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Abstract. The world of swarm intelligence and evolutionary com-
putation has been witnessing an “explosion” in the number of new
algorithms proposed, sometimes with noticeable contributions and at
times very little to offer. These algorithms are often described as be-
ing nature-inspired, the validity of which should be judged on a one-
to-one basis. In this work, an existing swarm intelligence algorithm,
Dispersive Flies Optimisation or DFO, is presented as a case study
along with some insights and structure comparison with some other
swarm and evolutionary techniques, such as: particle swarm optimi-
sation, genetic algorithm, evolutionary computation, ant colony opti-
misation, stochastic diffusion search and firefly algorithms. Despite
recent attacks, this paper aims to shed light on the significance of
nature-inspired observations and their contributions to the scientific
communities of swarm intelligence and evolutionary computation,
emphasising on the importance of offering sufficient analyses which
justify the reason behind proposing new metaheuristics.

1 Background

There are many optimisation problems surrounding us in our every-
day activities, ranging from negligible and trivial to vital and more
complex. These problems have been often addressed using popula-
tion based swarm intelligence and evolutionary computation tech-
niques. Nature has been one of the main sources of inspiration for
the creation of techniques applicable to complex search spaces and
optimisation problems.

Arguably, throughout the history of mankind, nature has never
stopped offering, at times, unsolicited inspirations to scientists, re-
searchers and the curious. Observations, many of which made unin-
tentionally, have been triggering the inquisitive minds for thousands
of years. The drive for resolving problems and their often present
state in the minds of scientists boost the impact of these observa-
tions, which in cases led to discoveries. Among others, researchers
in mathematics, physics and natural sciences have had their fair share
of ‘observations-leading-to-discoveries’.

In the worlds of swarm intelligence and evolutionary computation,
observing the magnificently choreographed movements of birds, be-
haviour of ants foraging, convergence of honey bees in search for
food source and so forth has led several researchers to propose
(inspired vs. identical) models used to solve various optimisation
problems. Genetic Algorithm, Particle Swarm Optimisation and Ant
Colony Optimisation are only few such techniques belonging to the
broader category of swarm intelligence and evolutionary computa-
tion; these processes investigate collective intelligence and aim at
modelling intelligence by looking at individuals in a social context
and monitoring their interactions.
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A multi-agent approach to artificial intelligence was born in the
90s, when cooperation between agents became essential to having
an emerging intelligence resulting from the interaction of a group
of individuals [29]. It was time for sociologists, biologists and an-
thropologists to play their rules in helping AI with their models and
social views on intelligence [43].

From the design of helicopters inspired by the behaviour of
grasshoppers to the erection of sustainable buildings influenced by
termites’ construction skills, nature has been exhibiting an undeni-
able role in many of the greatest human inventions. Scientists, in
search for methods to solve persistent problems, refer to nature and
what it offers from inspiration to ideas and hints.

Swarm intelligence and evolutionary computation techniques are
no exceptions in this regard; many of the most well known evolution-
ary and swarm intelligence algorithms exhibit clear links to nature.
Natural examples of swarm intelligence that demonstrate these forms
of interaction include fish schooling, birds flocking, ant colonies in
nesting and foraging, bacterial growth, animal herding, brood sorting
by ants, etc. Therefore, swarm intelligence can be characterised as
the communications between agents as well as the communication
of agents with the environment while expecting an emergent phe-
nomenon (intelligence).

Communication – social interaction or information exchange – ob-
served in social insects and animals is important in swarm intelli-
gence. In real social interactions, not just the syntactical information
is exchanged between individuals but also semantic rules, tips and
beliefs about how to process this information; in typical population
based algorithms, however, only the syntactical exchange of informa-
tion is considered, without necessarily changing the thinking process
(e.g. rules and beliefs) of the participants.

