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ABSTRACT

Energy sector is facing a shift from a fossil-fuel energy system to a modern energy system focused on
renewable energy and electric transport systems. New control algorithms are required to deal with the
intermittent, stochastic, and distributed nature of the generation and with the new patterns of consumption.
Firstly, this study proposes an adaptive model-based receding horizon control technique to address the
issues associated with the energy management system (EMS) in micro-grid operations. The essential
objective of the EMS is to balance power generation and demand through energy storage for optimal
operation of the renewable energy-based micro-grid. At each sampling point, the proposed control system
compares the expected power produced by the renewable generators with the expected load demand and
determines the scheduling of the different energy storage devices and generators for the next few hours.
The control technique solves the optimization problem in order to minimize or determines the minimum
running cost of the overall micro-grid operations, while satisfying the demand and taking into account
technical and physical constraints. Micro-grid, as any other systems are subject to disturbances during their
normal operation. Hence, the power generated by the renewable energy sources (RESs) and the demanded
power are the main disturbances acting on the micro-grid. As renewable sources are used for the generation,
their time-varying nature, their difficulty in predicting, and their lack of ability to manipulate make them a
problem for the control system to solve. In view of this, the study investigates the impacts of considering
the prediction of disturbances on the performance of the energy management system (EMS) based on the
adaptive model predictive control (AMPC) algorithm in order to improve the operating costs of the micro-
grid with hybrid-energy storage systems. Furthermore, adequate management of loads and electric vehicle
(EV) charging can help enhance the micro-grid operation. This study also introduced the concept of
demand-side management (DSM), which allows the customers to make decisions regarding their energy
consumption and also help to reduce the peak load demand and to reshape the load profile so as to improve
the efficiency of the system, environmental impacts, and reduction in the overall operational costs. More
so, the intermittent nature of renewable energy and consumer random behavior introduces a stochastic
component to the problem of control. Therefore, in order to solve this problem, this study utilizes an AMPC
control technique, which provides some robustness to the control of systems with uncertainties. Lastly, the
performances of the micro-grids used as a case study are evaluated through simulation modeling,
implemented in MATLAB/Simulink environment, and the simulation results show the accuracy and
efficiency of the proposed control technique. More so, the results also show how the AMPC can adapt to
various generation scenarios, providing an optimal solution to power-sharing among the distributed energy
resources (DERs) and taking into consideration both the physical and operational constraints and similarly,

the optimization of the imposed operational criteria.

Vi
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CHAPTER ONE
INTRODUCTION

1.1 General Background

The aim of reducing greenhouse gas emissions is to focus more on environmentally friendly and renewable
energy sources. Renewable energy technology now plays a significant role in a society that is becoming
highly energy-intensive while still becoming more conscious of environmental issues. In reality, the
penetration of renewable energy sources (RESS) into the electrical network poses many challenges arising
from their inherent intermittent nature and the need to satisfy unpredictable consumer demand [1]. More
so, several uncertainties have been imposed on the modern operation of the distribution network by
integrating large-scale distributed renewable energy. It is necessary to determine the economic and reliable
control strategies against fluctuating generation outputs and unpredictable weather conditions. In addition,
the stochastic characteristics of the load profiles are exacerbated by increasingly complicated end-users [2],
[3]. Conversely, while the traditional, source-controllable method of generating energy enables generation
to balance the demand, incorporating new renewable-based technology with an unpredictable and variable
profile makes it imperative to provide unique solutions to the problems that have not previously emerged.
It is essential to realize that the energy imbalances in the grid, associated with the issues of reliability,
stability, and power quality, result from the high penetration of the RESs in the electrical network. The
inclusion of energy storage systems (ESSs) such as hydrogen, batteries, flywheels, ultracapacitors, etc., is
a one-way approach to addressing these issues [4]. Meanwhile, due to its inherent predictive difficulties
and variability, consideration of renewable sources, such as the un-dispatchable unit, can be avoided with
the help of the ESS buffering capability. Therefore, the discontinuous nature of renewable generation and
the randomness of the consumer's behavior are compensated by the stored energy in these units [5]. The
outlined problems can be solved by redesigning the grid into smaller, more functional components. In
addition, the imbalances introduced by the fluctuation of the RESs in the grid are compensated by the use
of energy storage technologies, thus ensuring the appropriate quality of the power supplied to the local
loads. However, storage concerns are a technical solution for energy management in the electrical network
and a way of effectively using sustainable resources by averting the shedding of generation amid
overproduction and, similarly, shedding of loads in the event of generation deficit. Meanwhile, the design
and implementation of an advanced control system are vital for the convenient operation of hybrid ESSs.
More so, the control technique will manipulate the characteristics of the individual ESS, taking into account
degradation problems and operational constraints; thus, it appears as a technical solution to improve

flexibility, performance, and lifespan [6], [7]. The development of micro-grids comes as a necessity for



integrating renewable energy sources into remote communities and as an intermediate milestone towards
the realization of the Smart Grid. The microgrid system, which has its own control, allows for the scalable
integration of local generation and loads in existing electrical networks, allowing for greater penetration of
DG and RESs. The design, operation, and control of microgrids pose significant technical challenges, which
must be addressed by appropriate advanced control techniques [8]. The design and implementation of
appropriate advanced control strategies is a key factor for the effective integration of micro-grids into the

electrical network.

1.1.1 Wavelength-Based Thermo-Electrical Model of a Photovoltaic (PV) Module

Solar energy is one of the most essential sustainable energy sources in the universe, and as such, it is
increasingly becoming more efficient to produce electricity using photovoltaic effect, which can be
obtained, by photovoltaic (PV) cells [9], [10]. As it stands, in terms of environmental impact and
performance, photovoltaic energy appears to be a potential source of renewable energy, especially in the
context of conventional power generation schemes. The PV module temperature, in particular, is a
noteworthy factor that has a negative impact on PV module performance. Therefore, the more the PV
module temperature increases, the lesser the PV module efficiency. Consequently, in order to enhance the
design, development, and optimization of the photovoltaic module, it is essential to have a good
comprehension of the factors that influence the PV modules' performance. Recently, thermal models have
been introduced to predict the module's temperatures, and likewise, the thermo-electrical models to
investigate the interaction of electrical and thermal module characteristics. Therefore, in the bid to fully
understand how MPC is designed and implemented in an electrical network, the MPC controller is used in

a wavelength-based thermo-electrical model of a photovoltaic module [11], [12].

The essence of this model is mainly to predict the impact of each module wavelength on both the
temperature and the output power of the PV module. More so, since the output power is affected by the
module temperature, it is expedient to design a controller that locates the optimal cut-off spectral
wavelength to lessen the module temperature, therefore, getting the most out of the output power over a
period of time. In this vein, a model predictive controller whose objective is to maximize the output power
by simply controlling the input power through filtering the spectrum wavelength is designed for a
photovoltaic system. The main objective of this case study is to improve the PV module efficiency by using
an optimal control scheme to design an active filtering process that enhances the output power through
controlling the input power [13], [14]. The design and simulation of the plant model and the MPC controller

were carried-out on MATLAB/Simulink environment in chapter 4 of this thesis.



1.1.2 Energy Management System in Microgrids

The energy management system (EMS) is responsible for the most efficient means of maintaining the
energy balance in the micro-grid. Hence, the primary objective is to ensure a reliable supply of electrical
power to its local load consumers. This could involve simply handling the surplus/shortage of energy or
considering certain functionalities based on economic or operational parameters. EMS objective is located
at the tertiary level and, if necessary, must balance power generation and demand through energy storage,
dispatch-able generators, and demand management. The EMS can also maximize system efficiency and
reduce running costs. The power generated by the renewable energy sources and the power demanded are
the two major disturbances (sources of uncertainty) that operate on a micro-grid that could positively impact
its EMS and economic performances [15], [16]. The challenges emerge from the inherent intermittent
nature of renewable energy sources and the criteria for satisfying the variable demand for energy. While
renewable sources are used for the generation, the control system makes them a problem due to their time-
varying nature, difficulty in predicting, and lack of manipulative capability. The EMS controls the surplus
or shortfall of energy from renewable sources; where possible, electricity from renewable sources is
supplied directly to loads. Any surplus power is transferred to storage units or grids and, if power is not
available from renewable sources, it must be provided by storage units or grids. The EMS's primary goal is
to balance power in the micro-grid efficiently, but depending on the control algorithm, the EMS can also
attempt to maximize output against predetermined goals. The required amount of energy to be exchanged
between generators, storage units, loads, and external grids will be determined by the control policy used,

which can vary from basic heuristic principles to complex optimization algorithms [4], [17].

1.1.3 Management of Hybrid Energy Storage Systems in micro-grids

The use of ESSs provides an ability to choose the appropriate micro-grid operating approach for both
islanded and grid-connected modes and control the appropriate means of exchanging energy between
microgrid components and the external network. There are several energy storage technologies, such as
batteries, ultracapacitor, hydrogen, etc. Storage problems in micro-grids can be solved by combining
various types of ESSs in one hybrid structure. Each energy storage system has its benefits and drawbacks,
taking into account energy and power rating, economic cost, autonomy, time response, lifespan, and
degradation issues. The use of hybrid energy storage systems (HESSS), i.e., incorporating several storage
technologies, emerges as a way to mitigate the drawbacks of these technologies. Therefore, to minimize the
overall costs, the control technique must have the ability to determine which ESS can be used at any
moment. In recent years, the hybridization of energy storage systems has created considerable interest. The
efficient management of multiple technologies in a single ESS necessitates an optimized algorithm for

distributing power, reducing total cost, and handling various timescales. When multiple ESSs are combined



to form a hybrid scheme, the issue of power-sharing must be addressed. Several studies have addressed the
importance of power-sharing in hybrid ESSs, taking advantage of each technology's transient response and
autonomy and respecting degradation causes [18], [19]. Adequate use of the hybrid ESS demands the
implementation of a controller that considers all the constraints, limitations, degradation issues, and
economic costs of each ESS. A large number of constraints and variables to be optimized complicates the
control problem, necessitating the use of advanced control algorithms. A large number of constraints and
variables to be optimized increases the difficulty of the related control problem, making conventional
heuristic approaches difficult to find an optimal solution. Hence, the use of the multi-objective cost function
in MPC also enables the controller to measure the ESS operating costs according to their number of life

cycles or hours, taking into account their degradation mechanisms [4].

1.1.4 The Concept of Demand Side Management and Demand Response Techniques in Micro-grids

Demand-side management (DSM) is an essential feature in electrical networks that helps consumers to
make decisions on their energy usage while also assisting operators in reducing peak load demand and
reshaping the load profile. DSM covers everything that concerns the demand side of the energy system. It
consists of measures introduced by power utilities to regulate electricity use at the consumer level and are
used to allow optimal use of the existing energy without the need for additional facilities [20]. The adoption
of the DSM technique has a range of advantages, including improved system performance, reduced overall
operational costs, supply protection, and decreased environmental effects. Demand response (DR) refers to
consumers' actions using information (mainly prices) to adjust their loads in the DSM context. This type of
scheme can be used to avoid unwanted peaks in the demand curve that arise at certain times throughout the
day, culminating in a more beneficial rearrangement, in addition to saving money on energy bills [4], [20].
The primary aim of the DR strategies mentioned in the literature is to lower system peak load demand and
running costs. The demand-side management module gives the EMS and the micro-grid more flexibility,
particularly when operating in a stand-alone mode [21]. Loads may be manipulated to a certain extent in a
microgrid. There are certain critical loads that must be met at all times. These uncontrollable loads must be
operated at a certain power and cannot be deferred at a certain time. Conversely, controllable loads with
total consumption or duration of time can be modified, such as heating ventilating and air conditioning
(HVAC) and electric vehicles (EV). Any loads can then be decreased, shed, or deferred during supply

shortages or emergency conditions or simply to maximize the micro-grid output [22].

1.1.5 Electric Vehicle Integration in Micro-grids

Electric vehicles will increasingly be connected to the grid in the immediate future. Consequently, the

development of an energy management system for managing the use of electric vehicle batteries is a core



area of research. Electric vehicle charging may be used in DSM strategies (since EVs are microgrid loads),
but because of their storage capacity, EVs can still supply energy to the grid when required, making them
prosumers. Vehicle-to-grid (V2G) systems use the batteries in electric vehicles to store energy for an
electrical network when they are not in use. Therefore, it is reported that a vehicle is only in motion for 4%
of the time [23], leaving the majority of the time for it to function as an electrical energy storage facility.
Furthermore, in regular operation, the batteries are recharged overnight (during times of low electricity
demand) and parked in the workplace during high electricity demand, allowing the generated energy to be
used to satisfy peak demand. The incorporation of V2G networks can be a crucial component of microgrid

reliability, ensuring that demand and generation variations are mitigated [4].

1.1.6 Load Frequency Control Model with Renewable Energy Sources

One of the power system utility goals is to maintain continuity of electrical supply with its desired quality
[24]. The power system assumes continuous equilibrium as long as there is a balance between the generation
and demand for electrical energy. In an interconnected power system, the main objective of automatic
generation control (AGC) is to reduce the deviation in the transient response in the area frequency, tie-line
power interchange. AGC has been developed to compensate for the steady-state error caused by primary
frequency control. Frequency is a significant stability criterion for large-scale stability in multi-area power
systems [25]. Load frequency control (LFC) problem of a multi-area interconnected power system with a
stand-alone micro-grid is more challenging as the penetration level of renewable distribution generations
with the major issues of variability and uncertainty continue to increase. Therefore, to ensure stand-alone
micro-grid stability, the frequency controller should be appropriately designed with due importance [26].
More importantly, the load frequency control for micro-grid operations in the distribution network requires
more attention, particularly off-grid remote micro-grid operation. Consequently, significant challenges
emerge due to low inertia, converter-based, and intermittent generation of renewable and distributed energy
resources common to micro-grid. Therefore, it calls for advanced control techniques to ensure a consistent
supply of loads and further reduce the system's frequency deviation [27]. Frequency and voltage regulation
within specified nominal values in autonomous micro-grid operation is essential for reliable system
operation and has received sufficient considerations. The battery energy storage system (BESS) used in the
stand-alone micro-grid system with a secondary frequency control function enhances the frequency control
performance. As renewable distributed generations such as wind turbine generators and photovoltaic
stations have increased penetration levels, these renewable generations have a huge impact on the LFC

problem of the multi-area power system with a stand-alone micro-grid [26].



1.1.7 The Model Predictive Control Concept

The microgrid control system is capable of dealing with a wide variety of problems. The model predictive
control offers an intuitive approach to the optimal control of systems subject to constraints. This factor
demonstrates why MPC is the most widely used advanced control technique in the industry. The term model
predictive control does not apply to a specific control technique but rather to a group of control methods
that use a system model to measure the control signal by minimizing a cost function [28]. The first input of
this sequence is applied to the system using the receding horizon principle, and the scheme is replicated at
the next sampling time as new state information becomes available. MPC addresses a constrained
hierarchical optimal control problem by repeatedly optimizing the open-loop problem online rather than
relying on time-consuming offline control law computation. MPC has several characteristics that make it a
viable microgrid control technique. Aside from its intuitive formulation, the approach is simple to
comprehend, and it can handle multivariable and distributed cases when taking into account constraints and
nonlinearities. The main differences between the MPC algorithms are the model used to represent the
system, the cost function to be minimized, and how the optimization is carried out. The MPC-based control
scheme’s advantages over other control schemes are not limited to the following criteria [29]. It focuses on
the future behavior and predictions of the system and is therefore extremely appealing to systems that are
inherently dependent on forecasting energy demand and the production of renewable energy, and offers a
feedback mechanism that makes the system more sensitive to uncertainty and disturbance [1], [30].
Moreover, this control strategy can address complex system constraints, integrate generation and demand
projections, and finally, manage physical and operational constraints such as storage capacity or generator

slew-rate power limits [31].

1.2 Research Motivation and Problem Statement

Our sector is facing a shift from a fossil-fuel energy system to a modern energy system focused on
renewable energy and electric transport systems. New control algorithms are required to deal with the
intermittent, stochastic, and distributed nature of the generation and new consumption patterns. The
transition from a fossil-fuel-based electricity infrastructure to one with a significant proportion of clean
energy and electric transportation systems poses new problems in the electrical grid's design, control, and
management. This scenario necessitates new schemes for future power grids that allow for the easy
integration of distributed generation, demand response, and energy storage systems. Microgrids are
attracting a lot of attention in the scientific community because they can play a significant role in this
transition. Microgrid energy management poses significant problems which need to be solved by advanced
control techniques. This study provides a current and broad view of the key issues that arise when managing

microgrids and how adaptive model predictive control (AMPC) can provide effective solutions. Despite the



fact that there are several methods for controlling microgrids, MPC is one of the most interesting
technologies to use in this context because it can provide solutions at all levels. More so, frequency control
as a key feature of automatic generation control is one of the main control problems in the design and
operation of electrical power systems and is becoming increasingly relevant today due to the growing scale,
evolving configuration, developing new uncertainties, environmental limitations, and complexity of power
systems. There are a number of issues that are currently prevalent and need to be addressed with appropriate
research and establish the methodologies that are capable of handling and sorting out, if possible, all of
them. Model predictive control is a powerful tool compared to other conventional control applied for
various purposes in power systems applications. The application of predictive model control can be
furthered to adaptive mode would possibly bring a lot of solutions to the control of micro-grid following
IEEE standard 1547.4 through the dynamic model of micro-grid components, controller strategies, optimal
operation through mathematical modeling, including economic impacts. Moreover, several control
techniques in micro-grid such as droop characteristics-based and communication-based offer excellent
voltage and frequency regulation and adequate power-sharing among the DG inverters but with the
drawback of prediction precision. MPC corrects this drawback, and to obtain reliable, flexible, stable, and

better performance of the microgrid operation, the MPC is furthered to the adaptive MPC mode.

1.3 Research Questions

Micro-grids need a certain degree of coordination among various DERs to operate cost-effectively and
reliably. This coordination is becoming more difficult in island micro-grids, where critical demand-supply
balancing and generally higher component failure rates need a highly coupled problem to be resolved over
the extended horizon, considering the volatility of parameters such as load profile and weather forecasting.
The Micro-grid control mechanism must ensure the efficient and economical operation of the micro-grid
while solving any control problems. The following research questions would be addressed in the subsequent
chapters to achieve a reliable, efficient, scalable, and cost-effective operation of the micro-grid controller

to harness the application of DERs using the AMPC algorithm completely:

e How can the utilization rate of the integrated renewable and distribution energy resources for local
use with a consequence of the consumers’ independence from the external grid be increased?

e How can the optimal power reference tracking problem be solved, where the energy consumption
from the diesel generator is minimized while maximizing the efficiency of the storage bank?

e How can the AMPC optimization problem cost function, dynamic system constraints, and the
control-oriented linear model used to solve the micro-grid energy management problem be

formulated?



o How can the EMS-based energy optimization problem be solved in an optimal way using an AMPC
algorithm in a renewable-based micro-grid?

o What are the impacts of integrating disturbance predictions on the energy management system
performance based on the proposed control technique?

e What are the benefits of adopting the concept of demand response technique for EMS in micro-
grids?

o How can the effectiveness of the AMPC strategy from other control strategies be demonstrated,
with the help of a simulation-based model, in addressing economic dispatch problems for micro-
grids with a strong presence of intermittent resources (DGs)?

e How can frequency deviation problems against variations in system parameters and load

disturbance of a typical micro-grid system be solved with appropriate advanced control techniques?

1.4 Research Aims and Objectives

Microgrid control has advanced significantly in recent years. Microgrids, which are small-scale power
systems with a cluster of loads, distributed generators, and storage units that work together, is the most
innovative sector of the electric power field today, and as a result, new control problems are emerging. This
study aims to use adaptive model predictive control (AMPC) to provide solutions for renewable energy-
based microgrids' operation. Although several approaches can be used to manage microgrids, AMPC offers
a general method for addressing most problems using certain basic concepts in an organized manner. AMPC
solves an optimization problem incorporating a feedback mechanism, which allows the system to face
uncertainty and disturbances. It can handle physical constraints and incorporate the system's future
behavior, which is vital for micro-grid. AMPC has been successfully applied in the industry, but in this
context, it can add solutions to problems derived from the nature of the generation and demand and also to
the need to operate with equipment from different nature such as geographically distributed energy
resources. This research aims to develop an AMPC algorithm to regulate the power flow among the
integrated DERs to maintain quality, reliable, and economic power supply. This work has a general
objective to develop an AMPC algorithm to solve the energy management problem of hybrid energy
systems based on the renewable energy sources. Therefore, to achieve this aim, the following objectives

shall be accomplished, namely:

o Dynamic modeling of the micro-grid components (hybrid energy system, integrating energy
sources, i.e., solar and wind, hybrid storage unit (battery and hydrogen), and electric vehicles
(V2G).



Development of the mathematical model for the micro-grid optimal operation and subsequently
formulate an optimization problem (cost or objective function and constraints) which are solved
using the AMPC algorithm.

Investigation of the optimal control strategy that efficiently manages a stand-alone residential
micro-grid comprising of renewable and non-renewable energy sources. The objective of the
optimal control scheme is for the generation to meet the demand, minimize the use of fossil fuels
and ensure the energy storage is always maintained around a nominal point such that it is not over-
depleted.

Investigation of the impact of integrating the disturbance prediction on the energy management
system's performance (EMS) based on the adaptive model predictive control (AMPC) algorithm to
improve the operating costs of the micro-grid with hybrid-energy storage systems.

Investigation of the benefits of adopting the concept of DR technique for energy management
system in a stand-alone micro-grid with both critical and curtailable loads connected.
Investigation and solution to the problems of control and energy management in micro-grid with
the incorporation of renewable energy generation, hybrid storage technologies, and integrating the
EVs with V2G technology.

Development of load controllers’ strategies and management of the electric vehicle batteries usage
as energy storage connected to micro-grid in the context of V2G systems.

The development of an adaptive model predictive control (AMPC) technique for load frequency

control of a two-area interconnected power system with a stand-alone micro-grid.

1.5 Main Findings and Contributions of the Thesis

The main findings and contributions of the thesis are summarized as follows:

An advanced control strategy was proposed in this thesis, i.e., an adaptive model-based receding
horizon control technique, mainly for the effective integration of micro-grids into the electrical
network; permits the integration of the information on the disturbances prediction, improves the
system flexibility and operational reliability and address issues related to the energy management
system (EMS) in micro-grid operations.

The impact of considering the prediction of disturbances on the performance of the energy
management system based on the adaptive model predictive control (AMPC) algorithm to improve

the operating costs of the micro-grid with hybrid-energy storage systems was also investigated.



e The Effectiveness and superiority of the proposed AMPC technique in terms of control
performance, optimization of the system efficiency, and minimization of the operational costs are
investigated.

e A comprehensive multi-objective formulation is developed, which weighs the usage of manipulated
variables, penalizes the rate, and keeps the stored energy around an operating point.

o Comprehensive case studies with single and hybrid storage systems are presented to provide
insights on the significant effects of introducing more battery storage into the micro-grid on the
system efficiency and cost function minimization.

¢ An AMPC technique with an extended state vector is proposed for the optimal LFC problem of a
multi-area interconnected power system with a standalone micro-grid.

e Since the control performance of AMPC is dependent on the micro-grid system parameters,
understanding the most sensitive parameters to the AMPC could be useful for the designing process
to achieve better performance. Therefore, the effects of the system parameters on the control
performance of the control techniques were evaluated. More so, a comparative study of AMPC and
MPC control for frequency control is investigated to show the effectiveness of the AMPC based

frequency control.

