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Abstract A discrete Self Organising Migrating Algorithm (DSOAM) is described
in this chapter. This variant is specifically designed for the permutative based
combinatorial optimisation problem, where the problem domain in generally
NP-Hard. Specific sampling between individuals in the search space is introduced
as a means of constructing new feasible individuals. These feasible solutions are
improved using 2-Opt routines. DSOMA has proven successful in solving manu-
facturing scheduling and assignment problems.

1 Introduction

Complex engineering problems can be loosely defined into three main domains.
Unimodal and multimodal real domain problems generally deal with floating point
values. Combinatorial optimisation problems on the other hand deal with integer
based values. In strict sense combinatorial optimisation problems, the values are
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inherently permutative. Wide sense combinatorial optimisation problems deal with
integer values within specific ranges. The third domain in simply a mixture of the
first two, and is generally called mixed integer-real optimisation.

Combinatorial optimisation problems are generally considered NP-Hard, with
the associated decision problems formulated as NP-Complete. A range of different
problems in engineering have been classified as combinatorial optimisation prob-
lems. The most common ones are scheduling problems, routing and assignment
problems amongst others.

Scheduling problems such as flowshop, openshop and jobshop are readily
identifiable as the most common manufacturing problems whereas routing prob-
lems such as vehicle routing and traveling salesman problems are classic mathe-
matical problems, and forms the general basis for the P versus NP Problem
Millennium problem [7].

Since these problems are NP-Hard, specific deterministic and stochastic algo-
rithms have been developed to solve these problems in reasonable time with given
resources. One of the powerful stochastic algorithms are evolutionary algorithms
(EA). However, general canonical EA’s for real-domain problems cannot be used to
solve combinatorial optimisation problems. Therefore, a separate class of discrete
EA’s have been developed to deal with this domain of problem.

All established metaheuristics have developed discrete variants such as: Genetic
algorithms [4, 8, 13], Ant Colony Optimisation [5], Tabu Search [14], Particle
Swarm [11, 15], Differential Evolution [9, 10], Artificial Bee Colony [12, 16] and
Harmony Search [1, 6].

A discrete variant of the Self-Organising Migrating Algorithm (SOMA) has been
developed to solve combinatorial optimisation problems [2, 3]. This chapter details
the discrete Self-Organising Migrating Algorithm (DSOMA), with population ini-
tialisation, creating jump sequences, constructing trial individual, repairment and
selection.

2 Discrete Self-organising Migrating Algorithm

Discrete Self-Organising Migrating Algorithm (DSOMA) [3] is the discrete version
of SOMA, developed to solve permutation based combinatorial optimisation
problem. The same ideology of the sampling of the space between two individuals
is retained. Assume that there are two individuals in a search space as given in
Fig. 1. The objective for DSOMA is to transverse from one individual to another,
while mapping each discrete space between these two individuals. Figures 2 and 3
are 3D representations, where the DSOMA mapping is shown as the surface joining
these two.

The major input of this algorithm is the sampling of the jump sequence between
the individuals in the populations, and the procedure of constructing new trial
individuals from these sampled jump sequence elements.
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The overall outline for DSOMA can be given as:

1. Initial Phase

a. Population Generation: An initial number of permutative trial individuals is
generated for the initial population.

b. Fitness Evaluation: Each individual is evaluated for its fitness.

2. DSOMA

a. Creating Jump Sequences: Taking two individuals, a number of possible
jump positions is calculated between each corresponding element.

b. Constructing Trial Individuals: Using the jump positions; a number of trial
individuals is generated. Each element is selected from a jump element
between the two individuals.

c. Repairment: The trial individuals are checked for feasibility and those, which
contain an incomplete schedule, are repaired.
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Fig. 2 End view of the two individuals in 3D search space
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3. Selection

a. New Individual Selection: The new individuals are evaluated for their fitness
and the best new fitness based individual replaces the old individual, if it
improves upon its fitness.

4. Generations

a. Iteration: Iterate the population till a specified migration.

