
New Energy Exploitation and Application | Volume 04 | Issue 02

New Energy Exploitation and Application
https://ojs.ukscip.com/index.php/neea

Review

EconomicDispatchTechniquesUnderVaryingLoadandRenewable
Integration Scenarios: A Systematic Review
MuniruOlajideOkelola 1 , ShakiratBolaAbdulrazaq‑Akanbi 1 , Jelili AremuOyedokun 1,2,* , Oladunni
Oladeji 1 and Nasrat Alaba Opoola 1

1 Department of Electronic and Electrical Engineering, Faculty of Engineering and Technology, Ladoke Akintola
University of Technology, Ogbomoso 210271, Nigeria
2 Engineering and Scientific Services Department, National Centre for Agricultural Mechanization, Ilorin 240103,
Nigeria
* Correspondence: oyedokun.j@ncam.gov.ng

Received: 27 October 2025; Revised: 24 November 2025; Accepted: 27 November 2025; Published: 13 December 2025

Abstract: Economic Dispatch (ED) is a vital optimization problem in power systems, focused on minimizing gen‑
eration cost while satisfying operational and environmental constraints. The increasing integration of renewable
energy sources such as wind, solar, and hydro has made ED more complex due to intermittency, variability, and
forecasting challenges, necessitating advanced optimization frameworks beyond conventional mathematical pro‑
gramming. This review analyzes ED approaches under varying load and renewable integration conditions, drawing
on peer‑reviewed literature from IEEE Xplore, ScienceDirect, Springer, Elsevier, and Scopus (2013–2025). Classi‑
cal methods like lambda iteration and quadratic programming remain effective for small‑scale convex ED problems
but fail to address nonlinearities and renewable‑related uncertainties. Meta‑heuristic algorithms, includingGenetic
Algorithms (GA), Particle Swarm Optimization (PSO), and Differential Evolution (DE), effectively solve nonconvex
problems but face limitations in convergence speed and scalability. Hybrid frameworks, particularly those incor‑
porating artificial intelligence and fuzzy logic, offer balanced trade‑offs between solution quality, robustness, and
computational efficiency. Stochastic and robust optimization methods provide structured ways to manage uncer‑
tainty, though their high computational demands hinder widespread application in large‑scale systems. Overall, no
single ED method universally outperforms others; the choice depends on system size, renewable penetration, and
operational objectives. Key research gaps include the scalability limits of meta‑heuristics, limited exploration of AI‑
driven hybrid models, insufficient large‑scale real‑world validation, and inadequate emphasis on environmentally
constrained ED. Future work should focus on adaptive, emission‑conscious, and smart grid‑integrated approaches
that enhance efficiency, sustainability, and resilience in renewable‑rich power systems.
Keywords: Economic Dispatch; Renewable Energy Integration; Meta‑Heuristic Optimization; Hybrid Methods;
Stochastic Optimization

1. Background on Economic Dispatch in Conventional Power Systems
The global pursuit of sustainable energy has intensified due to climate change concerns, rising fossil fuel costs,

and the finite nature of petroleum, coal, and natural gas, which are projected to be depleted within the next few
decades if current consumption patterns persist [1]. Nigeria, like many developing countries, relies predominantly
on conventional fossil fuels for electricity generation, with total output estimated at about 35,000 GWh annually, of
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which nearly 80% is from thermal plants powered by natural gas, 17% from hydropower, and less than 3% from
other renewables [2]. Despite abundant solar resources averaging 5.5 kWh/m²/day across its landmass [3], the
Nigerian power sector remains largely conventional, characterized by inefficiencies in fuel supply, frequent grid
collapses, and underutilized hydro capacity. As a centralized and interconnected network, Nigeria’s grid depends
heavily on economic dispatch (ED) to allocate generation resources optimally at minimal cost, yet operational chal‑
lenges persist. With electricity demand projected to exceed 40,000 MW by 2030 [4], optimizing ED within conven‑
tional systems remains critical for ensuring supply adequacy, enhancing system stability, and laying the foundation
for increased renewable integration.

1.1. Motivation for Review
The integration of renewable energy resources such as solar, wind, and small hydro into conventional power

systems poses additional operational and planning issues due to their inherent intermittency, forecasting flaws,
and load demand uncertainties. These factors greatly complicate the Economic Dispatch (ED) problem, which gen‑
erally focuses on lowering the total generation cost while assuring reliable power supply and system stability. The
changing nature of renewable sources makes it difficult to maintain a steady balance between supply and demand,
as generation levels can vary substantially with changes in weather conditions and time of day. Moreover, predic‑
tion mistakes in renewable power output and fluctuating consumer demand patterns throw additional layers of
uncertainty into the dispatch process, further challenging the effectiveness of standard optimization methods. To
properly address these difficulties, there is a rising need for innovative and intelligent optimization algorithms ca‑
pable of simultaneously achieving economic efficiency and environmental sustainability. Such algorithms should
be robust enough to manage system unpredictability, flexible to adjust to real‑time operational situations, and effi‑
cient in discovering near‑optimal solutions within appropriate computing bounds. Therefore, modern power sys‑
tems require hybrid and adaptive optimization strategies integrating techniques such as metaheuristics, machine
learning, and probabilistic modeling to ensure a secure, cost‑effective, and eco‑friendly dispatch of both renewable
and conventional energy sources under diverse operating scenarios [5].

1.2. Scientific Aim of theWork
This study is to systematically assess economic dispatch methodologies for power systems under fluctuating

loads and renewable energy integration. It focuses on the evolution, modeling tactics, and optimization techniques
in economic dispatch, particularly dealing with uncertainties from renewable sources. The work compares tradi‑
tional, intelligent, and hybrid methods while highlighting probabilistic, stochastic, and robust optimization tech‑
niques. This review identifies existing issues, performance gaps, and future research directions necessary for reli‑
able, economical, and sustainable power system operations in contexts centered around renewable energy [5].

1.3. Objectives and Research Questions
This research seeks to give a comprehensive synthesis of economic dispatch (ED) strategies by methodically

reviewing, summarizing, and classifying the varied methodologies applied under various load conditions and re‑
newable energy integration scenarios. Asmodern power systems increasingly incorporate renewable sources such
aswind, solar, and hydro, the ED problemhas developed to needmore advanced and adaptive optimizationmethod‑
ologies. This study, therefore, focuses on identifying and evaluating the vast range of classical, heuristic, and hybrid
strategies created to solve the challenges given by intermittency, uncertainty, and dynamic operating restrictions.
Through comparative analysis, the research shows the distinct advantages, limitations, and computational perfor‑
mance of different methods, analyzing their usefulness in achieving optimal cost, dependability, and environmen‑
tal sustainability. By doing so, it provides vital insights into the suitability of each strategy for different system
scales and operational situations. Furthermore, the paper outlines significant research gaps, including the need for
algorithms capable of real‑time adaptation, multi‑objective optimization, and effective management of stochastic
changes in renewable energy output. Based on these findings, the research recommends future possibilities for
enhancing economic dispatch approaches, stressing the creation of resilient, scalable, and sustainable solutions
that may assist the shift toward smarter and greener power systems. Ultimately, this study serves as a strategic
reference for scholars and practitioners looking to increase energy management and decision‑making in the era of
renewable energy‑driven power generation.
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Guiding questions include:
This review is guided by three central research questions:

1. How economic dispatch (ED) techniques differ in their effectiveness when addressing varying load scenarios?
2. Which optimization strategies demonstrate the greatest efficiency and reliability in renewable‑integrated ED

systems?
3. What key research and implementation gaps remain unaddressed in the current body of ED literature?

