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Abstract: The increasing demand for reliable and sustainable energy in off-grid areas has
driven the need for efficient Stand-Alone Photovoltaic (SAPV) system designs. One of the key
challenges in SAPV implementation is determining the optimal configuration of system
components to ensure high reliability and cost-effectiveness. Conventional methods such as the
Iterative-Based Sizing Algorithm (ISA) can achieve accurate sizing but are computationally
intensive, especially when evaluating a large number of component combinations. This study
proposes a Meerkat Optimization Algorithm-based Sizing Approach (MOA-SA) as an
alternative method to improve sizing efficiency for SAPV systems. The objective is to
minimize the Loss of Power Supply Probability (LPSP) while significantly reducing
computation time. The methodology involves applying MOA-SA to two system
configurations: one with a PV array, battery and hybrid inverter (System 1) and another with a
PV array, battery, charge controller and solar inverter (System 2). The results showed that
MOA-SA successfully achieved the optimal LPSP in all design cases with faster computation
time and outperformed other sizing algorithms to meet load demand of a school in Pos Musoh,
Perak, Malaysia.

Keywords: Meerkat Optimization Algorithm, Stand-Alone Photovoltaic, Loss of Power Supply
Probability (LPSP)

1. Introduction

With the increased concern of the whole world for sustainable development and
conservation of the environment, demands are arising for renewable energy applications.
Therefore, solar power is an important factor for the shift towards cleaner energy. Stand-Alone
Photovoltaic systems, dependent on solar energy, are a good option apart from conventional
remote and off-grid areas. Ecologically, SAPV systems reduce the emission of greenhouse
gases and help in conserving critical finite resources of fossil fuel. In their potential to produce
clean energy, they meet Sustainable Development Goal 7: Affordable and Clean Energy-
intended to ensure access to affordable, reliable, sustainable and modern energy for all. The
optimization of efficiency and reliability in SAPV systems involves a proper balance between
energy generation and storage to minimize power shortages. Therefore, the optimal sizing of
the components of the system means ensuring the performance and sustainability of the system.
[1], [2]. Empirical research has been conducted with the aim of devising a method for the
optimal sizing of the photovoltaic system to balance energy production and consumption.

One of the most important definitions in this respect is that of Loss of Power Supply
Probability, relating to the possibility of an SAPV system not being able to supply energy at
any instant of time. The LPSP minimization is highly necessary for the purpose of continuity in
energy availability, especially in those regions where solar irradiance is intermittent. LPSP
minimization and hence the optimization of system component sizing, such as the photovoltaic
panels, batteries, and inverters, has been performed in previous works using different
optimization techniques including genetic algorithms, particle swarm optimization methods,
and iterative procedures. In addition, the design, simulation, and optimization of SAPV
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systems have also been widely carried out by software tools such as HOMER Pro, PV Syst, and
MATLAB/Simulink [3], [4].

These studies demonstrate that effective sizing strategies, which account for local solar
patterns and load variability, can significantly improve system performance and reliability [5].
In the context of SAPV systems, optimizing the size of individual components is vital to
prevent over-sizing, which leads to increased costs, or under-sizing, which compromises
reliability. The general problem throughout any sizing optimization involves the trade-off
between energy storage and generation, with each component requiring size optimization to
avoid inflating system costs while meeting energy supply needs. This perspective is supported
by [6], [7]. The main challenge lies in designing a system that minimizes the Loss of Power
Supply Probability (LPSP) while reducing the use of unnecessary components.

Recent research has focused on developing optimization algorithms and modeling
approaches that account for factors like solar irradiance variability, load demand, and economic
feasibility. Studies show that techniques such as the Honey Badger Algorithm (HBA), Particle
Swarm Optimization (PSO), and others effectively determine optimal component sizes by
evaluating cost, reliability, and storage requirements simultaneously[8]-[12].

In SAPV systems, choosing component of inverter is critical due to each option's distinct
impact on system functionality, efficiency, and adaptability [13]. Hybrid inverters, equipped
with integrated battery management, allow seamless transitions among solar power, stored
battery energy, and grid electricity (if available), thereby enabling energy storage and
enhancing self-sufficiency [14]. This flexibility makes hybrid inverters ideal for applications
focused on energy independence and efficient power usage across varying times and
conditions.

