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Abstract - The incorporation of Renewable Energy Sources (RESs) into the power grids poses a considerable challenge due to
the intermittent nature of their production. Battery Energy Storage Systems (BESS) eliminate such problems by absorbing excess
generation during peaks and providing stored charge at troughs. This leads to the fact that identifying a suitable BESS size is
important to ensure a trade-off between cost-efficiency and grid stability, as inappropriately sized systems would lead to
inefficiency, high capital and operating costs, and reduced reliability. This study uses the Roulette Chaotic Pelican Optimisation
Algorithm (RCPOA) to optimise BESS sizing in RES-integrated grids. RCPOA outperforms at least five out of seven algorithms
across 23 classical benchmarks. It excels in the CEC 2019 benchmarks, ranking first in the Friedman rank test, demonstrating
its robustness compared to other state-of-the-art algorithms. Its success extends to the 'tension spring design' constraint problem,
underscoring its versatility in different optimisation contexts. Simulations validate RCPOA's capability to determine optimal
BESS sizes, enhancing grid performance and cost efficiency. Furthermore, sensitivity analyses show that changes in State of
Charge (SOC) minimum limits, battery efficiency, and range of capacities all affect the optimal battery capacity greatly. By
comparison, minimum capital costs are relatively stable and are only highly sensitive to the costs of operations and maintenance,
a shortfall in demand, and the cost of grid energy. These results confirm the usefulness of RCPOA to optimise BESS setup in
renewable energy solutions, indicating potential to promote economic and operational goals in current power systems.
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1. Introduction than generation [3, 4]. Battery storage systems create a

The global energy industry is now in a significant change  flexible approach to solving the problem by being able to
process, wherein it is motivated by the necessity to minimise decouple energy supply and demand over time. They enable
emission of greenhouse gases, the need to increase energy  the levelling of the fluctuations of supply, contribute to peak
security, as well as ensuring long-term sustainability. This shaving, improve the quality of power, and enhance smooth
move towards a cleaner energy future, as part of Sustainable integration of RES [1, 5]. However, the efficiency of the
Development Goal 7, requires increased incorporation of battery storage towards such goals is heavily dependent on
Renewable Energy Sources (RES), such as solar and wind optimal sizing. Poor battery sizing causes inefficiencies, high
energy, into contemporary energy infrastructures. But RES costs, and low reliability in RES-integrated grids by either not
present a serious problem to grid stability and reliability [1, 2]. being capable of stabilising the grid or incurring unnecessary
These challenges are mainly due to the intermittence and costs through oversizing [2, 6, 7]. As such, coming up with the
unpredictability of RES, which causes power supply  Optimum capacity of a BESS is a very important activity, but
variability. This has led to the creation of energy storage it involves complex optimisation processes. Although meta-
systems and especially Battery Energy Storage Systems heuristic algorithms have become more widely used in
(BESS) that form part of maintaining a balanced energy optimising BESS sizing in the renewable-energy-integrated
supply as excess energy is stored during times of excess grids, current practices tend to fail to reach an optimal trade-
generation and released during times of demand that is higher ~ ©Off between the accuracy of the solution, the speed of
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convergence, and its resilience to changing grid conditions.
[2]. Moreso, traditional algorithms like GA and PSO may not
adequately address the dynamic and constraint-heavy nature
of real-world energy systems. To bridge this gap, this study
introduces an enhanced Pelican Optimisation Algorithm
(POA), which enhances the original POA with tailored
modifications to improve performance in BESS optimisation
tasks. Pelican Optimisation Algorithm (POA) is a nature-
inspired Meta-Heuristic Algorithm (MHA) that draws
inspiration from pelican behaviour when hunting. It finds its
application in the energy sector because of its ability to
achieve the proportionate balance between exploitation and
exploration necessary for data-based model optimisation,
which has demonstrated its superiority over its rivals (other
optimisation algorithms) [8, 9]. Since no meta-heuristic
algorithm is a perfect fit for all problems according to the "No
Free Lunch" (NFL) theorem, researchers are motivated to
create new MHA or modify existing ones. Modifying MHA
has also helped improve their performances in terms of
robustness across various problem domains, computing
efficiency, adaptation to restrictions, and quality of solutions
[10, 11].

The novelty of this work lies in applying the enhanced
POA named “Roulette Chaotic Pelican Optimisation
Algorithm (RCPOA)” to achieve precise, cost-effective, and
reliable battery sizing by accounting for technical constraints
(such as SOC and capacity limits) and economic variables
(like grid demand and energy pricing), thereby improving the
integration of renewable energy sources into the power grid.
By using the strengths of the RCPOA, the research aims at
achieving high convergence rates, better solution quality, and
increased robustness in comparison to traditional methods of
optimisation. The given approach combines both technical
and economic variables, such as profiles of grid loads, patterns
of renewable power generation, battery State Of Charge
(SOC), and electricity prices, to identify the necessary size of
Battery Energy Storage System (BESS) that will help
minimise all costs of the whole system and preserve grid
stability and reliability. The results of the simulations and
recoveries, alongside comparative studies with existing forms
of optimisation, prove the effectiveness of the suggested
framework in obtaining optimal BESS sizing to ensure
improved optimal integration of renewable energy.

This research is part of the larger goal to increase
resiliency, sustainability, and efficiency of the power grid by
filling the urgent need for the development of more advanced
optimisation methodologies in the energy sector. It has
advanced knowledge by making significant contributions that
are:

e The development of a novel Roulette Chaotic Pelican
Optimisation Algorithm (RCPOA) for optimisation
problems.

e Testing RCPOA on classical benchmark functions, CEC
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2019 benchmark functions, and constrained engineering
problems, and compared its performance with several
recent algorithms.

e Formulating an optimal battery sizing model that adapts
to varying renewable energy generation conditions,
minimises operation costs, and ensures grid stability
using historical data.

e Validating RCPOA’s performance under different grid
scenarios, demonstrating its ability to optimise battery
usage during peak, off-peak, and standard operating
conditions, ensuring cost savings and grid stability.

The results of this research are of great relevance to the
energy stakeholders, such as grid operators, policymakers, and
researchers alike, thus making it easier to move to a cleaner
and more reliable energy future. The study addresses one of
the critical problems of renewable energy integration and grid
optimisation, specifically focusing on the optimisation of
battery storage systems in terms of optimal sizing through an
improved optimisation algorithm. The following sections
provide a background report of optimal battery sizing in the
literature (Section 2), further explain on the methodology
involved in the incorporation of the RCPOA (Section 3),
report on RCPOA performance in terms of various benchmark
functions and the resultant optimisation process (Section 4)
and discuss the implications of the findings to future grid
operations and energy policy development (Section 5).

2. Theoretical Background

As the energy landscape evolves, the strategic sizing of
battery storage plays a pivotal role in shaping resilient and
efficient power systems. The size of battery storage is crucial
to achieving the best outcome of energy storage systems in
grid operation, cost-efficiency, providing greater reliability,
increasing renewable integration, and increasing grid
efficiency. When sized properly, efficient planning, fewer
uncertainties, and long-term value, through the efficient usage
of batteries, are realised [2, 7].

The process of optimising the size of battery storage is a
complex issue, which involves a balance of many factors,
some of which are energy demand trends, the generation
trends of renewable sources, the constraints of the operation,
and economic aspects such as the cost of installation and the
cost of maintenance. Adequate sizing makes it possible to
achieve a sufficient amount of energy in Battery Energy
Storage System (BESS) at a cost that is both economically
viable and technically feasible. The literature points out that
researchers are more concerned about the optimisation of
storage size, in different aspects, namely financial, technical,
or both [2, 12]. Financial considerations may involve a
reduction in capital expenditure, a reduction in operating
costs, or maximisation of returns on investment by exploiting
market opportunities. Technical considerations usually focus
on stability of the grid, system reliability, and energy
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efficiency [13]. These considerations determine the objective
function(s) used in the optimisation process, e.g., the cost
reduction [14-16] or energy use maximisation, and affect the
constraints to the system. There is a great variety of
constraints, including the largest possible storage capacity, the
charge/discharge rates, battery life, and the environmental
impact [1, 15, 17]. Finally, to choose the objective functions
and constraints in battery size is to select the optimum capacity
of BESS in accordance with the particular objectives of the
energy system that it serves, whether these are fiscal
sustainability, technical, or the optimum choice of both.

