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Abstract
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The renewed research interest in renewable energy generation has substantially reduced

i the cost of electricity production from these sources and has laid the strong foundation for

Lme, Bovey Sy_Stem Solar PV competing with non-renewable sources. The optimum power flow (OPF) problem involves

i Lo Constraints addressing the unpredictable limitation by determining appropriate values for the control

variables and optimizing the objective functions. The main constraint faced in the

conception and design of power systems is the propensity for voltage instability. This paper

proposed a Slime mould algorithm (SMA) and Particle swarm optimization (PSO) in an

. . SMA-PSO dual-optimization that dynamically adjusts the number of search agents in the

L Slime Mould Algoritim Optimal same search space using the SMA's feedback capacity and the PSO's quick convergence

Input Data. |— > . Results mechanism. The suggested algorithms were tested on the IEEE 33 bus system. The result
Particle Swarm . " . o

Tttt indicates a decrease in network real power loss of 49.64% with a significant redundancy

microgrid while integrating a 3,500 kW Photovoltaic (PV) generator at the optimal
location bus 6. The SMA-PSO technique validates further efficacy when compared to
previously published research works on either single or hybrid optimisation approaches.
Future research may include adding more complex microgrids with more buses and
exploring duality and hybridization optimisation techniques

ﬁ stabilization power of 910.9771 kW. This substantial decrease is sufficient to stabilize the

Minimization of Objective Functions
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1.0 INTRODUCTION

The foremost goal of electrical power optimization in an optimal
power flow (OPF) problem is to minimize the cost of power
generation to reduce the capital expenses on plant conception.
Consequently, the system constraints should be kept within
tolerable ranges to sustain acceptable voltage magnitude, line
flow conditions and system stability [1]. Extensive research in
renewable energy generation has significantly decreased the
cost of power produced from these sources and has established
a foundation for competing with non-renewable sources [2, 3].
Projections indicate that, despite the many benefits of
renewable energy compared to fossil fuels, the dominance of
fossil fuels over renewable energy will increase in the next
twenty years [4, 5]. Nevertheless, in situations where there is a

heavy load and a line outage contingency, relying solely on the
voltage limit constraint may not be enough to maintain a stable
voltage level [6]. Instead, the main focus of the objective
function should be on enhancing voltage stability to ensure the
reliability of the system [7, 8]. The major goal of electric utility
organizations is to constantly look for economically operational
situations and optimum power generation schedules to
minimize the cost of power generation while meeting reliability
constraints and power transfer limitations [9].

The OPF is a complex system that requires finding the feasible
values for the control variables of a system in order to optimize
the objective function. This must be done while taking into
account different equality and inequality constraints [9 1].
Interestingly, by taking a peculiar review of the prevailing
consequences of voltage collapse scenarios, several OPF
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techniques have been developed and successfully used for
various objectives relating to the electrical power system [10].
The OPF considered one of the most viable techniques for
efficient planning and controlling the operation of power
systems [11].

The primary limitation encountered in the development and
design of power systems is the propensity for voltage instability
[12]. Reactive power may be introduced in certain areas where
it is difficult to maintain voltage stability and limits. By using this
technique, the voltage profile and stability may be maintained
with the assistance of an induction generator [13, 14].
Furthermore, in most OPF-related problems, objective functions
are usually assigned to reduce the cost of fuel consumption or
line losses [15]. The load flow analysis (LFA) should be run
initially to determine appropriate bus voltages and line
parameters. However, voltage instability and voltage collapse
index can also be considered in some rear scenarios [16]. When
employing various combinations of control variables for power
settings, it is crucial to consider the power balance between
generation and load consumption [17]. However, the solution of
the power flow equation needs to be revised for the appropriate
operation of the power system since only a few powers system
setting combinations can accomplish the economical and
reliable operation of the complete power system network [18].

