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Abstract: The integration of distributed generation allows the distribution network to op-
erate in either on-grid or off-grid mode. In off-grid mode, the power supply from the main
grid is interrupted, and distributed generation becomes the main source of power to meet
the load’s power demand. The absence of power supply from the main grid reduces the
grid’s ability to meet load power demand. The load power demand is larger than the dis-
tributed generation capacity, causing a power deficit in the network. This paper studies
strategies for restoring power balance through optimal load shedding, taking into account
the presence of priority loads that require power demand to be maintained and met. The
optimization objective is to maximize the remaining load with an optimal composition so
that the power loss is minimal. The load-shedding optimization uses a hybrid Grey Wolf
Algorithm and Whale Optimization Algorithm (GW-WOA). The performance of GW-WOA
is tested by load shedding optimization on a 118-bus IEEE radial distribution system inte-
grated with 12 units of DG. The network loading factor variation consists of 80%, 100%,
and 140% of the base load. Regarding all loading factors, the GW-WOA hybrid algorithm
is superior to the standard GWO and WOA. The GW-WOA hybrid algorithm can con-
verge faster to obtain the global optimal solution to realize power balance, overcome power
deficit, maximize remaining load, and minimize power loss in the network. The GW-WOA
hybrid algorithm has improved the performance of load-shedding optimization in isolated
distribution networks with global optimal results and shorter iterations.
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1 Introduction

Distributed generation (DG) is a generation system installed dispersed in the distribu-
tion network to shorten power delivery to the load and reduce power losses [1]. DG gen-
erally utilizes environmentally friendly renewable energy such as wind and solar [2]. DG
integration can improve bus voltage regulation and allow distribution networks to operate
on or off-grid [3]. Off-grid mode occurs when the distribution network is disconnected
and isolated from the main grid. When isolated, DG is the primary source for meeting the
power demand of all network loads. The presence of DG allows the distribution network
to continue supplying electricity to loads, especially priority loads. DG capacity far be-
low the load power causes a power imbalance, which will degrade the network’s voltage
and frequency stability. The worst conditions that can occur are a power outage and the
cessation of the power supply to the entire load in the network [4] [5].

Network reconfiguration is one of the alternatives to overcome isolated distribution
networks [6]. The operation of the sectional tie switch changes the configuration and power
flow in the network, allowing the loading of each line to be rearranged [7]. Reconfiguration
can also be done by dividing a large network into several smaller networks (pico-grid)
according to the location of DG installation in the network [8]. Each pico-grid utilizes DG
as a source to meet load power demand [9]. To improve the resilience of isolated networks,
reconfiguration of isolated networks should be followed up with distributed generation
scheduling [10]. However, in some cases, the isolation of the distribution network causes a
huge power difference between DG generation and load. Network reconfiguration cannot
solve the power deficit in the network [11]. Partial load shedding must be performed to
solve the power deficit problem and realize power balance in the network [12]. When
performing load shedding, priority loads must be maintained in the network so that their
power demand can be met. The composition of the remaining load affects the power flow
and power losses on each line [13]. Optimization is very crucial in load shedding.

Load shedding optimization has been an interesting research topic. An analytical ap-
proach to dynamically plan the optimal load coverage limit on an isolated system consid-
ering the availability of generation capacity is presented in [14]. Load shedding planning
for balancing power on isolated networks using the Firefly-PSO (FAPSO) algorithm is dis-
cussed in [13], the Backtracking Search Algorithm (BSA) is studied in [15], and hybrid
PSO-GWO is presented in [16]. Paper [17] presents network analysis for load shedding
planning to prevent voltage collapse.

GWO and WOA algorithms have been widely implemented in optimization problems.
Both algorithms have advantages and disadvantages. WOA has a simpler mathematical
model than GWO. GWO has better local search capabilities, while WOA has better global
search. Hybridization of algorithms opens up opportunities to get algorithms that converge
faster and can provide globally optimal solutions [18].