Besides the formulations, the Energy Simulation
Software ( ESS ) and optimisation algorithms also differ, with
researchers offering simpler and more efficient solutions to
this optimisation problem. ESS includes HOMER [18],
Transient Energy System Simulation Program (TRNSYS) [7,
19], and MATLAB [1, 19], among others. Coding programs
like MATLAB facilitate the development of many mainstream
innovations in optimisation research, offering flexibility and
customisation that other methods, such as HOMER, lack due
to their rigidity. [7, 11]. Optimisation techniques, such as
Linear Programming (LP), Non-Linear Programming (NLP),
Mixed Integer Linear programming (MILP) [20], Genetic
Algorithms (GA), Particle Swarm Optimisation (PSO) [21],
Differential Evolution (DE), Grey Wolf Optimisation (GWO)
[17], and hybrid meta-heuristic algorithms [22], have been
employed to tackle this problem with varying degrees of
success. Researchers discussed further comparisons between
optimisation processes [7, 11]. The choice of an optimisation
algorithm depends on the specific properties of the problem to
be solved, such as whether the objective function is linear or
non-linear, whether it has discrete decision variables, and how
complex the imposed constraints are. In the present study, we
used a new Roulette Chaotic Pelican Optimisation Algorithm
(RCPOA) in MATLAB due to its flexibility, wide-range
search ability, and its ability to balance exploration and
exploitation.

2.1. The Pelican Optimisation Algorithm (POA)

Recently, nature-inspired algorithms like the POA have
gained attention because of their ability to search and exploit
the search space at the same time, and thus, provide promising
opportunities for better optimisation outcomes. The POA is an
optimisation method based on the foraging behaviour and
tactical choices of pelicans, which is a population-based
approach. Every member of the population is called a solution
candidate [8, 23]. The sampling of the individuals is random
but within the constraints of the decision variables, as
expressed by Equation (1).

xl-']- = I] +rand(uj - l] ),1 = 1,2,3,4, e, m, N, ] =
1,2,3,4, ..., m (1)

Where ]j is the jth lower bound, uj is the jth upper limit of
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problem variables, xi,j is the value of the jth variable indicated
by the ith candidate solution, m is the number of problem
variables, N is the number of members, and rand is a random
number in the range [0, 1].

Using the provided population matrix in Equation (2), the
algorithm's population members are identified. Each row in
this matrix indicates a potential solution, and the columns
stand for suggested solutions for the problem variables.

X1,1 Xl,j Xl,m
= | X1 Xij Xim )
Xy XN'j XN,m Nxm

X is the algorithm's population matrix, and X; is the ith
member.

The problem's objective function can also be assessed
based on each potential solution. The values for the objective
function, as given in Equation (3), are evaluated using the
objective function vector.

" VX)
v=|v| = |ve 3)
V.N Nx1 V()‘(N) Nx1

Xi is the value of the objective function, and V is the
objective function vector of the ith candidate solution.

The exploration power of POA lies in the random
generation of the prey location in the search space scanning. It
enables POA to search the domain of potential solutions

precisely. The new status of the ith member in the jth
D1

dimension based on the exploration phase x;; is given in
Equation (4);

D1 xi_]--i-rand(pj _I'xi,j)' Vl < Vi

ij = 4

' x;; +rand (xl-,j - p]-), else,

Where °I” is a random number (/ = 1 or 2), p; is the prey’s
location in the jth dimension, and V; is the value of its
objective function.

In an effective updating, a new position of the pelican can
be assumed when the value of the objective function has been
improved. It is mathematically explained in Equation (5).

Xiplﬂ Vip1f< Vl!

X; = 5
! {Xi, else, )
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Where X ip ! is the ith pelican's new status, and Vip1 is the
value of its exploration phase objective function.

POA looks at the locations around the member position
to converge on a better solution; this is where its exploitation
power lies. This is done by mimicking the hunting behaviour
of pelicans. It is expressed mathematically in Equation (6).

xil?;% = x;; + R. (1 - %) .(2.rand — 1).x;; (6)
Where x2 is the ith pelican’s new position in the jth

ij
dimension based on the exploitation phase, 7 is the maximum

number of iterations, and R is an iteration counter.

The “R. (1 — %)” constant is the neighbourhood radius of

x; ; (equal to 0.2). Meanwhile, ‘¢’ is the radius of the
neighbourhood of the population members for local searches
near each member.

At the exploitation phase, effective updating has also been
employed to reject or accept the new position of the pelican.
This enables POA to converge to solutions that are equal or
closer to the global optimal based on Equation (7).

xr?,
Xi,
Where X[ the ith pelican’s new status and X}? is its
exploitation phase objective function value. It suggests a value

for the variables in the optimisation problem based on where
they are in the search space.

Vipz < VL
else,

X = @)

Despite the effectiveness of POA, its solution is
stochastic. This suggests trapping in local optima and
premature convergence in high-dimensional problems.

Owing to this fact, this research contributes to knowledge
by enhancing POA performance by using the sinusoidal
chaotic map to improve the exploration phase and introducing
roulette selection to generate the prey location rather than
randomly generating it.

2.2. Algorithm Modification

Several approaches have been employed to enhance meta-
heuristic algorithms' performance, such as the introduction of
stochastic and mathematical operations or local search,
applying the chaotic maps [24, 25], tuning parameters,
hybridising algorithms [26, 27], among others [28]. These
processes give birth to algorithms such as Improved Chimp
Optimization Algorithm [29], Modified Whale Optimisation
Algorithm [30, 31], Improved sandcat swarm optimisation
algorithm [32], Modified PSO [33, 34], Chaotic marine
predators algorithm [35], Improved group teaching
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optimisation algorithm [36], A binary chaotic horse herd
optimisation algorithm [37] and so on. Chaotic maps are a
popular and effective way of modifying nature-inspired
algorithms [38].

It is interesting to note that some variants of POA were
found in a few pieces of literature focusing on improving
convergence speed, accuracy, and the ability to escape local
optima: The Hybrid Multi-Strategy POA (HMS-POA)
integrates dynamic reverse learning, chaotic mapping, and the
Harris Hawk algorithm to optimise benchmark functions and
classification tasks [39].

An Improved POA with Chaotic Interference and
Elementary Functions incorporates ten chaotic factors and six
elementary functions, enhancing optimisation efficiency in
engineering design problems [40]. The emphasis was on
implementing basic mathematical functions to improve the
exploitation phase.

The Mixed Strategy-Based Improved POA (MSPOA)
applies Elite Opposition-Based Learning, Lévy flight, and
adaptive mutation to outperform conventional meta-heuristic
algorithms [41]. The Guided Pelican Algorithm (GPA)
improves global and local searches by dynamically adjusting
the search space and utilising multiple candidates, resulting in
a performance that was 1% worse than the POA [42].

Furthermore, the Multi-Strategy Improved POA (MPOA)
employs a chaotic map, Lévy flight, and Gaussian mutation
mechanism and effectively applies it for mobile robot path
planning and image enhancement [43, 44]. The Multi-
Objective POA (MOPOA) extends POA for dynamic
reconfiguration of multi-type rural rooftop PV arrays [45] and
for engineering designs [46].

