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Abstract 

An earliness/tardiness machine scheduling problem with sequence dependent setups 
was investigated. The problem was specifically from the paper industry although it 
was felt that it could have easily come from any manufacturing industry. The problem 
was extended and mathematically formulated for identical parallel machines as well 
as uniform parallel machines.  

Software was developed which produced solutions to the identical parallel machines 
problem. The software provided the ability to visualise the solutions produced in the 
form of a Gantt chart. 

The software included heuristic approaches to producing a solution along with a 
genetic algorithm. During the design of the genetic algorithm a new and elegant 
crossover operation was invented for parallel machine scheduling problems. The 
algorithms that produced the solutions were analysed and evaluated. 

The software was developed in Java and therefore the application could run on a 
massive range of processors and is platform independent.  
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1 Introduction 

Aim 

This project will examine a real life machine scheduling problem taken from the 
paper production industry. It will extend the work done on the same problem in 
[SKO03SMS] by: 

�  Extending the problem to several machines. 

�  Developing further heuristics such as genetic algorithms. 

�  Implementing a piece of software that provides all the features of the one 
developed in the earlier version of the project as well as adding the ability to 
visualise the solution. 

Problem Description 

A company receives orders to dye sheets of paper. We describe the task of dying a 
particular sheet of paper as a job. Each job has an associated processing time.  

A job (i.e. to dye the paper) ‘consists of one operation, to be performed on any of m 
identical … parallel machines’ [RIN76MSP: page 14]. This extends the work in 
[SKO03SMS] by allowing for the possibility of more than one machine. 

Each sheet of paper is to be dyed in a particular colour. We say that each job belongs 
to a family. When a job of one family follows the job of a different family (two sheets 
of paper which are to be dyed one after another in different colours) in the schedule 
on the same machine, an associated switchover time and switchover cost is realised. 
These can be asymmetric so that a job of family j that follows a job of family k might 
not have the same switchover time and cost as a job of family k followed by a job of 
family j, e.g. changing from yellow to blue dye might be cheaper than going from 
blue to yellow. 

Each job also has an associated due period described by a due date and an early 
tolerance and late tolerance. If a job is completed between the early time (due date – 
early tolerance) and the late time (due date + early tolerance) there are no penalty 
costs. They are incurred, however, when a job is completed before the early time or 
after the late time. The penalty cost consists of the sum of a fixed amount (the fixed 
early cost or fixed late cost) and a variable amount. The variable amount is calculated 
by multiplying the early cost rate or late cost rate, as appropriate, by the amount of 
time they are late or early by. 

We wish to sequence (schedule) the orders (jobs) so as to minimise the total costs, 
which are calculated by summing the switchover and penalty costs. 
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Background 

Our problem has several distinguishing features: 

�  Earliness and tardiness penalties 

�  Identical parallel machines 

�  Each job has its own distinct due date 

�  Sequence dependent setups 

No literature has been found that investigates a problem with all of these features. 
However, we will list a few papers that we have reviewed, not cited elsewhere, which 
have some or more of them. 

[BAK90SET] is a literature review of previously published papers on ‘scheduling 
[problems] with earliness and tardiness penalties’. It contains a section on parallel 
machine models. More recently, [CHE94PMS] discusses problems with these features 
(1 and 2) but uses a common due date rather than feature 3.  

[BAL99ETS] was probably the closest to our problem, realising features 1, 3 and 4. 
However it considers the more complicated situation of having uniform, rather than 
identical parallel machines. This means that the machines can operate at different 
speeds.  

Although no published papers have been found that describe an equivalent problem 
one we want to solve, it must surely be the case that manufacturing industries other 
than paper production often face similar situations. 

Relevance to the manufacturing industry in general 

The move towards just-in-time (JIT) policies in manufacturing means that machine 
scheduling is becoming more relevant. Most of the research that is now being 
published in the area seems to be coming from institutions in the Far East, probably 
because the region is now the global manufacturing centre. 

Relevance to other problems 

Outside of the manufacturing industry similar problems do appear. 

For example, in the area of computer operating systems, where we are concerned with 
how best to schedule tasks to run on parallel processors. An early paper published on 
this problem is [ROT66MAS]. However, this context would obviously not include the 
earliness penalty or the sequence dependent setups feature of our problem. 

Another example is the runway decision problem, which is currently being studied by 
John Beasly of Imperial College. Although he considers a single runway this could 
easily be extended in a similar way to our problem to multiple runways. Apart from 
this, the problem he considers is the same as ours, except that he does not include 
earliness and tardiness penalties, instead his objective function is to minimise the 
average landing time. 
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2 Problem Formulation 

Problem Example with Solution 

[SKO03SMS: pages 3-8 (adapted)] 

For simplicity we will consider a problem where there is only 1 machine to process 
the orders. 

Job 0 1 2 
Family 0 1 1 
Processing duration 5 2 3 
Due date 7 5 8 
Early tolerance 2 2 2 
Late tolerance 1 1 1 
Fixed early cost 1 1 1 
Fixed late cost 3 3 3 
Early cost rate 0.05 0.05 0.05 
Late cost rate 0.2 0.2 0.2 

 

To Family Switchover cost 
0 1 

0 0 14 From 
Family 1 8 0 

 

To Family Switchover time 
0 1 

0 0 1 From 
Family 1 2 0 

 

The data above describes an example of the problem with 3 orders belonging to 2 
different families. It is possible to process these 3 jobs in 3!=6 different ways 
(schedules) on the 1 machine.  

The schedule that is the solution to our problem is the one that minimises the total 
cost. We will calculate the costs of each of the schedules to find the best one.  

Costs 
Possible schedules Penalty 

1st Job 
Switch Penalty 

2nd Job 
Switch Penalty 

3rd Job 
Total 

012 0.00 14 3.40 0 3.40 20.80 
021 0.00 14 0.00 0 4.00 18.00 
102 1.05 8 3.20 14 3.80 30.05 
120 1.05 0 1.05 8 3.80 13.90 
201 1.15 8 3.40 14 4.40 30.95 
210 1.15 0 0.00 8 3.80 12.95 

 

So the schedule that minimises the cost function is to carry out job 2 first, followed by 
job 1, and then job 0. 
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Mathematical Formulation 

The example given above considers a single machine problem. Producing the example 
helped to formulate the problem mathematically as it facilitated a better 
understanding. 

In this project the problem is extended to several machines in parallel. The 
formulation below considers identical parallel machines, that is parallel machines that 
run at the same speed. A possible extension to this problem is to consider uniform 
parallel machines, that is parallel machines that run at different speeds. Although 
software was not implemented for the parallel uniform machine problem a 
mathematical formulation in the form of an extension to the identical formulation 
given below was produced and it can be seen in the ‘Appendix’. 

Definitions 

Sets 

Time, Cost, Rate 

Functions 

Addition (+) and Subtraction (�) are defined in the usual way over each of the sets. 
Also defined is the Multiplication (×) function  

Multiplication: Rate × Time �  Cost  

Problem description 

Jobs 

J is the set of jobs that are to be processed and F is the set of families to which jobs 
might belong 

J Í  N 
F Í  N 

 

Each job will also have the following associated with it 

�  Processing duration, p 

�  Due date, d 

�  Early tolerance, et 

�  Late tolerance, lt 

�  Fixed early cost, ep 

�  Fixed late cost, lp 

�  Early cost rate, er 

�  Late cost rate, lr  

These will be represented mathematically by 

f: J �  F 
p: J �  Time 
d: J �  Time 
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et: J �  Time 
lt: J �  Time 
ep: J �  Cost 
lp: J �  Cost 
er: J �  Rate 
lr: J �  Rate 

 

The notation that is to be used will employ a subscript to signify the job that the data 
item belongs to. So, for example, dj will represent the Due date of job j. 

