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Abstract

This paper presents a two-stage stochastic unit commitment model to mitigate the costs
and reliability effects of high wind energy penetration into the power system. Wind energy
variability/uncertainty is explored through this system. Mixed-integer linear program-
ming (MILP) is used to solve the model and find optimal unit commitment and dispatch
variables under uncertainty in wind conditions. The model champions reduced reliance on
deterministic approaches, lowered costs, increased wind utilization, and provides reliable
systems that can sustain 24 h. Wind energy is expected to constitute a significant share of
future electricity generation portfolios; however, its inherent intermittency and variability
often lead to mismatches between energy supply and demand. This uncertainty compli-
cates generation scheduling decisions, particularly in determining which power plants to
commit, their operating durations, and the optimal dispatch timing. Consequently, ad-
vanced optimization strategies are required to ensure efficient and reliable system operation.
The proposed approach provides a structured, robust framework for optimal generation
scheduling and resource allocation, even under limited wind availability. By enhancing the
integration of wind energy into the power system, the method minimizes operational costs,
improves resource utilization, and maintains system reliability and stability.
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1. Introduction
The expectations that the world will head in a sustainable and clean energy direction,

that renewables such as wind are viable energy options, and that wind energy is becoming
more significant in today’s energy systems [1,2] are valid. Wind energy boasts numerous
environmental benefits and helps to prevent reliance on traditional fossil fuels. Unfortu-
nately, the inconsistent and unpredictable nature of wind energy complicates life for system
operators and managers, making it more challenging to maintain consistent, low-cost en-
ergy operations [3,4]. Yet one concern remains constant. The unit commitment problem in
power system operations seeks to determine how much load must be met at any given time
to turn on generators [5,6]. This is not such a complicated model when it comes to the realm
of traditional generation—coal, natural gas, or nuclear—As traditional resource operators
can employ deterministic models. Deterministic models assume accurate forecasting for
demand/needs and generation. Yet as conventional resources, such as wind power [7,8],

Eng. Proc. 2026, 140, 71 https://doi.org/10.3390/engproc2026140071

https://crossmark.crossref.org/dialog?doi=10.3390/engproc2026140071&domain=pdf&date_stamp=2026-06-18
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/engproc
https://www.mdpi.com
https://orcid.org/0009-0000-2175-9831
https://doi.org/10.3390/engproc2026140071


Eng. Proc. 2026, 140, 71 2 of 9

become a more significant player, these models become less useful. Nevertheless, the uncer-
tainties have been solved through innovative and academic solutions, and more stochastic
optimization methodologies [9] can be used [5]. These methodologies account for uncer-
tainty in wind generation across various scenarios, increasing the flexibility and resilience
of resource scheduling [10,11]. Thus, stochastic unit commitment models are desirable.
Wind constantly changes in real-time, affecting the accessibility and operational cost of the
systems. In addition, regarding stability and sustainability, stochastic unit commitment
provides cost savings in operations, providing sustainable system stability [5,9,12,13].

The review findings indicate that stochastic MILP provides the optimal trade-off in
system modeling, particularly in systems with renewable uncertainty [14,15]. Therefore,
this research project aims to advance these efforts by developing a two-stage stochastic
unit commitment model that explicitly accounts for wind energy uncertainty. The goal is
to improve generator scheduling and dispatch decisions, supporting more efficient and
dependable power system operations as renewable energy sources become more prominent.
The rise of wind energy in modern power systems poses a significant challenge to system
operation, as wind is inherently variable and uncertain. Conventional unit commitment
(UC) models have mostly been deterministic, treating generation and demand as known
quantities. Nonetheless, these methods are ineffective in highly wind-integrated systems
because they do not adequately account for the stochastic nature of renewable energy
generation. This restriction can lead to suboptimal scheduling choices, higher operating
expenses, excessive reserve allocation, and possible reliability issues.