The  Hyperchaotic POA  (HCPOA) leverages
hyperchaotic sequences to improve solution quality and
escape local optima [47]. The Hybrid Pelican-Particle Swarm
Optimisation (HPPSO) combines the POA and Particle
Swarm Optimisation (PSO) to increase exploring capacity
[48]. Lastly, there is the Improved Pelican Optimisation
Algorithm (IPOA) that was used to address the issue of load
dispatch problems [49].

Despite these research efforts, the POA still has a
significant amount of potential for being optimised further by
focusing on its limitations through techniques like chaotic
mapping and adaptive mechanisms, as well as to test its
applicability in a wide range of fields to obtain stronger, more
established, and efficient optimisation solutions. In line with
this, this paper presents the modification of the POA through
a Roulette Wheel Selector and a sinusoidal chaotic map to
optimise the sizing of the Battery Energy Storage System
(BESS) in an electric grid system with a renewable energy
integrated with it.
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2.2.1. Chaotic Maps

The use of chaotic sequences also increases the
performance of the algorithms by providing pseudo-random
numbers controlled by the initial seed states and the inherent
deterministic trends, in contrast with the traditional stochastic
numbers [50]. Chaotic maps can either be one-dimensional,
e.g., sinuoidal, circular, cubic, and logistic maps, or two-
dimensional maps, e.g., the cat map, the baker map, and the
Zaslavskii map.

These maps are nonlinear deterministic functions which
are sensitive to the initial conditions and have been widely
used to enhance the searchability of optimisation algorithms.
It is expected that using a chaotic function map to alter the
POA will produce a number of performance gains, including
the improvement of exploration, quicker convergence, and
sensitivity of parameters. Although there may be a risk of
premature convergence, this can be mitigated using a suitable
chaotic map and setting the parameters carefully [51].

2.2.2. Roulette Wheel Selection

Furthermore, the fitness value of solutions obtained by
POA is the usual way to implement selection, which can
exclude promising solutions. The introduction of a selector
that will enhance this algorithm is essential.

RWS is stochastic and more straightforward to implement
without discarding any candidate. The RWS method aims to
mimic the process of natural selection, where fitter individuals
are more likely to survive and pass their genes to the next
generation.

It is similar to the literal wheel used in the game of
roulette, as shown in Figure 1, which predicts where the ball
will finally end. It creates a process like roulette where each
candidate's fitness scores are equivalent to areas (the more
significant the fitness value, the larger the area), as shown in
Figure 2.

The final selection is done by rotating the roulette and
picking the candidate where it points when it stops, which is
more effective because it is free from biases and preserves
population diversity [52-54]. Roulette wheel selection is a
widely used selection method for genetic and evolutionary
algorithms [8], and it can also be used in metaheuristic
algorithms [55] like the Pelican Optimisation Algorithm
(POA). Modifying the selection operator of POA with roulette
wheel selection can affect the algorithm's performance.
Consequently, thorough consideration of the specific
modifications is required for the best outcomes.

After careful consideration, RWS was utilised to generate
prey locations to enhance POA's performance. The selection
operator is an essential component of POA, and modifying it
can have a significant effect on the algorithm [34, 38, 53].
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Fig. 1 Roulette wheel for the game

\N“‘ee‘ 1S Iotafe J
g

selection
point

Fittest individual

has largest share of S
Weakest individual

S has smallest share of
the roulette wheel

Fig. 2 Roulette wheel selection strategy [56]

3. Methodology
3.1. Roulette Chaotic Pelican Optimisation Algorithm

The Roulette Chaotic Pelican Optimisation Algorithm
(RCPOA) was developed by introducing RWS to select the
prey location and a sinusoidal chaotic map to the exploration
phase of POA.

Since the prey location in POA is generated randomly,
this research uses a roulette wheel to generate the prey
location, as shown in Equation (8).

< £(F;)
- Z?I:lf(Fi)

p; = rand

®)
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Application of RWS to generate the prey location
involves the following steps:

e Calculate each candidate solution's fitness value.

e Compute the selection probabilities for each candidate
solution based on their fitness values. The selection
probability was proportional to the fitness value, and it
determined the likelihood of a candidate solution being
selected for the next generation.

e Take a random number (between 0 and 1), and use it to
select the candidate solutions for the next generation. The
random number was used to spin the roulette wheel,
where the selection probabilities corresponded to the
width of the wheel's sectors. The candidate solutions were
selected based on the sector in which the random number
fell.

e  Apply crossover and mutation operators to produce new
candidate solutions from the selected ones. Crossover
combines the characteristics of two or more candidate
solutions to create a different one, while mutation
modifies a candidate solution randomly to introduce
diversity.

e Evaluate fitness: Evaluate the fitness of the new candidate
solutions using the fitness function.

o Update the population: By selecting the best candidate
solutions from the current and new populations and
replacing the worst ones.

e Repeat steps 'd' to 'f' for a certain number of iterations or
until a termination criterion is met.

The sinusoidal map gives an excellent outcome for
applications for initial population and mutation operation
compared with others in the literature; hence, it is utilised for
this research.

It is defined by Equation (9):
Xi41 = axisin(mx) ©)

. . . mod(x; j, rand)
Where a in this case is 2.3; x,, = ——L—=

rand >

Chaos = X1 X X; (10)

A chaotic map is applied to the exploration phase by
replacing rand in Equation (4) with chaos in Equation (10) to
give Equation (11).

an

Py _ {x,:']' + Chaos. (p] —1. (xi’j)), Fp < Fi
ij =

x;j + Chaos. (xl-,]- — pj), else,

Figure 3 depicts the steps to arrive at the approximate
optimal solution to the problem using RCPOA.
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NO
- t=t+1 «——

Start RCPOA

Input the problem to optimize
Regulate N & T parameters
Give Initial Population

v

Calculate Objective Function

Generate Prey Location using
RWS as shown in Equation 8

\

YES

Save Prey Location

|

|

| Calculate the ith dimension new status
| using Equation 11 (Chaos)
|
|
|
|

NO
— J=j+1  <«—

g

YES
Update population member

using Equation 5

Calculate the jth dimension new
status using Equation 6

NO
J=j+1 - —

g

YES

Update population number using Equation 7

Save BCS so far

NO =
°© _, t=t+l
i=1
YES

Output BCS provided by
RCPOA

End RCPOA

Fig. 3 Flowchart for RCPOA

9

The steps can be further explained as follows:

Initialisation stage: The parameters N and T are set
accordingly. The initial population is produced randomly,
where each solution is represented as a set of variables or
parameters.
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e Evaluate fitness: This was done for each candidate
solution using the fitness function.

e Apply roulette wheel selection: Select candidate solutions
for the next generation by applying RWS and save prey
location.

e Apply chaotic function map and calculate new status:
Apply the sinusoidal map function to the candidate
solutions to modify their positions in the search space.
The chaotic map was used to add randomness to the
search process and enhance exploration.

e Evaluate fitness: The fitness of the modified candidate
solutions was evaluated using the fitness function.

e Update the population: This was done by selecting the
BCS and replacing the worst ones.

e Repeat steps 4 to 6 for a certain number of iterations or
until a termination criterion is met.

3.1.1. Solving unconstraint optimisation problem with
RCPOA

The RCPOA was tested using twenty-three unconstrained
benchmark functions (23BF) V1 —V23. The functions were
divided into unimodal (V1-V8), "high-dimensional
multimodal" (V8-V13), and "fixed-dimensional multimodal
functions" (V14-V23), respectively. The definition of each
function, the range, and the dimension used are shown in
Table 1. It was also tested on CEC 2019 benchmark functions
(C1-C10) with the function description shown in Table 2.