DSOMA requires a number of parameters as given in Table 1. The major
addition is the parameter Jmin, which gives the minimum number of jumps (sam-
pling) between two individuals. The SOMA variables PathLength, StepSize and
PRT Vector are not initialised as they are dynamically calculated by DSOMA using
the adjacent elements between the individuals.
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Fig. 3 Isometric view of the two individuals in 3D search space

Table 1 DSOMA parameters

Name Range Type

Jmin (1+) Control Minimum number of jumps

Population 10+ Control Number of individuals

Migrations 10+ Termination Total number of iterations
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3 Initialisation

The population is initialised as a permutative schedule representative of the size of
the problem at hand (1). As this is the initial population, the superscript of x its set
to 0. The rand() function obtains a value between 0 and 1, and the INT() function
rounds down the real number to the nearest integer. The if condition checks to
ensure that each element within the individual is unique.

x0i;j ¼
1þ INT randðÞ � N � 1ð Þð Þ
if x0i;j 62 x0i;1; . . .; x

0
i;j�1

n o
(

i ¼ 1; . . .; b; j ¼ 1; . . .;N

ð1Þ

Each individual is vetted for its fitness (2), and the best individual, whose index
in the population can be assigned as L (leader) and it is designated the leader as X0

L

with its best fitness given as C0
L.

C0
i ¼ = X0

i

� �
; i ¼ 1; . . .;b ð2Þ

The pseudocode for generating a population is given in Fig. 4.
After the generation of the initial population, the migration counter t is set to 1

where t ¼ 1; . . .;M and the individual index i is initialised to 1, where i ¼ 1; . . .; b.
Using these values, the following sections (Sects. 4–7) are recursively applied, with
the counters i and t being updated in Sects. 8 and 9 respectively.

Fig. 4 Pseudocode for generating initial population
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4 Creating Jump Sequences

DSOMA operates by calculating the number of discrete jump steps that each
individual has to circumnavigate. In DSOMA, the parameter of minimum jumps
(Jmin) is used in lieu of PathLength, which states the minimum number of indi-
viduals or sampling between the two individuals.

Taking two individuals in the population, one as the incumbent (Xt
i ) and the

other as the leader (Xt
L), the possible number of jump individuals Jmax is the mode

of the difference between the adjacent values of the elements in the individual (3).
A vector J of size N is created to store the difference between the adjacent elements
in the individuals. The mode() function obtains the most common number in J and
designates it as Jmax.

Jj ¼ xt�1
i;j � xt�1

L;j

��� ���; j ¼ 1; . . .;N

Jmax ¼ mode Jð Þ if mode Jð Þ[ 0
1 otherwise

� ð3Þ

The step size (s), can now be calculated as the integer fraction between the
required jumps and possible jumps (4).

s ¼
Jmax
Jmin

j k
if Jmax � Jmin

1 otherwise

(
ð4Þ

Create a jump matrix G, which contains all the possible jump positions, that can
be calculated as:

Gl;j ¼
xt�1
i;j þ s � l if xt�1

i;j þ s � l\xt�1
L;j and xt�1

i;j \xt�1
L;j

xt�1
i;j � s � l if xt�1

i;j þ s � l\xt�1
L;j and xt�1

i;j [ xt�1
L;j

0 otherwise

8><
>:
j ¼ 1; . . .;N; l ¼ 1; . . .; Jmin

ð5Þ

The pseudocode for creating jump sequences is given in Fig. 5.

5 Constructing Trial Individuals

For each jump sequence of two individuals, a total of Jmin new individuals can
now be constructed from the jump positions. Taking a new temporary popula-
tion H H ¼ Y1; . . .; YJminf gð Þ; in which each new individual Yw w ¼ 1; . . .; Jminð Þ, is
constructed piecewise from G. Each element yw;j Yw ¼ yw;j; . . .; yw;N

� �
;

�
j ¼

1; 2; . . .;NÞ in the individual, indexes its values from the corresponding jth column
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in G. Each lth l ¼ 1; . . .; Jminð Þ position for a specific element is sequentially
checked in Gl;j to ascertain if it already exists in the current individual Yw. If this is a
new element, it is then accepted in the individual, and the corresponding lth value is
set to zero as Gl;j ¼ 0: This iterative procedure can be given as in Eq. (6) and the
pseudocode for constructing trial individual is represented in Fig. 6.

yw;j ¼
Gl;j

if Gl; j 62 yw;1; . . .; yw;j�1
� �

and Gl;j 6¼ 0;

then Gl; j ¼ 0;

(

0 otherwise

8>><
>>:
l ¼ 1; . . .; Jmin; j ¼ 1; . . .;N; w ¼ 1; . . .; Jmin

ð6Þ

6 Repairing Trial Individuals

Some individuals may exist, which may not contain a permutative schedule. The
jump individuals Ywðw ¼ 1; 2; . . .; JminÞ, are constructed in such a way, that each
infeasible element yw;j is indexed by 0.