1.6 Thesis Layout

This research project describes “micro-grid and its operational aspects.” More specifically, it further
explains the steady-state operations of a micro-grid consisting of various distributed energy resources
(which provides a number of advantages on top of the existing grid, including dwindling primary resources,
application of renewable energy resources such as sun, wind, and water together with storage concerns
considering the intermittency of power available from such sources). This thesis is structured in nine

chapters. A brief description of each chapter is arranged as follows:

In the first chapter, an introduction to energy management in micro-grids, management of hybrid energy
storage systems in micro-grid, the concept of demand-side management and demand techniques in micro-
grids, electric vehicle integration in micro-grids, load frequency control model with renewable energy
sources, and model predictive control concept is explained. The chapter also presents the research
motivation and problem statement, research questions, and research aim and objectives.

A comprehensive state-of-the-art overview of energy management in microgrid systems with renewable
energy generations is presented in the second chapter. It also reviews the main concepts and modules of
the control structures of a generalized energy management system. This chapter also summarizes the most

common optimization techniques, solution algorithms, software, and the mathematical formulations used
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in the specialized literature to solve energy management problems. More so, recent studies on the

integration of EVs in microgrids are summarized.

The third chapter presents the various optimization techniques and solution approaches to solve the EMS-
based optimization problem in the micro-grid systems. It further focuses on the model and analysis of the
micro-grid components. This chapter describes in detail the formulations of the proposed control algorithm

(AMPC) used to solve the control and EMS problems in the micro-grid system throughout this thesis.

The fourth chapter investigates an optimal control strategy that efficiently manages a stand-alone
residential micro-grid comprising renewable and non-renewable energy sources. It also implemented an
adaptive model predictive control (AMPC) algorithm for choosing an optimal mode and set of inputs for
the system to track both a constant and load-varying power demand profile. The objective of the optimal
control scheme is for the generation to meet the demand, minimize the use of fossil fuels and ensure the

energy storage is always maintained around a nominal point such that it is not over-depleted.

The fifth chapter investigates the impact of integrating the disturbance prediction on the performance of
the energy management system (EMS) based on the adaptive model predictive control (AMPC) algorithm
to improve the operating costs of the micro-grid with hybrid-energy storage systems. Additionally, this
chapter studies the proposed controller's behavior under various external conditions, such as weather and

demand changes.

In the sixth chapter, the benefits of adopting the concept of DR technique for energy management system
in a renewable energy-based stand-alone micro-grid with both critical and curtailable loads connected are
investigated. The aim of the demand response technique in the energy management system is to use the
diversity of the load consumption patterns and the energy available from the distributed energy resources,
the demand response, and the energy storage system (ESS) to reduce the peak load demand and minimize
the operating/electricity costs of the micro-grid system.

The seventh chapter addresses the problems of control and energy management in micro-grid with the
incorporation of renewable energy generation, hybrid storage technologies, and integrating the EVs with
V2G technology. The AMPC technique is used to optimize the charge/discharge of the EVs in a receding

horizon manner in order to reduce operational cost in a renewable energy-based micro-grid.

The eighth chapter uses the adaptive model predictive control (AMPC) technique for load frequency
control of a two-area interconnected power system with a stand-alone micro-grid. Hence, the effects of
system parameters variation on the control performance of the AMPC technique for frequency control in a
stand-alone micro-grid are investigated. The purpose of this chapter is to solve the problems of frequency

deviation against variations in system parameters and load disturbance of a typical stand-alone micro-grid.
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The final chapter of this thesis outlines the findings of the work under investigation. Conclusions have
been based on these findings, and recommendations for further studies have also been proposed.

1.7 Chapter Summary

This chapter presents an introduction to energy management in micro-grids, management of hybrid energy
storage systems in micro-grid, the concept of demand-side management and demand techniques in micro-
grids, electric vehicle integration in micro-grids, load frequency control model with renewable energy
sources, and model predictive control concept. This section of the thesis also presents the research
motivation and problem statement, research questions, research aim and objectives, research findings and

the contributions of the thesis, and finally, the thesis outline.
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CHAPTER TWO
CONTEXT AND LITERATURE REVIEW

2.1 Introduction

The erratic nature of renewable energy resources (RERS) such as wind and photovoltaic generations, market
(energy) prices, and the randomness of the load profile has contributed to difficulties in maintaining the
power quality and generation-consumption balance. Hence, microgrids can be managed by an energy
management system (EMS) to solve these issues, enabling the minimization of running costs, emissions,
and peak loads while respecting the microgrids' technical and physical constraints [32]. Several issues are
currently prevalent and need to be addressed with appropriate research and establish the methodologies that
are capable of handling and sorting out, if possible, all of them. Microgrids' energy management system
has been researched from numerous perspectives over the past few years and has recently gained significant
interest from researchers. To this end, this chapter presents a comprehensive state-of-the-art overview of
energy management in microgrid systems with renewable energy generations. It also reviews the main
concepts and modules of the control structures of a generalized energy management system [32], [33].
Energy storage technologies are considered an attractive option for managing the fluctuant renewable
energy generation profiles due to increased technological maturity, energy density, and the ability to
provide grid services, such as frequency response. Hence, a survey on the main energy storage technologies,
which is one way to get over the energy imbalance problem due to the high penetration of RERs, is
presented [4]. Meanwhile, many researchers have solved these energy management problems using various
optimization techniques and solution approaches to achieve the optimal microgrid operation. Therefore,
this chapter further summarizes the most common optimization techniques, solution algorithms, software,
and the mathematical formulations used in the specialized literature to solve energy management problems.
More so, appropriate management of loads and electric vehicles (EVs) charging can help improve microgrid
operation. Therefore, this chapter presents an overview of the key concepts of demand side management
(DSM) and demand response technique (DRT) for energy management in microgrid systems [17].
Incorporating the vehicle-to-grid system can be crucial in the microgrid's reliability to protect against load
and generation variability. The development of an energy management system for managing the use of
electric vehicle batteries is a core area of research, which has been reviewed in the literature. Hence, recent
studies on the integration of EVs in microgrids are summarized. Lastly, the system's dynamics under various
system disturbances, various control strategies, and techniques in the area of load frequency control (LFC)
in micro-grids are also reviewed [26]. The essence of this chapter is to provide a basis for an in-depth study

in the field of microgrid control approaches and structure, with particular emphasis on energy management
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systems. In addition, to put some perspective on the need for predictive control for energy management in
microgrids, different classifications of control techniques are reviewed [34], [35].

2.2 Energy Management System of Renewable Energy-Based Microgrids

Microgrids composed of distributed energy resources (DERS), such as distributed generation systems
(DGSs), energy storage systems (ESSs), and loads (controllable and uncontrollable loads), necessitate a
management system capable of controlling, monitoring, and planning its operation while ensuring efficient,
cost-effective and reliable performance [36], [37]. It is worth mentioning that the most important procedure
in microgrids' operation is the energy management process [38]. An EMS can be described as a
comprehensive automated and real-time system operating within an electrical distribution system (EDS)
used for optimal scheduling and management of DERs and controllable loads. The EMS balances the power
generation and demand through dispatchable generators, energy storage, demand management, etc. More
so, the EMS improves the system performance and minimizes the operating costs [4]. The key objective of
the energy management problem is to determine an optimal schedule to achieve a predefined goal for all
dispatchable DGS, energy storage systems, and controllable loads. The optimization of the EDS's running
costs, including the generation and operation of both DGS and ESS, is a more popular objective of the
energy management problem [33], [4]. Moreover, the required amount of energy to be exchanged among
generators, storage units, loads, and external grids will be determined by the control mechanism used, which
can vary from basic heuristic principles to sophisticated optimization algorithms. Therefore, in this context,
the key functions of an energy management system are as follows; It maximizes the use of renewable energy
resources; It maximizes the energy purchased outside the micro-grid; It minimizes operational costs, energy
losses, fuel consumption and gas emissions; It manages all the DGS, ESS and controllable loads in case of
resynchronization with the main grid; It increases system reliability by simply maximizing each customer
energy availability [39], [40]. Few examples of renewable energy technologies that are used in the literature

for energy management operation of micro-grids are presented in Table 2-1.

Table 2-1: Renewable energy technologies used for energy management operation of micro-grids

Solar | Wind | Fuel cell | Hydro Biomass Combined heat & power | Tidal Ref.
v v v [41]

v v v [42]

v v [43]

v v v [44]

v v [45]
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v v [46]

v v [47]

vV [48]

v v [49]

v v v v [50]

The contributions of the existing review papers related to the energy management system of microgrids are
summarized as follows. Ref [51] presented a comprehensive review on standalone renewable energy
systems. The review topics were hybrid system configurations, sizing methodologies, storage options, and
control strategies. Three types of control for the flow of energy management were addressed in this review:
the centralized, the distributed, and the hybrid of centralized and distributed controls. Ref [52] presented an
overview of various distributed generation technologies and reviewed sizing, energy flow management,
and hybrid systems construction. The feasibility of various types of controllers was also discussed in this
paper. The authors in [53] reviewed strategies and approaches used to implement energy management in
stand-alone and grid-connected hybrid renewable energy systems. The authors in [54] presented a summary
of recent research advances using optimization algorithms in microgrid planning and methodologies. Ref
[55] presented an overview of current hybrid microgrids and optimization methods and applications.
Additionally, the authors in [56] demonstrated an extensive review of energy management methodologies
applied in microgrids. It reviews EMS for real-time electricity control and short-/long-term energy
management. Ref [57] conducted a comprehensive review on energy management in micro-grids. The
review topics are optimization objectives, constraints, algorithm types, and software tools. The authors in
[58] briefly explained the modeling of RERs and ESSs. This review also discusses meta-heuristic
optimization methods and software tools for energy management and control of hybrid RERSs, sizing
objectives, ESS management, power quality, and energy dispatch-related problems.

More so, recent literature surveys regarding the implementation of hybrid systems are summarized in Table

2-2. As illustrated in Table 2-2, the most widely used energy storage devices are batteries.

Table 2-2: Recent literature reviews on energy management of hybrid micro-grid systems

© - § 25| 32 :
= | Q 2|l ol 8|0 , 4
51 a E =3 g g S5 E|® 5 Performance Evaluation K2
> = > m
L | @ T
v v |V v The authors presented the experimental | [59]
investigations of the operation of a grid-
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connected hybrid PV-wind system using a
standalone inverter capable of operating in
both standalone and grid-connection

modes.

The authors presented a multi-objective
optimization problem over a receding
control horizon used for energy storage
dispatch and sharing of renewable energy
resources in a network of grid-connected
micro-grid. The formulation of the multi-
objective optimization is implemented as a
lexicographic ~ program  to  ensure
preferential treatment of multiple micro-

grids.

[60]

A real-time EM control technique
incorporating wavelet transformation,
neural network, and fuzzy logic methods
was proposed for the work. Experimental
findings showed that the battery pack's
power variance and peak strength were

successfully suppressed.

[58]

The authors developed an intelligent
control strategy for a hybrid energy storage
system composed of the battery, fuel cell,
and supercapacitor. A multi-input/multi-
output state-space model is used to

implement the system model in the study.

[61]

The authors developed an economical
linear programming model with a sliding-
time-window to assess the design and
scheduling of biomass, combined heat, and

power-based micro-grid systems.

[62]
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v v v |V The authors proposed a combined sizing | [63]
and EM methodology and formulated it as
a leader-follower problem. The leader
problem focuses on sizing and aims at
selecting the optimal size for the micro-
grid components. It is solved using a

genetic algorithm.,

v |V v v |V The authors used the crow search | [64]
algorithm to optimize and size a hybrid
system. The study considered two
constraints to minimize the total net cost:
Renewable energy portion and loss of

power supply probability.

Furthermore, review papers in the literature on microgrid energy management systems from different

aspects are summarized in Table 2-3.

Table 2-3: Reviews of existing literature on energy management system of micro-grids

Objective | Constraints | Flexible Resources | Optimization | Micro-grid Operational Mode | Ref.
Function DR ESS Strategies Islanded Grid-Connected

v v v v [65]

v v v [66]

v v v v [57]

v v v v v [55]

v v v [56]

v v v [67]

v v v [54]

v v v [17]

v v [68]

Tables 2-2 and 2-3 presented several literature surveys that reviewed the energy management strategies
used for special cases of hybrid systems. Moreover, the literature includes many papers that conducted

reviews for various aspects related to hybrid renewable energy systems [69], [70].
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2.3 Control Architectures of Micro-grid Energy Management System

Several authors in the literature have reviewed the various control structures for micro-grid EMS to control
and intelligently co-ordinate the DERs. The three EMS control structures commonly used in practical
application are as follows; Centralized, decentralized, and hierarchical control structures. These control
structures of micro-grid EMS are briefly discussed in the following subsection [71].

2.3.1 Centralized EMS Control Structure

In a centralized EMS control structure, the central controller gathers all the relevant information such as
power generation of DERs, energy consumption pattern of each consumer, meteorological data, cost-
function, etc., as the information related to the operating point of the EDS. These data are used in
conjunction with the renewable generation forecasting and the load consumption to schedule the operation
of the DERs and determine the optimal energy scheduling of micro-grid and sends these decisions to all
local controllers (LCs). The micro-grid central controller (MGCC) has the primary responsibility for the
optimization procedure for microgrid energy management. Several research papers have developed and
implemented centralized EM control approaches. For example, the authors of [72] proposed a centralized
controller to optimize micro-grid operation by maximizing the production of distributed RESs generators
while establishing back-and-forth energy transfer with the main utility grid. The efficiency of the proposed
solution on a micro-grid system was investigated by considering a typical case network operating under
various market policies and spot market prices. Additionally, ref [73] developed a centralized EM system
for a standalone micro-grid system based on the model predictive control method to reduce computational
loads. Hence, the studied problem was solved iteratively by nonlinear programming (NLP) and mixed-
integer linear programming (MILP) techniques. A typical structure of a centralized EMS is shown in Figure
2-1.
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Figure 2-1: Centralized EMS control structure [58]
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2.3.2 Decentralized EMS Control Structure

In a decentralized EMS control structure, local controllers (LCs) are mainly responsible for maximizing
their operations in a dynamic environment. More so, all decisions are made on a distributional basis until
the DGS, the ESS, and the controllable loads have reached a shared agreement to operate the microgrid. In
literature, the terms decentralized and distributed EMS controls are often used interchangeably [74], [75].
For distributed control, local controllers use local measurements and can send and receive the necessary
information to other LCs [76]. Figure 2-2 depicts the Control structure for energy management in micro-
grid systems. Similarly, several literature papers have deployed decentralized EM control approaches. For
instance, the authors of [15] used a robust optimization to analyze decentralized microgrid energy
management, taking the uncertainties of wind power and solar power generations and energy consumption
into consideration [77]. In addition, the authors of [62] proposed deterministic constrained optimization and
stochastic optimization approaches to estimate the uncertainties in biomass-integrated micro-grid supplying
both heat and electricity. The work developed an economical linear programming model with a sliding time
window to assess the design, scheduling biomass-combined power, and heat-based micro-grid systems. A
typical structure of this approach is shown in Figure 2-3.
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Figure 2-2: Control structure for energy management in micro-grid systems [78]
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2.3.3 Hierarchical EMS Control Structure

It is worth mentioning that the centralized control approach is challenging to implement due to the extended
geographic areas of the systems and the extensive communication and computation requirements. Similarly,
a higher degree of coordination, which decentralized control systems cannot accomplish, is needed for
greater coupling between the various LCs. Nonetheless, a compromise between the fully centralized and
decentralized control structures is accomplished by having hierarchical control structures [79], [80] on three
layers of control: primary, secondary, and tertiary [81], [82]. The primary level operates on a fast timescale.
It maintains the voltage and frequency stability generated from each source during changes in the generation
or demand and after switching to islanded mode [58],[83]. Additionally, the primary control level detects
the operating mode of micro-grid systems, offering the ability to operate in grid-connected and standalone
modes [84]. During a load or generation adjustment, the secondary level is committed to ensuring that the
voltage and frequency differences are restored to zero. It is responsible for mitigating any steady-state error
introduced by the primary control, as well as synchronizing with the grid during the transition from islanded
to grid-connected mode. This control level aims to ensure and enhance the power quality within the required
standards values, allowing the synchronization between the micro-grid systems and the main electrical
network [85]. The tertiary control level's main objective is to control the power flow between the microgrid
and the main grid (or other microgrids) and for the optimal operation on large timescales (planning and
scheduling). Hence, this level may include several optimization strategies, according to the timescales [86],
[87]. The hierarchical control can be implemented in parallel in both centralized and distributed structure.

The requirements at each hierarchical control level are shown in Figure 2-4.

Tertiary Control Layer
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Figure 2-4: The requirements at each hierarchical control level

The authors in [88] presented a hierarchical EMS control system to minimize the daily operating cost of a
micro-grid and maximize the Implemented RES's self-consumption by selecting the best setting for a central

battery storage system based on a defined cost function. Ghaffari et al. [64] developed a method to size an
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off-grid PV/diesel/FC hybrid energy system to optimize the number of system components with respect to
the installation's cost minimization. Table 2-4 shows the merits and demerits of each control structure.

Table 2-4: Merits and demerits of the control architectures for hybrid systems [58]

EM Merits Demerits

= Suitable for small size micro-grid systems | = A high level of connectivity is needed due
where the collected information is to the direct interaction of each entity
performed by low bandwidths with the central.

communication [89]

= Provides intense supervision and wide | = Heavy computation burden is a technical

control of the whole system. barrier for the deployment.

E = The optimal decision is guaranteed. = Reliability is degraded for the whole

% system.

S = Strong controllability and real-time | = The failure of the centralized control
observability of the whole micro-grid affects the whole system operation.
system.

= Straightforward  implementation,  the | = More prone to failures since only one unit
centralized control allows economic regulates the voltage and reduces the life
implementation, and it is easy to maintain. span of the battery bank stack [90].

= Easy realization of plug-and-play | = Requires fast periodical reconfiguration.
functionality.

= Reduces computational burden and | = Requires effective synchronization and
increases reliability and robustness. strong communication to achieve

synchronicity.

= Higher reliability due to the redundancy of | = Has high complexity of implementation

E controllers and communication compared to centralized and hierarchical

g control.

g = Peer-to-peer node communication, allowing | = Incomplete information about the overall

greater flexibility of operation and avoiding micro-grid status.

single-point failure.

= Droop control strategy is usually used to | = Local optimization in EMS cannot
avoid circulating currents between the provide a global solution for operating
converters without using a digital cost minimization of the total micro-grid.

communication link.
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= More suitable for DC micro-grid systems. = Fewer computation burdens.

= The optimal decision is possible. = There is no transfer of information and
energy if there is a communication fault

in the upper layer.

= The voltage and the current are regulated | = The distributed generators should
locally by the source converters. participate in voltage regulation and

frequency control.

Hierarchical

= Flexible regulation of the system voltage | = Adjacent layers coordination is required.

within acceptable intervals.

= Improving the current mismatches among | = Some generators operate in limited power

the controllers; mode while supplying only the power

planned by the electricity market.

2.4 Energy Storage Technologies of Micro-grid Systems

Energy management systems of micro-grid encounter difficulties in managing renewable energy sources
such as wind and solar energy. This issue is due to the unpredictable existence of the renewable energy
available, which is exacerbated by the disparity between real-time and forecasted power generation.
Therefore, ESSs are solutions to resolve this problem [91], [92]. Energy storage technologies compensate
for the imbalances between generation and consumption by storing power during low-cost or off-peak hours
and discharging it during high-cost or peak hours induced by RESs fluctuations in the grid, ensuring that
the power supplied to the end loads is of sufficient quality [93]. In addition, the optimum use of RES is
possible by the use of ESSs across a wide variety of applications (i.e., from remote user level (stand-alone
microgrids) to large-scale RES systems). The benefits resulting from the introduction of energy storage
systems can be summarized as the possibility to minimize energy losses, to increase the reliability and
quality of energy supply to consumers (since an additional power source is available), and to boost the
operation of the power grid (e.g., operation of conventional units at an optimum point) [94]. There are
several energy storage technologies. Each energy storage system has its benefits and drawbacks, taking into
account energy and power rating, economic cost, autonomy, time response, lifespan, and degradation issues.
The use of hybrid energy storage systems (HESSS), i.e., incorporating several storage technologies, emerges
as a way to mitigate the drawbacks of these technologies. Therefore, to minimize the overall costs, the
control technigue must have the ability to determine which ESS can be used at any moment. In recent years,
the hybridization of energy storage systems has created considerable interest [95], [96]. The integration of

hydrogen storage along with electrochemical batteries and ultracapacitors, in particular, seems like an
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effective combination for renewable generation [97]. Energy storage is a technological solution for network

management and a way to allow effective renewable energy use by avoiding generation shedding in periods

of overproduction and load shedding while generation is insufficient. For the convenient operation of hybrid

ESSs, the design and implementation of an advanced control system are essential. Table 2-5 shows the

comparison of technical features of different ESS technologies. According to this, various fields of

application and implementation of the different energy storage systems can be seen. Systems with very low

storage periods (seconds) and high specific power, such as ultracapacitors, are used for grid stability in

power quality problems. On the other hand, there are ESSs with the ability to store large quantities of energy

e.g., hydrogen systems. They can be used to compensate for the fluctuations in electricity generation from

renewable sources and the smooth peaks in demand for energy. The other ESSs can be used to ensure

uninterruptible power supply, black start and spinning reserve [98].

Table 2-5: Energy storage technologies and their applications [99]

Full Application of storage and possible =
[¢5] —_
power replacement of conventional | 2 2 % 2 —
. - 2 n n =4 2 & 3
duration | electricity system control k5 ) I&J = o = <
g |2 |5 |s |8 |€ |2
of o S e E g |
wn - E >
storage o @
20s Line or local faults, Voltage v
and frequency control
3 min Spinning  reserve, wind power v
smoothing of gusts
20 min Spinning  reserve, wind power v
smoothing, clouds on PV
2h Peak load looping, wind
power smoothing etc.
8h Daily load cycle, PV, wind,
transmission line repair
3 days Weekly  smoothing of loads
and most weather variations
4 Months | Annual ~ smoothing  of  loads,
PV, wind, and small hydro
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Several research studies have concentrated on the utilization of ESSs in microgrids [100]. Karavas et al.
[101] have studied the microgrid EMS considering a battery as ESS and solved the optimization problem
based on distributed intelligence and MAS. Alavi et al. [102] solved the microgrid energy management
problem by considering a battery as a reserve energy source. The polymer electrolyte membrane (PEM)
was used to cover wind and solar power uncertainties. Authors [97, 103] applied the MPC in their studies
to control the load sharing of a hybrid ESS composed of a fuel cell and an ultracapacitor, including some
degradation issues. However, these studies do not include connecting to the grid, or the startup/shut down
degradation issues associated with the fuel cell. Arce et al. and Bordons et al. in [104], [105] have advanced

similar developments in the hybridization of a fuel cell and a battery.

2.5 Mathematical Formulations of Micro-grid Energy Management

Microgrid energy management is an optimization problem aimed at efficiently scheduling the short-term
operation of DGs, ESSs, and controllable loads with respect to different objective functions and constraints
[32], [106]. A literature review of existing objective functions and constraints considered by the EMS has
been developed in this section. More so, the classification of objective functions utilized by the EMSs along

with their constraints are shown in Figure 2-5.
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Figure 2-5: Classification of EMS mathematical formulation and optimization techniques [32]
2.5.1 Objective Functions of Energy Management Problem

The energy management of a renewable-based micro-grid can have different objective functions. Thus, the
micro-grid system can be managed by the EMS simply by solving various objective functions. Hence, these
objective functions are based on the geographical area, user preferences, microgrid capacity, equipment
installed in the microgrid, types of tariff, energy generation, energy storage, and government regulations.

The capital or operational costs of the microgrid is an excellent example of objective functions. Therefore,
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some examples of operational or capital costs are costs related to fuel, start-up and shut-down, maintenance,

degradation, and procurement from the utility in case of power deficiency [107]. Some of the collection of

utilized EMS objective functions in the literature are stipulated in Table 2-6. The objective functions are

reviewed from being single objective and multi-objective perspectives, as shown in Table 2-6.

