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ABSTRACT This study addresses the optimal power flow (OPF) problem incorporating renewable
energy sources (RES) and flexible alternating current transmission systems (FACTS) using the Chaos
Game Optimization (CGO) algorithm. Five objective functions are considered, which include minimizing
generation costs, emissions, active power loss, voltage deviation, and enhancing voltage profiles. The OPF
formulation considers the anticipated electricity production from wind turbines (WT) and photovoltaic (PV)
units as dependent variables, while the voltage magnitude atWT and PV buses is treated as a control variable.
Probabilistic models based onwind speed and solar irradiance are used to forecast the electrical output ofWT
and PV units. The proposed OPF methodology and solution method are validated on the IEEE 30-bus test
network. This paper introduces and applies four optimization techniques inspired by biological and natural
phenomena, namely CGO, Osprey Optimization Algorithm (OOA), RIME Algorithm, and Slime Mould
Algorithm (SMA), to address both single-OPF andmulti-OPF objective problems in electric power networks.
The suggested optimization approaches are tested under different operational scenarios, considering various
combinations of FACTS, renewable energy sources (solar PV and wind), and their locations in the network.
To predict wind and solar PV power generation, Weibull and lognormal probability density functions are
utilized, respectively. The objective function accounts for reserve cost due to overestimation and penalty
cost due to underestimation of intermittent solar and wind power. The results demonstrate that the CGO
technique is more efficient than other methods in solving OPF instances.

INDEX TERMS Renewable energy source, wind power generation, solar photovoltaic, FACTS devices, load
flow, CGO algorithm.

I. INTRODUCTION
A. BACKGROUND
Presently, incorporating renewable energy sources such as
wind turbines and solar photovoltaic systems into the power
grid is regarded as a key electrical solution to address the
rising demand for electricity caused by population growth
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and as a means to improve grid efficiency [1]. Furthermore,
the escalating global concern for environmental issues and
the decreasing costs associated with the implementation and
operation of solar and wind power systems have contributed
to the growing demand for renewable energy sources.
However, the unpredictable nature of renewable energy
sources necessitates their consideration when addressing
challenges in power dispatch [2]. Recently, an important
optimization problem called OPF has been introduced, which
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deals with both renewable and conventional energy sources.
The objective of OPF is to determine the optimal generation
and power flow by minimizing a certain objective function,
such as electricity losses, production costs, gas emissions,
and voltage deviations. Additionally, due to the unstable
behavior of renewable energy sources within the power
system, managing electrical voltage levels and both reactive
and active power injections have become increasingly
challenging.

Addressing voltage and reactive power challenges in a
dynamic electrical grid can be effectively tackled by lever-
aging electrical electronic equipment and FACTS devices.
These solutions not only promote voltage stability but
also offer cost-effective and environmentally friendly power
supply options. Both FACTS and OPF operating systems
aim to enhance the overall electrical performance of the
system [3]. However, previous research on OPF in electrical
systems integrated with FACTS has primarily focused on
conventional energy sources or employed predetermined
profiles for renewable generation (such as wind or PV) with-
out considering their unpredictable behavior. Consequently,
resolving OPF issues with a unified objective has been
neglected.

This paper aims to address this gap by developing a prac-
tical power-flow model for an electrical grid incorporating
FACTS, utilizing objective functions that account for the
random nature of renewable generation from wind turbines
and PV generators. Furthermore, the study will investigate
how the placement of FACTS devices and renewable energy
sources impacts the efficiency of the electrical system,
in contrast to previous studies.

B. LITERATURE REVIEW
In the existing literature, the OPF problem has been
addressed with and without the integration of renewable
energy sources, employing various optimization techniques.
These techniques can be broadly classified into three
types: mathematical, heuristic, andmetaheuristic approaches.
Computational optimization techniques such as linear and
quadratic programming, as well as Newton-based methods,
have been primarily used to solve single-objective OPF
problem. However, computational methods faced challenges
when dealing with OPF problems involving multiple objec-
tives, nonlinear functions, or complex issues, especially
in contemporary electrical systems with renewable energy
sources. Heuristic algorithms offer a simpler approach that
does not require extensive reprogramming to accommodate
new OPF constraints. References [4], [5] propose alternative
optimization techniques to mathematical methods, such as
swarm intelligence and support vector machines, within
the context of heuristic algorithms. While some studies
have explored the benefits of adopting modern optimization
algorithms, only a limited number of papers have examined
the advantages of employing metaheuristic optimization

techniques, which combine mathematical and heuristic
approaches.

This optimization strategy employs an approximate opti-
mization technique to tackle challenging issues in OPF,
whether renewable energy sources are utilized or not.
Various techniques such as Moth Swarm Algorithm (MSO)
[4], Grey Wolf Optimization (GWO) [5], hybrid Gradient-
Based Optimizer with Moth–Flame Optimization Algorithm
(GBO-MFO) [1] are utilized. As mentioned in Section A,
FACTS devices play a crucial role in modern electrical
systems by reducing power losses, generation costs, and
enhancing voltage stability through regulation of transmis-
sion line characteristics. However, incorporating FACTS
devices in OPF problems increases their complexity and
makes optimal solutions more challenging to obtain. The
research focuses on solving single-objective OPF problems
using heuristic and metaheuristic optimization techniques.
For example, Symbiotic Organisms Search (SOS) [6], and
TLBO [7] are employed to address OPF problems involving
FACTS.

Currently, there is a scarcity of research studies that
utilize metaheuristic optimization techniques to solve OPF
problems in networks integrated with renewable energy and
FACTS devices. Furthermore, no studies have compared
novel metaheuristic optimization techniques or examined the
impact of renewable energy sources, such as wind and solar,
on network efficiency and optimization techniques. However,
a recent study conducted by Biswas et al. [8] addressed
OPF for the IEEE-30 bus network with the inclusion of
wind power and FACTS, utilizing the Success History-based
Adaptive Differential Evolution (SHADE) method. However,
Biswas et al. did not consider additional OPF issues, such
as minimizing voltage deviations, and primarily focused
on single and multiple-objective OPF problems related
to electricity production costs and power loss. Moreover,
Biswas et al. [8] only considered fixed-location wind
turbine generators as renewable energy sources, neglecting
the inclusion of solar energy units, which are significant
contributors to renewable energy production. Our research,
on the other hand, takes into account the intermittent behavior
of photovoltaic and wind energy generation units, thereby
determining suitable placements for FACTS devices and
addressing more complex OPF challenges. Previous studies,
have mostly resolved OPF issues in electrical networks
supported by FACTS without incorporating wind turbine
and PV generator units or considering the unpredictable
nature of these renewable energy sources. However, our
study employs four novel approaches (CGO [9], OOA [10],
RIME [11], and SMA [12]) to address challenging OPF
and FACTS issues, and their performance is compared with
that of conventional optimization techniques. Moreover, the
CGO algorithm presents numerous advantages that motivated
us to utilize it in solving the OPF problem. It stands out
for its simplicity and straightforward implementation. The
algorithm’s adapted mechanism enables it to avoid subop-
timal solutions and ultimately achieve precise estimations
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of the optimal solutions. Extensive literature demonstrates
the CGO algorithm’s ability to effectively enhance initial
random solutions and converge towards optimal solutions
when applied to various optimization problems. Furthermore,
the algorithm’s position updating procedure is divided into
four distinct stages, each catering to the search space’s
local and global search requirements with greater sensitivity,
resulting in superior outcomes. The objective of this research
is to develop innovative metaheuristic optimization methods
that enhance the effectiveness of electrical systems by
addressing both single and multi-objective ACOPF problems
in modern power systems integrated with FACTS devices
while considering the unpredictable fluctuations in renewable
energy sources. A growing number of photovoltaic (PV)
system sectors are utilizing artificial intelligence (AI) as
a result of growing computing power, tools, and data
creation Power quality will be a key problem as the
quickly growing distributed energy resources (DERs) in
power networks are now coupled to create community grid
architectures. Unless the upstream harmonics are below
the thresholds, the grid-to-grid (G2G) bidirectional power
transmission among the distribution microgrid will not be
deemed financially practicable [13]. It has been discovered
that the approaches now in use for a number of solar
PV sector tasks connected to design, forecasting, control,
and maintenance provide outcomes that are comparatively
erroneous. Effective frequency regulation is crucial because
of the increasing prevalence of inverter-based renewable
energy resources, including photovoltaic (PV) systems,
in contemporary power systems, which frequently diminish
system inertia and a solar PV system’s accurate size is
crucial for optimizing the financial life-cycle savings as
well as for ensuring the reliability and quality of the power
supply [14].

