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Abstract 

This paper develops a coarse-grained parallel genetic algorithm. Methods for the reduction of communication overhead 
and memory contention are established and incorporated in the parallel genetic algorithm. A method for the elimination 
of the problem of premature convergence is also developed . The algorithm is implemented on an i860 processor in a 
simulated environment. To validate and to demonstrate the performance of the new algorithm, it is applied to solve the 
economic power dispatch problem in power engineering. The dispatch solutions are presented and are compared to 
those found by a sequential genetic algorithm and by three previously reported parallel genetic algorithms. 

1 Introduction 

Genetic Algorithm (GA) [1, 2] is an adaptive algorithm 
for finding the global optimum solution for an 
optimisation problem In GA, the search for the optimum 
solution is based on the mechanics of natural genetics and 
natural selection. It has been applied to many areas in 
engineering including image processing [3,4], VLSI 
design [5-7), robotics systems [8], transportation [9,10], 
and power systems [11-16]. 

However, the execution of the sequential forms of GA 
requires large computing time [9, 17, 18]. To improve the 
applicability of GA to problems, which must be solved in 
a fast manner, efficient methods need to be developed for 
reducing the computational requirement of GA. One of 
the promising ways to achieve a large improvement in the 
speed of GA is to develop the algorithms to exploit 
parallelism. 

With the availability of powerful and high-speed numeric 
processors such as i860's which can work with PC-486 
computers and with the availability of the software 
systems which can operate on these parallel processors in 
the near future, it can be envisaged that parallel GA 
(PGA) can be developed based on these processors. 

In general, when designing PGAs, the following aspectS 
are taken into consideration: (a) the preservation of the 
basic requirements in sequential GA, (b) the hardware 
architecture of the processors, (c) the configurations of the 

processors and (d) the software environment of the 
processors. Items (b)-(d) are particularly relevant to the 
type of parallel processors employed for the development 
and implementation ofPGAs. 

Although some PGAs [6, 19, 20] have been designed and 
reported, not all the factors mentioned above have been 
considered, especially for factor (a) above. Owing to this, 
some earlier PGAs have a higher probability of premature 
convergence than the sequential form ofGA [19]. 

This paper reports work on the development of a coarse-
grained [21] PGA and its application to the economic 
dispatch problem in power engineering. The sequential 
form of GA is reviewed first. The design of PGA by 
Cohoon [6], by Tanese [19] and by Pettey [20] are then 
outlined and discussed. Following this, a new general 
PGA designed with the considerations of items (a)-(d) 
above is developed. Measures for preventing premature 
convergence are designed and incorporated into the 
proposed PGA. The PGA developed is implemented in a 
simulated parallel environment on an i860 processor. Its 
performance is demonstrated by applying it to solve the 
economic dispatch problem of a test system For 
comparison purposes, test results obtained from a 
sequential GA [13] and earlier parallel PGAs [6, 19, 20] 
are presented. 

2 Genetic Algorithms 

GAs are adaptive algorithms for finding the global 
optimum solution for an optimisation problem. They are 
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search algorithms in which the search is conducted using 
information of a population of candidate solutions so that 
the chance of the search being trapped in a local optimum 
solution can be significantly reduced. There are four 
important components of GA. which require careful 
design. before it can be applied to an optimisation 
problem. The design of the components are outlined 
below. 

(a) Representing the candidate solutions 

In the context of GA. a candidate solution is referred to as 
a chromosome and is represented by a string of finite 
length. The value of an element in the string is commonly 
represented by a binary bit string [1, 2, 11, 14]. However, 
other methods of representation including the floating-
point coding method [22], which the authors have adopted 
in some of their work [12,13], are possible. 

(b) Crossover operator 

The function of the crossover operator is to generate new 
or child chromosomes from two parent chromosomes by 
combining the information extracted from the parents. A 
typical method of crossover is the single-point crossover 
[1, 2]. By this method, for a chromosome of length I, a 
random number m between 1 and I is first generated. Two 
child chromosome are formed by swapping the last 1-m 
elements of the two parent chromosomes with one other. 

The probability of crossover is set arbitrarily and is 
typically 0.6 [23]. When a random number generated 
between 0 and 1 is less than the preset value of the 
probability of crossover, crossover will be applied to two 
parent chromosomes. 

(c) Mutation operator 

Mutation is a means to introduce new information at a 
particular position in the string of a chromosome. By 
mutation, a chromosome is changed. A usual way to 
mutate is to generate a random number m between 1 and I 
and then make a random change in the mth element of the 
string. The probability of mutation is also set arbitrarily 
and is typically 0.001 [23]. Similar to crossover, when a 
random number generated between 0 and 1 is less than 
the preset value of the probability of mutation, a 
chromosome will be mutated. 