Even though stochastic UC models have been studied in literature, most studies either
oversimplify the characterization of wind uncertainty or fail to integrate commitment and
dispatch decisions within a formal two-stage framework. Additionally, it is computationally
efficient. Mixed-integer linear programming (MILP) formulations that can handle wind
uncertainty over a 24 h scheduling horizon while maintaining tractability are still needed.
This paper covers the introduction in Section 1, detailed mathematical modeling of the two-
stage unit commitment problem formulation in Section 2, use-case studies and the data used
to solve the unit commitment problem in Section 3, unit commitment simulation results
and analysis based on the linear programming method in Section 4, and the conclusions
and future recommendations in Section 5.

2. A Mixed-Integer Linear Programming Method for the Unit
Commitment Problem

The unit commitment problem is formulated as a mixed-integer linear programming
(MILP) problem, allowing for the joint optimization of binary commitment and continuous
dispatch decisions while explicitly accounting for the stochastic nature of wind generation.
This reduces the total operating expenses, which are constrained by the system and the
generators, thereby enhancing wind use and the system’s reliability.

2.1. Decision Variables

ui(t) ∈ {0, 1}: U variables, count nU = G × T;
Pi(t, s) ≥ 0: Count np = G × T × S;
Wcurt(t, s) ≥ 0: CounPnt nWC = T × S;
Total variables: nvars = nU + nP + nWC.
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2.2. Objective Function

min

T

∑
t=1

G

∑
i=1

cfixed
i Ui(t) +

S

∑
s=1

ps

T

∑
t=1

G

∑
i=1

Cprod
i Pi(t, s) +

T

∑
t=1

CwcWcurt(t, s) (1)

where

• c f ixed
i : No load cost for generator I (R/h);

• Ui(t): Binary (0/1) variable that shows if the generator is ON(1)/OFF(0);
• ps: Probability of scenario s;

• Cprod
i : Production cost coefficient of generator i (R/MWh);

• Pi(t, s): Power output of generator i at time t under scenario s;
• Cwc: Cost penalty for each MWh of curtailed wind;
• Wcurt(t, s): Amount of curtailed wind at time t, scenario s.

2.3. Constraints

Power balance

∑
i

Pi(t, s) + W(t, s) = D(t) + Wcurt(t, s) (2)

where
Pi(t, s): Output power of generator i at time t in scenario s;
W(t, s): Available wind generation (uncertain);
D(t, s): Electricity demand.
Generation Limit constraints

Pmin
i ui(t) ≤ Pi(t, s) ≤ Pmax

i ui(t) (3)

where
Pmin

i : Minimum power output;
Pmax

i : Maximum power output.
Ramp Rate Limits

| Pi(t, s)− Pi(t − 1, s) | ≤ Ri (4)

Reserve Margin constraints

∑
i

Rup
i (t) ≥ Rreq(t) (5)

2.4. Matrix Formulation(
Aeq, beq, Aineq, bineq

)
bounds (lb, ub).

2.5. Solve MILP: Using the MILP Solver in MATLAB R2025a

The MILP flowchart is shown in Figure 1.
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Figure 1. Mixed-integer programming method for unit commitment.

3. Unit Commitment Use-Case Study and Data Analysis
The electrical layout of the wind-integrated power system adopted in this study is

shown in Figure 2. The single-line diagram provides a simplified view of the system’s
significant components, showing the relationships among the wind farm, conventional
generating units, transformers, transmission lines, buses, and loads.

The windfarm is connected via a step-up transformer that raises the voltage from the
wind turbines to the transmission voltage. Conventional generators also interconnect to

https://doi.org/10.3390/engproc2026140071
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the same bus using transformers and circuit breakers. A high-voltage bus connects all
the generation units and sends power through a tie line to the main grid and load buses.
This configuration allows us to continuously add renewable and conventional generation
units, with all flows, unit commitments, dispatch, and stability studies being based on the
single-line diagram.

Figure 2. Wind farm power system single-line diagram.