In the study of interaction of social insects, two important ele-
ments are the individuals and the environment, which lead to two
integration schemes: the first one is the way in which individuals
interact amongst themselves and the second one is the interaction
of the individuals with the environment [14] (stigmergy). Interac-
tion amongst individuals is carried out through recruitment. These
recruitment strategies are used to attract other members of the soci-
ety to gather around one or more desired areas, either for foraging
purposes or for moving to a new nest site. In animals like fish or
birds, interactions help benefiting from discoveries and previous ex-
perience of all other members of the school or flock during search for
food [41]. There are different forms of recruitment in social insects;
it may take the form of local or global; one-to-one or one-to-many;
and deploy stochastic or deterministic mechanisms. The nature of in-
formation exchange also varies in different environments and with
different types of social insects and animals. Sometimes the infor-
mation exchange is more complex where, for example, it might carry
data about the direction, suitability of the target and the distance; or
sometimes the information sharing is simply a stimulation forcing a



certain triggered action. What all these recruitment and information
exchange strategies have in common is distributing useful informa-
tion in their community.

In this paper, initially a simple swarm intelligence algorithm, Dis-
persive Flies Optimisation is presented, followed by six other swarm
intelligence and evolutionary computation techniques. The aim is to
emphasise the extent in which these algorithms rely on their inven-
tors’ observations in nature as well as a discussion on the simplicity
and complexity of the algorithms’ nature-inspired structure, based on
the number of tunable parameters and other configurations.

2 Dispersive Flies Optimisation

Flies are insects of the order Diptera, which comprises a large or-
der, containing an estimated 240, 000 species of mosquitoes, gnats,
midges and others [40]. Flies exist in various types each exhibiting
distinctive behaviour in different environments. What most flies have
in common is their swarming behaviour which depends on several
factors. Swarming have been described in [17] where a difference of
shape between low swarms over dung and high swarms over other
markers have been logged. High swarms fluctuated in height; verti-
cal movements of the swarms of Anopheles franciscanus (Culicidae)
are said to be correlated with female presence at swarms [9]. Height
change in mosquito swarm induced by a clarinet note [31] and the
human voice [27] may have evolved as responses to the flight tone of
female mosquitoes [33].

Swarms of flies are associated with visual markers ranging in size
from cowpies and stones to church steeples [37]. The criteria used by
insects to select markers may be quite subtle; it was noted in [26] that
certain objects are used repeatedly by the mosquito Aedes cataphylla
while similar objects nearby are neglected.

As explained in [19], various swarms of flies usually “flying in
relation to a more or less conspicuous element of the landscape, a
lakeshore, a road, a treetop, below the tip of a branch, in an opening
in the forest canopy, above a cow, an outstanding leaf”, and so on ac-
cording to species (e.g. [18, 13]). Depending on the species, the size
of the swarm may consist of a single individual or tens or thousands,
related to a discrete swarm marker; or even countless millions in the
zonal swarms of lake shores.

Several elements play a role in disturbing the swarms of flies; for
instance, the presence of a threat causes the swarms to disperse, leav-
ing their current marker; they return to the marker immediately after
the threat is over. However, during this period if they discover an-
other marker which matches their criteria closer, they adopt the new
marker.

Dispersive Flies Optimisation (DFO) – first introduced in [1] – is
an algorithm inspired by the swarming behaviour of flies hovering
over food sources. The swarming behaviour of flies is determined
by several factors including the presence of threat which disturbs
their convergence on the marker (or the optimum value). Therefore,
having considered the formation of the swarms over the marker, the
breaking or weakening of the swarms is also noted in the proposed
algorithm.

In other words, the swarming behaviour of the flies, in DFO con-
sists of two tightly connected mechanisms, one is the formation of
the swarms and the other is its breaking or weakening. The algo-
rithm and the mathematical formulation of the update equations are
introduced below. The position vectors of the population are defined
as:

~xti =
[
xti1, x

t
i2, ..., x

t
iD

]
, i = 1, 2, ...,N (1)

where t is the current time step, D is the dimension of the problem
space and N is the number of flies (population size).

In the first generation, when t = 0, the ith vector’s dth component
is initialised as:

x0id = xmin,d + r (xmax,d − xmin,d) (2)

where r is a random number drawn from a uniform distribution on
the unit interval U (0, 1); xmin and xmax are the lower and upper ini-
tialisation bounds of the dth dimension, respectively. Therefore, a
population of flies are randomly initialised with a position for each
flies in the search space.

