JJEE

Volume 12 | Number 2 | June 2026 | Pages 388-398

. Y
K% Jordan Journal of Electrical Engineering
@

ISSN (print): 2409-9600, ISSN (online): 2409-9619

el i e dgaaa Homepage: jjee.ttu.edu.jo

Scientific Research Support Fund

AC Optimal Power Flow Using Whale and Sine-Cosine
Optimization Algorithms

Moath Bani Fayyad'*, Lina Alhmoud?

1 Al-Ahliyya Amman University, Amman, Jordan
E-mail: m.banifayyad@ammanu.edu.jo
2Yarmouk University. Irbid, Jordan

Received: Dec 14, 2025 Revised: Feb 05, 2026 Accepted: Apr 22, 2026 Avwailable online: Jun 15, 2026

Abstract— This work presents two meta-heuristic optimization approaches, namely the Whale Optimization
Algorithm (WOA) and the Sine-Cosine Algorithm (SCA), which are applied to solve the AC Optimal Power
Flow (ACOPF) problem in the power system. The objective is to minimize the total fuel cost of power generation
while satisfying power balance equations and operational constraints of generators and transmission networks.
The proposed methods are evaluated on the standard IEEE 30-bus test system. The major benefit of the ACOPF
is to find the optimal operating conditions of generators in a power system, subject to the generators™ and system
constraints across diverse scenarios. The performance of WOA and SCA is compared with that of a conventional
Genetic Algorithm (GA) used as a benchmark. Simulation results demonstrate that the proposed algorithms
achieve fuel cost values within the commonly reported range for the IEEE 30-bus AC-OPF problem, with WOA
yielding a minimum fuel cost of 801.85 $/h and transmission losses of 9.36 MW. The obtained generator dispatch
patterns and power loss values are consistent with those reported in recent literature. The results confirm that
WOA and SCA provide competitive and reliable solutions for the AC-OPF problem while preserving the
standard problem formulation.

Keywords— AC optimal power flow; Optimization; Whale optimization algorithm; Sine-Cosine optimization
algorithm.

1. INTRODUCTION

The AC Optimal Power Flow (ACOPYF) is a rich field in power systems for achieving
complete optimization of power operations. Research has shown interest in the application of
optimization in power system domains [1]. Those domains are considered highly nonlinear and
complex, with inflexible and tough rules: high-level modeling details, very large-scale,
numerous details in complex systems. Demanding performance requirements must get a good
solution quickly. The presence of renewables is one of the reasons that the power system grids
are changing continuously. A smart load concept arises, meaning energy consumption
responds to price signals and follows algorithms intelligently; this is also related to the so-called
demand response —the idea of local generation also plays an important role in grid change.
Consumers own their renewable generation assets, which impact the grid. Hence, power grids
are changing, which is spurring significant interest in the main ACOPF-based optimization task
used to operate them [2].

A power flow analysis is a steady-state analysis whose goal is to determine currents,
voltages, real and reactive power flow, in a system under conveyed load conditions [3].
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The optimal power flow problem was first formulated roughly 60 years ago [1]. The
power system has generators, power lines, transformers, and Buses (nodes). Each bus has a
load, i.e., a numerical demand for power. The objective is to meet demand at minimum cost,
with costs incurred at the generators. Awareness of the solution boundary of the AC power
flow problem is focal for evaluating strategies to improve robustness and determining the
robustness of operating points. A method of exploring that solution boundary has been
developed. Examples explain some of the possible forms that the solution boundary can expose
[4]. It appears that quite difficult behavior is possible. This could extensively influence the
formulation of algorithms to improve system robustness optimally. The ACOPF is a
mathematical optimization problem; the classical objective function is to minimize the
generation cost, i.e., the sum of the costs of all generators. Also, equality constraints, concerned
that the power at each node is balanced, are represented by the power flow equations. The
mathematical formulation of the ACOPF is based on the decision variables or control variables
(u) such at each generating units, the voltage and the active power output, the phase shifter
(quad booster) taps position, position of the transformer taps, control of power electronics
(FACTS, HVDC), status of switched reactors and capacitors, and amount of disconnected load
[5]. Next, the ACOPF optimization problem has state variables (x) that describe the system's
response to control variables changeset. Here, the state variables are the magnitudes of the
voltages at each bus, except at the generating buses. Also, the state variables can be the angles
of the voltages at each bus, except at the slack bus. The WOA is utilized to reduce the fuel cost
with losses. In this work, the IEEE-30 bus test system is used to evaluate the validity of WOA
in improving system performance [6]. The objective function is the fuel cost. Optimizing the
control variables are the fundamental emphasis while addressing objective functions possess
both equality and inequality constraints to be satisfied.