Several factors, including system efficiency, environmental
advantages, and transmission congestion management, have led
to the emergence of a new field in the electric power system
[19]. The primary component of this new study subcomponents
in power system is the deployment of many distributed
generation (DG) units near load centres, rather than extending
the capacity of a single generating station [20]. DG may originate
from several sources and technologies. Electricity generated
from renewable sources such as wind, sun, and biomass are
often referred to as 'renewable energy' [21].

Similarly, there has been a growing interest in integrating
goals from other categories in order to develop optimal
solutions that simultaneously satisfies both economic and
technological criteria. As optimization challenges continue to
evolve, several strategies have been created to provide a
solution for the OPF challenges [22]. Various authors have
addressed the answer to the OPF issue, using both traditional
and modern optimization strategies. Metaheuristic optimisation
methods are often used in many technical and industrial
applications to solve single- and multi-objective optimisation
problems, with the goal of optimizing one or more objective
functions. The algorithms outlined in the literature can be
classified into three main categories based on some defining
characteristics: Evolutionary physics-based, Swarm Intelligence
and Traditional optimization techniques [23].

Recently, some authors conceived and implemented various
metaheuristics algorithms to tackle the challenges of the OPF
problems. These optimizations methods can be broadly grouped
into classical, conventional, and modern optimizations
algorithms. Compared to the latter, the former converges faster
into the global optima. Modern optimisation algorithms may be
categorized into three classes: metaheuristic optimisation
algorithms (MAs), artificial intelligence-based optimisation
algorithms (Al), and a mix of the two approaches. Modern
optimisation techniques have been developed and validated in
power system analysis to efficiently discover the best solution
for the OPF issue in power systems of various sizes [24].

Nowadays, the Al approach and metaheuristic-based
optimization techniques have been mainly adopted to
complement distribution networks to meet consumer load
demand [24 9]. This method has the benefit of being able to
tackle a wide range of optimization issues by focusing just on
inputs and outputs. Several metaheuristic methods, such as
Genetic Algorithm (GA), Evolution Programming (EP), Ant Colony
Search Algorithm (ACSA), Tabu Search (TS), Simulated Annealing
(SA), Harmony Search Algorithm, Artificial Bee Colony (ABC),
Bacterial Foraging Optimizations Algorithm (BFOA), Firefly
Algorithm (FA), Cuckoo Search Algorithm (CSA) and Runner Root
Algorithm (RRA) and Particle Swarm Optimization (PSO), have
been proposed in many literatures to achieve the tolerable
minimum threshold in power losses [25-27]. Haris Hawk
Optimization (HHO) was introduced by [28] which reduces
system losses by 9.84%. Interestingly, nowadays, the Slime
Mould Algorithm (SMA) optimizations approach has gained
tremendous attention in recent literature [28 7]. Specifically, the
hybridization, duality and combination of two or more
optimization tools have been more efficient techniques for
solving system reconfiguration problems [29, 30].

The authors in [31] proposed hybridization of SMA and PSO
to non-symmetrical theoretical problems. The study was not
adopted for practical applicability. In a hybrid optimization
technique, the study in [32] proposed a GWO-FPA to solve
optimization problems with or without unknown search areas.
In a similar approach, the authors in [33] presented PSO-GSA for
efficient energy spectrum sensing in cognitive network. In a new
hybrid optimization approach the authors in [34] presented PSO-
GWO. However, the proposed algorithm was testing on
parameter estimation, flow sheeting and leather nesting
problems. The researchers in [35] proposed a PSO-GWO to
optimize a microgrid in terms of least cost option and the study
covered up to 93% of the load demand.

The main goal of dual-optimization technique is to discover
the best scheduling of specific control variables and leverage on
strength and improve on weaknesses of one tool against the
other while keeping the system restrictions within their
allowable boundaries [35, 36]. Irrespective of the many
approaches, the shared attributes that are present are the traits
of exploration and exploitation. In the exploitation stage, the
algorithm aims to discover a globally optimum solution by
focusing on strengthening the search process inside a specific
small area rather than the whole search space [36, 27]. However,
these algorithms' performances can be improved, especially the
computational time and other faster convergence properties
[37, 10].