On each iteration, the components of the position vectors are in-
dependently updated, taking into account the component’s value, the
corresponding value of the best neighbouring fly with the best fitness
(consider ring topology), and the value of the best fly in the whole
swarm:

xtid = xt−1
ind

+ U (0, 1)× (xt−1
sd − x

t−1
id ) (3)

where xt−1
ind

is the position value of ~xt−1
i ’s best neighbouring fly in

the dth dimension at time step t−1; xt−1
sd is the value of the swarm’s

best fly in the dth dimension at time step t − 1; and U (0, 1) is the
uniform distribution between 0 and 1.

The algorithm is characterised by two main components: a dy-
namic rule for updating flies position (assisted by a social neigh-
bouring network that informs this update), and communication of
the results of the best found fly to other flies.

As stated earlier, the swarm is disturbed for various reasons; one
of the impacts of such disturbances is the displacement of flies which
may lead to discovering better positions. To consider this eventuality,
an element of stochasticity is introduced to the update process. Based
on this, individual components of flies’ position vectors are reset if a
random number, r, generated from a uniform distribution on the unit
interval U (0, 1) is less than the disturbance threshold or dt. This
guarantees a disturbance to the otherwise permanent stagnation over
a likely local minima. Algorithm 1 summarises the DFO algorithm2.

Algorithm 1 Dispersive Flies Optimisation
1: while Function Evalutions < Evaluations Allowed do
2: for i = 1→ N do
3: ~xi.fitness← f(~xi)
4: end for
5: ~xs = arg∗ min [f(~xi)]
6: ~xin = arg∗ min [f(~xileft), f(~xiright)]*
7: for i = 1→ N do
8: for d = 1→ D do
9: τd ← xt−1

ind
+ U (0, 1)× (xt−1

sd − x
t−1
id )

10: if (r < dt) then
11: τd ← xmin,d + r (xmax,d − xmin,d)
12: end if
13: end for
14: ~xi ← ~τ
15: end for
16: end while
* ~xileft = ~xi−1 and ~xiright = ~xi+1

In summary, DFO is a simple numerical optimiser over continu-
ous search spaces. DFO is a population based stochastic algorithm,

2 The source code can be downloaded from the following page:
http://doc.gold.ac.uk/mohammad/DFO/
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originally proposed to search for an optimum value in the feasible
solution space. Despite the algorithm’s simplicity, it is shown that
DFO outperforms the standard versions of the well-known Particle
Swarm Optimisation, Genetic Algorithm (GA) as well as Differen-
tial Evolution (DE) algorithms on an extended set of benchmarks
over three performance measures of error, efficiency and reliabil-
ity [1]. It is shown that DFO is more efficient in 84.62% and more
reliable in 90% of the 28 standard optimisation benchmarks used;
furthermore, when there exists a statistically significant difference,
DFO converges to better solutions in 71.05% of problem set. Further
analysis is also conducted to explore the diversity of the algorithm
throughout the optimisation process, a measure that potentially pro-
vide more understanding on algorithm’s ability to escape local min-
ima. In addition to theoretical research on this algorithm, DFO has
recently been applied to medical imaging [3]; furthermore, ongoing
and current research are being conducted in the fields of image anal-
ysis, simulation and gaming [25], computational aesthetic measure-
ments [2], (digital) arts [6, 10], protein folding, etc.

3 Population-based algorithms
In this section, six population-based nature-inspired algorithms are
presented along with parameters and the associated configuration of
each of the these algorithms. The presented algorithms are: particle
swarm optimisation (PSO), differential evolution algorithm (DE), ge-
netic algorithm (GA), ant colony optimisation (ACO), stochastic dif-
fusion search (SDS) and firefly algorithm (FA).

