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Abstract:

The power grids are increasingly growing while involving different types of energy sources. The fossil
fuels power plants are still account for most of the generation in the current power grids. The cost of
fossil fuels, emission and/or losses are representing some operational constraints on the operation of
the modern power system. Renewable Energy Sources (RESs) recently are considered for securing
electricity demand in different power systems. However, these sources are subjected to climatological
dependence and a high degree of uncertainty. Economic Dispatch (ED) is the key tool for running
modern electrical power systems. It optimizes the energy cost while fulfilling the load requirements. ED
considers different generation types including renewable sources. Moreover, ED techniques could be
modified according to the operating scenarios and the imposed limitations. This article discusses
comprehensively the evolution of ED from traditional techniques up to Atrtificial Intelligence (ED)
methods. Moreover, the article analyzes the ED while integrating RESs. Moreover, different energy
storage systems for mitigating the limitations of RESs are analyzed. The article concludes the
significance of RESs in optimizing the operating costs achieving around 35% drop in the cost of energy.
Moreover, RESs increase the margin of security and fulfill the sustainability requirement in the modern
power systems.

Keywords: Economic Dispatch, Renewable, Energy, Sources, Meta-heuristic, Artificial Intelligence ,
Sustainability, Diversity.
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Introduction:

ED is one of the most fundamental optimization problems in power system operation. Its objective is to
determine the optimal allocation of generation among committed units so that the total production cost is
minimized while meeting system demand and operational constraints [1], [2]. The classical ED formulation
considers a quadratic cost function for thermal generating units that includes constraints such as the power
balance equation, generator capacity limits, and transmission loss modeling [3], [4]. Solving ED efficiently
is vital for reducing operational costs and ensuring reliable grid performance [5].

Initially, ED was addressed using deterministic mathematical programming methods. The most widely
used techniques include the lambda-iteration method, Lagrangian relaxation, and gradient-based
approaches [5]. For convex cost functions and small systems, these approaches are efficient and
guarantee global optima. More advanced deterministic methods, such as quadratic programming (QP),
linear programming (LP), and interior-point methods, have been employed to handle larger systems and
more complex formulations [6]. However, these classical methods encounter difficulties when dealing with
non-convex cost curves, valve-point effects, and prohibited operating zones [7].

Dynamic programming (DP) has been used to solve ED problems that exhibit non-convexities or involve
discrete decision variables [8]. While DP can find global solutions, it suffers from the “curse of
dimensionality,” which limits its application to large-scale systems. Other mathematical approaches, such
as mixed-integer programming (MIP) and nonlinear programming (NLP), have also been utilized for ED
with valve-point effects and prohibited zones [9]. Despite their robustness, these methods may require
high computational resources and can be slow for real-time applications, making them less suitable for
modern large-scale grids.

To overcome the limitations of conventional methods, metaheuristic algorithms have been extensively
applied to ED. Genetic Algorithms (GA) [10], Particle Swarm Optimization (PSO) [11], Differential Evolution
(DE) [12], Ant Colony Optimization (ACO) [21], Artificial Bee Colony (ABC) [13], Firefly Algorithm [14], Bat
Algorithm [24], Grey Wolf Optimizer (GWO) [15], and Teaching—Learning-Based Optimization (TLBO) [16]
are among the most prominent techniques. These algorithms are well suited for non-convex, nonlinear,
and large-scale ED problems. Hybrid approaches that combine two or more metaheuristics, such as GA—
PSO [17] or DE-PSO, have demonstrated faster convergence and improved solution quality.

Comparative analyses indicate that while deterministic methods remain efficient for convex and small-
scale ED problems, metaheuristics excel in solving large-scale, nonlinear, and non-convex problems.
Studies highlight that PSO and DE often outperform GA in terms of convergence speed and robustness
[18]. Furthermore, hybrid metaheuristic algorithms provide an effective balance between exploration and
exploitation, ensuring higher-quality solutions [19]. Current trends focus on multi-objective formulations of
ED that address both economic cost and emissions, while ensuring computational efficiency and scalability
for practical implementation. Despite significant progress, challenges remain in parameter tuning, ensuring
global convergence, and reducing computational time for real-time dispatch [18-19].