3.1.2. Solving constraint optimisation problem with RCPOA
Optimisation principles are fundamentally important in
various ways in modern engineering design and system
operations. RCPOA was used to solve the
tension/compression spring design problem, a real-world
constraint optimisation problem. Its performance was also
compared with other algorithms whose results were found in
the literature, such as PSO, GA, GSA, and so on.
Tension/compression springs are one of the most commonly
used springs in engineering to lock specific mechanical parts
into a fixed position. They have found applications in lever,
interior, and exterior parts of automobiles, farm machinery,
and robotics, among others. Manufacturers ensure that the
springs are designed in a way that they can hold components
together and perform at their best. The schematic drawing of
the tension/compression spring design is shown in Figure 4.
The primary objective of the optimisation problem is to find
the minimum weight of the Spring with the optimum value of

parameters such as the diameter of the wire (d), the diameter
of the coil (D), and the number of coils active in the Spring
(P). This is subject to constraints like surge frequency, shear,
coil diameter limits, and minimum deflection. The
Optimisation problem is represented mathematically as:

Minimise the function f(x) considering the continuous
variables x; = d,x, = D,x3 =P

fO) = (x5 + 2)xix,

For limiting Constraints:

3
X2X3
x)=1- <
9:(x) 71785x% ’
. 4xb-xixy 1
gz(x)— 3 _4+ 2_15()'
12566(x3x,-x%) = 5108x%
140.45x
gg(x)=1—2—1s0
X5X:
xX1+Xx:
k 94(X)=11f52—150.

with 0.05 < x; < 2,025 < x, < 1.3,2 < x3 < 15.

2)

ot

b)

P

D
dhe l

Fig. 4 Schematic drawing of compression spring design
3D representation b) 2D representation

Table 1. Defining objective functions V1-V23 [8]

Objective Function Range Dimensions Vmin Gl?bal
Optimum
Vi(x) = X", x? [-100, 100] 30 0 0
Vo() = X%yl + T2 1%l [-10, 10] 30 0 0
V(0 = I (T, x) [-100, 100] 30 0 0
Vi(x) = max{|x;[,1 < i <m} [-100, 100] 30 0 0
Vs() = SPT1000xs — 2D + (= 1)?] [-30, 30] 30 0 0

40
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Ve(x) = 37 (lx; + 0.5])? [-100, 100] 30 0 0

V,(x) = Y™, ix! + random(0,1) [-1.28, 1.28] 30 0 0
Ve(x) = I, —x; sin(y/]x:) [-500, 500] 30 -12,569 -4189.8

Vo(x) = Y™, [x? — 10 cos(2mx;) + 10] [-5.12,5.12] 30 0 0

Vio(x) = —20exp (—0.2 Lym x-2>—
10 m Si=t [-32, 32] 30 0 0

exp (% [ cos(27rxi)) +20+e
Vin(x) = == 3 x? — I cos () +1 [-600, 600] 30 0 0

4000 1
Vip(x) = — {10sinmy; + X2 (y; — D?[1 + 10sin®(my;,1)] +
(O — 1%} — 3™ u(x,10,100,4)

k(x; — &)™  x;>—a [-50, 50] 30 0 0
Where u (x, a, i, n) =4 0, —a< x;<a;
k(=x; —a)" x;<-—a
Vi3(x) = 0.1{sin* (3nx;) + X%, (x; — D?[1 + sin®*(3nx; + 0
D] + (xp, = D?[1 + sin?rx )]} + 27, u(x, 5,100, 4) [-50, 301 30 0
R L ! [-65.53,
V14(X) = (%4_ j=1 m) 6553] 2 0.998 1
Vis(x) = ¥, [ai _ mfm))’ [-5, 5] 4 0.00030 | 0.0003
bi+bix3+x4
Vig(x) = 4x? — 2.1x{ + %xf + xyx, — 4x2 + 4x3 [-5, 5] 2 -1.0316 -1.0316
VirG) = (= 202 + 2x, = 6) +10(1 =) cosry +10 | 12} <10, 2 0.398 0.398
Vig(x) = [1+ (x; + x5 + 1)2(19 — 14x; + 3x2 — 14x, + 3
6x1x; + 3x2)].[30 + (2x; — 3x,)2. (18 — 32x; + 12x% + [-5, 5] 2 3
48x, — 36x;%, + 27x2)]
Vie(x) = — X4, c; exp (— 31 ay(x = Py)°) [0, 1] 3 -3.86 -3.86
Vyo(X) = — Y4, ¢, exp (— ¥ ay(x; — Pi,-)z) [0, 1] 6 3.2 3.2
Vo () = =2 (X —a)X —a)" +6¢]? [0, 10] 4 -10.1532 | -10.1532
Vo) = =37 (X —a)X —a)" + 6¢,]7! [0, 10] 4 -10.4029 | -10.4028
Vys(x) = =310 [(X —a))(X —a)" + 6¢,]7* [0,10] 4 -10.5364 | -10.5363
Table 2. CEC 2019 benchmark functions defined
Functions Range Dimensions Chmin
C1- Storn’s Chebyshev Function [-8192, 8192] 9 1
C2- Hilbert function [-16384,16384] 16 1
C3- Lennard_Jones Function [-4, 4] 18 1
C4- Rastrigin’s Function [-100, 100] 10 1
C5- Griewangk’s function [-100, 100] 10 1
C6- Weierstrass’ function [-100, 100] 10 1
C7- Modified Schwefels function [-100, 100] 10 1
C8- Expanded Schaffer’s function [-100, 100] 10 1
C9- Happy Cat function [-100, 100] 10 1
C10- Ackley’s Function [-100, 100] 10 1
3.2. Battery Sizing Critical Parameters and Formulations in an electric grid with integrated Renewable Energy Sources

Several factors must be balanced to determine the ideal (RES) and to maximise grid efficiency. These factors include
battery capacity for a Battery Energy Storage System (BESS) the variability of renewable generation, grid demand, cost, and
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the required degree of grid stability. On the other hand, battery
operation requires BESS charging and discharging operations
in response to the nature of demand and generation.

3.2.1. Critical Parameters
The critical parameters considered for this research are
expressed in short forms as;

e EBESS, max: Maximum battery energy capacity (to be
determined).

e PRES(t): Power the RES generates at time 't'.

e Pload(t): Power demand of the grid at time 't'.

e  Pgrid(t): The Power drawn from or supplied to the grid at
time 't'.

e At: Time step (e.g., 1 hour).

e T: Total number of time steps in the analysis period (e.g.,
24 hours for a day).

e A(t): Energy price at time 't'.

e SOC: State of charge of the battery

3.2.2. Problem formulation

The goal of the formulation is to maximise grid efficiency
with the use of BESS. This will involve minimising the total
cost (the cost of BESS maintenance, operations, and energy
the BESS draws from the grid) while ensuring the grid remains
stable. The objective function is given by Equation (12)

Minimise Y-, Cogm + [A1(D)- Pyria (©)] +

a.Y1_ (unstable (1,“))2 (12)

where, Unstable (t) = PRES(t) + PBESS,discharge ® -
Pioaa(t) — Ppgsscharge(t), o is a weighting factor that
prioritizes grid stability, and Cogwm is the operation and
maintenance cost. To get the optimal battery capacity (Egess),
Equation (13) was solved subject to power balance, charging
and discharging limits, and SOC dynamics and limits as
shown in Equations (8)-(14).

Minimise ¥1_; Cogn + [A(D). Pyrig (8]

+
a. Z?:l (PRES(t) + Pgrid (t) - Pload (t))z

(13)

Power Balance Constraint
The power balance constraint is given by Equation (14).
Pioga (£) = Prps(t) + Pyriq(t) + Pgpss(t) (14)
Where Pgpss(t) = —Pggss aischarge (t) 07 + Pgpss charge ()

for power exchange when the battery is discharging or
charging, respectively.

