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ABSTRACT Owing to the no free lunch theorem, no single optimisation algorithm can solve all optimisation
problems accurately, so new optimisation techniques are required. In this paper, a novel metaheuristic called
the deep sleep optimiser (DSO) is proposed. The deep sleep optimiser mimics the sleeping patterns of humans
to solve optimisation problems. The DSO is modelled on the rise and fall of homeostatic pressure during
the human sleep process. Human sleep is often modelled on the four sleep stages and the deep sleep stage
is employed in this work. The mathematical model of sleep homeostatic pressure is employed to simulate
and determine the deep sleep state. The performance of DSO is demonstrated by employing 23 traditional
functions (i.e., unimodal, multimodal, and fixed multi-modal functions), six composite functions, three
engineering design problems, two knapsack problems, and six widely known travelling salesman’s problems.
Additionally, the performance is evaluated in terms of accuracy, computational running time, the Wilcoxon
rank sum, and the Friedman test. Lastly, the DSO is compared with 11 other metaheuristics, including
GA, PSO, TLBO, and GWO. The DSO fares comparably well and, in most instances, it outperforms other
metaheuristics.

INDEX TERMS Optimisation, metaheuristics, deep sleep, REM, non-REM.

I. INTRODUCTION

Recently, metaheuristic optimisation techniques have gar-
nered high levels of interest in academia and industry thanks
to their ability to avoid local optima and finding near opti-
mal or optimal solutions in reasonable time; flexibility and
robustness; simplicity and ease of implementation; and math-
ematical derivation-free solutions (i.e., they do not require
gradient-based information) [1], [2], [3], [4]. Their ability
to avoid locally optima entrapment is due to the integration
of controlled randomisation techniques. Consequently, meta-
heuristic algorithms have been employed in several fields as
shown in Fig. 1, such as wireless communications [5], [6],
[7], [8], [9]. Metaheuristics are characteristically stochastic
and not deterministic. Stochastic optimisation techniques are
dependent on the randomness of the modelling operators.
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They escape the entrapment of local optima better than
conventional optimisation algorithms [10]. They usually gen-
erate different solutions on each simulation run. Whereas,
deterministic optimisation gives the same solutions for all
simulation runs.

Metaheuristics can be classified in several ways, such as
the population (i.e., solutions) size, the source of inspiration
of the metaheuristics, the solution or search strategy, and
the search experience [4], [11], [12], [13], [14]. According
to the solution size, metaheuristics can be broadly classified
into: (i) single-solution based (otherwise known as trajectory
based [10], [15]) metaheuristics and (ii) population-based
metaheuristics. As the name implies, a single-solution based
metaheuristic generates only one solution which is based
on the iterative application of a generation and replacement
stage. In the generation stage, a single solution develops a
set of candidate solutions bound by local transformations of
the single solution. To this end, the replacement stage begins.
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FIGURE 1. Some areas of application of metaheuristic algorithms.

In the replacement stage, a new single solution is selected
from the candidate set of solutions generated in the first
stage (i.e., generated stage). An iterative process takes place
between the two stages until the maximum iteration number
is reached or a stopping criterion is met. Popular examples of
single-solution based metaheuristics are Simulated Anneal-
ing (SA) [16], Iterative Local Search (ILS) [17], [18], Tabu
Search (TS) [10], [19], and Greedy Randomized Adaptive
Search Procedures (GRASP) [20].

Population-based metaheuristics are broadly inspired by
different aspects of nature [21], [22]. In population-based
metaheuristics, an initial set (i.e., population) of solutions
is generated. This set of solutions is then replaced with a
new set of solutions which is an improvement on the old
set of solutions. This process iteratively continues until a
stopping criterion is met or a predefined maximum iteration
is reached. The novel metaheuristic proposed in this work
is population-based. Examples of widely-known population-
based metaheuristics are the Genetic Algorithm (GA) [23],
[24], Particle Swarm Optimisation (PSO) [25], Differential
Evolution (DE) [26], Ant-Colony Optimisation (ACO) [27],
[28], Grey Wolf Optimisation (GWO) [1], Artificial Bee
Colony (ABC) [29], [30], Harris Hawk Optimisation (HHO)
[31], and the Whale Optimisation Algorithm (WOA) [2].

Additionally, metaheuristics are categorised based on their
source of inspiration: (i) evolutionary-based, (ii) swarm-
based, (iii) physics-based, and (iv) human-based techniques.
Evolution-based metaheuristics are inspired by biological
evolution. Natural evolution relies on changes in attributes
or characteristics of species over many generations that
influence the process of natural selection. These changes
in characteristics may be advantageous to the individual
over other individuals and can then be passed to future
generations (i.e., offspring). This strategy is exploited by
evolution-based metaheuristics in reaching global optima.
Popular evolutionary-based metaheuristics [15] are GA
[23], [24], DE [26], Genetic Programming (GP) [32],
Biogeography-based Optimiser (BBO) [33], Evolutionary
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Strategy (ES) [34], Evolutionary Programming (EP) [35],
[36], [37], Covariance Matrix Adaptation Evolution Strat-
egy (CMAES) [38], and the Quantum-Inspired Evolutionary
Algorithm [39].

Swarms such as termites, bees, spiders, ants, fish, and
birds have inspired many metaheuristics due to swarm emer-
gence, which is the collective (i.e., social) cooperation of
these swarms [40], [41] for finding their location and food
foraging. Examples of swarm-based metaheuristics are PSO,
ACO, ABC, Firefly Algorithm (FFA) [42], Bat Algorithm
(BA) [43], Grasshopper Optimisation Algorithm (GOA) [44],
GWO, Cuckoo Search (CS) [45], Dolphin Echolocation
(DEL) [46], [47], Salp Swarm Algorithm (SSA) [3], and Ant
Lion Optimiser (ALO) [48].

Physics-based metaheuristics are inspired by the physical
laws of the universe such as gravity, annealing, relativity,
explosions, Brownian motion of gases, and Boltzmann dis-
tribution of thermic equilibrium [49]. Widely-known exam-
ples of physics-based metaheuristics are SA, Sine Cosine
Algorithm [50], Big-Bang Big-Crunch (BBBC) [51], Gravi-
tational Search Algorithm (GSA) [52], Central Force Optimi-
sation (CFO) [53], the Solar System Algorithm (SoSA) [54],
and the Crystal Structure Algorithm (CSA) [55].

Human-based metaheuristics are based on animal/human-
social behaviour, otherwise referred to as ‘life-style based’
metaheuristics. Examples of human-inspired metaheuristics
are TS, Group Search Optimiser (GSO) [56], [57], Teaching
Learning Based Optimisation (TLBO) [58], [59], Social Net-
work Search (SNS) for Global Optimisation [60], Harmony
Search (HS) [61], and the Firework Algorithm (FA) [62].

Furthermore, metaheuristics can be categorised according
to memory usage [12], [13], [14] into (i) memory-usage
and (ii) memory-less methods. Classification is based on
whether the search experience of agents can influence future
search direction in the search landscape [4], [12], [13], [14].
Memory-usage inspired metaheuristics are TS, GA, ACO,
ABC, PSO, BA, GWO, and the Firefly Algorithm (FFA)
[63], [64]. Memory-less based metaheuristics employ only
the current state search information (i.e., a Markov-like pro-
cess). Examples of memory-less based metaheuristics are
LS, GRASP, and SA. Figure 2 illustrates the different ways
metaheuristics can be classified.

Additionally, metaheuristics can also be categorised based
on their solution or search strategies as [13] and [11]: (i) con-
structive, (ii) local search-based, and (iii) population-based.
The authors in [11] and [13] posit that metaheuristics can
belong to more than one group. Constructive metaheuris-
tics start the solution-finding process with an empty set of
solutions. A solution is found from their constituted ele-
ment (which may differ based on the problem, e.g., for the
travelling salesman’s problem the elements are the cities)
during each iteration, i.e., a move [65], [66]. In other words,
constructive metaheuristics do not solve the optimisation
problem at once but by dividing the optimisation problem
into sub-problems, and each is solved one at a time, i.e.,
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FIGURE 2. An illustration of the primary classification types of
metaheuristics algorithms in the literature and popular examples of the
categorisations.

incrementally. The solutions to the sub-problems are com-
bined to obtain the complete solution [67]. Constructive
metaheuristics found their roots in greedy algorithms, and
hence they often generate suboptimal solutions [11]. In recent
times there have been several approaches such as randomi-
sation [68], memorisation [69], look-ahead strategy [70] to
overcome this drawback. Examples of constructive meta-
heuristics are ACO, Intelligent Water Drops [71] (employed
in [72], and GRASP. Unlike constructive metaheuristics that
build solutions incrementally, thereby creating a set of partial
solutions [67], local search-based metaheuristics generate a
set of solutions (known as the neighbourhood of the solution)
for each iteration or move. Each group of iterations produces
solutions from the incumbent solutions [73] that become
closer to the optimal solution. Hence, local search-based
metaheuristics are known as a trajectory or neighborhood
search methods [11]. Examples of local search-based meta-
heuristics are ILS [17], [73], stochastic local search (SLS)
[74], Variable Neighborhood Search (VNS) [75], TS, and the
Guided Local Search (GLS) [76].

Several metaheuristics have been proposed in the last cou-
ple of years. This is primarily attributed to the No Free Lunch
(NFL) theorem [77]. The NFL theorem opines that no single
algorithm is better than other algorithms for all optimisation
problems. In other words, there is no universal metaheuristic
that can efficiently solve all problem types. Similar to other
works, this is premised on the NFL theorem in proposing the
Deep Sleep Optimiser, a novel metaheuristic.
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It is important to state that other than metaheuristics, clas-
sical solutions [78], [79], [80], learning methods [81], [82],
[83], and algorithms have been employed in the literature to
find global solutions or optima solutions for some real-world
in fields such as social networks [84], [85], [86], [87], [88],
wireless networks [89], and machine learning problems [90],
[91], [92]. However, the focus of this work is on applying
metaheuristics in the search for an optimum or near-optima
solutions.

The outline of this paper is as follows. In Section, II, a brief
background of this work is presented. Section III describes
DSO, its mathematical foundation, and computational com-
plexity. Furthermore, we give a detailed description of
the performance evaluation of the DSO and comparisons
with other metaheuristics in Section IV. Section V presents
the application of DSO to some engineering case studies.
In Section VI, the ability of DSO to solve NP-Hard prob-
lems, specifically, the travelling salesman’s problem and the
knapsack problem is demonstrated. Section VII discusses
the generalizability, challenges, and applications of DSO.
We conclude this paper in Section VIII.

Il. BACKGROUND

Sleep is a coordinated sequence of alterations in the brain
affecting muscle and eye movement, heart rate, and respi-
ratory rthythm [93], [94]. It is a critical function that greatly
affects the mental and physical health of humans. Insomnia
(i.e., sleep-disorder) affects the cognitive abilities, energy
levels, and immune systems of humans [95], [96]. Under-
standing the brain is crucial to understanding the process of
sleep [97], [98]. Structures in the brain that participate in the
sleep process are the hypothalamus, suprachiasmatic nucleus
(SCN), amygdala, basal forebrain, brain stem, pineal gland,
and thalamus.

In birds and mammals, sleep can broadly be categorised
into Rapid Eye Movement (REM) and non-REM stages.
In REM sleep, dreaming occurs, muscles are relaxed (i.e.,
temporarily paralysed) and the activity of the brain increases
(i.e., brain waves are faster). In non-REM sleep, body tem-
perature reduces and the transition from wakefulness to sleep
begins. Eye movement reduces, brain activity slows, and mus-
cles relax, with random twitches/spasms. Non-REM sleep
is associated with deep sleep. It is important to state that
the sleep cycle starts with the non-REM sleep stage and
then REM sleep. The REM-nonREM cycle occurs several
times and the average time for a cycle is between 90mins
and 120mins. In a typical night, humans may experience
4 — 6 sleep cycles [99], [100], [101], [102].

Recently, the American Academy of Sleep Medicine
(AASM) classified the stages of sleep: (1) non-REM stage 1
(N1), (ii) non-REM stage 2 (N2), (iii) non-REM stage 3 (N3),
and (iv) REM. N1 is the early transition from wakefulness to
sleep and lasts a few minutes (i.e., between 5 — 10). In this
phase, the eye muscles and movement slow down. The heart
beat and breathing rhythm lower and the brain waves slow
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FIGURE 3. The four stages of sleep.
TABLE 1. List of notations.
Symbol Description
N, INI Set of Agents and Number of agents
I Number of maximum function evaluations
T Maximum duration of sleep
Ts Sleep power index
T Wake power index
t Time (hour)
—_—
H(t) Homeostatic pressure value
H(t)™e*®  Maximum homeostatic pressure threshold
H(¢)™"™  Minimum homeostatic pressure threshold
Ho Initial homeostatic pressure value
Ho Initial homeostatic pressure value
HT Maximum initial homeostatic pressure
threshold
Ho Minimum initial homeostatic pressure
threshold
a Circadian cost per unit function
C(t) Circadian periodic function
M Agent switch asymptote
Xbpest Best candidate solution of the agents in deep
sleep
e
Xmean Mean homeostatic pressure of agents in deep
sleep
5 Initial solution of the agent

down. In some instances, people feel a sense of ‘““falling”,
which is referred to as hypnic myoclonic. The N2 stage entails
further relaxation of the eye muscles and movement. The
body temperature drops further and likewise the brain wave
activity. The N3 stage is the deep sleep stage, during which
the person does not respond to environmental stimuli. It is,
therefore, difficult to wake a person in N3 sleep stage. This is
as a result of the pressure release during sleep. Additionally,
there is no eye or muscle movement and the brain waves are
very slow. The last stage is the REM stage. The REM sleep
stage has been explained in the preceding paragraph. Figure 3
illustrates the stages of sleep by the AASM.

lll. DEEP SLEEP OPTIMISATION

In this section, we first describe the inspiration of the pro-
posed DSO. The mathematical model is then discussed.
Table 1 shows the main notations to be used in the following
sections.

A. INSPIRATION OF THE DSO

Modern medicine contends that humans who are sleep
deprived are less active and alert. Furthermore, sleep depri-
vation affects human cognitive ability [103], [104]. An agent
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(i.e., an individual) that experiences adequate sleep will be
much more physically active, alert, and cognitively fit com-
pared to a sleep deprived agent.

At the beginning of the sleep process, agents feel a gradual
sense of unconsciousness which is akin to a gradual descent
into a hole; and pleasure, thanks to a reduction in levels of
cortisone (i.e., the stress hormone). Moreover, it is generally
said that people fall asleep. Figure 4 illustrates the ‘““fall into
a hole” concept of sleep, with the descent experienced just
after the peaks. The depth of the “sleep hole” reached by
an individual depends on the sleep stages attained during the
sleep process.

To this end, the deeper a person sleeps, the further agent
falls into the hole. The deep sleep state is synonymous with
reaching the bottom of the hole. Consequently, in this work,
we mimic the sleeping patterns of agents, especially the
descent into a hole as a pressure release. The process of a
gradual descent into the ““sleep hole” is quite similar to find-
ing the global optimum in Optimisation Theory. The global
minima are akin to the bottom of the “sleep hole™.

Since sleep is associated with a *“fall into a hole™, we will
leverage this into finding a global minimum of an optimi-
sation problem. This is as a result of the pressure release
during sleep. Furthermore, a careful examination of the sleep
process/cycle indicates that to avoid a local optimal in the
search space, an agent is encouraged to experience deep
sleep stage (i.e., N3). The main inspiration of the DSO stems
from the sleeping pattern of a group of agents, which is
explored such that the individual that attains the longest dura-
tion of the deep sleep stage determines the near-optimal or
global-optimal solution to an optimisation problem. From the
categorisation and classification of metaheuristics in Section,
we see that DSO is not a constructive metaheuristic, but
rather a population-based metaheuristic. Additionally, DSO
mimics the human patterns of sleep activity in finding the
optimal or near-optimal solutions to an optimisation problem.
Therefore, we may also categorise DSO as a Human-based
metaheuristic.

B. MATHEMATICAL MODEL OF THE DSO

The DSO mathematical model is based on the two-process
sleep regulation model [105], [106], otherwise known as the
Two-Process Model (TPM). The two-process sleep regulation
model is based on the sleep-wake cycle and is dependent
on two processes: (1) Homeostatic processes, in which,
as the wakeful period increases, so does the need for sleep.
In other words, the homeostatic processes increase exponen-
tially while we are awake and exponentially decline dur-
ing sleep. (2) Circadian processes determine the rhythmic
changes between sleep to wake and also wake-sleep. For
emphasis, the circadian process determines the onset and
termination of a sleep episode [105], [107], [108], [109].
The sleep-wake cycle in a two-process sleep regulation is
illustrated in Fig. 4.
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FIGURE 4. Illustration of the two-process sleep regulation showing the
homeostatic pressure (S) [105].

In the two-process sleep regulation, an agent can either be
in a sleep or wake state. The homeostatic pressure H(#) of an
agent at a given time ¢ is given as [110]

Ho(t) - elfo=1-/%s | gleep state
H(t) =
w(t) + (Ho(t) — u(t)) - efo=0-/%  wake state
(D

where x; and x,, are the sleep power index and wake power
index, respectively. H,(¢) denotes the initial homeostatic
value. u(t) denotes the threshold of wake or vice versa. p(t)
is the “upper asymptote’ if agent is awake and with p(t) = 1.
However, uu(r) = 0 (i.e., lower asymptote) if agent is in sleep
state. H(¢) must lie within a maximum threshold, H(¢)"*,
and a minimum threshold H(¢)"™", respectively, which are
given as

HO™ =HS +ax CQ), )
and
H(@)™" = H, +a x C(1), 3)

where a and C(r) denote the circadian cost per unit function
and C(t) is the circadian periodic function. Besides, H™ and
‘H_ represent the maximum and minimum initial homeostatic
values, respectively. The circadian periodic function C(¢) of
24hrs is given as

C) = si 27rt 4
()—Sln(?( —Ol)), 4)

« is circadian time shift variable which specifies the shift
from the circadian maximum. « is a uniform distribution

VOLUME 11, 2023

Initialize searchAgentMax
nAgent=0;
while nAgent < searchAgentMax
Obtain initial solution
Randomly select and bound violating asymptote
Compute new candidate solution based on Sleep-Wake cycle
Evaluate new candidate solution
Apply greedy selection strategy
Update fitness value and position
nAgent ++
end while
return best fitness value and position of Agent

FIGURE 5. Illustration of the DSO pseudo code.

random variable that lies between O and 1. Moreover, the
initial homeostatic value H,(¢) in (1) is given as

Ho) =7 + 7+ (Xpest — (1) - Xinean) (5)

where m is the mean homeostatic value of the agents. )@
is the best candidate solution of the agents in deep sleep. 7 is
a uniformly distributed random vector in [O, 1]. In addition,
¥ is the initial population of the agents. It is important to state
that the initial homeostatic value updates the sleeping state of
the agent.

As stated earlier, wu(7) denotes threshold of sleep or vice
versa which lies between 0 and 1. Moreover, wu(z) helps
to tune the exploratory and exploitation capability of DSO.
As u(t) tends towards 1, the exploration capability of the
optimiser increases and accordingly, so does the avoidance of
local optima. Whereas as p(¢) tends towards 0, the exploita-
tion ability of DSO takes precedence over its exploratory
abilities. DSO is designed to escape from a local optimum by
ensuring the flexible movements of agents in the search space.
In DSO, each candidate solution exists within a sleep-wake
cycle based on the homeostatic pressure of its search agent.
The homeostatic pressure decreases during the deep sleep
phase or increases during the wake phase, allowing each agent
to explore or exploit the search space within the confines of
feasibility. It selects a new candidate solution by temporally
restricting the evaluation of the previous solutions using a
greedy selection strategy.

C. THE DSO ALGORITHM

The DSO optimiser is a global optimisation algorithm that
explores and exploits a search space while leveraging the nat-
ural sleep-wake cycle modelled in humans. In the algorithm,
an agent exploits the search space by mimicking a fall in
a hole concept, which decreases the homeostatic pressure,
inducing sleep. Where the quality of sleep is directly propor-
tional to the depth and pressure achieved.