To search for nourishment, the slime mould mimics oscillating
feedback attitude. SMA is known for efficient global search
capacity and its more recent proposal to address single-objective
optimization issues in are its most notable features. Many
engineering design issues and applications have previously used
the SMA. Several areas have successfully used SMA to tackle
multi- objective optimization problems, according to a quick
survey of the related literature.

This research reports that SMA's capacity to mimic slime's
bio- inspired behaviour, including its foraging attitude and
morphological alterations, is the key differentiator between
SMA and other metaheuristic algorithms [38, 9]. Nevertheless,
its whole life cycle simulation is not considered. SMA weight
simulates the two-way feedback that slime mould produces
during foraging. Similarly, if there's a lot of food in one place, it's
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quite unlikely that slime will leave that region. The primary

benefit of SMA is its capacity to be adopted into complex

environments and its expanded computing capabilities [39 1].

The decentralized nature of this technique enables parallelism,

making it well-suited for multitasking processes [40, 7]. The

drawbacks of SMA include its susceptibility to parameter
selection, impact from external environmental variables, and
inherent lack of scalability in large-scale data applications.

The particle swarm optimization (PSO) is a bio-inspired
evolutionary stochastic algorithm that was initially conceived by
James Kennedy and Russel Eberhart in 1995 [40, 16]. The
effectiveness of this algorithm, which draws inspiration from the
social behaviour of creatures like bird flocking and school of fish,
has been shown in the optimization of Multi-objective problems.
The PSO is an algorithm that uses a population-based search
method. In this algorithm, people, referred to as particles,
dynamically alter their locations (states or positions) over a given
period [40, 36]. Within a PSO system, particles navigate across a
search space that encompasses many dimensions. The benefits
of PSO are its simplicity of implementation and the limited
number of parameters that need to be adjusted [40].

The relatively famous SMA-PSO duality are adopted because
of their robustness in application to engineering design
problems, simplicity in applications to optimal multi-constraints
situations and high precision capabilities in solving rather
complex multi objective scenarios [41-43]. This study examines
the optimal placement of a solar photovoltaic (PV) generator in
a microgrid and tested on the popular IEEE 33-bus system. The
proposed technique leverage on the feedback mechanism of
SMA and fast convergence capability of PSO which was
subjected to the same convergence parameters. This approach
basically used to optimise the network reliability by mitigating
real power losses in a hybrid radial microgrid. The validity of the
proposed algorithms is shown by its application to the optimal
location and integration of photovoltaic distributed generation.
This can be achieved by determining the most efficient
configurations of the generator terminal voltages, optimal bus
location and minimizes power losses [43, 12].

The key contributions of this paper can be summarized as
follows;

i. The modified SMA-PSO are used to solve multi-objectives
OPF challenges by subjecting the iteration process to the
same convergence parameters in a dual optimization
approach.

ii. The SMA-PSO approach utilizes the feedback capacity of
the SMA and incorporates the fast convergence
mechanism of the PSO to dynamically adjust the number
of search agents within the search space.

iii.  The integration of modelled PV to the IEEE 33 bus system
to enhance the system reliability index

2.0 METHODOLOGY

Low voltage and high characteristics in radial distribution
microgrid system leads to increase in power losses
comparatively [44, 39]. Few research studies were reported on
finding optimal location of DGs and sizing under variable loading
conditions. However, in this paper, the following procedures
were adopted to implement the proposed SMA-PSO approach.

2.1 Slime Mould Algorithm
2.1.1 Methods of Food Approaching

The proposed model simulates the coiling behaviour of slime

mould and its approach to foraging as described by equation (1),

(2) and (3).

- _ (X + 05 (W.Xa — Xp0), T <P

X, = A (1)
VeXp@e) T 2P

v, is a parameter that decreases linearly from one to zero, t
denotes the number of iterations, v, is a given parameter within
the range of -a to a defined by equation (2) while ¥ represents
the individual location with the greatest odour, Y; denotes the
position of slime mould at the iteration (t) and Xa,Xb two
individuals chosen randomly from the swarm w, W indicates the
weight of slime mould as P represents the size of the population
defined in equation (3) while r is random values between 0 and
1.

a = arctanh (— (t ¢ ) + 1) (2)

max

P = tanh|S(i) — DF| (3)

Let / represent the fitness of (X) and DF denote the greatest
fitness attained in all iterations. When the scenario reaches a
state denoted as S(i) and represents the first half of the
population, the variable r is assigned randomly picked values
from the interval [0, 1] at regular intervals.

