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ABSTRACT

This study presents a Particle Swarm Optimization (PSO)-based scheme for optimal
targeted load shedding and contingency severity assessment in the electric power grid
(EPG). The IEEE 14 EPG was used as a testbed. The study identified critical branches and
quantitatively evaluated the operational performance of an EPG under base case, outage
without and with targeted load shedding schemes, utilizing convergence characteristics,
voltage magnitudes and angles, and branch load flows as diagnostic metrics. The base case
demonstrated excellent numerical stability, with convergence achieved in fewer than 5
iterations, and all bus voltages maintained within the IEEE standard range. A critical outage
scenario caused severe difficulty, as evidenced by prolonged convergence (exceeding 15
iterations), a drastic voltage at Bus 1 to 0.7214pu, and overloading of Line 2 to 2.0524pu,
approximately 275% of its base case loading. These conditions signified an unstable
operational state, posing severe risks to system security. Implementation of targeted load
shedding significantly improved system conditions: convergence iterations reduced to
approximately 6, Bus 1 voltage restored to 0.9682pu, and Line 2 loading decreased to
0.5683pu. Other buses consistently maintained voltages within acceptable margins, and
branch flows on non-critical lines remained insignificant across all cases. Voltage angle
profiles further corroborate the systemic stress during outage and the stabilization effect
post-load shedding. The proposed technique quantitatively demonstrates that selective load
shedding is an effective corrective control strategy, not only restoring voltage stability but
also alleviating transmission line overloading, thus enhancing the EPG’s ability to maintain
secure and reliable operation under severe contingency conditions.

Keywords: Targeted load shedding technique, PSO algorithm, Severe contingencies, Voltage
profile, Load flow.

1. INTRODUCTION

The continuous expansion of electrical power grids (EPG), coupled with increasing
penetration of intermittent loads and renewable energy sources, has intensified the demand
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for robust and adaptive load shedding strategies. Voltage instability, often triggered by
faults, heavy loading, or line outages, remains a major menace to secure EPG operation.
Conventional under-voltage and frequency-based load shedding methods (Imai, 2005;
Kisengeu et al., 2021) often lack coordination and adaptability, potentially leading to
unnecessary consumer outages or system collapse. In recent years, according to the study
in, metaheuristic optimization algorithms (Kwang and Zita, 2020), such as Particle Swarm
Optimization (PSO) and its hybrids, have shown significant promise in intelligently
allocating load curtailments and preserving system stability. Several contemporary studies
have investigated the application of these optimization methods to address voltage stability
and load shedding in standard benchmark systems. For instance, (Ketabi and Fini, 2017)
proposed a PSO-based load shedding strategy that demonstrated faster convergence and
effective prioritization of loads. While their work showcased the potential of PSO in such
optimization tasks, it was limited by its focus solely on active power, ignoring the role of
reactive power in voltage profile management. Additionally, their strategy lacked an explicit
cap on total power shed, making it impractical under operational constraints where
regulators often mandate thresholds. The study in (Bioki et al., 2012) advanced the
problem by proposing a hybrid PSO-LP (Linear Programming) model, combining the global
search power of PSO with the precision of LP. This hybrid method enabled better economic
load shedding, considering costs and priorities. However, the algorithm introduced added
entanglement due to the need for inter-method coordination, and the reactive power and
voltage profile improvement were not directly addressed. Furthermore, integration with
standard Newton-Raphson (NR) load flow models was not asserted. More recently, (Le et
al,, 2023) developed an enhanced PSO algorithm that incorporated intelligent parameter
tuning and grid resilience evaluation. Their methodology accounted for fault scenarios and
network robustness. Although this is a commendable enhancement, the study still fell short
of enforcing strict constraints on maximum allowable shedding and reactive power
considerations. Moreover, their approach assumed homogeneous load criticality, which
overlooks real-world prioritization where essential loads must be preserved more than non-
essential ones.

