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ABSTRACT 

	In the current work, we study computational models and methods concerning Unit Commitment and Economic Dispatch (UCED), with a focus on Unit Commitment (UC) in centrally dispatched power systems. The optimization of UCED is an essential requirement for the reliability, cost-effectiveness, environmental sustainability, and energy justice of power systems. A total of 150 strictly peer-reviewed literature articles are examined. A group thereof is used to outline the historical evolution of UCED, computational tools, and related solvers. A subgroup of 62 review articles published since 2015 is used for a targeted evaluation based on 15 criteria. These include Demand Response (DR), flexibility parameters such as distributed resources optimization through Virtual Power Plants, and security-constrained UC parameters such as ramp up/down limits. Five categories of optimization methods, 22 models, and tools, as well as nature-inspired algorithms (NIAs), are appraised. This research adds a new dimension to the existing literature by including both CSOs and market participants’ interests under one view, while describing standardized prevailing UC solving methods and summarizing future requirements. Mainly Linear Programming (LP), Mixed Integer LP (MILP), and Mixed Integer non-LP (MINLP) remain dominant in real-system applications due to their robustness and compatibility with commercial solvers. Since 2019, reviews increasingly emphasize uncertainty management, flexibility, energy storage, policy implications as well as market participants’ deregulated and price-based environments. Deterministic UC models prevail, but stochastic and robust approaches are expanding. Realistic system applications on a variety of UCED-related issues, especially at (sub)hourly resolution, remain limited and are concentrated in the US, Brazil, and EU regions. Flexibility, energy storage, and uncertainty are common concerns for both CSOs and market participants. The existing modelling framework still needs to be advanced to transfer the application from IEEE systems to real systems while meeting uncertainty concerns. Three multiscale models are depicted for further examination.
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1. INTRODUCTION

The optimization of the Unit Commitment (UC) and Economic Dispatch (ED) problem, is a crucial issue, considering the necessity for the reliability, cost-effectiveness, environmental sustainability, and energy justice of power systems (Apon HJ,2024), (Singh A,2024), (Marzbani F,2024), (Goforth T,2025), (Kleanthis N, 2025). Both centralized and decentralized frameworks of markets have been studied since 1990 (Kaya A, 2025). The UC establishes the optimal timetable for power generation units, while the ED of load seeks to meet load demands while minimizing generation costs. Research on power system optimization can be categorized into short-term operational tasks and long-term financial planning. Short-term challenges primarily focus on operational and scheduling issues, such as real-time UCED, whereas long-term challenges emphasize aspects of power system design and planning. The main decisions required for a power system optimization problem, per timescale, are illustrated below [Fig.1].

[image: ]
Fig. 1. Decision-making in power system scheduling (modified from (Cho S., 2022))

The current work i) provides up-to-date evidence on how UCED optimization tools are shaped under constraints such as environmental ones; ii) examines only peer reviewed literature iii) focuses on the “current years” (2015-2026) following the inauguration of the Energy Union Strategy, and the establishment of the United Nations Sustainable Development Goals (SDGs) while giving an insight on the preceding time period, v) focuses on UC in centrally dispatch markets, while also examining the view of market participants. Whereas the UC problem, from the point of view of the CSO, is to cover market, policy, and security constraints such as ramp limits, market participants, i.e., generation companies (GENCO), are aiming at maximizing their profit. The current review mainly addresses UC aspects concerning CSOs, without neglecting interaction with the interests of GENCO/market participants. The optimization of UC can be formulated as a mixed-integer linear programming (MILP) or mixed-integer nonlinear programming (MINLP) problem due to the presence of both continuous (e.g., power output of units) and binary (e.g., on/off status of generators) decision variables. These methods commonly utilize solvers like Gurobi or CPLEX to handle the combinatorial aspects of UC by modelling the on/off statuses of generators and their operational constraints. Typical constraints can be such as power balance constraints, generator capacity limits, ramp-up and down rates, operating regulations, minimum up and downtimes, maintenance schedules, and environmental constraints. Optimization problems generally consist of an objective function (OF), decision variables, and constraints that the decision variables must satisfy. An OF for UCED (equation 1) typically minimizes the total cost over a given time horizon. Such costs may include: i) fixed Operation and Maintenance (O&M), ii) variable O&M, iii) fuel, iv) carbon dioxide emissions, v) start-up/ shut-down costs, vi) penalty for loss of load, vii) penalty for inadequate upward reserves. 
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In the equation, C_g accounts for costs related to the generator, and C_t for costs related to penalties. The variable u_(g,t)  is a binary decision variable representing the on/off status of generator g at time t; it takes the value 1 if the generator is on and 0 if it is off. The variable P_(g,t) is a continuous variable denoting the power output of generator g at time t. To capture changes in generator status, u₍g,t₎ᵘᵖ and u₍g,t₎ᵈᵒʷⁿ  are binary variables indicating whether the generator g starts up or shuts down, respectively, at time t. The continuous variable LoadShed represents the amount of load not served (i.e., unmet demand) at time t, reflecting potential penalties for supply shortages. Similarly, ReserveShortfallₜ is a continuous variable measuring any shortfall in reserve capacity at time t, which may trigger additional costs or system reliability concerns.

The OF incorporates several critical constraints to guarantee the feasible and dependable operation of the power system. The power balance constraint ensures that, during each time period, the total power generated, along with any permissible load shedding, precisely satisfies the demand. Each generator's power output is limited by its minimum and maximum capacity thresholds, and any changes in output must adhere to ramp-up and ramp-down limits to prevent sudden fluctuations. The initiation and cessation of generators are regulated by logical constraints that connect the current and prior on/off statuses through binary indicators. Minimum up-time and down-time constraints ensure that once a generator is activated (or deactivated), it remains in that state for a specified minimum duration. To uphold system reliability, a reserve requirement constraint requires adequate spinning reserve capacity at all times, imposing penalties for reserve shortfalls when reserves are inadequate. Optionally, the model may impose a limit on total CO₂ emissions to adhere to environmental regulations. The binary characteristics of on/off, startup, and shutdown variables are strictly enforced, while power outputs, load shedding, and reserve shortfalls are treated as continuous and non-negative variables. Collectively, these constraints encapsulate the technical and operational realities of UC, enabling cost-effective and reliable scheduling of the power system.
A simplified OF for UCED optimization, on a simplified hypothetical power system, is described below [Fig. 2]. The system consists of 3 nodes, i.e., physical locations of production or consumption of electricity.
 
[image: ]
Fig.2. A Generic Objective Function of a simplified 3-node power system. 