The standard UC literature [16] was used to obtain thermal generator data, including
maximum/minimum limits, start-up costs, fuel coefficients, and ramp constraints. The
wind conditions were simulated using the popular stochastic wind uncertainty processes
described in [17]. The demand was typical of a 24 h load curve, as determined in [3].

The MILP unit commitment code takes the generator, load, and wind data and solves
for the minimum operating cost, including generator on/off and dispatch decisions. It
applies system constraints, including the balance, limits, reserves, and wind uncertainty. It
checks for feasibility and returns the optimal wind dispatch commitment.

The simulation uses a 24 h load profile, as given in Table 1. Its load ranges between
950 MW (minimum) and 3400 MW (maximum). The minimum demand is in the early
morning, and the maximum is during evening peak hours. This modification allows
assessment of the UC model under different load structures to support realistic commitment
and dispatch decisions.

Table 1. Generation profile.

Units P(min) MW P(max) MW A (Coefficient Cost) Start-Up Cost

1 190 600 450 10,000
2 80 300 380 8000
3 100 400 420 9000
4 70 280 395 8500
5 150 500 480 11,000
6 20 100 320 6000
7 120 450 460 10,500
8 60 200 370 7000
9 180 550 510 12,000

10 30 120 340 6500

Table 2 shows the minimum and maximum outputs for each unit, which determine the
units’ operating window. For instance, Unit 1 can provide 600 MW, while Unit 6 operates
between 20 MW and 100 MW. The coefficient a is the marginal cost of fuel (R/MWh);
units with lower marginal costs are dispatched first, while higher-cost units are considered
mid-merit or peaking. Fixed start-up costs reflect the cost of starting a unit and the wear
and tear. Units with high start-up costs, e.g., Unit 9 (R12,000), are only dispatched in
high-demand situations.

https://doi.org/10.3390/engproc2026140071
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The system includes a wind farm of rated capacity of 350 MW. It is observed that 40
equally likely wind scenarios are generated to model wind uncertainty. Those scenarios are
based on realistic hourly wind changes and are applied in the second step of the stochastic
UC formulation.

Table 2. Wind farm capacity and scenarios.

Parameter Value

Wind farm capacity 350 MW
Wind scenario 40

4. Unit Commitment Simulation Results and Analysis Based on the
Linear Programming Method

The mathematical formulation is implemented in MATLAB R2025a using the intlin-
prog MILP solver and tested on a 10-unit thermal system with operational (generation)
constraints (generation limits, cost coefficients, minimum up and down times, and start-up
cost) and a 24-h load profile. Wind generation comprises four equally likely scenarios.
A two-stage stochastic unit commitment model with wind curtailment is solved across
40 scenarios, with solution results on unit commitment, dispatch amounts, wind use, start-
ups, and total system cost [18].

4.1. Unit Commitment Schedule

Lower-cost units are dispatched, followed by higher-cost units with full commitments
during peak periods, yielding exact SUC results. The 24 h commitment schedule in Figure 3
shows ON/OFF for all ten units and confirms that the model can smartly optimize available
generation, wind, and online generation capacity, customized to needs.

During the early hours (1–5), when demand was low, only the base-load units were
scheduled to operate as essential reserves. As system demand increased, as shown in
Figure 4, additional generators were progressively committed, with all ten units operating
during the peak period (10–18) to ensure system reliability. The flexible weighting factor
incorporated in the model enables cost-effective operation by minimizing unnecessary fixed
and start-up costs during off-peak periods while maintaining adequate reserve margins.
This operational strategy is consistent with findings reported in the literature [3,7].

4.2. Wind Curtailment

Variations in wind generation were observed throughout the day, consistent with
predictions from stochastic wind models. Wind curtailment was negligible, indicating ef-
fective integration of wind power into the system and successful utilization of the available
renewable energy resources (See Table 3).

Table 3. Total system cost.