This paper examines the hybrid Grey Wolf and Whale Optimization Algorithm (GW-
WOA) applied to load shedding. Both algorithms are combined in parallel to get the best
population at each iteration. The best population is used for calculations in the next iter-
ation so that it converges faster in obtaining the global optimal solution. The objective of
this optimization is maximizing the remaining load by considering the priority load in the
network. This paper has the following contributions:

1. Improved algorithm performance by combining the Grey Wolf and Whale Optimiza-
tion Algorithms in parallel.
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2. Improve the reliability of isolated distribution networks in ensuring power supply to
loads, especially priority loads.

3. Load shedding to realize power equilibrium so that load power fulfilment is main-
tained, especially for priority loads.

4. Obtain the optimal composition of the remaining load to reduce network power
losses.

2 Research Method

Load shedding can realize power equilibrium between generating capacity and load
power demand on the network. Load shedding must be done appropriately to obtain the
optimal composition of the remaining load and minimize power losses in the network.

2.1 Grey Wolf Optimizer (GWO)

GWO is an algorithm that adopts the mechanism of wolves in hunting prey. «, 3, and
0 are the wolves with the highest priority, while w is the wolf with the lowest priority that
gets the last chance to eat the prey caught [19]. Wolves set traps by encircling prey. Eq.
(1) and (2) express the wolf’s distance to the prey Dgwo and the wolf’s position update
Xcewo(t + 1) to be performed.

Dcwo = |C - X,,(t) — Xgwo(?)| 1)

XGWO(t + 1) = Xp(t) —A- DGWO (2)
X, is the position of the targeted prey, Xgwo is the current position of the wolf, and t is

the current iteration. A and C' are obtained from Eq. (3) and (4).

A=2-a-r1—a (3)

022'7"2 (4)

r1 and r3 are random numbers from 0 to 1. The value of a is obtained using Eq. (5).

“=2 (1 _ ! > 5)
tmax

tmax 1S maximum iterations.

The next phase is the o-guided hunt. The prioritized wolf positions are X, X3, and X;
which are closest to the prey. The other wolves must update their position towards these
three wolves. The distances of wolf Xgwo to the three prioritized wolves (D, Dg, and Ds)
are expressed in Eq. (6), (7), and (8).

Da - |CXa(t) *XGWO| (6)

DB = |C . Xﬁ(lf) — cho| (7)
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Ds =|C - Xs(t) — Xcwo| (8)

The movement of wolf Xgwo towards X, X3, and X; is determined using Eq. (9), (10),
and (11).

chofa = on —A- Da (9)
XGWQ_B = Xﬁ —A- Dﬁ (10)
Xewo-s = X5 — A- Ds (1)

Update the position of wolf Xcwo at iteration (¢ + 1) following Eq. (12).

Xewo—a + Xowo-p + Xgwo—s
3

The process is repeated until all wolves are in the prey position.

Xowol(t+1) = (12)

2.2 Whale Optimization Algorithm (WOA)

WOA is an algorithm that adopts the techniques used by whales to trap and ambush
prey. Whales dive while making traps from air bubbles and then ambush the trapped
prey [20]. Eq. (13) expresses the distance of the whale Xwoa to the prey position X*. The
position update of whale Xwoa towards the prey is expressed in Eq. (14).

Dwon = |C'- X*(t) — Xwoa ()] (13)

Xwoa(t+1) = X*(t) — A- Dwoa (14)

t denotes the current iteration. The calculation of A and C uses the same formula as in
the GWO algorithm using Eq. (3), (4), and (5).

Whales circle their prey, following a shrinking spiral path with a 50% probability, which
is mathematically represented by Eq. (15).

Xwoa(t) = A~ Dwoa, ifp<05

15
DWOA . ebL . COS(27TZ) + X*(t), ifp > 0.5 ( )

Xwoa(t+1) = {

p is a random value between 0 and 1, b is a spiral-shaped constant, and L is a random
value between -1 and 1.

Whale Xwoa also moves towards another randomly selected whale (Xyang). Eq. (16)
states the calculation of the distance (Dyang) from Xwoa to Xiang, while Eq. (17) is used to
calculate the movement of Xwoa towards X,ang.

Drand = |C ' Xrand - XWOA| (16)
XWOA(t + 1) = Xrand —A- Drand (17)
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3 Problem Formulation

3.1 Power Losses on The Line

Figure 1 shows the network between bus ¢ and j connected by the line impedance R; ; +
Xi,; - I;,; the line current. The power at bus 4 is P; and @);, while that at bus j is P; and Q).
The load on bus ¢ is PL; and Q) L;, while on bus j is PL; and QLj;.

