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Abstract of Dissertation presented to PEI/UFBA as a partial fulfillment of the

requirements for the degree of Master of Science (M.Sc.)

Electricity generation still relies largely on fossil fuels; however, growing concerns

about climate change, resource depletion, and increasing energy demand have accel-

erated the transition to cleaner alternatives. Renewable Energy Resources (RERs)

offer advantages such as abundance, diversity, and low carbon dioxide emissions,

but their intermittency and variability demand effective integration strategies. In

this scenario, microgrids emerge as a promising solution by integrating generation,

storage, and loads into modular systems capable of operating either grid-connected

or in islanded mode. To ensure efficient and reliable performance, it is essential to

adopt advanced control and optimization strategies, particularly in managing power

exchange with economic objectives – an operational layer known as the Energy

Management System (EMS). In this context, this work proposes Model Predictive

Control (MPC) strategies for EMSs focused on economic operation, including: (i)

the development of a two-layer MPC based on Quadratic Programming (QP), whose

results demonstrated improvements in numerical robustness, reduced computational

costs, and faster optimization problem resolution compared to traditional Nonlinear

Programming (NLP)-based MPC approaches; (ii) the application of the QP-based

MPC strategy to an industrial-scale microgrid, together with the introduction of

Artificial Neural Networks (ANNs) for disturbance modeling, such as renewable

generation and demand, incorporating these forecasts into the control framework,

with results showing greater robustness in decision-making under the operational

variability imposed by disturbances; and (iii) the proposal of a single-layer, zone-

based MPC strategy designed to operate within economically viable control regions

defined by the microgrid operator, with a closed-loop stability proof based on Lya-

punov theory, whose simulation analysis demonstrated that the cost function be-

haves as a Lyapunov function, ensuring controller scalability, recursive feasibility,

and nominal convergence.

Keywords. Microgrid, EMS, Economic MPC, Zone-MPC
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Chapter 1

Introduction and literature review

1.1 Electrical power system

Although often perceived as a readily available commodity, electric energy relies

on a complex and highly integrated infrastructure composed of three main stages:

generation, transmission, and distribution (Singh 2008). The process begins with

the conversion of primary energy sources – such as hydro, thermal, wind, and solar

– into electrical power. This power is then transmitted over long distances via high-

voltage transmission lines designed to minimize energy losses. In the final stage,

distribution systems reduce the voltage levels to medium and low ranges, delivering

electricity to end users, including residential, commercial, and industrial consumers.

This hierarchical structure ensures the reliable and continuous supply of electric

energy throughout society.

Notwithstanding the robustness of the electricity infrastructure, the global elec-

tricity mix remains heavily reliant on fossil fuel-based sources, a dependency further

exacerbated by population growth and the resulting increase in energy demand

(York 2016). However, the progressive depletion of these resources, combined with

the pressing need to reduce carbon dioxide (CO2) emissions, has prompted numerous

governmental initiatives to promote the adoption of Renewable Energy Resources

(RERs) (Jordan-Korte 2011). These efforts are driving an energy transition that

seeks not only to enhance efficiency but also to ensure accessibility and long-term

sustainability.

To support the expansion of electricity generation from Renewable Energy Re-

sources (RERs), the Paris Agreement was established under the United Nations

Framework Convention on Climate Change (Agreement 2015). Since then, multiple
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organizations have released annual reports tracking the evolution of the global elec-

tricity sector. A recent example is the Global Electricity Review, published in April

2025 based on 2024 data (Graham et al. 2025), which indicates that the growth of

wind and solar generation has enabled renewables to account for nearly 30% of total

global electricity production for the first time – driven primarily by countries such

as China, Brazil, and the Netherlands. In Brazil, wind and solar sources contributed

21% of total generation, positioning the country as a global leader in these technolo-

gies and the second cleanest energy producer among G20 nations, as shown in Table

1.1. This context underscores both global and national progress in the integration

of renewable energy into the electricity mix.

Table 1.1: Global and Brazilian Electricity Matrix.

Energy Source Global Structure /(%) Brazilian Structure /(%)

Oil and derivatives 35.00 1.00

Natural gas 23.00 6.00

Nuclear 9.10 2.00

Other non-renewables 2.70 3.00

Non-renewable 69.80 12.00

Solar 5.50 5.00

Wind 7.80 16.00

Hydroelectric 14.20 61.00

Biomass 2.40 5.00

Other renewables 0.30 1.00

Renewable 30.20 88.00

While renewable energy generation has experienced substantial global growth,

fossil fuels – including coal, oil, and natural gas—still dominate the global energy

landscape. Brazil represents a notable deviation from this pattern, with hydropower

accounting for the majority of its electricity generation, followed by wind, natural

gas, and solar power, while coal and oil play only marginal roles in the national

power generation mix, as shown in Table 1.1.

The Net Zero by 2050 report from the International Energy Agency (IEA) ou-
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tlines an ambitious roadmap for decarbonizing the power sector, emphasizing the

need for a fundamental transformation of existing energy systems (Bouckaert et al.

2021). The current grid architecture – characterized by centralized generation from

both fossil fuel-based plants (e.g., coal-fired and natural gas combined-cycle facili-

ties) and large-scale renewable installations such as hydroelectric dams – combined

with predominantly unidirectional transmission networks, reveals critical structural

vulnerabilities. These systems face dual exposure: fossil-based plants are subject

to fuel supply disruptions and operational failures, while hydroelectric generation is

increasingly affected by climate-induced droughts. These weaknesses underscore the

urgency of transitioning toward more resilient and adaptive power system architec-

tures.

In this context, distributed generation has emerged as a key strategy to address

these challenges, providing a means to reduce dependence on centralized fossil-based

power plants while simultaneously enhancing system resilience (Ackermann et al.

2001). This paradigm shift redefines the role of consumers, transforming them into

active prosumers who contribute to the grid through bidirectional energy flows, the-

reby reshaping operational dynamics and enabling new market structures (Gautier

et al. 2018).

The integration of renewable energy sources – such as solar and wind – within this

distributed framework presents both significant opportunities and technical chal-

lenges. While these resources offer abundant and sustainable energy potential on

a global scale, their inherent intermittency and variability demand innovative so-

lutions for effective grid integration. Unlike dispatchable fossil-based generation,

which can be adjusted to meet real-time demand, renewable output is subject to

environmental fluctuations, requiring advanced infrastructure and operational stra-

tegies (Erdiwansyah et al. 2021). Addressing this variability through smart grid

technologies, demand response mechanisms, and energy storage systems is essential

to maintaining grid stability while maximizing renewable energy penetration (Das

et al. 2014).

This evolution has led to the emergence of the smart grid, a transformative

advancement over the traditional electrical grid. Unlike the conventional unidirec-

tional, centralized model – where large-scale generation dominates and the roles of
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production and consumption are strictly separated—the smart grid operates as a

decentralized, bidirectional system, enabling energy and information to flow dynami-

cally between users, distributors, and system operators. This capability transforms

consumers into “prosumers” (producers + consumers), fosters the integration of re-

newable energy, and allows for greater system optimization and flexibility. In this

new framework, users transition from passive consumers to active participants in

energy generation, particularly through renewable sources and small-scale distribu-

ted systems (Bayindir et al. 2016).

The smart grid comprises intelligent, interconnected nodes capable of autono-

mous operation, real-time communication, and dynamic energy exchange, thereby

enhancing reliability, resilience, and distribution efficiency (Fang et al. 2011, Gungor

et al. 2011). This paradigm shift moves beyond the traditional one-way power flow

of conventional grids, integrating bidirectional energy flows and advanced monito-

ring systems (Akyildiz et al. 2005). Such capabilities enable improved integration

of distributed energy resources (DERs), demand response programs, and predictive

maintenance strategies (Liu et al. 2012).

However, the heterogeneous and decentralized architecture of the smart grid in-

troduces significant technical challenges, including interoperability between diverse

devices and protocols, cybersecurity threats, real-time control under variable opera-

ting conditions, and the need for scalable communication infrastructures (Yan et al.

2013, Mohsenian-Rad et al. 2010). Addressing these challenges requires advanced so-

lutions in system design, control algorithms, and implementation frameworks—such

as model predictive control (MPC) for optimal energy management (Ma et al. 2014),

robust communication protocols for cyber-physical integration (Galli et al. 2011),

and standardized architectures to ensure interoperability (IEEE Standards Associ-

ation 2011).

A key element within this infrastructure is the microgrid, illustrated in Figure

1.1. Microgrids are self-contained, locally managed energy networks that integrate

electrical loads, distributed generation sources – often renewable – and energy sto-

rage systems. They can operate either in grid-connected mode or autonomously

(islanded), depending on system conditions and operational objectives. Scalable to

diverse environments – such as hospitals, university campuses, industrial facilities,
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and residential neighborhoods – microgrids facilitate the integration of Renewable

Energy Resources (RERs) by mitigating variability through localized storage and

adaptive control strategies (Lasseter 2001).

Figure 1.1: Microgrid: systems and control.

For proper microgrid operation, the control system can achieve multiple objec-

tives categorized into three levels (Figure 1.2) (Bordons et al. 2020).

Figure 1.2: Hierarchical structure for microgrid control.
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• The primary level is operated on a time scale of seconds and aims to maintain

voltage and frequency stability during changes in generation and demand and

after safety for islanding mode.

• The secondary level is operated on a time scale of minutes and is responsible for

ensuring that voltage and frequency deviations are stabilized after a change in

load or generation, and for eliminating any variations induced by the primary

level.

• The tertiary level, also known as Energy Management System (EMS), is ope-

rated on a time scale of hours or months, as it is responsible for controlling

the flow of energy between the microgrid and the main grid or between other

microgrids based on the energy purchase and sale schedule for the grid in

connected mode or autonomous mode in islanding mode.

Given the complexity and strategic importance of the tertiary control level –

embodied by the Energy Management System (EMS) – in the efficient operation of

microgrids, this dissertation aims to advance energy management at this level th-

rough the development of control strategies that incorporate economic, operational,

and regulatory perspectives. The EMS plays a pivotal role in optimizing power flow

under both grid-connected and islanded operating modes and is fundamental for

managing energy purchase and sale schedules over extended time horizons, ranging

from hours to months.

1.2 Model Predictive Control for Energy Mana-

gement System

Given that this hierarchical control structure parallels those commonly found in the

process industry, many advanced control techniques originally developed in that do-

main have been adapted to address the challenges of Energy Management Systems

(EMS) in microgrids (Bordons et al. 2020), as illustrated in Figure 1.3. The pri-

mary objective of advanced control is to operate the system as close as possible to

economically optimal conditions while ensuring stability and convergence (Mayne
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Figure 1.3: Comparison between the control hierarchy of a process industry and the hierarchy of

a microgrid.

et al. 2000, Engell 2007). This is typically achieved through a hierarchical architec-

ture: at the upper layer, a scheduler and economic planner defines what, when, and

how much the system should produce, based on market signals and internal plant

constraints (Tatjewski 2008). This layer is conventionally executed via Real-Time

Optimization (RTO), which performs static optimization in real time, providing

economically optimal setpoints to the control layer. The advanced control layer,

typically implemented through Model Predictive Control (MPC), is responsible for

computing the optimal control actions required to drive the system toward the de-

sired operating points, while ensuring compliance with operational constraints and

optimizing dynamic performance (Ying & Joseph 1999).

However, in many practical cases, the setpoints provided by the RTO layer may

be infeasible due to system constraints. One proposed solution is to introduce an

intermediate coordination layer between RTO and MPC, referred to as the Steady-

State Target Optimizer (SSTO) (Muske 1997). The SSTO recalculates admissible

steady-state targets that respect operational constraints, thereby enabling a smooth

transition between the economic objectives of RTO and the dynamic regulation

performed by MPC. This integrated architecture enhances both system stability

and closed-loop performance, while preserving economic efficiency.

Nevertheless, in many operational scenarios, the most economically favorable

operating conditions occur during transient behavior rather than at steady state,
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particularly in systems subject to fast-changing economic parameters, where transi-

ent operation enables the exploitation of short-term market opportunities. In other

cases, such as industrial processes with time-sensitive constraints, transient optimi-

zation can reduce startup or shutdown costs and leverage temporary efficiency gains

that cannot be achieved through steady-state operation. To address these limitati-

ons, several alternative approaches have been proposed, including: (I) the Dynamic

Real-Time Optimizer (D-RTO), which formulates and solves a dynamic optimiza-

tion problem to generate optimal reference trajectories for the MPC, resulting in

a D-RTO+MPC architecture (Kadam & Marquardt 2007a, Biegler 2009); (II) the

Integrated RTO+MPC scheme, where the economic objective of the RTO is embed-

ded directly into the MPC cost function, creating a unified optimization framework

that accounts for both regulation and economic performance (Zanin et al. 2002,

Adetola & Guay 2010); and (III) the Economic Model Predictive Control (EMPC)

approach, which merges economic and control objectives into a single optimization

problem, with control actions applied directly to the plant, eliminating the need for

a separate RTO layer and enabling economic optimization in closed-loop operation

(Rawlings et al. 2012).

Among the three advanced control strategies, RTO+MPC emerges as an inter-

mediate solution that aims to reconcile computational tractability and economic

performance by embedding part of the economic objective directly into the MPC

cost function. This configuration enables a balanced trade-off between optimization

and computational effort, although its decoupled nature may result in suboptimal

performance when there is strong interdependence between economic objectives and

dynamic constraints (De Souza et al. 2010). In contrast, D-RTO+MPC solves a

complete dynamic optimization problem to generate reference trajectories for the

MPC, offering high fidelity in economic optimization during transient regimes and

proving particularly advantageous in scenarios with rapid operational variations.

However, this approach requires greater computational capacity, demanding robust

numerical solvers and high-performance processing infrastructure to enable its real-

time application (Kadam & Marquardt 2007b). Finally, Economic Model Predictive

Control (EMPC) integrates economic and control objectives within a single opti-

mization layer, allowing the direct implementation of economically optimal control
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actions. Although it represents the highest level of integration between economics

and dynamics, EMPC poses greater challenges for obtaining formal stability guaran-

tees and depends heavily on the accuracy of the economic model employed (Angeli

et al. 2012).

In this context, the application of Model Predictive Control (MPC) in microgrids

proves particularly advantageous, given its conceptual alignment with the hierarchi-

cal control architectures widely adopted in industrial systems, where this approach

is already well established. Advanced strategies, such as Economic Model Predictive

Control (EMPC), further extend these capabilities by directly incorporating econo-

mic metrics — including generation costs, energy market transactions, and asset

degradation — into the control structure, thereby ensuring optimal financial perfor-

mance even under transient conditions (Bordons et al. 2020, Hu et al. 2023, Zheng

et al. 2017). This convergence of dynamic adaptability, operational robustness, and

economic optimization establishes MPC as a central approach for microgrid energy

management, enabling resilient and economically efficient operation in both grid-

connected and islanded modes.

Some MPC-based strategies have been proposed for economic energy manage-

ment in microgrids. Bordons Alba et al. (2015) developed an EMPC based on

Mixed-Integer Quadratic Programming (MIQP), while Zhang et al. (2015) proposed

a Mixed-Integer Linear Programming (MILP) formulation, both combining econo-

mic planning and control within a single optimization layer. However, they lack

formal guarantees of recursive feasibility and closed-loop stability. The MIQP ap-

proach, although more accurate, exhibits high computational complexity and a risk

of infeasibility under abrupt operational changes, whereas the MILP reduces comple-

xity through linearizations but at the expense of fidelity, potentially compromising

economic optimality. Both were validated only through simulations or in laboratory-

scale microgrids, limiting their demonstration in larger real-world systems.

Other works adopt hierarchical control architectures. Pereira et al. (2015) ap-

plied a D-RTO+MPC framework to periodic systems (Limon et al. 2014), incorpora-

ting terminal constraints to ensure feasibility and closed-loop convergence. To avoid

formulating a mixed-integer programming problem, the authors used smooth appro-

ximations of the sign function, converting it into a Nonlinear Programming (NLP)
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problem, without, however, assessing whether this simplification affects feasibility

and closed-loop stability. In turn, Petrollese et al. (2016) proposed a two-layer

MPC structure based on Mixed-Integer Linear Programming (MILP), in which the

upper layer performs energy planning and the lower layer executes real-time control,

achieving good performance in resource coordination but without providing formal

guarantees of stability or recursive feasibility.

Focusing on stability, Pereira et al. (2017) proposed a robust RTO+MPC archi-

tecture based on Quadratic Programming (QP), which avoids nonlinear constraints

and provides formal proofs of recursive feasibility and closed-loop stability. Comple-

mentarily, Olama et al. (2018) introduced a Lyapunov-based hybrid MPC (LHMPC),

ensuring stability through the use of ellipsoidal terminal sets and decay conditions

embedded in the control formulation.

Regulatory constraints were addressed by Conte et al. (2020), who employed

a Mixed Logical Dynamical (MLD) formulation within a two-layer MPC structure

tailored to the Brazilian energy market. However, the study lacks formal proofs of

convergence and stability.

More recently, Alarcón et al. (2022) implemented an EMPC with variable econo-

mic criteria under the RTO+MPC framework, incorporating constraints to promote

convergence and stability, although relying on NLP due to complementarity conditi-

ons. Follow-up studies introduced stochastic formulations (Alarcón et al. 2023) and

deep-learning-based forecasting (Alarcón et al. 2024), enhancing predictive capabi-

lity but still facing computational challenges for large-scale deployment.

Although offering a more realistic representation of the system — accurately

capturing equipment nonlinearities, complex operational constraints, and interde-

pendencies among variables — Nonlinear Programming (NLP), which predominates

in economic microgrid management approaches, poses significant challenges such

as high computational cost, sensitivity to initial conditions, and difficulty in ensu-

ring global optimality. These limitations become particularly critical in predictive

control applications, where real-time operation demands algorithms that are both

computationally efficient and robust.

Moreover, a notable gap exists regarding theoretical guarantees. Among the

reviewed works, only Pereira et al. (2017) and Olama et al. (2018) provide formal
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proofs of closed-loop stability. In addition, Alarcón et al. (2024) is the only study

that explicitly integrates disturbance modeling into the control formulation, offering

a more comprehensive predictive framework.

To overcome the limitations identified in the literature, this work proposes two

control laws: a hierarchical two-layer architecture based on quadratic programming,

designed to ensure computational efficiency for real-time operation; and an inte-

grated single-layer formulation that unifies optimization and control, supported by

formal mathematical proofs that guarantee closed-loop stability.

Both strategies aim primarily to mitigate the high computational cost commonly

associated with model predictive control methods based on nonlinear programming,

while also incorporating artificial neural networks for disturbance forecasting.

In the single-layer scheme, these networks are embedded directly into the con-

troller, enabling data-driven disturbance handling while preserving computational

feasibility for real-time microgrid operation. This unified formulation stands out for

offering formal stability guarantees – an aspect often overlooked in the literature –

and for integrating a robust, learning-based disturbance rejection mechanism.

1.3 Objective

1.3.1 Main objective

Propose Model Predictive Control (MPC) strategies based on Quadratic Program-

ming (QP) for an Energy Management System (EMS) in microgrids, with the ob-

jective of reducing the high computational cost associated with MPC approaches

based on Nonlinear Programming (NLP), by incorporating artificial intelligence for

disturbance modeling.

1.3.2 Specific objective

I. Develop Quadratic Programming (QP)-based controllers using two-layer and

single-layer architectures for microgrids, ensuring computational efficiency and

real-time feasibility.

II. Compare the performance of the proposed two-layer controller with Nonlinear
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Programming (NLP)-based approaches, highlighting improvements in stabi-

lity, response time, and adaptability.

III. Formally prove the closed-loop stability of the single-layer controller through

a Lyapunov-based analysis.

IV. Integrate artificial neural networks into the controller for disturbance and un-

certainty modeling and prediction (e.g., renewable generation variability, ope-

rational failures).

V. Validate performance in scenarios including microgrids with multiple renewa-

ble sources, energy storage systems, and grid interconnections.

1.4 Structure of the work

This work is organized into six chapters, including this introductory one. Each

chapter focuses on a specific contribution of the master’s thesis. A summary of the

content of each chapter is presented below.

Chapter 2 addresses the modeling of a microgrid, including the mathematical

representation of its main components and equipment. This modeling serves as

the foundation for the control strategies and simulations developed in the following

chapters.

Chapter 3 presents the development of a two-layer model predictive control

(MPC) strategy applied to the energy management system of a microgrid. Starting

from a nonlinear programming (NLP)-based MPC formulation commonly found in

the literature, the model is reformulated into a quadratic programming (QP)-based

MPC structure. Additionally, a microgrid plant is implemented in the AVEVA

Process Simulation environment, serving as a reference system to compare the per-

formance of both approaches as model-plant mismatch increases over time.

