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Renewable energy sources.

Economic Dispatch (ED) is currently essential for operating electrical power systems globally,
including offline Microgrids (MGs). ED ensures the stability and continuity of the electrical power
system supply while keeping generating costs as low as possible. Identifying a generic solution for
ED is usually complicated, as the operating conditions vary from one power system to another.
Numerous solutions for ED have been documented in the literature involving conventional
computation techniques, metaheuristic optimizations, and Artificial Intelligence (Al) techniques. A
general review of such literature is lacking; a review could guide the researchers and engineers in
the field of ED. This article comprehensively reviews ED while identifying the most prominent
parameters, including transmission losses, emissions, renewable energies, and operating
constraints. The article basically clarifies the research gap while comparing the different reported
solutions, starting from standard techniques up to Al approaches, in a simple and concise fashion.
Several comparisons are provided in the article to direct and guide the interested reader
straightforwardly. For the proposed case study, Teaching-Learning-Based Optimization (TLBO)
achieves the lowest total cost, outperforming Particle Swarm Optimization (PSO) and Genetic
Algorithm (GA) by 0.01% and 1.05%, respectively. It also exhibits markedly improved robustness,
with reductions of 96.11% and 99.99% in the confidence interval, and 96.13% and 99.97% in the
standard deviation, relative to PSO and GA.
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Introduction

operation, including ED, is no longer limited to fuel cost

Fossil fuels like coal, natural gas, and oil have historically
constituted the primary foundation of the energy sector [1-3].
However, this heavy reliance on fossil fuels has led to
significant environmental consequences, as fossil fuel is the
primary source of carbon dioxide (CO,) emissions, which are
the main contributor to global warming and climate change.
The continued increase in CO; emissions has intensified
global efforts to shift toward cleaner and more sustainable
energy resources. In this context, modern power system

minimization but also incorporates environmental objectives
such as emission reduction, supporting the transition toward
low-carbon energy systems [4-6].

In response to these environmental challenges, there is a
growing shift towards cleaner and more sustainable
alternatives. Renewable Energy Sources (RES), including
solar, wind, and geothermal power are becoming increasingly
popular, while nuclear energy continues to play a significant
role in many countries [1-3,7-15]. Additionally, biomass and
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waste-to-energy plants are being used to produce electricity,
with the specific energy mix varying across countries and
regions, depending on available resources and energy policies
[16-20].

Despite  this  progress, certain  sectors—particularly
transportation—remain heavily dependent on petroleum-
based fuels, accounting for nearly 91% of their total energy
consumption and contributing approximately 21% of global
CO: emissions. Meanwhile, renewable energy deployment
has expanded significantly, with global installed capacity
surpassing 4,448 GW by the end of 2025, supported by rapid
advancements in solar, wind, hydropower, and energy storage
technologies. This increasing penetration of renewable
energy, combined with conventional generation, has led to
more complex and dynamic power system structures, thereby
necessitating advanced operational strategies to ensure
reliable, secure, and cost-effective system performance [21,
22].

Although renewable energy technologies such as solar PV
and wind power are widely adopted in modern power systems
due to their low operational emissions and contribution to
sustainable development, they are not entirely free from
environmental impacts. Their deployment may involve land-
use requirements, potential ecosystem and biodiversity
disturbances, noise effects, and environmental burdens
associated with manufacturing and end-of-life processes.
Nevertheless, these impacts are generally site-specific and
can be effectively mitigated through proper planning and
design considerations. Integrating RESs into power system
operation introduces additional complexity due to their
intermittent nature and environmental considerations, but it
significantly enhances system sustainability by reducing
overall fuel consumption and emission levels compared to
conventional generation [23,24].

Electrical power systems recently have a variety of
generation types/sources and a mix of conventional and RES
[25]. Running such systems requires elaborate management
so that the power system achieves a high level of security and
continuity while reducing costs. ED is an optimization
process that distributes the required electricity load among
available power generation units to minimize total generation
costs. This process involves determining the most cost-
efficient output level for each generator while considering
various constraints, among which are capacity limits, and
transmission line restrictions. Advanced optimization
algorithms are used to assess each generator's cost, reflecting
the additional cost of producing one extra unit of electricity.
The primary objective is to reduce the whole cost of
electricity generation [7,8].