Bulsi R, + X, Bu;v J
1
Pi, O P, O
Vil o Vil &
PL, PL,
OL; oL,

Figure 1: Two bus network.
Line power loss can be expressed in Eq. (18) and (19) below [21]:

Ploss—ij = Rij - |1 j? (18)

Qloss—i,j = Xi,j . |Ii,j|2 (19)
In the networks with N L lines, total power loss is the accumulation of each line’s power
loss, which is mathematically expressed in Eq. (20) and (21).

NL

-Ploss—total = Z Rk : ‘Ik|2 (20)
k=1

NL
Qloss—total = Z Xk ' |Ik|2 (21)
k=1

k indicates the line number, R}, is the resistance of line-k, X, is the reactance of k-line,
and I}, is the current on line-k.

3.2 Objective of Optimization

The load that is kept connected to the network (Fem) is equal to the total load before
load shedding (Pload-tota) Mminus the load shed from the network (Pineq) and can be mathe-
matically expressed by Eq. (22).

P rem — ]Dload-total — P, shed (22)

The optimization objective is to maximize the remaining load (Pem) expressed in Eq.
(23).

Jobj = Max(Prem) (23)
Prery must be less than the maximum of DG generation for power balance to be realized.
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3.3 Constraints

Start
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v / Line, bus, load, prioriry load, loading level, DGs /
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select the best one: Xje-iro

. v
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v
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End End
(a) WOA (b) GWO

Figure 2: Flowchart of load shedding optimization using.

Load shedding optimization is subject to the following constraints:

1. Power equilibrium The remaining load power and power losses do not exceed the
DG generation power, which can be mathematically expressed in Eq. (24) and (25).

Npg N,
Z PDG,i = Z Prem,j + Hoss—after LS (24)
i=1 =1
Npg Ny
Z QDG,i = Z Qrem,j + Qloss—after LS (25)
i=1 j=1
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Ppg,i and Qpg,; are the power generation of DG-i. Npg is the number of DGs. Prem;
and Qrem,; are the power of the load that is kept connected at bus-j. IV, is the number
of buses. Poss-after L5 and Qloss-after Ls are the power losses in the network.

. Remaining load

All priority loads must be kept connected to the network.

Pprior,i S Prem,i (26)

Qprior,i < Qrem,i (27)

Pprior,i and Qprior,; are the priority load at bus-i. Prem; and Qrem,; are the remaining
loads on bus-i.
. Power generation of DG The power generation from DG is set at the maximum limit.

Ppg = P& (28)

Ppg is power generation of DG and P5&* is maximum power limit of DG.

3.4 Hybrid GW-WOA Algorithm for Load Shedding Optimization

The hybrid Grey Wolf and Whale Optimization Algorithm (GW-WOA) is a parallel

combination. The parallel combination is done by applying population update calculations
from both GWO and WOA algorithms. The two resulting populations are then compared,
and the best one is selected based on its fitness value to be used as a candidate popu-
lation for the next iteration. In this way, it is expected to accelerate the convergence of
iterations to obtain a globally optimal solution. Figure 2a and 2b show the flowcharts of
WOA and GWO, respectively. In this paper, the proposed GW-WOA hybrid algorithm in
load-shedding optimization is shown in Figure 3.
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Figure 3: Flowchart of hybrid GW-WOA for load shedding optimization.

4 Results and Discussion

The load-shedding optimization uses the IEEE 118-bus radial distribution network test
system shown in Figure 4 [22]. The test system has 117 lines and 118 buses. The total
base load power is 22,709.72 kW and 17,041.068 kVAR. Several DGs with capacities and
locations, as shown in Table 1, were integrated into the network.
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Figure 4: IEEE 118-bus radial distribution network.