Economic Dispatch: Methodology:

ED is classified into two categories: Static and Dynamic [3,5,20, 21-24].

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 generation schedule for a single time interval.

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

objective functions:

The ED in general is currently solved as optimization problem. The optimal energy cost is obtained
via minimizing the objective function. This type aims to minimize a single, overarching objective: the
total cost of power generation [5,16,20, 21-24].

Single-Objective ED: This type aims to minimize a single objective function, usually the total cost of

power generation.

Multi-Objective ED: This type optimizes several objective functions, such as minimizing generation

cost, and reducing emissions.
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Here are the detailed formulations of different objective functions used in ED problems:

1. Fuel Cost:
Minimizing fuel costs is a key objective, which involves reducing the total fuel expense for power
generation at each generator, often modeled using a quadratic function [1].
N
Fe= Z a;(P)* + biP; + ¢
i=1
Where F is the fuel cost of unit i ($/MWh), P; is the power output of unit i (MW), N is the number of
units, a;, b;,and c¢; are the fuel cost coefficients of unit i.

2. Transmission Loss:
The goal of the transmission loss objective function is to optimize power transmission by minimizing
energy losses in the system [2, 3, 5].

Z Z P,B,P; +Z Bo;P; + Byp 1)

i=1 i=1

Where P, Total network loss of the system (MW) B
coefficients.
3. 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 [8, 21-24]:

ij» BoiBoo are the transmission loss formula

N
D @) + e+ ) @)

FC(PiMaX) (ai(PiMax )2 n bipiMaX + Ci) 5
COER(R™) (a(BMe)” + e PV 41) ©®)
Where h; is the penalty factor, d;, e;,and f; are the emission cost coefficients of the unit, PiMaX are
the upper limits of power generated by unit i.
4. Valve point effect:
The valve point effect refers to the phenomenon where the fuel cost of a generating unit increases

non-linearly as the power output increases, due to 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 [2, 5, 10].

Fvpc = |a;sin{s;(P™™ — P!)}| (4)

The two parameters a;and §; represent the valve point effect, and P™" are the upper limits of power
generated by unit i.

5. Wind Power Cost:

The wind power cost objective function aims to minimize the total cost of wind-based electricity
generation by optimizing the cost function f,,,;; (Pwij) for each wind turbine in region i, which is composed
of three components: direct costs, underestimation penalties, and overestimation penalties, as defined
in equations (7), (8), (9), and (10), respectively [3, 5, 21-25].

Fwii (Pwij) = kwij X Pwavij + Cowij(Pwav,ij — Pwsnij) + Cowij(Pwsnij — Pwav.ij) (5)
Pwrij
Cowij (Pwavij — Pwsnij) = Kpwij X f (Wij = Puwsnip) fuwiy (Wi ) dwy; (6)
Pywi1,ij
Pwsh,yj
Crwij(Pwsnij = Pwavij) = Krwij X f (Pawsnij — Wij) fuwij (Wi )dw;; (7
0
With
hw k hv; k
1 U) Xs (1 il ) _.9
k hvm ( + Pw ij Vin + Pwr,lj Um (8)
fWL] (Wl]) c c Xexp| — c
wr ij

Where P,; represents the power output of the j™ wind turbine in region i, with cost, kwij, kpwij and
ke for direct, penalty, and reserve costs, respectively.
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6. PV power cost:

The PV-based power cost function has three components: direct costs, penalty costs for reserve
costs (Cy;;), and underestimation (C,;;), with a lognormal pdf characterizing solar power, as defined in
equations (10), (11), and (12), respectively [5,9, 21-24].

fsij (Psi]’) = ksij X Psav,ij + Cpsij(Psav,ij - Pssh,ij) + Crsij(Pssh,ij - sav,ij) (9)
Crsij(Pssh,ij - Psav,ij) = fs(Psav,ij < Pssh,ij) X [E(Psav,ij < Pssh,ij)] X krsij (10)

Cpsij (Psav,ij - Pssh,ij) = kpsij x [E(Psav,ij > Pssh,ij) - Pssh,ij] X fs(Psav,ij > Pssh,ij) (11)
Where Pg;; represents the power output of the i PV plant in region i, with cost coefficients ki,
k,sij» and k,;; for direct, penalty, and reserve costs, respectively.
7. Startup cost, and shutdown cost:

Thermal power operating costs include fuel costs, startup costs, and shutdown costs. Fuel costs are
usually represented by a quadratic function of the thermal power units' active output. Startup costs can
be broken down into 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 [3, 10, 16, 21-24]:

fire Uy 1) = Wt fruel U, 1) + uj,t(1 - uj,t—l)Sj,t (12)
s
fuet Gr 1) = Z (aij%t,s + bjPj s + Cj) s (13)
s=1

X" < T 4 TN, Shy

ff Id ff
X" > TC + T, Scj,
where fq (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 generator j at period t, respectively.
8. Multiple fuel options:
The flexibility of generating units to use multiple fuel options in different regions within their

operational range adds complexity to the cost function, introducing more non-differentiable points,
resulting in.

a1 (P)? + by P + ¢y
F;(Pi) = {ai;(P)* + b P + iz (15)
ai3(P)? + b P; + ;3
Where F; is the fuel cost of unit i ($/MWHh), P; is the power output of unit i (MW), a;, b;,and ¢; are
the fuel cost coefficients [10] .
Constraints:
1. Power balance:

n
i=1
Where P, Total load demand of the system (MW) [1].

2. Generator operating limits:

Pi,min <P < Pi,maLx;i =1..,N (17)

Where P; nin @and P; nax are the minimum and maximum limits [1].
3. Ramp rate limit:
The output power of a generator is not instantly adjustable, and this restriction governs how power
output changes over time [11].
When power generation increases, it is represented as:
Pi(t) + Pi(t — 1) < UR;

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

(18)

(19)
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Now the economic load dispatch (ELD), with an up rate and down rate of power, is defined as:
Ppin = Max[(P™", P(t — 1) — DR;)]
Prax = Min[(P™*, Pi(t — 1) — UR})] (20)
Pi,min < Pi < Pi,malx
Where UR; and DR; are the upper and down ramp rate limits, respectively.

4. Prohibited operating zone (POZ):

The prohibited operating zone defines the limits of a generator's active power output, which can 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 [11, 21-24].

Pimin < Pi,t < ngwer

PP <Py <P i=1,..,mj=23..,n;t=12,.,T 21)

upper max
P < P < P

The notation used to describe the Prohibited Operation Zones (POZs) is as follows: for the i unit,

Pi"’jp_pf' and P}f}""e’ represent the upper and lower boundaries, respectively, of the j! POZ, where j ranges

from 1 to n;, the total number of POZs for unit i.
5. Branch power flow:

pr<p,,<P" 22)

Where P/, and PM minimum/maximum power flow of the line [3].

6. Reverse limit constraints:

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; = min{(P; (max) = P: ), SR (max)} (23)
TI.SIlg

SR= ) SR, (24)
i=1

The spinning reserve is defined as follows: SR; represents the spinning reserve of unit i, measured
in megawatts (MW), with SR; a5 being its maximum capacity. The total spinning reserve, SR, is the
cumulative contribution from all generating units that operate without any POZ [2].

7. Battery operation:
Excessive charging and discharging of the battery can lead to premature aging, and the following

constraints are imposed to mitigate this effect [21-24].
S0 Cin < SOC (t) < SOCphax

(25)

—Pgsmax < Pps(t) < Ppsmax (26)
N-1

SOCens = SOCaan + ) Pos(D)1cAE = S0Csan @7)
‘N1

Pgs ()

S0Ceng = SOCstan + U—DAt = SO0 Cstart (28)

t=0

The battery storage system is characterized by its minimum and maximum state of charge (SOC)
limits, denoted by SOC,,;, and SOC,,.«, respectively. Additionally, the system is defined by its maximum
power capacity (Pgsmax), Charging and discharging efficiencies (1, and np), and minimum and maximum
power values (PBS(t)). The initial and final SOCs of a cycle are represented by SOCg, and SOCqny ,
respectively [3].

8. Transmission line capacity:
Power flow between two grids is expressed as:
_PLmax < PGrid < PLmax (29)

Where P, . iS the maximum capacity [12, 21-24].
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9. 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.

em(t) < em™¥(t) (30)

Where em™3*(t) is the maximum emission [13, 23].