1.1 Optimization of power systems
Power system optimization addresses (Kaya A,2025), (Marcovecchio MG, 2014) (i) Power Capacity Expansion (PE), (ii) Economic dispatch (ED), and (iii) Unit Commitment (UC). Power Capacity Expansion (PE) deals with long-term energy generation planning, focusing on the projected capacity, type, and number of power units. Economic Dispatch (ED) concerns short-term decision-making, i.e., optimizing power plant operation to regulate the optimal power generated by individual units to balance load demand to a minimum cost and meet real-time demand. It involves the intensity at which power units should operate once they are running (“HOW MUCH”) while ALL units run to minimize the overall fuel cost of power units for a specific load demand. Unit Commitment (UC) concerns short-and medium-term decision-making. It concerns the optimal scheduling of on/off decisions and output levels of power units to minimize fuel costs. Decisions are made regarding when each unit remains on or offline, as well as how long the unit remains in that state. It specifies which units to switch on or off (“IF”) and when (“WHEN”). The ED process initially managed the operation of fossil fuel or nuclear power plants. Before 1980, several studies had outlined state-of-the-art methodologies for least-cost power system operation based on linear programming (LP) methods. In 1974, an ED process for using the Jacobian matrix was presented (Happ HH,1974). In a 1977 survey, the same author addressed the optimal load flow used by the industry (Happ HH,1977). A review in 1979 provided an outline of the essential analytical and computational topics involved in designing an LP method for rescheduling power system operation (Stott B., 1979). Between 1977 and 1988, the main approaches to ED were (Chowdhury BH,1990): i) optimal power flow (OPF), ii) ED in relation to automatic generation control (AGC), iii) dynamic dispatch, and iv) ED with non-conventional generation sources. By 1984, power generation dispatch tools were suitable for medium- to long-term scheduling or short-term views; however, with no more than one year at a time considered (Sterling MJH,1984). Following the necessity for clear investment scenarios imposed by VRE, greenhouse gas (GHG) emissions’ restrictions, storage planning, and Demand Response (DR), power optimization has advanced (Basu M, 2019), (Motta VN,2024). It evolved into more complex power planning processes. Such are the Multi-Objective Economic Emission Dispatch (MOEED) or Combined Economic Emission Dispatch (CEED) (Manikandan TR,2023). The necessity for a well-operating liberalized electricity market resulted in further optimization approaches, such as the coordinated Generation Expansion Planning (GEP) and Transmission Expansion planning (TEP), along with ED decision-making (Asgharian V,2022), (Gómez S,2024). The complexity of UCED depends primarily on the design of the electricity market of a specific region, i.e., whether the market is self-owned and centrally committed. It also depends on the type of power units, the type of fuel used, the type of demand covered (peak or basic), grid availability, and other uncertainty parameters. Such parameters can be short-term, e.g., demand behavior and the weather, and long-term, such as the future regulatory framework and level of economic growth (Gómez S,2024) (Jiang Y, 2024). 
1.2 Problem statement and paper rationale
Given the aforesaid limitations, UCED optimization models need to adapt to increased variability and uncertainty and further technological and regulatory constraints. This means integrating stochastic elements and probabilistic forecasting to manage the unpredictable nature of renewable energy sources (RES). Moreover, policies aimed at reducing GHG emissions require models to account for both cost and environmental impact. In areas where electricity markets are becoming more competitive, UCED optimization models must adjust to new market rules, including bid-based dispatch and price caps, to ensure economic efficiency and reliability. Regional factors also affect optimization: areas with strong grid infrastructure can handle more VRE, while regions with weaker grids may need more conservative strategies and better reserve margins. 
[bookmark: _Hlk221034559]The global power system started being decentralized since the 1990s. However, a centralized structure has been maintained in some regions (Kaya A,2025), for which UC modelling becomes more challenging. The questions addressed in this work are (i) What methods are being advanced for solving the UCED problem, ii) How are optimization tools shaped under recent changing conditions, iii) How is UC optimization addressed in centrally dispatched markets. 
The main advantage of a centralized dispatch market is that it guarantees the technical viability and, if possible, cost-effectiveness of the day-ahead dispatch (Ahlquist V, 2022). 
Literature has been selected based on the following criteria: i) only peer -reviewed literature has been included as the most trustworthy source of information ii) emphasis was put on covering a diversity of journal sources iii) the main time period of investigation focuses on the “current years” (2015-2026) following the introduction of the United Nations Sustainable Development Goals (SDGs) on a global level which coincided with the inauguration of the European Union’s (EU) Energy Union Strategy (COM/2015/080) and subsequently the Regulation EU/2021/1119 and the “European Climate Law” (ECL) for achieving climate neutrality in the EU by 2050; iv) the inclusion of found literature in the current work was based on the presence of three specific set of terms as described in paragraph 2 Materials and Methods and terms related to the comparison criteria in Table 2. 

1.2.1 A centrally dispatched electricity market 
Electricity became a commodity in the framework of the liberalized market. Real-time market players balance supply and demand in several time intervals, less than 24 hours. The liquidity of electricity markets has evolved by shifting from intraday trading to intra-hour and continuous trading. In the EU, distinct wholesale electricity markets were designed: a) the Energy Derivatives Market ("Forward" market), b) the “Day-Ahead Market,” c) the “Intraday Market,” and d) the “Balancing Market.”
In a centrally dispatched electricity market, as in Greece, a Central System Operator (CSO) sets all facilities' power generation schedules to fulfill demand optimally. A centralized power system structure has been kept in some world regions (Kaya A,2025), (Silva WN, 2025). Examples of CSOs in the US are MISO, SPP, PJM, CAISO, NYISO, ISO NE, ERCOT in the Midcontinent, South West, North, California, New York, New England and Texas respectively. Additional examples are AEMO, ONS, CEN, IPTO, Grid-India and CENAC in Australia, Brazil, Chile, Greece, India and Mexico respectively. In order to maintain grid stability and balance supply and demand throughout the centralized market, the central operator supervises the process, from initial scheduling and reserve procurement to real-time modifications.
The EU’s "third Energy Package" set the foundation for transforming the Greek electricity market by promoting competition, removing market distortions, and modernizing network infrastructure. Today, the Greek electricity market is shaped by Law 4425/2016 (Official Gazette A’185/30.09.2016), as amended by Law 4512/2018 (Official Gazette A'5/17.01.2018). This legislation formed four markets based on EU Regulation 1227/2011 and Law 4389/2016 (OJ Α' 94/27.05.2016) concerning quarterly electricity forward products' auctions, known as the "NOME law," which was later discontinued in 2019. This background introduced the new Hellenic Power Exchange (HPE) and the Hellenic Energy Exchange (HEnEx). HEnEx oversees the operation of the Forward, Day-Ahead, and Intra-Day Markets, while the national Independent Transmission System Operator (IPTO) manages the Balancing Market. HPE acts as the Nominated Electricity Market Operator (NEMO), providing marketplaces, trading venues, and platforms, ensuring efficient price development for the Greek Bidding Zone, maintaining secure and reliable energy trading in Southeast Europe. The Greek Balancing Market operates on a central dispatch/unit model, where production, consumption, and dispatching plans are governed by the following IPTO procedures:
i) IPTO I: Balancing Capacity Market: Implemented through the Integrated Scheduling Process (ISP), it aims to secure the required Balancing Capacity in advance and achieve a schedule that meets the technical constraints of the Transmission System and the Balancing Service Entities.
ii) IPTO II: Balancing Energy Market: Quantities and prices are determined for the activation of Balancing Energy by respective Service Providers to balance energy supply and de-mand, considering market schedules and the real-time state of the Transmission System.
iii) IPTO III: Balancing Market Settlement: Calculation of Balancing Energy and Balancing Capacity quantities and the monetary value of participants' debits and credits, as well as the debits and credits to the Balance Responsible Party for imbalances. Greece shifted its Market Time Unit (MTU) within its bidding zone from an intra-hour to a 15-minute interval in October 2025 in accordance with the regulation EU/2019/943 on the EU’s internal electricity market.

1.2.2 Deregulated electricity market 
In centralized electricity markets, costs need to be minimized while demand has to be covered in a reliable manner. In deregulated markets, the production, transmission and retail services operate separately. Typical operations in a deregulated energy market are the price-based or profit-based unit commitment (PBUC) conducted by the market participants, which aim at maximization of profit, and the market based economic dispatch (MBED) by an Independent System Operator (ISO) (Amudha A, 2013), (Montero L, 2022), (Gupta R, 2023), (Lejeune MA, 2024), (Lotfi H, 2024).


2. material and methods

[bookmark: _Hlk221739829]A literature review on UCED methods and tools was conducted for early years (prior to 2015) and current years (2015- 2026). The review was made in two phases: i) searching in a basic database (ScienceDirect) using three sets of specific search terms, “a,” “b,” and “c,” and additional terms, such as “flexibility” related to the 15 comparison criteria in Table 2; ii) quests on further databases for solely current years on the same terms. The specific terms studied within “advanced search” and “title abstract-author-specified keywords” were a) “economic dispatch,” power; b) “unit commitment,” power; c) “unit commitment”, “dispatch”. 
Initially, depicted energy and power models and tools are outlined in paragraph 3.1, and a categorization of power system optimization methods is shown in paragraph 3.2. After reviewing literature based on topic grouping, results were derived in narrative and tabular form in the third chapter. Bibliometrics on the basic database were derived for “current years” (2015-2026) and for three sets of search terms, including OS. The advantages and disadvantages of UC prevailing solving methods are shown in Table 1. An overview of 62 review articles linked to UCED is shown in Table 2. An overview of publications tested under realistic conditions on a variety of UCED-related aspects is given in Table 3, whereas a further comparison of publications based on modelling type is presented. Models, to be further developed at the country or regional level, are described in paragraph 3.6. Results, discussion, and conclusions are stated in chapters 4 and 5.  


