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Abstract— Voltage stability remains a significant challenge in renewable-integrated power systems due to the intermittent and variable
nature of solar and wind energy. This study presents a multi-objective optimization framework to enhance voltage stability by strategically
placing Unified Power Flow Controllers (UPFCs). The approach prioritizes improving voltage profiles, increasing loadability margins,
and minimizing power losses to ensure reliable system performance in hybrid renewable environments. The Analytic Hierarchy Process
(AHP) systematically evaluates and ranks potential UPFC placements based on multiple decision criteria, effectively addressing integration
challenges and system constraints. The methodology is validated using a modified Indian utility 62-bus system with high renewable energy
penetration under diverse operating conditions. Results indicate a 17.24% improvement in voltage stability margin, a 17.72% reduction in
active power loss, and a 6.53% decrease in reactive power loss compared to conventional placement methods. These findings confirm the
effectiveness of the proposed approach in enhancing voltage stability, reducing losses, and improving overall system reliability. This work
provides a robust decision-making tool for utilities and stakeholders aiming to optimize voltage stability in modern, renewable-rich power
grids.
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VIKOR VIekriterijumsko KOmpromisno Rangiranje
VSM Voltage Stability Margin
WF Wind Farm
Symbols
λ Load parameter
λmax Maximum / critical load parameter
ω1, ω2, ω3 Weighting factors for the objective functions
θi, θj Sending-end and receiving-end phase angles
Bii, Bjj , Bij Self and mutual susceptance of the line
f1, f2, f3 Single objective functions
Gii, Gjj , Gij Self and mutual conductance of the line
Pi, Pj Sending-end and receiving-end real power
PcR, QcR Series converter active and reactive powers
PvR, QvR Shunt converter active and reactive powers
Qi, Qj Sending-end and receiving-end reactive power
Vi, Vj Voltage at sending-end and receiving-end buses
VcR, δcR Controllable magnitude and phase angle of series

converter
VvR, δvR Controllable magnitude and phase angle of shunt

converter

1. INTRODUCTION

Globally, approximately 660 million people are expected to
lack access to electricity, highlighting a persistent challenge
in achieving universal energy access. The United Nations has
established seventeen Sustainable Development Goals (SDGs) to
address such critical issues. This goal underscores the importance
of expanding clean energy solutions to bridge the energy access
gap while promoting environmental sustainability and social

1

https://orcid.org/0000-0002-6881-4321
https://orcid.org/0000-0001-7970-3814
https://doi.org/10.22098/joape.2025.16598.2280
https://creativecommons.org/licenses/by-nc/4.0/


K. Anthony et al.: Enhancing Voltage Stability in Renewable-Integrated Indian Utility System: A Multi-Objective FACTS Placement Approach Using ... 2

equity. Achieving SDG is pivotal to enabling global progress in
health, education, and economic development [1]. The increasing
integration of RES, such as solar and wind power, into electrical
networks, has significantly altered the dynamics of the power grid
[2].

Although renewable energy offers considerable ecological
benefits and reduces dependence on fossil fuels, it also introduces
grid stability and voltage management challenges. The impact
of wind energy on the VSM power system is examined in [3].
A solar-powered integrated power system for VSM estimation
is suggested by [4]. As RES are integrated into the grid and
traditional generation patterns transform, the dynamics of power
systems are undergoing significant changes, posing new challenges
to voltage stability [5].

In the contemporary landscape of power systems, ensuring
voltage stability is paramount for reliable and efficient operation.
Maintaining voltage stability has become challenging with the
growing complexity of power grids and the increasing electricity
demand [6]. The grid operators optimize the grid’s performance
to enhance efficiency and economic advantages. This affords
operators a minimal cushion for load variations at load buses.
The system may malfunction for a duration ranging from several
seconds to numerous minutes [7].

The development of FACTS devices for reliable power system
performance has been made possible by advances in power
electronics technology [8]. In the previous 20 years, several
power-electronic controllers have been developed. Voltage control
is a significant application for FACTS controllers, and they are
also incorporated into the electrical grid to minimize losses,
control load flow, harmonic mitigation, and improve transient
stability [9]. Compared to other FACTS controllers, the UPFC
is preferred for voltage stability enhancement due to its unique
and versatile capabilities, which offer comprehensive control over
multiple power system parameters, fast dynamic response, and the
ability to provide active and reactive power support [10]. This
makes it far superior to other FACTS controllers when voltage
stability is critical in a power system.

Recently, multi-objective methods have gained popularity for
the best distribution of FACTS controllers [11]. Generally, learning
and intelligent optimization algorithms determine the FACTS
devices’ optimal placement and capacity. Heuristic methods that
provide the closest response are usually utilized instead of the
mathematical model that delivers the most exact result [12].
However, selecting the most suitable locations involves various
factors and criteria, making it a complex problem [13]. Different
optimization techniques have been explored, including particle
swarm optimization [14], genetic algorithms [15], and differential
evolution [16]. While these methods offer valuable insights, they
often require significant computational resources and do not always
account for the multi-objective nature of the problem. Optimization
methods become complex, and convergence takes longer to solve
multi-objective problems. Hence, MCDM approaches have gained
popularity in solving multi-objective problems more quickly.

In MCDM techniques, weights are numerical values assigned to
each criterion to reflect its relative importance in decision-making.
They help decision-makers prioritize specific criteria over others,
depending on their objectives or preferences. The weights assigned
to the criterion were deemed equivalent in a few of these articles
[17, 18]. The decision maker’s weighted criteria were applied
in a few more articles [19, 20]. In certain papers, weights
were applied equally, at decision-maker-determined values, and
in various combinations based on various scenarios [21, 22]. In
each experiment, the decision-makers assigned weights to the
criteria based on the priority levels. Still, they had no control
over the consistency of the authors [23] on scientific principles.
Consequently, the reliability of the results displays a significant
defect. The principal objective of this research is to close this gap
in the literature.

The AHP emerges as a robust and widely adopted MCDM

technique for decision-making in complex systems [24]. AHP
provides a structured framework for systematically analyzing
decision problems with multiple criteria and alternatives, facilitating
informed and rational decision-making [25]. AHP provides
a systematic way of handling multiple conflicting objectives,
allowing for a balanced trade-off between performance metrics
such as voltage stability, power loss reduction, and reactive power
management.

The optimal placement of UPFC is a complex multi-objective
problem influenced by network topology, load variations, and
economic constraints. Various optimization techniques, including
heuristic methods like PSO and GA, have been explored to
determine the best UPFC placement. However, these methods often
suffer from convergence issues and computational inefficiencies,
particularly in large-scale networks. Additionally, existing research
lacks a standardized approach to weighting criteria in MCDM
techniques, leading to inconsistencies in placement strategies.
Moreover, many studies assume deterministic load conditions,
failing to account for the uncertainties in RES generation. Recent
advancements in artificial intelligence, such as reinforcement
learning and deep learning, offer promising solutions for real-
time optimization. This study aims to bridge these gaps by
developing a robust multi-objective optimization framework that
enhances voltage stability while considering real-world constraints
and renewable energy uncertainties. In light of those mentioned
above, the best location for UPFC as a limited multi-objective
optimization issue is discussed in this article. The MCDM-AHP
technique achieves this goal by reducing the multi-objective
optimization problem to a single objective function. In this paper,
the three objectives, namely the maximizing loading margin range,
minimizing the bus voltage deviation, and minimizing power losses,
are considered simultaneously to identify the optimal location of
UPFC.