Machines 

The set of identical machines that these jobs are to be processed on will be 
represented by M. 

M Í  N 
M = {0, 1, 2, …, n}  \  |M| = n – 1 

Switchover Penalties 

Switching between families incurs a sequence dependent setup cost and a sequence 
dependent setup time.  

�  Switchover Cost to change from family j to family k, cjk 

�  Switchover Time to change from family j to family k, tjk 

Mathematically it will be defined as: 

t: F × F �  Time 
c: F × F �  Cost  

 

Although not the representation used for this mathematical representation, we could 
also view the switchover time a switchover cost as two matrices, which incidentally is 
how they will be represented in the implemented computer program to allow for fast 
access.  In this representation every element of the set of families, F would be given a 
row and column and the matrices will contain no null values. Hence, the switching 
between every possible family combination will be defined. In our mathematical 
representation we way that t and c are total functions. 

The matrices can be asymmetric [refer to Introduction, Problem Description]. In 
practice this means that the penalty incurred from the switching of one family to 
another family does not have to be the same as switching the other way round 
between the two families. 

The diagonals of the matrices in our example will be 0, so that: 

"  f Î  F [ cff = 0 Ù tff = 0 ] 
 

However, we expect that the program that will be developed will be able to solve the 
problem even when the switchover matrices do not have 0 diagonals, though it may 
not be able to this with the same complexity or indeed achieve the same quality of 
solution as the heuristics may use the constraint to improve the results. 
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Objective function 

A solution to the problem, S consists of a schedule of the jobs on the machines. In our 
notation we will use S(m,i) to represent the ith job on machine m in S. 

S: M × N  �  J 
S is partial 

S(m, i+1) is defined �  S(m, i) is defined 
 

The objective is to find the minimal cost solution. 
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Problem description using standard scheduling notat ion 

Standard scheduling notation describes a problem as a triplet, �  | �  | � , where �  
describes the machine environment, �  provides details of processing characteristics 
and constraints, and �  describes the objectives to be minimised.  

Our problem is described as: 

Pm | sjk | cost(S) 
 

�  Pm means that there are m identical machines in parallel so that a particular job 
may be processed on any one of these machines 

�  sjk means that there are sequence dependent setups 

�  cost(S) is the objective function described previously 
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3 Approach to Solving the Problem 

Possible Approaches to Solving Machine Scheduling P roblems 

Machine scheduling problems are a subset of combinatorial optimisation problems. 
They commonly occur in many situations, some of which have been discussed in the 
introduction chapter. In this section we give an overview of some possible approaches 
to solving combinatorial problems which could be applied to machine scheduling. 

Algorithms producing optimal solutions   

[some information taken from RIN76MSP: sections 3.1-3.5] 

Complete enumeration 

Analysis of every possible schedule, such as in our toy example, is not even suitable 
for very small problems. For a single machine scheduling problem, the total number 
(cardinality of the set) of possible solutions, that is the number of schedules that 
would have to be enumerated for an n-job problem is n!. Even for small values n the 
total number of combinations and permutations that have to be generated becomes 
very large. 

To improve efficiency, the enumeration could be restricted to a subset of these that 
contains the optimal solution. Such a subset is the active schedules and is obtained by 
removing the schedules in which it is not possible to decrease the starting time of any 
operation without increasing the starting time of one other. However, the cardinality 
of this subset is still too large for it to be effectively enumerable. 

Combinatorial Analysis 

In the context of solutions to scheduling problems this method will usually involve 
close examination of the effect of some minor change in a particular schedule. This 
might allow the development of a partial ordering of the jobs that has to be respected 
by at least one optimal schedule. For certain types of problems, this analysis even 
leads to a total ordering of the jobs, in which case an efficient algorithm to solve the 
problem has been found. Even if this is not the case the number of candidates for the 
optimum can be reduced on many occasions. 

Mixed Integer and Non-liner programming 

A natural way to attack machine scheduling problems is to formulate them as 
mathematical programming models. Although elegant, the generality of these 
formulations has a negative influence on their computation efficiency. No good 
general algorithm has been developed to solve these programming problems, as they 
do not make sufficient use of the special nature of scheduling problems.  

Branch-and-bound 

Originally specified in the context of mixed integer programming (and the travelling 
salesman problem), the wide applicability of branch-and-bound is now perceived. It 
involves successively partitioning the set of possible schedules into smaller and 
smaller subsets by applying bounding procedures, so that each schedule is either 
implicitly or explicitly considered. 
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The behaviour of this method is unfortunately very unpredictable. The algorithm is 
never good in the formal sense that the total number of steps is bounded by a 
polynomial function of some input parameter(s). 

Dynamic programming 

This method interprets scheduling problems as multistage decision problems. 
Recursive equations are developed that describe the optimal criterion function at any 
step in terms of previously obtained ones. The computational attractiveness of 
dynamic programming methods depends on pruning mechanism inherent in these 
equations and also on the size of the search graph. As the search graph is often 
superpolynomial and the pruning mechanism may be rather weak, such attractiveness 
is by no means certain. 

Heuristic methods 

These methods would be best applied to our problem as two step process. A possible 
solution is constructed and then jobs are swapped to improve it. In the first step, we 
order the jobs by giving them some priority to produce a schedule. In step two we use 
certain criteria to select which jobs are to be swapped.  

Another possible heuristic algorithm, suggested in [RIN76MSP: section 3.7.2], is to 
use statistical methods. This approach is based on the statistical properties of 
randomly generated schedules combined with Bayesian analysis. The hill climbing 
algorithm which is widely used in the area of artificial intelligence can also be applied 
to find solutions to scheduling problems. 

Heuristic methods are by their nature not guaranteed to find the optimal solution and 
in many practical situations the production of a suboptimal solution is unavoidable. 
However, this is the price that we pay for being much more efficient in our search. If 
the heuristics are chosen carefully we can expect to produce a good solution in very 
reasonable time. 

Metaheuristic methods   

[REE93MHT: chapters 2-5] 

Simulated annealing 

This approach can be regarded as a variant of the well-known heuristic technique of 
local (neighbourhood) search where uphill moves are allowed (to converge on a 
global rather than local optimum), but their frequency governed by a probability 
function which changes as the algorithm progresses.   

Tabu search 

This method solves the problems associated with local optimums in a different way to 
simulated annealing. It systematically imposes and releases constraints or restrictions 
to permit exploration of otherwise difficult regions in the search for the optimum 
solution. The restrictions can operate either by direct exclusion of certain search 
alternatives or by translation into modified evaluations and probabilities of selection. 

Genetic algorithms 

In contrast to tabu search and simulated annealing which work on improving a single 
current solution, genetic algorithms use a number of current solutions (called a 
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population) and combine them together and mutate them to generate new solutions. 
Some of the current and new solutions are then selected using an objective function to 
form a new population and the process is repeated. 

Artificial Neural Networks 

This approach is very different in nature from the other methods. It involves 
abstracting the behaviour of neurons to construct mathematical models that exhibit 
their appealing features. In the area of optimisation the feed-back architecture is used. 
The neural network feels its way in a fuzzy manner towards good solutions. 

Approaches that will be Investigated 

Algorithms producing optimal solutions 

Any algorithm that is guaranteed to find the optimal solution, even those that exploit 
the characteristic features of the situation under consideration to search in a more 
efficient manner, are not suitable for anything larger than small incidents of our 
problem. To demonstrate this, the simplest approach of complete enumeration on a 
single machine will be implemented in the software for comparison purposes. 