Addressing the optimal power flow challenges becomes
increasingly complex when considering the stochastic nature
of renewable energy sources in an electrical grid with
FACTS devices. Existing approaches in the literature, such
as Weibull and lognormal probabilistic estimation methods,
are inadequate for accurately modeling and solving the
unpredictability of renewable energy sources. To overcome
this limitation, this research aims to develop a precise
model that effectively addresses the unpredictable nature of
renewable energy. In this study, novel meta-heuristic opti-
mization methods, namely CGO, OOA, RIME, and SMA, are
employed to mitigate the impact of unpredictable renewable
energy sources and FACTS devices on the performance of
the electrical network. These methods are specifically crafted
to mitigate the impact of unpredictability and optimize OPF
objectives, considering both single and multi-objective cost
functions. They are compared with alternative algorithms
such as the shuffle frog leaping algorithm (SFLA) [15],
hybrid SFLA with simulated annealing (SFLA-SA) [16],
modified Gaussian bare-bones Levy-flight firefly algorithm
(MGBLFA) [16], Gaussian bare-bones Levy-flight firefly
algorithm (GBLFA) [16], Levy-flight firefly algorithm (LFA)

[16], bare-bones PSO (BBPSO) [16], bare-bones DE (BBDE)
[16], PSO [17], artificial bee colony (ABC) [18], grasshopper
optimization algorithm (GOA) [19], success history-based
adaptive differential evolution using the superiority of
feasible solutions (SHADE-SF) [19], grey wolf optimizer
(GWO) [20], and PSO [20].

Notably, the novel meta-heuristic optimization algorithms
require fewer adjustable parameters compared to existing
techniques, simplifying their development and implementa-
tion while reducing computational expenses.

C. CONTRIBUTION
This paper is structured around three distinct scenarios to
investigate different aspects of optimal power flow (OPF).
The first scenario focuses on the base case of OPF without
renewable energy in the IEEE-30 bus network. In scenario 1,
the study considers OPF in an electrical network where
only stochastic wind energy is integrated. Scenario 2 extends
the analysis to include both stochastic wind and solar
energy in a modified IEEE-30 bus system. Lastly, sce-
nario 3 examines OPF in an electrical network incorporating
stochastic wind energy and FACTS devices. Each scenario
consists of three cases to provide comprehensive coverage.
In the updated IEEE-30 bus system, the availability of
wind power is determined using the Weibull probability
density function, while solar power is estimated using the
lognormal probability density function. Specifically, the
thermal units on buses 5, 11, and 13 are replaced with
wind generators and solar generators, respectively. However,
the intermittent and unpredictable nature of renewable
energy sources significantly complicates the OPF analysis
when they are incorporated into the system. The paper
presents several contributions, which can be summarized as
follows:

1) New meta-heuristic optimization methods (CGO,
OOA, RIME, and SMA) are developed and utilized
to tackle OPF issues, both single and multi-objective,
while considering FACTS devices and the unpre-
dictable nature of renewable energy supplies.

2) Unlike previous studies, these research efforts aim
to establish an appropriate electrical network frame-
work that integrates the variable power output from
renewable generators and the utilization of FACTS
devices. Additionally, an evaluation of meta-heuristic
optimization techniques addressing electrical grids,
with or without FACTS and renewable energy sources,
is also included.

3) The effectiveness of the electrical grid is assessed
by comparing the performance of these novel meta-
heuristic optimization approaches in different scenarios
and investigating the impact of renewable energy
sources.

D. PAPER OUTLINE
The subsequent sections of the paper are structured as
follows: Section II provides a comprehensive description
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of the OPF problem, encompassing relevant limitations
associated with the issue, as well as the depiction
of equality and inequality constraints, FACTS device
modeling, and uncertainty modeling for wind and solar
power generation. Section III delves into the detailed
explanation and application of the CGO algorithm.
In Section IV, case studies and simulation results are
presented. Finally, Section V encapsulates concluding
observations.

II. SUMMARY OF THE OPF PROBLEM
A. MATHEMATICAL EXPRESSION
The primary objective of formulating an OPF problem in
an electrical system is to determine the optimal generation
mix considering a set of constraints and an objective
function. However, OPF problems in electricity networks
with FACTS devices and renewable energy sources pose
significant challenges due to their nonlinearity and non-
convex nature. In this study, we aim to address these
objectives for an electrical grid, specifically the 30-bus
IEEE system, which is powered by renewable energy
sources and equipped with FACTS devices, while accounting
for various restrictions including equality and inequality
constraints. To incorporate the uncertain nature of renew-
able energy sources such as photovoltaic (PV) and wind,
a probability estimation scheme is developed and presented
below. The objectives of the OPF problem are outlined
as follows:

1) OBJECTIVE 1: TOTAL COSTS OF GENERATION
Concerning the enhanced system driven by renewable energy
sources and furnished with FACTS devices, the overall
generation cost encompasses the combined costs of all
generation units, including integrated wind turbines and PVs.
Due to the variability in the power generated by wind turbines
and PVs, the generation cost can be articulated as [23]:

CTotal

= CoT (PThG) +

NwtG∑
y=1

Cowt,y
(
Psc(wt),y

)
+ CoRwt,y

×
(
Psc(wt),y−Pav(wt),y

)
+ CoPwt,y

(
Pav(wt),y−Psc(wt),y

)
+

NpvG∑
z=1

Copv,z
(
Psc(pv),z

)
+ CoRpv, z

(
Psc(pv),z−Pav(pv),y

)
+ CoPpv,z

(
Pav(pv),z−Psc(pv),z

)
(1)

where NwtG and NpvG are the system’s total numbers of wind
turbines and PVs respectively.

2) OBJECTIVE 2: POWER LOSSES
In the OPF problem, system factors such as voltage deviation
and actual power losses play a vital role. It is important
to acknowledge that power losses in transmission systems
cannot be completely avoided due to the inherent resistance

of the lines. The formula for calculating network loss is
represented by the range [8]:

PLoss =

nl∑
m=1

nl∑
n=1

GmnV 2
m + V 2

n−2VmVn Cos(ρmn) (2)

3) OBJECTIVE 3: GROSS COST
Based on the comparison between the results obtained for
Objective 1 and Objective 2 in all cases, it is observed
that Objective 2 incurs higher production costs, while
Objective 1 leads to higher power losses. This highlights the
importance of establishing a goal that takes both factors into
consideration, leading us to select Objective 3. To achieve
this, a cost model was developed wherein the losses were
transformed into an equivalent energy price, allowing for
the consideration of both objectives simultaneously. For this
investigation, the cost of energy utilized was $0.10 per kWh.
Equation (3) demonstrates that the power cost in this study
was $0.10 per kWh.

