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ABSTRACT: Unit commitment (UC) remains a central short-term scheduling problem, but high
penetration of renewable energy sources (RES) has increased its uncertainty, flexibility, and security
requirements. This review synthesizes UC formulations and solution methods for renewable-rich power
systems, emphasizing the relationship between formulation complexity, operational requirements, and
solution-method suitability. It first organizes deterministic, network-constrained, security-constrained,
stochastic, robust, clustered, storage-integrated, and multi-energy UC models, highlighting how forecast
errors, net-load ramps, reserve needs, curtailment, low inertia, electric-vehicle flexibility, and network
congestion shape commitment decisions. It then critically assesses classical mathematical programming,
decomposition, and metaheuristic methods in terms of scalability, feasibility guarantees, optimality
evidence, reproducibility, and applicability to RES-integrated UC. In addition, the review classifies
machine learning applications according to their primary role in the UC workflow: input and uncertainty
learning, learning-assisted optimization, and assurance, validation, and deployment. Recent directions
such as renewable scenario generation, surrogate modeling, warm-starting, constraint screening,
graph-based learning, reinforcement learning, and decision support are examined to clarify how ML
can support, rather than replace, optimization-based scheduling. The review also discusses barriers to
practical deployment, including generalization to unseen operating conditions, feasibility violations,
interpretability, operator trust, and lack of standardized benchmarks. Finally, it identifies hybrid ML—
optimization frameworks, benchmark-driven evaluation, and validation-oriented deployment as key
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research needs for reliable, scalable, and secure UC in low-carbon power systems.

1- Introduction

Power systems constitute a critical national infrastructure,
as the electricity they supply is indispensable for modern
life. In contemporary societies, the availability and cost
of electricity are central to economic activity and social
welfare. Planning and operating power systems require
solving several optimization problems. Among these, the
unit commitment (UC) problem is a key challenge in short-
term operation. [1]competition, and selection. In the subject
algorithm an overall UC schedule is coded as a string of
symbols and viewed as a candidate for reproduction. Initial
populations of such candidates are randomly produced to
form the basis of subsequent generations. The practical
implementation of this procedure yielded satisfactory results
when the EP-based algorithm was tested on a reported UC
problem previously addressed by some existing techniques
such as Lagrange relaxation (LR. It entails scheduling the
operation of generating units within a day or a week, with the
objectives of minimizing total production cost and emissions

*Corresponding author’s email: hosseinian@aut.ac.ir

produced by the generation plants, increasing the reliability
and security of the power system, and reducing power losses
to meet fluctuating demand for electricity while adhering to
a set of constraints. In general, the UC can be formulated
as a large-scale, mixed-integer combinatorial optimization
problem characterized by nonlinearity and the presence of
both binary and continuous variables. [2]. The integration
of RES has introduced complexities into the operation of
electrical power systems, especially for the UC, necessitating
the resolution of optimization challenges due to the inherent
uncertainties of RES. [3]this issue is addressed within the
framework of security-constrained unit commitment (SCUC.

In the context of sustainable energy systems, UC has
become a key tool for assessing and operating portfolios with
high shares of wind, solar, and storage, while maintaining
supply security and limiting emissions. Many studies have
investigated the formulation and solution of UC in the
presence of RES, proposing models and algorithms that
address uncertainty, flexibility, and security in diverse system
settings. These works provide mechanisms for modeling,
monitoring, and optimizing the operation of generation
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portfolios under a wide range of operating conditions. To
synthesize this growing body of work, several review articles
have examined UC with RES and the use of machine learning
(ML) in related tasks such as forecasting. Existing reviews,
however, often focus either on conventional and heuristic
methodologies without considering ML-based approaches,
or on a limited set of ML techniques applied mainly to
thermal UC. Many are restricted to a single UC variant, such
as stochastic UC, security-constrained UC, or profit-based
UC. Table 1 presents a comparative analysis of these review
studies.

Table 1 indicates that previous review studies have
generally focused on selected aspects of the UC problem,
such as conventional UC formulations, security-constrained
UC, transmission-aware models, renewable integration,
or specific computational methods. However, fewer
studies provide an integrated synthesis that links RES-
driven formulation changes with the suitability of classical
optimization, metaheuristic, and ML-based solution methods.
The distinctive contribution of this review is therefore its
unified perspective on how high-RES penetration changes the
UC problem structure and how different solution paradigms
respond to these changes. In particular, this review connects
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renewable-integrated UC formulations with optimization
and decomposition methods, metaheuristic approaches, and
modern ML roles, including forecasting, scenario generation,
surrogate modeling, solver acceleration, constraint screening,
reinforcement learning, and decision support. This synthesis
clarifies that ML is most promising not as a complete
replacement for optimization, but as a complementary layer
that improves uncertainty representation, computational
efficiency, and operational decision support while still
requiring feasibility validation and operator trust.”

The present survey aims to provide an updated and
integrated view of UC in RES-rich systems, encompassing
both classical optimization and ML-based approaches. It
reviews recent work on deterministic, stochastic, robust, and
security-constrained UC formulations, as well as models
that incorporate energy storage, electric vehicles, and multi-
energy couplings. It also synthesizes the literature on ML
for UC, including forecasting methods integrated into the
UC model, hybrid ML-metaheuristic schemes, and ML
techniques that support or approximate UC decisions.

In light of the extensive literature on UC with high-RES
penetration, this survey does not attempt to simply re-list
existing formulations and algorithms. Instead, it offers four
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Table 1. A comparative evaluation of the extant review papers.

Comparative analysis tables

Ref Year ucC l\gsrtrlfégitilocsl RES ML Review focus uc ucC- RES uC-
RES forecasting ML
Conventional
. methodologies, GA, ES,
[2] 1998 Only thermal units - - ANN and ANN for UC for - - - -
thermal units
Hydro and thermal Conventional methods,
[4] 2012 . - - - . . - - - -
units evolutionary algorithms
Thermal _umts, Conventional, ANN, ES,
[5] 2013 uncertainties, and v WE  ANN fuzzy, evolutionary, 4 - - -
spinning reserve . .
. and hybrid algorithms
constraints
A detailed review of the
WE formulation of SUC.
[6] 2015 Short-term SUC v ’ - Solution using explicit 4 - - -
PV . .
formulation methodologies,
no metaheuristic methods
Types of objectives in
UC and impacts of WE, Conventional, heuristic, and
7] 2017 RES and the ES v PV B hybrid methodologies Y Y - B
devices
Deterministic, Price-
based, stochastic, and WE, Conventional, heuristic, and
(8] 2018 in a deregulated d py  ANN hybrid methodologies d - B B
environment
Deterministic and
uncertain UC in large- . i
[9] 2018 scale systems: - \;\:5’ ANN CorﬁvinFiionalEhhe$1rll st1§, and 4 - - -
thermal, hydro, RES, yorid methodologies
and DR
WE Stochastic programming
[10] 2019 sucC v i - based on decomposition v - - -
PV
methods
WE, Conventional, heuristic, and
(1] 2021 PBUC d PV - hybrid methodologies d B B -
Deterministic and . .
[12] 2021  Stochastic (with RES v o ANN CO?IV;“F:iO“al’hhec‘frftl?’ and _ _ _
and ES devices) UC. ybrid methodologies
SVM,
[13] 2021 scuc - - ANN ML to the UC - - - -
RF
Conventional, heuristic,
Conventional and hybrid, and decomposition
uncertainty (RES and WE methodologies.
[14] 2022 ES devices) - > ANN Accurate analysis of v - - -
. PV . .
formulation modeling detail, power
system representation, and
computational performance
WE Conventional, heuristic, and
[15] 2022 SCucC v PV’ ANN hybrid methodologies to - - - -
solve the SCUC
CBUC, PBUC, WE ML Conventional, heuristic,
[16] 2023 SCUC, SUC, Robust v PV’ Appro  hybrid, and decomposition 4 - - v
ucC aches methodologies
All generation units
. (TH, hydro, CHP, . ML Conventional, heuristic,
This Heat only, etc.). Detailed WE, hvbrid. d it v v v v
study CBUC, PBUC, formulation py 2ppPro ybric, cecomposition,

SCUC, SUC, Robust
UC, ES, and EV

aches and ML methodologies
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specific contributions:

» First, it provides an integrated synthesis of the
UC development path from classical deterministic
formulations to RES-integrated, stochastic, robust, and
security-constrained models, highlighting how renewable
uncertainty, flexibility resources, and network constraints
have increased the complexity of the scheduling problem.

» Second, it compares classical optimization, decomposition
methods, and metaheuristic algorithms not only in terms
of their general advantages and limitations, but also in
relation to formulation complexity, scalability, feasibility
guarantees, and suitability for RES-integrated UC.

» Third, it reviews recent ML-assisted UC studies using a
primary-role-based taxonomy that distinguishes input and
uncertainty learning, learning-assisted optimization, and
assurance, validation, and deployment.

 Fourth, itidentifies a key methodological insight that is not
fully developed in previous reviews: future UC research
should not treat optimization, metaheuristics, and ML as
competing paradigms, but as complementary components
of hybrid scheduling frameworks in which optimization
ensures feasibility and auditability, metaheuristics provide
flexibility for complex extended formulations, and ML
supports forecasting, scenario generation, warm-starting,
constraint screening, surrogate modeling, and decision
support.

The remainder of this paper is organized as follows (Figure

1): Section 2 presents the UC formulation and constraints,
and Section 3 provides a comprehensive review of existing
literature addressing the UC problem in the context of
renewable energy sources. Section 4 provides a survey on the
machine learning approaches to the UC, considering the RES
penetration in power systems. Finally, Section 5 concludes
the paper, summarizing key findings and outlining potential
future research directions.

2- UC formulation and constraints

The unit commitment problem in power systems is
typically formulated as a mixed-integer optimization
problem over a scheduling horizon, t = 1, ..., T, and a set
of generation units, i = 1, ..., N. Two main formulations are
commonly considered: cost-based UC (CBUC) and profit-
based UC (PBUC). In CBUC, the system operator minimizes
the total operating cost, whereas in PBUC, a generating
company maximizes its profit under market prices and
technical constraints. Security constraints and uncertainty
can be further incorporated, leading to security-constrained
UC (SCUC), stochastic UC (SUC), robust UC (RUC), and
combined stochastic security-constrained UC (S-SCUC)
formulations. [16]. Figure 2 presents a conceptual diagram of
the UC formulation in renewable-rich power systems.

2- 1- Decision variables and objective functions

Let P, (¢) denote the active power output of unit i at hour
t,and u, (r)€{0,1} its on/off status. Let v, (¢)€{0,1} and
w, (1) €{0,1} denotestart-upandshutdownindicators, respectively,
when these are explicitly modelled. Additional variables
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(e.g., reserve, state of charge for storage, hydro release) are
introduced as required by the specific UC variant.

In CBUC, the objective is to minimize the total cost over
the horizon, as expressed in Eq. (1) [17].

minTC =

Z (FC;y + SUC;; + SDC;; + EMC;;)

T N (1)
=1i=1

t

In PBUC, the objective is to maximize the profit PF,
defined as the total revenue 7R minus the total cost TC (Eq.
2).

maxPF =TR—-TC ()

In the PBUC formulation, the revenue term should be
interpreted according to the market products considered
in the model. If only the energy market is represented,
revenue is obtained from the scheduled power output of
each generating unit and the corresponding energy price. If
reserve-market participation is also considered, the revenue
term should additionally include the payment received for
the reserve capacity offered by each unit. Therefore, energy
revenue and reserve revenue should be clearly distinguished
in the explanation of the PBUC objective. In this context, the
reserve capacity variable represents the amount of reserve
provided by a committed unit at a given hour. If reserve-
market revenue is not included in a specific formulation,
the reserve-revenue component is omitted from the profit
calculation.

Revenue is usually computed from energy and reserve
prices. For example, if ﬂtE and ﬂtR Denote the day-ahead
energy and reserve prices at hour t; the revenue of thermal
units can be written as in Eq. 3.