Heuristic Algorithms 

In [SKO03SMS] only heuristic algorithms were considered although a number of 
different ones were investigated. They are as follows: 

Ordering (constructive) algorithms 

�  Jobs by due date in increasing order 

�  Jobs by processing time in decreasing order 

�  Jobs by family 

�  Jobs by cost 

Swapping algorithms 

�  Repeat 1000 times: If better value for objective function swap maximal late 
penalty cost job with jobs before it working backwards 

�  Repeat 1000 times: If better value for objective function swap maximal early 
penalty cost job with jobs after it working forwards 

�  Start from first job working forwards, if better value for objective function 
swap with maximal penalty cost job, repeat until last job is reached 

The best ordering algorithm (jobs by due date) and the best swapping algorithm (the 
third/last one) along with the best constructive algorithm for the swapping algorithms 
(jobs by family) that Skouloudis found in his study will be will be extended to solve 
for identical parallel machines and implemented in this project. They will be used to 
compare to the complete enumeration as well as a meta-heuristic algorithm. 

Meta Heuristic Algorithm 

As well as looking at [REE93MHT], papers where metaheuristic methods were 
applied to machine scheduling problems including [SET01HMP] and [CGT95MET] 
were examined for a analysis of these methods targeted specifically at problems 
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similar to the one being considered. The evidence showed that metaheuristic methods 
producing much better results than heuristic methods in a reasonable amount of time. 

Of the different metaheuristic methods examined it was felt that genetic algorithms 
would be the most interesting to investigate. The algorithm is not clearly defined in 
having to follow any specific prescribed procedures but rather is very general in its 
nature. There would therefore be a lot of different avenues for investigation due to the 
large number of variables and actions that could be adjusted. 

It was therefore decided to implement a program capable of comparing the heuristic 
methods described above to a genetic algorithm.  
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4 Genetic Algorithm 

Detailed Description 

The name genetic algorithm originates from the analogy between the representation of 
a complex structure by means of a vector of components, and the idea, familiar to 
biologists, of the genetic structure of a chromosome. In a scheduling problem such as 
the one being considered, the chromosome would represent a particular solution 
schedule. 

The genetic algorithm is given an initial population of chromosomes (individuals) 
which are usually randomly generated. Over the course of time this initial population 
is evolved by the algorithm according to the principles of natural selection and 
survival of the fittest. Individuals who are fitter have a better chance of surviving and 
a better chance of reproducing. In a scheduling problem a fitter individual would be 
one whose schedule has a better objective function value i.e. schedules with a lower 
cost. 

To reproduce and generate new individuals there are two possible operations 
crossover (combining together two individuals) and mutation. These operations are 
applied to the initial population with fitter individuals having a better chance of 
reproducing to generate the new solutions.  

From the new solutions and the initial population individuals are selected with 
probability in relation to their fitness to form a new population which will be the next 
generation. This process is then repeated over many generations to produce a good 
solution to the problem. 

From a biological perspective genetic algorithms work because the genes from highly 
fit individuals will spread to an increasing number of individuals in each successive 
generation. 
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Application to the problem 

Encoding 

Chromosome 

This concerns how a particular solution, in our case a schedule, will be represented by 
the chromosome. In genetic algorithms the chromosome is generally represented as a 
string of elements called symbols. The choice of how to encode depends on the 
problem being solved. 

Scheduling problems are essentially problems of permutations so to current thinking 
proposes a representation known as permutation encoding. This representation is 
generally used for all ordering problems such as to encode solutions to the travelling 
salesman problem as well as similar task ordering problems to the one being studied 
in this report. In permutation encoding, each task is given its own symbol and every 
chromosome is a string of all of these symbols, with no repetitions, such that the 
position of the symbol indicates the place it occurs in the schedule sequence.  

Using this proposal of permutation encoding it would be impossible to represent a 
parallel machine problem as there is only one sequence being represented. This 
problem is solved in [CGT95MET], the only paper found to investigate genetic 
algorithms on a parallel machine scheduling problem ([CHF03MGA] and related 
papers only consider the genetic algorithm assigning jobs to machines leaving another 
heuristic technique to schedule the individual machines). Cheng proposes adding a 
partitioning symbol (which will be denoted by *, but was represented in the computer 
program developed by the null object in java) to the set of symbols so that there are 
now, number of jobs + 1 symbols. A chromosome with 9 jobs and 3 machines would 
be represented as follows: 

[ 5 8 1 * 3 7 4 6 * 2 9 ] 
 

So, the first machine would run job 5, then 8, then 1; the second machine would run 
job 3, 7, 4, and then 6; and the third machine would run job 2 followed by 9. 
Generally, for an n-job m-machine problem, a legal chromosome contains all n job 
symbols with no repetitions and m–1 partitioning symbols, resulting in a total size of, 
n + m – 1. Fortunately, when computing a single machine problem this encoding 
representation would be the same as permutation encoding. 

Crossover Operator 

When using permutation encoding for chromosomes the crossover operator involves 
copying the symbols from the first parent till the crossover point (a point randomly 
selected from 0 to length of chromosome) to the child, then scanning the other parent 
from start to end adding symbols not already in the child to the child.  

As we are considering a scheduling problem with several machines and hence a kind 
of extended permutation representation as described above, we cannot use this 
operator as it stands because occurrences of the partition symbol would cause 
inconsistency problems.  
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Cheng proposed that the crossover operation for a parallel machine scheduling 
problem should be as follows 

1. Get overall partitioning structure from one parent [i.e. copy partition symbols 
from one parent into the child chromosome leaving their positions unchanged] 

2. Get a randomly selected subschedule [of jobs] from the same parent [by 
copying the job symbols from the subschedule in the parent to the child 
chromosome again leaving the positions unchanged] 

3. Get remaining jobs from other parent by making a left-to-right scan [copying 
all job symbols not already in the child chromosome into the child 
chromosome in the spaces available] 

It was felt, however, that this adaptation was not ideal as either the first parent had 
more genetic material given on average to the child that the other parent or the start 
and end points of the random subschedule were chosen in such a way as to avoid this. 
The former probably being more likely as no mention of methods of generation of the 
subschedule start and end points are made in his paper. 

A new crossover operator using the tried and tested technique of a crossover point as 
used in the standard permutation encoding crossover operator along with a 
imaginative technique for getting over the inconsistency problems of the partition 
symbol in the chromosome representation of a parallel machine scheduling solution 
while maintaining the equal contribution of genetic material from both parents to the 
child was developed. The new operator works as follows 

1. Temporarily remove the partition symbols from the two parents and carry out 
the standard permutation encoding crossover operator as usual 

2. Insert partition symbols into the child in the average of the positions (using 
integer arithmetic) they were in the parents so that the first partition symbol is 
added to the child in the middle of the positions it occurred in the two parents, 
the same for the second partition symbol, and so on 

We can visualise the outcome of this newly developed operation with the following 
example where the crossover point is between the 6th and 7th scheduled jobs 

Parent 1: [ 8 9 * 3 1 6 2 * 4 7 5 ] 
Child: [ 8 9 3 * 1 6 5 * 4 2 7 ] 
Parent 2: [ 1 5 4 8 * 3 2 * 6 7 9 ] 

 

As well as being a more elegant operation that the previously proposed method, it is 
expected that this new crossover technique will also be more effective. If the initial 
population is randomly generated the partition symbols in some of the individuals 
chromosomes could be bunched together forming schedules with jobs unevenly 
distributed over the machine; averaging the positions of the partition symbols should 
move the search space towards more evenly distributed schedules and therefore find 
better solutions more quickly. 