The overarching goals of this research are:
• To design and implement efficient strategies to optimize

power system operations, addressing the specific challenges
of integrating renewable and sustainable energy sources at
system and component levels.

• To optimize power flow while concurrently improving
voltage stability, minimizing power losses, reducing voltage
deviations, and enhancing the reliability of power supply in
systems with significant renewable energy penetration.

• To analyze and model real-world renewable-integrated power
systems, providing practical and scalable solutions to enhance
operational efficiency and long-term reliability.

This study presents a novel approach for voltage stability
enhancement in renewable-integrated power systems by strategically
placing UPFCs using the AHP. Unlike previous studies focusing
on IEEE test systems, this research is conducted on a practical
Indian 62-bus utility system, making the findings more applicable
to real-world scenarios. The proposed method evaluates the impact
of varying solar, wind, and hybrid renewable energy penetration
levels on voltage stability and identifies critical penetration limits.
Unlike conventional heuristic-based methods, AHP provides a
structured decision-making framework based on voltage deviation,
real power loss, and load margin to determine optimal UPFC
placement.

The approach’s effectiveness is validated by comparing AHP
with other MCDM techniques, including TOPSIS, MOORA,
ARAS, VIKOR, and Mod-TOPSIS. Furthermore, the voltage
stability margin is assessed using the CPF method, offering
a dynamic evaluation under different loading conditions. These
contributions make the study distinct and relevant to modern power
systems with high renewable energy integration.

This study presents a multi-objective optimization framework to
enhance voltage stability in renewable-integrated power systems
by strategically placing UPFCs. The key contributions are:

• Introduced a structured decision-making process using the
AHP to optimize UPFC placement, ensuring a balance
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between voltage stability, loadability margins, and power loss
minimization.

• Conducted the study on a modified Indian utility 62-bus
system with high renewable energy penetration, making the
results more applicable to real-world power grids compared
to IEEE test systems.

• Accounted for the intermittency of solar and wind power,
addressing key challenges in hybrid renewable energy systems
and ensuring grid stability under diverse operating scenarios.

• Validated the effectiveness of AHP by comparing it with
other MCDM techniques, including TOPSIS, MOORA,
ARAS, VIKOR, and Mod-TOPSIS, ensuring a robust
decision-making approach.

Integrating MCDM techniques provides a robust decision-
support tool for utilities and grid operators to optimize voltage
stability in modern renewable-rich power systems.

2. VOLTAGE STABILITY ANALYSIS OF SOLAR AND
WIND INTEGRATED POWER SYSTEMS

RESs, including wind and solar, are intrinsically fluctuant and
intermittent, generating electricity contingent upon environmental
factors, including solar radiation and wind velocity, which fluctuate
quickly [26]. This inconsistency can cause swings in power
production that, if not managed appropriately, may threaten the
system’s voltage stability. Precisely assessing the loading margin
while integrating RES into the electrical system is crucial for
maintaining grid stability and reliability. The positioning among
these RES is essential for improving the loading margin.

VSM is crucial for power system dependability and serves as
the reserve of voltage capacity exceeding the minimum allowable
thresholds. It denotes a system’s capacity to endure variations
in generation and demand while preserving a stable voltage
profile. The power system’s loading margin is shown in Fig. 1.
as the interval between the baseline loading point λo and the
maximum permissible loading point λmax. The load margin keeps
on varying, as shown in Fig. 1, due to the intermittency nature of
RES variations.
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Fig. 1. Load Margin Variations in Renewable Integrated System 
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In this work, solar photovoltaic power generation is thus represented by continuous P and 

constant V control models. Fig. 2. displays the block diagram for the converter model and the 

Constant P and V control methods. 

Fig. 1. Load margin variations in renewable integrated system.

The point at which the voltage begins to collapse is called the
"nose point" of the P-V curve. Ensuring a power grid’s reliable
and secure operation relies heavily on the relationship between the
loading margin and the power system stability level. The difference
between the system’s stability limit and the existing operational
load is known as the loading margin. Increased stability results
from a larger buffer against disruptions, which is indicated by
a higher loading margin. In contrast, a smaller loading margin
indicates that the system is operating near its stability limit, which
increases its vulnerability to disturbances and instability. To study
the impact of RES on voltage stability, solar and wind modeling
is essential, which are briefed below,

2.1. Solar PV model
Several parts make up a solar photovoltaic system. These

include a control system, a DC/AC converter, a photovoltaic array,
and a maximum power point tracking system [27]. Two models in
PSAT can be used to show solar photovoltaic devices.

• Constant P and Constant V control
• Constant P and Constant Q control
The constant P and constant V control modes are most useful

for power system stability research, according to work by [27]
that compares these two models in power system stability. In this
work, solar photovoltaic power generation is thus represented by
continuous P and constant V control models. Fig. 2. displays the
block diagram for the converter model and the Constant P and V
control methods.
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Fig. 2. A control strategy for a constant PV solar photovoltaic generator converter model. 
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wind model data matrix. 
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Where, 𝑃𝑚 denotes the mechanical output power, which is contingent upon air density (𝜌), 

wind velocity (v), and blade characteristics 𝐶𝑝 possesses the non-linear connection between 

(𝜆, 𝛽) 

Fig. 2. A control strategy for a constant PV solar photovoltaic generator
converter model.

The following equations define the model:

0 = vref0 − vref

ẋv = Ki(v
ref − v)

0 = xv +Kp(v
ref − v)− qref

(1)

Equations for the model’s definition in Eq. (1) and the shown
in Fig. 2 pref is set point active power vref0 is the reference
voltage, Td&Tq is inverter time constants of d-axis and q-axis,
Kp represents the voltage controller’s proportional gain and Ki

represents the voltage controller integral gain.

2.2. Wind turbine model
The wind is represented by the Weibull distribution utilized

in PSAT [28]; this model is frequently employed in several
wind modeling applications and has been applied in several prior
research studies. The Weibull distribution is articulated as follows:

f(vw, c, k) =
k

ck
v(k−1)
w e(−vw

c
)k (2)

In this context, vw represents the wind speed, while c and k are
constants specified in the wind model data matrix.

The output power of a wind turbine is articulated as:

Pm = Cp(λ, β)
1

2
· ρ ·A · v3 (3)

Where, Pm denotes the mechanical output power, which is
contingent upon air density (ρ), wind velocity (v), and blade
characteristics Cp possesses the non-linear connection between
(λ, β).

