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Article

Two New Bio-inspired Particle Swarm Optimisation
Algorithms for Single-Objective Continuous Variable
Problems Based on Eavesdropping and Altruistic
Animal Behaviours

Fevzi Tugral Varna *© and Phil Husbands *

Al Group, Department of Informatics, University of Sussex
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Abstract: This paper presents two novel bio-inspired particle swarm optimisation (PSO) variants:
biased eavesdropping PSO (BEPSO) and altruistic heterogeneous PSO (AHPSO). These algorithms are
inspired by types of group behaviour found in nature that have not previously been exploited in search
algorithms. The primary search behaviour of the BEPSO algorithm is inspired by eavesdropping
behaviour observed in nature coupled with a cognitive bias mechanism that enables particles to
make decisions on cooperation. The second algorithm, AHPSO, conceptualises particles in the
swarm as energy-driven agents with bio-inspired altruistic behaviour which allows the formation
of lending-borrowing relationships. The mechanisms underlying these algorithms provide new
approaches to maintaining swarm diversity which contributes to preventing premature convergence.
The new algorithms were tested on the 30, 50 and 100-dimensional CEC’13, CEC’14 and CEC’17
test suites, and various constrained real-world optimisation problems, against 13 well-known
PSO variants and the CEC competition winner, differential evolution algorithm L-SHADE. The
experimental results show that both algorithms, BEPSO and AHPSO, provide very competitive
performance on the unconstrained test suites and the constrained real-world problems. They were
significantly better than most other PSO variant on most problem sets and no other comparator
algorithm was significantly better than either of them on any of the 50 and 100-d problem sets.

Keywords: bio-inspired search algorithm; optimisation; particle swarm optimisation; swarm
intelligence; altruism; eavesdropping; group behaviour; metaheuristics

1. Introduction

In recent years swarm intelligence algorithms have become one of the most widely used class of
optimisation methods. Their effectiveness and convenience has led to many variants [1] and successful
applications to diverse real-world problems [2-5]. One of the best known and most widely applied
swarm algorithms is particle swarm optimisation (PSO) [6]. The PSO algorithm has been extensively
investigated with regards to its search dynamics [7,8] and theoretical strengths and limitations [9,10],
resulting in many recent extensions developed with the intention of improving the performance of the
canonical PSO [11-16].

Despite many variants with diverse inspirations, the core analogy at the heart of most PSO
algorithms is biological: a simple model of flocking behaviour observed in many species. Indeed
bio-inspiration has become the dominant driving force for many new meta-heuristic algorithms.
However, the canonical PSO algorithm’s model of particle movement [6] is relatively simple compared
to natural flocking behaviours. Hence, in most cases, the homogeneous nature of canonical PSO
particles” behaviour moves them towards a common goal using two standard exemplars, their
‘cognitive’ (own best position) and "social’ (swarm best position) influences, which tends to trigger
rapid loss of diversity, leading to premature convergence. There have been various approaches
to addressing this problem over the past decade or so, including: hybridisation with other search
algorithms [13,17,18], using extended learning strategies [19-21], and employing more sophisticated
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topologies to define the local population structure [22-25]. Another powerful contemporary way to
potentially minimise this issue, and to improve the balance between exploitation and exploration
within the search process, is to design efficient heterogeneous agent behaviours to avoid the stagnation
of particles and improve overall performance by avoiding premature convergence [11,14,26].

In light of this, here we propose two novel PSO algorithms that take their inspiration from
forms of animal group behaviour that, as far as we know, have not previously been used in search
algorithms: altruism and eavesdropping. These analogies are used to develop algorithms that possess
heterogeneous behavioural dynamics at both agent and swarm level. Through this heterogeneity more
efficient exploration and exploitation search dynamics are enabled, while maintaining diversity and
avoiding premature convergence. Such effective exploration and exploitation performance is especially
important for efficient search of high-dimensional and complex problem spaces, which feeds into our
overall motivation: the development of powerful new general-purpose optimisers for unconstrained
and constrained single objective real-valued problems.

The performance of the new algorithms, biased eavesdropping PSO (BEPSO) and altruistic
heterogeneous PSO (AHPSO), was verified over multiple dimensions of the widely used CEC’13,
CEC’'14 and CEC’17 benchmark test suites, along with various constrained real-world problems,
compared against 13 well known state-of-the-art PSO variants and the 2014 CEC competition
winner, L-SHADE (a powerful differential evolution algorithm). The overall results of this thorough
comparative investigation show that both BEPSO and AHPSO are superior to most of the comparator
algorithms and highly competitive against all others on high-dimensional complex problems (none of
the other algorithms were statistically superior to the new algorithms on such problems). In addition
they are shown to be very strong candidates for real-world applications. Both algorithms provide
robust high quality performance across a wide range of test problems and suites with a single set of
parameter values; they did not need tuning for each new type of problem.

2. Background

2.1. Particle Swarm Optimisation

In the canonical PSO [6], particles represent a solution in a D-dimensional search space, and
each particle possesses three attributes: its position, memory of its best position so far, and a velocity;
denoted by the vectors x, pbest and v, respectively. Initially, each particle’s velocity and position are
randomly assigned, and subsequently, at each time step, the fitness function is employed to guide
particles towards a combination of pbest and gbest, the best position known to the swarm at time ¢. At
each time step, the velocity and position of each particle is updated using the following two equations:

(t+1) _

t
v, = (UVi( )

+ cqr1(pbest; — xgt)) + corp(gbest — xft)) (1)

xgtﬂ) = x" + v (2)

1 1
where w is an inertial weight parameter that reflects the impact of the previous velocity on the
new velocity and is an important factor in achieving a balance between global exploration and local
exploitation. In addition, ¢; and c; are the ‘cognitive” and ‘social” acceleration coefficients, where the
cognitive coefficient controls the local search (guided by pbest) whilst the social component controls
global exploration (guided by gbest) and represents a kind of cooperation between the particles. The
control of these two coefficients is important in performing efficient search as too high values of c;
would lead to excessive wandering of the particles and, similarly, a too high value of c; would lead
to premature convergence of the swarm. r; and r, are random D-dimensional vectors with each
component generated in the range [0, 1], powering the stochastic element of the search.
The novel search algorithms introduced in the next section build upon this basic framework.
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2.2. Eavesdropping Behaviour in Animals

Eavesdropping plays a significant role in animal communication, and the evolution of such
communication [27]. Briefly, eavesdropping occurs as a result of animals accessing communication
signals, transmitted by heterospecifics (of a different species or group), that were not intended for
them. In nature, it is more common for signal interceptors to be intraspecific (of the same species)
in order to perceive the call and extract the required information accurately. However, it is not
uncommon to observe interspecific animals (competitors of a different species) intercept signals and
use them as an advantage to increase their own fitness. Interspecific eavesdropping is particularly
interesting as different species may be proficient in distinct areas within the same habitat and capable
of recognising different threats through their distinct sensory capabilities. A concrete example of
interspecies eavesdropping is illustrated by the relationship between red squirrels and Eurasian jays
[28]. In this case truly astonishing evolutionary dynamics have resulted in communication between a
mammal and a bird, which have become positively biased towards one another and are able to warn
and guard each other within the same habitat.

The BEPSO algorithm, detailed in the next section, is inspired by the alert-signalling behaviour of
animals used to attract conspecifics (of the same species or group) to a discovered resource location for
potential exploitation, and the way in which surrounding heterospecific eavesdropper animals try to
exploit that information themselves to improve their own fitness.

2.3. Altruism

The AHPSO algorithm, detailed in the next section, is inspired by a certain kind of altruistic
animal group behaviour.

