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Abstract

In this study, the economic dispatch problems, which are indispensable in electrical en-
gineering, are addressed utilizing Grey Wolf Optimization (GWO). Conventional math-
ematical methods struggle to provide quick, reliable solutions to nonlinear problems in
power systems with many generation units. An economic dispatch solution operates by
allocating generation sets with the lowest fuel costs to meet predetermined power balance
constraints. GWO is a meta-heuristic set of rules that has garnered significant attention
in the literature due to its suitable exploratory and exploitative properties, rapid and ma-
ture convergence rate, and straightforward architecture. When dealing with a nonlinear
constraints problem, such as ED, it has gained significant recognition for its balance of ex-
ploration and exploitation, reliable convergence characteristics, and simple implementation
framework. The proposed Grey Wolf Optimization algorithm is evaluated using real-world
generation case benchmark comparisons for 3-unit, 6-unit, and 15-unit systems. Results
demonstrate the impact of incorporating renewable energy source (RES) uncertainty; fuel
costs increase significantly from USD 7598 to USD 21,240 for the 3-unit system, USD 13,397
to USD 46,216,658 for the 6-unit system, and USD 32,622.55 to USD 33,723.11 for the 15-unit
system, highlighting that RES integration is more economically viable in larger systems.
The paper’s significant contribution is its essential mechanism for power systems, which
enables lower global energy costs, improved operational efficiency, and enhanced grid
reliability through strategic resource allocation in a constrained economic dispatch energy
management system.

Keywords: constrained economic dispatch; Grey Wolf Optimization; prohibited zones;
ramp rates; renewable energy sources; Artificial Intelligence-based optimization methods

1. Introduction

The development of sustainable energy scheduling and industrial power system oper-
ations ensures a reliable, practical representation of industrial energy networks, fostering
environmental, economic, and technological advancement. The electricity market has
become more competitive and open due to rising energy consumption. Economic dispatch
(ED) is a valuable tool in modern energy systems. A management system for operations
and planning in economic dispatch is essential for sustaining power system efficiency.
Reducing production costs and improving system dependability maximizes thermal units’
energy efficiency through effective dispatch. The constrained economic dispatch problem
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(CEDP) utilizes optimization to determine the optimal generator solution that maximizes or
minimizes operational cost in practical scenarios, subject to constraints. The goal of CEDP is
noteworthy in power system operational forecasting, given power balance constraints and
limits such as ramp-rate limits, transmission losses, and prohibited zones. CEDP is a non-
convex, nonlinear optimization problem that is challenging to solve using calculus-based
methods; meta-heuristics or evolutionary optimization methods have proven capable of ad-
dressing a wide range of optimization problems [1]. The escalating concerns regarding the
climatic impacts of fossil fuel consumption and expenditure per kilowatt-hour render RESs
increasingly appealing, as elucidated in the energy—carbon nexus model for the forthcoming
low-carbon products within the transport-manufacturing sector [1]. Ref. [2] indicates that
sustainable, clean, and RESs have gained notable competitiveness in recent years, driven
by technological advances and the imposition of environmental regulations. Renewable
energy sources such as photovoltaics, wind turbines, and energy storage systems facilitate
the establishment of a hybrid system (HS). These methodologies can minimize operational
downtime and enhance power supply reliability while being more cost-effective than tra-
ditional grid power systems [3]. Variability in weather conditions significantly influences
the output of wind turbines and photovoltaic systems, thereby impeding their optimal uti-
lization. Consequently, the incorporation of renewable energy sources into hybrid systems
dictates the cautious evaluation of economic viability and energy-managing strategies [2].
Figure 1 illustrates a schematic diagram of an economic dispatch problem in a single- and
multi-area HS with grid integration and industrial /domestic loads.
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Figure 1. Schematic diagram of an economic dispatch problem in a single- and multi-area hybrid
energy system with grid integration and industrial /domestic loads.

Proposed Innovation Study Contribution

Under power-balance constraints and the generator’s upper and lower operating
limits, the ED problem minimizes overall operative cost. The supply of renewable energy
sources is uncertain, and grid-integrated RES subsystems use quadratic uncertainty cost
functions for RES generation. However, optimization methodologies can effectively address
key economic dispatch challenges in the power system.
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The paper’s significant contribution is its essential mechanism for power systems,
which enables lower global energy costs, improved operational efficiency, and enhanced
grid reliability through strategic resource allocation in constrained economic dispatch.
This technique minimizes operating costs while complying with operational restrictions.
The practical challenges of real-world economic dispatch optimization need changes in
dynamics to increase the overall efficiency and effectiveness of power system network
operation. Furthermore, a Grey Wolf Optimization application in power system optimiza-
tion will reduce the total operating cost of all producing units supplying the grid while
also satisfying network constraints, promoting technological development, and advancing
sustainable power system development. The generator output trajectories repeatedly ad-
just unit dispatch levels, gradually settling within viable operating ranges while ensuring
compliance with generating and banned zone constraints. This practical matching makes
the proposed GWO more appropriate for near-real-time applications, which broaden the
applicability of GWO to the contemporary stochastic nature of constrained ED for grid
procedures by bringing optimization outputs into line. This, in turn, demonstrates the
performance of the proposed GWO-based ED framework, as evidenced by a rapid drop
in the objective function convergence curve during the first few iterations, followed by
stabilization, indicating the algorithm’s ability to achieve a near-optimal solution while
addressing power balance challenges efficiently.

The study highlights are as follows:

i. A constrained economic dispatch with integrated RESs within a multi-unit generation
system to meet power balance demand using GWO is proposed;

ii. A simulation environment is used to address power balance demand in a grid-tied
RES-hybrid system.

iii. Case studies and benchmark comparisons of the 3-unit, 6-unit, and 15-unit systems
are presented.

This study aims to develop and evaluate a Grey Wolf Optimization (GWO) method
for solving constrained economic dispatch problems that include transmission losses, pro-
hibited operating zones, and ramp-rate limits. Renewable energy sources are incorporated
using Monte Carlo-based uncertainty cost functions to reflect realistic variations in gener-
ation. The method is applied to 3-unit, 6-unit, and 15-unit benchmark systems to assess
performance across different system sizes. The paper is structured as follows. Section 2
presents meta-heuristics and evolutionary-computation optimization methods for con-
strained ED problems. Section 3 defines the GWO method. Section 4 presents the case
studies and benchmark comparison simulation results and discussion. Section 5 concludes
and suggests future work.