The predominant wind turbine models are the Squirrel Cage
Induction Generator (SCIG) and the Doubly Fed Induction
Generator (DFIG). Prior investigations have assessed the
appropriateness of several models in power system stability.
DFIG wind turbines provide superior performance in terms of
power system stability. This study employed the DFIG wind
turbine to generate wind electricity. The parameters for the DFIG
model are sourced from Ref. [27].
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In DFIG, the stator and rotor flux dynamics are far more
rapid than the grids. Furthermore, the machine’s converter control
decouples the DFIG from the grid. Consequently, it can be
articulated,

vds =

−rsids + (xs + xµ) iqs + xµiqr

vqs =

−rsiqs − ((xs + xµ) ids + xµidr)

vdr =

−rridr + (1− ωm) ((xs + xµ) iqr + xµiqs)
vqr =

−rridr − (1− ωm) ((xs + xµ) iqr + xµids)

(4)

Here vds, vqs&ids, iqs are stator voltages and currents on the d
and q axes. vdr , vqr&idr , iqr are rotor voltages and currents on
the d and q axes. rs, rr are resistances of the stator and rotor,
xs, xr are self-reactance of the stator and rotor. xµ represents the
mutual reactance, then ω is the speed of the rotor.

Assuming no losses, the rotor’s active power (P) can be regarded
as the active power observed by the converter. Concerning reactive
power (Q), the provided power to the grid can be determined by
abandoning stator resistance and presuming that the d-axis aligns
with the peak stator flux. Hence, the powers provided to the grid
result in,

P = vdsids + vqsiqs+

vdridr + vqriqr

Q = −xµvidr
xs+xµ

− v2

xµ

(5)

Rotor current limitations are determined as follows: v set to 1
per unit.

imaxqr ≈ −xs+xµ
xµ

Pmin

imaxqr ≈ −xs+xµ
xµ

Pmin

imaxqr ≈ −xs+xµ
xµ

Qmin − xs+xµ
x2µ

imaxdr ≈ −xs+xµ
xµ

Qmin − xs+xµ
x2µ

(6)

3. VOLTAGE STABILITY ENHANCEMENT USING THE
UPFC MODEL

The voltage stability margin is generally enhanced by employing
FACT devices. The UPFC was chosen because it provides good
performance, which has been proven in the literature [29]. It
can individually regulate three power system parameters: reactive
power, line active power, and bus voltage. All three factors
are controlled by the UPFC either concurrently or in any
combination, provided no operating limitations are exceeded. To
prevent thermal limitations from being exceeded and to boost the
stability margin, UPFC control can alter line flow [30]. Fig. 3
depicts a straightforward schematic illustration of the UPFC and
its corresponding equivalent circuit [31].

Three voltage sources comprise Fig. 3-(b), which depicts the
UPFC equivalent circuit. Three voltage sources: one connected in
series, the other in shunt, and the two are coupled using an active
power constraint equation. The AC system is coupled to the two
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Fig. 3. a. The UPFC schematic diagram. 

 

Fig. 3.b. The UPFC equivalent circuit. 

Fig. 3. UPFC configuration: (a) schematic diagram and (b) equivalent
circuit.

voltage sources by inductive reactance, which supports the VSC
transformers. The UPFC voltage sources are,

EvR = VvR (cos δvR + j sin δvR) (7)

EcR = VcR (cos δcR + j sin δcR) (8)

Where: VvR and δvR are the voltage source’s configurable
phase angle and magnitude that correspond to the shunt converter,
respectively:

VvRmin ≤ VvR ≤ VvRmax (9)

0 ≤ δvR ≤ 2π (10)

Where: VcR and δcR are the voltage source’s configurable phase
angle and magnitude that serve as a representation of the series
converter., respectively:

VcRmin ≤ VcR ≤ VcRmax (11)

0 ≤ δcR ≤ 2π (12)

The following are the equations for the reactive and active
power at buses i and j:

Pi =

V 2
i Gii + ViVj

[
Gij cos(θi − θj) +Bij sin(θi − θj)

]
+ ViVcR

[
Gij cos(θi − δcR) +Bij sin(θi − δcR)

]
+ ViVvR

[
GvR cos(θi − δvR) +BvR sin(θi − δvR)

]
(13)
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Qi =

− V 2
i Gii + ViVj

[
Gij cos(θi − θj)−Bij sin(θi − θj)

]
+ ViVcR

[
Gij cos(θi − δcR)−Bij sin(θi − δcR)

]
+ ViVvR

[
GvR cos(θi − δvR)−BvR sin(θi − δvR)

]
(14)

Pj =

V 2
j Gjj + VjVi

[
Gji cos(θj − θi) +Bji sin(θj − θi)

]
+ VjVcR

[
Gjj cos(θj − δcR) +Bjj sin(θj − δcR)

]
(15)

Qj =

− V 2
j Bjj + VjVi

[
Gji cos(θj − θi)−Bji sin(θj − θi)

]
+ VjVcR

[
Gjj cos(θj − δcR)−Bjj sin(θj − δcR)

]
(16)

The series converter’s reactive and active powers are as follows:

PcR = V 2
cRGjj+

VcRVi[Gji cos(δcR − θi) +Bji sin(δcR − θi)]+

VjVcR[Gjj cos(δcR − θj) +Bjj sin(δcR − θj)]

(17)

QcR = − V 2
cRBjj+

VcRVi[Gji cos(δcR − θi)−Bji sin(δcR − θi)]+

VjVcR[Gjj cos(δcR − θj)−Bjj sin(δcR − θj)]

(18)

The shunt converter’s reactive and active powers are as follows:

PvR = − V 2
vRGvR+

VvRVi[GvR cos(δvR − θi) +Bvi sin(δvR − θi)]
(19)

QvR = V 2
vRBvR+

VvRVi[GvR sin(δvR − θi)−Bvi cos(δvR − θi)]
(20)

4. AHP APPROACH FOR FINDING THE OPTIMAL
LOCATION OF UPFC

AHP helps in selecting the best location based on multiple
criteria that impact the performance of the power system. The
primary goal is to identify the optimal bus or line in the power grid
to place the UPFC for maximum system stability and efficiency.
Decision-making involves multiple criteria: loadability margin, bus
voltage deviation, and active power losses. The concept of the
AHP approach and the optimal location of UPFC using AHP are
presented in this section.

4.1. Analytic hierarchy process
AHP is one of the MCDM techniques proposed by T.L. Saaty

in the 1970s to compare options for criteria weights pairwise. This
method evaluates several facts concurrently and methodically to
identify each piece’s relative value and meaning in the hierarchy.
The numerical numbers found in the computations represent the
weights or priority [32]. The initial stage in this technique is
to build a hierarchical model. Pair-wise comparison matrices are
created in the second phase to illustrate the relative significance of
each variable [33].