10. 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 [3, 21-24].

X% 2T
Tup/down {Xj‘f > Tjoff (31)

Where T" and TjOff Minimum operating time/downtime of generator j.

11. 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 [14].
Vimin <V < Vimax @and  dmin < § < dmax

(32)
Where V; min » dmin, V; hax ,» and dmax are the minimum and maximum limits.
12. Transformer tap setting:
The transformer tap setting lies between 0 and 1.
<t<
0<t<1 (33)

For the secondary side, the relation of the tap setting can be given as 0 < t < n where n is the turns
ratio [14].
13. Regional load sharing dispatch (RLSD):

RLSD is characterized as the exchange of obtainable power among the various sources that may

be allocated in different areas [21-24]. It can be calculated by the following equation.
Nareas N N N

Z PNi,maXZZPBi+ZPWi+ZPSi (34)

i=1 i=1 = =1
where P, Pg, and Py, represent the available total power provided by PV, biofuel, and wind resources
according to the power demand; Py represents the power due to N areas according to the generation
sources [9, 24].
14. Frequency Regulation Limits:

Frequency limits for the power system.
I:i,min < I:i < I:i,max

35
Where f; i, and f; .« are the minimum and maximum limits [15, 21-25]. )
15. Reactive Power Constraints:
Reactive power (Q) limits for each thermal unit:
Qimin < Qi < Qimax (36)
Where Q; min and Q; max are the minimum and maximum limits [14].
16. PV power:
Poymin < Ppv < Ppymax 37)
Where Ppy min and Ppy maxare the minimum and maximum limits [16].
17. Wind power:
PwTmin = Pwr < Pwrmax (38)

Where Pyt min @and Pyt max are the minimum and maximum limits [16].
Renewable Energy Sources for Sustainable Electric Supply:
Growth of Renewable Energy:

Renewable energy sources—such as solar, wind, hydro, geothermal, and biomass—are increasingly
essential for resilient and environmentally responsible electric power supply. Unlike fossil fuels, these
sources replenish naturally and emit little to no greenhouse gases during operation. Global renewable
energy capacity has grown steadily over the past decade due to falling technology costs and supportive
policies, Fig.1. This rapid expansion is vital for reducing dependence on carbon-intensive power plants

while enhancing long-term energy security [26, 27].
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Fig.1: Power from RES globally
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Fig.1 shows that the harvested energy from RESs increases annually by around 200GW. This reflects
the world trend for converting into renewable sources to secure the demands of the energy [26,27].
Variability, Uncertainty and Storage Systems:

RESs enjoys environmental compatibility, sustainability and versality. However, their intermittency
particularly solar and wind types present challenges for grid stability. Solar output varies with shading from
wind and irradiance levels. Therefore, the solar harvested power varies throughout the day hours. The
wind power, meanwhile, fluctuates with atmospheric conditions, which difficulties the integration of the
output of these sources into the common supply. Elaborate and rather complicated techniques must be
adopted for interfacing these RESs source. Moreover, to maintain a stable electric supply, grid operators
increasingly rely on energy storage systems, flexible demand strategies, and advanced forecasting
[28,29].

Energy storage systems used with renewable energy are versatile including:
e Pumped Hydro Storage (PHS),

e Compressed Air Energy Storage (CAES),

o Flywheel,

e Thermal Energy Storage,

e Electrochemical.

These types vary in size and application.

PHS is the most mature, widely used, and largest-capacity energy storage technology used for
renewable energy integration into power systems. PHS operates by using surplus electricity, often from
wind or solar, to pump water from a lower reservoir to a higher one, storing energy as gravitational
potential. Then, when electricity demand rises, the stored water is retrieved through turbines to generate
power. PHS systems typically achieve round-trip efficiencies of 70-85% [30] and are well suited for large-
scale, long-duration storage, with individual plants commonly providing power capacities of several
hundred megawatts to over 1 GW and energy storage durations from 6 to more than 20 hours [31]. Due
to their long operational lifetimes, often exceeding 50 years, high reliability, and ability to provide grid
services such as frequency regulation, load balancing, and reserve power, PHS facilities account for more
than 90% of the installed energy storage capacity. Therefore, they are considered a cornerstone
technology for stabilizing grids with high shares of renewable energy. They provide the required power for
maintaining power stability under disturbance in similar fashion to the conventional power plants [30,31].

