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Abstract

In distribution networks integrated with distributed generation (DG), disconnection from the main grid
reduces the power supply significantly. The power imbalance between DG generation and load degrades
network stability. This paper proposes a hybrid parallel Particle Swarm Optimization - Grey Wolf Optimizer
(PSGWO) algorithm for load shedding optimization. This optimization aims to reduce the DG power not
absorbed by the remaining loads and maintain the voltage within the specified limits. The performance of
PSGWO is tested on an IEEE 33 bus radial distribution system, considering loading levels of 80% to 140%
of the baseload. At a 100% loading level, PSGWO showed the best performance, with a load shedding of
2.2297 MW and a voltage deviation of 0.0049. These values are the smallest compared to the results of
the standard PSO and GWO algorithms. The PSGWO algorithm remains superior and converges faster
than standard PSO and GWO at all loading levels.
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INTRODUCTION

Distributed generation (DG) is a low-
capacity power generation system integrated in
the distribution network close to the load center
[1]. DG is generally sourced from renewable
energy with small power capacity and
geographically dispersed locations [2]. The
application of DG in modern power systems is
currently increasing because it is sourced from
renewable energy that is environmentally friendly
and has various advantages. DG integration can
improve network performance, especially in loss
reduction and maintaining bus voltage [3].

DG integration allows the distribution
network to operate in two modes [4]. The first
mode is grid-connected. In grid-connected
mode, the distribution network meets the power
demand of the load by utilizing the main grid and
DG as a source. The power composition of both
sources must be properly regulated to produce
optimal power flow conditions. Ultimately,
optimal power flow impacts the losses, bus
voltage quality, and loading of the distribution
lines. The second mode is isolated. This mode
occurs when the distribution network's
connection to the main grid is intentionally
disconnected for maintenance or forced to be

disconnected due to a fault on the network. In
isolated mode, the distribution network must
supply power to the load by relying on DG power
generation. The DG generation capacity is
deficient compared to the load power, causing a
power imbalance. These conditions can
significantly degrade the grid's stability, even
cause blackouts, and stop all power supply to
loads [4].

Operational strategies on isolated
distribution networks can be done in several
ways. The first is network reconfiguration by
utilizing sectional tie switches that modify the
network topology [5],[6]. In this way, the
distribution line loading can be reorganized. The
second is to divide into multiple independent
pico-grids based on the presence of DGs [7].
The DG acts as a power source for the loads in
each  pico-grid. Network  reconfiguration
optimization using Grey Wolf Optimizer (GWO)
is presented in [8], and a similar study was
discussed in [9] by applying Geometric Mean
Optimization (GMO) to improve voltage stability
and minimize losses in isolated distribution
networks. However, in some cases, isolated
distribution networks cause huge power deficits
between DG capacity and load. This situation
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makes the strategy of reconfiguring the network
and dividing the network into multiple pico-grids
inapplicable.

The power balance of an isolated DG-
integrated network can be realized by releasing
some of the loads connected to each bus. In the
shedding process, the presence of priority loads
that cannot tolerate the absence of a power
supply must be considered. In addition, the
composition of the remaining load at each bus
after load shedding determines the balance and
flow of power in the network, losses, bus voltage,
and line loading in the distribution network. For
this reason, an appropriate and optimal load-
shedding strategy is required.

Various studies on load-shedding
strategies in isolated networks have been
conducted. Paper [10] presents load shedding
and restoration strategies in isolated DG-
integrated distribution networks using mixed-
integer quadratic constraint  programming
(MIQCP). A load-shedding strategy to maintain
energy supply to priority loads by applying time-
continuous load flow is presented in [11]. Similar
studies applying stochastic  programming
formulations and Markov decision processes to
maximize network economic performance are
discussed in [12]. The paper [13] discusses the
distributed coordination approach using a sub-
gradient algorithm on isolated networks to
achieve practical and optimal load shedding. A
data-driven load-shedding strategy using Duel
deep Q-learning to maximize frequency recovery
speed is presented in [14]. Optimal load planning
taking into account topology and DG capacity in
isolated networks has been presented in [15]. A
distributed load shedding strategy based on
network analysis for voltage collapse prevention
is presented in [16]. The utilization of artificial
intelligence-based algorithms in optimal load
shedding planning has been widely studied. In
[17], the application of Backtracking Search
Algorithm (BSA) on load shedding planning to
maintain power balance in isolated networks is
presented. A similar study by applying the hybrid
firefly-PSO algorithm is presented in [18].