3. Optimization techniques, methods, and tools for the UCED problem

3.1 Current status
[bookmark: _Hlk221035329][bookmark: _Hlk221114447]There is a vast spectrum of computational tools available, from small-scale to worldwide and long-term power scheduling. Reviews proving this include i) a review of 75 existing energy and electricity tools (Ringkjøb HK, 2018), ii) a review of 10 integrated energy national models in the Netherlands (Fattachi A, 2020), iii) a survey on integrated energy systems (IES) on 22 tools identified as “suitable for sustainable development” (Song D, 2022), and iv) power market models for the clean energy transition (Haugen M, 2024). Restrictions of distinct models can be addressed with “model linking.” Model linking can combine long-term models and short-term models, e.g., PE and production cost models. For specifically solving the UCED problem, Algebraic Modelling Languages (AML) such as the General Algebraic Modelling System (GAMS) and Python are advantageous. Though they do not directly solve a problem, they offer links to state-of-the-art algorithms (solvers). The tools, built with AMLs, provide optimization set-tings (e.g., for cost minimization) and handle constraints that call for solvers. A group of 22 common energy and power models and tools, a third of which are Open Source (OS), have been selected based on their observed frequency of occurrence in the literature. They are categorized into long-term energy system planning and optimization models, short-term power system operation models, and multiscale and flexible energy models. Some typical long-term models are MARKAL (Market Allocation Model) (Ringkjøb  HK, 2018), (Song D, 2022) (Victor N, 2024), TIMES (Integrated MARKAL-EFOM System) (Silva WN,2025), (Luxembourg SL, 2025), ELIN (Electricity Investment Model) (Goop J, 2021), EnergyPLAN (Advanced Analysis of Smart Energy Systems) (Ringkjøb  HK, 2018), (Lund H, 2021), BALMOREL* (Partial equilibrium model) (Ringkjøb  HK, 2018), (Wiese F, 2018), NEMO Next Energy Model system for Optimization (Ringkjøb  HK, 2018), (Handayani K, 2023), TEMOA* (Tools for Energy Mod. Optimization or Analysis) (Ringkjøb  HK, 2018) (Song D, 2024), (Nicoli M, 2022), POLES (Prospective Outlook on Long term Energy Systems) (Ringkjøb  HK, 2018), (Després J., 2016) and PRIMES (Price-Induced Market Equilibrium System) (Ringkjøb  HK, 2018), (Capros P, 2018). Proven short term models are e.g. ODIN (Open Dispatch Model for the Nordic Power System) (Nycander E, 2022), PowNet (Network-Constrained UC /ED Model), (Majidi H, 2025) EPOD (EU Power Dispatch Model), WASP (Wien Automatic System Planning) (Zeljko M,2020), DISPA-SET* (UC / Power Dispatch Model) (Katsanevakis A,2022), (Groissböck M, 2019), MATPOWER* (Programming package), (Groissböck M, 2019), (Majidi H, 2025), PyPSA* (Python for Power Systems Analysis) (Ringkjøb HK, 2018), (Unnewehr JF, 2022), (Groissböck M, 2019), (Majidi H, 2025) and ELMOD* (Deterministic linear/mixed-integer dispatch model), (Majidi H, 2025), (Groissböck M, 2019). Finally, MultiScale and Flexible proven models are the Flex-Tool* (Least-cost optimization tool) (Majanne Y, 2022) OSeMOSYS* - Global energy systems optimization model), (Ringkjøb  HK, 2018), (Groissböck M, 2019), Pyomo* (Python Optimization Mod. Objects software), (Hart WE, 2012), Calliope* (Multi-scale energy systems modelling) (Ringkjøb  HK, 2018), (Song D, 2024), (Pickering B, 2022), (Groissböck M, 2019), (Majidi H, 2025), and PLEXOS® (Integrated Energy Model) (Goforth T, 2025), (Ringkjøb  HK, 2018), (Hamdi M, 2024).