2. Literature Review

Numerous derivative-based methodologies, including traditional optimization tech-
niques predicated on dynamic programming (DP) [4], Lagrangian relaxation [5], branch
and bound approaches [6], gradient descent method [7], lambda iteration method (LIM) [8],
linear programming (LP) [9], quadratic programming (QP) [10] coordination equations [11],
and MINLP [12], which assume a monotonically snowballing piecewise linear cost func-
tion, are effectively employed to address the ED problems. Solutions to ED challenges
using dynamic programming can yield prohibitively large dimensions, requiring substan-
tial computational resources. Due to the incorporation of nonlinear attributes, including
ramp-rate constraints, POZ regions, and nonlinear cost functions, these methodologies
become impractical for real-world systems and fail to identify the global optimal solution.
Given the extensive array of ED problems of an exceedingly nonlinear nature, conventional
calculus-based methodologies perform inadequately and become trapped in local optima.
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In recent years, these strategies have been successfully used to handle ED problems that
are neither convex, smooth, nor differentiable. However, when related to other approaches
(Table 1), such as differential evolution (DE), Woodpecker Mating Algorithm (WMA), equi-
librium optimizer (EO), (L-HMDE), diversity-based parallel particle swarm optimization
(DPPSO), crow search algorithm (CSO), crow search Teaching-Learning-Based Optimiza-
tion (TLBO), and Memetic Salp Swarm (SSS) algorithm, GWO exhibits the most substantial
overall superiority, followed by PSO. The PSO method demonstrates rapid yet premature
convergence during mid-optimal search processes, whereas it shows a slower convergence
rate in more refined search scenarios. Numerous methodologies exist for enhancing PSOs
by manipulating population sizes, thereby increasing the likelihood of achieving swifter,
more precise convergence. This paper undertakes a thorough examination of GWO algo-
rithms. Application-related challenges can significantly affect the computational demands
of optimization processes. The careful selection of appropriate programming libraries,
languages, and compilers is imperative for improving the computational efficiency of the
optimization algorithm. The operating system, along with other integral CPU and RAM
computer mechanisms, plays a crucial role in ensuring optimal computing performance
across a variety of tasks. Engineers are required to assess the resources at their disposal to
tackle an optimization problem effectively and to evaluate various alternatives for resolu-
tion in compliance with established criteria. The fuel cost function accounts for restricted
operational zones and a range of fuel alternatives in a nonconvex problem.

Table 1. Optimization technique/solution approach for constrained ED problems with losses, POZ,
and limits.

Optimization

Ref. Technique/Solution

Objectives/Constraints Addressed  Test Power System Considered

Approach

[13]

[14]

[15]

[16]

[17]

Fuel cost reduction and valve

o o point effects. e  Test systems consisting of 13-,
Equilibrium Optimizer Transmission losses and ramp 15-, and 140-unit systems.
rate limits.
Power balance constraint for
Differential handling repair. o  Tested on 6-, 10-, 13-, 15-, 20-,
evolution-based algorithm Penalty mechanisms with . 40-, 110-, 140- and 160- unit
(L-HMDE). transmission losses, pl‘OhljbltGd systems.
zones, and ramp-rate limits.

o Operational costs constraint e Applied to combined heat and
Metfihgur1§t1c ] addressing transmission losses power economic dispatch
Optimization Techniques and generation limits. (CHPED).

Crow Search Algorithm, Operational constraints, while T . ¢
and Differential Evolution minimizing power costs and ® est systems consisting o
(DE) Optimization power losses. three- and six-unit systems.
Algorithm . L

Fuel cost reduction, prohibited

operating zones (POZ), Impl d . .
Woodpecker Mating valve-point effects (VPE), * mplemented on a six-unit
Algorithm ramp-rate restrictions, and system.

transmission losses.
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Table 1. Cont.

Optimization
Ref. Technique/Solution Objectives/Constraints Addressed  Test Power System Considered
Approach
o  Total generating costs Implementation details such
minimization. as particle definition,
Diversity-based parallel e  Valve-point impacts, evaluation function design,
[18] particle swarm transmission losses, restricted and equality and inequality
optimization (DPPSO) operating zones, and ramp management strategies have
rate limits. been thoroughly addressed.
¢ Power'balance, restr1cted' Verified through testing on
operation zones, generating . . .
[19] Crow search algorithm limits, and transmission power 6-unit, 10-unit, and 15-unit test
losses. systems.
Fuel cost reduction.
Operating zones (POZ), valve Three benchmark test systems
[20] Genetic Algorithm variants point effect (VPE), and of 6, 10-, and 15-unit systems.
transmission line losses.
. . ¢ E;Vﬂir(?{;ﬁi?caen(g?ésﬁgge?te Tested across three distinct test
[21] L1ghtr.11ng Search operatin zo,ne (PoZ) with and systems with 6, 13, and 38
Algorithm (LSA) P & generating units.
without power losses.
Three thermal generating test
Particle swarm e  Fuel cost reduction and CPU systems, 6-, 10-, and 40- units,
[22] optimization (PSO) time efficiency. were considered to validate
algorithm the proposed method.
e Load demands are addressed
with two additional Tested on 3-, 6-, 13-, 15-, 40-,
[23] Salp Swarm Algorithm constraints: and 80- unit systems with 850
(SSSA) e  Prohibited Operating Zones MW.
and Ramp Rate Limits.
e Load balance and power
Memetic Salp Swarm outpgt: . Tested on 3-, 6-, 13-, 15-, 40-,
[24] e  Prohibited operating zones and 80- unit systems.

Algorithm (MSSA),

and ramp-rate limits.