Early detection of grid isolation by
applying artificial neural networks and load-
shedding techniques using BSA are discussed in
[19]. Paper [20] discusses a hybrid method of
genetics (GA) and neural networks (NN) on
optimizing load shedding and maintaining
voltage stability. The selection of priority buses
and loads that must be released using the GA-
PSO hybrid algorithm is discussed in [21], while
in [22], using a hybrid of PSO-ABC. The load-
shedding strategy in overcoming power deficit
with the PSO algorithm to reduce the released
load is presented in [23].
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PSO and GWO are commonly used
algorithms in optimization. PSO has simplicity in
mathematical modeling, is easy to implement,
and has low memory requirements [24]. PSO
has a fast global search capability but not so in
local search. PSO has early convergence, so it is
easily trapped in local optima [25] and provides
low-quality solutions [26][27]. GWO is an
optimization method focusing on the three most
optimal individual [28]. GWO has a slightly more
complex mathematical model than PSO. In local
search, selecting the three best solutions to be
used in the solution update at each iteration can
accelerate the convergence of GWO [29] [30].
Combining the advantages of the two algorithms
allows an algorithm that can converge quickly
and have better solution quality.

This paper proposes a hybrid parallel
Particle Swarm-Grey Wolf Optimizer (PSGWO)
algorithm for load-shedding optimization. This
optimization aims to reduce the DG power not
absorbed by the remaining loads in the network
and maintain the load bus voltage within the
specified limits. The proposed algorithm is to
hybridize in parallel to get the best solution
between PSO and GWO at each iteration, which
is used in the next iteration to converge faster
and get a globally optimal solution.

The contributions of the paper include
the following:

- Proposed parallel hybrid of PSO-GWO
algorithm to improve the optimization
performance which converges faster and
produces global optimal solution.

Optimization of load shedding strategies in
isolated DG integrated distribution networks to
maximize the remaining load in the network.
Optimization considering priority load and
network loading level.

Load shedding strategy to maximize the
utilization of DG generation in maintaining the
continuity of power supply to the load.

Optimal composition of load retained after load
shedding so that power losses in the network
are minimized.

METHOD

The load-shedding strategy aims to realize
the power balance between the maximum
capacity of the DG generation and the demand
for the load. The load that is released must be
determined appropriately so as to obtain a power
equilibrium with an optimal composition of the
remaining load on the network. The optimal
composition of the remaining load at each bus
determines the power flow in the network so that
it can reduce losses and voltage deviations in
the network. Some important parameters are
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used in optimizing load shedding, which are
discussed in the following subsections.

Distribution Line Power Loss

Figure 1 shows part of the distribution line
connecting bus-i and bus-j. Power proportional
to the line current (I) flows from bus-i to bus-j
through a line with impedance (R;; + X;;). The
powers at bus-i and bus-j are P;, Q,, P;, and Q].,
respectively. The load power at bus-i and bus-j
are PL;, QL,, PL;, and QL]., respectively.

BJ.{IS i R+ X, Buls'j
L
P B QJ PJ ’ Q/
Wi, s Vil o
PL, PL
QL QL

Figure 1. Two bus network

The line loss (Pyss—ij and Qposs—i;) are
expressed in equations (1) and (2) below [31]:

Ploss—i,j = Ri.j : |1i.f|2 (1)

Qross—ij = Xij - |Ii,j|2 (2)

Total line losses are the accumulation of
all line losses expressed in equations (3) and (4).