N

TR = Z (”tEPi(t)u,-(t) + ”fpi(t)ui(t)) 3)

T
t=1 i=1

Alternative expressions are possible depending on the
market design (e.g., separate reserve products, ancillary-
service revenues, or bilateral contracts), but they all enter
the PBUC objective through the same profit relation.
PF =TR-TC.

2- 2- Cost components
The total cost TC is typically decomposed into the
following components.

a) Fuel cost:
The fuel cost of thermal unit i at hour t is often modelled
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Fig. 2. Conceptual representation of the unit commitment problem.

by a quadratic function of its output, Eq.4 and Eq.5.

FCi; = f:i(P:(®))u;(0) 4)
With:
fi(Pi(®) = a;. PZ(t) + b;P;(t)
(5)

+c; +

d;.sin (ei(Pmin(i) - Pi(t)))|

Where the sinusoidal term is included to describe the
valve point effects [17].

b) Start-up cost:

The start-up cost accounts for the extra fuel and wear-
and-tear incurred when a unit is brought online. A common
model distinguishes between hot and cold start-ups based on
the duration of the preceding off period, Eq.6.

HSUC, T/ <1+ 153

SUC(i,t) =
csuc; Ty >Tdevm 4 TEoM

(6)

¢) Shutdown cost

The shutdown cost is typically considered a fixed value
and is often disregarded due to its relatively insignificant
magnitude compared to the start-up cost [18].
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d)Emission cost

Thermal units inevitably emit harmful gases, such as CO2,
throughout their operation. The emission cost is expressed in
Eq. 7 [17].

EMC(P,(t)) = a; + Bi. Pi(t)
@)
+y;. PF(t) + §;e@Pi®)

where: a,, B, y,, &, A denote the emission
coefficients for the i-th thermal generation unit.

2- 3- Operational constraints

The technical limitations and constraints associated with
thermal, CHP, heat only, hydro and units, (PV) systems, (ES)
units, load uncertainty, (EV), system security, and the natural
gas infrastructure are detailed in items (A-A7), (B1-B2), C,
(D1-Do6), (E1-E), (F1-F3), (G1-G4), H, (11-18), (J1-J2), (K1-
K5) and (L1-L5) respectively.

Al.Thermal units:

The initial on/off status and the time that each unit has
been continuously on or off must be consistent with the
minimum up/down-time requirements[1].

A2. Generation limits:
the generated power should be within the unit, Eq. 8 [19].

Pmin(i)ui(t) < Pi(t) < Pmax(i)ui(t) (®)

A3. Ramp-up/down rate limits

Time-coupled constraints limit the rate of change in power
output between consecutive hours as defined by Eq. 9 and Eq.
10, respectively [20].

Pi(t) — Pi(t—1) < RU; ©)

P(t—1)—Pi(t) <RD; (10)

A4. Minimum up/down-times constraints

once a unit is started (shut down), it must remain on
(off) for at least MUT (i) (MDT (i')) consecutive hours as
defined by Eq. 11 and Eq. 12, to ensure that units remain on/
off for specified durations [1].

TON(i,t) > MUT (i) (11)
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TOFF(i,t) > MDT(i) (12)

AS. Must-run/ must-off conditions

Certain units may be required to operate at specific times
or may be subject to forced outages or scheduled maintenance
due to operational constraints, reliability concerns, or
economic factors [20].

A6. Prohibited Operating Zone (POZ)

A unit may encounter a range of output power levels
that are technically or physically infeasible, referred to as
the Prohibited Operating Zone (POZ). These limitations can
significantly impact ED and UC decisions. [21].

A7. Additional constraints that may influence unit operation
include fuel mix considerations, the ability to utilize dual or
alternative fuels, fuel availability at the plant level, and crew
constraints [22].

B. CHP units:

Several operational constraints faced by combined heat
and power (CHP) units are analogous to those encountered
by thermal units, including generation capacity limitations,
minimum up- and down-time requirements, ramping rates,
and power-heat coupling constraints.

Energy conversion points within the integrated power
and heat systems must adhere to heat and power balance
constraints [17].

C.Heat-only units

The operation of HO units is constrained by the generation
capacity, minimum up/down time limits, and heat constraints
[17].

D. Hydro units:

Water balance equation: This equation involves the
physical balance of the water level in each reservoir and its
connected reservoirs.

Water level limits.

Minimum up/down time.

State transitions.

Generating capacity.

Initial condition of the reservoirs [18]the pumped-storage
units can reduce emissions of thermal generating units. The
objective of this study is to investigate (a.

E. WE units

E1. To account for the inherent uncertainty in RES, the power
system requires an estimation of its available power over the
scheduling horizon. Given the potential errors in forecasting,
it is essential to define a maximum power at risk, calculated
based on the desired level of confidence (LC), as outlined in
Eq.13, where P denotes the probability of the power at risk.
[23]:
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P (Powern-sk < Powerrisk’max) >LC (13)

E2. To ensure the accuracy and reliability of the forecasting
process, it is essential to establish forecasting limits.

E3. Generation capacity.

E4. WE curtailment refers to the process of reducing the
output of wind turbines below their maximum generation
capacity, as defined in Eq. (14) [23].

0<P, <P, (14)

F. PV units
F1. Risk Constraint.
F2. Forecasting limits.
F3. Generation capacity[24].

G. ES units

G1. State of charge [25].

G2. Battery capacity limits [26].

G3. Not to charge and discharge at the same time period
[25].

G4. Battery power balance [26].

H. Load uncertainty

the load uncertainty can be presented by a probability
density function (PDF), like a normal or Gaussian distribution
function [27]nonlinear and large-scale. In order to obtain a
near optimal solution in low computational time and storage
requirements, with respect to all specified constraints,
a Genetic Algorithm using real-coded chromosomes is
proposed in opposite to the more commonly used binary
coded scheme. Gathering data from a list of strict priority
order the Genetic Algorithm generates different candidate
solutions to the problem, whereas Fuzzy Optimization guides
the whole search process under an uncertain environment
(varying load demand, renewable energy sources.

I. EV constraints

I1. EV fleet travel plan indicator.

I2. Upper and lower hourly energy limits for the EV
fleet.

I3. Terminal energy conditions.

I4. EV Battery energy balance.

IS EV aggregated battery SOC increment.

I6. Only a V2G EV fleet can discharge to the grid.

I7. Power exchange between EV fleet and grid.

I8. EV fleet state [28]

J. System constraints

J1. Power balance Eq. 15 [29]At each hour, total
generation (including RES and storage discharging) plus
imports must balance the total demand plus storage charging

and losses.

N
di
Z P;()u;(t) + PRES 4 pESats —
i=1 (15)

D, + PF*" + losses,

J2. Spinning reserve requirements. The committed
capacity must cover demand plus a specified reserve margin,
Eq. 16 [29].

N

i=1

K. Security constraints
K1. AC power flow constraints, Eq. 17 and Eq. 18 [3]

Pgy(i,t) — Ppa(i,t) —V(i,t)

N (17)
X V(i, t) (Gijcosﬂi}- + BUSLnGU) =0
j=1

QBg (lr t) - QBd(il t) - V(i, t) (18)

K2. Transmission line constraints: the total flowing power
(MVA) through the transmission line should stay under the
maximum line capacity [30].

K3. Voltage limits: the voltage value for every bus should
be limited to a specific range.

K4. Phase angle value limits
KS. Frequency Limit Constraints [3.

L.Gas system constraints

L1. Gas source upper and lower limits

L2. Weymouth equation to govern the gas mass flux
under steady-state

L3. Gas flow balance at each node

L4. Limits of the squared pressure between two nodes

L5. Power and gas network pairing constraints [31]

In addition to the previous constraints, the possibility of
unit outages can be included as a contingency situation.

3- A literature review on the UC in the presence of RES
In recent decades, a plethora of algorithms have been

developed to address the UC. Contemporary research efforts

are increasingly focused on developing hybrid algorithms
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to enhance the tractability and effectiveness of solving the
UC [14]. The PL method, a straightforward and expeditious
approach to addressing the UC, is known to yield suboptimal
solutions [2], [7], [4]. An adapted extended PL was proposed
in [32], while in [33] this method was developed and tested on
large-scale power systems. Previous research on the UC often
focused solely on thermal units with simplified constraints.
DP, a technique based on forward and backward problem
decomposition, has been widely employed to address the UC.
Early studies utilized DP to solve UCs involving ten thermal
units. Different variations of DP were compared in [34]a large
scale Unit Commitment (UC. While the LR method offers a
solution to the computational challenges posed by DP, it may
not always meet the stringent requirements and constraints
of large-scale power systems. This can lead to suboptimal
solutions, such as units operating unnecessarily [20].

The pursuit of enhanced accuracy and reduced operating
costs for generation units has necessitated the development
of novel algorithms. Numerous optimization techniques have
been devised, drawing inspiration from the intricate and
sophisticated behaviors observed in nature. GA was employed
to address UC in [29]. Despite the flexibility of GA, it can
be computationally intensive and does not guarantee optimal
solutions. To mitigate these limitations,[27] introduced a
hybrid approach combining GA with fuzzy optimization
(FO). This integration enhances GA’s search capabilities,
leading to more accurate solutions. Nevertheless, reducing
computational time may compromise the accuracy of the
solution. To address the computational challenges associated
with GA, the BF optimization algorithm, inspired by the
behavior of E. coli bacteria, was employed in [19]. While
BF offers computational efficiency, it may not effectively
handle the minimum up/down time constraints of the cost
function. Additionally, BF can be less effective in solving
high-dimensional and multi-objective scheduling problems.
Similarly, despite its advantages in terms of speed and
simplicity, the PSO algorithm may be prone to becoming
trapped in local optima within high-dimensional spaces
and exhibit a slow convergence rate during the iterative
process [35]. To mitigate computational complexity, the
optimization process in [23] excluded the explicit evaluation
of stochastic wind and solar power generation scenarios. An
evolutionary algorithm, specifically the SFL, was employed
in [36]. A notable advantage of SFL is its rapid convergence
speed. In [22], ICA was proposed. Comparative analysis
revealed that the total cost achieved by the ICA was lower
than that obtained by GA, PSO, and BF. Nonetheless, ICA
is computationally demanding. In [37], ICA was applied
to a more complex variant of the problem, incorporating
a novel objective function that considered the impact of
load shedding on power generation scheduling. A novel
optimization methodology (NOM) was proposed in [18]
to address the pumped-storage UC, considering energy
demand, economic factors, and environmental constraints.
The perspective of the generation company, driven by profit
maximization, was explored in [17] within the context of
the UC. Utilizing a deterministic approach centered around
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the derivative of a newly formulated fitness function, the
proposed heuristic optimization algorithm effectively
achieves lower environmental CO2 emissions and higher
economic profits for generation companies. BFMO is a
nature-inspired optimization algorithm grounded in the
grayling fish reproductive evolution model. In [21], BFMO
was introduced as a novel approach to address the UC. To
enhance the search capabilities of BFMO and mitigate the
challenges of stagnation and local optima, the adaptive
binary fish migration optimization (ABFMO) algorithm
was proposed. While ABFMO has shown promise, further
research is needed to fully explore its potential and identify
areas for improvement. Although metaheuristic methods
have been widely applied to UC because of their flexibility
in handling nonlinear, nonconvex, and mixed-integer
formulations, their practical limitations should be recognized.
Unlike exact optimization and decomposition-based methods,
metaheuristics generally do not provide rigorous optimality
guarantees or certified optimality gaps. Their performance is
often sensitive to parameter tuning, population size, stopping
criteria, initialization strategy, and penalty-factor selection,
which can lead to inconsistent reproducibility across test
systems and studies. In addition, while methods such as GA,
PSO, BF, SFL, ICA, and BFMO may perform well on small
or medium-sized UC benchmarks, their application to large-
scale SCUC with detailed transmission constraints, reserve
requirements, ramping limits, and uncertainty scenarios
remains challenging. The lack of deterministic convergence
behavior, limited scalability evidence, and difficulty
in satisfying all operational constraints without repair
mechanisms have also restricted their industrial acceptance.
Therefore, metaheuristics are better viewed as flexible
research tools or components of hybrid frameworks rather
than standalone replacements for established optimization-
based UC solvers in real-world control-room applications.
To provide a more transparent comparison of the reviewed
UC solution approaches, Table 2 summarizes not only the
main advantages and limitations of each method, but also
the reported benchmark evidence, test-system scale, and
applicability to RES-integrated UC formulations. Since the
reviewed studies differ in terms of test systems, constraints,
hardware platforms, programming environments, solvers,
and stopping criteria, the reported computational evidence
should not be interpreted as a direct ranking of the algorithms.
Instead, it is intended to indicate the typical scalability,
computational behavior, and practical suitability of each
method for different UC settings.