Mutation Operator 

The standard mutation operation in genetic algorithms when using permutation 
encoding involves selecting two symbols in a schedule at random and exchanging 
them (swapping their positions round). This same operation will be used but with the 
proviso that the symbols being swapped are not the same. This possibility can only 
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occur in the problem when two partition symbols are selected for exchange as these 
are the only symbols in the chromosomes that can appear more than once. It should 
not swap these as the child will be the same as the parent and therefore there will be 
duplicates in the population. This is undesirable as it would waste recourses on 
evaluating the same fitness function twice and it would distort the selection process 
by giving extra chances to the duplicated individual to reproduce. 

Fitness calculation 

Usually, the fitness calculation used in a genetic algorithm applied to a scheduling 
problem would be the same as the objective function. The lower the value given by 
the objective function applied to an individuals schedule to fitter that individual. This 
fitness calculation is the used to choose parents for the reproduction operations and 
also to choose which individuals survive through to the next generation. The more fit 
an individual is, the more chances it has of being selected. This is implemented using 
a virtual roulette wheel where all the chromosomes in the population are placed. The 
size of the section in the roulette wheel is proportional to the value of the fitness 
function of the chromosome – the bigger the value is, the larger the section is. A 
marble is thrown in the roulette wheel and the chromosome where it stops is selected. 
Clearly, the chromosomes with bigger fitness value will be selected more times. 

This roulette wheel approach has the problem, however, that if there are many unfit 
chromosomes and just one or two outstandingly fit individuals (which is quite likely 
in the early stages of the algorithm) there would be a rapid takeover by the fit 
individuals and probably therefore a premature convergence to a poor local optimum. 
This could be mitigated by either using a scaling or a ranking procedure. It was 
decided to use the latter as it would be easier to implement (the built in 
Collections.sort  method in java could be used) while being at least equally 
effective. The ranking procedure involves ranking the population by the objective 
function and assigning a fitness value to each individual determined by this ranking. 
The worst will have the fitness 1, the second worst 2 etc. and the best (the one with 
the lowest objective function value) will have a fitness value equal to the number of 
chromosomes in population.   

The difference between using the objective function directly and using the ranking 
procedure can be visualised through the following pie charts. 

 
Objective function directly 

 
Ranking procedure 
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Selection mechanisms 

The question of how the parents and children form the new generation in a genetic 
algorithm has not so far been discussed. There are two main selection mechanism 
approaches (the generational and the incremental or steady-state) that have been 
proposed.  

These mechanisms will be described in this section. No choice was made at this stage 
on which mechanism to use, but rather each of them was considered during the 
implementation phase and so an outline of the final genetic algorithm used for the 
evaluation will be included in the implementation chapter. 

Description of approaches 

Generational approach 

In the generational approach the reproduction operations are applied to the parents so 
that a complete new population of offspring are generated on each cycle of the 
algorithm. A clone reproduction operation is usually added, though, so that the new 
generation may contain some individuals from the last generation. 

Incremental or Steady-state approach 

In the incremental or steady-state approach the child produced from a reproduction 
operation replaces a member of the population. Each cycle of the genetic algorithm 
carries out a single reproduction operation. 

Applying the approaches to scheduling problems 

A particular problem, especially from a scheduling (or optimisation in general) 
viewpoint is that there is no guarantee that the best member of a population will 
survive (be cloned) to the next generation. To overcome this, certain adaptations of 
the two selection mechanism approaches have been suggested. 

Generational approach 

For the generational approach an elitist model was proposed by De Jong in his 
doctoral thesis of 1975. In this model the best member of the current population is 
forced to be a member of the next. 

Incremental or Steady-state approach 

For the incremental or steady state approach Ackley suggested termination with 
prejudice in 1987 that the child produced at each step should replace an individual 
with below-average fitness. However, Cavicchio had already suggested a better 
method in his doctoral thesis of 1970 called pre-selection where a child replaces a 
parent and only if the child’s fitness exceeds that of the parent, if not the child is 
discarded. This has the added advantage of producing a diverse population and would 
therefore be more effective at avoiding local optima. 
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Reasons for genetic algorithms working 

Although the theory of natural selection explains why genetic algorithms might work 
from a biological perspective, as a branch of computer science a formal mathematical 
explanation is really required.  

The reasons why genetic algorithms work can be partially explained by the Schema 
Theorem [HOL75ANA]. The Schema Theorem concentrates on providing a model for 
the expectation of schema survival, where this naturally represents a limitation in 
itself. It represented a mile stone in the development of Genetic Algorithms but has 
been criticized in recent times for its several significant shortcomings. This has lead to 
more modern approaches to theorems for Genetic Algorithms including 
[VON92MGA] and the Exact Schema Theorem [STW98EDF].  
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5 Design 

Outline of Design 

The real life problem which this project considers is, as stated in the introduction, 
from the paper production industry. The company that described the problem 
originally, provided 14 test data files in CSV format, which could be used in a 
program developed to solve the problem. It was decided to design a program that 
could load one of these files (or any other in the same format) and find a solution over 
a given number of machines (chosen by the user) to it, using an approach (again 
selected by the user) from one of the ones described in the ‘Approaches that will be 
Investigated’ section of the ‘Approaches to the Problem’ chapter. 

Programming language choice 

The ideal type of programming language for implementing the sort of problem 
considered in this project is one that is imperative (to allow for implementation of the 
various algorithms) and object oriented (to allow for storage of data structures and 
built-in communication between the various components that will be required). Of 
these the major ones in use at the time of writing were Java and C++. 

Java provides cross-platform capability and is simpler to program in, there is no 
pointer arithmetic, casting, or memory management (as it provides garbage 
collection). However, its performance is not good as that of C++. The speed 
difference, though while significant, is not a major problem as it will still be possible 
to compare the relative performance of the implemented scheduling algorithms. The 
ratios between these would remain roughly constant whichever language was used to 
develop the program.  

The other advantage of Java over C++ is its built in support for Graphical User 
Interfaces (GUIs), which are particularly important in this project as one of the 
requirements is to be able to visualise the solution. 

If the program developed were actually to be used in industry then the increased speed 
of C++ developed programs might possibly outweigh the improved ease of creating 
the software in the Java environment, but as this is purely a research project it was 
decided to implement the program in the later. In any case, if a version of the program 
was required by industry then translating the actual algorithms from one language to 
another would be fairly straight forward. 
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UML Diagram 

The next stage of the design process was to draw a UML diagram of the classes, 
attributes and methods needed in the software that will be developed. A description 
and justification of the final UML diagram that was used to develop the program, 
which is depicted below, is also given. 
 

 

Description and Justification of Design 

The UML diagram shown was the result of close analysis of the problem along with 
consideration for the design decisions that had already been made (such as the 
approaches that had been chosen for investigation and the representation of 
chromosomes in the genetic algorithm). 

The TaskSequencer  is the main class and it therefore holds the user interface and 
so extends JFrame . There are two actions which involve computation that can be 
performed from the interface opening/loading a data file 
(fileButtonActionPerformed ) and solving the loaded problem 
(solveButtonActionPerformed ). 

When the fileButtonActionPerformed  operation is executed a Problem  is 
created with the chosen File . 
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When the solveButtonActionPerformed  operation is executed the Problem  
is passed along with the number of machines and the approach chosen to the 
Solver . Solver  is a static class containing all the methods required to produce a 
solution.  

A solution to a problem consists of an array, each element representing a machine, of 
Solution .  A Solution  is a schedule of jobs (represented as a LinkedList  of 
Job ) on a particular machine.  This representation was chosen as the heuristic (which 
uses the heuristic  method helper function in Solver ) and complete enumeration 
(which uses the recursive PermutationGenerator  class) approaches to solving 
the problem, operate only on the jobs of a particular machine.  A separate class for a 
whole solution with all the jobs on each of the machines stored in a single class would 
therefore require a more complex implementation and would also probably run more 
slowly.  