Traditional solar inverters, by contrast, are solely optimized for converting DC energy from
solar panels to AC power, offering higher efficiency for direct energy conversion and suiting
setups where battery storage is unnecessary [15]. They present a cost-effective solution for PV
systems where simplicity, lower costs, and ease of integration are prioritized over scalability
and storage options [16], [17]. The choice of inverter type depends on immediate energy needs,
budget, adaptability, and system independence goals. This study examines optimization
techniques for two SAPV configurations: System 1 includes PV panels, a battery, and a hybrid
inverter, while System 2 consists of PV panels, a battery, a charge controller, and a solar
inverter. Both configurations aim to meet energy demands with minimal the Loss of Power
Supply Probability (LPSP).

2. Methodology

The sizing of SAPV systems involves selecting the appropriate type, capacity, and
configuration of key components such as the PV array, battery, inverter, and charge controller
that the load demand can be met. This research focuses on design and sizing SAPV system for
a school in Pos Musoh, Perak, Malaysia located at approximately 4.26515°N, 101.40331°E.
The school comprises various facilities, including six classrooms, five laboratories, a canteen,
an administrative office, restrooms and a prayer room (surau). Table 1 illustrates the daily load
profile of the school during school days and public holidays. Since the sizing is conducted to
meet the load demand for one school, a PV-battery system is considered.

In this study, two system configurations were analyzed: System 1, comprising a PV array,
battery, and hybrid inverter; and System 2, consisting of a PV array, battery, charge controller,
and solar inverter. To evaluate the performance of each configuration, the LPSP was used as
the primary reliability indicator. Firstly, the sizing of SAPV system was initiated with the
formulation of Conventional Sizing Algorithm (CSA). CSA is capable of sizing system with
only single set of system components. Later, an Iterative-Based Sizing Algorithm (ISA) was
developed to enable the evaluation of multiple models for each system component, thereby
facilitating a more flexible and realistic sizing process. This approach reflects common
engineering practice, where various design alternatives are explored prior to selecting the
optimal solution. In addition to supporting optimal component selection, the results produced
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by ISA are also utilized as a benchmark for evaluating the performance of the proposed
Meerkat Optimization Algorithm-based sizing approach (MOA-SA).

Table 1. The estimated daily load profile

Aol Power | Power | Total Namber [—i2getime [ Energv [ Usagetime| Fnergy [ Usigetime| Enersy
Usage el per unit | factor of units (Monday - Thursday) Friday Weekend / School holidays
240Vac, 50h W b VAb b VAb b VAb
Florescent lamps 32 1 48 2 3072.00 2 3072.00 0 0.00
Classrooms & Labs & g Fon 72 092 14 33 383478 0.7 82174 0 0.00
Florescent lamps 32 1 8 3 768.00 3 768.00 0 0.00
Kitchen & canteen |Wall Fan 59 098 9 2 1083 67 0.75 40638 0 0.00
Blander 350 0s 1 05 21875 05 21875 0 0.00
Florescent lamps 32 1 17 2 1088.00 2 1088.00 0 0.00
Celling Fan 72 092 9 4 281739 125 88043 0 0.00
. Air conditioner 870 0s 1 05 54375 0 0.00 0 0.00
@ Classroom v 48 1 1 03 24.00 0 0.00 0 0.00
activity =
¥ Decoder NJOI 24 098 1 05 1224 0 0.00 0 0.00
School office  [CPU 280 0.95 2 2.7 1621.05 0.8 518.74 0 0.00
Monitor 16 095 2 275 9263 088 2064 0 0.00
Printer 10 09 2 1 2222 05 1111 0 0.00
Mobile phone charger 15 09 5 1 8333 04 3333 0 0.00
Microwave 800 08 1 05 500.00 0 0.00 0 0.00
Ketle 200 | o033 1 0.5 1204.12 0.5 1204.12 0 0.00
Toilets Florescent lamps 32 1 7 05 112.00 05 112.00 0 0.00
Hom speaker 50 095 2 0167 8780 0.167 8789 0.167 87 89
(i) Surau activity| S“h“h’_znh“f’ Asar, | oplifier 660 095 1 0.167 580.11 0.167 580.11 0.167 580.11
(for community)| V86D, Isyaand 7 light bulb 20 1 10 3.167 633.40 3.167 633.40 3.167 633.40
quran recitation class e by 59 0.98 6 4.33 1364.10 4.33 1564.10 433 1564.10
Corridor lamps _|Florescent lamps 32 1 2 12 8448.00 12 8448 00 12 8448 00
(i) Others Florescent lamps 32 1 1 12 384.00 12 384.00 12 384.00
Guardroom  |Wall Fan 59 098 1 12 72245 12 72245 12 72245
Mobile phone charger 15 09 1 2 3333 2 3333 2 3333
Total 2064123 2170753 1245328