Table 2-6: Collection of utilized EMS objective functions in the literature [57]

Obijective Function Equations Descriptions Single | Multi | Ref.
F = CFOPR + CFEM! + CFRLB (2-1) | CFOPR, CFEM! and CFRMB represent 4 [102]
the operation, emission, and reliability
costs of micro-grid, respectively.
F = CostOperating 1 cogtEmission | The gbjective function is taken as the v | [108]
CostOperating _ ZtT—l(COStDG(t) n operating and  emission  cost.
STpg(t) + costg(t) + costgriq(t) + costpg (0, $Tog (0), costs (1),
costgrig(t), costpr(t) represent DG
costpr (D)) (2-2) crid(© pr(t) rep
cost, start-up and shut-down costs,
CostEmission — .
reserve cost, and cost of exchanging
T . .
Ye=1{emissionpg(t) + power with the grid.
emissiong (t) + emissionggiq(t)}
F= F(S:f)asrtt‘“p + ng‘;:ration + The objective function is composed of 4 v | [109]
Freserve 4y RRR gy o ion (2°3) overall cost and emission functions.
F = FPEG 4 FMT 4 FOP 4 5C, (2-4) | The objective function is considered v | [110]
as the operation, maintenance, and
start-up costs of the DEG. FPEC, FMT,
FOPP, and SC, represent DEG,
maintenance, operation, and start-up
costs of the micro-grid, respectively.
F = Civv + Cop + CGRrip + Cinv: Cop» CGRID: Ccareraxs CCRID v [111]
CcargTax — CEALS (2-5) | represent investment cost, operating
cost, purchase cost from the grid,
penalty cost for carbon emissions, and
sale cost to the main grid,
respectively.
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F = NPC + Y8780 Py () + NPC, Py (1), Py, (©), Py (1), Py, P, 4 [101]

790 Py, () + 25O P, () + Py + | represent the net present cost for 20
Py, T (2-6) | operating years, the battery, hydrogen,
water, water tank, and metal hydride
tank penalty, respectively.

F=Ch¢+che (2-7) | The EMS cost is taken as 4 [112]

CMG = B (Cp + Com + Csi + ChaG(investment cost) and CMS

(operation cost)
Cei) + X2, Covj — C&°

2.5.2 Constraints in Energy Management Problem

Various constraints in applications influence the optimum microgrid energy management system, i.e.,
various constraints can affect the microgrid's energy management. For example, maximum and minimum
limits of power generation units must be fulfilled to ensure their stability and economic performance [78],
[113]. It is worth noting that another necessity of the system is the balance between generation and
consumption. Residential, commercial, and industrial loads consume electric power according to their
operating limits, which is an example of load or consumption constraints. The charge and discharge rates
of ESSs, such as the battery, hydrogen, ultra-capacitors, etc., are also constrained. Violation of the storage
constraints can affect the lifetime and efficiency of the ESSs. Operational constraints are used for ramping
limits, start-up and shut-down rates of generating units, spinning, and non-spinning reserves. Microgrids
rely more on renewable energy resources such as Wind, solar, and fuel cell energy resources which have
been integrated to reduce carbon emissions. Solar and wind energies are stochastic in nature and have
specific output limits which must be met. Similarly, the fuel cell also has specific operating limits.
Therefore, while solving the optimization formulations related to the energy management for microgrids
utilizing renewable resources, these operating conditions are considered constraints [57], [58]. Furthermore,
micro-grid technical constraints include feeder currents, the voltage at buses, start-up and shut-down reserve
constraints, frequency security aspects, and ramping limits. In some of the studies that often consider
responsive loads, DR program-related constraints need to be fulfilled [32], [114]. A summary of the
considered constraints used in the formulation of microgrid EMS in various literature is shown in Table 2-
7.
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Table 2-7: Collection of utilized micro-grid EMS constraints in the literature [32]

Generations _
2
= | 5
> | B & 2 g |2
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= | 5 E |3 S O S |2 S A o 2 3 = 5
a a} S 3 = L o o) @ i a) & = O o4
v v v v v v [115]
v v v v v | [116]
v v v v v v v v v v [108]
v v v v v v v [117]
v v v v [118]
v R R % [119]
v v v v v v v v v [120]

2.6 Optimization Techniques used in Micro-grid Energy Management Problem

Many researchers have addressed energy management problems by implementing various optimization

techniques to achieve the optimal and efficient operation of micro-grid. The literature reviews show that

researchers have used different approaches in order to solve the optimization problems [121]. The

optimization techniques used in solving the energy management problem are shown in Figure 2-6.
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Figure 2-6: Optimization techniques used in micro-grid energy management [57]
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The following sub-section discusses the relevant works related to each particular technique.
2.6.1 Energy Management Based on Linear and Non-Linear Programming Techniques

The objective functions and constraints used in linear and non-linear programming are linear functions and
non-linear functions, respectively, with real-valued and whole-valued decision variables. Mixed-integer
linear programming (MILP) has been suggested in various publications to address different energy-related
problems. Mehleri et al. [57] minimized the total annualized cost by optimally selecting different system
components and renewable resources for the smart grid. In [122], the authors presented a technical and
economic approach to optimize a micro-grid based on mixed-integer linear programming (MILP). The work
further presented the merits of programming the generation of distributed sources, managing the
intermittency and volatility of this type of generation, and reducing load peaks. The authors solved the cost
function through linear programming based on a general algebraic modeling system (GAMS). Wakui et al.
[123] solved the multi-objective framework using the MILP. The framework facilitates an optimal tradeoff
between low running costs and decent energy services to the end consumers. The objective includes the
operating cost of distributed generators, the cost of power exchange with the main grid, the payment for
demand response load, the startup and shutdown costs, the penalty costs for involuntary load curtailment,
and renewable energy spillage. Manjili et al. [124] adopted a non-linear programming-based approach to
optimize the system with the objective function of maximizing the revenue due to power exchange between
the micro-grid and the utility grid. Comodi et al. [125] proposed a mixed-integer non-linear programming-

based computational framework to evaluate the performance of a hybrid renewable energy system.

2.6.2 Energy Management Based on Dynamic Programming Techniques

Dynamic programming techniques are used to solve more complicated optimization problems that can be
sequenced and discretized. Hence, the optimization problem is typically broken down into sub-problems
that are solved optimally. Therefore, these solutions are then superimposed to develop an optimal solution
for the original problem. Houshmand et al. [126] used a dynamic programming technique to minimize
energy cost and maximize the battery's lifetime simultaneously. In [127], dynamic programming is used to
solve the energy management problem in micro-grid with renewable generation sources and batteries. The
objective was to minimize the cost required to satisfy the energy demand and maximize the benefits from
the sale of renewable energy. A non-regulated energy market where electricity prices vacillate is used by
the author and also used dynamic programming to determine the battery control actions. An algorithm based
on dynamic programming for the management and control of stand-alone micro-grids was proposed in
[128]. The deep learning algorithm works in real-time, requiring intra-day scheduling to obtain a control

strategy for micro-grid optimization while sending information from local controllers within a centralized

28



management framework. Additionally, a dynamic programming method and methodology based on the
rules applied to a stand-alone micro-grid containing diesel and photovoltaic generators and a battery was
presented in [129]. More so, the constraints are governed by the power balance between generation and
consumption, along with each distributed generator's capacity. Hence, the dynamic programming technique
is adopted in minimizing the operational and emission costs. The constraints are the power balance between

the supply and demand and the operating capacity of each distributed generator.

2.6.3 Energy Management Based on Stochastic and Robust Programming

Stochastic and robust programming techniques are used to solve optimization problems when the
parameters have random variables. These optimization techniques were introduced to explain parameter
uncertainties using uncertain boundaries. The robust optimization technique is suitable when there is a lack
of information about the probability distribution function (PDF) of parameters [130]. Samadi et al. [131]
used robust and stochastic programming techniques to address the challenge of load and renewable
uncertainties for energy consumption scheduling in micro-grids. As uncertainties play a significant role in
the micro-grid network, Farzin et al. [132], proposed a stochastic framework for optimal energy
management of micro-grids during unscheduled islanding periods, providing a cost-effective solution to
this problem while capturing all the inherent uncertainties. The presented framework addresses the
prevailing uncertainties of islanding duration as well as prediction errors of demand and renewable power
generation. Jiang et al. [133] proposed a stochastic receding-horizon control (SRHC) technique based on
modified stochastic predictive model control (SMPC) to address fluctuations in renewable energy and
loads. A hierarchical control mechanism was proposed by [134] to regulate and supervise the loads and
dispatchable energy inside a micro-grid. Stochastic optimization was used on a low scale to avoid errors in
the forecast of renewable energies. Deterministic optimization was realized on a fast scale to update the
optimal dispatch conditions. In [135], a new stochastic programming algorithm is used for reactive power
scheduling of a microgrid. The authors used a multi-objective function to minimize the loss and to maximize
the reactive power reserve and the security margin of voltage. The author argued that the Particle Swarm

Optimization algorithm performed better compared to stochastic programming algorithm.

2.7 Solution Approaches for the Energy Management Problem

Various researchers have used diverse solution methods to address the optimization problem related to
energy management in microgrids. Different solution methods used in solving energy management

problems are shown in Figure 2-7. These methods are discussed below, as well as the related works [57].
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Figure 2-7: Solution approaches for energy management problem [57]
2.7.1 Heuristic and Metaheuristic Solution Approaches

Metaheuristic is a vital solution method to solve the micro-grid optimization problem. Heuristic solution
methods are combined to approximate the best solution using biological evolution, genetic algorithms, and
statistical mechanisms for achieving optimal operation and control of the micro-grid system. Numerous
control algorithms spanning from metaheuristics and heuristics have been presented to address the problem
of micro-grid power dispatch in literature. Hence, these algorithms are but are not limited to the following,
genetic algorithms (GA) [136], evolutionary strategies, and algorithms for tabu searching [137].
Consequently, the emerging control methods in the literature are either computationally robust or not
suitable for real-time implementation, or they may generate sub-optimal solutions. However, either the
optimization problem remains non-linear in the works described above, or other essential features, such as
minimum up and downtimes and demand-side programs, are overlooked [115]. Gu et al. [138] utilized
heuristic algorithms to implement micro-grid electricity. Similarly, few research works [139], [140] have
used the hysteresis band control (HBC) technique for energy management due to its reasonable simplicity
and ease of implementation. Dufo-Lo6pez et al. [141] proposed a novel control technique, optimized by
genetic algorithm (GA), for the control of autonomous micro-grid consisting of renewable energy sources
[PV, Wind and hydro], a fuel cell, batteries, an electrolyser, and an AC generator. This technique optimizes
the hybrid system control, obtaining the values of different variables that make the system's overall net

present cost (NPC) minimal.

2.7.2 Agent-Based Solution Approaches

Agent-based optimization methods used to solve micro-grid energy management problems allow
decentralized management of the micro-grid and consist of sections having autonomous behavior to execute

the tasks with defined objectives. Thus, these agents, including distributed generators, storage systems, and
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loads, communicate with each other to achieve a minimal cost. A multi-agent system (MAS) aims to solve
the optimization problems that are too difficult for a single agent [142]. Zhao et al. [143] used the multi-
agent system approach to find the optimal solution by the EMS problem by assuming each member the
optimal solution by the EMS problem. Karavas et al. [101] used a muti-agent system approach to the
decentralized EMS problem, and optimum results were obtained. Huynh et al. [144] interconnected the
multi-agent system effectively using the trust and reputation models. Logenthiran et al. [145] proposed a
three-stage algorithm based on MAS to model the EMS problem in a multi-microgrid environment in which
the first stage schedules each microgrid to satisfy its load. The second and third stages determine microgrid

bids and export power bids, respectively.

2.7.3 Avrtificial Intelligence Solution Approaches

Acrtificial intelligence solution approaches include fuzzy logic and artificial neural networks. They are
known as stochastic techniques that may solve optimization problems for the system having random
variables. The dynamic nature of the RESs in micro-grid systems is caused by climatic conditions, which
influence power generation. An expert system for energy management in micro-grid systems using neural
networks to predict the power generation of the installed RESs was presented in [146]. Jaganmohan et al.
[147] developed and trained the layered ANNs strategy with Levenberg—Marquardt Back Propagation
algorithm. In today's real-time energy networks, the proposed concept can be used to mitigate the risks of
potential energy shortages with increased stability and seamless communication between microgrids
deployed at different locations. Venayagamoorthy et al. [148] presented energy management for a micro-
grid connected to the utility grid to maximize the use of renewable energies while minimizing carbon
emission. The proposed energy management was modeled by two neural networks using evolutionary
adaptive dynamic programming and learning concepts. The authors used one neural network to check the
optimal performance of the system, while the other was used for the management strategy. Several micro-
grid applications utilize fuzzy control (FC), either for tuning or supporting conventional controllers or as
the central controller [149]. A fuzzy logic-based EMS for an isolated micro-grid that minimizes net present
cost together with penalty cost on battery SOC, hydrogen, and water storages is proposed by [150]. The
load demands are divided into three categories of electric load, transport load, and water load. Hence,
hydrogen is taken as a fuel for transport load. The decision inputs for the fuzzy logic system are water,

battery SOC, and system frequency.

2.7.4 Model Predictive Control Solution Approaches

The model predictive control solution approach is an optimization-based approach that can compute the

control actions (i.e., set points to various units that incorporate the micro-grid) to fulfill some criteria. These
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approaches are used in an application where predicting the supply and demand is essential to ensure
effective management of stored energy. The main advantage of MPC is that the optimization mechanism is
embedded in a control structure that integrates feedback. More so, MPC can deal with disturbances and
model mismatch, re-calculating the appropriate control actions in a receding manner when new information
about the microgrid state is available [4], [151]. Some of the optimization techniques (LP, QP, NLP, MILP,
MIQP, metaheuristics, etc.) can be incorporated in MPC depending on the type of model used (linear,
nonlinear, hybrid, etc.) and the cost function utilized in the optimization problem. The intermittent and
volatile generation of renewable energy and consumers' random behavior introduces a stochastic
component to the control problem. In practical applications, all of these variables are not entirely
controllable. Still, knowledge of their time evolution is essential for improving micro-grid management and
control, especially when using MPC approaches [15], [152]. The MPC-based optimization approach has,
over time, drawn the power system network's consideration attributable to a few focal points over the
Metaheuristic and Heuristic control techniques. One of the advantages of the MPC-based control scheme
over other control schemes is that it focuses on the future behavior and predictions of the system and is
therefore extremely appealing to systems that are inherently dependent on forecasting energy demand and
the production of renewable energy, and offers a feedback mechanism that makes the system more sensitive
to uncertainty and disturbance [1]. Moreover, this control strategy can address complex system constraints,
integrate generation and demand projections, and finally, manage physical and operational constraints such
as storage capacity or generator slew-rate power limits [31]. A model predictive control (MPC) approach
has been utilized in several works on the micro-grid scheduling problem [153], [154]. The performance of
deterministic and stochastic MPC in micro-grids' economic scheduling has been presented in refs [155],
[156]. Zhang et al. [157] proposed a model predictive control (MPC)-based home energy management
system for residential micro-grids in which all related information, such as the time-varying information of
the load demand, electricity price, and renewable energy generations, are all taken into account. More so,
ref [158] presented the control of a hydrogen-based domestic micro-grid by an MPC-based structure.
Different works also allude to optimal generation for renewable micro-grids considering hybrid storage
systems [94], [159]. Ref [160] gave an overview of the main developments in the area of stochastic model
predictive control (SMPC) and further provided the various SMPC algorithms and the key theoretical
challenges in stochastic predictive control without undue mathematical complexity. Ref [161] developed
MPC algorithms for optimal control of distributed energy resources with a battery storage system. Ref [97]
demonstrates how the MPC controller in hybrid storage systems tends to be a viable solution. MPC was
also used to manage micro-networks connected to charging stations for electric vehicles [162]. Several
other papers have applied the MPC controller with satisfactory results in the hybridization of ESSs. The
MPC controller was used in the Vahidi and Greenwell studies [97], Del Real et al. [163], and Valverde et
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al. [164]. More so, Arce et al. [104] and Bordons et al. [105] have similar technologies developed in fuel
cell and battery hybridization. A careful review of the previous studies shows that, despite the use of MPCs
in energy systems and industries [5], the consideration of measurable disturbance as well as an appropriate
control technique, which is of great importance in addressing all the prevailing uncertainties of micro-grid
operation, has not been extensively discussed. The thesis outlines a technique for considering the prediction
of disturbances in the EMS while using the adaptive model predictive control (AMPC) technique. This
thesis's work shows how AMPC can incorporate disturbance information to predict its effect and boost the

performance of micro-grids [17].

2.8 Simulation Software and Tools used to Solve Micro-grid Energy Management Problem

The optimization algorithms used to solve the energy management problem in a micro-grid can be
efficiently tested and implemented using software platforms dedicated to the modeling and simulation of
the distribution systems in the presence of controllable devices, such as DGS, ESS, and controllable loads.
Open-source software for static time series simulations, such as GridLAB-D [165] and OpenDSS [166], are
flexible and power tools that can be used to test and analyze the performance of the energy management
before its implementation into a real microgrid. The collection of simulation software and tools used to
solve the micro-grid energy management problems are stipulated in Table 2-8.

Table 2-8: Simulation software and tools used to address micro-grid EM problems

Tools Features Ref.

MATLAB/Simulink | Engineers use the matrix-based programming language in power | [167],
MATPOWER systems, telecommunications, power electronics, and control. | [168]
Compatible with other programming languages such as Fortran, Java,

and C++.
CPLEX (IBM, CPLEX is optimization software that is compatible with Java, C++, | [169],
Armonk, NY, USA) | Python, and C languages. [170]

PSCAD/EMTDC Simulation software for power systems, HVDC, FACTS, power | [171]

electronics, and control systems.

HOMER Simulation software for modeling hybrid systems of energy | [122,
generation. 172]
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GAMS (GAMS | GAMS is a high-level language for mathematical optimization of | [122],
Development Corp., | mixed-integer linear and nonlinear systems. [173]
Fairfax, VA, USA)

Dig SILENT Power | The software is used for standard power system analysis and for | [174]
Factory handling wind power and distributed generation design

RSCAD (RTDS | RSCAD is a real-time simulator for power systems [175]
Technologies Inc.,
Winnipeg, MA,
Canada)

2.9 Demand Response Techniques for Micro-grid Energy Management System

Demand-side management (DSM) is an essential feature in electrical networks that helps consumers to
make decisions on their energy usage while also assisting operators in reducing peak load demand and
reshaping the load profile. It consists of measures introduced by power utilities to regulate electricity use
at the consumer level and are used to allow optimal use of the existing energy without the need for additional
facilities [20]. The adoption of the DSM technique has a range of advantages, including improved system
performance, reduced overall operational costs, supply protection, and decreased environmental effects. In
the DSM context, demand response (DR) refers to consumers' actions using information (mainly prices) to
adjust their loads. This type of scheme can be used to avoid unwanted peaks in the demand curve that arise
at certain times throughout the day, culminating in a more beneficial rearrangement, in addition to saving
money on energy bills [4], [20]. The primary aim of the DR strategies mentioned in the literature is to lower
system peak load demand and running costs. Numerous research works have used DR techniques to address
microgrid EM problems. Chen et al. [176] developed a scenario-based stochastic optimization approach to
evaluate real-time price-based DR management of residential appliances, which can be embedded into
smart meters, considering time-varying electricity price uncertainties. In [177], genetic algorithms are used
for load shifting. Based on the kind of loads used in the research work, the authors modeled the
inconvenience caused to the customer as a polynomial function of the shifting time. The process is aimed
at minimizing the combination of generation cost and the inconvenience caused to the customer.
Logenthiran et al. [20] presented a DSM technique based on load shifting technique for smart grids with
many devices of various types. The day-ahead load shifting technique proposed by the authors is
mathematically formulated as a minimization problem and solved with a heuristic-based evolutionary

algorithm. Parisio et al. [1] formulated and solved the overall optimization problem using mixed-integer
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linear programming (MILP) solver embedded in MPC. The authors integrated load curtailment into the

mixed logical dynamical framework.

2.10 Micro-grid Energy Management System with Electric Vehicles Integration

The development of an energy management system for managing the use of electric vehicle batteries is a
core area of research. Vehicle-to-grid (V2G) systems use the batteries in electric vehicles to store energy
for an electrical network when they are not in use. Therefore, it is reported that a vehicle is only in motion
for 4% of the time [23], leaving the majority of the time for it to function as an electrical energy storage
facility. Furthermore, in regular operation, the batteries are recharged overnight (during times of low
electricity demand) and parked in the workplace during high electricity demand, allowing the generated
energy to be used to satisfy peak demand. The incorporation of V2G networks can be a crucial component
of microgrid reliability, ensuring that demand and generation variations are mitigated. Hence, recent studies
in the literature have based their research on optimizing the interaction between EVs and the grid [105],
[5]. Wang et al. [178] formulated a stochastic optimization strategy capable of handling uncertain outputs
of EVs and renewable generation. Mou et al. [179] addressed DSM for EVs by formulating the problem as
convex optimization, proposing a solution by means of a decentralized algorithm. The authors also used a
moving horizon approach to handle the random arrival of EVs and the inaccuracy of the forecast of non-
EV load through the use of a distribution grid capacity market scheme. Mohsenian-Rad H et al. [180]
proposed a closed-form solution that would allow optimal time-shifting loads with uncertain deadlines,
with an emphasis on charging EVs with unpredictable departure times. The use of a game theoretical
analysis was used to examine the market rivalry among electric vehicle charging stations in [181]. In the
micro-grid designed by Tushar et al. [182], an electric vehicle is used as the power storage unit without a
control procedure to handle the benefit of the microgrid in the case of energy exchange with an external
agent. MPC was also used to manage micro-networks connected to charging stations for electric vehicles
[183]. More so, in [184], the problem is solved by real-time optimization algorithms, whereas in [185], an
MPC-based algorithm is presented. A multiple MPC strategy for bidirectional charging/discharging of
plug-in hybrid electric vehicles are developed in [186] by regulating the batteries' SOC to control microgrid
frequency stabilization. References [18] and [187] are examples of applying the interaction of microgrids

with external agents.