Also, (Kisengeu et al., 2021) developed a PSO-based optimal load shedding model for
voltage stability enhancement, validated using IEEE-14 bus system. The study focused on
minimizing voltage deviation by shedding loads from the most vulnerable buses. However,
it did not impose any explicit operational limits on the percentage of load that could be
dropped, potentially leading to excessive curtailment under terrible contingencies.
Moreover, their model lacked a detailed branch-level contingency severity index (CSI),
which is vital for identifying critical transmission elements during fault scenarios. Similarly,
(Tamilselvan, 2020) proposed a hybrid PSO-Artificial Bee Colony (HPSO-ABC) algorithm
to identify weak buses and optimize the amount of load to be shed. While this hybrid strategy
improved voltage profiles, the objective function of the study was primarily heuristic and
lacked practical system constraints such as maximum allowable load shedding or
operational policies. Additionally, no visual performance metrics were provided to assess
convergence speed or solution quality, which are key in real-time implementation. The study
of (Zhou et al.,, 2022) adopted a neural network (NN)-based load shedding approach
trained on historical contingency data for real-time execution. Although effective for real-
time grid operation, their approach was highly reliant on the quality and completeness of
training data, making it potentially unreliable for previously unseen fault scenarios.
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Furthermore, it lacked the capability to assess system severity quantitatively during
contingencies or impose strict load shedding bounds.
In another related work, (Kiran et al., 2016) proposed a hybrid PSO-Genetic Algorithm
(HPSO-GA) approach using fast voltage stability index and apparent line power stability
index as indicators. While their focus on multiple stability indices is commendable, their
model did not deliver a comprehensive load shedding mechanism nor account for load
prioritization or operational feasibility, limiting real-world implementation.
The abovementioned studies collectively affirm the promising relevance of soft-computing
techniques for exigency containment, yet also bring to light numerous key research gaps;
such as, absence of practical constraints on maximum load shedding percentages in most
models; lack of a contingency severity framework to evaluate and prioritize vulnerable lines
or buses; limited visualization and analysis of convergence behavior, solution robustness,
and optimization traceability; and inadequate integration of real-world operational
thresholds, such as maximum tolerable load curtailment levels.

The present study addresses the abovementioned gaps by proposing:

e PSO based load shedding technique that minimizes the global mismatch between
available and demanded load while respecting maximum shedding constraints.

e PSO algorithm that finds the best set of line weighted factors that optimize the ability to
detect and rank the most critical lines based on voltage stress.

e PSO-based algorithmic rules in investigating behavior of the electric power grid under
different critical outages with and without the maximum constrained-based load
shedding technique.

These enhancements position the proposed approach not only as a complementary method

to existing hybrid techniques but also as a practically validated, decision-aiding tool for grid

reliability and operational planning.

2. PROBLEM FORMULATION

This study has uncovered considerable crucial research gaps, such as the absence of practical
constraints on maximum load shedding percentages in most existing models and the lack of
a contingency severity concept in evaluating and prioritizing vulnerable lines or buses while
investigating the performance of the EPG under critical branch outages and load shedding
using PSO-based load flow analysis. This section of the paper presents formulations of these
identified problems of the study.

2.1 Problem Formulation for the PSO Algorithm.

The PSO-based algorithmic rule was used for the determination of the metrics used in this
work, which are the CSI and realistic targeted load shedding on various buses of the EPG.
The algorithm was also employed to investigate the states of the EPG before, during and after
critical contingencies with and without targeted load shedding on the testbed. This sub-
section of the paper, therefore, presents the core tool for achieving the goal of this work.
PSO algorithm is a manner of solving problems by imitating the behaviour of a group of birds
or a school of fish (Kennedy and Eberhart, 1995; Kwang and Zita, 2020). The algorithm
is made up of a swarm of particles, each symbolizing a likely solution to the optimization
problem. These particles move around the solution space, trying to get the fullest solution
based on two things (Verayiah et al., 2014; Kennedy and Eberhart, 1995; Kwang and
Zita, 2020):
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a) Personal fullestlocation (pbest): The rightest solution the particle has found hitherto for
the food.

b) Global fullest location (gbest): The rightest solution any particle in the swarm has found
for the food.