Two main constraints are enforced including an equality constraint that the generation
must be balanced to the load and inequality constraints mean there are lower and upper limits
on generating units' outputs. Here, the economic dispatch is limited in its application in power
systems because, in practice, not all loads and generating units are allied to the same bus,
resulting in unacceptable flows in transmission lines or unacceptable voltages at network buses.
Also, the state variables can be the voltage angles at each bus, except at the slack bus.

The main ACOPF challenges are the size of the problem: some problems exceed 1000s of
lines and hundreds of controls, and in some cases, the inequality constraints are binding. Other
challenges stem from the problem of being nonlinear and nonconvex. Some variables are
discreet based on the position of the phase shifter taps and the transformer and the condition
of switched capacitors and reactors. In power systems communities, numerous studies have
discussed ACOPF since the first publication in 1962 [1]. At the steady state operating point,
minimizing the cost of electric power generation around it is the main objective of the ACOPF.
While keeping the demand and the operating constraints adequately satisfied. Both the
constraints and the objective function are nonlinear; hence, the problem is expressed as a
nonlinear programming (NLP) problem [2].

The flow of power in transmission lines is depicted by using Kirchhoff’s voltage law
(KVL), and bus voltages and phase angles for computing real and reactive power to establish
the ACOPF in a nonlinear function. Hence, in the manifestation of these nonlinear equality
constraints in a nonconvex and feasible region. So, the ACOPF problem is characterized as a
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large-dimensional, nonconvex, nonlinear optimization problem with many operational
constraints [3].

In the literature, many optimization approaches are used to solve ACOPF problems. Such
as quadratic programming, Newton-based techniques, sequential unconstrained minimization
technique, and linear vs. nonlinear programming [2]. Generally, these approaches have
drawbacks, such as algorithmic complexity and unstable convergence. These techniques have
weaknesses accompanying with the piecewise-quadratic cost approximations and are difficult
to use when the penalization issues become tremendously considerable. The latest Meta-
heuristic optimization approaches, named SCA and (WOA) methods, are a new strategy to
solve the ACOPF problem and have a flexible and well-balanced mechanism [7, 8].

This paper is a comparative investigation the use of the Whale Optimization Algorithm
(WOA), and the Sine-Cosine Algorithm (SCA) to solve the AC Optimal Power Flow (ACOPF)
problem. The objective was to compare these two algorithms based upon their ability to
minimize fuel cost as well as their performance when using penalty function methods to handle
constraints. Both algorithms were tested under the same conditions utilizing the IEEE 30-bus
test case. In addition, each algorithm was run independently thirty times. The results from this
research identified significant differences in the performance of these two algorithms relative
to their robustness and rate of convergence and provide practical insight into the application of
meta-heuristics in power system optimization problems.

