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Abstract - Multiprocessor task scheduling (MPTS) is an important and computationally difficult problem. Multiprocessors
have emerged as a powerful computing means for running real-time applications. The problem of task scheduling on
multiprocessor systems is known to be NP-complete in general.Genetic algorithm (GA) is one of the widely used
techniques for constrained optimization. Genetic algorithms are known to provide robust, stochastic solutions for
numerous optimization problems. The results of experimental comparison of six different combinations of crossover (i.e.
PMX, OX and CX) and mutation (i.e. Insertion, Swap) operators for the MPTS are presented. In this paper, the
experimental results shows that PMX and Insertion Mutation combination enables to achieve a better solution than other
operators combination tested.
Keywords- Genetic Algorithm (GA), crossover, mutation, Multiprocessor task scheduling (MPTS), permutation flow shop
scheduling.
I.
Introduction
Multiprocessor task scheduling problem is a generalization of the classical machine scheduling problem as it allows tasks to
be processed on more than one processor at a time [1]. It is also an NP-hard optimization problem. Given a set J of jobs
where job ji has length li and a number of processors m, what is the minimum possible time required to schedule all jobs in J
on m processors such that none overlap [2]. The processes are unrelated and each one can be scheduled without regard to the
other ones. Genetic algorithms (GAs) are general purpose search algorithms which uses principles inspired by natural genetic
populations to evolve solutions to problems[3].This technique is used in computing to find true or approximate solutions to
optimization and search problems. Genetic algorithms are powerful methods of optimization used successfully in different
problems. Their performance is depending on the encoding scheme and the choice of genetic operators especially, the
selection, crossover and mutation operators. A variety of these latest operators have been suggested in the previous researches
[4]. This paper has presented analysis of various combinations of existing crossover and mutation operators, for minimizing
the value of makespan for multiprocessor task scheduling problem.
II.
Assumptions
The various assumptions considered for multiprocessor task scheduling (MPTS) are ([1], [5]):
 All the tasks and processors are available at time Zero.
 Pre-emption is not allowed.
 Processors never break down.
 All processing time on the processors are known, deterministic, finite and dependent on sequence of the tasks to be
processed.
 Each processor is continuously available for assignment.
 The first processor is assumed to be ready whichever and whatever task is to be processed on it first.
 Processors may be idle
 Splitting of task or task cancellation is not allowed.
III.
Genetic Algorithm
Outline of basic genetic algorithm
1. BEGIN
2. INITIALIZE Generate random population of n chromosomes
3. FITNESS Evaluate the fitness f(x) of each chromosome x in the population
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NEW POPULATION Create a new population by repeating following steps until the new population is complete
a. SELECTION Select parents according to their fitness
b. CROSSOVER Cross over the parents to form new offspring (children).
c. MUTATION Mutate new offspring at locus (position in chromosome).
d. ACCEPTING Place new offspring in the new population.
REPLACE Use new generated population for a further run of the algorithm
VERIFY If the end condition is satisfied, stop, and return the best solution in current population
ITERATE Goto step 2

A. Encoding Schemes
The encoding scheme is a key issue in any GA because it can severely limit the window of information that is observed
from the system [6]. Here Permutation encoding is used. Each task is present and appears only once in the schedule. In
permutation encoding, every chromosome is a string of numbers that represent a position in a sequence. Permutation
encoding is useful for ordering problems.
B. Initial Population
The space of all feasible solutions (the set of solutions among which the desired solution resides) is called search space
(also state space). Genetic algorithm search many nodes in search space. If we are solving a problem, we are usually looking
for some solution which will be the best among others. Looking for a solution is then equal to looking for some extreme
value (minimum or maximum) in the search space.
This requires us to generate an initial population of the search node randomly. The population size is typically problem
dependent and has to be determined experimentally [7].
C. Fitness Evaluation
Each chromosome contains a string, called genes (tasks) and has an associated value called a fitness value, which is
evaluated by a fitness function. Several optimization criteria can be considered for the said problem. The elementary
criterion is that of minimizing the makespan, that is, the time when processor finishes the last task (Cj).