The particles adjust their location by combining their pbest and the gbest. As time goes on,
the swarm comes together as the best solution. The rate at which particles move around the
solution place is governed by (Kennedy and Eberhart, 1995; Verayiah et al., 2014,
Adetona et al., 2022)

v™(t+1) = w* v™(t) + ¢; * rand() * (pbest™ — x(M(t)) + ¢, * rand() *
(gbest — x™(t)) (1)

In Eq. (1), x™™(¢) stands for current position of particle m, w represents inertia weight, c,
and c, stand for the cognitive and social acquisition rates respectively, rand() is a random
number between 0 and 1, pbest™ denotes the personal rightest position of the particle m,
and gbest is the global rightest position. The current position of a particle (Kennedy and
Eberhart, 1995; Verayiah et al,, 2014; Kwang and Zita, 2020, Adetona et al.,, 2022) in
the solution place is expressed by

xMt+1) = x™() + v™M(t+1) (2)

In Eq. (2), v™(t + 1) = latest velocity of particle m, and t is the iteration number. Each
particle in the swarm represents different parameters of interest in this study to provide
solutions to various problems in this study.

2.2 Problem Formulation for CSI based on PSO Algorithm.

One of the problems that was solved in this study was ranking the lines of EPG based on the
upshot of the voltage stress on the EPG. In this work, the PSO algorithm was used to find the
best set of line weighted factors (x(™) (Slochanal et al., 2005; Sutha and Kamaraj, 2008;
Marouani et al.,, 2011; Adetona et al., 2024) that optimize the ability to detect and rank
most critical lines based on voltage stress (Gubina and Strmcnik, 1995). The objective is
therefore to minimize the sum of the magnitudes of the weighted voltage drops, or rank lines
by degree of the voltage stress they cause, and it is formulated viz:

grcr(l%r)lf(x(m)) = Ilgl=1xk(m)|vfrom,k - Vto.kl (3)
In Eq. (3), each particle x'™ is a vector and could be expressed viz., x™ = [x,(™ ] =
[xl(m), 1™, 23, ey (M) ], where x,™ are optimization variables, and each of
particle m in the swarm denotes a weight for line k. Also, in Eq. (3), N, is total number of
lines in the EPG, Vfyom x and Vi, i represent voltage at the sending and receiving ends of line
k respectively. Eq. (3) is an objective function, and it is subject to the following constraint:

0 <x™ <1 vk (4)
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Each of x;, (™ are updated based on Egs. (1) and (2). It is evident from Eqs. (3) and (4) that
individual x, ™ in the swarm determines the contribution of the line k to the total severity
of the EPG in this work.

2.3 Problem Formulation of PSO-based Maximum Constraint-based Load Shedding

The outage of critical line(s) on EPG may eventually lead to total real and reactive power
mismatches (Nazir et al., 2023; Chivunga et al., 2024; Iweh et al., 2024). One of the ways
of mitigating this problem is by using a load shedding approach (Seyedi and Sanaye-
Pasand, 2007; Xu et al., 2011; Gao et al., 2016; Choi et al., 2017; Ketabi and Hajiakbari,
2017; Kisengeu et al., 2021). Though many researchers have contributed to this approach,
most of them did not consider the targeted load shedding technique. The objective of the
proposed PSO algorithm-based selective load shedding technique is therefore to minimize
the global mismatch between available and demanded load while respecting maximum
shedding constraints (u), and it is formulated viz:

II(lil;lf(x(m)) |P0rLgLnal i(m)lr minf(x) _ |Qongmal i(m)l (5)
x(m Xi

In Eq. (5), each particle x(™ is a vector and could be expressed viz., x(™ = [x,(™ | =
[T, 2,0, -, xy, @™ |; where x;(™ are optimization variables, and each of particles m
in the swarm, denotes load adjustment at the bus i; therefore, x(M = [xl-(m)] =

shed shed shed shed shed shed : ;
[P71°%, P33, Pan,; Qair Qaz s ""Qd,Nb]' Also, in the equation,

Py l.”gmal and ngmal original real and reactive load demands, respectively. Eq. (5) is an

objective function, and it is subject to the following constraint:

Load shedding limits: Y;c;s P51 < u X PE'%, Y15 Q54 < o x @t 6)
0< Pshed < POT'lngLal 0< Qshed < QOT‘lngLal (7)

Update load demand after shedding:

Pn?W — Po‘:jiginal _ Pshed, new — QorLgmal Egi,hied (8)
Non-negativity of power demand: Pj{" > 0, Qz5" = (9)

In Eq. (6) through Eq. (9), P§i¢Q5 ¢4, Pi°**, and Q'™ are real and reactive power shed at

the bus i and total system real and reactive power, respectively. In this study, u in Eq. (6),
takes the value of 0.15.