Operating an electrical system without ED can lead to
significant drawbacks. One of the main disadvantages is
higher operating costs, as generators are not optimized to
generate electricity with minimal possible cost. This
inefficiency can result in increased fuel consumption, higher
emissions, and reduced system performance. Additionally,
without ED, certain generators may become overloaded,
shortening their lifespan and raising maintenance costs.
Moreover, the absence of ED could raise the possibility of
power outages and reduce system reliability, as generators
not be able to supply demand during peak periods efficiently
[7.8].

Extensive efforts have been undertaken by researchers to
solve the problem of ED through various enhancement
techniques [7,8]. However, many studies concentrate solely
on optimization methods without considering the essential

component: the electrical power system itself, which should

be improved through effective management. These studies

often focus on hypothetical or standardized energy systems

rather than applying their models to real-world systems. As a

result, the research tends to address a limited scope of

objective functions and constraints.

The contributions of the article could be;

e Presenting a comparative analysis of existing literature.

e The literature is classified into different categories,
including modern and innovative classification types of
ED, various electrical systems, objective functions,
constraints, and other important factors.

e Providing a comprehensive guide for interested people in
the field of ED for developing more elaborate solutions.

The remainder of this paper is organized as follows: Section
2 outlines the ED problem formulation. Section 3 present a
comparative review of ED methodologies for different
electrical power systems for various optimization methods.
Finally, Section 4 highlights the main conclusions of the
study.
ED Problem Formulation
The ED aims to reduce overall generation costs while
satisfying the system demand and adherence to various
constraints. To solve ED problem, many factors must be
taken into account before starting to ensure the success of the
desired goal. This is dependent upon the viewpoint of the
researchers and the information available.
Electrical power systems models
Standard power systems are widely used as benchmark
models for evaluating ED techniques. Typically represented
by IEEE bus systems, they provide a simplified and well-
defined framework for validating and comparing various
optimization algorithms. However, they do not fully reflect
the complexity of practical power networks.

To overcome this limitation, real power systems are utilized

to represent actual grid operations, where ED is applied in

real-time for optimal generation and distribution. Although
more realistic, their application is often constrained by
limited data availability.

With the increasing complexity of modern grids, advanced

power systems have emerged, incorporating intelligent

algorithms and technologies to enhance economic efficiency,
sustainability, and reliability under dynamic conditions.

In parallel, virtual power systems integrate Distributed

Energy Resources (DERs), including renewable sources and

Energy Storage Systems (ESSSs), into unified frameworks that

improve operational flexibility, reduce costs and emissions,

and enhance system resilience.

Finally, hybrid power systems combine the realism of actual

grids with the flexibility of Virtual Power Plants (\VPPs),

offering a comprehensive representation of modern networks.

By supporting features such as bi-directional power flow,

they further improve operational flexibility and economic

performance.

Assumptions, limitations, and uncertainties associated with

the study

It is assumed that all generating units are already installed

and in operation. Therefore, capital investment costs (e.g.,

construction and installation costs) are not considered in the

analysis. The study focuses solely on the short-term
operational aspect of the system, where the objective is to
optimally allocate generation based on fuel cost and emission
cost functions. This assumption is consistent with the
standard formulation of the ED problem, which addresses
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real-time or day-ahead scheduling rather than long-term
planning.
Objective functions
Single-Objective ED: This type aims to minimize a function
with a single objective, usually the total cost of power
generation.
Multi-Objective ED: This type optimizes functions with
several objectives, such as minimizing generation cost, and
reducing emissions.
Here are the detailed formulations of different objective
functions used in ED problems:
Fuel Cost
Minimizing fuel costs is a key objective, which involves
reducing the total fuel expense for power generation at each
generator, often modNeIed using a quadratic function [7].

g

FC =Zaini2+bini+Ci (1)

i=1
where F is the fuel cost ($/h), Pg; is the output power of unit
i (MW), N, is the number of units, a;, b;, and ¢; are the fuel
cost coefficients.