The role of altruism in evolutionary dynamics was first analysed in mathematical detail by W.D.
Hamilton in 1964 [29]. He showed how altruism could arise and be maintained within the Darwinian
framework, conferring overall benefit to the group if not to the individual. Traditionally, researchers
tended to assess the benefit of altruism to an organism by examining the average number of offspring,
with contributors exhibiting less reproductive success in comparison to beneficiaries. However, several
different types of altruistic behaviours have been discovered in various species. Some exemplary
altruistic behaviours are observed in social insect colonies such as ants, wasps, bees and termites.
In these colonies, the sterile workers are devoted to the queen by protecting the nest and foraging
food. By doing so, sterile workers have no reproduction fitness, but they contribute to the queen’s
reproductive efforts. An example of a more complex organism exhibiting altruistic behaviour is the
blood regurgitating vampire bat that feeds undernourished bats to avoid starvation in their group [30].
Velvet monkeys exhibit similar behaviour to their groups by giving alarm calls to warn of the presence
of predators, in doing so putting themself at risk [31]. The type, level, and results of altruistic behaviour
vary widely between organisms, as do the relationships evolved between helper and beneficiary actors.

3. Materials and Methods

In this section the two novel PSO search algorithms, BEPSO and AHPSO, are explained in detail.
For both the aim was to design heterogeneous particle behaviours that maintain diversity and provide
efficient search.

3.1. BEPSO: biased eavesdropping PSO

In BEPSO the particle’s bio-inspired behaviour model comprises three components: recognition,
communication, and bias. The recognition component refers to the particle’s ability to distinguish
between conspecific and heterospecific particles. The communication component refers to the implicit
signal-based communication particles perform when they discover a new and better position. The bias
component enables particles to build a form of perception towards each other that evolves through
social experiences. This perception is used to adopt different behaviours during the search process.
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Initially, particles are divided into two groups. Particles of the same group recognise each other
as conspecifics, and those from the other group as heterospecific. All particles are assigned an initial
random bias towards the rest of the particles in the swarm in such a fashion that any two conspecific
particles may be either negatively biased or unbiased towards each other, while any two heterospecifics
may be positively biased towards each other. Particles” search behaviour initiates by updating velocity
and position using the canonical PSO algorithm’s update equations (Equations (1)- (2)). After the
positional update, if particles discover a better position, in an attempt to guide conspecifics to a
potentially better location, the particle communicates with the surrounding conspecific particles by
transmitting a signal indicating the new location. The signaller particle intends the communication
signal recipients to be solely conspecifics, but surrounding heterospecific particles eavesdrop and
exploit the information in the signal (as detailed later). The signal recipients (from both conspecific
and heterospecific groups) either accept or reject the information provided by the signal considering
several factors, including their bias towards the signaller particle. Before transmitting the signal, the
particle determines the transmission point 7 for the intended communication signal. T is a position
that lies between the previous and the current position of the signaller particle and is calculated using

Equation (3).
o =x!"1 4 rand x (x} —xl-l ) 3)
i = “signaller signaller signaller
¢ (t=1) . . cps .
where x_; enaller and x gnaller AT€ the current (newly discovered) and previous position of the signaller

particle, and rand is a uniformly distributed random number in the range (0, 1). The communication
signal has a radius defined by the SR parameter with minimum and maximum bounds. SRy =
0.01* (UB — LB) *d and SR,,;;, = 0.001 * (UB — LB) * d where UB, LB are upper and lower bounds of
the given problem and d is the dimension of the problem. The radius of the communication signal is
determined individually for each signal based on the particle’s fitness compared to the average fitness
in the swarm. This simulates the signal’s loudness; hence, the range of the signal extends or shrinks
based on the quality of the discovered position. This behaviour mimics the confidence of the particle in
the quality of the discovered location to attract more conspecifics. Hence, a confident signaller particle
transmits a signal with a wider influence range, while particles with less confidence in the quality of
the discovered position use lower SR with the intention of transmitting a signal to fewer conspecifics,
hence minimising potential loss of fitness in the conspecific population. The SR parameter is calculated
using Equation (4).

rand(SR iy, M) P(x) <y
rand(M,Swa} else

SRUP(")/@/ SRminz SRmux) = { (4)

where 1(x) is the fitness of the signaller particle (to be maximised, in the case of function minimisation
this is inversely proportional to the function evaluation value f(x)), ¥ is the average fitness in the
swarm at time £, and rand(n1, n2) is a random number in the range (11, n2). This ensures fitter particles
shout louder (have higher SR). The communication signal is modelled using k signal layers to mimic
environmental noise and distortion of the signal as it travels out towards the boundary of the signal
range. Hence, recipient particles located in different locations relative to the signal “hear” differently
distorted variants of the original signal (newly located position). Figure 1 shows a visual depiction
of the communication signal with intended conspecific recipients and eavesdroppers. We mutate the
signal vector k times (for k signal layers), with a non-uniform Gaussian mutation operator, starting
with a small mutation (p = 0.1), and as k increases, increasing the mutation probability to trigger
larger mutations. This ensured that the further away a particle is, the more distorted the signal it
receives. Any particle whose Euclidian distance from the transmission point 7 is less than SR is a
recipient of the signal (see the algorithm pseudocode).

Particles (both conspecific and eavesdroppers) can accept or ignore the information provided by
the communication signal depending on their bias and the signaller particle’s confidence in the newly
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discovered position (detailed later). The recipient particles closest to the transmission point receive
the least distorted signal, and those furthest the most distorted. This set of stochastic mechanisms —
distorting the signal as it travels across the search space and placing the transmission point between
the current and last location — prevents multiple particles clustering in exactly the same location, while
encouraging movement towards confidently signalled better regions, helping to avoid stagnation
within recipient particles.

'i" Transmission pointfor communication signal.
# Conspecific particles (Intended recipients).

# Heterospecific particles (Eavesdroppers).

SR Radius of the communication signal.

L, ; kth layer of the communication signal.

« Signaller particle’s current and next position.

Figure 1. Visual representation of the communication signal sent by the signaller particle

Among animals, survival and cooperation strongly depends on bias towards others, either through
genetic influence, e.g. cooperating with a conspecific for the first time regardless of any lack of previous
experience, or through social learning where positive association play a role. In our algorithmic model,
particles are either positively biased, negatively biased or neutral (unbiased) towards each other, and
use their bias to decide whether to accept or reject the information the signal provides as a guide.
Negative bias can be thought of as the particle’s defence mechanism built over time to avert potential
negative social guidance and thus minimise loss of fitness due to misleading communication signals.
Positive bias, on the other hand, enables particles to form an implicit cooperative relationship and
accept guidance through signal calls from established "social partners" formed over time in an attempt
to improve fitness. Both mechanisms complement each other and allow particles to form decentralised
communication that evolves based on particles’ individual social experiences. Particles’ biases form
over time as a result of the accumulation of consecutive positive or negative experiences attained
from the use of signal information. The experience is positive when the signal improves the fitness
of the recipient particles, and negative when it reduces it. The accumulator decision model from
the free-response paradigm [32] is employed to enable particles to accumulate evidence through
signaller-recipient relationships. When either of the two accumulated experience variables (« (positive)
and B (negative), Equation (5)- (6)), reaches a threshold, a decision response is triggered, to accept
or reject a signal. The following update equations are used to build the bias “evidence” between a
recipient and a signaller particle (assuming minimisation of the fitness function, f(x)):

C [t A fg) < fa)!

“ { Wt ) > fl)! ©
c_ B fla)t < )

Pi = { BT A () > ) ©

where oc;i is the positive and ,B}fl is the negative bias response variable at time # that the j particle
(recipient) has collected for the i’ particle (signaller), and A is the accumulating factor that contributes

towards the bias response variables:

A= (f(x) = f(x)"1)? x 0.01 )
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If the experience is positive, a increases, if it is negative B decreases.