Charging and Discharging Power Limits
The battery charging and discharging limits are
represented by Equations (15) and (16), respectively.
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(15)

0= PBESS,charge(t) < PBESS,charge,max

0= PBESS,discharge(t) < PBESS,discharge,max (16)

SOC Constraint
The BESS State of Charge (SOC) and charging and
discharging constraints were incorporated. It is given as;

S0C(t+1)=5s0C(t) + (ncharge- PBESS,charge @® -

PBESS,discharge(f)) At (17)
Ndischarge
For 0 < SOC(t) < Epgssmax (18)
Charging and Discharging efficiency  (cnarge/
Naischarge) = 90% for this research purpose
Battery Capacity Limits
SOCpin < SOC(t) < SOCpax (19)
SOCin is 10% for this research purpose
Grid Stability Constraint
Pres(6) + Pppss(€) — Poaa(t) < € (20)

Where € is a small allowable imbalance to account for
minor deviation.

3.3. Research Case Study

The South African historical data for generation
(including renewable and non-renewable sources), load
demand, and electricity tariff for 2022, as supplied by Eskom,
was used for this study. Figure 5 shows the total installed
capacity of the primary energy sources as reported by CSIR
[57].

HCoal ®Nuclear ®Diesel&Gas ®Hydro ®SolarPV ®CSP ®Wind

Fig. 5 Diagram showing the primary sources of South Africa's energy in
2022

The Renewable energy capacity considered for battery
storage operation includes solar PV, CSP, and wind energy,
making up to 11% of the mix. Although the installed total
capacity of these three sources is slightly above six thousand
MW, the maximum generation recorded in 2022 is about five
thousand MW; this could be due to many factors. Therefore,
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this study used these three sources' reported hourly RES
generation as the total RES power generation, other than the
installed capacity. The historical data were also used to
calculate the maximum battery capacity, essential for
determining the optimal battery size. Eskom tariff schedules
for weekdays, weekends, and holidays were divided into
"Time of Use (TOU)": off-peak, standard, and peak hours.
There is also an emphasis on high and low-demand seasons.
Low-demand seasons are September to May, while June to
August (Winter) were tagged as high-demand seasons. Table
3 shows the TOU for a day during low and high-demand
season that falls on a weekday, Saturday, and Sunday. Table 4
shows the active energy charge excluding losses in (C/KWh)
from Eskom. The deficit energy for Eskom's dispatchable
generation and load demand is shown in Figure 6. This
explicitly represents the demand RES should supply.
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1
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1000 r

0
0 2000

4000
Time (hours)
Fig. 6 Chart of load deficit from Eskom dispatchable sources in 2022
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3.4. Sensitivity Analysis
After determining the optimal Eggss, max, it is essential to

conduct a sensitivity analysis to see how parameter changes

(like RES variability, grid demand, and energy prices) affect

the optimal battery capacity. This helps in ensuring robustness

in the chosen capacity. Therefore, three scenarios were
considered, as explained below:

e Days of low deficit: Represented by the lowest deficit
value recorded in Summer, an off-peak tariff season, on
February 7, 2022. (It falls on a Monday, representing a
working day which records the highest peak hours
according to Eskom)

e Days of average deficit: Represented by the average
deficit value recorded in Spring, an off-peak tariff season,
on November 14, 2022. (It also falls on a Monday)

e Days of high deficit: (Represented with the Highest
deficit value recorded in Winter, a peak tariff season, July
4,2022. (It also falls on a Monday.)

The procedure for finding the optimal battery size using

the RCPOA model can be summarised as follows;

e Defining the objective function as shown in Equation (13)

e Setting constraints as shown in Equations (14)-(20)

e Collecting and preparing relevant data as discussed in
Section 3.3

e Initialising RCPOA Parameters, evaluating initial
Solutions, updating Pelican Positions, enforcing
constraints, and ensuring that new solutions remain
within defined limits, as shown in Figure 3

e Checking for convergence based on the maximum
number of iterations reached

e Choosing the battery size corresponding to the best
solution (lowest cost) found by RCPOA, and analysing
the optimal solution's performance

e Comparing RCPOA’s performance with results from
other algorithms (e.g., PSO, GA, POA)

e Performing a sensitivity analysis as discussed in Section
3.4

4. Results and Discussion

The coding and simulation were performed using
MATLAB ® 2023a on a laptop with Intel® Core ™ i5-6200u
CPU @ 2.30GHz and 8 GB RAM.

4.1. RCPOA to Solve Unconstrained Optimisation Problem
The number of iterations used for the simulation is 1000,
while the population size is 30. Two sets of unconstrained
optimisation problems were considered: the classical
benchmark functions (V1-V23) and the CEC 2019 benchmark
functions, as explained in Section 3.1. The results obtained are
presented and discussed in subsections 4.1.1 and 4.1.2.

4.1.1. Classical Benchmark Function

The Best Candidate Solution (BCS) and the average value
obtained after 20 independent runs for POA and RCPOA were
recorded in Table 5.

Results of other algorithms, namely: “Gravitational
Search Algorithm” (GSA), PSO, Genetic Algorithm (GA),
GWO, “Marine Predators Algorithm” (MPA), TLBO, and
Whale Optimisation Algorithm (WOA), used to compare
RCPOA, were obtained from the literature [8].

Table 3. Season and day type TOU specifications

Time Low-demand seasons High-demand Seasons
Working Days Saturdays Sundays Working Days Saturdays Sundays
0 [0 0 (0] [0 0 [0
1 [0 0 (0] [0 [0 0
2 [0 0 0] 0 0 0
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Table 4. Eskom tarrif for TOU

Cost

High Demand Season

Low Demand Season

Description

Standard

Off-Peak

Standard

Off-Peak

Excluding VAT

543.88

164.73

89.48

177.47

122.11

77.48

Including VAT

625.46

189.44

102.90

204.09

140.43

89.10

The comparisons of these algorithms are shown in Table
5. It can be seen that from V8-V23, which are the multimodal
functions, RCPOA performed relatively well in competing
with other algorithms regarding exploration power. This is
shown by the nearness of their BCS to the global optimum. In
Table 5, it can be seen that RCPOA did better than GA in all
the functions. It also performs better than PSO, TLBO, MPA,
GWO, and GSA in most functions. Although it performs
similarly to POA in multi-modal functions, it outperforms
POA considering the average values.

To further strengthen the result obtained, another
statistical analysis was performed. The "Wilcoxon Rank-Sum
Test" (WRST), which is comparable in terms of its results,
was employed. WRST compares two dependent samples and
is non-parametric. It is used in this case to compare the
performance of RCPOA with other algorithms. It determined
if there was any significant difference between their
performances from a statistical standpoint. The p-value and
the significance level were used to determine the significant
difference. Table 6 shows the p-value obtained for the
comparison. The significance level (o) used was 0.05.
Therefore, the null hypothesis (H,), A=B, is rejected when p-

value < a, signifying a significant difference between the two
algorithms compared. Nevertheless, when the p-value is > a,
the H, is accepted, presenting no significant difference
between the algorithms compared.