2.11 Load Frequency Control of a Stand-Alone Micro-grid

Load frequency control (LFC) problem of a multi-area interconnected power system with a stand-alone
micro-grid is more challenging as the penetration level of renewable distribution generations with the major

issues of variability and uncertainty continue to increase [26]. Therefore, to ensure stand-alone micro-grid
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stability, the frequency controller should be appropriately designed with due importance. Frequency and
voltage regulation within specified nominal values in autonomous micro-grid operation is essential for
reliable system operation and has received sufficient considerations. The battery energy storage system
(BESS) used in the stand-alone micro-grid system with secondary frequency control function is to enhance
the frequency control performance. Therefore, to study the system dynamics under various system
disturbances, various control strategies in the area of LFC in isolated micro-grids have been reported in the
literature to date. Hence, such methods range from the classical droop controls to various advanced control
schemes that contribute to the secondary load frequency control of both conventional and distributed power
generation systems [25]. Thus, the application of such control schemes examines various aspects of
secondary load frequency control in micro-grid [188]. A fuzzy-based proportional-integral-derivative
controllers (PID) controller mainly for coordinating the aqua electrolyser and fuel cell to control the micro-
grid's power variation was proposed in ref [189]. Ref [188] proposes a hierarchical droop control method
for the load frequency control of micro-grid. In addition, advanced control schemes based on recent LFC
techniques, some of which are robust control theories [190], model predictive control (MPC) [189], sliding
mode control (SMC) [191], internal mode control (IMC) [192] and neural network control (NNC) [193]
have been given more considerations. It is worth noting that there are distinctive evolutionary algorithm-
based proportional-integral (Pl) and PID control techniques to solve multi-area power systems LFC
problem [194]. Therefore, some examples of the evolutionary algorithms are differential evolution [195],
firefly algorithm [196], genetic algorithm [197], hybrid-particle swarm optimization [198], and multi-
objective optimization using weighted sum artificial bee colony algorithm [199] to tune the PID for the
LFC problem. Recent studies did not consider physical constraints such as the DB for governor, TD at the
unit control outputs, and GRC for steam turbines [200], [201]. Su et al. [202] and Han et al. [203] have
proposed robust frequency control techniques taking into account the uncertainties of micro-grid system to
enhance both micro-grid system robustness and its nominal performance. Hence, it is worthy of notice that
MPC had recently been widely embraced due to simple and fast implementation. As a result, MPC is proven
to be effective indigenously, due to its modeling flexibility, which involves a straightforward design
procedure, acceptable computational time, and ease in the process-industry constraint handling. MPC also
has several noteworthy points of interest, such as rapid response and stronger robustness against load
disturbance and uncertainty in the parameters. One prominent feature of the MPC, is prediction of future
behavior of desired control variables based on minimizing a cost function over a predefined horizon [10].
Besides, this has been a fascinating control system for LFC of power systems which can compute optimal
control actions within realistic limits by simply performing an optimization procedure. Moreover, physical
constraints, such as DB, TD, and GRC significantly impact the control performance of the conventional

MPC algorithm [204]. As such, a more robust control scheme is needed to eliminate this drawback [205].
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Besides, most of the MPCs used in load frequency control in literature are transformed from centralized to
distributed/decentralized MPCs. However, just a few have presented enthusiasm in examining MPC
adaptability improvements [206]. Nonetheless, little had been done recently concerning the application of
the AMPC controller for optimal LFC problem of multi-area power system with renewable energy sources
and practical constraints that adversely affect power system performance. The above analysis motivated the
proposal for an AMPC technique for the load frequency control of a multi-area interconnected power
system with renewable energy sources coupled with the addition of UPFC along both the AC tie line and

the AC-DC tie line for optimal system performance.

2.12 Chapter Summary

This chapter presented a comprehensive state-of-the-art overview of energy management in microgrid
systems with renewable energy generations. Hence, various control approaches for effectively operating
the micro-grid systems, such as centralized, decentralized, and hierarchical management structures, were
also reviewed. A concise overview of control and optimization methods was presented to define the most
common and efficient EM approach in micro-grid systems. A compendium of optimization techniques,
solution approaches, objectives, constraints, tools, and algorithms used to solve energy management
problems in microgrids in various literature was discussed in detail. Furthermore, energy storage systems
are considered an appealing choice for handling fluctuating renewable energy production trends due to
improved technology sophistication, energy density, and the potential to deliver grid services, such as
frequency response. Hence, a study on the key energy storage systems, which is one way to solve the energy
imbalance issue due to the high penetration of RERs, is then provided. An overview of the key concepts of
demand side management (DSM) and demand response technique (DRT) for energy management in
microgrid systems was also presented. More so, a recent survey on the integration of EVs in microgrids,
which is presently a core area of research, was summarized. A thorough review of the recent studies on the
system dynamics under various system disturbances, various control strategies, and techniques in the area
of LFC in isolated micro-grids has been presented in detail. Several works that adopted various control
methods to solve the LFC problem in micro-grids have been reviewed. A Careful review of previous studies
reveals that, despite the use of other conventional control techniques and MPCs in energy systems and
industries, consideration of measurable disturbances as well as an effective control strategy, which is of
great significance in resolving all the prevalent complexities of micro-grid operation, has not been
thoroughly addressed. Despite the advantages of MPC over traditional control techniques and its extensive
usage for most of the control aspects of micro-grid in the industrial community, some drawbacks require
urgent attention as far as control performance is concerned. It is worth noticing that the conventional MPC

controller is not accurate in handling varying dynamics since the internal plant model used in MPC for
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prediction is constant. The optimum outcome could not be achieved by an MPC-based energy management
system with the constant penalty weights when taking into account micro-grid complexities; meanwhile,
the mechanism would be closed in certain outrageous circumstances. Thus, adapting the weights as
indicated by the ESS state will increase the robustness of the system. The above analysis motivated the
proposal for an AMPC technique, which takes the updated plant model at each time step for the current
operating condition; thus, it makes accurate predictions for the new operating condition. Hence, in order to
deal with changes in plant dynamics, the AMPC controller is utilized. The adaptive model predictive
controller requires a discrete plant model for its control actions, which results in excellent controller
performance. Thus, in terms of excellent tracking and regulating control performance, AMPC is superior

to the MPC controller running in the non-adaptive mode.
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CHAPTER THREE
MATHEMATICAL MODELING AND METHODOLOGY

3.1 Introduction

This chapter presents the various methods and approaches adopted in this research work. This chapter is
in two folds; the first aspect discusses the mathematical modeling of the dynamic behavior of a renewable
energy-based micro-grid, which is a significant concept in control engineering and, most notably, in the
adaptive model predictive control scheme. A detailed derivation of a mathematical thermo-electrical model
is first described, considering the wavelength-specific effects, which enhance the predictions of temperature
and module performance. Subsequently, the development of the mathematical models of the renewable
generation technologies (Photovoltaic system or Wind turbine generation) and energy storage system
(Batteries and hydrogen-based systems) with high penetration in micro-grids are discussed in details. The
state-space equations are formulated from the dynamic characteristics of the power and frequency changes
in the two-area renewable energy-based micro-grid [17]. The concepts of mathematical modeling of the
micro-grid system are very imperative for the design of the proposed controller (AMPC). The second part
describes the research methodology used to solve different control and energy management issues in the
micro-grid system of the subsequent chapters. Hence, this thesis proposed an adaptive model-based horizon
control technique in the bid to addressing issues related to the control and energy management systems
(EMS) in micro-grid operations. Although several techniques can be used for micro-grid control, however,
AMPC offers a general framework to solve most of the problems in an integrated manner using some
common ideas. The offline computation of control law is substituted with an online solution of an optimal
control problem that accounts for the existing control action by the AMPC scheme [4]. This proposed
algorithm is used to solve a constrained dynamic optimal control problem by repeated online optimization
of the open-loop problem instead of the sophisticated offline computation of control law. The MPC offers
an excellent approach to optimal control of systems subject to constraints, which justifies the reason why
AMPC is referred to as an advanced control strategy with the most remarkable acceptance in the industry.
Hence, the AMPC technique has some fantastic features that make it a suitable methodology for the micro-
grid system used in the subsequent chapters. In addition to its logical formulation, the approach is simple
to comprehend and can include constraints and nonlinearities and handle multivariate and distributed
scenarios [26]. Therefore, in order to satisfy the objectives and answer the research questions stated in
chapter 1 of this thesis, the AMPC algorithm is used to solve the EMS-based optimization problem in the
micro-grid system in subsequent chapters. Hence, it is expedient to describe in details the fundamentals,

ideas, and formulations of the AMPC technique, since it will be extensively used to solve the control and
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EMS problems in the micro-grid system throughout this thesis. MATLAB/Simulink environment is the
simulation tool used to model the system dynamics of the renewable energy-based micro-grids used
throughout this thesis.

3.2 Derivation of the Wavelength-Based Thermo-Electrical Model of PV Module

This section describes the derivation of the mathematical model of the wavelength-based thermo-electrical
model of the PV module used in chapter 4 of this thesis. The purpose of the model is to accurately predict
the impact of each module wavelength on the temperature and output power of the PV module. The
temperature of the PV module depends on the incident radiant power density, the electrical power output,
the thermal properties of the module materials, and the heat transfer exchange with the surroundings. More
s0, the rate of change in the temperature of a PV module is a function of the incident light, which is said to
be longwave radiation Q;,,, shortwave radiation Q,,, output power P,,; and heat convection to the

surroundings Q.- The rate of change in the PV module temperature admits expression as [207]:

ATy,
ACmodule 7 = st - Qlw - Qconv - Pout (3'1)

The descriptions of all the symbols used are stipulated in the appendix section. The detailed derivations and
discussions of these components are in ref [208].

3.2.1 Shortwave Radiation

The input power to the PV module through its front surface is known as shortwave radiation. The input
power to the module is simply a function of the power density of the solar irradiance that is absorbed in the
layers of the PV module. The detailed explanation of this component is in ref [207]. The shortwave radiation
is expressed as [13], [207]:

Qo = (J;? s WF-(Dd2) (M4)) + ([, aa WF+(D)d2) (4 - MA)) (3-2)

3.2.2 Longwave Radiation
The heat exchange between the ground, the sky, and the PV module admits expression as [209]:

1_C05(Bsurface) e

1+cos(Bsurface
Quy = —oa (Freourgoce) graTiea = EnT3) 33)

4
gskyTsky +

The temperature of the ground is presumed to be equal to the ambient temperature due to the testing position
close to the ground. Meanwhile, the tilt angle Bsyrrqce Is measured, the sky temperature Ty, is different

for various sky conditions. Similarly, for a clear sky condition, the sky temperature admits expression as
[209]:
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Tsky = Tamp — AT (3-4)
Where AT is constant and equals 20 K. Moreover, for overcast conditions, the sky temperature is the same
as the ambient temperature [209].

3.2.3 Convection Heat Transfer

The heat convection that occurs between the PV module and the air is expressed as [209]:

Qeonv = heA(Tm — Tamp) (3-5)

Hence, the coefficients of force and free convective heat transfer are used in calculating the coefficient of

heat convection, which is expressed as [210]:

he = i/hzme + (e rorcea(WS))? (3-6)

A comprehensive explanation of the computation of the convection coefficient, A, can be seen in refs [209]

and [207]. Therefore, the coefficient of free heat transfer h ¢, of the PV is expressed as:

hefree = €(Tm = Tamp) /3 (3-7)
The wind speed is a significant factor that is required when estimating the value of the coefficient of forced
heat transfer h rorceq. Reference [211] presents the linear relation to compute hc rorceq Using the wind
speed. It is observed in this study that utilizing a constant value of h. fo.ccq OVer a specific time yields a
large error, as a result, a formula is proposed to compute the value of h ¢orceq that put into consideration

the dynamic changes of the wind speeds. The expression for computing the value of this parameter is [211]:

heforcea = 3.3 (2=) WS + 6.5 (=) (3-8)

m3K m2K

Equation (3-8) is required to predict the values of h forceq accurately.

3.2.4 Output Power

The temperature of a PV cell immensely influences its output power. The relation between the electrical
and thermal aspects of the PV cell is mainly interactive. The M series-connected PV cells in relation to its

output power admit expression as [14]:
Pyt = MVI (3-9)

This study utilized a two-diode equivalent-circuit model for an excellent PV cell performance [14]. The PV
cell output current and the terminal voltage are related by the mathematical formulation, which admits

expression as [14]:
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I =1, —1Ipq [exp (VHRS) — 1] — Iy, [exp (VHRS) - 1] — V;ms (3-10)

nKTy nKTy, p

Therefore, in order for the last term of Equation (3-10) to be negligibly small, the shunt resistance R,, is

presumed to be sufficiently large. Hence, the solar-induced or photonic current admits expression as:

2
Ion = QA; [;” brr(Dac(DIQE(A) dA (3-11)
The photon energy admits expression as [14]:
EQA) = % (3-12)
Furthermore, utilizing the irradiance at each wavelength and Equation (3-12), the photons number that

travels in a similar wavelength is expressed as [209]:

Frr(A
brr(1) = T%) (3-13)

The absorption coefficient, a. determines the fraction of the photonic flux that the material of the PV cell
absorbs per each wavelength. The internal quantum efficiency (IQE) is a property of the PV cell
construction. A model is required to compute the reverse saturation current, which changes dramatically

with the temperature of the PV cell. Therefore, it is expressed as [209]:

lo = lor "™/ Yexw [ 0B, (Y7, = Y7 ) 1K) (3-14)

Therefore, the determination of this reference saturation current I, is frequently at the reference
temperature T,.. Similarly, the short circuit current I, and the open-circuit voltage V. ought to be measured
at the reference temperature. Hence, the reference saturation current I,,- admits expression as [209]:

J— ISC -
Tor =/ exp(QUpe/ MKNT,)) — 1] (3-15)

Furthermore, in order to track the maximum power point, Equation (3-10) is solved mathematically for the
current that produces the maximum output power to compute the maximum output power of the PV cells.
On the other hand, we can use empirical relations to compute the maximum output power. Therefore, the

maximum output power is estimated with the following expression [14]:
Brax = FfactorVoc[sc (3-16)

However, it is presumed that the impact of the series resistance on the short-circuit current is negligibly

small, that is, I = I,,,. Consequently, the open-circuit voltage admits expression as [14]:

KT, (1
Voo = In (ILO“ +1) (3-17)
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It is evident from Equation (3-17), due to the changes in the open-circuit voltage, the fill factor likewise
depends on temperature. The empirical formula commonly used to estimate the fill factor is [14]:

_ Vp—In(V+0.72)

Ffactor - Vo1 (3-18)
Where 1}, is the normalized open-circuit voltage, which is expressed as [14]:
V,=—2V, (3-19)

n T onKT,, ©F

3.2.5 Heat Capacity

The summation of the heat capacities of each layer of the PV module is the module's heat capacity.
Therefore, the capacity of the module for individual component made of some material, signified by m is

expressed as:
Crmodute = 2 CmPmAmdm (3-20)
3.2.6 Integration of the Thermo-Electrical Model of PV Module

The integration of the thermo-electrical model of the PV module is implemented by substituting Equations
(3-2) - (3-5), and (3-20) into Equation (3-1). The general expression for the rate of change in the module
temperature for the model under study is [208]:

Amoauie = ([} s WFr (Dd2) (MA4) + (1 a2 (E2)dA) (4~ MA;) ) -

<1+C05(Bsurface)
2

1-cos(B ) 3
oA gskyTs‘ka + zsurface ‘SgrdT;rd - EmTrf‘L) - (\/hg,free + hg,forced) A(Tm -

Tamp) — MVI (3-21)
Thus, this model under study is a nonlinear model, which requires numerical analysis to be estimated. For

instance, in order to compute the module temperature at every time step, the Euler method is utilized, which

is expressed as follows [208]:

AT

T (t + tstep) =Tn(t) + step ar (3-22)

3.2.7 Generation of Controller Reference

The maximum output power signal is a function of the PV module temperature and the ambient temperature,
as shown in Equation (3-21). Consequently, in order to obtain optimal output power at a given ambient
temperature, the PV module temperature is used as the control signal. Hence, the block diagram for the

plant model, controller, and reference generator is depicted in Figure 3-1 [212].
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Figure 3-1: Block representation of the plant, controller, and reference generator
3.3 System Model Development of the Stand-alone Micro-grid

This section further explains the development of the system model of the stand-alone micro-grid system
used in chapter 4 of this thesis. Hence, chapter 4 of this thesis is set to investigate an optimal control strategy
that will efficiently manage a stand-alone residential micro-grid comprising renewable and non-renewable
energy sources. The PV module described in the previous section is used as the renewable energy source
of the stand-alone micro-grid investigated in this section. The variations in power output due to solar
geometry, temperature changes, efficiency changes, etc. are neglected and assumed to be captured by the
output power profile. This is a valid assumption for the purposes of hourly scheduling of power delivery
by the AMPC controller as the solar system often contains energy storage units that can buffer energy. Such
a buffering allows for minor deviations due to photovoltaic cell output, while major deviations can be
readjusted in the power profile provided to the supervisory controller on a timely basis. The power output

of the solar system is considered as P4, (t).

3.3.1 Diesel Generator

The first-order lag equation used to describe the dynamics of the diesel engine is taken from ref [213]. Since
the dynamics of the generation system attached to the diesel engine is faster than the diesel engine, hence,
the overall power dynamics can be assumed mostly dependent on the dynamics of the diesel engine. Hence,
Equation (3-23) sufficiently describes the power output dynamics of the diesel generator at a supervisory
level. The AMPC controller provides a power output command to the Diesel Generator. A local controller
capable of following this commanded output is assumed and provides the required control inputs to meet

the commanded power output.

. 1 U
Pu=—Lp (3-23)
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3.3.2 Storage System Power

The power dynamics of the storage system are modeled using first-order lag dynamics represented by
Equation (3-24). The equation represents the lag between the power command and the power delivery and
is modeled after the power dynamics equation presented in ref [214]. This modeling approach was
considered sufficient at the supervisory level. Detailed dynamics of the storage system and its power
delivery can be considered in a local-level controller.

Pss = _iPss+%

Tss Tss (3_24)
Where, T4 is the average delay incurred between power command and delivery in sec, and Uy, is the power

command by the AMPC controller in kW.

3.3.3 Storage System

The capacity of the storage system considered is 80 kWh. The storage type considered is for a battery bank;
meanwhile, this can be substituted for any storage system. The battery model is obtained from ref [215],
where a self-charge is also considered. The State of Charge (SOC) of the battery is the ratio of the residential
energy to the total energy of the battery. It is very imperative to know the SOC of the battery for accurate
control of the micro-grid. The equation for the charging dynamics of the storage system is given as:

. PssNchr.
Egs = =055Ess — s (3-25)

max
ESS

Where, E is the current SOC, which is the representative of the energy content in the battery, Py is the
power entering the battery in KW, 7.5, is the charging efficiency of the battery and E¢%* is the maximum
storage capacity of the battery in kWh. More so, the equation for the discharge dynamics of the storage
system is given as:

Pss

max
ESS

Eg = _8ssEss - -
Ndis

(3-26)

Where, n4;s 1S the discharging efficiency of the battery.

3.3.4 Description of the Control Scheme

The AMPC technique used to solve an optimal power reference-tracking problem, where the consumption
of energy from the diesel generator is minimized while maximizing the efficiency of the storage bank in
chapter 4, is depicted in Figure 3-6. The AMPC controller provides control commands to the various
components on the electric grid. The main objective is to make maximum use of the renewable power
source, i.e., the solar system, while using the least amount of power from the diesel generator. The AMPC

controller does not directly control the operation of the solar system but allows for the maximization of
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solar power usage by tracking a reduced power profile. The state information fed back to the controller
consists of information on the power delivery by the DG, storage system, and its current energy level along
with power output by the solar system. The controller used a technique that solves the micro-grid system
as a continuous system given a time horizon and selects piece-wise optimal mode sequences and control
inputs. The controller then sends the power commands U to the respective systems on the power grid. The
current state information is then returned from the systems back to the controller to reduce the accumulation
of modeling errors, and the controller increments its prediction horizon. This process is repeated iteratively

for each partition during the prediction horizon.

Diesel
AMPC u
Controller .
]
'y A ‘

State Information

Pref
Figure 3-2: Implementation of the AMPC scheme

3.3.5 Formulations of the AMPC Optimization Problem

This section describes the formulation and implementation of the adaptive model predictive control on the
stand-alone micro-grid system, where a convex analysis is enforced on the mode switching, to guarantee
autonomy and best performance from the controller and the optimization algorithm. The assumptions, cost

function, system dynamics, constraints are discussed below;

3.3.5.1 Assumptions
e Generator and storage system charge/discharge efficiencies are assumed constant.
e Power Transmission Line loss is assumed as part of the reference load profile

3.3.5.2 System Dynamics

The state variables, x, and the control inputs admit expressions as:

Ess
Pss
Py

x = , U= [Uss] (3-27)

Ua
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Then, the control system is modeled as a continuous linear time-invariant system with three states variables

and two control inputs as follows:
Xx=A,x+ Bu oc=0,1 (3-28)

Where each hybrid mode is represented by a different dynamic stated in the matrix A:

_555 _1/(77disEsrtslax 0 _655 _T]Chrg/(EsTgax 0
AJZO = 0 _1/Tss 0 Ag:1 = 0 _1/1'55 0 (3-29)
0 0 —1/74 0 0 —1/74

The inputs are related to the states through B matrix, which remains the same regardless of the operation

mode.

0 0
B=|1/t,s O ] (3-30)

0 1/Td

3.3.5.3 Cost Function

The optimization problem is formulated as follows:

wo v [ WP wa(Ess = ER™? + ws (Pa + By = Ploly ®) +¥e (3-31)
Subjectto x = Ax + Bil

XxX<x<Xx
Where, A=vA,-0+ (1—v)As=q v €[0,1]

U =vug—g+ (1 —v)Uuy—q
Yx) = (x<x)(x —5)2 + (x > x)(x — x)?

Where w, are tracking weights, w; = 5,w, = 2 and w3 = 40. The optimizer solves this problem as an

embedded problem where v € [0,1].

3.3.5.4 State Constraints

In an attempt to model the system to be able to deliver a realistic power load, it is imperative that the storage
bank be protected from deep discharge and overcharge. This implies that the net energy in the storage bank
should be constrained for efficient usage of the battery. Furthermore, the power input/output from the
battery needs to accommodate the maximum and minimum capacities. The constraints on the diesel
generator are strictly determined by the model used. Equations (3-28) to (3-32) are used to enforce power

and energy constraints.
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P < | Pog | < [Pie® (3-32a)
ppin|  LPal | PEex

Furthermore, the initial state, initial time, and final time are fixed, while the final state is free. So that:

Ess,to = Ess,nom
The power balance equation admits expression as:
Psotar + Bss + Pg = Pioqa (3-32b)

The control outputs from the MPC depend on the current mode of operation of the system, v. These outputs
are determined by using two different approaches using the embedded value of v provided by the

optimization algorithm:

e Logic Projection
The hybrid mode v is computed as a continuous state ranging from [0, 1]. Once a value has been
assigned, this is projected to either mode 0 or mode 1, satisfying the following logic:
ifv>05thenv =1
elsev =0
e Projection Based on Uy,
In this case, the sign of the control input Uy determines whether the system goes to charging or
discharging mode. i.e.,
if Uy > 0 thenv = 0
elsev =1
From either logic, an optimal sequence of control inputs is obtained for the entire time horizon, which
minimizes the power delivered from the diesel generator while maximizing the efficiency of the storage
bank. The whole process is repeated for each time window until the total simulation time has been spanned.
Each iteration produces an optimal control output and optimal hybrid mode, which can then be compiled

into the optimal sequences, as shown in the simulation results in chapter 4.

3.4 Dynamic Modeling of the Renewable-based Micro-grid Components

This section describes the modeling of the dynamic behavior of a renewable energy-based micro-grid used
in chapters 5-7 of this thesis, which is a significant concept in control engineering and, most notably, in the
AMPC control scheme. More so, the mathematical models of the renewable generation technologies
(Photovoltaic or Wind turbine system), and energy storage system (Batteries and hydrogen-based systems)
with high penetration in micro-grids are discussed elaborately in this section. Note that, since the main idea

of these models is to build the simplest models that measure up with the objectives, then the model design
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must be precise and simple enough to prevent computational burden when it is numerically solved. In
general, the essence of modeling in control engineering is for control design and simulation to analyze the
system behavior. Furthermore, accurate modeling is a significant step forward for energy management and
helps the optimization algorithm adapts to exact dispatch decisions [5], [68]. In the AMPC control scheme,
model design plays a significant role; meanwhile, these models are incorporated into an optimization
problem, which needs simple formulations. In the following subsections, we modeled each of the micro-

grid components in the proposed network of micro-grids used in chapters 5-7 separately.