2. ACOPF FORMULATION
The ACOPF can be expressed mathematically; it is formulated as follows [9, 10]:

Ci(PGy) = Xi a; + B;PG; +v;PGf 1)
where
e C; : The total cost function.
e PG;: Power generation.
e NG : Number of generators respectively.
e i :number of generators.
e aj B Yi: the coefficients of quadratic production cost function.
Equality constraints for ACOPF

1. Real power flow equation:

Pgi — Ppi = X2, ViVj[Gijcos(6; — 6)) + Bjsin(6; — )]

i=1 to n (n= number of generators) 2
2. Reactive power flow equation

NB
Qi — OQpi = Z ) ViV;[Gijsin(6; — ;) — Bijcos(8; — 6))]
]:

i=1 to n (n= number of generators) 3)
where:
e NB is the number of buses, Pg; is the active power generation,
® (Qg; is the reactive power generation, Pp; is the active load demand,
e (p; is the reactive load demand, Gy; and By; are the conductance and susceptance
between bus i and bus k , respectively.
Inequality constraints:



Jordan Journal of Electrical Engineering. Volume 12 | Number 2 | June 2026 391

1. Limits on the control variables

ymin < y < ymex (4)
2. Operating limits on voltages

ymin <y < ymex ©)
3. Operating limits on real power

pmin < p < pmax (6)
4. Operating limits on reactive power

Qmin <Q< Qmax (7)
5. Operating limits on voltage angle

pmin < g < gmax 8)

3. OPTIMIZATION ALGORITHMS

3.1. Sine Cosine Algorithm (SCA)

The optimization algorithm based the SCA is adopted for solving optimization systems.
Multiple initial random candidates™ solutions are created by SCA. These candidates move
toward or away from the current best solution using a position-update model governed by
sine and cosine functions, with adaptive and random parameters embedded in the algorithm
to manage exploration and exploitation across various optimization problems effectively, see
Fig. 1 Error! Reference source not found.. The SCA is a metaheuristic optimization algorithm
stimulated by the trigonometric sine and cosine functions introduced by Mirjalili in 2016. It is
a simple mechanism but prone to local optima. The algorithm dynamically balances
exploration and exploitation through sine- and cosine-based position-updating mechanisms.
It is based on population-optimization that uses sine and cosine functions to control the step
size and direction of solutions, finding the optimal solution by enabling local and global search
in the solution space. The procedure can be concise as follows: (i) initialize the population of
candidate solutions randomly within the defined search space; (ii) evaluate the fitness of each
individual in the population; (iii) identify the best solution Pbest found so far; (iv) update the
position of each individual using sine or cosine based equations.; (v) update the best solution
if a better solution is found and finally, repeat until the stopping criterion is met [12]. This
technique introduces sigmoid-based nonlinear mapping to smooth updates, improves
exploration- exploitation balance and convergence stability. The performance results achieves
faster convergence, higher robustness and better global search. The main limitations observed
that the convergence may slow in flat or narrow regions, the directions updates remain
random with limiting adaptability [13].

Generally, the population is the first step in generating a set of random solutions based
on optimization techniques. This solution is estimated using an objective function. Also, a set
of rules is improved using the same solution. These rules are considered the core of an
optimization technique. This selection of the random population is stochastic [11]. However,
there is no warrant to find the solution in a single run. There should be an adequate number
of optimization steps, sufficient iterations, and random solutions. Thus, the chance of
obtaining the global optimum grows. There are many algorithms for stochastic populations in
the field that differ from one another. The harmony between these algorithms can be divided
into two phases: exploitation versus exploration. Regarding the former phase, to obtain
promising regions of the search space at a high rate of randomness, the algorithm immediately
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relates the random solutions from set [14]. During the exploitation phase, the random solution
undergoes continuous changes. Keep in mind that the exploration phase has more random
variations than the exploitation phase.

X (solution) .

P (destination) ®
/ 4
/ Next position region when ry<] /’///
// Next position vegion when ry>1

Fig.1. Effects of Sine and Cosine on the next position Error! Reference source not found..

The anticipated algorithm hypothetically can find out the global optimum of
optimization problems due to:

o SCA creates and improves a set of random solutions for a given problem, so it inherently
benefits from high exploration and local-optima avoidance compared to individual-
based algorithms.

e The SCA algorithm smoothly transitions from exploration to exploitation using adaptive
range in the sine and cosine functions.

e The best approximation of the global optimum is stored in a variable as the destination
point and never gets lost during optimization.