Global optimization has grown in prominence, with numerous stochastic and deter-
ministic approaches being proposed over the past decade, advancing the ever-expanding
field. Due to constraints, mathematical approaches may fail to yield practical, globally
optimal solutions for ED. Evolutionary computation has several compensations over other
stochastic algorithms, including consistent performance and global search abilities. Despite
much exploration, reliable resolutions to the realistic ED problem continue to appear. If
computations were performed at each site, solving the load dispatch problem would be
highly complicated and time-consuming. As a result, a quick strategy is required for this
aim. Nonlinear thermal-generating units require distinct solutions for optimal generation
scheduling in nonconvex economic dispatch situations. Conventional power plants are
costly to operate because of high energy prices and maintenance expenses. Since they are
primarily located in remote areas, power plants rely on long transmission lines to deliver
power from producers to consumers. The economic dispatch problem, like many complex
engineering optimization problems, exhibits nonlinear and nonconvex characteristics. Be-
cause of several local extrema, computational approaches may fail to identify the global
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extremum, making it challenging to find the best solution. Because of limited resources,
rising generation costs, and expanding demand, modern power systems require maximum
energy efficiency. To demonstrate their effectiveness, the proposed GWO methods were
compared with other heuristics for computation, after validating the ideal solution selected
to address a constrained ED problem. Power systems are highly reliant on adequate,
responsive power supplies, which increase power system energy losses, instability, and
voltage profile—providing appropriate responsive power loss reduction, increased stability
margins, and improved voltage profile. This study focuses on the constrained economic
dispatch caused by steam valve action or shaft-bearing vibrations, which can limit the
generating unit’s power output, therefore protecting the unit and achieving the maximum
fuel cost optimization.

3. Materials and Methods
3.1. Materials

Economic dispatch is a significant operational scheduling feature of power systems.
ED minimizes energy cost, generation operational conditions, and transmission limitations.
In this paper, the mechanisms work together adaptively to meet grid thermal generation
load integrated with renewable energy sources (Figure 2). Using a case study and an Al
system, the combined solution is obtained and tested on a standard IEEE bus test system.
In the simulation, the GWO method was implemented in MATLAB R2022b 9.9 toolboxes
on Windows 11 with an Intel Core i7 processor. Fitness values represent the prey’s distance
from the wolf. The fitness value classifies wolves into three groups, each of which is used
to minimize the objective function via a transformation, with a maximum of 200 iterations.
Figure 2 presents the distributor dispatching order for constrained economic dispatch with
integrated renewable energy sources.

3.2. Methods

The power-balance constraint prevents overproduction by requiring that generated
power equals the load demand, transmission network losses. Equation (1) describes the
economic dispatch problems with committed units, generation output (Pi) linked to a single
bus-bar, and cost (Ci) inclusive of losses, PZ, and ramp-rate.

Generator Quadratic Cost Function

The ED cost function optimization problem is articulated as a quadratic cost sum
function. Each generator i has a function written as

Fi(P;) = aP? + b;P; + ¢ D
Total generation cost

F(P) =3, (“Piz +biP; + Ci) )

Power Balance Constraint

The thermal generator’s total power output units demand aggregate power equiva-
lence with the load, together with the incurred total transmission losses. Consequently, the
equality constraint can be expressed mathematically as

N
Y1 Pci—PL="Pp ®)

If this constraint is violated, a significant penalty (1 x 10°) is added to discourage
infeasible objective function solutions.
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Figure 2. Distributor dispatching order for constrained economic dispatch with integrated renewable
energy sources. The arrow is an interface between distribution line with distribution dispatch center.

Transmission Loss Constraint

Kron’s loss formula, also known as the B-coefficient formulation, is used to compute
system transmission loss using power flow coefficients. The transmission network losses
are calculated using the B-coefficient method:

N «N N
PL=),, Zj:i P;Bi,iPj + ) _;_; Boi,Pi + Boo [MW] 4)

The transmission network loss constraint can be expressed as follows.

With loss model coefficient symmetric matrix B € B € R™", vector B, € R™", and
scalar B; Using the model, By; model, and the Byy model in the code.

Where P; = active unit in power generation; P; = active unit j power generation; and
B;j, Boi, Boo = transmission loss coefficients.

Prohibited Operation Zones (PZ)

The generating units may contain POZ due to mechanical factors on their input-output
curves, such as shaft bearing vibrations or auxiliary components unit faults, including the
feed pumps and boilers. These zones prevent operation within certain output ranges to
avoid mechanical damage or stability issues. Additionally, ramp-rate limits restrict the
speed at which a generator can increase or decrease its output between consecutive time
intervals. To maintain feasible operation, prohibited operating zones (PZs) and ramp-rate
limits (UR and DR) are included in the fitness function through penalty terms. Any output
that falls within a prohibited zone or exceeds ramping limits adds a penalty to the total fuel
cost. This ensures that the dispatch schedule minimizes fuel cost while keeping generator



Sustainability 2025, 17, 10648

8 of 22

outputs within allowed ranges and respecting ramping constraints. In practice, the feasible
operating range for each generating unit can be expressed as follows:

Pi ¢ [P, PY| U [Ph, PY]...ni-1 ®)

Prohibited zones for unit i are penalized as an interval collection Z; = {(a;1, bj1),
(lliz, biz), ....... (aik, bik)}

Delivered power to the load:

Demand imbalance penalty (absolute divergence in code) with M as 10°:

Penaltyd(P) = M[Pdelivered(P) - Pd]' (6)

The code reduces a penalized objective (an unconstrained formulation with bound
restrictions and penalties).