Gross cost = CTotal + PLoss∗103∗0.10) (3)

B. FACTS DEVICES MODELLING
The primary objective of utilizing flexible AC transmission
systems components, such as power electronic converters,
is to optimize the efficiency of electrical power transfer
and enhance the adaptability and responsiveness of power-
flow regulation by manipulating various characteristics of
transmission line circuits. In general, a range of FACTS
device controllers are developed and deployed to improve
the overall effectiveness of the power network. Within
this article, two widely used types of FACTS devices,
namely shunt controllers (SVC) and series controllers (TCSC
and TCPS), are employed. The series controllers (TCSC
and TCPS) are placed on the power lines connecting
two buses, thereby adjusting the reactance of the power
line, which is known as a compensating line. The objec-
tive of this process is to enhance the stability of the
electrical systems by modifying the line’s power-carrying
capacity and improving the power flow efficiency of the
network.
The role of series controllers (TCSC and TCPS) in FACTS

is to regulate the power flow within the electrical network
by enabling load increase and reducing line oscillations.
This allows for adaptability in the power flow status of the
system under different scenarios. On the other hand, the SVC
component of FACTS, located at the bus, controls voltages
andmitigates fluctuations in power by absorbing or supplying
reactive power in the transmission lines. The significance
of incorporating FACTS devices into the electrical grid lies
in their proper placement, sizing, and coordination. This
research has identified the optimal position and size of
FACTS devices based on achieving the highest benefits at
each cost function.
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C. THE LIMITATIONS OF THE ELECTRICITY NETWORK
OPF problems in the power system are subject to several
constraints, primarily stemming from physical limitations
imposed on the system’s hardware and operational parame-
ters such as frequency, current, and voltage. These constraints
can be categorized into two main types: equality constraints
and inequality constraints.

1) EQUALITY CONSTRAINTS OF OPF
The power balancing equations, characterized by equality
constraints, ensure that the active and reactive power gen-
erated within the system matches the overall demand while
accounting for system losses. This can be mathematically
represented as [8]:

PGm−PDm−Vm
NB∑
n=1

VnγmnCos (∂mn + ρm−ρn)

= 0 ∀m∈NB (4)

QGm−QDm−Vm
NB∑
n=1

VnγmnCos (∂mn + ρm−ρn)

= 0 ∀m∈NB (5)

where NB is the overall bus count, PDm and QDm are the
active and reactive load requirements at bus m respectively,
and ρmn = ρm − ρn is the difference in voltage angles
between bus m and bus n. The power generating units at
bus m PGm and QGm, come from either conventional or
renewables, depending on the situation. Between bus m and
bus n, respectively, there are two conductances for transfers:
Gmn and Bmn

The power balance while integrating FACTS devices might
be described as [23]:

PGm + PTCPS_m−PD_m

− Vm
Nb∑
N=1

VnγmnCos (∂mn + ρm−ρn) = 0 (6)

QGm + QTCPS_m−QD_m − QSVC_m

− VK
Nb∑
N=1

VnγmnSin (∂mn + ρm−ρn) = 0 (7)

2) INEQUALITY CONSTRAINT OF OPF
a: VOLTAGE DEVIATION
The measurement of the system’s voltage stability is assessed
through voltage deviation. Voltage deviation is determined by
calculating the total deviation of voltages at all load buses (PQ
buses) in the system from their nominal value of 1 per unit
(p.u.). Mathematically, this can be expressed as:

VD =

NL∑
p=1

(
∣∣VLp−1

∣∣) (8)

b: EMISSIONS
It is common knowledge that producing electricity from
traditional energy sources releases hazardous chemicals into
the atmosphere. According to the equation in Equation (9),
the emission of SOx and NOx rises as the power produced
from thermal power plants increases. Calculating emissions
in tonnes per hour (t/h) as:

Emission,E =

NThG∑
j=1

[(
αj + βjPThGj + γjP2ThGj

)
∗0.01

+ωjeujPThGj
]

(9)

In which the emission coefficients for the jth thermal
generator, αj, βj, γj, ωj and uj, are all present as in [6]. Recent
times have seen a significant increase in the pressure placed
on the whole energy sector to cut carbon emissions because
of global warming [24].

c: POWER GENERATION LIMITATION
The inequality restrictions [25] encompass the operational
limitations of the equipment, the components of the electrical
network, and the security constraints imposed on lines and
loading buses.

PminThGx≤PThGx ≤ PmaxThGx x = 1, . . . . . . .NThG (10)

Pminwt,y≤Pwt,y ≤ Pmaxwt,y y = 1, . . . . . . .Nwt (11)

Pminpv, z≤Ppv,z ≤ Pmaxpv,z z = 1, . . . . . . .Npv (12)

QminThGx≤QThGx ≤ QmaxThGx x = 1, . . . . . . .NThG (13)

Qminwt,y≤Qwt,y ≤ Qmaxwt,y y = 1, . . . . . . .Nwt (14)

Qminpv,z≤Qpv,z ≤ Qmaxpv,z z = 1, . . . . . . .Npv (15)

Vmin
Gx 1≤VGx ≤ Vmax

Gx x = 1, . . . . . . .NG (16)

Equations (10) - (12) reveal the energy production lim-
itations of thermal technologies, wind generators, and
solar PV, respectively. Following the same sequence,
Equations (13) - (15) outline the generators’ reactive power
capacity. Equation (16) details the voltage restrictions
imposed on generator buses.

d: SECURITY CONSTRAINT

Vmin
Lp ≤VLp ≤ Vmax

Lp P = 1, . . . . . . .NL (17)

D. MATHEMATICAL SIMULATIONS FOR RENEWABLE
ENERGY SOURCES
In recent years, power markets and networks have been
significantly impacted by renewable energy sources [1].
Therefore, incorporating renewable energy sources into elec-
tric network structures is crucial to enhance the dependability
and quality of systems [1]. Renewable energy sources,
being inherently unpredictable and influenced by weather
conditions, pose challenges in accurately predicting their
supply and optimizing the optimal power flow (OPF)
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issue. Consequently, successfully addressing the OPF for
electrical systems with renewable energy sources necessitates
a probability prediction scheme for their characteristics,
rather than relying on accurate characteristics or predictable
forecast profiles.

To effectively address the OPF issue, a probabilistic
forecasting model is proposed to cope with the uncertainty
in renewable energy supply profiles. The study focuses on
the IEEE 30-bus electrical system, incorporating wind and
solar energy sources under various geographical scenarios.
Probabilistic techniques, specifically Weibull and lognormal
distributions, are employed to calculate the wind and solar
energy production [23]. In the electrical system model,
the profiles of wind and photovoltaic (PV) production are
considered as negative load values, prioritizing the utilization
of available renewable energy resources before relying on
the remaining thermal generating sources. Consequently,
this approach leads to a reduction in overall load demand,
generating costs, and electricity loss from the thermal
units [2].

• Cost Estimation for Thermal Power Plants:
The operation of thermal generators necessitates the use of

fossil fuels. The quadratic relationship provides a description
of the correlation between the fuel costs ($/h) and the
generated output (MW):

CoTh0 (PThG) =

NThG∑
x=1

ax + bxPThGx + Cx P2ThGx (18)

In which the cost coefficients for the xth thermal generator
that generates output power PThGx are ax , bx , and Cx . NThG is
themaximum number of generating units. For amore realistic
and accurate cost function modeling, the valve-point impact
must be taken into account. There is more fluctuation in the
fuel-cost relations in the thermal producing units with multi-
valve turbine generators [2]. In order to add its exact value to
the fundamental cost function in Equation, the valve loading
impact of multi-valve steam turbines is treated as a sinusoidal
function (18). The following is the total cost ($/h) of thermal
unit output:

CoTh (PThG) =

NThG∑
x=1

ax + bxPThGx + Cx P2ThGx+∣∣∣dx × sin(ex × ( PMinThGx−PThGx))
∣∣∣ (19)

In which the valve-point loading affect coefficients dx and
ex are shown. The least power that the xth thermal units can
produce while it is operating is known as PMin

ThGx.
• Direct Cost of Wind and Solar Cost of Wind and Solar

Photovolatic Power:
Unlike traditional thermal power plants, solar photovoltaic

and wind power producers do not require fuel. This absence
of fuel cost may result in the omission of a cost function,
particularly if the wind and solar photovoltaic facilities are

owned by the independent system operator (ISO) [23]. Since
these facilities do not incur fuel costs, the ISO may choose
to allocate expenses for repairs, replacements, or the initial
investment in the wind and solar photovoltaic installations.
However, when wind or solar photovoltaic facilities are
owned by private parties, the ISO pays a price based on the
contractually agreed-upon planned electricity. In this case,
a function of planned power is used to represent the direct
costs associated with wind turbine power from the yth plant.