The constructive approaches are implemented using an implementation of 
Comparator , JobComparator , which compares two Job  classes enabling 
ordering by due date using the built in Collections.sort  method in Java. 

The genetic algorithm approach is implemented using help from the 
chooseParents  and …ToChromosome methods in Solver  and an individual in 
the population is represented using the Chromosome class with the 
ChromosomeComparator  implementation of Comparator  allowing the 
comparison of two individuals by their fitness. 

The UML diagram depicted was represents the best model of all the possibilities and 
alternatives considered. It was felt that it would provide the basis for a simple 
implementation while allowing for easy addition of extensions to the program (e.g. 
alternative approaches to solving the problem could easily be added as static methods 
complementing the others available in the Solver  class).  
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User Interface Design 

For ease of use it was decided to implement the program in a single window that 
allows access to all elements of the program at any time. There are two main 
components to the user interface, the input and the output. It was decided to have 
these as two separate panels within the window and within the input panel to display 
the components from left-to-right as they would intuitively be arranged for ease of 
use. Following on from this, the best positioning of the panels would be to place the 
input panel above the output panel. A progress bar would also be added, if it could be 
implemented, to give the user an idea of the remaining computation time. The 
progress bar would be positioned at the bottom of the window which is the usual and 
expected position for these elements (c.f. web browsers). 
 

 

 

 

 

 

 

Load File Select number 
of machines 

Select 
algorithm / 
approach 

Input 

Output 

 

Visualisation; Cost; Schedule; Time  

Progress Bar 



Imperial College London BEng Computing 2004 Individual Project 

 26 

 

6 Implementation 

Overview 

The application was developed in Java for reasons described in the ‘Design’ chapter. 
JCreator was used as the Integrated Development Environment. The completed 
program contained seven newly developed java files with a total of nine classes (as 
the comparators for jobs and chromosomes were included in those java files). In total 
about 1070 lines of code were written.  

Important Algorithms 

Objective Function in Java 

The calculation of the objective function has already been expressed in the 
‘Mathematical Formulation’ section of the ‘Problem Formulation’ chapter. This 
however described it in mathematical terms. Here we will show how that was 
translated into Java code. 

It has already been decided in the design section that the schedule of each machine 
would be stored separately as a Solution .  

Class Solution { 
  float[][] c;  
  int[][] t; 
  private LinkedList l; 
  float cost; 
  int time; 
  // methods listed here 
} 

 

The storage of the same c and t matrices (arrays of arrays) for each machine in a 
schedule would not cause any significant memory problems as they would point to the 
same object in the computers memory rather than storing separate copies of each one 
for each Solution  in the Solution[] . 

The code below is the method that calculates the cost of Solution  and is contained 
in the Solution  class. 

void calculate(){ 
  time = 0; 
  ListIterator i = l.listIterator(); 
  Job previous = null; 
  Job current = null; 
  Job next = i.next(); 
  int earliness; 
  int lateness; 
  do{ 
    previous = current; 
    current = next; 
    if (i.hasNext()) next = i.next(); else next = n ull; 
    currentPenaltyCost = 0; 
    time += current.p; 
    if (previous != null) time += t[previous.f][cur rent.f]; 
    earliness = current.d - current.et - time; 
    lateness  = time - current.d - current.lt; 
    if (earliness>0) cost += (current.ep + (current .er * earliness)); 
    if (lateness >0) cost += (current.lp + (current .lr * lateness )); 
    if (next != null) cost += c[current.f][next.f];  
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  }while (next != null); 
} 

 

To calculate the total cost of a solution over a number of machines, the cost of each 
Solution  in an array Solution[]  representing each machine in the complete 
solution of all machines can be summed. This is done by the following method which 
appears in the Solver  class. 

static float calculateCost(Solution[] s){ 
  float r = 0; 
  for(int i=0; i<s.length; i++) r+=s[i].cost; 
  return r; 
} 

 

A similar method could also be used to calculate the total time a schedule 
(Solution[] ) would take to carry out. However in this case, we find the maximal 
time attribute rather than summing the cost attributes. 

Algorithms for the Approaches that find Solutions t o the Problem 

Constructive algorithms 

In the ‘Approaches that will be Investigated’ section of the ‘Approaches to the 
Problem’ chapter, the two constructive algorithms that will be used were outlined for 
a single machine version of the problem. 

�  Jobs by due date in increasing order 

�  Jobs by family 

To extend the by due date in increasing order to machines in parallel the jobs to be 
processed will be ordered across the machines so that each machine has jobs with a 
range of due dates. This will mean that no particular machine will be disadvantaged in 
its penalty costs. So for example, in a two machine problem the job with the lowest 
due date will be executed on the first machine, the job with the next lowest due date 
will be executed on the second machine, the next lowest one on the first machine, and 
so on. 

int m; 
LinkedList jobs; 
Solution[] ss = new Solution[m]; 
Collections.sort(jobs, byDueDateJobComparator); 
ListIterator i = jobs.listIterator(); 
while(i.hasNext()) ss[i.nextIndex()%m].add(i.next() ); 

 

To extend the by family constructive to machines in parallel the jobs will be ordered 
along the machines so that each machine has jobs of the same families. This will 
minimise the switchover times and costs. So for example, in a two family, two 
machine problem with equal numbers of jobs in each family, one machine will 
process the jobs from one family, and the other machine will process the jobs from the 
other family. 

int m; 
LinkedList jobs; 
Solution[] ss = new Solution[m]; 
Collections.sort(jobs, byFamilyJobComparator); 
ListIterator i = jobs.listIterator(); 
while(i.hasNext()){ 
  if (i.nextIndex()/(jobs.size()/m) < ss.length) { 
    ss[i.nextIndex()/(jobs.size()/m)].add(i.next()) ; 
  }else{ 
    ss[ss.length-1].add(i.next()); 
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  } 
} 

Heuristic algorithm 

The Heuristic algorithm is run on the results of both heuristic algorithms and the 
better schedule resulting from these two runs is returned. The heuristic algorithm only 
swaps the jobs which occur on a particular machine i.e. within a single Solution . 
Therefore a separate run is executed on each individual machine’s schedule in the 
complete Soultion[] . A description of one of these runs was given in the 
‘Approaches that will be Investigated’ section of the ‘Approaches to the Problem’ 
chapter. 

�  Start from first job working forwards, if better value for objective function 
swap with maximal penalty cost job, repeat until last job is reached 

The following gives a clearer indication of how this was implemented. 
Solution s; 
float currentCost; 
LinkedList temp; 
int i = 0; 
while(i<s.getListSize()){ 
  currentCost = s.cost; 
  temp = new LinkedList(s.getList()); 
  s.swap(i); // swaps maximalPenaltyJob with the jo b at position i 
  if (s.cost >= currentCost) { 
    s.setList(temp); 
    i++; 
  }else i = 0; 
} 

Complete Enumeration 

As with the heuristic algorithm, complete enumeration only orders jobs on a particular 
machine, so a constructive algorithm is used to organise the jobs onto the machines. 
This cuts down the number of schedules that have to be generated in an n-job m-
machine problem from (n!)m to approximately (n÷m)!×m. Using a constructive 
algorithm in this way does not affect the solution found if only single machine 
problems (m=1) are considered. It also significantly improves the performance of 
problems with larger vales of m but looses the ability to find the best schedule in these 
situations. The constructive algorithm used was the jobs by due date one as this posed 
a better chance of yielding good results as the jobs were spread across the machines 
and it was felt, therefore, that changes in the order of jobs within a machine would 
have a greater likelihood of decreasing the cost. However, the time taken to run the 
complete enumeration algorithm would only be evaluated on a single machine 
problem to stay true to the nature of its description. 