3.2 Power Systems Optimization Μethods  
Several categories of methods have been developed to solve the optimization problem of power systems. A generic categorization of available techniques, methods, and tools into five categories is the following: i) Traditional techniques: Linear programming (LP), Non-linear programming (NLP), Mixed-Integer Programming (MIP), Quadratic Programming (QP), (Pickering B, 2022), (Gandhi O, 2016)  ii) Nature – inspired Algorithms (NIAs): Evolutionary Algorithms (EAs): Heuristic search methods based on Darwinian evolution, such as bio-inspired algorithms (Sulaiman MH, 2020) Bacteria Foraging Optimization (BFO) (Pandit N, 2012) and Particle Swarm Optimization (PSO): A swarm based meta-heuristic optimization algorithm, found in variated applications, such as in a Grey Wolf Optimization and PSO (GWO-PSO) (Shaheen AM, 2021); iii) Artificial intelligence (AI) techniques: Artificial Neural Networks (ANN), Genetic Algorithm (GA) and Machine Learning (ML) methods, (Basak S, 2022), (Asif M, 2024) as well as additional approaches (Ahmed I, 2026) iv) Hybrid Artificial Intelligent Algorithms: Examples include PSO and Artificial Fish Swarm Algorithm (ASFA) (Yuan G, 2019) and v) Quantum Computing (QC) Methods: These methods might show some prospects (Morstyn T, 2024).
3.3 Open Source Modelling and Open Source Data  
Open Source (OS) modelling tools and open energy data emerged in the early 2010s. There are five features of openness (Weibezahn J, 2019), i.e., open data, an OS modelling language, OS model code, OS solvers, and open-access publications. In 2019, Groissböck (Groissböck M, 2019) concluded that OS models such as TEMOA, pyPSA, and OSeMOSYS were mature for reliable application. Yet, the legal status of the authorization for the redistribution of input data is a common problem (Pfenninger S, 2018). Many OS models, despite having OS code, do not have entirely open data, making their use difficult (Capros P, 2018). During a scenario-based model comparison with five OS models (Van Ouwerkerk, 2022), it was concluded that “stronger collaboration and exchange of data between scientists could substantially improve future model comparisons.” Data papers are a result of data-driven open science and support the FAIR principles (Findability, Accessibility, Interoperability, and Reusability) for research data management. Publishing “data papers” provides evidence while adding to the creation of knowledge and data per se (Schöpfel J, 2019). A typical example is the data paper by Guerra et al. (Guerra K, 2022), accompanying the respective research paper (Guerra K, 2022b). 
3.4 Evidence from review and research papers
Evidence for early years is described in paragraph 3.4.1, while conclusions for current years are in paragraph 3.4.2. In comparison to similar reviewing work, the current work covers solely peer-reviewed literature, covering a substantial time span. Pros and cons of UC prevailing solving methods are shown in Table 1, whereas an overview of review articles linked to UCED is summarized in Table 2, in paragraph 3.4.3. The 62 review articles from current years are analyzed based on 15 criteria/characteristics. Those were categorized into parameters 1 to 7, i.e., parameters which concern CSOs in central dispatch markets 1:OPF, 2:Smart Grid, 3:DR,4: Electricity Market and policy implications, 5:Security Constraints (SC/SCUC),6:GEP/TEP/transmission management, 7:Short-term Scheduling; 8:Flexibility, 9:Energy Storage, 10:Uncertainty management modelling, 11:Electric Vehicles (EVs), 12:CEED, 13:AI 14:QC, and lastly the 15th parameter of Profit Maximization (UC/PBUC), which is a challenge for GENCO/market participants.  The 8th to 14th parameters are both a concern of CSOs and GENCO/market participants, whereas the 15th parameter of PBUC is a concern of GENCO/market participants.
3.4.1 Early years’ evidence 
Review papers published before 2015 addressed the risk and variability of weather-dependent RES (wind and solar) in ED and UC (Ren B, 2009) (Foley AM, 2012) (Inman RH, 2013). The GA has been used for the solution of UC (Swarup KS, 2003). The PSO method was reviewed (Mahor A, 2009), and plug-in EVs were discussed (Peng M, 2012). By 2013, the UC problem targeted profit maximization (PBUC) without the obligation to cover the demand using a Memory Management Algorithm (MMA) (Amudha A, 2013). By 2014, the means for mitigating the adverse impacts of transmission congestion, VRE inclusion, and security constraints on the electricity market had been extensively addressed in the literature. Transmission management has been studied through a Shift Factor Optimal Power Flow (SF-OPF) model (Nappu M, 2014), RES inclusion through MILP short-term scheduling models of insular power systems (Simoglou CK, 2014), and the multi-objective security-constrained UC (SCUC) problem has been considered through MILP (Norouzi MR, 2014) including dynamic ramp limits and (Karami M, 2013). Review papers in 2015 addressed AI-based load demand forecasting techniques for smart grid and buildings (Raza MQ, 2015) and optimal power dispatch in a wind farm (Zhang J, 2015).
3.4.2 Current year’s evidence 
The issues addressed still refer to the risk and variability of RES, yet they also initiate further discussions, which are categorized in paragraphs 3.4.2.1 to 3.4.2.6. Current year’s evidence is outlined analytically in Table 2 for all 62 examined publications. From those, review articles in the basic database with high impact, concern, photovoltaic (PV) power forecasting (Antonanzas J, 2016), and the integration of EVs in smart grids (Tan KM, 2016) (Ahmad T,2020). Further review articles with high impact address the topics of UC in the presence of VRE, e.g. with forecasting (Abujarad SY, 2017), (Ahmed, 2019) storage impacts on UC; two-stage robust optimization (Qiu H,2022), RES power systems and Combined Heat and Power (CHP) production (Nazari-Heris M,2018) (Bagherian MA,2020) microgrid energy management systems (Thirunavukkarasu GS, 2022), integrated energy systems (Song D,2022), GEP (Koltsaklis NE, 2018), AC OPF (Capitanescu F., 2016); ED in multi-area power system (MAELD) (Kunya AB,2023) (Sharifian Y,2024) QC (Liu H,2023) (Golestan, 2023), global optimization of economic load dispatch in large scale power systems (Hassan MH, 2024), distributed optimization (Wang Y, 2017), heuristic algorithms for optimal combined CHP dispatch; Short-term load forecasting (STLF) (Kong J, 2020) (Eren Y,2024) and OS optimization tools (Groissböck M, 2019). More recent work covers topics on UC and scheduling in islands with VRE (Psarros GN, 2023), QC, MAELD (Sharifian Y, 2023), and hybrid AC-DC microgrid control strategies (Dahane AS,2024). It also addresses models for operation with DR and deep learning approaches for STLF and ED in large-scale power systems (Eren Y, 2024). Frequency-constrained UC (Olasoji AO, 2024), Metaheuristic optimization (Chicco G, 2020), PBUC (Abdi H, 2021), cost recovery in developing countries (lychettira KK,2021), and modelling in deregulated electricity markets are addressed (Chimnoy L, 2019). Moreover, what is tackled are advances in stochastic UC (Håberg M, 2019) (Scuzziato MR, 2021), and hydropower plant UC (Vieira DAG, 2022), optimal dispatch in wind farms, plug-in EVs in a microgrid (Moghaddas TSM, 2016), non-fuel-based mechanisms (Taylor JA, 2016), short-term scheduling of hydropower plants (Nazari-Herris M, 2017), reliability impacts of flexible ramp products (Cornelius A, 2018), transmission management, distributed optimization approaches, supply- and demand- side optimal load scheduling in smart grids, (Lu X, 2018) (Maneesha A,2021), the implication of production tax credit on ED (Liu J,2022), operations research in OPF (Skolfield JK,2022), uncertainty management and security constrained UC (Aharwar A, 2023), tools for net-zero emission energy systems (Samarasinghe SL, 2025)  BESS within UC (Olivos C, 2023), Combined Heat and Power based UC, (Abdi H, 2023) OPF with UC and AI optimization for power system applications (Krishnamurthy S, 2026) . 
3.4.2.1 Prevailing methods for solving the UC problem. 
The categorization of power system optimization methods in paragraph 3.2 leads to five categories of methods. Whereas traditional techniques show limitations in power system optimization solving, some metaheuristic algorithms, inspired by the second category, i.e., NIAs, are highly efficient (Mandal PK, 2023). Such are the cut and branch (CaB) method (a non-linear mixed-integer optimization problem), the “Fire Works Algorithm” (FWA), the “Coyote Optimization” (COA) algorithm, the “Jaya Algorithm” (JA), and other Nature-inspired optimization techniques (Zheng H, 2016) (Saravan B, 2016) (Ali ES, 2023) (Chaudhary V, 2023) (Pandit M, 2020). A review on metaheuristics (MHs) (Valencia-Rivera GH, 2024) concluded that the most used MHs in electric power systems are, in order of usage recurrence, PSO, GWO, GA, Cuckoo Search (CS), and Differential Evolution (DE). The ad-vantages and disadvantages of prevailing UC solving methods are shown below (Table 1). The presented algorithms are used for the UC optimization problem, even though some entries can also be applied to ED. They are categorized into Swarm Intelligence (SI), and Evolutionary Algorithms (EAs).
Table 1. Pros and cons of UC prevailing solving methods

	Algorithm
	Advantages
	Disadvantages

	DE – PSO (SI), (Pandit M, 2020) (Valencia-Rivera GH, 2024) (Montero L, 2022) 
	Flexible and effective for a variety of problems. 
	Slow convergence, computational intensity, premature convergence.

	GWO (SI), (Mandal PK, 2023) (Pandit, 2020) (Valencia-Rivera GH, 2024) 
	Fewer parameters, basic ideas, simple application. 
	Slow convergence rate, poor solution accuracy. Tendency for local optimum.

	JA (SI) (Chaudhary V., 2023) (Venkatasatish R 2023), (Zeng L, 2023)
	Simplicity – Parameter-free nature, easy to implement.
	Premature convergence.

	COA (SI) (Ali ES, 2023) , (Abu Zitar R, 2022) (Feng Y, 2024)
	Balance between exploration and exploitation.
	Requires further empirical validation for UC problems.

	FWA (SI) (Saravanan B., 2016), (Montero L, 2022),(Samarasinghe SL, 2025)
	Robust exploration capabilities in optimization tasks. 
	Challenges such as slow convergence speed and low accuracy.

	CaB (SI) (Zheng H, 2018) ,(Valencia-Rivera GH, 2024) (Rateele TN, 2023)
	Effective for complex constraints, optimal solutions. 
	Can be computationally intensive for large-scale systems.

	GA (SI) (Pandit M., 2020),(Valencia-Rivera GH, 2024) (Sheng W, 2023) 
	Flexible and effective for a variety of problems 
	Slow convergence, computational intensity, and premature convergence 

	CS (Eas) (Mandal PK, 2023),(Valencia-Rivera GH, 2024) 
	Effective for multimodal problems (few parameters).
	Slow and premature convergence.

	GA (Eas) (Pandit M, 2020), (Valencia-Rivera GH, 2024) (Sheng W, 2023) 
	Flexible and effective for a variety of problems 
	Slow convergence, computational intensity, and premature convergence 