A. Conventional-based sizing algorithm approach

The conventional sizing of SAPV system is conducted using a prescribed sizing procedure.
In this study, CSA was developed in Matlab. The CSA initially requires the system designer to
select a set of system components for System 1 and System 2 before trying to match the
characteristics of the system components. After that, the expected performance indicator LPSP
for SAPV system is computed. The technical sizing procedure for CSA primarily involves
several steps in determining the system configuration that is expected to to meet the load
demand. The sizing procedure is summarized as follows [11], [18]:

Step I: Select and determine the sizing components for System 1 and System 2.
Step 2: Obtain the load profile of the site being used is shown in Table 1.
Step 3: Determine the total required load demand, Ereq aairyin VA by using,
E req daily — E
- inw ( 1 )
where E, is total daily load demand in Vah and 1j;,,,is the efficiency of the inverter.

Step 4: Determine the irradiation-to-load ratio, R, to find the worst month where H,,,, is the
average daily solar irradiation as shown in Table 2. The worst month is determined by selecting

the month with the lowest R ;.

Hpoa

Rp=
req_daily (2)

E

Table 2. Average daily irradiation since January 1984 until December 2013 [19].

Month Jan | Feb | Mac | April | May | June | July | August | Sept | Oct | Nov | Dec
Irradiation,

G 4.05 | 459 | 432 43 4.08 | 4.18 | 4.02 3.52 334 | 33 | 3.15] 33
(kWh/m?)

Step 5: Determine the System Voltage (SV) based on the system's daily energy requirement
(Ereq daity)- The appropriate SV is selected according to the values shown in Table 3.
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Table 3. Criteria for selecting SV (S.Shaari et al.2014)

Condition Recommend SV, in V
Condition 1: 19V
Eraa daily <1k Wh
Condition 2:
24V
1.001k Wh € E,oq daiy = 2k Wh
Condition 3:
48V
2001k Wh < E,.q gauy = 4k Wh
Condition 4:
96V
4.001k Wh = E,pp gaiy = 8k Wh

Step 6: Determine the required Ah demand of the battery bank, C,..; pqr in Ah using,
c Ergq_daz'!y Taun

req_batt — SV DODHJM (3)

where T,,,,, is the required number of autonomy days of the battery bank and basically set
between 5 and 10 days [21]. The DOD,,,.. is the maximum allowable depth of discharge of the
battery bank and it is set to 80%.

Step 7. Determine the required capacity of revised battery bank, €.z, parr regin Ah using
_ Crgq_barr

Crev_batt_req -

frgmp_barr

“
where fiomp pare 19 the battery temperature correction factor and it is set to 0.98.
Step §: Determine the total discharge current from the battery bank, Iy anp discn Using
Z
1 Py
Tpan_aiscn = v .PF
1 (6))

where z is the load number, P, is the power rating of particular load and PF is the power

factor of the load. Addition, the discharge rate of the battery bank in hours is calculated using
Thank_disch = —mem_mq

- Tyani discn (6)

Step 9: Determine the battery bank configuration. The number of batteries per string,

N.gries bare» and number of parallel strings of batteries, Nparaiet pac: USING

5V
Nss:':’ss_bﬁrr = v
nom_battery (7)
N _ Crgv_barr_rgq
parallel_batt — C

per_batt (8)
where Vyom patesry 15 the nominal battery voltage and C,.;- naer is the Ah capacity of the battery
at the discharge rate.

Step 10: The PV array configuration for MPPT charge controller:
i.  The total number of PV modules, N;;q; 1 to meet the energy demand using

N Ersr_?_dm’.'}'x fo
Neotal_ PV =
Pm,u_stc x PSH x Moy 55 (9)
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where P, o in Wp represents the rated maximum power at Standard Test Conditions (STC), PSH
denotes the peak sun hour, IJpy oo is the sub-system efficiency from PV array to charge
controller in decimals while f;, represents a growth factor for the load.

ii. The total number of PV array for each controller using MPPT charge
controller, N,oea; pv per cc USING:

N — [ 'PJ‘IG’J‘T! X fﬂ ]
tatal PV _per CC Pmp_stc % Sfl (10)
where P, ., is the nominal power of charge controller in W and sf1 is safety factor and it is
setto 1.2.
iii. The maximum series per charge controller.
_ Vimax ce X 51
Nssrfss_mﬂx = |:V—:|
or_max (1 1)
p::u:'_:ma.x = p::u:'_sz'us' x (1 + % x [:Tcgﬂ_min - 25:(:)]) (12)
where V0. - 18 maximum allowable input voltage to charge controller in V and V. 4, 1S the
maximum open circuit voltage of PV module in V and v,_ .. is the open circuit voltage at STC.
In this T,y min 15 the expected minimum operating cell temperature in °C is set to be 20 °C,
Buee is temperature coefficient for open circuit voltage in % per °C and 25°C is set for the cell
temperature at standard test condition.
iv. Total number of charge controllers.