1.4. Real‑World Limits
Even though deterministic and stochastic economic dispatch (ED) methods can be used in many situations,

they both have big problems when it comes to real‑world power system operations. Deterministic models are
quick and efficient when it comes to calculations, but they need complete system information and can’t account for
real‑time changes in renewable generation, fuel costs, and load variations. This defect makes them less reliable in
modern power networks that are driven by uncertainty. On the other hand, stochastic methods give more accurate
pictures of uncertainties, but they need a lot of historical and probabilistic data, which is often scarce or unreliable
in developing energy markets. They are hard to use in large systems in real time because they are computationally
intensive and create complex scenarios. Other problems that come up include overfitting, being too sensitive to
how uncertainty sets are defined, and having problems with high‑dimensional structures. As a result, there is a
trade‑off between model accuracy, computational feasibility, and data availability. This shows the need for more
flexible, data‑driven, and hybrid optimization frameworks that can effectively balance robustness, efficiency, and
scalability when integrating renewable energy sources in a dynamic way. This systematic study offers an extensive
examination of economic dispatch strategies across various load and renewable contexts; however, certain limita‑
tions must be recognized. The review mainly looks at studies from academic sources that are easy to get to, which
could mean that it misses important gray literature and industry practices. Variations in modeling assumptions,
system configurations, and evaluation metrics among studies hinder the capacity for accurate quantitative com‑
parisons. The work emphasizes conceptual synthesis over intricate mathematical derivations or simulation‑based
validations of the models under discussion. The study also does not fully address new hybrid or data‑driven meth‑
ods, like machine learning‑assisted or adaptive dispatch methods, that are becoming more important in systems
with a lot of renewable energy. Furthermore, regional and data‑specific constraints, such as the availability of re‑
newable data, computational capacity, and regulatory disparities, were not explicitly analyzed, thereby impacting
the generalizability of the findings. The study lays a strong groundwork for comprehending the current challenges
and opportunities in the development of resilient, efficient, and intelligent economic dispatch frameworks for sus‑
tainable power systems [6].

2. Methodology of the Review
This research adopted a systematic reviewmethodology to enable a comprehensive and fair evaluation of exist‑

ing studies on economic dispatch (ED) tactics in modern power systems. The review method comprised extensive
literature searches across renowned scientific databases, including IEEE Xplore, ScienceDirect, Springer, Elsevier,
and Scopus. A carefully selected combination of keywords such as “Economic Dispatch,” “renewable energy integra‑
tion,” “meta‑heuristic optimization”, “hybrid EDmodels,” and “stochastic ED” was utilized to find relevant materials.
These keywords were intended to encompass the broad spectrum of studies addressing both conventional and
renewable‑based dispatch optimization strategies.

The inclusion criteria were set to ensure relevance and quality. Only peer‑reviewed journals and conference
papers published between 2013 and 2025 were evaluated. Studies were considered if they clearly explored ED
difficulties under settings of fluctuating load demands or renewable energy penetration, and all selected studies
were restricted to English‑language publications. These criteria guaranteed that the selected literature reflected
recent achievements in ED research, particularlywithin the context of incorporating intermittent renewable energy
sources.

Conversely, the exclusion criteria removed information that lacked technical rigor or practical application. This
includes non‑technical articles, grey literature, editorials, review notes, and purely theoretical works that do not
contain simulation, modeling, or implementation findings. Duplicates and incomplete studies were also filtered
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out to ensure the quality and reliability of the review process.
Following these criteria, a Preferred Reporting Items for Systematic Reviews and Meta‑Analyses (PRISMA)‑

inspired selection procedure was adopted to document each stage of inclusion and exclusion clearly. The approach
beganwith an initial pool of approximately 500 papers, whichwas progressively filtered by title screening, abstract
assessment, and full‑text review. After thorough screening, roughly 160 relevant publications satisfied the set cri‑
teria and were retained for detailed examination.

To assist organized evaluation, the selected studies were carefully divided into four primary groups based on
their methodological methods and problem‑solving techniques:

1. Classical methods, include linear programming, non‑linear programming, and dynamic programming, which
provide the core approaches of ED.

2. Heuristic and meta‑heuristic methods, such as Genetic Algorithms (GA), Particle Swarm Optimization (PSO),
and Ant Colony Optimization (ACO), which offer enhanced convergence and flexibility for non‑linear, non‑
convex ED issues.

3. Hybrid methods, incorporating two or more optimization techniques to balance accuracy, computing effi‑
ciency, and robustness in handling multi‑objective ED scenarios.

4. Stochastic and probabilistic methods, which explicitly handle uncertainties in renewable generation and load
demand using models based on randomness and probability distributions.

This systematic review approach ensures a holistic understanding of the progress, limitations, and potential
of current ED methodologies, setting a solid foundation for identifying research gaps and recommending future
improvements in optimizing economic dispatch in renewable‑integrated power systems.

3. Economic Dispatch Problem Formulation
TheEconomicDispatch (ED) problem is a fundamental optimization job in power systemoperation, principally

concerned with allocating generation among committed units in order to fulfill load demand at the lowest possible
cost while adhering to technical and operational restrictions. In its classical form, the ED problem assumes pre‑
dictable demand and knowing generator availability. The goal function is commonly defined as theminimization of
the total fuel cost of all committed generating units, often approximated as a quadratic function of each generator’s
power output [6].

𝑚𝑖𝑛 𝐹(𝑃) =
𝑛

෍
𝑖=1

(𝑎𝑖 + 𝑏𝑖𝑃𝑖 + 𝑐𝑖𝑃2𝑖 ) (1)

Where ai, bi, and ci are the cost coefficients of the ith generator, Pi is the power output of unit i, andN represents
the number of generating units [6].

This optimization is subject to a set of constraints that ensure the feasibility and reliability of system operation:

(a) Power balance constraint:
The total power generated must equal the total system demand plus transmission losses:

𝑁

෍
𝑖=1

𝑃𝑖 = 𝑃𝐷 + 𝑃𝐿 (2)

where PD is the system demand and PL denotes transmission losses.
(b) Generator operating limits:

Each generating unit must operate within its technical minimum and maximum generation boundaries:

𝑃min
𝑖 ≤ 𝑃𝑖 ≤ 𝑃max

𝑖 , 𝑖 = 1, 2, … , 𝑁 (3)
(c) Additional operational constraints:
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Depending on system requirements, ramp‑rate limits, spinning reserves, and prohibited operating zones may
also be incorporated [7]. In modern power systems, the increasing penetration of renewable energy sources
(RES) introduces significant variability and uncertainty into the ED formulation. Renewable outputs such as
wind and solar are inherently stochastic, and their inclusion requires probabilistic or scenario‑based model‑
ing. This transforms the classical deterministic ED into a stochastic or robust optimization problem, where
renewable generation is modeled as a random variable with uncertain availability [8]. Furthermore, contem‑
porary ED studies often adopt multi‑objective formulations that extend beyond fuel cost minimization. These
formulations may jointly consider:
1. Emission minimization (e.g., CO₂, SO₂, NOₓ emissions) to reduce environmental impacts,
2. System reliability and security constraints, ensuring adequate reserves and grid stability,
3. Sustainability metrics, aligning with low‑carbon power system objectives [9,10].