The recent orientation to generate more electrical energy
from RES has made the UC more complex. In light of the
growing unpredictability in real-time operations, it is crucial
to develop a process that delivers reliable UC decisions
and ensures system dependability. This leads to significant
differences in the general framework of the problem.
Accurate forecasts of both load and RES must be integrated
into the UC input data. When considering ES devices, it is
essential to incorporate the initial terminal state-of-charge
(SOC) and depth of discharge (DOD) values of these devices.
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Unit Commitment

With RES

Deterministic Network-
uc constrained UC

Security
Constrained UC

1

Stochastic UC

Fig. 3. Taxonomy of unit commitment formulations in power systems with RES.

[3]this issue is addressed within the framework of security-
constrained unit commitment (SCUC. The general framework
of UC can be summarized in the following points:

» Accurate forecasts of load and RES.

* The SOC and DOD of ES devices must be considered
to ensure optimal operation and efficient utilization of
storage resources.

* The previous data is integrated into the UC model to
formulate the comprehensive optimization problem,
considering the constraints imposed by other generation
units, system limitations, and security requirements.

To provide a structured overview of the different UC
formulations considered in renewable-rich systems, Figure
3 presents a taxonomy of UC with RES, distinguishing
deterministic, network-constrained, security-constrained,
stochastic, and robust models and their main subtypes.

3- 1- Challenges introduced by high penetration of renewable
energy sources

High penetration of wvariable RES fundamentally
alters the UC by increasing net-load volatility, forecast
uncertainty, and the need for operational flexibility. First,
wind and photovoltaic generation exhibit strong temporal
variability and non-negligible forecast errors, which amplify
reserve requirements and tighten ramping constraints on
conventional units and storage. Second, the stochastic nature
of RES injections makes it more challenging to satisfy

security criteria (e.g., N-1 contingencies, frequency, and
voltage limits), motivating the co-optimization of energy and
reserves in security-constrained UC formulations. Third, the
explicit representation of uncertainty through scenarios or
uncertainty sets, combined with the integration of storage,
electric vehicles, and multi-energy couplings, results in very
large-scale mixed-integer problems that exceed the limits of
classical deterministic UC formulations and solvers. These
challenges have driven the development of stochastic, robust,
and security-constrained UC variants, which are reviewed in
the following subsections.

High-RES penetration affects UC decisions through
several interacting operational mechanisms. Forecast
uncertainty in wind and PV generation increases the need for
flexible reserves and uncertainty-aware scheduling. Rapid
net-load ramps require committing units with sufficient
ramping capability or coordinating storage and demand-
side flexibility. RES variability may also increase renewable
curtailment when minimum generation limits, transmission
constraints, or insufficient flexibility prevent full renewable
absorption. In low-inertia systems, UC decisions must
additionally account for frequency-security requirements,
since fewer synchronous units online may reduce inertial
response and primary frequency support. Energy storage
can mitigate variability and ramping stress, but its operation
introduces inter-temporal constraints related to state of charge,
charging/discharging limits, and degradation. Similarly,
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Table 2. Evidence-based comparison of UC solution methodologies. (Continued)

Reported test Applicability
Method Category Main advantages Main limitations scale/benchmark to RES- Refs.
evidence integrated UC
Reported mainly as a
Guarantees the Computationally theoretical or small- .
. . . Low; mainly
global optimum for ~ impractical for large system benchmark, the useful for [2],
Exact small systems; systems because all number of possible unit- A [3],
EE . . . R validation of
enumeration conceptually simple  feasible on/off status combinations [32],
. . . small-scale
and useful as a combinations must be grows rapidly with the [33]
. . . UC models.
benchmark. examined. number of units and time
periods.
Medium:
Applied to 10-, 20-,40-,  useful for
Highly heuristic; may 60-, 80-, and 100-unit initialization,
Simple, fast, produce higher systems. Reported screening, and  [2],
deterministic, and operating cost; execution times for one fast [4],
PL Heuristic / easy to implement; conventional PL may PL-based study range approximate [20],
priority-based suitable for neglect start-up cost, from 7.24 s for 10 units scheduling, [29],
generating initial ramp-rate limits, and to 374.03 s for 100 units,  but limited for  [32],
feasible schedules. other time-coupled while improved PL detailed [33]
constraints. variants report lower SCUC/SUC
times. with RES
uncertainty.
Low—Medium;
useful for
Classical DP is mainly ernall systems
. o Suffers from the curse suitable for small [2],
Maintains feasibility X . . decomposed
of dimensionality; systems or reduced-state [4],
. and can handle non- . subproblems,
Dynamic . memory and formulations; complete- [71,
CDP . convex, nonlinear, .. . but not
programming . computation increase state enumeration . [20],
and time-dependent . . o suitable for
.. rapidly with system becomes prohibitive for [27],
UC decisions. . . large RES-
size. medium and large rich [33]
systems. SCUC/SUC
without
simplification.
Sequential DP variants
Reduces the reduce computation Low—Medium;
. . Less accurate than CDP  compared with full DP, applicable
Dynamic computational . [2],
. because the search but the obtained only when the
SDP programming burden of CDP by . . . [4],
: A~ space is reduced using  solutions are generally RES-UC
variant limiting the search s - . . [33]
heuristic assumptions. suboptimal because not model is
sequence. S L
all combinations are simplified.
retained.
Truncated DP variants
Reduces the number May require extended improve the solution L
.. . . Low—Medium,;
. of evaluated states processing time when a  quality compared with
Dynamic . . . . . useful only for [2],
. and can improve larger search window is  strict sequential DP, but :
TDP programming - . . . reduced-size [4],
: tractability used; solution quality require longer
variant . e ucC [33]
compared with depends on the processing time than .
; . formulations.
CDP. truncation rule. more aggressive

truncation methods.
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Table 2. Evidence-based comparison of UC solution methodologies. (Continued)

Cannot directly capture

Simple and the non-convexity and ~ Mostly used as a ](d)(r):l}v; ;Z?g;l
Mathematical computationally binary commitment relaxation, subproblem, Y
) . . . . larger MILP, [2]
LP programming/re  efficient when the structure of UC without or supporting technique .
. .. . decomposition [23]
laxation problem can be additional integer rather than a complete or relaxation
linearized. variables or UC solver. ;Crameworks
approximations. ’
Provides a strong Reported UC High; widely
and systematic . comparisons include used for
. Computational burden L L
modeling increases with the MILP execution times deterministic
framework; number of units. fime from 0.97 s for 10 units UC, SCUC, 3]
Mathematical supports binary . . to about 123 s for 100 stochastic ’
MILP . . periods, scenarios, o L [33]
programming commitment - units in one benchmark approximation
. network constraints, . [34]
variables, network and seeurit table; however, these s, storage-
constraints, and consirain tsy values depend strongly integrated UC,
commercial solver ’ on formulation, solver, and RES-rich
implementation. and hardware. scheduling.
Reported as more Medium—
scalable than general High; useful
Scalable for large May suffer from duality = MIP for large UC for large
UC problems; gap, unstable problems, commonly systems and [2],
Decomposition/ provides a dual convergence, and with small duality gaps decomposition [20],
LR elaxa tign bound and a difficulty in recovering  around 1-2% in practical -based UC, [33]
quantitative feasible primal applications; benchmark  but feasibility — [27],
measure of solution  schedules; heuristic tables also report LR recovery is [33]
quality. repair is often required.  execution times critical for
increasing with system RES-rich
size. SCUC/SUC.
Reported mainly as a Lo
Can handle Requires careful stochastic metaheuristic ?ed]lilclglt;le to
nonlinear, cooling schedule and alternative to DP and PPl
. nonlinear
nonconvex, and parameter selection; exact search methods, RES-UC. but [2],
SA Metaheuristic combinatorial UC convergence time can uniform runtime limited b’ [3],
structures; can be long, and results evidence is not tunin an}éi [7]
escape some local may vary between consistently available un tir%le
minima. runs. across reviewed UC uncertainty
studies. '
Reported mainly as an ?nigllﬁﬁe{(l)irum
exact or MIP-based UC and as
. . benchmark method.
Systematic search Requires large memory : part of MILP
. Instead of stating [2],
method; does not and computational unsubported solvers; low 3]
Exact search / require priority effort for large-scale “ox g E ential erowth” for direct (8]
B&B mathematical ordering; can handle = UC; branching effort ponential & solution of ¢
) . . . . quantitatively, the [32]
programming time-dependent increases rapidly with revised wordin large RES- [19]
start-up costs and binary variables and emphasizes ra ‘(lg 4 erowth rich 3 4]’
binary decisions. constraints. emp rapid & SCUC/SUC
in computational burden without
and limited scalability decomposition
for large UC/SCUC. o pmfl.ng
Reported as suitable for =~ Medium;
. simplified UC and useful for
Uses adaptive . Does not guarantee related OPF/economic- heuristic RES-
memory to avoid global optimality; . )
. . dispatch problems; UC, but
Metaheuristic / cycling; can move performance depends . O [3],
. . comparative tables limited for
TB/TS  local search beyond local on tabu-list design, . [71,
. ’ . report TS-based results strict large-
with memory neighborhoods and  neighborhood . [34]
. for some 10-unit cases, scale SCUC
handle nonlinear structure, and .
objective functions.  parameter tuning bu.t large-gcale runtime due o
’ ’ evidence is not feasibility and

uniformly available.

tuning issues.
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Table 2. Evidence-based comparison of UC solution methodologies. (Continued)

Medium;
Applied to systems up to  useful for
Flexible; handles No euarantee of elobal 100 units. One academic [2],
nonlinear, guar: g benchmark reports RES-UC and [3],
. optimality; relatively . .
nonconvex, time- . BEDr average GA execution hybrid [4],
. high execution time; - > .
GA Metaheuristic / dependent, and constraint handling times increasing from methods, but [7]
evolutionary coupling . . 221s for 10 units to less attractive  [4],
: . may require repair . .
constraints; suitable operators or penalty 15,733 s for 100 units, for real-time [20],
for parallel functions with best-worst solution  industrial [27],
implementation. ’ differences below 0.74%  SCUC [29]
in the tested cases. without
acceleration.
C e Medium,;
Simple Apphed mn blnary, useful for
. . May suffer from improved binary, and .
implementation; fast . nonlinear and
. premature LR-assisted PSO forms;
convergence in . RES- [19],
.. convergence, weak benchmark comparisons .
Metaheuristic/sw  many cases; . integrated UC, [23],
PSO . . g local search, and include PSO-LR o
arm intelligence  efficient global R L LT but feasibility ~ [33],
sensitivity to inertia execution times from 42
search compared . . enforcement [35]
. . and learning s for 10 units to 730 s for
with GA in several . and parameter
. parameters. 100 units in one reported . .
studies. table tuning remain
) important.
Medium;
Robust to nonlinear . A benchmark comparison usefl}l for
Parameter selection . nonlinear UC
and non-smooth . reports EP execution .
. . affects convergence; it . . studies, but [7]
. objective functions; times ranging from 100 s
Metaheuristic / . may converge : less common [27]
EP . can handle different for 10 units to 6,120 s
evolutionary . prematurely and does o for large [33]
operating for 100 units in one
. not guarantee global SCUC/SUC [34]
constraints and load RS large-scale UC - :
e optimality. . with detailed
variations. comparison. RES
uncertainty.
Medium-High
for RES-
Handles nonlinear . . integrated
and complex Performance depends Appheq to risk- . UC; suitable
. . . constrained UC with PV .
objective functions;  on mutation factor, and wind farms. where for nonlinear
DE Metaheuristic / has good global- crossover rate, and renewable unce}tain s risk- [23],
evolutionary search capability population settings; represented usin ty constrained [35]
and often better premature convergence P using formulations,
confidence intervals and e
convergence than may occur. . but scalability
. forecast-error analysis.
classical GA. and parameter
tuning remain
concerns.
' Applied to 10-, 20-, 40-, Medium;
Integer coding 60-, 80-, and 100-unit useful for
improves robustness L systems and seven-day .
Parameter selection is . nonlinear UC
and reduces . . scheduling. Reported
. . difficult; balancing ) and larger test
Metaheuristic / chromosome size; exploration and results show improved systems. but [19]
BF bacterial minimum up/down- exploi tation is feasible solutions lgss ? 2 7]’
foraging time constraints can P compared with LR and

be directly encoded
without penalty
functions.

challenging; local
optima may occur.