Ramp-Rate Limits (UR, DR)

To ensure efficient operation, each producing unit’s operational range is limited by
ramp-rate constraints that require it to run between two specific zones. The ith generator’s
power output (Pi) cannot exceed the previous interval’s power output (Pio) by more than
the up-ramp rate limit (UR) or less than the down-ramp rate limit (DR). This constraint can
be mathematically represented as

PP" = max(Pg;.PY; — DR;) )

P2 = min(Pg;.P2; — UR;) (8)

1

Fuel cost and loss model
Total fuel cost:

Minimize Frop = Y, (aPiz 4 b;P; + cl-> + \|Pgi — Pp— Py )
where A = 10° is a significant penalty factor that enforces the power balance constraint
N
Cfuel(P) = Zizl Ci(P) (10)

N
Pietiverea(P) = Zt:l P; — Poss (P) (11)

3.3. Description of the Test Systems
3.3.1. Test System 1

The simulation ED incorporates data from coal-fired power plants operated by South
Africa’s energy behemoths, as well as from the Solar PV Company website. The demand
is 850 MW, 1263 MW, and 2630 MW, with a maximum of two hundred iterations for
GWO. Applied on IEEE 14-, IEEE 30-, and IEEE 118- bus systems, comprising 3 genera-
tors, 6 generators, and 15 generators, using zero quadratic cost coefficients for renewable
energy sources (RESs). The quadratic functions cost for conventionally generated power
was developed using plant input-output quadratic function parameters, while the solar
PV plant input-output cost functions were Monte Carlo uncertainty cost functions from
the literature. The ED issues associated with altering load demand and producing unit
numbers are investigated using 3-, 6-, and 15-unit case studies. GWO models grey wolf
population dynamics, guiding the search agent through interactions and collaboration
among wolves. The GWO approach simulates a ranked wolf pack structure, with alpha,
beta, delta, and omega representing the pack leaders. Their placements are iteratively mod-
ified to find the ideal solution. The beta offers feedback to the alpha while also enforcing
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the alpha’s directives throughout the pack. The omega, the lowest-ranking grey wolf, is
repeatedly scapegoated.

3.3.2. Test System 2
IEEE 14-, IEEE 30-, and IEEE 118-Bus Systems Comprising 3 Generators, 6 Generators, and
15 Generators, Using Monte Carlo UCF for RESs

Uncertainty cost function (UCF) modelling in the context of ED may pose analytical
challenges for quantifying the anticipated cost of uncertainty, which is mathematically in-
corporated through probability distributions for individually significant renewable energy
sources (RES). Modelling the availability of primary RESs for these technologies enables
power-scheduling optimization [24]. The stochastic generator may exhibit discrepancies
when compared to the actual power dispatched. W, ; and power projected via the system
operator W; ;. Consequently, it is imperative to account for the cost of uncertainty through
potential underestimations (W, ; < W, ;) or overestimation (W ; > Wy, ;).

UCF = Cu,i(Ws,i/ Wav,i) + Co,i(ws,i/ Wtw,i) (12)

Uncertainty in renewable energy sources is modelled using Monte Carlo simula-
tion [25]. The resulting uncertainty cost function (UCF) is then integrated into the economic
dispatch optimization to provide a reliable assessment. The main steps for carrying out the
simulation [26,27] are as follows:

1. A power value denotes power i, as calculated by the ED solar generator model, Wpy ;.
Monte Carlo replication produced a random irradiance rate that represents the RES’s
functional-uncertainty cost.

2. For the generator i (G; in a Monte Carlo scenario), the irradiance random value is
calculated using a log-normal probability distribution.

3. The solar power-generated Wpy ¢ ; comparisons are derived from random irradiance.

4. To estimate uncertainty cost, use the following formulas. If Wpy ; < Wpy ;, use the
underestimated state; if Wpy; < Wpy s, use the overestimated state.

5. Steps 24 are specified Monte Carlo repetitive scenarios.

6.  The entire accumulated cost expected value is determined; this is the UCF value.

7.  Steps 1-6 are repeated for each conceivable power value programmed into the eco-
nomic dispatch model (Wpy 4 ;).

The quadratic function is modelled using the MATLAB R2022b 9.9 toolboxes to run
the best approximation to program the ED UCF while the optimization problem is being
solved. The simulation was developed to solve optimal power flow challenges, primarily
for academics and educators [25]. The solar PV UCF approximation for the best illustration
is as follows:

F(Wpysi) = 0331 (Wpy;)* + 33.544(Wpy ) — 918.558 (13)
To be included in ED models, the UCF must meet specific criteria.
Wpys.i > 25 [MW] (14)

With this knowledge, it is possible to represent the UCF as a programmed power
polynomial as a self-determining variable and its quadratic approximation (Equation (15))
for wind turbines as follows:

F(Wysi) = 1.744(W,y,50)% + 3.643(W,,,,;) — 183.851 (15)
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Although this function accurately depicts the behaviour of the expected value of
uncertainty cost, using it in economic dispatch models may be impossible or difficult since
the cost functions utilized in them are comparable to the UCF. This scenario is one in
which this plant has a power value dispatched. Wpy ;; and W, ; is proposed, since the
uncertainty cost function may then be expressed as a quadratic function and incorporated
into the ED models.

3.4. Grey Wolf Algorithm for Solving Constrained ED Problems

Step 1: The number of search agents (or wolves) is used to estimate the population
size. Except for the final randomization, all generating units are initialized at random
between their lower and upper fundamental power working limitations, ensuring that each
component’s generator capacity (agents or wolves) requirements are met. The last unit’s
active power generation is evaluated using the data in Table 1 to determine whether it meets
the inequality criterion, i.e., infeasible reinitialized solutions. Various initially generated
solution sets are based on population size. The acceptable solution set reflects the search
agents’ perspectives. A location matrix is created using the original search agents [28].

Step 2: Set up search agents’ location vectors to locate and encircle prey within the
grey wolf’s upper and lower boundaries. The maximum iteration number has also been set.
Assume that N is the number of search agents (wolves) specified in the code—SearchAgent
s_no = 30 and N is the number of generators (search space dimension).

Each candidate solution (wolf position) is a vector:

X;i=[PiPa,.een.... PNG] =12, ,Ng (16)

where P;; is the power of generator j in wolf i.
Identification of the top three leaders
At each iteration t, X, is the best cost, Xﬁ is the 2nd best, and X is 3rd best.
Compute the decreasing coefficient

2t
a(t) =2— 17
( ) Tmax ( )
Tmax are 200 iterations in the code.
For each wolf (p) and dimension (j), update using the three potential positions
Al = 2611’1 —a, C1 = 21’2
T 1
Dy = [clxa, - X!, X]( ) = X,y — AiD,,
Ay =2arz —a, C1 =2ry
Dy = [Cxg — XP], x® = X4, — A,D (18)
BT V28] T A0 A T 4Bl T A2MB,
A3 = 2&1’3 —4a, C1 = 27’6
T 3
D; = [CgX(;] -x!), XY = Xy — A3Dy,
Then set
x4 x@ 4 xO
X]'? — 13 / (19)

Step 3: Assess each solution’s fitness values. Fitness values represent the prey’s
distance from the wolf. The fitness value classifies wolves into three groups: a, b, and d. To
capture prey, grey wolves alter their hunting behaviour using Equation (15).