To generate the permutations required, a new recursive class 
PermutationGenerator  was developed, which given a linked list can generate 
all possible permutations of that list. The class could be used in any problem where 
this sort of algorithm was required. 

LinkedList list; 
int current; 
PermutationGenerator tailGenerator; 
 
PermutationGenerator(List aList) { 
  list = new LinkedList(aList); 
  current = 0; 
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  if (list.size() > 1) tailGenerator =  
               new PermutationGenerator(list.subLis t(1,list.size())); 
} 
    
LinkedList nextPermutation() { 
  if (list.size() == 1) { 
    current++; 
    return list; 
  } 
  LinkedList r = new LinkedList(tailGenerator.nextP ermutation()); 
  r.addFirst(list.get(current)); 
  if (!tailGenerator.hasMorePermutations()) { 
    current++; 
    if (current < list.size()) { 
      LinkedList tailList = new LinkedList(list.sub List(0, current)); 
      tailList.addAll(list.subList(current + 1, lis t.size())); 
      tailGenerator = new PermutationGenerator(tail List); 
    } 
  } 
  return r; 
} 
    
boolean hasMorePermutations() { 
  return current < list.size(); 
} 

Genetic algorithm 

The genetic algorithm was implemented and tested using a range of different 
methods. These included both the generational approach with and without elitism with 
a range of values for the reproduction rates and the incremental or steady-state 
approach with and without preselection, both of which were described in the 
‘Selection Mechanisms’ section of the ‘Genetic Algorithm’ chapter. A range of 
different population sizes were also tested. The most effective algorithm adaptation of 
the algorithm in terms of speed of computation, quality of solution, and avoiding local 
optima was the generational approach with elitism, equally high rates at 0.6 of 
mutation and crossover, and population of size 30. This agreed with the findings in 
[CGT95MES] and will be discussed in more detail in the ‘Conclusions’ section of the 
‘Conclusions and Further Work’ chapter. 

It was observed during testing that the genetic algorithm worked better if the initial 
population was seeded with a good solution. It was therefore decided to have the 
option in the implementation to seed the initial population in the genetic algorithm 
with the constructive algorithm results. This would allow it to be compared, in what 
could possibly be called a fairer way, to the heuristic algorithm which also works on 
those results. The analysis of this can be seen in the ‘Evaluation’ chapter. 

An outline of the genetic algorithm decided upon is given bellow. A diagram is used 
rather than pseudocode or Java this provided an easier to interpret view of its 
implementation. 
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Outline Diagram of Genetic Algorithm 
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Choice of external components used 

Reading in CSV files 

The com.ostermiller.util library was used to read in the CSV files provided as test 
data. The library stores the data from a CSV file into an array of arrays with each 
element representing a cell of the CSV file. This allowed easy access to the data 
which was to be read in from the program. The library is was available free under 
GNU General Public License. 

Visualisation 

One of the aims of this project was to implement a means of visualising the solution. 
There were two methods which could be used to implement this. Either data in a 
format readable by a software package which draws an appropriate chart and which is 
available on most computers (e.g. an excel file) could be output from the program or 
an external library could be used to draw the chart within the program. The first 
method poses several problems. For example, no piece of software is available on 
every computer; the user would have to have the expertise to produce the chart once 
the data was read in; it would not be as effective an implementation due to poorer 
integration. It was decided to use the second method if an appropriate external 
library/component/api could be found. 

The type of chart that would best allow a solution to the problem to be visualised is 
the Gantt chart. The Gantt chart is named after its inventor Henry Laurence Gantt and 
is a horizontal bar chart used in project scheduling and management that shows the 
start date, end date and duration of tasks within the project. Clearly this is exactly 
what was required. 

Several Java components that claimed to be able to draw Gantt charts were tested 
including DJT and EGantt. However, the most effective package that was tried out 
was not a purely for displaying Gantt charts but rather a general chart drawing 
package that had the ability to draw Gantt Charts called JFreeChart. A Gantt chart 
produced using this software from within the developed program is shown below. 
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It shows a solution to a 2-machine, 3-family, 12-job problem. The length of the bars 
represents the amount of time those jobs would take to run and the gaps between them 
represent the switchover times so the total time it would take to run the solution is 27 
minutes. 

Testing and Debugging 

Debugging 

The software was thoroughly tested at each stage of the implementation phase. As 
each extra component was added to the application the program was debugged. This 
incremental testing and debugging process meant that there was more confidence in 
the complete software working correctly as each subpart had been tested. 

Adjustments made to Design from Preliminary Experim ents 

There was one major adjustment made to the implementation during testing. The 
progress bar and total cost text field did not update during the execution of the solver 
algorithms. This is because these long-running tasks block the rest of the program. 
The solution is to isolate these tasks into their own thread so that they don't block 
other activities, and then use a Timer  in the user interface to allow it to update. This 
was done by creating a separate thread using the SwingWorker  class.  

Testing with data 

The program was tested with trivial data (e.g. the ‘Problem Example’ from ‘Problem 
Formulation’ chapter) for which the objective function and running times on the 
machines could be worked out by hand. No problems were found with the values that 
the program was outputting. The visualisation of the solution was also checked to 
make sure that it was correctly drawing the Gantt chart and the diagram was checked 
against the output schedule. Again, no problems were found. This thorough testing 
with trivial data suggested that there would be no problems for larger data sets which 
could not be tested as working the values out by hand would be unreasonable. 
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7 Evaluation 

Analysis 

Computation time 

Randomly selected problems with a variety of numbers of jobs were solved for the 
single machine problem using the different algorithms to compare their computation 
times or speed. Single lines are drawn for the two constructive and also genetic with 
and without seeding algorithms as the results obtained would be the same. The raw 
results can be seen in the appendix. A graph was drawn to show how the computation 
time varied with the number of jobs. 
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Graph showing computation times of algorithms  

when executed on a computer running Microsoft Windows 2000 and Sun Java 1.4.1 
with an Intel Pentium III 800MHz processor 

As expected, the complete enumeration approach is not useable in terms of 
computation time for anything other than very small problems. The constructive 
algorithms just involved a simple sorting of the jobs and therefore the size of the 
problem had negligible effect on the computation time. The running time of the 
heuristic algorithm is affected by the order in which the jobs are passed to it as well as 
the number of jobs, so a smooth curve or line could not be drawn. However, the data 
points do show a trend for greater running time with a larger number of jobs.  

The genetic algorithms show, again as expected, that as the number of generations is 
increased the computation time becomes longer. 

The graph shows that the computation time of the heuristic algorithm can be expected 
to be shorter than that of the genetic algorithm for 10 generations at least up to 
problems with about 230 jobs, which is roughly the largest size problem which we 
analysed.  
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Quality of Solution 

14 data sets were provided by the company who specified the problem. These are 
available from the project website. A summary of the data sets is given below. 

Data set Number of Jobs Number of families 
1_09 122 7 
2_1 125 5 
2_2 157 7 
1_01 162 4 
2_3 80 7 
1_04 152 3 
1_13 184 4 
1_12 145 4 
1_11 150 4 
1_03 144 2 
1_14 149 6 
2_24 231 19 
2_25 132 20 
2_26 122 20 

 

Three of these data sets were selected for this part of the analysis. A range of 
problems provided a better basis for analysis so, the data set with the fewest jobs 
(2_3) was chosen as well as the data set with the most jobs (2_24) and one in between 
(1_04). This choice of data sets also provided a range of numbers of families. 