3.4.1 Modeling of the Distributed Energy Resources

The mathematical models of the DERs (renewable energy-based resources) utilized in the micro-grids of

chapters 5-7 are described as follows:

3.4.1.1 Photovoltaic System Modeling

Photovoltaic (PV) cells are electronic devices that generate electrical energy from solar radiation.
Therefore, the energy the cells transform depends on the temperature, material properties, and solar
radiation. This study utilized a two-diode equivalent-circuit model for excellent PV cell performance [14].
The mathematical equations, which models the current-voltage behavior of the ideal PV cell, therefore
admits expressions as [14]:

I'= 1l —Ip1 = Ipz = Isn (3-33)
Ipy = Iox [exp (F55) = 1] (3-34)
Ipy = Ioy [exp (A%) - 1] (3-35)
1= tpn = loa [exp (3557) = 1] = Toz [exp (537) = 1] = s (336)

Equation (3-36) is the fundamental equation of the PV cell model, which does not reflect the functional |-
V characteristics of PV cells. Practical PV module consists of various elements, such as R, and R, that
need to be introduced into the above Equation (3-36). The functional output current of the PV cell admits

expression as [216]:

I =1l —Ipq [exp (VAJ;IIZS) — 1] —Ip2 [exp (V;IIZS) - 1] - V;;RS (3-37)
Where,
v, = ”Sq"T (3-38)
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Where, L, is the photo-generated current by a PV cell, Ip,,Ip, are the diode currents, 54,1, are the
reverse saturation current of diodes D,, D, in Ampere. V; is the thermal voltage, V is the cell output voltage,
N, N, is the number of PV cells connected in series and parallel, k is the Boltzmann constant (1.38 * 10723
JIK), q is the charge on the electron (1.602 * 10719). 4;, A, are the ideality factors of diodes Dy, D,, T is
the Reference cell-operating temperature, 20°C. The PV cell output current, as defined by equation (3-37),
is the single PV unit. Hence, in order to achieve the desired voltage and current output level, the PV cells
are connected in series and parallel. Where the PV modules are composed of parallel-connected Nycells,

the output current of the PV module admits expression as [14]:
Imoaute = Iceu * Np (3-39)
The equation for the PV current as a function of temperature and irradiance admits expression as:
G
Ipn = Usc + KiAT) —— (3-40)
STC

Where I, is the short circuit current under standard test conditions (STC), AT = T — Tgr¢ (In Kelvin, Tgpe=
25°C) are the actual and nominal temperature, G is the surface irradiance of the cell, Ggr¢ is the nominal
Irradiance under STC (1000W/m?, K; is the short circuit current coefficient, usually provided by the
manufacturer. The diode saturation current I, is dependent on temperature and therefore admits expression
as [14]:

T,\3 qEg (1 1
o =lo.n () exp [2 (5= 7)] (3-41)
Where E, is the band-gap energy of the semi-conductor (E, = 1.12eV for the polycrystalline silicon at

25°C, I, n is the standard test condition (STC) nominal saturation current, which admits expression as:

lsen (3-42)

Ipn = —sen
’ Voen)\_
[ (725

Considering temperature variations, an improved equation to describe the saturation current is obtained
from Equations (3-41) and (3-42), which admits expression as [217]:

(Iscn+KiAT)
exp[(Vocn+KpAT)/A1Ven]-1

Ip = (3-43)

Where K, is the open-circuit voltage coefficient (value is available on datasheets). More so, a power inverter
or a DC/DC converter is used to interface the photovoltaic panel with the micro-grid. Maximum Power
Point Tracking (MPPT) algorithm is used to track the optimal generation point, which works efficiently

with the power electronics associated with the photovoltaic panel.
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3.4.1.2 Wind Turbine System Modeling

Wind energy, which is a sustainable power source, uses the rotor blades to convert the kinetic energy in the
wind velocity into electrical energy utilizing a technique known as aerodynamic techniques. Wind power
has many points of interest over the different forms of energy, such as excellent return on investment and
high-power density. Wind turbines are used to transform wind energy into electric energy. Note that the
wind energy system converts Kinetic energy from the wind into electrical energy. Hence, the kinetic energy
generated by the dynamic system admits expression as [216]:

Ey = 5mV? (3-44)

Where m is the air mass, V is the velocity of the wind. Similarly, the mass (m) is given as:

m = p(Ad) (3-45)
Where p is the air density in Kg/m3, A is the rotor blade swept area in m? and d is the distance covered
by the wind in m. Moreover, according to Betz theory, the wind turbine kinetic energy for time (t), i.e.,

mechanical power (B,,), which is captured by the corresponding mechanical torque and wind turbine admit
expressions as [218]:

1 2
_Ek_—pAdV_l 1 2173
Py =~ =%——=-pAdV® = mpR*V3C, (3-46)
_ Py 1 2773 1
Tm = m = ET[pR %4 Cp E (3_47)

Wind turbine active power depends on the turbine power coefficient or otherwise known as turbine

efficiency, which represents the turbine conversion efficiency, and it is given by C, (4, 5) The power or

wind energy utilization coefficient of the turbine is a function of tip speed ratio, A and pitch angle, S.

Thus, the tip speed ratio, 4, is given as the turbine speed to the wind speed ratio, which is given as:
A=— (3-48)

Where w is the turbine angular speed, R is the turbine radius. Similarly, the wind turbine stored real power
and the wind turbine torque expressed by Equations (3-49) and (3-50), respectively, can comprehensively
be written as utilized in this research work as:

1
Py =5 Cp(4, B)pAdV? (3-49)
T = 5 Ce(A, B)pARV? (3-50)
Where the wind turbine torque coefficient is defined as:

Ce(4.B) = Cp(4.B)/2 (3-51)
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Hence, the most extreme power can be extricated from the turbine just when C,,(4, B) is 0.48, 1 is 8.1, and
f is 0. Therefore, the turbine power coefficient C,, (4, ), which is a non-linear function, admits expression

using the generic function [219]:

—21

C,(4,B) = 0.00681 + 0.5176 (% — 044 — 5) e (3-52)
Where,
l 1 0.035 (3_53)

A, A+0088  B3+1
Note that if the pitch angle =0, then C, is a function of the turbine tip speed ratio, A. Equation (3-52) is

reduced to:

21

C,(A,B) = 0.00681 +0.5176 (22— 5) e 7 (3-54)

It is worth mentioning that the wind turbine used in the simulation utilized Equation (3-54) to calculate the
turbine power coefficient. Similarly, the transmission of energy via the gearbox to the generator is given
as:

dwgen _ T—Tw Bm
at Jeq B Ewgen (3_55)

Where wy,,, is the generator angular speed, T is the mechanical torque, B, is the damping coefficient, T,,,

is the aerodynamic torque and /., is the equivalent rotational inertia of the generator, where [220], [221]:

]eq = ]gen + T (3-56)

n5
Where J,, and ] 4., are the rotational inertia corresponding to generator and rotor and n, is the gear ratio.

Similar to the photovoltaic case, wind turbines also utilize the MPPT control algorithm for optimal power

output.

3.4.2 Modeling of the Distributed Energy Storage System

ESSs installation in an electrical power network gives the prospect for better economic dispatch
management of renewable energies. In the meantime, the control scheme must be able to determine which
ESS to use in real-time, depending on the operating conditions. Similarly, the mathematical models of the
distributed energy storage systems utilized in the micro-grid architecture of chapters 5-7 are described as

follows:
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3.4.2.1 Battery Storage System Modeling

The Battery Energy Storage System (BESS) is an electrical energy storage device. The two battery types
utilized in this study are lead-acid and lithium-ion batteries. Therefore, to improve the stability and
reliability of the micro-grid network, it is appropriate to introduce the Energy Storage Systems, ESS, into
the micro-grid network. Hence, the ESS discharges its power and supplies the loads in order to meet any
local shortage in supplying the loads to the customer [68]. It is worth noting that the operation of the micro-
grid EMS is simple if only one ESS is used, such as a battery, i.e., the imbalance between generation and
demand is absorbed by the battery, given its SOC is between the upper and lower limits. Meanwhile, it is
expected that power generation will be halted or that excess energy will be sold to the grid (for grid-
connected micro-grids) if the upper limit is reached. Hence, more loads must be disconnected, or the lack
of energy must be purchased from the grid, should it reach its lower limit. More so, the criterion is mainly
to utilize the control technique to schedule the appropriate storage system with higher efficiency to balance
the mismatch between the generation and demand, in the presence of several energy storage systems (such
as batteries, hydrogen, ultra-capacitors, or flywheels) [222], [223]. The switching rules among various ESSs
are often-times based on the stored energy. The fuel cell and electrolyser switching during micro-grid
operation that utilizes batteries and hydrogen as energy buffer are usually based on the SOC level of the
battery. i.e., the fuel cell is activated as soon as the level of SOC is deficient. Similarly, the electrolyser is
switched ON, should the battery SOC level be high as per given limits. Therefore, it is expedient to protect
the battery bank from undercharging (low SOC level) or overcharging (high SOC level). In this case, in
order to prolong the life span (integrity) of the battery, energy is transferred from the grid by the control
system. The mathematical model of the battery storage is based on a basic voltage source model and an
internal resistor. The battery voltage is expressed as a function of the battery power and battery current,
which is given as [220]:

Vbt = Vbt,int — Rilpe (3-57)
Moreover, charging and discharging of batteries are modeled differently. Thus, when the battery is
charging:

C C [ —
max,bt max,bt( bt,ch) Cbt,t +Abte Bbtcbt,t (3-58)

1 — K,
bt.ch bt Cmax,bt—Chtt

Vbt,int = Vbt,o — Kyt C —C
max,bt bt,t

Similarly, during the discharging period of the battery, the expression is as follows:

_ Cmax,bt Cmax,bt(5bt,dis) —By+C
Votint = Voo — Kbt o Ipt,ais — Kbt T o101C Cpt,r + Apre~"btobtt (3-59)
max,bt bt,t bt,tTY-1lmax,bt

Where V}, ¢ is the open circuit battery voltage, V, Kp, is the polarization constant (internal parameter of the

battery, V), Cpax pe 1S the maximum capacity (Ah) of the battery, Cj, , is the battery current capacity (Ah),
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Iptcn and I, 4;5 are the charge and discharge currents, respectively. Note that this study assumed the
Cmax,pt # Cpe.r» Which might result due to aging degradation of the battery. This assumption was necessary
in order for the value of Vj,; ;,,+ not to approach oo during charging and discharging. Thus, &p¢ ¢, aNd Sp gis
are the binary variables of the charge and discharge state of the battery respectively, A, is the amplitude
of the exponential zone, V, By, is the inverse of the time constant in the exponential zone (Ah_,), R; is the
internal ohmic battery resistor. The battery capacity (Ah) admits expression as [224]:

Core = Jy Ipeedt (3-60)

Lastly, the battery state of charge (SOC) is related to the battery capacity as follows:

SOCy,, = —but (3-61)
bt,t

Cmax,bt
Therefore, in order to model the dynamic behavior of the battery storage, the battery State of Charge,
S0Cgs, is taken into account as the state variable. The charging and discharging power are segregated,
consequent to the disparity in power flow efficiencies between charging and discharging (i.e., n =

P,..:/Pin). Hence, the battery storage discrete-time model admits expression as [18]:

SOCBS(tk+1) — SOCBS(tk) + NchPch(t)Ts  Pais(t)Ts (3_62)

Cpsr NaisCBs,r

Where the battery charging and discharging powers are P, and Py, respectively, KW, the storage battery
charging and discharging efficiencies are 7., and ng4;s, respectively, 90% and the battery storage rated
capacity is Cps -, KWh.

3.4.2.2 Ultracapacitor Dynamical Modeling

An ultracapacitor is an electrical component used to store electrical energy. It consists of two metal plates

separated by a nonconducting dielectric layer. The energy stored in a capacitor admits expression as:
E=2CU? (3-63)

where C is the capacitance (in Farads), and U is the voltage between terminals. The stored charge Q in the
capacitor is obtained by the product of the capacitance and the voltage. Reference [225] describes the
comparison between the dynamical models of ultracapacitors. Therefore, only the simplified model of the
ultracapacitor is developed in this section. Hence, the total capacitance of an ultracapacitor C,,.(t) depends
on voltage, and it is expressed as [226], [227]:

Cuc(t) = Cyuco + kycUyc(t) (3-64)
where Cy. o is the initial capacitance (electrostatic capacitance) of the capacitor, and k,,. is a constant that

models the linear dependence with the voltage.
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d uc d Cuc(t)UuC(t)
L () = gt = ( dt ) (3-65)

d uc
Iuc(t) = (Cuc,o + Zkucch(t)) %@ (3'66)

The following expression is used to model the energy stored in the ultracapacitor:
1
Eyc (t) = 2 (Cuc,o + %kucch(t)> ULZLC (t) (3'67)

The SOC is expressed as the ratio between the current stored energy and its maximum value, which is given
as:

4
(Cuc,o +§kucch(t))U12w(t)

4 2
(Cuc,o +§kucuﬁax(t))(ul_%ax (t))

SO0C,.(t) = (3-68)

This mathematical model is used in the MATLAB/Simulink of chapters 5-7, considering constant

capacitance and the model of the conventional capacitor.

3.4.3 Modeling of the Hydrogen Storage System

Hydrogen is often seen as a potential option to be used as an energy storage device, particularly when
hydrogen is generated with sustainable sources of energy. A complete hydrogen-energy storage system
consists of a system for hydrogen production, a hydrogen storage system, and another system for converting
hydrogen into electricity, such as a fuel cell or a hydrogen engine. Nonetheless, the most intriguing choice
to use in micro-grids is hydrogen production by coupling electrolyser to renewable sources. In this study, a
metal hydride is used to store hydrogen, in which the fuel cell can easily double the conversion capacity for
the normal operating temperature to convert into electricity [220].

3.4.3.1 Mathematical Modeling of Electrolyser

The electrolysers are electrochemical devices, which, when the direct current is applied, can separate
hydrogen and oxygen from the water molecules. Thus, the mathematical model of the electrolyser is a

simplification of the Equation presented in refs [220], [158]. The electrolyser stack voltageV,;,(t), V, is

expressed as the product of the number of electrolysis cells N2 and the single cell voltage V52X,
Velz(t) = Neclezllveclezll(t) (3'69)
Similarly, the single-cell voltage is expressed by the following Equation [5]:

V() = V() + VELL () + VEL 1 () + VELL e (O (3-70)
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Where, V¢4 is the Nernst voltage or reversible potential, V52, is the activation overpotential, V2h .,
is the ohmic overvoltage and V2. provides the losses due to concentration mass. Therefore, the voltage

drop is the sum of the following terms:

a
Ase . 2. 3RTe 2(t) PH, ()P0, %(t)
Clezlé (t) elz ; (Telz(t) elz) + l In < ZPHZO(Zt) ) (3-71)
RTE Z(t) . - Ie Z(t) . - Ie Z(t)
Ve oo (8) = =2 [smh 1 <—2Ael;ia0,elz> + sinh™1 <—2Aellzico,elz>] (3-72)
Clglf)hm(t) - Ielz (t)Rohm (3-73)
KCOnCIe 2 t
Veglhone(0) = Kizprel Eet 1) (3-74)

Where T,,,(t) is the electrolyser temperature, T3, is the temperature in standard conditions, AS?,, is the
entropy change, R and F are ideal gas and Faraday constant respectively, PO, is the oxygen partial pressure,
PH, is the hydrogen partial pressure, I, is the electrolyser current, i;g 0, and iz o, are the anode and
cathode current densities respectively, and Kygy and K7%/7 are the concentration-losses factors of the

electrolyser. Therefore, taking into account the reaction in the electrolysis stack, the mass flow of hydrogen

is modeled as follows:

Hzpro ile 2(t)
W, 770 (t) = Nt 2= (3-75)

3.4.3.2 Mathematical Modeling of Metal Hydride

Metal hydride is a hydrogen storage technology utilized in micro-grid system to store hydrogen at a
moderate pressure. Concerning metal hydrides, certain metal (M), such as iron, nickel, aluminum, titanium,
etc. produce a metal hydride compound via an easily controllable reversible reaction as they react with
hydrogen. Hence, hydrogen is stored at moderate pressures with this technology, typically around 2 bar.

The general expression is as follows [6]:
M + H, & MH, (3-76)
Meanwhile, this study utilized ref [228] for the mathematical model of metal hydride in the simulation.

3.4.3.3 Mathematical Modeling of Fuel Cell

Fuel cells are electrochemical devices that are used for producing energy from hydrogen and oxygen flows.

The anode, which is one of the electrodes, is utilized to separate the molecules of hydrogen gas into proton

and electron, using a catalyst for the reaction [229]:
2H, - 4H* + 4e” (3-77)

Similarly, the protons move toward the cathode through the electrolyte.
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0, + 4H* + 4e~ — 2H,0 (3-78)
Therefore, the fuel cell overall reaction is expressed as:
2H, + 0, + 4H* + 4e~ - 2H,0 (3-79)
Moreover, the fuel cell dynamic, defined by the balances of mass and heat, results in a slow transient
response contrasted with ultra-capacitor or batteries. This study utilized Proton-Exchange-Membrane Fuel
Cell (PEMFC) since it operates at relatively low temperatures and has a faster response time. Moreover,
they utilize a solid polymer membrane as the electrolyte and platinum as the catalyst. Hence the
mathematical model used in this study is based on a simplified model of the study in refs [220, 230]. A fuel
stack comprises of several cells Nfcf” which are series-connected. The stack voltage admits expression as
[220]:
Ve (t) = elchell(t) (3-80)
Similarly, the single-cell voltage is expressed by the following Equation:

VEEN®) = VIS () = Vb ©) = ViEonm () = ViEbonc (8) (3-81)
Descriptions of the parameters are similar to the electrolyser.

Thus, the voltage drop is a sum of four terms, which can be expressed with the following expression:

2
RTfc(t) In (PHz(t)POZ (t)> (3-82)

peel 0 AP 0
Veco ) = Efc + 2F (ch(t) - ch) + 2F PH,0(t)

More so, the activation losses in the fuel cell can be modeled as a function of two constant coefficients

K1,qct and K5 4. and the stack current, ..

peell (t) = —Kyqee(1— e( Irc/Kaact) (3-83)
t

fc ac

Similarly, the ohmic losses can be modeled as a function of the equivalent ohmic resistor of the cell R, .,

and the stack current /..

fccetljlhm (t) - Ifc (t)Rohm (3-84)
The concentration losses can be modeled as a function of two constant coefficients K772 and K3 %:“ and

the stack current.

ycell (t) _ Kconc (ch,l}rcwlfc(f)) (3_85)

f c,conc

3.4.4 Dynamic Modeling of the Load

The loads in this study are classified as essential loads and curtailable loads based on a demand management

perspective. The power generations should regularly meet the demand for power of the critical loads. Thus,
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each EMUF's load forecasting strategies can assist the adaptive controller in making important decisions for
the network under study, such as charging and discharging the ESS and buying or selling it to the host grid.
The load is predicted by the EMU at-time step, which uses the preceding duration data for a future
predefined horizon N,, [68]. Moreover, as the AMPC procedure continues, estimates are subsequently
revised and delivered to the EMU responsible for updating the parameters of the prediction model to
introduce corrections and minimize errors. Consequently, the total micro-grid load demand is expressed as
[68, 231]:

Pload (tk) = Pload—curt (tk)(l - g(tk)) + Pload—crit (tk) (3'86)
Where the curtailable load demand and essential load demand are Pj,qq—cure(tx) and Proga—cric (te),

respectively, and the curtailment ratio of the curtailable loads is 6(t;).

3.4.5 Main Grid

The energy exchange between the main grid and micro-grid is implemented as an economic transaction,
where energy is sold to or purchased from the host grid. Hence, economic transactions are based on the
energy price in the energy markets. Forecast algorithms are the best optimization approach to know the
value of the energy prices at every instant of time. The necessary models are usually based on causal models,
artificial intelligence-based models, and stochastic time series. Reference [232] reviews some of the most

famous electricity price forecasting methods.

3.5 Formulations of EMS-Based AMPC Optimization Problem

The primary goal of EMS in a micro-grid network is to reduce the costs of purchased electricity while at
the same time maintaining the power balance, generation limits, ESS limits, and power exchange limits.
Moreover, AMPC problem formulation requires a micro-grid model for predictions; It also requires
minimizing the concept of cost function and imposing operational constraints. Hence, this section describes
the formulation of the EMS optimization problem used in chapter 5 of this thesis. Consequently, the
problem formulation is implemented by specifying the objective function, as well as the functional and

operational constraints associated with each source of energy [68].

3.5.1 Cost Function Formulations

The main objective of the EMS is to ensure a reliable supply of electrical power to its local customers.
Meanwhile, the EMS fulfills the following objectives: lowering running costs by decreasing the energy
exchanged with the grid, increasing the battery life by preventing deep overcharging and discharging,
protecting electrolysers and fuel cells from regular usage by limiting their power rates, and ensuring energy

efficiency at the plant by using the most effective storage. The fulfillment of these objectives is attributable
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to their weights in the cost function [158, 233]. The cost function can incorporate terms that consider the
values of the different powers involved (identified with the cost of utilizing each DER) and the power rates
(identified with their lifetimes). It may also penalize the stored energy deviation from a desired point of
operation. Therefore, the quadratic cost function associated with each energy source is given to minimize
the total system cost, which is solved by the proposed control algorithm (AMPC).

Notice that two objective functions are obtained for the various scenarios investigated in chapter 5, and the
AMPC algorithm solver tries to minimize it. The first multi-objective function (Equation (3-87a)) is used
in the scenario when disturbance prediction is not incorporated in the AMPC algorithm. In contrast, the
second multi-objective function (Equation (3-87b)) considers the integration of disturbance prediction. The
aim is to investigate the impact of integrating disturbance prediction on the performance of the EMS in
micro-grid in terms of cost minimization. Therefore, in order to track the reference outputs, the controller
is designed to set P,.; = 0, which consequently adds a perturbation on P, of which the responsibility of
the controller is to balance the rest of the control variables (P, Pz, Pyria )- Moreover, the highest weight
value is often assigned to the P, variable in order to drive the system to attain the system's power balance
(Pret = Fgen — P, = 0).

N
k

mln] = Z il alpgzrid(t + k) + azpfzc(t + k) + a3Pele(t + k) + 0(4Pgat(t + k) + ﬁlAPgZTI:d(t + k) +

BoAPE(t + k) + B3APZ,(t + k) + B4APS, (¢ + k) + zfﬁl y1(S0C(t +k) — Socm,f)2 +v2(LOH(t +
k) — LOH, o5 ) (3-87a)
minj = $3, ay P2 (t + k) + azPA(t + k) + asPE, (¢ + k) + ayPZ; (t + k) + B1APE 4 (t + k) +
B2APE(t + k) + B3APZ,(t + k) + BaAPL (t + k) + Zzilh (soc(t+k) - SOCref)2 +v,(LOH(t +
k) — LOH, o5 ) (3-87b)

Where N, is the time horizon and «;, B;, and y; are the weights for each variable. The first four terms in
this cost function weigh the usage of the manipulated variable, the subsequent four terms penalize the rate,
and the last two terms help to keep the stored energy around an operating point. More so, weighting values
(in the cost function and operational constraints) are often associated with the priority of using a particular
unit, either for operating costs (reference tracking) or for efficiency purposes. For example, it is appropriate
to use batteries first, if possible, in a micro-grid with hydrogen storage, when there is a significant mismatch
between generation and demand because hydrogen has a lower path efficiency. As a consequence, the
weight of the battery will be smaller than that of the fuel cell. This study has selected a quadratic cost
function as the system costs to be minimized. Meanwhile, the battery bank utilized in this micro-grid is

directly connected to the DC bus, therefore, Py, is not taken as the manipulated variables [220]. The
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minimization also includes constraints, accurately measured, as shown in Table 1. Notice that some of them
are physical limits (e.g., the power generated by the generator or the fuel cell), and others are limits that are
imposed to prevent system failure (e.g., power rate required by the fuel cell).

3.5.2 Dynamic System Constraints Formulations

In the optimization problem, which is to minimize the cost function of Equation (3-87), and solved by the
proposed advanced control algorithm, the physical and operational constraints must be put into
consideration. The physical constraints include the limited power that can be supplied by the units (external
grid, DERs, batteries, fuel cells, electrolysers, etc.). They are physical limits that cannot be trespassed for
productive reasons. Notice that there is an upper threshold for all units, but it is often normal for a lower
threshold to occur, meaning that once the unit is attached, a minimum power must be supplied. Such
constraints relate in this way to the power (variable u(t)) and also to the capacity of the storage units
(maximum energy which can be stored in a battery or an ultra-capacitor). In addition, equipment constraints
in terms of capacity limits and power rates are implemented to maximize performance, lifespan, and
operating & maintenance costs. The battery bank will, therefore, operate in a range of SOC values to prevent
overcharging and undercharging, which significantly decreases the number of possible cycles [220, 234].