Chapter 4 presents the application of the proposed QP-based MPC framework

to an industrial microgrid case study. In this context, external disturbances are

modeled using artificial neural networks, with the aim of enhancing the predictive

capability and robustness of the controller under operational uncertainties.

Chapter 5 proposes a new economic model predictive control strategy based
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on quadratic programming. The stabilizing properties of the proposed method are

demonstrated through an approach that incorporates a terminal equality constraint,

combining an artificial equilibrium point with slack variables in coupled constraints

to ensure recursive feasibility and closed-loop stability.

Finally, Chapter 6 summarizes the main contributions of this thesis and provides

suggestions for future research.

1.5 Publications

The following publications resulted from the development of this thesis, and are

presented in chronological order:

• CALHAU, F. A. S.; MEIRA, R. L.; BISPO, H.; MARTINS, M. A. F. A two-

layer MPC strategy for microgrid energy management within a software-in-

the-loop scheme with AVEVA Process Simulation. XVII Simpósio Brasileiro

de Automação Inteligente. São João del Rei: 2025.

• CALHAU, F. A. S.; SANTOS, P. R. J.; MEIRA, R. L.; MARTINS, M. A.

F. An MPC-based energy management system embedding neral networks for

forecasting renewable energy generation and demand: a study on green hydro-

gen production. Congresso Brasileiro de Engenharia Qúımica. Belo Horizonte:

2025.

1.5.1 Works in the submission process

• CALHAU, F. A. S.; SANTOS, P. R. J; BISPO, H.; MEIRA, R. L.; MARTINS,

M. A. F. Single-layer zone-based MPC for energy management systems em-

bedding artificial neural network for forecasting renewable energy generation

and demand.
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Chapter 2

Model description

This chapter presents the formulation of a mathematical model for microgrid energy

management, encompassing the representation of storage systems, renewable energy

sources, and load demand. It also introduces the application of artificial intelligence

techniques to model generation and consumption profiles based on data provided by

monitoring agencies. Finally, a discrete-time linear state-space model is developed

to serve as the foundation for predictive control design in microgrid operation

2.1 Introduction

A microgrid is defined as an autonomous electrical system that integrates multiple

types of energy generation units – based on either renewable or non-renewable sour-

ces – along with energy storage systems and electrical loads associated with specific

demand profiles. These systems are distinguished by their capability to operate in-

dependently in islanded mode or remain connected to the main power grid (Lasseter

2001).

Figure 2.1 illustrates the general architecture of a microgrid, composed of re-

newable energy sources (solar and wind), energy storage systems (battery), grid

interconnections, consumer loads, and a hydrogen-based consumption plant. A mi-

crogrid may operate in isolation, remain connected to the main grid, or be intercon-

nected with another microgrid through a Point of Common Coupling (PCC). The

vertical bar in the diagram represents the busbar – the central node of the microgrid

– where power exchange takes place. To ensure system stability, the power balance

at this node must be maintained at all times (Alarcón 2024).

To develop a mathematical model that accurately represents the microgrid, it is
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Figure 2.1: General Architecture of a Microgrid.

first necessary to define the consumption profile to which the system is connected, as

well as the mathematical representations of the storage system and renewable energy

sources. In this study, the storage system includes batteries, a supercapacitor, and

an electrolyzer, while solar and wind generation are adopted as the renewable energy

inputs. These components are integrated into a unified model designed to capture

the dynamic interactions between generation, storage, and consumption, with the

objective of optimizing performance and ensuring the operational stability of the

microgrid.

2.2 Energy storage systems

Energy storage systems (ESS) are critical elements in microgrids, playing a key role

in mitigating the intermittency and variability inherent to renewable energy sources

(Bordons et al. 2020). Among the most widely adopted technologies, electrochemical

batteries remain the most prevalent and mature solution, followed by ultracapaci-

tors, hydrogen-based systems – including electrolyzers and fuel cells –, flywheels,
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and other emerging alternatives. Each of these technologies presents distinct advan-

tages in terms of energy density, response time, and lifecycle, making them suitable

for specific roles within microgrid architectures.

2.2.1 Batteries

A battery is an electrochemical device composed of one or more voltaic cells that

stores electrical energy through reversible chemical reactions (Bordons et al. 2020).

During discharge, the stored chemical energy is converted back into electrical energy

with a certain efficiency. This charge–discharge cycle can be repeated a finite number

of times, which defines the battery’s lifespan (Kularatna & Gunawardane 2021).

Among the materials used in battery construction, lithium-ion technology is the

most commonly employed in microgrids due to its superior energy density, effici-

ency, and performance under dynamic operating conditions – making it particularly

suitable for systems subject to frequent disturbances, such as microgrids.

For the energy management model of a microgrid, it is essential to know the

system’s state of charge 𝑆𝑂𝐶. In the case of batteries, this state can be estimated

using the Coulomb Counting Method, expressed as:

𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶(0)± 1

𝐶𝐴ℎ

∫︁
𝑖𝑏𝑎𝑡𝑑𝑡, (2.1)

where 𝐶𝐴ℎ is the storage capacity in Ah, 𝑖𝑏𝑎𝑡 is the current in A, where the positive

sign refers to the charging process, while the negative sign of its discharge and the

punch refer to the initial state or level of charge before producing its charge or

discharge during a certain period of time.

However, since this study focuses on power exchange between microgrid compo-

nents, the battery current can be replaced by the battery power 𝑃𝑏𝑎𝑡 as follows:

𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶(0)± 1

𝐶𝑊ℎ

∫︁
𝑃𝑏𝑎𝑡𝑑𝑡, (2.2)

where 𝐶𝑊ℎ is the storage capacity in kWh.

By differentiating the equation and incorporating battery efficiency, followed by

discretization, it can be expressed as:

𝑆𝑂𝐶(𝑘 + 1) = 𝑆𝑂𝐶(𝑘)± 𝜂𝑏𝑎𝑡
𝐶𝑏𝑎𝑡

𝑃𝑏𝑎𝑡(𝑘), (2.3)
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where 𝐶𝑏𝑎𝑡 is the storage capacity in kWh, 𝜂𝑏𝑎𝑡 is the battery efficiency.

In many applications, it is common to use battery efficiency to obtain a more

accurate estimate of the state of charge (SOC) over time. This is because the

charging and discharging processes are not completely efficient, meaning that part

of the energy is dissipated as heat or lost through electrochemical processes. In such

cases, it is common to adopt distinct modeling strategies for the state-of-charge

(SOC) equation in order to accurately capture these asymmetries (Bordons et al.

2020, Alarcón 2024).

𝑆𝑂𝐶(𝑘 + 1) = 𝑆𝑂𝐶(𝑘)± 𝑇𝑠𝜂𝑏𝑎𝑡
𝐶𝑏𝑎𝑡

𝑃𝑏𝑎𝑡(𝑘), (2.4)

𝑆𝑂𝐶(𝑘 + 1) = 𝑆𝑂𝐶(𝑘) +
𝑇𝑠

𝐶𝑏𝑎𝑡

(︂
𝜂𝑏𝑎𝑡,𝑐𝑃𝑏𝑎𝑡,𝑐(𝑘)−

𝑃𝑏𝑎𝑡,𝑑(𝑘)

𝜂𝑏𝑎𝑡,𝑑

)︂
, (2.5)

𝑆𝑂𝐶(𝑘 + 1) = 𝑆𝑂𝐶(𝑘) +
𝑇𝑠

𝐶𝑏𝑎𝑡

(︂
𝜂𝑏𝑎𝑡,𝑐𝑃𝑏𝑎𝑡,𝑐(𝑘)𝛿(𝑡)−

(1− 𝛿(𝑡))𝑃𝑏𝑎𝑡(𝑘)

𝜂𝑏𝑎𝑡

)︂
, (2.6)

where 𝜂𝑏𝑎𝑡,𝑐 and 𝜂𝑏𝑎𝑡,𝑑 are the charge and discharge efficiency, respectively, and 𝑃𝑏𝑎𝑡,𝑐

and 𝑃𝑏𝑎𝑡,𝑑 are the charge and discharge battery power, 𝛿 is a binary variable, which

takes value 1 for charging and 0 for discharge, and 𝑇𝑠 is the sampling time in hours.

The three expressions used to model the SOC of a battery differ mainly in how

they handle efficiencies during the charging and discharging processes. The equa-

tion (2.4) employs a single efficiency for both processes, resulting in a simpler model

suitable for cases where losses are close to 1 allowing the use of an average effici-

ency. This simplification enables the formulation of linear or quadratic optimization

problems. Equation (2.5), in contrast, distinguishes between charging and dischar-

ging efficiencies, allowing for a more accurate representation of battery behavior.

However, to prevent simultaneous charging and discharging, this modeling appro-

ach requires the introduction of complementarity constraints, leading to nonlinear

formulations. Finally, Equation (2.6) equation incorporates a binary indicator func-

tion that explicitly defines the battery’s operating mode (charging or discharging),

which results in a mixed-integer optimization problem. Therefore, the choice of the

most appropriate modeling approach depends directly on the optimization and con-

trol technique to be employed, as well as the trade-off between model fidelity and

computational complexity.
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2.2.2 Supercapacitor

The structural configuration of supercapacitors, also known as ultracapacitors, is

based on the same principle as conventional electrostatic capacitors, consisting of

two conductive electrodes separated by a dielectric, which prevents the direct con-

duction of current. The main distinction lies in the use of highly porous materials

– such as activated carbon, carbon aerogels, or graphene – as electrode materi-

als, resulting in a significantly increased electrochemically active surface area. This

enhancement in specific surface area enables efficient formation of the electric dou-

ble layer (EDL), leading to high capacitance and greater energy density compared

to traditional capacitors (Conway 2013, Kularatna & Gunawardane 2021). This

architecture, combining large surface area and electrochemical storage mechanisms,

makes supercapacitors particularly suitable for applications requiring high power

density and long cycle life.

Supercapacitors can be formally classified into three main categories based on

their energy storage mechanisms and the materials used in the electrodes (Chatterjee

& Nandi 2021): (i) electric double-layer capacitors (EDLCs), which store energy th-

rough the electrostatic separation of charges at the electrode – electrolyte interface;

(ii) pseudocapacitors, where energy is stored primarily via fast Faradaic reactions

at the electrode surface; and (iii) hybrid capacitors, which combine the mechanisms

of both EDLCs and pseudocapacitors, offering a synergistic balance between high

energy density and rapid charge – discharge capabilities. This classification, fre-

quently adopted in recent reviews on advanced energy materials, provides a robust

analytical framework for the development of optimized electrochemical energy sto-

rage devices (Bhojane 2022).

As with conventional capacitors, the capacitance of supercapacitors is expres-

sed in farads F, which represents the amount of electric charge stored per unit of

voltage. Therefore, the nominal capacity for energy storage is directly proportional

to the square of the maximum operating voltage. This value is determined by the

characteristics of the dielectric material and the electrochemical properties of the

system, including electrolyte stability and the electrode potential window.

𝐶𝑠𝑐 =
1

2
𝐶𝑉 2

𝑠𝑐 (2.7)
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where 𝐶𝑠𝑐 is the nominal capacity to storage energy in Watts-second, 𝐶𝑠𝑐 is the

capacitance in Farads F and 𝑉𝑠𝑐 is its nominal voltage in Volts V.

The Coulomb Counting Method, commonly used to determine the state of charge

𝑆𝑂𝐶 in batteries, can also be applied to supercapacitor. However, unlike batteries,

energy storage in supercapacitor involves no chemical conversion – only physical

processes – allowing nearly full energy recovery. Losses are minimal and mainly due

to the Joule effect from internal resistance. Therefore, the energy state, typically

referred to as 𝑆𝑂𝐸 (State of Energy), is modeled in discrete time as:

𝑆𝑂𝐸(𝑘 + 1) = 𝑆𝑂𝐸(𝑘)± 𝑇𝑠𝜂𝑠𝑐
𝐶𝑠𝑐

𝑃𝑠𝑐(𝑘) (2.8)

where 𝑃𝑠𝑐 is the supercapacitor power in kW, 𝑇𝑠 sampling time in hours, and 𝜂𝑠𝑐 is

the supercapacitor efficiency.

When comparing the operational characteristics of ultracapacitors and batteries,

it is observed that the former exhibit significantly less degradation over time, unlike

batteries, which undergo chemical wear due to charge and discharge cycles (Bhojane

2022). Moreover, ultracapacitors can withstand abrupt energy fluctuations without

compromising their integrity, and they can safely operate even near their maximum

and minimum charge limits (Chatterjee & Nandi 2021).

2.2.3 Hydrogen storage

Another type of energy storage that has been gaining prominence is hydrogen-based

storage, which can be produced through water electrolysis. Due to the high purity of

the process and its economic potential, this form of storage has been widely studied

and integrated into microgrids, establishing itself as a strategic vector for industrial

defossilization (Garcia et al. 2021). Sectors such as the chemical, petrochemical, and

steel industries already use hydrogen on a large scale, for example, in the production

of ammonia, methanol, and iron ore reduction. Therefore, monitoring the storage

hydrogen level (SHL) being stored is of critical importance in this context.

𝑆𝐻𝐿(𝑘 + 1) = 𝑆𝐻𝐿(𝑘) +
𝑃𝐻2(𝑘)𝜂𝐻2

𝐶𝐻2

, (2.9)

𝑃𝐻2 is the hydrogen power in kW, 𝜂𝐻2 is the hydrogen efficiency is the 𝐶𝐻2 is the

hydrogen capacity in kWh.
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This simplified linear dynamic assumes that the electrolysis reaction is significan-

tly faster than the system’s sampling interval. In the present model, a discretization

time of 1 hour was adopted, while the electrolysis dynamics occur on the order of

seconds. Therefore, it is reasonable to approximate the process as an instantane-

ous conversion at each time step, which justifies the use of Equation (2.9) without

the inclusion of additional dynamic terms. This simplification omits the detailed

modeling of electrochemical behavior, whose accurate representation would require

a more detailed dynamic model. This assumption is widely accepted in the mi-

crogrid modeling literature, particularly in studies focused on higher-level energy

management rather than short-term electrochemical behavior.

2.3 Renewable Resources

In microgrid systems, renewable energy resources are often treated as disturbances

due to the intermittent and uncontrollable nature of their generation. The most

common sources considered in this context are photovoltaic solar and wind energy.

These systems can be modeled primarily through two distinct approaches: analytical

equations or historical data. The following sections will detail each of these methods.

For modeling via analytical equations, the case study adapted from Alarcón

et al. (2022) was adopted, using solar irradiation and temperature data from the

city of Avellaneda, located in Santa Fe Province, Argentina. Conversely, for the

historical data-based approach, the municipality of Guanambi, in Bahia, Brazil, was

selected. In Brazil, historical data are provided by specialized energy monitoring

and management agencies — particularly the Electric Energy Trading Chamber

(CCEE 2024) — which offer detailed information on power generation from plants

and consumption profiles of Brazilian cities.

2.3.1 Solar Photovoltaic

Through photovoltaic solar panels, electrical energy is generated from solar radia-

tion. This is, without a doubt, the most abundant and easily accessible renewable

resource. The power generated by a photovoltaic panel can be obtained through a

mathematical model using an equivalent open-circuit model proposed by Xiao et al.
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(2004).

Figure 2.2: Equivalent electrical circuit to obtain a model of a solar cell.

The output electrical characteristics exhibit a nonlinear relationship between

current and voltage, as well as between power and voltage. The equation describing

the output current 𝐼 as a function of the cell terminal voltage 𝑉 is expressed as:

𝐼 = 𝐼𝑝ℎ − 𝐼𝑠

[︁
𝑒(

𝑞(𝑉 +𝑖𝑅𝑠)
𝑘𝑇𝑐𝑓

) − 1
]︁
− 𝑉 + 𝐼𝑟𝑠

𝑅𝑠ℎ

, (2.10)

where 𝐼𝑝ℎ is the photovoltaic current, 𝐼𝑠 is the diode saturation, 𝑞 is the electron

charge, 𝑘 is the Boltzmann constant, 𝑇𝑐 is the temperature of the cell, 𝑅𝑠 is the

series resistance, 𝑓 is the ideality factor and 𝑅𝑠ℎ is the parallel resistance.

The photovoltaic current 𝐼𝑝ℎ depends on the solar irradiance 𝐺, expressed in

W/m2, and on the cell temperature 𝑇𝑐, indicated in °C, and is given by:

𝐼𝑝ℎ =
𝐺

𝐺𝑟

[𝐼𝑟 + 𝜇𝑖𝑠𝑐(𝑇𝑐 − 𝑇𝑟)], (2.11)

where 𝐺 expressed in W/m2 is the solar irradiance and on the cell temperature 𝑇𝑐

indicated in C, 𝐺𝑟 = 1000 W/m2 is the value taken as a reference for irradiance,

𝐼𝑟 is the current generated with reference values (generally it is considered equal to

the 𝐼𝑠𝑐 short circuit current), 𝜇𝑖𝑠𝑐 is the short circuit coefficient and 𝑇𝑟 = 25 𝐶 is

the reference temperature.

Finally, the saturation current 𝐼𝑠 is determined by:

𝐼𝑠 = 𝐼𝑠𝑟

(︁𝑇𝑐

𝑇𝑟

)︁3
𝑒

(︃
𝑞𝐸𝑔(

1
𝑇𝑟

− 1
𝑇𝑐
)

𝑘𝑓

)︃
, (2.12)

where 𝐼𝑠𝑟 is the saturation current and 𝐸𝑔 is the semiconductor energy in its band

gap.
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To obtain the generated power, the following expression is used:

𝑃𝑝𝑣 = 𝑁𝑉𝑝𝑣𝐼. (2.13)

where 𝑁 is the number of photovoltaic cells, 𝑉 is the voltage in V.

Based on the presented equations, a photovoltaic panel simulation was conduc-

ted using data adapted from Alarcón et al. (2022), as well as solar radiation and

temperature data from the city of Avellaneda, Santa Fe province, Argentina. The

obtained results are shown in Figure 2.3.

Figure 2.3: Power generated for 72 hours by photovoltaic solar panels of a residential microgrid.

Adapted from Alarcón et al. (2022).

For the data-driven model, the solar generation profile of the city of Guanambi,

located in the state of Bahia, Brazil, was used, as shown in Figure 2.4.

The analyzed time series reveals a typical seasonal pattern of photovoltaic sys-

tems, with generation peaks concentrated during midday hours, corresponding to

the highest solar irradiance levels throughout the daily cycle.

This regularity in the generation pattern – although occasionally affected by

weather variations – provides a robust foundation for applying artificial intelligence

modeling techniques. The predictability of solar generation during daytime periods
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Figure 2.4: Historical data on solar power. Source: CCEE (2024).

is, therefore, a significant advantage in developing efficient forecasting models, which

are essential for the economic and reliable operation of microgrids.

2.3.2 Wind energy

Another widely used renewable resource is wind energy, which employs wind turbines

to harness the kinetic energy of the wind and convert it into electrical energy through

a coupled generator. The electrical power generated by a wind turbine can be

estimated using the following mathematical expression (Ackermann et al. 2001):

𝑃wind =
1

2
𝜌𝐴𝐶𝑝(𝑣)𝑣

3 (2.14)

where 𝑃wind represents the power extracted from the wind (in watts), 𝜌 is the air

density (in kg/m3), 𝐴 is the swept area of the rotor blades (in m2), 𝐶𝑝(𝑣) is the

power coefficient, which depends on wind speed and turbine characteristics, and 𝑣

is the wind speed (in m/s).

In the data-driven model, the historical wind energy generation profile for the

city of Guanambi is depicted in Figure 2.5.

Unlike solar generation, which exhibits a well-defined daily pattern with peak

output during daylight hours, wind power is inherently more irregular and influenced
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Figure 2.5: Historical data on wind power. Source: CCEE (2024).

by various atmospheric factors such as pressure, temperature, and local topography.

The data reveals significant temporal variability, with fluctuations occurring on both

hourly and seasonal timescales, reflecting the stochastic nature of wind behavior. In

regions like Guanambi, wind speed tends to increase during nighttime and early

morning hours, although this pattern may vary throughout the year. This inherent

unpredictability poses challenges for modeling and forecasting, making it essential

to employ machine learning-based prediction techniques to accurately capture wind

dynamics and enhance integration with model predictive control strategies in mi-

crogrid applications.