Objective Cost Function

Putting all the pieces together, the fitness function computed in fitnesswithlosses (P,
model) is
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fitness(D)

Figure 3. Flowchart of grey wolf algorithm for solving constrained ED problems.

Subject to Pim-act < p; < pmaxact vy,

Step 4: Use Equations (16)—(20) to update the positions of search agents.

N, N .
t—Gl (aPl-z + b;P; + Ci) + 10° [Zt:l P; — Pjyss (P) - Pd:| +PZ — penaltles

Step 5: Repeat steps 3—4 until they reach the prey.

Step 6: After a predetermined number of iterations, the process terminates.
The flow chart is illustrated in Figure 3.

Start

A\

Initialization of grey wolfs (SearchAgent s_no
=30)

Y

Initialize (16 - 19)
XI' =
(PisPig, o Pi),

Use equations (16) - (20) to
update the positions of search

agents

Fy

A 4

Update
a,b, and d (13)
and 15)

A

Update
X, Xp X,

Y

Iter = Iter+1

v

Assess each solution’s
fitness, classified as a,
b, and d (9) and (20)
XI' =
[PirPig, e, Pingl,

Find
Xaa X.B’ X6

Display
X, and fitness
value

)

End

(20)

3.4.1. Case 1: 3-Unit Generator System with the Demand of 850 MW Using Monte Carlo

Uncertainty Cost Functions with RESs

The three-unit case study generator system with 850 MW load demand data [29,30]

was simulated using Monte Carlo UCF for RESs. In minimum circumstances, the search
space’s capability does not require multiple wolves to identify the best solution; however,
for maximum circumstances, rapid space intensification necessitates the exploration of
numerous wolves to determine the global optimum precisely. Table 2 presents IEEE 14-bus
system cost data for the 3-unit system’s power constraints used in the GWO for ED, as well
as the anticipated ramp-down and ramp-up limit constraints and the prohibited zone.
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Table 2. IEEE 14-bus system quadratics cost data and Monte Carlo uncertainty cost functions for
RESs for 3-unit systems.

Generator Limits

Fuel Cost Coefficients Without RESs Fuel Cost Coefficients with RESs
Bus [MW]
No P P a; b; G a; b; G
max min - [USD/MW?h] [USD/MWh] [USD/h]  [USD/MW?h] [USD/MWh] [USD/h]
1 100 600 561 7.92 0.0016 561 7.92 0.0016
2 100 400 310 7.85 0.0019 918.558 33.544 0.331
5 50 200 78 7.97 0.0048 183.851 3.643 1.744
Transmission loss coefficients
Bo1 B
0.01890 —0.00342 —0.007660 0.0002940 0.0000901 —0.0000507
0.0000901 0.0005210 0.0000953
B00 = 0.000014 —0.0000507 0.0000953 0.0000953
3.4.2. Case 2: Six-Unit Generator System with 1263 MW Power Demand
The 6-unit generator case study load-demand data for 1263 MW employs a coefficient-
loss value [29,30] and Monte Carlo UCF for RESs. The IEEE 30-bus system has 26 buses
and 46 transmission lines, 6 x 100 for RES units and thermal, including Monte Carlo UCE
Table 3 shows the IEEE 30-bus system power-constraint cost data for 6-unit systems applied
in the proposed GWO, which uses UR and DR limits and generator-banned zones as key
model limitations, as well as a partial solution for unit commitment.
Table 3. IEEE 30-bus system quadratics cost data and Monte Carlo uncertainty cost functions for
RESs for 6-unit systems.
.Ge'n erator Fuel Cost Coefficients Without RESs Fuel Cost Coefficients with RESs
Bus Limits [MW]
No P P a; b; [ a; b; <
max min - [USD/MW?h] [USD/MWh] [USD/h]  [USD/MW?h] [USD/MWh] [USD/h]
1 100 500 240 7.00 0.0070 240 7.00 0.0070
2 50 200 200 10.0 0.0095 918.558 33.544 0.331
5 80 300 220 8.5 0.0090 183.851 3.643 1.744
8 50 150 200 11.0 0.0090 918.558 33.544 0.331
11 50 200 220 10.5 0.0080 183.851 3.643 1.744
13 50 120 190 12.0 0.0075 190 12.0 0.0075
Transmission loss coefficients
Bo1 B
0.0017 0.0012 0.0007 —0.0001 -0.0005 -0.0002
—0-3908 01279 0.7047 0012 0.0014 0.0009 0.0001 00006 -0.0001
0.0007 0.0009 0.0031 0.0000 -0.0010 -0.0006
00591 02161 —06635 490y 0.0001 0.0000 0.0024 -0.0006 -0.0008
B00=0.056 —0.0005 —0.0006 —0.0010 0.0006 0.0129 —0.0002
e —0.0002 —0.0001 —0.0006 0.0008 —0.0002 0.0150

3.4.3. Case 3: Fifteen-Unit Generator System with Demand of 2630 MW

Table 4 presents 15 thermal input-output characteristics and 7 thermal and 8 RESs
Monte Carlo UCFs with a population dimension of 15 x 100 in case 3. The planned ED
GWO with UR and DR restrictions resulted in 15 x 15 prohibited zones.
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Table 4. IEEE 118-bus system quadratics fuel cost and generator data using Monte Carlo uncertainty
cost functions for RESs for 15-unit systems.