D. Selection
GA uses selection operator to select the superior and eliminate the inferior. The individuals are selected according to
their fitness value. Once fitness values have been evaluated for all chromosomes, good chromosomes can be selected through
rotating roulette wheel strategy [1].
Example – If, a marble is thrown in the roulette wheel, then the chromosome where it stops is selected. Clearly, the
chromosomes with bigger fitness value will be selected more times.
E. Genetic search operators
The selection process and the crossover and mutation operators establish a balance between the exploration and
exploitation of the search space which is very adequate for a wide variety of problems [8].
1) Crossover: The search of the solution space is done by creating new chromosomes from old ones. The most
important search process is crossover. The crossover operator combines the genes of two or more parents to generate better
offspring. It is based on the idea that the exchange of information between good chromosomes will generate even better
offspring, if it takes the best characteristics from each of the parents ([8], [9]). It ensures that individuals in the parent
generation will not reappear in the next generation.
This paper presented three crossover operators i.e. Partially mapped crossover, Cycle crossover and Order crossover, for the
said multiprocessor task scheduling problem.
2) Mutation: Mutation is performed after crossover. The role of mutation in GAs is that of restoring lost or unexplored
genetic material into the population. It prevents the premature convergence of the GA to suboptimal solutions [10]. The
mutation operator randomly selects a position in the chromosome and changes the corresponding allele, thereby modifying
information. The need for mutation comes from the fact that as the less fit members of successive generations are discarded;
some aspects of genetic material could be lost forever.
Swap and insertion mutation has been used for analysis of the said problem.
F. Termination Conditions
Stopping criteria for the said multiprocessor task scheduling problem is number of generations. Here, the processes of
fitness computation, selection, crossover, and mutation are executed for a minimum number of iterations [11]. The best string
seen up to the last generation provides the solution for multiprocessor task scheduling problem. Elitism has been
implemented at each generation to preserve best chromosome.
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IV.
Implementation Results
Experiments are conducted to evaluate the performance of GA, in minimizing the objective function (i.e. make span of the
processor). Genetic algorithm is as good as its operators. So choice of appropriate operators is an important task. The paper
presented a genetic algorithm analysis by applying several combinations of crossover and mutation. The following
combinations of operators have been used in the experimentation: PMX and Insertion Mutation
 PX and Swap Mutation
 CX and Insertion Mutation
 CX and Swap Mutation
 OX and Insertion Mutation
 OX and Swap Mutation
GA algorithm is implemented using MATLAB at command line. We have implemented MPTS (in permutation flow shop
scheduling).
These are the various parameters of genetic algorithm for analyzing the effects of different combinations of crossover and
mutation on the performance of genetic algorithm.
Crossover Probability
0.8
Elite Count
2
No. Of Generations
20
Population Size
100
Time Limit
Infinite
Fitness Limit
-Infinite
Stall Generation Limit
Infinite
Stall Time Limit
Infinite
To compare statistically all the combinations of operators, one value of burst time is generated randomly and saved. Then all
the combinations is applied one by one on the saved value. This process is repeated for multiple values of burst time to get
more precise view about the results (i.e. to check the accuracy of best combination). Analysis of objective function with eight
different value of burst time for all combinations is shown in table II.
From eight different values of burst time one value is shown in table I, for four processors and ten tasks
Table I
EXAMPLE of BURST TIME
No. of Tasks
1
2
3
4
5
6
7
8
9
10
No. of
Processors
1
8
13
3
5
10 19 21
3
23
4
2
3
5
17 25 27
7
1
2
6
11
3
1
10
9
26 11
8
4
31
2
19
4
1
2
16
6
4
9
18 24 32
5
While calculating the results for different combinations some parameters (i.e. crossover probability, elite count, size of
population, number of generations etc.) have been fixed.
Table II
REPRESENTS AVERAGE RESULTS for ALL COMBINATIONS
PMX &
Insertion
mutation

PMX &
Swap
mutation

CX &
Insertion
mutation

CX &
Swap
mutation

OX &
Insertion
mutation

OX &
Swap
mutation

1

151

153.667

160

155

157

154.6667

2

158.3333

159.3333

162.6667

164.6666

159

161.3333

3

148

151

151.6667

152.3333

148.3333

152

4

182.6667

185.6667

187

187

186

183.6667

5

728

734.6667

730.6667

730.6667

735

729

S.No.
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6

632.667

645.3333

641.6667

674.6667

648.6667

648.6667

7

628

647.6667

643

643

632

642

8

823

831.3333

825

825

825

825

Here, we can observe, for our MPTS (in permutation flow shop scheduling) problem, partially mapped crossover and
insertion mutation gives best results.
So we can say, different combinations enables the genetic algorithm to explore search space differently and thereby obtaining
better results.

(a)
(b)
Fig. 1. Depicts change in make span for different combinations
Fig. 1.a) and 1.b) shows the variations in values of makespan for different combinations.
Six different colored bars represents different combinations of crossover and mutation and multiple bars of same color means
different inputs for a particular combination.
A. Effect of number of generations on the performance of genetic algorithm
To analyse the effect of number of generations on the performance of genetic algorithm following parameter setting is done
Crossover Probability
Elite Count
Population Size
Time Limit
Fitness Limit
Stall Generation Limit
Stall Time Limit

0.8
2
100
Infinite
-Infinite
Infinite
Infinite

Table III
REPRESENTS THE VALUES OF DIFFERENT COMBINATION ON THE VARIATION OF NUMBER OF
GENERATIONS
No. of
PMX & PMX &
CX &
CX &
OX &
OX &
generations Insertion Swap
Insertion Swap
Insertion Swap
mutation mutation mutation mutation mutation mutation
20

148

151

153

153

153

149

50

146

146

153

152

146

151

100

146

146

151

153

149

146
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It can be observed from table III, as the number of generations increases, GA performs better (i.e. value of make span
decreases) or some time remains same. So we can say that, the setting of generations affects the behavior of the algorithm but
at the cost of computational time. So the value for number of generations has been chosen in such a way that the objective
function is minimized without compromising the computational time.

Fig. 2 Effect of number of generations on makespan
It is clear from the Fig. 2 that as the number of generations increases, the value of objective function is minimized. Number
of generations is an important parameter for stopping condition.
V.
Conclusions
In this paper, we have implemented a genetic algorithm for MPTS in permutation flow shop scheduling environment, where
the processing order of the jobs is same on all the processors. Genetic Algorithms is applied for the solution of this problem.
We evaluate the performance of the GA with the variation of combinations of genetic operators. Here we have concluded
that:
 Analyzing genetic algorithm with different combinations of genetic operators results in different and better outputs.
 Partially mapped crossover and insertion mutation is giving best results as compared to other combinations for the
said problem. This combination is minimizing the objective function (i.e. makespan) keeping other parameters as
constant values.
 Partially mapped crossover and insertion mutation is giving best results even with lesser number of generations
which other combinations has not given even with higher number of generations.
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