Reference Method Total_Expected_Cost FirstStage_Fixed SecondStage_Exp

From MATLAB results MILP R 843,510,440,816 R 5,743,200.00 R 843,504,697,616

The second-stage cost of R843,504,697,616.02 reflects the advantages of the two-stage
stochastic unit commitment model. By incorporating wind uncertainty, the model avoids
over-committing thermal resources and effectively utilizes wind power, thereby avoiding
unnecessary start-up and fuel costs. The cost saving between the first and second stages
provides a quantitative measure of this value of stochasticity, reinforcing the finding that
the model is the least cost and most applicable to renewable-energy-dominated systems.
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Figure 3. Chart visualizing the generator’s ON/OFF status.

Figure 4. Unit commitment dispatch schedule, including wind-energy resources.

5. Conclusions
Overall, the two-stage stochastic unit commitment model in this study is a viable

option for the optimal operation of renewable energy power systems. The MATLAB im-
plementation shows substantial reductions in total operating costs, while demand, system
reliability, and wind applications all suggest more effective solutions. Ultimately, through
stochastic (versus deterministic) optimization, modeled solutions more appropriately re-
spond to wind uncertainty and ultimately provide reliable, economically feasible, and
technically sound solutions. Additionally, the model could serve as a precedent for ex-
pansion to larger regional or even national grids, incorporating various other renewable
resources and additional transmission constraints. Future work could involve comparing
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the MILP solution with other metaheuristic solutions, such as GA or PSO, to determine
performance and trade-offs for similarly situated challenges.

Author Contributions: S.K.: conceptualization and methodology. N.S.M.: software, validation,
formal analysis, and investigation. S.K.: resources, data, editing, supervision, visualization, project
administration, and funding acquisition. N.S.M. and S.K.: writing, reviewing, and editing. All
authors have read and agreed to the published version of the manuscript.

Funding: This work was supported in part by the National Research Foundation (NRF), in part by
the Eskom Tertiary Education Support Program (TESP) through a research grant, and in part by the
French Embassy AI-Fural Methods, Grant Number 2025-135.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data are contained within the article.

Acknowledgments: The researchers acknowledge the support and assistance of the Center for
Intelligent Systems and Emerging Technologies in the Department of Electrical, Electronic, and
Computer Engineering at Cape Peninsula University of Technology, Bellville, Cape Town 7535,
South Africa, for their financial and material support in executing this research project. The opinions
presented in this paper are those of the authors and not the funders.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Hakami, A.M.; Hasan, K.N.; Alzubaidi, M.; Datta, M. A Review of Uncertainty Modelling Techniques for Probabilistic Stability

Analysis of Renewable-Rich Power Systems. Energies 2023, 16, 112. [CrossRef]
2. Zhang, M.; Wang, B.; Wei, J. The Robust Optimization of Low-Carbon Economic Dispatching for Regional Integrated Energy

Systems Considering Wind and Solar Uncertainty. Electronics 2024, 13, 3480. [CrossRef]
3. Li, X.; Zhao, D. An Optimal Dynamic Generation Scheduling for a Wind Thermal Power System. Chem. Soc. Rev. 2017, 44,

1346–1378.
4. Agarwal, A.; Pal, K. Optimization of Unit Commitment Problem Using Genetic Algorithm. Int. J. Syst. Dyn. Appl. 2021, 10, 21–37.

[CrossRef]
5. Montero, L.; Bello, A.; Reneses, J. A Review on the Unit Commitment Problem: Approaches, Techniques, and Resolution Methods.