Nrara!_PV ]

Ntata!_CC = N
Nrotal PV per cC

(13)
Step 11: Compute the required minimum power of inverter based on maximum power,
Priar reginy iN VA using and required minimum power of inverter based on surge power,

Piyrge 1oaa 1N VA using
Pma.:: req inv = Lmax load % fav (14)
Psurge reginv Psurge load X fav (15)

where f;,,, represent the oversized factor of inverter to consider load growth, Py, 0aq 1S the
maximum AC load demand while Py, 0. joqq 1S the surge demand of the load in VA.

To assess the performance of the system, the Loss of Power Supply Probability (LPSP) serves
as a key reliability metric. LPSP quantifies the system's ability to meet load demand,
representing the proportion of the total demand that cannot be satisfied by the power supply.

Step 12: Determine the energy output of the PV generator during an hour, Epy(n) in using;

EPV(H) = Parra,v ste % PSH(“) x frgmp (ﬂ) x fmm x fdz’rr X Neable * Niny % Mg * nbazr 6)

1

where Pgpray see 15 the maximum power of the PV array at STC in W, PSH (n) is the peak sun hour in
hours, f,,, is the reduction factor due to mismatch of power on PV modules, f,;,.. is the factor
of dust and dirt accumulation on PV modules, 7,441, 1s the efficiency of cabling set as 95%,
Nee is efficiency of charge controller, 4., is the efficiency of battery and fiopmp(n) is the
derating factor of power due operating temperature and can be calculated using;

frgmp (n)=1+ [ﬁpmp x (Tcg!!(n)_ Tsrc)] a7

NOCT — 20
Trou(n) = To() + (~—555—) s

where fp,,, is temperature coefficient for maximum power in % per °C, T,y (n) represents the
PV panel temperature in °C, T, is the temperature at standard test conditions, set at 25°C, T,(n) is the

ambient temperature on an hour in °C and NOCT refers to the Nominal operating cell temperature set
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at 45°C. The constant value 20 is used to normalize the NOCT temperature to a baseline and 800
represents the reference solar irradiance in W/m?.

Step 13: Determine the net energy content of the battery bank on an hour n, Eyg...(1n). If
Epy(n) is greater than the load demand of an hour n, Ej,,4(n), the battery bank will be
charged to store the excess energy using

E n
Ebarr_chargg (ﬂ) = Ebarr(n - 1) (1 - J) + (EPV(H) - ﬂ()) Noaze
Ninv (19)
where Ey..(n — 1) is the previous amount of the battery capacity in kWh,  is the battery self-
discharge rate.
On the other hand, if Ej,,;(n) is greater than the load demand of an hour #, the battery bank
will be discharging using

E; a(ﬂ)
Ebart_discharyg (ﬂ) = EIJG[EI(“ - 1)(1 - '5) - (L

- Epv(ﬂ)) Moare
mw (20)
Epaee (1) is set to fulfill a constraint such that overcharging or undercharging of battery bank
can be avoided. The constraint is

E.[Jatt min = E.[Jatt(n) = E.[Jatt max
where Epger min 1S the minimum allowable energy level, preventing the battery bank from
entering an over-discharged state. It is given by:

E.[Jatt min — (1 - DODmcU:) X N;Dara!!e! batt % Cner batt < Vnam battery (21)
Eyorr max 1S the maximum allowable energy content, representing the fully charged state of the
battery bank:

Epare maxr = Nparattet bace X Cper vare X Vnom pateery (22)
If the Ep (1) exceeds Epger maxs it 1S Set t0 Epgrr max> indicating a fully charged condition.
Conversely, if Ey, .. (1) falls below Epgee mins it is constrained to Epgzr min, €0SUring protection
from excessive discharge and subsequent damage. This approach maintains the battery within
optimal limits, enhancing longevity and operational efficiency.

Step 14: Calculate the LPSP using

LPS(H) = EIaad (ﬂ)— (EPV(H) + Ebarr(n - 1) - Ebatr mz’n) X ninv) (23)
;':'LPS(H)

LPSP=S1——
n Eigaa (M) (24)

B. Iterative-based sizing (ISA) approach

The CSA is limited to operating with a specific set of system components. When alternative
component combinations are introduced into the design, the sizing process must be repeated.
To address this limitation, [22] developed the Iterative-based Sizing Algorithm (ISA), which
automates the selection process by optimizing the configuration of system components. ISA
effectively reduces the need for repetitive manual resizing by streamlining the identification of
optimal component sets. This approach aligns with current trends in renewable energy systems
design, where automated optimization algorithms are essential for reducing complexity and
improving overall efficiency [23]-[25].