3.1 Particle Swarm Optimisation
Particle swarm optimisation (PSO) is a population based optimisa-
tion technique developed in 1995 by Kennedy and Eberhart [24, 20].
It came about as a result of an attempt to graphically simulate the
choreography of fish schooling or birds flying (e.g. pigeons, starlings,
and shorebirds) in coordinated flocks that show strong synchronisa-
tion in turning, initiation of flights and landing, despite the fact that
experimental researches to find leaders in such flocks failed [21]. In
particle swarms, although members of the swarm neither have knowl-
edge about the global behaviour of the swarm nor a global informa-
tion about the environment, the local interactions of the swarms result
in complex collective behaviour, such as flocking, herding, school-
ing, exploration and foraging behaviour [32, 30, 8, 22].

A swarm in PSO algorithm comprises of a number of particles
and each particle represents a point in a multi-dimensional problem
space. Particles in the swarm explore the problem space searching
for the optimal position, which is defined by a fitness function. The
position of each particle, ~x, is thus dependent on the particle’s own
experience and those of its neighbours. Each particle has a memory,
containing the best position found so far during the course of the opti-
misation, which is called personal best (~p). Whereas the best position
so far found throughout the population, or the local neighbourhood,
is called neighbourhood best (or global best, ~g).

The standard PSO algorithm defines the position of each particle
by adding a velocity to the current position. Here is the equation for
updating the velocity of each particle:

vtid = wvt−1
id + c1r1

(
pid − xt−1

id

)
+ c2r2

(
gid − xt−1

id

)
(4)

xtid = vtid + xt−1
id (5)

where w is the inertia weight whose optimal value is problem depen-
dent [34]; ~vt−1

id is the velocity of particle i in dimension d at time

step t − 1; c1,2 are the learning factors (also referred to as accelera-
tion constants) for personal best and neighbourhood best respectively
(they are constant); r1,2 are random numbers adding stochasticity to
the algorithm and they are drawn from a uniform distribution on the
unit interval U (0, 1); pid is the personal best position of particle ~xi
in dimension d; and gid is neighbourhood best at dimension d.
Therefore, PSO optimisation is based on particles’ individual expe-
rience and their social interaction with the particle swarms. After
updating particles’ velocities, their new positions are determined.

3.2 Genetic Algorithm

In this work, a real-valued GA which has previously shown to work
well on real-world problems [38, 39] in explained. The underlying
process is similar to when GA is applied to combinatorial problems,
where individuals are first randomly initialised and their fitness is
evaluated through an objective function. Afterwards, in a iterative
process, each individual has a probability of being exposed to recom-
bination or mutation (or both). These probabilities are pc and pm re-
spectively. One such recombination operator is arithmetic crossover
and one such mutation operator is Cauchy mutation using an anneal-
ing scheme. At the end, in order to comb out the least fit individual,
tournament selection [7] is utilised.

For the arithmetic crossover, the offspring is generated as a
weighted mean of each gene of the two parents:

offspringi = r × parent1i + (1− r)× parent2i (6)

where offspringi is the i’th gene of the offspring, and parent1i and
parent2i refer to the i’th gene of the two parents, respectively. The
weight r is drawn from a uniform distribution on the unit interval
U (0, 1).

Therefore, the algorithm needs the probabilities of crossover and
mutation of the individuals, pc and pm respectively, the tournament
size of the tournament selection, and elitism with a certain elite size
is deployed to maintain the best found solution in the population.

3.3 Differential Evolution Algorithm

Differential evolution (DE), an evolutionary algorithms (EAs), is a
simple global numerical optimiser over continuous search spaces
which was first introduced by Storn and Price [35, 36].

DE is a population based stochastic algorithm, proposed to search
for an optimum value in the feasible solution space. The parameter
vectors of the population are defined as follows:

xgi =
[
xgi,1, x

g
i,2, ..., x

g
i,D

]
, i = 1, 2, ..., N (7)

where g is the current generation, D is the dimension of the prob-
lem space andN is the population size. In the first generation, (when
g = 0), the ith vector’s jth component could be initialised as:

x0i,j = xmin,j + r (xmax,j − xmin,j) (8)

where r is a random number drawn from a uniform distribution on
the unit interval U (0, 1), and xmin, xmax are the lower and upper
bounds of the jth dimension, respectively. The evolutionary process
(mutation, crossover and selection) starts after the initialisation of the
population.