GA in several large-scale
cases, with lower
computation time than
the first BF version.

established for
detailed RES-
rich
SCUC/SUC.
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Table 2. Evidence-based comparison of UC solution methodologies.

Combines memetic
local search and
PSO-like social

Execution time still
increases with system

Applied to 10-100
generating units with

Medium;
promising for
nonlinear UC,

Metaheuristic / behavior; high . . but limited [3]
SFL/ . size; parameter settings  one-day and seven-day .
memetic-swarm  convergence speed; . . . ; evidence for [23]
SFLA . . . influence solution scheduling periods;
hybrid integer coding can . . large-scale [36]
. . quality and compared with LR, GA, .
directly satisfy security-
.. convergence. PSO, and BF. .
minimum up/down- constrained
time constraints. RES-UC.
Applied to 10-100-unit ﬁi‘gﬁ“f‘m
. systems over a one-day )
Handles integer . . academic
. . . scheduling horizon. )
variables, nonlinear ~ Requires several Reported comparisons nonlinear UC
Metaheuristic / constraints, and control parameters; sh (E)w hicher- IL)I alit and PBUC [31,
ICA imperialistic minimum up/down-  computational effort neherquatty studies, but [22],
i, . . . solutions than BF in . .
competition time constraints; can be high; no global industrial use  [36]
S L some cases and lower S
can provide high- optimality guarantee. L. is limited by
- execution time than BF, .
quality schedules. L tuning and
although execution time reproducibilit
can exceed ICGA. P
y issues.
Combines Reported for High for
progressive hedging stochastic/security- stochastic
with Frank-Wolfe- Computationally constrained UC RES-UC in
type linearization; demanding for large formulations where principle, but
Decomposition/  can improve scenario sets; uncertainty is practical
FWPH stochastic convergence convergence depends represented by scenarios;  scalability [38]
optimization behavior and on scenario structure, evidence should be depends on
Lagrangian dual penalty parameters, and  reported using the decomposition
bounds in stopping criteria. correct FWPHA/FWPH  and
stochastic/security- reference rather than parallelization
constrained UC. unrelated UC papers. .
Designed for binary Moet(ilnutrir;il
optimization; can Sensitive to algorithmic  Reported as a nature- {)1 seful fory
generate stable low-  parameters; may inspired binary method binary UC
Metaheuristic / cost commitment stagnate or converge to  for UC, the revised y
BFMO / . . . . decisions, but
binary fish schedules and local optima; large- manuscript should cite . [21]
ABFMO o . . : . limited
migration improve exploration  scale and RES-rich the original evidence for
compared with validation remains BFMO/ABFMO UC .
. . .. . detailed RES-
simpler binary limited. reference directly. rich
search methods. SCUC/SUC.

EVs and demand response can provide flexibility, but their
availability, user behavior, and aggregation constraints
must be modeled carefully. Network congestion is another
important factor, as renewable-rich areas may be far from
load centers, making transmission constraints and security-
constrained UC increasingly important. Table 3 summarizes
these renewable-related challenges, their effects on UC
decisions, and the corresponding modeling solutions.

As shown in Table 3, high-RES penetration not only
increases uncertainty in UC but also changes reserve
requirements, ramping needs, network-constrained
scheduling, frequency-security considerations, and the role
of flexible resources such as storage, EVs, and demand
response.

3- 2- Stochastic unit commitment (SUC)

SUC is a model for generating units’ scheduling that
addresses finding the optimal solution in the presence of
uncertainties in generation and transmission availability
through representative scenarios. A three-level formulation
of the SUC, incorporating WF, solar units, and concentrating
solar power (CSP), was presented in[25]. A novel SUC model
considering the Renewable Portfolio Standard (RPS) was
proposed in[39], highlighting the regulatory requirement for
a specific proportion of RES in overall energy consumption.
This model was expanded in [31]. By considering the gas cost,
the elasticity and fast response property of the combined-cycle
units can be exploited to overcome the problem of instability
in generation from RES. A novel stochastic linear model was
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Table 3. Renewable-related challenges and their implications for UC modelling.

Renewable-related

Effect on UC decisions
challenge

Typical modeling solution

Forecast uncertainty of

wind/PV and possible imbalance costs

Net-load ramps capability and fast flexibility

Renewable curtailment flexibility, or network capacity

Low inertia and

frequency security weaken the frequency response

Storage operation temporal coupling

EV and demand-side
flexibility depends on user availability

Network ti .
ctwork congestion commitment of local generators

Increases scheduling risk, reserve needs,

Requires units with sufficient ramping

Occurs when RES output exceeds demand,

Fewer synchronous units online may

Provides flexibility but introduces inter-

Can shift load or provide reserves, but

Limits renewable delivery and affects the

Stochastic UC, robust UC, chance-constrained UC,
scenario-based UC

Ramping constraints, flexible reserves, storage
coordination, demand response

Curtailment variables, penalty terms, flexibility
constraints, storage charging

Frequency-constrained UC, inertia constraints,
primary reserve constraints

State-of-charge constraints, charge/discharge limits,
degradation-aware scheduling

Aggregated EV models, demand response constraints,
and flexibility windows

SCUC, transmission constraints, DC/AC power-flow
constraints, congestion management

suggested in [40]on daily horizon, the optimal schedule of
generation units along with the required flexible ramp and
spinning reserves under uncertainties of wind power and
demand. Point estimate method (PEM to study the network-
constrained UC under WE and load demand fluctuations. The
role of real-time modification cost was integrated into the SUC
model.[41]. The SUC-reviewed studies showed promising
results but still require improvements in computational
efficiency. Additionally, considering the system’s frequency
response and large-scale energy devices is essential for future
studies.

3- 3- Security-constrained unit commitment (SCUC)

Here, the problem is aimed to be solved in terms of the
power transmission network limitations (frequency and
voltage ranges) before and after the loss or failure of a part
of the power system. [3]this issue is addressed within the
framework of security-constrained unit commitment (SCUC.
The temporal relationship derived from historical uncertainty
sequences related to the forecasting deviations of WP and
load demand, and the probability of outages of generation,
was enhanced through the structure of a double-phase robust
SCUC, where a set of linear cost constraints was introduced in
[42]. A coordinated solution for the SCUC traffic assignment
problem (TAP) to mitigate congestion in coupled electrical
transportation and power network systems with large-scale
RES integration, with optimal scheduling of EV charging,
was proposed [28]. Benders decomposition was exploited to
solve the model in these two papers. A modified objective
function was introduced in [43] by adding the probability of
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the occurrence of the worst WE scenarios in solving the day-
ahead security-constrained ED.

3-4- Security stochastic constrained unit commitment
(S-SCUC)

A novel S-SCUC model was proposed and effectively
solved using the FWPHA algorithms, resulting in improved
Lagrangian dual bounds [38]. The study demonstrated that the
optimality gap converges to zero with increasing iterations,
paving the way for future extensions by incorporating PV and
EVs.

3- 5- Robust unit commitment (RUC)

Robust optimization adopts a deterministic, set-
based representation of uncertainty, whereas stochastic
programming relies on probabilistic descriptions. Its main
objective is to mitigate the adverse effects of unfavorable
parameter realizations by safeguarding the solution against
worst-case scenarios. Robust methods have been widely
applied in many industries and can be designed at local or
global levels to ensure resilience against both moderate and
severe parameter deviations.

In [44] A robust UC and ED model was proposed to
ensure system security even under worst-case realizations
of uncertain parameters. By exploiting strong duality, the
resulting formulation was reformulated as a single-stage
optimization problem, making it more computationally
tractable. In [45] UC was studied for a large-scale system
comprising a power distribution network and a district heating
network. A rolling look-ahead multistage distributionally
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robust UC model was developed, utilizing a probabilistic
forecast-based uncertainty set to describe prediction errors.
The model in [46] was shown to improve on standard RUC
formulations that rely on pre-specified uncertainty sets,
although computational complexity remains a challenge.

RUC was further investigated in [47] where uncertainty
in load, renewable generation, and AC grid modeling was
considered. An integrated-energy-system perspective was
adopted in [48]where a network-constrained UC problem,
including multiple energy carriers—such as gas, hydrogen,
cooling, and heating—was formulated. Analysis of a larger
power system revealed how multi-energy integration can
enhance overall efficiency and reliability. In [49] A robust
SCUC model was introduced that simultaneously accounts
for wind energy and plug-in EVs, as well as both power and
gas costs.

In summary, robust UC provides an effective framework
for handling uncertainty in UC formulations by explicitly
protecting against adverse realizations. Its main advantage
lies in the ability to maintain solution quality under parameter
variations; however, this often comes at the expense of
increased model size and computational burden, particularly
in large-scale, realistic systems.

3- 6- Clustered unit commitment CUC

It involves grouping generation units based on specific
criteria to minimize the total generation cost while satisfying
operational constraints. In this context, a network-CUC was
proposed for planning purposes in [30] and the cost of load
shedding was added to the objective function, considering
WE and PV units. More constraints were added in [50] to the
formulation to deal with the overestimation of ramping and
reserve flexibility in the classic CUC.

3- 7- Integrating (ES) devices into the UC

Given the increasing significance of ES devices,
numerous studies have been conducted in this domain. A
multi-objective PSO was proposed by [26] to address the
intricacies posed by the UC, which arise due to the imprecision
of RES forecasting and evolving demand patterns while
incorporating ES. The inclusion of WE curtailment cost in the
objective function was undertaken in this study. Maintaining
equilibrium between real-time electricity supply and demand
is imperative to minimize redundant power quality caused by
the WP inverse peak regulation feature. The PSO algorithm
can be employed to optimize WP utilization to achieve this
objective. A comprehensive optimal model for UC, which
identifies the optimal WP curtailment, was introduced in [51]
and represented a significant advancement in the field. In the
work [24]A novel MILP approach was introduced to address
the day-ahead UC. The proposed approach incorporated
a hybrid power plant scheme integrating WE, PV, and ES
units connected to the grid. This method provided a new
perspective and offered potential solutions for addressing
the challenges associated with integrating renewable energy.
A very significant category of techniques where uncertainty
is explicitly included within the formulation using a set of

151

discrete scenarios with associated probabilities is the SCUC.
A wide variety of papers were published on this concern.
An OVF was employed in [52] A MILP formulation with
numerous parameters and a fragmentary programming
approach was presented to determine the optimal volume of
ES, directly linked to costs.

Upon thoroughly examining the references, it can be
deduced that the approaches employed prove efficacious in
providing an economical solution to the UC. Nevertheless,
heuristic techniques still present challenges, which can be
summarized as follows: first, the complexities involved in
parameter tuning for specific techniques require careful
consideration and decision-making on the user’s part.
Additionally, determining whether a solution is globally
optimal poses a challenge, and the computational demands
of these methods make them less suitable for real-time
applications.

While there is potential to find improved solutions with
each iteration, it’s important to note that identical results with
the same tuning parameters may not always be attainable.
Setting stopping criteria can also be a difficult task. Thus,
these solutions are not yet widely accepted within industry
circles. To improve readability and avoid an overly dense
comparison table, the reviewed UC studies are summarized in
two separate tables. Table 4 presents conventional UC studies
and classical solution approaches, mainly involving thermal
or hydrothermal systems, while Table 5 presents RES-
integrated and extended UC studies that include renewable
generation, energy storage, electric vehicles, CHP units, heat
networks, natural-gas networks, or other additional system
components. In both tables, the UC constraints are reported
according to the notation and order used in the mathematical
formulation section.