In this study, individual component databases were created in Microsoft Excel for easy
maintenance and integration with Matlab, covering PV modules, batteries, hybrid inverter,
charge controllers and solar inverters. Each database contains ten models categorized by
technical specifications. PV module parameters include maximum power at Standard Test
Conditions (STC), Pmp_stc, in Wp; voltage and current at maximum power, Vmp_stc in V and
Imp_stc in A; open circuit voltage Voc st«c, in 'V, the temperature coefficient for open circuit
voltage of PV module, fVoc, in % per C, the temperature coefficient for maximum power of
PV module, fPmp, in % per C, the temperature coefficient for short circuit current of PV
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module, Sisc, in % per C and reduction factor due to mismatch of power, fum in decimal. The
battery parameters include nominal voltage, Vnom_batt in V, capacity of battery at 120h discharge
rate, Chart_120h in Ah, capacityof battery at 100h discharge rate, Chart_100h in Ah, capacity of
battery at 72h discharge rate, Chatt_72h in Ah, capacity of battery at 48h discharge rate, Cha_48h
in Ah, capacity of battery at 24h discharge rate, Char_24h in Ah, capacity of battery at 10h
discharge rate, Chatr_10h in Ah and efficiency of battery, nsatt in %. The database of charge
controller required for optimal sizing process are nominal voltage of charge controller, Viom_cc
in V, maximum input voltage of charge controller, Vmax_cc in V, minimum input voltage to the
MPPT of charge controller, Vmin_window cc in V, maximum input voltage to the MPPT of
charge controller, Vmax_window cc in V, nominal power of charge controller, Pnom_cc in W,
nominal output current charge controller, Inom_cc in A, and efficiency of charge controller, 7cc
in %. On the other hand, there are two separate lists of database inverter which were arranged
according their power rating for solar inverter and database hybrid inverter. The specifications
of solar inverter used for the optimal sizing process are nominal input voltage of inverter,
Vnom_inv in V, continuous power of inverter, Scontinous_inv in VA, maximum power of inverter,
Smaximum_inv in VA, surge power of inverter, Ssurge_inv in VA, and efficiency of inverter, ninv in
%. The hybrid inverter database combines the specifications of both the solar inverter and the
charge controller. For both systems, ten models were considered for each component and each
model was an integer code. As a result, there were 1,000 possible component combinations for
System 1 and 10,000 combinations for System 2 of system components that need to be
evaluated in a particular sizing process. ISA based on System 1 and System 2 was developed to
determine the optimal set of system components which produces the lowest LPSP. It
implemented using the following steps:

Step 1: Load all the MS Excel databases include databases of components, load profile and
solar irradiation into Matlab.

Step 2: Execute step 1 until step 4 in Section 2.1.

Step 3: Reconstruct each component database such that the selected SV is satisfied.

Step 4: Derive all possible combinations of system components from the databases.

Step 5: For each set of system components, execute step 5 until step 14 in Section 2.1 to
determine LPSP.

Step 6: Identify the set of system components which produces the lowest LPSP. The optimal
results for System 1 and System 2 have been benchmarks for MOA-based sizing algorithm.

C. Meerkat Optimization Algorithm (MOA)
The meerkat is a small, diurnal mammal with a brown-striped coat, commonly found in

desert environments. It has a long tail used for balance when standing upright and distinctive
black spots around its eyes that act like sunglasses, allowing it to see clearly in bright sunlight.
Meerkats exhibit several unique behaviours. They use their sharp sense of smell to hunt small
prey and communicate by purring. While some forage, others act as sentinels, scanning for
predators and alerting the group with a warning cry if danger is detected. When threatened,
meerkats may try to appear fierce by exposing their teeth and claws or standing together to
mimic a larger animal. These behavioural patterns inspire the Meerkat Optimization Algorithm
(MOA). The algorithm was formulated based on five idealized behavioural rules (Xian et al.
2023).

C.1. Establishment of initial populations

The initial population, X of MOA was first established using eq. (25), where represents the
jth component of the ith prospect solution, i={1,2,...N} and j={1,2...,D}., represents the total
number of individuals, and is the problem's dimension size.
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Mg X Xyj Xip

RETRED T Az j X2p
¥ = : : :

XzJ. Xi,: Xz',j XE,D

X1 Anz oo Anj o Ao (25)
X =random,, .y, (loc = 0.5,sclae = 0.3) = (ub — Ib) + b (26)

where random is distributed random number with standard deviation of 0.3 [26].