3.3.1 Mutation

At each generation g, the mutation operation is applied to each mem-
ber of the population xgi (target vector) resulting in the correspond-
ing vector vgi (mutant vector). In this work, out of many variants,
DE/best/1 variation of mutation approaches is provided as a sample:

vgi = xgbest + F (xgr1 − x
g
r2) (9)

where r1 and r2 are different from i and are distinct random in-
tegers drawn from the range [1, N ]; In generation g, the vector with
the best fitness value is xgbest; and F is a positive control parameter
for constricting the difference vectors.

3.3.2 Crossover

Crossover operation, improves population diversity through ex-
changing some components of vgi (mutant vector) with xgi (target
vector) to generate ugi (trial vector). This process is led as follows:

ugi,j =


vgi,j , if r ≤ pc or j = rd

xgi,j , otherwise
(10)

where r is a uniformly distributed random number drawn from
the unit interval U (0, 1), rd is randomly generated integer from the
range [1, D]; this value guarantees that at least one component of the
trial vector is different from the target vector. The value of pc, which
is another control parameter, specifies the level of inheritance from
vgi (mutant vector).

3.3.3 Selection

The selection operation decides whether xgi (target vector) or ugi
(trial vector) would be able to to pass to the next generation (g + 1).
In case of a minimisation problem, the vector with a smaller fitness
value is admitted to the next generation:

xg+1
i =


ugi , if f (ugi ) ≤ f (x

g
i )

xgi , otherwise
(11)

where f (x) is the fitness function.

3.4 Ant Colony Optimisation
Another well-known swarm intelligence algorithm is Ant Colony
Optimisation (ACO) [16], which is a metaheuristic for solving com-
binatorial optimisation problems. The driving inspiration for this al-
gorithm stems from the pheromone trail laying and following be-
haviour of real ants using pheromones as a mean for communica-
tion. This algorithm is one of the existing techniques in the literature
which uses the indirect mode of communication, where no two ants
exchange information directly, instead they use pheromone trails to
guide the process and thus probabilistically construct solutions for
the problem being solved. In other words, the artificial ants’ search
experience is shaped and evolved through the encounter with the
pheromone trails.

Due to the popularity of the algorithm (and as it is often the
case with swarm intelligence and evolutionary techniques) there have
been several flavours of algorithms starting from the early 90s, in-
cluding but not limited to: Ant System, Elitist AS, Ant-Q, ANTS,
Population-based ACO, Beam-ACO, and so forth.

As detailed in [15], ACO’s artificial ants are described to be
stochastic solution construction procedures which are in charge of
probabilistically building a solution by iteratively adding solution
components to partial solutions. This process is facilitated by taking
into account the following:

• heuristic information about the problem being addressed, if such
information exists

• and the dynamically changing pheromone trails which reflect the
ants’ search experience

While the heuristic information / equation is problem dependant,
here are some of the generic parameters of the algorithm when deal-
ing with the classical Travelling Salesman Problem (TSP). Note that
the following reflects on one instance of using an ACO algorithm on
a certain problem:

• T (r, s): the mount of pheromone on the edge connecting r to s.
• H(r, s): heuristic value of the edge.

In TSP, the shorter the distance between the nodes, the higher the
heuristics. Therefore, for instance: H(r, s) = 1

distance(r,s)

• pk(r, s): probability that ant, k, travels from node r to node s.
• β: heuristic strength
• α: greediness

pk(r, s) =
T (r, s)α ×H(r, s)β∑

Unvisited cities c T (r, c)
α ×H(r, c)β

Using the global pheromone update, once a tour is complete,
pheromones are updated along the edges using the following:

• Ak(r, s): the mount of pheromone added by ant k on the edge
connecting r to s.

• m: number of ants (population size)
• ρ: pheromone decay rate
• Lk: length of route complete by ant k

The amount of pheromone on the edge (r,s) is calculated using the
following equation:

T (r, s) = ρ× T (r, s) +
m∑
k=1

Ak(r, s)

where Ak(r, s) = 1/Lk

3.5 Stochastic Diffusion Search
This section introduces Stochastic Diffusion Search (SDS) [11], a
swarm intelligence algorithm whose performance is based on simple
interaction of agents. The SDS algorithm commences a search or
optimisation by initialising its population and then iterating through
two phases of test and diffusion.