Table 1: DG location and capacity

DG Bus GD Pout-max (MW)

1 77 500
2 76 700
3 75 700
4 74 300
5 73 500
6 43 500
7 27 300
8 42 500
9 52 700
10 72 500
11 26 300
12 51 500
Total DG Capacity 6000

The load shedding optimization includes 3 case studies with loading levels of 80%,
100%, and 140% of base load. Based on the optimization results of conformity to the opti-
mization objective, network loss, and convergence speed, the performance of GW-WOA is
compared with that of GWO and WOA.
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4.1 Case-1: Load shedding optimization at 80% of baseload

At 80% of the baseload, the total load power is 18,167.20 kW and 13,632.70 kVAR.
With the maximum generation of DGs being 6,000 kW, the power deficit in the network
is 12,167.20 kW. Proper load shedding can realize the power balance of the remaining load
against the DG generation capability. Optimization is performed by applying GW-WOA,
GWO, and WOA algorithms. Table 2 summarizes the results of optimization using GW-
WOA, GWO, and WOA algorithms up to 500 iterations.

Table 2 shows that in 500 iterations, the GWO algorithm has not been able to provide
optimal load shedding. Pem = 6,545.30 kW exceeds the maximum power that can be gen-
erated by DG, which is 6,000 kW. The balance of load power and DG generation power has
not been achieved. Even if the value of losses on the network of P, = 1,560.60 kW is taken
into account, it will increase the power deficit.

Table 2: The results of load shedding optimization at 80% of the baseload

Parameter Algorithm

GW-WOA WOA GWO
Pioad (kW) 18,167.20 18,167.20 18,167.20
Pirea (kW) 12,937.40 12,961.20 11,622.10
Prem (KW) 5,230.90 5,205.70 6,545.30
Ploss (kW) 468.30 472.90 1,560.60

Prem + Ploss (kW) 5,699.20 5,678.60  8,105.90

The GW-WOA algorithm releases load from the network of Pyeq = 12,937.40 kW, while
the WOA algorithm results in Pseq = 12,961.20 kW. The GW-WOA algorithm can provide
more optimal to minimize the load released from the network.

The GWO-WOA and WOA algorithms provide a remaining load (Fem) of 5,230.90 kW
and 5,204.70 kW, respectively. The power loss (F) after load shedding for both algo-
rithms is 468.30 kW and 472.90 kW, respectively. The power deficit in the network can
be overcome where the total remaining load power and power loss are still below the
maximum power generation by DG. DG generation capacity can be maximally utilized
to continue power supply to the remaining loads during network isolation.

1,1000

1,0000
0,9000

0,8000

Bus Voltage (p.u)

0,7000

0,6000

Figure 5: Bus voltage profile in a network loaded with 80% of baseload after load shedding
optimization using GW-WOA, WOA, and GWO algorithms.
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Figure 5 presents the voltage profile after load shedding optimization. The figure shows
that after load shedding optimization with the GW-WOA algorithm, the bus voltage in the
network is also better than the results given by the standard WOA algorithm. The GW-
WOA algorithm provides relatively higher bus voltages than the WOA algorithm.

0,1000 ‘
é 0,0800 The first convergence
e
E 0,0400
8 0,0200

0,0000

Iteration

Figure 6: Convergence of hybrid GW-WOA in load shedding optimization on the networks
with 80% of baseload.

0,1000
g
£ 0,0800
& The first convergence
E 0,0600 was achieved at
"8‘ iteration 216.
&' 0,0400
o U

0,0200

0 50 100 150 200 250 300 350 400 450 500
Iteration

Figure 7: Convergence of WOA in load shedding optimization on the networks with 80%
of baseload.
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b3 —
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&
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Iteration

Figure 8: Convergence of GWO in load shedding optimization on the networks with 80%
of baseload.

Figure 6, 7, and 8 show the convergence of each algorithm. Until the maximum itera-
tion limit, the GWO algorithm has not converged. Meanwhile, the GW-WOA and WOA
algorithms have reached the convergence point before the maximum iteration limit. The
GW-WOA algorithm provided optimal results at iteration 73, while the WOA algorithm
provided optimal results at iteration 216. The hybridization of GWO and WOA algorithms
to form the GW-WOA hybrid algorithm has improved performance significantly compared
to the GWO and WOA algorithms. The GW-WOA algorithm converges faster than GWO
and WOA.