C.2. Hunting activities and vigilance

Meerkats adjust their behaviour based on the presence of predators and sentry warnings. In
safe situations, when rand < sentry threshold (default 0.3), they follow one of two strategies with
equal probability: (i) searching for prey while staying alert by spreading out from their starting
location, or (ii) approaching other meerkats for group hunting. These strategies depend on a
probability, P (default 0.5), compared to a random value uniformly distributed. The strategies
are mathematically formulated as follows:

X!+ step = direct, if P<rand,
geen = [ stepdin N @7)
XF+ step = {:Xj— — (rand + 05) = X{), otherwise,
if rand < sentry, (28)
direct = X7
step = (1=T/p) «r (29)

where xf+* is the next position of the meerkat (¢ + 1)th iteration, and the current position at tth
iteration is represented by xf. When P < rand, meerkats expand their search outward from their
initial position, direct looking for food and watching for predators. P is set to 0.5 by default to
balance the two behaviour modes. The step size (step) decreases as the number of iterations
increases, aiding in both global search and convergence.

In the other scenario, meerkats may randomly encounter other members of their group and
join them for coordinated hunting, with Xj representing a randomly selected companion. The
rand is a random number, ¢ indicates the iteration's number, T’ denotes the maximum number of
iterations, and r is a scaling factor.

C.3. Flee or fight against the enemy

In this strategy, the emergency is considered when rand = sentry. Meerkats are led to
conduct reconnaissance for predators or natural calamities, and alerts are sent for others to
either escape or defend themselves. Two scenarios are involved in this strategy: first, meerkats
are gathered in the leader's direction, also known as the historical optimal global position, and
positions are upgraded accordingly to give attackers the impression of a larger animal. In the
second scenario, when the enemy is too powerful or escape routes are blocked, meerkats with
poor fitness to the leader seek shelter in the opposite direction. The first scenario is represented
mathematically when f{¥%...eney ) < F(XF), indicating better fitness value, while in the second
scenario, the positions are upgraded or adjusted otherwise. Random bias (div) is employed to
expand the population search, while leader direction is updated for quicker convergence.
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X+l = Xetmgrgenc_v lf f(Xgmgrgency) ‘::f(Xz'r):
! div = Xf + (2 = rand = Xt — Xf) otherwise (30)
if rand = sentry,
where,
X‘;mgr,ggncy = Xz't + (2 #rand = X;B _Xz'r) 31)
div = rand + 0.1 (32)

C.4. Random direction exploration

At each iteration, the meerkats can explore random paths with the goal of finding paths
which maximize food intake. These strategies help them never get stuck in local optima and let
them find the very best food supplies. This process can be represented using mathematically as
follows:

X = X'+ (2 #rand — 1) » (XF % 5) = step (33)
where,
s = Levy flight step (34)

C.5. Death and rebirth

When meerkats exceed the permitted boundaries, they are removed from the group. In such
cases, it is necessary to regenerate new meerkats to preserve the population size, using the
following equation:

Xxretecate — random,,,.ma(loc = 0.5,scale = 0.3) = (ub— Ib) + b (35)

D. Meerkat Optimizer-based Sizing Algorithm (MOA-SA)

Figure 1 illustrates the operational flow of the Meerkat Optimization Algorithm (MOA)
applied to the optimal sizing of SAPV system. The detailed development of MOA-SA for
System 1 and System 2 are described as follows:

Step I: Load all the MS Excel databases include databases of components, load profile and
solar irradiation into Matlab.

Step 2: For each candidate solution, the fitness function is evaluated based on minimize LPSP.
Step 3: The MOA is executed. It simulates the behavioral traits of meerkats as described in
Section 2.4.

Step 4. The population is updated iteratively over multiple generations. During each iteration,
agents adapt their configurations based on the rules in Step 4 to improve LPSP outcomes.

Step 5: After each iteration, the algorithm checks if all candidate solution has converged or if
the maximum number of iterations has been reached.