Energies 2022, 15, 1296. [CrossRef]
6. Alqunun, K.; Guesmi, T.; Albaker, A.F.; Alturki, M.T. Stochastic Unit Commitment Problem Incorporating Wind Power and an

Energy Storage System. Sustainability 2020, 12, 10100. [CrossRef]
7. Sturt, A. Stochastic Scheduling of Wind-Integrated Power Systems. Doctoral Dissertation, Imperial College London, London,

UK, 2011.
8. Dong, J.; Song, Z.; Zheng, Y.; Luo, J.; Zhang, M.; Yang, X.; Ma, H. Robust Optimization Research of Cyber–Physical Power System

Considering Wind Power Uncertainty and Coupled Relationship. Entropy 2024, 26, 795. [CrossRef] [PubMed]
9. Qian, M.; Wang, J. An Optimization Strategy for Unit Commitment in High Wind Power Penetration Power Systems Considering

Demand Response and Frequency Stability Constraints. Energies 2024, 17, 5725. [CrossRef]
10. Álvarez Miranda, E.; Campos Valdés, C.; Rahmann, C. Two-Stage Robust UC Including a Novel Scenario-Based Uncertainty

Model for Wind Power Applications. Energy Convers. Manag. 2015, 101, 94–105. [CrossRef]
11. Zambrano, A. An Overview of Application of Optimization Models Under Uncertainty to the Unit Commitment Problem. arXiv

2022, arXiv:2203.16883.
12. Kumar, A.K.; Yadav, L.K.; Kumar, D. Unit Commitment of Thermal Power Plant in Integration with Wind and Solar Plant Using

Genetic Algorithm. Int. J. Eng. Res. Technol. 2014, 3, 664–669.
13. Kaewpasuk, S.; Intiyot, B.; Jeenanunta, C. A Two-Stage Stochastic Unit Commitment Model for Sustainable Large-Scale Power

System Planning Under Renewable and EV Variability. Energies 2025, 18, 4614. [CrossRef]
14. Micheli, G. A Two-Stage Stochastic MILP Model for Generation and Transmission Expansion Planning with High Shares of

Renewables. Energy Syst. 2023, 14, 663–705.
15. Moyano, C.F.; Peças Lopes, J.A. A Unit Commitment and Dispatch for a Wind Park Considering Wind Power Forecast. Renew.

Energy Power Qual. J. 2007, 1, 168–173. [CrossRef]

https://doi.org/10.3390/engproc2026140071

https://doi.org/10.3390/en16010112
https://doi.org/10.3390/electronics13173480
https://doi.org/10.4018/ijsda.2021070102
https://doi.org/10.3390/en15041296
https://doi.org/10.3390/su122310100
https://doi.org/10.3390/e26090795
https://www.ncbi.nlm.nih.gov/pubmed/39330128
https://doi.org/10.3390/en17225725
https://doi.org/10.1016/j.enconman.2015.05.039
https://doi.org/10.3390/en18174614
https://doi.org/10.24084/repqj05.244
https://doi.org/10.3390/engproc2026140071


Eng. Proc. 2026, 140, 71 9 of 9

16. Han, X.; Zhou, M.; Li, G.; Lee, K.Y. Stochastic Unit Commitment of Wind-Integrated Power System. Appl. Sci. 2017, 7, 1154.
[CrossRef]

17. Huang, Y.; Xu, Q.; Lin, G. Congestion Risk Averse Stochastic Unit Commitment with Transmission Reserves in Wind–Thermal
Power Systems. Appl. Sci. 2018, 8, 1726. [CrossRef]

18. Shaari, G.; Tekbiyik-Ersoy, N.; Dagbasi, M. The State of Art in Particle Swarm Optimization–Based Unit Commitment: A Review.
Processes 2019, 7, 733. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/engproc2026140071

https://doi.org/10.3390/app7111154
https://doi.org/10.3390/app8101726
https://doi.org/10.3390/pr7100733
https://doi.org/10.3390/engproc2026140071

	Introduction 
	A Mixed-Integer Linear Programming Method for the Unit Commitment Problem 
	Decision Variables 
	Objective Function 
	Constraints 
	Matrix Formulation 
	Solve MILP: Using the MILP Solver in MATLAB R2025a 

	Unit Commitment Use-Case Study and Data Analysis 
	Unit Commitment Simulation Results and Analysis Based on the Linear Programming Method 
	Unit Commitment Schedule 
	Wind Curtailment 

	Conclusions 
	References