2.4 Problem Formulation for the Load Flow Analysis based on PSO Algorithm.

In this study, the NR technique was adopted for solving the nonlinear algebraic load flow
equations associated with the load flow analysis before, during and after critical
contingencies in the testbed. It was used because of its accuracy and fast convergence rate
(Grainger and Stevenson, 1994; Saadat, 1999; Das, 2006). The NR technique requires
initial guesses for V; and iteratively updates them to minimize power mismatches (Grainger

5



S. Adetona et al. Journal of Engineering, 2025, 31(9)

and Stevenson, 1994; Saadat, 1999). In this study, instead of relying solely on the NR
method’s initial guesses, PSO algorithmic rule is used to optimize initial guesses for |V;| and
6; at PQ buses, and Pg; and Qg; at PV buses to achieve faster and robust convergence of power
flow (Salomon et al., 2011). The objective of the load flow using NR technique is therefore
to minimize the power mismatch to optimize |V;| and §; and it is formulated viz:

min f(x™) = min %12, [(AP)? + (AQ;)?] (10)

x(m)

In Eq. (10), each particle x(™ is a vector and could be expressed viz., x(™ = [x;(™ | =
[xl(m), Xy (m), X3 (m), ---,be(m) ]; where xi(m) are optimization variables, and each of them
represents a possible bus voltage setting at bus i, ie x™ = [xi(m)] =[|V;]26;] =
[IVil2 8y, Vo265, -+, |Vi,|£ 8n, |- Also, in Eq. (10), the active and reactive power
mismatches at bus i are expressed as:

AP, = PPEC — prate (11)
AQi = Q% —Qf* (12)

4

Eq. (10) is an objective function, and it is subject to the following constraint:

Voltage magnitude limits: | V| < |V;| < [V/"*| (13)

And the active and reactive generation limit for of each unit i are given by

Pleci < PP < PRCT V spec,i € Qgpec, (14)

Qmn . < Q7P < Qmax. V spec,i € Qgpeci (15)
spec,i = Xi = spec,i ’ spec,i

Apparent power S flow constraints: [Sron | < Srated (16)

In Eq. (11) through Eq. (16), P°P%¢, Q;7°, Pf*€ and Qf*'* are the specified real and powers
(generation minus load), and calculated real and reactive powers that are obtained from bus
voltages, respectively, using (Das, 2006):

Ny
P, = Pf¥ = |V;|2|Yy|cosBy; + IViIZ' 1|V,-||Yij|cos(9ij -8, + &) (17)
]:

Ny,
Qi = iClllC = _|Vi|2|Yii|Sin9ii - |Vl|z 1|V]||YU|SlTl(6U — 6i + 6]) (18)
]:

In Egs. (17) and (18), |V;|£8; and |Vj|46j are voltages at bus i and j respectively, |Yl-j |49ij is
admittance of a line that connects buses i to j, and, N, is the EPG’s total number of buses.
These two equations are formulated for each bus in the EPG, excluding the slack bus, which
has specified value of |V;|26;. From Egs. (17) and (18), the Jacobian J matrix (Grainger and
Stevenson, 1994; Saadat, 1999; Das, 2006) for the NR method can be derived viz:
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oe  onr

_ | ov 96
/= |osg g (19)

av 96

where dAP/dV,0AP/36,0AQ/0V ,and d0AQ/05 are the sensitivities of real power to
voltage changes, real power to angle changes reactive power to voltage changes, and reactive
power to angle changes respectively. For each iteration, Eq. (19) updates the state variables
using :

[AAIICEI] =/ [ﬁg] until max(4|P|,AlQ|) < 107¢ pu (20)

3. MODELING AND SIMULATION ANALYSIS

This study proposes the usage of PSO algorithmic rules to find the best set of line weighted
factors to detect and rank the most critical lines based on voltage stress to guide SO in
identifying vulnerable links. The work also proposes realistic PSO-based maximum
constrained-based load shedding, to ensure practical applicability in utility operations. We
also used PSO-based algorithmic rules in investigating behavior of EPG under different
critical outages with and without the maximum constraint-based load shedding technique.
These contributions, which have been formulated in section 2 of this paper, are herewith
presented using flowchart diagrams for modeling in the MATLAB (MathWorks, 2024)
version. The testbed that was used to investigate the performance of the EPG under critical
branch outages without and with a targeted load shedding scheme using a PSO-based load
flow analysis is also discussed here.