3.4.2.2. Short-term VRE forecasting is essential for reliable UCED solving. 
PV and wind power production forecasts have been widely stated, as in Sheng et al. (Sheng W, 2023) and Rivera et al. (Valencia-Rivera GH, 2024). Methods to deal with VRE uncertainty concern stochastic optimization (SO), robust optimization (RO), and interval optimization (IO). In the case of the IO scheduling model, VRE outputs are expressed as empirical prediction intervals (Zeng L, 2023). Short-term VRE forecasts on an hour-scale were studied in research by Feng et al. (Feng Y, 2024) during a four-hour ultra-short-term power forecast. Methods for short-term uncertainty of VRE were studied in the review by Samarasinghe et al. in 2025 (Samarasinghe SL, 2025). Also, the necessity for modelling ancillary services (AS) was talked about in literature, as in (Olasoji AO, 2024), as crucial for the safety, security, and dependability of power systems.
3.4.2.3 Provision has to be made for excess locally generated energy.
Storage options are needed to guarantee the reliability of the energy system and the optimal operation of the energy market (Rateele TN, 2023), (Dimitriadis CN, 2023). A review of integrating Battery Energy Storage Systems (BESS) in UC in the day-ahead market (Olivos C, 2023) showed that BESS is a research area that can strengthen sustainable, resilient, and efficient energy systems. A bibliometric analysis on the optimization of energy storage systems’ (ESS) size (Tahir H,2024) showed that including load variations in the design process could enhance relevant research. Multi-objective optimization of thermal dispatch scheduling, with differently matching load levels, was also examined. The Non-dominated Sorting GA-III obtained optimal dispatch, considering base, intermediary, and peak load levels (Hammerschmitt BK, 2024).
3.4.2.4. Emergencies require fast, real-time optimization.
A simple learning-based method for the Stochastic UC (SUC) problem has been proposed (Liu X, 2023) where the SUC and ED problems are solved with CPLEX and JuMP solvers. The model was tested on an Illinois 200-bus system (Approximation of a power system with 200 substations). Highly reduced solution times were reported. In 2024, Li P. et al. (Li P, 2024) presented a single-period optimization model combining alternating current OPF (AC OPF) and UC variables, which restored the capability of Security Constrained ED (SCED). It was applied to the IEEE 118-bus system, the IEEE 300-bus system, the Polish 2383-bus system, and a 13977-bus system. Also, the contribution of pumped storage units and energy storage was tackled with difficulty in real-time scheduling (Chen K, 2023). 
3.4.2.5. Case study evidence strengthens the credibility of UCED solving. 
Several case studies are needed for a fair comparison of solutions (Abdi H, 2023). Even then, assumptions, limitations, hardware, and software data need to be alike. The majority of studies focus on the evaluation of optimization using only one case study (Marzbani F, 2024).
3.4.2.6. GENCO’s profit-based UC 
UCED modelling is also perceived as Production Cost Modelling (PCM) from GENCO’s point of view and incorporates energy justice and equity considerations in power optimization (Goforth T, 2025), (Lejeune MA, 2024). Profit-based UC (PBUC) is gaining ground (Abdi H, 2021) (Lejeune MA, 2024) (Lotfi H, 2024). Additional parameters that are of interest for GENCO/market participants are power system flexibility, energy storage, uncertainties, and management (Antonanzas J, 2016), (Tan KM, 2016), (Abujarad SY, 2017), (Chimnoy L, 2019), (lychettira KK, 2021). 
3.4.3 Overview of review articles.
An examination of 62 reviews publicized in recent years in Table 2, is based on 15 basic characteristics, sorted into three groups as stated in paragraph 3.4. Publications in the first group (1st to 7th parameter) are a typical concern of CSOs. Publications within the second group (8th to 14th parameter) tackle both the concerns of CSOs and market participants and rose in number compared to other parameters since 2019. PBUC appears as a tackled issue in review publications, since 2019. All examined publications on PBUC, which is mainly the concern of the GENCO/market participants, also tackled the parameter of uncertainty modelling, but also typical CSO concerns such as DR and SCUC in the most recent years following 2022. It can be indicated that the concerns of CSOs and market participants on flexibility, energy storage, and uncertainty management gradually grow in parallel for CSOs and market participants. In addition, environmental and energy policy implications and uncertainty management stand out as parameters of concern throughout all examined years.


Table 2. Overview of review articles









	
YEAR


	REFFERENCE
	OPF
	Smart Grid
	DR
	Electricity Market & Policy Implications
	SC/ SCUC
	GEP /TEP /transm. Mgmt 
	Short-term scheduling
	Flexibility
	Energy Storage
	Uncertainty mgmt/ modelling 
	EV
	CEED 
	AI
	QC
	PBUC

	2015
	Raza MQ
	
	X
	
	
	
	
	
	
	
	
	
	
	X
	
	

	2015
	Zhang J
	
	
	
	
	
	
	
	
	
	X
	
	
	
	
	

	2016
	Gandhi O
	
	X
	
	
	
	
	
	
	X
	X
	X
	
	X
	
	

	2016
	Antonanzas J
	
	
	
	X
	
	
	X
	X
	
	
	
	
	
	
	

	2016
	Tan KM
	
	
	
	
	
	
	
	X
	
	
	X
	
	
	
	

	2016
	Capitanescu F.
	X
	
	
	
	X
	
	
	
	
	X
	
	
	
	
	

	2016
	Moghaddas TSM
	
	
	
	X
	
	
	
	
	
	X
	X
	
	
	
	

	2016
	Taylor JA
	
	
	
	
	X
	
	
	
	
	
	
	
	
	
	

	2017
	Abujarad SY
	
	
	
	
	
	X
	
	X
	X
	
	X
	
	
	
	

	2017
	Nazari-Herris M, 2017
	
	
	
	
	X
	
	X
	
	
	
	
	
	
	
	

	2017
	Wang Y
	X
	
	X
	
	X
	X
	
	
	
	
	
	
	
	
	

	2018
	Ringkjøb HK
	X
	
	X
	X
	
	
	
	X
	X
	X
	
	
	
	
	

	2018
	Nazari-Herris M,2018
	
	
	
	
	
	X
	
	
	
	
	
	
	X
	
	

	2018
	Koltsaklis NE
	
	
	X
	
	
	X
	
	
	X
	
	X
	
	
	
	

	2019
	Groissböck M
	X
	
	
	
	
	
	
	
	
	X
	
	
	
	
	

	2019
	Ahmed A
	
	
	
	X
	
	
	
	
	X
	X
	
	
	
	
	X

	2019
	Håberg M
	
	
	
	
	
	
	
	
	
	X
	
	
	
	
	

	2019
	Chimnoy L
	
	
	
	X
	
	
	
	X
	
	X
	
	
	
	
	

	2020
	Fattahi A
	
	
	X
	
	
	
	
	X
	X
	X
	
	
	
	
	

	2020
	Kong J
	
	
	
	
	
	
	X
	
	
	
	
	
	
	
	

	2020
	Ahmad T
	
	X
	
	
	
	
	
	
	
	X
	
	
	
	
	

	2020
	Bagherian MA
	
	
	
	
	X
	
	
	
	X
	
	
	
	
	
	

	2020
	Chicco G
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	2021
	Scuzziato MR
	
	
	
	
	
	
	
	
	
	X
	
	
	
	
	

	2021
	Abdi H
	
	
	
	
	
	
	
	
	
	X
	
	
	X
	
	X

	2021
	Maneesha A
	X
	X
	X
	
	
	
	
	
	
	
	X
	
	
	
	

	2021
	lychettira KK
	
	
	X
	X
	
	
	
	X
	
	
	
	
	
	
	

	2022
	Cho S
	X
	
	
	X
	
	X
	
	
	X
	X
	
	
	X
	
	

	2022
	Ahlqvist V
	
	
	X
	X
	
	
	
	X
	X
	
	
	
	
	
	

	2022
	Song D
	X
	
	
	
	
	
	
	
	X
	X
	
	
	X
	
	

	2022
	Qiu H
	
	
	
	
	
	
	
	X
	
	X
	
	
	
	
	

	2022
	Thirunavukkarasu GS
	X
	
	X
	
	
	
	
	X
	
	X
	X
	X
	
	
	

	2022
	Liu J
	
	
	
	X
	
	
	
	
	
	X
	
	
	
	
	

	2022
	Vieira DAG
	
	
	
	
	
	
	
	
	X
	
	
	
	
	
	

	2022
	Skolfield JK
	X
	X
	
	X
	
	X
	
	
	
	
	
	
	
	
	

	2022
	Montero L
	
	
	
	
	
	
	
	
	
	X
	
	
	X
	
	X

	2023
	Kunya AB
	
	X
	X
	
	
	
	X
	
	
	
	X
	
	
	
	

	2023
	Golestan S
	
	
	
	
	
	
	
	
	
	
	
	
	
	X
	

	2023
	Abdi H
	
	
	X
	X
	X
	
	
	X
	X
	X
	
	
	X
	
	X

	2023
	Psarros GN
	
	
	X
	X
	
	
	X
	
	X
	X
	
	
	
	
	

	2023
	Aharwar A
	
	
	
	
	X
	
	X
	
	X
	
	
	
	
	
	X

	2023
	Liu H
	X
	
	
	