Thus, while the classical ED problem is well‑established and solvable using mathematical programming tech‑
niques (e.g., lambda iteration, quadratic programming), renewable‑integrated ED requires advanced optimization
frameworks such as stochastic programming, robust optimization, or meta‑heuristic approaches. These modern
formulations reflect the evolving challenges of integrating intermittent renewable resources into large‑scale power
systems [11].

4. Mathematical Modelling of the Associated Errors and Intermittencies
Accurate mathematical depiction of forecast errors and renewable intermittency is necessary for realistic

economic‑dispatch (ED) research. Below is a compact, formula‑rich treatment you can incorporate into your
paper. It covers common stochastic representations, time‑series/errormodels, scenario generation for stochastic
programming, chance‑constraints, and resilient formulations with practical expressions for reserve sizing and
cost integration.

4.1. Statistical/Probabilistic Error Models
Simple IID models
Assume errors are independent identically distributed:

𝑒𝑡 ∼ D ൫𝜇𝑒 , 𝜎2𝑒 ൯ (4)
Common choices:

1. Gaussian: 𝑒𝑡 ∼ 𝒩(0, 𝜎2𝑒 )(convenient but may underestimate tails).
2. Laplace or Student‑𝑡 for heavy tails.

Autoregressive/Time‑Series Structure
Capture temporal correlation using AR(p) or ARMAmodels:

𝑒𝑡 =
𝑝

෍
𝑖=1

𝜙𝑖𝑒𝑡−𝑖 + 𝜀𝑡 , 𝜀𝑡 ∼ 𝒩(0, 𝜎2𝜀 ) (5)

AR(1) special case:

𝑒𝑡 = 𝜙𝑒𝑡−1 + 𝜀𝑡
This models persistence in forecast errors and is important for ramp/rate limits.

4.2. Heteroskedastic Models
If error variance changes with time or weather conditions, use GARCH‑type models:

𝑒𝑡 ∼ 𝒩(0, 𝜎2𝑒 ), 𝜎2𝑒 = 𝛼0 + 𝛼1ℰ2𝑡−1 + 𝛽1𝜎2𝑡−1 (6)
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4.3. Regime/Markov Models for Intermittency
Model weather regimes (e.g., clear, partly cloudy, overcast) as aMarkov chainwith states 𝑠𝑡 . Renewable output

conditioned on state:

𝑃 (𝑠𝑡+1 = 𝑗 ∣ 𝑠𝑡 = 𝑖) = 𝑝𝑖𝑗 , 𝑅𝑡 ∣ 𝑠𝑡 = 𝑖 ∼ 𝑓𝑖(⋅) (7)
This captures sudden changes (intermittency) and temporal clustering of similar conditions.

4.4. Spatial Dependence and Copulas
For multi‑site or multi‑resource problems, model joint dependence using copulas:

𝐹𝑅1 ,…,𝑅𝑛 (𝑟1, … , 𝑟𝑛) = 𝐶 ൫𝐹𝑅1 (𝑟1) , … , 𝐹𝑅𝑛 (𝑟𝑛)൯ (8)
preserving marginal distributions while modelling dependency (important for aggregated uncertainty and reserve
pooling).

4.5. Scenario Generation (Monte Carlo & Reduction)
Monte Carlo Simulation (MCS): draw 𝑁 sample paths {𝜉𝑘1∶𝑇}𝑁𝑘=1 from the chosen stochastic model (time‑series

+ marginal law + dependency). Use scenario reduction (fast forward/backward selection, clustering) to keep a
tractable subset 𝑆 with probabilities 𝑝𝑠 for stochastic optimization.

4.6. Stochastic Programming Formulations
4.6.1. Two‑Stage Stochastic ED (Canonical)

First‑stagedecisions𝑥 (commitment/dispatch schedulebeforeuncertainty realization), second‑stage recourse
𝑦(𝜉) (real‑time adjustments). Minimize expected total cost:

𝑚𝑖𝑛
𝑥∈𝒳

𝑐⊤𝑥 + 𝔼𝝃 [𝑄 (𝑥, 𝝃)] (9)
subject to deterministic constraints on 𝑥. Recourse problem:

𝑄(𝑥, 𝜉) = 𝑚𝑖𝑛
𝑦

𝑞⊤𝑦 s.t. 𝐴(𝜉)𝑥 + 𝐵(𝜉)𝑦 ≥ 𝑑(𝜉).

Discrete scenario approximation:

min
𝑥
𝑐⊤𝑥 +෍

𝑠∈𝑆
𝑝𝑠𝑄(𝑥, 𝜉𝑠).

4.6.2. Multi‑Stage Stochastic Programming

Extend tomulti‑stage for decision updates over time horizons t = 1…T. Complexity grows quickly; use scenario
trees or decomposition (e.g., stochastic dual dynamic programming).

4.7. Chance‑Constrained Formulations
Enforce probabilistic feasibility of constraints. For example, reserve or supply adequacy:

Pr(generation supply ≥ demand) ≥ 1 − 𝛼.
Example linear chance constraint with Gaussian errors:

Pr(𝑎⊤𝑥 + 𝑏⊤𝜉 ≤ 𝑐) ≥ 1 − 𝛼
can be converted to a deterministic convex constraint if 𝜉 is Gaussian:

𝑎⊤𝑥 + Φ−1(1 − 𝛼)ඥ𝑏⊤Σ𝑏 ≤ 𝑐 (10)
whereΦ−1 is the standard normal quantile and Σthe covariance of 𝜉.
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4.8. Robust Optimization (Worst‑Case Guarantees)
Robust ED seeks solutions that are feasible for all 𝜉in an uncertainty set𝒰:

min
𝑥∈𝒳

max
𝜉∈𝒰

𝑐⊤𝑥 s.t. 𝐴(𝜉)𝑥 ≤ 𝑏, ∀𝜉 ∈ 𝒰.

Common uncertainty sets:

1. Box: 𝒰 = {𝜉 ∶∣ 𝜉𝑖 − ̄𝜉𝑖 ∣≤ Δ𝑖}.
2. Polyhedral (budgeted uncertainty): ∑𝑖

∣𝜉𝑖−𝜉̄𝑖∣
Δ𝑖

≤ Γ.
3. Ellipsoidal: (𝜉 − ̄𝜉)⊤Σ−1(𝜉 − ̄𝜉) ≤ 𝜌.

Robust formulations often lead to tractable convex reformulations (e.g., second‑order cone programs) depend‑
ing on𝒰.

4.9. Reserve Sizing and Reliability Metrics

𝑅reserve

If forecast error is approximated with zero mean and variance 𝜎𝑡2, a simple deterministic reserve level to 

achieve reliability 1 − 𝛼 is

𝑡 = 𝑧1−𝛼 𝜎𝑡 ,

include reserve procurement cost
where 𝑧1−𝛼  is the normal quantile (or use empirical quantiles for non‑Gaussian errors). Total cost objective can

𝑐res𝑅reserve
𝑡 and expected penalty for loss‑of‑load or spillage.

Key reliability metrics to report: Expected Energy Not Served (EENS), Loss‑of‑Load Probability (LOLP), and
expected operating cost under uncertainty 𝔼[Cost].