Pross—totat = leyile . Ilklz (3)
Qioss—total = Zgilxk . |Ik|2 (4)

k is the line number, NL is the number of lines, R
is the line resistance, X is the line reactance, and
| is the line current.

Voltage Deviation Index

The length of the line from the generating
bus to the load bus causes a voltage drop
proportional to the total impedance and line
current. The voltage difference between the load
bus and the generating bus is known as voltage
deviation. The voltage deviation index (TDV) is
the accumulation of the square of the absolute
value of the voltage deviation for all buses in the
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distribution network [32]. Mathematically, the
TDV value can be expressed as in equation (5).

TDV = 35 |V, = V3|2 (5)

NB is the number of buses, V, and V; are the
source and actual voltages at bus-i, respectively.

Load Power Remains

The relationship between the total load on
the network before and after load shedding and
the total load shed from the network is
expressed mathematically as equation (6).

Premain = Proaa-total — Psnea (6)

Pioaa—torar 1S the total load before the shedding
process, Pg.. is the load released from the
network, and P,.,.in iS the total load remaining
in the network after the load-shedding process.

Formulation of Objective Function

Load-shedding optimization aims to
maximize the amount of load remaining in the
network after the shedding process, as
expressed in equation (7).

fobj = max(Premain) (7)

To maintain power balance in isolated
networks, Promain  Should not exceed the
generation capacity of the DG as a power
source. The difference between the total DG
generation capacity (Pp¢) and the remaining load
(Premain) i1s used as a power reserve (Proserve)
expressed in equation (8).

Breserve = Ppg — Premain (8)

The objective function to maximize P,.pqin
in equation (7) can be expressed as (9) to
minimize Prqserve-

fobj = Min(Preserve) 9)

Constraints

The balance and imbalance constraints
that must be met in load shedding optimization
include the following:
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- Power balance
The power balance between DG generation,
remaining load, and losses in the network
after the load shedding process is expressed
in equations (10) and (11).

N N
Zi=D1G PDG,i = Zj=b1 P‘remain,j + Ploss—afterLS (10)

N N
Zi=D1G QDG,i = Z]'=b1 Q‘remain,j + Qloss—afterLS(1 1)

Ppe; and Qps; are the active and reactive
power generation by DG-i, respectively, Ny
is the number of DGs in the network, Py.cinqin
and Qemain,; are the active and reactive
power of the remaining load at bus-j,
Ploss—afterLS and Qloss—afterLS are the total
active and reactive power losses in the
network, respectively.

- Allowable bus voltage magnitude
The overall voltage magnitude of the buses in
the network must be within the allowable
limits.

Vinin <Vi < Vo i =1,2,3,....,Nb (12)

V; is the voltage magnitude at bus-i, V,,;, is
the minimum voltage limit (V,,,;,,= 0.95 p.u),
and V.., is the maximum voltage limit (V,,,,=
1.05 p.u).

- Minimum remaining load power at each bus
in the network
The remaining load power is equal to or
greater than the priority load for each bus in
the network.

Ppriority,i < Premain,i (13)

Q priority,i < Qremain,i (14)

Popriority,i @Nd Q priority,i are the powers of the
priority load at bus-i, respectively. Premaini
and Qyemain; are the powers of the remaining
load at bus-i after load shedding.

- DG Generation
DG generation is set at the maximum limit to
maximize DG's utilization in maintaining the
continuity of power supply to the load.

Ppg = Ppg™ (15)
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P, is the DG generation, and Pji** is the
maximum DG generation limit.

Particle Swarm Optimization Algorithm

PSO is a metaheuristic algorithm inspired
by the behavior of a flock of birds when finding
food. The simplicity of the mathematical model
has made PSO widely applied in various
optimization problems. In a flock of N, birds,
each individual has its position (x{, x3, x5, ..., x§,)
and velocity (vf,v3,v5,...,vx,). An individual's
fitness represents the suitability of their position
to the food location. The individual's position is
updated based on the individual fitness and
repeated until all individuals find the food source
in the exact location [24].