Cowt_y(Psc(wt)_y) = gy(Psc(wt)_y) (20)

where Psc(wt)_y is the scheduled power from the yth wind
power station, and gy is its direct cost coefficient. Similarly,
to wind power plants, the kth solar PV plant’s direct cost is:

Copv_Z (Psc(pv)_Z ) = gr (Psc(pv)_Z ) (21)

If gr represents the direct cost factor for the Zth solar PV plant,
the scheduled power for the same plant is Psc(pv)_Z

• Cost Analysis of Wind Power Uncertainty:
The potential issue of generating less electricity than

anticipated by the wind farm is commonly referred to
as overestimating the power from an unknown source.
Tomaintain a reliable power supply for customers, the system
operator must allocate spinning reserves to account for such
situations. The cost incurred by using reserve-producing units
to compensate for the overestimated demand is known as the
reserve cost [8].

Reserve cost is determined as follows for the jth wind
turbine plant

CoRwt, y
(
Psc(wt),y − Pav(wt),y

)
= URwt,y

(
Psc(wt),y − Pav(wt)y

)
= URwt,y

∫ Psc,y

0

(
Psc(wt),y − Pwt,y

)
fwtPwt,y)dpwt,y (22)

where Pav(wt),y is the actual power produced by the samewind
farm, and uRwt,y is the reserve cost factor for the yth wind
power plant. The wind energy probability density function
for the yth− wind farm is given by fwtPwt,y. In contrast to
the overestimation scenario, there can be instances in the
system where the wind farm generates more electricity than
initially anticipated. This situation leads to the undervaluation
of renewable energy production. If it is not possible to utilize
the surplus electricity by reducing the output of traditional
generators, it will go to waste. In such cases, the ISO incurs
a penalty fee for the excess amount that was generated.

For the yth wind energy station, the penalty cost is
described as follows:

Copwt, y
(
Pav(wt),y− Psc(wt),y

)
= Upwt,y

(
Pav(wt),y−Psc(wt),y

)
= Upwt,y

∫ Pwtr,y

Psc,y

(
Pwt,y−Psc(wt),y

)
fwtPwt,y)dpwt,y (23)
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where upwt,y is the penalty cost factor for the yth wind turbine
and Pwt ,y is the wind turbine’s rated output produced power.

• Cost Analysis of Solar of Photovolatic Power Uncer-
tainty:

Solar PV plants, similar to wind turbines, generate
energy sporadically and with uncertainty. Consequently, the
approach for over- and underestimating solar power should
theoretically be analogous to that used for wind power.
Moreover, it is worth noting that solar radiation is commonly
modeled as lognormal [26]. In contrast to wind distributions,
which are typically described by the Weibull probability
density function (PDF), the models for reserve and penalty
costs are formulated based on the concept presented in [26]
to facilitate calculations. The reserve cost for the solar PV
plant is as follows:

CoRpv, Z
(
Psc(pv),Z−Pav(pv),Z

)
= URpv,M

(
Psc(pv),Z−Pav(pv),Z

)
= URpv,Z∗fpv

((
Pav(pv),Z

< Psc(pv),Z
))

∗
[
Psc(pv),Z

−E
(
Pav(pv),Z < Psc(pv),Z

)]
(24)

where CoRpv, Z is the reserve cost factor for the zth solar PV
plant and Pav(pv),y is the actual amount of electricity the plant
has available. The likelihood that solar power will be in short
supply compared to the planned power Psc(pv),y is given by the
formula fpv

((
Pav(pv),Z < Psc(pv),Z

))
, and the expected solar

PV power is given by the formula E
(
Pav(pv),Z < Psc(pv),Z

)
,

The solar PV plant’s penalty cost is the following:

CoPpv, Z
(
Pav(pv),Z−Psc(pv),Z

)
= UPpv,Z

(
Pav(pv),Z−Psc(pv),Z

)
= UPpv,Z∗fPpv

((
Pav(pv),Z > Psc(pv),Z

))
∗
[
E
(
Pav(pv),Z > Psc(pv),Z

)
−Psc(pv),Z

]
(25)

where Pav(pv),Z > Psc(pv),Z is the likelihood of solar energy
excess than the planned power (Psc(pv),Z), and E (Pav(pv),Z >

Psc(pv),Z) is the anticipation of solar PV power beyond
Psc(pv),Z

E. MODELS FOR UNCERTAINTY AND STOCHASTIC WIND
AND SOLAR POWER
The distribution of wind speeds is widely recognized to
conform to the Weibull probability density function (PDF)
[1].When applying theWeibull PDFwith shape factor (h) and
scale factor (s), the probability of a wind speed v in meters per
second (m/s) can be expressed as follows:

fv(v) =

(
h
s

)(v
s

)(h−1)
e(−

v
s )

k
for 0 < v < ∞ (26)

In our study of the IEEE-30 bus network, the traditional
generators in buses 5 and 11 have been replaced with
wind generators. The chosen Weibull shape (h) and scale
(s) values are provided in Table 1. Throughout the study,
we adhere to these specified Weibull probability density
function (PDF) parameters, unless stated otherwise for a

FIGURE 1. Distribution of wind speeds at the wind farm at bus 5
(s = 9, h = 2).

FIGURE 2. Distribution of wind speeds for wind farm at bus 11
(s = 10, h = 2).

particular case study. After conducting 8000 Monte-Carlo
simulations, we generated the Weibull fitting and wind fre-
quency distributions, which are depicted in Figures 1 and 2,
respectively. The design requirements for wind turbines are
outlined in Standard [28], which also specifies the highest
turbulence class IA for turbines approved to operate at a
maximum annual average wind speed of 10 m/s at hub
height. Moreover, the various PDF parameter values for the
two wind farms reflect the genuine geographical diversity of
their respective locations. Solar photovoltaic unit has been
installed in place of the traditional generator at bus 13.
The unit’s production is based on the solar irradiance (si)
that follows lognormal PDF [26]. When solar irradiance (si)
follows a lognormal PDF with mean u and standard deviation
α, the probability is:

fG (si) =
1

siα
√
2π

exp

{(
(lnL−u)2

)
2α2

}
for si > 0 (27)
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Figure 3 presents the frequency distribution and lognormal
fitting of solar irradiance, obtained through an 8000-sample
Monte Carlo simulation. The specific parameters for the
lognormal probability density function (PDF) are listed in
Table 1. Throughout the study, we maintain adherence to
these PDF specifications, unless otherwise specified for a
specific case.

FIGURE 3. Distribution of solar irradiation for PV at bus 13.