2.4 Load Consumer

The development of a nominal demand profile can be carried out in two ways:

(i) through estimates based on the installed nominal power and the usage hours of

electrical equipment; or (ii) using actual energy consumption measurements obtained

from instruments installed on the main distribution panel. Therefore, its modeling

depends on the load estimate used at the site, expressed by:

𝑃𝑙𝑜𝑎𝑑 = 𝑉𝑙𝑜𝑎𝑑𝐼𝑙𝑜𝑎𝑑, (2.15)
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where the 𝑃𝑙𝑜𝑎𝑑 is the load power in W, 𝑉𝑙𝑜𝑎𝑑 is the load voltage in V, and 𝐼𝑙𝑜𝑎𝑑 is

the load current and in A.

In the case of approach (i), for a residential-scale microgrid, the consumption pro-

file was defined based on the average electricity usage of households in the province of

Santa Fe, Argentina, providing a representative demand pattern for simulation and

control purposes. Therefore, the obtained consumption profile is shown in Figure

2.6.

Figure 2.6: Daily energy consumption for a residential microgrid. Adapted from Alarcón et al.

(2022).

This strategy assumes a fixed consumption pattern that repeats over time, without

accounting for potential real-time variations that may occur. To overcome this li-

mitation, model (ii) can be adopted, based on actual historical consumption data,

as shown in Figure 2.7 for the city of Guanambi.
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Figure 2.7: Historical data on consumer power. Source: CCEE (2024).

Unlike fixed and idealized profiles, real-world data incorporate hourly, seasonal,

and behavioral fluctuations that directly impact electrical demand, allowing the

energy management system (EMS) to operate in a more responsive and accurate

manner. Moreover, electrical consumption exhibits high variability and stochastic

behavior, reflecting unpredictable patterns associated with human activity, weather

conditions, and the simultaneous use of various appliances. This variability unders-

cores the importance of using historical data to capture realistic and probabilistic

consumption trends.

In this context, deep learning techniques are particularly well-suited to model

such complex dynamics. By automatically extracting temporal and nonlinear pat-

terns from large volumes of historical data, deep neural networks can learn to forecast

demand with high accuracy, even under volatile and nonstationary conditions. This

enables the EMS to anticipate load variations more precisely, optimize the use of

available energy resources, and enhance the stability and operational efficiency of

the microgrid in real-time.
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2.5 Modeling Disturbance using Artificial Intelli-

gence

An effective strategy for modeling disturbances – such as solar and wind generation,

as well as consumer demand – is the use of historical time series obtained from

monitoring systems. These signals typically exhibit nonlinear dynamics, seasonal

patterns, and long-term temporal dependencies, as demonstrated in the previous

sections. Such characteristics pose challenges for traditional forecasting techniques,

which often fail to capture the complex and nonstationary behavior inherent to these

processes.

In this context, the Long Short-Term Memory (LSTM) architecture has emer-

ged as a robust solution. As a type of recurrent neural network (RNN), LSTM

is specifically designed to overcome common challenges in sequential data proces-

sing, such as vanishing or exploding gradients (Hochreiter & Schmidhuber 1997a,

Greff et al. 2016). By incorporating memory cells and input, output, and forget

control mechanisms, LSTM networks can retain relevant information over extended

periods, capturing temporal dependencies and dynamic patterns with greater ac-

curacy. These characteristics make LSTM particularly well-suited for forecasting

energy generation and demand, where patterns evolve across multiple time scales.

In this context, the forecasting problem of time series representing wind and solar

generation, as well as energy demand, can be formulated as a sequence-to-sequence

regression task. The objective is to find a function 𝑓 : 𝑑𝑘−𝑛:𝑘 → 𝑑𝑘+1 to forecast

feedforward of past observations to a sequence of future values, effectively capturing

the underlying temporal dynamics in the data, where the output d̂ ⊆ R𝑛𝑑 and inputs

d ⊆ R𝑛𝑑 , and 𝑘 is the current time step, 𝑛 is the historical window size and 𝑚 is

the future forecast horizon. This formulation is particularly suitable for multi-step

forecasting, where preserving the sequential dependencies between predicted values

is essential for accurate and reliable predictions. Therefore, LSTM is defined as:

d̂ = 𝑓(d;Θ,𝐿,𝑀 ) : R𝑛𝑑 → R𝑛𝑑 (2.16)

where d ∈ R𝑛𝑑 is the input, d̂ ∈ R𝑛𝑑 is the output, Θ is a parameter containing the

value of the corresponding synaptic weights and bias, 𝐿 is the number of hidden

layers and𝑀 is the number of neurons in each hidden layer. In this case, we propose
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three LSTM networks, each with one input and one output.

𝑑1 : {𝑃𝑠𝑜𝑙𝑎𝑟(𝑘 − 𝑛), . . . , 𝑃𝑠𝑜𝑙𝑎𝑟(𝑘)} → 𝑑1 : {𝑃𝑠𝑜𝑙𝑎𝑟(𝑘 + 1)} (2.17)

𝑑2 : {𝑃𝑤𝑖𝑛𝑑(𝑘 − 𝑛), . . . , 𝑃𝑤𝑖𝑛𝑑(𝑘)} → 𝑑2 : {𝑃𝑤𝑖𝑛𝑑(𝑘 + 1)} (2.18)

𝑑3 : {𝑃𝑙𝑜𝑎𝑑(𝑘 − 𝑛), . . . , 𝑃𝑙𝑜𝑎𝑑(𝑘)} → 𝑑3 : {𝑃𝑙𝑜𝑎𝑑(𝑘 + 1)} (2.19)

Training data were collected from the Brazilian Chamber of Electric Energy

Commercialization (CCEE) (CCEE 2024) between 2020 and 2023 in the city of

Guanambi, Bahia, Brazil, as shown in Figures 2.4, 2.5, and 2.7.

In deep learning-based models, the main goal is to train the model using previ-

ously observed data and then apply it to make predictions on new data. To prevent

the model from simply memorizing the training data – instead of learning the un-

derlying properties of the system – it is common practice to split the dataset into

three subsets: (i) training, used to adjust the model’s weights and enable it to learn

the system dynamics; (ii) testing, used to monitor the model’s performance during

training and assist in hyperparameter tuning; and (iii) validation, used to evaluate

the model’s final performance after training. Table 2.1 summarizes the proportion

allocated to each subset for the three LSTM-based models.

Table 2.1: Division of the dataset.

Disturbance Train /(%) Test /(%) Validation /(%)

Solar 75 15 10

Wind 75 15 10

Load 75 15 10

The definition of the neural network hyperparameters was carried out experi-

mentally, considering the specific characteristics of the problem and best practices

reported in the literature. The adoption of a single LSTM layer proved sufficient

to ensure satisfactory performance, in line with previous studies indicating the ef-

fectiveness of simplified structures in similar scenarios (Hochreiter & Schmidhuber

1997b, Greff et al. 2017). The learning rate was selected within a range commonly

used in related works (0.001 to 0.01), ensuring stability in model convergence (Ben-

gio 2012, Smith 2017). The number of neurons in each layer was initially defined

based on values found in the literature and later adjusted according to the loss
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Table 2.2: Hyperparameters adopted for the optimization.

Hyperparameter Solar Wind Load

Hidden layers (L) 1 1 1

Neurons (M) 60 60 90

Epochs (E) 500 500 500

Learning rate 0.001 0.001 0.001

Batch size 32 32 32

Backward window 24 4 6

function evolution, following empirical optimization recommendations (Bergstra &

Bengio 2012, Kelleher 2019). The batch size was chosen based on the hardware

configuration Dell G15 laptop with 16GB RAM and an NVIDIA RTX 3050 GPU

(NVIDIA Corporation 2023). The number of epochs was determined by observing

the stabilization of the loss function, a widely adopted criterion to avoid overfitting

(Prechelt 1998). The size of the backward window was defined according to the

characteristics of each variable. For solar generation, a window of 24 time steps was

used to allow the network to capture the daily seasonal cycle. For wind generation,

a shorter window of 4 time steps was sufficient to represent the hourly dynamics.

In the case of energy consumption, a 6-step window was adopted, reflecting the

recurring cyclical behavior observed approximately every six hours.

The optimization problem was solved using the ADAM algorithm (Jais et al.

2019), implemented in Python through the TensorFlow library (Developers 2022).

Thus, the optimization problem can be formulated as:

min
Θ

1

𝑛𝑡𝑟𝑎𝑖𝑛

𝑛𝑡𝑟𝑎𝑖𝑛∑︁
𝑖=1

⃒⃒⃒
|d̂− d𝑡𝑟𝑎𝑖𝑛

⃦⃦⃦2
𝑖

(2.20)

Subject to (2.17), (2.18) or (2.19).

For model test, the Mean Squared Error (MSE) loss function was used.

MSEtest =
1

𝑛𝑡𝑒𝑠𝑡

𝑛𝑡𝑒𝑠𝑡∑︁
𝑖=1

(︁
d̂− d𝑡𝑒𝑠𝑡

)︁2
𝑖

(2.21)

The proposed LSTM model follows a Nonlinear AutoRegressive (NAR) struc-

ture, as it generates predictions based solely on past values of the system’s output.

Operating in discrete time steps, the network produces one-step-ahead forecasts
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that are recursively fed back into the model to enable multi-step predictions. In

this recursive forecasting scheme, each predicted output becomes part of the input

for the subsequent step, requiring the internal states of the network to be updated

iteratively to accurately capture the sequential dynamics of the system. This appro-

ach, which excludes exogenous inputs, aligns with the NAR paradigm as defined by

Connor et al. (1994), and has been further developed in hybrid modeling contexts,

such as in Zhang (2003).

2.6 Model of a microgrid

Another fundamental equation in the microgrid model is the power balance at the

busbar, which ensures that the total power injected equals the total power consumed

by loads, storage systems, and other connected components. This equation embodies

the principle of energy conservation and is essential for maintaining the physical

feasibility of the model. It is expressed as:

𝑃𝑠𝑜𝑙𝑎𝑟 + 𝑃𝑏𝑎𝑡 + 𝑃𝑔𝑟𝑖𝑑 − 𝑃𝑙𝑜𝑎𝑑 = 0 (2.22)

Here, 𝑃𝑠𝑜𝑙𝑎𝑟 is the photovoltaic power, 𝑃𝑠𝑜𝑙𝑎𝑟 is the wind power, 𝑃𝑏𝑎𝑡 the battery

charge/discharge power, and 𝑃𝑔𝑟𝑖𝑑 the power exchanged with the main grid.

Figure 2.8 shows a power converter shows a power converter where the actuation

sides are indicated as Node Side (NS) and Component Side (CS).

Figure 2.8: Efficiency consideration for power converters.

This mathematics is defined by:

𝑃𝑖 =

⎧⎨⎩Leaving the microgrid node 𝑖𝑓 𝑃𝑖 > 0

Entering the microgrid node 𝑖𝑓 𝑃𝑖 < 0
(2.23)
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𝑃𝑖 is power with the subscript 𝑖 indicating one of the components of the microgrid.

With Equation (2.4), Equation (2.22), it is possible to obtain a linear algebraic

state-space model in discrete time, as given by,

[︁
𝑆𝑂𝐶(𝑘 + 1)

]︁
⏟  ⏞  

x(𝑘+1)

=
[︁
1

]︁
⏟ ⏞ 
A

[︁
𝑆𝑂𝐶(𝑘)

]︁
⏟  ⏞  

x(𝑘)

+

[︂
𝑇𝑠𝜂𝑏𝑎𝑡
𝐶𝑏𝑎𝑡

0 0 0

]︂
⏟  ⏞  

B

⎡⎣𝑃𝑏𝑎𝑡(𝑘)

𝑃𝑔𝑟𝑖𝑑(𝑘)

⎤⎦
⏟  ⏞  

u(𝑘)

(2.24)

[︁
1 1

]︁
⏟  ⏞  

D𝑢

⎡⎣𝑃𝑏𝑎𝑡(𝑘)

𝑃𝑔𝑟𝑖𝑑(𝑘)

⎤⎦
⏟  ⏞  

u(𝑘)

+
[︁
1 −1

]︁
⏟  ⏞  

D𝑑

+

⎡⎣𝑃𝑠𝑜𝑙𝑎𝑟(𝑘)

𝑃𝑙𝑜𝑎𝑑(𝑘)

⎤⎦
⏟  ⏞  

d(𝑘)

= 0 (2.25)

storage levels x(𝑘) ∈ R𝑛𝑥 are influenced by the manipulated input u(𝑘) ∈ R𝑛𝑢,

representing battery charging/discharging and grid power transactions. Disturban-

ces d(𝑘) ∈ R𝑛𝑑 account for solar photovoltaic and load power variations. System

dynamics are defined by matrices A, B, C, D𝑢, and D𝑑 of appropriate dimensions.

2.7 Model in AVEVA process simulation

To represent a scenario closer to real operating conditions, the microgrid was mode-

led in AVEVA Process Simulation, which includes a dedicated library for renewable

energy systems. The configuration proposed by Alarcón et al. (2022). was adapted

and implemented in this environment, enabling detailed simulation of its components

and evaluation of its performance under different operating conditions as shown in

Figure 2.9.

Figure 2.9: Residential microgrid modeled in AVEVA Process Simulation.
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The microgrid consists of photovoltaic panels, a residential load, a battery bank,

and access to the main power grid. The component details are summarized in Table

2.

Table 2.3: Symbols and descriptions of the components modeled in AVEVA Process Simulation.

Symbol Description

SF1 Photovoltaic panel

S1,C1, C2, C4, C3, C5, C6, C7, C9, C10, C11 Conductor wire

C8 Load Consumer

G1 Main power grid

T1, T2 Transformer

I1 Inverter

REC1 Rectifier

BR1, BR2, BR3 Breaker

B1 Busbar

B2 Battery

2.8 Python-AVEVA Integration

The integration between Python and AVEVA was achieved through the SimCen-

tralConnect class, which uses the pythonnet library to dynamically load the .NET

assembly SimCentral.Client.Auto and establish an automation session (ScAutoma-

tion). To ensure portability across installations and versions, the routine employs a

hierarchical client discovery: (i) paths already present in the Python environment;

(ii) the directory defined by the environment variable (including the Scripting/Dot-

NetFwk subfolders); and (iii) Windows Registry keys (HKCU/HKLM, including

WOW6432Node). Once the assembly is located, the session is created via Connect

or ConnectWithOptions, allowing optional execution logging (LogFile) for audita-

bility. This Python–.NET bridge enables, in a programmatic and reproducible way,

opening AVEVA Process Simulation models, reading and writing properties, trig-

gering steady-state or dynamic runs, and collecting time-series data for variables of

interest.
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Chapter 3

A two-layer MPC strategy for

energy management system

This chapter proposes a Quadratic Programming (QP)-based Model Predictive Con-

trol (MPC) formulation for energy management in microgrids. Traditionally, this

type of problem is approached through an MPC law based on a Nonlinear Program-

ming (NLP) formulation, due to the presence of a complementarity constraint that

makes the problem nonlinear. In the proposed approach, this constraint is suitably

removed, allowing the reformulation of the problem as a QP, thereby reducing the

number of decision variables of the resulting optimization problem. To evaluate the

benefits of the proposed QP-based approach, a case study was conducted using the

AVEVATM Process Simulation integrated with Python. The results demonstrate

that the QP formulation offers advantages such as greater numerical robustness,

faster convergence of the optimization algorithm, and reduced computational time.

These characteristics highlight the potential of the proposed methodology for real-

time applications and confirm its feasibility for large-scale deployment and industrial

implementation, where reliability and computational efficiency are critical require-

ments..

The text included here is partially published in the Simpósio Brasileiro de Au-

tomação Inteligente:

CALHAU, F. A. S.; MEIRA, R. L.; BISPO, H.; MARTINS, M. A. F. A two-

layer MPC strategy for microgrid energy management within a software-in- the-loop

scheme with AVEVA Process Simulation. XVII Simpósio Brasileiro de Automação

Inteligente. São João del Rey: 2025.
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3.1 Revisiting two-Layer MPC based on nonli-

near programming

Alarcón et al. (2022) proposed a residential microgrid composed of photovoltaic pa-

nels, a lithium-ion battery system, consumer loads, and a connection to the main

electrical grid. Figure 3.1 provides a schematic representation of the architecture,

highlighting the interconnections among components and the overall system inte-

gration.

Figure 3.1: Architecture for residential microgrid. (Adapted from Alarcón et al. 2022.)

To derive a discrete-time linear state-space model for this microgrid, the concepts

introduced in Chapter 2 are applied. The state-of-charge dynamics are modeled

using Equation (2.5), while the power balance is represented by Equation(2.22).

Accordingly, the model is formulated as follows:

[︁
𝑆𝑂𝐶(𝑘 + 1)

]︁
⏟  ⏞  

x(𝑘+1)

=
[︁
1

]︁
⏟ ⏞ 
A

[︁
𝑆𝑂𝐶(𝑘)

]︁
⏟  ⏞  

x(𝑘)

+

[︂
𝑇𝑠𝜂𝑏𝑎𝑡
𝐶𝑏𝑎𝑡

− 𝑇𝑠

𝐶𝑏𝑎𝑡𝜂𝑏𝑎𝑡
0 0

]︂
⏟  ⏞  

B

⎡⎢⎢⎢⎢⎢⎢⎣
𝑃𝑏𝑎𝑡,𝑐(𝑘)

𝑃𝑏𝑎𝑡,𝑑(𝑘)

𝑃𝑔𝑟𝑖𝑑,𝑠(𝑘)

𝑃𝑔𝑟𝑖𝑑,𝑝(𝑘)

⎤⎥⎥⎥⎥⎥⎥⎦
⏟  ⏞  

u(𝑘)

(3.1)
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[︁
1 −1 −1 1

]︁
⏟  ⏞  

D𝑢

⎡⎢⎢⎢⎢⎢⎢⎣
𝑃𝑏𝑎𝑡,𝑐(𝑘)

𝑃𝑏𝑎𝑡,𝑑(𝑘)

𝑃𝑔𝑟𝑖𝑑,𝑠(𝑘)

𝑃𝑔𝑟𝑖𝑑,𝑝(𝑘)

⎤⎥⎥⎥⎥⎥⎥⎦
⏟  ⏞  

u(𝑘)

+
[︁
1 −1

]︁
⏟  ⏞  

D𝑑

+

⎡⎣𝑃𝑠𝑜𝑙𝑎𝑟(𝑘)

𝑃𝑙𝑜𝑎𝑑(𝑘)

⎤⎦
⏟  ⏞  

d(𝑘)

= 0 (3.2)

The economic cost function optimizes microgrid performance by minimizing

energy purchases to promote self-sufficiency and maximizing energy sales to ensure

economic viability (ℓ𝑔𝑟𝑖𝑑). Battery-related costs are also considered and include: cell

replacement (ℓ𝑏𝑎𝑡1), representing the cost of replacing each battery cell as it under-

goes charge and discharge cycles; charge/discharge degradation (ℓ𝑏𝑎𝑡2), included to

minimize the impact of voltage and current on battery lifespan; and state-of-charge

variation (ℓ𝑏𝑎𝑡3), which mitigates abrupt charge/discharge cycles to preserve battery

integrity.

The microgrid is assumed to operate in grid-connected mode, and the MPC

strategy is designed to maximize energy export to the main grid. To support this

objective, different electricity tariffs for buying and selling are considered. These

tariffs vary throughout the day according to three predefined time periods: peak

(6:00 p.m. to 11:59 p.m.), off-peak (11:00 p.m. to 5:59 a.m.), and intermediate

(6:00 a.m. to 5:59 p.m.). The corresponding prices are presented in Table 3.1.

Table 3.1: Price of electricity.

Zone Time /(h) Price /($/kWh)

Peak from 6:00 p.m. to 11:59 p.m. 0.015

Off-peak from 11:00 p.m. to 5:59 a.m 0.1

Intermediate from 6:00 a.m. to 5:59 p.m 0.05

The expression representing the cost associated with grid usage is given by:

ℓ𝑔𝑟𝑖𝑑(𝑢(𝑘),𝑝𝑒) = 𝑝𝑒(𝑘)𝑇𝑠[𝜆1𝑃𝑔𝑟𝑖𝑑,𝑝(𝑘)− 𝜆2𝑃𝑔𝑟𝑖𝑑,𝑠(𝑘)], (3.3)

where 𝑝𝑒 is the price of electricity, 𝑃𝑔𝑟𝑖𝑑,𝑝 is the power purchase to and 𝑃𝑔𝑟𝑖𝑑,𝑠(𝑘) the

power sale to grid, 𝜆1 and 𝜆2, respectively, to adjust energy selling strategies.
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With the knowledge of the replacement value 𝐶𝑟𝑒 and the capacity for storing

nominal energy 𝐶𝑊ℎ for the system’s batteries, it can be deduced that:

ℓ𝑏𝑎𝑡1 =
𝐶𝑟𝑒𝑇𝑠

𝐶𝑊ℎ

[𝜆3𝑃𝑏𝑎𝑡,𝑐(𝑘) + 𝜆4𝑃𝑏𝑎𝑡,𝑑(𝑘)], (3.4)

This term quantifies a usage cost associated with the stored energy, where 𝜆3 and

𝜆4 are weighting coefficients that assign greater or lesser priority to this objective

within the overall optimization framework.