Emission Cost
The emission cost objective function aims to reduce the total
cost of emissions from power generation at each generator,

with the emission cost function defined as [25,26]:
N,

g
E.=h;* Z (diPg:* + ePg; + ;) 2
=1

_ Fc(Pgi,max) _ (ai(Pgi,max)z + bipgi,max + Ci)
" Ec(Pgimax) (di(Pgirmax)z + € Pgimax + ﬁ-)
where h; is the penalty factor, d;, e;, and f; are the emission
cost coefficients of the unit, Pg; 4, are the upper limits of
power generated by unit i.
Valve point effect
It refers to the phenomenon where the fuel cost of a unit
increases non-linearly as the power output increases because
of the opening of valves in a multi-valve steam turbine. This
creates a ripple effect in the generator's heat rate curve,
resulting in a higher fuel cost [9].
vac = |aiSin{6i(Pgi,min - Pgi)}l 4)
The two parameters a;and §; represent the valve point effect,
and Pg; i are the lower limits of power generated by unit i.
Wind Power
The wind power cost objective function aims to minimize the
costs of wind-based electricity generation by optimizing the
cost function E,, for each wind turbine, which is composed of
three components: direct costs, underestimation penalties,
and overestimation penalties, as defined in equations (5-11),
respectively [20,27-29].
Fy = Cpw(Pwscn) + Cow(Pway — Pwscn) )
+ CRW (PWsch - PWav)
Cow = kpw X Pwscn (6)
CSW(PWav - PWsch)

PWT
= kg, f Pu = Pusen) oy Puddw (1)

Pwsch
CRW(PWSCh - PWav)

= ka

PWsch
x f Pusen — P foy (Pu)dw
0

®)

®)

hPy \ K
f (P ) - kshvin (1 + Pwr,ij)vin
wiiw PWT,ijC Cc
9)
hP, ks (
(147 ) v
Xexp| — T
Cc
(PWr Vwr = Uy = vc—off
Uz = Vin
PW = PWr o Vin <V < Vyyr (10)
| Vwr = Vin
tO Uy S Ui OF Uy > Ve_opy
h,\*
v =7 () (11)

Where P,, indicates the power output of the j™ wind turbine
in region i, with cost, kpy, ks,, and kg, for direct, storage,
and reserve costs, respectively. while kg and ¢ are the shape
and scale parameters of the Weibull distribution, respectively.
The term P, is the rated power of the wind turbine, and
v;, represents the cut-in wind speed. The parameter h is a
conversion constant used to relate wind speed to wind power.
Ve_opy IS the cut-off wind speeds, and v, is the wind speed at
the wind turbine hub height h,. The term v, is the wind
speed at a certain elevation (h,) and o is the wind shear
coefficient.
Photovoltaic (PV) power
The PV-based power cost function has three components:
direct costs, penalty costs for reserve costs (C,g;), and
underestimation (C,s;;), with a lognormal pdf characterizing
solar power, as defined in equations (12-17), respectively
[15,30-32].

FW = CDPV (PPVsch) + CSPV (PPVav - PPVsch)

+ Crpv (Ppyscn — Ppvav) (12)
Copv = kppy X Ppyay (13)
Crpv(Ppyscn — Peyav)
= kgpvij X fs(Prvavij < Pevschij) (14)
X [E(Ppvav,ij < Peyscnij)]
Crpv(Ppysch — Ppyav)
= kgpvij X fs(Prvavij < Pevschij) (15)
X [E(Ppvav,ij < Peyscnij)]
Ppy = PSTC[]- + By (Teen — TSTC)] % (16)
Toou = To, + 7.8 x 10-2H, 17)

Where Pyy;; denotes the power output of the j™ PV plant in
region i, with cost coefficients kppy, kspy;j, and kgpy;; for
direct, penalty, and reserve costs, respectively. The terms
fs(Povavij > Povscnij) a0 fy(Povavi; < Pevscn,j) represent
the probabilities of solar power surplus and deficit relative to
the scheduled power, respectively. Moreover, E(PPVa,“-j >
Povscnij) — Pevscnij and E(Ppyayij < Ppyscn;) denote the
expected surplus and deficit of solar power with respect to
the scheduled value, respectively. Tsr and T,,,;; are the cell's
surface temperature at Standard Test Condition (STC) and
under real operation conditions (°C), B, is the power
temperature coefficient (%/°C), and Hgr and H, are the
STC and real global solar irradiance incidents on the PV
module surface.