In the test phase, SDS checks whether the agent hypothesis is suc-
cessful or not by performing a hypothesis evaluation which returns
a Boolean value. Later in the iteration, contingent on the precise re-
cruitment strategy employed (in the diffusion phase), successful hy-
potheses diffuse across the population and in this way information
on potentially good solutions spreads throughout the entire popula-
tion of agents. In other words, each agent recruits another agent for
interaction and potential communication of hypothesis.

In standard SDS, passive recruitment mode is employed. In this
mode, if the agent is inactive, a second agent is randomly selected



for diffusion; if the second agent is active, its hypothesis is commu-
nicated (diffused) to the inactive one. Otherwise there is no flow of
information between agents, instead a completely new hypothesis is
generated for the first inactive agent at random. Therefore, recruit-
ment is not the responsibility of the active agents.

The activity of agents are often determined by specifying a thresh-
old for the fitness of the agents, based on which agents are labelled
as active or inaction. Alternatively, in another approach, the activ-
ity of each agent is decided when its fitness is compared against
a random agent (which is different from the selecting one); if the
selecting agent has a better fitness (e.g. smaller value in minimisa-
tion problems) than the randomly selected agent, it will be flagged
as active, otherwise inactive. Higher rate of inactivity boosts explo-
ration, whereas a lower rate biases the performance towards exploita-
tion. SDS algorithm has been explained using the ‘mining game’
metaphor in [4].

One of the main and inherent processes in SDS is partial function
evaluation. This feature is helpful with many fitness functions which
are decomposable to components that can be evaluated separately
during the test phase of SDS. In partial function evaluation pFE is
some function of the agent’s hypothesis, where pFE = f(h), and
the evaluation of one or more of the components may provide partial
information to guide the subsequent optimisation process.

3.6 Firefly algorithm
Firefly algorithm, first introduced in 2008 [44], is another new swarm
intelligence algorithm which takes its inspiration from nature, and is
more specifically based on the “idealised” flashing characteristics of
the fireflies. The behaviour of the algorithm can be explained using
the following assumptions derived from nature:

• fireflies are unisex and are attracted to each other
• attractiveness is proportional to brightness; therefore a less bright

firefly would be attracted to and subsequently move towards the
brighter one. If the brightness is the same, the fireflies move ran-
domly. If the distance between fireflies increases, the brightness
decreases which results in less attraction.

• the landscape of the objective function impacts the brightness of
the fireflies

In FA, brightness is determined based on the fitness function, how-
ever attractiveness β is considered relative to the distance between
two fireflies and the absorption of the light in the media. The light
intensity I is determined using the following:

I = I0e
−γr (12)

where I0 represents the light intensity at the starting point, γ is the
light absorption coefficient, and r is the distance. And the attractive-
ness of a firefly is determined by the following:

β = β0e
−γr2 (13)

where β0 is the attractiveness at r = 0.
Using FA, each firefly i is paired with every other firefly, j, in the

population and a decision is made as to whether to move i towards
j and how far. The distance between fireflies are calculated using
the Cartesian distance rij = ||~xi − ~xj ||2, considering `2, and the
following update equation:

~xi = ~xi + β0e
−γrm(~xj − ~xi) + α~εi (14)

where the second term represents attraction (while m is usually set
to 2, it could take other values with m > 0), and the third term
is randomisation with the vector of random variable ~εi being drawn
from a Gaussian distribution.

4 Discussion and Opinion

Looking at the algorithms presented in the sections above, commu-
nication is seen as a key element shared by all population-based al-
gorithms with varying flavours. Communication, at times one-to-one,
one-to-many or many-to-many, mostly adapts to the problem domain
and the related restrictions. The aim of the communication in the al-
gorithms is the diffusion of ‘good’ information and therefore the in-
vestigation of promising areas. Given the unknown search space, and
not to mention noisy environment, this task cannot be achieved with-
out a degree of ‘stochasticity’ which allows for extra exploration of
perhaps previously ‘unnoticed’ regions of the search space. There-
fore, while communication is at the heart of population-based nature
inspired algorithms, acknowledging the lack of “complete knowl-
edge” about the search space, it becomes evident that ‘guided com-
munication’ or a deterministic approach cannot be the only method.