One of the internal factors that affect battery life expectancy is the magnitude of

the currents during operation. Therefore, by considering the charging and dischar-

ging power values along with the nominal voltage and current ratings of the battery

bank, the following relationship can be established:

ℓ𝑏𝑎𝑡2 = 𝜆5
𝑃𝑏𝑎𝑡,𝑐(𝑘) + 𝑃𝑏𝑎𝑡,𝑑(𝑘)

𝑉𝑏𝑎𝑡𝐼𝑏𝑎𝑡
(3.5)

where 𝜆5 to minimize economic and operational impacts.

Another factor that affects the aging cycle is the average state of charge, as

well as abrupt fluctuations that may occur over time. The degradation process

becomes more pronounced when there are significant changes in the state of charge

between consecutive time intervals. To mitigate this undesirable effect, the following

weighted quadratic function is proposed:

ℓ𝑏𝑎𝑡,3 = ‖𝑥(𝑘 + 1)− 𝑥(𝑘)‖2𝑄𝑏𝑎𝑡
(3.6)

The function integrates these aspects to ensure system efficiency and viability.

ℓ𝑒𝑐𝑜(𝑥(𝑘),𝑢(𝑘),𝑝𝑒(𝑘)) =
ℓ𝑔𝑟𝑖𝑑⏞  ⏟  

𝑝𝑒(𝑘)𝑇𝑠[𝜆1𝑃𝑔𝑟𝑖𝑑,𝑝(𝑘)− 𝜆2𝑃𝑔𝑟𝑖𝑑,𝑠(𝑘)]

+

ℓ𝑏𝑎𝑡1⏞  ⏟  
𝐶𝑟𝑒𝑇𝑠

𝐶𝑊ℎ

[𝜆3𝑃𝑏𝑎𝑡,𝑐(𝑘) + 𝜆4𝑃𝑏𝑎𝑡,𝑑(𝑘)]

+

ℓ𝑏𝑎𝑡2⏞  ⏟  
𝜆5

𝑃𝑏𝑎𝑡,𝑐(𝑘) + 𝑃𝑏𝑎𝑡,𝑑(𝑘)

𝑉𝑏𝑎𝑡𝐼𝑏𝑎𝑡
+

ℓ𝑏𝑎𝑡3⏞  ⏟  
‖𝑥(𝑘 + 1)− 𝑥(𝑘)‖2𝑄𝑏𝑎𝑡

(3.7)

The microgrid operation is optimized by balancing power purchase 𝑃𝑔𝑟𝑖𝑑,𝑝(𝑘) and

sale 𝑃𝑔𝑟𝑖𝑑,𝑠(𝑘) to the grid, weighted by 𝜆1 and 𝜆2, respectively, to adjust energy sel-

ling strategies. Battery charging 𝑃𝑏𝑎𝑡,𝑐(𝑘) and discharging 𝑃𝑏𝑎𝑡,𝑑(𝑘) are weighted by
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𝜆3 and 𝜆4, adjusted to balance their influence. The model includes the cell repla-

cement cost 𝐶𝑟𝑒 and coefficient 𝜆5 to minimize economic and operational impacts,

considering battery voltage 𝑉𝑏𝑎𝑡, current 𝐼𝑏𝑎𝑡 and 𝑝𝑒(𝑘) the electricity price. This

ensures efficient and economically viable energy management.

Based on this formulation, the control law executed at time step 𝑘 with x(𝑘)

known, given by:

min
u𝑘,x𝑠,u𝑠

𝑉𝑘 =
𝑁−1∑︁
𝑗=0

||x(𝑘 + 𝑗|𝑘)− x𝑠||2Q + ||∆u(𝑘 + 𝑗|𝑘)||2R

+ ||u(𝑘 + 𝑗|𝑘)− u𝑠||2Q𝑢
+ ||x𝑠 − x𝑒||2Q𝑥

+ ||u𝑠 − u𝑒||2Q𝑠
(3.8)

Subject to (3.1), (3.2) and to:

x𝑠 = Ax𝑠 +Bu𝑠, (3.9)

B𝑢u𝑠(𝑘) +B𝑑d(𝑘) = 0, (3.10)

x(𝑘 +𝑁 |𝑘) = x𝑠, (3.11)

x ∈ X, x𝑠 ∈ X, (3.12)

u ∈ U, u𝑠 ∈ U, (3.13)

where u𝑘 is the entire sequence of calculated optimal inputs, u𝑠 and x𝑠is the artificial

reference point, representing the best steady-state-input pair the con trolled system

can reach in 𝑁 steps, at the current time. Q, Q𝑥, Q𝑠 and Q𝑢 are assumed to be

positive semi-definite tuning matrices, while R are positive definite tuning matrices,

each of appropriate dimensions.

Regarding constraints, (3.9) and (3.10) ensures the artificial reference is a sys-

tem equilibrium and (3.11) enforces a terminal equality constraint, requiring the

predicted state to match the artificial reference at the end of the control horizon.

Constraints (3.12) and (3.23) define bounds on states and inputs, with (3.24) and

(3.15) as compact-convex sets for feasible regions.

X = {x ∈ R𝑛𝑥 | xmin ≤ x ≤ xmax} , (3.14)

U =

⎧⎨⎩u ∈ R𝑛𝑢
⃒⃒⃒ umin ≤ u ≤ umax,

u𝑖(𝑘)u𝑖+1(𝑘) = 0, 𝑖 = 1 and 3

⎫⎬⎭ . (3.15)

40



The constraint u𝑖(𝑘)u𝑖+1(𝑘) = 0 for 𝑖 = 1 and 𝑖 = 3 introduces nonlinearity into the

optimization problem. Specifically, considering the control vector u(𝑘) as defined

in the table, where each element is indexed from 1 to 4, this constraint enforces

that the product of certain consecutive control inputs must be zero. These elements

are defined as: 𝑢1(𝑘) = 𝑃𝑏𝑎𝑡,𝑐(𝑘), 𝑢2(𝑘) = 𝑃𝑏𝑎𝑡,𝑑(𝑘), 𝑢3(𝑘) = 𝑃𝑔𝑟𝑖𝑑,𝑝(𝑘), and 𝑢4(𝑘) =

𝑃𝑔𝑟𝑖𝑑,𝑠(𝑘). Therefore, for 𝑖 = 1 and 𝑖 = 3, the constraint specifically targets mutually

exclusive operating modes: charging and discharging of the battery, and importing

and exporting power to/from the electrical grid, respectively.

The explicit modeling of charging and discharging power seeks to more accu-

rately capture the dynamic behavior of the battery. However, this formulation

introduces substantial challenges, as it splits a single physical variable into two

artificial control inputs, thereby requiring the enforcement of a complementarity

constraint (𝑃𝑏𝑎𝑡,𝑐(𝑘) · 𝑃𝑏𝑎𝑡,𝑑(𝑘) = 0) to prevent simultaneous charging and dischar-

ging. While this constraint is physically consistent, it introduces discontinuities

into the solution space, making the optimization problem non-differentiable. As a

result, gradient-based optimization methods – widely used for their computational

efficiency – become unsuitable or ineffective. Furthermore, the presence of comple-

mentarity conditions may cause convergence issues, increase computational time,

and hinder real-time implementation of the control strategy.

The controller formulation requires prior knowledge of the economically optimal

equilibrium point (x𝑒,ue), determined by solving a static optimization problem in

an economic steady-state target layer.

min
x𝑒,ue

ℓ𝑒𝑐𝑜 (3.16)

s.t: x𝑒 = Ax𝑒 + Bu𝑒, (3.17)

xe ∈ X, ue ∈ U. (3.18)

3.2 Propose two-Layer MPC based on quadratic

programming

To reformulate the problem as a Quadratic Programming (QP) problem, the mo-

deling framework introduced in Chapter 2 is adopted. Specifically, Equation (2.4)
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is used to represent the state-of-charge dynamics, while Equation (2.22) defines the

power balance. Accordingly, the resulting formulation is given as follows:

[︁
𝑆𝑂𝐶(𝑘 + 1)

]︁
⏟  ⏞  

x(𝑘+1)

=
[︁
1

]︁
⏟ ⏞ 
A

[︁
𝑆𝑂𝐶(𝑘)

]︁
⏟  ⏞  

x(𝑘)

+

[︂
𝑇𝑠𝜂𝑏𝑎𝑡
𝐶𝑏𝑎𝑡

0 0 0

]︂
⏟  ⏞  

B

⎡⎣𝑃𝑏𝑎𝑡(𝑘)

𝑃𝑔𝑟𝑖𝑑(𝑘)

⎤⎦
⏟  ⏞  

u(𝑘)

(3.19)

[︁
1 1

]︁
⏟  ⏞  

D𝑢

⎡⎣𝑃𝑏𝑎𝑡(𝑘)

𝑃𝑔𝑟𝑖𝑑(𝑘)

⎤⎦
⏟  ⏞  

u(𝑘)

+
[︁
1 −1

]︁
⏟  ⏞  

D𝑑

+

⎡⎣𝑃𝑠𝑜𝑙𝑎𝑟(𝑘)

𝑃𝑙𝑜𝑎𝑑(𝑘)

⎤⎦
⏟  ⏞  

d(𝑘)

= 0 (3.20)

This reformulation enables the problem to be modeled as a QP problem by

considering battery power as a single variable, where the sign indicates the mode of

operation: negative for discharging and positive for charging. Unlike the previous

approach, which used two separate variables with distinct efficiencies for charging

and discharging, this simplification eliminates the need for such a separation. As

discussed in Chapter 2, this transformation is valid when the battery efficiency is

close to 1 – a condition often observed in practice.

By rewriting the economic cost function to conform with a QP formulation, we

obtain:

ℓ𝑒𝑐𝑜(𝑥(𝑘),𝑢(𝑘),𝑝𝑒(𝑘)) = −𝜆𝑔𝑟𝑖𝑑𝑝𝑒(𝑘)𝑃𝑔𝑟𝑖𝑑(𝑘)𝑇𝑠 +
𝐶𝑟𝑒

𝐶𝑊ℎ

𝜆𝑏𝑎𝑡𝑃𝑏𝑎𝑡(𝑘)+

+𝜆𝑏𝑎𝑡2
𝑃𝑏𝑎𝑡(𝑘)

𝑉𝑏𝑎𝑡𝐼𝑏𝑎𝑡
+ ||𝑥(𝑘 + 1)− 𝑥(𝑘)||2𝑄𝑏𝑎𝑡

(3.21)

where 𝑃𝑔𝑟𝑖𝑑(𝑘) denotes the power exchanged with the main grid (positive for sel-

ling and negative for purchasing), and 𝑃𝑏𝑎𝑡(𝑘) represents the battery’s charging/dis-

charging power. The constants 𝜆𝑔𝑟𝑖𝑑 and 𝜆𝑏𝑎𝑡 are weighting factors that prioritize

energy selling and battery charging when set to lower values. Additionally, 𝜆𝑏𝑎𝑡2 is

a degradation-related weight; reducing its value increases the emphasis on battery

aging during charging. This formulation allows for efficient and balanced system

operation by aligning economic objectives with operational constraints.

The control law executed at time step 𝑘 with x(𝑘) known, given by:

min
u𝑘,x𝑠,u𝑠

𝑉𝑘 =
𝑁−1∑︁
𝑗=0

||x(𝑘 + 𝑗 + 1)− x𝑠||2Q + ||∆u(𝑘 + 𝑗)||2R
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+ ||u(𝑘 + 𝑗)− u𝑠||2Q𝑢
+ ||x𝑠 − x𝑒||2Q𝑥

+ ||u𝑠 − u𝑒||2Q𝑠
(3.22)

Subject to (3.19), (3.20), (3.9), (??), (3.10), (3.11), (3.12) and to:

u ∈ U, u𝑠 ∈ U, (3.23)

Therefore, by removing the complementarity constraint, a new set of input variables

is defined as follows:

U = {u ∈ R𝑛𝑢 | umin ≤ u ≤ umax} (3.24)

The controller formulation requires prior knowledge of the economically optimal

equilibrium point (x𝑒,u𝑒), which is obtained by solving a static optimization problem

within the economic steady-state target layer, as defined in Equations (3.16), (3.17),

and (3.18).

Table 3.2 summarizes the differences between the controllers NLP-based MPC

and QP-based MPC.

Table 3.2: Differences between manipulated variables and bounds constraints.

NLP-based MPC QP-based MPC

u(𝑘) =

⎛⎜⎜⎜⎜⎜⎜⎝
𝑃𝑏𝑎𝑡,𝑐(𝑘)

𝑃𝑏𝑎𝑡,𝑑(𝑘)

𝑃𝑔𝑟𝑖𝑑,𝑝(𝑘)

𝑃𝑔𝑟𝑖𝑑,𝑠(𝑘)

⎞⎟⎟⎟⎟⎟⎟⎠ u(𝑘) =

⎛⎝𝑃𝑏𝑎𝑡(𝑘)

𝑃𝑔𝑟𝑖𝑑(𝑘)

⎞⎠
⎛⎜⎜⎜⎜⎜⎜⎝
0 kW

0 kW

0 kW

0 kW

⎞⎟⎟⎟⎟⎟⎟⎠ ≤ u(𝑘) ≤

⎛⎜⎜⎜⎜⎜⎜⎝
2.4 kW

2.4 kW

3.0 kW

2.1 kW

⎞⎟⎟⎟⎟⎟⎟⎠
⎛⎝−2.4 kW

−2.1 kW

⎞⎠ ≤ u(𝑘) ≤

⎛⎝2.4 kW

3.0 kW

⎞⎠

Q = 1% Q = 1%

Q𝑥 = 1% Q𝑥 = 1%

R = diag(1, 1, 1, 1) kW R = diag(1, 1) kW

Q𝑢 = diag(1, 1, 1, 1) kW Q𝑢 = diag(1, 1) kW

Q𝑠 = diag(1, 1, 1, 1) kW Q𝑠 = diag(1, 1) kW
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Remark 3.1 The weights R, Q𝑢, and Q𝑠 for the NLP-based MPC and QP-based

MPC are normalized by the maximum value of the corresponding variable to ensure

compatibility with Q.

3.3 Simulation and results

To assess the impact of transitioning from an NLP-based MPC to a QP-based MPC

in a microgrid energy management system, simulations were conducted using Python

3.12 and AVEVATM Process Simulation, modeled according to Section 2.7 of Chap-

ter 2. For the NLP formulation, the minimize function from the SciPy library was

employed – using the Sequential Quadratic Programming (SQP) algorithm (Gom-

mers et al. 2022). For the QP formulation, the CVXOPT framework was used

(Andersen et al. 2020).

In Figure 3.2, a block diagram of the proposed control loop for the residential

microgrid is presented.

Figure 3.2: Block diagram of EMS. Where 𝑃𝑒($/𝑘𝑊ℎ) is electrical price, xe and ue are equilibrium

point, u(𝑘) is input, y(𝑘) is output, and x(𝑘 + 1) is measured process output.

Finally, it is important to highlight the use of the Kalman filter in Figure 3.2,

which is employed to re-estimate the artificial states of the controller’s linear model.

Furthermore, as in the state-space model, the Kalman gain is updated successively.

The results of the MPC controller are presented in Figures 3.3. Figures 3.3(a)

and 3.3(c) correspond to the QP-based MPC, while Figures 3.3(b) and 3.3(d) cor-

respond to the NLP-based MPC. Subfigures (a) and (b) display the manipulated

variables and external disturbances; in these plots, positive values represent battery
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discharging and energy purchased from the grid, whereas negative values indicate

battery charging and energy exported to the grid. Subfigures (c) and (d) illustrate

the evolution of the battery state of charge over time.

Figure 3.3: Comparison between QP-based and NLP-based MPC strategies. Subplots (a) and (c)

correspond to the QP-based MPC, while (b) and (d) represent the NLP-based MPC. Subplots

(a) and (b) show the manipulated variables and disturbances: 𝑃bat denotes the power exchanged

with the battery bank, 𝑃grid the power purchased from or sold to the grid, 𝑃solar the available

solar generation, and 𝑃load the power demand. Subplots (c) and (d) display the battery’s state

of charge 𝑆𝑂𝐶(𝑘), where 𝑆𝑂𝐶𝑒 is the economic target, 𝑆𝑂𝐶min,max define the operational limits,

and 𝑆𝑂𝐶𝑠𝑠 is the artificial steady-state reference.

In both simulations, the battery’s initial state of charge was set to 𝑆𝑂𝐶(0) = 45.

Figures 3.3(a) and 3.3(c) demonstrate that the controller operates optimally and in
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real time, consistently satisfying constraints on manipulated variables and battery

charge. During periods of high renewable generation, the system prioritizes selling

surplus energy, maintaining this strategy throughout the simulation.

However, the NLP formulation splits a single physical variable into two, which

can create challenges in controller tuning, especially in defining the R matrix. One

example occurs when adjusting the battery charging parameters, which requires ca-

reful consideration of the corresponding discharge values and may lead to conflicts

between the algorithm’s objectives. This problem is illustrated in Figure 3.4(b),

where the algorithm oscillates between feasible and infeasible solutions over time.

The abrupt variation in the optimization status indicates that, although feasible

solutions are often found, they quickly revert to infeasibility, revealing a lack of

robustness in the optimization process. This instability arises from violations of

the complementarity constraint at certain points, since the conflict between char-

ging/discharging and buying/selling causes these actions to occur simultaneously,

preventing the power balance — represented by the Equation (3.2) — from reaching

zero, as shown in Figure 3.4(c). In contrast, throughout the entire simulation, the

QP-based formulation fully satisfies the equality constraint.

The fundamental cause of this issue lies in the nature of the nonlinear constraint,

as shown in Equation 3.15. This constraint imposes a complementarity condition,

requiring at least one of the variables to be zero, which makes the problem non-

differentiable and non-convex. These characteristics significantly hinder the appli-

cation of gradient-based methods. Furthermore, the combinatorial nature of this

constraint forces the algorithm to alternate between two mutually exclusive states –

such as charging or discharging the battery, or buying and selling energy – behavior

that resembles a discrete problem and is inherently incompatible with continuous,

gradient-based approaches.

As a result, in transition regions where both variables may take positive values

or are near the switching point, the gradient becomes ill-defined, impairing the

algorithm’s convergence. This typically occurs during abrupt changes in energy

generation: for example, when there is a surplus of generated energy, the controller

chooses to charge the battery or sell to the grid; in the following time step, with

reduced availability, it must discharge the battery or draw energy from the grid. Such
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abrupt shifts lead to oscillations between feasible and infeasible solutions, making it

difficult for the numerical solver to consistently satisfy the constraints.

Even if a suitable tuning is found for the NLP formulation, allowing feasible

solutions, an increasing discrepancy between the plant and the model can degrade

the performance of the controller’s weights, leading the system to infeasible solutions.

Figure 3.4: The optimization status and constraint violation of (a) and (c) QP-based MPC and

(b) and (d) NLP-based MPC. The status indicate: 1 (converged) and -2 (did not converge). It is

accompanied by a figure comparing the performance of the two methods.

In contrast, in the QP formulation, the use of a single variable to represent the

battery simplifies the tuning process, facilitating the definition of the algorithm’s

objectives. Figure 3.4(a) shows that this approach enhances the optimizer’s conver-

gence, which remains stable throughout the entire simulation. This strategy exhibits

greater robustness and efficiency in solving the optimization problem. Furthermore,

in the absence of nonlinear constraints, all other constraints are strictly satisfied, as

evidenced by the dimensionless violation shown in Figure 3.4(c), with values on the
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order of 10−13, which are residual and consistent with the solver’s numerical error.

In Figure 3.5, it can be observed that the QP-based MPC approach achieves

execution times up to 70% shorter compared to the NLP-based approach. Further-

more, Figure 3.5(a) stands out from Figure 3.5(b) by exhibiting significantly lower

variability in execution times, indicating that the corresponding method is more

consistent and predictable in its performance.

Figure 3.5: Comparison between the execution time of the two approaches: (a) execution time of

the QP-based MPC; (b) execution time of the NLP-based MPC.