Individual positions are updated based on
individual fitness and repeated until all
individuals find the food source in the right
location

Xyes: 1S the individual's position with the
best fitness in each iteration, while Xy, is the
position with the best fitness in all iterations that
have been performed. Updates to velocity and
position are performed using equations (16) and
(17).

vt = kvt + o (Xpese — x5 +
C2-T2 (ngest - xlt) (16)
t+

xf*t = xb + it (17)

where, x! and x{** are the position of individual i

at iteration t and t+ 1, vf and vf*' are the
velocity of individu i at iteration t and t + 1, k, ¢,
and c, are weight factors, r; and r, are random
values between 0 and 1,and i = 1,2,..., Np.
Velocity and position updates are performed until
the maximum iteration or termination criteria
have been met.

Grey Wolf Optimizer

The GWO algorithm is inspired by the
leadership hierarchy in hunting prey of a pack of
gray wolves. Alpha (a) is considered the most
dominant wolf, followed by Beta () and Delta
(6). Omega (w) is considered the least dominant
individual and is only allowed to eat at the last
moment [29].

In searching for prey, wolves surround
their prey, which can be expressed as equations
(18) and (19).
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D =|C.X,(t) - X(®)| (18)
Xt+1) =X,(t)—AD (19)

X, is the prey position, X is the grey wolf
position, and t indicates the iteration. A and C
are coefficients calculated using equations (20)
and (21) below:

A=2.anrn—a (20)
C=2.T2 (21)

where r; and r, are a random values in [0,1],
and the component a is determined by equation
(22).

a=2(1-—) (22)

tmax

where, t,,., iS maximum iterations.

Alpha, beta, and delta are the three individuals
with the best fitness. All other individuals update
their positions based on the positions of the
three best individuals with equations (23), (24),
and (25).

Do =[G Xo (1) — X| (23)
Dg = |Cy. Xp(t) — X| (24)
Ds = C35. Xs(t) = X| (25)

Adjustment of individual positions to alpha, beta,
and delta positions using equations (26), (27),
and (28).

X1 = Xa - Al' Da (26)
X, =Xp — Ay.Dp (27)
X3 = X5 - A3. Da (28)

The final position of an individual at iteration
t+1 is determined by equation (29). The
calculation is repeated untii the maximum
iteration or stopping criteria is reached.

X(t+1) =225 (29)

Load shedding optimization procedure using
PSGWO algorithm
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The PSGWO algorithm is a parallel hybrid
of the PSO and GWO algorithms. At each
iteration, both  algorithms are  applied
simultaneously. The best position and fithess at
each iteration are selected and used as the
basis for calculations in the next iteration. This
combination can accelerate convergence and
obtain a globally optimal solution. Figure 2
describes the flow chart of load-shedding
optimization using the PSGWO algorithm.

Read system data:
line, bus, load, priority load, loading factor,
and DG data
v
Set parameters:
max_iterations, number of population (Np)
v

Set algorithm’s parameters:
PSO: k, ¢4, c;
GWO: a
v
Initialize parameters:
PSO: velocity: v,
GWO: top three individuals: Xaipa, Xpeta ; Xdeita

| Initialize the population: xP |

Run power flow with xP as load data to
g€t Premains Pioss; @nd Vius

Calculate fitness using Eq. (9) and determine
the best individual: XPpest, XPgpest

Set the three individuals with the
best fitness as Xajpa, Xpeta » Xdeita
v
Update a using Eq. (22)
and calculate C and A using
equation 55 Eq. (20) and (21)

v
Calculate Dy, D,, and D;, using
equation 55 Eq. (23), (24) and (25)
v

Update velocity and
populasi using Eq.
(16) and (17)

l

Make individual
corrections (xP) that
exceed the limit

}

Run power flow with
XxP as load data to get
Premain, Pioss, and

bus

|

Calculate fitness
using Eq. (9) and
determine the best
individual: xPpest,
XPygpest and determine the best
l individual: XPpest, XPgpest
] | [ } _______________ :