4.10. Practical Hybrid Approaches
1. Stochastic + robust hybrid: treat high‑probability regionwith stochastic programming and protect against tail

events with a small robust constraint (e.g., chance constraints with robustified tails).
2. Distributionally robust optimization (DRO): optimize against theworst‑case distributionwithin an ambiguity

set defined by moments or Wasserstein distance; bridges stochastic and robust approaches.
3. Model predictive control (MPC) with rolling‑horizon stochastic forecasts: repeatedly solve shorter‑horizon

stochastic/robust ED and update as new forecasts arrive uses time‑series error models directly [8].

5. Classification of Economic Dispatch Techniques
Over the years, several ways have been developed to tackle the Economic Dispatch (ED) problem, ranging

from analytical and mathematical programming methods to recent heuristic, hybrid, and stochastic approaches.
These approaches vary in terms of computational efficiency, capacity to handle nonlinearity, and robustness under
renewable integration and system uncertainty. The taxonomy of ED techniques is described as follows.

5.1. Classical/Conventional Techniques
1. Classical ED techniques rely on deterministic optimization andmathematical programming. They are efficient

for convex and continuous issues but become less successful when tackling non‑convexities (e.g., valve‑point
effects, banned operating zones) or large‑scale renewable integration.

2. Lambda‑iteration method: The simplest and most extensively used analytical technique, suited for convex
quadratic cost functions under lossless or approximated loss systems [12].

3. Gradient‑based methods: Employ derivatives of cost functions for iterative optimization, enabling quick con‑
vergence but limited capacity to escape local minima [12].

4. Linear and quadratic programming: Useful for convex cost functions, where quadratic programming directly
simulates quadratic fuel cost and linear programming simplifies it into piecewise functions [13].

5. Dynamic programming: Suitable for non‑convex and discrete problems, however computationally costly due
to the “curse of dimensionality” [13].
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5.2. Heuristic and Meta‑Heuristic Techniques
Heuristic and meta‑heuristic algorithms, which mimic natural or social processes, have gained prominence in

addressing non‑convex Economic Dispatch (ED) problems characterized by nonlinear constraints and renewable‑
related uncertainties. Among these, the Genetic Algorithm (GA), inspired by natural selection and genetics, has
proven effective in handling large‑scale and nonlinear ED formulations [14]. The Particle Swarm Optimization
(PSO) technique, modeled on the social behavior of bird flocking, offers faster convergence than GA but is prone
to premature convergence in some cases [15]. Similarly, Differential Evolution (DE) employs differential mutation
and recombination strategies to achieve robust global search performance, making it suitable for highly complex
ED scenarios [16]. Other nature‑inspired approaches include Ant Colony Optimization (ACO), which simulates ant
foraging behavior and is particularly useful for combinatorial ED optimization [17], and the Artificial Bee Colony
(ABC) algorithm, modeled on honey bee foraging, which effectively balances exploration and exploitation in the
search process. Additionally, the Harmony Search (HS) algorithm, inspired bymusical improvisation, provides flex‑
ibility in handling multi‑objective ED problems [18]. Collectively, these methods offer powerful tools for solving
large‑scale, nonlinear, and uncertain ED problems, though their effectiveness often depends on parameter tuning
and the specific system context.

5.3. Hybrid Approaches
Hybrid methods integrate the strengths of different optimization techniques to enhance robustness, conver‑

gence speed, and solution accuracy in Economic Dispatch (ED). For instance, the Hybrid GA‑PSO approach com‑
bines the global exploration capability of Genetic Algorithms (GA)with the fast local convergence of Particle Swarm
Optimization (PSO), making it well‑suited for solving large‑scale and non‑convex ED problems [19]. Fuzzy‑based
hybrid techniques incorporate fuzzy logic with either classical or meta‑heuristic methods to effectively manage un‑
certainty and imprecision associated with renewable energy variability. More recently, AI‑integrated optimization
frameworks have emerged, leveragingArtificial NeuralNetworks (ANNs), DeepLearning, andReinforcement Learn‑
ing (RL) for predictive modeling, adaptive learning, and real‑time ED under uncertain renewable generation con‑
ditions [20]. These hybrid strategies demonstrate superior flexibility and adaptability compared to single‑method
approaches, offering promising solutions for complex, renewable‑rich power systems.

5.4. Stochastic/Probabilistic Methods
Stochastic methods explicitly account for uncertainties arising from renewable generation, load fluctuations,

and market dynamics in Economic Dispatch (ED). Monte Carlo Simulation (MCS) applies randomized sampling to
capture variability in wind and solar outputs, making it a widely used tool for risk‑based ED analysis [21]. Scenario‑
based stochastic programming creates multiple renewable generation scenarios with associated probabilities, en‑
abling the formulation of risk‑aware and adaptive ED strategies. In contrast, robust optimization techniques em‑
phasize worst‑case uncertainty modeling, ensuring secure and reliable ED decisions without relying on complete
probability distributions [22]. Together, these approaches provide systematic frameworks for managing uncer‑
tainty, though they differ in computational burden and conservativeness, influencing their applicability in large‑
scale, renewable‑integrated systems.

5.5. Deterministic vs. RandomMethods
Economic Dispatch (ED) strategies can generally be classed into deterministic and random (stochastic) meth‑

ods based on how system uncertainties such as load changes and renewable energy intermittencies are addressed
during optimization. Deterministic techniques imply that all system characteristics, including load demand, gener‑
ation capacity, fuel cost coefficients, and operational limitations, are known and constant throughout the dispatch
period. Thesemethods rely on fixed or forecasted data tominimize total generation cost using classical mathemati‑
cal programming techniques such as Linear Programming (LP), Nonlinear Programming (NLP), and Quadratic Pro‑
gramming (QP), as well as heuristic algorithms like Genetic Algorithms (GA), Particle Swarm Optimization (PSO),
and Differential Evolution (DE). Although deterministic techniques are computationally efficient and straightfor‑
ward to implement, they fail to capture the dynamic and uncertain nature of current power systems with high
renewable energy penetration. In contrast, stochastic techniques explicitly incorporate uncertainties and random
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variations in renewable generation and demand bymodeling uncertain parameters such aswind speed, solar irradi‑
ation, or load fluctuations using probability distributions, random variables, or scenario‑based frameworks. Tech‑
niques such as Probabilistic Economic Dispatch, Stochastic Programming, and Robust Optimization are applied to
minimize predicted costs or maintain near‑optimal performance under uncertainty. While stochastic approaches
provide more realistic and resilient solutions, they demand large processing resources and precise probabilistic
data. Deterministic approaches are best suited for stable systemswith known conditions, whereas stochastic meth‑
ods are crucial for controlling the variability andunpredictability inherent in renewable energy integration. Modern
power systems increasingly utilize hybrid approaches that combine deterministic optimization with stochastic or
resilient modeling to strike a balance between accuracy, dependability, and computing efficiency [21,22].