In contrast, NLP-based MPC can achieve results comparable to those of the QP-

based approach, provided that proper tuning is performed—particularly in the R

matrix, which suppresses excessive movements of the manipulated variables. Howe-

ver, this process is more laborious, as it requires finding parameters that prevent

conflicts between charging/discharging and buying/selling actions. Moreover, this

formulation is more challenging for real-time applications due to its reliance on

computationally expensive iterative methods, which often fail to meet strict time

constraints. On the other hand, QP-based MPC is better suited for industrial-scale
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applications, offering greater computational efficiency and significantly shorter exe-

cution times. Its ease of integration with system dynamics and reduced sensitivity

to numerical precision loss further reinforce its position as the preferred choice for

real-time industrial applications, where speed, reliability, and extensibility are in-

dispensable.

In terms of extensibility, QP-based MPC excels in handling increasingly complex

systems, such as those involving multiple interconnected agents — like purchase-sell

operations among numerous suppliers and buyers, management of multiple batte-

ries, operation of green hydrogen plants, or coordination of large consumer networks.

While NLP-based approaches struggle with exponential increases in execution time

as binary variables and system complexity growth, QP-based MPC maintains effi-

ciency even with larger problem sizes, ensuring optimal solutions within acceptable

timeframes.

This efficient extensibility is crucial in modern industrial settings, in which ma-

naging multiple resources and dynamic interactions are essential. QP-based MPC

not only meets current demands but also provides a robust foundation for scaling

complex systems, making it the ideal approach for applications that require exten-

sibility without sacrificing performance.

3.4 Conclusion

In this chapter, a two-layer Model Predictive Control (MPC) strategy based on Qua-

dratic Programming (QP) was proposed for energy management in microgrids. The

main modification consisted of reformulating the state equation related to battery

storage: instead of treating charging and discharging power as separate variables, a

single power variable was adopted, with its sign indicating the mode of operation

— positive for charging and negative for discharging. This simplification enabled

the replacement of the Nonlinear Programming (NLP) formulation with a QP-based

approach, resulting in a convex control problem.

To validate the proposed method, a case study widely discussed in the litera-

ture was used, originally modeled with a nonlinear control law. Simulations were

carried out using the AVEVA process simulation environment and Python, through
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a software-in-the-loop strategy, allowing integration between the control model and

the simulated plant. The results showed that the QP-based control law achieved

significant improvements, including guaranteed optimal solutions, enhanced nume-

rical stability, and algorithm convergence, while also reducing computational time

and facilitating real-time implementation.

3.5 Appendix - Microgrid in AVEVA Process Si-

mulation

The microgrid modeled in AVEVA Process Simulation consists of a photovoltaic

panel, battery bank, consumer load and access to the main grid.

The SolarFarm model (Figure 3.6) calculates the output power of one or more

solar/photovoltaic panels. To determine the panel’s output power, the solar radi-

ance, area, and module efficiency must be provided. The solar radiation data from

the city of Avellaneda, Santa Fe province, Argentina.

Figure 3.6: Renewables SolarFarm.

The configurations used for modeling the photovoltaic panel are summarized in

Table 3.3.
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Table 3.3: Photovoltaic Panel Specifications.

Symbol Description Value

Nseries Number of panels in series 6

Nparallel Number of panels in parallel 2

A Area of single panel 1.635 m²

eta Efficiency from manufacturer 15%

alpha Cell temperature coefficient of power -0.47%/°C

V Voltage of a single panel 0.024 kV

Lsoil Losses from dirt and dust on panels 2%

Lshade Losses from shading of panels 3%

Lsnow Losses from snow covering panels 0%

Lmis Losses from mismatched voltage and current 2%

Lwire Losses from wiring 2%

Lconn Losses from electrical panel connections 0.5%

Lrate Losses from rated–actual output difference 1%

Lage Losses resulting from aged panels 0%

Lavail Losses from system shutdowns and maintenance 3%

The Battery model (Figure 3.7) allows the sizing of a lithium-ion battery bank,

the dynamic simulation of renewable energy storage, and its integration with exis-

ting models in the Renewables library. In the context of renewable energy storage,

lithium-ion batteries have recently become very popular due to their performance

and lifespan.

Figure 3.7: Battery Bank

The configurations used to model the battery bank are summarized in Table 3.4.
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Table 3.4: Photovoltaic Panel Specifications.

Symbol Description Value

Nseries Number of battery in series 4

Nparallel Number of battery in parallel 1

tau Runtime for supplying an output current 24 h

Ebank Bank energy 21120 Wh

Vbank Bank voltage 52.8 V

Qcell Capacity of single battery 400 Ah

Icurve Current from the discharge curve 715.085 A

Qexp Capacity between exponential and nominal zones 22.5 Ah

Vexp Voltage between exponential and nominal zones 52.8 V

Qnom Capacity between nominal and nominal zones 30 Ah

Vnom Capacity between nominal and nominal zones 52.8 Ah

The generator (Figure 3.8) is a simple electrical power source, either alternating

current (AC) or direct current (DC), that allows specifying the power contribution

from non-renewable sources to the grid by either directly defining the output power

or providing a supply curve. It can also operate as a consumer of mechanical power

or convert mechanical power into electrical power.

Figure 3.8: Generator

The configurations used to model the generator are summarized in Table 3.5.

Table 3.5: Photovoltaic Panel Specifications.

Symbol Description Value

Npoles Number of poles 2

P Generator output power 308 W

V Voltage 240 V

The inverter model converts direct current (DC) into alternating current (AC)
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within an electrical flow. In renewable energy systems, inverters are widely used to

transform the DC power generated by solar plants into AC power, enabling connec-

tion to the electrical grid.

In AVEVA Process Simulation, the inverter’s overall efficiency is calculated, by

default, using a quadratic loss model (Driesse et al. 2008). The default parame-

ters of this model were defined based on data obtained by the National Renewable

Energy Laboratory (NREL) from measurements conducted by the California Energy

Commission (Dobos 2013). The model is adjusted to match the inverter’s nominal

efficiency, allowing the overall efficiency to be determined as a function of the load

fraction. The default values (𝜂𝑛𝑜𝑚 = 96% and 𝜂𝑟𝑒𝑓 = 96.37% ) are suitable for most

applications but can be adapted to meet specific requirements. Alternatively, a cus-

tom efficiency curve can be provided to calculate inverter performance at different

load fractions.

The rectifier (Figure 3.9) model converts alternating current (AC) to direct cur-

rent (DC) for use in equipment such as electrolyzers for clean hydrogen produc-

tion. AVEVA Process Simulation offers three configurations: Half Wave, Full Wave

Bridge, and Ideal. The half wave rectifier, using a single diode, captures only half of

the AC waveform, reaching a maximum efficiency of 40.5%. The full wave bridge,

with four diodes, uses both halves of the waveform, achieving 81.1% efficiency for

single-phase AC (Vattanapuripakorn et al. 2022). In Ideal mode, efficiency is as-

sumed to be 100%. The software automatically accounts for these efficiencies and

allows specifying a secondary efficiency to include additional losses.

Figure 3.9: Rectifier in AVEVA.

The transformer (Figure 3.10) model steps up or steps down voltage in electrical

systems, for example, to increase voltage before transmission and reduce losses. In

AVEVA Process Simulation, efficiency is calculated using a standard curve (Roy-
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choudhury et al. 2014), which can be adjusted or replaced with a custom curve for

each load fraction.

Figure 3.10: Transformer in AVEVA Process Simulation.

The busbar (Figure 3.11) model is used to split and combine currents in a si-

mulation and supports simple voltage drop calculations. When multiple inputs are

connected to the busbar, it is possible to choose either to balance the input voltages

or to use the lowest input voltage. In this case, the voltages were balanced so that

they operate at the same nominal voltage.

Figure 3.11: Busbar in AVEVA.

The consumer (Figure 3.12) model in AVEVA is used to represent additional

electrical loads not directly modeled in the simulation, such as disturbances. Howe-

ver, in this case, the model was modified to represent a consumer load profile, not

to export excess power, but to create a demand profile that must be supplied as a

priority.

Figure 3.12: Consumer in AVEVA.

With this modification, the consumption profile shown in Figure 2.6 was added

to the AVEVA model.
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The Breaker (Figure 3.13) model is used to isolate sections of a grid by selectively

connecting or disconnecting power flows. When the Breaker is connected, the total

inlet power is passed to the outlet with no losses. When disconnected, no power

flows through the Breaker.

Figure 3.13: Breaker in AVEVA.
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Chapter 4

Two-layers MPC for energy

management systems embedding

neural network for forecasting

renewable energy generation and

demand

This chapter proposes a Model Predictive Control (MPC) framework for microgrid

management, using Artificial Neural Networks (ANNs) to forecast renewable energy

generation and load demand. These forecasts are integrated into a two-layer MPC

strategy based on quadratic programming to optimize real-time control and address

renewable source variability and demand uncertainty. A case study in Guanambi,

Bahia (Brazil) demonstrates the method’s effectiveness in improving energy effi-

ciency and enabling green hydrogen production through electrolysis. The results

highlight the potential of the MPC-ANN framework to drive sustainable energy

transitions and industrial decarbonization in distributed energy systems.

The text included here is partially published in the Congresso Brasileiro de En-

genharia Qúımica:

CALHAU, F. A. S.; SANTOS, P. R. J.; MEIRA, R. L.; MARTINS, M. A. F. An

MPC-based energy management system embedding neral networks for forecasting

renewable energy generation and demand: a study on green hydrogen production.

Congresso Brasileiro de Engenharia Qúımica. Belo Horizonte: 2025.
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4.1 Model Description

The proposed microgrid for analyzing the performance of the MPC-ANN is shown

in Figure 4.1. This microgrid consists of a wind power plant, a solar power plant, a

battery bank, access to the main grid, an electrolyzer, and hydrogen storage.

Figure 4.1: Architecture of a proposed microgrid.

To model the microgrid effectively, the concepts presented in Chapter 2 were

applied, including Equation (2.4), Equation (2.9), and Equation (2.22). Accordingly,

⎡⎣𝑆𝑂𝐶(𝑘 + 1)

𝑆𝐻𝐿(𝑘 + 1)

⎤⎦
⏟  ⏞  

x(𝑘+1)

=

⎡⎣1 0

0 1

⎤⎦
⏟  ⏞  

A

⎡⎣𝑆𝑂𝐶(𝑘)

𝑆𝐻𝐿(𝑘)

⎤⎦
⏟  ⏞  

x(𝑘)

+

⎡⎢⎣
𝑇𝑠𝜂𝑏𝑎𝑡
𝐶𝑏𝑎𝑡

0 0

0
𝑇𝑠𝜂𝐻2

𝐶𝐻2

0

⎤⎥⎦
⏟  ⏞  

B

⎡⎢⎢⎢⎣
𝑃𝑏𝑎𝑡(𝑘)

𝑃𝐻2(𝑘)

𝑃𝑔𝑟𝑖𝑑(𝑘)

⎤⎥⎥⎥⎦
⏟  ⏞  

u(𝑘)

(4.1)
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[︁
1 1 1

]︁
⏟  ⏞  

D𝑢

⎡⎢⎢⎢⎣
𝑃𝑏𝑎𝑡(𝑘)

𝑃𝐻2(𝑘)

𝑃𝑔𝑟𝑖𝑑(𝑘)

⎤⎥⎥⎥⎦
⏟  ⏞  

u(𝑘)

+
[︁
1 1 −1

]︁
⏟  ⏞  

D𝑑

+

⎡⎢⎢⎢⎣
𝑃𝑠𝑜𝑙𝑎𝑟(𝑘)

𝑃𝑤𝑖𝑛𝑑(𝑘)

𝑃𝑙𝑜𝑎𝑑(𝑘)

⎤⎥⎥⎥⎦
⏟  ⏞  

d(𝑘)

= 0 (4.2)

The state vector x(𝑘) ∈ R𝑛𝑥 represents the energy levels of the storage com-

ponents, which are influenced by the manipulated input u(𝑘) ∈ R𝑛𝑢 , comprising

battery charging/discharging power (𝑃𝑏𝑎𝑡), hydrogen power exchange (𝑃𝐻2), and

grid power transactions (𝑃𝑔𝑟𝑖𝑑). The disturbance vector d(𝑘) ∈ R𝑛𝑑 accounts for

exogenous inputs such as photovoltaic generation (𝑃𝑠𝑜𝑙𝑎𝑟), wind generation (𝑃𝑤𝑖𝑛𝑑),

and consumer load demand (𝑃𝑙𝑜𝑎𝑑). System dynamics are governed by matrices

A, B, C, D𝑢, and D𝑑 with appropriate dimensions. The model incorporates key

parameters such as battery and hydrogen storage capacities (𝐶𝑏𝑎𝑡 and 𝐶𝐻2), char-

ging/discharging efficiencies (𝜂𝑏𝑎𝑡 and 𝜂𝐻2), and the sampling period 𝑇𝑠.

4.2 Disturbance Modeling

As discussed in Chapter 2, the proposed LSTM model follows a Nonlinear Auto-

Regressive (NAR) structure, as it generates predictions based solely on past values

of the system’s output. Operating in discrete time steps, the network produces

one-step-ahead forecasts that are recursively fed back into the model to enable

multi-step predictions. In this recursive forecasting scheme, each predicted out-

put becomes part of the input for the subsequent step, requiring the internal states

of the network to be updated iteratively to accurately capture the sequential dyna-

mics of the system. This approach, which excludes exogenous inputs, aligns with the

NAR paradigm as defined by Connor et al. (1994), and has been further developed

in hybrid modeling contexts, such as in Zhang (2003).

Figures 5.5a, 5.5b and 5.6 shows 168 hours of prediction from the trained models.

The performance of the ANN was assessed using the Root Mean Squared Error

(RMSE), Mean Absolute Error (MAE), which measures the average magnitude of

prediction errors.
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Figure 4.2: One week of solar power prediction over 168 h. 𝑑𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 denotes the actual observed

values in the test set, and 𝑑 represents the predictions made by the artificial neural network.

Figure 4.3: One week of wind power prediction over 168 h. 𝑑𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 denotes the actual observed

values in the test set, and 𝑑 represents the predictions made by the artificial neural network.
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Figure 4.4: One week of load power prediction over 168 h. 𝑑𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 denotes the actual observed

values in the test set, and 𝑑 represents the predictions made by the artificial neural network.

The forecasting performance for solar generation, wind generation, and load

demand is summarized in Table 4.1.

Table 4.1: Prediction performance metrics for solar, wind, and load.

Variable RMSE MAE

Solar Generation 0.11 0.06

Wind Generation 0.13 0.09

Load Demand 0.11 0.09

For solar generation, the model achieved an RMSE of 0.11, and an MAE of 0.06

indicating strong accuracy and reliable variability representation. For wind, the

RMSE of 0.13 and a MAE of 0.09 demonstrates excellent predictive performance

with high correlation. For load, a low RMSE of 0.11 and an MAE of 0.09 reflects

minimal absolute error, confirming the model’s precision.
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4.3 Controller Formulation

The economic cost function improves microgrid efficiency by minimizing energy pur-

chases ℓ𝑔𝑟𝑖𝑑, maximizing hydrogen production ℓ𝐻2 , and accounting for battery-related

costs: cell replacement ℓ𝑏𝑎𝑡1 , charge/discharge degradation ℓ𝑏𝑎𝑡2 , state-of-charge va-

riations ℓ𝑏𝑎𝑡3ensuring system performance and economic viability.

ℓ𝑒𝑐𝑜(𝑥(𝑘),𝑢(𝑘),𝑝𝑒(𝑘),𝑝𝐻2(𝑘)) =−

ℓ𝑔𝑟𝑖𝑑⏞  ⏟  
𝑝𝑒(𝑘)𝑇𝑠𝜆1𝑃𝑔𝑟𝑖𝑑(𝑘)−

ℓ𝐻2⏞  ⏟  
𝑝𝐻2(𝑘)𝑇𝑠𝜆2𝑃𝐻2(𝑘)

+

ℓ𝑏𝑎𝑡1⏞  ⏟  
𝐶𝑟𝑒𝑇𝑠

𝐶𝑊ℎ

𝜆3𝑃𝑏𝑎𝑡(𝑘)+

ℓ𝑏𝑎𝑡2⏞  ⏟  
𝜆4

𝑃𝑏𝑎𝑡(𝑘)

𝑉𝑏𝑎𝑡𝐼𝑏𝑎𝑡

+

ℓ𝑏𝑎𝑡3⏞  ⏟  
‖𝑥(𝑘 + 1)− 𝑥(𝑘)‖2𝑄𝑏𝑎𝑡

(4.3)

The microgrid operation is optimized by balancing power sale (𝑃grid), hydrogen

production (𝑃H2), and battery charging/discharging (𝑃bat), with respective weights

𝜆1, 𝜆2, and 𝜆3. The model also includes the battery cell replacement cost (𝐶re)

and the coefficient 𝜆4, considering battery voltage (𝑉bat), current (𝐼bat), hydrogen

price (𝑝H2), and electricity price (𝑝𝑒) to minimize economic and operational impacts,

ensuring efficient and cost-effective energy management.

The control law executed at time step 𝑘, with x(𝑘) known, is given by:

min
u𝑘,x𝑠,u𝑠

𝑉𝑘 =
𝑁−1∑︁
𝑗=0

‖x(𝑘 + 𝑗|𝑘)− x𝑠‖2Q + ‖∆u(𝑘 + 𝑗|𝑘)‖2R

+ ‖u(𝑘 + 𝑗|𝑘)− u𝑠‖2Q𝑠
+ ‖x𝑠 − x𝑒‖2Q𝑥

+ ‖u𝑠 − u𝑒‖2Q𝑢
(4.4)

Subject to:

x(𝑘 + 1|𝑘) = Ax(𝑘) +Bu(𝑘) (4.5)

x𝑠 = Ax𝑠 +Bu𝑠 (4.6)

B𝑢u𝑠 +B𝑑d(𝑘) = 0 (4.7)

B𝑢u(𝑘) +B𝑑d(𝑘) = 0 (4.8)

d(𝑘 + 1|𝑘) = 𝑓(d(𝑘 − 𝑛), . . . ,d(𝑘)) (4.9)

x(𝑘 +𝑁 |𝑘) = x𝑠 (4.10)

x ∈ X, x𝑠 ∈ X (4.11)
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u ∈ U, u𝑠 ∈ U (4.12)

where u𝑘 is the entire sequence of calculated optimal inputs, u𝑠 and x𝑠is the artificial

reference point, representing the best steady-state-input pair the con trolled system

can reach in 𝑁 steps, at the current time. Q, Q𝑥 and Q𝑢 are assumed to be positive

semi-defined tuning matrices, while R are positive definite tuning matrices, each of

appropriate dimensions.

Regarding constraints, (4.5) is the state of the process, (4.6) and (4.7) ensure

that the artificial reference represents a system equilibrium point, (4.8) represents

the power balance and (4.9) represent the prediction of future disturbance in at

time 𝑘+1, 𝑓(·) represents a trained artificial neural network that incorporates past

values and current values of the disturbances, and (4.10) enforces a terminal equality

constraint, requiring the predicted state to match the artificial reference at the end

of the control horizon. Constraints (4.11) and (4.12) define bounds on states and

inputs, with X and U as compact-convex sets for feasible regions.

X = {x ∈ R𝑛𝑥 | xmin ≤ x ≤ xmax} (4.13)

U = {u ∈ R𝑛𝑢 | umin ≤ u ≤ umax} (4.14)

The controller formulation requires prior knowledge of the economically optimal

equilibrium point (x𝑒,ue), determined by solving a static optimization problem in

an economic steady-state target layer.

min
x𝑒,ue

ℓ𝑒𝑐𝑜 (4.15)

s.t: x𝑒 = Ax𝑒 + Bu𝑒, (4.16)

xe ∈ X, ue ∈ U. (4.17)

4.4 Simulation and results

The simulation of the MPC-ANN proposed for the EMS of the industrial microgrid

were solved using the CVXOPT framework (Andersen et al. 2020), implemented in

Python 3.12. Table 4.2 summarizes the weighting matrices and the initial condition.
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Table 4.2: Weighting matrices and the initial condition.