Startup cost and shutdown cost

Thermal power operating costs include fuel costs, startup
costs, and shutdown costs. Typically, fuel costs are
represented by a quadratic equation of the thermal power
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units' active output. Startup costs include cold start and hot
start costs based on the downtime. Shutdown costs, although
fixed, are typically negligible compared to startup costs and
can be disregarded. The formulas for these costs are
presented below [20]:

fﬁre (jl t) - tffuel (.] t) +u t(l ]t 1) (18)
five G t)—z (0P,s + byPres + 7)1 (19)
s {Xoff < Tcold + TOff Sh (20)
jit — ff 1d ff
X;’ > T]—°° +TjO )¢

where fi (J, t) is the fuel cost of generator j at period ¢, S;
is the startup cost of generator j at period ¢, Sh; . and Sc; , are
the hot start and cold start cost of unit j at period t,
respectively.
Multiple fuel options
Utilizing multiple fuel sources in different regions within
their operational range increases the complexity of the cost
function, introducing more non-differentiable points [33],
resulting in:

a1 (Pg)* + by Pg; + ¢y, Pgimin < Pgi < Pgis
F(P) = { aip(Pg;)* + biPg; + ¢ ,Pgiy < Pg; < Pgi,

a;3(Pg;)* +bi3Pg; + ci3 ,Pgi, < Pg; < Pg3

Constraints
Power balance

(21)

(22)

Z Pg;—P,—Pp=0

9 9
P, = Z Z gI.BI.]Pg] +Z BoiPg; + Boo

i=1 j=1 i=1
where P, is the network loss of the system (MW),
B;j, B,iB,, are the transmission loss formula coefficients and
Py, isthe total system demand (MW) [8].
Generator operating limits

P.gi,‘min < sz < Pgi,‘max;i = 1, . Ng
Ramp rate limit
The output of a generator is not instantly adjustable, and this
restriction governs how power output changes over time [34].
When power generation increases, it is represented as:

(23)

(24)

When power generation decreases, it is given as
Pgi(t—1) — Pg;(t) = DR; (29)

Now, the ED, with an up rate and down rate of power, is
defined as
PGmin = Max[(Pgimin, Pgi(t — 1) — DR;)]
PGmax = Min[(Pgi,maX!Pgi(t -1)- URL‘)]
Pgi,min = P.gi = P.gi,max
where UR; and DR; indicate the upper and down ramp rate
limits, respectively.
Prohibited Operating Zone (POZ)
The POZ defines the limits of a generator's active power
output, which could be impacted by technical issues such as
excessive shaft vibrations. Within these prohibited ranges,
adjustments to the generator's power output are typically not
permitted. The allowable operating range for the generator is
specified in the following equation [34].
Pgimin < Pgie < PIS™

upper lower , ; _
P < Pg <P i=1,..,

(30)

Ng; j =23,.,m;; t = 1,2,...,24

(31)

boundaries, respectively, of the j® POZ, where j ranges from
1 to n;, the total number of POZs for unit i.
Spinning reserve limits
To ensure a reliable power supply, generators often operate
below their maximum capacity, typically maintaining a 5-
10% capacity reserve. This deliberate underutilization
enhances the power system's emergency response
capabilities. Furthermore, spinning reserve constraints are
only applied to online units that operate within their
allowable zones.

SR, = mln{(Pglmax

Pgl ); SRi,max} (32)

SR = ZSR

The spinning reserve is defmed as follows: SR; represents the
5-10% spinning reserve of unit i, measured in megawatts
(MW), with SR; .., being its maximum capacity. The total
spinning reserve, SR, is the cumulative contribution from all
generating units that operate without any POZ [9].
Battery operation
Excessive battery charging and discharging can lead to
premature aging, and the following constraints are imposed to
mitigate this effect [35-37].

Py(t ))

Ninv (34)

S0C (t) = SoC(t—1).(1—0) + ( Pyys(t) —

X Np

(33)

SOCpin < SOC (t) < SOCyyax (35)

PCmm < PBS (t) < PCmax (36)

PDmin [SS_CP(BSjﬁt) < PDmax (37)
max|SoC(t)];= ,8760

. = DODt 18760 CFy (38)

CF; = 0.0004T? — 0.0246T + 1.3961 (39)

where o is self-consumption energy (1% per day), P, (t) is
the load, P;y(t) input power from the RES, n, and n;,, are
the battery and inverter efficiencies. The battery storage
system is characterized by its minimum and maximum State
Of Charge (SOC) limits, denoted by SOC,,;, and SOC,,,4,
respectively. Pgg is the battery power, where positive values
indicate charging and negative values indicate discharging.
Perins Pemaxr Pomin, a0d Ppma,  tepresent the limits of
charging and discharging power. CF; is the temperature
correction factor used to account for the effect of ambient
temperature on battery performance. The term T represents
the ambient temperature in °C. The Depth of Discharge
(DOD) indicates the fraction of battery capacity that has been
utilized relative to its maximum capacity and is a key factor
affecting battery lifetime [14,20,35].