6. Economic Dispatch Under Varying Load Conditions
Literature shows that load level and volatility are key determinants of ED performance and method suitabil‑

ity. At light‑load levels, classical convexmethods such as lambda‑iteration and quadratic programming achieve fast
convergence and economic efficiency, since units operate away from ramping and reserve limits. At medium loads,
where technical limits and prohibited zones become significant, refinements like piecewise ormixed‑integer formu‑
lations improve feasibility, particularly in dynamic ED with inter‑temporal constraints. Under peak load or rapid
ramping, classical methods face difficulties with nonconvex costs, valve‑point effects, and tight security constraints;
in such cases, meta‑heuristics (PSO, DE, GA) and hybrid solvers offer better robustness against local minima and
improved feasibility, though at the cost of higher computation time. Benchmark studies confirm that hybrid ap‑
proaches (e.g., GA‑PSO or PSOwith quadratic programming) often achieve the best balance between cost minimiza‑
tion and constraint satisfaction. Real‑world practices alignwith these findings: deterministic convexED is sufficient
during off‑peak periods, while robust and hybrid methods are preferred under peak conditions to ensure ramping
and security compliance. Across all load regimes, accurate short‑term forecasting and joint ramping–reserve co‑
optimization significantly enhances both reliability and economic efficiency [23].

7. Economic Dispatch with Renewable Energy Integration
The integration of renewable energy resources, particularly wind and solar, has drastically modified the eco‑

nomic dispatch (ED) problem. Unlike conventional thermal production, these resources introduce intermittency,
variability, and forecasting uncertainty, which challenge the assumptions of classical deterministic ED models. Op‑
erators must now optimize not only fuel prices and generator limits but also probabilistic renewable production,
reserve requirements, and fast‑response technologies such as storage and demand response to assure system relia‑
bility. The International Energy Agency stresses that successful renewable integration depends on boosting system
flexibility through dispatchable generation, storage, grid reinforcement, and active demand‑side participation [24].

Economic Dispatch (ED) with Photovoltaic (PV) systems has evolved into numerous variants variants meant
to solve the variability, intermittency, and nonlinearity presented by solar energy generation. These versions differ
based on system setup, optimization targets, and the integration of complementary technologies such as energy
storage and hybrid generation sources. The typical PV‑ED focuses on lowering total generating cost while treating
PV production as a non‑dispatchable source dependent on solar irradiation and temperature, so balancing conven‑
tional generation and reducing fuel consumption and emissions. The dynamic PV‑EDversion expands this approach
by including time‑dependent fluctuations in solar power, load demand, and unit commitment schedules, using an‑
ticipated PV output to optimize dispatch decisions dynamically for greater cost efficiency and system stability. The
multi‑objective PV‑ED simultaneously optimizes several conflicting goals such as minimizing fuel cost, emissions,
and transmission losseswhilemaximizing renewable utilization often employingmetaheuristic algorithms like Par‑
ticle Swarm Optimization (PSO), Non‑dominated Sorting Genetic Algorithm (NSGA‑II), and Differential Evolution
(DE) to achieve Pareto‑optimal trade‑offs. The hybrid PV–thermal ED integrates PV generation with thermal, hy‑
dro, or wind plants to leverage the complementary characteristics of renewable and conventional units for greater
reliability and grid flexibility, while the PV–battery energy storage ED incorporates storage units into the dispatch
framework to manage supply–demand balance, considering constraints such as state‑of‑charge, degradation costs,
and charging/discharging efficiency. More recently, data‑driven and adaptive PV‑ED models have emerged, apply‑
ing machine learning and predictive control for real‑time optimization by dynamically modifying dispatch sched‑
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ules based on forecast and operational data. Collectively, these evolving PV‑integrated ED models signify the shift
from conventional deterministic frameworks toward intelligent, hybrid, and uncertainty‑aware optimization strate‑
gies, each addressing specific operational challenges and contributing tomore economical, reliable, and sustainable
power system performance in renewable‑rich environments [24].

7.1. Key Technical Challenges
The research emphasizes many fundamental issues connected with renewable‑integrated Economic Dispatch

(ED), principally originating from the particular operational and physical properties of renewable energy sources.
Unlike conventional generators, renewable resources such as solar and wind are intermittent, changeable, and
uncertain, making their integration into power networks extremely challenging. These intrinsic traits provide op‑
erational uncertainties that affect both system dependability and economic efficiency, thereby requiring more so‑
phisticated optimization and control systems.

One of the most crucial challenges is intermittency, which refers to the irregular and unpredictable character
of renewable generation. Solar and wind power outputs can fluctuate suddenly due to sudden changes in weather
conditions, such as passing clouds or variations in wind speed. These rapid shifts, known as ramps, can disrupt the
electricity system by producing mismatches between supply and demand. Traditional ED models, which assume
steady‑state conditions, are typically unsuitable for handling such short‑term variations, making it vital to integrate
real‑time adjustment capabilities and responsive reserve mechanisms.

Another keydifficulty is variability, drivenbydaily and seasonal generation cycles. Solar power is available only
during daylight hours and varies with the sun’s location, while wind speeds follow complex temporal and spatial
patterns. This periodic unpredictability affects dispatch scheduling and requires the use of advanced forecasting
and scheduling technologies to guarantee that generation obligations coincide with actual availability.

Forecasting uncertainty poses yet another challenge in renewable‑integrated ED. Even with current forecast‑
ing systems, disparities can exist between expected and actual renewable generation levels. These variations con‑
tribute more uncertainty to the dispatch process, typically necessitating system operators to keep higher spinning
reserves or apply stochastic and probabilistic optimization approaches that can account for prediction errors.

Furthermore, spatial correlation across widely spread renewable plants provides a distinct issue. Renewable
sources located within the same region are often influenced simultaneously by comparable weather patterns, re‑
sulting in correlated power outputs. This interconnectedness contradicts the notion of statistical independence
among generators, making it more difficult to allocate reserves optimally. Consequently, system operators must
create advanced correlation‑aware models that accurately reflect the geographical and temporal correlations of
renewable resources.

To effectively address these problems, the research underlines the need to adopt probabilistic, stochastic,
and real‑time optimization approaches. These techniques provide more precise modeling of uncertainties and
allow operators to make adaptive judgments that respond dynamically to real‑time system conditions. Reserve
co‑optimization, which jointly analyzes energy and reserve scheduling, also becomes vital for ensuring both de‑
pendability and economic efficiency. Additionally, introducing intra‑hour dispatch adjustments allows operators
to change generation schedules more often, thereby addressing short‑term variations in renewable output and de‑
mand.

Attaining dependable and cost‑effective operation in renewable‑rich power systems demands a paradigm shift
from deterministic to uncertainty‑aware, adaptive economic dispatch frameworks. By integrating probabilistic
modeling, real‑time optimization, and coordinated reserve management, power systems may efficiently balance
economic objectives with the operational constraints posed by renewable energy integration [22].

7.2. Techniques for Renewable‑Rich ED
Research addressing uncertainties in Economic Dispatch (ED) has evolved through several methodological

paths, each aimed to increase the reliability, adaptability, and computational efficiency of power system operations
in renewable‑rich situations. As renewable energy sources continue to rise in penetration, their inherent variability
and unpredictability present difficulties that classic deterministic ED models cannot fully handle. Consequently,
new techniques increasingly focus on incorporating uncertainty using stochastic, resilient, heuristic, and intelligent
optimization frameworks that better reflect real‑world operational situations.
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One key development is in stochastic and scenario‑based optimization, which leverages probabilistic projec‑
tions to capture the uncertain nature of renewable energy and load demand. These approaches generate various
scenarios depicting potential system circumstances throughout day‑ahead and sub‑hourly timescales. By coordi‑
nating thermal units, energy storage systems, and renewable resources over multiple time horizons, stochastic ED
provides a dynamic response to variable conditions. The scenario‑based method provides multi‑timescale coordi‑
nation, allowing system operators to plan ahead while preserving flexibility to alter decisions when new informa‑
tion becomes available.