Parameters Description Value

x(0) Initial condition [50 35 20]T (%)

u(0) Initial condition [0 − 122 0]T (MW)

umin Minimum input [−100 0 0]T(MW)

umax Maximum Input [100 50 30]T(MW)

∆u Inputs increments [100 50 30]T(MW)

𝜂bat Battery efficiency 97%

𝜂𝐻2 Electrolyzer efficiency 74%

𝐶bat Nominal power capacity of battery bank 800 MWh

𝐶H2 Maximum Volume 1200 Nm3

𝑇𝑠 Sampling period 1h

𝑁 Horizon control 3

𝐶re Replacement cost of the battery bank $325

𝐶𝐻2 Electrolyzer maintenance cost $500

𝐶𝐻2 Electrolyzer maintenance cost $400

Q Weighting matrix of the state, diag(0.8, 0.05) MW

R Weighting matrix of the iputs increments diag(0.1 1, 0.1) MW

Q𝑠 Weighting matrix of the manipulated diag(0.8, 0.05) MW

Q𝑥 Weighting matrix of the artificial state diag(0.8, 0.05) MW

Q𝑢 Weighting matrix of the artificial output diag(0.9, 0.01) MW

Remark 4.1 The weights R, Q𝑢, and Q𝑠 for the NLP-based MPC and QP-based

MPC are normalized by the maximum value of the corresponding variable to ensure

compatibility with Q.

In Figure 4.5, a block diagram of the proposed control loop for the residential

microgrid is presented.
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Figure 4.5: Block diagram of the EMS. 𝑝𝑒 ($/kWh) is the electricity price, 𝑝H2
($/kg) is the

hydrogen price, x𝑒 and u𝑒 are the economic steady-state vectors, u(𝑘) is the control input, y(𝑘) is

the system output, d(𝑘) is the disturbance, d(𝑘 − 𝑛) is the past information of the disturbances

and d̂(𝑘 + 1) is the measured process disturbance.

As discussed in Chapter 2, wind and solar power generation, along with electrical

demand, are considered external disturbances due to their stochastic and uncontrol-

lable nature. Consequently, the artificial intelligence-based modeling techniques

introduced in Chapter 2 are employed in this work. The disturbance profiles used

in the simulations are shown in Figures 5.5a, 5.5b and 5.6.

Figure 4.6 represents the power exchange at the microgrid node and Figure 4.7

shows the battery storage of charge and storage hydrogen level.

Guanambi, located in the state of Bahia, Brazil, stands out as a key hub for

renewable energy due to its favorable geographical and climatic conditions. The

region benefits from strong wind currents predominantly during the early morning

hours, while its semi-arid climate enables high solar irradiance throughout the day.

Given that the installed wind power capacity exceeds that of solar, wind generation

dominates the renewable energy mix. This complementary behavior between solar

and wind resources enables the support of local demand, hydrogen production via

electrolysis, energy storage in batteries, and surplus energy export to the Brazilian

National System Operator (NSO). As such, Guanambi positions itself as a self-

sufficient energy city and a potential hub for green hydrogen production.

Figures 4.7a and 4.7b illustrate the battery state of charge (SOC) and the hy-

drogen storage level (SHL), respectively. With initial values set to 50% for SOC

and 35% for SHL, the integration of artificial neural networks (ANNs) enhances

the microgrid’s capability to plan hydrogen storage and energy trading. When hy-
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Figure 4.6: Manipulated variables and disturbances: 𝑃𝑏𝑎𝑡𝑡𝑒𝑟𝑦 and 𝑃𝐻2 is battery and hydrogen

power, respectively, 𝑃𝑔𝑟𝑖𝑑 is power sold to the grid, 𝑃𝑠𝑜𝑙𝑎𝑟 and 𝑃𝑤𝑖𝑛𝑑 is solar and wind generation,

respectively, and 𝑃𝑙𝑜𝑎𝑑 is demand power

drogen storage reaches full capacity and energy dispatch is maximized, the system

autonomously redirects excess generation to the battery, ensuring optimal resource

utilization and improving overall microgrid performance.

To manage such a dynamic energy environment, ANNs were embedded as a feed-

forward mechanism within the predictive control architecture. In complex scenarios

characterized by high variability in both generation and consumption, accurate dis-

turbance forecasting is critical to achieving optimal control performance. ANNs are

particularly suitable for this task, as they can learn complex nonlinear relationships

from historical data, reducing the need for explicit physical modeling while enhan-

cing system adaptability. Their ability to update in real time allows the controller to

dynamically adjust to changing operating conditions, which is particularly advanta-

geous in microgrids influenced by weather variability and user behavior. Figures 4.8,

4.9 and 4.10 present a comparative analysis of MPC performance with and without

ANN integration.

In Figure 4.8, the proactive behavior of the controller in response to variations

in energy generation is clearly observed. When facing either a surplus or deficit in
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(a) Battery state of charge (SOC)

(b) Storage hydrogen level (SHL)

Figure 4.7: Battery state of charge (𝑆𝑂𝐶) and storage hydrogen level (𝑆𝐻𝐿). 𝑆𝑂𝐶(𝑘) and

𝑆𝐻𝐿(𝑘) denote the current levels; 𝑆𝑂𝐶𝑒 and 𝑆𝐻𝐿𝑒, the economic operating points; 𝑆𝑂𝐶min/max

and 𝑆𝐻𝐿min/max, the operational constraints; and 𝑆𝑂𝐶𝑠𝑠 and 𝑆𝐻𝐿𝑠𝑠, the artificial steady states

generation, the MPC, informed by forecasts from the neural network, anticipates its

actions by strategically charging or discharging the battery. In certain scenarios, it

chooses to maintain the current storage level, thereby minimizing control effort and
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Figure 4.8: Comparison between using ANNs as a disturbance prediction model and without

a prediction model for battery. The superscript (+) indicates the result obtained without the

feedforward action and the superscript (*) indicates the result obtained with the ANN feedforward

action.

avoiding unnecessary fluctuations. This behavior not only improves the system’s

energy efficiency but also reduces wear on storage devices.

Figure 4.9 presents a similar case, in which the controller anticipates decisions

regarding hydrogen production. Based on forecasted operating conditions, the sys-

tem is able to plan hydrogen generation in advance, optimizing resource utilization

and minimizing the required control effort. This anticipatory capability highlights

the importance of real-time planning and supports intelligent asset management,

enhancing system reliability and extending equipment lifespan.

Finally, Figure 4.10 illustrates the controller’s ability to identify, ahead of time,

opportunities for exporting surplus energy to the electrical grid. Whenever energy

is available and market conditions are favorable, the MPC enables efficient energy
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Figure 4.9: Comparison between using ANNs as a disturbance prediction model and without a

prediction model for hydrogen. The superscript (+) indicates the result obtained without the

feedforward action and the superscript (*) indicates the result obtained with the ANN feedforward

action.

export, thereby maximizing revenues from energy sales. This behavior demonstrates

not only the adaptive capacity of the control system but also its alignment with

economic optimization objectives.

Overall, the integration of artificial neural networks with model predictive con-

trol significantly enhances the system’s ability to operate predictively, robustly, and

economically. By anticipating critical decisions based on reliable forecasts, the con-

troller contributes to a more sustainable and resilient performance, aligned with the

principles of energy efficiency and optimal resource management in modern micro-

grids.

68



Figure 4.10: Comparison between using ANNs as a disturbance prediction model and without a

prediction model for grid.The superscript (+) indicates the result obtained without the feedforward

action and the superscript (*) indicates the result obtained with the ANN feedforward action.

4.5 Conclusion

In this chapter, a novel integration of Model Predictive Control (MPC) with dis-

turbance modeling using Artificial Neural Networks (ANNs) is proposed, resulting

in a unified MPC-ANN framework. This approach aims to enhance the predictive

performance of Energy Management Systems (EMS) in microgrids, particularly un-

der the operational challenges imposed by the intermittency of renewable energy

sources and the pursuit of sustainable green hydrogen production. By embedding

ANN-based forecasting models for exogenous variables – such as photovoltaic and

wind generation, as well as electrical load demand – the control strategy becomes

more anticipative and precise, enabling real-time adaptation to system dynamics

and optimal energy resource allocation.

The adoption of a Quadratic Programming (QP) formulation, as introduced in

Chapter 3, endows the proposed MPC scheme with computational efficiency and

numerical robustness, ensuring the capability to handle multivariable interactions

and complex operational constraints within real-time execution requirements. This

feature significantly enhances the applicability of the control strategy to industrial-

scale microgrid systems.
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The synergistic integration of ANN-based forecasting with QP-based MPC cons-

titutes an advanced and robust methodology for hierarchical microgrid control. It

fosters more efficient, secure, and sustainable energy management practices, sup-

porting the broader goals of energy transition, decarbonization, and intelligent grid

operation.
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Chapter 5

Single-layer zone-based MPC for

energy management systems

embedding artificial neural

network for forecasting renewable

energy generation and demand

This chapter develops a single-layer, zone-based Model Predictive Control (MPC)

framework that leverages Quadratic Programming and AI-driven disturbance fore-

casts to streamline microgrid operation. By employing a unified state-space repre-

sentation, the controller solves a single quadratic optimization problem across the

entire prediction horizon, thereby reducing computational overhead and simplifying

implementation. Crucially, a formal stability proof – based on treating the MPC’s

optimal cost as a Lyapunov candidate – demonstrates that, under mild assumptions

and via recursive feasibility, the closed-loop cost is nonincreasing, which guarantees

convergence to the economic equilibrium. Simulation results show that the approach

reliably achieves economic optimality under varying setpoints, while neural network

forecasts enhance both robustness and prediction accuracy. Furthermore, sensitivity

analyses confirm the method’s ability to maintain performance in the face of load

spikes and renewable generation fluctuations. Overall, this integration of predictive

control, stability guarantees, and machine learning establishes a cohesive and scala-

ble solution for efficient, cost-effective, and resilient microgrid energy management.

This manuscript is in the submission process.
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5.1 Controller Formulation

Figure 5.1 presents a architecture of a microgrid consists of a solar power plant, a

battery bank, access to the main grid.

Figure 5.1: Microgrid architecture.

To construct an accurate microgrid model, the concepts introduced in Chapter 2

– specifically Equations (2.4), and (2.22) – are employed. Accordingly, the standard

discrete-time state-space representation is given by:

[︁
𝑆𝑂𝐶(𝑘 + 1)

]︁
⏟  ⏞  

x(𝑘+1)

=
[︁
1

]︁
⏟ ⏞ 
A

[︁
𝑆𝑂𝐶(𝑘)

]︁
⏟  ⏞  

x(𝑘)

+

[︂
𝑇𝑠𝜂𝑏𝑎𝑡
𝐶𝑏𝑎𝑡

0

]︂
⏟  ⏞  

B

⎡⎣𝑃𝑏𝑎𝑡(𝑘)

𝑃𝑔𝑟𝑖𝑑(𝑘)

⎤⎦
⏟  ⏞  

u(𝑘)

(5.1)

[︁
1 1

]︁
⏟  ⏞  

D𝑢

⎡⎣𝑃𝑏𝑎𝑡(𝑘)

𝑃𝑔𝑟𝑖𝑑(𝑘)

⎤⎦
⏟  ⏞  

u(𝑘)

+
[︁
1 −1

]︁
⏟  ⏞  

D𝑑

+

⎡⎣𝑃𝑠𝑜𝑙𝑎𝑟(𝑘)

𝑃𝑙𝑜𝑎𝑑(𝑘)

⎤⎦
⏟  ⏞  

d(𝑘)

= 0 (5.2)

where 𝑆𝑂𝐶 denotes the battery state of charge. The terms 𝑃𝑏𝑎𝑡 represent the power

exchanged by the battery, and 𝑃𝑔𝑟𝑖𝑑 is the power exchanged with the main grid,

𝑃𝑠𝑜𝑙𝑎𝑟 the photovoltaic generation and 𝑃𝑙𝑜𝑎𝑑 the load demand.
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Although Equation (5.2) is typically imposed as a constraint in the optimization

problem, in this work it is incorporated directly into the objective to maximize the

microgrid’s operational benefit. Consequently, Equation (5.2) can be rewritten as

follows:

𝑃𝑔𝑟𝑖𝑑 = 𝑃𝑠𝑜𝑙𝑎𝑟 + 𝑃𝑏𝑎𝑡 − 𝑃𝑙𝑜𝑎𝑑 (5.3)

With this modification, the power exchanged with the main grid is no longer

treated as a manipulated variable but rather as a controlled variable. Accordingly,

the state-space representation is updated as follows:[︁
𝑆𝑂𝐶(𝑘 + 1)

]︁
⏟  ⏞  

x(𝑘+1)

=
[︁
1

]︁
⏟ ⏞ 
A

[︁
𝑆𝑂𝐶(𝑘)

]︁
⏟  ⏞  

x(𝑘)

+

[︂
𝑇𝑠𝜂𝑏𝑎𝑡
𝐶𝑏𝑎𝑡

]︂
⏟  ⏞  

B

[︁
𝑃𝑏𝑎𝑡(𝑘)

]︁
⏟  ⏞  

u(𝑘)

(5.4)

⎡⎣𝑆𝑂𝐶(𝑘)

𝑃𝑔𝑟𝑖𝑑(𝑘)

⎤⎦
⏟  ⏞  

y(𝑘)

=

⎡⎣1
0

⎤⎦
⏟ ⏞ 
C

[︁
𝑆𝑂𝐶(𝑘)

]︁
⏟  ⏞  

x(𝑘)

+

⎡⎣0
1

⎤⎦
⏟ ⏞ 
D𝑢

[︁
𝑃𝑏𝑎𝑡(𝑘)

]︁
⏟  ⏞  

u(𝑘)

+

⎡⎣0 0

1 −1

⎤⎦
⏟  ⏞  

D𝑑

⎡⎣𝑃𝑠𝑜𝑙𝑎𝑟(𝑘)

𝑃𝑙𝑜𝑎𝑑(𝑘)

⎤⎦
⏟  ⏞  

d(𝑘)

(5.5)

Therefore, Equation (5.4) captures the storage system’s state dynamics, while

Equation (5.5) defines the controlled outputs. In this formulation, the state vector

x(𝑘) ∈ R𝑛𝑥 represents storage levels, and the input vector u(𝑘) ∈ R𝑛𝑢 corresponds

to storage power as the manipulated variable. The output vector y(𝑘) ∈ R𝑛𝑦 com-

prises grid power and storage dynamics, whereas the disturbance vector d(𝑘) ∈ R𝑛𝑑

includes photovoltaic generation, wind power, and load demand. System evolution

is governed by the matrices A, B, C, D𝑢, and D𝑑.

With the model defined, the proposed zone-based MPC is formulated using the

following quadratic cost function:

𝑉k =(𝑃𝑔𝑟𝑖𝑑 − 𝑃𝑔𝑟𝑖𝑑,𝑠𝑝)
T𝜌𝑒(𝑃𝑔𝑟𝑖𝑑 − 𝑃𝑔𝑟𝑖𝑑,𝑠𝑝)

+ (𝑆𝑂𝐶 − 𝑆𝑂𝐶𝑠𝑝)
T 𝐶𝑟𝑒

𝐶𝑏𝑎𝑡,𝑐𝑒𝑙

(𝑆𝑂𝐶 − 𝑆𝑂𝐶𝑠𝑝) (5.6)

+ ∆𝑃T
𝑏𝑎𝑡

𝜌𝑒
𝜂𝑏𝑎𝑡

∆𝑃𝑏𝑎𝑡, (5.7)

where the subscript 𝑠𝑝 is the set-point, 𝜌𝑒 is the electrical price𝜂𝑏𝑎𝑡 is the battery

efficiency, 𝐶𝑟𝑒 is the cost of replacement the storage system, 𝐶𝑏𝑎𝑡,𝑐𝑒𝑙 is the nominal

power capacity.

Finally, the control law of the QP-based zone-MPC proposed here can be gene-

ralized and formulated as the solution to the following optimization problem:
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Problem 0

min
u𝑘,y𝑠𝑝,𝑘

𝑉k,

𝑉k =
𝑁−1∑︁
𝑗=0

‖y(𝑘 + 𝑗|𝑘)− y𝑠𝑝,𝑘‖2Q + ‖∆u(𝑘 + 𝑗|𝑘)‖2R , (5.8)

subject to (5.4), (5.5) and:

y(𝑘 +𝑁 |𝑘) = ysp,𝑘 (5.9)

ymin ≤ ysp,𝑘 ≤ ymax (5.10)

∆umin ≤ ∆u(𝑘 + 𝑗|𝑘) ≤ ∆umax (5.11)

umin ≤ u(𝑘 + 𝑗|𝑘) +
𝑗∑︁

𝑖=0

∆u(𝑘 + 𝑖|𝑘) ≤ umax (5.12)

where u𝑘 = [u(𝑘|𝑘), . . . ,u(𝑘 + 𝑁 − 1|𝑘)]T is the entire sequence of calculated opti-

mal inputs, (5.9) imposes a terminal equality constraint that enforces the predicted

state to coincide with the reference output vector at the end of the control horizon

– this terminal constraint is crucial for the Lyapunov-based stability proof, as it en-

sures recursive feasibility and nonincreasing cost, thereby guaranteeing closed-loop

convergence, (5.10) is the zone of operation of the optimal outputs, (5.11) defines

the maximum and minimum input limits, (5.12) defines hard limits on each control

variable over the prediction horizon. Q ∈ R𝑛𝑦×𝑛𝑦 is a positive definite weighting

matrix of the controlled outputs, R ∈ R𝑛𝑢×𝑛𝑢 are positive semi-definite weighting

matrices of the input moves, y(𝑘+ 𝑗|𝑘) is the output prediction vector at time step

𝑘 + 𝑗 computed at time step 𝑘; y𝑠𝑝,𝑘 is the output reference vector; ∆u(𝑘 + 𝑗|𝑘) is

the trend vector of the input moves, where ∆u(𝑘 + 𝑗|𝑘) = u(𝑘|𝑘)− u(𝑘 − 1|𝑘) and

∆u(𝑘 + 𝑗|𝑘) = 0, for 𝑗 ≥ 𝑁 , where 𝑁 is the control horizon.

Here, Q penalizes deviations of grid power and battery SOC from their set-

points, using the electricity price 𝜌𝑒 for the grid power term and a replacement cost

weight 𝐶re/𝐶bat,cel for SOC. The input-weight R penalizes changes in the battery

power command, scaled by the energy price and the battery efficiency, discouraging

aggressive control moves and costly cycling.
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5.1.1 Stabilizing proof

To demonstrate the stabilizing behavior of the proposed controller in Problem 0, an

undisturbed scenario is considered along with two conditions that must be satisfied:

(i) recursive feasibility and (ii) optimality.

Condition I (Recursive Feasibility): Assume that Problem 0 provides an optimal

solution at time step 𝑘, namely y*
𝑠𝑝,𝑘 and u*

𝑘,

u*
𝑘 =

[︀
u*(𝑘|𝑘)T u*(𝑘 + 1|𝑘)T . . .u*(𝑘 +𝑁 − 1|𝑘)T

]︀
. (5.13)

As we know that u(𝑘 + 𝑁 + 𝑗|𝑘) = u*(𝑘 + 𝑁 − 1|𝑘),∀𝑗 ≥ 0, and since the

first action control u*(𝑘|𝑘) is implemented into the plant, the recursive feasibility is

proved if the warm start solution at time step 𝑘 + 1 (solution inherited from time

step 𝑘, described in (5.14)) meets all constraints.

ũ𝑘+1 =
[︀
u*(𝑘 + 1|𝑘)T u*(𝑘 + 2|𝑘)T . . . u*(𝑘 +𝑁 − 1|𝑘)T u*(𝑘 +𝑁 − 1|𝑘)T

]︀T
.

(5.14)

It is trivial to verify that (5.14) meets the constraints (5.11) and (5.12).

Based on model (5.5), the output prediction at the end of the control horizon at

instant 𝑘 is given by:

y(𝑘 +𝑁 |𝑘) = Cx(𝑘 +𝑁 |𝑘) +Duu(𝑘 +𝑁 |𝑘) +Ddd(𝑘 +𝑁 |𝑘) (5.15)

As mentioned above, since MPC optimizes the control sequence up to u(𝑘+𝑁−

1|𝑘), the control action is held constant beyond the control horizon. Consequently,

the prediction at time step 𝑘 +𝑁 can be rewritten as

y(𝑘 +𝑁 |𝑘) = Cx(𝑘 +𝑁 |𝑘) +Duu
*(𝑘 +𝑁 − 1|𝑘) +Ddd(𝑘 +𝑁 |𝑘) (5.16)

In order to meet constraint (5.9), it follows that:

y(𝑘 +𝑁 |𝑘) = y*
𝑠𝑝,𝑘 (5.17)

Cx(𝑘 +𝑁 |𝑘) +Duu
*(𝑘 +𝑁 − 1|𝑘) +Ddd(𝑘 +𝑁 |𝑘) = Cx*

𝑠𝑝,𝑘

+Duu
*(𝑘 +𝑁 − 1|𝑘) +Ddd(𝑘 +𝑁 |𝑘) (5.18)

This implies that x(𝑘 +𝑁 |𝑘) = x*
𝑠𝑝,𝑘.
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It is worth mentioning that at time step 𝑘:

x(𝑘 +𝑁 |𝑘) =A𝑁x(𝑘|𝑘) +A𝑁−1Bu*(𝑘|𝑘) + · · ·+ABu*(𝑘 +𝑁 − 2|𝑘)

+Bu*(𝑘 +𝑁 − 1|𝑘), (5.19)

and, for notational convenience, let us consider the matrix form where Θ𝑁 =

[A𝑁−1B · · ·AB B]. We obtain,

x(𝑘 +𝑁 |𝑘) = A𝑁x(𝑘|𝑘) + Θ𝑁u
*
𝑘 (5.20)

At time instant 𝑘 + 1, considering the solution inherited from 𝑘, it follows that:

x̃(𝑘 +𝑁 + 1|𝑘 + 1) = A𝑁x(𝑘 + 1|𝑘 + 1) + Θ𝑁 ũ𝑘+1 (5.21)

For a nominal system, the actual states coincide with the model prediction, that

is, x(𝑘 + 1|𝑘 + 1) = x(𝑘 + 1|𝑘), leading to x(𝑘 + 1|𝑘 + 1) = Ax(𝑘) + Bu*(𝑘|𝑘).