Transmission line capacity

This constraint ensures that transmission lines are not loaded
beyond their rated capacity, thereby preserving the stability
and secure operation of the power system, as expressed
below:

Pl < Pl < Plyg, (40)
where Pl,,,;,, and Pl . are the minimum and maximum line
capacity [38].

Emission Constraints

To mitigate air pollution, we can incorporate maximum
emission constraints into our system. If these constraints are
exceeded, a penalty fee will be imposed, proportional to the
volume of excess emissions.

Pt < Pgi < Pgimax Em(t) < Em™(¢) (41)
The notatlon used to describe the POZs is as follows: for  where Em™a%(t) is the maximum emission [39].
the {™ unit, P;7*7 and P/5"" represent the upper and lower
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Minimum up/down time

Minimum up/down time refers to a set of constraints that
ensure a generating unit is not started up or shut down too
frequently. These constraints are essential to prevent
excessive wear and tear on the unit, reduce maintenance
costs, and minimize the risk of equipment failure [20].

T2 Tion
Tgie"" 2 Tjofs
where T; ,,and T; , ¢ are the minimum operating time/down
time of generator j.

Voltage constraints

Optimal performance requires that phase angle and voltage
values at each node remain within their specified limits, as
even slight deviations can impact the generating unit's
operation [40].

Vnymin < VN < Vo and S < 01 < gy (43)
where Vi, min, 0Mpin, V1N max, and dn,,,,.are the minimum
and maximum limits.

Transformer tap setting

The transformer tap setting is constrained within the range:
0<T<1 (44)

On the secondary side, the tap setting can defined within the

range 0 < T < n; where ny represents the transformer turns

ratio [40].

Regional Load Sharing Dispatch (RLSD)

RLSD is the exchange of available power among the diverse

sources allocated in distinct areas. It can be expressed as

Tup/dawn € (42)

follows:
Narcas Np Ny Npy
Z PNi,maXZZPBﬁZPWﬁZPPVi (45)

i=1 i=1 i=1 i=1
where Py, Py, and P,, denote the total available power from
PV, biofuel, and wind resources based on system demand; Py
represents the power contribution from N regions
corresponding to the generation sources.[30].

Frequency Limits

Frequency limits are enforced to ensure that the system
frequency remains within an acceptable range around its
nominal value, as expressed below:

fgi,min = f.gi = fgi,max (46)
where fg;min and fg;ma, denote the lower and upper
frequency limits [41].

Reactive Power Constraints
For each generating unit, the reactive power Qg; must
remain within its specified operating limits:

Qgi,min = Qgi = Qgi,max (47)
where Q; i, and Q; m. indicate the lower and upper limits
[40].

PV power

This constraint ensures that solar generation stays within
available irradiance limits and above the minimum operating
level, maintaining a realistic representation in the ED model.

PPV.min = PPV = PPV,max (48)
where Ppy min and Ppy 14, are the lower and upper PV limits.
Wind power
This constraint ensures that wind power dispatch stays within
the actual operating limits of the turbines, avoiding any
scheduling beyond their physical capacity.

PW,min < PW < PW,max (49)
where Py, i, and Py, 4, denote the lower and upper wind
limits.

Static vs. Dynamic ED

e Static ED: This type of ED operates under the assumption
of a steady-state power system, with the objective of
determining the optimal power for a single time interval.

e Dynamic ED: This ED method accounts for the power
system's time-varying characteristics, including ramp rates,
startup and shutdown costs, and time-dependent constraints,
to optimize generation over time.

Optimization Techniques for ED
The ED problem has been addressed using a wide spectrum
of solution techniques, ranging from traditional methods to
metaheuristic approaches and, more recently, Al-based
techniques. Traditional methods are known for their fast
convergence and strong mathematical foundations; however,
their performance is limited when handling nonlinear, non-
convex, and highly constrained problems.
To address these challenges, metaheuristic algorithms have
been widely adopted due to their flexibility and strong global
search capabilities. Despite their effectiveness, they may
suffer from high computational cost and sensitivity to
parameter settings. Consequently, hybrid approaches have
been developed to enhance performance by combining
multiple techniques, albeit with increased complexity.