Anothermajor avenue of research is robust optimization, which differs from stochastic approaches by not rely‑
ing on predetermined probability distributions. Instead, it ensures solution feasibility under all feasible scenarios
inside a constrained uncertainty set. Robust ED provides conservative yet reliable decisions that defend system
stability against worst‑case variances in renewable output or load. Although it may lose some economic efficiency,
robust optimization considerably enhances the resilience and security of power system operations.

To address the nonlinear and nonconvex nature of real‑world ED problems, particularly those including valve‑
point loading effects, banned operating zones, and renewable intermittency, researchers have increasingly em‑
bracedmeta‑heuristic and hybrid algorithms. Techniques such as Particle SwarmOptimization (PSO), Genetic Algo‑
rithms (GA), andDifferential Evolution (DE) arewidely renowned for their capability to identify near‑global optimal
solutions in difficult search spaces. Hybrid models generally combine these algorithms with conventional methods
to balance exploration and convergence speed, delivering improved accuracy and robustness in uncertain operating
situations.

Furthermore, Model Predictive Control (MPC) and distributed control frameworks have developed as useful
tools for real‑time and coordinated optimization. MPC‑based ED continuouslymodifies generating schedules based
on newmeasurements and forecasts, providing rolling optimization that reacts to real‑time system changes. On the
other hand, distributed optimization techniques, such as the Alternating Direction Method of Multipliers (ADMM),
facilitate multi‑agent coordination among distributed generators, storage units, and demand response systems.
These decentralized technologies boost scalability and reduce communication overhead in large, networked power
systems.

More recently, the integration of machine learning–assisted ED promises a transformational horizon. Deep
learning, clustering, and surrogate modeling techniques are being applied to improve scenario generation, capture
complicated nonlinear relationships, and approximate computationally intensive restrictions. By learning from
historical data, machine learning accelerates optimization processes, enhances prediction accuracy, and improves
the robustness and reliability of dispatch decisions.

Collectively, these methodological breakthroughs indicate a paradigm shift in addressing uncertainty in eco‑
nomic dispatch, advancing power system operations toward increased resilience, adaptability, and computational
intelligence in the era of renewable energy integration [25].

7.3. Comparative Performance in Literature
Comparative analyses reveal important trade‑offs among Economic Dispatch (ED) techniques under renew‑

able integration. Stochastic and robust methods improve system reliability and lower reserve costs but demand
significant computational resources and extensive forecast data. Meta‑heuristic and hybrid approaches deliver
high‑quality solutions for complex, nonlinear ED problems; however, they may suffer from limited repeatability
and reduced computational efficiency. Meanwhile, distributed and predictive control frameworks enable scalabil‑
ity and privacy‑preserving dispatch but are highly dependent on accurate forecasting and a strong communication
infrastructure. Recent studies indicate that hybrid solutions, such as combining stochastic programmingwithmeta‑
heuristics like PSO or DE, or employing distributed decomposition techniques such as ADMM, provide a balanced
trade‑off across cost, reliability, and scalability [26].

7.4. Representative Case Studies
1. Microgrids and hybrid renewable systems: Studies on PV–wind–storagemicrogrids reveal that coordinated dis‑

patch of storage and demand response reduces curtailment, enhances flexibility, and lowers overall costs [27].
2. Wind‑integrated day‑ahead ED: A recent Scientific Reports papermodeled five scenarios (conventional, wind‑

only, wind/storage, wind/DR, and fully integrated). The wind/storage/DR case produced the most reliable
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and cost‑efficient outcomes [27].
3. ISO and large‑system studies: Planning reports (e.g., ISO New England) and stochastic ED models emphasize

that high renewable penetration requires expanded transmission capacity, storage investment, and intra‑hour
dispatch mechanisms [27].

7.5. Synthesis and Practical Insights
In renewable‑dominated contexts, the ED paradigmmust shift from static deterministic optimization to multi‑

timescale, probabilistic, and adaptive frameworks. Day‑ahead stochastic scheduling should be complemented by
real‑time MPC updates, while storage and demand response must be embedded as essential flexibility resources.
Moreover, machine learning can improve forecasting and scenario reduction, enhancing computational tractability.
Ultimately, hybrid strategies that combine stochastic/robust optimization with meta‑heuristic or decomposition‑
based solvers represent a promising pathway for achieving economically viable and reliable renewable‑rich dis‑
patch [28].

8. Comparative Analysis of Techniques
This section compares major ED solution classes against five practical metrics generation cost minimization,

convergence speed, robustness under uncertainty, computational complexity, and scalability to large systems and
summarizes their relative strengths and weaknesses using representative literature.
Metrics for comparison

1. Generation costminimization: ability to find low‑cost (near‑global) solutions, including for nonconvex cost
functions (valve‑point effects, prohibited zones).

2. Convergence speed: number of iterations/wall‑clock time to reach an acceptable solution.
3. Robustness under uncertainty: performance when facing renewable variability, forecast errors, or load

swings.
4. Computational complexity: algorithmic cost in terms of time per iteration and dependences on population

size, scenario count, or problem dimension.
5. Scalability: how well the method performs (accuracy and runtime) as system size (buses, units, scenarios)

increases [26].

8.1. Classical/Mathematical Programming Methods
Representativemethods: lambda‑iteration, gradientmethods, linear/quadratic programming, interior‑point

solvers.

1. Generation cost: Excellent for convex, smooth cost models guaranteed optimality for convex formulations.
2. Convergence speed: Very fast (polynomial‑time solvers; interior‑pointmethods are efficient for large sparse

systems).
3. Robustness under uncertainty: Low in native form; must be extended to stochastic or robust formulations

to cope with renewables.
4. Computational complexity: Moderate and well‑characterized; benefits from sparse linear algebra.
5. Scalability: High for large convex formulations (ISO/market scale).
6. Strengths: Provable optimality and speed for deterministic convex problems; mature toolchain.
7. Weaknesses: Cannot directly handle nonconvexities and stochasticity without reformulation [29].

8.2. Meta‑Heuristics and Evolutionary Algorithms
Representative meta‑heuristics such as PSO, GA, DE, ACO, ABC, and HS have proven effective for solving non‑

convex and discontinuous ED problems, particularly those with valve‑point effects and discrete constraints. They
reliably generate high‑quality feasible solutions, with PSO and DE often outperforming GA in convergence stabil‑
ity andmean performance on benchmark systems. Their population‑based search offers robustness to uncertainty
and adaptability to stochastic formulations, though this comes at the cost of high computational complexity, scaling
with population size, iterations, and cost evaluations. While parallelization and hybridization improve scalability
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and efficiency, challenges remain, including sensitivity to parameter tuning, stochastic results without guaranteed
global optimality, and potentially high computational overhead [30].