In exploration, the agent’s homeostatic pressure increases,
mimicking the wake-phase of the cycle. With each sleep-
wake cycle, the agent shares its fitness and position, which
becomes the initial guide for the next agent mimicking the
sleep-wake cycle. These actions allow for cognitive and social
learning, less energy consumption, and quick convergence at
the global minimum (NREM or near-NREM regions).
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Algorithm 1 The DSO Algorithm
Input: N, Z, T, a, x;, x», H}', H, , UB, LB

1: F <« Preallocate vector for the fitness of agents

2: Fyo1 < Preallocate vector for best fitness solution of the
each iteration

3: Compute the circadian periodic func. using (4)

4: Set the upper and lower homeostatic thresholds using (2)
and (3)

5. ¥ <« Initialise position of the agents randomly

6: forn < 1to |[N| do

7. F(n) < Evaluate the fitness of agent n

8: end for

9: Fyo1(1) < Initial best fitness solution of the agents

10: fori < 1toZ do

11:  forn < 1to |N]| do

12: F(n) < Evaluate the fitness of agent n

13: k <« Determine the position of agent with best
fitness

14: )@: < Determine the best fitness solution

15: u < Randomly generate the upper asymptote

16: H <Bound p within H™" & H™ax

17: Compute the initial homeostatic value using (5)

18: Determine if agent is asleep or awake using p

19: F, < Evaluate the new fitness of the agent updated
state

20: if 7, < F(n) _t)hen

21: y(n,:) <~ H

22: Fn) < F,

23: end if

24:  end for

25 Fyo1(i + 1) < min (F)
26: end for

27: Fp, <= argmin (Fyor)

28: return

The pseudo code of DSO is presented in Fig. 5, while a
detailed DSO-TPM algorithm as implemented in this study
is expressed in Alg. 1. Consequently, with each iteration,
an initial solution is first obtained from an agent then a new
candidate solution is computed based on a randomly chosen
asymptote value that is confined within reasonable bounds.
The new solution is evaluated and a greedy selection strategy
is applied. The fitness value and position of the new solution
are repeatedly updated to ensure that global best values are
achieved.

D. COMPUTATIONAL COMPLEXITY

In this subsection, we describe the computational complex-
ity of the DSO. The computational complexity depicts the
worst-case scenario running performance of an algorithm and
DSO in this case. Moreover, we employ the big Omicron
(big-O) in characterising the DSO. The big-O portrays the

83644

TABLE 2. Unimodal benchmark functions.

Function Var. Range frmin
Fi(X) =1, X7 30 [-100,100] O
Fo(X) = 30 A + I, |x] 30 [-10,10] 0
Fa(X) =0, (Zis, 45)° 30 [-100,100] 0
Fy(X) = max; {|X;|, 1 <i < n} 30 [-100,100] O
Fs(X) = 37 [100(Xiq1 — X2) + (X — 1) 30 [-30, 30] 0
Fo(X) = X0 (X +0.5)2 30 [-100,100] O
Fr(X) =", iX} + random[0, 1) 30 [-1.28,1.28] 0

theoretical worst-case growth rate of the computational mem-
ory or execution time [111], [112].

From Alg. 1, we see that the big-O of notation of the
computational complexity of the DSO is given as
O(max( |[N|, |N| % Z ) ). This can be approximated to
O(|N| *T), where |NV| denotes the cardinality of the set of
agents A and 7 represents the maximum number of function
evaluations.

IV. RESULTS AND DISCUSSIONS

In this section, the performance of the DSO is evalu-
ated via extensive Monte Carlo simulations in a MAT-
LAB environment. The DSO’s MATLAB codes are
in https://github.com/DayoSun/Deep-Sleep-Optimiser. The
DSO’s performance is premised on the widely accepted
23 traditional benchmark test functions, six composite func-
tions, and selected engineering problems. Moreover, the DSO
is compared with 11 state-of-the-art metaheuristics in the
literature. First, in Tables 2-4, we describe the traditional
benchmark test functions. Additionally, we give the control
parameters of the 11 metaheuristics and DSO employed in
the performance evaluation simulation in Table 5.

These benchmark functions [113], [114], [115], [116] are
primarily grouped into three classes: (i) unimodal, (ii) mul-
timodal, and (iii) fixed-dimension multimodal benchmark
functions. The unimodal functions in Table 2 are charac-
terised by convergence, leading to a single global solution,
whereas the multimodal functions given in Table 3 are often
associated with a harsh search landscape with several local
optima and single global optima. However, the number of
variables of fixed-dimension multimodal functions given in
Table 4 cannot be adjusted. An in-depth description of these
benchmark functions can be found in [113], [114], [115], and
[116]. To ensure fairness, each metaheuristic ran recursively
for 30 individual runs and terminated at 200 iterations per run.

A. TRADITIONAL BENCHMARK TEST FUNCTIONS

1) ACCURACY TEST COMPARISON

In Tables 6-10, we investigate the performance of the DSO
for variables ranging from 30, 100, 250, and 500 dimensions,
considering the functions described in Tables 2-4. Moreover,
the DSO’s accuracy, taking into consideration the mean and
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TABLE 3. Multimodal benchmark functions.

Function Var. Range Fmin
Fg(X) = S0 —&; sin(| ;%) 30 [—500, 500] —418.9829
Fo(X) =10n + 3.7 | [X7? — 10 cos(2mX;)] 30 [-5.12,5.12] 0
Fro(x) = —20e[-02(m =iy #2)°7] _ lun s coszman] | o4 30 [-32,32] 0
Fu1(X) = 55 iy &7 — [T}y cos (55) +1 30 [-600,600] 0
F12(X) = Z[10sin(ry1) + 375 (i — 1)2[1 + 10sin? (ryi41)]] + S0, w(Ay, 10,100, 4) 30 [-50,50] 0
k(X —a)™, X; >a
yr,,:1+$1 w(X;,a,k,m) =140, —a< X;<a
k(—=X; —a)™, X; < —a
Fi3(X) = 0.1| sin?(37X1) + S0 (& — 1)2[1 +sin®(37X; + 1)] + (X, — 1)?[1 +sin?(20X,)] | + 7, u(X;,5,100,4) 30 [-50,50] 0

TABLE 4. Fixed-dimension multimodal benchmark functions.

Function Var.  Range fmin
_ 1 25 1 —1
Fua(@) = (505 252 7j+zgzl(zrazj)s) 2 (65, 65] 1
_ 11 @ (b2 +bz) 12 .
Fis(z) = Y11, [ai — m} 4 -5, 5] 0.00030
Fig(z) = 423 — 2121 + 12§ + 125 — 423 + 423 2 [-5, 5] —1.0316
Fi7(z) = (w2 — 242t + 221 — 6)° +10(1 — g5) cosz1 + 10 2 [-5, 5] 0.398
Fig(z) = [1+ (21 + 22 + 1)%(19 — 141 + 327 — 14z2 + 6z172 + 323)] 2 [-2,2] 3
X [30 + (221 — 3x2)? x (18 — 32z + 1222 + 48x> — 36z 22 + 2722)]
3 > 2
Fio(@) = - S, Cre("E5=1 2t =Pip)?) 3 1,3] ~3.86
—56 (s — 2
Fao(@) = - %, Cre(mE5=1 @it =Pip?) 6 [0,1] ~3.32
For(z) = =30 [(@ — ai) (@ — ;)T + Ci]7* 4 [0,10] —10.1532
Fas(x) = -7 [(x — ai)(z —as)T + Ci] 71 4 [0,10] —10.4028
Fas(z) = =310 [(@ —ai)(@ —a))" + Ci] 7! 4 [0,10] —10.5363

standard deviation as performance metrics, is compared with
11 metaheuristics including the TLBO, GA, DE, PSO, ABC,
GWO, SCA, BBO, ACO, RCSA, and HS. Hence, the aver-
age values in Tables 6-10 are compared with the expected
values in Tables 2-4 (i.e., fuin column). We see that the DSO
outperforms the other algorithms as the variable dimension
increases. This is due to its exploitation ability. It is worth
mentioning that even with the harsh terrains of the fixed
multi-modal function landscape of functions F14-F23, the
DSO was able to obtain the global optimum for functions
F16 and F17, and fared quite well with other multimodal
functions.

2) SEARCH AND CONVERGENCE ANALYSIS

In addition, the search and convergence performance of the
DSO is investigated. Figs. 6-13 show the search and conver-
gence analysis of the DSO.

Owing to the paucity of space in this paper, we only show
the convergence of functions F1, F4, F7, F9, F10, F13, F14,
and F16. The search history plot shows the position of agents
in the search landscape. The homeostatic pressure plot shows
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FIGURE 6. lllustration of the DSO search and convergence analysis for F1.

the rise and fall of the homeostatic pressure given (1) for
different iterations. The convergence curve shows the conver-
gence of an agent over the course (i.e., iterations) of the search
space of a respective function. Owing to space, we compare
the interquartile ranges of the DSO and PSO, rather than all
the 11 metaheuristics. In Figs. 6-13, we observe that the DSO
is able to benefit from its exploration and exploitation ability
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TABLE 5. The control parameters of the respective metaheuristics. P e e S Hepeesaiopessto
Metaheuristic ~ Control Param. Values
DSO Minimum initial homeostatic 0.17
Maximum initial homeostatic 0.85
1 -5 o 5 2 4 6 50 100 150 200
Sleep power index 42 :
Wake power index 182 Convergence curve Average fitness. Best cost . trarl e "
Maximum sleep duration 24 0 I 140 .
- \ - =0
TLBO Teaching factor, 1,2 ) . 00 o
— T T 102 | - -
GA Distribution index for crossover 20 \ [
Distribution index for mutation 20 o 100 * g 60
Probability of crossover 0.8 of — i e
Probability of mutation 02 o 20 a0 40 0 5 10 1% 20 5 10 15 20 25 0so P50
SE Crossover probabifit 0% teration eraon incvidual un
Scaling facI:or ¥ 0.45 FIGURE 9. lllustration of the DSO search and convergence analysis for F9.
PSO Inertia weight 0.45
Personal learning coef. 1 Parameter space Searoh istory _ Slegp-wake cyclo Homeostati pressure
Global learning coef. 1 > " [==stagont | 053 —mean
eI, 1 — filtered
ABC Percentage onlooker bee 50% of the colony » S s T
Number of scout 1 0 051
GWO Convergence parameter Linear reduction 2 to 0 PR A\ 05
SCA Convergence parameter Linear reduction 2 to 0 "2&/ 0.49
BBO Probability of modifying a habitat 1 0 o, - X048
— q g N 20 0 20 2 4 6 50 100 150 200
ACO Deviation-distance ratio 1 2 % o Tine i) -
Intensification Factor 05 Convergence curve Average fitness Best cost ) Interquartile range
Sample size 40 10° 10° o
RCSA Initial Temp. 0.1 1014 lo2
Temp. reduction rate 0.99 ol — o e
Mutation rate 0.5 ] » (
. o . ! .
Mutation range 0.1(UB-LB) " I° s | T
Max. no of sub-iterations 20 o4 ES)
. . P 50 100 150 200 50 100 150 200 5 10 15 20 25 30 DSO PSO
Nelghbors per lnd]v‘dua] 5 Iteration Iteration individual run
HS No. of new harmonies 20
Harmony memory consideration rate 0.9 FIGURE 10. lllustration of the DSO search and convergence analysis for
Pitch adjustment rate 0.1 F10.
Fret width damp ratio 0.995
Parameter space Sleep-wake cycle Homeostatic pressure
Parameter space 100 Search history ‘ :l:;f:;’:l Joss :m(e:r;‘d
08 S st agent 10 \ 052
—=—last agent 0.51
sk ” |
o \-..L)“”’U .
T 50 = N 0.49
04 N 0.48
o
- 0
0.2 ¥ 5 5 % 50 100 150 200
- ‘ 1 x1 Time (hr) Hteration
N 0w T e s o s 100 A A 5 0 100 150 200 Convergence curve Average fitness e Best cost Interquarte range
x1 Time (hr) Iteration ¢ :
Convergence curve Average fitness § 21070, Bostcost 10-%nterquartile range 0.05 i
100 100 5 T T o 0.04 g
|
4 M W F T‘ + + 100 0.04 .
s | | | bat T s 10° 008 j
AT I | | S . 003 4
A ‘ s ‘
10 N R - 02 002 o o
o= 1 7! | ! \ | Q 50 100 150 200 50 100 150 200 5 10 15 20 25 30 DSO PSO
\ ! - teration Iteration individual run
50 100 150 200 50 100 150 200 5 10 15 20 25 30 DsSO PSO
teraion feraion individual FIGURE 11. lllustration of the DSO search and convergence analysis for
. . F13.
FIGURE 7. lllustration of the DSO search and convergence analysis for F4.
Parameter space Search history Sleep-wake cycle Homeostatic pressure Parameter space ., Search history _ ~SJeep-wake cycle Homeostatic wessu:el
F P 05 I3 ~. 0
R {otstagent | .. | —mean
08 -o-last agent | 1%%° —filtered
400
200
0L
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% 0N |
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Convergence curve Average finess Best cost .10 Interquartile range Convergence curve ) Average fitness ) Best cost Interquartile range
. 15 T - 0.08 45 { \\ 25 ¢ 4
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FIGURE 8. Illustration of the DSO search and convergence analysis for F7. FIGURE 12. lllustration of the DSO search and convergence analysis for
F14.

to find the global optima for the traditional test functions. the multimodal functions F14 and F16 in Figs. 12 and 13.
As per the convergence, the DSO’s performance is impressive Furthermore, we investigate the sleep-wake cycle patterns of
even in the face of several local optima in the landscape of the agents in Figs. 6-13. We observe that sleep-wake patterns
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TABLE 6. Results of benchmark functions with 30 dimensions.