3.1 Testbed for Modeling.

Fig. 1 presents the testbed used for the verification of the various methods developed in
achieving the aim of this study. The testbed is an IEEE-14 EPG, a representation of a mere
idea of the 1962 American EPG. It is evident from the figure that the testbed has five
generators, eleven loads, fourteen buses, and twenty branches. It is characterized by excess
voltage control potentiality. In this study, Bus 1 was used as the EPG's slack bus. And it is
evident from Fig. 1 that buses 2, 3, 6 and 8 are PV buses, while PQ buses are 2, 3, 4, 5, 6, 9,
10,11, 12, 13, and 14. The data for the testbed is obtainable at (University of Washington,
1999).

3.2 Model for the identification of the critical branches on the Test bed.

Fig. 2 presents the flowchart for the development of the MATLAB-MATPOWER
(Zimmerman et al,, 2010; Zimmerman and Murillo-Sanchez, 2024) script that was used
for identification of the most critical branch(es); and hence studying the effect of the critical
contingency conditions on the EPG with and without a selective load shedding scheme. The
information obtained in subsection 2.3 of this paper was used to obtain Fig. 2. The inputs for
the model are bus and branch data, and PSO parameter, whereas the outputs obtainable from
the model are a ranked list of transmission lines based on their severities and a convergence
plot showing the evolution of the best fitness in the global inputs.
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Figure 1. [EEE-14 bus system (University of Washington, 1999)
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Figure 2. The flowchart for the implementation of the MATLAB-MATPOWER script for
identifying critical branches of the EPG
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3.3 Model for the Targeted Load Shedding of the EPG

The model for the implementation of the development of the MATLAB-MATPOWER script
for PSO-based selective and targeted load shedding is presented in Fig. 3. The information
obtained in subsection 2.4 of this paper was used to obtain Fig. 3. The goal of the model is to
minimize the load shedding while respecting constraints (total shedding < 15%). This model
guides the PSO algorithm to find the optimal load flow solution while applying random load
shedding to maintain system stability.

The inputs for this model are bus and branch data and PSO parameters. The outputs
obtainable from this model are convergence curve, load demand before load shedding, load
demand during and after targeted load shedding, and load demand shed.

uuuuu

aaaaaaaa Update bus

® -
Start )
DATA PREPARATION demands
(=) B
Load IEEE 14-

bus system
data

Remove
specified
outage lines

Initialize PSO
parameters

Randomly
initialize
particle
positions

Display
results
(active and

—{(ai
Plot
convergence
and power
profiles

Update global
best among all
personal bests

Figure 3. The flowchart diagram for the implementation of the MATLAB-MATPOWER
program for selective and targeted PSO-based load shedding

3.4 Model for Studying the Pre-contingency, Contingency, and Post Conditions of the
Testbed.

Fig. 4 presents a flowchart for the implementation of the MATLAB-MATPOWER script for
the PSO-based load flow using NR method. The information obtained in subsection 2.5 of this
paper was used to create Fig. 4. The figure was used to develop the script used for studying the
pre-contingency, contingency, and post conditions of the testbed. The figure is used the way
it is for studying pre-contingency situation of the EPG under consideration.