From the results obtained from WRST (Table 6), the p-
values from these three sets of benchmark functions between
RCPOA and each of the other seven algorithms provide
insights into its performance. For V1-V7, several p-values
(0.0156) indicate significant differences between RCPOA and
others, suggesting that RCPOA performs better than many
other algorithms at a statistically significant level (0.05),
including POA. For V8-V13, most p-values are insignificant,
with only POA (0.0312) indicating a statistically significant
difference. This suggests that RCPOA’s performance is
similar to that of others but slightly improved compared to that
of POA. For V14-V23, RCPOA shows strong performance,
with p-values of 0.0117, 0.0469, 0.0078, and 0.0312,
demonstrating significant improvement over GA, GSA,
TLBO, and WOA. Notably, the p-value of 0.500 between
POA and RCPOA in these functions implies no significant
difference. Therefore, RCPOA may not substantially
outperform POA for V14-V23.
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Table 5. Performance of RCPOA and other algorithms with functions V1-V23

Function GA PSO GSA TLBO GWO WOA POA RCPOA
V1 BCS 5.5935 2E-10 8.2E-18 9.36E-61 | 7.73E-61 | 1.61E-65 |2.53E-237| 2.168E-1
AVG 11.6208 | 4.1728E-4 | 2.03E-16 | 3.83E-59 | 1.09E-57 | 5.37E-62 |5.52E-210| 5.437E-1
V2 BCS 1.5911 0.001741 1.59E-8 1.32E-35 | 1.55E-35 | 3.42E-63 | 3.56E-116 | 4.0E-4
AVG 4.6942 0.3114 7.06E-7 4.62E-34 | 2.005E-33 | 2.51E-55 |9.99E-107| 4.2E-4
V3 BCS 1014.689 1.6149 81.9124 1.21E-16 | 4.75E-20 | 1.97E-11 |3.15E-233| 257.215
AVG 1361.2743 | 588.3012 | 280.6014 | 7.08E-14 | 4.72E-14 7.56E-9 | 8.04E-209 | 368.6717
V4 BCS 1.3898 1.6044 2.09E-9 6.41E-16 | 3.43E-16 0.0001 1.17E-116 | 15.0918
AVG 2.0396 4.3693 2.63E-8 8.92E-14 | 1.99E-13 0.0013 8.61E-209 | 20.5111
V5 BCS 160.5013 3.6471 25.8381 120.7932 | 25.2120 26.4325 26.1969 32.8982
AVG 308.4196 50.5412 36.0153 147.6214 | 27.1786 27.1754 28.2073 77.5006
V6 BCS 6 5 0 0 1.57E-5 0.01465 0 2
AVG 15.6231 20.2691 0 0.5531 0.6518 0.0715 0 22.45
V7 BCS 0.00211 0.029593 0.01006 0.00136 0.00025 4.24E-5 9.95E-6 0.0968
AVG 0.08652 0.3218 0.0234 0.0011 0.0077 0.00103 8.15E-5 0.1912
V8 BCS -9717.68 -8501.44 | -3969.23 | -9103.77 | -7227.05 -7568.9 -8783 -8199
AVG -8210.34 -6899.96 | -2854.52 | -7410.80 | -5903.37 | -7239.10 -7795 -6533
V9 BCS 36.8662 27.8588 4.9748 9.87396 0 0 0 19.2119
AVG 62.1441 57.0503 16.5714 10.1379 8.10E-14 0 0 67.5248
V10 BCS 2.7572 1.1552 2.64E-9 | 0.156305 | 1.51E-14 | 8.88E-16 | 8.88E-16 | 2.37E-2
AVG 3.8134 2.6301 3.54E-9 0.2691 8.62E-13 | 3.91E-15 |3.375E-15| 13.0104
Vil BCS 1.1405 7.29E-9 1.5193 0.31012 0 0 0 0.2089
AVG 1.1973 0.0364 3.9123 0.5912 0.0013 2.03E-4 0 0.2159
Vi2 BCS 0.01837 0.00015 5.57E-20 | 0.00203 0.01929 0.00114 0.0468 4.0845
AVG 0.0469 0,4792 0.0341 0.0219 0.0364 0.00772 0.1416 9.3329
Vi3 BCS 0.49809 9.99E-7 1.18E-18 | 0.03827 0.2978 0.02966 1.7009 15.4087
AVG 1.2106 0.5156 0.0017 0.3306 0.5561 0.1933 2.7813 28.4213
Vi4 BCS 0.9980 0.9980 0.9995 0.9984 0.9980 0.9980 0.9980 0.9980
AVG 09969 2.3909 3.9505 2.4998 4.1140 1.1061 0.9980 0.9980
V15 BCS 0.00078 0.00031 0.00081 0.00221 0.00031 | 0.000313 | 3.075E-4 | 3.088E-4
AVG 0.0042 0.0528 0.0027 0.0031 0.0059 0.000463 0.0013 3.089E-4
V16 BCS -1.0316 -1.0316 -1.0316 -1.0316 -1.0316 -1.0316 -1.3016 -1.3016
AVG -1.0307 -1.0312 -1.0309 -1.0310 -1.0316 -1.0316 -1.3016 -1.3016
V17 BCS 0.3978 0.3978 0.3978 0.3978 0.3978 0.3979 0.3979 0.3979
AVG 0.4401 0.7951 0.3980 0.3978 0.3981 0.39788 0.3979 0.3979
V18 BCS 3.0002 3 3 3 3 3 3 3
AVG 4.3601 3.0010 3.0016 3.0010 3.0009 3.000009 3 3.0092
V19 BCS -3.86278 -3.8627 -3.8627 -3.8625 -3.8627 -3.86278 -3.8628 -3.8628
AVG -3.8519 -3.8627 -3.8627 -3.8615 -3.8617 -3.86068 -3.8628 -3.8628
V20 BCS -3.31342 -3.322 -3.322 -3.26174 | -3.32199 | -3.32198 -3.3220 -3.3220
AVG -2.8301 -3.2626 -3.0402 -3.1927 -3.2481 -3.22298 -3.3220 -3.3220
V21 BCS -7.8278 -8.0267 -7.3506 -9.6638 -10.1532 | -10.1531 | -10.1532 | -10.1531
AVG -4.2593 -5.4236 -5.2014 -9.2049 -9.6602 -8.8764 -10.1532 | -10.1527
V22 BCS -9.1106 -10.4024 | -10.4026 | -10.4023 | -10.4021 | -10.4028 | -10.4029 | -10.4029
AVG -5.1183 -7.6351 -9.0241 -10.0399 | -10.4199 -9.3373 -10.1371 | -10.4026
V23 BCS -10.2227 | -10.5364 | -10.5364 | -10.5340 | -10.5363 | -10.5363 | -10.5364 | -10.5364
AVG -6.5675 -6.1653 -8.9091 -9.2916 -10.1319 | -9.45231 | -10.5364 | -10.5354
*Values presented for all algorithms were obtained from [8] except for RCPOA and POA, which were simulated
Table 6. Wilcoxon rank test result for comparing RCPOA and other algorithms
RCPOA/GA |[RCPOA/PSO|RCPOA/GSA |RCPOA/TLBO |RCPOA/GWO| RCPOA/WOA |RCPOA/POA
V1-Vv7 0.2188 0.1562 0.0156 0.2188 0.0156 0.0156 0.0156
V8-VI13 0.74877 0.4375 0.6875 0.1562 0.4375 0.4375 0.0312
V14-V23 0.0117 0.1250 0.0469 0.0078 0.2422 0.0312 0.500
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The WRST buttress the superiority of RCPOA across the
classical benchmark functions V1-V23; RCPOA demonstrates
a pattern of generally better performance since POA did not
have any statistical superiority to RCPOA in multi-modal
functions. RCPOA is also significantly better than other
algorithms, particularly GA, GSA, TLBO, GWO, and WOA.

4.1.2. CEC 2019 Benchmark functions

The CEC 2019 competition procedures were followed,
and each function's average value obtained was recorded. The
results obtained for POA and RCPOA are presented in Table
7, with the results of other algorithms found in the literature.

Friedman's rank test was employed, followed by the
Nemenyi post hoc test to evaluate the algorithms’
performance. The p-value obtained from the Friedman test for

these algorithms is 1.4318e-05. This indicates that there is a
significant difference among algorithms. The Friedman rank
(f-rank), average rank (Ave. f-rank), Overall Rank (OR), and
Rank Difference (RD) from RCPOA are also recorded in
Table 7. RCPOA achieved the lowest rank (2.95), implying
that it outperformed the others across the CEC 2019
benchmark functions. A further test was done using the
Nemenyi post hoc test, which follows up on significant
Friedman test results and calculates a Critical Difference (CD)
of 3.3794. This is the threshold for determining whether rank
differences between pairs of algorithms are statistically
significant. The critical difference diagram is shown in Figure
7. Notably, the Nemenyi post hoc test revealed that RCPOA’s
rank difference with other top-performing algorithms, such as
SHO, LPB, and FDO, was below the Critical Difference
threshold (CD = 3.38), meaning that these slight rank
differences were not statistically significant.