Func. Metric DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
T AVG TBI0SE-113  6.1805E-86  44160E+04  15123E+02  1408IE+03  38010E+03  3.2I88E-01  24293E+01  4.0403E+00  6.1540E+00  7.3589E-06  2.1429E+02
STD 43998E-113  1.1398E-85  6.1499E+03  2.2156E+02  1.0926E+03  2.1354E+03  3.0880E-01  3.8962E+01  9.5070E-01  3.5752E+00  1.0796E-06  7.6459E+01
2 AVG 6.1609E-58  1.8250E-43  6.5864E+03  4.8424E-01  4.8844E+01  1.7595E+01  4.9248E-02  4.3297E-02  6.A002E-01  5.2285E-01 T.14T1E-03  2.5807E+00
STD 1.3450E-57  2.6806E-43  27532E+04  13965E+00  1.6958E+01  4.3012B+00  55593E-02  9.0305E-02  6.9257E-02  3.0744E-01  9.1755E-05  6.4914E-01
3 AVG 30197E-108  7.76935-20  G8SISE+04  22340E+03  13941E+04  39206E+04  2.0140E+03  12738E+04  7.870SE+02  4.6451E+04  32530E-05  1.6797E+04
STD 7.1364E-108  2.8051E-19  1.5833E+04  12758E+03  6.3997E+03  4.3247E+03  12904E+03  7.7288E+03  2.3681E+02  7.0623E+03  7.4802E-06  3.8737E+03
z AVG 5.6606E-57  5.4204E-36  7.2428E+01  3.195/E+01  3.3031E+01 _ 7.0970E+01  I1.I710E+01  4.2963E+01  2.5128E+00  8.6415E+01  1.I868E-03  2.0931E+01
STD 1I719E-56  7.2883E-36  4.3213E+00  72931E+00  4.6000E+00  34699E+00  7.2161E+00  13I85E+01  1.2172E+00  S5.1717E+00  1.3634E-04  2.6509E+00
5 AVG 28SI3E+01  2.5802E+01  T.0831E+08  2.0116E+05  13242E+05  14373E+06  9.4606E+01  14993E+05  2.0420E+02  20133E+04  135967E+01  1.5230E+04
STD 3.8628E-02  4.4840E-01  29643E+07  4.5443E+05  13308E+05  1.2775E+06  1.0310E+02  3.1914E+05  2.2318E+02  3.0240E+04  1.6491E+01  8.4078E+03
6 AVG 73730E+00  6.4521E-04  43208E+04  12062E+02  1.3264E+03  4.5524E+03  6.1551E+00  4.9065E+01  3.5766E+00  5.5533E+00  74732E-06  2.3879E+02
STD 23039E-01  9.9460E-04  6.117IE+03  1.6477E+02  8.7720E+02  1.8617E+03  34447E-01  7.2557E+01  8.3720E-01  28234E+00  1.0664E-06  7.1177E+01
7 AVG 31145604  1.0942E-03  53713E+01  1.6IISE-O1  3.7776E+00  7.6136E+00  5.8775E-01 TGS22E01  2.6785B-02  T.9606E-01  7.7341E-03  2.0048E-01
STD 1.9713E-04  43750E-04  1.1706E+01  1.4023E-01 14392E400  34796E+00  3.1714E-01  25038E-01  9.2472E-03  83129E-02  3.0451E-03  6.2526E-02
8 AVG 50142E+03  -7.5484E+03  -5.0630E+03  -7.8595E+03  -6.6655E+03  -7.2381E+03  -5.6348E+03  -3.5514E+03  -7.6120E+03  -4.5420E+03  -1.1360E+04  -1.2422E+04
STD 6.7112E+02  9.0285E+02  5.7801E+02  1.0511E+03  6.7513E+02  3.5805E+02  8.9416E+02  2.8695E+02  8.7357E+02  34796E+02  3.5346E+02  6.8046E+01
9 AVG 50850E+01  1.6424E+01  2.8881E+02  1.2143E+02  1.17276+02  1.4990E+02  1.7714E+02  34803E+01  7.1422E+01  2.6784E+02  4.2551E+01  1.8642E+01
STD 7.9501E+01  1.0224E+01  3.0708E+01  3.7714E+01  2.7472E+01  2.2610E+01  3.1288E+01  3.0152E+01  1.6020E+01  14684E+01  9.7649E+00  2.9925E+00
10 AVG Z4409E-15  2.2612E-01 TO587E+01  3.1425E+00  [.5357E+01  15832E+01  2.0854E+01  1.3377B+01  7./697E-01  14325E+01  6.3567E-04  4.6440E+00
STD 0.0000E+00  1.2385E+00  2.3270E-01  1.6066E+00  1.6494E+00  1.0404E+00  1.6835E-01  8.9014E+00  1.6419E-01  8.5704E+00  5.1765E-05  4.7486E-01
T AVG T2388E-03  0.0000E+00  4.0360E+02  1.8891E+00  2.1902E+01  4.2566E+01  3.5465E-01  1.2542E+00  1.0204E+00  1.0445E+00  1.0936E-02  2.9246E+00
STD 4.8731E-03  0.0000E+00  6.5058E+01  2.2182E+00  2.5618E+01  1.5277E+01  25085E-01  6.7883E-01  24756E-02  46791E-02  1.0208E-02  6.1035E-01
2 AVG TI419E+00  2.8123E-04  1.9800E+08  1.7801E+05  L.I663E+02  8.9739E+05  3.5554E+00  5.5000E+04  3.0035E-02  6.6439E+03  3.4556E-03  5.5059E+00
STD 37090E-01  1.5004E-03  0.2854E+07  44038E+05  3.1123E+02  1.1961E+06  1.7956E+00  1.8246E+05  5.5424E-02  1.1090E+04  1.8927E-02  2.2526E+00
3 AVG 50659E-02  2.3370E-01  4.3280E+08  3.85/8E+05  22878E+04  7.1467/E+06  3.2760E+00  2.6746E+05  1.8063E-01 _ 7.7928E+04  7.3273E-04  8.6518E+01
STD 1.6898E-02  2.2513E-01  9.6947E+07  8.6325E+05  6.4965E+04  9.5681E+06  1.2670E+00  5.1810E+05  5.0867E-02  1.6628E+05  2.7877E-03  9.2590E+01
TABLE 7. Results of benchmark functions with 100 dimensions.
Func. Metric  DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
T AVG T5464E-113  6.I873E-79  2.2608E+05  S.OS40E+03  5.5650E+04  I.1256E+05  5.2790E+02  9.5369E+03  2.9493E+02  1.7520E+05  14978E-04  2.9211E+04
STD 3.01065E-113  1.0010E-78  1.7200E+04  24240E+03  14345E+04  1.7964E+04  3.6378E+02  5.8030E+03  2.4410E+01  1.0756E+04  1.3619E-05  2.6394E+03
2 AVG 27748657 2.6558E-40  23312E+34  4.1849E+01  3.0116E+02  6.63561E+02  1.3704E+00  T.0266E+01  1.3430E+01  2.5646E+33  1.0966E-02  8.1658E+01
STD 32228E-57  2.0792E-40  11681E+35  12713E+01  24336E+01  2.6593E+03  1.0749E+00  8.9188E+00  1.7839E+00  13545E+34  6.0303E-04  5.9300E+00
3 AVG S2932E-104  6.8958E-09  6.8358E+05  14012E+05  I1.6I39E+05  4.0484E+05  1.6612B+05  24147E+05  5.8830E+04  6.7082E+05  22751E-02  4.0075E+05
STD 23627E-103  1.5696E-08  14052E+05  32479E+04  45151E+04  6.1078E+04  3.6983E+04  57558E+04  9.7224E+03  7.3348E+04  27452E-03  5.9645E+04
Z AVG 72927657 6.7468E-33  8O5I6E+01  9.6522E+01  5.3016E+01  0.2474E+01 _ 9.1907E+01 _ 9.0236E+01  3.0715E+01  O.6830E+01 _ 5.2988E-03  6.4946E+01
STD 1.9602E-56  4.5052E-33  19763E+00  1.0580E+00  5.2085E+00  1.5781E+00  53846E+00  2.7722E+00  3.0148E+00  1.0780E+00  4.2019E-04  1.3027E+00
5 AVG 98348E+01  9.7238E+01  83337E+08  1.I578E+07  6.6450E+07  3.1400E+08  4.2737E+05  13440E+08  7.6236E+03  1.1925E+00  1.I671E+02  4.7122E+07
STD 1I20SE-01  7.0405E-01  1.4129E+08  6.1102E+06  3.7249E+07  9.4369E+07  4.0323E+05  6.5901E+07  1.0665E+03  9.8382E+07  7.0073E+01  6.6565E+06
6 AVG 24363E+01  4.5804E+00  2.2867E+05  7.6385E+03  6.0772E+04  I.1I27E+05  5.3309E+02  94744E+03  29331E+02  1.7J676E+05  14920E-04  2.9176E+04
STD 29140E-01  6.7576E-01 1.7238E+04  2.9580E+03  1.2226E+04  2.0289E+04  3.1022E+02  7.3879E+03  3.1174E+01  1.0696E+04  14236E-05  2.5646E+03
7 AVG 28930E-04  14655E-03  13423E+03  1563/E+01  1.6280E+02  GSIOOE+02  1.6613E+00  15910E+02  2.2663E-01  1.2696E+03  8.6267E-02  6.5736E+01
STD 1.9041E-04  5.8867E-04  1.9416E+02  5.2389E+00  6.2524E+01  1.5227E+02  8.6850E-01  7.2705E+01  44702E-02  1.7358E+02  1.5957E-02  8.8175E+00
8 AVG TTO733E+04  -1.8636E+04  -0.8784E+03  -14596E+04  -1.6282E+04  -1.6465E+04  -O.4453E+03  -6.7438E+03  -2.2077E+04  -8.2825E+03  -3.1284E+04  -33584E+04
STD 1I0SIE+03  2.8277E+03  1.0641E+03  3.7682E+03  1.4434E+03  1.0602E+03  1.0268E+03  6.2496E+02  1.I337E+03  5.2018E+02  9.6306E+02  5.9746E+02
9 AVG 0.0000E+00  5.6932E+00  1.3534E+03  4.9445E+02  74019E+02  9.7411E+02  8.3425B+02  3.1I86E+02  4.1039E+02  14454E+03  2.5259E+02  3.5557E+02
STD 0.0000E+00  3.1183E+01  54938E+01  1.7311E+02  8.6661E+01  5.5084E+01  8.6260E+01  1.5315E+02  4.2597E+01  3.2250E+01  34241E+01  2.3641E+01
10 AVG Z4409E-15  3.1732E-01  2.0536E+01  1.1458E+01  1.8415E+01  1.0743E+01  2.0879E+01  1.6942E+01  3.6860E+00  2.0714E+01  1.5820E-03  1.4932E+01
STD 0.0000E+00  1.7381E+00  9.2811E-02  1.I87IE+00  4.8831E-01  19057E-01  12070E-01  52679E+00  1.3511E-01  3.5794E-02  7.1983E-05  3.3187E-01
I AVG 0.0000E+00 __ 0.0000E+00 _ 2.0174E+03 _ 8.0200E+01  4.8831E+02  9.6115E+02  5.5762E+00  1.2696E+02  3.6815E+00  1.5622E+03  1.0274E-03  2.6591E+02
STD 0.0000E+00  0.0000E+00  1.5189E+02  3.0660E+01  1.0395E+02  14619E+02  3.2972E+00  8.2749E+01  28035E-01  9.6870E+01  27941E-03  2.3917E+01
2 AVG T2874E+00  49300E-02  1.8002E+00  1.1285E+07  4.9881E+07  7.0486E+08  8.4625E+04  3.2572E+08  B.0527E+00  29001E+09  I1.1403E-02  4.2087E+07
STD 6.1045E-02  1.1996E-02  3.5926E+08  12300E+07  6.6804E+07  1.7282E+08  2.6612E+05  1.5696E+08  3.1236E+00  2.6523E+08  2.6444E-02  8.9680E+06
3 AVG 32568E-01  6O547E+00  34805E+09  2.7272E+07  1.8627E+08  1.4423E+09  2.5235B+05  5.2350E+08  1.6483E+01  5.5485E+00  2.0028E-03  1.3407E+08
STD 5.8328E-02  LO221E+00  5.1593E+08  1.1025E+07  1.5594E+08  4.0951E+08  4.6501E+05  2.9241E+08  2.6076E+00  4.9357E+08  44721E-03  1.5944E+07
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FIGURE 13. lllustration of the DSO search and convergence analysis for
F16.

of the agents follow the trend illustrated in Fig. 4. To this end,
we demonstrate the sleep-wake cycle of the first and last agent
for the respective functions.

Furthermore, we discuss the convergence capabilities of
DSO for the functions illustrated in Figs. 8 — 13 that primarily
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timodal functions. In Fig. 8, we observe that DSO converges
before the 100th iteration. This is fair for a high dimen-
sional quartic function with Gaussian noise. Similar to the
convergence in Fig. 8, in Fig. 10, we observe that the DSO
converges at about the 100th iteration for the multimodal
Ackley function (i.e., F10). With careful fine-tuning of DSO’s
parameters, the convergence could be accelerated. However,
for a less rugged search landscape in Fig. 11, we see that
the DSO converges at about the 50th iteration. It shows
that the terrain of the search landscape plays a role in the
convergence of the proposed metaheuristic. Additionally, for
the fixed-dimensional multimodal functions (F14 and F16) in
Figs. 12 and 13 with a less harsh search landscape, we observe
that the DSO converges less than or at about the 50th iteration.

3) SEARCH TRAJECTORY OF THE AGENTS
Figures 14-21 present the search trajectory of the agents.
Figures 14-19 illustrate the search route of the agents in
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TABLE 8. Results of benchmark functions with 250 dimensions.

Func. Metric DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
1 AVG  35418E-113  6.9204E-77  65418E+05  84816E+04  27709E+05  49767E+05  8.3389E+03  7.8684E+04  23600E+03  7.4354E+05  1.3977E-03  1.9258E+05
STD 9.0074B-113  9.6287E-77  3.1431E+04  1.0109E+04  29345E+04  3.5484E+04  3.2962E+03  3.7458E+04  1.6328E+02  2.3694E+04  7.7488E-05  1.1910E+04
2 AVG  66096E-57  22393E-39  6.7723E+109  3.0848E+02  8.0663E+02  7.6371E+69  7.1056E+00  4.0115E+01  9.1740E+01  2.0502E+122  8.2060E+02  4.3182E+02
STD 1.1980E-56  14657E-39  3.1348E+110  27058E+01  72667E+01  4.1830E+70  42474E+00  28144E+01  6.0283E+00  1.0659E+123  1.8719E+02  1.7694E+01
3 AVG 8.3790E-100  7.8574E-05  4.3974E+06  1.1849E+06  1.0192E+06  24346E+06  20290E+06  1.8111E+06  4.2336E+05  3.8869E+06  2.6485E+04  2.6979E+06
STD 45653B-99  1.8220E-04  9.1904E+05  23561E+05  29106E+05  2.8308E+05  4.7440E+05  4.5465B+05  5.9926E+04  4.8071E+05  3.2084E+03  3.4093E+05
4 AVG 1.0140E-56  62853E-32  9.6683E+01  9.8479E+01  63637E+01  9.7104E+01  9.8945E+01  9.7698E+01  4.9640E+01  9.8612E+01  29793E+00  8.4754E+01
STD 14804E-56  3.6394E-32  9.8607E-01  48535E-01  29210E+00  55510E-01  4.7956E-01  6.9634E-01  23231E+00  4.5284E-01 1.6597E+00  7.1041E-01
5 AVG  24740B+02  24750E+02  2.8158E+09  12641E+08  6.2310E+08  2.1001E+09  2.8635E+07  7.9543E+08  1.8300E+05  3.5123E+09  2.8511E+02  5.1124E+08
STD 26727B-01  39845E-01  25106E+08  3.8570E+07  1.3767E+08  2.1745E+08  24272E+07  1.8493E+08  1988SE+04  [.4497E+08  8.1625E+01  5.0804E+07
6 AVG  62433E+01  30621E+01  6.6469E+05  8.6424E+04  26450E+05  4.9331E+05  83772B+03  7.5551E+04  24907E+03  74619E+05  1.4057E-03  1.9480E+05
STD 1.6743E-01  1.5983E+00  33495E+04  1.4179E+04  34561E+04  4.0846E+04  3.6413E+03  33083E+04  205S0E+02  2.1362E+04  7.9871E-05  7.2539E+03
7 AVG  3.0690E-04  17217E-03  1.0838E+04  52082E+02  22114E+03  8.5432E+03  1.0392B+02  2.8663E+03  1.8300E+00  13913E+04  4.5190E-01  1.8765E+03
STD 24503E-04  59209E-04  12595E+03  1.5435E+02  6.4907E+02  1.1154E+03  7.5340E+01  6.9372E+02  3.1773E-01  6.0574E+02  58893E-02  1.2255E+02
8 AVG  2.0351E+04  -3.1596E+04  -1.5904E+04  -2.5453E+04  -2.8615E+04  -29464E+04  -15235E+04  -1.0471E+04  -4.8792E+04  -13142E+04  -7.0742B+04  -6.0645E+04
STD 2.6322E403  5.8982E+03  24371E+03  1.0319E+04  25692E+03  29352E+03  13188E+03  7.7229E+02  2.1583E+03  9.5636E+02  20593E+03  1.3129E+03
9 AVG  00000E+00  0.0000E+00  3.8475E+03  1.5591E+03  23547E+03  3.2828E+03  22490B+03  6.7477E+02  1.5239E+03  4.2430E+03  0.6690E+02  1.8243E+03
STD 0.0000E+00  0.0000E+00  9.3624E+01  3.0602E+02  14918E+02  1.3832E+02  19708E+02  2.8068E+02  84061E+01  59753E+01  8.4122E+01  5.6468E+01
10 AVG  44409E-15  11912E+00  2.0821E+01  1.660SE+01  1.9513E+01  2.0479E+01  2.0909E+01  1.8847E+01  558ISE+00  20897E+01  3.0594E-03  1.8332E+0l
STD 0.0000B+00  3.6543E+00  4.4644E-02  6.1798E-01  1.618SE-01  1.0346E-01  53I37E-02  3.8906E+00  19083E-01  2.1383E-02  6.9613E-05  13139E-01
11 AVG  00000E+00  0.0000E+00  6.0726E+03  7.5674E+02  24421E+03  4.6850E+03  8.6601E+01  7.3668E+02  22956E+01  6.6809E+03  0.4481E-04  1.7421E+03
STD 0.0000E+00  0.0000E+00  24373E+02  1.0955E+02  2.5935E+02  27602E+02  3.0762E+01  3.1311E+02  1.8523E+00  2.3774E+02  1.8102E-03  6.5853E+01
12 AVG 12238B+00  27930E-01  6.7568E+09  13868E+08  8.5653E+08  47600E+09  1.0031E+08  22467E+09  3.5876E+02  8.4445E+09  1I1281E+00  8.9971E+08
STD 19824B-02  33617E-02  5.1097E+08  54770E+07  3.8953E+08  7.3411E+08  1.1021E+08  5.1320E+08  6.0353E+02  4.7985E+08  54201E-01  6.4707E+07
13 AVG  9.S48E-01  24857E+01  12438E+10  4.1233E+08  20886E+09  9.0664E+09  14327E+08  3.575IE+09  2.5711E+04  1.5463E+10  59089E-03  1.9577E+09
STD 16791B-01  1.1505E-02  92088E+08  12605E+08  6.2395E+08  LI60TE+09  1.0642E+08  1.0244E+09  1.8669E+04  7.9818E+08  9.0112E-03  1.7867E+08
TABLE 9. Results of benchmark functions with 500 dimensions.
Func. Metric DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
1 AVG 8.5668E-112  1.6496E-75  14531E+06  3.0017E+05  6.7871E+05  12908E+06  4.3704E+04  2.0717E+05  1.3570E+04  15451B+06  7.7412E-03  6.2374E+05
STD 34816E-111  29811E-75  3.1558E+04  2.8733E+04  74767E+04  4.6608E+04  0.6993E+03  6.4583E+04  1.1107E+03  3.1140B+04  3.3718E-04  2.1374E+04
2 AVG 1.8998E-56  9.4708E-39  3.1364E+246  0.9584E+02  14581E+80  3.0125E+201  2.5820E+01  1.1279E+02  G.0494E+02  1.7840E+265  1.6796E+99  1.3849E+03
STD 49998E-56  6.2028E-39  Inf 53518E+01  7.9864E+80  Inf 8.0675E+00  SAG04E+01  24604E+02  Inf 9.1998E+99  3.8423E+01
3 AVG 27239E-103  47744E-03  17978E+07  S5A4147E+06  3.8680E+06  9.6217E+06  9.4681E+06  7.0210B+06  1.7244E+06  1.6272B+07  29939E+05  1.1167E+07
STD 85701E-103  12149E-02  4.6690E+06  9.8897E+05  8.9268E+05  1.3332E+06  1.6537E+06  1.5331B+06  2.3253E+05  1.9217B+06  1.7318E+04  1.2148E+06
4 AVG 14843E-56  3.0070B-31  9.8791E+01  9.9295E+01  6.9280E+01  O.8602E+01  9.9730E+01  9.9120E+01  62230E+01  9.9306E+01  4.8033E+01  9.2389E+0l
STD 1.9348E-56  1.8954B-31  2.8871E-01 22647E-01  34643E+00  2.1212E-01 22617E-01  28586E-01  1.9774E+00  24597E-01 23518E400  4.2115E-01
5 AVG 49572E+02  4.9730E+02  64532E+09  3.7418E+09  1.9578E+09  SAIT3E+09  26194E+08  1.967IE+09  32056E+06  7.2656E+09  6.8628E+02  1.9710E+09
STD 56176E-01  23373E-01  3.0808E+08  3.3032E+09  2.9817E+08  3.9003E+08  1.2697E+08  4.9685B+08  5.2340E+05  2.3233E+08  34863E+02  8.2392E+07
6 AVG 12500E+02  8.4840E+01  14326E+06  3.0448E+05  6.9418E+05  12721E+06  4.6361E+04  1.8861E+05  1.3448E+04  15350E+06  7.8257E-03  6.1657E+05
STD 17121E02  23652E+00  5.6868E+04  2.8823E+04  6.2377E+04  7.0943E+04  1.2402E+04  7.8156E+04  I1112E+03  27635E+04  24807E-04  1.5399E+04
7 AVG 2.8448E-04  1.6346E-03  5.0765E+04  43022E+03  1.5454E+04  4.4993E+04  1.9481E+03  1.6393E+04  2.8314E+01  5.8887E+04  1.3697E+00  1.4635E+04
STD 25612E-04  6.1093E-04  2.8923E+03  97123E+02  3.1173E+03  3.3393E+03  8.6111E+02  4.3284E+03  3.5605E+00  2.2849E+03  LI61IE-01  7.3929E+02
8 AVG 2.8728E+04  -4.1030E+04  -2.2033B+04  -3.1461E+04  -4.2428E+04  -4.246TE+04  -2.1913E+04  -1.5101E+04  -8.7685E+04  -1.8526E+04  -1.3137E+05  -8.8219E+04
STD 34136E+03  1.1856E+04  25216E+03  1.0911E+04  5.2090E+03  4.9269E+03  1.7945E+03  1.2637E+03  4.1658E+03  1.1429E+03  25131E+03  2.0046E+03
9 AVG 0.0000E+00  0.0000E+00  8.0862E+03  3.7127E+03  54563E+03  7.3720E+03  4.2783E+03  1.1652E+03  3.8845E+03  8.8200E+03  24204E+03  5.0257E+03
STD 0.0000E+00  0.0000E+00  1.5896E+02  2.8281E+02  2.6456E+02  2.2893E+02  7.7246E+02  48115E+02  1.3231E+02  1.0800E+02  13306E+02  8.3042E+01
10 AVG  44409B-15  1.0883E+00  2.0946E+01  1.8193E+01  19891E+01  2.0757E+01  2.0890E+01  1.9416E+01  1.060IE+01  2.0972E+01  1.4486E+00  1.9581E+01
STD 0.0000E+00  3.3215E+00  3.6591E-02  3.3330E-01  2.I818E-01  5.9238E-02  3.9427B-02  3.1796E+00  1.I8I3E+00  14624E-02 1.2519E-01  8.1676E-02
1 AVG 0.0000E+00  0.0000E+00  12830E+04  27670E+03  6.2528E+03  1.1325E+04  4.2277E+02  1.8018E+03  1.2049E+02  13807E+04  2.7000E-03  5.5433E+03
STD 0.0000E+00  0.0000E+00  S5.8869E+02  2.7100E+02  5.0080E+02  47113E+02  15262E+02  62379E+02  8.1041E+00  3.6492E+02  1.3096E-03  1.5626E+02
12 AVG 1.2059E+00  5.4733B-01  1.5398E+10  1.5551E+10  34076E+09  13431E+10  15114E+09  6.0459E+09  3.6734E+05  1.7690E+10  5.4406E+00  3.8490E+09
STD 43973B-03  2.6498E-02  7.9I88E+08  59348E+09  LI1221E+09  LI0I3E+09  8.9402E+08  12138E+09  1.5881E+05  54810E+08  53176E-01  2.1162E+08
13 AVG 20591E+00  4.9824E+01  2.8772E+10  23361E+10  7.6597E+09  2.5258E+10  1.5466E+09  9.9941E+09  3.1368E+06  3.2583E+10  9.0563E+00  8.0378E+09
STD 24420E-01  1.1282E-02  14960E+09  14342E+10  14172E+09  9.5148E+08  7.9779E+08  2.1004E+09  7.7801E+05  1.0865E+09  13578E+01  3.9626E+08

unimodal and multimodal functions (i.e., F1, F4, F7, F9, F10,
and F13 in Tables 2 and 3). Similarly, Figs. 20 and 21 show
the search direction of the agents in fixed multi-multimodal
functions (i.e., F14 and F16 in Table 4). We observe that,
at the beginning of the search by the DSO agents, exploration
of the search landscape takes precedence over exploitation.
This gives the DSO the ability to avoid the local optima trap
(i.e., for multimodal landscape) though this comes with a
drawback of a longer convergence time. Moreover, as the
iteration progresses, exploitation takes precedence to achieve
convergence and an optimal solution. Consequently, we see
that the search trajectory of the DSO agents for multi-modal
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functions is unique owing to the difficult landscape of the
functions. We observe that the DSO converges close to the
optimal point if not at the optima.