• A Model for Wind and Solar Photovolatic Power:
The collective power generated by the 25 wind turbines

in the farm is assumed to be connected to bus 5, while the
production from the wind farm with 20 turbines is connected
to bus 11. Each individual turbine has a maximum output
capacity of 3 MW. The actual power produced by a wind
turbine varies depending on the wind speed it encounters. The
relationship between wind speed (v) and the produced power
of a turbine can be described as follows:

Pwt (v) =


0 for v < vin and v > vout

Pwtr

(
v−vin
vr−vin

)
vin ≤v ≤vrated

Pwtr for vrated ≤v ≤vout
(28)

where vin, vout and vrated represent the turbine’s cut-in, rated,
and cut-out wind speeds, respectively, the rated produced
power of the wind turbine is represented by Pwtr. vin= 14 m/s,
vr=16 m/s, and vout =25 m/s are the different speed numbers.

According to [23], solar PV converts solar irradiance (si)
to electricity as follows:

Ppv (si) =


ppvr

(
si2

sistdRci

)
for 0 < si < Rci

ppvr

(
si
sistd

)
for si≥Rci

(29)

where, sistd is the typical environment’s solar irradiance,
which is set at 800W/m2. The irradiance point Rci has a value

of 120 W/m2.ppvr: Stands for the rated generated power of
solar PV

• Probability Calculations for Wind Power:
It can be seen fromEquation. (28), that the fluctuatingwind

power is discontinuous in a few wind speed zones. Power
production is 0 when wind speed vin is less than cut-in speed
(vin) and greater than cut-out speed (vout). The wind turbine
produces rated power Pwtr between rated wind speed (vrated)
and cut-out speed (vout). Ref. [2] gives the probability for
these separate zones:

fwt (Pwt ) {(Pwt = 0}

= 1−exp

[
−

(
vin
β

)(γ )
]

+ exp

[
−

(
vout
β

)(γ )
]

(30)

fwt (Pwt ) {(Pwt = Pwtr }

= exp

[
−

(
vrated

β

)(γ )
]

−exp

[
−

(
vout
β

)(γ )
]

(31)

The continuous region’s probability is computed as [57]:

fwt (pwt)

=
k(vrated−vn)
sh∗pwtr

[
vin +

pwt
pwtr

(vrated−vin)
]h−1

× exp

−

(
vin +

pwt
pwtr

(vrated−vin)

s

)h (32)

FIGURE 4. Actual PV power distribution at bus 13 in MW.

• Computation of Solar Power Over L Under Estimate
Costs:

The distribution of solar irradiation for PV at bus 13 and
stochastic energy production from the solar PV system is
represented by the histograms in Figures 3 and 4. The
scheduled electricity delivery from the solar PV system to the
grid is indicated by the magenta dotted line. As mentioned
earlier, the scheduled power can be any agreed-upon amount
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TABLE 1. The parameters of wind turbine generating units and solar PV plants.

of electricity between the ISO and the owners of the solar
PV system. The cost associated with overestimation can be
expressed as follows:

CRs (Pss−Psav) = KRs (Pss−Psav)

= KRs
N−∑
n=1

[
Pss−Psn−

]
∗ fsn−

(33)

where Psn−
, on the left-half plane of Pss in the histogram,

is the accessible power that is lower than the scheduled power
Pss. The relative frequency with which Psn−

occurs is denoted
by fsn−

. N− is the quantity of discrete bins on the left-hand
side of Pss, or, alternatively, the quantity of pairs (Psn−

; fsn−
)

produced for the PDF, Results validity is somewhat improved
by using more segments.

Similar calculations may be made for the underestimating
cost as:

Cps (Psav−Pss) = KPs (Psav−Pss)

= Kps
N+∑
n=1

[
Psn+

−Pss
]
∗ fsn+

(34)

where Psn+
, on the right-half plane of Pss in the histogram,

is the accessible power greater than the schedule power Pss.
The relative frequency at which Psn+

occurs is given by fsn+
.

N is the quantity of discrete bins on the right-hand side of Pss,
or, alternatively, the quantity of pairs (Psn+

; fsn+
) produced for

the PDF.

III. METAHEURISTIC OPTIMIZATION ALGORITHMS
A. CHAOS GAME OPTIMIZATION ALGORITHM
This paper employs and adapts recently developed meta-
heuristic optimization techniques, namely CGO, OOA,
RIME, and SMA, to tackle optimal power flow (OPF)
challenges and effectively handle the inherent uncertainty
introduced by the integration of renewable energy sources
into the electrical grid. These novel meta-heuristic opti-
mization algorithms offer potential solutions for resolving
complex power-flow issues, both in terms of single and
multiple-objective functions, in an electrical grid intercon-
nected with stochastic renewable energy sources and FACTS
devices.

Considering the significant benefits associated with reduc-
ing emissions, minimizing electricity losses, and optimizing

generating costs, the development of appropriate and innova-
tive optimization models for electrical network applications
holds global importance. The proposed novel meta-heuristic
optimization strategies are specifically designed to address
stochastic, volatile, and challenging optimization problems
that arise in such contexts. The utilization of the CGO
algorithm is supported by multiple factors. Firstly, in the
original paper, a comparative analysis with other equipped
algorithms (FA, GWO, ICA, SOS, TLBO, and the WOA)
reveals that the CGO algorithm consistently yields highly
satisfactory results when handling test functions of varying
dimensions. This is evidenced by the comparative results
obtained from the CEC 2017 competition’s test functions.
Additionally, considering all the 2D, 50D, and 100D test
functions, a comprehensive comparison indicates that the
CGO algorithm consistently outperforms other metaheuris-
tics, making it the optimal choice in every scenario.
Moreover, the CGO algorithm exhibits superior performance
in achieving the global bests of mathematical functions,
surpassing other metaheuristics, depending on the chosen
tolerance.

1) INSPIRATION
The mathematical aspect of chaos theory examines the
unique characteristics of system dynamics that exhibit high
sensitivity to their initial conditions. Chaos theory elucidates
how the dependence of a dynamical system on its starting
conditions can result in even minor variations in those
conditions leading to profound impacts on the system’s future
states.

2) MATHEMATICAL MODEL
This study explores an optimization technique based on
the principles of chaos theory. The simulation theorem
for the CGO algorithm is developed by incorporating the
fundamental concepts of the chaos game and fractals.
In the CGO method, multiple response possibilities (M) are
considered, which represent eligible seeds within a Sierpinski
triangle. This is because many natural evolution techniques
maintain a population of potential solutions that undergo
random changes and selection.

In this technique, each potential solution (candidate) (Mi)
consists of decision variables that indicate the location of
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eligible seeds within the Sierpinski triangle. The Sierpinski
triangle is considered the search space for potential solutions
in the metaheuristic approach. These mathematical aspects
are presented as follows:

M =



M1
M2
...

Mi
...

Mn


=



M1
1 M2

1 · · · M j
1 · · · Md

1
M1

2 M2
2 · · · M j

2 · · · Md
2

...
. . .

...
...

. . .
...

M1
i M2

i · · · M j
i · · · Md

i
...

. . .
...

...
. . .

...