Recently, Al-based methods have gained attention due to

their adaptive learning capabilities and effectiveness in

handling uncertainty and multi-objective ED problems.

Nevertheless, their success largely depends on data quality

and proper model validation.

Comparative Review of ED Methodologies

Standard power systems

Conventional optimization methods

The IEEE 39-bus system, consisting of 10 units, is optimized

using a fully distributed ED strategy. The primary objective

is to reduce the total generation cost, including thermal
generator fuel costs, carbon trading expenses, and the costs of
wind turbines. The proposed algorithm outperforms existing
methods, excelling in both communication efficiency and
faster convergence and enabling a fully distributed

operational approach [42].

Optimization Methods

Single Optimization Methods

A power system with 10 thermal units is optimized using the

TLBO algorithm to minimize the total generation cost, which

incorporates both the fuel costs of thermal units and the

expenses associated with charging Plug-in Electric Vehicles

(PEVs). The study also explores the effects of PEVs on ED

under various charging scenarios [41].

Hybrid Optimization Methods

Three systems, consisting of three, six, and ten units, are

employed for the ED problem using a hybrid algorithm that

combines the GA with the Artificial Bee Colony (ABC)
method. The objective is to minimize fuel costs. The
proposed GA/ABC hybrid algorithm demonstrates superior
performance and more stable convergence compared to both

the standalone GA and ABC algorithms [43].

Al-based Methods

The 30-bus and 118-bus IEEE systems are utilized to

showcase the effectiveness of a novel approach for solving

the multi-period Security-Constrained Economic Dispatch

(SCED) model. This model integrates a Deep Learning (DL)

technique with an existing iterative solution process by

embedding a Deep Neural Network (DNN) into the
computational framework to pre-identify active constraints.

The objective is to significantly reduce computational costs
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and accelerate SCED calculations. Simulation experiments
demonstrate that the developed method can efficiently solve
the multi-period SCED model in no more than two iterations
[44-47].

Virtual Power Systems

Conventional optimization Methods

In an MG system with multiple DER, including wind
turbines, PV panels, gas generators, fuel cells, and energy
storage devices, an Approximate Dynamic Programming
(ADP) method is proposed for ED. The ADP-based ED
(ADPED) algorithm is designed to improve the operation of
the MG, considering uncertainties such as fluctuating
renewable generation, electricity prices, and power demand.
The main objective is to reduce the operational cost over the
optimization period, while accounting for factors such as fuel
costs, operation and maintenance expenses, electricity
purchases from the grid, and penalties for Renewable Energy
(RE) curtailment and load shedding. The algorithm allows the
MG to operate efficiently while connected to the main grid,
with the flexibility to buy or sell electricity as needed [48].
Optimization Methods

Single Optimization Methods

The Sustainable Power System (S-PS), comprising fuel-based
units, PV units, and ESS is optimized through a
comprehensive framework that integrates an Improved Salp
Swarm Algorithm (ISSA) with DL-based forecasting models.
The primary aim is directed toward minimizing fuel
consumption costs for the generating units while addressing
practical constraints, including generation limits, ramp-rate
restrictions, and power mismatch constraints [49].

Hybrid Optimization Methods

A hybrid metaheuristic approach is proposed to solve ED
Problems involving RESs, including wind, solar PV, and
biofuel-based power systems, using a 6-40-26-12 unit
system. The goal focuses on minimizing the dispatch cost of
the power system while satisfying equality and inequality
constraints. The authors formulate objective functions for
various scenarios, including an all-RES power system, a
hybrid power system with thermal units, and a fully thermal
power system, all under specified constraints. The proposed
algorithm is evaluated on a case study involving RESs in the
southern region of Pakistan and is compared with other
existing methods [50].

Al-based Optimization Methods

An MG system's optimization is accomplished using a Deep
Reinforcement Learning (DRL) approach merged with a
Long Short-Term Memory (LSTM) network, referred to as
the deep deterministic policy gradient with the LSTM
method. The objective is to reduce costs while satisfying
demand and constraints. This method is evaluated in a real-
time environment using OPAL-RT and compared against
experience-based energy management system, Newton- PSO,
and Deep Q-learning Network (DQN) methods. Results show
that it outperforms these alternatives in terms of fuel cost
reduction, power balance, and load forecasting accuracy [51].
Advanced Power Systems

In a smart grid incorporating RES, a new Chaotic Salp
Swarm Algorithm (CISSA) is used to optimize operations by
minimizing both fuel and emission costs from thermal power
plants while meeting load demands. The objective is to
manage the Combined Economic and Emission Dispatch
Problem (CEED) problem. The results indicate that CISSA
outperforms the other algorithms and that integrating RES

significantly reduces both emissions and fuel consumption
[52].