S. Adetona et al. Journal of Engineering, 2025, 31(9)

To use Fig.4 for examining contingency conditions of the testbed, the critical branches
identify by the script developed from the model presented in Fig. 2 would be outage before
running the script developed through Fig. 4. To use Fig.4 to study the post-contingency
conditions of the testbed, apart from removing the critical branches from the grid, the results
obtained from the script developed through Fig. 3 must be implemented on Fig. 4; that is,
all the loads identified by the script developed using Fig. 3 would all be shed before
subjecting script obtained through Fig. 4 to the load flow analysis in the MATLAB-
MATPOWER environment. In this study, we did not study the base case, outage without and
with targeted load shedding separately; we integrated the three different scenarios and
thereafter subjected the combined script to the load flow analysis in the MATLAB-
MATPOWER environment. Fig. 5 presents a flowchart diagram used to integrate the
abovementioned scenarios.
|
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Figure 4. The flowchart for the implementation of the MATLAB-MATPOWER script for a
PSO-based load flow using NR method
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Figure 5. The flowchart for the implementation of the MATLAB-MATPOWER script for
three different scenarios investigated in this study

4. RESULTS AND DISCUSSION

The results obtained when studying the CSI of the branches of the testbed, the loads to be
shed in all the PQ buses of the testbed, and behavior of the testbed under different scenarios
in the MATLAB-MATPOWER environment are presented and discussed in this area of the

paper.

4.1 Simulation Results and Discussion

This section of the paper presents the results obtained during various simulations in the

MATLAB -MATPOWER environment.

4.1.1 Simulation Results for Studying CSI

With a view to determining the severe eventualities on the testbed, the PSO-based algorithm
CSI method was used in this study. The simulation results obtained in the MATLAB-
MATPOWER environ are presented in Figs. 5 (a) and (b).
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Figure 5. Severity of the lines of the EPG
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It is evident from Fig. 5(a) that the algorithm developed for the CSI converges rapidly,
achieving a fitness value of approximately 0.5 within 25 iterations. The critical contingencies
on the testbed indicated in Fig. 5 (b) occur at lines 1 and 14. Line 1 links buses 1 to 2;
whereas line 14 links buses 7 to 8. The first result conforms with (Malakar and Maharana,
2014), whereas the second result agrees with the result obtained in (Javadi and Amraee,
2018). The comparisons are possible because the two studies mentioned also used the same
testbed used in this study.

4.1.2 Simulation Results for Studying the Loads to be Shed in all the PQ Buses of the Grid

The results obtained when PSO-based algorithm was employed to shed loads selectively
across PQ buses to prevent voltage collapse on some buses and mitigate congestion on a few
lines in the EPG are presented in Fig. 6 (a) through Fig. 6 (c).
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Figure 6. The load shedding across buses of the test bed

It is evident from Fig. 6(a) that the algorithm developed for the selective load shedding
exercises converges rapidly, achieving a fitness value of approximately 249.532 within 5
iterations. Fig. 6(b) reveals that active load demands are shed on 11 buses; and it can be
deduced from the figure that the total of active load demand shed was 38.8502MW. This
shows that 15% of the total active load demand is shed. Also, Fig. 6(c) shows that reactive
load demands are shed on 11 buses; and it can be deduced from the figure that the total
reactive load demand shed was 11.0250 Mvar; which shows that 15% of the total reactive
load demand is shed.

4.1.3 Simulation Results for Studying the Behaviour of EPG under Different Scenarios

To study the response of the EPG under consideration under varying operating conditions,
Fig. 7 presents the simulation results across convergence curves, voltage magnitudes,
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voltage angles, and branch flows. These plots reveal the behaviour of the testbed during the
base case, the outage without and with selective and targeted load shedding scenarios.
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Figure 7. The simulation results for studying the behaviour of EPG under different
scenarios

Fig.7 (a) presents convergence curves that show how quickly the load flow algorithm
reaches a solution in each scenario. In the base case, the convergence is rapid and smooth,
typically within a few iterations, indicating a well-conditioned and stable system. The
algorithm takes significantly more iterations to converge in the case of the outage scenario,
showing sluggish convergence behavior. This is a sign of a stressed or near-unstable system,
likely due to the large voltage drop at Bus 1 and the overloading on Line 2. During the outage
with the targeted load shedding, the convergence action improves drastically. The system
converges faster than in the outage without load shedding case, suggesting that load
shedding successfully restored system solvability and pushed the power flow solution back
into a more stable region.