The decision maker should assess each alternative in a decision
analysis based on the pre-established criteria. The N options
and NO criteria indicate the number of distinct load buses and
the study’s objectives, respectively. The global aim (first level),
personal goals at the second level, and alternatives at the third level
are the minimum levels at which a hierarchy is constructed in the
AHP method [34]. Fig. 4 hierarchically presents the AHP solution
structure. Specifying the objective and pair-comparison matrices
following the first level’s determination of the global objective is
necessary.
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Fig. 4. Structure of the AHP method.

To illustrate each variable’s relative importance for every
level in a hierarchical structure, matrices are constructed with
expert guidance. Values range from 1 to 9, with intervals of
2 expressing the following: extremely important, very important,
strongly significant, somewhat important, and equally important.
The nearby medians are 2, 4, 6, and 8 when five levels are
inadequate [35]. After that, a pairwise comparison matrix is created
by contrasting options under Table 1 [36].

Table 1. The Satay’s Scale for relative judgments for the AHP method.

Scaling of importance Interpretation Clarification

1 Equal Important Two options are equally
beneficial to the objective.

3 Moderate Important One objective is favored
over another based on
judgment and experience.

5 Strong Important Experience and judgment
greatly favor one objective
over another.

7 Very Strong Important One objective is much
favored over the other,
manifested in practice.

9 Extreme Important The data that favors
one conduct over another
has the highest level of
affirmation.

2, 4, 6, 8 In-between level Intermediate level of im-
portance.

Following the computation of pairwise comparisons, the
constancy of the decisions is verified. The decision matrix can
be approved if this number falls below a predetermined precision
value. In other circumstances, the decision matrix is not consistent.
Decisions must be modified and altered in these situations to
produce a consistent matrix [37].



K. Anthony et al.: Enhancing Voltage Stability in Renewable-Integrated Indian Utility System: A Multi-Objective FACTS Placement Approach Using ... 6

Nevertheless, absolute compatibility utilizing the amplitude-
limited, discrete Saaty’s scales cannot be verified by comparing
the alternatives. To do this, values under the CR determined by
matrix size may be processed using the AHP method. The CR
value can be found as follows:

CR(j) =
CI(j)

RI
(21)

The greatest eigenvalue λmax is used to calculate the consistency
index CI(j) in the following way:

CI(j) =
λmax − 1

N − 1
(22)

Table 2 displays the reference consistency index (RI), whose
value is derived from the number of characteristics (N). When
CI(j) is less than 0.1, the matrix D(j) is considered consistent.
The index CI(j) is compared with RI.

4.2. Analytic hierarchy process for the optimal location of
UPFC
A multi-objective optimization issue typically calls for

simultaneously optimizing several objectives connected to
inequality and equality constraints. The most significant load
change that the power system in a bus or group of buses can
sustain at the reference operating point is known as the VSM or
load margin maximization, and it is achieved by using the widely
used voltage collapse proximity index to improve voltage stability.
Finding the smallest value of the sum of the objective functions
is the aim of the task. Consequently, the inverse of maximum
loadability can be used to represent the maximization of VSM:

f1 =
1

λcritical
(23)

To enhance the voltage profile of the system and avoid voltage
collapse, the FACTS controllers ought to be installed at the best
locations. Consequently, it has been determined that the second
goal is to minimize the bus voltage deviation. The objective
function can be written as follows:

f2 =

N∑
m=1

∣∣∣V ref
m − Vm

∣∣∣ (24)

The voltage at bus m is denoted by Vm, the number of buses is
N , and the nominal voltage is represented by Vmref . This study
considers a bus voltage range of 0.90–1.10 p.u. appropriate.

Reducing active power losses (Ploss) is also important from a
budgetary standpoint. The following is a representation of Ploss:

f3 = Ploss =

N∑
m=1

gm
[
V 2
i + V 2

j − 2ViVj cos(δi − δj)
]

(25)

In this case, gm represents the transmission line conductance,
Vi denotes bus i voltage, Vj denotes bus j voltage, δi denotes bus
i voltage angle, and δj denotes bus j voltage angle.

The hierarchal model is created by placing the goal, i.e., UPFC
placement, at the top, and the criteria loadability margin, bus
voltage deviation, and active power losses are in the second level,
followed by the alternatives (potential UPFC locations) in the last
level. Fig. 5 displays the flow diagram of an AHP implementation
for the optimal location of UPFC.

The process starts with an objective definition and assessment
criteria definition followed by the hierarchical model construction.

AHP converts subjective preferences like the importance of
voltage stability into numerical values, making the decision process
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The voltage at bus m is denoted by Vm, the number of buses is N, and the nominal 

voltage is represented by Vmref. This study considers a bus voltage range of 0.90–1.10 p.u. 

appropriate. 

Reducing active power losses (Ploss) is also important from a budgetary standpoint. The 

following is a representation of Ploss: 

𝑓3 = 𝑃𝑙𝑜𝑠𝑠 = ∑ 𝑔𝑚[𝑉𝑖
2 + 𝑉𝑗

2 − 2𝑉𝑖𝑉𝑗cos (𝛿𝑖 − 𝛿𝑗)]

𝑁

𝑚=1

                           (25) 

In this case, gm represents the transmission line conductance, Vi denotes bus i voltage, 

Vj denotes bus j voltage, δi denotes bus i voltage angle, and δj denotes bus j voltage angle. 

The hierarchal model is created by placing the goal, i.e., UPFC placement, at the top, 

and the criteria loadability margin, bus voltage deviation, and active power losses are in the 

second level, followed by the alternatives (potential UPFC locations) in the last level. Fig. 5. 

displays the flow diagram of an AHP implementation for the optimal location of UPFC.  

 
Fig. 5. AHP implementation flowchart for UPFC location 

Fig. 5. AHP implementation flowchart for UPFC location.
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5. Simulation Results and Discussions 

The AHP method is implemented in a desktop system (DESKTOP-UIG4SB2) with an 

Intel (R) Core (TM) i5-8400 CPU operating at 2.80 GHz, 8.00 GB of RAM, and a 64-bit 

operating system is used to implement the proposed method to monitor VSM. A CPF program 

is simulated using PSAT [38] in the MATLAB 24 environment to find the maximum loading 

limit. The proposed approach is implemented on the Indian Utility 62 bus system covering 

various Tamil Nadu, India areas. This system has 19 generators, 11 transformers, and 89 

transmission lines.  The total system load demand is 2908 MW.  The efficacy of the AHP 

method for the optimal location of UPFC is analyzed under various load conditions and 

different contingency scenarios. The wind farms (WF) locations are sourced from [39], and 

their validity is supported by a sensitivity-based analytical method. Additionally, the locations 

of solar photovoltaic (PV) plants are identified in [40].  Fig. 6 shows a renewable integrated 

62-bus system layout for the Tamil Nadu state, India.  