Real Power Systems

For a Hybrid Energy System (HES) designed for a remote
locations in Saudi Arabia, the objective is to minimize the
annual system cost, improve system reliability, and maximize
the renewable energy fraction. This paper explores the
techno-economic optimization of the HES, which includes
solar photovoltaic panels, wind turbines, diesel generator, and
batteries. It introduces a new optimization method, the
Reinforcement Learning Neural Network Algorithm
(RLNNA),  which  outperforms  five  conventional
metaheuristic algorithms in terms of convergence speed,
ability to achieve global solutions, and economic efficiency.
RLNNA offers a promising approach for optimizing HES
configurations in remote areas, excelling in both economic
and reliability aspects [53].

Hybrid Power Systems

Conventional optimization Methods

In a provincial power grid and 39-bus systems, a novel
approach based on ADP is introduced to solve the Stochastic
Economic Dispatch (SED) problem. The primary goal is to
achieve near-optimal solutions for the SED problem, which
involves optimizing the operation of power systems with
wind farms and pumped-storage hydro stations. The proposed
ADP method is evaluated to two power systems, and the
analysis confirms its efficiency in addressing the SED
problem [54].

Optimization Methods

Nature-Inspired Optimization Methods

A 6-10 units system is optimized utilizing a Fuzzified
Squirrel Search Algorithm (FSSA), aiming to minimize the
fuel cost and pollutant emissions while complying with
various constraints. The goal is to find the optimal solution
for the Single-Area Multi-Fuel Economic Dispatch
(SAMFED) and Multi-Area Multi-Fuel Economic Dispatch
(MAMFED) problems. The results indicate that it
outperforms other heuristic algorithms in terms of solution
quality, convergence speed, and computational efficiency
[55].

Hybrid Optimization Methods

A 15-10-40-140-280 units system is optimized using a
Modified Student Psychology-Based Optimization (MSPBO)
algorithm. The proposed MSPBO algorithm is tested on five
different ED problems and evaluated against other existing
optimization techniques, and the simulation results indicate
its effectiveness in solving complex ED problems [56].
Al-based Optimization Methods

Six units system is employed to demonstrate the effectiveness
of a novel method for solving the non-convex Economic
Emission Dispatch (EED). The method utilizes a Recurrent
Neural Network (RNN) algorithm aiming to minimize the
total cost. The results demonstrate that the RNN algorithm is
capable of achieving more accurate and precise solution with
a lower total cost compared to PSO [57].

Table 1 presents a comprehensive summary of prior research,
outlining key aspects such as the electrical power system,
optimization techniques, and study state, as well as the
objective functions and constraints. This provides a basis for
an in-depth comparative analysis.

Case Study

As a representative and widely adopted benchmark, a case
study based on the IEEE standard 39-bus, 10-unit system is

Wadi Alshatti University Journal of Pure and Applied Sciences, vol. 4, no. 1January-June 2026

Page 409



Mohamed, et al.

Table 1: Inclusive summary of ED studies with diverse systems and optimization methods.

Ref. TestSystem  Method T Objective Function Constraints
EErRRYREEO88388688333333383803
[42] 39 bus ADMM s VW \ J d
[41] 10 units TLBO D \ v V N A
[43] 3-6-10units ABC+GA S \ R
[44]  30-118 bus DNN s W \ \ \
[48] MG ADP D v \ \ v W \ NN
[49] S-PS ISSA D v v v NN \ v
[50] Pakistan PSO+BA D v N oW NN N NN v
[51] MG DRL D \ \ \
[52] asmartgrid  CISSA D N v v N W NN N NN Y
[53] HES RL+NN s W N W \ \ \
[54]  provincial ADP s W v R NN A v \ V
power grid
+39 bus
[55]  6-10 units FSSA s N NN NN NN v A \
[56] 15-10-40- MSPBO s A S NN AN A AN
140-280
units
[57] 6 units RNN D v v W v v

* S denotes Static, and D denotes dynamic

* F1 denotes fuel cost, F2 denotes emission, F3 denotes valve point effect, F4 denotes wind cost, F5 denotes PV cost, F6 denotes start up + shutdown, and F7
denotes multi-fuel operation.