Voltage Magnitudes that are presented in Fig.7 (b) reveal the steady-state voltage
magnitudes at all buses for each scenario. In the base case, magnitudes of voltage at all buses
are within IEEE standard limits (0.95pu to1.05pu). Bus 1 suffers a severe voltage drop to
0.7214pu in the case of an outage without the targeted load shedding scheme, which is a
major violation of voltage stability standards, signaling potential risk of voltage collapse or
protection system intervention. Notably, while these disruptions were severe, voltage
magnitudes at other buses remained within acceptable limits, indicating that the instability
was localized but critical. During the outage and load shedding regime, voltage at Bus 1
improves to 0.9682pu, pulling it back within the acceptable range, while all other bus
voltages remain within standard limits in all scenarios. This highlights that targeted load
shedding has an effective corrective influence on voltage stability, especially in localized
stressed areas.
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Fig. 7(c) presents voltage angles that indicate the phase difference across the testbed and
reflect the power transfer capability and stress levels of the EPG. In the Base Case, voltage
angles are smoothly distributed across the buses, showing a balanced power flow. During
the outage scenario, a sharp angular disparity is observed, especially near the affected area
(Bus 1), indicating steep phase gradients due to the line outage and increased reactive losses.
This is consistent with high power transfers and stressed network conditions. The voltage
angle profile becomes more even and gradual, with reduced extremes during the outage and
load shedding scenario. This smoothing suggests that load shedding reduces the stress on
the system and rebalanced power flow, especially on overloaded paths.

Branch flows are presented in Fig.7(d), and they show active and reactive power flow in
transmission lines. In the base case, branch flows are moderate, with Line 2 carrying
0.6271pu. During the outage scenario, due to the outage of Lines 1 and 14, Line 2’s flow
jumps to 2.0524pu, a more than 3-fold increase, pushing it well beyond safe loading limits,
indicating a potential overload or line tripping risk. In the case of outage with targeted load
shedding scenario, the flow on Line 2 drops significantly to 0.5683pu, lower than the base
case, suggesting that targeted-load shedding effectively relieves line congestion, and
redistributed power more safely across the network. This illustrates how strategic load
shedding can be an effective emergency control strategy to mitigate the impacts of
contingencies and re-balance the system. There were no load flows on Lines 1 and 14 during
the outage without and with targeted load shedding regime.

From all these observations, load shedding across all PQ buses with the cap is a highly
effective corrective action that restores system stability, reduces voltage violations, relieves
line overloads, and improves convergence behavior after an outage.

4.2 Validation of the Study

This section of the paper compares the results obtained in this study with the relevant
studies in technical literature to validate our results.

Table 1. Comparison of Different Studies

Study Optimization | Load Contingency | Visualization | Practical

Technique Shedding Assessment | Tools Applicability
Constraints

(Tamilselvan, | HPSO-ABC X X Limited Moderate

2020)

(Zhou et al., NN X X X VA

2022)

(Kiran etal.,, | HPSO-GA X vV (SD) N NI

2016)

This Study | PSO VW VY (CsD) VW YA

Table 1 shows that this study distinguishes itself by integrating a CSI for detailed branch-
level analysis and enforcing practical load shedding constraints. These features collectively
enhance the practical applicability and robustness of our load shedding strategy compared
to the referenced studies.
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5. CONCLUSIONS

This study showcases the resilience of the electric power grid under branch outages and
targeted load shedding, emphasizing the critical role of optimization techniques in restoring
system stability. By comparing three distinct scenarios, the research provides actionable
insights into mitigating disruptions through demand-side strategies and enhancing
convergence efficiency. Future studies could explore additional contingency measures and
advanced optimization methods to further improve system reliability.

Nomenclature
Symbol Description Symbol Description
PSO Particle Swarm P; & Q; Active and reactive powers injected at bus i
Optimization
EPG Electric Power Grid [V;] & 6; Voltage magnitude and angle at bus i,
CSI Critical Severity Index |Yi j| & 0;; Admittance magnitude and angle in line ij
NR Newton Raphson ] Jacobian matrix
HPSO-ABC Hybrid PSO Artificial | pbest™ & gbest The personal best location of the particle
Bee Colony Algorithm m, and global best location
HPSO-GA Hybrid PSO Genetic | x™(t) & v™(¢t) The current location of a particle; and
Algorithm current rate at which particles move
around the solution space
NN Neural Network w, ¢y and c; Inertia weight, cognitive and social learning
rates of the particles in the swarm
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