4) COMPUTATIONAL TIME

Tables 11-15 present the computational running time of
the DSO for 30, 100, 250, and 500 variable dimensions.
We observe that the DSO performs better than the other meta-
heuristics as the number of dimensions increases. Specifically
for 30 (i.e., F5, F8, F11), 100 (i.e., F2), 250 (i.e., F3-F7, F11,
F12), and 500 (i.e., F5-F12) dimensions, the DSO converges
fastest respectively. For lower dimensions such as 30, the
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TABLE 10. Results of multimodal benchmark functions with fixed dimensions.

Func.  Metric DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
14 AVG 8.5453E+00 9.9800E-01 1.2309E+00 2.2468E+00 6.6528E+00 9.9800E-01 1.6945E+01 2.7168E+00 9.9011E+00 1.0643E+00 9.9800E-01 9.9800E-01
STD 4.4015E+00 1.4283E-16 4.9974E-01 2.2142E+00 5.3106E+00 4.8426E-07 3.5651E+00 2.3860E+00 5.6482E+00 2.5219E-01 1.7249E-16 9.5083E-12
15 AVG 3.7032E-04 1.1092E-03 8.4799E-03 1.7310E-03 4.4810E-03 1.1567E-03 6.5078E-04 9.2521E-04 8.2738E-03 4.8687E-03 2.5300E-03 5.3350E-03
STD 1.4296E-04 3.6474E-03 1.2747E-02 3.5719E-03 1.1077E-02 2.9006E-04 9.4049E-05 3.8359E-04 9.0292E-03 7.9494E-03 6.0589E-03 8.2143E-03
16 AVG -1.0296E+00  -1.0316E+00  -1.0154E+00  -1.0316E+00  -1.0316E+00  -1.0316E+00  -9.6125E-01 -1.O31SE+00  -1.0044E+00  -1.0316E+00  -1.0316E+00  -1.0316E+00
STD 6.1425E-03 6.6486E-16 3.2658E-02 6.7122E-16 6.5843E-16 2.4426E-06 2.0341E-01 9.5232E-05 1.4901E-01 6.7752E-16 5.6985E-16 1.6848E-07
17 AVG 3.9792E-01 3.9789E-01 4.5084E-01 3.9789E-01 3.9789E-01 3.9789E-01 3.9987E-01 4.0061E-01 3.9789E-01 3.9789E-01 3.9789E-01 3.9789E-01
STD 2.9546E-05 0.0000E+00 9.9262E-02 0.0000E+00 0.0000E+00 1.4084E-06 2.5291E-03 2.6406E-03 1.6753E-11 0.0000E+00 6.1435E-16 7.6039E-08
18 AVG 3.9113E+00 3.0000E+00 3.5962E+00 3.0000E+00 6.6000E+00 3.0069E+00 4.1909E+01 3.0001E+00 1.4702E+01 3.0000E+00 3.0000E+00 3.9227E+00
STD 4.9283E+00 1.0752E-15 1.6920E+00 1.6739E-15 1.5426E+01 1.0246E-02 4.0749E+01 1.4511E-04 2.2069E+01 6.8501E-16 2.4119E-14 4.9267E+00
19 AVG -3.0048E-01 -3.0048E-01 -3.0048E-01 -2.9970E-01 -3.0048E-01 -3.0048E-01 -3.0048E-01 -3.0048E-01 -3.0048E-01 -3.0048E-01 -3.0048E-01 -3.0048E-01
STD 2.2584E-16 2.2584E-16 2.2584E-16 4.2445E-03 2.2584E-16 2.2584E-16 2.2584E-16 2.2584E-16 2.2584E-16 2.2584E-16 2.2584E-16 2.2584E-16
20 AVG -3.1942E+00  -3.2951E+00  -2.9468E+00  -3.2564E+00  -3.2079E+00  -3.3196E+00  -3.2758E+00  -2.7468E+00  -3.2744E+00  -3.2903E+00  -3.2458E+00  -3.2824E+00
STD 1.1695E-01 4.8310E-02 2.7124E-01 6.3202E-02 2.9265E-01 1.4980E-03 5.7133E-02 4.7593E-01 5.9241E-02 5.3475E-02 5.6210E-02 5.7005E-02
21 AVG -9.6868E+00  -1.0153E+01  -3.5401E+00  -8.7015E+00  -5.4632E+00  -9.9766E+00  -4.5079E+00  -1.8071E+00  -4.6402E+00  -5.8254E+00  -7.5296E+00  -6.6493E+00
STD 1.3413E+00 2.3573E-04 2.1042E+00 2.9006E+00 2.6014E+00 1.2941E-01 3.6085E-01 1.6572E+00 2.9615E+00 3.6430E+00 3.1484E+00 3.6325E+00
22 AVG -9.9148E+00  -9.9573E+00  -4.1824E+00  -9.7428E+00  -5.0731E+00  -1.0221E+01  -4.4963E+00  -3.4820E+00  -6.3240E+00  -8.6670E+00  -9.2075E+00  -5.7565E+00
STD 1.1841E+00 1.6943E+00 2.2454E+00 1.7964E+00 2.3770E+00 1.1412E-01 1.1870E+00 1.6504E+00 3.6772E+00 2.9430E+00 2.7473E+00 3.6225E+00
23 AVG -9.6266E+00  -9.2104E+00  -4.0040E+00  -9.3513E+00  -4.1363E+00  -1.0367E+01  -4.3421E+00  -3.1950E+00  -4.6633E+00  -8.8332E+00  -9.2143E+00  -4.5365E+00
STD 1.9767E+00 2.5840E+00 2.0787E+00 2.7246E+00 2.4529E+00 1.8474E-01 6.6813E-01 1.6052E+00 3.3522E+00 3.1590E+00 2.7453E+00 3.1136E+00
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FIGURE 14. Illustration of the DSO search trajectory for F1.
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FIGURE 16. lllustration of the DSO search trajectory for F7.
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FIGURE 17. Illustration of the DSO search trajectory for F9.

computational time of the DSO remains on par with other
metaheuristics.

5) WILCOXON RANK SUM TEST AND FRIEDMAN TEST

To demonstrate that the performance of the DSO is not a
random occurrence, we employ the Wilcoxon rank sum test,
which is a non-parametric test. With a statistical significance
level of 5% [117], the probability values (p-value) of the
DSO and other metaheuristics for the respective test func-
tions with different dimensions are indicated in Tables 16-20.
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We observe that the DSO’s p-values for all the test functions
irrespective of the number of dimensions are far lower than
0.05. This clearly shows that the performance of the DSO is
not a random occurrence. Consequently, the null hypothesis
is rejected, and the alternative hypothesis is true (i.e., the
superior performance of the DSO is statistically significant).
We observe that, in most instances, the DSO p-value is less
than the other metaheuristics.

Furthermore, we explore the Friedman test to give a per-
spicuous ranking of the metaheuristics. Friedman test allows
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TABLE 11. Results of the computational running time of benchmark functions with 30 dimensions.

Func.  Metric  DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
1 AVG T.0521E-01  2.9843E-01  6.1948E-01  1.7506E-01  6.1522E-02  2.1500E-01  8.1394E-02  1.5152E-01  1.3709E+00  1.9805E+00  1.7320E+01  1.4679E+00
STD 5.9877E-02  1.5344E-01  2.8038E-01  1.0728E-01  4.0876E-02  1.2968E-01  5.7904E-02  9.2873E-02  2.6908E-01  1.9935E-01  4.9447E-01  2.7458E-01
2 AVG 84423E-02  23500E-01  4.8893E-01  13132E-01 4.8252E-02  1.6507E-01  49229E-02  1.0273E-01  1.2322E+00  1.8682E+00  1.7567E+01  1.3397E+00
STD L.O941E-02  4.0474E-02  6.8135E-02  2.8112E-02  1.0113E-02  9.7842E-03  1.2443E-03  2.0977E-02  4.1040E-02  5.4912E-02  2.8546E-01  5.0475E-02
3 AVG 2.1179E-01  4.7944E-01  1.0104E+00  2.3021E-01  1.6077E-01  4.0404E-01  1.6453E-01  2.1266E-01  1.3475E+00  2.0794E+00  2.8970E+01  1.4862E+00
STD 4.7981E-02  4.9425E-02  5.9996E-02  9.4471E-03  9.7081E-03  4.4881E-02  3.8901E-02  1.8404E-02  4.2911E-02  4.1652E-02  1.1104E+00  2.5026E-01
4 AVG 79772E02  23375E-01  4.7200E-01  1.2530E-01  4.5789E-02  1.5396E-01  4.8508E-02  9.7234E-02  1.2552E+00  1.8908E+00  1.7375E+01  1.4035E+00
STD 1.1774E-02  4.2188E-02  4.7237E-02  1.6724E-02  7.1530E-03  2.1087E-02  4.0246E-03  L.I368E-02  1.0107E-01  1.1234E-01  7.2423E-01 _ 2.7551E-01
5 AVG T.0642E-01  2.7106E-01  54272E-01  1.4089E-01  65722E02 2.0I33E01  65664E-02  1.I916E-01  1.2485E+00  1.8940E+00  1.9766E+01  1.3332E+00
STD 2.2588E-02  7.6480E-03  2.2090E-02  1.4088E-02  2.1547E-03  4.9335E-03  6.9819E-03  13288E-02  33591E-02  3.9733E-02  3.0790E-01  4.6261E-02
6 AVG 79412E02  2.1992E01  45717E-01  1.2277E-01  45132E-02  1.5297E-01  4.7414E-02  9.4952E-02  1.2187E+00  1.8375E+00  1.6979E+01  L.3151E+00
STD L.6171E-02  3.8106E-03  13325E-02  1.0539E-02  2.0185E-03  3.0783E-03  L.4070E-03  3.7615E-03  3.8627E-02  3.1164E-02  2.1040E-01  5.1883E-02
7 AVG T3519E-01  3.3628E-01  7.2335B-01  1.7518E-01  1.0265B-01  2.7731E-01  1.0053E-01  1.5177E-01  1.2947E+00  1.9919E+00  2.2676E+01  1.3677E+00
STD 1.2368E-02  6.4632E-03  2.9476E-02  1.1469E-02  9.0350E-03  2.0481E-02  5.3288E-03  6.3674E-03  4.3713E-02  7.1245E-02  3.2868E-01  4.0586E-02
8 AVG T.0425E-01  2.6852E-01  5.5389E-01  1.4766E-01  6.5047E-02  2.0889E-01  7.0720E-02  1.2900E-01  12514E+00  1.9038E+00  2.0512E+01  1.3516E+00
STD 1.4823E-02  8.0478E-03  5.0322E-02  24728E-02  5.4552E-03  1.6622E-02  1.2902E-02  3.8566E-02  3.9942E-02  3.6117E-02  2.4541E-01  4.8023E-02
9 AVG 85141E02  24155E-01  5.0942E-01  13436E-01  54385E-02  1.7698E-01  5.5405E-02  1.0299E-01  1.2354E+00  1.8697E+00  1.8856E+0l  1.3267E+00
STD 1.0S81E-02  1.0857E-02  2.5268E-02  1.7649E-02  1.4087E-03  6.5838E-03  1.0393E-03  2.2886E-03  3.8527E-02  3.7538E-02  3.1612E-01  4.2794E-02
10 AVG 87069E-02  2.3754E-01  5.1469E-01  12952E-01  58847E-02  1.8456E-01  5.6810E-02  1.0942E-01  1.2318E+00  1.8900E+00  1.8407E+01  1.3242E+00
STD 1.3099E-02  8.0750E-03  9.0934E-03  2.6208E-03  6.5503E-03  6.830SE-03  L.1119E-03  3.8306E-03  3.2860E-02  2.8521E-02  2.3285E-01  3.6913E-02
11 AVG T.0973E-01  2.7948E-01  6.0385E-01  1.4750E-01  7.4160E-02  2.3370E-01  7.4772E-02  12310E-01  1.2660E+00  1.9484E+00  2.0867E+01  1.3537E+00
STD 1.8967E-02  6.3348E-03  1.8910E-02  2.0102E-03  2.3364E-03  2.9999E-03  1.8899E-03  2.2398E-03  4.1613E-02  7.9857E-02  23752E-01  3.9350E-02
2 AVG 29447E01  6.2233E-01  1.3654E+00  3.0080E-01  22701E-01  5.6836E-01  2.2116E-01  2.7490E-01  1.4291E+00  2.2837E+00  3.7486E+01  1.5419E+00
STD 6.2598E-02  1.3721E-02  4.3933E-02  8.8185E-03  3.4986E-03  1.0801E-02  3.6391E-03  5.8563E-03  3.6080E-02  4.8352E-02  4.111SE-01  5.4198E-02
3 AVG 27685E-01  6.2581E-01  1.3485E+00  3.0105E-01  23332E-01  5.6658E-01  2.2389E-01  2.7561E-01  1.4432E+00  2.2772E+00  3.7669E+01  1.5366E+00
STD 29003E-02  24484E-02  2.1997E-02  52702E-03  1.8196E-02  1.3690E-02  8.7598E-03  5.8657E-03  5.7569E-02  5.2934E-02  3.8423E-01  3.7045E-02
TABLE 12. Results of the computational running time for benchmark functions with 100 dimensions.
Func. Metric DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
1 AVG 12945E-01  34384E-01  1.1444E+00  23467E-01  9.0365E-02  1.9715B-01  1.5822E-01  2.7802E-01  3.7673E+00  54972E+00  2.1396E+01  3.6540E+00
STD 7.3404E-02  1.8085E-01  4.9669E-01  1.6997E-01  4.7374E-02  7.7935E-02  4.0699E-02  5.9965E-02  3.3261E-01  2.8087E-01  4.8943E-01  3.2664E-01
2 AVG T.1258E-01  2.0441E-01  1.0131E+00  1.8787E-01  7.9638E-02  1.7943E-01  1.3751E-01  2.5085E-01  3.6184E+00  5.3882E+00  2.1936E+01  3.5645E+00
STD 2.8407B-02  5.6994E-02  1.6009E-01  4.0499E-02  1.3430E-02  6.8805E-03  7.6726E-03  2.2545E-02  1.1605E-01  1.5780E-01  4.3870E-01  2.3629E-01
3 AVG 5364GE-01  1.1403E+00  3.0347E+00  5.0763E-01  5.118SE-01  1.0355E+00  5.7567E-01  6.70GSE-O1  4.0546E+00  6.2450E+00  G.4416E+01  3.9757E+00
STD 6.9038E-02  8.2145E-02  2.0163E-01  4.6102E-02  5.9230E-02  8.2793E-02  7.0482E-02  5.2209E-02  1.0878E-01  14851E-01  3.8227E+00  2.2135E-01
4 AVG 1.0072E01  2.6704E-01  9.5105E-01  1.7401E-01  7.4428E-02  1.6323E-01  13372E-01  2.3981E-01  3.6282E+00  5.4334E+00  2.1374E+01  3.5463E+00
STD 1.5928E-02  1.3352E-02  4.6803E-02  1.0353E-02  7.9498E-03  3.8896E-03  4.4382E-03  4.9779E-03  1.4603E-01  1.5759E-01  3.1916E-01  1.6421E-01
5 AVG 12820E-01  34037E-01  1.0666E+00  2.0236E-01  9.9621E-02  2.2530E-01  1.5660E-01  2.6323E-01  3.6358E+00  5.4059E+00  2.3824E+01  3.6074E+00
STD 33617E-02  8.5074E-02  1.7338E-01  3.712E-02  1.9707E-02  44720E-02  2.5804E-02  1.I898E-02  1.0912E-01  1.4281E-01  2.1815E-01  1.6143E-01
6 AVG LIST4E-01  33941E01  1.1261E+00  2.0899E-01  92158E-02  1.8773E-01  1.6281E-01  2.0884E-01  4.1773E+00  5.8337E+00  2.3983E+01  4.0543E+00
STD 5.6851E-02  1.6777E-01  5.3746E-01  1.0125E-01  4.0167E-02  4.9821E-02  1.0398E-01  1.5204E-01  1.6769E+00  7.0478E-01  1.8958E+00  8.6641E-01
7 AVG 2958501  GA446SE-01  1.8039E+00  3.5831E-01  2.8120E-01  5.6658E-01  3.2155E-01  44716E-01  4.2350E+00  G.3911E+00  3.7999E+01  3.7598E+00
STD 8.0480E-02  1.2837E-01  3.1327E-01  6.6581E-02  1.I949E-01  14732E-01  7.2176E-02  L.OG49E-01  1.2617E+00  1.6558E+00  1.5767E+00  2.1501E-01
3 AVG T4707E-01  3.5879E-01  I.1421E+00  2.2520E-01  I.1406E-01  2.6581E-01  1.8082E-01  2.9727E-01  3.6548E+00  5.4962E+00  2.6958E+01  3.5946E+00
STD 2.1517B-02  1.2611E-02  4.8240E-02  2.7645E-02  3.8115E-03  2.4599E-02  3.0626E-02  4.6924E-02  8.1737E-02  1.5988E-01  5.5092E-01  1.3263E-01
9 AVG T.0920E-01  2.8979E-01  1.0857E+00  2.1066E-01  L.OIG4E-O1  2.3351E-01  1.5971E-01  2.6532E-01  3.6471E+00  5.5277E+00  2.4916E+01  3.5748E+00
STD LI116E-02  8.9377E-03  3.6971E-02  23790E-02  2.6303E-03  6.4221E-03  4.8461E-03  7.3177E-03  1.0306E-01  2.9206E-01  4.4259E-01  1.4673E-01
10 AVG T2019E01  2.9455E-01  L.II5IE+00  2.0962E-01  1.0933E-01  2.4668E-01  1.5958E-01  2.7906E-01 _ 3.6604E+00  5.5081E+00  2.4448E+01  3.6471E+00
STD 24370E-02  1.3404E-02  3.2789E-02  6.1885E-03  5.7120E-03  2.0852E-02  4.6766E-03  9.2509E-03  1.1698E-01  1.8148E-01  5.8376E-01  1.7814E-01
11 AVG T4743E-01  3.7201E-01  1.2887E+00  2.3994E-01  13239E-01  3.2178E-01  1.9185E-01  3.0731E-01  3.7293E+00  5.5600E+00  2.7049E+01  3.6379E+00
STD 2.9467E-02  7.3296E-02  23770E-01  3.8721E-02  1.2495E-02  4.9391E-02  3.6353E-02  5.4153E-02  2.1365E-01  1.6876E-01  3.9297E-01  1.8490E-01
12 AVG 5.4455E-01  I.145IE+00  2.9917E+00  5.0447E-01  4.9223E-01  1.0520E+00  5.3876E-01  6.5261E-01  4.0849E+00  6.3156E+00  6.5093E+01  4.0284E+00
STD 6.6507E-02  8.0462E-02  3.6353E-02  23902E-02  9.7956E-03  2.0390E-02  1.1621E-02  1.1445E-02  1.0881E-01  1.8424E-01  13824E+00  1.6444E-01
13 AVG 54418E-01  1.1307E+00  3.0023E+00  5.0625E-01  4.9362E-01  1.0826E+00  5.5679E-01  6.6865E-01  4.0756E+00  6.2852E+00  6.5121E+01  3.9994E+00
STD 93773E-02  12592E-01  7.0388E-02  1.9671E-02  1.2993E-02  1.3206E-01  9.4915E-02  3.7774E-02  1.1452E-01  16492E-01  1.7720E+00  1.5162E-01
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values to determine the rankings of the metaheuristics. A brief
mathematical basis of the Friedman test is described in
Appendix B. In Tables 21 - 26, we present the ranking results
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TABLE 13. Results of the computational running time for benchmark functions with 250 dimensions.