	
	
	
	
	
	
	
	
	
	X
	

	2023
	Mandal PK
	
	X
	
	
	
	
	
	
	
	
	
	
	X
	
	

	2023
	Olivos C
	
	
	
	X
	
	X
	
	
	X
	
	X
	
	
	
	

	2023
	Chen K
	
	X
	X
	
	
	
	X
	X
	
	X
	
	
	
	
	X

	2024
	Sharifian Y
	
	
	
	
	
	
	
	
	
	X
	X
	X
	
	
	

	2024
	Marzbani F
	
	
	
	X
	
	
	
	
	
	X
	
	
	
	
	

	2024
	Motta VN
	X
	
	X
	
	
	X
	
	
	
	X
	
	
	
	
	

	2024
	Gómez S
	
	
	
	
	
	X
	
	
	
	X
	
	
	
	
	X

	2024
	Haugen M
	
	
	X
	X
	
	
	
	X
	X
	X
	
	
	
	
	

	2024
	Morstyn T
	X
	
	
	X
	
	
	
	X
	
	
	
	
	
	X
	

	2024
	Eren Y
	
	
	X
	X
	
	
	
	
	
	X
	
	
	
	
	

	2024
	Dahane AS
	
	X
	
	
	
	
	
	
	X
	
	
	
	
	
	

	2024
	Hassan MH
	
	
	
	
	
	
	
	
	
	
	
	X
	
	
	

	2024
	Olasoj AO
	
	
	
	X
	
	
	
	
	
	
	
	
	
	
	

	2024
	Valencia-Rivera GH
	X
	X
	X
	X
	
	X
	
	
	
	
	
	
	X
	
	

	2024
	Tahir H
	
	
	X
	
	
	
	
	
	X
	X
	X
	
	
	
	

	2025
	Goforth T
	
	
	
	X
	
	X
	
	
	
	
	
	
	
	
	

	2025
	Kaya A
	X
	
	
	X
	X
	X
	X
	
	
	X
	
	
	
	
	

	2025
	Samarasinghe SL
	
	
	
	X
	
	
	
	
	
	X
	
	X
	
	
	

	2025
	Plazas-Niño F
	
	
	X
	X
	
	X
	X
	X
	
	X
	X
	
	
	
	

	2026
	Krishnamurthy S
	X
	
	
	
	
	
	
	
	
	
	
	
	X
	
	



3.5. Modelling and energy policy.
The integration of UCED models into energy policy frameworks has played a fundamental role in shaping both operational strategies and long-term investment decisions within modern power systems. These models are central to electricity market operation and planning, and their outputs have direct implications for the formulation of market regulations, capacity mechanisms, carbon pricing strategies, carbon neutrality, and VRE integration policies (Goforth T, 2025) (Kleanthis N., 2025) (Gómez S, 2024), (Hamdi M, 2024). One of the most significant impacts of UCED modelling on energy policy lies in its alignment with the merit-order principle (Cebulla F, 2017). The increasing penetration of VRE, which has near-zero marginal costs, has caused a downward shift in the merit-order curve. This reduces wholesale electricity prices and displaces conventional fossil-fuel generators, a dynamic well-documented in European markets where studies have shown that each additional GWh of wind power could reduce marginal prices by approximately €4.54 per MWh (Pluta M,2020). While beneficial for consumers, this also leads to declining revenues for dispatchable generators, giving rise to the “missing money” problem, where market prices are insufficient to sustain investment in reliability-critical infrastructure. UCED modelling has consistently identified this challenge, prompting policy responses such as capacity remuneration mechanisms. For example, Poland’s 2017 introduction of a capacity market was supported by simulations demonstrating insufficient revenue in energy-only markets (Pluta M, 2020). Models on UCED also play a vital role in assessing the environmental effectiveness of market tools such as carbon pricing and emissions trading schemes (Shen X, 2025). By incorporating carbon costs into dispatch algorithms, researchers can simulate how market behavior shifts in response to policy. Moreover, AI-based optimization for power system applications (Krishnamurthy S, 2026) (Ahmed I, 2026) appeared in the literature, especially following 2022, whereas the Combined Economic Emission Dispatch (CEED) is mentioned in several cases, as in (Mahdi FP, 2018) and (Manikandan TR,2023). As power systems grow more complex and variable—driven by high shares of VRE, demand-side participation, and decentralized generation—UCED models have evolved to incorporate uncertainty and system flexibility. Robust, stochastic, and uncertainty-constrained formulations now allow for more accurate simulation of real-world conditions, including load variability, weather disruptions, and contingency constraints (Sharifian Y, 2024) (Lejeune MA, 2024) (Cebulla F, 2017). These advanced models have been instrumental in shaping policies related to reserve procurement, demand-response program design, storage deployment, and the evaluation of real-time balancing markets. In addition, the management of distributed energy resources (DER), i.e. small-scale power generation can be enhanced through Virtual Power Plants that act as aggregators that coordinate the operation of many power sources (Gholami K, 2025). VPPs can provide significant flexibility by combining a variety of DERs, including VRE, battery storage, EVs, and DR resources. On the other hand, VPPs face the challenge of uncertainty management that occurs from e.g. peak energy demand. 

3.6. UC modelling on the country and regional level.
[bookmark: _Hlk221984542]Principal types of constraints to be taken into consideration during UC modelling are i) generator constraints (generation limits, ramp-up and down limits, minimum up and downtime); ii) VRE limitations; iii) available energy storage technological options; iv) The supply -demand balance; v) reserve constraints; and vi) transmission constraints. Additional relevant factors are the clustering of similar generators to increase flexibility of the system and tackling uncertainty. Though UC can undergo simplifications in order to be solved in shorter time periods, the solution quality is affected significantly if ramp up and down limits, adequate available reserves and transmission limits are not taken properly into consideration (Wuijts RH, 2024).
Optimization involves the choice of one or more reliable tool(s), the choice of an appropriate “optimization solver,” and the appropriate combination of the two. Previous research has shown that soft linking between long-term energy models and short-term models is commonly used (Kleanthis N, 2025) (Ringkjøb HK, 2018). The authors depicted three models outlined in paragraphs 3.1 and 3.2 as suitable for further elaboration on a country or regional level, based on their occurrence and appearance in recent literature. Those are the multiscale models PLEXOS®, (Hamdi M, 2024) (Samarasinghe SL, 2025) OSeMOSYS, and FlexTool, (Kleanthis N, 2025) (Majanne Y, 2022) (Niet T, 2021) (Plazas-Niño F, 2025). 
[bookmark: _Hlk221196022]Widespread used, reliable solvers are (Anand R, 2017): i) Gurobi Optimizer, for solving LP, QP, MILP, and mixed-integer quadratic programming (MIQP) problems; ii) IBM ILOG CPLEX Optimizer for large-scale optimization, supporting LP, integer programming, and QP; iii) FICO Xpress Optimizer, supporting algorithms such as primal and dual simplex; iv) MOSEK for MISOCP; and v) BARON for MINLP (Montero L,2022). Modelling on an hourly basis on IEEE test systems is apparent in the literature in deterministic case studies since 2014 (Marcovecchio MG, 2014), (Chowdhury AFMK, 2020), (Castelli AF, 2024) (Plazas-Niño F, 2025), as well as on stochastic case studies, such as in the case of (Stott B, 2023). Modelling on other time scales can be found in (Singh A,2024), (Manikandan TR, 2023) (Hart WE, 2012). IEEE Systems are mentioned in the literature, (Weibezahn J, 2019), (Van Ouwerkerk J, 2022) (Foley AM, 2012) (Inman RH, 2013) (Mahor A, 2009) extensively on IEEE bus 14-, 30-, 40-, 118-, 140-unit systems and IEEE Reliability Test Systems (RTS) 81,84,95,141,144. On a multi-year time horizon, real systems tested with long-term Energy System Optimization Models (ESOM) concern typically (Plazas-Niño F, 2025) on a global level, the application on the EU level with POLES in 2017 (Després J, 2016), PRIMES in 2018 (Capros P, 2018), TIMES in 2024 (Luxembourg SL, 2025), and PLEXOS (Hamdi M, 2024) in 2024 on the Egyptian power system.