:
:

1

|

i

|

|

1

|

) Calculate x4, X2, and x3, using
] equation 55 Eq. (26), (27), (28)
1

:

:

i

|

|

:

:

i

|

|

and update xP using Eq. (29)
v

Make individual corrections
(xP, xQ) that exceed the limit
v

Run power flow with xP as
load data to get Premain ,
Pioss, and Vpus
v

Calculate fitness using Eq. (9)

i i
i 1
| Choose the best population for ]
i the next iteration: xP :
\ 1

Run power flow with
xP as load data to get
Premain, Pioss, and
Vbus

End
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Figure 2. Flowchart of load shedding
optimization using PSGWO

RESULT AND DISCUSSION

The test system used in this study is an
IEEE 33-bus radial distribution network (RDN)
integrated with three DG units, as shown in
Figure 3. The number of buses and lines in the
test system are 33 and 32, respectively. The
total power of the base load used is 3.715 MW
and 2.29 MVAR. Table 1 presents the data of
the three DGs integrated into the RDN.

Detailed load data including active and
reactive power, power factor, and priority load at
each bus in the network is presented in Table 2.

Table 1. Location, type, power capacity, and
power factor of DGs

Max Pout Power

DG Bus Type (MW) factor
1 8 PQ-DG 700 0.8
2 25 PQ-DG 300 0.8
3 30 PQ-DG 500 0.8

Table 2. Baseload data

Bus Pioaa Qioaa power %.LO('ld
(kW) (kVAR)  factor  priority

1 0 0 - 0
2 100 60 0.86 33
3 90 40 0.91 24
4 120 80 0.83 20
5 60 30 0.89 17
6 60 20 0.95 24
7 200 100 0.89 36
8 200 100 0.89 22
9 60 20 0.95 7
10 60 20 0.95 20
11 45 30 0.83 0
12 60 35 0.86 33
13 60 35 0.86 10
14 120 80 0.83 28
15 60 10 0.99 12
16 60 20 0.95 45
17 60 20 0.95 38
18 90 40 0.91 33
19 90 40 0.91 15
20 90 40 0.91 48
21 90 40 0.91 21
22 90 40 0.91 29
23 90 50 0.87 5
24 420 200 0.90 17
25 420 200 0.90 11
26 60 25 0.92 36
27 60 25 0.92 21
28 60 20 0.95 25
29 120 70 0.86 16
30 200 60 0.96 35
31 150 70 0.91 23
32 210 100 0.90 32
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33 60 40 0.83 4

islanded network

23 24 25

sub-station 3 26 27 28 29 30 31 32 33

I_

1 2|3 45 6 7 8|9 1011 1213 14 15 1617 18!
i DG i

19 20 21 22

Figure 3. IEEE 33-bus RDN integrated with
three DG units

Table 3. Case study on Load Shedding

Optimization
Max .
Case DGs and power Loading factor
study location (MW) (% base load)
DG 1 (bus 8) 700
1 DG 2 (bus 25) 300 80

DG 3 (bus 30) 500
DG 1(bus8) 700

2  DG2(bus25) 300 100
DG 3 (bus 30) 500
DG 1 (bus8) 700

3  DG2(bus25) 300 140
DG 3 (bus 30) 500

Table 4. PSO, GWO, and PSGWO algorithm

parameters
Parameter PSO GWO PSGWO
Population (Np) 30 30 30
Max lterations 100 100 100
Parameters kP =0.25 a=2 kP =0.25
C1 =25 C1 =25
C,=2 Cr=2
a=2

The load shedding simulation includes 3 case
studies as shown in Table 3.