Figure 2 shows the visual depiction of Equations (5)-(6) unfolding over time. Each time evidence
is collected, Equation (8) is used to determine if either of the response variables, « and B, has reached
the specified bias threshold values (the a threshold is positive, the  threshold is negative).

y 1, “ii 21
Bias; = § -1, Bj; < —1 8)
0, else

where Biasﬁ is the jth particle’s bias towards the ith particle, the threshold, 7, is an integer in the range
[10, 100]. The value of 1 controls the pace at which particles become biased; hence the value of 7 can
have a direct impact on the behaviour of particles. Particles tend to be rapidly biased when 7 is set in
the lower range. On the contrary, particles can remain unbiased towards most other particles in the
swarm for extended periods when 7 is in the higher range.

—_
T

[+ bias response
I - bias response

o
T

Decision Value

"I - bias threshold

0 10 20 30 40 50
Decision Time

Figure 2. The accumulator decision model showing the i particle’s bias towards the j* particle at
time ¢

At the beginning of the search process, all particles are given random biases; positive (1), negative
(—1) or neutral (0), to allow heterogeneity from the start of the search process. Since there would be
no transmission of signals at t = 1, all particles initially update their velocity and position using the
standard PSO update equations Equations (1)-(2)). After the positional update, if the particle discovers
a better position, it must transmit a communication signal to attract conspecifics to a potentially better
location using the procedures described above.

To try and avoid costly ‘mistakes’” due to misleading information, receiving particles, both
conspecifics and surrounding eavesdropping heterospecifics, decide to exploit or ignore the signal
information by a simple risk versus reward assessment. The following rules define the criteria both
conspecifics and eavesdroppers use to exploit or ignore the signal information:

1. Conspecific recipient particles decide to exploit signal information only if the recipient particle is
positively biased or unbiased towards the signaller, and the signaller particle’s confidence in the
newly discovered position is high.

2. Eavesdropper particles decide to exploit signal information if the eavesdropper is positively or
negatively biased towards the signaller, but the signaller’s confidence in the newly discovered
position is high.

The signaller particle’s confidence is high if SR >= ((SR;i + SRyax))/2 and is low if SR < ((SRy, +
SRmax ) ) / 2) .

In nature, animals adopt various strategies to deter eavesdroppers or makes their signals
less desirable or noticeable to heterospecifics. In this study, the signaller particle aims to evade
eavesdroppers by adopting a probabilistic strategy whereby it occasionally deliberately uses a smaller
SR values to attract fewer particles (see algorithm psuedocode for details). This behaviour enables
signallers to appear less confident in the quality of the discovered position to make the signal less


https://doi.org/10.20944/preprints202407.0340.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 July 2024 doi:10.20944/preprints202407.0340.v1

7 of 35

conspicuous for eavesdroppers. This evasion strategy mostly affects eavesdroppers, even whilst
negatively biased towards the signaller particle, because they place weight on the signaller’s confidence.
However, it comes at a cost to conspecifics of the signaller as it narrows the range, meaning fewer
receive the signal.

Both conspecific and eavesdropper recipients that adopt the signal-based guidance use the
following equation to update their velocity:

vf“ = wvf + cﬁrl(pbesti - xf) + cérz(Lk - xf) 9)

where L, is the signal vector for the k" layer of the signal (the appropriate layer relative to distance
between signaller and recipient), and the other symbols are as used previously in Equation (1).

The non-signal based behaviour uses two repellent and a collaboration exemplar. The two
repellent exemplars x, and x{,  are the furthest located particle to the signaller and a (randomly
selected) non-recipient particle that is outside of the signal range. The two repellent exemplars
are selected from the recipient’s conspecific group. The collaboration exemplar x! ;, requires
randomly selecting four recipients from the other group (eavesdroppers). It is calculated as shown in

Equation (10).
; . 2 yrnd
Xeoll = R = 2 12 ’
i=1

(10)

x4 = x84 rand x (x5 — x57),

x5 = x5 4 rand x (x§ — x57)
where x$9 — x¢/ are the four randomly selected eavesdropper particles within the signal range. 7" is a

vector that lies between the positions of the first and second selected recipient particles and similarly
x4 lies between the third and fourth selected recipients, as illustrated in Figure 3. xl ,, is the average
of the two vectors.
Particles that adopt the non-signal based guidance update their velocities using the following
equation:
vith = wv! + cir (pbest; — x!) + chro (S — xt) (11)

where S is an exemplar randomly selected as either xj,u Loxboporxl

Imitation is one of the most common social learning behaviours animals adopt. In our algorithmic
model, the unbiased recipients imitate the dominating behaviour of their conspecifics. Hence, if p
particles of the conspecifics or eavesdroppers adopt the signal-based guidance while g of them adopt
the non-signal based guidance, and p > g, then the unbiased conspecific/eavesdroppers imitate the
behaviour dominantly adopted by their conspecifics. When p = g, or unbiased particles dominate one
or both groups, signal-based or non-signal based behaviour is randomly adopted by the unbiased
recipient particles.

=
T Transmission pointfor communication signal.
* Conspecific particles {Intended recipients).

# Heterospecific particles (Eavesdroppers).
Randomly selected four eavesdroppers for

the collaborationexemplar.

Vectors 779" and ¥[°"4

Figure 3. Visual depiction of the particles selected for the collaboration exemplar
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The heterogeneity in the swarm is formed by the mix of signal-based and non-signal based
behaviour adopted by recipient particles. The particles’ biases formed over time maintains the balance
of particles adopting these behaviours. The entitlement of particles as recipients depends on several
factors, including the previous and the discovered position by the signaller, the SR value, and the
calculated transmission point. Hence, a small fluctuation to one of these factors significantly alters
the list of potential recipients of both conspecific and eavesdroppers at time t. Consequently, which
set of particles become recipients is unpredictable for each transmitted signal. This unpredictable yet
self-organising behaviour is a further support for population diversity, minimising the risk of particles
being stuck at local optima.

In order to fully exploit existing potential solutions, the BEPSO model also incorporates the
periodic use of multi-swarms, introduced in the study [26]. Every so often the swarm is split into
multiple swarms which support another phase of search, after which they join back together, the
standard BEOPSO mechanisms resume, and the cycle repeats.

The initiation of the multi-swarm mechanism requires the division of the swarm into N
subswarms. Instead of randomly splitting the swarm into N equal subswarms, in our method, N = 3
subswarms are formed based on particles” dominating biases to enable each subswarm to possess
an asymmetrical and self-regulating population. Hence, a particle is a member of subswarm; if it is
predominantly positively biased towards most particles in the swarm. Similarly, if a particle is mostly
negatively biased or unbiased, then the particle belongs to the corresponding groups subswarm, and
subswarmgz. Each member of a subswarm uses the following equation to update their velocity:

vf“ = wv! + ciry (pbest; — x!) + chry (Ibest; — xt) (12)

where Ibest; is the position of the fittest particle in the k' subswarm.