Func. Metric DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
1 AVG 14599E-01  3.7713E-01  2.0313E+00  2.8938E-01  1.4336E-01  1.887SE-01  3.1915E-01  5.6026E-01  8.8493E+00  1.2986E+01 ~ 2.9167E+01  8.3387E+00
STD 3.5960E-02  5.6613E-02  1.2814E-01  1.5582E-02  3.5507E-03  53394E-03  5.9406E-03  1.5394E-02  2.2655E-01  4.3922E-01  5.0146E-01  3.3141E-01
2 AVG I5495E-01  4.0505E-01  2.0799E+00  2.9675E-01  1.5095E-01  2.1310E-01  3.3295E-01  5.80GIE-01  O.1453E+00  1.2944E+01  3.0030E+01  8.4570E+00
STD 33526E-02  7.7944E-02  6.9019E-02  12374E-02  2.0398E-02  9.2383E-03  1.8900E-02  4.4372E-02  6.8991E-01  3.8446E-01  6.2366E-01  3.5647E-01
3 AVG T4471E+00  3.0350E+00  8.5047E+00  1.5887E+00  1.4590E+00  2.8816E+00  1.6300E+00  1.8587E+00  1.0220E+01  1.5497E+01  1.6077E+02  9.650GE+00
STD 1.0178E-01  1.9682E-01  5.5056E-01  1.0383E-01  1.0917E-01  2.150SE-01  1.3461E-01  1.0523E-01  3.9795E-01  2.6124E-01  1.0152E+01  5.2013E-01
4 AVG T4027E-01  3.6897E-01  1.9931E+00  2.8326E-01  14376E-01  1.8613E-01  3.1983E-01  5.5606E-01  8.8512E+00  1.2944E+01  2.0408E+01  8.3672E+00
STD 3.2368E-02  7.4842E-02  6.0757E-02  7.9618E-03  3.9562E-03  1.1736E-02  6.1597E-03  8.9961E-03  2.1567E-01  3.7089E-01  4.5939E-01  3.4677E-01
5 AVG T.5602E-01  4.1836E-01  2.0636E+00  3.1760E-01  1.7455E-01  2.4757E-01  3.4042E-01  5.7920E-01  8.9236E+00  1.2982E+01  3.2063E+01  8.3692E+00
STD 6.5125E-03  1.3607E-02  3.7534E-02  29520E-02  1.9221E-02  7.4437E-03  7.0710E-03  1.2634E-02  2.3113E-01  4.101SE-01  4.8521E-01  3.2189E-01
6 AVG 13466E-01  3.6442E-01  2.0265E+00  2.9845E-01  1.4995E-01  1OII14E-01  3.1934E-01  55707E-01  8OIIIE+00  1.2949E+01  2.9335E+01  8.32356E+00
STD 1.5865E-02  2.0397E-02  6.6982E-02  5.6770E-02  2.0998E-02  1.0572E-02  6.9071E-03  1.0370E-02  2.2258E-01  3.7281E-01  4.7303E-01  3.3636E-01
7 AVG 50633E-01  L.I1I9E+00 3.8157E+00  6.6218E-01  5.1712E-01  9.6604E-01  6.9683E-01  9.4175E-01  9.4664E+00  1.4023E+01  6.6433E+01  8.7082E+00
STD 23382E-02  3.1869E-02  8.0254E-02  2.2886E-02  1.4098E-02  5.187SE-02  3.9310E-02  3.6160E-02  7.2080E-01  1.2317E+00  9.2155E-01  3.4235E-01
8 AVG  2323IE01  55400E-01  2.4352E+00  3.7343E-01  2.2733E-01  3.8461E-01  4.0416E-01  6.4243E-01  8.9633E+00  1.3210E+01  39116E+01  8.4372E+00
STD 2.4689E-02  4.1082E-02  6.4899E-02  8.6836E-03  5.1139E-03  12166E-02  1.0G04E-02  8.4807E-03  2.2490E-01  5.6459E-01  6.0977E-01  3.3174E-01
9 AVG T6II3E01  4.1020E-01  2.3551E+00  3.5800E-01  2.1200E-01  3.4785E-01 _ 3.8556E-01 _ 6.091SE-01  8.9456E+00  1.3069E+01  3.6451E+01  8.3904E+00
STD 4.9316E-03  1.3183E-02  4.2044E-02  9.3391E-03  6.0455E-03  6.061SE-03  1.5553E-02  13674E-02  2.2371E-01  3.6809E-01  4.5800E-01  3.1116E-0I
10 AVG T6405E-01  42176E-01  2.4180E+00  3.7536E-01  2.2586E-01  3.7280E-01 _ 3.8298E-01  6.5146E-01  8.9420E+00  1.3125E+01  3.5571E+01  8.4752E+00
STD 8.8004E-03  3.9793E-02  7.5863E-02  1.5217E-02  1.0282E-02  12747E-02  1.2104E-02  3.0025E-02  2.2484E-01  3.8721E-01  5.0203E-01  3.4951E-01
T AVG  2.0070E-01 _ 49279E-01  2.5572E+00  4.0419E-01  2.5420E-01  46156E-01  4.2506E-01  6.8167E-01  O.01I8E+00  1.322/E+01 _ 39200E+01  8.4837E+00
STD LI102E-02  2.6829E-02  5.9539E-02  1.0384E-02  5.1886E-03  1.2914E-02  1.0498E-02  3.0300E-02  2.479SE-01  3.8974E-01  5.6150E-01  3.3745E-01
2 AVG T1031E+00  22145E+00  6.5849E+00  12194E+00  1.1256E+00  2.1964E+00  1.2652E+00  1.5352E+00  9.9616E+00  I.51ISE+01  12269E+02  9.4444E+00
STD 1.9535E-01  5.6914E-02  1.7417E-01  5.0282E-02  1.5279E-01  2.5777E-01  1.8275E-01  2.0129E-01  3.7464E-01  8.0479E-01  1.6806E+00  5.9052E-01
3 AVG T.0824E+00  2.1230E+00  6.5745E+00  1.1958E+00  1.0706E+00  2.0798E+00  1.2112E+00  1.4735E+00  9.8071E+00  1.4821E+01  1.2247E+02  9.3043E+00
STD 1.9366E-01  6.0389E-02  2.7551E-01  L7013E-02  3.3529E-02  3.3545E-02  1.6309E-02  3.8684E-02  2.3084E-01  4.0335E-01  1.9159E+00  3.4716E-01
TABLE 14. Results of the computational running time of benchmark functions with 500 dimensions.
Func. Metric  DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
1 AVG  21709E-01  53660E-01  3.7983E+00  5.0932E-01  2.7653E-01  2.1446E-01  6.2717E-01  1.0879E+00  1.7590E+01  2.5306E+01  4.2019E+01  1.6453E+01
STD 5.8523E-02  13591E-01  1.6922E-01  1.1180E-01  5.1809E-02  4.0034E-02  1.8252E-02  2.2855E-02  3.8014E-01  7.8682E-01  6.9402E-01  7.5667E-01
2 AVG  22282E01  54608E-01  3.8070E+00  4.9367E-01  2.6572E-01  2.3527E-01  6.3552E-01  1.0917E+00  1.7539E+01  2.5253E+01  4.2269E+01  1.6380E+01
STD 49775B-02  1.0483E-01  L.I740E-01  2.2841E-02  5.5530E-03  5.2220E-03  13055B-02  1.7639E-02  4.3971E-01  7.3602E-01  5.5722E-01  7.5484E-01
3 AVG  3.7990E+00  7.63635+00  2.1T74E+01  3.9580E+00  3.7715E+00  7.2868E+00  4.0091E+00  4.5680E+00  2.1047E+01  3.2391E+01  3.0149E+02  2.0046E+01
STD 3.8861E-01  5.0337E-01  1.0927E+00  2.0180E-01  2.1662E-0l  4.2450E-01  2.1750E-01  2.1233E-01  52801E-01  6.5128E-01  2.0125E+01  1.3799E+00
7 AVG  2.1264E01  5.1496B-01  3.7243E+00  4.7481E-01  2.6517E-01  1.9705E-01  6.3497E-01  1.0998E+00  1.7689E+01  2.5381E+01  4.1906E+01  1.6313E+01
STD 53123E02  9.7402E-02  12939E-01  1.3316E-02  7.1288E-03  6.3641E-03  5.0114E-02  55605E-02  6.0121E-01  9.1717E-01  6.4898E-0l  6.4898E-01
3 AVG 2227301  58I70B-01  3.8005E+00  5.2358E-01  3.0472E-01  2.7827E-01  6.5896E-01  I.1275E+00  1.7696E+01  2.5504E+01  4.5678E+01  1.6468E+01
STD 8.1877E-03  33329E-02  13579E-01  S5.6446E-02  1.5961E-02  6.6291E-03  2.995IE-02  33605E-02  5.0936E-01  1.I268E+00  9.1663E-01  7.3124E-01
6 AVG T9888E-01  5.3513E-01  3.8055E+00  4.8049E-01  2.6352E-01  2.0666E-01  62771E-01  1.0873E+00  1.7518E+01  2.5236E+01  4.1954E+01  1.6416E+01
STD 37324E-02  13201E-01  2.6154E-01  1.605SE-02  3.6144E-03  3.1944E-03  2.0163E-02  19590E-02  4.2232E-01  7.3355E-01  5.3287E-01  7.8260E-01
7 AVG  O5314E-01  1986AE+00  7.3397E+00  1.22125+00  9.9380E-01  1.6956E+00  1.3611E+00  I1.8160E+00  1.8267E+01  2.6764E+01  1.1S63E+02  1.6987E+0I
STD 12918E-01  9.9847E-02  1.0168E-01  4.1200E-02  1.6867E-02  4.2998E-02  4.0207E-02  3.2869E-02  4.9239E-01  7.2627E-01  1.4619E+00  6.8798E-01
8 AVG  36621E01  83557B-01  4.5448E+00  GA308E-01  4.2746E-01  5.6130E-01  7.7990E-01  12534E+00  1.7800E+01  2.5509E+01  5.0537E+01  1.644TE+0I
STD 8.9467E-03  1.1634E-02  1.0055E-01  1.7817E-02  7.2233E-03  1.1431E-02  13954E-02  2.8444E-02  4.9742E-01  7.0795E-01  1.0341E+00  6.4622E-01
9 AVG  26628E01  6.1999E-01  44998E+00  6.2554E-01  4.0553E-01  5.2451E-01  7.6860E-01  I.IS03E+00  I1.7740E+01  2.5528E+01  5.5920E+01  1.6465E+01
STD 56101E-02  1.1487E-01  1.0386E-01  1.5591E-02  1.5164E-02  1.910SE-02  1.04SIE-01  2.7973E-02  42556E-01  6.8892E-01  7.260SE-01  7.1S84E-01
10 AVG  26010E-01  6A403IE-01  4.5400E+00  6.5194E-01  4.1952E-01  54626B-01  74672E-01  1.2504E+00  1.7724E+01  2.5646E+01  5.4335E+01  1.6789E+01
STD 4.6325B-02  2.0562E-01  2.2577E-01  2.7528E-02  1.8332E-02  1.5630E-02  19099E-02  2.7289E-02  4.2972E-01  7.681SE-01  9.37I3E-01  9.4344E-01
T AVG  30855E01  73145B-01  4.7601E+00  6.9320E-01  4.7033E-01  6.7626E-01 _ S.1197E-01 _ 13006E+00  I1.7998E+01  2.5781E+01  5.8960E+01  1.6576E+0I
STD 4.9688E-02  1.066IE-01  1.2558E-01  1.4481E-02  1.3600E-02  1.5626E-02  1.5990E-02  3.9243E-02  84674E-01  7.5796E-01  1.4950E+00  7.3743E-01
2 AVG  20059E+00  3.9740B+00  1.2411E+01  2.2163E+00  2.0059E+00  3.7565E+00  2.3475E+00  28151E+00  19333E+01  2.8879E+01  2.1588E+02  1.8099E+01
STD 2.8338E-01  1.I889E-01  2.8244E-01  3.9990E-02  2.1211E-02  5.9066E-02  7.5961E-02  4.1010E-02  4.9201E-01  7.3785E-01  2.4290E+00  6.5306E-01
[B AVG TO770E+00  3.7722E+00  1.2430E+01  2.2158E+00  2.0543E+00  3.8402E+00  2.3415E+00  2.8732E+00  1.9634E+01  2.0020E+01  2.1740E+02  1.8090E+01
STD 27965E-01  59836E-02  3.4410B-01  4.2396E-02  1.4573E-01  2.8752E-01  8.5919E-02  1.6768E-01  93133E-01  8.8729E-01  2.8759E+00  6.5045E-01
TABLE 15. Results of the computational running time of multimodal benchmark functions with fixed dimensions.
Func. Metric DSO TLBO GA DE PSO ABC GWO ScA BBO ACO RCSA HS
14 AVG 3.1181E01  7.1691E-01  1.3601E+00  3.1874E-01  2.6546E-01  6.4102E-01 ~ 2.2823E-01  2.6419E-01  4.5375E-01  9.0469E-01  3.9355E+01  6.2578E-01
STD 53591E-02  1.3140E-01  5.2272E-02  9.5423E-03  1.4201E-02  2.2557E-02  3.9048E-02  4.6644E-02  7.6163E-02  5.3740E-02  7.9639E-01  1.9807E-02
15 AVG 72984E-02  2.1338E-01  3.0234E-01  1.0512E-01  3.7701E02  1.5951E-01  1.8265B-02 4.3745B-02  2.7620E-01 _ 5.1175E-01  1.5909E+01  4.3651E-01
STD 8.4868E-03  1.5386E-02  4.7327E-03  2.6403E-03  1.9880E-03  1.I864E-02  5.6506E-04  1.1809E-02  8.7164E-03  1.0897E-02  2.3990E-01  1.4624E-02
16 AVG 74021E-02  2.1616E-01  2.9500E-01  1.0346E-01  3.5200E-02  1.5229E-01  1.6085E-02  3.8210E-02  1.9856E-01  3.8949E-01  1.4793E+01  3.6575E-01
STD 2.0876E-02  4.9678E-02  2.1312E-02  23016E-03  1.3339E-03  5.0001E-03  4.700SE-04  3.8772E-03  6.8342E-03  5.7716E-03  2.2271E-01  1.8937E-02
17 AVG 6.7527E-02  2.0451E-01  2.7484E-01  1.0I6SE-O1  3.2959E-02  1.4862E-01  1.IS66B-02  3.3118E-02  1.9630E-01  3.8591E-01  1.4454E+01  3.6214E-01
STD 6.4251E-03  2.4701E-02  2.1974E-02  7.0291E-03  4.8607E-03  1.1845E-02  2.6680E-04  2.5418E-03  5.3975E-03  1.4601E-02  1.7055E-01  2.5697E-02
18 AVG 6.5656E-02  1.9843E-01  2.6706E-01  9.9969E-02  2.9952E-02  1.4166E-01  1.1094E-02  3.019E-02  1.9511E-01  3.8268E-01  1.4184E+01  3.6758E-O1
STD 1.2092E-02  3.7524E-02  1.3397E-02  6.1094E-03  1.1234E-03  2.1099E-03  4.0806E-04  1.IS36E-03  8.0280E-03  2.4655E-02  1.7641E-01  6.1518E-02
19 AVG 76564E-02  22445E-01  3.1956E-01  1.1228E-01  42109E-02  1.7822E-01  2.3212E-02  4.8652E-02  2.6852E-01 _ 5.1088E-01  1.6800E+01  4.1871E-01
STD 5.2943E-03  1.6478E-02  3.2952E-02  1.3169E-02  3.8813E-03  3.1141E-02  1.0860E-02  1.6827E-02  1.0000E-01  1.7996E-01  3.8054E-01  4.6201E-02
20 AVG 77430E-02  2.2561E-01  3.3705E-01  L.II53E-01  4.3830E-02  1.7103E-01  24335B-02  5.1555E-02  3.5708E-01  6.3285E-01  1.7442E+01  5.0985E-01
STD 3.0323E-03  5.0060E-03  1.2665E-02  3.8177E-03  3.4834E-03  7.0671E-03  5.8958E-04  1.1474E-03  9.4728E-03  2.3294E-02  3.6136E-01  1.8599E-02
21 AVG 9.1951E-02  2.5924E-01  3.8075E-01  1.2322E-01  57040E-02  1.9726E-01  3.2934E-02  6.0542E-02  3.0613E-01  5.7054E-01  1.8747E+01  4.6581E-01
STD 3.9671E-03  1.2364E-02  3.0856E-02  5.1373E-03  6.1227E-03  4.3484E-03  1.5608E-03  2.7727E-03  2.1292E-02  3.1321E-02  1.I850E+00  1.3320E-02
22 AVG 98450E-02  2.7048E-01  4.0899E-01  1.2887E-0  6.1068E-02  2.1107E-01  3.8862E-02  6.8494E-02  3.I111E-01  5.8180E-01  1.8978E+01  4.7234E-01
STD 4.6804E-03  1.1485E-02  1.741SE-02  4.8964E-03  3.5256E-03  9.1513E-03  3.4167E-03  6.2284E-03  7.9045E-03  2.7667E-02  5.2834E-01  1.4958E-02
23 AVG 1.0828E-01  2.8571E-01  4.4981E-01  1.3779E-01  6.8334E-02  2.2850E-01  4.8491E-02  7.5240E-02  3.2314E-01  5.9529E-01  1.9783E+01  4.8339E-01
STD 7.5256E-03  5.2531E-03  3.0666E-02  8.1727E-03  1.9194E-03  7.1020E-03  7.8251E-03  5.4718E-03  1.6076E-02  2.3569E-02  3.3660E-01  1.4472E-02

of the metaheuristics when subjected to the Friedman test.
In Tables 21-24, we see that the Friedman statistics (i.e.,
68.15, 93.36,92.92, and 87.57, respectively) are greater than
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the critical value of 19.68. Hence, we reject the null hypoth-
esis that assumes that all the metaheuristics have the same
performance. Consequently, in Tables 21-24, we see that
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FIGURE 20. Illustration of the DSO search trajectory for F14.
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FIGURE 21. Illustration of the DSO search trajectory for F16.

the performance of the DSO improved as the variable
dimensional sizes increased for both unimodal and mul-
timodal benchmark functions. In several instances, either
DSO outperformed the other metaheuristics, or it was the
second-best metaheuristic. Besides, the ranking results of
the fixed-dimensional benchmark functions are presented
in Table 25. We observe that the Friedman statistic (i.e.,
—184.05) is far less than the critical value of 19.68. Hence,
the null hypothesis is accepted and therefore, the perfor-
mances of all the metaheuristics are the same. However, from
a wholistic view depicted in Table 26, and with a Fieldman
statistic value of 40.45 greater than the critical value of 19.68,
we observe that both the DSO and ACO outperformed all the
other metaheuristics.

B. COMPOSITE BENCHMARK TEST FUNCTIONS

Similar to the multimodal functions, composite functions
have several local optima and, consequently, a harsh and
challenging search landscape which is highly similar to real
search spaces [44]. Figures 22 and 23 illustrate the local
optima and a jagged landscape of functions F26 and F27.
Composite functions are recursive structurally and an effec-
tive way of testing the performance of metaheuristics on local
optima avoidance. Hence, composite functions test the explo-
ration and exploitation capabilities of metaheuristics. In this
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FIGURE 22. Illustration of the rotated hybrid composition function 1 with
noise in fitness (i.e., F26).

FIGURE 23. lllustration of the rotated hybrid composition function 2
(i.e., F27).

work, we investigate the performance of the DSO in solving
composite functions along lines of accuracy, computational
running time, and the Wilcoxon rank sum metric. We inves-
tigate six composite functions (i.e., F24-F29), namely [118]:
(1) hybrid composition function 1, (ii) rotated hybrid compo-
sition function 1, (iii) rotated hybrid composition function 1
with noise, (iv) rotated hybrid composition function 2, (v)
rotated hybrid composition function with a narrow basin
for the global optimum, and (vi) rotated hybrid composition
function 2 with the global optimum on bounds. Further-
more, the functional entities, range, and optimal values of the
benchmark composite functions in this work are illustrated in
Table 27.