The second group of studies reflects the gradual extension
of UC formulations toward renewable uncertainty, storage
flexibility, multi-energy coupling, and additional operational
constraints, as summarized in Table 5.

4- Leveraging ML for Solving UC in the Presence of RES

In the ensuing section, we aim to provide a comprehensive
review of the most pivotal academic literature on the
application of machine learning methodologies for addressing
the UC in the context of RES integration.

ML techniques involve using data to construct models
that simulate the interactions and processes within a system.
These models can then be used to develop decision-making
rules for responses. ML algorithms are refined through an
iterative learning process and can be categorized into three
main types. [13]such as the unit commitment (UC:

* Unsupervised learning: algorithms that learn from
unlabeled data to discover patterns or structures within
the data (K-Means and hidden Markov models)

» Supervised learning: algorithms are trained on labeled
datasets to learn patterns and make predictions or
decisions. Common examples include linear regression,
support vector machines (SVMs), decision trees, and
neural networks.
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Table 4. Summary of conventional UC studies and classical solution approaches.

) Objective terms ) Solving
Year Ref. Resource scope Studied system/case study ) UC constraints
considered method
1996 [29] Thermal units 10, 20, 40, 60, 80, and 100 units FC, SU, SD J1,J2,A1,A4 GA
1999 [1]  Thermal units 10, 20, 40, 60, 80, and 100 units FC, SU, SD J1,J02,A1,A4 EP
J1,72, A1, A4,
2003 [20] Thermal and hydro units 10 and 26 units FC, SU, SD A5,A3,D1,D2, LR, MIP
D4
J1,J2,A1, A2,
2003 [32] Thermal units 10, 20, 40, 60, 80, and 100 units FC, SU Al EPL
) J1,J2, A1, A2,
2009 [19] Thermal units 10, 20, 40, 60, 80, and 100 units FC, SU, SD BF
A4, A3
J1,A2, A4, A3,
2010 [27] Thermal units 10 units FC, SU, SD - GA, FO
) J1,J2, A2, A4,
2010 [35] Thermal units 20, 40, 60, 80, and 100 units FC, SU A3 PSO
Thermal and pumped- 2 pumped-storage units and 26 J1,J2,A1, A4,
2010 [18] ] FC, SU,R NOM
storage units thermal units D1, D6
) J1,J2, A1, A2,
2011 [36] Thermal units 10, 20, 40, 60, 80, and 100 units FC,SU,SD, E A3 SFL
2011 [34] Thermal units 4 and 10 units FC, SU J1,J2,A1, A2 DP
) J1,J2,A1,A2,
2012 [22] Thermal units 10, 20, 40, 60, 80, and 100 units FC, SU ICA
A4, A3, A7
2015 [37] Thermal units IEEE 118-bus system FC,R J1,A2 ICA
) J1,J2, A1, A4,
2017 [33] Thermal units 10, 20, 40, 60, 80, and 100 units FC,SU,E A3 New PL
. . J1,J2,A1,A2,
IEEE 39-bus system with 90 units;
2019 [50] Thermal units FC, SU A4, A5,A3,K2, MIP
IEEE 118-bus system with 540 units -
IEEE 30-bus system with 6 thermal
units; 56-bus system with 7 thermal
) ) J1, 12, A1-Ad4,
2021 [21] Thermal units units; IEEE 118-bus system with 19 FC, SU, SD A6 BF

units; 10, 20, 40, 60, 80, and 100

units

152



A. Saleh and S. H. Hosseinian, AUT J. Model. Simul., 58(1) (2026) 137-172, DOI: 10.22060/miscj.2026.25698.5486

Table 5. Literature review of the ML-related references. (Continued)

Objective
Year Ref. Resource scope Studied system/case study terms UC constraints Solving method
considered
2011 [23] Th.ermal, wind, and PV 10 the@al uniFs, 1 PV unit, FC. SU J1,J2,A1,A2, A4, DE
units and 1 wind unit A3, El
6-bus system with 3 thermal
i i its; IEEE
2014 [3]  Thermal and wind units TS @nd 3 wind units; FC,SU,SD  J1,A2,A4,A3,K5 B&B
118-bus system with 54
thermal units and 186 lines
2 CHP, 8 thermal, and 1 heat-
2017 [17] Therma'l, CHP, and heat-  only units; 2 CHP, 10 FC. SU. E A2, A4, A3, C,BI, Heuri'stic
only units thermal, and 1 heat-only B2 algorithm
units
i 1 wind fz 1 PV park, and
2019 [24] Wind, PV, and energy wind farm, Par , an E2. F1, F2, F3, G3 MILP
storage 1 energy storage unit
Thermal, wind, PV, and IEEE RTS-79; modified J1,J2,A1,A2, A4
2019 [25 ’ v ’ FC, S oo MILP
[25] energy storage IEEE 24-node system »SU A3,K2,E2,G3, Gl
Thermal, wind, and PV IEEE RTS-79; modified J1,J2, A1, A4, AS
2 1 9 ¢l b F 9 £ bl b bl MILP
019 [30] units IEEE 24-node system C,SU A3,K2, E2, K4
IEEE RTS-96 with 26
thermal units and 1 wind
. . turbine generator; IEEE 118- J1,J2,A1,A2, A4
2019 [38] Th 1 and wind unit: ’ (T e FW-PHA
[38] ermat and wind unis bus system with 54 A3,K2,H, E2
generators and 10 wind
turbine generators
hemal wind,and gl obwors TEBE 18 31,02, A1 A2, A
2019 [28] o WIS AR rathie networis " FC,SU,SD  A3,K2,H,E2,1l-  Heuristic B-B
electric vehicles bus system with 3 traffic I8
networks
Thermal, wind, and PV 43 units, 197 buses, and 232 J1,J02,A1,A2, A4
2019 39 . ’ > o . ’ FC, SU, SD o
39] units transmission lines A5,A3,K2,H, E2
8-bus system with 6
2019 [26] Thermal, wind, and ren.ewable/heat units, 1 wind  FC, SU, SD,  J1,1J2, A2, A4, A3, RL-MOPSO
battery energy storage unit, and 1 BES; 26 thermal E,R K2, G3,G2, G4
units, 1 wind unit, and 1 BES
. Modified IEEE RTS-96 J1,A2,A4,A3,K2, BD and dual
2019 [42] Thermal and wind units oditie FC, SU, SD and dua
system H, El, E2 theory
Thermal, wind, and IEEE RTS 24-bus system; J1,J2,A1,A2, A4
2020 [49 ’ ’ FC, SU, SD U NBI
[49] electric vehicles IEEE 118-bus system T A5, A3, K2, 11-18
. . IEEE 118-bus system with 5 J1,J2, A1, A2, A4,
2020 [40] Thermal and wind units wind farms FC, SU, SD A3. K2, H, E1 CPLEX solver
Thermal, wind, and J1,12,A1,A2, A4
’ > 1IEEE 24- i ith 20- ST
2020 [31] integrated electricity-gas bus system wi FC,SU,SD  A5,A3,H,El,L2- ADP

system

node gas network

L3
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Table 5. Literature review of the ML-related references.

10 thermal units and 1 wind

J1,J2, A1, A2, A4,

2020 [51] Thermal and wind units . FC, SU, SD PSO
unit A3
IEEE 39-bus system with 10
Thermal, wind, and thermal units, 2 energy J1,J2,A1,A2, A4
2020 [44 ’ ’ Lo FC, SU, SD P B B MILP (CPLEX
[44] energy storage storage units, 2 wind farms, A5, A3, K2, G2-G3 ( )
and 46 transmission lines
IEEE 6-bus system with 4
. . . J1,J2, A1, A2, A4,
2020 [46] Thermal and wind units thermal units and 100 MW FC, SU, SD MOSEK solver
. AS5,A3,K2,El
wind farm
9-bus system with 32-node
Thermal, CHP, heat-only,  heat network; 123-bus
F D 1,Al,A2,A4, A
2020 [45] wind, PV, and heat system with 32-node heat C,SU, 5D, J1,Al, A2, Ad, A5, MOSEK solver
. NL A3,K2,C,K3,70
network network; 4-bus system with
5-node heat network
J1,J02,A1,A2, A4 Heuristic
202 4 Th 1 i i IEEE 118- F T
020 [43] ermal and wind units 8-bus system C,SuU A3, K2, 72 algorithm
6-b IEEE 118-b 1,12, A1-A5, K2 D iti
2021 [47] Thermal and wind units us and us FC,su,sD L 1% o5 Lecomposttion
systems K4, E1, K3 algorithm
2021 [52] Thermal, wind, and IEEE 9-bus and IEEE 118- FC, SU. SD J1, A1-AS5,K2, G1- CPLEX 12.6
energy storage bus systems G4, 38,73
VTV?EZm:;;SHZ;:::téonly’ 30-node heat network, 6-bus J1,J2, A1-A5, K2,
2021 [48] » CNCIEY storage, system, and 6-node natural- ~ FC,SU,SD  C, G3,60,L3-L5,  MIP (CPLEX)
heat network, and
gas network B, 75,76
natural-gas network
2021 [41] Thermal and wind units  Viodified IEEE RTS-96 FC,sU,sp  JLAIFAS KA b cpLEX)
system H, El
Input UC Model
Generation units o
Characteristics Objective
QOutput

Load Forecast

Renewable Energy
Forecast

State of Charge of
ES devices

Operating
Constraints

System Constraints

Security Constraints

Fig. 4. ML roles within the UC workflow.
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* Reinforcement learning: these algorithms learn to
make sequential decisions through interaction with an
environment, receiving feedback as rewards. Examples
include Q-learning and deep Q-networks.

Based on the ML application, the studies can be classified
into three main categories. The main roles of ML within
the UC workflow, from improved input forecasting to ML-
enhanced optimization algorithms, are summarized in Figure
4.

Since several ML-based UC studies contribute to
more than one stage of the decision-making workflow, the
following classification is based on the primary role of
each method. Secondary contributions, such as uncertainty
representation, solver acceleration, feasibility verification, or
decision support, are discussed in the text where relevant.

4- 1- Input and uncertainty learning for UC

The earliest applications of ML in the UC were largely
devoted to short-term forecasting of electrical load and
renewable generation, as forecast accuracy directly impacts
reserve requirements, commitment decisions, and operating
costs in systems with high renewable energy (RES)
penetration. A wide range of supervised learning models
has been applied for this purpose, including feed-forward
and recurrent neural networks, support vector machines,
random vector functional link networks, k-nearest neighbors,
and extreme learning machines, often in combination with
signal-processing techniques such as wavelet or empirical
mode decomposition to handle non-stationary time series
[53]- [54]many critical challenges to the grid operators have
been emerged in terms of the power balance, power quality,
voltage support, frequency stability, load scheduling, unit
commitment and spinning reserve calculations. To overcome
such problems, numerous studies have been conducted to
predict the wind power production, but a small number of
them have attempted to improve the prediction accuracy
by employing the multidimensional meteorological input
data. The novelties of this study lie in the proposal of
an efficient and easy to implement very short-term wind
power prediction model based on the k-nearest neighbor
classifier (kNN, [55]using historical output power data and
performed by hybrid statistical models based on Least Square
Support Vector Machines (LS-SVM, [56], [57], [58]. These
studies consistently reported improved load, wind, and PV
forecasting performance compared with traditional statistical
approaches, thereby providing more reliable input data for
UC formulations.