4.2 Case-2: Load shedding Optimization at 100% of Baseload

When the network load is 100% of the baseload, the total load power is 22,709.70 kW
and 17,041.20 kVAR. With the maximum power generation of DG being 6,000 kW, the
power deficit in the network is 16,709.70 kW. Table 3 summarizes the results of optimiza-
tion using GW-WOA, GWO, and WOA algorithms up to 500 iterations. GWO algorithm
has not been able to provide optimal results in load shedding. Up to the maximum itera-
tion, the values of Pem = 6,557.80 kW and P, = 1,571.20 kW indicate that there is still a
power deficit of 2,129.00 kW.

Table 3: The results of load shedding optimization at 100% of the baseload

Parameter Algorithm

GW-WOA WOA GWO
Pioad (KW) 22,709.70 22,709.70  22,709.70
Piped (kW) 17,492.200 17,537.30 16,152.10
Prem (kW) 5,217.60 5,172.10 6,557.80
Ploss (kW) 459.00 510.60 1,571.20

Prem + Ploss (kW) 5,676.60 568270  8,129.00

The GW-WOA and WOA algorithms have provided optimal results before the maxi-
mum iteration limit. Load shedding optimization using GW-WOA leaves the load in the
network Pem = 5,217.60 kW and power loss Pyss = 459.00 kW, while WOA results in Prem
=5,172.10 kW and Py = 472.90 kW. The GW-WOA algorithm provides more optimal load

*  https://ejournal.ittelkom-pwt.ac.id /index.php/infotel
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shedding, where the load that can be maintained in the network reaches the maximum
with minimal power loss.

0,0100
° 0,0080 The first convergence
2 was achieved at
% 0,0060 iteration 269
S 0,0040
7
E 0,0020
&

0 50 100 150 200 250 300 350 400 450 500

Iteration

Figure 9: Convergence of hybrid GW-WOA in load shedding optimization on the networks
with 100% of baseload.

0,0100

0,0080 The first convergence
o .
e was achieved at
% 0,0060 iteration 291
',g‘ 0,0040
v
$ 0,0020
&
<+ 0,0000

0 50 100 150 200 250 300 350 400 450 500
Iteration

Figure 10: Convergence of hybrid WOA in load shedding optimization on the networks
with 100% of baseload.

4,0000
3,5000
3,0000 converge when iteration

2,5000 z reaches the maximum
2,0000

1,5000
1,0000
0,5000
0,0000

Optimization does not

fitness objektive

0 50 100 150 200 250 300 350 400 450 500

Iteration

Figure 11: Convergence of hybrid GWO in load shedding optimization on the networks
with 100% of baseload.

Figure 9 and 10 show that the GW-WOA algorithm converges in 269 iterations, while
the WOA algorithm converges in 291 iterations. Figure 11 shows that the GWO algorithm
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does not converge when the iterations reach the maximum limit. The GW-WOA algorithm
is superior to the GWO and WOA algorithms.

4.3 Case-3: Load shedding Optimization at 140% of Baseload

When the loading level is 140% of the base load, the total power of the network loads is
31,793.20 kW and 23,857.20 kVAR, respectively. With the maximum total power generation
from 12 DG units of 6,000 kW, the grid power deficit is 25,932.20 kW.

Table 4 summarizes the load shedding optimization results using the three algorithms.
The GWO and WOA algorithms cannot provide optimal results when the iteration reaches
the maximum limit, as shown by the P of 6,672.50 kW and 7,232.60 kW, respectively.
These values still exceed the maximum power generated by DG Pnax g = 6,000 kW, which
causes a power deficit in the grid.

Table 4: The results of load shedding optimization at 140% of the baseload

Parameter Algorithm

GW-WOA WOA GWO
Pioaa (kW) 31,792.20 31,792.20 31,792.20
Pipea (KW) 26,587.20 25,121.10  24,561.00
Prem (kW) 5,206.70 6,672.50 7,232.60
Ploss (kW) 769.30 1,683.80 3.020.20

Prem + Ploss (kW) 5,976.00 8,356.30  10,252.80

The GW-WOA algorithm results in the load released from the network Py,eq = 26,587.20
kW, the remaining load in the network Pem = 5,206.70 kW, and the power loss Poss = 769.30
kW. The sum of Prem and Ploss is 5,976.00 kW and can be met from DG generation. These
results show that the GW-WOA algorithm provides optimal results for realizing power
balance in the network.