Generator
Limits [MW]

Fuel Cost Coefficients Without RESs Fuel Cost Coefficients with RESs

Bus
No aj bi Ci bi Ci
Pmax Pmin [USD/MW?h] [USD/MWh] [USD/h] a; [USD/MW?h] [USD/MWh]  [USD/h]
1 150 455 671 10.10 0.0003 671 10.10 0.0003
2 150 455 574 10.20 0.0001 574 10.20 0.0001
5 20 130 374 8.80 0.0011 918.558 33.544 0.331
4 20 130 374 8.80 0.0011 183.851 3.643 1.744
4 150 470 461 10.40 0.0002 461 10.40 0.0002
5 135 460 630 10.10 0.0003 630 10.10 0.0003
8 135 465 548 9.80 0.0003 548 9.80 0.0003
10 60 300 227 11.20 0.0003 227 11.20 0.0003
25 25 162 173 11.20 0.0008 918.558 33.544 0.331
26 25 160 175 10.70 0.0012 183.851 3.643 1.744
30 20 80 186 10.20 0.0035 918.558 33.544 0.331
37 20 80 230 9.90 0.0055 183.851 3.643 1.744
38 25 85 225 13.10 0.0003 918.558 33.544 0.331
63 15 55 309 12.10 0.0019 183.851 3.643 1.744
64 15 55 323 12.40 0.0044 323 12.40 0.004

The transmission loss B-matrix illustrates the relative strength of loss interactions
among generators. Most coefficients are very small, indicating that individual generator
pairs contribute only minor losses to the system. A few higher-value coefficients appear
as brighter regions, showing stronger loss effects, while darker regions indicate minimal
or negative interactions. The transmission losses are generally well distributed, with only
a few generator combinations contributing significantly more than others. Overall, the
matrix reflects a system with moderate and localized loss influences.

4. Results and Discussion

The developed GWO effectively established the maximum yearly cost savings and
significantly increased the solar PV self-consumption, resulting in a substantial cost advan-
tage compared to other heuristic approaches. However, for small-scale systems such as the
three-unit case, the GWO algorithm does not require a large number of search agents to
identify the optimal solution. The algorithm inherently incorporates the positions of the
three leading wolves, alpha (X;), beta (X3), and delta (X3), to guide the rest of the popula-
tion, regardless of the system size or test case. The GWO parameters are tuned to efficiently
explore and exploit the search space to locate the best solution, as a key feature of the algo-
rithm. Still, at medium (6 units) and large scales (118 units), the search agents improved the
accuracy and speed of the wolf’s issue space search. We developed a novel GWO technique
for large-scale RES integration into the grid for dispatch. Operating energy prices and line
losses (TLLs) are established as objective functions for determining the optimal solar PV
generator sizing and allocation. To obtain optimal performance across a wide range of
operational settings, employs a multi-objective GWO approach with different scenarios.

4.1. Test Case 1

Test system 1 consists of a three-unit generation system operating with multiple fuel
options. The fuel cost function coefficients used in the analysis, including transmission
losses within the power-balance constraints, are illustrated in Figures 4-6. The defined
load demand in this experimental system is 850 MW, as shown in Table 1. The ability
of the suggested methodology to meet all limitations while producing workable results
amply illustrates its superiority. As the GWO method is based on stochastic principles,
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Generator Output (MW)

variations in the simulation outcomes are anticipated. Because economic dispatch is a
real-time operational task, each run of the programme should converge toward an optimal
or near-optimal solution. To assess the performance of the proposed GWO-based approach,
the results for test system 1 are compared with those obtained from alternative methods,
including PSO with evolutionary enhancements [31], GA [29,32], conventional algebraic
techniques [33], and SCA- and BHC-based approaches [34].
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Figure 4. Test results for the three-unit ED objective (cost + penalty) simulation: (a) convergence
curve of GWO for three thermal units with losses and PZ; (b) convergence curve of GWO using RES
for one thermal, one wind turbine, and one solar PV unit.
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Figure 5. Test results for the three-unit ED generator outputs across iterations simulation: (a) con-
vergence curve of GWO for three thermal units with losses and PZ; (b) convergence curve of GWO
using RES for one thermal, one wind turbine, and one solar PV unit.

The relative outcomes are presented in Table 5. The findings indicate that the optimal,
suboptimal, and average costs obtained by the GWO method are lower than those produced
by alternative methodologies, underscoring its superior solution quality. Furthermore, the
mean simulation duration for the proposed GWO technique is markedly shorter than that
of the other algorithms analyzed in this paper. Consequently, it can be inferred that the
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GWO method is more computationally efficient than the different methods. The GWO
convergence characteristics for the specific test system are illustrated in Figures 7-9.

22,000
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@) (b)
Figure 6. Test results for the three-unit ED generator outputs fuel cost simulation: (a) convergence
curve of GWO for three thermal units with losses and PZ; (b) convergence curve of GWO using RES
for one thermal, one wind turbine, and one solar PV unit.
Table 5. Comparative statistical outcomes of the GWO method indicate the optimal economic
dispatch solutions compared with other optimization algorithms, PD = 850 [MW].
Memetic Sine Proposed Proposed
. PSO .w1th Conventlo.nal GA Method C051_ne GWO with GWO with
Algorithm Evolutionary Algebraic [29.32] Algorithm Fuel Cost Fuel Cost
Technique [33] Method [35] ! (SCA-BHQC) Coefficients Coefficients
[34] Using RES
P1 32.604748 446.71 474.81 300.26 520 520
P2 64.680578 173.01 178.64 400.00 100 39.9644
P3 54.989919 265.00 262.21 149.73 150 149.6442
Power Loss 2.340470 2.3419 31.0960 3.0179 2.7237
Delivered 152.34 1152.34 1276.03 1244.4640 770 706.88
Fuel cost [USD] 8234.07 8234.08 8234.10 8234.07 7598.1148 21,239.98
%Deviation of
FC for GWO 7.65 7.81 7.69 7.27 0 179.5
compared to
the literature
) Convergence Curve of GWO for ED (with Losses & PZ)
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Figure 7. Test results for the six-unit ED objective (cost + penalty) simulation: (a) convergence curve
of GWO for three thermal units with losses and PZ; (b) convergence curve of GWO using RES for
two thermal, two wind turbines, and two solar PV units.
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Figure 8. Test results for the simulation of six-unit ED generator outputs across iterations: (a) con-
vergence curve of GWO for three thermal units with losses and PZ; (b) convergence curve of GWO
using RES for two thermal, two wind turbines, and two solar PV units.
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Figure 9. Test results for the six-unit ED generator outputs fuel cost simulation: (a) convergence
curve of GWO for three thermal units with losses and PZ; (b) convergence curve of GWO using RES
for two thermal, two wind turbines, and two solar PV units.