 Since solutions always update their positions towards the best solution obtained so far,
there is a tendency to converge to the best regions of the search space during
optimization.

In stochastic systems, many algorithms can be combined with SCA to improve its
performance. Finally, the SCA is very useful to solve the OPF problem.

3.2. Whale Optimization Algorithm (WOA)

In 2016, WOA was suggested via Ali Mirjalili and Andrew Lewis. It is a nature-inspired
novel meta-heuristic optimization algorithm [15]. It simulates the social performance of
humpback whales. Whales are elegant and massive animals. An adult whale can grow to 180
tons in weight and 30 m long. The fascinating thing about whales is that they are considered
extremely rational and emotional animals, despite being considered predators. They never
sleep completely; only half of their brain sleeps, because they must breathe close to the surface
of the ocean. The hunting technique of the baleen whale is adopted in WOA. The bubble-net
feeding strategy is an exceptional pursuit process. Whales' seeking strategy is to catch small
fish near the surface in a circular path, as shown in the Fig. 2.

The WOA is a novel meta-heuristic algorithm that uses Whales, the largest mammals on
Earth. They are intelligent due to the presence of spindle cells in their brains. Whales can mature
their own dialects, and they live in groups. There are seven types of whales, and the humpback
whale is one of these types [17]. It has a individual hunting mechanism called the bubble-net
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feeding technique. This scavenging behavior concerns initiating a special spiral-shaped (9
shape) path.

A\

Fig. 2. Bubble-net feeding behavior of humpback whales [16].

Humpback whales identify the position of their prey and encircle it; similarly, the best
solution approximates the optimum. After identifying this agent, the remaining agents need
to update their positions toward it.as shown in the following equation [15, 16]:

D=|CX®) — X ©)

Xt+1) =X(t)—A.D (10)
where A and C are coefficient vectors and can be calculated as the following equations; t
represents the present iteration, X' is the position vector of the best solution acquired as such,
X is the position vector, | | is the absolute value and is a component by-component
multiplication. Keep in mind that it is essential that X" should be updated in every iteration if
there is a better solution [15, 16].

A=2a'r—a (11)
C=2"'r (12)

At investigation and exploitation stages, a is promptly shrank from 2 to 0 through the
span of emphases and r is an arbitrary vector in [0,1]. Eq. (10) permits any hunt operator to
update its position throughout the existing best solution and remakes involving the prey [15,
16].

Two mechanisms are the sustaining behavior of humpback whales:

1. Conwvergent Circling System: This behavior is achieved by declining the approximation of
a in the Eq. (11). Keeping that the variability extent of A is additionally lessened by a
[17, 18].

2. Spiral redesigning position: In this mechanism, Once the separation between the prey’s
position and the whale’s position is determined, then the characteristic helix-shaped
motion of the humpback whale is constructed. As shown in the following equation [16]:
X(t+1) =D""cos@2n ) + X'(t) (13)

where bis a constant, [ is a arbitrary number in [-1,1]. D' =| X'(t) - X(t) | is the distance between
the best solution of prey and the it whale. The two aforementioned mechanisms reflect the
natural circling patterns of humpback whales during hunting. In the algorithm, these behaviors
are mathematically modeled. Both behaviors and updates each whale’s position by selecting
between them with a 50% probability, as follows [16]:
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X'(t)—A.D, p<0.5

D'ePlcos(2ml) + X'(t), p = 0.5 (14)

X(t+1):{

where p is an arbitrary number in [0; 1].

During the exploration phase, humpback whale search agents randomly explore the
search space to locate the optimal solution (prey) [19]. The prey’s position is updated based on
the positions of other whales. In this context, parameter A is assigned values exceeding 1 or less
than —1 to enable a search agent to move away from a reference whale. Unlike the exploitation
phase, the position of a search agent in the exploration stage is updated with respect to a
randomly chosen agent rather than the current best solution [16, 20].