In UC-oriented works, ML-based forecasts are typically
integrated as exogenous inputs to deterministic, stochastic,
or robust UC models rather than altering the mathematical
structure of the optimization problem itself. Forecasts of
load, wind, and PV output obtained from neural networks or
other ML models have been embedded in mixed-integer UC
formulations for microgrids and distribution-level systems,
leading to reduced operating costs and improved scheduling
performance [59], [60], [61]. Hybrid schemes have also been
proposed in which ML-based forecasters and data-driven

models of generation units are combined with metaheuristics
or evolutionary algorithms—such as genetic algorithms,
particle swarm optimization, differential evolution and
imperialist competitive algorithms—to address UC under
uncertainty and to schedule conventional units, hydro plants
and RES [62]- [63], [64], [65], [66], [67]. More recently,
deep neural networks and advanced DL architectures have
been adopted for forecasting and for constructing intelligent
load models, and have been coupled with UC solvers or
reinforcement learning frameworks to handle varying load
and renewable availability in multi-agent or hierarchical
settings [68]— [69]it has a drawback that weather conditions
influence the generation output significantly. Thus, it is
not easy to perform Economic Load Dispatch (ELD, [70].
Overall, the dominant role of ML in this literature is to provide
more accurate point or probabilistic forecasts and uncertainty
characterizations that feed established UC formulations; the
underlying optimization models and solution techniques
remain largely unchanged, and the reported benefits are
primarily attributed to the improved quality of the forecasting
stage.

Recent studies show that ML is increasingly used not only
for point forecasting but also for uncertainty-aware inputs to
stochastic and RES-integrated UC. Predictive-prescription
frameworks based on boosting ensemble learning have been
used to exploit contextual covariates, such as weather and
calendar information, for improving UC decisions under
uncertainload[71]. Inparallel, generative models haverecently
emerged for renewable scenario generation. Conditional
latent diffusion models and two-stage Transformer—diffusion
frameworks have been proposed to generate short-term
wind and offshore wind power scenarios, providing richer
probabilistic inputs for stochastic UC, reserve scheduling,
and reliability-aware operation under high-RES penetration
[72], [73]the scenario generation community has conducted
numerous studies employing generative models. Among these
generative models, diffusion models have shown remarkable
capabilities with excellent posterior representation. However,
diffusion models are seldom used to quantify renewable
energy uncertainty. To fill this research gap, this manuscript
proposes a novel conditional latent diffusion model (CLDM.

4- 2- Learning-assisted UC optimization
The literature on ML as a direct optimization tool for UC
can be grouped into three broad streams:
(1) RL-based decision and policy learning,
(i1) deep learning and other surrogate models that
approximate cost and constraint relationships, and
(ii1) data-driven screening and acceleration techniques.

RL has been applied to ED and UC to learn scheduling
policies from interaction with a simulated environment
[74], [75]. Most studies consider systems with a limited
number of thermal units and enforce only basic operational
constraints, such as start-up/shutdown and generation limits,
yet they demonstrate that RL can handle very large decision
spaces and nonlinear objective functions [76]. Numerical
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experiments indicate that repeatedly solving short-term UC
problems and updating decisions as new information becomes
available can be more cost-effective than relying solely on
day-ahead schedules, although forecast errors increase with
the planning horizon and reduce the quality of long-term
decisions [76]. In addition, Monte Carlo methods combined
with ML have been used to generate and evaluate uncertainty
scenarios for day-ahead UC and ED, thereby contributing
primarily to uncertainty representation while also supporting
the optimization stage [77].

Several contributions embed ML models within heuristic
or metaheuristic optimization frameworks. Priority-list and
PSO-based schemes have been coupled with Al components
to address UC with RES and energy storage [78]. ANNs
have been trained as fast approximators of nonlinear mixed-
integer solvers, enabling near-optimal operating strategies
to be obtained with significantly lower computational effort
[79]making otherwise straightforward problems highly
computationally intensive. A sufficiently trained artificial
neural network (ANN. Monte Carlo methods combined
with ML have also been used to generate and evaluate large
sets of scenarios for day-ahead UC and ED, improving the
representation of uncertainty in the scheduling process while
indirectly supporting the optimization stage [77].

Recent ML-assisted UC studies have moved from simple
forecastintegration toward direct prediction and warm-starting
of UC decisions. DNN-based models have been trained to
predict UC solutions directly, while SVM-based predictors
with performance guarantees have been proposed to warm-
start optimization solvers and reduce computational time [80],
[81]its NP-hard nature places a prohibitive computational
burden on classical mixed-integer programming (MIP. Other
works use multi-label classification to estimate generator
commitment and dispatch in large grids while incorporating
weather measurements and verifying feasibility through AC-
OPF calculations [82]. These studies indicate that ML can
accelerate UC, but they also confirm that optimization-based
feasibility checks remain essential when strict operational
reliability is required.

Neural networks have been employed to model complex
components and contexts within the UC problem. For
example, BP networks have been applied to UC with cascaded
hydropower stations, although forecast accuracy in the
load component remains a limitation and motivates further
NN optimization. [89]. Adaptive contextual learning has
been used to solve microgrid UC without requiring a priori
information on RES and demand uncertainties, by learning
data-driven policies from observed operating states. [94]
we study a unit commitment (UC. In parallel, relaxed DL-
based controllers have been proposed for real-time economic
dispatch and generation control, with potential extensions to
automatic voltage control and stability applications in large-
scale interconnected systems [95].

Deep architectures are increasingly used to approximate
the feasibility regions of UC or post-contingency security
metrics. CNNs have been trained to solve SCUC with
uncertain wind generation and battery energy storage, while
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DNNs have been used to encode frequency constraints in
preventive UC formulations, reducing computation time and
improving cost and forecasting performance [104], [105].
Nearest-neighbor methods can act as short-term proxies for
UC solvers, substantially reducing computational effort by
reusing solutions from similar historical operating points
[93]. Data-driven models of transmission line constraints
and power-flow relationships have been integrated into UC
formulations to capture network limits without explicit AC
or DC power-flow calculations [98], [103]. Other works
construct non-parametric, Gaussian-based models of cost
functions [101] or exploit ensemble ANNs in parallel to
accelerate large-scale UC evaluations [100].

Another important trend is the integration of ML
within mathematical optimization rather than replacing
optimization entirely. Recent approaches include ML-
assisted decomposition for UC with energy storage,
automated formulation tightening for storage resources, ML-
based cutting-plane generation, and ML-enhanced surrogate
Lagrangian relaxation [106], [107], [108], [109]. These
methods aim to reduce problem size, improve warm-start
quality, screen inactive constraints, or learn good-enough
subproblem solutions while preserving an optimization
layer for feasibility and optimality verification. Such hybrid
ML-optimization frameworks are particularly relevant for
large-scale SCUC, where direct end-to-end learning remains
difficult because of binary decisions, network constraints,
and reliability requirements.

RL-guided tree-search algorithms have also been
proposed to explore the UC decision space more efficiently
[99], [102]. In these approaches, learned policies reduce the
branching factor of the search tree and guide the search toward
promising regions, thereby decreasing computation time and
mitigating the curse of dimensionality. Overall, the existing
literature demonstrates that ML can support or partially
replace traditional UC solvers in selected settings, but a
unified and widely adopted ML-based solution framework
for UC has not yet emerged.

Graph-based and decision-support learning methods have
also become prominent in recent UC research. GNN, GCN-
GRU, and spatio-temporal GNN-LSTM frameworks have
been used to capture network topology, temporal load patterns,
generator commitment status, and critical transmission
constraints for accelerating UC and SCUC solutions [110],
[111],[112]. In addition, learning-enabled SCUC with storage,
Markov decision process-based microgrid scheduling, and
quality-diversity learning for multi-alternative UC show how
ML can support faster online decisions and provide alternative
feasible schedules for operational preparedness[113], [114],
[115]. These developments strengthen the role of ML as a
decision-support and acceleration layer, while emphasizing
the continued need for validation, feasibility screening, and
operator trust before practical deployment.

4- 3- Assurance, validation, and deployment of ML-based
UC tools
The practical value of ML in UC depends strongly on the
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Table 6. Literature review of the ML-related references. (Continued)

Applicatio Optimization Other
year  ref ML Technique Training Data Study Case n of the P
problem used Alg.
ML
Years 1997 to 2007:
peak load, energy .
Electricit
6- ANN- consumption G::e?actliz Load
2010 [53] feedforward humidity, rainfall, wind Authorityi ] forecastin
backpropagation  speed . Thailand g
consumer price &
industrial indexes
Historical daily data: 1 L
ACO-based istorical daily data: load, = 1y s ey oad Ant
2010 [83] temperature, rainfall, wind .. . forecastin
SVM province in, China colony
speed, cloud cover g
Cost function coefficient.
. e . Three-generator )
Generation units’ limits. system ED as a multi-
11 74 EL (q:eedy & llietsolvfeg E]l) re:.ults. ; IEEE 30-bus - staic? dec1s1gln-
[74] ursull ate 9 .xp oration an 10 G system making problem
algorithms) Exploitation. Only thermal
. 20 G system (T .
Discount parameter. ) units
Rate of modification. 0s5¢s)
National
Renewable
Adaptive The time series data for Energy WE
2012 [84] wavelet & feed-  wind speed and wind Laboratory forecastin
forward NN power, year 2004. website, Site 7263 g
in the Midwest
ISO region, USA
Large-scale UC,
100-unit system, TH units.
Developed ES to An actual Tai ucC O.F.
4 rul handl
2012 [62]  handle UC No data: 4 rules to handle 40 unit constraint  FC+SU+SD. elite PSO
. the constraints
constraints system over a S St. A1, A2, A3,
week A4, A5, J1 and
J2.
Optimal size of
BESS. MILP
ucC i
WE and (Microturbines fﬁﬁL
Feed-forward National Environment Islanded and grid- PV ’
2012 [39] NN Agency (NEA) connected MG forecastin and fuel cells, CPLEX
gency WE, PV). Checking
& St. Al,A2,A3, using
A4, A5,J1 and KNITRO
J2.
. . Dynamic
Synthetic data is generated
SCUC.
through power flow 17-G 163-bus Control
Probabilistic NN calculations and time- Iowa PS. Preventive .
2012 [85] . . variables are GA
and ANFISs domain simulations for 50-G 145-bus control included
training and testing IEEE. '

processes

3-ph-g faults are
considered
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Table 6. Literature review of the ML-related references. (Continued)
12months data (10-50) m
}"ll“l'lb: ies, Wind d Slangkop Weather WE
2012 [86] Recurrent NN l,m ¢ sﬁerles, 1nd speed, a .g op Weathe forecastin
Direction, Temperature, Station
atmospheric pressure, &
Wind Distribution
UCI standard dat
Boston Housing Data Set standatd cata
Half-hourly load in New set Load APSO
2013  [63] SVR Y Electric load data  forecastin Optimizin
South Wales, (10 to 24) .
set in New South g g the SVR
May 2007
Wales
Wavelet Temp.efature Fran Nétlonal Grid Load GA‘ N
.. Humidity in 3 cities . Optimizin
2013 [87]  decomposition . . forecastin
(WD) Wind speed (Tehran, Tabriz g the
Historical peak load and Ahvaz) & ANN
UC with EMS
Electrical ~ and DSM.
S MG in Chil d Wat O.F. FC+SU
Backpropagation Historical patterns of (2P\/1;l 2\)\1/Te a ?Jtz)ns ?nert nserved power MILP by
2013 [60] Propag electric and water L ’ . tmpt  unservec pow CPLEX
ANN consumption diesel generator, ion unserved water solver
P and an ESS) forecastin  using the LABB
g St. A1, A2 and
1
The hydroelectric uc mm. the
plant of Tres water discharge
L . Model th i i i
Levenberg- Extracted points in the Hill ~Marias in Brazil ode t, e of ﬁydroelectrlc d1fferen.t1a
2013  [64] Marquardt ANN  Diagram 6 units upstream productio  units. 1 evolution
q & ot S}’ nfunction St.DI,D2,D3, PSO
OTHhe 980 D4, D5 and D6.
Francisco River
. . . Short- ICA t
Temperature, wind speed, Summerside Wind © . (.)
. . . . . . term optimize
2014 [65] ANN wind direction, humidity, Farm in Prince ..
and pressure Edward, Canada prediction the NN
p ’ ’ of WE weights
05/03/2012 to 05/03/2013
every 10 min:
Least Squares T?fhho;\rlly average V;hlle PV system located PV
2015 [55] q otthe . power, modue, in Apulia — South  forecastin
SVM & WD and ambient temperature,
L East of Italy g
and irradiance on a plane
inclined at a tilt angle of 3
and 15 degrees
UC O.F. PSO to
FC+SU+SD+R truct
Nonparametric 10 TH units and WE utfsefvlids ower IC\I(;ES -
2015 [88] P The Wind Power in 2012 2/; :; ;\lberta, forecastin ¢ * Ai 5 GA for
& A4,A5, J1and  SCUC
12.
ucC
ED and
. . 3 TH units’ O.F.
2015 [75] RL- Q-learning Solved UC using PL system :(T)?Vin FCASULSD PL
£ sta2
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Table 6. Literature review of the ML-related references. (Continued)

2016

2016

2016

2016

2016

2017

2017

2017

(89]

[76]

[90]

[91]

[92]

[56]

[61]

[54]

Backpropagation
NN

RL-NN

SVR

SLNN with
random weights

Empirical mode
decomposition
and (SVR)

ELM

Levenberg-
Marquardt
learning for SL-
NN

K-nearest
neighbors
classifier KNN

Number of units

The capacity of every unit
in each hydropower station
The reservoir’s average
water level and reservoir
storage, etc.