CAES is a large-scale energy storage technology well suited for integrating variable renewable energy
sources such as wind and solar into power systems. CAES operates by using excess electricity to
compress air and store it in underground caverns, depleted gas fields, or engineered tanks; then, when
electricity is needed, the compressed air is released, heated, and expanded through turbines to generate
power. Conventional CAES plants typically provide power capacities in the range of 100-500 MW with
storage durations of several hours to days, making them suitable for long-duration energy shifting and grid
reliability services. Advanced CAES concepts, such as adiabatic CAES, aim to improve round-trip
efficiency, currently around 40-55% for conventional systems, by capturing and reusing compression heat,
reducing fuel consumption and emissions. Due to their large storage capacity, long service life, and
relatively low cost per kilowatt-hour at scale, CAES systems are considered a promising complement to
batteries and PHS in future renewable-dominated energy systems [32,33].
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Flywheel energy storage systems (FESS) are a promising mechanical energy storage technology
increasingly studied for supporting renewable energy integration due to their high-power density, rapid
response, long cycle life, and minimal environmental impact. In FESS, electrical energy is converted into
kinetic energy by spinning a rotor at high speeds. This is often in a vacuum with magnetic bearings. The
kinetic energy could be rapidly converted back to electricity once required. FESS are particularly suitable
for frequency regulation, power smoothing, and short-duration balancing of intermittent wind and solar
generation. The literature reported that modern FESS designs achieve high round-trip efficiencies and
prolonged operational lifetimes, often exceeding 100,000 cycles, with low degradation compared to
chemical batteries, and they could deliver large bursts of power on the order of megawatts [34,35].
However, FESS suffer from inherent energy capacity, which is generally lower than that of electrochemical
or PHS. This limits them to short-term storage applications rather than long-duration energy shifting. The
literature emphasizes ongoing advancements in rotor materials, magnetic bearing systems, and power
electronics to further improve performance, system integration, and economic viability within renewable
energy-rich grids [34,35].

Thermal Energy Storage (TES) is a pivotal technology for enhancing the reliability and dispatchability
of renewable energy systems, especially solar and wind power. TES stores surplus heat for later use when
generation is low or demand peaks. TES systems are broadly categorized into sensible heat storage (e.g.,
molten salts or heated solids), latent heat storage using phase change materials (PCMs), and
thermochemical storage, each offering distinct advantages in energy density, temperature range, and
application context. Sensible heat storage, widely used in concentrated solar power (CSP) plants, stores
energy by raising the temperature of a medium like molten salt, enabling utility-scale energy retention and
dispatchability; latent heat systems leverage the high energy absorption during a material’'s phase change
to boost storage density, while thermochemical systems promise even higher storage potential through
reversible chemical reactions [36]. The literature highlights that these TES technologies not only smooth
the mismatch between intermittent renewable generation and energy demand but also significantly
improve grid flexibility, reduce curtailment of renewable output, and support broader integration of low-
carbon energy infrastructures [37].

Electrochemical energy storage systems are central to modern renewable energy deployment because
they convert electrical energy into chemical energy and back with high efficiency, which enables reliable
grid operation despite the variability of sources like solar and wind. The lithium-ion batteries dominate both
commercial and research landscapes due to their high energy density, long cycle life, and efficient
charge/discharge behavior, making them suitable for applications ranging from grid-scale storage to
distributed renewable installations; state-of-the-art lithium-ion cells can achieve energy densities of 150—
300 Wh/kg and round-trip efficiencies near 90-95 %. The research continues into advanced chemistries
and solid-state designs to improve safety and longevity [38]. The literature reported that the redox flow
batteries (RFBs) as a compelling alternative for large-scale, long-duration storage: by decoupling power
and energy capacity through separate electrolyte tanks. RFBs offer flexible scalability and extended
storage durations beyond 4-6 hours, although they typically have lower energy densities and somewhat
higher fixed costs than lithium-ion systems [39].