Most of the deterministic algorithms are local searches which are
efficient at converging to a local minima and given a fixed starting
point, the solution returned is always the same. Despite the efficiency
of such algorithms (and their good performance when dealing with
unimodal problems), they are prone to being trapped in local minima,
incapable of escaping towards global optima. Therefore, identifying
the right balance between guided and stochastic communication is
one of the primary challenges in introducing new algorithms or fine-
tuning the existing ones.

Looking from a different perspective, a common aspect of
population-based nature-inspired computation is adjusting the de-
gree of “trust” at various stages in which the algorithms return so-
lutions. This trust impacts the algorithms’ follow-up resource alloca-
tion as to whether to be biased towards detailed exploitation of the
currently found solution/s or instead boosting the exploration of the
search space with the hope of identifying better solutions. Albeit dif-
ferent for various nature-inspired algorithms, the infamous trade-off
between exploration and exploitation remains to be a key challenge.

Therefore, all the population-based algorithms are proposed with
the goal of “striking” the right balance in defining the interwoven
concepts of guided/stochastic communications and identifying the
degree of trust in the solutions found at various stages of the optimi-
sation process. With these in mind, researchers embark on a journey
to find the “holy grail” which, with an optimistic view, would ulti-
mately exhibit the ability to address a certain class of problems and
not all (see No Free Lunch Theorem for a detailed discussion on this
matter [42]). In this endeavour, researchers and scientists seek help
from nature, which many view as a “stable” form of intelligence that
has been evolving and surviving for millions of years.

An important question raised here is whether introducing a new
algorithm which is not radically dissimilar to other algorithms con-
tribute to the existing literature in swarm and evolutionary computa-
tion. There is a number of active researchers who are renouncing this
trend as “threatening” and “away from scientific rigour”. There are
many reasons, and sometimes, valid arguments to disseminate this
message in the community that merely “tweaking” some parameters
and achieving an ever so slightly better performance on a certain set
of problems could hardy be seen as an outstanding contribution. On
the other hand, merely recommending to “put a lid” on the nature-
inspired observations is an equally questionable argument.



In order to discuss this further, it is worth mentioning that one of
the common features noticed in the development of algorithms, in
general, and swarm intelligence and evolutionary computation algo-
rithms, in particular, is the presence of many variants of the same
techniques. The reason behind this persistent pattern could be asso-
ciated with the flexibility of the algorithms in changing the update
equations (i.e. altering the deterministic aspects of the algorithm),
or injecting further stochasticity by introducing more complex dis-
turbance mechanism or evolutionary operators. While the possibility
of “extending” and “revising” an algorithm is welcome, it is equally
important to be able to provide concrete analyses as to why the “new
versions” are important contributions to the literature beyond the re-
sults on some “standard” benchmarks.

Having the above arguments in mind, it is equally vital to allow
and respect scientists, researchers and students to observe the nature,
animals and insects with the goal of finding ways to deal with the
above challenges. It is important to encourage researchers to provide
analysis as to why their proposed algorithms outperform or compete
with others with the goal of identifying insights to the complex be-
haviour of the population in swarm and evolutionary computation
techniques. The complexity of the algorithms could perhaps lead to
better performance on some problems at the expense of even more
complex task of understanding the behaviour of the algorithms. Of-
ten the number of components (e.g. various vectors) in the algorithms
and the tunable parameters are good indicators of an algorithm’s
complexity. This inherent complexity results in both the hindrance
of analysing the behaviour of the agents as well as the difficulty in
finding the optimal parameter values.