Based on Figure 12, the GW-WOA algorithm shows superior performance, with the first
convergence achieved at iteration 205. The GWO and WOA algorithms have not converged
when the iteration reaches the maximum limit, as shown in Figure 13 and 14.
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Figure 12: Convergence of hybrid GW-WOA in load shedding optimization on the net-
works with 140% of baseload.
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Figure 13: Convergence of hybrid WOA in load shedding optimization on the networks
with 140% of baseload.
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Figure 14: Convergence of hybrid GWO in load shedding optimization on the networks
with 140% of baseload.

5 Conclusion

Integration of DG allows the network to continue service even when isolated from the
main network. However, DG’s generation limitations cannot meet the power demand of
the entire load in an isolated network. This paper discusses optimization in load shedding
to realize power equilibrium in distribution networks that are isolated from the main net-
work. Load shedding is optimized using a hybrid GW-WOA algorithm, which considers
the priority of loads that must be maintained in the network. The objective of optimization
is to maximize the load that is kept connected to the network so that the DG generation
capacity can be used as much as possible to continue providing services to customers. The
GW-WOA algorithm’s performance is compared with that of the GWO and WOA algo-
rithms. The GW-WOA algorithm outperforms the GWO and WOA algorithms, which is
indicated by more optimal results and faster convergence. Hybridization can improve an
algorithm’s performance. Future research is a combination of simultaneous load shedding
and reconfiguration to improve the reliability of isolated distribution networks.

JURNAL INFOTEL, VOL. 17, No. 2, MAY 2025, pp. 377-393.



392

SUJONO et al.

Acknowledgments

The authors would like to thank Direktorat Riset dan Pengabdian Masyarakat Univer-
sitas Budi Luhur for providing funding support for research and publication activities.

References

(1]

(2]

(7]

(8]

(9]

[10]

S. Sepasi, C. Talichet, and A. S. Pramanik, “Power quality in microgrids: A critical
review of fundamentals, standards, and case studies,” IEEE Access, vol. 11, pp. 108493—
108531, 2023.

T. H. B. Huy, D. N. Vo, K. H. Truong, and T. Van Tran, “Optimal distributed generation
placement in radial distribution networks using enhanced search group algorithm,”
IEEE Access, vol. 11, pp. 103288-103305, 2023.

M. Dreidy, H. Mokhlis, and S. Mekhilef, “Application of meta-heuristic techniques for
optimal load shedding in islanded distribution network with high penetration of solar
pv generation,” Energies, vol. 10, no. 2, p. 150, 2017.

B. de Nadai Nascimento, A. C. Zambroni de Souza, ]J. G. de Carvalho Costa, and
M. Castilla, “Load shedding scheme with under-frequency and undervoltage correc-
tive actions to supply high priority loads in islanded microgrids,” IET Renewable Power
Generation, vol. 13, no. 11, pp. 1981-1989, 2019.

A. Khamis, H. Shareef, and A. Mohamed, “Islanding detection and load shedding
scheme for radial distribution systems integrated with dispersed generations,” IET
Generation, Transmission & Distribution, vol. 9, no. 15, pp. 2261-2275, 2015.

S. Kamel, M. Khasanov, E. Jurado, A. Kurbanov, H. M. Zawbaa, and M. A. Alath-
bah, “Simultaneously distributed generation allocation and network reconfiguration
in distribution network considering different loading levels,” IEEE Access, vol. 11,
pp- 105916-105934, 2023.

V. V. V.5.N. Murty and A. Kumar, “Optimal dg integration and network reconfigura-
tion in microgrid system with realistic time varying load model using hybrid optimi-
sation,” IET Smart Grid, vol. 2, no. 2, pp. 192-202, 2019.

Q. Shi, E Li, M. Olama, J. Dong, Y. Xue, M. Starke, C. Winstead, and T. Kuruganti,
“Network reconfiguration and distributed energy resource scheduling for improved
distribution system resilience,” International Journal of Electrical Power & Energy Sys-
tems, vol. 124, p. 106355, 2021.

S. A.Siddiqui, M. Fozdar, et al., “Optimal placement of distributed generators in radial
distribution system for reducing the effect of islanding,” Journal of Electrical Engineer-
ing and Technology, vol. 11, no. 3, pp. 551-559, 2016.