* C1 represents power balance without considering losses, while C2 accounts for power balance with losses. C3 refers to generation limits, and C4 specifies
ramp rate limits. C5 covers POZ. C6 sets reserve limits, and C7 governs battery operation. C8 concerns transmission line capacity, and C9 imposes emission
constraints. C10 outlines minimum up/downtime requirements, and C11 deals with voltage constraints. C12 pertains to transformer tap settings, C13 to RLSD,
C14 to frequency regulation limits, C15 to reactive power limits, C16 to PV power limits, and C17 to wind power limits.

Table 2: Statistical results of TLBO, PSO, and GA methods over 50 runs at 2000 MW for the 10-unit system

Method Mean cost ($) SD Cl Cl Width Execution time (s)
TLBO 149122.92 3.33E-01 [149122.83, 149123.02] 0.19 3.24

PSO 149133.97 8.61E+00 [149131.53, 149136.42] 4.89 2.35

GA 150704.76 1.08E+03 [150398.29, 151011.23] 612.95 1.79

incorporated to evaluate the performance of different 99.99% compared to PSO and GA, respectively. In addition,
optimization techniques for the ED problem [58]. In this TLBO achieved reductions of approximately 96.13% and
study, three of the most commonly used metaheuristic 99.97% in SD relative to PSO and GA, indicating its
algorithms—TLBO, PSO, and GA—are systematically consistent performance. However, TLBO requires longer
compared [58-60]. The primary objective is to minimize the  computation time than PSO and GA, primarily due to the
total generation cost as formulated in (1), subject to the higher complexity of its search operations.

operational constraints defined in (22), and (24). The Conclusions

comparison is conducted under a fixed load demand of 2000 This article presents a comprehensive review of ED
MW, with each algorithm executed multiple independent  applications across various power systems, highlighting their
runs to ensure statistical reliability. Performance assessment  role in enhancing reliability, improving security, and
is not limited to the obtained Optlmal cost, but is further reducing emissions. It adopts a mu|ti_perspective approach’
extended to include statistical indicators such as the Standard Covering System Classificationsl key ED parameters with
Deviation (SD) and Confidence Level (CI), providing a clear formulations, and a wide range of solution
comprehensive  evaluation ~ of  solution  robustness,  methodologies, including conventional, metaheuristic, and
consistency, and convergence behavior. This comparative  Al-based techniques.

analysis offers deeper insight into the effectiveness and  |n addition, the study provides quantitative comparisons
stability of these widely used optimization methods in  through well-structured tables, offering clear insights into the
solving practical ED problems. A statistical analysis is  performance of different ED approaches across specific
conducted to identify the most effective metaheuristic power System models. According|y, the article serves as a
optimizer for the proposed systems among TLBO, PSO, and  valuable and concise reference for researchers and engineers
GA. Table 2 presents the performance metrics, including SD,  in the field. The main findings can be summarized as follows:
Cl analysis, and average execution time, based on 50 o ED js currently elementary for running an electrical

independent runs of each optimizer for the 10-unit systems. power system,

Table 2 demonstrates that TLBO exhibits the highest stability 4 Ep is not constrained to conventional power grids; it
and robustness, as reflected by the narrower CI. The total cost could be applied to smart grids and microgrids as weII.'

of TLBO is lower by 0.01% and 1.05% compared to PSOand | o5t research is directed toward utilizing optimization

GA, respectively. The CI of TLBO is lower by 96.11% and methods for solving ED; however, less is directed toward
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developing simple and reliable models for the power
system, objective functions, and constraints.

e Most reported researchers are for standard and virtual
power systems; however, fewer are reported for
actual/real power systems.

The following aspects for further in-depth research:

e Reducing reliance on simple, direct ED with one
objective function and moving toward a more complex
objective function and constraints.

e Remember that the primary focus is the electrical power
system and its components, which define the objective
function and the associated constraints. Optimization
algorithms are merely tools used to achieve the desired
outcome, not the ultimate goal.

e When using a modern optimization method for a specific
power system, we recommend comparison with other
optimization methods within the same system and
consistent the operating conditions to help complete the
practical research efficiently.

e It is necessary to look for realistic electrical power
systems as much as possible in order to maximize the
feasibility of the research.
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