M1
n M2

n · · · M j
n · · · Md

n


,

{
i = 1, 2, . . . n
i = 1, 2, . . . .d

(35)

where n is the total number of eligible seeds and d is their
dimensions. The following beginning places of these viable
seeds are chosen at random in the problem space:

M j
i (0) = M j

i,min + rand .
(
M j
i,max −M j

i,min

)
{
i = 1, 2, . . . n
i = 1, 2, . . . .d

(36)

whereM j
i (0) establishes the starting placement of the eligible

seeds, M j
i,min and M j

i,max are the minimum and maximum
permitted values for the jth decision variable of the ith
solution candidate, respectively; The range [1, 0] is the range
of a random number called rand. Additionally, the approach
of planting new seeds within a Sierpinski triangle is used.
A temporary triangle having three seeds is created for each
of the viable seeds in the solution space (Mi) as described in
the following:

• The currently discovered Global Best position (GB)
• The location of the Mean Group (MGi)
• The placement of the chosen seed (Mi)

The first seed is shown mathematically as:

Sead1i = Mi + σi ∗ (δi ∗ GB− γi ∗MGi) i = 1, 2, ..n (37)

The second seed is shown mathematically as:

Sead2i = GB+ σi ∗ (δi ∗Mi − γi ∗MGi) i = 1, 2, ..n (38)

It deserves to be mentioned that the seed can also be moved
in the direction of the linked lines connecting the Mi and the
GB. For this, a few random factorials are also employed as
follows:

Sead3i = MGi + σi ∗ (δi ∗Mi − γi ∗ GBi) i = 1, 2, ..n (39)

The fourth seed is shown mathematically as:

Sead4i = Mi(M k
i +M k

i + R) k = 1, 2, ..d (40)

IV. SIMULATION RESULTS TO THE TEST SYSTEM FOR
OPF SOLUTIONS
In order to assess and validate the effectiveness of
the proposed novel metaheuristic optimization algorithms,
renewable energy sources and FACTS devices were imple-
mented on an IEEE 30-bus system. The system comprises
41 transmission lines, with four transformers having non-
standard tap ratios at lines 6-9, 6-10, 4-12, and 28-27. There
are also six thermal generators located at buses 1, 2, 5,
8, 11, and 13. The boundaries for generator voltages and
transformer tap settings are defined as (0.9, 1.1) p.u. and
(0.95, 1.1) p.u., respectively. The voltage at the load buses is
constrained between 0.95 and 1.05 p.u., as detailed in Table 2.
The relevant information and operational conditions of the
test system are thoroughly examined in [29].
In this study, the proposed method is implemented and

improved using MATLAB 2014, a programming environ-
ment. The simulation models for the suggested metaheuristic
optimization techniques were developed using a 2.8 GHz i3
CPU with 4 GB of RAM. The power flow evaluation was
conducted using MATPOWER version 7 [30]. A total of nine
different test cases were considered, as outlined in Table 3.
The results from the case studies, which employed various
metaheuristic approaches, are compiled and presented in this
section. To validate the reliability of the results, a comparison
was made with other methods mentioned in this study.
Subsequently, the proposed technique was employed to
investigate the impact on the total operating expenses of the
system when PV and wind generators were incorporated

A. BASE CASE
In this particular scenario, the proposed method was utilized
to solve the conventional OPF problem with a fixed load.
To validate its performance, the results obtained from
the suggested approach were compared to those obtained
from OOA [10], RIME [11], and SMA [12]. Additionally,
comparisons were made with techniques mentioned in other
papers, namely SFLA [15], SFLA-SA [16], MGBLFA [16],
GBLFA [16], LFA [16], BBPSO [16], BBDE [16], and
PSO [17]. The objective was to minimize the cost of
the thermal generator without incorporating any renewable
energy sources. The population sizes were set at 100 for
all four algorithms, with a maximum of 300 iterations.
The outcomes from different algorithms were compared
with the objective function in Table 4. The CGO algorithm
demonstrated superior performance, achieving a generation
cost of 832.0665 $/h, outperforming all other algorithms.
A comparison of the convergence curves of the objective
function for the various strategies is presented in Figure 5,
highlighting the CGO algorithm’s ability to achieve the
lowest cost with fewer iterations than other approaches.

B. WIND ELECTRICAL NETWORK
In this case, the optimal power flow (OPF) problem
is addressed by incorporating renewable energy sources
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TABLE 2. Analysis of the IEEE-30 bus system.

TABLE 3. An overview of the case studies for the modified IEEE-30 bus test system.

TABLE 4. Comparison of the cgo technique’s results with those of alternative fuel cost reduction function optimization approaches for base case.
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TABLE 5. Optimum control variables and objective function values for case 1.

FIGURE 5. Comparison of OPF convergence curves (Base Case).

(specifically wind turbines) while considering factors such as
generation cost, power loss, and voltage profile improvement.
As the wind speed increases, the wind generation system
produces more energy, resulting in reduced overall operation
costs. Moreover, the thermal generators in the power system
possess surplus up/down spinning reserve capacity compared
to the system’s total up and down spinning reserve demand.
Consequently, a portion of the load is fulfilled by the wind
generators, thereby affecting the load on thermal generators,
altering the flow of transmission lines, and subsequently

impacting the transmission losses in the power system. The
obtained results are then compared with those of CGO,
RIME, OOA, and SMA techniques. The findings of this case
study for all the mentioned techniques are summarized in
Tables 5-7.

FIGURE 6. Comparison of the convergence characteristics for case 1 in
IEEE 30-bus system.

1) CASE 1
In this case, the primary objective is to minimize gener-
ation costs while considering both equality and inequality
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TABLE 6. Results of the suggested optimization algorithms in case 2 for the ieee 30-bus system.

constraints. The simulation results in Table 5 compare the
performance of CGO with other techniques (OOA, RIME,
and SMA). Upon incorporating the wind turbines (WT) as
anticipated, the total objective function of CGO decreases
from 832.0665 $/h to 807.88474 $/h. This reduction in the
overall objective function is attributed to the decrease in load
demand achieved by integrating the WT, resulting in lower
fuel costs for conventional generators. The generation costs
for other algorithms are 809.005 $/h for RIME, 813.9549
$/h for OOA, and 807.9107 $/h for SMA. These results
indicate that the proposed CGO outperforms alternative
approaches in addressing the OPF problem with the inclusion
of wind turbines. This is further illustrated in Figure 6, which
demonstrates the strategy with the lowest cost and fewest
iterations required by CGO compared to other algorithms.
Additionally, all techniques exhibit a decrease in power
losses across transmission lines, with values of 5.7 MW for
CGO, 6.0809 MW for RIME, 6.2967 MW for OOA, and
5.8254 MW for SMA. Moreover, as shown in the table, the
integration of wind turbines has a positive effect on reducing
emissions and improving voltage across all buses.

2) CASE 2
In this section, the impact of wind turbine placement on
transmission losses is evaluated, with the primary objective
being to minimize active power losses to the lowest possible
level, as shown in Table 6. The results indicate that the

CGO algorithm outperforms other techniques in terms
of achieving lower active power losses. Specifically, the
CGO algorithm achieves a minimum active power loss of
2.0277913 MW, which is lower than the values obtained
with RIME (2.250450 MW), OOA (3.0083379 MW), and
SMA (2.049152 MW). However, it should be noted that the
generation cost in this case is higher compared to the values
obtained in Case 1. To assess the convergence rate of the
proposed technique, the number of iterations required for
achieving the best power loss is calculated. A comparison for
the IEEE-30 system is presented in Figure 7, demonstrating
that the CGO algorithm achieves the best results with a lower
number of iterations.

3) CASE 3
By analyzing Cases 1 and 2, it becomes evident that
Case 1 exhibits a larger loss, whereas Case 2 incurs consid-
erably higher production costs. This observation emphasizes
the necessity of a target that encompasses both cost and loss
considerations. Introducing a costmodel that converts the loss
into an equivalent energy cost proves to be a straightforward
approach for addressing both objectives, as indicated in
Table 7. Figure 8 provides a graphical representation of
the conversion curve, illustrating the gross cost compari-
son between CGO and other techniques. Table 7 further
demonstrates that the gross cost for CGO is $1128.4142 per
hour, which is lower than the values for RIME ($1128.5 per

23350 VOLUME 12, 2024



A. Amin Mohamed et al.: OPF Incorporating Renewable Energy Sources and FACTS Devices

FIGURE 7. Comparison of convergence characteristics for case 2 in IEEE
30-bus system.