 

Fig. 6. Single line diagram of Modified 62 bus Indian system. 
Fig. 6. Single line diagram of Modified 62 bus Indian system.
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Bus27 0.01679 0.01684 0.01691 0.01682 

Bus28 0.01687 0.01715 0.01678 0.01692 

Bus29 0.01687 0.01719 0.01678 0.01693 

Bus31 0.01687 0.01716 0.01677 0.01692 

Bus33 0.01687 0.01718 0.01677 0.01693 

Bus34 0.01687 0.01721 0.01677 0.01693 

Bus35 0.01676 0.01726 0.01703 0.01687 

Bus36 0.01667 0.01725 0.01679 0.01678 

Bus38 0.01686 0.01713 0.01683 0.01692 

Bus39 0.01668 0.01709 0.01706 0.01679 

Bus40 0.01661 0.01566 0.01783 0.01656 

Bus41 0.01688 0.01590 0.01787 0.01681 

Bus42 0.01702 0.01578 0.01751 0.01688 

Bus43 0.01687 0.01701 0.01652 0.01688 

Bus44 0.01665 0.01588 0.01656 0.01654 

Bus45 0.01682 0.01629 0.01691 0.01676 

Bus53 0.01688 0.01641 0.01674 0.01681 

Bus55 0.01686 0.01640 0.01678 0.01680 

Bus62 0.01687 0.01668 0.01673 0.01685 

Table 5 shows that although bus 40 offers the lowest power losses, the loading margin 

is unacceptable. In the same way, bus 43 has the finest voltage deviation and appropriate active 

power loss values but a relatively high loading margin. The compromised solution for the 

location of UPFC is identified as bus 44 leads, which has the highest fitness value. Therefore, 

this location is optimal.  

CPF is carried out considering 200 MVAr UPFC at bus 44, and the PV curve is plotted 

as shown in Fig. 7. The loading factors with and without UPFC are also shown in the fig.7. 

Additionally, it compares the results with UPFC connected at bus 31 based on weak bus 

analysis [41] i.e., the conventional method to illustrate the effectiveness of the proposed 

method. 

 
Fig. 7. PV Curve comparison for the Indian 62 Bus system Fig. 7. PV Curve comparison for the Indian 62 Bus system.

more objective. Eq. (26) can be used to define the objective
function by considering the constraints on equality and inequality.

Minimize F = [f1, f2, f3] (26)
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Table 2. Consistency Ratio of AHP method.

Matrix size 1 2 3 4 5 6 7 8 9 10

Random Index (RI) 0 0 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49

Table 3. Matrix for pairwise comparisons.

Objective function Stability
margin

Voltage
deviation

Real
power loss

Weights
(AHP)

Stability Margin 1 7 9 0.777
Voltage Deviation 1

7
1 3 0.155

Real Power Loss 1
9

1
3

1 0.069

Table 4. Test system descriptions using RES.

Parameter Indian 62-Bus

Quantity of buses 62
Quantity of lines 89

Quantity of load buses 32
Quantity of generators 19

Quantity of tap changers 11
Quantity of shunt capacitors 2

Quantity of regulating variables 32
Base-case real power load 2909 MW

Base-case reactive power load 1207 Mvar
Real power losses at base case 68.066 MW

Location of WFs Bus 30 and 31
WF sizes 500 MW each

Location of SPV Bus 7, 11
Rated capacities of SPV 50 MW each
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In a typical scenario, the system's loading margin is 2.01 after performing CPF. 

Accordingly, voltage collapse happens when the loading reaches 2.01 times the base load of 

the system. The loading margin reaches 2.19, which is nearly 8.96% improved for the UPFC 

linked at bus 31; however, for bus 44, the loading margin rises from 2.01 to 2.36, which is 

almost 17.26% enhanced for the system. From that, it is inferred that the AHP-based location 

of UPFC gives maximum load margin compared to Weak bus-based placement. 

 Fig. 8. demonstrates the comparison of voltage profiles in different scenarios. The AHP 

method-based UPFC placement shows improved results regarding the voltage profile in the 

case without UPFC and conventional method placement.  

  

Fig. 8. Voltage magnitude comparison for the Indian Utility 62 Bus system 

Table 6 compares real and reactive power losses for an Indian utility 62 Bus System 

before and after Placing UPFC. Compared to traditional methods, real and reactive power 

losses are much reduced in AHP-based placement. 

Table 6. Comparative Analyses of Stability margin and Power Losses before and after 

Placing UPFC 

Sl. No Method of placement UPFC Location 
Stability 

Margin 

Ploss 

(MW) 

Qloss 

(MVar) 

1 Without UPFC - 2.0132 68.066 35.007 

2 Conventional Method Bus 31 (Line 31-32) 2.1937 61.134 33.931 

3 Proposed Method Bus 44 (Line 44-46) 2.3607 56.006 32.724 

The suggested approach is likewise contrasted to other MCDM methods, like TOPSIS, 

MOORA, ARAS, VIKOS, and Mod-TOPSIS, to give more insight into the proposed method. 

A comparison of the ranking of buses with different MCDM methods for UPFC locations is 

given in Table 7. 

Fig. 8. Voltage magnitude comparison for the Indian Utility 62 Bus system.
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Table 7. Comparison of the different MCDM rankings of Buses for UPFC location 

RANK AHP MOORA TOPSIS ARAS VIKOR ModTOPSIS 

1 Bus44 Bus45 Bus40 Bus24 Bus26 Bus08 

2 Bus40 Bus44 Bus45 Bus44 Bus44 Bus45 

3 Bus10 Bus24 Bus44 Bus45 Bus45 Bus26 

4 Bus24 Bus36 Bus26 Bus40 Bus24 Bus44 

5 Bus08 Bus26 Bus24 Bus36 Bus08 Bus24 

6 Bus26 Bus40 Bus10 Bus26 Bus36 Bus40 

7 Bus45 Bus10 Bus36 Bus08 Bus10 Bus39 

8 Bus36 Bus08 Bus08 Bus10 Bus39 Bus36 

9 Bus39 Bus55 Bus39 Bus39 Bus40 Bus10 

10 Bus55 Bus39 Bus55 Bus55 Bus55 Bus55 

As evident from Table 7 results, most approaches can produce outcomes with 

comparable overall scores. The results show that bus 44 and bus 45 are typically the best 

locations for UPFC. The bottom ranks are likewise consistent; bus 55 is the worst location by 

almost all measures.  

The AHP method is ranked equal to the BORDA solution [42], making it the most 

preferred approach in MCDM situations. Nevertheless, the rankings produced by alternative 

techniques cannot be disregarded or regarded as wholly incorrect due to the closeness of the 

numerical values discovered. The Borda value corresponding to the buses is shown on the radar 

chart in Fig. 9 for each approach.  

 

Fig. 9. Borda score comparison for the AHP, MOORA, TOPSIS, ARAS, VIKOR, Mod 

TOPSIS methods 

The option with the highest overall score, as determined by the Borda count technique, 

is the best; bus 44 is the most appropriate location. Similarly, bus 8's placement is the worst, 

as is evident. The top-ranking buses from each MCDM method are chosen for UPFC 

placement, and the corresponding load margin after placing UPFC is shown in Fig. 10.  