1) ACCURACY TEST

In Table 28, we investigate the accuracy of the DSO for
the above mentioned composite functions [118] and also
comparing with other metaheuristics. We observe that the
performance of the DSO is similar to that of the GA, GWO,
PSO, SCA, and ABC for functions F24, F25, F27, F28, and
F29 respectively, in no particular order.

2) COMPUTATIONAL RUNNING TIME

In Table 29, we observe that the computational running time
of the DSO is comparable with other metaheuristics. The
DSO’s average computational running time in solving the
composite function is 31.75s.

3) WILCOXON RANK SUM TEST AND FRIEDMAN TEST

We investigate the p-values of the DSO and other metaheuris-
tics to see the statistical significance of the results of the meta-
heuristics. In Table 30, we observe that all the metaheuristics
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TABLE 16. Results of the rank sum metric of benchmark functions with 30 dimensions.

Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
1 1.1962E-19  1.1686E-13  1.1962E-19  2.8346E-02  8.1351E-09  4.9723E-13  1.1341E-04  6.1755E-01  2.9754E-01  6.7811E-01  7.8741E-09  1.3070E-04
2 1.1962E-19  1.1686E-13  1.1962E-19  1.5478E-01  1.3985E-13  6.8340E-09  4.9545E-03  2.9134E-03  6.5943E-02  4.4208E-01  1.6732E-07  4.8376E-05
3 1.1962E-19  1.1686E-13  5.2734E-19  1.0987E-01  2.7306E-02  1.3557E-09  4.5099E-02  4.6694E-02  1.5726E-04  5.6131E-13  7.8741E-09  1.0758E-03
4 1.1962E-19  1.1686E-13  6.6457E-12  7.8716E-02  3.5655E-02  1.7768E-10  2.6174E-02  1.0969E-03  4.2646E-05  2.7617E-19  7.8741E-09  4.4208E-01
5 4.0761E-09  5.0650E-14  1.1962E-19  23022E-03  4.9417E-06  1.8593E-12  8.7063E-05  7.5277E-03  6.1717E-03  2.4423E-01  1.8633E-18  2.0381E-01
6 5.0302E-01  1.0317E-13  1.1962E-19  3.2919E-01  8.4962E-09  1.7431E-13  1.2603E-02  3.6682E-01  3.5904E-07  1.9870E-03  1.3915E-19  1.6800E-04
7 1.9131E-19  7.9228E-14  1.1962E-19  7.3531E-01  2.7303E-09  4.3442E-13  24765E-03  3.5145E-01  1.3168E-04  3.8159E-01  9.3668E-09  2.4497E-01
8 1.0096E-06 ~ 4.8705E-03  3.2655E-06  4.4204E-04  9.2918E-01  3.3310E-02  2.0117E-03  1.6456E-19  2.8106E-03  2.0263E-10  1.1686E-13  1.1962E-19
9 4.0968E-07  1.2041E-11  4.5693E-18  1.0347E-01  1.7652E-01  6.2915E-04  1.3919E-06  8.2740E-07  1.7770E-01  5.1795E-15  5.2039E-04  9.3584E-10
10 1.1266E-16 ~ 1.4822E-15  5.1524E-08  1.3664E-01  7.9841E-03  29915E-03  9.9525E-20  7.2493E-04  5.9814E-05  3.4970E-05  5.2526E-09  9.4802E-01
11 48476E-16  9.0033E-17  1.0045E-19  8.7959E-01  3.2368E-09  5.8265E-13  1.1054E-04  6.1940E-01  6.7479E-01 ~ 8.2203E-01  5.5714E-09  1.6641E-04
12 8.6403E-05  7.8132E-14  1.1962E-19  1.7300E-04  3.2045E-03  8.1074E-11  1.5425E-01  2.0643E-01  5.6736E-09  1.8573E-05  3.2077E-19  8.3811E-01
13 9.8488E-13  1.5301E-07  1.1962E-19  3.3863E-05  1.8957E-02  3.1391E-12  1.3613E-02  8.7876E-04  8.1436E-07  8.1729E-04  1.1962E-19  7.2154E-01
TABLE 17. Results of the rank sum metric of benchmark functions with 100 dimensions.
Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
1 1.1962E-19  1.1686E-13  2.0115E-19  9.4522E-01  4.3669E-05  8.9697E-09  3.3007E-03  9.2482E-01  2.5747E-04  7.5984E-14  7.8741E-09  1.2345E-02
2 1.1962E-19  1.1686E-13  7.6422E-16  4.2913E-01  1.0896E-08  2.9545E-05  6.5048E-05  2.9149E-02  2.2899E-01  34584E-17  7.8741E-09  1.3683E-02
3 1.1962E-19  1.1686E-13  2.2109E-16  3.0010E-01  6.1884E-01  5.9645E-07  7.1743E-01  4.7509E-02  3.7564E-05  2.7367E-16  7.8741E-09  9.0272E-07
4 1.1962E-19  1.1686E-13  3.3462E-02  9.7258E-15  1.5771E-02  1.9353E-05  3.4138E-06  5.3337E-03  3.7564E-05  5.1698E-16 ~ 7.8741E-09  3.7762E-01
5 8.4743E-10  1.2069E-14  1.1211E-13  4.1641E-01  3.6140E-02  1.6027E-08  1.3405E-02  8.6403E-05  3.7564E-05  1.3915E-19  4.1077E-17  1.2898E-01
6 7.8740E-09  1.1686E-13  1.5913E-19  9.8611E-01  3.1507E-05  9.9946E-09  3.3400E-03  9.2773E-01  2.5201E-04  9.2327E-14  1.1962E-19  1.6416E-02
7 1.3683E-19  1.0461E-13  1.9029E-17  4.1013E-01  1.0214E-03  6.9848E-09  1.3405E-02  1.7012E-03  3.7564E-05  1.5866E-15  7.8741E-09  3.1930E-01
8 1.9870E-03  1.1184E-03  1.4246E-05  9.9050E-01  1.2264E-01  8.1884E-02  6.3136E-07  1.7893E-19  3.7600E-08 ~ 1.4094E-12  9.2327E-14  1.5913E-19
9 1.1266E-16  1.9008E-16 ~ 4.7842E-14  7.0180E-01  7.7273E-03  23053E-08  1.2442E-04  8.6155E-04  3.9263E-01  2.5071E-19  5.5268E-07  1.1841E-02
10 24246E-19  15126E-13  7.6579E-07  3.0717E-02  1.5295E-01  2.0751E-03  8.9663E-19  3.0390E-03  2.9235E-05  6.1328E-14  5.5612E-09  8.2515E-01
11 1.4085E-16  1.4085E-16  1.3581E-19  8.1485E-01  3.4344E-05  7.8486E-09  3.7858E-03  7.7097E-01  22684E-04  7.8735E-14  7.2713E-09  1.6579E-02
12 7.8741E-09  4.5907E-14  1.0905E-13  5.9071E-01  22059E-01  14715E-08  1.3474E-02  3.1005E-05  3.7564E-05  13011E-19  3.6635E-19  6.4872E-02
13 11686E-13  7.8741E-09  1.1686E-13  4.2913E-01  55161E-02  1.0549E-08  1.3405E-02  2.1986E-04  3.7564E-05  1.2371E-19  1.1962E-19  6.7853E-02
TABLE 18. Results of the rank sum metric of benchmark functions with 250 dimensions.
Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
1 1.1962E-19  1.1686E-13  1.0317E-13  8.5102E-01  3.7564E-05  7.8741E-09  1.3405E-02  8.5245E-01  3.7564E-05  13915E-19  7.8741E-09  1.3474E-02
2 1.1962E-19  1.1686E-13  1.1686E-13  4.1117E-01  1.8678E-03  1.4559E-08  1.2666E-08  3.3594E-05  1.1478E-02  1.1962E-19  5.9293E-04  3.2919E-01
3 1.1962E-19  1.1686E-13  2.0918E-17  2.3112E-01  6.1489E-02  6.5048E-05  1.3823E-02  1.2442E-01  4.5784E-05  2.4000E-15  7.8741E-09  5.5807E-07
4 1.1962E-19  1.1686E-13  7.2098E-02  8.1074E-11  13405E-02  1.7778E-02  8.4870E-16  6.9727E-05  3.7564E-05  2.7914E-12  7.8741E-09  4.1013E-01
5 1.I526E-13  6.0741E-12  1.4983E-13  3.9063E-01  1.1008E-02  6.4003E-09  1.4769E-02  2.2306E-04  3.7564E-05  12165E-19  1.7087E-15  2.3616E-01
6 7.8740E-09  1.1686E-13  1.1057E-13  8.6973E-01  4.9141E-05  7.8740E-09  1.3474E-02  8.6829E-01  3.7563E-05  12794E-19  1.1962E-19  1.1241E-02
7 1.2794E-19  1.1057E-13  3.0534E-13  4.0598E-01  1.9619E-02  3.3378E-09  1.3683E-02  4.0967E-04  3.7564E-05  1.3683E-19  7.8741E-09  1.2087E-01
8 4.4708E-02  1.2281E-02  3.2655E-06  6.3835E-01  1.2308E-01  5.1985E-02  7.2747E-07  1.8814E-19  12531E-08  1.5873E-12  1.1962E-19  1.1686E-13
9 1.4085E-16  1.4085E-16  1.0259E-13  1.9888E-01  3.6267E-04  7.2713E-09  3.6765E-03  3.5706E-08  1.1570E-01  9.8578E-20  1.1895E-05  6.2191E-01
10 1.8986E-19  1.0258E-12  2.7420E-09  3.2028E-02  24847E-01  5.0465E-03  3.2730E-16  4.2738E-03  1.7945E-05  6.0826E-16  2.8675E-09  6.2125E-01
11 1.4085E-16  1.4085E-16  6.6573E-14  9.9927E-01  3.6033E-05  7.2713E-09  1.4539E-02  9.7143E-01  3.6033E-05  1.6616E-19  7.2713E-09  1.3191E-02
12 8.8282E-11  2.3770E-19  1.3234E-13  22899E-01  1.3461E-01  6.9848E-09  3.9699E-02  3.8471E-05  3.7564E-05  1.2371E-19  1.1953E-11  7.6864E-02
13 1.1686E-13  7.8741E-09  1.1686E-13  3.6974E-01  4.8544E-02  7.7889E-09  1.6416E-02  8.9072E-05  3.7564E-05  12165E-19  1.1962E-19  1.2669E-01
TABLE 19. Results of the rank sum metric of benchmark functions with 500 dimensions.
Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
1 1.1962E-19  1.1686E-13  9.7600E-14  4.9141E-01  1.1257E-04  7.7889E-09  1.3405E-02  4.9141E-01  3.7564E-05  15133E-19  7.8741E-09  6.2757E-03
2 1.1962E-19  1.1686E-13  1.1686E-13  3.0439E-01  3.8675E-03  7.8741E-09  8.1351E-09  3.6677E-05  2.3243E-02  1.1962E-19  2.1828E-04  4.0494E-01
3 1.1962E-19  1.1686E-13  1.5551E-16  5.0069E-01  2.6924E-02  3.5640E-04  8.4472E-04  4.0701E-01  3.8166E-05  57448E-16  7.8741E-09  2.2058E-07
4 1.1957E-19  1.1683E-13  9.1937E-03  1.7402E-09  1.1538E-02  1.3847E-01  3.2319E-18  2.2413E-06  4.7244E-05  82793E-10  7.8726E-09  4.1013E-01
5 6.7732E-18  4.0183E-12  2.4807E-11  9.2613E-04  1.0625E-01  4.9775E-07  1.3965E-02  8.8528E-02  3.7564E-05  2.7063E-18  2.0051E-11  7.4450E-02
6 7.8735E-09  1.1685E-13  1.7915E-13  5.0302E-01  6.7607E-05  5.1390E-09  1.3823E-02  4.9488E-01  3.7862E-05  1.3681E-19  1.1960E-19  9.0475E-03
7 1.3683E-19  1.0461E-13  2.8916E-13  3.8359E-01  9.9585E-03  3.4897E-09  1.5456E-02  3.4197E-03  3.7564E-05  1.3683E-19  7.8741E-09  5.6098E-02
8 1.5425E-01  1.1783E-01  1.8364E-06  2.1648E-01  2.0401E-02  2.1834E-02  1.5582E-06  1.8502E-19  8.4090E-11  6.9586E-13  1.1962E-19  2.1082E-11
9 1.4085E-16  1.4085E-16  1.1465E-13  7.1729E-02  6.8643E-05  6.6621E-09  6.7875E-01  8.8468E-09  3.1286E-01  9.8578E-20  5.1865E-05  1.5142E-02
10 1.1475E-19  9.5968E-13  2.3935E-14  2.7874E-02  3.3904E-01  1.1784E-03  1.7675E-09  1.1557E-02  2.7444E-05  9.7250E-18  2.8674E-09  6.8468E-01
11 1.4085E-16  1.4085E-16  7.9842E-14  4.9970E-01  6.4022E-05  52316E-09  1.3465E-02  4.9504E-01  3.6033E-05  22094E-19  7.2713E-09  8.9847E-03
12 1.I686E-13  1.1962E-19  3.5681E-09  4.5737E-12  9.9488E-01  9.1158E-06  3.9699E-02  1.0723E-02  3.7564E-05  1.1435E-16  7.8740E-09  7.3945E-01
13 2.4600E-16  5.6736E-09  3.1808E-10  4.8209E-08  6.1755E-01  2.3876E-06  1.7001E-02  1.4620E-02  3.7564E-05  8.1420E-17  1.7579E-16  3.0181E-01

have a p-value of less than 5% and consequently reject
the null hypothesis. Moreover, in most instances, the DSO
outperforms the other compared metaheuristics except for
GA. This shows that the results of the DSO are statistically
significant and hence, reliable. Furthermore, we carry out
a Friedman test to evaluate the ranking of the metaheuris-
tics. This is similar to the statistical test carried out on the
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traditional benchmark function in Section IV-AS5. In Table 31,
the result of the Friedman test on the composite function
is presented. We see that the Fieldman statistics value is
calculated to be —377.43 and it is less than the value of the
critical value (i.e., 19.68). Hence, the null hypothesis that the
performances of all the metaheuristics are the same for all
the composite benchmark functions is valid.
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TABLE 20. Results of the rank sum metric of multimodal benchmark functions with fixed dimensions.

Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
14 1.2450E-08  4.0987E-14  5.5158E-01 5.8664E-03 1.4818E-04 1.6551E-01 5.0210E-18  9.4327E-03  5.2857E-09  7.3282E-13  2.5978E-07 1.6538E-03
15 2.2555E-10  2.2690E-10 1.6272E-05  2.7883E-01 1.9238E-02  5.0365E-04  7.1562E-04  5.8188E-01 2.7073E-06  3.1752E-01 1.5157E-04 1.6499E-02
16 7.4801E-08  3.0971E-11 1.3251E-14 1.4145E-11  6.6945E-11 5.8979E-03  3.3939E-14  2.3492E-08  5.0675E-O1 6.3780E-12 1.7710E-02  4.0674E-01
17 1.0972E-05 1.3307E-09  4.7519E-17 1.3307E-09 1.3307E-09  8.4937E-03  5.0371E-12  8.1250E-14  3.1578E-0l 1.3307E-09  4.0972E-08  3.4210E-01
18 2.6440E-06  4.8115E-12 1.6623E-10  3.8672E-13 1.4595E-05 1.6698E-07 1.0711E-12  4.3195E-02 1.1977E-01 8.9401E-13 1.5889E-02  2.9667E-01
19 7.7070E-01 7.7070E-01 7.7070E-01 9.4444E-04  7.7070E-01 7.7070E-01 7.7070E-01 7.7070E-01 7.7070E-01 7.7070E-01 7.7070E-01 7.7070E-01
20 1.5307E-02 1.9265E-06 1.6989E-13  4.3852E-02 1.7097E-02  2.2720E-02  2.6853E-01 9.6512E-17  9.7440E-02 1.6762E-08  6.4155E-01 3.4944E-01
21 7.6420E-02  2.7508E-11 3.3382E-08  3.4986E-08  8.5598E-01 1.4573E-02  8.7292E-03  4.4667E-14  6.3210E-03  4.8088E-01 7.6116E-02  5.3007E-01
22 5.0121E-01 2.2832E-09 1.7181E-07 1.7186E-10  3.0986E-02 1.4132E-01 3.2945E-05 1.9070E-08 1.6785E-01 9.4098E-07 1.5070E-02  9.5860E-04
23 1.7344E-01  7.2432E-07  7.0825E-06 1.4454E-08 1.2259E-03  9.7708E-03 1.3304E-02  8.2254E-07  2.5081E-04  2.0348E-07 1.2781E-03  2.7432E-05

TABLE 21. Results of the Fieldman test ranking for the unimodal and
multimodal benchmark functions with 30 dimensions.

Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS

F1 115 10 115 4 7 9 6 2 3 1 8 5
F2 11.5 10 11.5 2 9 8 4 5 3 1 7 6
F3 12 10 11 1 4 8 3 2 6 9 7 5
F4 12 10 9 2 3 8 4 5 6 11 7 1
F5 8 10 12 5 7 9 6 3 4 1 11 2
F6 1 10 12 3 8 9 4 2 7 5 11 6
F7 11 10 12 1 8 9 5 3 6 2 7 4
F8 8 3 7 6 1 2 5 11 4 9 10 12
Fo 8 10 12 3 2 4 6 7 1 11 5 9
F10 11 10 8 2 3 4 12 5 6 7 9 1
Fi11 10 11 12 1 8 9 6 4 3 2 7 5
F12 6 10 12 5 4 9 3 2 8 7 11 1
F13 10 8 115 6 2 9 3 4 7 5 115 1
Total 120 122 141.5 41 66 97 67 55 64 71 1115 58

TABLE 22. Results of the Fieldman test ranking for the unimodal and
multimodal benchmark functions with 100 dimensions.

Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS

Fl 12 9 11 1 6 7 4 2 5 10 8 3
F2 12 9 10 1 7 6 5 3 2 11 8 4
F3 12 9 11 3 2 7 1 4 5 10 8 6
F4 12 9 2 10 3 6 7 4 5 11 8 1
F5 8 10 9 1 3 7 4 5 6 12 11 2
F6 8 9 11 1 6 7 4 2 5 10 12 3
F71 12 9 11 1 5 8 3 4 6 10 7 2
F8 4 5 6 1 2 3 7 11 8 9 10 12
Fo 11 10 9 1 4 8 6 5 2 12 7 3
F10 12 9 7 3 2 5 11 4 6 10 8 1
F11 10.5 10.5 12 1 6 7 4 2 5 9 8 3
F12 8 10 9 1 2 7 4 6 5 12 11 3
F13 9.5 8 9.5 1 3 7 4 5 6 11 12 2
Total 131 116.5 117.5 26 51 85 64 57 66 137 118 45

TABLE 23. Results of the Fieldman test ranking for the unimodal and
multimodal benchmark functions with 250 dimensions.

Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS

F1 12 9 10 2 55 75 4 1 55 11 75 3
F2 115 9.5 9.5 1 4 7 8 6 3 11.5 5 2
F3 12 9 11 1 3 5 4 2 6 10 8 7
F4 12 10 2 8 4 3 11 5 6 9 7 1
F5 10 8 9 1 4 7 3 5 6 12 11 2
F6 75 9 10 1 5 75 3 2 6 11 12 4
F7 12 10 9 1 3 8 4 5 6 11 7 2
F8 4 5 6 1 2 3 7 11 8 9 12 10
F9 10.5 10.5 9 2 5 8 4 7 3 12 6 1
F10 12 9 8 3 2 4 11 5 6 10 7 1
F11 10.5 10.5 9 1 55 75 3 2 55 12 715 4
F12 8 11 10 1 2 7 4 5 6 12 9 3
F13 9.5 7 9.5 1 3 8 4 5 6 11 12 2
Total 131.5 117.5 112 24 48 82.5 70 61 73 141.5 111 42

TABLE 24. Results of the Fieldman test ranking for the unimodal and
multimodal benchmark functions with 500 dimensions.

Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS

F1 12 9 10 1.5 5 8 3 1.5 6 11 7 4
F2 11.5 9.5 9.5 2 4 8 7 6 3 115 5 1
F3 12 9 11 1 3 5 4 2 6 10 8 7
F4 12 10 4 8 3 2 11 6 5 9 7 1
F5 11 10 8 5 1 7 4 2 6 12 9 3
F6 7 10 9 1 5 8 3 2 6 11 12 4
F7 11.5 10 9 1 4 8 3 5 6 115 7 2
F8 2 3 6 1 5 4 7 11 8 10 12 9
Fo 10.5 10.5 9 3 5 8 1 7 2 12 6 4
F10 12 9 10 3 2 5 8 4 6 11 7 1
F11 10.5 10.5 9 1 5 8 3 2 6 12 7 4
F12 10 12 8 9 1 6 3 4 5 11 7 2
F13 10 8 9 7 1 6 3 4 5 12 11 2
Total 132 120.5 1115 43.5 44 83 60 56.5 70 144 105 44

V. ENGINEERING DESIGN PROBLEMS
Recently, engineering design problems (EDPs) have
been solved using optimisation metaheuristics to reduce
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TABLE 25. Results of the Fieldman test ranking for the fixed-dimensional
multimodal benchmark functions.

Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
Fl4 8 11 1 4 6 2 12 3 9 10 7 5
F15 12 11 9 3 4 7 6 1 10 2 8 5
F16 5 8 12 9 7 4 11 6 1 10 3 2
F17 4 75 12 75 75 3 10 11 2 75 5 1
F18 6 9 8 12 5 7 10 3 2 11 4 1
F19 6 6 6 12 6 6 6 6 6 6 6 6
F20 8 9 11 5 7 6 3 12 4 10 1 2
F21 4 11 10 9 1 6 7 12 8 3 5 2
F22 1 11 9 12 4 3 7 10 2 8 5 6
F23 1 10 8 12 5 3 2 9 6 11 4 7
TOTAL 55 935 86 855 525 47 74 73 50 785 48 37

TABLE 26. The overall results of the Fieldman test ranking for the
unimodal, multimodal, and fixed-dimensional multimodal benchmark
functions.

Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
F1/F13 30 Dim 10 11 12 1 5 8 6 2 4 7 9 3
F1/F13 100 Dim 11 8 9 1 3 7 5 4 6 12 10 2
F1/F13 250 Dim 11 10 9 1 3 7 5 4 6 12 8 2
F1/F13 500 Dim 11 10 9 1 2,5 7 6 4 5 12 8 2,5
Total 43 39 39 4 13.5 29 22 14 21 43 35 9.5

computational cost, testing their accuracy and versatility.
In this section, the DSO is applied to solve widely known
EDPs, namely: (i) I-beam EDP [119], (ii) Cantilever EDP
[120], and (iii)) Wind power maximisation and turbulence
intensity EDP [121].

A. I-BEAM EDP

The structural representation of the I-beam is illustrated in
Fig. 24. This design problem entails the maximisation of the
vertical deflection in which the mathematical formulation of
the problem is given by

. 5000
min (62)

b, bty tr b (h=21,)3 | b} h—tr \ 2
we lf By 12f +Tf+2btf( 2f)

subject to:

2bty, + ty(h—2tr) <0 (6b)
10< b <50 (6¢)
10< h <80 (6d)
09<1t, <5 (6e)
09=< 1 <5 (6f)

where b, h, t,,, and tr denote the width, length, thickness of the
vertical bar, and thickness of the horizontal bar, respectively.
The results of the DSO are presented in Table 33. Similar to
the previous tests, we compare the results of the DSO with
11 other metaheuristics. We observe that the DSO provided
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TABLE 27. Composite benchmark functions.

Function Var.  Range  frmin
Fy4: CF1 10 [55 0
fi, f2,+++, fio = Sphere function.

[o1,02, -+ ,010] = [1,1,---,1]

[A1, A2, -+, A10] = [5/100,5/100, - - ,5/100]

Fa5: CF2 10 [-5,51 0
fi, f2,+++, fio = Griewank’s function.

[o1,02,++ ,010] = [1,1,---,1]

[A1, A2, -+, A1o] = [5/100,5/100, - -+ ,5/100]

Fag: CF3 10 [55 0
fi, f2,- -+, fio = Griewank’s function.

[o1,00,- yo10] = [1,1,---, 1]

A1, A2, -+ 0] = [1,1,---,1]

Fs7: CF4 10 [-5,5] 0

f1, f2 = Sphere function

f3, fa = Rastrigin function

f5, fe = Weierstras function

fz, fs = Griewank function

fo, fio = Sphere function

[o1,02, -+ ,010] = [1,1,---,1]

[A1s A2, -+, Aio] = [5/32,5/32,1,1,5/0.5,
5/0.5,5/100,5/100,5/100, 5/100]

Fag: CF5 0 55 o0

f1, f2 = Rastrigin function

f3, f1 = Weierstras function

f5, fé = Griewank function

fz, fs = Ackley function

fo, fio = Sphere function

[c1,02,-+- ,010] = [1,1,---,1]

A, A2, -, Awo] = [1/5,1/5,5/0.5,5/0.5,5/100,
5/100,5/32,5/32,5/100, 5/100]

Fag: CF6 0 (551 0
f1, f2 = Rastrigin function

f3, fa = Weierstras function

fs, fe = Griewank function

f7, fs = Ackley function

fo, f10 = Sphere function

[o1,02, - ,010] = [0.1,0.2,0.3,0.4,0.5,0.6,0.7, 0.8,
0.9,1]
A1, A2y, Azo] = [0.1%1/5,0.2%1/5,0.3 % 5/0.5,

0.4 % 5/0.5,0.5 % 5/100, 0.6 % 5/100,
0.7 % 5/32,0.8 % 5/32,
0.9 % 5/100, 1 % 5/100]

FIGURE 24. Structural parameters of the I-beam.

better results than the GA, GWO, and RCSA, and the same
results with the other metaheuristics. This shows the DSO’s
ability to solve EDP.

B. CANTILEVER EDP

The cantilever structure is made up of five hollow square
blocks. Figure 25 shows the structure of the cantilever
with each square block denoting an optimisation parame-
ter. The cantilever design problem is premised on minimis-
ing the weight of the cantilever beam. The mathematical
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FIGURE 25. Structural parameters of the cantilever.

representation of the EDP is given by
min 0.6224(x1 + xp + x3 + x4 + X5) (7a)
X1, X2, X3, X4, X5

subject to:
61 27 19 7 1
St+t5+t3+3+5-1=0 (7b)
TR e I L
0.01 < x1, x2, x3, x4, x5 < 100 (7¢)

where x1, xp, x3, x4, and x5 denote the dimension of each
of the five hollow square blocks. Table 33 shows the results
of the DSO and other metaheuristics when applied to solve
the Cantilever EDP. In Table 33, we observe that the DSO
performed better than GA, PSO, ABC, GWO, and SCA.

C. WIND POWER MAXIMISATION AND TURBULENCE
INTENSITY EDP

Green energy has received enormous attention in recent
times, owing to global warming. Wind power is one major
way of generating clean and green energy [122]. Optimal
wind turbine placement is critical in wind power maximisa-
tion in wind plants. To do this, in this section, we engage the
work in [121] to optimise the placement of wind turbines in
maximising wind power generation and turbulence intensity.
The mathematical formulation of the problem is by [121]

B M T
3
ymax Z Z Z Bomi Upp i 83)
' ' b=1 m=1 i=1
subject to:
Am,i < amax (Sb)
0 < Bom,i Ug,m,i < pmax s0)
T <T1"™ s

T T
2 B Upmi < 2 Bhmi Upmi (89)
i=1 i=1

where P™ is the maximum power of the turbine at free

stream wind speed. T denotes the turbulence intensity. U

represents the wind speed m/s at turbine hub height. The

notation a is the turbine axial induction factor. 5 and M

denote the set of bins and wake zones, respectively.

Figures 26(a)-26(d) show the base case of a hexagonally
placed wind turbine farm with 30 rotor diameter at 4D, 5D,
6D, and 7D turbine spacing respectively, being compared
to the PSO [121], and the DSO optimised cases for each
wind inflow, power production, and turbulence intensity (TT)
experienced at each turbine in a major wake zone (MWZ),
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TABLE 28. Results of composite benchmark functions with 30 dimensions.

Func. Metric DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
24 AVG  6OI70E+01  2.3831E-01  2.0277E+02  1.8729E-01  6.6609E-01  3.4007E-01  4.5361E+01  4.9358E+00  2.1528E-01  1.7777E-01  1.7777E01  18365E-01
STD LI729E+02  24598E-01  LI217E+02  14924E-01  74961E-01  23365E-01  1.9639E+01  3.2391E+00  1.4303E-01  1.4045E-01  1.4045E-01  1.3032E-01
35 AVG T2256E+01  5.5912E-01  8.2212E+01  26005E01  80771E01  5.2847E-01  18962E+01  22806E+00  2.5651E-01  1.3250E-01  1.3250E-01  I.8561E-01
STD 1.0969E+01  1.0106E+00  39172E+01  37411E-01  13856E+00  24313E-01  1.7113E+01  1.0263E+00  2.8880E-01  4.3465E-02  4.3465E-02  2.4287E-01
26 AVG  39746E+01  88268E-01  O.6861E+01  53755E-01  83133E+00  3.7273E+00  3.3828E+01  7.5063E+00  1.5609E+00  7.5626E-01  7.5626E-01  8.8122E-01
STD 3.5247E+01  7.8187E-01  5.9368E+01  6.2459E-01  8.3262E+00  1.9084E+00  1.2232E+01  3.9070E+00  1.3582E+00  6.8196E-01  6.8196E-01  8.9604E-01
77 AVG  58011E+02  23687E+02  8.2880E+02  1.8750E+02  4.6027E+02  5.1309E+02  5.7633E+02  5.6224E+02  8.6432E-01  8.9318E-02  8.9318E-02  1.2383E+02
STD 17727E401  2.1752E+02  6.7577E+01  1.8219E+02  1.1037E+02  6.8025E+01  14467E+01  1.7229E+01  4.1318E-01  1.6554E-01  1.6554E-01  1.7124E+02
bH] AVG  6.5429E+02  0.2635E+01  8OI09E+02  1.0423E+02  4.3361E+02  5.3499E+02  6.1982E+02  5.8984E+02  6.6099E-01  3.1672B+02  3.1672B+02 _ 8.2450E+01
STD  2.0353E+01  1.5212E+02  6.6686E+01  1.0969E+02  14841E+02  74854E+01  33111E+01  3.8322E+01  22419E-01  59805E+01  5980SE+01  1.1121E+02
29 AVG  5.6092E+02  5.0836E+01  7.7485E+02  1.444TE+02  3.9997E+02  4.9259E+02  5.5900E+02  5.3761E+02  7.1943E-01  9.2173E-02 92173602 14010E+02
STD L5010E+01  1.0926E+02  5.2757E+01  14337E+02  12577E+02  54187E+01  1.2674E+01  1.2236E+01  1.8231E-01  6.9715E-02  6.9715E-02  1.3568E+02
TABLE 29. Results of computational time of composite benchmark functions with 30 dimensions.
Func. Metric DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
2 AVG  3.1244E+01  5.8938E+01  2.9439E+01  2.9423E+01  2.9791E+01  5.9681E+01  2.9074E+01  2.9078E+01  3.0574E+01  5.9247E+01  5.9247E+01  3.0375E+01
STD 34957E+00  5.5841E+00  2.8937E+00  33007E+00  43372E+00  6.2840E+00  2.7167E+00  2.3602E+00  3.7412E+00  4.9717E+00  4.9717E+00  2.9613E+00
bR AVG  30232E+01  55753E+01  2.7948E+01  2.8647E+01  2.7784E+01  5.7004E+01  2.8062E+01  2.7871E+01  2.9252E+01  5.7191E+01 _ 5.7191E+01  2.9133E+01
STD 1L6718E+00  1.5105E+00  8.6941E-01  22389E+00  7.0043E-01  24737E+00  1.5757E+00  9.2946E-01  1.6801E+00  1.7073E+00  1.7073E+00  1.3593E+00
76 AVG  3.2089E+01  GOIATE+01  3.0312E+01  2.0945E+01  3.0182E+01  6.1128E+01  2.9438E+01  2.9575E+01  3.0547E+01 _ 6.1250B+01 _ 6.1250B+01  3.0755E+01
STD  2.7830E+00  4.2354E+00  2.8506E+00  2.6089E+00  2.5375E+00  3.9540E+00  2.1346E+00  2.0766E+00  1.8516E+00  4.1985E+00  4.1985E+00  1.9830E+00
77 AVG  3.0695E+01  5.7391E+01  2.8605E+01  2.9403E+01  2.8790E+01  5.0173E+01  2.9096E+01  2.9026E+01  3.0445E+01  5.0871E+01  5.9871E+01  3.0619E+01
STD 1.6740E+00  2.6737E+00  1.4063E+00  3.0484E+00  23899E+00  44117E+00  2.1322E+00  2.4180E+00  2.9732E+00  5.3730E+00  5.3730E+00  3.2175E+00
bH] AVG  3.1600E+01  6.0350E+01  2.9585E+01  2.9166E+01  2.9528E+01  5.9801E+01  2.0104E+01  2.9709E+01  3.0458E+01  6.0239E+01 _ 6.0239E+01 _ 3.0079E+01
STD 34222E+00  5.9308E+00  34883E+00  2.0333E+00  2.9713E+00  4.2453E+00  2.1803E+00  3.0351E+00  2.9951E+00  4.6704E+00  4.6704E+00  2.0482E+00
9 AVG  34663E+01  GAIISE+0l  3.1159E+01  3.1412B+01  3.1277E+01  6.2994E+01 _ 3.1470E+01  3.0849E+01 _ 3.2189E+01  6.3583E+01 _ 6.3583E+01 _ 3.2460E+01
STD  4.4237E+00  8.6447E+00  4.1633E+00  4.2202E+00  3.2321E+00  6.171SE+00  4.8346E+00  2.8426E+00  3.7099E+00  6.0462E+00  6.0462E+00  3.2518E+00
TABLE 30. Results of the rank sum metric of composite benchmark functions with 30 dimensions.
Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
1 20505E-10  4.6068E-04  3.8498E-19  6.9724E-05  9.2336E-01 ~ 8.0287E-02  9.0341E-12  3.2016E-05  13642E-03  2.2275E-07  22275E-07  3.3934E-04
2 22059E-09  6.7852E-02  2.6708E-19  9.1817E-05  8.1954E-01  2.5249E-01  3.7170E-12  6.5046E-05 ~ 2.7439E-03  5.3567E-14  53567E-14  4.6706E-04
3 62722E-10  1.7243E-05  3.5045E-18  1.6077E-09  1.8771E-02  3.0526E-01  25117E-11  9.3831E-04  6.8571E-03  3.8788E-08  3.8788E-08  2.5962E-05
4 3.2951E-10  4.2606E-02  1.I960E-19  4.6290E-02  4.5303E-01  3.8653E-02  1.5539E-09  2.0663E-06  6.7593E-09  2.3858E-16  2.3858E-16  6.1716E-03
5 23962E-12  1.3799E-09  1.1534E-19  1.7846E-06  6.1353E-01  1.4283E-02  1.0971E-07  6.3087E-05  1.6239E-17  6.2399E-02  6.2399E-02  1.3677E-07
6 12095E-10  1.3565E-04  1.1960E-19  5.0888E-02  4.6302E-01 ~ 2.9149E-02  2.050SE-10  8.3706E-06 ~ 43026E-08  2.6543E-16  2.6543E-16  1.0665E-01
TABLE 31. Results of the Fieldman test ranking for the composite TABLE 33. Results of the cantilever beam design problem.
benchmark functions.
Meta-h T T2 T3 Ty s fmin
Func. DSO TLBO GA DE PSO ABC GWO SCA BBO ACO RCSA HS
DSO  607E+00  4.64E+00  442E+00  3.56E+00  2.33E+00  1.31E+01
F24 04 261 2 I 7 3 85 85 3 TLBO  5.98E+00  4.87E+00 447E+00  3.48E+00  2.14E+00  1.30E+01
F25 8 3 12 6 1 2 9 7 4 10.5 10.5 5
e oo aoe X i’ B 3 Al GA 226E+01  534E+00  143E+01  5.65E+00  2.93E+00  3.37E+01
F27 9 3 22 4 8 6 7 s 105 s DE S9TE+00  487E+00  447E+00  348E+00  2.14E+00  1.30E+0I
F28 10 9 2 6 1 4 8 5 11 25 25 7 PSO 5.81E+00  5.11E+00  4.77E+00  3.41E+00  2.08E+00  1.32E+01
F29 9 5 23 4 8 6 7 105 105 2 ABC  567E+00  S521E+00  5.66E+00  3.60E+00  2.32E+00  1.40E+0l
oL %6 30  n T s = x s » GWO  5.82E+00 5.02E+00  4.43E+00  357E+00  2.11E+00  1.38E+01
SCA  621E+00 S3IE+00 4.25E+00  420E+00  242E+00  1.39E+0I
BBO  597E+00  479E+00  448E+00  3.60E+00  2.14E+00  131E+01
ACO  597E+00  487E+00  447E+00  348E+00  2.14E+00  1.30E+0l
TABLE 32. Results of the 1-beam design prob|em_ RCSA 598E+00  4.88E+00  4.47E+00  3.48E+00  2.14E+00 1.30E+01
HS 5.84E+00 4.98E+00 4.57E+00 3.47E+00 2.12E+00 1.31E+01
| | Optimal values of variables | |
Meta-h
b h 2 t Opt. Vert. Defl. : : : . .
| | - ! | o | pitching turbine blades or adjusting generator torque to affect
DSO 50 80 5 5 0.005903 . . . ..
TLBO 50 30 5 5 0.005903 the tip speed ratio), the power production of each turbine in
gg 45;(1)_11519 ;(5).4091@ 2.898461 3.8565 gg(lj(s)ggg the MWZ as well as the turbulence intensity at each turbine is
PSO 50 80 5 5 0.005903 affected. The result here shows an improved performance in
ABC 50 80 5 5 0.005903 L. ..
GWO  49.88889  79.85318  4.990413  4.989573 0.006008 power production in DSO optimised cases when compared
SCA 50 80 5 5 0.005903 i : ;
BEO 20 % : p 0003903 to th.e.base and PSO optlmlsed cases, for all inflow wind
ACO 50 80 5 5 0.005903 conditions and turbine spacing.
RC-SA 4207324 7331952  3.624627  3.957323 0.010788 . - .
HS 50 80 5 5 0.005903 Although the DSO algorithm is lightweight and performs

better than most metaheuristic algorithms used in this study,
they were a few limitations observed in its performance,

using three mean inflow wind conditions (7, 8, and 10 m/s).
The wind rose and wind speed distribution for the considered
site are given in Appendix A section in [121]. By optimising
the axial induction factor (a parameter which is controlled by
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especially when dealing with lower or fixed dimension mul-
timodal problems, which lead to premature convergence
and local optima. The advantage of DSO, however, is in
its computation efficiency and accuracy when dealing with
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FIGURE 26. Comparison of the performance of the DSO with the BASE, and PSO cases for a 4D, 5D, 6D, and 7D wind

turbine power system.

real-world engineering design problems. Additionally, the
DSO, performs excellently well with high dimensional prob-
lems as in the results discussed in Sections IV and V.