3.3. Genetic Algorithm (GA)

A genetic algorithm is an efficient and reliable optimization algorithm stimulated based
on natural selection. It is a biological-inspired stochastic metaheuristic for combinatorial search
and optimization. It allows for the evolution of possible solutions to difficult computational
problems [21-23].

The procedure is starting with (i) create an initial population of random chromosome
(solution); (ii) Score each chromosome in the population for fitness after define a fitness
function, (iii) select the fittest members by creating a new generation of the population; (iv) use
crossover and mutation to create a new and improved generation then repeat the last two steps.
Finally, emit the fitness chromosome as the solution. Performance is measured using solution
fitness, clock time to convergence, iteration to convergence, number of solutions explored, and
inheritability.

4. STUDY CASE AND RESULTS

The proposed SCA and WOA algorithms is tested on the standard IEEE 30-bus with 6
generator units, 41 transmission lines and the load demand is 283.4 [MW] test system shown
in Fig. 3.

3.4. IEEE 30- Bus Test System
The required data for this test system in Fig .3 are shown in Table 1 [23].

Table 1. Fuel cost function parameters.

Fuel Cost Coefficients Generation Limits

Unit No. ) c pmin [ IR
a [$/MW2h] b [$/MWh] (5/h] [MW] MW]

1 0.00375 2.00 0 50 200

2 0.01750 1.75 0 20 80

5 0.06250 1.00 0 15 50

8 0.00834 3.25 0 10 35

11 0.02500 3.00 0 10 30

13 0.02500 3.00 0 12 40

3.5. RESULT USING ALGORITHMS

In all simulations, a population size of 30 individuals was used for each optimization
algorithm, as this value provides a good balance between exploration capability and
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computational cost for the IEEE 30-bus system. The maximum number of generations was set
to 500 based on preliminary convergence tests showing negligible improvement beyond
approximately 400 iterations, and the crossover and mutation probabilities for the Genetic
Algorithm were set to their default values as provided by the MATLAB optimization toolbox;
additional tests with different population sizes (20, 30, 50) and iteration limits (300, 500)
confirmed the effectiveness of the selected settings.

—_— 29
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30 26
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23
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v
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Fig.3. IEEE 30- bus test system [21].

Tables 2 and 3 present a comparative evaluation of the proposed WOA and SCA
algorithms against classical and recent metaheuristic approaches on the standard IEEE 30-bus
test system with six generators and a total load demand of 283.4 MW. As shown in Table 2,
the fuel cost obtained by the proposed WOA (801.85 $/h) and SCA (802.20 $/h) lies within the
commonly reported range of 801-803 $/h for GA-based and recent metaheuristic solutions.
Table 2. Mean and standard deviation of total fuel cost and transmission power loss obtained
over 30 independent runs for the IEEE 30-bus AC optimal power flow problem. The associated
transmission power losses are also comparable with published results, remaining within the
typical range of 8-10 MW. Table 3 further demonstrates that the generator dispatch obtained
by the proposed methods follows the same operating patterns reported in the literature, with
generator outputs remaining within their prescribed limits and consistent with previously
published IEEE 30-bus OPF solutions. Minor variations in dispatch and losses are expected
due to the stochastic nature of metaheuristic algorithms and different constraint-handling
strategies. Overall, the results confirm that the proposed approaches provide competitive and
reliable AC-OPF solutions while preserving the standard problem formulation. In addition to
the proposed methods, the results were compared with representative studies from literature
using the same IEEE 30-bus test system. As shown in Tables 2 and 3, the performance ranges
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reported for the Genetic Algorithm (GA) in [23] and for recent metaheuristic approaches such
as GBO, SSA, and NGO in [21] are included for reference. The fuel cost and power loss values
obtained by the proposed WOA and SCA fall within the same ranges reported in these studies.
Moreover, the generator dispatch values obtained in this work are consistent with the
operating ranges reported in [23] and [21], confirming the validity and competitiveness of the
proposed approaches when compared with well-established and recent optimization
techniques.