Load shedding optimization is performed
by applying the PSGWO algorithm and
compared with standard PSO and GWO
algorithms. Table 4 presents the parameters
used for each algorithm. The performance of the
PSGWO algorithm is measured based on the
results of load shedding optimization, which
includes the fitness of the desired objective,
convergence speed, power loss in the network,
and bus voltage profile after load shedding.

Case-1: Load shedding in IEEE 33-bus
integrated three DG with a loading factor of
80% of baseload

When the distribution network is loaded at
80% of baseload, the total active and reactive
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power of the load in the network is 2.9720 MW
and 1.4080 MVAR, respectively. The maximum
power generation of the three DG units is 1.500
MW and 1.2000 MVAR, with a power factor of
0.8. The isolated network had a deficit of
generation and load power of 1.4720 MW.
Partial load shedding is required to obtain a
power balance between DG generation and
load.

A summary of the optimization results,
including the total load power of 80% of the
baseload (P,,,4), total load shed (Pg.4), total
load power remaining in the network (P,cmain),
power loss in the network (Pgss—qfters), and
voltage deviation (VD) after load shedding
optimized with the proposed PSGWO algorithm,
PSO and GWO for comparison is shown in
Table 5.

From Table 5, it can be observed that the
PSGWO algorithm can show its superiority over
the PSO and GWO algorithms. The PSGWO
algorithm produces the highest value of load
remaining in the network (P,¢pmqin) Of 1.4875 MW,
and the load released from the network (P,.q) is
the lowest value of 1.4845 MW compared to the
results of the PSO and GWO algorithms. These
results show that PSGWO can provide the most
optimal results to maximize the load remaining
in the network or minimize the load released
from the network.

Table 5. Summary of load shedding optimization
results for a loading factor of 80% of baseload

Parameter PSGWO PSO GWO
Pioqa (MW) 29720 2.9720 2.9720
Pspea (MW) 14845 1.4890 1.4854
Premain (MW) 14875 1.4830 1.4866
Pioss—afterrs (MW) 0.0137 0.0173 0.0133
VD 0.0055 0.0067 0.0058
0.1000
0.0900 ——PSO
0.0800 ——GWO
@ 0.0700 o PSGWO
£
e
8
Qo
[e]

0 5 10 15 20 25 30 35 40 45 50

Iterations
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Figure 4. Convergence characteristics for a
loading factor of 80% of baseload.

1.0050
——PSO

a ——GWO
"A ——PSGWO

1.0000

0.9950
0.9900

0.9850

Voltage (p.u)

0.9800
0.9750

0.9700
0 5 10 15 20 25 30 35

Bus number

Figure 5. Bus voltage profile after load shedding
for a loading factor of 80% of baseload

The power loss in the network after load
shedding (Pipss—qferss) Optimized with PSGWO is
0.0137 MW. This value is far below the result
obtained by the PSO algorithm of 0.0173 MW.
In this case, GWO provides the lowest power
loss of 0.0133 MW.

The convergence characteristics in Figure
4 show the performance comparison of the
three algorithms in load-shedding optimization.
All the algorithms can provide globally optimal
results. The figure shows that PSGWO, as the
proposed algorithm, has the best performance
compared to PSO and GWO. PSGWO
converges the fastest.

The bus voltage profile after load
shedding optimized with the three algorithms is
shown in Figure 5. From figure 5 it can be
observed that the voltages at all buses in the
network are within the allowable values,
between 0.95 p.u and 1.05 p.u. The bus voltage
deviation after load shedding with PSGWO,
PSO, and GWO algorithms are 0.0055, 0.0067,
and 0.0058, respectively, as shown in Table 5.
This value indicates that the bus voltage profile
after load shedding optimized by the PSGWO
algorithm is the best because it is generally
higher with the Ilowest voltage deviation
compared to the results of PSO and GWO
algorithms.