AHP

MOORA

TOPSIS

ARAS

VIKOR

MOD TOPSIS

Bus 8 Bus 10 Bus 24 Bus 26 Bus 36

Bus 39 Bus 40 Bus 44 Bus 45 Bus 55

Fig. 9. Borda score comparison for the AHP, MOORA, TOPSIS, ARAS,
VIKOR, Mod TOPSIS methods.

The functions f1, f2, and f3 are defined above.

Table 5. Minimum values for the objective function in the Indian 62-bus
system.

Bus No. f1 f2 f3 F

Bus03 0.01687 0.01719 0.01678 0.01693
Bus08 0.01677 0.01575 0.01694 0.01664
Bus09 0.01687 0.01724 0.01678 0.01694
Bus10 0.01662 0.01578 0.01751 0.01657
Bus11 0.01682 0.01710 0.01682 0.01688
Bus13 0.01687 0.01712 0.01676 0.01692
Bus15 0.01686 0.01699 0.01681 0.01689
Bus18 0.01687 0.01722 0.01679 0.01694
Bus19 0.01687 0.01710 0.01678 0.01692
Bus20 0.01681 0.01719 0.01687 0.01689
Bus22 0.01692 0.01689 0.01691 0.01693
Bus24 0.01675 0.01576 0.01696 0.01663
Bus26 0.01653 0.01727 0.01738 0.01672
Bus27 0.01679 0.01684 0.01691 0.01682
Bus28 0.01687 0.01715 0.01678 0.01692
Bus29 0.01687 0.01719 0.01678 0.01693
Bus31 0.01687 0.01716 0.01677 0.01692
Bus33 0.01687 0.01718 0.01677 0.01693
Bus34 0.01687 0.01721 0.01677 0.01693
Bus35 0.01676 0.01726 0.01703 0.01687
Bus36 0.01667 0.01725 0.01679 0.01678
Bus38 0.01686 0.01713 0.01683 0.01692
Bus39 0.01668 0.01709 0.01706 0.01679
Bus40 0.01661 0.01566 0.01783 0.01656
Bus41 0.01688 0.01590 0.01787 0.01681
Bus42 0.01702 0.01578 0.01751 0.01688
Bus43 0.01687 0.01701 0.01652 0.01688
Bus44 0.01665 0.01588 0.01656 0.01654
Bus45 0.01682 0.01629 0.01691 0.01676
Bus53 0.01688 0.01641 0.01674 0.01681
Bus55 0.01686 0.01640 0.01678 0.01680
Bus62 0.01687 0.01668 0.01673 0.01685

F = ω1f1 + ω2f2 + ω3f3 (27)

Subject to:

ω1 + ω2 + ω3 = 1 (28)

0 < ω1, ω2, ω3 < 1 (29)

Where ω1, ω2, and ω3 are the weighting factors for the
load margin, voltage deviation, and active power loss objective
functions, respectively.

The priorities are considered when choosing the multi-objective
optimization weighting factors. Voltage stability has thus been
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Table 6. Comparative analyses of stability margin and power losses before and after Placing UPFC.

Sl. No. Method of Placement UPFC Location Stability Margin Ploss (MW) Qloss (MVar)

1 Without UPFC – 2.0132 68.066 35.007
2 Conventional Method Bus 31 (Line 31–32) 2.1937 61.134 33.931
3 Proposed Method Bus 44 (Line 44–46) 2.3607 56.006 32.724

Table 7. Comparison of the different MCDM rankings of Buses for UPFC location.

Rank AHP MOORA TOPSIS ARAS VIKOR ModTOPSIS

1 Bus44 Bus45 Bus40 Bus24 Bus26 Bus08

2 Bus40 Bus44 Bus45 Bus44 Bus44 Bus45

3 Bus10 Bus24 Bus44 Bus45 Bus45 Bus26

4 Bus24 Bus36 Bus26 Bus40 Bus24 Bus44

5 Bus08 Bus26 Bus24 Bus36 Bus08 Bus24

6 Bus26 Bus40 Bus10 Bus26 Bus36 Bus40

7 Bus45 Bus10 Bus36 Bus08 Bus10 Bus39

8 Bus36 Bus08 Bus08 Bus10 Bus39 Bus36

9 Bus39 Bus55 Bus39 Bus39 Bus40 Bus10

10 Bus55 Bus39 Bus55 Bus55 Bus55 Bus55

Table 8. Optimal location of UPFC for different contingencies.

Contingency number Scenario Stability margin
(Before UPFC
placement)

F Optimal UPFC location Stability margin
(After UPFC
placement)

SL1 (1–10) Line failure across 1 and 10 1.9498 0.01684 Bus45 (Line 41–45) 2.2462
SL2 (51–55) Line failure across 51 and 55 1.9578 0.01746 Bus44 (Line 44–46) 2.3607
SL3 (25–28) Line failure across 25 and 28 1.8911 0.01672 Bus08 (Line 7–8) 2.1279

DL Double line outage (1–10 and 51–55) 1.5997 0.01792 Bus44 (Line 44–46) 2.3607
Gen out Generator outage at Bus25 1.6993 0.01658 Bus40 (Line 27–30) 2.2946

– Base case 2.0132 0.01654 Bus44 (Line 44–46) 2.3607

Table 9. Stability margins with solar and wind energy.

Solar Energy Wind Energy

Scenario Without UPFC With UPFC Scenario Without UPFC With UPFC

Base case 2.0132 2.3607 Base case 2.0132 2.3607
50 MW at Bus07 2.1236 2.4186 500 MW at Bus30 2.0711 2.3873
50 MW at Bus11 2.1251 2.4205 500 MW at Bus31 2.0769 2.3908

50 MW at Bus07 and Bus11 2.1333 2.4941 500 MW at Bus30 and Bus31 2.1143 2.4212
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Fig. 10. Stability Margin Comparison of the different MCDM-based UPFC locations. 

It is evident from Fig. 10. that the proposed AHP method gives the best load margin 

compared to all other MCDM methods. So, bus No 44 is an ideal location for UPFC to further 

analyze contingencies and a renewable integrated system. When the system's general 

performance is analyzed, the MCDM approaches are observed to provide comparable 

outcomes and converge to similar solutions. However, AHP predicts the solution better than 

any other MCDM technique. 

To investigate the advantage of UPFC placement using the AHP method during 

contingency conditions, different types of contingencies are introduced to the network, and the 

performance is analyzed. Table 8 displays the results of the contingency analysis for each line 

loss involving a UPFC device in the Indian Utility 62 system.  