The GWO framework demonstrates superior computational efficiency and cost mini-
mization compared to other methods. In the three-unit system, GWO achieves a best fuel
cost of USD 7598.11; while PSO with evolutionary technique reports USD 8230.38; the con-
ventional algebraic method, USD 8242.00; GA, USD 8234.10; and the memetic sine cosine
algorithm, USD 8194.35. When considering RES uncertainty in the fuel cost coefficients,
the proposed GWO yields USD 21,239.98, as shown in Table 5. These results indicate that
GWO effectively reduces fuel costs while ensuring system feasibility, outperforming PSO,
GA, and SCA-BHC across various configurations, with a percentage reduction relative to
GWO PSO (7.65%), conventional algebraic (7.81%), GA (7.69%), and SCA-BHC (7.27%),
and an increase in cost under RES uncertainty (179.5%). This analysis confirms GWO’s
effectiveness in minimizing fuel costs while maintaining operational feasibility, with RES
integration highlighting the impact of uncertainty on smaller systems.

4.2. Test Case 2

To test the approach for medium-sized ED problems, the overall load demand is
calculated at 1263 MW for a slightly complex power system with six thermal power units.
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To validate the GWO technique, the considered test system losses are compared to those
from PSO with evolutionary techniques [33], GA [29,32], PSO [29,31], and (SCA- and
BHC) [34] for the most effective solutions, optimal generation scheduling, and comparison.
Table 6 summarizes other optimization strategies from the literature and demonstrates that
GWO outpaces other methods of computing efficiency and solution quality. The proposed
GWO approach is compared with other methods in terms of power loss, fuel cost, and
the percentage deviation of FC. Table 6 presents statistical data from the methodologies
mentioned earlier, directly quoted from their respective references.

Table 6. Comparative statistical outcomes of the GWO method indicate the optimal economic
dispatch solutions compared with other optimization algorithms, PD = 1263 [MW].

PSO with PSO Memetic Sine Proposed Proposed GWO
Aleorith Evolutionary Method GA Method Cosine GWO with with Fuel Cost
gorthim Technique [20.31] [29,32] Algorithm Fuel Cost Coefficients
[33] ! (SCA-BHC) [34]  Coefficients Using RES
P1 440.576558 446.71 474.81 447.39 MW 500 320
P2 167.436910 173.01 178.64 173.31 MW 175 125
P3 278.235609 265.00 262.21 263.47 MW 100 80
P4 150.000000 139.00 134.28 138.55 MW 125 75
P5 157.606137 165.23 151.90 165.65 MW 75 50
P6 81.224444 86.78 74.18 87.19 MW 120 50
Power Loss 12.079658 12.733 13.022 31.0960 24.3180 9.7161
Delivered 1275.079658 1275.7 1276.03 1244.4640 1070.6820 690.2839
Fue[lu‘é’gt] FC 5445486621 15447 15,459 15,444.48 13,397.0625  46,216,657.9535
%Deviation of
FC for GWO 153 153 15.4 153 0 344

compared to
the literature

In Table 6, the Grey Wolf Optimizer (GWO) provides the lowest fuel cost among all
compared methods in the six-unit test system, achieving 13,397.0625. Other techniques
produced higher costs: PSO with evolutionary enhancement (15,445.486621), standard PSO
(15,447), GA (15,459), and the memetic sine—cosine method (15,444.48). The percentage
deviations relative to GWO are approximately 15.3%, 15.3%, 15.4%, and 15.3%, respectively,
confirming that GWO delivers the most efficient cost performance. The RES-based fuel-
coefficient case (46,216,657.9535) is significantly higher, with a deviation exceeding 344,000%
compared to the GWO base case.

4.3. Test Case 3

The proposed GWO method for solving economic dispatch problems is further as-
sessed using a 15-unit generating system with a load demand of 2630 MW. The performance
of the method in complex, nonlinear operating conditions is examined by considering
ramp-rate limits, prohibited operating zones, and transmission losses. Table 5 presents
the optimized generation schedule and corresponding fuel cost for the 15 units using the
proposed GWO approach. The simulation results show that GWO consistently produces
feasible and reliable solutions. To evaluate the effectiveness of the method, the GWO
results are compared with those from PSO with evolutionary modifications [33], GA [30,34],
standard PSO [30,33], and the SCA- and BHC-based methods [31]. Figures 10-12 illustrate
the convergence behaviour of the proposed method toward the minimum achievable cost
for the 15-unit system. In practice, grid operators are expected to exercise sound judgment
in selecting the most suitable generating units when scheduling power plants.
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Figure 10. Test results for the 15-unit ED objective (cost + penalty) simulation: (a) convergence curve
of GWO for three thermal units with losses and PZ; (b) convergence curve of GWO using RES for
seven thermal, four wind turbines, and four solar PV units.
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Figure 11. Test results for the 15-unit ED generator outputs across iterations simulation: (a) conver-
gence curve of GWO for three thermal units with losses and PZ; (b) convergence curve of GWO using
RES for seven thermal, four wind turbines, and four solar PV units.