Table 2. WOA, SCA, and GA with power output of six generators, statistical comparison of fuel cost and power
loss for IEEE 30-Bus AC-OPF (30 runs).

Power losses P'°% Total Cost (Fuel Cost)
Optimization methods

[MW] MeanzStd [$/h] Mean*Std
WOA (proposed) 9.36 £0.03 801.852 + 0.004
SCA (proposed) 9.67 £ 0.05 802.2031+ 0.006
GA (benchmark) 9.40+£0.04 801.855 + 0.005

GA [23] 9-10 801-803

GBO, SSA, NGO [21] 8-10 802-803

Table 3. Statistical generator output results for IEEE 30-Bus system (30 runs).

Optimization Py P, Ps Ps P P13
methods [MW] [MW] [MW] [MW] [MW] [MW]
WOA 1766 + 847 + 215+ 23+ 117+ 120+
(proposed) 04 0.3 0.2 03 0.2 01
SCA 1816+ 70+ 25+ 198 + 100+ 120z
(proposed) 0.6 04 03 04 02 0.1
GA 1769 = 92+ 214+ 219+ 122+ 112+
(benchmark) 05 03 0.2 03 0.2 0.2
GA [23] 170-185 4555 20-25 1825 10-15 10-15
GBO, S5A, 170-190 45-55 20-25 18-25 10-15 10-15
NGO [21]

5.  DISCUSSION

The selected algorithms are up to the task and relevant to the system under study, but
the future holds more approaches in heavy power system engineering and hard science. The
findings of SCA and WOA are incredibly reasonable and certain within 500 iterations. From
Tables 2 and 3, the power output of six generators in WOA and SCA is the best optimum
output power from GA. The generator dispatches generated by the two proposed methods
shown in Table 3 follow the same operating conditions as those described in prior studies; i.e.,
the generator output remains within their prescribed operating limits and are similar to other
known IEEE 30-bus OPF solution results for generators. It is anticipated that there will be
minor differences in generator output, system loss, etc., because of the inherent random nature
of metaheuristics, and the differing ways in which constraints were treated in each case.
Therefore, overall, it appears that the proposed approaches produce competitive and reliable
AC-OPF solutions that also maintain the original problem formulations. The inclusion of
literature-based ranges from GA [23] and GBO, SSA, and NGO [21] further demonstrates that
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the proposed algorithms produce solutions that are consistent with benchmark and state-of-
the-art OPF results. The IEEE 30-bus system was selected as the test case in this study because
it is a widely used benchmark in AC optimal power flow research and allows direct
comparison with numerous existing works. It includes the main characteristics of practical
OPF problems, such as multiple generators and control variables. Although additional
benchmark systems could further demonstrate scalability, this work focuses on the IEEE 30-
bus system. Future studies will extend the proposed approach to larger systems, such as IEEE
57-bus and 118-bus networks.

6. CONCLUSIONS

In this work, the optimal solution for the ACOPF problem is verified using the SCA and
WOA. These algorithms are tested on the standard IEEE 30-bus system with six generating
units and a total load demand of 283.4 MW. The results show that both WOA and SCA achieve
feasible and competitive solutions, with fuel cost, power loss, and generator dispatch values
consistent with those reported in the literature. Although WOA produced a slightly lower fuel
cost and power loss than SCA and GA, the differences among the methods are relatively small,
indicating comparable performance. Overall, the findings confirm that WOA and SCA are
effective and reliable techniques for solving the AC-OPF problem under standard operating
conditions.

The proposed framework will be extended to larger power systems and multi-objective
AC-OPF formulations incorporating emission and power-loss minimization. Future work will
extend the proposed WOA and SCA approaches to larger benchmark systems, such as the
IEEE 57-bus and 118-bus networks, in order to further evaluate their scalability and
robustness.
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