(d) Evaluation function 

The evaluation function evaluates the 'fitness' of a 
chromosome as a solution to the optimisation problem. It 
is also referred to as the fitness function and is maximised 
during the search for the global optimum solution. 

The solution procedure of a GA is summarised below [12, 
13]. 

Step 1. Generate randomly or specify an initial 
population of chromosomes. The . set of 
chromosomes is referred to as the current 
generation. The size of the population, s, is 
usually set to 100 [23]. 

Step 2. Evaluate the fitness measure of each chromosome 
by the fitness function. The process is terminated 
when the maximum allowable number of 
generations has been executed, or when a 
chromosome has achieved the desired fitness. 

Step 3. Generate the next generation of s chromosomes 
in the following way: 

Step 3.1 Calculate the fitness measure of each 
chromosome with respect to the entire population 
of the current generation. The calculated fitness 
measure is taken as the probability that the 
chromosome will be chosen as a parent for the 
production of the next generation 

Step 3.2 Select from the current generation in a stochastic 
manner two chromosomes as parents. 

Step 3.3 Using the two selected parents, produce two child 
chromosomes for the next generation by applying 
the crossover operator when the crossover 
probability, Prc, is greater than the value of a 
randomly generated number between 0 and 1. If 
Prc is smaller, the two parents are retained and 
are taken as the child chromosomes in the next 
generation. 

Repeat the selection step in step 3.2 and the 
present step until s child chromosomes are 
formed for the next generation. 

Step 3.4 With the specified mutation probability, Prm, 
apply mutation to each chromosome in the next 
generation when the value of a random number 
generated between 0 and 1 is less than Prm. 
Otherwise, the chromosome will remain intact. 

Step 4. The next generation formed in step 3 is now 
taken to be the current generation. New 
generations are generated by repeating the 
solution process starting from step 2. 

Fig. 1 shows a flowchart of the solution process in GA. In 
the figure, k is the generation counter; p is the counter for 
the number of chromosomes generated and rand [0,1) 
denotes a random number between 0 and 1. 
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Figure 1. Flowchart of GA 

3 Previous PGA 

Parallel algorithms can be broadly divided into two 
groups. Algorithms which are executed by parallel 
computers such as MIMD (Multiple Instructions Multiple 
Data) computers are fine-grained parallel algorithms [21] 
and those which are executed by computers with fast and 
powerful numerical processors are coarse-grained parallel 
algorithms [21]. Since the work in this paper concentrates 
on the development of a new coarse-grained PGA, earlier 
coarse-grained PGA parallel algorithms [6, 19-20] are 
first described briefly in the following sections. 

3.1 PGA by Cohoon 

In the PGA reported by Cohoon and his colleagues [6], 
the total number of generations is divided into a multiple 
of G generations. In the solution process, one epoch is 
said to have elapsed after G generations have been 
executed. The solution process terminates when the total 
number of generations is reached or total number of 
epochs has elapsed. 
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Figure l. Cohoon's pga 

Suppose there are I processors available for processing. 
Each processor executes the GA procedure described 
above in parallel with each other for one epoch. Each 
generation within one epoch has a subpopulation size of 
s/1 chromosomes, where s is the total population size 
when all the processors are considered. After one epoch 
has elapsed in any one processor, a subset of the 
subpopulation will be randomly selected, copied and 
transferred to the subpopulations of the other processors. 
The size of the subpopulation of the other processors is 
kept intact by probabilistically selecting and removing the 
excessive chromosomes. This process is shown in Fig.2. 
The processors begin a new epoch of processing with the 
new subpopulation. 

3.1.1 Disadvantages of Cohoon's PGA 

The performance of sequential and parallel GAs is 
dependent on the diverse information held in the 
chromosomes [24]. When the diversity is lost before the 
global optimum solution is found, the performance of the 
GAs will deteriorate and the solution processes wi.11 
converge prematurely. 

The disadvantage of the PGA by Cohoon is that the 
algorithm may not provide a high quality solution due to 
premature convergence. This convergence problem arises 
because each processor is dealing with a smaller 
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population size of sii as compared to the population size 
of I times in the sequential GA. Hence the diversity of the 
chromosomes in Cohoon's PGA is smaller than that in the 
sequential GA. Although the transference of the copies of 
subsets of the populations among processors can increase 
the diversity of chromosomes in Cohoon's PGA, the 
increment of diversity may not be sufficient for the 
prevention of premature convergence from happening 
since the transference only takes place after each epoch. 