2.1.2 Food wrapping

Equation (4) below is the mathematical algorithm for updating
the location of slime mould:

., 1+7r-log (T;m + 1) ,condition
W (smellindex) = Fb_l,‘f‘;(i) (4)
1—r-log (m + 1), others

When S(i) reaches the first half of the whole population, r
represents a random number between 0 and 1, and bF is equal
to the optimum fitness obtained in the current iteration phase.
The variable wF represents the lowest level of fitness attained
during the current iteration phase. The Smelllndex value
represents the ordered series of fitness values in a minimal value
issue, sorted in ascending order [44, 1]. Equation (5) shows the
food wrapping behavior of slime mould.

rand.(UB — LB) + LB,rand < z
X ={Xa + 7 (W.Xae) = Xp)), 7 <P (5)

VX T 2P

LB and UB denotes the minimum and maximum boundaries of
the search intervals, whereas rand and r symbolise random
values that fall within the range of 0 to 1. The variable z is a range
that extends from 0 to 0.1. The remaining parameters are as
defined in equation (1). Figure 1 shows the modified flow chart
of the SMA algorithm
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Figure 1 Modified Slime Mould Algorithm Flow Chart [44, 40]

2.2 Particle Swarm Optimization

The PSO algorithm simulates the general collective behaviour of
a swarm of insects [45, 12]. Every individual or particle exhibits
dispersed behaviour by using its intellect and being impacted by
the collective behaviour of the group [46, 29]. This approach
enhances issue optimization by manipulating people within the
problem's domain using the optimum function for the swarm's
location (Xz) and velocity (Vz). During each iteration, every
person in the population will update their position based on two
key values: the optimum solution for that respective individual
(pbest) and the optimum solution found in the entire population
swarm (gbest). Figure 2 described a modified flow chart of PSO
algorithm.

Run power.
flow analysis

Update best

population

n=total population

Update Bestfitness,
pbest and gbest

Next iteration
i=it+1

Calculate fitness and
Run power flow

Figure 2 Flow Chart of PSO modified from [46, 29]

Furthermore, once the two optimal values have been acquired,
the location and velocity of each member of the swarm
movement will be updated by equations (1) and (5). Where Xz(i)
represents the number of individual particles in the population
at position X, and Vz(i) is the velocity vector of each particle in
the population while gbest and pbest are the global best solution
of the whole population and best solution of individual particles
in the population respectively.

The PSO algorithm initiates by creating a random population
size of particles. It involves using the Individual assessment and
power flow functions to choose particles with optimal fitness
values. The two values of pbest and gbest results will dictate
modifications to the speed value throughout the process of
updating individual variables [46, 13]. The previous individual's
value will be reassessed using individual validation function and
power violation functions to obtain the optimum updated values
of the pbest as well as gbest. The operation will proceed until
the pegged iterations number is reached.

2.3 The IEEE 33 Bus System

The IEEE 33-bus radial distribution test feeder serves as a
standard system for evaluating techniques, approaches, and
solutions pertaining to power distribution systems in research
and engineering projects [46 42]. It comprises of a range of
distribution systems with different sizes and features, designed
specifically for benchmarking, research simulations in
laboratories and network optimization [46 22].

i Network topology: The system has 33 buses arranged in
a radial topology, where electricity is transmitted from a
single source (substation) over distribution lines to loads
(consumers) [46 2].

ii. Model Loading: The feeder incorporates a diverse range
of loads, including residential, commercial, and
industrial loads, each having distinct features and
demand patterns [47 30].

iii. The branch parameters include the characteristics of the
distribution lines and equipment, including line
impedances, lengths, and topologies. These parameters
are designed to replicate the properties of actual
distribution network [47 44].

iv. Voltage regulation is achieved by including voltage
regulators and capacitors into the system, which helps to
ensure that voltage levels remain within acceptable
limits throughout the network [48 45].

