, the minimum of the net

reserves for the best schedule is 15 MW. Let us increase the number of genera-

tions to 100 and compare the best schedules. Figure 7.11(b) presents the results.

The best schedule now provides the minimum net reserve of 20 MW. However,

in both cases, the best individuals appeared in the initial generation, and the

increasing number of generations did not affect the final solution. It indicates

that we should try increasing the population size.

Figure 7.12(a) shows fitness function values across 100 generations, and the

best schedule so far. The minimum net reserve has increased to 25 MW. To make

sure of the quality of the best-so-far schedule, we must compare results obtained

under different rates of mutation. Thus, let us increase the mutation rate to 0.01

and rerun the GA once more. Figure 7.12(b) presents the results. The minimum

net reserve is still 25 MW. Now we can confidently argue that the optimum

solution has been found.

7.6 Evolution strategies

Another approach to simulating natural evolution was proposed in Germany in

the early 1960s. Unlike genetic algorithms, this approach – called an evolution

strategy – was designed to solve technical optimisation problems.

In 1963 two students of the Technical University of Berlin, Ingo Rechenberg

and Hans-Paul Schwefel, were working on the search for the optimal shapes of

bodies in a flow. In their work, they used the wind tunnel of the Institute of Flow

Engineering. Because it was then a matter of laborious intuitive experimenta-

tion, they decided to try random changes in the parameters defining the shape

following the example of natural mutation. As a result, the evolution strategy

was born (Rechenberg, 1965; Schwefel, 1981).

Evolution strategies were developed as an alternative to the engineer’s

intuition. Until recently, evolution strategies were used in technical optimisa-

tion problems when no analytical objective function was available, and no

conventional optimisation method existed, thus engineers had to rely only on

their intuition.

Unlike GAs, evolution strategies use only a mutation operator.

How do we implement an evolution strategy?

In its simplest form, termed as a ð1 þ 1Þ-evolution strategy, one parent generates

one offspring per generation by applying normally distributed mutation. The

ð1 þ 1Þ-evolution strategy can be implemented as follows:

Step 1: Choose the number of parameters N to represent the problem, and

then determine a feasible range for each parameter:

fx1min; x1maxg; fx2min; x2maxg; . . . ; fxNmin; xNmaxg;
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Define a standard deviation for each parameter and the function to be

optimised.

Step 2: Randomly select an initial value for each parameter from the respective

feasible range. The set of these parameters will constitute the initial

population of parent parameters:

x1; x2; . . . ; xN

Step 3: Calculate the solution associated with the parent parameters:

X ¼ f ðx1; x2; . . . ; xNÞ

Step 4: Create a new (offspring) parameter by adding a normally distributed

random variable a with mean zero and pre-selected deviation � to each

parent parameter:

x0
i ¼ xi þ að0; �Þ; i ¼ 1;2; . . . ;N ð7:7Þ

Normally distributed mutations with mean zero reflect the natural

process of evolution where smaller changes occur more frequently than

larger ones.

Step 5: Calculate the solution associated with the offspring parameters:

X0 ¼ f ðx0
1; x

0
2; . . . ; x

0
NÞ

Step 6: Compare the solution associated with the offspring parameters with

the one associated with the parent parameters. If the solution for the

offspring is better than that for the parents, replace the parent popula-

tion with the offspring population. Otherwise, keep the parent

parameters.

Step 7: Go to Step 4, and repeat the process until a satisfactory solution is

reached, or a specified number of generations is considered.

The ð1 þ 1Þ-evolution strategy can be represented as a block-diagram shown

in Figure 7.13.

Why do we vary all the parameters simultaneously when generating a

new solution?

An evolution strategy here reflects the nature of a chromosome. In fact, a single

gene may simultaneously affect several characteristics of the living organism. On

the other hand, a single characteristic of an individual may be determined by the

simultaneous interactions of several genes. The natural selection acts on a

collection of genes, not on a single gene in isolation.

Evolution strategies can solve a wide range of constrained and unconstrained

non-linear optimisation problems and produce better results than many conven-

tional, highly complex, non-linear optimisation techniques (Schwefel, 1995).

Experiments also suggest that the simplest version of evolution strategies that

uses a single parent – single offspring search works best.

243EVOLUTION STRATEGIES



What are the differences between genetic algorithms and evolution

strategies?

The principal difference between a GA and an evolution strategy is that the

former uses both crossover and mutation whereas the latter uses only mutation.

In addition, when we use an evolution strategy we do not need to represent the

problem in a coded form.

Figure 7.13 Block-diagram of the ð1 þ 1Þ-evolution strategy
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Which method works best?

An evolution strategy uses a purely numerical optimisation procedure, similar to

a focused Monte Carlo search. GAs are capable of more general applications,

but the hardest part of applying a GA is coding the problem. In general, to

answer the question as to which method works best, we have to experiment

to find out. It is application-dependent.

7.7 Genetic programming

One of the central problems in computer science is how to make computers

solve problems without being explicitly programmed to do so. Genetic program-

ming offers a solution through the evolution of computer programs by methods

of natural selection. In fact, genetic programming is an extension of the

conventional genetic algorithm, but the goal of genetic programming is not just

to evolve a bit-string representation of some problem but the computer code that

solves the problem. In other words, genetic programming creates computer

programs as the solution, while GAs create a string of binary numbers that

represent the solution.

Genetic programming is a recent development in the area of evolutionary

computation. It was greatly stimulated in the 1990s by John Koza (Koza, 1992,

1994).

How does genetic programming work?

According to Koza, genetic programming searches the space of possible com-

puter programs for a program that is highly fit for solving the problem at hand

(Koza, 1992).

Any computer program is a sequence of operations (functions) applied to

values (arguments), but different programming languages may include different

types of statements and operations, and have different syntactic restrictions.

Since genetic programming manipulates programs by applying genetic opera-

tors, a programming language should permit a computer program to be

manipulated as data and the newly created data to be executed as a program.

For these reasons, LISP was chosen as the main language for genetic program-

ming (Koza, 1992).

What is LISP?

LISP, or List Processor, is one of the oldest high-level programming languages

(FORTRAN is just two years older than LISP). LISP, which was written by John

McCarthy in the late 1950s, has become one of the standard languages for

artificial intelligence.

LISP has a highly symbol-oriented structure. Its basic data structures are

atoms and lists. An atom is the smallest indivisible element of the LISP syntax.

The number 21, the symbol X and the string ‘This is a string’ are examples of LISP

atoms. A list is an object composed of atoms and/or other lists. LISP lists are
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