3.2 PGA by Tanese 

The parallel genetic algorithm proposed by Tanese [19] is 
similar to that of Cohoon's. The differences between the 
two PGA designs are in the ways that chromosomes are 
chosen and processors are selected for transference after 
one epoch has elapsed. Furthermore. they are different in 
the way that excessive chromosomes in the subpopulation 
of a processor are removed. In Tanese's PGA, a 
neighbouring processor is selected for the transference of 
chromosomes, which are chosen because their values of 
fitness are higher than the average value. After the 
transference, weaker chromosomes with fitness below the 
average value are chosen to be discarded so that the 
subpopulation size is kept at s/I. 

3.2.1 Disadvantages of Tanese's PGA 

As Cohoon's PGA, the performance of Tanese's PGA also 
suffers from the problem of premature convergence. While 
small subpopulation size is a reason for premature 
convergence, the other reason is that the transference of 
copies of fitter chromosomes to a neighbouring processor 
results in the duplication of those chromosomes. 
Therefore the diversity of the chromosomes in the total 
population s is decreased. 

3.3 PGA by Pettey 

The PGA by Pettey [20] is similar to that of Cohoon's. 
However, at the end of the execution of one generation, 
instead of at the end of one epoch, each processor 
transfers a copy of the fittest chromosome in its 
subpopulation to other processors and receives copies of 
fittest chromosomes from other processors. The fittest 
chromosome received by a processor will replace the least 
fit chromosome 

3.3.1 Disadvantages of Pettey's PGA 

Pettey's PGA also suffers from premature convergence. In 
the present case, only the fittest chromosome is copied and 
transferred. Moreover, the transference, which occurs at 
each completion of the execution of a generation, leads to 

4 Proposed PGA 

In the sequential GA, a chromosome is selected for the 
crossover operation based on its fitness over the entire 
population. In the earlier PGAs outlined in Section (3), a 
chromosome is selected based on its fitness in the local 
subpopulation of the processor. The subpopulation is of 
much smaller size than the whole population and this can 
lead to premature convergence as discussed in the last 
section. 
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Figure 3. New pga 

To overcome the premature convergence problem, a new 
PGA is designed. In the new design, the total population 
size s is assigned to each processor instead of sll. The 
proposed PGA is described below. 

1. At the initialisation process, s chromosomes are 
initialised independently in each processor while 
all processors are processing in parallel. 

2. In the production of a generation of 
chromosomes, each processor disjointedly and in 
parallel, executes a GA on its own population. 
However, instead of producing s chromosomes, 
as in the sequential GA, each processor produces 
only s/l chromosomes. This is shown in Fig.3. 

more duplication of the fittest chromosome in the total 3. At the end of each generation, each processor 
passes its new generation, which consists of s/1 
chromosomes, to other processors through the 
host 

population. It is therefore not surprising that the problem 
of premature convergence is more severe in the Pettey's 
PGA than in the those described in Sections (3.1)-(3.2). 
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4. Steps 2 and 3 are repeated until a chromosome in 
one of the processors has achieved the desired 
fitness and the solution process is terminated 
Alternatively, the process is terminated when the 
maximum allowable number of generations is 
reached. 

Apart from the elimination of prematUre convergence, the 
new PGA has other advantages. Since the processors are 
loaded evenly in the new PGA as in the cases of the 
earlier PGAs, they consume almost the same execution 
time for the execution of a generation and hence the effort 
to synchronise the processors at the completion of a 
generation is small. 

4.1 Improving the New PGA 

The passing of the s/1 new chromosomes from a processor 
to the host, then to other processors, in the new PGA will 
create communication overhead and memory contention 
problem. These problems can be greatly reduced by 
refining Step (3) in the new algorithm according to items 
(a) and (b) below. 

(a) Instead of passing the whole chromosomes and their 
fitness values, only a number of elements in the 
chromosomes sufficient for the other processors to 
rcxstablish the elements omitted and to re-calculate 
the fitness values are passed 

(b) In the late stage in a GA solution process, most 
chromosomes converge to some identical or similar 
forms. Therefore, in addition to the refinement 
described in item (a) above, when this stage is 
reached, only the number of and the form of 
identical chromosomes are passed. 

5 Application Example 

5.1 Economic Dispatch Problem 

The developed PGA is applied to solve the economic 
dispatch (ED) problem in power system engineering. In 
the ED problem, it is required to determine the loadings of 
the generators in a system to meet the specified load 
demand such that the fuel-cost for power production is the 
cheapest. 

Let the number of online thermal generators in a power 
system be m and the total load demand be D. The input-
output characteristic of generator i is represented by a 
polynomial function fi. Then the total fuel cost, FT, is 
given by 

m 
FT = I: fi (Pi) 

i= 1 
(1) 

where fi (Pi) is the operation fuel cost of generator i when 
the power output of i is Pi and 

m 
I: pi = D 
i= I 

(2) 

For ED, FT in equation (1) is to be minimised subject to 
the power balance constraint in equation (2) and the 
inequality constraint 

for i = 1,2, ... ,m (3) 

where Pi min and Pi max are the minimum and maximum 
operation capacity of generator i. 