The raw results obtained from these data sets can be seen in the appendix. 

Number of Generations and Seeding in Genetic Algorithm 

Graphs were plotted to show the effect of seeding and the number of generations on 
the cost of the solution produced using the Genetic Algorithm on the three data sets 
with a single machine. 
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Data set 1_04
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The graphs show a distinct curve where the rate at which the cost decreases becomes 
less as the number of generations is increased and the genetic algorithms get closer to 
the optimal solution. After 1000 generations, the difference between using or not 
using seeding in the genetic algorithm becomes very small. Both algorithms should 
eventually find the same global optimum so this is expected.  However, with a fewer 
number of generations the difference is more marked and using seeding produces a 
much better solution. Considering that 1000 generations takes a number of minutes to 
run (see previous section), seeding could be very useful for producing good solutions 
in a short amount of time. 



Imperial College London BEng Computing 2004 Individual Project 

 36 

Comparison of the Different Algorithms on Parallel Machines 

Graphs were plotted to show the quality of solutions that the different algorithms 
produced on the three data sets on single and parallel machines. The genetic 
algorithms are shown as an average of runs and for 400 generations as it was felt this 
value reflects a good solution for both with and without seeding while maintaining the 
difference between the two (see previous section). 
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These graphs show that overall, the genetic algorithm with seeding produces the best 
results followed closely by the heuristic algorithm. Whether the algorithm was run on 
a problem with a single machine, or two or three in parallel seemed to have little 
effect on relative difference between these algorithms. This was not expected as it was 
felt that the genetic algorithm would be more effective in a parallel machine problem 
as the heuristic algorithm was not designed to work in that environment. 

Strengths and Weaknesses 

The genetic algorithm produced good solutions, better than those produced by the 
heuristic and could be run for as many generations to return a solution of a quality 
required. Its running/computation time was reasonable, unlike that of the complete 
enumeration approach. However there was not as greater difference between the 
solutions produced by the genetic algorithm as opposed to the heuristic one as one 
might have expected when the problem of parallel machines was considered. 

Although identical rather than uniform machines were implemented in the software, 
the program was designed so that it could be extended to uniform machines. It would, 
however, have been interesting to actually implement the problem for uniform rather 
than parallel machines, if time permitted, as this extension might have increased the 
relative quality of solutions produced by the genetic algorithm as compared to the 
heuristic one, albeit by adding another factor that the heuristic algorithm does not take 
account for. 

The program created was easy to use. All the functionality was accessible from a 
single window and the input choices and output were simple to understand. 
Visualising the problem solution in the form of a Gantt chart was a particularly 
effective and visually pleasing way of displaying the solution. 
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8 Summary Conclusions and Further Work 

Achievements 

The three targets set out in the ‘Aim’ in the ‘Introduction’ chapter were met.  

Extend the problem to several machines 

The problem was formulated for both identical and uniform parallel machines. The 
implemented program, however, only considered the case of identical machines 
although it was designed with its possible extension to uniform parallel machines in 
mind.  

Develop further heuristics such as genetic algorith ms 

A reasonably effective genetic algorithm for parallel machine scheduling problems 
was developed and evaluated including a comparison with previously developed 
heuristic algorithms. A new, more elegant, crossover operator was invented 
specifically for parallel machine scheduling problems. 

Implement a piece of software that provides all the  features of the one 
developed in the earlier version of the project as well as adding the 
ability to visualise the solution 

A piece of software that produced solutions to a given problem on a number of 
machines and using an algorithm both selected by the user was developed. This 
program included an integrated component that allowed the user to visualise to 
solution returned in the form of a Gantt chart. It provided a much increased feature set 
over the software produced in the previous investigation of the problem. 

Fine-tuning of the Genetic Algorithm 

In [CGT95MET] the best results were produced with an equally high rate of mutation 
to crossover. This goes against the current thinking of most developers of genetic 
algorithms as it is thought that high levels of mutation are counter productive and will 
change the genetic algorithm into a random search. However experimentation in the 
program developed produced solutions similar to, and hence agreed with, Chen’s 
results. It seems that high rates of mutation are effective at producing better results in 
genetic algorithms applied specifically to machine scheduling problems. By using a 
high level of mutation with a generational approach and a fair selection mechanism a 
diverse enough population not to get pulled toward a local optima solution can be 
produced. 
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Further Work 

Further work could be done in the ‘Analysis’ part of the ‘Evaluation’ section. The 
complete enumeration approach could be extended to work on parallel machines so 
that an analysis could be performed comparing computation time on parallel 
machines. Only three data sets were considered in the ‘Quality of Solution’ section in 
the ‘Analysis’ part of the ‘Evaluation’ chapter. A more in depth analysis including 
investigation of more data sets could be done. A more detailed evaluation of the fine 
tuning of the genetic algorithm with proper quantitative analysis of different 
possibilities could also have been performed. 

Although the problem was formulated mathematically for uniform as well as identical 
parallel machines it was only implemented for identical machines. The program could 
be extended to solve for the uniform problem of parallel machines with different 
speeds. 

The results obtained from the genetic algorithm were not as good as might have been 
expected when compared to the heuristic algorithm, particularly when solving for 
parallel machines.  The approach considered in [CHF03MGA] which uses a genetic 
algorithm to assign jobs to machines leaving a heuristic technique to schedule the 
individual machines could be investigated. And beyond this other metaheuristic 
methods could also be investigated. Also, although it was expected that the heuristic 
algorithm would not perform that well on parallel machine problems when compared 
to the genetic algorithm, which turned out not to be the case, heuristic algorithms 
designed specifically for parallel machine problems, for example by allowing swaps 
of jobs on different machines, could still be developed. 

Finally, a genetic algorithm that solves the problem could be developed for a parallel 
processor computer to increase speed, i.e. to decrease computation time. 
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9 Appendix 

Extension of Mathematical Formulation to Uniform Ma chines 

To extend the mathematical formulation of identical parallel machines to uniform 
parallel machines, we need to define some new things and make some adjustments to 
the problem definition as well as one of the calculations in the objective function. 

Definitions 

Sets 

An extra set is defined. 

Speed 

Functions 

An additional Multiplication (×) function is also defined. 

Multiplication: Speed × Time �  Time 

Problem description 

Machines 

To extend the problem to uniform from identical machines, each machine must now 
have associated with it a speed, s 

s: M �  Speed 
 

A similar subscript notation will be used as it was for Jobs so that ms will represent 
the speed of machine m. 

Objective function 

The only thing that now needs to be done is to include the speed of the machines in 
the appropriate calculation (completionTime) in the objective function 
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The mathematical formulation is now extended to uniform parallel machines. 