The following constraints are considered in this study:

3.5.2.1 Inequality Constraints

The constraints imposed in the problem of optimal control include the generation limits of the units, which

admit expressions such as [220]:

PJEit < Pyen(t) < Pgi (3-88)
PIUR < Pyriq(t) < PIex (3-89)
PR < Pr(t) < PR (3-90)
PIU™ < Poy(t) < PUE™ (3-91)

The storage limits admit expressions as:
SOC™" < SOC(t) < SOC™ax (3-92)
LOH™" < LOH(t) < LOH™a% (3-93)

Notice that the maximum and minimum values can be the same physical limits, and a protective band can

be considered as well, preventing working close to hazardous regions [1, 68].

APJUM < APyon (t) < APJIA* (3-94)
APGYS < APgrig(8) < APGIEY (3-95)
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APFE™ < APy (t) < APJRX (3-96)

APTNM < AP, (t) < APTIOX 3-97
elz elz
ASOC™" < ASOC(t) < ASOC™ax (3-98)

In the same way, the other kind of constraints is imposed in order to prevent sudden shifts in the power
supplied by the units. These are limits that influence the degradation of the units and will be significant in
costly equipment such as fuel cells. It is worthy of note that some of these constraints can be shifted to the
soft constraints category if the inequalities are replaced by a weighted term in the cost function. That is the
case with the energy-storage capacity constraints [5].

3.5.2.2 Energy Balance Constraints

Including the constraints of the energy balance at each time instant is essential mainly for the purposes of
the power system's stability. More so, to keep the network running effectively and reliably, the micro-grids

must meet the power balance constraint [68].

n
Zizgl Pgen,i(t) + Z?:el Pext,i(t) + Z:lil Psto,i(t) - Z:lil Pload,i(t) =0 (3'99)
Where Py, ; is the power generated by the generation unit i, P, ; is the power exchange with the storage
units, P,y ; is the power exchanged with the external connections such as the main utility grid or other
micro-grids, Pyq4 ; IS the power consumed by the loads. During micro-grid operations, the balance between

energy production and demand must always be met; thus, Equation (3-99) must be applied as a constraint

for equality to the formulation.

3.6 Formulations of DR-Based AMPC Optimization Problem

In this section, the general AMPC formulations for the DR technique in micro-grid used in chapter 6 of this
thesis are formulated, which is similar to the previous AMPC optimization formulations. The method
discussed in the previous section is further extended to include load curtailment and shifting. AMPC
problem formulation requires a micro-grid model; It also requires minimizing the concept of cost function
and imposing operational constraints. Hence, this section describes the formulation of the DR technique for
the EMS optimization problem of the micro-grid used in chapter 6. Consequently, the problem formulation
is carried out by specifying the objective function, as well as the functional and operational constraints

associated with each source of energy [68].

3.6.1 DR-Based Cost Function Formulations

The cost function can incorporate terms that consider the values of the different powers involved (identified

with the cost of utilizing each DER) and also the power rates (identified with their lifetimes). It may also
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penalize the stored energy deviation from a desired point of operation. Therefore, the quadratic cost function
associated with each energy source is given to minimize the total system cost, which is solved by the
proposed control algorithm (Adaptive MPC):

minJ = Y3, a3 Pon(t + k) + ayPA(t + k) + asP2,(t + k) + ayPl, (t + k) + B1APZ, (¢ + k) +
BoAPE(t + k) + B3APZ,(t + k) + B4APS, (¢ + k) + Zlkvil r1(S0C(t + k) — Socref)2 + v, (LOH(t +

2
k) - LOHref) + (Pchgurt—load(t + k) (3'100)

3.6.2 DR-Based System constraints Formulations

Similarly, in order to consider the load curtailment technique of some adjustable loads in the micro-grid
system in chapter 6 of this thesis, the model-based design shown in Figures 6-1 and 6-2 are utilized. The
basic EMS presented in the previous section is modified by adding curtailable loads to the micro-grid
design. Moreover, since some of the loads are curtailable loads, i.e., loads that can be adjusted during
specific periods in order to enhance the operation of the micro-grid or during contingencies, therefore, its
associated power (P;,44) can be manipulated by the EMS. Meanwhile, it is worth mentioning that P;,q4 1S

part of the vector of manipulated variables instead of a disturbance.

Hence, some additional constraints need to be applied to the optimization problem, as the load can only be
adjusted to a certain level, so its limits need to be set.

PET 10ads(®) < Peurt-toad (£) < PEitt_i0qas () vt (3-101a)
Ceurt-toad = M - [X¢21 Peurt-10aa ()] (3-101b)
Where m and Cqp+—10aq @re shedding prices and shedding costs, respectively.

Therefore, the minimum and maximum values may change at each instant (and can be set to avoid any
curtailment if needed). The other physical and operational constraints required to solve the optimization
problem, such as energy balance and amplitude and rate constraints, are described in the previous section.
More so, since load adjustment can result in discomfort to the user, a set point Pgy,¢—1oaares Can be utilized
to avoid large deviations from the desired value and its associated weight ¢ (t) can be set to a high value to
prevent curtailment at a specific time instant or interval. Therefore, the Quadratic Programming (QP) is

used to solve the optimization problem, as all the variables are continuous (continuous-valued variables).

3.7 Formulations of EMS-Based AMPC Optimization Problem with EV Integration

The AMPC algorithm is used to minimize the cost function, which is formulated as a sum of the different

cost functions of the micro-grid components:

min/(t) = X551 [Jgria (¢ + k16) + Jpatuc(t + kIt) + Ji, (€ + k[D)] (3-102)
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The cost function of the energy exchange with the host grid is given as J4,;4. Similarly, the battery/ultra-
capacitor and the hydrogen are J,q,c and J,, respectively. Moreover, the grid cost function is simply the

economic revenue of selling energy to the grid or the economical cost of buying energy from the grid, which

admits expression as follows:

]grid(t + klt) = (_Tilyle(t + klt) * Psale(t + klt) + TpDJ\;Ic(t + klt) * purc(t + klt)) * Ts (3'103)
Where Fo i, (t + k|t) and FRY (¢ + k|t) correspond to the forecast values for the energy prices, while
Psqie(t + k|t) and Py, (t + k|t) are the energy sale and purchase with the host grid, respectively.

Where both the energy sale and purchase with the host grid admit expressions as the following equations:

Phost grid (tk); Phost grid (tk) =0
Psale (tk) - {0‘ Phost grld (tk) < O (3'104)
Phost grid (tk)' Phost grid (tk) >0
P () = 3-105
purc( k) {O' Phost grid(tk) <0 ( )

The above piece-wise functions are implemented in the AMPC algorithm utilizing the transformation
technique illustrated in ref [235], which results in the MLD constraints in ref [18].

Equation (3-106) gives the expression for the cost function of the batteries. The proposed algorithm
minimizes the economic cost related to the use of the batteries. The battery manufacturers measure the life
of the ESS based on the number of cycles of charging and discharge. The main mechanism to be avoided
relates to the exposure of batteries to a high-stress current ratio in the charging and discharging process.
Therefore, in order to penalize the high values of PZ,,, a second term in the cost function of the batteries is

incorporated in the expression of Equation (3-106).

cc
Jpatpc(t + klt) = m;&% (Poat,uc—cn(t + klt) + Pparuc—ais(t + k[t)) * Ts + Costgegrch *

Platuc—cn(t + klt) + Costaegr,ais * Pgat,uc—dis(t + k|t) (3-106)

Where CCpqe yc COrresponds to the cost function of the battery and ultra-capacitor, Cyclesyq. yc are the
number of the battery and ultra-capacitor life cycles. The parameters Costgegy cn aNd COStyegyr ais are the
cost associated with the degradation mechanisms of the batteries and capacitor. Since hydrogen storage is
implemented with the following components, fuel cell, electrolyser, and hydrogen tank, the cost function
of hydrogen storage is simply the sum of the cost functions of these components. Therefore, the
compression cost of hydrogen storage is not put into consideration in order to simplify the cost. In a similar
vein with batteries, the fuel cells and electrolysers have a limited lifetime. Meanwhile, this lifetime is often
expressed as several life hours. Hence, the lifetime can be mitigated should the degradation aspects

associated with the technology are not minimized. For this reason, not only are working hours for
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electrolysers and fuel cells reduced, but also start-up/shutdown cycles and fluctuations in operating
conditions are also included. Batteries (Lithium-ion batteries) have virtually low or no cost of operation
and maintenance (O&M) [236]. Details of the characteristics of each battery used in this research work are
given in Table D-7. However, electrolysers and fuel cells require maintenance aspects included in the cost
function on an hourly basis. The cost function of hydrogen storage is expressed as Equation (3-107a).

T, (& + k|t) = Jeiz(t + k[t) + Jpc(t + k|t) (3-107a)
Where,
CCelz
]elz(t + klt) = (m + COStO&M,elz) 6elz (t + klt) + COStStart,elZ * O-glg(t + klt) + COStdegrd,elz *
02, (t + k|t) (3-107b)
CCy,
Jre(t + k[t) = (Wfsﬁ + Costo&M,fC) 8rc(t + k[t) + Costseqre fc * J)?C"(t + klt) + Costgegra fe *
97:(t + k|t) (3-107¢)

Therefore, the capital cost of the fuel cell and the electrolyser are denoted as CCs. and CCy;, respectively.
Hours,, and Hours; are the lifetime hours of the electrolyzer and the fuel cell from the manufactures,
Costogm,rc and Costogum 1, are the two terms associated with the operation and maintenance cost of the
fuel cell and the electrolyzer, Costgiarter; aNd CoStsiqre,rc are the costs associated with the degradation
processes linked to the start-up and shutdown of the components. Lastly, the costs related to the degradation
processes linked to the power fluctuations in the fuel cell and the electrolyser are denoted by Costgegra,fc
and Costgegra etz respectively. Therefore, the third terms in the cost function of Equations (3-107b) and
(3-107c¢) are incorporated in order to minimize the power fluctuations of fuel cells and electrolysers. The
logical power variation 9. and 9,,, of the fuel cell and electrolyzer is described as the power variation in
all the instants except those where the component moves from the start-up state to the energized state or
from the energized state toward switch off. Hence, in order to solve the optimization problem with the cost
functions of Equations (3-102) to (3-107c), some physical limits must be strictly adhered to and should not
be violated. The physical constraints are imposed by the ESS 'upper and lower limits, which can consume
or supply the maximum and minimum energy storage levels that have been stored in each ESS (the main
grid power exchange is also considered). Therefore, the minimization of the cost function is subject to the

following constraints along the schedule horizon (k = 1, ..., SK):
Pyr (€ + kl|t) + Ppy (t + klt) — Pioqa (¢ + klt) + Pyria(t + klt) + Poaeuc(t + klt) — Zei (¢ + k|0) +
Zec(t+k|t) =0 (3-108)

0 <&t +klt) < 1lizerz e (3-109)
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PIM™ < Py(t + klt) < P™¥|i_griapatetn,fe (3-110)
SOCT™™ < SOC;(t + klt) < LOH™|i—paruc (3-111)
LOH™™ < LOH;(t + kl|t) < LOH™™|;_o1, fc (3-112)
Equation (3-108) corresponds to the energy balance in the micro-grid, while Equations (3-109) - (3-112)
are the physical inequality constraints of the micro-grid components.

Similarly, the conversions implemented in ref [235] makes it feasible to incorporate the binary and auxiliary
variables embedded in a discrete-time dynamic system to explain the evolution of the system's continuous
and logical signals in a unified model. Therefore, in order to accomplish the charging process, the following
additional constraints are imposed:

o Fulfill the necessary energy E,,, for the desired charge at a constant power P,,,_:
N.
Zkilpev—chTs5ev(t) =Egp (3-113)
e Charge during a total number of instants:
N.
0 <X,2;8on(k) < Ney (3-114)
e Charging without any form of interruption (only one transition):
N.
0<3,7F 0e(k) <1 (3-115)
e Energy balance at each instant t:
Z?;gl Pgen—i(t) + Z?:el Pext—i(t) + Z?il Pstor—i(t) - Pev—ch 6ev(t) =0 (3'116)
Where N, is the schedule horizon (usually 24 hours).

For the sake of simplicity, we consider just a few numbers of electric vehicles. Meanwhile, the formulation
can be extended to any number of electric vehicles. This can be done by simply adding as many & (for the
connection state) and o (for transitions) as the number of EVs and the associated constraints. The solver
finds an optimal solution for the micro-grid, providing a set of the control variables, which are logic and
continuous, and the AMPC controller is formulated as a mixed-integer quadratic programming (MIQP)
problem. The different operation modes in the micro-grid are modeled with the mixed logic dynamical
(MLD) framework. The output signals which are generated by the solver are the values of exchange power
with the main grid (P,,;4), the power of electrolyser, fuel cell, and battery (Pe,, P, and Ppq:), the

activation signals for the electrolyzer and fuel cell (6,;, and &5.) and the activation and transition of the

electric vehicle (6,,, and a,,,). Note that the sampling time is 1 hour, and the schedule horizon is 24 hours.
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3.8 Control Oriented Linear Model

The control-oriented model of the micro-grid incorporated into the AMPC optimization procedure is a
simplified model. It is worth mentioning that at the EMS level, the generators and loads dynamics are very
fast compared to the characteristic sampling time; therefore, it can be neglected. Hence, the main dynamics
of interest in this study are the storage units, which, together with the balance equation of powers in the
bus, will constitute the model to be used by the AMPC control algorithms. The proposed control algorithm
(AMPC) utilized a control-oriented linear model for its control design. Hence, a state-space model can be
derived utilizing Equations (3-92) - (3-93) for the battery and the hydrogen storage. Thus, the state vector

is expressed as [220]:
v(t) =[S0oC(t) LOH(®)]T (3-117)
Similarly, the vector of the manipulated variable is given as:
T
v(t) = [Py, (t) Pgria(t)] (3-118)

Where SOC(t) is the state of charge of the battery and LOH (t) is the hydrogen level in the hydride tank.
Meanwhile, the battery's fixed efficiency value was used to prevent the use of binary variables.

SOC(t+1) = SOC(t) — ”C%’:Pbat(t) (3-119)
LOH(t + 1) = LOH(t) + ’;;l—fpelz(t) - nfcfmax Prc(t) (3-120)

Where Py, is the power supplied by the battery and V4, is the maximum volume of H, (normal cubic
meters) that can be stored in the tanks. The manipulated variables are the power that can be exchanged with
the grid (Py,;q), fuel cell (Pr.) and electrolyser (P,;,). As it is evident in Figures 5-1 and 5-2, the battery is
attached to the DC bus and absorbs the unbalance, so P,,; must compensate for the remainder of the power
in the DC bus [220, 237].

Poat(t) = Pioqa(t) + Perz(t) — Prc(t) — Pgrig(t) — Pyen(t) (3-121)
Note that the imbalances generated by the difference between power generated by the renewables (non-
dispatch-able units, i.e., Solar and Wind), and the demand is considered as the disturbances, d(t). Since the
demand and generation have a similar impact on the energy balance (one positive and the other negative),
it is expedient to group such disturbances into one variable only: Therefore, the generation and demand net

effect admits expression as:

a(t) = Pgen(t) — Pioaa ®) (3-122)
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It is worth mentioning that the generation and demand are measurable quantities; therefore, they are
measurable disturbances. Hence, the storage expressions, defining Equation (3-122) as the measurable

disturbance are:

SOC(t + 1) = SOC(¢) — ”(;—fT (Petz(£) = Pre(t) = Pgria(t) — d(®)) (3-123)
LOH(t + 1) = LOH(¢) + ”VWIIT P, (t) — nfcﬁmax Prc(t) (3-124)

However, the conversion values for SOC and LOH vary from charging power to electrical and hydrogen
storage between 10 and 90%, and the charging and discharge capacity vary from 600 to 1800 W. The mean

value obtained for the battery's conversion coefficient admits expression as:

Kpge = —bat (3-125)

Cm ax

Similarly, in the case of hydrogen, the mean values are expressed as [238]:

K, = IZ:Z [For charging, electrolyser] (3-126)
1 . .
Ko = T [For discharging, fuel cell] (3-127)

The mathematical descriptions of the matrix’s forms of the SOC and LOH used in chapters 5-7 are given
in Appendix A. Hence, the state considered in the optimization process is the level of the storage devices
(batteries (SOC) and hydrogen (LOH)), and the control actions are the power exchanged with the grid and

the power of the hydrogen storage network (including an electrolyser, a fuel cell, and hydrogen tanks).

Consequently, a multi-objective function is used to accomplish the entirety of the previous objectives, and
the solver aims to minimize it. In summary, the overall objective function of the energy management

problem, which is solved by the AMPC algorithm, can be formulated as:

Minimize | (3 —87a), (3 — 87b), (3 —100) & (3 — 102) (3-128)
Subject to:

Dynamic constraint - (3-62) & (3-68)

Equality constraints - (3-99) & (3-108)

Inequality constraints - (3-88) — (3-98), (3-101a) — (3-101b) and (3-109) - (3-116).

3.9 System Modeling of the Two-Area Power System with a Stand-Alone Micro-grid

This section describes the system modeling of the two-area power system with a stand-alone micro-grid
used in chapter 8 of this thesis. In the system model, as shown in Figures 8-1 and 8-2, the following
equations are formulated from the dynamic characteristics of the power and frequency changes in the two-

area power system with a stand-alone micro-grid:
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AF;(t) = % [APf_filtl (£) + APpyy () + APyy1 (t) — APpgeq (£) — APy (8) — DAF; (8) — AP, (2)]  (3-129)

AFy(£) = T2 AP (£) — —— AR, (£) + 222 AP, (£) — TE2 APy, (1) (3-130)
Tpy Tp2 Tp2 Tp2
APl (t) = _alApl(t) + KIAPCI(t) (3‘131)
APfc1 ) = i [APCfl (t) — APpcq (t)] (3-132)
APt i1 (8) = 57— [APrca (8) = APy iny (8)] (3-133)
. 1
APr iye4(2) = Tran [APf inp (€) — APf £i11 ()] (3-134)
APyqer (t) = 7 [AF; (€) = APpgea (8)] (3-135)
APpy 1 (t) = (by — a;)AP; (t) — C1APpyy (£) + K1 AP (£) (3-136)
AP, (t) = — 2 AF,(t) — = AP, (t) + — APpy (£) + — APL5(t) (3-137)
Ty Ty Ty Ty
AP5(t) = = AP,(t) — = APy (t) (3-138)
T, T,
: K, Ty K, Ty
APy(8) = TEE AP, (0) + (Tl - TtTT) AP4(t) — TerP4(t) (3-139)

21Ty (AF; ($)—AF,(5))

ACEy(t) = APy, (t) = : (3-140)
ACE,(t) = —APyo (t) + BAF,(£) (3-141)
BPyio(t) = 7=—[2T1z (APpya () + BPriss1 () + APy (6) = APyir (1)) = AP (£) = AR (1) -

APLl(t)] (3-142)

Where AP,y (t) is the power change of PV, AP, (t) is the intermediate power change of PV, AP;;.(t) is
the total tie-line power change in this system, AP, (t), AP;(t), and AP,(t) are the power change of governor,
steam turbine, and re-heater, respectively. AF;(t), and AF,(t) are the frequency deviations of area 1 and
area 2, respectively, AP;; (t) and AP, (t) are the control action of area 1 and area 2, respectively, AP, (t),
AP;,(t), and AP 5(t) are the load changes, B is the frequency bias factor, and R is the regulation parameter
(Hz/p.u.MW). The definitions of other parameters are listed in the nomenclature section. The state-space
models of the stand-alone micro-grid system used in chapter 8 are described in Appendix C. More so, the

modeling of UPFC used in the proposed system model is described in ref [26].
3.10 Adaptive MPC-Based Power Scheduling of Renewable Energy-Based Micro-grid

AMPC is a control strategy used in micro-grids and has vast potential for addressing numerous complex

problems in the area of micro-grids. While other proven methods can be used to control micro-grids, AMPC
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offers a generalized structure for handling most of the concerns in an organized way using some common
ideas. The approach taken into consideration in this study is primarily to adaptively control the EMS in
micro-grid (power management) to ensure a reliable supply of electrical power to local load consumers.
The primary responsibility of the adaptive controller is to coordinate and, at the same time, manage the
power in the micro-grid network by suitably allowing the optimal operation of each generation unit. The
problem of AMPC-based optimization offers a solution that indicates an input trajectory and states in the
future that meets operational constraints while optimizing those parameters. For each sampling instant, an
optimal plan is formulated based on generation and demand forecast and similarly on the knowledge of the
level of energy storage. More so, the first element in the control sequence is introduced, and the horizon is
moved [26]. Therefore, using the newly available information, a new optimization problem will be solved
at the next sampling time. The new optimal design will theoretically compensate for the disturbance that
acts on the micro-grid by using the feedback mechanism. AMPC is responsible for the efficient operation
of the micro-grid under consideration [68, 220]. The principal sources of uncertainty in this energy
management problem are due to incident irradiation, wind speed, and load power forecast. Therefore, the
conventional MPC is not successful in managing the varying dynamics of renewable sources, as its control
efficiency is deteriorating due to variations in their production capacity. Hence, it is appropriate to use the
AMPC controller, which updates the plant's internal model for any changes in operating conditions. Figures
3-3 and 3-4 show the block diagram and the flowchart of the AMPC-based EMS control scheme [68, 157].
The state-space model of Equations (3-143a) and (3-143b) are often utilized to model an AMPC, which
admit expressions as:

x(t+ 1) = Ax(t) + Bu(t) (3-143a)
y(t) = Cx(t) (3-143b)
Where the system state composed of the charging state of the Energy Storage Systems (ESSS) is given as,
x(t), similarly, the manipulated vector variables, consisting of the dispatchable generation and the power
exchanged by the ESSs, are given as, u(t) and the output vector, which in this case corresponds with the
state as y(t). Hence, the AMPC's state-space model can be implemented and can be solved at the same
time using Quadratic Programming (QP). As with any network, micro-grids are susceptible to disturbance
during normal operation. There are two simple sources of disturbance in micro-grids: the power generated
by the RESs (which is usually non-dispatchable) and the power demanded. These are external inputs to the
system, which the controller cannot manipulate. As renewable sources are used for the generation, this
makes them a problem to be solved by the control system because of their time-varying existence, the
complexity of prediction, and lack of manipulative capability. The initial formulation of AMPC does not

contain disturbances, but in this context, several AMPC strategies have been introduced to ensure stability
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and adherence to constraints [239]. Note that the feedback mechanism allows AMPC to reject disturbances,
like any other controller. If disturbances can be measured (or estimated), however, their impact on the
output can be included in the dynamic model. Thus, the controller can predict their influence on system
performance. In this way, AMPC will have a feedforward effect inherently. The impact of these
disturbances, d(t), can be applied to the AMPC state-space formulation. Hence, the system's dynamic
model can be written as [5]:

x(t+ 1) = Ax(t) + Bu(t) + Bzd(t) (3-144a)
y(&) = Cx(¢) (3-144b)
Where B, is the matrix quantifying the effect of disturbances on the states. Now, the forecast includes
disturbance values along the horizon that can be calculated (in the case of RESs, weather forecasts may
provide them) or that may be considered constant and equal to the current d(t) value. The discrete-time
space models of Equation (3-145a) and (3-145b) are obtained mainly by discretization with sample time T,
which are given by the following Equations [240]:

x(k +1) = Agx(k) + BU(k) + Byd (k) (3-145a)
y(k) = Cx(k) (3-145b)
Where x(k + 1), x(k), d(k), U(k), and y(k) are the discrete-time forms of dx(t)/dt, x(t), d(t), U(t),
and y(t), respectively, A, = e4TS, By = fOTseAtht, Byg = fOTSeAtBldt. The incremental form of
Equations (3-146a) and (3-146b) are expressed as follows [8], [241]:

Ax(k + 1) = AgAx(k) + BAU(k) + ByAd (k) (3-146a)
Ay(k) = CAx(k) (3-146b)
Where Ax(k + 1), Ax(k), Ad(k), AU(k) and Ay (k) are the incremental forms of x(k + 1), x(k), d(k),
U(k), and y(k), respectively.
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Figure 3-4: Flowchart of ems-based AMPC algorithm[68]

The MPC is widely divided into two parts: a model identifier for obtaining plant predictions provided by
the optimizer, and an optimizer for deriving control action [242]. Therefore, in order to solve the cost
function, the MPC optimizer adopts the receding horizon concept. It is also worth noting that only the first
component corresponding to the first instant prediction of the optimal solution is retained, and this
optimization process is repeated until an optimal control output is obtained that satisfies all the constraints
involved. However, determining the controller stability in indirect adaptive control techniques is unwieldy
for time-varying non-linear systems. AMPC is also divided into two parts, the identifier for the plant model
and the synthesizer for the controller [243]. The following objectives were explicitly taken into account in
the development of AMPC: track the SOC and LOH references in predicted conditions, limit the fuel cell
and electrolyser power rate to protect this costly equipment from extensive usage, protect the battery bank
against deep overcharging and discharging. Therefore, it is easier to use the battery in a micro-grid with
hydrogen storage as the first form of energy storage wherever possible. Since the efficiency of the hydrogen
is much lower than the efficiency of the batteries, this approach is only used when there is a huge imbalance
between supply and demand. Hence, the AMPC actualizes these goals by formulating a deterministic

optimization model with an appropriate objective function and many constraints [220, 242].