No need for labeled
input/output pairs.

Electric load data on
a half-hourly basis:

(2 to 7 May 2007).

(2 to 24 May 2007).
(1 Jan to 12Jan 2015).
(1 Jan to 1 Feb 2015).

Short-term electricity load
data

Wind speed time series

Historical data (1 Oct 2015
to 30 Sep 2016:

hourly average solar
radiation,

wind speed, ambient and
module temperature,

and PV power output.

May, June, and July of
2012, 5-min resolution:
Ambient temperature.
Time of day.

Time-of-use price.

Peak demand imposed by
the microgrid operator.

Historical data in 10-min
intervals at 60 m height:
Wind speed and direction.
Pressure.

Air temperature.

3-level cascaded
hydropower
stations on the
Qingjiang River
basin

10 TH + PV
system

New South Wales
market in
Australia

New York
Independent
System Operator,
USA

Data sets from
the Australian
Energy Market
Operator.

An anemometer
installed on

top of an
apartment
building located at
78 Marine Drive,
Singapore

Three grid-
connected PV
systems installed
on the rooftop of
the Power
Electronics and
RE Laboratory at
the University of
Malaya, Malaysia

Realistic data
from an actual
energy hub
management
system

The historical
dataset from the
Database on Wind
Characteristics

Solve the
ucC

function
Approxim
ation

Load
forecastin

g

Load
forecastin

Wind
speed
forecastin

PV
forecastin

g

Modeling
the smart
loads in
an MG

WE
forecastin

g

UC of Hydro

units. O.F. min

water

consumption

St. D1, D2, D3,

D4, D5 and D6.

O.F. UC

FC+SU

St. A1, A2, A3,

A4,]J1 and F1.
Differenti
al EMD to
optimize
the SVR

ucC

O.F. FC +SU+

SD +load MINLP .

. solvers, in

curtailment the

St. A1, A2, A3,

A4,A5,]1,Gl1, ]SD()IlchT

G2,G3,G4and O

DR capacity
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Table 6. Literature review of the ML-related references. (Continued)

2018

2018

2018

2018

2018

2018

Nearest
Neighbor
classification

(93]

[66] Error BP-NN

Adaptively

partitioned
[94] contextual
learning

algorithm

Time-varying
acceleration
coefficient-PSO

(78]

DNN &

(93] Relaxed-DL

[68]  PSO-based RL

Pre-solved UC problems
data sets

Data (08/2009 to
08/2013): Hours, air flow,
precipitation, and
temperature.

without requiring any a
priori information
Context consisting of:
Current time.

Load demand context.
Weather context.
Downtime of units.

NO required data. They
are designed based on
mathematical functions
and strategies to improve
the algorithm’s
performance over time.

Frequency deviation and
Area control error of the i-
th area.

Historical data of WE and
Load.

Updated versions
of IEEE RTS-79
and IEEE-RTS96
(Thermal and
wind units)

IEEE-6 bus
system: TH, PV,
ESS, Demand
response.

Isolated microgrid
system with 4TH
+WT

TH, RE, PV, ESS
system

IEEE 10-G 39-bus
New-England.
Hainan 8-G power
grid, China.

IEEE 118-bus
power system

Modified IEEE
118 bus 54 units,
3 WF, 186 T-
Lines

uc

PV
forecastin

g

ucC

UC, ED

ED, UC,
automatic
generation
control
(AGO),
generation
command
dispatch
(GCD)

Load and
WE
forecastin

g

ucC

O.F. FC +SU+
SD

St. A1, A2, A3,
A4,A5,J1,El,
E2, E3, E4
SuC

O.F.
FC+SU+SD
+capacity costs
for reserve
provision.

St. A1, A2, A3,
A4, AS
J1,F1,F2, F3,
Gl1, G2, G3, G4,
and demand
response.

ucC

O.F. FC+SU+
Load shedding
+ Power
curtailment

St. A1, A2, A3,
A4, AS

J1,12

uc

O.F. FC+SU
St. Al,A2, A3,
Ad, A5
J1,12,G1, G2,
G3, G4

ucC

O.F. FC+SU or
thermal units
only

St. A1, A2, A3,
A4, A5,71,]2

ucC

O.F. Operation
costs with
emission
concerns; Value-
at-Risk-based
reliability
measurement
St. A1, A2, A3,
A4,A5,]J1,]2

YALMIP,
CPLEX
solver

multi-
objective
GA

PL:
ON/OFF
schedulin
g

TVAC-
PSO to
solve ED

Novel
multi-
objective
PSO
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Table 6. Literature review of the ML-related references. (Continued)

2019

2019

2019

2019

2019

2020

[96]

[97]

[69]

[79]

[67]

[77]

Multi-agent RL

Data-driven
uncertainty set
for WP forecast
errors

DNN Gaussian-
Gaussian-
Restricted-
Boltzmann-
Machine

BP-Single- and
multi-layer
ANNs

DL (long short-
term memory
NNs)

Monte Carlo-
based DL

Demand load historical
data

Uncertainty-based data on
the posterior predictive
distribution of future WE
forecast errors from
historical data.

PV output, temperature,
and their variance.

Preserved UC by NLMIS

solver

Historical data
power load and WE
distribution.

Generated dataset of
solved day-ahead UC and
ED

MG has two
controllable and
one
uncontrollable
generator; 10
total: 7
controllable
and three
uncontrollable.

Six-bus and IEEE
118-bus

Real data of PV
system generation
output in Japan

2 CHP generators,
an electric utility
with time-of-use
energy rates, and
one hot water
tank.

A university
campus: gas
turbines, fuel
cells, chillers,
diesel generators,
and a heater.

Modified IEEE-
118 bus test
system: 54 TH, 3
WEF, 186 TL

IEEE-RTS96: 19
WF were added

Load
forecastin

g

WE
forecastin

g

PV
forecastin

g

uc

Load and
WE
forecastin

g

ucC

Distributed
SUC TH, WE,
PV, ES

St. A1, A2, A3,
A4, A5,J1,F2,
F2,F3,Gl, G2,
G3, G4.

Two-stage
adaptive robust
UC model
O.F.SU+SD +
no-load, FC,
and penalty
costs for
electricity
demand.

St. A1, A2, A3,
A4,AS5,J1,]2

ucC
O.F. FC+SU
St. A2,J1, Gl

Value-at-Risk-
based UC model
O.F. FC +SU+
Emission

St. A1, A2, A3,
A4,A5,71,]2
SUC

O.F. FC +SU
St. A1, A2, A3,
A4,A5,]1,]2,
El, E2, E3,E4

Solved
with
CPLEX
12.8.0

NLMIS
solver

GA
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Table 6. Literature review of the ML-related references. (Continued)

2020

2021

2021

2021

2021

2021

2022

2022

(98]

[99]

[57]

[100]

[101]

[102]

K-nearest
neighbors

RL-guided tree
search

Simplified
LSTM NNs
&multilayer
perceptron

ANN parallel
processing

Gaussian
algorithm &
Bayesian
optimization

convolutional
NN

Long short-term
memory

Deep-RL

Guided A* &
Guided Iterative-
deepening-A*
for RL

Historical data: hourly
electricity demand at each
bus and WF for 360 days.
Hourly capacity factors of
generating units
Transmission lines statues

(2016-2019) Data:
National Grid Demand,
Whitelee onshore WF, and
Generators and UC data.

Weather data acquisition.
PV energy production.

Solved UCs

Historical and actively
collected data during
optimization in a non-
parametric Bayesian
fashion.

Historical time series half-
hourly electric load data
(Jan 2014 — Dec 2019)

The historical operations
reports from New England
ISO:

Day-ahead WE forecast.
Hourly generated WE.
Historical UC decisions
solved with Gurobi 9.1
MILP solver.

The initial policy uses
random parameters and is
trained via model-free RL
in the simulation
environment.

IEEE RTS-96
system 19WEF, 73
nodes and

120 TL

power system in
Texas with 2000
buses and 3206
lines

5,10, 20,30
generators
systems

Two
geographically
separated PV
systems from 2

different countries

(Chiang Rai,
Thailand, and
Kaohsiung,
Taiwan)

IEEE 30-bus test
system

10 TH units’
isolated power
system
characterized by
identical
generating units
and RES

Bangladesh power

system for day-
ahead and week-

ahead forecasting

IEEE 39-bus 10
G, 46 TL/910-
machine New
England power
system)

10-30-generator
system

WE and load
historical data
from the GB
power system

ucC

ucC

PV
forecastin
g

ucC

ucC

Load
forecastin

Load and
WE
forecastin

g
ucC

ED, UC

Generic single-
period
transmission
constrained -UC
DC power flow
power balance
generation
limits

SuUC

O.F. FC +SU
St. A1, A2, A3,
A4, A5,]1,]2,
El, E2, E3, E4

Multi-objective
model of the
uc

O.F. FC +SU
St. A1, A2, A3,
A4, A5,71,]2

uC

O.F. FC+ SU
St. A1, A2, A3,
A4,A5,]J1,]2
and Plant crew
constraints

ucC

O.F. FC +SD
+SU +No load
costs

St. A1, A2, A3,
A4, A5,]1, ]2,
El

ED, UC

O.F. FC+ SU
+LOLP

St. A1, A2, A3,
A4, A5,]1, ]2,
El.

MILP for
compariso
n

LR
GA
For
comparing

Heuristic
PL
algorithm
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Table 6. Literature review of the ML-related references.

2022

2022

2022

[103]

[104]

[105]

Optimally
compact-NN

Convolutional-
NN

Deep-NN

UC and OPF solutions
with
hourly load profiles

14-, 57-, and 89-

UC, OPF
bus networks

Ten units and 100
units with WE and
BESSs over 24
hours

WE data and UC decisi
ata an ecisions uc

Synchronous generators
(SG)Frequency response.
Active and reactive power
injections for SG, WTG,

IEEE 39-bus
system, four
WTGs

uc

UC, OPF

O.F. FC+ SU
+LOLP

St. A1, A2, A3,
A4,AS5,J1,]J2,
E1,K1,K2
SCuUC

O.F. FC+ SU
+SD

St. Al, A2, A3,
A4,A5,]1,7J2,
Gl1, G2, G3, G4,
K1, K2, K3, K4,
KS5.

Frequency-
constrained-UC
O.F. FC+ SU
+SD

St. A1, A2, A3,
A4,A5,]1,7J2,

and Load.

Gl1, G2, G3, G4,
K1, K2, K3, K4,
Ks5.

role that the ML model plays in the scheduling workflow.
Forecasting and scenario-generation models mainly improve
the quality of UC input data by providing load, wind, PV,
price, or uncertainty information; however, they do not
directly determine commitment decisions and must still
be coupled with an optimization model. In contrast, ML-
assisted optimization methods, such as surrogate models,
warm-start predictors, constraint-screening tools, and GNN-
based decision predictors, directly influence or approximate
UC decisions and therefore require stricter feasibility and
reliability checks. These methods may reduce computational
time, but their deployment is limited by several issues,
including the lack of guaranteed feasibility, weak
generalization to unseen operating conditions, sensitivity to
forecast errors and topology changes, scalability challenges
in large SCUC problems, and the need for operator trust.
Therefore, ML-based UC methods should be evaluated not
only by prediction accuracy or speedup, but also by feasibility
violations, optimality gaps, robustness, out-of-distribution
performance, repair effort, and compatibility with existing
optimization-based scheduling tools.