Table 8. Optimal location of UPFC for different contingencies 

Contingency 

Number 
Scenario 

Stability 

Margin 

(Before UPFC 

placement) 

F 

Optimal UPFC 

location 

Stability 

Margin 

(After UPFC 

placement) 

SL1 (1-10) 
Line failure across1 

and 10 
1.9498 0.01684 Bus 45 (Line 41-45) 2.2462 

SL2 (51-55) 
Line failure across 

51 and 55 
1.9578 0.01746 Bus 44 (Line 44-46) 2.3607 

SL3 (25-28) 
Line failure across 

25 and 28 
1.8911 0.01672 Bus 08 (Line 7-8) 2.1279 

DL 
Double Line outage 

(1-10 and 51-55) 
1.5997 0.01792 Bus 44 (Line 44-46) 2.3607 

Gen out 
Generator outage at  

Bus 25 
1.6993 0.01658 Bus 40 (Line 27-30) 2.2946 

 Base Case 2.0132 0.01654 Bus 44 (Line 44-46) 2.3607 

Fig. 10. Stability Margin Comparison of the different MCDM-based UPFC
locations.

identified as the primary issue in the case study presented here.

Table 10. Stability margins with hybrid energy sources.

Hybrid Energy Sce-
nario

Without UPFC With UPFC

Base case 2.0132 2.3607
50 MW solar at
Bus07 and 500 MW
wind at Bus30

2.1491 2.4346

50 MW solar at
Bus11 and 500 MW
wind at Bus31

2.1610 2.4672

Two solar and two
wind plants

2.2498 2.6842

The most important factor affecting voltage stability is load
margin; active power losses and voltage variation have less of an
effect. Using AHP, compare the criteria based on their relative
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Table 11. Uncertainty analysis of voltage stability under different scenarios.

Scenario Renewable Penetra-
tion (%)

Load Variation (%) Stability Margin Ploss

(MW)
Qloss

(MVAr)
Probability of Oc-
currence (%)

Base case 30% 0% 2.0132 68.066 35.007 100%
High renewable, low
load

50% -10% 2.1456 64.12 33.865 15%

High renewable, high
load

50% 10% 1.9235 72.32 38.012 20%

Low renewable, low
load

20% -10% 2.1809 62.55 32.785 10%

Low renewable, high
load

20% 10% 1.8753 75.23 40.105 15%

Extreme contingency
(line outage)

40% 0% 1.7650 78.412 42.576 5%

High renewable, peak
load hours

50% 20% 1.7203 80.765 45.210 8%

Low renewable, peak
load hours

20% 20% 1.6894 82.334 47.002 6%

Moderate renewable
with grid congestion

35% 5% 1.9358 71.105 37.210 12%

Intermittent renew-
able with voltage
fluctuation

45% -5% 2.0501 67.543 34.784 18%

Table 12. Comparison of the suggested approach against existing methodologies.

Ref. Case Studies /
Validation

Impact of Re-
newable Sources

Multi-objective
Function

Placement
Strategy

Loadability
Margin

Power Loss Re-
duction

Contingency
Handling

Computational
Complexity

[43] Ethiopian Elec-
tric Power net-
work

No explicit re-
newable integra-
tion

Active power
loss and voltage
deviation

Particle Swarm
Optimization

Not emphasized Effective reduc-
tion

Not considered Moderate com-
plexity

[44] IEEE 14, 57, and
118 system

No renewable in-
tegration

Voltage deviation
index and STAT-
COM cost

Mixed Integer
Distributed Ant
Colony Opti-
mization

Not considered Not considered Not considered High computa-
tional demand

[45] IEEE 30, 57, and
118 system

No renewable in-
tegration

Total power loss
and voltage devi-
ations

Tunable Fuzzy
PSO (APT-
FPSO)

Not considered Achieves power
loss reduction

Contingency not
emphasized

High due to hy-
brid approach

[46] New England 39-
bus system

Effective in
wind-integrated
systems

STATCOM cost
and voltage de-
viation index

Mixed Integer
Distributed Ant
Colony Opti-
mization

Not considered Moderate loss re-
duction

Multiple uncer-
tainties evaluated

High computa-
tional demand

[30] Nigerian 330 kV
system

No renewable in-
tegration

Loading parame-
ter (λ)

Cuckoo Search
algorithm

Strong focus on
load margin im-
provement

Not considered Not explicitly
considered

High computa-
tional demand

[47] IEEE 30 and 118
bus system

No renewable in-
tegration

Real power loss African Buffalo
Optimization

Not considered Effective power
loss reduction

Contingency sce-
narios addressed

High computa-
tion time

[48] IEEE 30-bus sys-
tem

No renewable in-
tegration

Active power
loss and voltage
deviation

Teaching
Learning-Based
Optimization

Not considered Significant loss
reduction

Not considered Moderate com-
plexity

Proposed
method

Indian utility 62-
bus system

Explicit focus on
hybrid solar and
wind integration

Load margin,
power loss, and
voltage deviation

Analytic Hier-
archy Process
(AHP)

Strong focus on
load margin im-
provement

Significant loss
reduction via
multi-objective
optimization

Explicit handling
of contingency
scenarios

Low (reduced
complexity due
to AHP structure)

importance to the overall objective. For example, voltage stability
margin might be more important than voltage deviation, and power
flow control might be prioritized over power loss reduction. Based
on pairwise comparisons, calculate the weights for each criterion.
This indicates how much each criterion contributes to the decision.
Each alternative (potential location) is evaluated based on how
well it satisfies each criterion. The matrix of pairwise comparisons
indicating the significance of the criterion is given in Table 3.

5. SIMULATION RESULTS AND DISCUSSIONS

The AHP method is implemented in a desktop system
(DESKTOP-UIG4SB2) with an Intel (R) Core (TM) i5-8400 CPU
operating at 2.80 GHz, 8.00 GB of RAM, and a 64-bit operating
system is used to implement the proposed method to monitor
VSM. A CPF program is simulated using PSAT [38] in the
MATLAB 24 environment to find the maximum loading limit. The
proposed approach is implemented on the Indian Utility 62 bus

system covering various Tamil Nadu, India areas. This system has
19 generators, 11 transformers, and 89 transmission lines. The
total system load demand is 2908 MW. The efficacy of the AHP
method for the optimal location of UPFC is analyzed under various
load conditions and different contingency scenarios. The wind
farms (WF) locations are sourced from [39], and their validity is
supported by a sensitivity-based analytical method. Additionally,
the locations of solar photovoltaic (PV) plants are identified in
[40]. Fig. 6 shows a renewable integrated 62-bus system layout for
the Tamil Nadu state, India.

Table 4 describes integrating renewable sources in the Indian
utility 62 bus systems. All wind farms consider a cut-in speed of
2.7 m/s, a cut-out speed of 25 m/s, and a nominal wind speed of
10 m/s. The solar irradiation is established at 1000 W/m2 under
conventional test circumstances.

The coefficients (weights) ω1, ω2, and ω3 are computed by the
AHP method as 0.777, 0.155, and 0.069, respectively. The UPFC
of 100 MVAr is considered to be installed at several locations, and
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the corresponding fitness values are given in Table 5.
Table 5 shows that although bus 40 offers the lowest power

losses, the loading margin is unacceptable. In the same way, bus
43 has the finest voltage deviation and appropriate active power
loss values but a relatively high loading margin. The compromised
solution for the location of UPFC is identified as bus 44 leads,
which has the highest fitness value. Therefore, this location is
optimal.