5.2 Example 

The developed PGA is applied to find the economic 
loadings of three generators in a six-busbar test system 
[25] when the system load demand is 850 MW. Owing to 
the randomness in the PGA, it is executed 30 times for the 
application study. 

The input -output characteristics of the generator units are 
highly non-linear and are represented by a combination of 
a quadratic function and a sine function [11]. The sine 
function represents the part of the characteristic due to the 
effects of tmbine valve-point loading [26]. Table 1 
summarises the operation limits of the generators and the 
coefficients of the input-output functions of the 
generators. 

For the execution of the developed PGA on four i860 
processors in a simulated environment, the total 
population size and the number of generation are both set 
to 100, with Prc and Prm set to 0.6 and 0.001 respectively. 

The best dispatch solutions found by the developed PGA 
and the previously proposed PGAs [6, 19, 20] in Section 
(3) are summarised in Table 2. For comparison purposes, 
the best dispatch solutions obtained using the sequential 
GA (13] previously developed by the authors are also 
tabulated. The worst dispatch solutions found by all the 
algorithms are summarised in Table 3. 

The results in Table 2 shows that Pettey's PGA, produces 
the most expansive dispatch solution and all the other 
algorithms provide cheaper solutions which are almost 
identical. From the worst dispatch solutions in Table 3, it 
can be observed that the new PGA is the most reliable 
amongst the parallel algorithms considered. 

It is also interesting to observe that the worst dispatch 
solution found by the new PGA is slightly better than that 
obtained by the sequential GA It is due to the fact that in 
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the developed PGA, each processor is initialised with a 
population of s chromosomes. At the initialisation stage, 
therefore, the initial population of chromosomes is 
effectively si when all the I processors are considered. As 
the initial population in the sequential GA is s, the new 
PGA is effectively started with a larger population than 
the former. 

Table 1: Generator limits and coefficients of input-<1utput 
functions 

F(P) =a+ b * P + c * p2 +le sin( f (Pmin -P))I 

gen Pmin PmliY a b c e f 
(MW) (MW) 

1 100 600 0.001562 7.92 561 300 0.0315 
2 100 400 0.00194 7.85 310 200 0.042 
3 50 200 0.00482 7.97 78 150 0.063 

Table 2: Comparison of economic dispatch solutions 

Algorithms 

sequential GA 
Cohoon's PGA 
Pettey's PGA 
Tanese's PGA 
new PGA 

300.15 
300.3 
400 
300.15 
300.25 

399.95 
399.7 
399.7 
400 
400 

149.9 
150 
50.3 
149.85 
149.75 

cost 

8234.19 
8234.37 
8242.19 
8234.14 
8234.08 

Table 3: Comparison of worst solutions 

Algorithms 
sequential GA 
Cohoon's PGA 
Pettey's PGA 
Tanese's PGA 
new PGA 

worst cost 
8256.70 
8319.45 
8434.89 
8268.09 
8249.23 

Table 4: Execution times 

Algorithms 

sequential GA 
Cohoon's PGA 
Pettey's PGA 
Tanese's PGA 
new PGA 

shortest longest 
exec time exec time 
(sec) (sec) 
63 .98 66.42 
20.51 21.12 
17.71 18.18 
17.00 17.61 
18.82 22.22 

average 
exectime 
(sec) 
64.70 
21.12 
17.83 
17.18 
20.71 

The execution times in 30 executions of all the algorithms 
are summarised in Table 4. The average cpu time of the 
sequential GA are 3.12 times that of the new PGA While 
the ideal gain in speed is 4 as 4 processors are employed 
in this application study, an almost linear speedup is 
achievable by the developed PGA The computational 

speed of the new PGA is also comparable to the earlier 
PG As. 

6 Conclusion 

A coarse-grained PGA has been developed. A method has 
been developed to prevent the problem of premature 
convergence and it has been incorporated in the new 
PGA Methods for reducing the communication overhead 
and the memory contention problem have also been 
developed for and included in the new PGA 

The performance of the developed PGA has been 
demonstrated through its application to solve for the 
optimum economic dispatch loadings of the generators in 
a power system. The results have confirmed that the 
present PGA can produce high quality solution and is 
more reliable than the PGAs by Cohoon [6], by Tanese 
[19], and by Pettey [20]. 

The application study has also shown that the new PGA is 
much faster than the sequential GA [13] and a near linear 
reduction in speed is possible. The ideal gain in speed is 
not achieved owing to the times required by (a) the 
communication between the host and the processors, (b) 
process creation and termination in the i860s and (c) the 
synchronisation of the processors. 
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