The literature emphasizes that performance, reliability, and sustainability of electrochemical systems
hinge on electrode materials, electrolytes, and interfaces, with developments in solid-state electrolytes,
sodium-based batteries, and interface engineering promising improved safety, reduced reliance on critical
metals, and enhanced capacity retention [40]. Furthermore, advanced battery management systems
(BMS) using Al and predictive control are shown to optimize charging, state-of-health monitoring, and
thermal performance, which are critical for maintaining efficiency and extending operational life in grid
applications. Such integrative research highlights the dynamic evolution of electrochemical storage
technologies as they adapt to the demands of renewable energy systems [41,42].

Different parameters are considered in determining the most appropriate energy storage systems such
as: power, energy capacity, application whether mobile or stationary, other requirements as frequency
regulation and etc. Short-duration, high-power services such as frequency regulation typically use
batteries or flywheels with durations of seconds to a few hours. Long-duration energy shifting as storing
solar energy for nighttime in mega scale projects prefers PHS, CAES, or emerging long-duration battery
technologies, with capacities reaching gigawatt-hours. More comparison between different energy storge
systems for renewable energy sources is given in Table 1.
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Table (1): Energy storage systems for renewable energy sources

Typical o n
Technology Power Storage RO.L".]d U ey Main Limitations Typlc_:al .
C . Duration Efficiency Advantages Applications
apacity
Mature, high Geographic
Pumped Hydro | 100 MW — 6-20+ rellabl_llty| constraints, high Gnd-_sgale energy
70-85% long life, . shifting, load
Storage (PHS) >1 GW hours capital cost, .
bulk energy . . balancing
oy environmental impact
shifting
Large-scale,
Compressed 40-55% long- Lower efficiency may Grid ener
Air Energy 100-500 Hours— (conventional), duration need fuel for o 9y
. shifting, renewable
Storage MW days up to 70% storage, reheating, complex inteqration
(CAES) (adiabatic) flexible infrastructure 9
siting
Fast
response, Frequency
Flywheel KW — MW Se(_:onds— 85-95% hlgh_ power Low energy capacity, regulat_lon, power
Energy Storage minutes density, very short-duration only smoothing, voltage
long cycle support
life
Low cost per
kWh, long Concentrated solar
Thermal 60-90% duration, Often application- power, industrial
MW - GW Hours— ) s . o
Energy Storage (thermal) davs (depends on suitable for specific, conversion heat applications,
(TES) y system) heat- losses to electricity building
intensive heating/cooling
applications
Minutes— High Residential
Electrochemical KW — hours efficiency, Degradation over storage, grid
Storage 100s MW (flow 85-95% modular, cycles, cost, material balancing,
(Batteries) batteries: flexible, fast availability renewable
longer) response integration

Future Trendsetter for a Fully Renewable Electric Supply:

A sustainable electric supply mandates the integration of diverse renewable resources, expanding
transmission networks, and adopting smart-grid technologies. Currently, the multiple renewable sources
such as solar, wind, and hydro mixes result in more reliable supply. These resources complement each
other across seasons and weather patterns [41,42]. Long-term decarbonization strategies also emphasize
electrification of transportation and heating, which increases electricity demand but enables deeper
emissions reductions when powered by renewables. The current research efforts are directed for
developing renewable-dominant power systems that support both economic growth and climate resilience,
while solving problems as climate dependency, intermittency, stability and other related challenges. Fig. 2
shows the share of RESs in electricity production worldwide.

8 8 8§ 8 8 3 &8 8
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o
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Fig. 2: Percentage share of RESs in global electrical power supply

2020 2022 2024 2026

Fig.2 shows that the share of RESs in electricity production worldwide is increased by around 300% in
one decade. This is clear proof on the merits of RESs and their compatibility with environment. This share
of RESs is anticipated to reach around 80% by 2026. However, this high sharing percentage require the

ability of renewable energy systems in not only fulfilling the load but solving the integration problems as
well.