Consequently,

x̃(𝑘 +𝑁 + 1|𝑘 + 1) = A𝑁(Ax(𝑘) +Bu*(𝑘|𝑘)) + Θ𝑁 ũ𝑘+1,

x̃(𝑘 +𝑁 + 1|𝑘 + 1) = A𝑁+1x(𝑘) +A𝑁Bu*(𝑘|𝑘) + Θ𝑁 ũ𝑘+1. (5.22)

Rearranging the terms yields:

x̃(𝑘 +𝑁 + 1|𝑘 + 1) = A(A𝑁x(𝑘) +A𝑁−1Bu*(𝑘|𝑘) + Θ𝑁 ũ𝑘+1)

x̃(𝑘 +𝑁 + 1|𝑘 + 1) = A(A𝑁x(𝑘) +A𝑁−1Bu*(𝑘|𝑘) + Θ𝑁 ũ𝑘+1)

x̃(𝑘 +𝑁 + 1|𝑘 + 1) = A(A𝑁x(𝑘) + Θ𝑁u
*
𝑘⏟  ⏞  

x(𝑘+𝑁 |𝑘)

) +Bu*(𝑘 +𝑁 − 1|𝑘)

x̃(𝑘 +𝑁 + 1|𝑘 + 1) = Ax(𝑘 +𝑁 |𝑘) +Bu*(𝑘 +𝑁 − 1|𝑘) (5.23)

In light of this, we can proceed to evaluate the outputs at the end of the control

horizon, in symbols:

ỹ(𝑘 +𝑁 + 1|𝑘 + 1) = Cx(𝑘 +𝑁 + 1|𝑘 + 1) +D𝑢u
*(𝑘 +𝑁 − 1|𝑘) +D𝑑d(𝑘 +𝑁 |𝑘)

= C
(︁
Ax(𝑘 +𝑁 |𝑘) +Bu*(𝑘 +𝑁 − 1|𝑘)

)︁
+D𝑢u

*(𝑘 +𝑁 − 1|𝑘) +D𝑑d(𝑘 +𝑁 |𝑘) (5.24)

Moreover, evaluating ỹ𝑠𝑝,𝑘+1, one obtains that

ỹ𝑠𝑝,𝑘+1 = Cx̃𝑠𝑝,𝑘+1 +D𝑢u
*(𝑘 +𝑁 − 1|𝑘) +D𝑑d(𝑘 +𝑁 |𝑘)
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= CAx*
𝑠𝑝,𝑘 +CBu*(𝑘 +𝑁 − 1|𝑘) +D𝑢u

*(𝑘 +𝑁 − 1|𝑘) +D𝑑d(𝑘 +𝑁 |𝑘)

(5.25)

Subtracting (5.24) and (5.25), it turns out to be:

CA(x(𝑘 +𝑁 |𝑘)− x*
𝑠𝑝,𝑘) = 0, (5.26)

which implies that the solution inherited, given by (5.14), satisfies the terminal cons-

traint (5.9) at time 𝑘+1, with ỹ𝑠𝑝,𝑘+1 = y*
𝑠𝑝,𝑘, thereby ensuring that all constraints

in Problem 0 remain satisfied. Therefore, the solution inherited from time step 𝑘

fulfills all the requirements of Problem 0, which establishes recursive feasibility.

Condition II (Optimality): The second part of the stability proof is related to

the asymptotic convergence of the objective function. Therefore, it is necessary to

show that the objective function is asymptotically decreasing. To do this, consider

the optimal solution in the function 𝑉𝑘, as being

𝑉𝑘 =
𝑁−1∑︁
𝑗=0

⃦⃦
y(𝑘 + 𝑗|𝑘)− y*

𝑠𝑝,𝑘

⃦⃦2
Q
+ ‖∆u*(𝑘 + 𝑗|𝑘)‖2R , (5.27)

whereas the objective function at k+1 for the solution inherited from instant k,

becomes:

𝑉𝑘+1 =
𝑁−1∑︁
𝑗=0

‖y(𝑘 + 1 + 𝑗|𝑘 + 1)− ỹ𝑠𝑝,𝑘+1‖2Q + ‖∆ũ(𝑘 + 1 + 𝑗|𝑘 + 1)‖2R , (5.28)

The difference between these two cost, (5.27) and (5.28), values can be expressed

as:

𝑉 *
𝑘 − 𝑉𝑘+1 = ‖y(𝑘|𝑘)− y*

𝑠𝑝,𝑘‖2Q + ‖∆u*(𝑘|𝑘)‖2R. (5.29)

Since the weighting matrices Q and R are positive definite, respectively, both

quadratic terms on the right-hand side of (5.29) are nonnegative, by optimally,

𝑉𝑘+1 ≤ 𝑉 *
𝑘+1, which implies in 𝑉𝑘+1 ≤ 𝑉 *

𝑘 . Therefore, the optimal cost function 𝑉 *
𝑘

is monotonically non-increasing along the closed-loop trajectories of the system. □

5.1.2 Numerical example

To analyze and illustrate the results of the stability proof presented in Stabilizing

proof, a scenario was defined in which the disturbances, namely solar generation and
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Table 5.1: Numerical example zone definitions.

Time /(h) d(𝑘)/(kW) yT
min yT

max

0 to 23 [0.1 0.5] [20% − 0.5 kW] [60% − 0.5 kW]

24 to 47 [0.1 0.5] [20% − 0.6 kW] [60% − 0.6 kW]

48 to 71 [1.5 0.5] [20% − 1 kW] [60% − 1 kW]

72 to 95 [0.5 0.6] [20% 0.2 kW] [60% 0.2 kW]

96 to 119 [0.4 0.7] [20% 0.3 kW] [60% 0.3 kW]

120 to 144 [0.1 0.5] [20% − 0.5 kW] [60% − 0.5 kW]

consumption, are assumed to remain constant over the entire prediction horizon.

Accordingly, the structure presented in Table 5.1 was defined.

As observed, the 𝑆𝑂𝐶 operating range was assumed to be constant across the

entire prediction horizon. Regarding 𝑃𝑔𝑟𝑖𝑑, both the lower and upper bounds were

collapsed to directly define the setpoint. This approach enables the specification of

energy exchange targets with the main grid, based on the surplus or deficit of energy

produced by the solar source.

Figure 5.2a illustrates the power exchange with the main grid, while Figure 5.2b

depicts the power flow at the microgrid node. The battery state of charge (SOC) is

shown in Figure 5.2c.
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(a) Grid power tracking. (b) Power exchange at the microgrid node.

(c) Battery state of charge (SOC). (d) Battery power and bounds.

Figure 5.2: Microgrid operation results. 𝑃𝑔𝑟𝑖𝑑,𝑧𝑜𝑛𝑒 denotes the grid power in the zone, 𝑃𝑔𝑟𝑖𝑑,𝑠𝑝

the grid power setpoint, and 𝑃𝑔𝑟𝑖𝑑 the actual grid power. 𝑃𝑠𝑜𝑙𝑎𝑟 is the solar power, 𝑃𝑙𝑜𝑎𝑑 the load

demand, 𝑃𝑏𝑎𝑡 the battery power, and 𝑆𝑂𝐶 the battery state of charge.

Every 24 hours, both generation and consumption are assumed to remain cons-

tant, while the setpoint is adjusted to either purchase or sell energy. Within this

strategy, each variation in generation and consumption leads to a redefinition of

the 𝑃𝑔𝑟𝑖𝑑 setpoint, thereby characterizing a zone-based economic operation. During

each zone, the optimization problem remains time-invariant, which facilitates the

convergence of the control solution to a steady-state regime.

Finally, Figure 5.3 presents the evolution of the cost function 𝑉𝑘 (top) and its

discrete variation ∆𝑉𝑘/∆𝑡 (bottom) throughout the simulation horizon. It can be

observed that the cost function exhibits sharp peaks at the moments when transi-

tions between operating zones occur, as defined in Table 5.1. These peaks reflect
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the reformulation of the optimization problem in response to new operating targets

imposed by the current zone, such as the desired power exchange with the main

grid.

Figure 5.3: Cost function.

Immediately after each transition, the cost function decreases progressively until

reaching minimal values, indicating that the system converges to the new optimal

operating condition defined by the active zone. This behavior is confirmed by the

∆𝑉𝑘/∆𝑡 curve, which remains strictly negative in the intervals where no zone change

takes place. This confirms that, once the optimal control action is applied, the

system cost does not increase over successive time steps.

This behavior directly relates to the stability proof developed in section Stabili-

zing proof, which demonstrates that, under nominal conditions and in the absence

of abrupt disturbances, the optimal solution at time 𝑘 can be inherited and applied

at time 𝑘 + 1, while still satisfying all problem constraints. Furthermore, the proof

guarantees that the cost function associated with the inherited solution is always

greater than or equal to the cost obtained from the re-optimized solution, thereby

characterizing the behavior of a discrete-time Lyapunov function.

Therefore, the results shown in Figure 5.3 not only illustrate the expected beha-

vior of a stable system under predictive control but also provide empirical validation

of the theoretical results established in the stability proof. It can thus be concluded
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that the proposed MPC controller ensures practical stability and maintains recursive

feasibility even under periodic reconfigurations of the operating zones, guaranteeing

consistent system performance over time.

5.2 Case of study

Figure 5.4 presents a architecture of a microgrid consists of a solar power plant,

wind power plant, a battery bank, supercapacitor bank, access to the main grid,

load consumer and an electrolyzer with hydrogen storage.

Figure 5.4: Microgrid architecture proposal.

Accordingly, the state-space representation is as follows:⎡⎢⎢⎢⎣
𝑆𝑂𝐶(𝑘 + 1)

𝑆𝐻𝐿(𝑘 + 1)

𝑆𝑂𝐸(𝑘 + 1)

⎤⎥⎥⎥⎦
⏟  ⏞  

x(𝑘+1)

=

⎡⎢⎢⎢⎣
1 0 0

0 1 0

0 0 1

⎤⎥⎥⎥⎦
⏟  ⏞  

A

⎡⎢⎢⎢⎣
𝑆𝑂𝐶(𝑘)

𝑆𝐻𝐿(𝑘)

𝑆𝑂𝐸(𝑘)

⎤⎥⎥⎥⎦
⏟  ⏞  

x(𝑘)

+

⎡⎢⎢⎢⎢⎢⎣
𝑇𝑠𝜂𝑏𝑎𝑡
𝐶𝑏𝑎𝑡

0 0

0
𝑇𝑠𝜂𝐻2

𝐶𝐻2

0

0 0
𝑇𝑠𝜂𝑠𝑐
𝐶𝑠𝑐

⎤⎥⎥⎥⎥⎥⎦
⏟  ⏞  

B

⎡⎢⎢⎢⎣
𝑃𝑏𝑎𝑡(𝑘)

𝑃𝐻2(𝑘)

𝑃𝑠𝑐(𝑘)

⎤⎥⎥⎥⎦
⏟  ⏞  

u(𝑘)

(5.30)

⎡⎢⎢⎢⎢⎢⎢⎣
𝑆𝑂𝐶(𝑘)

𝑆𝐻𝐿(𝑘)

𝑆𝑂𝐸(𝑘)

𝑃𝑔𝑟𝑖𝑑(𝑘)

⎤⎥⎥⎥⎥⎥⎥⎦
⏟  ⏞  

y(𝑘)

=

⎡⎢⎢⎢⎢⎢⎢⎣
1 0 0

0 1 0

0 0 1

0 0 0

⎤⎥⎥⎥⎥⎥⎥⎦
⏟  ⏞  

C

⎡⎢⎢⎢⎣
𝑆𝑂𝐶(𝑘)

𝑆𝐻𝐿(𝑘)

𝑆𝑂𝐸(𝑘)

⎤⎥⎥⎥⎦
⏟  ⏞  

x(𝑘)

+

⎡⎢⎢⎢⎢⎢⎢⎣
0 0 0

0 0 0

0 0 0

1 1 1

⎤⎥⎥⎥⎥⎥⎥⎦
⏟  ⏞  

D𝑢

⎡⎢⎢⎢⎣
𝑃𝑏𝑎𝑡(𝑘)

𝑃𝐻2(𝑘)

𝑃𝑠𝑐(𝑘)

⎤⎥⎥⎥⎦
⏟  ⏞  

u(𝑘)

+

⎡⎢⎢⎢⎢⎢⎢⎣
0 0 0

0 0 0

0 0 0

1 1 −1

⎤⎥⎥⎥⎥⎥⎥⎦
⏟  ⏞  

D𝑑

⎡⎢⎢⎢⎣
𝑃𝑠𝑜𝑙𝑎𝑟(𝑘)

𝑃𝑤𝑖𝑛𝑑(𝑘)

𝑃𝑙𝑜𝑎𝑑(𝑘)

⎤⎥⎥⎥⎦
⏟  ⏞  

d(𝑘)

(5.31)
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Therefore, Equation (5.30) captures the storage system’s state dynamics, while

Equation (5.31) defines the controlled outputs. In this formulation, the state vector

x(𝑘) ∈ R𝑛𝑥 represents storage levels, and the input vector u(𝑘) ∈ R𝑛𝑢 corresponds

to storage power as the manipulated variable. The output vector y(𝑘) ∈ R𝑛𝑦 com-

prises grid power and storage dynamics, whereas the disturbance vector d(𝑘) ∈ R𝑛𝑑

includes photovoltaic generation, wind power, and load demand. System evolution

is governed by the matrices A, B, C, D𝑢, and D𝑑.

With the model defined, the proposed zone-based MPC is formulated using the

following quadratic cost function:

𝑉k =(𝑃𝑔𝑟𝑖𝑑 − 𝑃𝑔𝑟𝑖𝑑,𝑠𝑝)
T𝜌𝑒(𝑃𝑔𝑟𝑖𝑑 − 𝑃𝑔𝑟𝑖𝑑,𝑠𝑝)

+ (𝑆𝑂𝐶 − 𝑆𝑂𝐶𝑠𝑝)
T 𝐶𝑟𝑒

𝐶𝑏𝑎𝑡,𝑐𝑒𝑙

(𝑆𝑂𝐶 − 𝑆𝑂𝐶𝑠𝑝)

+ (𝑆𝑂𝐸 − 𝑆𝑂𝐸𝑠𝑝)
T𝐶𝑖𝑛𝑣𝑒𝑠𝑡,𝑠𝑐

𝐶𝑠𝑐,𝑐𝑒𝑙

(𝑆𝑂𝐸 − 𝑆𝑂𝐸𝑠𝑝)

+ (𝑆𝐻𝐿− 𝑆𝐻𝐿𝑠𝑝)
T𝐶𝑖𝑛𝑣𝑒𝑠𝑡

𝐶𝐻2,𝑠𝑡𝑜

(𝑆𝐿𝐻 − 𝑆𝐻𝐿𝑠𝑝)

+ ∆𝑃T
𝑏𝑎𝑡

𝜌𝑒
𝜂𝑏𝑎𝑡

∆𝑃𝑏𝑎𝑡 +∆𝑃T
𝐻2

𝜌𝐻2

𝜂𝐻2

∆𝑃𝐻2 +∆𝑃T
𝑠𝑐

𝜌𝑒
𝜂𝑠𝑐

∆𝑃𝑠𝑐, (5.32)

where the subscript 𝑠𝑝 is the set-point, 𝜌𝑒 is the electrical price, 𝜌𝐻2 is the hydrogen

price, 𝜂𝑏𝑎𝑡 is the battery efficiency, 𝐶𝑟𝑒 is the cost of replacement the storage system,

𝐶𝑏𝑎𝑡,𝑐𝑒𝑙 is the nominal power capacity, 𝐶𝑖𝑛𝑣𝑒𝑠𝑡𝑖 is the is the investment in the electroly-

zer and storage and 𝐶𝐻2,𝑠𝑡𝑜 is the hydrogen storage capacity, and 𝐶𝑖𝑛𝑣𝑒𝑠𝑡𝑖,𝑠𝑐 is the is

the investment in the supercapacitor and storage and 𝐶𝑠𝑐,𝑐𝑒𝑙 is the supercapacitor.

Finally, the control law of the QP-based zone-MPC proposed here can be gene-

ralized and formulated as the solution to the following optimization problem:

Problem 1

min
u𝑘,y𝑠𝑝,𝑘

𝑉k,

𝑉k =
𝑁−1∑︁
𝑗=0

‖y(𝑘 + 𝑗|𝑘)− y𝑠𝑝,𝑘‖2Q + ‖∆u(𝑘 + 𝑗|𝑘)‖2R , (5.33)

subject to (5.30), (5.31), (5.9), (5.10), (5.11), (5.12), and:

d(𝑘 + 1|𝑘) = 𝑓(d(𝑘 − 𝑛|𝑘), . . . ,d(𝑘|𝑘)) (5.34)
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where (5.34) represent the prediction of future disturbance in at time 𝑘+1, 𝑓(·) re-

presents a trained artificial neural network that incorporates past values and current

values of the disturbances

The terms associated withQ represent the deviations of grid power, battery state

of charge (SOC), supercapacitor state of energy (SOE), and stored hydrogen level

(SHL) from their reference values, weighted by cost factors — such as equipment

replacement cost (𝐶re,cel) or investment cost (𝐶invest,sc) (𝐶invest,H2), normalized by

the nominal capacity of each component. The terms equivalent to R correspond

to the direct costs related to power variations in the battery, electrolyzer/hydrogen

system, and supercapacitor, expressed as the cost of electricity or hydrogen divided

by the conversion efficiency of the respective device. Thus, higher weights in Q

emphasize the importance of keeping the variables close to their setpoints, while

higher weights in R encourage smoother control actions, avoiding abrupt changes,

reducing operational costs, and penalizing excessive or inefficient use of resources.

5.3 Disturbance modeling

As detailed in Chapter 2, the proposed LSTM model employs a Nonlinear AutoRe-

gressive (NAR) architecture, generating forecasts solely from past values of the sys-

tem output. Operating in discrete time steps, the network produces one-step-ahead

predictions that are recursively fed back as inputs to obtain multi-step forecasts. In

this recursive framework, each predicted output forms part of the subsequent input,

and the network’s internal states are updated iteratively to capture the sequential

dynamics accurately. Because no exogenous inputs are used, the approach conforms

to the NAR paradigm defined by Connor et al. (1994), and it has been further

extended in hybrid modeling studies such as Zhang (2003).

Figures 5.5a, 5.5b and 5.6 shows 336 hours of prediction from the trained models.

The performance of the ANN was assessed using the Root Mean Squared Error

(RMSE), Mean Absolute Error (MAE), which measures the average magnitude of

prediction errors.
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(a) Solar power prediction over 336 h. (b) Wind power prediction over 336 h.

Figure 5.5: Two weeks of renewable power prediction over 336 h. 𝑑𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 denotes the actual

observed values in the test set, and 𝑑 represents the predicted values by the artificial neural network.

Figure 5.6: Two weeks of load consumption prediction over 336 h. 𝑑𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛denotes the actual

observed values in the test set, and 𝑑 represents the predicted values by the artificial neural network.

The forecasting performance for solar generation, wind generation, and load

demand is summarized in Table 5.2.

Table 5.2: Prediction performance metrics for solar, wind, and load.

Variable RMSE MAE

Solar Generation 0.11 0.06

Wind Generation 0.13 0.09

Load Demand 0.10 0.07
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For solar generation, the model achieved an RMSE of 0.11, and an MAE of 0.06

indicating strong accuracy and reliable variability representation. For wind, the

RMSE of 0.13 and a MAE of 0.09 demonstrates excellent predictive performance

with high correlation. For load, a low RMSE of 0.10 and an MAE of 0.07 reflects

minimal absolute error, confirming the model’s precision.