While ML-based methods have shown promising results
for UC in terms of speed and, in some cases, cost performance,
their adoption in industry remains limited. A central reason
is the difficulty of trusting data-driven models in safety-
critical, highly regulated environments such as power system
operation. First, many ML approaches for UC are trained and
evaluated on historical or simulated datasets that may not

fully represent the operating conditions under which they will
be deployed. Dataset shift, rare events, and changing market
rules can lead to degradation in performance, particularly
in the tails of the distribution, where security and economic
impacts are most significant. It is therefore essential to
perform rigorous out-of-sample evaluation and stress-testing
of ML models, including extreme scenarios for RES, demand,
and contingencies.

In addition to statistical reliability, several regulatory,
operational, and interpretability barriers limit the deployment
of learned UC policies in real control-room environments.
From a regulatory perspective, UC schedules must satisfy
reliability standards, market rules, reserve requirements,
security constraints, and auditability requirements; therefore,
operators must be able to justify why a unit is committed
or decommitted under specific system conditions. Pure
black-box ML policies often lack such traceability and
may not provide certificates of feasibility, optimality gap,
or security compliance. From an operational perspective,
control-room tools require deterministic runtimes, robust
fallback mechanisms, compatibility with existing EMS/
MMS platforms, and stable performance under data-quality
problems, topology changes, outages, and rare extreme
events. Moreover, any computational benefit obtained from
ML prediction may be reduced if extensive post-processing
or solver-based repair is needed to restore feasibility. Finally,
interpretability remains a major barrier because binary UC
decisions are time-coupled and affected by many interacting
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constraints, including ramp limits, minimum up/down times,
reserve margins, and transmission limits. Without clear
explanations, confidence margins, and validation against
trusted optimization solvers, learned UC policies are more
likely to be accepted as advisory, warm-starting, screening,
or decision-support tools than as standalone replacements for
established optimization-based scheduling systems.

Second, pure ML models that directly output UC
decisions may violate feasibility constraints (e.g., minimum
up/down times, ramping limits, transmission limits) or
produce solutions with unknown optimality gaps. Hybrid
architectures that embed ML within an optimization
framework - such as learning warm starts, surrogate cost or
feasibility approximations, or screening inactive constraints -
offer a compromise: they can accelerate solution times while
maintaining feasibility guarantees and known optimality
bounds from the underlying MILP or MINLP solver.

Third, comparisons with traditional methods are
sometimes limited to small test systems or weak baselines,
making it challenging to assess whether ML consistently
provides benefits. Systematic benchmarking against strong
MILP formulations and state-of-the-art decomposition or
robust optimization techniques is needed to clarify when
ML is genuinely advantageous and when it merely replicates
existing capabilities.

A further barrier to the assessment and deployment of
ML-based UC methods is the absence of a standardized
benchmarking framework. Existing studies use different
test systems, renewable penetration levels, uncertainty
models, training datasets, hardware platforms, solvers, and
performance metrics, which makes direct cross-comparison
difficult. Future ML-UC research should therefore report
results on a common set of benchmark systems, such as small
systems for algorithmic validation, medium-scale IEEE RTS
or IEEE 118-bus systems for network-constrained UC, and
larger systems for scalability testing. These benchmarks
should include standardized load, wind, PV, and forecast-
error profiles, fixed training/validation/test splits, and clearly
defined UC, reserve, ramping, minimum up/down time, and
network constraints. In addition to objective cost and solution
time, future studies should report optimality gaps, feasibility
violations, reserve and transmission constraint violations,
warm-start improvement, out-of-distribution performance,
repair effort, and hardware/software specifications. Such a
benchmarking protocol would improve reproducibility and
allow a more meaningful comparison between learning-based
UC methods and established optimization-based solvers.

Although  supervised and reinforcement-learning
approaches dominate the reviewed ML-UC literature,
unsupervised learning remains an underexplored direction
with several promising applications. Clustering techniques
such as K-means, hierarchical clustering, Gaussian mixture
models, spectral clustering, and self-organizing maps
could be used to identify representative net-load regimes,
renewable-generation patterns, or typical operating days,
thereby reducing the number of scenarios that must be solved
in stochastic or clustered UC. Similarly, autoencoders and
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variational autoencoders could compress high-dimensional
load, wind, PV, and network-state data into low-dimensional
latent representations that preserve the main uncertainty
structure while reducing computational burden. Unsupervised
scenario reduction may also help select representative
forecast-error trajectories, detect rare operating regimes, and
support adaptive training-set construction for ML-based UC
predictors. These directions are particularly relevant for RES-
integrated UC, where scalability is strongly affected by the
number of uncertainty scenarios, temporal resolution, and
network constraints.

Ultimately, optimization-based validation can play a
crucial role in enhancing trust. For instance, one can use a
trusted UC solver to (i) verify the feasibility of ML-generated
schedules, (ii) quantify the cost and security margins relative
to optimal solutions, and (iii) identify operating regions
where the ML model is unreliable and must be overridden.
Designing such validation loops and integrating them into
real-time and day-ahead operation workflows is an important
direction for future work.

Overall, the literature suggests that ML is most promising
when used to support UC by improving forecasts, guiding
search or screening constraints, rather than completely
replacing optimization. Developing principled frameworks
for certifiable, robust, and interpretable ML-enabled UC
tools remains an open research challenge.

For a comprehensive overview of the literature
surrounding the utilization of ML for UC, please refer to
Table 6. In addition, Figure 5 provides an evidence map
showing how the ML approaches are distributed across UC
variants.

A comprehensive review of 115 relevant studies in the
field of UC reveals the following key findings:

1. High penetration of RES transforms the UC into a large-
scale, mixed-integer, nonlinear, and often nonconvex
combinatorial problem, which substantially increases
computational complexity and solution time for
conventional optimization algorithms.

2. The use of ML for electrical load and RES forecasting
generally improves prediction accuracy, which in turn
enhances the quality of UC schedules and reduces
operating costs.

3. ML-based approaches for decision-making in UC (e.g.,
direct schedule generation, policy learning, and hybrid
ML-optimization schemes) are emerging as a promising
complement to traditional mathematical programming
and metaheuristic methods.

4. ML models can mitigate some limitations of traditional
parametric representations of cost and constraint functions,
enabling more flexible and data-driven modelling that
may improve the effectiveness of UC solutions.

5. When appropriately designed and trained, ML-assisted
UC frameworks have the potential to deliver faster
solution times while maintaining satisfactory levels of
accuracy, reliability, and adaptability to previously unseen
operating conditions.

6. The field remains immature, and further research is
required to assess the robustness and generality of ML-
based UC methods in more realistic settings, including
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Fig. S5.Evidence map of ML-based unit commitment (UC) literature.

transmission network constraints, contingencies such as
generator outages, and profit-driven market participants.

7. Future work should place greater emphasis on optimization-
based validation and verification of ML models to
rigorously assess performance, ensure feasibility, and
build greater trust in learned models across broader
operational regions.

5- Conclusion

This paper reviews unit commitment (UC) formulations
and solution techniques for power systems with high
penetration of renewable energy sources (RES), with a
particular emphasis on the interplay between classical
optimization, metaheuristics, and machine learning (ML).
From the modelling perspective, the integration of RES,
energy storage, electric vehicles, combined heat and power
(CHP) units, heat-only plants, hydro resources, and multi-
energy couplings has led to a broad family of UC variants,
including deterministic, stochastic, robust, security-
constrained, and network-constrained formulations. These
models aim to capture the operational flexibility and security
requirements of modern systems, but they also increase
dimensionality and nonconvexity, making UC a large-scale
mixed-integer problem that is challenging to solve in real
time.

Regarding solution approaches, mathematical
programming techniques - such as mixed-integer linear
programming, Lagrangian relaxation, and decomposition
methods - remain the reference for obtaining high-quality
solutions with explicit optimality gaps. Metaheuristic
algorithms have been widely explored to handle nonconvex
cost functions, complex constraint sets, and large-scale

instances. They can produce good solutions in many practical
settings, but their performance is often sensitive to parameter
tuning; they lack guarantees of global optimality, and they
may exhibit long or variable computation times, which limits
their industrial deployment.

ML has emerged as a complementary tool within the UC
workflow in three main roles: improving forecasts of load
and RES; accelerating or enhancing UC solvers through
surrogate models, warm-starts, and constraint screening;
and, more recently, learning UC decision policies via deep
and reinforcement learning. The reviewed literature indicates
that ML can substantially improve forecasting accuracy and
reduce solution times, particularly when integrated with strong
optimization models. However, concerns about feasibility,
robustness, and performance guarantees continue to hinder
the widespread use of purely data-driven UC solutions.
The evidence map constructed from the ML-based studies
shows that most applications rely on supervised learning
for deterministic UC, while work on network-constrained,
security-constrained, and robust UC remains limited, and
unsupervised learning has not yet been explicitly exploited.

Based on this review, several specific directions can be
identified for future research:

1. High-fidelity RES-integrated UC formulations:

Future UC models should represent renewable uncertainty
together with storage degradation, EV availability, demand-
response  flexibility,  low-inertia  frequency-security
constraints, renewable curtailment, and transmission
congestion. This is especially important for systems where
wind, PV, storage, and flexible loads interact across multiple
time scales.
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2. Scalable optimization and decomposition methods:

Future studies should develop more efficient
decomposition, relaxation, and parallel computing strategies
for large-scale stochastic UC, robust UC, and SCUC.
Particular attention should be given to reducing scenario
burden, improving convergence behavior, and preserving
feasibility under network and reserve constraints.

3. Standardized benchmarking for ML-assisted UC:

Future ML-UC studies should use common benchmark
systems, such as small systems for algorithmic validation,
IEEE RTS or IEEE 118-bus systems for network-constrained
UC, and larger systems for scalability testing. These
benchmarks should include standardized load, wind, PV,
and forecast-error profiles, fixed training/validation/test
splits, and common reporting metrics such as objective cost,
solution time, optimality gap, feasibility violations, repair
effort, and hardware/software specifications.

4. Hybrid ML-optimization frameworks with feasibility
guarantees:

Rather than replacing optimization solvers entirely, future
research should focus on integrating ML into UC workflows
through warm-starting, constraint screening, surrogate modelling,
decomposition support, and scenario reduction. These methods
should be coupled with optimization-based validation to guarantee
feasibility, quantify optimality gaps, and identify cases where ML
predictions should be repaired or rejected.

5. Unsupervised and generative learning for uncertainty
reduction:

Clustering, autoencoders, variational autoencoders,
and generative models can be explored for identifying
representative  net-load regimes, reducing renewable

scenarios, detecting rare operating conditions, and
constructing adaptive training datasets. These tools may help
reduce the computational burden of stochastic and clustered
UC while preserving the main uncertainty structure.

6. Deployment-oriented validation and operator trust:

Future ML-based UC tools should be evaluated under out-
of-distribution conditions, topology changes, contingencies,
data-quality problems, and extreme RES events. Research
should also address interpretability, confidence margins,
auditability, compatibility with EMS/MMS platforms, and
robust fallback mechanisms so that ML-assisted UC can
be accepted as a reliable decision-support layer in practical
control-room environments.

In summary, UC in the presence of high-RES penetration
remains a central and challenging issue in power system
operation. Progress will require both richer, more realistic
UC formulations and stronger optimization algorithms, as
well as carefully designed ML components that enhance -
rather than replace - the underlying mathematical models.
Closer integration of power-system modelling, optimization
theory, and data-driven techniques is likely to be decisive in
translating recent academic advances into reliable tools for
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real-world system operation.

Highlights:

* Reviews UC formulations for power systems with high
renewable penetration.

» Compares optimization, decomposition, and metaheuristic
UC solution methods.

» C(lassifies ML roles in UC as forecasting, solver support,
and decision support.

* Identifies key gaps in benchmarking, feasibility validation,
and trusted deployment.

* Nomenclature
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