Table 3. Overview of publications tested under realistic conditions on a (sub)hourly scale

	REF & YEAR
	ISO/RTO or Real System
	Country or Region
	Minimum Time Horizon
	Model Type
	Problem Type
	Grid Modelling
	Generation Mix Used

	Cebulla F, 2017
	ENTSO-E
	Germany
	Hour
	Merit-order vs UC
	MILP
	Simplified grid
	Thermal, RES

	Cornelius A, 2018
	MISO
	US
	10 minutes
	Ramp product market study
	LP
	Nodal Direct Current (DC)
	Thermal, Wind

	Chowdhury AFMK, 2020
	Real utility-scale systems
	Cambodia
	Hour
	PowNet. Network-constrained UCED 
	MILP
	Nodal (DC) Network
	Thermal, Hydro, RES

	Pluta M, 2020
	Polish Power System
	Poland
	Hour
	ED & UC for System Analysis (MEDUSA) 
	MILP
	Nodal Zonal DC
	Thermal, RES

	Nycander E, 2021
	Nordic System
	Nordic region
	Hour
	ODIN
	MILP
	Multi-node DC
	Thermal, Nuclear . Hydro, RES

	Katsanevakis , 2022
	Cyprus
	Europe
	Hour
	DISPA-SET High-RES simulation
	MILP
	Multi &Single-Node /microgrid
	PV, Wind, diesel, storage

	Unneweher, 2022
	ENTSO-E
	Germany & EU countries
	Hour
	PyPSA-Eur 
	MILP
	Full-network DC
	Various generation technologies

	Pickering B, 2022
	ENTSO-E
	Europe
	Hour
	Full-system decarbonization
	MILP 
	Multi Node
	Various generation technologies

	Van Ouwerkerk, 2022
	ENTSO-E 
	Germany
	Hour
	OS power system model comparison
	MILP
	Multi Node
	German mix

	Vieira DAG, 2022
	Real hydropower plant
	Brazil
	30 minutes
	Real-time UC
	MILP
	Hydro plant network 
	Hydro

	Rateele TN, 2023
	Lesotho
	Africa
	Hour
	ED
	LP
	Simplified grid
	Thermal, Hydro, VRE

	Jiang Y, 2024
	PJM/MISO
	US
	Hour
	Market offer optimization
	MILP
	Nodal DC
	Thermal, gas, RES

	Kleanthis N, 2025
	ENTSO-E
	Europe
	Hour
	Capacity expansion + PCM
	MILP, PCM
	Zonal and Multi-node DC
	Thermal, RES, Storage

	Silva WN, 2025
	Brazil’s electricity market
	Brazil
	30 minutes
	Market structure review
	LP
	Multi-Node hydro-thermal
	Hydro, thermal


To fully comprehend the application of modelling to the UC problem, the literature was evaluated according to the type of uncertainty modelling (deterministic, robust, stochastic, and chance-constrained UC). In the deterministic UC approach, all inputs are presumably known with certainty and represented by a single forecast value. In the case of robust UC, solutions that remain feasible within a predetermined uncertainty set are sought for. Robust techniques can be too conservative and raise operating expenses, even while they improve reliability. Stochastic UC minimizes expected values, i.e. predicted operating costs while reflecting trade-offs between risk and efficiency by modelling uncertainty through a variety of scenarios with corresponding probabilities (Wuijts, RH, 2024). Chance-constrained UC is a variation of stochastic modelling that provides an organized balance between risk and expense by limiting the likelihood of constraint breaches (such as load balance or reserve sufficiency). Deterministic modelling is widely used and is computationally efficient, particularly for day-ahead markets. Conventional assumptions or reserve requirements are frequently used in deterministic UC as a hedge against uncertainty, which can lead to suboptimal costs or reliability problems. On the other hand, stochastic and chance-constrained UC lead to more accurate solutions but have enhanced computational complexity. Literature has been organized with a categorization per i) modelling parameters (Objective Function, Constraints, Method used, Tools used, other variables, type of problem solved), ii) time frame resolution, and iii) Case studies. The analysis of recent publications with substantially available information, showed that i) Studies on central CSO are apparent in recent cases in the US, Brazil, as well as the EU (ENTSO-E, Nord Pool); ii) Energy system planning, market analysis, and policy-driven models are where real-system studies are most prevalent (EU, Germany, Poland, Brazil) and iii) Deterministic UC modelling is predominant on an hourly time frame as in (Silva WN, 2025), whereas stochastic and robust modelling is evolving to be more widespread in cases in Sweden (Goop J, 2021) US (Jiang Y, 2024) and China (Feng Y, 2024) and for profit maximization and decision uncertainty (Lotfi H, 2024).  
In the future, SCUC modelling will need to meet more stringent environmental and energy policy objectives. This challenge can be addressed in a number of ways. Computational modelling can be improved, for example, by incorporating ISO-specific constraints or by incorporating novel techniques like AI and ML. The cooperation between regions could also support the alignment of individual markets. Furthermore, the SCUC process can be in accordance with decarbonization goals if power generation is co-optimized with hydrogen storage, EVs, and synthetic fuels (Latify MA, 2025), (Ahmed I, 2026).

[bookmark: _Hlk221282965]        4. DISCUSSION
A total of 150 peer-reviewed literature articles from a variety of 64 different journals/ sources, were studied. Widely used models and tools adjacent to UCED were identified. Power optimization methods and tools were categorized into (i) traditional, (ii) nature-inspired algorithms (NIAs), (iii) AI, (iv) Hybrid Artificial Intelligent Algorithms, and (v) Quantum Computing. Bibliometrics on the basic database outlined the evolution of relevant UC terms throughout recent years. A distinction between the pros and cons of UC prevailing solving methods (PSO, DE, GWO, JA, COA, FWA, CaB, GA, and CS) was made based on convergence speed, solution accuracy, computational complexity, and scalability. A literature review on UCED methods and tools focusing on “current years” (2015 – 2026) was made, exclusively on 62 peer-reviewed literature regarding worldwide regions. Literature has been filtered to deduce those with the most representative and ample data on application in IEEE systems as well as on realistic system applications, on UCED-related issues. Those were examined per ascending timescale and per modelling methodology, i.e., deterministic, robust, and stochastic. 
UCED appeared challenged by subjects that need further discussion: i) Multiple case study evidence is necessary to reinforce the credibility of UCED or solely UC modelling; ii) The lack of OS data and licenses can be a drawback. Data availability and quality need enhancement. Iii) Affordable, reliable, and sustainable energy, i.e., the UN goal SDG7, could be enhanced by UCED optimization. In this view, power dispatch from DER appears vital; time constraints might be equally important as optimization accuracy, as in the case of emergencies, adequate storage facilities must be in place. 
Regarding the UC solving, ramping limitations, reserve constraints, and the constraints of the transmission system should not be oversimplified, otherwise the UC will be qualitatively degraded. SCUC modelling will need to meet more stringent environmental and energy policy objectives in the future and solutions might be drawn through cross-regional cooperation as well as co-optimization with hydrogen storage or other options.
UCED models must adjust to market rules, regional factors, and security constraints while sustaining profit maximization. Societal impacts could be integrated and combined with environmental and energy policy incentives and risk readiness. Future energy systems require UCED-based insights by means of demand-side flexibility and sustainable integration of VRE. Models on UCED extend far beyond the technical scheduling of generators. They offer deep insights into the economic, environmental, and operational consequences of energy policies. 
UC modelling at the country and regional level was examined. The problem of UC in centrally dispatched markets was underrepresented in the literature. However, those mostly studied engaged CSOs in the US.