8.3. Quantitative Synthesis and Meta‑Analysis Framework
A quantitative synthesis or meta‑analysis provides a formal statistical framework for analyzing the perfor‑

mance of EconomicDispatch (ED) algorithms across various studies, concentrating on important performance char‑
acteristics such as convergence time and cost savings. The procedure beginswith systematic data extraction, where
characteristics such as algorithm type, benchmark system (e.g., IEEE 30‑, 57‑, or 118‑bus), convergence time, ob‑
jective cost, and standard deviation are collected and normalized to ensure comparability between investigations.
Effect sizes are then determined using acceptable measures such as absolute differences, percent improvements,
standardizedmean differences (SMD), or log‑ratios to standardize the outcomes reported under diverse conditions.
Each impact size is allocated aweight depending on its variance, and a random‑effectsmodel is employed to account
for heterogeneity originating from differences in benchmarks, optimization settings, and renewable integration
levels. Heterogeneity is evaluated using Cochran’s Q and I² statistics, while meta‑regression and subgroup studies
analyze how factors like as algorithm class (heuristic or accurate), system size, or renewable penetration influence
performance. To manage interdependence across several comparisons from the same study, multivariate or aggre‑
gated effect‑size procedures are utilized. Publication bias and small‑study effects are investigated by funnel plots
and Egger’s regression tests, with sensitivity analyses conducted to validate the robustness of the results. Visu‑
alization methods like as forest plots, bubble plots, and summary tables are applied to illustrate pooled results
and moderator effects. Practical challenges such as uneven stopping criteria, missing dispersion measures, and
differing test system scales are handled through normalization, imputation, or sensitivity tests. All analyses can be
performed using R packages likemetafor or Python libraries such as statsmodels, enabling reproducibility through
shared code and data documentation. This meta‑analytic approach offers an objective, statistically informed as‑
sessment of algorithmic performance in terms of convergence efficiency and economic optimization under varied
renewable integration scenarios [30].

8.4. Hybrid Methods (Meta‑Heuristic + Mathematical/AI)
Hybrid methods such as GA‑PSO combinations, metaheuristics coupled with local solvers, fuzzy‑hybrids, and

AI‑assistedoptimizationusingANNsurrogates orRL‑based tuningoffer a balancebetweenexploration andexploita‑
tion in solving ED problems. By combining the global search ability of metaheuristics with local refinement from
mathematical solvers, these approaches often deliver superior generation cost performance. Convergence speed is
typically faster than pure metaheuristics, though still slower than convex classical methods. Their robustness un‑
der uncertainty is enhanced when integrated with stochastic or scenario‑based frameworks, with AI components
further supporting scenario reduction and forecasting accuracy. Computational complexity is reduced compared
to standalone metaheuristics when surrogate or multi‑fidelity models are employed, and scalability is improved
through decomposition and advanced multi‑fidelity techniques (e.g., NREL’s control‑variate approaches). Overall,
hybrid methods improve solution quality and efficiency, though they introduce added algorithmic complexity and
implementation challenges [30].

8.5. Distributed/Consensus‑Based and Decomposition Methods
Distributed optimizationmethods such as ADMM, consensus algorithms, and distributedMPC are increasingly

applied to ED problems, offering scalability and privacy while maintaining solution quality close to centralized ap‑
proaches when properly coordinated with augmented Lagrangian schemes. Their per‑iteration cost is low and
inherently parallelizable, though achieving convergence often requires multiple communication rounds, making
performance sensitive to delays and packet losses. These methods handle uncertainty effectively by allowing local
agents to integrate stochastic models, naturally supporting multi‑area coordination under renewable variability.
Computational complexity is low at the agent level, but overall efficiency depends on communication and syn‑
chronization overhead. Designed for large‑scale, DER‑rich systems, distributed methods excel in scalability and
resilience through decentralization, though they rely on robust communication infrastructure and careful parame‑
ter tuning to ensure stable convergence [31].
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8.6. Stochastic and Robust Optimization Methods
Uncertainty‑aware optimization methods including Monte Carlo simulation, scenario‑based stochastic pro‑

gramming, robust optimization, andmulti‑fidelity stochastic solvers provide a principled framework for risk‑aware
EDby explicitlymodeling variability andworst‑case outcomes. While these approaches generally increase expected
generation costs slightly, they reduce reserve requirements and improve system reliability. Their robustness under
uncertainty is high, but convergence speed can be hampered by the explosion of scenarios or samples, making naive
implementations computationally prohibitive. Advances such as scenario reduction, control‑variate techniques,
and multi‑fidelity solvers help mitigate runtime and data requirements, improving tractability. Scalability remains
a challenge for very large systems unless decomposition or surrogatemodeling is employed. Overall, thesemethods
deliver more reliable, risk‑hedging dispatch decisions, though at the expense of significant data and computational
demands, with ongoing research (e.g., NREL, OSTI) focused on variance‑reduction and multi‑fidelity strategies to
enhance practicality [32].

8.7. Comparative Tables and Empirical Findings
Several review and comparative studies have investigated empirical trade‑offs among optimization and co‑

ordination strategies applied to standard IEEE benchmark systems (30‑, 57‑, and 118‑bus) and real‑world power
system cases. Meta‑heuristic comparisons consistently show that Differential Evolution (DE) and advanced Particle
SwarmOptimization (PSO) variants exhibit superior robustness, faster convergence, and lower variance compared
to baseline PSO and Genetic Algorithm (GA) implementations, especially for medium‑ to large‑scale optimization
test systems [33]. For stochastic economic dispatch (ED), hybrid and decomposition‑based techniques such as hy‑
brid data‑drivenmodels, scenario reduction, and Benders decomposition provide effective trade‑offs between cost
minimization and computational efficiency, particularly under high‑dimensional uncertainty conditions [34].

Distributed optimization algorithms based on the Alternating Direction Method of Multipliers (ADMM) have
demonstrated reliable convergence performance in practical networked environments. However, their stability can
be challenged by communication imperfections such as packet drops and delays, which necessitate the adoption
of asynchronous or robust update mechanisms to ensure convergence [35]. Moreover, multi‑fidelity stochastic ap‑
proaches developed by research institutions like the National Renewable Energy Laboratory (NREL) indicate that
hierarchical fidelity methods can retain near‑optimal dispatch performance while significantly reducing computa‑
tional burdens compared with full high‑fidelity sampling [36]. Collectively, these studies highlight the importance
of balancing computational efficiency, robustness, and scalabilitywhen selecting optimization frameworks formod‑
ern power and energy systems.

8.8. Strengths andWeaknesses
Comparative assessments of economic dispatch (ED) techniques reveal distinct strengths and weaknesses

across categories. Classical methods remain attractive for their speed and provable optimality in convex problems
but struggle with nonconvexity and stochastic renewable integration. Meta‑heuristics offer flexibility and strong
performance in nonconvex environments, though they can be computationally expensive and highly sensitive to pa‑
rameter tuning. Hybrid methods, which combine different optimization paradigms, achieve balanced performance
and improved convergence rates but introduce additional implementation complexity. Distributed methods stand
out for their scalability and ability to preserve data privacy, yet they are heavily dependent on reliable communi‑
cation infrastructure and require careful convergence parameter tuning. Finally, stochastic and robust methods
explicitly address uncertainty, providing reliability under variable renewable and load conditions, but they are
computationally demanding unless coupled with reduction or approximation techniques [37].