VI. NP-HARD PROBLEMS

In this section, we show the capability and proof that the
DSO can be employed to solve NP-hard problems. NP-
hard problems are computationally intractable in finding
exact solutions. Most combinatorial optimisation problems
are NP-hard, and we see from the literature that there are
no deterministic polynomial exact algorithms, except when
P=NP, or else they are computationally intractable [123].
Approximate algorithms such as metaheuristics can find near-
optimal solutions. Most combinatorial optimisation problems
are in the form given by [124], [125]

> Gle) = max{z Gle) |1 € J},

eel* eel

®
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where F is a finite set and 7 is a set of subsets of F and is
otherwise called a set of feasible solutions. Moreover, G :
F — R is a linear objective function. The obtained feasible
solution(s) I*, is such that I* € J. Examples of NP-Hard
problems are the Travelling Salesman’s Problem (TSP [126],
[127], the knapsack problem [128], and the subset sum prob-
lem [129]. Herein, we solve knapsack problems and TSPs.

A. KNAPSACK PROBLEMS

Knapsack problems entail the optimal selection of items, with
each having a unique weight and value such that the total
collection value is at its possible largest while the collections’
weight is less than or equal to a constraint limit. To this end,
DSO’s performance is examined via two types of knapsack
problems, namely: (i) O — 1 knapsack problems [130] and
(i1) bounded knapsack problems [131]. The mathematical
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TABLE 34. Comparing DSO and DP optimised value, weight, and
computational run time (in seconds) performances for a 0-1 knapsack
problem.

Dim  wvpso vpp Wpso Wbpp tpso ipp

30 18946 18946 1004 1004 0.1284713 0.0053158
100 51339 51339 3557 3557 0.1704211 0.0871618
500 239441 240878 16666 16832  0.4366101 5.8017735
1000 510978 516024 34901 35283 0.729872 43.2838574

TABLE 35. Comparing best, worst, average, standard deviation, and
standard error of DSO best cost value for the various dimensions in a 0-1
knapsack problem.

Dim Best Worst Avg. Std. Err.

30 18946 17745 18827.83333  294.8652624 1.74706655
100 51339 47601 49957.76667  904.7002812  3.324663055
500 239441 227290  233343.5667 3047.101366  9.057879804

1000 510978 486485  499351.8667  5291.074493  13.74763718

expressions of these models are expressed respectively,

n
max Z Vi Xi (10a)
i=1
subject to:
n
D wixi<W, (10b)
i=1
x; € {0, 1}, (10c)
and,
n
max > vix (11a)
i=1
subject to:
n
D wixi < W, (11b)
i=1
xi €{0,1,2,3,---,c}, (11c)

where a set of n items indexed from 1 up to n, each having
a weight w;, and a value v; along with a maximum weight
capacity W. Besides, x; denotes the number of instances
of an item i to include in the knapsack. In Tables 34-37,
we illustrate the performance of DSO for several dimen-
sions of knapsack problems. In Table 34, we compare DSO’s
performance with dynamic programming (DP) for the same
problem. DP in this case serves as an exact solution baseline.
In Table 34, the number of instances an item is selected is set
to 1, while the dimensionality of the problem is varied from
30 to 1000.

It is observed that the performance of DSO is optimal
for dimensions 30 and 100 and near-optimal for dimensions
500 and 1000 but with a far better optimised running time.
In Tables 35 and 36, we give detailed results of the optimised
value and running time obtained via DSO in Table 34. Addi-
tionally, in Table 37, we present the performances of DSO for
a bounded knapsack problem when ranges from 1 to 3.

B. TRAVELING SALESMAN'’s PROBLEM
Herein, DSO is employed to solve the widely known TSP.
TSP entails finding the shortest possible route in a set of
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TABLE 36. Comparing best, worst, average, and standard deviation of the
computational run-time performance in seconds of DSO in a 0-1
knapsack problem.

Dim Best Worst Avg. Std.

30 0.1284713  0.3548117  0.166291763  0.046583335
100 0.1704211  0.3898098  0.219719773  0.045168853
500  0.4366101  0.8875365  0.58448194  0.096466835
1000 0.729872  0.8507135  0.777692267  0.030670322

cities, such that a city is visited exactly once and returns to
the starting city. The TSP is expressed as,

n n
min E E Cij Xjj

(12a)
i=1 j#1,j=1
subject to:
n
> xy=1, (12b)
i=1,i#j
n
> xy=1, (12¢)
=1
> m=lo-1,
i€Q j#ijeQ
VO C{l,---,n}, [0 =2 (12d)
x; € {0, 1}, (12e)

where c;; denotes the cost, that is, distance from city i to city j
and x;; represents the decision variable of traveling from city
i to city j. In this work, DSO is applied to solve six TSPs and
four of which are from the traveling salesman problem library
set [132], [133]. The TSPs examined herein are namely: (i) a
5-city problem; (ii) a 13-city problem [134]; (iii) grl7, a
17-city problem [132]; (iv) fri26, a 26-city problem [132];
(v) dantzig42, a 42-city problem [132], and (vi) att48, a 48-
city problem [132]. In Tables 38 and 39, we present the
performance evaluation of DSO in solving the above-named
TSPs. The optimal cost values of the TSPs are 19; 7293; 2085;
937; 699, and 33523, respectively.

In Table 38, the accuracy of DSO is presented for the exam-
ined TSPs. We observe that DSO arrived at the optimal cost
for four out of the six TSPs; and near-optimal results for the
other two TSPs. Additionally, it is seen that the performance
of DSO improves as the number of agent size increases.
Furthermore, in Table 39, the computational run time of DSO
for results shown in Table 38 is presented. We observe that the
run time of DSO is fast and less than 10 seconds for an agent
size of 1000 and less than 100 seconds for an extreme agent
size of 5000.

VIl. GENERALIZABILITY, CHALLENGES, FUTURE
IMPROVEMENTS, AND REAL-WORLD APPLICATION

OF DSO

A. GENERALIZABILITY

The applicability and generalizability of metaheuristics, such
as DSO, for solving optimisation problems hinge on two
primary factors: (i) the characteristics of the optimisation
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TABLE 37. Comparing DSO and DP optimised values and weights on a bounded knapsack problem with i =1, 2, 3.

vDP vDSO Wpp Wpso
Dim‘ i=1 =2 i=3 i=1 =2 i=1 =2 =3 i=1 =2 =3
30 18946 11805 16219 18946 16758 25543 1004 1051 1088 1004 1051 1088

100 51339 46290 50819 51339 58372
500 240878 253660 249759 239441 284732
1000 516024 508420 503545 510978 558951

64015
274455 16832 17037 17972 16666
540914 35283 35592 36303 34901 35592 36303

3557 3802 3549 3557 3802 3549
17096.65 17972

TABLE 38. Performance evaluation of DSO’s accuracy with varying agent
size when applied to six TSPs respectively.

DSO Agent Size
TSP Accuracy 30 100 250 500 750 1000 5000
5-City Best 19 19 19 19 19 19 19
Worst 19 19 19 19 19 19 19
Mode 19 19 19 19 19 19 19
13-City Best 7293 7293 7293 7293 7293 7293 7293
Worst 8766 8549 8357 8060 8056 8028 7815
Mode 7293 7293 7293 7293 7293 7293 7293
Best 2088 2095 2085 2085 2085 2085 2085
grl7 Worst 2898 2761 2682 2605 2618 2593 2520
Mode 2374 2267 2306 2338 2095 2095 2085
fri26 Best 1031 1031 1031 1031 1031 1003 1031
Worst 1750 1589 1503 1539 1177 1402 1539
Mode 1100 1031 1031 1031 1031 1031 1031
dantzigd2  Best 699 699 699 699 699 699 699
Worst 2230 2023 2091 1775 699 1851 699
Mode 699 699 699 699 699 699 699
att48 Best 80474 70286 67129 67986 60461 64486 62768
‘Worst 115709 111761 108719 105872 103873 104802 100577
Mode 86903 86085 86904 78390 89001 78522 82754

TABLE 39. Performance evaluation of DSO’s computational run time (i.e.,
in seconds) with varying agent size when applied to six TSPs respectively.

DSO Agent Size

TSP Run Time 30 100 250 500 750 1000 5000
5-City mean 0.4872 14015 3.1326 4.8282 6.7434  8.5851 477111
std 0.0777  0.0587 0.1132  0.0856  0.1086  0.2081 1.8895
mode 0.4503  1.3232 29789 4.7499  6.6267 8.6043 46.1868
13-City mean 0.1912  0.6287 15941  3.2694 49840  6.7549 43.3195
std 0.0127  0.0426  0.0998 0.2673  0.2261 0.2698 0.5416
mode 0.1846  0.6166 15439  3.1872  4.8447  6.6227 42.3579
mean 0.4698  1.3867 3.0369 4.8863  6.7735 8.7007 47.8180
grl7 std 0.0488 0.1042 0.1912  0.2685 03168  0.3308 0.9725
mode 0.4245  1.3740 29047 4.7287  6.5811 8.5459 46.6257
fri26 mean 0.5960  1.6670 32892  5.4558  7.0929  9.1530 51.2916
std 0.1477 02741 03676  0.5407 03374 0.3438 3.0595
mode 03808  1.3367 29338 4.6987  6.8633 8.8851 48.9098
dantzigd2  mean 0.5741  1.6616  3.4551 6.0382 8.0433  10.1624  64.5657
std 0.0608 0.1123 02105 0.5561  0.4495  0.4073 98.3560
mode 0.5302  1.5844 33357 54913 7.6846  9.7083 52.8344
attd8 mean 0.6197 1.8593 35184 5.8032 8.1449 10.5583  62.5703
std 0.0939  0.2660 02704  0.3165 0.3688  0.4237 120.4369
mode 0.5671  1.6928 34218 5.6539 7.9533  10.2015 55.7084

problem and (ii) the ability of the metaheuristic. The char-
acteristics of the problem may include the complexity of the
search space, nonlinearity, the size of the decision variables,
the number of optimal solutions, i.e., multi-modality, the
number of objective functions, and the continuous versus
discrete nature of the variables. The ability of metaheuristics
to adapt to the characteristics of the optimisation problem
and provide near-optima or optima solutions has been demon-
strated. DSO’s capability is due to its aptness to explore and
exploit the search landscape by fine-tuning its parameters.
In DSO, control parameters such as minimum initial homeo-
static, maximum initial homeostatic, sleep power index, wake
power index, and maximum sleep duration enabled search

VOLUME 11, 2023

agents to adapt to the search landscape of the different optimi-
sation problems. Generally, fine-tuning these control param-
eters increases the likelihood that DSO will yield favorable
results. Critical to generalizability is the adaptability of DSO
to new problems. Consequently, we investigate the applica-
bility of DSO to traditional and composite benchmarks; real-
world engineering design problems such as I-beam design
problems, cantilever design problems, wind power maximiza-
tion, and turbulence intensity design problems; TSPs; and
knapsack problems. In our future work, we will investigate
the applicability of DSO to other real-world optimisation
problems, such as the optimal hyper-parameter tuning of MLs
(i.e., SVM, DL,), optimal resource allocation problems in
next-generation wireless and mobile networks, and medical
image enhancement.

B. CHALLENGES

DSO, in rare cases, can sometimes converge prematurely,
meaning that it may converge to a suboptimal solution before
finding the global optimum. This can happen when the search
agents converge to a local optimum and fail to explore
other regions of the search space. This limitation has been
addressed using perturbation strategies such as randomization
to promote exploration and prevent premature convergence.
Additionally, the inclusion of agent switch asymptote helps to
fine-tune the exploration and exploitation dynamics. To guar-
antee DSOs find the near-optima or optima solutions, we have
embedded the laws of large numbers and Monte-Carlo simu-
lations by running extensive multiple iterations of DSO.

C. FUTURE IMPROVEMENTS

DSO, just like many other metaheuristics, could be
improved primarily by three methods [135]: (i) hybridisation,
(ii) improved learning and search strategies, and (iii) new
variants. The performance of DSO could be improved by
hybridising DSO with other metaheuristics. Hybridisation
of metaheuristics leverages the strengths of the respective
metaheuristics. In this case, DSO’s performance could be
enhanced by hybridising or combining with metaheuristics
such as ACO, GWO, and WOA. Secondly, DSO’s learning
and search strategies could be further enhanced if strategies
such as mutation [136], Levy flight [137], or opposition-
based learning [138] employed in other metaheuristics could
be incorporated or embedded. Moreover, the parallelisation
technique could be incorporated into DSO to enhance search
strategies. Lastly, the DSO algorithm could be modified
leading to variants that can be applied to solve, for instance,
multi-objective optimisation problems [139].
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D. REAL-WORLD APPLICATIONS OF DSO

DSO, owing to its flexibility and adaptability to highly com-
plex problems akin to real-world challenges, could be applied
to the vehicle-routing problems in fleet and trains routing;
facility location problems such as warehouse and distribu-
tion centers location problems; complex job scheduling in
industries and manufacturing; maximizing returns on invest-
ment while managing risks in finance portfolio management;
image reconstruction, segmentation, and enhance problems
in image and signal processing; hyper-parameter optimisa-
tion problems in machine learning; disease diagnosis and
classification, resource scheduling and allocation in health-
related problems; optimal power generation and transmission
problem in the face of several sources of power; resource allo-
cation and scheduling in wireless mobile communications;
computational fluid dynamics analysis and optimum design
for a centrifugal pump; and optimising magnification ratio for
the flexible hinge displacement amplifier mechanism design.

VIil. CONCLUSION

In this work, a novel metaheuristic algorithm, Deep Sleep
Optimisation (DSO), has been proposed. The sleeping pat-
terns of humans (i.e., agents) are explored in the DSO. The
homeostatic pressure which determines the sleep state of
the agents is mathematically modelled according to the lit-
erature. We demonstrate that the DSO has been tested on
widely acceptable test functions in the literature, includ-
ing unimodal, multi-modal, fixed-multimodal, and composite
functions. Moreover, we test the performance of the DSO in
real-life engineering design problems. Additionally, DSO’s
capability was also demonstrated by solving NP-hard prob-
lems. To establish the performance of the DSO, we carry
out extensive Monte Carlo simulations in determining the
accuracy, computational running time, and Wilcoxon rank
sum and Friedman ranking tests to establish the statistical
significance of the DSO’s results.

From Friedman’s ranking test, we see that DSO outper-
formed the other 11 metaheuristics in several instances for the
traditional benchmark functions (i.e., unimodal, multimodal,
and fixed-dimensional functions). However, according to
Friedman’s ranking test, there was no statistical difference in
the performances of all the metaheuristics, including DSO,
with regard to the composite functions benchmarking. More-
over, DSO produced optimal and near-optimal results when
applied to real-world EDPs. Besides, DSO’s performance
in solving TSPs such as 5, 13, 17, 26, 42, and 48 prob-
lems was satisfying with optimal results in most instances.
DSO showed its ability to handle large dimensional problems
by producing optimal results with considerable computa-
tional run time when employed to solve the 0 — 1 and
bounded knapsack problems with dimensionality as large as
1000. For instance, it took DSO about 1 second to solve a
1000-dimensional bounded knapsack problem, whereas DP
solved the same in about 43 seconds. We have demonstrated
that DSO can solve several types of optimisation prob-
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lems and it performs excellently well with high dimensional
problems.

DSO could solve continuous-based optimisation problems
as we demonstrated in evaluating its performance regarding
the traditional and composite benchmark functions. These
benchmark functions are continuous-based problems. More-
over, we further proved that DSO could solve real-world
continuous-based problems by benchmarking with the three
engineering design problems. Besides, we have also demon-
strated that DSO could solve discrete-based problems by
applying DSO to solve the traveling salesman’s problems and
knapsack optimisation problems as indicated in the modified
manuscript. Lastly and to conclude, we observe that the DSO
performed better than other metaheuristics examined in this
work such as PSO and GA.

APPENDIX A

Herein, we give a brief description of the benchmark func-
tions used in this work with a pictorial view of the functions in
Figures 27(a)-27(w). Simply put, unimodal benchmark func-
tions evaluate the exploitative capabilities of metaheuristics.
In Table 2, we benchmark DSO on 7 unimodal functions.
Function F1 is characteristically a continuous, convex func-
tion with 3-dimensional parabola with a spherical constant-
cost contours. F1 is widely known as the sphere function.
Owing to its simplicity and symmetry, it is often the first test
in most instances. F2 is the Schwefel’s Problem 2.22 [140].
It is a non-differentiable, non-random, and non-parametric
function. Search agents in finding the optimal solution may
get stuck in F2’ sharp pointed corners and hence converges
abruptly. F3 is a rotated hyper-ellipsoid and non-separable
function. It is otherwise referred to as Schwefel’s Problem
1.2 and it is a minimum quadratic problem [140]. In simple
words, F4 which is Schwefel’s Problem 2.21 in [140], has
an inverted pyramidal shape. F5 is the Rosenbrock function
[141] and otherwise called Banana function or the Valley
function. It is a continuous, non-convex, and low-dimensional
quartic function. The function is well-suited for the testing the
performance of gradient-based optimisation algorithms. The
minimisation might be difficult to solve owing to the deep
parabolic valley along the curve where X, = X12 [142]. F6 is
similar to F1. Moreover, it is a shifted sphere function. F7 is
a continuous, convex, and high-dimensional quartic function
with Gaussian noise [142], [143]. The Gaussian noise makes
it difficult for metaheuristics to find the optimal solution.
F8, otherwise referred as Schwefel’s Problem 2.26 [115],
[144], is a scalable and separable test function. Its variable
size can be scaled to any number. Besides, separability is
a measure of the difficulty in finding the optimal solution
of a test function. Separable functions are easy to solve
compared to non-separable functions because the variables
are independent of each other [115]. The Rastrigin function,
F9, is a non-convex, non-linear, separable, and multi-modal
benchmark function [143]. F10 is widely known Ackley func-
tion [145]. The addition of the term 20 + e transforms the
function by shifting the global minimum to the origin, that is
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at zero. F11 is otherwise referred to as Griewangk’s function
is a non-linear optimisation problem and characteristically
non-separable. The first term which contains the spherical
function help create a parabolic shape and the cosine function
in the second term imposes a wave-like on the parabolic ter-
rain surface generated by the first term. The wave-like terrain
caused by the cosine function creates multiple local optima.
However, as the dimensionality of the problem increases the
evaluation of the second term reduces owing to product opera-
tor, thereby making its wave-like terrain become less obvious
and the problem easy to solve [143], [146]. F16 is also known
as the Camel function [115], [147], F17 is the Branin RCOS
function [115], and F18 is the Goldstein price function [115],
[148]. F16,F17, and F18 are a continuous, non-separable, and
differentiable functions. Additionally, they are a non-scalable
and multi-modal functions.

APPENDIX B

Friedman’s test is a non-parametric test for the comparison
among groups. Non-parametric tests are employed when the
data is normally distributed. Consider an observed dataset,
A, having k columns, otherwise known as blocks, and n rows
(i.e., observations) given by:

Block
Observations 1 2 e k
1 T11 Ti2 o Tk
2 T21 X222 vt Tog
n Tnl Tn2 te Tnk

In this work, the blocks denote the metaheuristics (e.g. GA,
PSO) considered in the evaluation including DSO, whereas
the observations are the functions described in Tables 2-4,
and 27. In Friedman test, 4 is transformed into 13, by ordering
the values in A according by the observations. For the order-
ing, the best value in an observation across the block as the
highest value. We denote B as:

Block
Observations 1 2 S k
1 Ty riz vt Tig
2 T2l Trog - Top
n Tnl Tn2 e Tnk
Sum | Ri Ry .- Ry,

where the rank sum for each block across the observations is
given by

n
Ri=> . (13)
j=1

According to Friedman test, the null hypothesis states that
all the blocks have the same performance (i.e., no significant
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difference between the blocks), while the alternative hypoth-
esis portends that there is a significant difference between the
groups.

The alternative hypothesis is true such that

X2 > x*(a, v), (14)

where sz is the Friedman statistics and x%(e, v) is the criti-
cal chi-square value. The mathematical expression for X, ,2 is
given by

k
22 S5l
Xr_|:nk(k+1)§R,] 3n(k + 1), (15)

and xz(a, v), which is the critical chi-square value is depen-
dent on a statistical significance level, « (¢ = 0.05 in this
case) and v is the degree of freedom (i.e., v =k — 1).
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