Fig. 5 Pseudocode for creating jump sequences
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Taking each jump individual Yw iteratively from H, the following set of pro-
cedures can be applied recursively.

Take A and B, where A is initialised to the permutative schedule A ¼
1; 2; . . .;Nf g and B is the complement of individual Yw relative to A as given in

Eq. (7).

B ¼ AnYw ð7Þ

If after the complement operation, B is an empty set without any elements;
B ¼ fg, then the individual is correct with a proper permutative schedule and does
not require any repairment.

However, if B contains values, then these values are the missing elements in
individual Yw. The repairment procedure is now outlined. The first process is to
randomise the positions of the elements in set B. Then, iterating through the ele-
ments yw;j ðj ¼ 1; . . .;NÞ in the individual Yw, each position, where the element
yw;j ¼ 0 is replaced by the value in B. Assigning Bsize as the total number of
elements present in B (and hence missing from the individual Yw), the repairment
procedure can be given as in Eq. (8).

yw; j ¼
Bh if yw; j ¼ 0

yw; j otherwise

�

h ¼ 1; . . .;Bsize; j ¼ 1; . . .;N

ð8Þ

Fig. 6 Algorithm for constructing trial individuals
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After each individual is repaired in H, it is then evaluated for its fitness value as
in Eq. (9) and stored in γ, the fitness array of size Jmin.

cw ¼ = Ywð Þ; w ¼ 1; . . .; Jmin ð9Þ

The pseudocode for repairing trial individuals is given in Fig. 7.

7 Population Update

2 Opt local search is applied to the best individual Ybest obtained with the minimum
fitness value min cwð Þð Þ. After the local search routine, the new individual is
compared with the fitness of the incumbent individual Xt�1

i , and if it improves on
the fitness, then the new individual is accepted in the population (10).

Xt
i ¼

Ybest if = Ybestð Þ\Ct�1
i

Xt�1
i otherwise

(
ð10Þ

Fig. 7 Pseudocode for repairing trial individuals
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If this individual improves on the overall best individual in the population, it
then replaces the best individual in the population (11).

Xt
best ¼

Ybest if = Ybestð Þ\Ct
best

Xt�1
best otherwise

�
ð11Þ

8 Iteration

Sequentially, incrementing i, the population counter by 1, another individual Xt�1
iþ 1

is selected from the population, and it begins its own sampling towards the des-
ignated leader Xt�1

L from Sects. 4–7. It should be noted that the leader does not
change during the evaluation of one migration.

9 Migrations

Once all the individuals have executed their sampling towards the designated
leader, the migration counter t is incremented by 1. The individual iterator i is reset
to 1 (the beginning of the population) and the loop in Sects. 4–8 is re-initiated.

10 2 Opt Local Search

The local search utilised in DSOMA is the 2 Opt local search algorithm. The reason
as to why the 2 Opt local search was chosen, is that it is the simplest in the k-opt
class of routines. As the DSOMA sampling occurs between two individuals in
k-dimension, the local search refines the individual. This in turn provides a better
probability to find a new leader after each jump sequence. The placement of the
local search was refined heuristically during experimentation.

The complexity of this local search is O n2ð Þ. As local search makes up the
majority of the complexity time of DSOMA, the overall computational complexity
of DSOMA for a single migration is O n3ð Þ.

A schematic of the DSOMA routine is given in Fig. 8, which graphically out-
lines the procedure for creating jump sequence between two individuals, and
constructing trial individuals.
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11 Conclusion

The discrete Self Organising Migrating Algorithm is described in this chapter.
Using specific sampling of individuals in the search space, new individuals are
constructed which assists in driving the population towards the leader.

DSOMA has proven successful in solving problem in the combinatorial opti-
misation domain. As a relatively new algorithm, it has a lot of scope for further
development and refinement, especially in individual sampling and parallelisation
aspects.
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