Step 6: Once convergence is achieved or the iteration limit is reached, the best performing
solution is recorded as the optimal system configuration with minimize LPSP.
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Figure 1. Flow chart of Meerkat Optimizer-based Sizing Algorithm (MOA-SA)

3. Result and discussion

The sizing results for ISA based on System 1 and System 2 are presented in Table 4. In
System 1, the total computation time was found to be 466.23 seconds with 1000 sets of PV
module, battery, and hybrid inverter being identified as valid solutions. A minimum LPSP of
0.045422 was achieved using code 4, code 4 and code 3 for PV module, battery and hybrid
inverter respectively. Conversely, System 2 required 685.75 seconds of computation time,
resulting in 10,000 sets of valid solutions. The minimum LPSP of 0.08329 in System 2 was
obtained using code 4, code 10, code 1 and code 4 for PV module, battery, inverter and charge
controller respectively. These LPSP values for both systems fall within the acceptable range for
SAPV system in rural electrification applications in Malaysia as supported by related studies
[8], [11]. Although the optimal PV module suggested is the same in both cases, the battery
configuration differs significantly, with System 2 required a higher battery capacity to meet its
energy needs. Consequently, distinct sets of sizing configurations and LPSP values are
obtained, underscoring the necessity of investigating the sizing process using both systems.
Next, several computational intelligence (CI) algorithms; MOA-SA, Particle Swarm
Optimization (PSO), Firefly Algorithm (FA), and Slime Mould Algorithm (SMA) were applied
to System 1 and System 2, with their parameter settings detailed in Table 5. For a realistic and
reasonable comparison study, the number of populations and the maximum number of
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iterations were set for each technique is 20 and 30 respectively. The results from these
intelligent optimization models are compared and benchmarked against ISA based on
computation time and accuracy of the optimization.

Table 4. ISA sizing result of SAPV system for System 1 and System 2

Sizing results System 1 System 2
Optimal PV module code 4 4
Optimal battery code 4 10
Optimal hybrid inverter code 3 -
Optimal inverter code - 1
Optimal charge controller code - 4
Nieries_pyin integer 2
Niowar_pyin integer 24 24
Niotal PV per cC 10 10
Nieries b N integer 4 4
Nparattel_ban 11 Integer 19 81
Niotal ban il integer 76 324
Niotal_hybria_invin integer 5 -
Niotal_charge_controller N INtEET - 3
Niota_iny i integer - 2
Optimal Loss of Power Supply
Probability (LPSP), 0.045422 0.08329
dimensionless
Overall computation time, in

466.23 539.65
seconds

Table 5. The parameter set of algorithms.

Algorithms Parameters
MOA-SA P=0.1, sentry = 0.5, scale = 0.3
PSO Cl1=0,C2=2[26]
SMA Z=10.03 [27]
FA a=05,=1,y=1[27]

A. System 1 Analysis

Table 6 presents the numerical results of LPSP for System 1 across four optimization
algorithms. The results for each algorithm include the best, mean, worst, and standard
deviation (SD) values for LPSP across 20 runs. Importantly, MOA-SA displays the lowest
standard deviation (0.00041), indicating minimal variability in its LPSP outcomes across runs.
This stability is crucial for applications requiring reliable performance, as it demonstrates that
MOA-SA consistently achieves near-optimal results. PSO, while attaining the same best LPSP
value as MOA-SA, has a higher SD, suggesting more variation in its performance. In contrast,
FA and SMA yield slightly higher LPSP values and greater SDs, indicating less reliable
performance compared to MOA-SA and PSO.

Table 6. The numerical result of System 1 (LPSP)
Algorithm Best Mean Worst SD
MOA-SA  0.04542 0.04570 0.04690 0.00041
PSO 0.04542  0.05935 0.11063 0.02466
SMA 0.04563 0.05035 0.06161 0.00518
FA 0.04547 0.05276 0.10113  0.01399
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Table 7 directly compares the best LPSP and computation time obtained by each algorithm
on System 1 in minimization of LPSP. Here, MOA has resulted in the exact same optimal
LPSP as that obtained with ISA in a much lower computation time of 1.1063 seconds and,
hence is more than 420 times faster than ISA. PSO also performs impressively but takes a little
more time, while FA and SMA result in higher LPSP values of 0.04573 and 0.04563,
respectively, at higher computation cost. The low computation times of MOA-SA and PSO
demonstrate the possibility of their usage in real-time applications, since they achieve optimal
performance in terms of LPSP at reduced processing times. Figure 2 shows the convergence
performance for each algorithm with the best fitness (LPSP) resulting over 30 iterations. The
MOA-SA converges with much rapidity, finding the optimality of the LPSP in its five
iterations as 0.04542 and explaining its efficiency by finding the optimal solution with rapid
convergence.