The I|EEE 33-bus radial distribution system is used by
researchers for applications, including as
a. Testing and evaluating algorithms related to the
optimum functioning, reconfiguration [48 46].
b. Evaluating the effects of dispersed generation, the
integration of RE and DSM.
c. Investigating the efficacy of protection
and coordination strategies in detecting faults.
Figure 3 indicates the single line diagram of IEEE 33 bus
system and optimal bus location of PV integration.
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Figure 3 |IEEE 33-bus sytem with optimal PV location modified from [7]

The red lines in figure 3 represents the direction of power
flow and the black vertical lines shows distribution bus feeders.
The IEEE 33-bus radial distribution system is used to compare
various methods for addressing difficulties and enhancing the
operation and planning of power distribution systems.

2.4 Problem formulation
2.4.1 Objective Functions And Constraints

The objective function of the proposed study is the optimal DG
location and minimize overall system loss. The power flow
formulas to analysis the real and reactive powers are when the
PV is integrated is given by equations 6 and 7.

. P+jQ

Py = Pit P+ Rioag (529) = Pogy (6)
P+jQ

Qi- 1_QL+QLL+x111(|V]|)_QDG,ui (7)

Where Pi and Qi are active reactive powers transmitted
through the line buses i while P,;jand Q;, are active and reactive
power losses at the buses j and Ri.;,; and Xi.1; are the resistance
and reactance of the branch feeder. Py ; and Qpg o; are the real
and reactive powers injected by DG at bus i. Therefore, the
power loss, both active and reactive, between bus i and i+1 may
be calculated using equations (8) and (10). The network is
assumed to be balanced and associated with each bus are four
inevitable quantities: active power Pi, reactive power Qj, voltage
magnitude V, and voltage angle 6.

Pioss = Ri(iyqy * 1° (8)
To minimize the losses the objective function is given by

minF(obj) = ¥, w1 = (Ploss) + Z?’:l w2 * (Vi—1)32 (9)
W; and W, are weighting factors with priority to power loss
and voltage deviation respectively while Vi represent the bus
voltage
Plass , T= Zﬁl(PIOSS, i) (10
Figure 4 shows the formulation of dual optimization technique of
SMA and PSO algorithms with constraint and input data.

2.5 System/Problem Constraints

The node equation can be used to depict how network bus
voltages and currents relate to one another [49, 14]. Further
integration of PV will lead to power surges at certain buses,
therefore, the need to enforce some equality and inequality

Line Powver System Solar PV
Constraints Constraints Constrmints
Slime Mould Aleecithm ; Optimal
e Particle Swamm Results
Optimization

Minimization of Objective Functions

Figure 4 SMA-PSO dual optimization technique modified from [7]

constraints to limit the voltage levels [50]. Equations (11) and
(12) represent the model's equality and inequality requirements.

Vinin < Vi < Vpax (11)

Ppin S Py <% 04 12)

Where Vmin and Vmax are the maximum voltage limits at ith
bus and Pmin and Pinj are the minimum and maximum power of
the injected DG at the optimal bus. Pinj is fixed at 0.4* to limit
the maximum power to be injected not to exceed 40% of the
total power requirement [51].

i. Power Balance Condition

Another important constraint formulated is the power balance
between generation and demand or consumption. Thus, the
limits must be as defined in equation 13.
Zizlilpslack + va = Ploss = Pdemand (13)
Where Pslack is the generated power, Ppv the integrated
photovoltaic, Ploss is the system power losses and Pdemand the
power demand for consumption during the 24 hours of
consideration.

ii. PV size integrated as DG

The next constraint is the size of the solar photovoltaic
integrated generation [51 14 4]. Equation 14 depicts the ranges
of the DG size. Though already pegged at less than or equal to
40% of the base generation, the model of the DG should be
within the minimum and maximum values of the following.