Table 7. Performance for CEC 2019 and Friedman rank test

Functions SHO [25] LPBJ[58] FDOJ[59] | JDE100[60] | WOA[59] | PSO[58] POA RCPOA
Cl 4.87E4 7.49E9 4.585E3 1.59ES 4.11E10 1.5E12 3.76E4 1.38ES8
f-rank 3 6 1 4 7 8 2 5
C2 17.3 17.64 4.0 2.385E5 17.3495 382.33 17.34 17.34
f-rank 2 6 1 8 5 7 3.5 3.5
C3 12.7 12.7024 13.7024 1.31ES 13.7024 12.7024 12.70 12.70
f-rank 2 4.5 6.5 8 6.5 4.5 2 2
C4 124 77.90 34.0839 3.475E5 349.6754 16.8 33.89 33.62
f-rank 6 5 4 8 7 1 3 2
C5 1.69 1.188 2.13924 1.673ES 2.7342 1.1382 1.45 1.33
f-rank 5 2 6 8 7 1 4 3
C6 7.91 3.739 12.1332 3.841E4 10.7085 9.3053 7.93 7.86
f-rank 3 1 7 8 6 5 4 2
C7 7.55 145.28 120.4858 9.105E6 490.6843 160.686 160.35 90.5123
f-rank 1 4 3 8 7 6 5 2
C8 5.06 4.8876 6.1021 1.219E9 6.909 5.224 4.40 4.10
f-rank 4 3 6 8 7 5 2 1
() 2.01 2.894 2.0 9.207E8 5.9371 2.3732 4.88 5.16
f-rank 2 4 1 8 7 3 5 6
C10 20.2 20.002 2.7182 1.541E6 21.2761 20.28 20.16 20.13
f-rank 5 2 1 8 7 6 4 3
Total f-rank 33.0 37.5 36.5 76.0 66.5 46.5 34.5 29.5
Ave. f-rank 3.30 3.75 3.65 7.60 6.65 4.65 3.45 2.95
OR 2 5 4 8 7 6 3 1
RD 0.35 0.80 0.70 4.65 3.70 1.70 0.50
In contrast, WOA and JDE100 differ significantly from substantial rank differences with several algorithms,

RCPOA, with a rank difference of 3.70 and 4.65, respectively.
Other algorithms do not differ significantly because their rank
differences are not above CD.

The Friedman test results indicate a statistically
significant difference in performance among the eight
algorithms, with a very low p-value (1.4318e-05), showing
that the algorithms are not all performing equally well. Based
on average ranks, JDEI100 ranked highest (7.60) and had

indicating significantly poorer performance.

The non-significant rank differences between RCPOA
and other top-performing algorithms suggest a consistently
high performance, while its rank advantage points to a slight
edge over its closest competitors.

RCPOA also maintained stability across tests with a low
average rank, reinforcing its reliability as the most effective
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algorithm among those tested. This makes RCPOA a robust
choice for scenarios requiring reliable and optimal solutions
in benchmark functions, as it consistently outperforms or
matches the efficiency of other algorithms and notably
performs better than POA.

presented in Table 8. The statistical results for further
comparison are presented in Table 9. From this result, it was
seen that RCPOA outperformed other algorithms with better
statistical results. RCPOA gave the lowest optimum cost. It
also shows more precision and accuracy, as revealed by the
standard deviation, which is the lowest. Figure 8 shows the
rate of the algorithm's convergence towards the best solution

101 obtained by RCPOA for tension/compression spring design
_CD=338 (convergence curve). With the better performance of RCPOA
JDE100 in constraint and unconstrained optimisation problems, it has
8T ¢ an edge over other optimisation algorithms to solve real-world
oWOA problems like the optimal battery sizing problem presented in
« PSO this study.
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Fig. 7 CD Diagram for the algorithms’ performance on the CEC 2019 an}
benchmark functions
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4.2. RCPOA for Constraint Optimisation (Tension Spring
Design) lLl
The simulation was performed 20 times independently, 0.01 . ‘ . .
with 30 population numbers and 1000 iterations. The results 0 200 400 600 800 1000
of the optimisation problem by the proposed algorithms and [terations
other prominent algorithms found in the literature are Fig. 8 RCPOA convergence curve
Table 8. Optimisation results for tension/compression spring design
Algorithm D D P Optimum cost
RCPOA 0.0500212 0.349234 10.55190 0.010968
POA [8] 0.0518637 0.360933 11.04610 0.012666
PSO [8] 0.0501100 0.310173 14.00280 0.013039
GA [8] 0.0502600 0.316414 15.24270 0.012779
GSA [8] 0.0500100 0.317375 14.23152 0.012876
GWO [8] 0.0500100 0.316019 14.22908 0.012819
WOA [8] 0.0500100 0.310476 15.00300 0.013195
PbA [61] 0.0518200 0.359887 11.10560 0.012665
SA [62] 0.0516470 0.355691 11.35190 0.012668
Table 9. Statistical report of tension/compression spring design optimisation results
Algorithm Best Worst AVG MED STD
RCPOA 0.010968 0.011013 0.0110 0.0110 0.000011030
POA [8] 0.012666 0.012731 0.0127 0.0127 0.000003645
PSO [8] 0.013039 0.016263 0.0135 0.0130 0.002074000
GA [8] 0.012779 0.015225 0.0128 0.0130 0.000375000
GSA [8] 0.012876 0.014222 0.0135 0.0134 0.000287000
GWO [8] 0.012819 0.017852 0.0145 0.0140 0.001623000
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WOA [8] 0.013195 0.017875 0.0148 0.0132 0.002274000
PbA[61] 0.012665 0.017050 0.0134 - 0.001300000
SA [62] 0.012668 0.013802 0.0128 0.0127 0.000279000

4.3. Optimal Battery Sizing using RCPOA

The maximum energy deficit from the historical data is
6835.80 MW. This was recorded on the 4% of July. The
maximum rated power and the estimated Maximum Battery
capacity are as follows: The Pggss limit used is (6840, 7500
MWh), a range to accommodate the maximum deficit in the
historical data. The Eggss, max is 800000 MWh, Eggss, minis 10%
of Eggss,max, to cater for the cumulative annual energy deficit/
surplus. The SOC min is 10% to strengthen the battery life and

8000 HODemand
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4000
3000

2000

1000

Sunday

Monday Tuesday

Wednesday

battery charging and discharging efficiency of 90%, as
suggested by researchers. [20, 63, 64]. The study focuses on
stability for peak load and outages. Therefore, the optimal
battery size will focus on the peak season. The nature of
electric demand on RES and the corresponding RES
generation for a peak demand season is represented by Figure
9. A damp load is introduced to help obtain the optimal BESS
capacity for stability due to the nature of the load during peak
and off-peak seasons.

ORES

Thursday Friday Saturday

Fig. 9 Required demand and RES generation for a week in summer (July 3-9, 2022)

4.3.1. Comparing Algorithm Performance for Optimal Battery
Sizing

The result obtained by RCPOA was compared with POA,
PSO AND GWO. All four algorithms used 30 population
numbers and 100 maximum iterations. Other PSO-specific
parameters are Social and Cognitive (C1, C2) =1.5, inertia
weight 0.7, and damping ratio 0.99. Due to the stochastic
elements in the algorithms, 50 runs were done for each
algorithm, and the 20 best results were recorded. Each
algorithm's daily minimal running cost remained constant
while the optimal battery size varied slightly for the same set
of inputs. The mean and standard deviation obtained from the

varying battery sizes are shown in Table 10. It is noteworthy
that RCPOA performed outstandingly with the best solution
and average. Figure 10 shows the SOC of the battery
throughout the year, with an optimal size of 761000 MWh.
RCPOA has the lowest cost (R417,177.91), making it the best
solution in terms of cost-effectiveness. RCPOA achieves the
minimum cost and suggests the smallest optimal battery size,
indicating a more efficient use of battery capacity, as shown
in Figure 10. The battery sizes suggested by the algorithms
vary slightly, but all are within a similar range, between
765,098 and 773,952 MWh. Despite these similar results, the
four algorithms explore the search space differently.