Problem description using standard scheduling notat ion 

The problem is now described as: 

Qm | sjk | cost(S) 
 

Qm means that there are m uniform machines in parallel, i.e. m-machines in parallel 
with different speeds. 
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Raw data used for Analysis in Evaluation 

Computation Time 
Time 
(s)       

 
Complete 
Enumeration Constructive Heuristic Genetic Algorithm 

Number 
of Jobs    

10  
generations 

100  
generations 

1000 
generations 

3 0.2 0.2 0.2 0.2 0.4 1.4 
6 0.2 0.2 0.2 0.2 0.4 1.6 
7 0.4 0.2 0.2 0.2 0.4 1.8 
8 1.2 0.2 0.2 0.2 0.4 2 
9 9.2 0.2 0.2 0.2 0.4 2.2 

10 102.6 0.2 0.2 0.2 0.4 2.4 
11 1125.4 0.2 0.2 0.2 0.4 2.6 
12  0.2 0.2 0.2 0.4 2.8 
80  0.2 0.2 0.6 4.8 47.2 

125  0.2 0.2 1.4 10.4 100.8 
144  0.2 0.8 1.8 14 126.4 
152  0.2 0.4 2 15.4 144.8 
162  0.2 1.6 2.4 17.8 161.2 
184  0.2 0.8 3.4 24 211.8 
231  0.2 3.6 4.8 36.6 326.4 

Quality of Solution 

Cost     

Data Set Machines 
Constructive 
by Due Date 

Constructive 
by Family Heuristic 

SP_2_3 1 21,068.0 12,693.2 12,321.0 
 2 30,563.3 12,763.8 12,757.9 
 3 34,091.1 13,339.7 13,277.4 
XT_1_04 1 209,422.7 395,117.5 179,442.3 
 2 192,410.5 248,652.1 178,261.4 
 3 199,788.3 193,209.3 193,058.4 
XT_2_24 1 809,499.9 7,825,434.5 787,338.6 
 2 362,513.6 1,530,470.4 251,476.6 
 3 422,606.9 1,490,059.0 270,950.0 

 

Genetic (10 Generations) Genetic (50 Generations) 
1 2 3 1 2 

33,220.6 34,884.3 37,398.3 26,166.1 25,550.1 
32,802.3 32,612.3 31,260.4 23,066.4 26,882.7 
32,236.9 30,763.3 30,486.9 22,884.3 23,636.3 

781,660.9 779,024.1 729,611.2 513,245.6 422,366.9 
198,332.9 193,628.8 197,716.3 192,554.2 191,543.5 
202,893.9 205,461.4 184,851.4 175,722.1 182,217.3 

6,802,815.5 6,800,026.5 6,892,503.0 5,872,206.5 5,818,125.0 
2,067,068.5 1,919,994.4 1,785,525.5 1,355,108.1 1,383,405.8 
1,239,414.9 1,314,980.3  901,574.4 869,964.8 
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Genetic (100 Generations) 
Genetic (400 
Generations) 

1 2 3 1 2 
18,777.4 21,448.4 17,717.5 15,075.7 15,241.5 
19,924.8 20,938.1 19,406.9 16,436.1 17,578.5 
21,013.2 19,854.0 18,343.7 16,645.4 16,255.6 

281,501.5 295,924.9 321,583.6 202,400.4 201,637.6 
170.797.516 186,555.8 168,622.6 160,607.0 155,736.0 

172,833.1 176,266.6 171,498.3 162,613.1 166,883.3 
4,918,250.0 4,794,803.5 4,921,538.5 1,993,870.3 2,008,189.6 
1,009,626.0 904,227.1 1,034,697.6 371,362.8 356,441.7 

694,648.3 764,393.6  393,029.8 394,038.5 
 

Genetic (1000 Generations) 
Genetic with Seeding (10 
Generations) 

1 2 3 1 2 3 
13,570.3 14,253.6  12,528.1 12,669.6 12,446.3 
16,055.4 12,641.1  12,523.4 12,343.7 11,804.1 
15,563.1 16,050.8  13,310.1 12,374.7 12,337.0 

195,106.3 173,780.3  188,765.5 209,235.5 198,892.2 
149,318.3 158,787.8  183,214.9 186,658.4 189,129.9 
178,861.4 150,201.4  192,437.1 190,398.7 189,448.9 

1,128,689.5 1,051,769.8 1,090,547.3 809,414.1 799,778.0 809,494.4 
290,124.8 268,175.3 277,578.9 362,513.6 359,782.6  
332,034.6 338,520.1  419,264.0 415,703.1 415,983.8 

 

Genetic with Seeding 
(50 Generations) 

Genetic with Seeding (100 
Generations) 

1 2 1 2 3 
11,758.2 11,830.8 11,420.4 11,428.8 11,528.0 
10,833.9 10,989.1 10,754.5 12,063.9 10,973.9 
11,312.1 11,522.4 11,187.2 10,989.6 11,550.3 

191,810.7 178,998.1 184,658.4 176,661.7 177,163.0 
184,582.1 184,744.8 183,041.2 182,621.4 177,418.8 
186,180.4 186,277.8 183,074.3 185,003.7 184,700.6 
803,760.0 778,801.7 764,358.4 781,043.6 783,215.4 
326,173.8 330,959.0 331,043.8 317,983.4  
379,771.5 378,495.4 380,066.2 369,832.8  

 

Genetic with Seeding 
(400 Generations) 

Genetic with Seeding 
(1000 Generations) 

1 2 1 2 
11,221.1 11,194.7 10,541.3 10,990.5 
10,567.2 10,577.8 10,558.8 10,558.8 
10,456.4 10,599.2 10,543.0 10,308.2 

164,627.0 164,023.5 164,367.4 162,637.5 
176,588.2 177,488.9 148,500.2 179,415.7 
156,341.0 159,452.1 146,778.2 181,161.6 
708,675.8 751,052.3 709,082.1 670,529.8 
282,981.7 301,822.3 259,880.7 254,294.4 
337,490.8 337,387.7 302,281.3 326,348.6 
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User Manual 

Installation guide 

You must have Java installed on your computer to run the Task Sequencer program. It 
can be downloaded from sun.java.com . 

To install the Task Sequencer program download the TaskSequencer.jar  file 
from the project website www.doc.ic.ac.uk/~dp201/  onto your hard disk. 

Running the jar File 

To execute the program either double-click on the TaskSequencer.jar  file that 
you have downloaded onto your hard disk from your graphical user interface, or from 
your command prompt type java –jar TaskSequencer.jar . 

Using the Program 

When the program is run the following window is displayed. 

 
This is the only display in the program and every part of the program can be accessed 
from this window. 

Before you can run the algorithms to produce a solution, a problem has to be loaded. 
To do this click on the ‘Open’ button. This brings up a file selector window from 
which you can select the problem you wish to load. The file must be of type CSV and 
in a particular format, example files which could be used as a guide for this are on the 
project website. Once a file is successfully loaded its name, number of families and 
number of jobs will be displayed in the fields next to the open button. 

The next stage is to select how many machines you want to run the jobs in the 
problem on. This can be done using the spinner in the ‘Machines’ box to the right of 
the ‘Load File’ box. 
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The final stage of input is to select which approach algorithm is to be used to produce 
a solution to the problem. This is done from the ‘Solver’ box which again is to the 
right of the ‘Machines’ box. There are five algorithms available, four of which can be 
selected using the radio buttons in the ‘Other Algorithms’ tab. 

 
The fifth algorithm, ‘Genetic Algorithm’, can be selected using the tab in the Solver 
box. This gives two options. You can choose whether or not to seed the initial 
population with the results of the constructive algorithms using the check box and 
also select the number of generations for which to run the algorithm using the spinner. 

 
When the ‘Solve’ button is clicked the selected algorithm is applied to the problem 
over the given number of machines. The ‘Solve’ and ‘Open’ buttons become disabled 
at this point while the computations take place and the pointer is turned into an hour 
glass. This is to maintain the security of the program. The progress bar along the 
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bottom continually updates as the algorithm is in progress and gives an idea of the 
remaining execution time. The ‘Total Cost’ and ‘Computation Time’ fields in the 
‘Textual’ ‘Output’ box also update continuously, the former with the best cost 
solution examined so far and the latter with the amount of time the algorithm has been 
running for. Once the algorithm is finished running the ‘Visual’ box will display a 
Gantt chart of the solution returned by the algorithm and the ‘Job sequence’ field will 
display the order in which the jobs should be run on the machines.  
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