In summary, particles’ bias built over time ensures behavioural heterogeneity by forcing particles
to dynamically adopt signal-based and non-signal based guidance. This primary search strategy is
supported by periodically activated subswarm searches to efficiently exploit the existing solutions. The
asymmetrical populations in the subswarms exploit different local solutions with varying densities of
particles at different search phases, resulting in an efficient search behaviour with a good balance of
exploration and exploitation. The overall BEPSO algorithm is shown in Figure 4.
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Algorithm : BEPSO
Input: n - swarm size, T,,,, - maximum number of iterations.
Output:  gbest
| c1=2.5 — (I:Tax *2/Tiax); €2=0.5 — (1:Tpax *2/Tina)s Winax = 0.99; Wypin, =

0.2; C=0.15;
t Winax t (Wmin - Wmax)
2 M7 2t
1+exp ( 5 (Tmax 1))
3 for t=1:T .
4 for i=1:n
5 if f(x) > f(X ) then
6 w=w}+C; if w>0.99, w=0.99, end
7 else
8 w=w{+C; if w>0.20, w=0.20, end
9 end
10 if phaseg,pswarm == true then
11 Update v; and x; using Eq. 12 and Eq. 2
12 else
13 if status; == 0 then
14 Update v; and Xx; using Eq. 1 and Eq. 2 (at start, no signal info)
15 else
Update v; and x; using Eq. 1 and 2 (but use guidance [below]
16 .
instead of the gbest exemplar)
17 Evaluate the fitness of x;
19 Update ith particle’s bias using Eqs. 5-8
20 end
21 if f(x!™) < f(x;) then
22 Calculate 7 using Eq. 3
23 if randi([0 1]) == 0 then %50/50 chance of changing SR to
disguise
24 SR = U SRy, “mintSmac)
25 else
26 Calculate SR using Eq. 4
27 end
28 forj=1:ndo
29 if norm(r - x}-) < SR then
30 if j"particle is a conspecific then
31 if j*"particle qualifies for signal —
based guidance then
32 Calculate guidance; using Eq. 9 and 2
33 else
34 Calculate guidance; using Eq. 11 and 2
35 end
36 status; =1
37 elseif j"particle is a heterospecific then
38 if j*"particle qualifies for signal —
based guidance then
39 Calculate guidance; using Eq. 9 and 2
40 else
41 Calculate guidance; using Eq. 11 and 2
42 end
43 status; =1
44 end
45 end
46 end
47 end
48 end
49 end
50 end

Figure 4. The BEPSO algorithm
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3.1.1. BEPSO Parameters

The BEPSO algorithm involves a number of parameters, but our intention was to develop a
technique that does not need tuning for each new problem it is applied to. Hence after extensive
preliminary parameter investigations [33] involving a wide range of problems and problem types
and sizes, the following set of parameters were found to be robust and effective and was adopted
for all subsequent experiments reported in this paper. Note that, in common with many current PSO
algorithms, the momentum term, w is adaptive and time-varying, as detailed in Figure 4.

population size = 40; length of the two phases of the search (signalling and multi-swarm), both =
10 iterations; SRyuax = 0.01; SRy,i, = 0.001; bias threshold = 20, other parameters see Figure 4.

3.2. AHPSO: Altruistic Heterogeneous PSO

In this section we describe our second novel PSO algorithm inspired by a certain kind of altruistic
animal behaviour, a direction that has not been explored before.

The AHPSO algorithm incorporates conditional altruistic behaviour and a heterogeneous particle
model that delays the loss of population diversity and prevents premature convergence, resulting in
a highly effective search algorithm. In our approach, particles are conceptualised as energy-driven
entities with two possible states, active and inactive. Particles have a current energy level and an
activation threshold and are inclined to be active by maintaining their current energy level above
the threshold. The distinction in a particle’s state is used to create a heterogeneous population, and
particles’ tendency to become active is aided by lending-borrowing relationships among them. Hence
conditional altruistic behaviour is exhibited by particles which lend energy to inactive particles to
allow them to change their state. In doing so, helper/lender particles risk downgrading their own state
from active to inactive. To minimise the risk of reducing their own fitness, a group of lenders assess
the situation of the beneficiary /borrower particle, based on the level of altruistic behaviour it has
exhibited, before making a decision on whether or not to lend. In our behavioural model, heterogeneity
is attained through altruism and better population diversity through heterogeneity. Hence, these two
concepts depend on, feed and maintain each other.

In AHPSO two behaviour models are used. The first is the altruistic particle model, which
constitutes the particle’s primary behavioural model. The second, the paired particle model, extends
the former to boost population diversity further. They are applied one after the other on each overall
cycle of the AHPSO algorithm.

3.3. Altruistic Particle Model (APM)

The activation status of particles is dependent on current energy level, E.yent, and activation
threshold, E, tiyation- Initially both values are randomly assigned. The concept of activation is employed
to determine the type of movement strategy for particles at the individual level and as a result, controls
the behavioural heterogeneity in the swarm.

Particles have an inherent tendency to be active; hence particles in the inactive state are expected
to borrow energy from other particles when their Ecyrrent < Egctivation- The main factor influencing
and maintaining the swarm heterogeneity is the particles’ altruistic behaviour. A particle that behaves
altruistically by making significant energy contributions to other swarm members is highly unlikely to
be rejected when in need of energy itself, and on the contrary, particles that exhibit lower altruistic
behaviour are inclined to be rejected.

Persistent borrowing behaviour in a particle over prolonged periods results in a highly unstable
lending-borrowing ratio and reduces the altruism value, A;, of the particle (as the particle consumes a
lot more resources than it contributes to the swarm). A; is calculated according to Equation (13).

A=t (13)
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where L! and B! are the number of times the ith particles lent and borrowed energy, respectively, up
to time . When a particle is unable to activate, it attempts to borrow energy from randomly selected
potential lenders, and in order to lend energy, potential lender particles expect energy requesting
particle to meet an altruism criterion defined by ¢ (Equation (14)).

p=PxP (14)

This criterion is based on the independent probability of two events P; and P». For P, the altruism
value of the borrower particle A; is used, and P, is calculated as

)

P, = N (15)
where J is the number of particles in the swarm with active status at time ¢, and N is the population
size.

P, gives a rough measure of the probability that a lender particle will return the lent energy from
the swarm. In addition to enforcing altruistic behaviour, the criterion ¢ provides a form of altruistic
assessment of the lender particles’ probability of returning lent energy.

The potential lender particles use the 7y value described by Equation (16) as the final decision to
either lend energy or reject the request of the borrower particle.

) false, ifp <P
1(¢,B) = {tme’ it > p (16)

where f is the average altruism value in the swarm.

If the decision v is in favour of the energy requesting particle (i.e. true), an equal amount of
energy is borrowed from each lender to compensate the required energy of the borrower particle. This
is calculated as

Eactivution — Ecurrent (17)
o

Erequired =
where Ejopyireq is the amount of required energy from each lender and a is the number of selected
lenders. The movement strategy adopted by particles in the altruistic behaviour model is based on the
altruistic traits of particles. Particles that are active use the canonical PSO update equation shown in
Egs. (1)- (2), whereas inactive particles who do not meet the criterion ¢, and therefore cannot borrow,
use Equation (18) to update their velocity (and position via Equation (2)).

o1 = woll ¢ c1r1(pbest; — xt) + cory (pbest!, x}) (18)

i i minA —
where pbestfﬁn 4 is the personal best position of the least altruistic particle at time t. In the AHPSO
framework, particles who do not meet the criterion ¢ are less altruistic at time ¢ hence behave together
with similarly less altruist particles. Considering the evolving dynamics of the altruistic model, the
least and most altruistic particles fluctuate. Hence guidance towards the least altruistic particle partially
enables cooperation through altruism and supports heterogeneity. Energy sharing takes place between
the lender particles and the borrower who meets the criterion ¢. As lenders are randomly selected
without any criteria, there is a distinct possibility of some lenders not having excess energy to lend.
Therefore, after borrowing energy, the borrower particle may still lack sufficient energy to activate. In
this case, an exemplar for the particle is generated by the mean position of half of the lender particles
and their velocity is updated according to Equation (19).

o1 = woll + c1r1(pbest; — xb) + co12 (Xmean — x1) (19)

i i

where X0 is the mean position of the randomly selected [%] lender particles.
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As commonly seen in certain PSO variants, in our behavioural model, particles do not explicitly
exchange positional information, hence, by using the mean position of a proportion of lender particles,
we aim to form an implicit communication between lender-borrower particles.

If, however, the borrower particle succeeds in borrowing sufficient energy to activate, the particle’s
velocity is calculated using Equation (20).

(

v i

= wo

"+ air(pbest; — x{) + cara(pbesty, 4 — x{) (20)

(£)

maxA
is guided towards the most altruist particle to form partial cooperation and maintain heterogeneity.