FIGURE 8. Comparison of convergence characteristics for case 3 in IEEE
30-bus system.

hour), OOA ($1187.9800 per hour), and SMA ($1130.169 per
hour). Moreover, there is a significant reduction in power
loss and generation cost, albeit less pronounced compared to
Cases 1 and 2.

C. WIND AND PV
The IEEE 30-bus test network was modified to incorporate
two renewable energy sources, specifically a wind farm (WT)
and solar PV generation. Within the electrical network, there
are two wind turbines and one PV unit. The first wind turbine
is connected to bus 5, with a power rating of 75 MW and
25 turbines. Its nominal wind speed is 7.976 m/s. The second
wind turbine farm is linked to bus 11, with a power rating
of 60 MW and 20 turbines, and its nominal wind speed is
8.862 m/s. Additionally, a solar PV generator is connected to
bus 13, with a rated power of 50 MW. The solar irradiance,
which determines the electrical output of the PV generator,
is measured at 483 W/m 2.

1) CASE 4
The outcomes of the OPF analysis, considering the projected
wind turbine and solar PV generation, are presented in
Table 3. Notably, in case 4, the total fuel cost exhibited
a significant reduction compared to the base case and
case 1 (OPF with WT). For instance, the generation cost in

the base case, utilizing the proposed CGO algorithm, was
determined to be $832.0665 per hour, while in case 1 it
was $807.88474 per hour. However, in case 4, it decreased
to $775.8345 per hour, reflecting a reduction of 7.24%
compared to the base case. Furthermore, the generation cost
for all other algorithms also decreased compared to the base
case and case 1. As the generation cost reached its minimum
value in case 4, there was a corresponding decrease in power
loss across the transmission line.

Table 8 provides a detailed analysis of the outcomes
achieved through the proposed CGO algorithm, aligning
with the desired objectives. The total costs for CGO, OOA,
RIME, and SMA were determined to be $775.8345 per hour,
$788.119 per hour, $800.2959 per hour, and $776.443 per
hour, respectively. These values were found to be lower
than the results obtained from other algorithms, as presented
in Table 8, such as $782.2 for ABC [18], $785.71 for
GOA [19], $782 for GWO [20], and $782.01 for SHADE-
SF [19]. Additionally, Figure 9 showcases the convergence
properties of the CGO algorithm in comparison to other
algorithms.

FIGURE 9. The convergence curve of an objective function (Case 4) for a
30-bus system using the CGO and other algorithms.

2) CASE 5
Optimum control variables and objective function values
for CGO with other techniques for case 5 are presented in
Table 9. Based on these results, it is evident that the CGO
approach yields the minimum values for active power loss.
Specifically, the CGO algorithm achieves a power loss result
of 2.0056MW, outperforming other algorithms such as RIME
(3.4112 MW), OOA (2.1814 MW), and SMA (2.0199 MW).
Thus, CGO demonstrates the most favorable outcome in this
regard. Comparatively, the power loss obtained in this case
is similar to that of case 2, with only a marginal difference.
Furthermore, the increase in renewable energy sources has a
substantial impact on reducing emissions. The emissions in
CGO amount to 0.0942 t/h, while RIME records 0.0931 t/h,
OOA shows 0.0990 t/h, and SMA indicates 0.0991 t/h. These
values are lower than those in scenario 2 by 0.50% in CGO,
0.51% in RIME, 0.45% in OOA, and 0.43% in SMA. Despite
achieving the lowest possible power loss in case 5, the overall
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TABLE 7. Optimal results for different algorithms on case 3.

fuel cost is higher than that in case 4. When considering
all strategies, the recommended CGO algorithm consistently
delivers superior results and arrives at the optimal solution
with fewer iterations, as depicted in Figure 10.

FIGURE 10. The convergence curve of an objective function (Case 5) for a
30-bus system using the CGO and other algorithms.

3) CASE 6
In cases 4-6, the minimum gross cost is achieved by
minimizing the generation cost. Specifically, the gross cost
values obtained are (as shown in Table 10) as follows:
$1079.967 per hour for CGO, $1083.9434 per hour for RIME,
$1131.85 per hour for OOA, and $1080.1504 per hour for

SMA. These values are lower than those in case 3 by 0.044%
for CGO, 0.41% for RIME, 0.054% for OOA, and 0.046% for
SMA. This indicates that CGO performs the best among the
considered algorithms, yielding themost favorable outcomes.
Additionally, in case 6, the lowest gross cost is achieved
compared to previous cases.

The inclusion of three renewable energy sources in place
of thermal units in the electrical network contributes to the
significant reduction in emissions in this case.

FIGURE 11. The convergence curve of an objective function (Case 6) for a
30-bus system using the CGO and other algorithms.

Figure 11 illustrates the comparison of the gross cost
conversion curve for case 6 across various strategies,
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TABLE 8. Optimal results for CGO compared with different algorithms on case 4.

highlighting CGO as the approach with the lowest cost
and requiring fewer iterations compared to other strate-
gies. When considering all techniques, the suggested
CGO algorithm consistently produces superior results
and converges to the global best solution with fewer
iterations.

D. WIND AND FACTS DEVICES
In this section, we will examine how the integration of
renewable energy sources in specific locations affects the
performance of OPF solvers and the IEEE 30-bus system,
which includes FACTS devices. The presence of FACTS
devices enables the maximization of the transmission line’s
thermal limit, thereby minimizing system congestion. This
reduction in congestion leads to a decrease in the cost of
system generation and also lowers the overall system risk.
Increasing the number of wind farms offers the most cost-
effective system generation option, resulting in enhanced
societal benefits. The results indicate that the inclusion of
FACTS devices in the network improves the voltage profile,
reduces power losses, lowers generation costs, and enhances
the stability of the power network’s operation. Furthermore,

the application of metaheuristic optimization reveals that the
introduction of FACTS devices has a significant impact on
OPF solutions whenever the network expands to incorporate
them.

1) CASE 7
Based on the data provided in Table 11, it is evi-
dent that the placement of FACTS devices in optimal
locations with suitable ratings resulted in a reduction
in the total generation cost. Specifically, in the CGO
algorithm, the total generation cost decreased to $807.0393/h,
which is lower than the costs observed in the RIME
algorithm ($808.5072/h), OOA algorithm ($817.0351/h),
and SMA algorithm ($807.496018/h). Additionally, the
CGO algorithm’s cost was lower compared to other
algorithms studied, such as MVO [21] ($808.030/h),
ALO [21] ($809.449/h), SCA [21] ($818.654/h), CBA [22]
($810.5056/h), FPA [22] ($808.0864/h), and SCA [22]
($815.4325/h), as shown in Figure 12. This indicates that
the CGO approach yielded a lower cost compared to the
other algorithms. Furthermore, in the CGO algorithm, the
real power loss was measured at 5.5071 MW, which is
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TABLE 9. Optimum control variables and objective function values for CGO with other techniques for case 5.

TABLE 10. Optimal results for the suggested methods on case 6.
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TABLE 11. Optimal simulation results for CGO compared with different algorithms on case 7.

lower than 6.1701 MW in Case 1 and 5.7769 MW in
Case 4. This reduction in power loss directly impacted the
gross cost, where the CGO algorithm resulted in $1357.7/h,
which is lower than the costs observed in the RIME
algorithm ($1387.6/h), OOA algorithm ($1442.5/h), and
SMA algorithm ($1372.9/h).

2) CASE 8
In this particular scenario, the influence of FACTS devices
on decreasing power losses within the electrical transmission
network is evidently more significant than in other instances.
The power loss attained by CGO amounts to 1.761859 MW,
which is lower than the values of 2.2278212 MW in RIME,
2.8777 MW in OOA, 1.9416 MW in SMA, 2.482 MW
in SCA [21], 1.880 MW in IMO [21], 1.7898 MW in

GWO [22], 1.9736 MW in FPA [22], and 2.0420 MW
in SCA [22]. As illustrated in Table 12, all algorithms
exhibit reduced power losses compared to previous cases.
Furthermore, Figure 13 displays the convergence curve of
CGO in comparison to other algorithms, demonstrating its
ability to reach the optimal value in a fewer number of
iterations.