3.11 Adaptive MPC Controller Design of Two-Area Power System with a Stand-Alone Micro-grid

In this section, in order to implement Model Predictive Control (MPC) based on adaptive mode, a
conventional model predictive controller for the nominal operating conditions of the control system is
designed. Then the plant models and the nominal conditions used by the MPC controller are updated over
time and remain constant over the prediction horizon [244]. Moreover, an AMPC algorithm is used to fine-
tune the weights of different targets spontaneously, as per the state of the systems. The main idea of the
proposed technique is to use a discrete-time space model to formulate a system dynamic characteristic of

the LFC problem, and then to obtain a predictive dynamic model by simply introducing an expanded state
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vector. Therefore, based on the cost function, a rolling optimization of the control signal is implemented by

minimizing the weighted sum of squared predicted errors and square future control values [242], [245]. The

expanded discrete-time state-space model formulations from the controller design are discussed in ref [26].
The detailed structure of the proposed control scheme (AMPC) for the LFC problem of a multi-area

interconnected power system with renewable energy sources is depicted in Figure 3-5 based on the above

analysis. Moreover, the flow chart of the proposed control scheme adopted in this study is shown in Figure

3-6.
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Figure 3-5: Block diagram of an AMPC scheme for the optimal LFC problem under study
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3.12 Chapter Summary

This chapter presented the mathematical modeling of the dynamic behavior of the various micro-grid
systems used in this thesis (grid-connected and stand-alone micro-grid). A detailed derivation of the
mathematical thermo-electrical model was described, considering the wavelength-specific effects to
enhance the predictions of temperature and module performance. More so, the system modeling of the
stand-alone micro-grid system that is used in the subsequent chapter have been discussed. The system
model is used to investigate the optimal control strategy to efficiently manage the stand-alone micro-grid
used in the next chapter. Furthermore, the research methodologies used to solve different control and energy
management issues in the micro-grid systems of the subsequent chapters have been discussed. This chapter
also discussed the formulations of the EMS-based AMPC optimization problem, cost functions, dynamic
system constraints, and the control-oriented linear model, which are to be solved by the proposed algorithm
(AMPC). More so, the fundamentals, ideas, and formulations of the AMPC control technique have been
discussed. The mathematical modeling and the research methodologies described in this chapter are used
in the subsequent chapters to investigate the various cases and to address issues related to the control and
energy management system in micro-grid operation. The simulation results obtained due to the
implementation of the methodologies discussed in this chapter are outlined and discussed in subsequent
chapters.
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CHAPTER FOUR
OPTIMAL CONTROL STRATEGY FOR ENERGY MANAGEMENT IN A
STAND-ALONE MICRO-GRID

4.1 Introduction

This chapter investigates an optimal control strategy that efficiently manages a stand-alone residential
micro-grid comprising of renewable and non-renewable energy sources. An adaptive model predictive
control (AMPC) algorithm is implemented for choosing an optimal mode and set of inputs for the system
to track both a constant and load-varying power demand profile. However, in order to implement MPC
based on adaptive mode, a traditional MPC controller is designed for the nominal operating conditions of
the control system, and then the plant models and nominal conditions used by the MPC controller are
updated at run time and then remain constant over the prediction horizon. This suggests there is a need to
self-learn the theory, design technique, and implementation of MPC in a simulation-oriented fashion. Most
of the challenges faced in the implementation of traditional MPC are the system identification of the plant,
design technique of MPC in MATLAB and Simulink, the tuning art of MPC as well as the simulating of
the MPC with non-linear plant in Simulink. Therefore, in the bid to fully understand how MPC is designed
and implemented in an electrical network, the MPC controller is used in a wavelength-based thermo-
electrical model of a photovoltaic (PV) module. The essence of this model is mainly to predict the impact
of each module wavelength on both the temperature and the output power of the PV module. More so, since
the output power is affected by the module temperature, it is expedient to design a controller that locates
the optimal cut-off spectral wavelength to lessen the module temperature, therefore, getting the most out of
the output power over a period of time. In this vein, a Model Predictive Controller whose objective is to
maximize the output power by simply controlling the input power through filtering the spectrum
wavelength is designed for a Photovoltaic (PV) system. The main objective of this case study is to improve
the PV module efficiency by using an optimal control scheme to design an active filtering process that
enhances the output power through controlling the input power. The detailed derivation of the mathematical
thermo-electrical model considering the wavelength-specific effects, which permits improving the
predictions of temperature and module performance, are discussed in the previous chapter. The design and
simulation of the plant model, as well as the MPC controller, are carried out on the MATLAB/Simulink
environment. Subsequent to the above investigation, the PV system is used as a renewable source in a
micro-grid that consists of a fossil fuel energy plant and grid-level energy storage. The residential customer
is modeled using an expected demand. The objective of the optimal control scheme is for the generation to

meet the demand, minimize the use of fossil fuels and ensure the energy storage is always maintained
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around a nominal point such that it is not over-depleted. Hence, the formulation of the cost function, system
constraints, system dynamics, and the control scheme are discussed in the previous chapter. This chapter
presents the results and analysis obtained in the two case studies conducted.

4.2 Description of the System Models

In this section, the MATLAB/Simulink environment is used to model the system dynamics of the two cases
investigated in this chapter. The first model is the wavelength-based thermo-electrical model of a PV
module. The purpose of the model is to accurately predict the impact of each module wavelength on both
the temperature and the output power of the PV module. The various thermal and thermo-electrical models
in literature [9], [207] that predict the PV module temperature, output power, and the interaction between
them have some shortcomings. Firstly, the estimated input power in these models depends on the
supposition that the generated current is proportional to the total power density of the incident solar
irradiance ignoring the wave-specific effects. Notably, the PV cell reacts to a specific wavelength range of
the sun-oriented irradiance to create power. This range relies upon the photovoltaic material. In this manner,
just this segment of the solar irradiance ought to be taken into account to compute the input power to the
PV material. Secondly, these models, therefore, utilized a constant absorption coefficient for all
wavelengths neglecting the various optical properties of the distinctive module layers and the internal light
reflections between these layers. This possibly influences the predictions of the model input and output
power. Moreover, the temperature of the PV module is a function of the thermal properties of the material
composing the module, the incident radiant power density, the heat transfer exchange with the surroundings
and the output electrical power [246], [247].

Figure 4-1: Heat transfer and exchange of energy in the PV module

Similarly, the PV system used previously is integrated into the stand-alone micro-grid system in case study
2. The MATLAB/Simulink environment is used to model the system dynamics of the renewable energy-
based micro-grid depicted in Figure 4-2. The micro-grid system consists of three energy sources, such as a

PV system, a storage system (SS), and a diesel generator (DG). The 50kW PV solar system is the
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representative of renewable energy sources used. The storage system has been approximated for a
maximum storage capacity of 800kWh using an energy/power flow model with self-discharge depicting
the losses incurred with the storage bank, which allows for bi-directional power flows to/from the micro-
grid. The DG considered is a commercially available 150kW diesel-powered generator whose usage is to

be maintained at a minimum.

PV Solar
system[50kW]

Residential Consumer
[180kW] Max Load

Power Transmission

Energy Storage
Bank[800kWh]

Diesel Generator
[150kW]

Figure 4-2: The model-based design description of the micro-grid under study
4.3 Simulation Results and Discussions

This section presents the results of the MATLAB/Simulink simulation of the two case studies. The first
case study is to locate the optimal output power of the PV module at each ambient temperature and also to
investigate the tracking response performance of the MPC controller between the module temperature and

the reference temperature of the PV module.

4.3.1 Scenario 1: Location of the Optimal Power at Each Ambient Temperature

In this section, a Simulink model was utilized for the Design of Experiment (DOE), so as to find the optimal
output power at each ambient temperature, T,,,,p- The DOE has two essential input factors, the ultraviolet
(UV) cut-off wavelength A, and ambient temperature T,,,,,. Thus, these input factors of DOE presume
that the UV cut-off wavelength range is 300 < Ay, < 430 divided into 14 levels, and the ambient
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temperature range is 280 < T, < 340 divided into 10 levels. Meanwhile, at each simulation, both the
PV output power and the temperature are measured and recorded. Notice that the duration of the simulation

must be based on the time constant of the system.

Ultra-violet -
Wavelength 4
et N PV
»
Temperature
Infrared N
Wavelength 4 .
PV Thermo-Electrical
Ambient o Model
Temperature 4
v | PV Output
Wind N 4 Power
Speed 4

Figure 4-3: System model for the design of experiment (DOE)

The heat capacity of the module is calculated using the parameters given in Table D-1. The inputs to this
model are ultraviolet wavelength A,y, the infrared wavelength A;; (it is constant and has a value of
11,100nm), the ambient temperature, Ty, and the wind speed, WS. Ty, and Wy, are the measured
inputs and Ay is the manipulated variable. The PV model computes the heat transfer and the input power
using Equations (3-10) and (3-21), respectively. The PV plant outputs are the module temperature and
output power, of which both are measurable quantities. Figure 4-4 depicts the plot of the representation of
the PV module output power against the ambient temperature and, likewise, the PV temperature against the
ambient temperature. Hence, it can be seen that the relationship between the PV output power and ambient
temperature is inversely proportional, as said earlier, the higher the ambient temperature, the lesser the
output power of the PV module. The PV temperature has an increasing relationship with ambient
temperature. Moreover, at each ambient temperature, the maximum output power is selected. Therefore, a
linear fit expression is generated for the ambient and PV module temperature that maximizes the PV module
output power. The expression for the linear fit between the PV temperature and the ambient temperature is

given as:
T = 0.916T,p, + 79.79 (4-1)

More so, the reference PV module temperature for MPC is generated by using Equation (4-1), and then, the
controller will attempt to maintain this reference temperature by manipulating the cut-off wavelength 4y,

so that at any given ambient temperature, the maximum output power can be generated.
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Figure 4-4: The output power and temperature of a PV module against the ambient temperature
4.3.2 Scenario 2: Generation of data required for system linearization from the PV module

The generation of an approximate linearized plant model is essential for designing an MPC controller. In
this section, the input-output data that is required for the system identification are extracted. As earlier said,
the thermo-electrical model given in Equation (3-1) is used as the plant that data are derived from it.
Therefore, in order to generate the necessary data for linearization, two-step changes in Ay is connected
with the plant model. The ultraviolent wavelength, A, has a value that changes from minimum (300 nm)
to maximum (430 nm) and thenceforth back to the minimum (300 nm). Figure 4-5 depicts the System model
utilized to generate the data required for the system linearization from the PV module. From Figure 4-5, it
is seen that the wind speed and the ambient temperature are provided as a lookup table as these inputs
change dynamically with time. The manipulated input A, is maintained at a value of 1100 nm. The module
temperature and output power would dynamically be affected due to the reduction in the module input
power when the value of 4, is changed to a value higher than 300 nm. Therefore, stepping the value of

Ayy from 430 to 300 nm increases the input power, which, therefore, increases the module temperature.

Figure 4-5 is used to extract the matrix components A, B, C, and D that are augmented state-space models
used in predictive control design. These components are extracted from the system model and are

represented in a state-space format. The results of the system linearization are as follows:
System identification of the PV_Linear_Model

Stp_size = 10 (4-2)
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System = Discrete-time identified state-space model:
x(t+T,) = Ax(t) + Bu(t) + Ke(t)

y(t) = Cx(t) + Du(t) + e(t)

0 1 0 —0.0007632 0
A= 0 0 1 , B =1-0.0007444(, C=[1 0 0],K= (0|, D=10]
09681 -—-2.936 2.9677 —0.0007262 0
Sample time: 10 seconds, Discrete-time state-state model.
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Figure 4-5: System linearization from the PV module
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Figure 4-6: System identification of the input and output parameters of the PV module
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Figure 4-6 shows the system identification of the input (ultraviolet wavelength A,) and output (PV module
temperature T, 0quie @nd output power P, .) parameters of the PV module. It is evident in Figure 4-6 that
at a wavelength of 300 nm, there is a reduction in the temperature of the PV module. Whereas the PV output
power increases at that value of the ultraviolet wavelength, and this takes place for 2520 seconds. At 2520
seconds, the value of the ultraviolet wavelength increased to 430 nm. It maintained the value until 6120
seconds; during this period, the PV module temperature decreases drastically, which consequently increases
the output power of the PV module. Subsequently, the value A, further reduced to 300 nm, which at the
same time affects both the PV module temperature and output power, as shown in Figure 4-6. Subsequent
to the system linearization of the PV module, it is essential to determine the accuracy of the data generated
from the linearized model by comparing it with the actual data before linearization. Figure 4-7 depicts the
response of actual and linearized data for step changes. A function called compare was used to generate a
comparison plot between the linearized model and the actual data of the PV module under study. The match
percentage, as seen in Figure 4-7 is 92.36%, which signifies a good match between the linearized model

and the actual plant.

0.5 T T T T T

Actual Plant data (y1)
Linearized Model Data: 92.36% | |

Amplitude
y1

1000 2000 3000 4000 5000 6000 7000 8000
Time (seconds)

Figure 4-7: Simulated response comparison of the linearized and actual plant model data
4.3.3 MPC Controller Tracking Performance of the PV Module Temperature

MPC control is a robust control scheme used in the industries to control sophisticated appliances that have
to do with the prediction of their future output. Therefore, providing MPC with the constraints for the
actuators, their rates, together with the range for the outputs, permits the MPC quadratic solver to select
physically obtainable values, also lessening the tuning time. The range of A, is [300, 430] nm. The range

for T, is not completely known as it relies on the solar irradiance conditions, wind speed and ambient
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temperature in addition to A,y. A broad range value of [62, 482] F was selected to investigate the impact
of temperature on PV power efficiency. Meanwhile, the MPC controller is designed to provide a change in
frequency AAyy rather than an absolute value of A;,. This practice in control design is prevalent. More so,
the range of Adyy is [0, 130] nm whereas the nominal value for Ay, is 300 nm. Similarly, the range of AT,
is [-100, 100] F while the nominal value for T, is 372 °F. The system identification process obtained from
Figure 4-5 was used to generate the nominal values of T,,, and A;,. To design the MPC controller, the linear
model obtained in Figure 4-5 was loaded and simulated on MATLAB/Simulink, and then the MPC
Designer App GUI was opened to starting the MPC controller design process. The controller was
configured using the MPC structure button. The plant model (Linearized) was imported to generate an MPC
controller for the plant model. The MPC Designer APP requires that the inputs and outputs be scaled.
Subsequent to the scaling, the controller is then tuned, then the prediction and control horizon for MPC
were selected. Therefore, in order to select the control and prediction horizon, it is imperative to know the
time constant as well as the sampling frequency of the sensors. The control and prediction horizons were

set to 2 and 10 respectively for better performance of the controller.

Nominal PV
Temperature

Y
3
o

MPC Nominal UV
mv —»| Wavelength
Controller (300nm)

PV Temperature )

Reference Eel

Figure 4-8: The simulation of the MPC controller

PV Temp. N
Reference 4 e Ult et
ra-viole
Controller > Wavelength —>
PV Temp. N
Actual d
N PV
>
Infrared . Temperature
Wavelength > PV Thermo-Electrical
Model
Ambient N
Temperature 4
+ | PV Output
Wind N > Power
Speed 4

Figure 4-9: Overall simulation of MPC controller with the PV model
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Furthermore, the constraints tab was used to define the range of the actuators, their rates, and the output. It
is worth mentioning that the linear PV model, combined with the MPC controller, was utilized to simulate
the design under study. The simulation of the MPC controller is depicted in Figure 4-8, which shows the
block assembly of the components. Figure 4-9 shows the overall simulation of the MPC controller with the
PV model. More so, it shows the integration of the designed MPC into the Simulink environment for
evaluating the designed controller.
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Figure 4-10: MPC controller performance for the first 2160 seconds of the simulation
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Figure 4-11: MPC controller performance for the first 1:40 hours of the simulation
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Figure 4-12: MPC controller performance for 3 hours of the simulation
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Figure 4-13: MPC controller performance for 9 hours of the simulation
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Figure 4-14: MPC controller performance for 12 hours of the simulation
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Figure 4-15: MPC controller performance for 14 hours of the simulation
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Figure 4-16: MPC controller performance for 18 hours of the simulation
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Figure 4-17: MPC controller performance for 24 hours of the simulation
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Figures 4-10 to 4-17 show the study of MPC controller performance in terms of good tracking response at
different hours of the simulation. The simulation was run for 24 hours, and the tracking performances of
the MPC were investigated at various hours of the simulation. The tracking response of Figures 4-10 to 4-
14 is fairly good, as it is evident, that the module temperature is lower than the reference temperature.
Moreover, the MPC commands the lowest A,y value, which is 300 nm. This results in filtering, which in
turn will generate the highest PV module temperature obtainable at the given ambient conditions. Figures
4-15 to 4-17 depict good tracking response of the MPC controller, as it is evident in these figures, the
module and reference temperature are precisely on each other, which therefore shows excellent tracking
performance. Hence, it is noticed from Figure 4-14 to 4-17 that, at about 2 hours, power is at the maximum
value of this portion of the simulation.

Similarly, this section further presents the results of the MATLAB/Simulink simulation of Figure 4-2. The
problem to be solved by the AMPC control algorithm is to perform an optimal power reference tracking
problem, where the consumption of energy from the diesel generator is minimized while maximizing the
efficiency of the storage bank. The AMPC control technique is implemented for choosing an optimal mode
of inputs for the system for tracking both a constant and load-varying power demand profile. Therefore, the

main goal is to maximize the use of renewable sources and minimizing the use of traditional sources.

4.3.4 Reference Power Profile

The load reference profile obtained from [215] for a 24hrs time horizon and is shown in Fig. 4-18. This
power demand profile reflects real-world characteristics and has a peak power demand of 180kW. In this
context, the reference to be tracked is modeled as in Equation 4-6, where the power from the solar plant is
subtracted from the consumer load to provide the full reference power that the micro-grid needs to deliver.
Therefore, other renewable energy sources can, at this point, be used further to reduce the power levels of

the demand profile.

Pref = Pioad = Psotar(t) (4-6)
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Figure 4-18: Consumer load power
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Figure 4-18 is the reference power demand curve that would need to be met by the energy management
unit. The power demand profile is known 24hrs in advance. Having a reference power profile to meet 24hrs
in advance is a standard model that is currently in use by energy exchanges where 15min intervals that are
bid reserved and sold 24hrs in advance. While this allows for an efficient overall strategy, near term load
demands are mostly met by the surplus that is passed to the micro-grid as a factor of safety. The proposed
model can efficiently manage power demands that are made known a few minutes to hours in advance.
Meeting such immediate demands is limited to the response rate of the fastest energy producer, which in

this case, is the energy storage.
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Figure 4-19: Optimal control inputs for tracking a 50-kW constant load
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Figure 4-20: Trajectory followed by the state variables with a 50-kW constant load
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Figure 4-22: Optimal control inputs for tracking a 50-kW constant load
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Figure 4-23: Trajectory followed by the state variables with a 50-kW constant load
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Figure 4-24: The load power and cost value with a 50-kW constant load

Figures 4-19 to 4-21 depict the three sets of control inputs commands, the trajectory followed by the state
variables, the remaining load power (Generations-Consumptions), and the corresponding iteration cost
obtained from tracking a 50-kW power reference load (constant). Notice that all simulations are run using
the set of initial conditions. The reference to be tracked is modeled as Equation (4-6), where the power from
the solar system is subtracted from the consumer load to provide the full reference power that the energy
sources will need to deliver. This means that the solar system is the primary source of the small-scale micro-
grid; the diesel plant only supplies the remaining load demand reference that the solar system could not
meet. The objective is to use the AMPC control algorithm to optimally track this power reference, such that
the consumption of energy from the diesel generator is minimized while maximizing the efficiency of the
storage bank. Hence, the simulation here was performed in hours for a total of 24 hours spanned. It is
evident from Figures 4-19 to 4-21 that the power produced by the diesel generator does oscillate about a
constant value of 50-kW, as it is trying to follow the reference. Furthermore, it is seen that as the diesel
generator tries to stabilize, the hybrid state continues to switch from one mode to another, as it is expected
since the system is trying to find the correct balance between the two sources (diesel generation and storage
system). Thus, it is clear that as the diesel generator is delivering the required power, the power produced
by the energy storage system drops. The simulation was further run for 60 hours to investigate the tracking
performance of the proposed algorithm with regards to the supply and the constant load demand reference.
Figures 4-22 to 4-24 show the outcome of the simulation. It is evident from the result that, when the diesel
plant reaches its generation limit, the battery starts supplying the load demand until its SOC value gets to

its limit.
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Figure 4-25: Optimal control inputs for tracking a load-varying profile reference (W,[2,5,10])
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Figure 4-26: Trajectory followed by the state variables with a load-varying profile reference (W,[2,5,10])

90



Pload

150

[m] 1emogd peon

=100

25

20

15

10

Time [hour]

Iteration Cost ||

= e e e

anjep 3s09

25 30 35 40 45 50
No of Iterations

20

10

load power and cost value with a load-varying profile reference (W,[2,5,10])

-27: The

Figure 4

wn

T m o T T T
I I , I I
I I I I
A I I I
= | | I
5| | I I I
al | I I I
2 I I I
3 I I I
> I I I
I I I I

[ l—v““x—v m T

I I | I

I I | I

I I | I

I I | I

I I | I

I I |

I I |
I I I I
I I I I
I I I I
e T e T
I I I I
I I I I
I I I I
I I I I
I I I I
I I I I
I I I I
I I I I
I I I I
I I I I
HEe H-———4————H
I I I
I I I
[ I I I I
| | I I I
| I I I I
| I I I I
| | | | |
| I I I I
| I I I I
| I I I I
- [ Jw H 0
| I I I I
| I I I I
| I I I I
| I | I I
| I I I I
| I | I I
| I I I

| I I

| | [ | |
| I i | I _
1 | | =] 1 | |
< § 88 8 8 - &8 °

[ampi] puewwod [Am] puewwon 9pPoIN
lamod S8 lamod q

25

20

15

Time [hour]

Figure 4-28: Optimal control inputs for tracking a load-varying profile reference (W,[5,2,20])
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In a similar vein, to further assess the robustness of the proposed controller, a load-varying reference profile
is used instead of the 50-kW constant load. Figures 4-25 to 4-33 show the performance of the system when
subjected to these control inputs. Similar to the previous cases, the power required to deliver such a
reference profile is a combination of both the diesel generator and the storage bank. The simulations were
run at several tracking weights to investigate how the proposed algorithm is used to fine-tune the weights
of different targets spontaneously, as per the states of the system. It is also evident from the results that the
diesel generator provides most of the power after the solar generation has depleted its energy on the varying-
load demand. The diesel generator reaches its maximum capacity after about 20 hours, the time at which a
mode switch is required. Consequently, the rest of the power needs to be provided by the battery. However,
the battery capacity is not enough to provide the 30kW left to deliver the required power load. This is one
of the cases where the reference profile load is being well tracked, but due to the limitations on maximum

power delivered by the energy sources, the full power demanded by the load cannot be met.