5.4 Simulation and results

The simulation of the zone-MPC proposed for the EMS of the industrial microgrid

were solved using the CVXOPT framework (Andersen et al. 2020), implemented in

Python 3.12.

The microgrid under study is situated in the municipality of Guanambi, located

in the state of Bahia, Brazil. It comprises a photovoltaic power plant, a wind power

plant, a battery storage system, a supercapacitor bank, a green hydrogen production

unit, and an interconnection with the main power grid, as illustrated in Figure 5.7.

Owing to the region’s favorable solar and wind resource availability, the microgrid is

capable of fully meeting the city’s electrical demand. Furthermore, it is designed to

dispatch surplus energy to the main power grid, which is managed by the Brazilian

National System Operator (NSO).

Figure 5.7: Case study of a microgrid in Guanambi. The map was adapted from Rodrigues (2021).

Figure 5.8 illustrates the block diagram of the proposed control loop for the in-

dustrial microgrid for Problem P1, and Table 5.3 summarizes the weighting matrices

and the initial condition.
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Figure 5.8: Block diagram of EMS. ymin,max is the output zone reference vector, u(𝑘) is is input

and y(𝑘) is the output, d(𝑘) is the disturbance, d(𝑘−𝑛) is the past information of the disturbances

and d̂(𝑘 + 1) is the measured process disturbance.

Table 5.3: Weighting matrices and the initial condition.

Parameters Description Value

x(0) Initial condition [50 20 20]T (%)

u(0) Initial condition [0 0 0]T (MW)

umin Minimum input [−100 − 50 − 30]T(MW)

umax Maximum input [100 50 30]T(MW)

∆u Inputs increments [100 50 30]T(MW)

𝜂bat Battery efficiency 98%

𝜂𝐻2 Electrolyzer efficiency 74%

𝜂𝑠𝑐 Supercapacitor Efficiency 99%

𝐶bat Power capacity of battery bank 800MWh

𝐶H2 Maximum Volume 1200Nm3

𝐶sc Power capacity of supercapacitor 800MWh

𝑇𝑠 Sampling period 1h

𝑁 Horizon control 3

𝐶re Replacement cost of the battery $325

𝐶𝐻2 Electrolyzer maintenance cost $500

𝐶𝐻2 Electrolyzer maintenance cost $400

R Input weighting matrix diag($0.67, $3.82, $0.65)

Q Output weighting matrix diag(0.4$/MW, 0.3$/Nm³, 0.62$/MW, $0.65)
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Table 5.4 presents the definition of operating zones over a one-week horizon, seg-

mented into 24-hour intervals. For each zone, the minimum and maximum bounds

for the output vector yT are specified. This vector encapsulates four normalized

system indicators relevant to the control problem, including renewable penetration,

battery state of charge, power exchange status, and hydrogen tank level. These zones

reflect distinct operating conditions and are used to enforce time-varying constraints

in the predictive control formulation. The piecewise bounds enable the controller

to adapt its strategy according to expected variations in resource availability and

demand throughout the week.

Table 5.4: Zone definitions.

Time /(h) yT
min yT

max

0 to 23 [30% 20% 0% 40MW] [40% 30% 1% 100MW]

24 to 47 [35% 30% 0% 40MW] [60% 40% 1% 100MW]

48 to 71 [20% 40% 0% 80MW] [40% 50% 1% 175MW]

72 to 95 [35% 50% 0% 20MW] [60% 60% 1% 100MW]

96 to 119 [30% 60% 0% 80MW] [60% 70% 1% 175MW]

120 to 143 [30% 70% 0% 40MW] [60% 80% 1% 150MW]

144 to 168 [15% 80% 0% 55MW] [35% 90% 1% 100MW]

Figure 5.10a shows the power exported to the utility grid; Figure 5.10b depicts

the evolution of the battery state of charge (SOC); Figure 5.10c depicts the evolution

of the supercapacitor state of energy (SOE); and Figure 5.10d describes the hydrogen

storage level. Figure 5.9 represents the power exchange at the microgrid node.

87



Figure 5.9: Power exchange at the microgrid node with manipulated variables and disturbances.

𝑃𝑠𝑜𝑙𝑎𝑟: solar power. 𝑃𝑤𝑖𝑛𝑑: wind power. 𝑃𝑙𝑜𝑎𝑑: load consumer power. 𝑃𝑏𝑎𝑡: power exchanged with

the battery bank. 𝑃𝐻2
: hydrogen power. 𝑃𝑠𝑐: supercapacitor power. 𝑃𝑔𝑟𝑖𝑑: power sold the grid.
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(a) Power sold to the energy concessionaire. 𝑃𝑔𝑟𝑖𝑑,𝑧𝑜𝑛𝑒

denotes the grid power in the zone, 𝑃𝑔𝑟𝑖𝑑,𝑠𝑝 is the grid

power setpoint, and 𝑃𝑔𝑟𝑖𝑑 represents the actual grid

power at time step 𝑘.

(b) Battery State of Charge (SOC). 𝑆𝑂𝐶𝑧𝑜𝑛𝑒 refers to

the battery’s state of charge within the zone, 𝑆𝑂𝐶𝑠𝑝

indicates the desired setpoint, and 𝑆𝑂𝐶 corresponds to

the actual value at time step 𝑘.

(c) Supercapacitor State of Energy (SOE). 𝑆𝑂𝐸𝑧𝑜𝑛𝑒 re-

fers to the supercapacitor’s energy level within the zone,

𝑆𝑂𝐸𝑠𝑝 indicates the target setpoint, and 𝑆𝑂𝐸 corres-

ponds to the actual state at time step 𝑘.

(d) Storage Hydrogen Level (SHL). 𝑆𝐻𝐿𝑧𝑜𝑛𝑒 refers to

the hydrogen storage level within the zone, 𝑆𝐻𝐿𝑠𝑝 indi-

cates the target setpoint, and 𝑆𝐻𝐿 corresponds to the

actual storage level at time step 𝑘.

Figure 5.10: Operational variables and storage states of the microgrid.

In this simulation, the operation of the microgrid was planned over a 168-hour

horizon (one week), with re-planning performed every 24 hours. The primary objec-

tive is to fully supply the local load demand and subsequently sell any surplus energy

to NSO. However, due to the intermittent nature of renewable energy sources, not all

of the generated surplus can be directly injected into the main grid. This limitation

is necessary to prevent potential overloads that could lead to network shutdowns

caused by power limit violations.

To mitigate this issue, energy storage systems are employed. Figure 5.10a pre-

89



sents the energy sold to the NSO, regulated through different operational zones,

while Figure 5.10b shows the energy stored in the battery bank, also governed by

defined operational bands. During periods of high renewable generation, a smaller

selling zone and a larger battery charging zone are adopted. The opposite strategy is

applied during periods of lower generation, prioritizing energy export over storage.

This approach aims to smooth the power injection into the grid by storing excess

energy for later use, thus enabling safer integration with the NSO. It is also obser-

ved that, at certain moments, the established limits are violated due to momentary

surpluses or deficits in the energy generated within the respective range. However,

these violations are brief, and the controller quickly acts to bring the variable back

within the desired range, thereby maintaining the control objectives.

Figure 5.10c and Figure 5.10d illustrate the operation of the supercapacitor bank

and the green hydrogen production system, respectively. For the supercapacitors,

a constant operational zone was maintained throughout the simulation, given their

high efficiency and ability to handle high energy densities over short periods. In

contrast, the hydrogen storage system operated with progressively increasing ope-

rational bands over time, aiming to maximize hydrogen production. This strategy

enhances the potential for hydrogen commercialization as an industrial feedstock.

Accordingly, the power exchange among the microgrid components is illustrated in

Figure 5.9.

MPC with feedforward action allows the incorporation of measured disturbances

directly into the prediction stage, enabling the controller to adjust the manipulated

variables in advance to mitigate the effects of these disturbances on the system

outputs (Camacho & Bordons 2004). In this context, Artificial Neural Networks

(ANN) can be used as a feedforward strategy, acting as approximate models of the

disturbance dynamics or their influence on the system. In Figure 5.11, Figure 5.12

and Figure 5.13 shows the difference in the MPC with and without the feedforward

ANN over a 168-hour prediction horizon.
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Figure 5.11: Comparison between using ANNs as a disturbance prediction model and without

a prediction model for battery. The superscript (+) indicates the result obtained without the

feedforward action and the superscript (*) indicates the result obtained with the ANN feedforward

action.

91



Figure 5.12: Comparison between using ANNs as a disturbance prediction model and without

a prediction model for hydrogen. The superscript (+) indicates the result obtained without the

feedforward action and the superscript (*) indicates the result obtained with the ANN feedforward

action.
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Figure 5.13: Comparison between using ANNs as a disturbance prediction model and without a

prediction model for supercapacitor. The superscript (+) indicates the result obtained without the

feedforward action and the superscript (*) indicates the result obtained with the ANN feedforward

action.

The results demonstrate that in both implementations – with and without the

feedforward artificial neural network (ANN) – the controller is able to achieve its

operational objectives while respecting system constraints and equipment limits.

This confirms the robustness of the control scheme even in the absence of advanced

forecasting. The main advantage lies in the predictive capability of the LSTM,

which enables the controller to anticipate trends in energy generation and demand

more accurately. As a result, the controller can take more proactive actions, such

as charging or discharging the battery or charging or discharging the supercapacitor

and adjusting hydrogen production more efficiently, thereby minimizing losses and

optimizing operation.

For instance, with the use of the LSTM model, the controller is able to anticipate
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changes in the system: it starts charging the battery or the supercapacitor before

a predicted increase in renewable generation, and increases hydrogen production in

anticipation of a forecasted drop in generation. These proactive actions are reflec-

ted in the manipulated variables (Figure 5.11, Figure 5.12 and Figure 5.13). Such

anticipatory responses are not feasible with the version of the controller without

RNN-based forecasting, which reacts only to current conditions. Moreover, energy

Figure 5.14: Comparison between using ANNs as a disturbance prediction model and without a

prediction model for grid power. The superscript (+) indicates the result obtained without the

feedforward action and the superscript (*) indicates the result obtained with the ANN feedforward

action.

sales to the grid are also optimized with the LSTM approach, as the controller

can better capitalize on periods of energy surplus and more favorable selling prices,

potentially resulting in higher revenues or reduced operational costs (Figure 5.14).

In summary, although both approaches are feasible, the RNN-based implementa-

tion proves more effective in dynamic and uncertain environments — characteristic

of energy systems with intermittent renewable sources. By forecasting the system’s

future behavior, the controller gains a strategic advantage that translates into su-

perior overall performance. For comparison between the results with and without

the RNN, the following economic function was adopted. Maximizing energy sale

ℓ𝑔𝑟𝑖𝑑, maximizing hydrogen production ℓ𝐻2 , and accounting for battery-related costs:
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cell replacement ℓ𝑏𝑎𝑡1 , charge/discharge degradation ℓ𝑏𝑎𝑡2 , state-of-charge variations

ℓ𝑏𝑎𝑡3ensuring system performance and economic viability; and cell replacement ℓ𝑠𝑐,

ℓ𝑒𝑐𝑜(𝑥(𝑘),𝑢(𝑘),𝑝𝑒(𝑘),𝑝𝐻2(𝑘)) =

ℓ𝑔𝑟𝑖𝑑⏞  ⏟  
𝑝𝑒(𝑘)𝑇𝑠𝜆1𝑃𝑔𝑟𝑖𝑑(𝑘)+

ℓ𝐻2⏞  ⏟  
𝑝𝐻2(𝑘)𝑇𝑠𝜆2𝑃𝐻2(𝑘)

− 𝜆3

ℓ𝑏𝑎𝑡1⏞  ⏟  
𝐶𝑟𝑒𝑇𝑠

𝐶𝑊ℎ

𝑃𝑏𝑎𝑡(𝑘)−

ℓ𝑏𝑎𝑡2⏞  ⏟  
𝜆4

𝑃𝑏𝑎𝑡(𝑘)

𝑉𝑏𝑎𝑡𝐼𝑏𝑎𝑡

−

ℓ𝑏𝑎𝑡3⏞  ⏟  
‖x(𝑘 + 1)− x(𝑘)‖2𝑄𝑏𝑎𝑡

−𝜆5

ℓ𝑠𝑐⏞  ⏟  
𝐶𝑖𝑛𝑣𝑒𝑠𝑡,𝑠𝑐𝑇𝑠

𝐶𝑠𝑐,𝑐𝑒𝑙

𝑃𝑠𝑐(𝑘)

(5.35)

The microgrid operation is optimized by balancing power sale (𝑃grid), hydrogen

production (𝑃H2), battery charging/discharging (𝑃sc) and supercapacitor charging/-

discharging (𝑃bat), with respective weights 𝜆1, 𝜆2, 𝜆3, and 𝜆4. The model also

includes the battery cell replacement cost (𝐶re) and the coefficient 𝜆4, considering

battery voltage (𝑉bat), current (𝐼bat), hydrogen price (𝑝H2), and electricity price (𝑝𝑒)

to minimize economic and operational impacts, ensuring efficient and cost-effective

energy management.

Figure 5.15: Economic Function.

Figure 5.15 the profile of accumulated profit obtained from (5.35). The result

indicate that the microgrid operated in an economically viable manner under the
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zone-MPC-ANN strategy, demonstrating the effectiveness of the proposed control-

ler in the optimal allocation of energy resources and the maximization of financial

returns.

5.5 Conclusion

This Chapter proposes a novel single-layer zone Model Predictive Control (MPC)

formulation based on Quadratic Programming, applied to an energy management

system supported by artificial intelligence for disturbance forecasting. The proposed

approach introduces a new organization state-space representation and structures

the optimization problem so that only a single problem is solved over the control

horizon. This enables the microgrid operator to steer system operation toward

more economically advantageous scenarios by leveraging the predictive capabilities

of machine learning models.

The obtained results demonstrate that the proposed formulation is effective and

robust under variations in operational setpoints, highlighting the controller’s adap-

tability. Furthermore, the integration of neural networks significantly enhanced

system performance by increasing robustness and predictive accuracy.

From a theoretical standpoint, a stabilizing analysis was conducted to demons-

trate that the proposed control strategy guarantees recursive feasibility and ensures

the monotonic decrease of the cost function, which acts as a Lyapunov function.

This behavior confirms the nominal convergence of the closed-loop system toward

an economically optimal operating point, provided the system model and forecasts

are accurate. By incorporating these stability guarantees into the predictive fra-

mework, the controller not only optimizes performance but also provides formal

assurances of safety and reliability.

These findings confirm that the combination of predictive control and artificial

intelligence supports more efficient and robust decision-making aligned with the

economic goals of microgrid operation.
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Chapter 6

Conclusion

This dissertation proposes Model Predictive Control (MPC) strategies for imple-

mentation within an Energy Management System (EMS) applied to electrical mi-

crogrids. The EMS represents the top layer of the hierarchical control structure

used to coordinate the various subsystems of the microgrid. Due to its similarity

to the hierarchical control architecture widely adopted in process industries, several

MPC techniques can be adapted and applied in a similar fashion. Accordingly, the

developed controllers aim to meet the main operational objectives of the EMS:

I. Management of the microgrid based on economic criteria;

II. Control of power flow among the subsystems of the microgrid;

III. Interaction of the microgrid with the main power grid;

IV. Active participation of the microgrid in the electricity market.

The first contribution consisted of the development of a two-layer MPC con-

troller based on Quadratic Programming (QP). While most of the MPC literature

for microgrids typically relies on Nonlinear Programming to solve the optimization

problem, the QP-based approach stands out for its enhanced numerical robustness

and reduced computational burden. To evaluate the effectiveness of the proposed

method, a process plant model was implemented using AVEVA Process Simula-

tion. The results demonstrated improved algorithm convergence, greater numerical

stability, and the feasibility of scaling the proposed strategy to larger systems.

Considering that renewable energy sources and consumer load are treated as dis-

turbances in the control problem, several modeling techniques for such disturbances

were explored. Among these, Artificial Intelligence – particularly Artificial Neural
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Networks (ANNs) – proved to be highly efficient and robust, positioning itself as a

promising tool for integration with smart grids. The second contribution, therefore,

involved the modeling of solar and wind generation, as well as consumer load profiles

in the city of Guanambi, Bahia, Brazil. In this context, the QP-based MPC strategy

was applied to an industrial – scale microgrid, as opposed to the earlier residential-

scale application. In addition to preserving the numerical advantages of the QP

formulation, the integration of ANN in a feedforward configuration enabled the an-

ticipation of disturbances, improving the controller’s decision-making process. This

anticipation led to reduced control effort and more effective responses to fluctuations

in generation and demand.

Aiming to maximize the profit from energy sales to the main power grid, the third

contribution introduced a novel MPC strategy that incorporates economic targets

directly into the objective function. To this end, a zone-based MPC controller was

proposed, in which setpoints are defined as economically viable regions that can be

pre-established by the microgrid operator. The ANN-based disturbance modeling

methodology was also applied in this context. Simulations, again based on data from

the city of Guanambi, showed that the controller is capable of operating within

economically optimal zones while meeting the load demand and complying with

long-term economic schedules. Moreover, a stability analysis confirmed that the

proposed control scheme guarantees recursive feasibility and nominal convergence,

providing theoretical assurance of closed-loop stability alongside practical economic

performance

In summary, this dissertation contributes to the development of QP-based MPC

controllers supported by artificial intelligence for disturbance modeling. The re-

sults demonstrate the efficiency, flexibility, and scalability of the proposed struc-

ture, making it suitable for microgrids of varying sizes, with multiple loads and

renewable energy sources. The presented contributions have practical implications

for microgrids at different scales, emphasizing the economic benefits of the proposed

operational strategies.
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6.1 Direction of future works

This work has yet to address specific issues, but they could be considered possible

areas for future research. These include:

• Implement a single-layer QP-based MPC strategy integrated with a process

simulator (Software-in-the-Loop): In Chapter 3, a two-layer MPC strategy

based on quadratic programming (QP) was proposed and integrated with the

AVEVA Process Simulation environment. However, economically optimal ope-

rating points may occur during transient regimes rather than steady state.

Therefore, implementing a single-layer MPC directly coupled with the pro-

cess simulator may enhance the robustness of the control strategy by enabling

testing in scenarios that more closely resemble real operational conditions. Si-

milarly, it is recommended to implement the control law proposed in Chapter

5 within a process simulator to validate its performance under dynamic system

behavior.

• Propose a data-driven mathematical model: By leveraging process simulation

tools, it is possible to extract system-specific behaviors, including losses and

scale-dependent effects. This enables the construction of data-driven models

using system identification techniques, ranging from classical approaches such

as NARX (Nonlinear AutoRegressive with eXogenous input) models to mo-

dern artificial intelligence methods, including deep or hybrid neural networks.

These models can better capture unmodeled dynamics and improve predictive

accuracy.

• Apply the proposed strategies to interconnected microgrid systems: The te-

chniques developed in this work were applied to a single microgrid. However,

in more complex scenarios where operators of different microgrids can trade

energy directly – either to meet demand or to sell surplus energy – it is essential

to expand the proposed strategies to multi-microgrid systems. This extension

would require the development of coordination mechanisms between operators

and the implementation of distributed or decentralized control architectures.

• Extend the approach to systems with uncertainties and parameter variations:
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In real-world applications, system parameters and operating conditions are

subject to change. Incorporating robust or stochastic MPC techniques can

help explicitly handle such uncertainties, thereby increasing the reliability of

the control strategy.

• Develop a real-time monitoring and supervisory interface: To facilitate the

practical deployment of the proposed control strategies in industrial environ-

ments, the development of graphical user interfaces is recommended. These

interfaces would enable real-time visualization of system variables, forecasts,

control decisions, and performance indicators.

• Evaluate long-term economic and environmental impacts: Based on the pro-

posed control strategies, long-term simulations under different demand and

generation profiles can be conducted to assess economic outcomes (e.g., ope-

rational costs, accumulated profit) and environmental benefits (e.g., avoided

emissions, increased use of renewable sources).
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Automática e Informática Industrial, 12 (2), 117-132. .

Bordons, C., Garcia-Torres, F. & Ridao, M. A. (2020), Model predictive control of

microgrids, Vol. 358, Springer.

Bouckaert, S., Pales, A. F., McGlade, C., Remme, U., Wanner, B., Varro, L.,

D’Ambrosio, D. & Spencer, T. (2021), ‘Net zero by 2050: A roadmap for the

global energy sector’.

Camacho, E. F. & Bordons, C. (2004), Model Predictive Control, 2nd edn, Springer.
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