Table 6. Summary of load shedding optimization
results for a loading factor of 100% of baseload

Parameter PSGWO PSO GWO
Pioaa (MW) 3.7150 3.7150 3.7150
Pgreqa (MW) 22297 22308 2.2305
Premain (MW) 1.4853 1.4842 1.4845
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Figure 6. Convergence characteristics for a
loading factor of 100% of baseload.
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0.9750
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Figure 7. Bus voltage profile after load shedding
for a loading factor of 100% of baseload

Case-2: Load shedding in IEEE 33-bus
integrated three DG with a loading factor of
100% of baseload

For a loading factor of 100% of the
baseload, the total active and reactive power of
the load in the network is 3,175 MW and 1,760
MVAR. With a maximum DG generation of
1,500 MW, the isolated network has a
generation and load power deficit of 1,675 MW.
Table 6 summarises the load-shedding
optimization results for the PSGWO algorithm
compared to the PSO and GWO algorithms.The
convergence characteristics in Figure 6 show
the performance comparison of the three
algorithms in load-shedding optimization. All
algorithms are still able to converge and provide
global optimal results. From the figure, it can be
observed that PSGWO is still superior to PSO
and GWO. At 100% baseload loading factor, the
difference in convergence of PSGWO against
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PSO and GWO is more significant than at 80%
baseload.

The bus voltage profile after load
shedding optimization using the three algorithms
is shown in Figure 7. Table 6 shows the bus
voltage deviation after load-shedding with
PSGWO, PSO, and GWO algorithms at 0.0049,
0.0062, and 0.0058, respectively. This value
proves that the PSGWO algorithm can produce
the most optimal load-shedding optimization
with the best bus voltage profile and the lowest
voltage deviation compared to the PSO and
GWO algorithms.

Case-3: Load shedding in IEEE 33-bus
integrated three DG with a loading factor of
140% of baseload

When the network is at a loading factor of
140% of baseload, the total active and reactive
power of the load in the network is 5.2010 MW
and 2.4640 MVAR. With the maximum DG
generation of 1,500 MW, the power deficit in the
network reaches a significant value of 3.7010
MW. Table 7 summarizes the load-shedding
optimization results for the PSGWO algorithm
compared to the PSO and GWO algorithms.

The PSO algorithm cannot converge in
load-shedding optimization, while PSGWO still
shows superiority over the GWO algorithm.
Figure 8 shows the convergence characteristics
of PSGWO and GWO algorithms. The
superiority of PSGWO is more evident at a
loading factor of 140% of the baseload. PSGWO
converges much faster than GWO.

Table 7. Summary of load shedding optimization
results for a loading factor of 140% of baseload

Parameter PSGWO PSO GWO
Pioaa (MW) 5.2010 5.2010 5.2010
Pgreqa (MW) 3.7150 NAN  3.7151
Premain (MW) 1.4860 NAN  1.4859
Pioss—afterrs (MW)  0.0140 NAN  0.0152
VD 0.0047 NAN  0.0054
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CONCLUSION

This paper discusses a hybrid parallel
PSGWO algorithm for optimal load-shedding
strategies in isolated distribution networks. The
proposed method is suitable for solving load-
shedding optimization using PSO and GWO
advantages. Load shedding optimization using
PSGWO has been studied to maximize the
remaining load in the network by considering
priority load and variation of loading factor. The
conditions of voltage profile, power loss, and
voltage deviation are also used to evaluate the
optimization results. The results of load-shedding
optimization with the proposed PSGWO
algorithm are compared with the standard PSO
and GWO algorithms. The performance of the
PSGWO algorithm can outperform the standard
PSO and GWO algorithms, as shown by the
achievement of optimization objectives and
convergence speed.

In practice, the increasing integration of
DG into the distribution network can open up
opportunities to maintain the continuity of power
supply to the load, especially when isolated from
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the main network. The isolation of the distribution
network from the main grid causes a power
deficit due to DG generation being far below the
power of the load connected to the network. An
optimal load-shedding strategy is required to
realize the new power balance.

For future studies, the study can be
developed to optimize simultaneous load
shedding and reconfiguration in isolated
distribution networks to improve reliability.
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