An additional stochastic element is introduced by randomly reinitiating Ecyrrent and Egctipation for the
entire swarm at specific intervals. The idea behind this is to fluctuate the altruism value of particles

where pbest is the personal best position of the most altruistic particle at time ¢. The i particle

and allow less altruistic particles at time f to cooperate, contribute and evolve as an altruistic particle.
In contrast, an altruistic particle could “devolve” and exhibit selfish behaviour. As a result, this model
allows altruistic and selfish particles to adopt distinct movement strategies that change and adapt
depending on the level of a particle’s
population.

evolution”, leading to an adaptive and heterogeneous particle

3.4. Paired Particle Model (PPM)

The paired particle model is an extension of the altruistic behaviour model described in the
previous section. The purpose of the PPM is to further boost the heterogeneity properties of the
algorithm, leading to increased population diversity. The PPM is run after the APM on each overall
iteration of AHPSO. A relatively small proportion of the population is used for the paired particle
model (see section 3.5.1 for values) . This model employs two movement strategies for the selected
particles, namely, a coupling-based strategy and an opposition-based strategy; each pair randomly
selects which to use (see Figure 5). The paired particle model enables particles to randomly form and
maintain pair-style bonds similar to the mechanism employed in study [34]. An altruistic particle may
abandon its pair if the pair is less altruistic than the swarm’s average.
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Algorithm : AHPSO
Input: n:swarm size, T,,, : maximum number of iterations.
Output: gbest
L9725 = (U *2T); - =05 = (T *2/Ti); - Winax = 0.99; Wiy, =

0.2; C=0.15;
wt = Winax T (Wmin - Wmax)
2 2t
1+exp (—5 (Tmax — 1)

3 for t=1:T

4 B = average A value in swarm at t

5 6§ = number of active particles at t

6 for i=1:n

7 if f(x;) > f(X ) then

8 w=w{+C; if w>0.99, w=0.99, end

9 else
10 w=w{+C; if w>0.20, w=0.20, end
11 end
12 if Ecyrrent 2 Eactivation then % APM phase
13 Update v; and x; using Eq. 1 and 2
14 else
15 Calculate P;, P, and ¢ using Eqs. 14 and 15
16 if ¢ < then
17 Update v; and x; using Eq. 18 and 2
18 else
19 Randomly select a potential lenders
20 Calculate Eyeqyireq using Eq. 17
21 Deduct Erpqyireq from Egyprene of each lender
22 Update E,,rene of the borrower
23 Increment L by one for all lenders
24 Increment B by one for the borrower
25 if Ecurrent = Eactivution then
26 Update v; and x; using Eq. 20 and 2
27 else
28 Update v; and x; using Eq. 19 and 2
29 end
30 end
31 if i*" particle is paired then  %PPM phase
32 if randi([0 1]) == 0 then % randomly (50/50) choose strategy
33 if pair is tightly coupled then %coupling-based
34 Update v; and x; using Eq. 21 and 2
35 else if pair loosely coupled then
36 Update v; and x; using Eq. 22 and 2
37 end
38 else
39 if A; > Acouple then  %opposition-based
40 Update v; and x; using Eq. 23 and 2
41 else
42 Update v; and x; using Eq. 24 and 2
43 end
44 end
45 end
46 Evaluate the fitness of x;
47 Update pbest; and gbest
48 end
49  Reinitialise Exren: and EZ2orion
50 end

Figure 5. The AHPSO algorithm
3.4.1. Coupling-based Strategy

The coupling-based strategy distinguishes pairs as tightly or loosely coupled or neutral, which
determines the type of movement strategy. The following rules govern the type of coupling relationship
paired particles adopt:

1. A pair is tightly coupled, if both particles are active at time ¢.
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2. A pair is loosely coupled, if both particles are inactive at time f.
3. A pair is neutral, if one particle is active and the other is inactive at time ¢.

Tightly coupled paired particles tend to have more influence on each other than loosely
coupled pairs.Tightly and loosely coupled particles update their velocities using Equation (21) and
Equation (22), respectively.

ot = wol' + c171((%pair X Edurrent) — %1) + cara((pbesty,yi, X Etypyent) — X1) (21)

where x; qir and pbest; qir are the i'" particle’s pair’s position, and personal best position.
ol = wol + c1r1 ((pbestlyy X Ebuprent) = %1) + c212(¥hgiy X Ebprent) — 1) (22)
El . ent i3 used as a damping factor to prevent the possibility of particles rapidly oscillating, instead

performing small movements in this secondary phase of the search. In essence, the coupling-based
strategy empowers particles within the paired behaviour model to influence each other regardless of
any distance constraints between pairs. Thereby, clustered particles take small steps towards their pair,
depending on the type of coupling relationship formed, causing perturbations in the current position
without explicit impact on pbest. However, these fluctuations in particle position subsequently
influences the next position of the particle, helping to escape local optima.

3.4.2. Opposition-Based Strategy

The opposition-based movement strategy guides paired particles towards exemplars with
opposite features. By guiding both particles of a pair in potentially distinct directions, the strategy
aims to maintain diversity within such pairs, and hence within a proportion of the population. In
a way, this movement strategy partly compensates for the previous coupling-based strategy where
pairs influence each other. The opposition-based strategy aims to slow down the learning between
pairs, without destroying it, and delays loss of diversity between them by guiding both in the direction
of distinct exemplars. The altruism value of the paired particles is used as the determining factor
to distinguish the type of movement a particle performs. Exemplar selection for members of paired
particles works as follows. If the i particle is more altruistic than its coupled pair, its velocity is
updated using Equation (23).

oIt = wol + cr (pbest; — xb) + carp (x0T — ) (23)
where xia;; 4 is randomly selected as either pbest or the position of the most altruistic individual of

the most altruistic pair at time ¢.
But if the i particle is less altruist than its pair, its velocity is updated using Equation (24).

vf“ = wo! + c1r1(pbest; — xb) + Czrz(x:fil’:A —ah) (24)
where x” air is randomly selected as either pbest or the position of the least altruistic individual of the
minA y P p

least altruistic pair at time ¢.

Since both movement strategies in the paired particle model always result in particles moving,
they acts as a stabilising mechanism that enables particles to partially escape from local optima and
continue the search process. In both coupling-based and opposition-based learning, the fitness of the
exemplar particles is deliberately not considered, this helps to minimise particles clustering around
local optima, aiming to maintain diversity and hence guard against premature convergence.
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3.5. The Search Process of AHPSO

The overall AHPSO algorithm is shown in Figure 5, note that an adaptive, time varying,
momentum term, w, is employed. The two phases of AHPSO, executed consecutively on each
cycle, namely the altruistic and paired particle models, complement each other. The search process is
initiated with the APM during which particles attempt to change their state from inactive to active.
Behaviourally, active particles tend to be more focused on exploitation. On the contrary, inactive
particles, attempting to borrow energy, are more focused on exploration and are mainly influenced by
the most and least altruistic particles at time t. The level of altruistic behaviour exhibited by particles
varies a great deal and particles evolve frequently from more to less or less to more altruistic. Hence
the different types of particles (active, successful borrowers, unsuccessful borrowers) are guided by
highly diverse and fast evolving exemplars enabling efficient search behaviour while maintaining
population diversity.

Next, the second, PPM, behaviour model takes over. Unlike the main APM, this is used for
only a selected proportion of the population. The main purpose of the PPM is to further increase
heterogeneity and prevent stagnation of particles for the selected proportion of the population. Because
energy and altruism levels play a part in the movement strategies, changes in E;;ent and A; values
shape particles” behavioural patterns and result in stochastic switching between different types of
movements, leading to diverse behaviour and evolution of strategy. The results, as with BEPSO, is a
highly effective balance between exploration and exploitation.