Best Convergence for Minimum LPSP of System 1
0.04565

FA
MOA
PSO

——sMA[”

0.0456 -

0.04555 |-

Best Fitness LPSP

0.0455 |-

0.04545 |-

0.0454
0

| ,
5 10 15 20 25 30
Iteration

Figure 2. Performance of different algorithms for System 1

Table 7. Sizing performance of ISA, MOA-SA, PSO, SMA and FA in minimizing
LPSP for System 1.

Optimization Techniques
MOA-SA PSO SMA FA

Sizing results ISA

Optimal Loss of Power Supply

Probability (LPSP), dimensionless 0.04542 0.04542 0.04542 0.04563 0.04573

Overall computation time, in seconds 466.23 1.1063 1.8617 2414 2.0216

B. System 2 Analysis

The numerical result for each algorithm applied to System 2, detailed in Table 8, include
the best, mean, worst and standard deviation of LPSP. Consistent with System 1, MOA-SA
demonstrates the lowest standard deviation (0.00013), underscoring its reliability and stability.
This result is critical for applications needing consistent power reliability, as it suggests that
MOA-SA can consistently achieve optimal outcomes with minimal variability. PSO, SMA, and
FA show slightly higher variability, with greater standard deviations of 0.00145, 0.00133, and
0.00189, respectively, which indicates a broader range of LPSP results across runs.
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Table 8. The numerical result of system 2 (LPSP)
Algorithm Best Mean Worst SD
MOA-SA  0.08329 0.08343 0.08374 0.00013
PSO 0.08329 0.08371 0.09121 0.00145
SMA 0.08329 0.08416 0.09010 0.00133
FA 0.08329 0.08420 0.09134 0.00189

Table 9 presents the computation times consumed by each algorithm to compute their
optimal LPSP values in System 2. MOA-SA remains the fastest, with a computation time of
only 4.776 seconds, compared to the 539.65 seconds of ISA. This significant cut in
computation time proves the efficiency of MOA-SA and makes it one of the perfect choices
when optimization needs to be done in the shortest time possible. PSO, SMA, and FA show
moderate computation times, which can be considered feasible when the availability of
computation resources or time is more flexible. Figure 3 presents a convergence behavior for
each algorithm about System 2. It plots the best fitness obtained by each algorithm, LPSP in
this case, over 30 iterations to demonstrate how each algorithm performs in convergence speed
and the best solution quality it reaches. Due to the robustness of the optimization techniques
employed, all the algorithms are able to reach the minimum of the LPSP. The speed of
convergence may be explained by the nature of each algorithm. For example, MOA-SA and
PSO are designed in such a way that they can explore and exploit the space with much better
efficiency, and hence they converge comparatively faster towards the optimal solution.
Contrarily, SMA and FA may focus more on the exploration of the solution space, despite the
fact that convergence will be slower but does not readily fall into local optima.

Best Convergence for Minimum LPSP of System 2
0.08348

FA
MOA
PSO
SMA

0.08346 -

0.08344

0.08342

0.0834

0.08338

0.08336

Best Fitness LPSP

0.08334

0.08332

0.0833

0.08328 L
0 5 10 15 20 25 30
Iteration

Figure 3. Performance of different algorithms for System 2

Table 9. Sizing performance of ISA, MOA-SA, PSO, SMA and FA in minimizing
LPSP for System 2.

Optimization Techniques

PSO SMA FA

Sizing results ISA MOA-
SA

Optimal Loss of Power Supply
Probability (LPSP), dimensionless

Overall computation time, in seconds 539.65 2.776 6.511 6.436 6.330

0.08329  0.08329  0.08526  0.08547  0.08335

The template is used to format your paper and style the text. All margins, column widths,
line spaces, and text fonts are prescribed; please do not alter them. You may note peculiarities.
For example, the head margin in this template measures proportionately more than is
customary. This measurement and others are deliberate, using specifications that anticipate
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your paper as one part of the entire proceedings, and not as an independent document. Please
do not revise any of the current designations.

4. Conclusion

This paper introduces a new sizing algorithm using Computational Intelligence (CI)
techniques for SAPV systems. Although the Iterative-Based Sizing Algorithm (ISA) is capable
of finding the optimal design solution, it requires significant time to determine the combination
of components during the optimization process. To address this issue, the MOA-SA was
developed to accelerate the optimization process for SAPV systems. Studies have shown that
both configurations in the SAPV system achieve significantly faster computation times
compared to ISA. A comparison of CI techniques also demonstrates that MOA-SA achieves
shorter computation times than PSO, FA, and SMA. In summary, MOA-SA is a practical
sizing algorithm because it offers a more accurate and faster approach than existing
optimization techniques for sizing SAPV systems.
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