Q. Shi, E Li, M. Olama, J. Dong, Y. Xue, M. Starke, C. Winstead, and T. Kuruganti,
“Network reconfiguration and distributed energy resource scheduling for improved
distribution system resilience,” International Journal of Electrical Power & Energy Sys-
tems, vol. 124, p. 106355, 2021.

*  https://ejournal.ittelkom-pwt.ac.id /index.php/infotel


https://ejournal.ittelkom-pwt.ac.id/index.php/infotel

LOAD-SHEDDING OPTIMIZATION USING HYBRID GREY WOLF - - - 393

[11] V. Tamilselvan, “A hybrid pso-abc algorithm for optimal load shedding and improv-
ing voltage stability,” International Journal of Manufacturing Technology and Management,
vol. 34, no. 6, pp. 577-597, 2020.

[12] N. Sapari, H. Mokhlis, J. A. Laghari, A. Bakar, and M. Dahalan, “Application of load
shedding schemes for distribution network connected with distributed generation: A
review,” Renewable and Sustainable Energy Reviews, vol. 82, pp. 858-867, 2018.

[13] J. Jallad, S. Mekhilef, H. Mokhlis, J. Laghari, and O. Badran, “Application of hybrid
meta-heuristic techniques for optimal load shedding planning and operation in an is-
landed distribution network integrated with distributed generation,” Energies, vol. 11,
no. 5, p. 1134, 2018.

[14] H. Gao, Y. Chen, Y. Xu, and C.-C. Liu, “Dynamic load shedding for an islanded micro-
grid with limited generation resources,” IET Generation, Transmission & Distribution,
vol. 10, no. 12, pp. 2953-2961, 2016.

[15] A. Khamis, H. Shareef, A. Mohamed, and Z. Y. Dong, “A load shedding scheme for
dg integrated islanded power system utilizing backtracking search algorithm,” Ain
Shams Engineering Journal, vol. 9, no. 1, pp. 161-172, 2018.

[16] A.Priyadi, M. Pujiantara, M. H. Purnomo, et al., “Parallel hybrid particle swarm-grey
wolf algorithms for optimal load-shedding in an isolated network,” Jurnal Nasional
Pendidikan Teknik Informatika: JANAPATI, vol. 13, no. 1, pp. 11-21, 2024.

[17] A. Tian and X. Mou, “A network analysis-based distributed load shedding strategy
for voltage collapse prevention,” IEEE Access, vol. 7, pp. 161375-161384, 2019.

[18] S.K.Mosavi, E. Jalalian, and F. Gharahchopog, “A comprehensive survey of grey wolf
optimizer algorithm and its application,” Int. J. Adv. Robot. Expert Syst., vol. 1, no. 6,
pp. 23-45, 2018.

[19] S.Mirjalili, S. M. Mirjalili, and A. Lewis, “Grey wolf optimizer,” Advances in engineering
software, vol. 69, pp. 46-61, 2014.

[20] S.Mirjalili and A. Lewis, “The whale optimization algorithm,” Advances in engineering
software, vol. 95, pp. 51-67, 2016.

[21] M. Suresh and E. J. Belwin, “Optimal dg placement for benefit maximization in dis-
tribution networks by using dragonfly algorithm,” Renewables: Wind, Water, and Solar,
vol. 5, pp. 1-8, 2018.

[22] H. Hartono, M. Azis, and Y. Muharni, “Optimal capacitor placement for ieee 118 bus
system by using genetic algorithm,” in 2019 2nd International Conference on High Voltage
Engineering and Power Systems (ICHVEPS), pp. 1-5, IEEE, 2019.

JURNAL INFOTEL, VOL. 17, No. 2, MAY 2025, pp. 377-393.



	Introduction
	Research Method
	Grey Wolf Optimizer (GWO)
	Whale Optimization Algorithm (WOA)

	Problem Formulation
	Power Losses on The Line
	Objective of Optimization
	Constraints
	Hybrid GW-WOA Algorithm for Load Shedding Optimization

	Results and Discussion
	Case-1: Load shedding optimization at 80% of baseload
	Case-2: Load shedding Optimization at 100% of Baseload
	Case-3: Load shedding Optimization at 140% of Baseload

	Conclusion