3.5.1. AHPSO parameters

The AHPSO algorithm involves a number of parameters, but, like with BEPSO, our intention
was to develop a technique that works very well across a wide range of problems and problem sizes
with a single general set of parameters. Hence after extensive preliminary parameter investigations
[33], the following robust set of parameters were found to be highly effective and was adopted for all
subsequent experiments reported in this paper.

population size = 60; a is randomly set in the range [10, 18] each time it is used; the period after
which the lender and borrow profiles of the swarm are reset, to avoid stagnation, LBy = 10; the
period after which energy and energy activation values are reinitialised, ER = 5; paired population size
= 6; see Figure 5 for other details. The preliminary investigations also established that employing the
secondary PPM phase of the search had a significantly positive impact.

3.6. Comparative experiments

The performance of the new algorithms, BEPSO and AHPSO, was verified over multiple
dimensions (30,50 and 100) of the widely used CEC’13 [35], CEC’14 [36] and CEC’17 [37] benchmark
test suites, along with various constrained real-world problems. A thorough comparison was made
against 13 well known state-of-the-art PSO variants and the 2014 CEC competition winner, L-SHADE (a
powerful differential evolution algorithm). Each of the comparator algorithms used the best published
general parameter set.

The CEC test suites are comprised of unconstrained single objective benchmark problems of
various classes including unimodal, multimodal, hybrid and composition functions. The CEC’'13
suite comprises a total of 28 functions: 5 unimodal, 15 multimodal, and 8 composition functions.
The CEC’14 suite comprises 30 functions: 3 unimodal, 13 multimodal, 6 hybrid and 8 composition
functions. The CEC’17 suite comprises 29 functions: 1 unimodal, 7 multimodal, 10 hybrid and 11
composition. Overall, a total of 87 unconstrained benchmark functions were used to evaluate the
performance of the algorithms, each at three different problem dimensions. These test suites are widely
regarded as suitably challenging, enabling thorough evaluation of search algorithms. The evaluation
process of each test suite was carried out according to the evaluation criteria set out by the official CEC
competitions [37].
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The algorithms were also tested on 14 non-convex constrained real-world problems [38].

In order to produce statistically robust results, each algorithm was run 30 times on each test
problem for 10* x d function evaluations, where d is the problem dimension.

The full set of comparator algorithms and their key parameters, as used in this study, are shown

in Table 1.

Table 1. The comparator algorithms used in the detailed investigations of BEPSO and AHPSO, along
with their key parameter values.

Key

Algorithm

Parameters

L-Shade [39]

SHADE with linear population reduction

see [39]

BBPSO [40]

Bare bones PSO

see [40]

BreedingPSO [41]

A GA/PSO hybrid

w=0.8 - 0.6,C1,C2 =
1.49445 Viyax = 0.15 %
Range

HCLPSO [20]

Heterogeneous comprehensive learning PSO

w=0.99-0.29,c;
25 - 05 o
05 — 25K
3 — 1.5, Vinax
0.5 x Range

CLPSO [19]

Comprehensive learning PSO

w=0.9-0.2; C1,Cp =
1.49445, Viyax = 0.2 %
Range

FIPS [42]

Fully informed PSO

x=0729,Yc; =41

FDR-PSO [43]

Fitness distance ratio PSO

W=0.9—0.4,(31 = () =
1,c=2,Viyax = 02%
Range

UPSO [44]

Unified PSO

x = 0729,c1,c0 =
2.05NR=1

EPSO [45]

Ensemble PSO

see [45]

DMS-PSO [26]

Dynamic multi-swarm PSO

w = 0729,c4 =
o = 1.49445,m
ER = 15V =

0.5 * Range

HPSO-TVAC [46]

Hierarchical PSO, time-varying coefficients

il = 2.5 —-0.5, ) =
0.5—2.5, Vjyax = 0.5 %
Range

LPSO [47]

Linearly decreasing inertial weight PSO

w=09— 0.4;C1,C2 =
1.49445

maPSO [48]

macroscopic PSO

w = 09-04c =
1.49445

miPSO [48]

microscopic PSO

w = 09—-04,c
1.49445

4. Results

This section presents the results of detailed comparative investigations of the efficacy of BEPSO
and AHPSO using the methodology outlined in the previous section. All results are based on the mean
of 30 runs. Full results data, including all convergence graphs, can be found at https://doi.org/10.

25377 /sussex.26146594.
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4.1. BEPSO: Performance

Figures 6- 8 provide a visual summary of the performance of BEPSO relative to the comparator
algorithms over the first test suite (CEC’13) at dimension 30, 50 and 100. The height of the bars show
how many test functions from the suite the algorithm found the best solution to (averged over 30 runs).
That is the best solution found among all algorithms. Sometimes multiple algorithms will find the
same best solution for a test function, sometimes just one. To make the figures more compact, when an
algorithm does not find any best solutions it does not appear in the bar chart.
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(a) All test algorithms, CEC13 30D (b) PSO test algorithms, CEC13 30D
Figure 6. The total number of best performances achieved by each algorithm with respect to mean
error values on the CEC’13 problems at 30-dimensions. Algorithms that did not find any best results
on any test functions are not shown.
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(a) All test algorithms, CEC13 50D (b) PSO test algorithms, CEC13 50D
Figure 7. The total number of best performances achieved by each algorithm with respect to mean
error values on the CEC’13 problems at 50-dimensions.
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Figure 8. The total number of best performances achieved by each algorithm with respect to mean
error values on the CEC’13 problems at 100-dimensions.

Two things are clear from these illustrations of performance over the CEC’13 test suite: BEPSO is
highly competitive relative to all other comparator PSO algorithms, and the relative performance of
BEPSO increases as the dimension of the problem increases. Its performance is also highly competitive
relative to the powerful differential evolution algorithm L-SHADE.

Figure 9 summarises a detailed statistical analysis of the results underlying the figures above.
Pair-wise statistical difference tests between BEPSO and the comparison algorithms were carried out
using the non-parametric Wilcoxon signed-rank test with a significance level of 5%, with appropriate
adjustments for multiple comparisons [49]. The symbols (+) is used to denote the algorithms over which
BEPSO exhibited statistically significantly better performance, (=) indicates no statistically significant
difference in the mean performance, (-) marks the comparison algorithms whose performance is
statistically significantly better than BEPSO. The figure shows us that BEPSO’s performance on the
CEC'13 test suite is significantly better than 9 of the 14 comparator algorithms across all dimensions,
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with no significant difference for the other 5. This means that none of the comparator algorithms were
statistically significantly better than BEPSO at any of the dimension.

BEPSO versus
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Figure 9. Wilcoxon Signed Rank Test Results with a Significance Level of & = 0.05 for CEC’13 problems
at 3 different dimensions.

BEPSO performed particularly well on the multimodal and composition test functions of this
suite, generally regraded as the hardest problems.

Figures 10— 12 illustrate the same results and analysis for the CEC’14 test suite. Again we
see that BEPSO compares very well with the comparator algorithms across all dimensions, if not as
strongly as for CEC’13. L-SHADE is statistically significantly better on average than BEPSO on each
dimension, and EPSO is statistically significantly better at 30-dimensions and 100-dimensions. BEPSO
is statistically significantly better or equal to all other algorithms on all dimensions. Again, BEPSO
performed particularly well on the multi-modal and composition problems,and strongly on the hybrid
functions.
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Figure 10. The total number of best performances achieved by each algorithm with respect to mean
error values on the CEC’14 problems at 30-dimensions.
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Figure 11. The total number of best performances achieved by each algorithm with respect to mean
error values on the CEC’14 problems at 50 and 100 dimensions.
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Figure 12. Wilcoxon Signed Rank Test Results with a Significance Level of « = 0.05 for CEC'14
problems.