3) CASE 9
Optimal simulation results for CGO compared with different
algorithms on Case 9 are tabulated in Table 13. In Case 9,
the CGO method achieved an optimal gross cost value
of 1105.6378 $/h, which is lower than the minimal goal
values of other methods, namely 1121.5043 $/h in RIME,
1184.2 $/h in OOA, and 1105.996 $/h in SMA. Furthermore,
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TABLE 12. Optimal simulation results for CGO compared with different algorithms on case 8.

the values for GNDO [21], MVO [21], ALO [21],
SCA [21], and IMO [21] are 1120.996 MW, 1125.97 MW,
1138.357 MW, 1187.287 MW, and 1148.359 MW,
respectively.

Additionally, the proposed method resulted in an active
power loss of 1.8789 MW, a total generation cost of
917.7474 $/h, and a voltage deviation of 0.9214 p.u.

This was achieved by strategically placing three types
of FACTS devices (TCSC, SCPS, and SVC) in optimal
locations with appropriate capacities. The chosen cost criteria
for both thermal and renewable power units play a crucial
role in determining the optimal prices and losses in this
case. Taking both objectives into account, the CGO method
consistently achieves the lowest gross cost. Figure 14 demon-
strates the convergence curve comparison, highlighting the

superior performance of the CGO method compared to other
approaches.

E. DISCUSSION
An appropriate powermanagement system is a crucial tool for
establishing an economical and ecologically friendly power
supply network. However, due to the lack of research on
the utilization of metaheuristic algorithms for OPF problems,
this paper introduces a novel optimization technique called
Chaos Game Optimization (CGO), inspired by vitality. The
CGO algorithm is compared with RIME, OOA, and SMA
in various scenarios, and it outperforms them in most cases,
as demonstrated by previous results.

Hence, the CGO algorithm is thoroughly examined to
assess its performance in all cases. This section provides
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TABLE 13. Optimal simulation results for cgo compared with different algorithms on case 9.

additional analysis and evidence to support the effective-
ness of the proposed metaheuristic optimization techniques
applied to cases 1-9 of the IEEE 30-bus system, par-
ticularly focusing on addressing stochastic OPF problems
involving renewable energy sources. Initially, deterministic
OPF cases for the original network configuration (without
wind turbines and photovoltaics) are considered to show-
case the efficacy of the proposed method discussed in
previous sections. The suggested method is employed to
solve conventional OPF problems with fixed loads in this
scenario.

The suggested approach’s performance was validated by
comparing its results across various scenarios, with or
without the incorporation of renewable energy into the
system. The primary objective was to reduce the cost of the

thermal generator. The population size for all algorithms was
set at 100, and a maximum of 300 iterations was selected.
Upon analyzing the provided data, it was found that the CGO
method outperformed all other optimization algorithms by
achieving the lowest cost function value across all cases.
The integration of renewable energy sources (RES) into the
electricity network led to decreased transmission losses and
fuel running costs. The tables and Figures depicting the
results of 9 cases revealed that the lowest generation cost was
observed when integrating photovoltaics with a wind turbine
(cases 4-6), while the lowest active power loss occurred when
integrating FACTS with a wind turbine. The proposed CGO
technique exhibited superior performance compared to other
techniques (OOA, RIME, and SMA) mentioned in this paper
and previous article. Objective function comparisons for all
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FIGURE 12. Comparison of convergence characteristics of three
techniques with CGO for Case 7.

FIGURE 13. The convergence properties of CGO with other algorithms for
Case 8.

cases can be observed in Figures 15-17, while Figures 18-19
illustrate the emission and voltage deviation across different
scenarios. Notably, there were significant improvements in
the voltage profile, and maintaining acceptable load bus
voltages between 0.95 and 1.05 p.u. was crucial for the
optimal power flow problem. The voltage profiles of load
buses for all cases are depicted in Figures 20-22.
Figure 23 presents the optimal schedule of active

power generated by the generator for cases 1-3, while

FIGURE 14. Comparison of the convergence properties of three
approaches with CGO for Case 9.

FIGURE 15. The generation cost (Objective function) obtained in the
three cases for all scenarios by CGO algorithm.

FIGURE 16. The power loss (Objective function) obtained in the three
cases for all scenarios by CGO algorithm.

FIGURE 17. The Gross cost (Objective function) obtained in the three
cases for all scenarios by CGO algorithm.

Figures 24 and 25 display the corresponding schedules
for cases 4-6 and cases 7-8, respectively. In the con-
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FIGURE 18. The Emission obtained in the all cases by CGO algorithm.

FIGURE 19. The Emission obtained in the all cases by CGO algorithm.

FIGURE 20. Comparison of voltage profile of busses for all scenario in
gen cost in IEEE 30-bus.

text of the optimal power flow problem, the dependent
variable or state of interest is the generation of reactive

FIGURE 21. Comparison of voltage profile of buses for all scenario in
ploss in IEEE 30-bus.

FIGURE 22. Comparison of voltage profile of buses for all scenario in
gross in IEEE 30-bus.

FIGURE 23. Optimal scheduled actual power (MW) for Cases 1, 2, and 3.

power. It is crucial to ensure that the reactive power
constraints are satisfied during the optimization process.
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FIGURE 24. Optimal scheduled actual power (MW) for Cases 4, 5, and 6.

FIGURE 25. Optimal scheduled actual power (MW) for Cases 7, 8, and 9.

FIGURE 26. Schedule for reactive power from the generators for Cases 1,
2, and 3.

Figures 26-28 illustrate the reactive power schedules for
all generators. Upon examining the constraints outlined in

FIGURE 27. Schedule for reactive power from the generators for Cases 4,
5, and 6.

FIGURE 28. Schedule for reactive power from the generators for Cases 7,
8, and 9.

Tables (5-13), it becomes evident that the operation of all
generators often operates at or near their limits for reactive
power capability. Therefore, it is essential to pay attention to
managing the reactive power restrictions when optimizing the
technique. Proper constraint management strategies enable
network components to operate close to their limits without
exceeding them, offering an advantage in maintaining system
stability.

V. CONCLUSION
In this study, the optimal power flow problem in a power
system that includes solar PV farms, wind energy producers,
and thermal generators has been successfully addressed.
By minimizing the three distinct objective functions - total
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generation cost, transmission losses, and gross cost - the study
offers the most efficient generating schedules. The objective
of minimizing overall generating costs encompasses reducing
the expenses associated with traditional thermal generators,
mitigating the risks associated with procuring wind and solar
electricity from private owners, and minimizing the costs
of conventional thermal generators. Additionally, in order to
achieve cost-effective and environmentally friendly power
supply solutions, new optimal approaches (CGO, RIME,
OOA, and SMA) have been utilized to improve the power
electrical network’s quality by incorporating renewable
energy resources and determining the optimal placement
and size of FACTS devices. The results indicate that CGO
outperforms other techniques in terms of its ability to
handle complex OPF problems with a low convergence
rate and minimal computational costs, making it the most
effective metaheuristic technique. Future work can involve
integrating energy storage systems into the optimal power
flow framework to enhance the flexibility and reliability of
the power system. Additionally, exploring advanced machine
learning algorithms and artificial intelligence techniques for
optimizing power flow inmulti-energy systems could provide
more accurate and computationally efficient solutions. This
would contribute to the advancement of power system oper-
ation and planning, particularly in the context of renewable
energy integration.
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