Y24 P (mm) < By s 224P(min) (14)

pv

Input parameters before running the power flow analysis
includes bus data, bus type, initial voltage, active and reactive
demands voltage limits generator data and line data. After
running the power flow output parameters are voltage profile,
active and reactive powers, generation levels, fitness values,
local global best solutions as well as updated positions and
voltages.

iii. Iteration procedure

The iteration procedure for the dual optimization approach was
carried out based on the following descriptive steps

Step 1: Run the power analysis to determine the suitable bus
voltages and line current parameters of the microgrid [53 54].
Step 2: Define the same input parameters of both SMA and PSO.
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a. Objective functions, decision variables and basic
convergence parameters.
b. Population size of search agents.
Maximum iteration and optimization boundaries with
same step size increase.
d. System equality and inequality constraints and tolerance
limits.
Set a penalty parameter for violating a constraint.
f.  Addition of scaling functions to normalize the algorithms.
g. Set stopping criteria to either maximum iterations,
convergence or tolerance violations.
Step 3: The integration of the DG is implemented at a stepwise
increase of 500 kW (starting from 2000kW to 4000 kW) until a
saturation power is obtained. The saturation peak power is the
point at which any further increase in integration power will not
affect the already obtained values significantly.
Step 4: On reaching any of the stopping criterion, the best values
of the objective functions are evaluated and recorded. Then a
subsequent increase in the integration power is considered and
repeatedly the corresponding values of interest are recorded.
Step 5: When all the set conditions were achieved for optimum
DG location bus, power losses and iteration convergence of the
two algorithms, the average values are recorded as SMA-PSO
new parameters. Figure 5 shows the power and voltage
parameters before integration of DG.

Comparison of VD VP PL without DG

25

—— Voltage Profile

Voltage Deviation

———— Power Loss

Percentage Magnitude

0.5 -

o 5 10 20 25 30 35

15
Number of Buses

Figure 5 Comparison of power and voltage parameters without DG

3.0 RESULTS AND DISCUSSION

The evaluation of the optimal bus size and location for PV
integration was conducted on the widely used 33-bus radial
distribution network, as seen in Figure 3. The aggregate
apparent load of the system is 4.3694 MVA. This research
examines the incorporation of PV as DG to enhance active power
generation while minimizing system losses and achieving
optimum integration at the bus level.

3.1 Initialization

The design was derived from the execution of the SMA and PSO
concurrently, which forecasts the optimal positioning of solar
photovoltaic (PV) systems as distributed generation (DG). The
forward and backward LFA to establish the appropriate line
parameters of the design on the IEEE 33 bus. All the simulation
programs and the codes were run on a Processor Intel(R) Core
i5-6300U CPU @ 2.40GHz Latitude E5570 Dell Laptop with
Microsoft Windows 10 MATLAB R2023b software package. The
Mvar of the generator buses was evaluated at all the iterations.

The Vm(n) is increased in increments of 0.01 per unit (pu) in
order to bring the generator Mvar within the specified limits. The
system loss prior to the integration of the DG was 202.6771 kW.

3.2 Simulation results

The following results shows the simulation outcome for the
various PV integration at the buses to determine the optimal
location and the corresponding power losses. In table 1, the
application of the SMA results shows saturated microgrid with
no excess power for stabilization at the integration of 2000 kW
and 2500 kW as all the injected power were directly absorbed by
the network. However, the optimum value was to integrate 3500
kW as this gives 26.18% excess power and 49.64% real power
losses. Although the penetration of 4000 kW gives up to 38.56%
excess power, it recorded a relatively lower real power loss of
49.55%. The optimum location is bus 6, as shown in figure 3
earlier.