Figures 13— 15 illustrate the same results and analysis for the CEC’17 test suite. Here we
see strong performance from BEPSO across all dimensions, becoming particularly dominant as the
dimensions increases, finding more best solutions than any other algorithm at 100-dimensions. BEPSO
is statistically significantly better than the majority of other comparator algorithms at all dimensions.
L-Shade is statistically significantly better at 30-dimension, but none of the comparator algorithms
is statistically significantly better than BEPSO at the higher dimensions (50D, 100D). Again BEPSO
performed particularly well on the multi-modal and composition problems,and strongly on the hybrid
problems.
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(a) All test algorithms, CEC17 30D (b) PSO test algorithms, CEC17 30D
Figure 13. The total number of best performances achieved by each algorithm with respect to mean
error values on the CEC’17 problems at 30-dimensions.
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problems.
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4.2. BEPSO: Convergence

The analysis of the data presented in the previous subsection showed that the five consistently
best performing algorithms were (in alphabetical order): BEPSO, DMS-PSO, EPSO, HCLPSO and
L-SHADE. In Figures 16— 18 we compare the average convergence rates, towards the best solution, of
these algorithms across a range of representative 100D problems for each test suite. It is clear from
these figures that BEPSO’s convergence rates compare very favourably with the other top performing

algorithms. BEPSO'’s rates are consistently better than EPSO and HCLPSO, and very similar to
L-SHADE and DMS-PSO.
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Figure 16. Average convergence rate comparison of BEPSO with L-SHADE, EPSO, HCLPSO and
DMS-PSO on various 100-dimensional CEC’13 problems.
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Figure 17. Average convergence rate comparison of BEPSO with L-SHADE, EPSO, HCLPSO and
DMS-PSO on various 100-dimensional CEC’14 problems.
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Figure 18. Average convergence rate comparison of BEPSO with L-SHADE, EPSO, HCLPSO and
DMS-PSO on various 100-dimensional CEC’17 problems.

4.3. AHPSO: Performance

Figures 19— 28 summarize AHPSO’s performance on the same set of test suites against the same
collection of comparator algorithms. It can be readily seen that for the CEC’13 test suite AHPSO is
highly competitive relative to all other comparator PSO algorithms at all dimensions, with performance
also increasing as the dimension of the problem increases. Its performance is also highly competitive
relative to the powerful differential evolution algorithm L-SHADE at all dimension.
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Figure 19. The total number of best performances achieved by each algorithm with respect to mean
error values on the CEC’13 problems at 30-dimensions. Algorithms that did not find any best results
on any test functions are not shown.
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Figure 20. The total number of best performances achieved by each algorithm with respect to mean
error values on the CEC’13 problems at 50-dimensions.
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Figure 21. The total number of best performances achieved by each algorithm with respect to mean
error values on the CEC’13 problems at 100-dimensions.
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Figure 22. Wilcoxon Signed Rank Test Results with a Significance Level of « = 0.05 for CEC'13
problems at 3 different dimensions.
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Figure 23. The total number of best performances achieved by each algorithm with respect to mean
error values on the CEC’14 problems at 30-dimensions. Algorithms that did not find any best results
on any test functions are not shown.
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Figure 22 summarises a detailed statistical analysis of the results using the same methodology as
detailed earlier for BEPSO. The figure shows us that AHPSO’s performance on the CEC’13 test suite is
significantly better than 9 of the 14 comparator algorithms across all dimensions, with no significant
difference for the other 5. None of the comparator algorithms were statistically significantly better
than AHPSO at any of the dimension. AHPSO performed particularly well on the composition test
functions.
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Figure 25. Wilcoxon Signed Rank Test Results with a Significance Level of « = 0.05 for CEC'14
problems.

Figures 23-25 give the results for AHPSO on the CEC’14 test suite. Relative performance is strong,
but not as good as for CEC’13. But we see that the increase in performance with dimension is more
marked, with no comparator algorithm statistically better than AHPSO at 100D, and only L-SHADE
better at 50D, while, in addition to L-SHADE, two other PSO algorithms (HCLPSO and EPSO) are
better at 30D. AHPSO was superior to all other algorithms on the composition test functions.
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Figure 26. The total number of best performances achieved by each algorithm with respect to mean
error values on the CEC’17 problems at 30-dimensions. Algorithms that did not find any best results
on any test functions are not shown.
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Figure 27. The total number of best performances achieved by each algorithm with respect to mean
error values on the CEC’17 problems at 50 and 100 dimensions.
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Figure 28. Wilcoxon Signed Rank Test Results with a Significance Level of a = 0.05 for CEC’17
problems.

Figures 26-28 give the results for the CEC’17 test suite. Again AHPSO’s relative performance is
very strong, being statistically significantly better than 10 of the comparator algorithms at the higher
dimensions (50D and 100D), while no other algorithms are statistically better than AHPSO at these
dimensions. At 30D only L-SHADE is statistically significantly better. AHPSO performed particularly
well on multi-modal and composition test functions. At 100D AHPSO exhibited the best performance
on more functions (10 out of 29) than all other comparison algorithms (including L-SHADE).
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4.4. AHPSO: convergence

Like BEPSO, AHPSO was one of the consistently best performing algorithms across all the test
suites. Figures 29— 31 shows its convergence rates relative to the other top performing algorithms.
AHPSO’s converge rates are very similar to the best rates achieved on all the test suites. They are
consistently better than those achieved by EPSO and HCLPSO.
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Figure 29. Average convergence rate comparison of AHPSO with L-SHADE, EPSO, HCLPSO and
DMS-PSO on various 100-dimensional CEC’13 problems.
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Figure 30. Average convergence rate comparison of AHPSO with L-SHADE, EPSO, HCLPSO and
DMS-PSO on various 100-dimensional CEC’14 problems.
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Figure 31. Average convergence rate comparison of AHPSO with L-SHADE, EPSO, HCLPSO and
DMS-PSO on various 100-dimensional CEC’17 problems.

5. Constrained Optimisation Problems

Besides verifying the performance of the two novel algorithm on the CEC’13, CEC’14 and CEC’17
benchmark test suites, we examined the performance of BEPSO and AHPSO on 14 constrained
real-world problems [50] comprised of process synthesis and design, mechanical engineering and
power system problems, comparing against with the same 13 PSO variants and L-SHADE employed
in the previous experiments. The complete list of constrained real-world problems are displayed in
Table 2. Each problem was tested 30 times, and the maximum number of function evaluations for each
problem, Maxrgs , was determined using the following criteria:

1x10°, D<10
Maxrgs = 2x10°, 10< D <30 (25)
4x10°, 30< D <50

where D is the dimension of the problem. The standard penalty method was used to convert the
constrained evaluation functions to unconstrained evaluation functions (adding penalties proportional
to constraint violations). The same set of general algorithm parameters was used as for the
unconstrained test suites.
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Table 2. Details of the 14 constrained real-world problems. D is the number of decision variables, g
and & are the number of inequality and equality constraints, respectively and f(x*) is the best known
objective function value.

Problem D g h f(x*)
Process Synthesis and Design Problems
RCO1 Process flow sheeting problem 3 3 0 1.0765430833E+00
RC02 Process synthesis problem 7 9 0 29248305537E+00
Mechanical Engineering Problems
RCO03  Weight minimization of a speed reducer 7 11 0 2.9944244658E+03
RC04 Pressure vessel design 4 4 0 5.8853327736E+03
RC05 Three-bar truss design problem 2 3 0 2.6389584338E+02
RCO06 Step-cone pulley problem 5 8 3 1.6069868725E+01
RC07 10-bar truss design 10 3 0 5.2445076066E+02
RCO08 Rolling element bearing 10 9 0 1.4614135715E+04
RC09 Gas transmission compressor design 4 1 0 29648954173E+06
RC10 Gear train design 4 1 1 0.0000000000E+00
Power Electronic Problems
RC11 SOPWM for 7-level inverters 25 24 1 1.5164538375E-02
RC12 SOPWM for 8-level inverters 30 29 1 1.6787535766E-02
RC13 SOPWM for 11-level inverters 30 29 1 9.3118741800E-03
RC14 SOPWM for 13-level inverters 30 29 1 1.5096451396E-02

Figure 32 shows the number of best solutions found by the algorithms across all constrained
problems. By this measure AHPSO and L-Shade perform best. AHPSO performed particularly well
on the difficult power electronic problems (solving optimal pulse width modulation problems with
relatively large numbers of variables and constraints), finding the best known solution for 3 of the 4
problems in this class, with L-SHADE the only other algorithm able to find a (single) best solution in
this class. However, on a detailed statistical analysis across all runs on all problems of all algorithms,
the best mean rank (2.36) was achieved by BEPSO, the second best (2.5) by L-SHADE, and the third
best (2.57) by AHPSO.