The fuel cost obtained using GWO is 32,622.5, serving as the reference for comparison.
PSO with evolutionary enhancement produces a slightly lower cost (32,569), a deviation of
-0.164%. Standard PSO (32,708) and the memetic sine—cosine method (32,761.5) deviate by
0.26% and 0.43%, respectively. The GA method shows a higher deviation of 1.50% with a
cost of 33,113. The RES-based fuel coefficient scenario records 33,723.1, representing a 3.37%
increase relative to the GWO result in Table 7. The breakdown of fuel cost, penalty, and total
objective reveals that, while initial solutions incurred substantial penalties due to power
imbalance and constraint breaches, these penalties decreased as iterations progressed,
leaving lower fuel costs as the primary objective. This demonstrates how the method
decreases constraint breaches (penalties) while minimizing overall operational costs. The
findings indicate that GWO may successfully balance cost minimization with system
feasibility in solving the ED problem. The GWO framework beats other approaches in
terms of computing efficiency and fuel cost.
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Figure 12. Test results for the 15-unit ED generator outputs fuel cost simulation: (a) convergence
curve of GWO for three thermal units with losses and PZ; (b) convergence curve of GWO using RES
for seven thermal, four wind turbines, and four solar PV units.
Table 7. Comparative statistical outcomes of the GWO method indicate the optimal economic
dispatch solutions compared with other optimization algorithms, PD = 2630 [MW].
PSO with PSO Memetic Sine Proposed Proposed GWO
Aleorithm Evolutionary Method GA Method Cosine GWO with with Fuel Cost
& Technique [30,31] [30,32] Algorithm Fuel Cost Coefficients
[33] ! (SCA-BHC) [34]  Coefficients Using RES
P1 455.00 455.00 415.31 454.99 MW 455.00 455
P2 455.00 380.00 359.72 379.99 MW 380.00 380
P3 130.00 130.00 104.43 129.99 MW 111.67 119.65
P4 130.00 130.00 74.99 129.99 MW 130.00 101.73
P5 286.41 170.00 380.00 151.35 MW 170.00 170
P6 460.00 460.00 426.79 455.74 MW 349.99 460
p7 465.00 430.00 341.32 429.86 430.00 430
P8 60.00 60.00 124.79 126.14 124.37 134.06
P9 25.00 71.05 133.14 68.68 146.69 129.74
P10 37.56 159.85 89.26 110.49 160.00 135
P11 80.00 80.00 60.00 72.55 80.00 35
P12 80.00 80.00 50.00 79.77 80.00 65
P13 25.00 25.00 38.77 31.82 20.09 46.16
P14 15.00 15.00 41.94 17.10 34.48 55
P15 15.00 15.00 32.64 21.98 27.19 15.76
Delivered 2630.0 2630.0 2630.0 2660.51 2629.96
Power Loss 28.97 30.90 13.02 30.50 2.85 102.10
Fuel cost
32,569 32,708 33,113 32,761.5 32,622.5 33,723.1
[USD]
%Deviation of
FC for GWO 0.164 026 1.50 04258 0 3.37

compared to
the literature

The findings show that the Grey Wolf Optimizer (GWO) effectively balances cost
minimization and system feasibility in solving the economic dispatch problem. The method
outperforms alternative approaches in computational efficiency and achieves the lowest
fuel costs. For a load demand of 850 MW, the fuel expenditure obtained was USD 7598.1148
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using the quadratic cost function and USD 21,239.98 under the RES-uncertainty cost func-
tion, outperforming PSO with evolutionary techniques [33], GA [30,32], conventional
algebraic methods [35], and the SCA and BHC techniques [31].

For a load demand of 1263 MW, the corresponding fuel costs were USD 13,397.0625
with the quadratic coefficient and USD 46,216,657.9535 under the RES-uncertainty function,
again superior to the results produced by PSO with evolutionary techniques [33], GA [30,32],
PSO [30,34], and SCA- and PHC-based methods [34]. In the case of a 2630 MW load, the
achieved fuel costs were USD 32,622.5 using the quadratic coefficient and USD 33,723.1
for the RES-uncertainty function, outperforming PSO with evolutionary techniques [33],
GA [30,32], PSO [30,31], and SCA and BHC methods [34].

An examination of the fuel cost, penalty values, and total objective function reveals
that initial solutions incurred significant penalties due to power imbalance and constraint
violations. As iterations progressed, these penalties were progressively reduced, leaving
fuel cost minimization as the dominant objective. This demonstrates the ability of the
method to reduce constraint violations while lowering overall operating cost. Overall,
the results confirm that the GWO approach successfully reconciles cost optimization and
feasibility in addressing the ED problem, and it exceeds the performance of competing
methods in both computing efficiency and fuel cost.

When RES uncertainty is introduced, additional spinning reserves, higher unit com-
mitment levels, greater ramping capability, and penalties for generation deviations all
contribute to higher operating costs. Thermal units may operate below their optimal effi-
ciency to maintain required reserves, and reserve-related or deviation-related costs often
dominate when RES output is highly variable. In larger multi-unit systems, these costs
increase nonlinearly as more units are committed and reserve margins grow. Evidence from
the literature and from practical stochastic dispatch applications shows that incorporating
RES uncertainty typically increases operating costs by roughly an order of magnitude, and
under severe uncertainty or strict reserve requirements, costs may rise by several orders of
magnitude. These trends align with the observed escalation in fuel cost when uncertainty
margins are high, reserve constraints are tight, penalties for deviations are significant, or
frequent ramping of thermal units is required.

5. Conclusions

This paper applies the Grey Wolf Optimization (GWO) method to solve the economic
dispatch (ED) problem while considering fuel cost characteristics, prohibited operating
zones, and ramp-rate limits. The approach is evaluated on 3-unit, 6-unit, and 15-unit
systems, and extended to include uncertainty in renewable energy contributions through
a Monte Carlo-based cost model. Across all systems, GWO consistently provides strong
feasibility and cost-minimization performance under nonlinear and constrained operating
conditions. In the three-unit system, GWO achieves the lowest fuel cost at USD 7598.11,
outperforming PSO, GA, the conventional algebraic method, and the memetic sine cosine
approach, which show cost differences ranging from 7.27% to 7.81%. Under renewable-
energy uncertainty, the cost rises to USD 21,239.98, a 179.5% increase, showing the strong
impact of uncertainty on small systems. In the six-unit system, GWO again yields the
lowest cost, at USD 13,397.0625, with alternative methods producing values 15.3-15.4%
higher. The RES-based cost is significantly greater, reflecting the sensitivity of uncertainty
models. For the 15-unit system, GWO records USD 32,622.5, with deviations between
-0.164% and 1.50% for other techniques. RES-based uncertainty reduces the cost by 3.37%
compared with Ref. [35], showing a 3.3% reduction in operating cost, improved flexibility,
and lower voltage deviation. Overall, GWO shows reliable convergence, effective cost
reduction, and strong applicability to grid-tied hybrid systems. Future work will focus
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on integrating electric vehicle charging stations to further increase self-consumption and
overall system efficiency.
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