8.9. Quality Assessment and Evaluation of Risk of Bias
To guarantee dependability and openness, the quality assessment of all included studies will be standardized

through a systematic risk‑of‑bias evaluation matrix. Each study will be evaluated based on several criteria, such as
methodological rigor, data completeness, benchmark transparency, and reporting accuracy. The evaluation criteria
will include how clear the algorithm descriptions are, how well the test systems can be reproduced, how well the
performance metrics fit, how well they handle uncertainty, and how well they reveal the parameter settings. An
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overall quality score will be made to help with subgroup or sensitivity analyses. Each dimension will be rated on
the same ordinal scale (for example, low, moderate, or high risk of bias). Studies deemed high risk or displaying
incomplete reportingwill be subjected to further examination or omittedduring sensitivity assessments. This struc‑
tured quality assessment guarantees that the aggregated meta‑analytic estimates originate from robust, credible,
and methodologically sound evidence [36].

9. Research Gaps and Future Directions
Despite notable advances in economic dispatch (ED) research, several gaps hinder its practical deployment in

modern power systems. Meta‑heuristic algorithms, though effective for small‑ and medium‑scale networks, strug‑
gle with scalability and convergence in large interconnected grids [38]. Hybrid approaches that integrate classical
optimization with meta‑heuristics show promise, but the potential of advanced AI and machine learning methods
such as reinforcement learning and deep neural networks for managing renewable uncertainty remains underex‑
plored. Most studies are limited to IEEE test systems or small‑scale case studies, which fail to capture real‑world
grid complexities [39]. Additionally, environmentally constrained ED models that account for emissions and sus‑
tainability receive limited attention, despite growing decarbonization imperatives. The integration of demand re‑
sponse, energy storage, and smart grid technologies into ED formulations also remains insufficiently addressed,
even though such integration could enhance flexibility, reliability, and cost‑efficiency in renewable‑rich systems.
Future research should prioritize scalable, AI‑driven, and environmentally conscious ED frameworks validated on
large‑scale real‑world systems, with demand‑side and smart grid considerations to strengthen resilience and sus‑
tainability [40].

10. Conclusions
This systematic review has traced the evolution of Economic Dispatch (ED) techniques under varying load

conditions and renewable energy integration, emphasizing the strengths, limitations, and applications of classical,
meta‑heuristic, hybrid, and stochastic approaches. Classical mathematical programming remains efficient and op‑
timal for small‑scale, convex, and deterministic systems but is inadequate in handling nonlinearities and uncertain‑
ties introduced by renewables and load variability. Meta‑heuristic and evolutionary algorithms offer robustness
and flexibility in tackling nonconvex problems, yet face scalability and computational challenges in large networks.
Hybrid methods, combining heuristic exploration with mathematical refinement or AI‑based learning, strike a bal‑
ance between solution quality, convergence speed, and robustness, making them well‑suited to modern grid chal‑
lenges. Likewise, stochastic and robust optimization provide structured approaches to uncertainty management,
though their computational demands limit widespread deployment. The reviewed studies reveal that no single
method dominates across all contexts; instead, the choice of ED technique depends on system scale, renewable
penetration, load dynamics, and operational objectives such as cost efficiency, emission control, or reliability. The
complexity ofmodern grids calls for integrated ED solutions embeddedwithin smart grid frameworks that incorpo‑
rate demand response, distributed energy resources, and advanced forecasting. Future research should prioritize
scalable, AI‑driven hybridmodels, environmentally constrained formulations, and real‑world large‑scale validation
beyond IEEE benchmarks. Strengthening the intersection of optimization, machine learning, and smart grid tech‑
nologies will be essential to achieve ED frameworks that are adaptive, data‑driven, and environmentally conscious,
enabling reliable, low‑carbon, and resilient power systems.
Recommendations

Based on the findings of this systematic study, some significant recommendations arise to guide future re‑
search and practical developments in Economic Dispatch (ED) under renewable‑integrated and dynamically fluctu‑
ating power systems. The review has established that while classical mathematical programming approaches are
efficient for small‑scale and deterministic systems, they are unsuitable for addressing the nonlinearities, uncertain‑
ties, and stochastic behaviors characteristic of renewable energy sources and modern grid dynamics. Therefore,
researchers and practitioners should focus on developing hybrid, data‑driven, and adaptive ED frameworks that
can effectively manage system complexity, uncertainty, and environmental sustainability.

First, it is advised that future ED models include artificial intelligence (AI) and machine learning (ML) ap‑
proaches to boost flexibility and decision‑making under uncertainty. AI‑driven hybrid approaches combiningmeta‑
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heuristic algorithmswith predictive analytics and reinforcement learning can enable faster convergence, improved
global search capabilities, and more accurate modeling of nonlinear system behaviors. Such models should also
incorporate real‑time data from sensors, smart meters, and IoT‑enabled monitoring systems to enable dynamic
optimization and continuous learning, hence ensuring responsiveness to real‑world operational conditions.

Second, scalability and computational efficiency should be addressed in model building. Many existing ED
approaches operate well in small test systems but fail to scale successfully in big, complicated networks with sub‑
stantial renewable penetration. Future research should, therefore, examine parallel computing, distributed opti‑
mization (e.g., ADMM‑based frameworks), and cloud‑based computation to manage large‑scale, multi‑agent ED
problems efficiently. This will permit decentralized control and coordination among distributed generators, stor‑
age systems, and demand‑side participants inside smart grid topologies.

Third, ED formulations must advance beyond cost minimization to clearly incorporate environmental and sus‑
tainability constraints, reflecting the global trend toward low‑carbon power systems. Multi‑objective optimization
frameworks that simultaneously optimize generation cost, emissions, and energy losses should be further developed
and proven in real‑world contexts. Integrating carbon pricing systems, emission restrictions, and renewable portfolio
standards into EDmodels can ensure that optimization outputs fit with wider climate and energy policy goals.

Fourth, real‑world validation of suggested ED approaches should be favored over dependence on standardized
IEEE test systems. Collaborative pilot studies with utilities, transmission operators, and microgrid developers can
provide vital insights into the actual feasibility, scalability, and robustness of proposed models under real opera‑
tional constraints. Such validation will bridge the gap between theoretical optimization and operational deploy‑
ment.

Lastly, future research should enhance smart grid–embedded ED systems capable of seamless coordination be‑
tween demand response, distributed energy resources (DERs), and sophisticated forecasting systems. Incorporat‑
ing probabilistic forecasting and adaptive scheduling into ED frameworks can boost reliability and system flexibility
under renewable variability.

In conclusion, the route forward lies in building integrated, AI‑empowered, and environmentally sensitive ED
frameworks thatmerge optimization theory, intelligent control, and sustainable energymanagement. These efforts
will be vital to developing resilient, data‑driven, and low‑carbon power systems capable of supporting the next
generation of smart and renewable‑dominated energy networks.
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Abbreviations
Notation Meaning
1. ED Economic Dispatch
2. PRISMA Preferred Reporting Items for Systematic Reviews and Meta‑Analyses
3. 𝑅𝑡 actual renewable generation at time 𝑡(e.g., wind or PV).
4. 𝑅̂𝑡 forecast (point estimate) of 𝑅𝑡 .
5. 𝑒𝑡 = 𝑅𝑡 − 𝑅̂𝑡 forecast error (can be positive or negative).
6. 𝐿𝑡 load/demand at time 𝑡(with forecast 𝐿̂𝑡and error 𝓁𝑡 = 𝐿𝑡 − 𝐿̂𝑡).
7. 𝜉𝑡 vector of uncertain parameters at 𝑡, e.g., 𝜉𝑡 = [𝑒𝑡 , 𝓁𝑡].
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