R [«2)
T T

Number of Probs.
N

Figure 32. Total number of constrained real-world problems solved (lowest mean error value obtained)
by the proposed and comparator algorithms. * = no best solutions found.

Hence, on the constrained real-world problems the two new algorithms, BEPSO and AHPSO,
performed extremely strongly in comparison with all other comparator algorithms.
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6. Discussion

It is clear from the results presented in the previous sections that the two new novel bio-inspired
search algorithms, BEPSO and AHPSO, performed very well across a wide range of unconstrained and
constrained optimisation problems, using a single set of parameters for all. They both outperformed
most comparator PSO algorithms on most problems. This is more evidence that bio-inspiration —in this
case various kinds of animal group behaviours — continues to be a very fruitful source for algorithm
design.

The comparative experiments for the two algorithms discussed in the previous section were run
independently. Perhaps unsurprisingly, given the nature of these results, a third set of independent
runs across the CEC’13, CEC’14 and CEC’17 test suites revealed that there was no statistically significant
difference in performance of BEPSO and AHPSO at 30-dimensions, 50-dimensions and 100-dimensions
[33].

Both algorithms consistently performed particulary well on the higher dimensional, more complex
problems, including unconstrained multi-modal and composition problems, and problems involving
many constraints, matching or bettering the performance of all other comparator algorithms. But
while their performance on simpler, lower dimension problems was perfectly adequate, it did not
match that of the best of the comparator algorithm. This limitations seems to be associated with the
deliberately high agent-level heterogeneity that is inherent to the design of BEPSO and AHPSO. This
property significantly aids the algorithms in high-dimensional and complex search spaces, while being
less effective in low dimensional spaces.

The various mechanisms embedded in both algorithms were partly designed to maintain diversity
while enabling efficient search. Figure 33 shows that both BEPSO and AHPSO achieve maintenance of
diversity. The graphs use the diversity quantification method proposed in [51]:

Diversity(S(t)) = ! (26)

where 1 is the population size, D is the problem dimension and x is the average value of x, the dth
component of the solution vector.

The figure reveals that while EPSO consistently exhibited a more diverse population compared to
the other high performing algorithms on the 100-dimensional CEC"17 problems, BEPSO and AHPSO
maintained better population diversity compared to all the rest: L-SHADE, LPSO, DMS-PSO and
HCLPSO. The trend was repeated across the other test suites for the majority of functions.
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Figure 33. Diversity comparison for best performing algorithms for various representative
100-dimensional CEC’17 problems.

While the multiple components of the new algorithms, BEPSO and AHPSO, tend to complement
each other and in combination maintain diversity, balance exploration and exploitation and enable
efficient high-quality search, they do increase the overall complexity of the algorithm. But it is worth
noting that many recent variants of metaheuristics, such as [52,53], and several of the comparator
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algorithms used in the current study, have a much more complex structure than their canonical
versions. These variants are discernibly more efficient and are able to handle more diverse problems.
Hence the algorithms proposed in this paper are not unusual in comprising a more complex structure
and set of interaction mechanisms in comparison to canonical algorithms. However, their individual
elements are all simple. Indeed, the slightly more complex framework of the proposed algorithms
is inspired by the observation that biological degeneracy plays a vital role in boosting evolvability
in nature, and therefore can improve the efficiency of search processes [54]. Biological degeneracy —
whereby multiple interacting mechanisms enable multiple different ways of producing an outcome
— is an ubiquitous property of biological systems at all levels of organisation [55]. [56] reveals that
systems with simple redundancy have considerably lower evolvability than degenerate (e.g., highly
versatile) systems with selectable changes of behaviour which enable compensatory actions to occur
within the system (exactly what happens at the core of the new algorithms presented in this paper).

However, this increased algorithmic complexity does not necessarily equate to significantly
increased computational cost relative to other high performing algorithms. Figure 34 shows the time
complexity of BEPSO, AHPSO and the comparator algorithms at various problem dimensions.

The metric proposed in [35] was used to calculate computational complexity for each algorithm
using the following steps (originally designed for the CEC13 suite) for each dimension required:

Step 1 — Calculate the given code (according to the methodology in [35]) and record the
computation time as T.

Step 2 — Calculate the computation time just for Fi4 (CEC13 test suite) for 10* * 20 function
evaluations on dimension D, record as T;.

Step 3 - Calculate the complete computation time for Fj4 with 10% x 20 function evaluations on the
same dimension as T5.

Step 4 — Repeat step 3 5 times and attain 5 individual T, values, T, = mean(T3).

Finally, the time complexity T, is calculated as T, = T, — (T1/Tp).

(I 10 I 30-d [ 50-d [N 100-d

Value

0
BBPSO FIPS PSO -SHADE  CLPSO DMS-PSO  UPSO EPSO FDR AHPSO*  BEPSO*

Figure 34. Time complexity of BEPSO, AHPSO and comparator algorithms for four dimension sizes.

As expected, the basic cannonical PSO obtained the lowest T, values across all dimensions
(although or course it is the worst performing algorithm in terms of solution quality). However,
the complexity of the high performing algorithms AHPSO, L-SHADE and HCLPSO across all four
dimensions are very similar and not much higher than basic PSO. BEPSO’s complexity is a little higher
but still very competitve. In summary, BEPSO and AHPSO exhibit similar, and in some cases, better
complexities compared to their peers; however, it is worth highlighting that they exhibit a significantly
lower increase in complexity with problem dimensionality (especially AHPSO).

Although cannonical PSO is a very efficient algorithm for many small-scale optimisation problems,
as with many metaheuristics, it suffers from the curse of dimensionality. Although the performance of
the new PSO algorithms presented in this paper were much less impacted by problem dimensionality
compared with other algorithms used in the experiments, various other limitations were identified for
possible future improvements. It is clear that the heterogeneous nature of BEPSO and AHPSO provides
various strong advantages for the general process of optimisation. However, it is this very property,
which makes them so good at complex (multimodal, composition etc) higher dimensional problems,
that means that their performance on (simpler) unimodal problems, while perfectly adequate, is
consistently worse than some of their competitors, as their speed to solutions is slower. This could be
accepted as a clear example of the No Free Lunch Theorem for optimization [57], which tells us that
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no method can be uniformly excellent over all possible problems, or it could be a prompt to try and
improve the algorithms with suitable mechanisms to address this particular issue without destroying
their power on other problem types. In general unimodal problems do not require such a careful
balance between exploration and exploitation; typically, intensive exploitation is expected to dominate
the search process. This is a possible area of future research, either attempting to expand the general
efficacy of the methods, or, alternatively, to produce variants of the algorithms that are specialized to
specific problem classes.

Considering the efficacy of the new algorithms on high dimensional problems, further
investigation on very large-scale problem would be another interesting direction for future work.
AHPSQO'’s superior performance on constrained power electronic problems, and the fact that other
researchers have recently successfully used it find the optimal design parameters for hybrid active
power filters [58], suggest an expanded investigation of its applications to other problems in the power
electronics domain might be very fruitful.
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