Table 1 SMA simulation results

SMA

SN PV asDG (kW) Selected Bus Power Loss %Loss
Initial Used Initial Optimal (kW)

4000  2457.45 31
3500 2583.67 16
3000  2531.46 21
2500 2500.00 24
2000 2000.00 2

101.90 49.55
101.72 49.64
101.74 49.63
101.79 49.62
105.60 49.72

s WN R
N O oo O

In addition, according to the PSO simulation results in table 2,
the microgrid is saturated and does not have any excess power
for stabilization when the penetration reaches 2000 kW and
2500 kW, since all the available power is being used by the
microgrid. Nevertheless, the most favorable power for
integration was determined to be 3500 kW, resulting in a power
redundancy of 25.87% and actual power losses of 49.64%.
Afterwards, the 4000 kW penetration results in a surplus power
of up to 32% and a real power loss of 49.50%. However, this
outcome cannot be regarded optimal owing to the expensive
nature of higher generating PV plants and the comparatively
lesser corresponding decrease in system power losses.

Table 2 PSO simulation results

PSO

SN PV as DG (kW) Selected Bus Power Loss %Loss
Initial Used Initial Optimal (kW)

1 4000 2720.00 2 6 102.02 49.50
2 3500 2594.38 2 6 101.73 49.64

3 3000 2655.00 2 6 101.81 49.60
4 2500 2500.00 12 6 101.79 49.61
5 2000 _ 2000.00 2 7 105.60 49.72

The following figures illustrate the simulation graphical
outcomes for both the SMA and PSO algorithms. The power
losses reduction and convergence iterations were seen for all
the distributed generation (DG) integrations ranging from 2000
kW to 4000 kW, with an incremental step of 500 kW, as shown
in figures 6 to 14.
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Figure 6 indicates the average system power losses and voltage
parameters with PV as DG integration.

60 Comparison of VF PL VD with DG

—— Voltage Deviation
—»—— Power Losses
s0 L ——— Voltage Profile

40

30 b

Percentage Magnitude

20 b

10 - 1
—
| = S
o

0 5 10 15 20 25 30 35
Number of Buses

Figure 6 Comparison of power and voltage parameters with DG

The subsequent figures illustrate the convergence of SMA and
PSO at various DG sizes and the corresponding system power
losses. Figure 7 show SMA convergence at 2500 kW penetration.
the system converges immediately within the first 3-iterations.
This was also due to the network saturation which absorbs all
the power injected. The optimal bus is still bus 6. Though SMA
was initially integrated at bus 24 and PSO on bus 12. The power
losses were also 101.7924 kW for both algorithms.

SMA Convergence at 2500 kW
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Figure 7 SMA Convergence curve for 2500 kW DG

Figure 8 shows the PSO convergence curve for injected power
of 2500 kW magnitude.

PSO Convergence at 3500 kW
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Figure 8 PSO Convergence curve for 2500 kW DG

Figures 9 and 10 depict SMA and PSO convergence at 3000 kW
integration. The SMA converges at the 30th iteration in 123.49
secs and power loss reduction of 49.63%, while PSO
convergences at 60th iteration in 101.81 secs with 49.59%
power losses. The network is stable with 84% and 88% of the
injected power utilized to meet the load demand in both
algorithms respectively.
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Figure 9 SMA Convergence curve for 3000 kW DG

Figure 10 shows the PSO convergence curve for 3000 kW DG
integration power.
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Figure 10 PSO Convergence curve for 3000 kW DG

In a similar scenario the integration of 3500 kW DG reduces the
system power losses to 101.7233 kW by SMA and to 101.7281
kW by PSO representing 49.64% respectively as shown Figures
11 and 12, The SMA converges at the 3rd iteration in 125.07 secs
while PSO convergences at 2nd iteration in 119.94 secs.

SMA Convergence at 3500 kW
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Figure 11 SMA Convergence curve for 3500 kW DG
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The network is more stable and reliable with almost 74% of the
injected power absorbed to meet the demand in both algorithms
respectively. The power redundancy of 26% has further placed
the microgrid in more reliable condition in the event of sudden
surge in power consumption. The optimal bus is confirmed by
both algorithms, which is bus 6. Figure 12 shows the PSO
integration of 3500 kW DG power.