CPF is carried out considering 200 MVAr UPFC at bus 44, and
the PV curve is plotted as shown in Fig. 7. The loading factors
with and without UPFC are also shown in the fig.7. Additionally,
it compares the results with UPFC connected at bus 31 based on
weak bus analysis [41] i.e., the conventional method to illustrate
the effectiveness of the proposed method.

In a typical scenario, the system’s loading margin is 2.01 after
performing CPF. Accordingly, voltage collapse happens when the
loading reaches 2.01 times the base load of the system. The
loading margin reaches 2.19, which is nearly 8.96% improved for
the UPFC linked at bus 31; however, for bus 44, the loading
margin rises from 2.01 to 2.36, which is almost 17.26% enhanced
for the system. From that, it is inferred that the AHP-based
location of UPFC gives maximum load margin compared to Weak
bus-based placement.

Fig. 8. demonstrates the comparison of voltage profiles in
different scenarios. The AHP method-based UPFC placement
shows improved results regarding the voltage profile in the case
without UPFC and conventional method placement.

Table 6 compares real and reactive power losses for an Indian
utility 62 Bus System before and after Placing UPFC. Compared
to traditional methods, real and reactive power losses are much
reduced in AHP-based placement.

The suggested approach is likewise contrasted to other MCDM
methods, like TOPSIS, MOORA, ARAS, VIKOS, and Mod-
TOPSIS, to give more insight into the proposed method. A
comparison of the ranking of buses with different MCDM methods
for UPFC locations is given in Table 7.

As evident from Table 7 results, most approaches can produce
outcomes with comparable overall scores. The results show that
bus 44 and bus 45 are typically the best locations for UPFC. The
bottom ranks are likewise consistent; bus 55 is the worst location
by almost all measures.

The AHP method is ranked equal to the BORDA solution
[42], making it the most preferred approach in MCDM situations.
Nevertheless, the rankings produced by alternative techniques
cannot be disregarded or regarded as wholly incorrect due to the
closeness of the numerical values discovered. The Borda value
corresponding to the buses is shown on the radar chart in Fig. 9
for each approach.

The option with the highest overall score, as determined by the
Borda count technique, is the best; bus 44 is the most appropriate
location. Similarly, bus 8’s placement is the worst, as is evident.
The top-ranking buses from each MCDM method are chosen for
UPFC placement, and the corresponding load margin after placing
UPFC is shown in Fig. 10.

It is evident from Fig. 10, that the proposed AHP method
gives the best load margin compared to all other MCDM methods.
So, bus No 44 is an ideal location for UPFC to further analyze
contingencies and a renewable integrated system. When the
system’s general performance is analyzed, the MCDM approaches
are observed to provide comparable outcomes and converge to
similar solutions. However, AHP predicts the solution better than
any other MCDM technique.

To investigate the advantage of UPFC placement using the
AHP method during contingency conditions, different types of
contingencies are introduced to the network, and the performance
is analyzed. Table 8 displays the results of the contingency analysis
for each line loss involving a UPFC device in the Indian Utility
62 system.

The UPFC plays a pivotal role in ensuring Voltage stability in

power systems combined with solar and wind energy by providing
the flexibility and control necessary to confront the problems
presented by the variable nature of renewable energy. With AHP,
the UPFC can be located in areas that enable the integration of
more renewable energy without compromising grid stability, thus
supporting the transition to clean energy. The values of the stability
margin, combined with the different kinds of renewable energy,
are given in Tables 9 and 10.

A comprehensive uncertainty analysis assessed the impact of
renewable energy integration and system loading variations on
voltage stability. As shown in Table 11, the results highlight
changes in voltage stability margin, active power losses, and
reactive power losses under different operating scenarios, including
normal conditions, high renewable energy penetration, increased
load demand, and contingency events such as line outages.

The base case scenario, with 30% renewable penetration and
no-load variation, establishes a reference with a voltage stability
margin of 2.0132 p.u., active power loss of 68.066 MW, and
reactive power loss of 35.007 MVar. When renewable penetration
increases to 50% under low-load conditions (-10% variation), the
system benefits from an improved voltage stability margin of
2.1456 p.u. and reduced power losses (64.120 MW active, 33.865
MVar reactive), demonstrating the positive impact of renewable
integration when demand is low. However, under high-load
conditions (+10% variation) with the same renewable penetration,
the stability margin decreases to 1.9235 p.u. Power losses increase
significantly (72.320 MW active, 38.012 MVar reactive), indicating
higher grid stress.

Conversely, with lower renewable penetration (20%), the system
exhibits better voltage stability in low-load conditions (2.1809
p.u.) but experiences increased power losses when the load
rises, with the margin dropping to 1.8753 p.u. and power losses
escalating (75.230 MW active, 40.105 MVar reactive). The most
critical scenario, an extreme contingency (line outage) with 40%
renewable penetration, results in the lowest voltage stability
margin (1.7650 p.u.) and the highest power losses (78.412 MW
active, 42.576 MVar reactive), emphasizing the vulnerability of
the grid under stressed conditions. These results underscore the
importance of the optimal placement of FACTS devices, enhanced
contingency planning, and adaptive grid management strategies to
maintain voltage stability and minimize power losses in modern
renewable-integrated power systems.

A detailed comparison of the multi-objective function for voltage
stability enhancement by AHP method-based UPFC placement in
renewable-integrated power systems against existing literature is
shown in Table 12.

This comparison underscores the advantages of the proposed
method, particularly in renewable-integrated systems, where
dynamic conditions and multiple objectives are critical. The
AHP-based approach offers a well-rounded solution for modern
power grids, handling complexity efficiently and ensuring stability
under varied conditions.

6. CONCLUSION
This study introduces a practical multi-objective optimization

framework to enhance voltage stability in renewable-integrated
power systems, addressing real-world challenges such as renewable
energy variability and system complexities. By incorporating
objectives like maximizing loadability margin, minimizing power
losses, and reducing voltage variance, the framework provides a
systematic approach to optimizing UPFC placement. The AHP
method ensures an effective balance between these competing
operational priorities. The proposed method, validated on a solar-
and wind-integrated Indian utility 62-bus system using MATLAB
PSAT, confirms the effectiveness of the proposed approach. The
results demonstrate a 17.24% improvement in voltage stability, as
the stability margin increased from 2.0132 to 2.3607. Additionally,
the proposed method achieved a 17.72% reduction in active power
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loss, decreasing from 68.066 MW to 56.006 MW, and a 6.53%
reduction in reactive power loss, reducing it from 35.007 MVAr
to 32.724 MVAr. These improvements highlight the framework’s
capability to enhance system reliability, minimize power losses,
and ensure operational efficiency under diverse loading conditions.

This research provides a scalable and actionable solution for
utilities and power system operators to mitigate voltage instability
in renewable-rich environments. Future work will explore larger
power networks, advanced optimization techniques, and real-time
applications to further strengthen grid resilience and performance.
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