Table 10. Result for optimal battery sizing

RCPOA POA GWO PSO
Minimum cost (R) 417177.91 423301.1 563352.62 418829.88
Best Size 765098.586 773952.0796 772799.635 766025.0484
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Average 763783.671 794887.5273 722170.8605 767310.858
STD 15119.7022 7330.9553 30982.8709 25466.5784
Time (s) 21.482 21.794 21.582 22.489
The RCPOA registered the highest mean run time of
Max SOC (1.0) 21.68 seconds, barely beating the rest, which registered
1 i ¥¥Y ¥ I A A 21.794, 21.582, and 21.489, respectively. These results
. highlight that the RCPOA can be used to provide high-quality
8 0.8 solutions with low computational cost. Figure 11 gives a
2 boxplot of the optimum battery sizes of the four algorithms
£00.6 based on the top twenty runs, hence shedding light on the
g better performance of the RCPOA on the optimisation of
S 04l A e battery size.
e —5s0C
= - = = -Max SOC Limit The RCPOA had a lower median battery size and a tighter
021 | Min SOC Limit —— distribution compared to the other algorithms, indicating high
Min SOC (0. . C g e .
AL e 1618 e o o consistency and low variability. In contrast to the POA, which
0 was also stable, it exhibited an inclination to oversize. The

4000 6000
Hour of the Year
Fig. 10 State of charge of proposed battery storage for the year

2000 8000

Moreover, the RCPOA displayed a strong strength
compared to other algorithms, and hence has more consistent
results featuring a lower standard deviation, and it has an
average performance that was very close to the best-known
solution. This observation not only tests reliability but is also
robust in handling the optimisation task.
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Fig. 11 Comparison of optimal battery sizes obtained

RCPOA provides a strong balance between cost-effectiveness
and strength, thus presenting its ability to present viable
quality and feasible solutions.

4.3.2. Sensitivity Analysis and Battery Management

Sensitivity analysis indicates the dependence of the
various parameters on the strength of the BESS cost-
minimisation solutions.

This was done to determine the parameters that are of
utmost concern when keeping the cost minimum and the
battery capacity at the optimum, and to vary the range of the
system flexibility, hence enabling practical decision-making
based on cost stability and flexibility.

It was analysed on variations in minimum State of Charge
(SOC min), Battery Efficiency, Battery Energy Capacity
(EBESS), dataset scenarios (scenario 1, 2, and 3), and running
cost (operations and maintenance, O&M). Table 11 and Figure
12 represent the results obtained.

Findings show that with a rise in SOC min, an increment
in the Optimum Battery Capacity (OBC) is insignificant, and
the Minimum Cost (MC) is the same. This implies that cost
management of O&M can play a vital role in cost optimisation
in general without changing the BESS setup.

Table 11. Result of sensitivity analysis

Charging time (hours) Battery size Minimum cost

SOCmin @0.1 765098.5863 41717791
Change in SOCin SOCin @0.15 769163.2318 41717791
SOChmin @0.2 776618.2351 41717791
0.85 776680.3045 41717791
Change in Battery efficiency 0.9 765098.5863 41717791
0.95 762726.3652 41717791

Change in Esgss, mas 10000 10000 12027421.81
) 50000 50000 521219.12
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780000 765604.7841 41717791
Chanee in Dat Scenario 1 765484.1582 174724.00
(RES dersafg o da fl 4 cost) Scenario 2 765098.5863 417177.91
’ ’ & Scenario 3 761280.1877 107597.86
Cosam/2 766020.1903 196319.02
Change in Operation and maintenance Coam 765098.5863 41717791
cost CSZ 765297.0629 834355.83
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Fig. 12 Graph showing results for sensitivity analysis

The MC is unaffected because the cost structure is not
sensitive to these changes, likely due to the constant energy
usage pattern that the battery can support under all SOC_min
scenarios. Changes in battery efficiency also alter the OBC
while MC remains constant. 0.85 efficiency gave the highest
OBC, while 0.95 gave the lowest. Lower efficiency means
more energy is lost during charging/discharging, requiring
more extensive storage to meet the exact demand and account
for losses. However, MC stability implies that the cost
optimisation approach effectively compensates for efficiency
changes, allowing flexibility in efficiency without impacting
cost. Furthermore, a change in battery capacity range
significantly affects both OBC and MC. The Maximum
battery capacity (Eggss, max) that is very close to the OBC gave
the same MC with a similar OBC, while any EBESS, max that
is very low compared to OBC, returned EBESS, max as the
OBC and has a high MC. The lower the Eggss, max, the higher
the MC. Constraining capacity below the required OBC forces
the system to draw more energy from the grid, increasing
costs.

50

Change in the dataset affects the MC significantly, with an
insignificant change in OBC. Scenario 1 depicts a day of lower
demand and higher RES with a lower cost of energy drawn
from the grid, which gives R1747240, while scenario 2, with
the highest load deficit and high energy cost, has R417177.91.

The third scenario depicts an average deficit of
R107597.86. The BESS significantly reduces grid costs when
renewable generation is high relative to load. Conversely,
during high-demand, low-renewable periods, the system
draws more from the grid, increasing costs. Proper charging
and discharging schedules will help to optimise costs further.
Change in Cogm also affected the MC with an insignificant
change in OBC. Cogm gave R417177.91, Cosam/2 gave
R196319.02 and Cogm*2 gave R834355.83. Findings show
that with a rise in SOC min, an increment in the optimum
battery capacity (OBC) is insignificant, and the minimum cost
(MC) is the same. This implies that cost management of O&M
can play a vital role in cost optimisation in general without
changing the BESS setup.
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The sensitivity analysis also indicates that Optimal
Battery Capacity (OBC) depends on changes in SOC
minimum limits, battery efficiency, as well as capacity range.
Conversely, the least cost is not much sensitive on these
parameters, and it seems to exhibit much cost sensitivity only
to the change in the operational and maintenance cost and the
change in the condition of grid demand. In that vein, the range
of BESS capacity should also surpass the optimal battery size
in order to effectively manage the minimal addition of cost to
the grid, high-efficiency battery should be used in order to
control the necessary capacity to be handled without inflating
costs, SOCmin should be adjusted based on the operational
strategies (e.g., management of the battery lifespan) as it has
the least cost, BESS operation should be adjusted to periods
of high renewable energy production or low cost of grid
electricity to maximise the cost under different demand
conditions and O&M costs should be tended to enhance the
BESS’s economic performance.

5. Conclusion & Future Research

In conclusion, this paper reveals the usefulness of the
Roulette Chaotic Pelican Optimisation Algorithm (RCPOA)
in identifying the most optimal Battery Energy Storage
System (BESS) size to be incorporated in the grids that are
connected to Renewable Energy Sources (RES). The RCPOA
has been shown to perform exceptionally well, out of a
number of well-known optimisation algorithms in constrained
and unconstrained optimisation problems, possessing better
and greater accuracy, strength, and versatility. The
simulations and case studies showed that the RCPOA had high
potential to optimise BESS to better the grid performance,
reduce its operational costs, and enhance its reliability.
Sensitivity analysis also showed that, although optimal battery
capacity is renewable in reaction to battery efficiency, SOC
constraints, and capacity spectrum, the least expenses are
largely presented by operations and upkeep costs and grid
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