PSO Convergence at 3500 kW
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Figure 12 PSO Convergence curve for 3500 kW DG

In figures 13 and 14, when 4000 kW of DG is integrated into
the system, the power losses are reduced to 101.9005 kW by the
SMA and to 102.0152 kW by the PSO algorithms. This reduction
represents 49.55% and 49.50% respectively. The network's
excess power of 38% and 32% has significantly improved its
stability. Nevertheless, the exorbitant expenses of a larger
photovoltaic (PV) plant might place this situation at a significant
disadvantage.

SMA Convergence at 4000 kW
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Figure 13 SMA Convergence curve for 4000 kW DG

Figure 14 indicates the PSO algorithm convergence for 4000
kW DG integration.
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Figure 14 PSO Convergence curve at 4000 kW DG
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The SMA reaches convergence after 15t iterations, in 121.30
seconds. On the other hand, the PSO convergence after 75t
iterations, in 93.64 secs as shown in figures 13 and 14. The
microgrid demonstrates increased stability, with almost 62% and
68% of the injected power effectively used to meet the load
requirement in the SMA and PSO algorithms, respectively.
Table 3 presents the average results of the SMA-PSO dual
optimisation, which demonstrates that the microgrid reached
saturation and achieved stabilisation without any excess power
while injecting 2000 kW and 2500 kW. All the produced power
was completely absorbed by the microgrid. However, the most
favourable option is to integrate 3500 kW, as it represents an
excess power of 26.03% and a loss of real power of 49.64%. Even
though, the penetration of 4000 kW results in an excess power
of up to 38% and a recorded actual power loss of 49.53%, it
nevertheless achieved comparatively reduced power losses.

Table 3 SMA-PSO Dual optimization average simulation results

SMA-PSO

SN PV as DG (kW) Selected Bus Power Loss %Loss
Initial Used Initial Optimal (kW)

4000 2588.00 31 102.96 49.53

3500 2589.02 16 101.73 49.64

3000 2693.23 21 101.78 49.61

2500 2500.00 24 101.79 49.61

2000 2000.00 2 105.60 49.72

v b WN P
N oo oo

The proposed SMA-PSO method was compared to six
previously published works that aimed to minimize system
power losses in microgrids. These works use either a single
algorithm or a combination of hybrid or dual optimisation tools.
The application of the research varied across authors, with some
writers localized experiments and others used IEEE test beds to
validate their results, as shown in table 4.

Table 4 Comparison of proposed technique with previous work

Author Technique  Objective Platform % of
[Year Used Functions Losses
Abdul-et al. CMFA COE MATLAB 47.37
2018 [53] GHG

Hakim et al. PSO Losses KDS14 40.50
2020 [27] V/Profile

Saad et al. Firefly Al COE Rabel 44.44
2021 [55] Losses Model

Krishna et MVO COE MATLAB 18.34
al 2022 [56] Losses

Rene et al. GA-PSO VDI MATLAB 35.87
2023 [57] Losses

Nasir et al. SMA Losses MATLAB 48.53
2024 [7] V/Profile

Proposed SMA-PSO Losses MATLAB 49.61
Method V/Profile
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4.0 CONCLUSION

In conclusion, the dual optimisation of SMA-PSO technique
places the microgrid in a stable state while integrating 3,500 kW
at the optimal location of bus 6. This result was due to the excess
power of 26% and a power loss reduction of 49.64% which is
sufficient to handle abrupt or surges in real power consumption.
The increased redundancy capacity resulting from the
integration of 4000 kW DG does not justify its optimality due to
the greater cost associated with integrating a larger PV plant and
the apparent reduced system power losses observed
comparatively. The introduction of power capacities of 2000 kW
and 2500 kW led to a fully saturated network without any excess
stabilisation power. This result puts the network in a more
vulnerable position with a lower reliability index.

The proposed SMA-PSO approach further validates the
efficacy of the technique compared to previously published
research on either single or hybrid optimisation methods over
the last five years. The future work within the scope of the study
should include an upgrade to more complex microgrids with a
higher number of buses and further duality of other optimization

algorithms.
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