Graphs for Renewable Energy Sources integrated in Economic Dispatch:
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The increasing penetration of RES, such as wind and solar power, has significantly altered the
traditional formulation of the ED problem. Unlike conventional thermal units with predictable generation
characteristics, RESs introduce intermittency, variability, and uncertainty into the system, making the
dispatch process more complex [20]. To address these challenges, stochastic optimization techniques
have been widely applied, where uncertainties in renewable generation are modeled using probability
distributions or scenario-based methods. Robust optimization approaches have also gained traction,
providing solutions that remain feasible under worst-case realizations of uncertain parameters [43, 44]
Moreover, chance-constrained programming has been adopted to balance operational reliability with
economic efficiency, allowing operators to manage renewable variability while minimizing cost.

In addition to stochastic and robust frameworks, heuristic and hybrid optimization techniques have been
increasingly used to solve RES-integrated ED problems. Metaheuristic algorithms such as Genetic
Algorithms (GA), Particle Swarm Optimization (PSO), and Differential Evolution (DE) have demonstrated
strong performance in handling the nonlinear, non-convex nature of renewable-integrated dispatch [22].

Hybrid approaches that combine forecasting models with optimization algorithms further improve
reliability by incorporating short-term predictions of wind and solar outputs. Recent studies also explore
machine learning-based methods, including reinforcement learning and deep learning, to enhance the
adaptability of ED frameworks under high-RES penetration. These advancements underline the
importance of advanced optimization techniques to ensure cost-effectiveness, reliability, and sustainability
in modern power systems with increasing renewable integration [43-50].

ED/DED for different power systems incorporating RESs are reported in the literature. The RESs
resulted in cutting the energy cost while fulfilling the load requirements. Moreover, they reduce pollution
via cutting the emissions of greenhouse gases. However, ED/DED is only interested in the running costs,
emissions and losses. ED/DED is not considering capital, infrastructure and replacements costs while
solving for the minimal energy cost [43-50]. In the following an example of ED for a 500MW load in a
system with and without RESs are shown in Table 2. This power system has two sources of RESSs; these
are solar and wind [21-24].

Table (2): ED with and without RESs for 500MW load [21-24]

Without RES| With RES
Fossil Fuels 500MW 300MW
Wind 0 120MW
Solar 0 80MW
CO, Emissions (kg/hr) 4,500 2,100
Spinning Reserve Required (MW) 40MW 70MW
Renewable Penetration (%) - 40%
Cost of Energy (CoE) (kWh/$) 0.024 0.01056

Table 2 shows that incorporating RESs resulted in significant reduction in the energy cost, around 35%.
The RESs in the system under consideration could achieve around 40% penetration. However, the
spinning energy reserve is increased by around 75%. It jumps from 40MW into 70MW, which is attributed
to weak ability of RESs in maintaining power system stability following disturbance such as faults and
abnormal operating conditions.

Conclusion:

This article discusses the strategy of ED, which minimizes the cost of energy in the power system while
adhering with the constraints as power balance, losses, emissions. The ED/DED is currently integral part
in running and controlling modern power systems. The ED/DED is solved as constraint optimization
problem. Therefore, numerous optimization technigues are evolved and being applied for ED/DED. The
most recent trend for solving ED/DED is using Al, Al combined with meta-heuristic optimization and other
evolved solvers.

Globally a move toward RESs for generating electricity is reported. This is attributed to the deficiencies
of fossil fuels alternatives and the salient features of the RESs. However, RESs suffer from uncertainty
and climatological dependence. This mandates the application of suitable storing and interfacing
circuits/topologies/technologies.

Recently ED/DED is considering the integration of RESs and their storage systems when determining
the optimal cost of energy for given load requirements. This achieves tremendous cut in the cost of the
energy while increasing supply security and reliability. However, ED/DED could not be used alone for
evaluating renewable energy projects. Since ED/DED considers only running cost, while the capital cost
of RESs projects is not considered. Therefore, there is a need for developing a new technique, which while
optimizing the energy cost considering the capital, maintenance, replacement costs.
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The following conclusion could be drawn from the article:
e ED/DED is key tool for running a modern power system.
¢ RESs have to be deployed for fulfilling either partially or fully the requirements of the loads.
o Efficient, reliable and robust energy storage systems are required to boost the operational limits
of RESs.
e ED/DED while incorporating RESs results in significant reduction operational energy costs, while
boosting the supply continuity.
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