Following on the above discussion, one of the principal reasons
behind proposing Dispersive Flies Optimisation (DFO) has been in-
troducing an algorithm that is simple but competitive enough com-
pared to other more complex algorithms. Further theoretical analysis
is ongoing to provide detailed explanation on the algorithm’s optimi-
sation behaviour. Other than the population size, DFO has one tun-
able parameter (disturbance threshold or dt). Additionally, other than
the index of the best fly (s in ~xs), each fly i consists of merely its po-
sition vector (~xi) along with the index of the best neighbouring fly
(n in ~xin ). To emphasis DFO’s simplicity, a comparison is provided
with some of the algorithms mentioned in this work. For instance,
PSO, in many of the proposed variants commonly uses the following
parameters:

• population size
• c1, controlling the impact of cognitive component
• c2, controlling the impact of social component
• χ or w, depending on the update equation

In addition to the position of the particles i, ~xi, each particle has
an associated velocity ~vi and memory, ~pi, vectors. Other variants of
PSO, including barebone PSOs are also introduced by researchers,
trying to simply the algorithm, with the goal of offering insight into
the underlying behaviour of the algorithm. In one such cases, one of
the inventor of the PSO algorithm, Kennedy, describes the process
as “strip[ing] away some traditional features” with the hope of re-
vealing the mysteries of the algorithm [23]. In this particular model
the velocity vector is elegantly removed with the algorithm still ben-
efiting from the memory vectors, a work that indeed shed light on
the behaviour of the algorithm. Other contributions have tried to fur-
ther explore the simplified version and add more to enhance its per-
formance demonstrating the capability of the simplified version in
contracts with the original model [12, 28, 5].

Other than PSO, the parameters and adjustable configurations of

other aforementioned well-known algorithms are listed below.

• GA

1. population size

2. pc: crossover rate

3. pm: mutation rate

4. tournament size

5. elite size

• DE

– population size

– pc: crossover rate

– equation used to calculate the mutation vector

– F: constricting factor

• ACO

– m: number of ants (population size)

– β: heuristic strength

– α: greediness

– ρ: pheromone decay rate

• SDS 3

– population size

– threshold for determining an agent’s activity

– the choice in using various recruitment modes (passive, active,
dual)

– the choice of increasing exploration by using context-sensitive
or context-free mechanisms

– the percentage of decomposable function using in partial func-
tion evaluation

• FA

– population size

– m: impact of distance on attractiveness

– α which could be replaced with αSk in cases where scales vary
significantly in different dimensions, d. Therefore, given d di-
mensions (k = 1, ..., d), adding d extra parameters

– γ determining the speed of convergence, in theory γ ∈ [0,∞)
with γ = 0 maintaining a constant attractiveness of β = β0

Similar to other swarm intelligence and evolutionary computation
techniques, the above algorithms couple the stochasticity and deter-
minism to both follow the “concrete instructions” of the algorithm as
to where a good solution is likely to be, and a stochastic component,
making sure that the often large search space is not left unexplored.

Therefore, while it is useful to propose powerful algorithms, with
the potential drawback of analysis complexity, it is equally impor-
tant to notice the elegance witnessed in nature, in social animals and
insects. Key questions to ask here are: whether proposing simple al-
gorithms with few tunable parameters, paves the way for more com-
prehensive analyses (thus a deeper understanding) and whether this
would guide us closer to the sought after concept of “communica-
tion of agents with simple rules leading to the complex emergence of
intelligence”.
3 It is important to note that the parameters required for the “standard” SDS

are the population size and the threshold for determining the activity of the
agents.



5 Conclusion

In this paper, several swarm intelligence and evolutionary algorithms
are presented and the process through which they lead the optimisa-
tion is explained. Dispersive Flies Optimisation (DFO) is presented
as a case study representing a simple algorithm which other than the
population size, only has one tunable parameter providing the means
for the flies to further their exploration of the search space.

Discussing the pros and cons of introducing new algorithms, this
work highlights the need for giving importance to diligent nature-
inspired observations which could lead to the enrichment of swarm
intelligence and evolutionary computation communities with the pro-
visos that such observations allow in-depth analyses leading to better
understanding of the complex formation of solutions and the “emer-
gence of intelligence” by following simple rules.
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