5. Conclusion

Traditional approaches for solving the combined UCED problem (LP, MILP, MINLP) remain leading in real-system applications due to their robustness, transparency, and compatibility with commercial solvers such as Gurobi and CPLEX. 
There is a stable increase in UCED related publications from 2015 to 2026, with a rise in relative OS publications since 2020. NIAs, including PSO, GWO, GA, JA, COA, and FWA, are widely applied in academic studies because of their flexibility and ability to handle non-convexities, despite limitations related to convergence speed and scalability. Until 2018, studies were primarily tackling operational topics such as OPF, SC/SCUC, short-term scheduling, and CEED. From 2019 onward, optimization tools addressed in review articles show a noteworthy shift towards addressing uncertainty management, flexibility, and energy storage. There is also a growing concern about VRE and the increasing importance of system adaptability. Research also increasingly assesses electricity markets and policy implications, alongside emerging technologies such as DR and EV. By 2026, literature highlights the use of advanced computational methods, including AI and QC, as well as broader multi-objective optimization approaches, indicating a shift from deterministic, classical UCED methods towards more holistic frameworks.
It is noteworthy that the parameters of flexibility, energy storage, and uncertainty management have developed throughout time to be common concerns for both CSOs and GENCO/market participants. Energy and environmental policy implications and uncertainty management have stood out as parameters of concern throughout all years in optimization methods and tools. 
[bookmark: _Hlk222044425]The application of UC in central dispatch markets and realistic system applications on UCED related issues, on an hourly timescale, is addressed in a limited case study number, yet more on a sub-hourly scale. Such studies are most common in energy system planning, market analysis, and policy-driven models (EU, Germany, Poland, Brazil). Deterministic UC modelling outweighs, whereas stochastic and robust modelling have begun appearing more commonly. Studies on central CSO are evident in recent cases in the US, Brazil, and also in EU regions (ENTSO-E, Nord Pool). Modelling on larger than hourly time scales on IEEE systems is mentioned extensively on IEEE bus 14, 30-, 40-, 118-, 140-unit systems and IEEE RTS. On a multi-year time horizon, real systems tested with long-term Energy System Optimization Models (ESOM) typically concern OSeMOSYS, POLES, PRIMES, and PLEXOS. 
The UC optimization in centrally dispatched markets is being tackled in the literature by application of a plethora of models and tools, mostly in a deterministic environment and in some cases on an hourly or even sub-hourly basis. The existing modelling framework still needs to be advanced to transfer the application from IEE systems to real systems. Computational challenges can be faced by the combination and soft linking of models. Multiscale models (PLEXOS®, OSeMOSYS, FlexTool) and open-source approaches emerge as key enablers for country- and regional-level UC modelling in centrally dispatched markets.
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Definitions, Acronyms, Abbreviations

	Notations/Symbols
	Definition

	CoalGen
	Coal generation power unit

	GasGen
	Gas generation power unit

	[number] – bus system
	Approximation of an electric power system with [#number] of substations

	Node
	Points of aggregated production and/or consumption of energy

	Cg
	Costs related to the generator

	ct
	Costs related to penalties

	ugt
	Represents the unit status of the generator g at an interval t

	Pgt
	The power output of the generator



	[bookmark: _Hlk221027944]Acronym
	Definition

	ACOPF
	Alternating Current Optimal Power Flow 

	AFSA
	Artificial Fish Swarm Algorithm

	AGC
	Automatic Generation Control

	AI
	Artificial intelligence

	AML
	Algebraic Modelling Languages 

	ANN
	Artificial Neural Networks

	AS
	Ancillary Services 

	ASFA
	Artificial Fish Swarm Algorithm

	BALMOREL
	Partial equilibrium model

	BESS
	Battery Energy Storage Systems 

	BFO
	Bacteria Foraging Optimization

	BWO
	Black Widow Optimisation 

	CO2
	Carbon Dioxide

	CaB
	Cut and Branch method 

	Calliope
	Multiscale energy systems modelling

	CEED
	Combined Economic Emission Dispatch 

	CHP
	Combined heat and power 

	COA
	Coyote Optimization algorithm 

	CS
	Cuckoo Search

	CSO
	Central System Operator

	DC
	Direct Current

	DE
	Differential Evolution

	DER
	Distributed Energy Resources

	Dispa SET
	Unit Commitment / Power Dispatch Model

	DR
	Demand Response

	EAs
	Evolutionary Algorithms 

	ECL
	European Climate Law

	ED
	Economic Dispatch

	EFOM 
	Energy Flow Optimization Model

	ELIN 
	Electricity Investment Model

	ELMOD
	Deterministic linear/mixed-integer Dispatch model

	EM
	Electricity Market 

	EnergyPLAN 
	Advanced Analysis of Smart Energy Systems

	ENTSO – E
	European Network of Transmission System Operators for Electricity

	EPEX-SPOT
	EU Power Exchange 

	EPOD
	European Power Dispatch Model

	ESEM
	EU Single Electricity Market 

	ESOM
	Energy System Optimization Model

	ESS
	Energy Storage System

	EU
	European Union

	EVs
	Electric Vehicles

	FAIRE
	Findability, Accessibility, Interoperability, and Reusability

	Flex Tool
	Least-cost optimization tool

	FWA
	Fire Works Algorithm

	GA
	Genetic Algorithm 

	GAMS
	General Algebraic Modelling System

	GENCO
	Generation Company

	GenAI
	Generative artificial intelligence 

	GEP
	Generation Expansion Planning 

	GHG
	Greenhouse Gas Emissions

	GWO
	Grey Wolf Optimization

	IEA
	International Energy Agency 

	IEA – ETSAP
	Energy Technology Systems Analysis Program of IEA 

	IEEE 
	Institute of Electrical and Electronics Engineers

	IEEE bus system
	Approximation of an electric power system

	IES
	Integrated energy systems

	IO
	Interval optimization

	IPTO
	Independent Transmission System Operator

	IRENA
	International Renewable Energy Agency 

	ISO
	Independent System Operator

	JA
	Jaya Algorithm

	LP
	Linear programming 

	MAELD
	Economic dispatch in multi-area power system 

	MARKAL 
	Market Allocation Model

	MATPOWER
	Programming package

	MBED
	Market Based Economic Dispatch

	MEDUSA
	Model of Economic Dispatch and Unit Commitment for System Analysis

	MHs
	Metaheuristics

	MILP
	Mixed Integer Linear Program

	MINLP
	Mixed-integer nonlinear programming

	MIQP
	Mixed Integer Quadratic Programming 

	MIP
	Mixed Integer Programming 

	ML
	Machine Learning 

	MMA
	Memory Management Algorithm 

	MOEED
	Multi-Objective Economic Emission Dispatch 

	MS
	Member State

	MT
	Modelling Type

	MTU
	Market Time Unit

	NEMO
	Next Energy Modelling System for Optimization

	NIAs
	Nature-Inspired Algorithms

	NLP
	Nonlinear programming 

	ODIN
	Open Dispatch Model for the Nordic Power System

	O&M
	Operation and maintenance

	OPF
	Optimal power flow 

	OS
	Open Source

	OSeMOSYS
	Global energy systems optimization model

	PBUC
	(Price or ) Profit-based Unit Commitment

	PCM
	Production Cost Modelling

	PE
	Power Capacity Expansion 

	PLEXOS
	Integrated Energy Model

	POLES 
	Prospective Outlook on Long term Energy Systems

	PowNet 
	Network-Constrained UC /ED Model

	PRIMES
	Price-Induced Market Equilibrium System

	PSO
	Particle Swarm Optimization

	PV
	Photovoltaic

	Pyomo
	Python Optimization Modelling Objects software

	PyPSA
	Python for Power Systems Analysis

	QC
	Quantum Computing

	OF
	Objective Function 

	QP
	Quadratic Programming

	RES
	Renewable Energy Sources

	RO
	Robust Optimization 

	RTO
	Regional Transmission Organization

	RTS
	Reliability Test Systems

	SCED
	Security Constrained Economic Dispatch

	SCUC
	Security Constrained Unit Commitment

	SDG(s)
	Sustainable Development Goal(s) 

	SF-OPF
	Shift Factor Optimal Power Flow 

	SIDC
	EU Single Intraday Coupling 

	SO
	Stochastic Optimization 

	STLF
	Short-Term Load Forecasting 

	SUC
	Stochastic UC 

	TEMOA
	Tools for Energy Model Optimization or Analysis

	TEP
	Transmission Expansion Planning 

	TIMES
	Integrated MARKAL-EFOM System

	UC
	Unit Commitment

	UCED
	Unit Commitment and Economic Dispatch

	VPP
	Virtual Power Plant

	VRE
	Variable Renewable Energy

	WASP 
	Wien Automatic System Planning
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