4.4 Chapter Summary

This chapter investigated an optimal control strategy that efficiently manages a stand-alone residential
micro-grid comprising of renewable and non-renewable energy sources. An adaptive model predictive
control algorithm is implemented for choosing an optimal mode and set of inputs for the system to track
both a constant and load-varying power demand profile. Therefore, to understand how MPC is designed

and implemented in an electrical network, the MPC controller is used in a wavelength-based thermo-
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electrical model of a photovoltaic (PV) module. The MPC is used to predict the impact of each module
wavelength on both the output power and the temperature of the PV module based on the individual energy
contribution of wavelength. This designed model has been able to show its prediction accuracy of the
interaction between the module output power and its temperature. A predictive model controller was
designed to maximize the PV output power by controlling the input power by filtering the spectrum
wavelength for a PV system. From the results, the MPC controller shows an excellent tracking response
performance between the module temperature and the reference temperature of the PV module.
Consequently, the PV system used in the previous case was used as the renewable source in a residential
micro-grid. The AMPC algorithm was implemented to track the power transmitted to residential micro-
grid. Hence, it follows a pre-specified reference power profile that is assumed to capture all variations seen
in the real-world due to solar geometry and weather, among other factors. The main objective of delivering
power to a consumer load from two different sources of energy was accomplished by a hybrid switching
between charging and discharging modes of the storage system, as well as a convex logic implemented on
the control inputs, that maximized the efficiency of the storage bank and minimized the consumption of
energy from the diesel generator. Therefore, excellent results were obtained for tracking both a constant
and a time-varying load reference power profile. The cost function was minimized, which guaranteed
minimum usage of non-renewable energy sources as it maximizes the consumption of power delivered by
a renewable energy source. The model used in this chapter is a small-scale residential micro-grid with few
energy sources. The reference power profile was not completely met due to the limitations on the maximum
power that can be delivered by the energy sources, as well as the restrictions on the storage capacity of the
battery. More so, the only renewable source in the model is the solar system, which is unusual in a practical
grid network. Hence, it is expedient to expand the micro-grid model to include the behavioral models of
multiple energy producers and storage types. The next chapter presents the optimal management of grid-
connected micro-grids with diverse renewable energy sources and various energy storage systems. It further
demonstrates how the use of an AMPC-based EMS can enhance micro-grid operation, provided there is

effective forecasting.
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CHAPTER FIVE
ENERGY MANAGEMENT SYSTEMS IN A RENEWABLE ENERGY -
BASED MICRO-GRID

5.1 Introduction

The previous chapter investigated an optimal control strategy that efficiently managed a stand-alone
residential micro-grid comprising of renewable and non-renewable energy sources. An adaptive model
predictive control (AMPC) algorithm was implemented for choosing an optimal mode and set of inputs for
the system to track both a constant and load-varying power demand profile. Therefore, to understand how
MPC is designed and implemented in an electrical network, the MPC controller was used in a wavelength-
based thermo-electrical model of a photovoltaic (PV) module. The MPC was used to predict the impact of
each module wavelength on both the output power and the temperature of the PV module based on the
individual energy contribution of wavelength. The model used in the previous chapter is a small-scale
residential micro-grid with fewer energy sources. The reference power profile was not completely met due
to the limitations on the maximum power that can be delivered by the energy sources, as well as the
restrictions on the storage capacity of the battery. Therefore, to solve this problem, the micro-grid model of
the previous chapter is expanded to include the behavioral models of multiple energy producers and storage
types. More so, in the quest to addressing the issues related to the energy management system (EMS) in
micro-grid operations, this chapter adopts the adaptive model-based horizon control technique to solve the
EMS-based optimization problem. Furthermore, the impact of integrating the disturbance prediction on
the performance of the energy management system based on the adaptive model predictive control
algorithm to improve the operating costs of the micro-grid with hybrid-energy storage systems was
investigated. The AMPC solves the energy optimization problem in a renewable energy-based micro-grid
with various types of energy storage systems that exchange energy with the host grid. More so, this
optimization problem is resolved at each sampling period to determine the minimum running costs while
satisfying demand and taking into account technical and physical constraints. The state-space model is,
therefore, used to evaluate the impact of the introduction of disturbance predictions on the performance of
the EMS-based micro-grid with hybrid energy storage systems. Additionally, this chapter studied the
behavior of the proposed controller under various external conditions, such as weather and demand changes.
The general methods which are to be adopted in this chapter to control the EMS-based micro-grid
effectively and also to guarantee steady electrical power supply to the local load consumers have been
discussed in chapter 3. The formulations of the cost function and the system constraints, which are to be

solved (minimized) by the proposed algorithm (AMPC), have been presented in chapter 3. More so, the
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dynamical mathematical modeling of the micro-grid components is also discussed in chapter 3 to
understand how they are controlled and operated. Subsequently, two distinct kinds of renewable energy
sources (RESS) are considered and studied independently (Photovoltaic and wind turbine generations). The
MATLAB simulation results show how the AMPC can adapt to various generation scenarios, providing an
optimal solution to power-sharing among the distributed energy resources (DERs) and taking into
consideration both the physical and operational constraints and, similarly, the optimization of the imposed

operational criteria.

5.2 Description of the System Model under Study

In this section, the MATLAB/Simulink environment was used to model the system dynamics of a renewable
energy-based micro-grid network consisting of RESs (Photovoltaic, PV, Wind Turbine, WT) and Battery
Storage system [237]. This micro-grid network was used to examine the impacts of integrating disturbance
predictions on energy management system performance based on the proposed control technique used. We
investigated two cases in this chapter; case 1 considers the micro-grid operation using the sustainable
generation sources (PV and Wind sources), the fuel cell, the lead-acid battery, and the external grid. Hence,
in order to compensate for the shortcomings in Lead-Acid battery as highlighted in Table D-7, a hybrid
storage configuration with a lithium-ion battery was added in case 2. It is necessary to note that, during the
micro-grid's normal operation, the energy generated does typically not meet demand. The battery bank is
mainly utilized to store excess energy from renewable sources, but can also be used by the electrolysis

process to produce hydrogen.

Moreover, when power from renewable sources is not accessible, the generation deficits can be
compensated by a fuel cell using hydrogen. The hydrogen storage network consists of a proton exchange
membrane (PEM) electrolyser for hydrogen production and a metal hydride tank for hydrogen storage. In
addition, power electronics are used to connect the components to the current DC bus. More so, both the
fuel cell and the PEM electrolyser units have their own local controllers, which execute the commands for
power conversion. Moreover, two DC-DC converters associated with fuel cell and electrolyser enable the

DC bus to transmit power.

Conversely, the lead-acid battery bank is directly plugged into the DC bus. Thus, the battery bank maintains
the bus voltage, thereby simplifying the configuration. The DC micro-grid should, therefore, adopt this
configuration option to minimize costs and improve reliability, as the batteries absorb any unbalance in the
network [220]. Figures 5-1 and 5-2 demonstrate the design overview of the proposed micro-grid electric
and control signal system for cases 1 and 2. Case 1 solved the EMS-based energy optimization problem
using an AMPC algorithm in a renewable energy micro-grid consisting of generation sources (PV and Wind

sources), lead-acid battery, fuel cell, and external grid with the inclusion of the three scenarios considered
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in this chapter. Similarly, a renewable energy-based micro-grid, composed of the generation sources (PV
and Wind sources), fuel cell, hybrid storage systems (lead-acid and lithium-ion battery), and the external
grid is used to solve the EMS-based energy optimization problem with the inclusion of the three scenarios
considered in this chapter in case 2. Therefore, a proper model of the dynamics relating to the uncertainty
dimension of the micro-grid components should be considered in this design in order to design the micro-

grid network in an optimal way.
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5.3 Simulation Results and Discussions

This section presents the MATLAB/Simulink simulation of a renewable energy-based micro-grid network
composed of RESs (Photovoltaic, PV, Wind turbine, WT) and battery energy system. This micro-grid
network was utilized to test the control technique applied to energy management to show the impact of
integrating disturbance predictions on its performance. Therefore, two cases of separate generation
scenarios were investigated in order to show the effectiveness of the proposed AMPC scheme. Case 1,
therefore, considered micro-grid operation using generation sources (Photovoltaic, PV or Wind Turbine,
WT), lead-acid battery, fuel cell, and external grid. In order to have a hybrid storage configuration, a

lithium-ion battery was added in case 2.

The proposed micro-grid system shown in Figures 5-1 and 5-2 were simulated on the MATLAB/Simulink
environment. The EMS-based energy optimization problem in a renewable energy micro-grid with different
types of energy storage systems was solved using an AMPC control algorithm with or without the inclusion
of disturbance predictions, which exchanges energy with the host grid. The problem of optimization is
solved at each sampling time to determine minimum running costs when satisfying the demand and
respecting the technical and physical constraints. The behavior of the proposed controller was studied under
various external conditions such as weather and demand changes. Subsequently, we considered two distinct
kinds of renewable energy sources (RESs), which were studied independently (Photovoltaic and wind
turbine generations). The results of the MATLAB simulation demonstrate how the AMPC can adapt to
different generation scenarios, providing an optimized solution for power-sharing among distributed energy
resources (DERs) and considering both the physical and operational constraints, as well as optimizing the

imposed operating criteria.

Furthermore, three scenarios were investigated as regards the incorporation of disturbance predictions in
the proposed control algorithm of EMS to examine the impacts of the level of disturbance predictions on
its performance and to show the effectiveness of the control algorithm on the cost function minimization.
More so, these three scenarios were simulated on the MATLAB/Simulink environment to compare these
conditions with similar inputs. The performance criteria utilized to show the degree of effectiveness is the
cost functions, J, defined in Equations (3-87a) and (3-87b).

5.3.1 Micro-Grid Operation with Generation Sources and the Lead-Acid Battery Storage

This section utilized Figure 5-1 to analyze the three scenarios, which are discussed in the following
subsections. The first scenario is when the model used by the AMPC algorithm does not include any
disturbance prediction. The second scenario is when disturbance prediction is incorporated into the model,

but the controller does not have any information on the future evolution of disturbances (constant
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disturbance prediction). Lastly, when the disturbance prediction is perfect (this is an optimal case that offers
the best results that can be compared).

5.3.1.1 Scenario 1: The AMPC formulation without integrating disturbances prediction

In this section, the EMS-based energy optimization problem was solved in a renewable energy micro-grid,
which comprises of generation sources (Photovoltaic, PV, Wind turbine, WT), lead-acid battery, fuel cell,
PEM electrolyser and external grid using AMPC control algorithm. Simulations were conducted to study
the controller behavior under various external conditions (changes in weather and demand) to illustrate the
theoretical context. Two renewable sources (Photovoltaic, PV, Wind turbine, WT) were, therefore,
considered and examined separately. Hence, in order to evaluate the performance of the control system
under consideration of the proposed micro-grid of Figure 5-1, three distinct generation scenarios (Sunny,

windy, and cloudy) were implemented over 24 hours simulation period without including disturbances.

The first case is based on a sunny day, which has high solar radiation values and sunshine period. The
power that the photovoltaic array generates is mainly concentrated during mid-day. This generation profile
corresponds to a sunny day, with high irradiance during the central hours of the day, getting surplus energy
and deficit at night. The EMS controls all of the storage units (batteries and hydrogen) to meet demand.
Thus, the battery is used during the night to meet the demand until electricity is abundant. The battery then
begins charging, and since there is still a surplus of energy, it is stored using the electrolyser in the form of
hydrogen and then sells electricity to the grid. If PV generation is unable to satisfy the demand, the battery
will be used again until depleted, and then the fuel cell will continue to produce electricity with a small
contribution to the grid. Note that within their operating limits, SOC and LOH evolve almost freely, since
the weights utilized in the cost function for the reference tracking are small. A state-space AMPC is
obtained using the model from Equations (3-119) and (3-120) without the consideration of the disturbance
term. Figure 5-3 depicts the MATLAB/Simulink representation of the micro-grid model without

disturbance prediction.
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Figure 5-3: MATLAB/Simulink representation of scenario 1 without disturbance prediction (Sunny,
windy, and cloudy).
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Figure 5-5: The level of storage during the sunny day (scenario 1) without disturbances

During the first hour of the day, as shown in Figures 5-4 and 5-5, there is a power deficit requiring the
battery to compensate for the deficit in the micro-grid system. Hence, the control system realizes the
impossibility of meeting the demand entirely only with the battery, at about 7:30, the generation exceeds
the load, and then continue to supply the load. Meanwhile, the battery continues to charge until its SOC
reached its upper limit (75%), at that point, the electrolyser was switched ON to control the SOC level due
to excess energy because the irradiance was very high. Hence, the energy surplus had to be stored in the
form of hydrogen. The electrolyser's power consumption grew gradually, as illustrated in Figure 5-4. Note
that, during the first operation of the electrolyser, the controller simultaneously exports surplus energy to
the grid to prevent intensive use of the electrolyser and slowly decreases as the electrolyser uses more

electricity. Therefore, the battery begins discharging at 10:00 until the SOC value is close to the lower
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threshold (40%). Then the controller decides to switch ON the fuel cell while simultaneously taking power
from the grid to reach the reference point. The grid and fuel cell shared the demand for cost function based
on their weights at the end of the day. The weights utilized in the Cost function are determined by power-
sharing among battery, electrolyser, fuel cell, and external grid. In the middle of the day, a significant excess
of power is generated. Once the batteries are fully charged, and the maximum electrolyser capacity is
achieved, a small amount of surplus energy is sold to the host grid. Despite the extensive use of the
electrolyser, as the batteries are used during the evening to cover the energy deficit, the final amount of

hydrogen does not really meet its initial value [248].
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Figure 5-6: The power flow profile during the cloudy day (scenario 1) without disturbances
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Figure 5-7: The level of storage during the cloudy day (scenario 1) without disturbances

In this scenario, due to the cloudy weather resulting in minimal or no availability of sunlight, the PV
generation is unable to meet the demand for most of the day (most often, the net power is below zero).
Figures 5-6 and 5-7 depict the power flow profile during periods of surplus or deficit energy and the storage

level during cloudy days, respectively. The available resources such as the battery, fuel cell, and grid must,
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therefore, supply any energy deficit within the micro-grid network. Hence, the EMS decides to utilize the
battery to meet the load demand. Subsequently, the controller decides to switch ON the fuel cell even though
the SOC is far from its minimum value (around t = 12 hour in a smooth way), which is also supported by
the grid. It is worth mentioning that the controller does not activate the electrolyser, as there is no extra
energy in the form of hydrogen to store. Meanwhile, during the second half of the day, when the battery's
minimum SOC has been reached, the fuel cell and the external grid feed the load. The fuel cell satisfies the
load request for nearly 12 hours, and the batteries are only utilized to balance the power within the micro-
grid. Following that, the batteries commit to supplying the power deficit. The batteries, however, reach their
minimum SOC after 12.5 hours and again use the fuel cell. Therefore, the fuel cell is unable to satisfy the
load demand on its own because of the thresholds in the power rate and the voltage limits, and it is required

to purchase electricity from the grid.
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Figure 5-8: The power flow profile during the windy day (scenario 1) without disturbances
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Figure 5-9: The level of storage during the windy day (case 1) without disturbances
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In this scenario, a wind turbine is considered as a renewable energy source, which generates excess power
in the micro-grid. As can be seen in Figures 5-8 and 5-9, the wind turbine produced a significant fluctuation
in electricity. A predominantly stored energy, therefore, enabled the electrolyser to operate for most of the
day, and some surplus energy is sold to the grid. It should be noted that the power rate constraints integrated
into the controller design, irrespective of the high fluctuation in power produced by the wind turbine,
instigated a smooth operation of the electrolyser, the behavior of which was thus quite satisfactory. Thus,
the battery still stores energy, but it gets filled up early (from t= 2 hours to 16 hours), only injecting power
into the bus several times during that period. As there is an energy surplus for most of the day, there is no
need to switch ON the fuel cell. This is also not subject to substantial consumption, which would drastically
shorten its lifespan. The AMPC controller has adjusted the set points slowly according to the optimum
estimated cost function. Moreover, by evaluating the cost function of the case of no disturbance prediction,
we can, therefore, observe the impact on the micro-grid performance. The cost function, / = 18.685, for

the case of no disturbance prediction.

5.3.1.2 Scenario 2: The AMPC formulation with the integration of both constant and perfect

disturbances predictions

Similarly, in this section, the EMS-based energy optimization problem was solved in a renewable energy
micro-grid, which comprises of generation sources (Photovoltaic, PV, Wind turbine, WT), lead-acid
battery, fuel cell, PEM electrolyser, and an external grid using the AMPC control algorithm. Simulations
were conducted to study the controller behavior under various external conditions (changes in weather and
demand) to illustrate the theoretical context. Two renewable sources (Photovoltaic, PV, Wind turbine, WT)
were, therefore, considered and examined altogether. More so, in order to evaluate the performance of the
control system under consideration on the proposed micro-grid of Figure 5-1, three distinct generation
scenarios (Sunny, windy, and cloudy) were implemented over 24 hours simulation period with the
integration of both constant and perfect disturbances predictions. More so, we investigated the situation
when the disturbances are incorporated into the model. Still, the controller does not have any information
about the future evolution of disturbances (constant disturbance prediction). This approach is often utilized
in AMPC control scheme, since there is no future information about the disturbance’s prediction, the most
appropriate assumption is that the disturbance will be the same across the horizon as in scenario 1. However,
if the information of future disturbance evolution is available, it can be incorporated into the AMPC
formulation, then, the disturbances prediction is perfect (this is an optimal case that offers the best results
that can be compared). In this case study, the disturbance is given by the net power, i.e., the difference

between generation and demand, d(t) = Pgen(t) — Pdem(t), which can be estimated at the current
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instant time, t. Evaluating the Matrix expression of Appendix A, for the case of the integration of
disturbance prediction in the AMPC algorithm, it results in the matrix form in Appendix A.

Therefore, the effects of these disturbance predictions on the micro-grid performance are also investigated.
Therefore, in order to compare both predictive disturbance situations, we performed some simulation with
a constant disturbance based on the parameters given in Table D-3, with a shift in time horizon (N,, = 50)
and control horizon (N, = 2), note that these horizons are long enough to realize the impact of predictive
disturbances. Figure 5-10 depicts the MATLAB/Simulink representation of the micro-grid model with
constant and perfect disturbance predictions. Consequently, the results obtained utilizing constant
disturbance predictions along the horizon are shown in Figures 5-11 and 5-12. Thus, the disturbance is

estimated in the current instant during the minimization process and is kept constant.
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Figure 5-10: MATLAB/Simulink representation of scenario 2 with constant and perfect disturbance
predictions
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Figure 5-11: The power flow profile (scenario 2) for constant disturbances prediction
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Figures 5-11 and 5-12 show the results of the power flows and storage level when the controller does not
have enough information about the future evolution of disturbances (constant disturbance prediction). It is
evident in the simulation results, most especially the power flows, which show more variations in the
generation sources, which can result in the ill-performance of the micro-grid. The constant disturbance
prediction is seldomly used in the control techniques. However, its incorporation does not effectively
improve the performance of the micro-grid compared to the perfect disturbance predictions. Similarly, the
power flows when future disturbances are identified and included in the free-response estimation, which is
depicted in Figures 5-13 and 5-14. Since the micro-grid operation anticipates the progression of the
disturbance, the power flows are steadier compared to when the disturbance is not predicted perfectively,
which affects the micro-grid performance. Perfect disturbance prediction is useful when incorporated into
the AMPC formulation, to prevent degradation and prolong micro-grid components’ lifetime. Moreover,
by evaluating the cost function of both disturbance prediction cases, therefore, it is evident that there is an
improvement in the micro-grid performance. The cost function, /] = 14.968, for the case of constant
disturbance prediction and J = 10.524 for perfect knowledge of disturbance prediction of the AMPC
controller, which signifies a 29.7% improvement. Therefore, with the following illustration, it is shown
that the micro-grid operation can be improved by the AMPC prediction capabilities, provided there is a

good forecast.

5.3.2 Micro-Grid Operation with Generation Sources and Hybrid Storage Systems (Lead Acid and

Lithium-ion Batteries)

A new lithium-ion battery bank is added in this case to the micro-grid system of case 1. For this
configuration, a new AMPC algorithm must be formulated. The fuel cell is used as a DG, with a cost
associated with hydrogen usage (which is not generated in the micro-grid) to demonstrate an example of
the generators capable of dispatching. The micro-grid is composed of a PV plant, two different types of
batteries, and a fuel cell, as illustrated in Figure 5-2. The power exchanged with the DC bus can be balanced
using this Li-ion battery using its DC/DC converter; so that a new manipulated, P,,;,, Vvariable will appear
[5]. The Lithium-ion battery absorbs any unbalance in the network, thus minimizing the costs and improves
reliability. The reason for choosing lithium-ion batteries as the primary storage device is that lithium-ion
batteries have some fantastic advantages such as (1) High energy efficiency (2) Longer cycle life (3)

Relatively high energy density, and (4) Improved resiliency.

5.3.2.1 Scenario 1: The AMPC formulation without including disturbances prediction

The cost function has the form given by Equation (5-2). The value of a, has been chosen to be large, as

shown in Table D-5, in order to impose that, the lead-acid battery is primarily utilized to sustain the DC but
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at its operating voltage and does not contribute to the demand. The increments in power are weighted by

the p values given in Table D-5. The chosen horizons are the time horizon (N,, = 50) and control horizon

(N, = 2). The results shown in Figures 5-16 and 5-17 indicate that the DERs operate in a coordinated

manner during the day to meet demand. As the fuel cell consumes hydrogen, it is switched off for most of

the day and only operates at midday (t > 12 hours) when the energy stored in the Li-ion batteries is not

sufficient to fulfill the load (note that it reaches its 30% lower limit). Note that the lead-acid battery was

not utilized for a few durations during the simulation. Meanwhile, this could easily be modified by changing

the cost function weights a and B [1, 5]. Figure 5-15 depicts the MATLAB/Simulink representation of

scenario 1 without disturbances prediction. The cost function was similarly evaluated for the case without

any disturbance’s prediction and J = 15.625. Consequently, it is evident in the cost evaluation, a reduction

in the cost to 57.4% of the baseline value, taking into account the disturbances in the prediction model.
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Figure 5-17: The level of storage with hybrid storage system (scenario 1) without disturbances

5.3.2.2 Scenario 2: The AMPC formulation with the integration of both constant and perfect

disturbances predictions

Similarly, the AMPC formulation also integrates the disturbance predictions similar to case 1. The power
flows and the storage level of both the batteries are more steady, which affects the performance of the
micro-grid. As is evident in Figures 5-19 and 5-20, the micro-grid operation is improved due to the perfect
disturbance prediction by the AMPC algorithm. The lead-acid battery was used for the first 4hrs to satisfy
demand, and then the source of generation took over from 4hrs until 12 hrs of the simulation. The li-on
battery maintained its State of Charge (SOC) of 50% until the 16 hours when the demand is quite high for
only the lead battery to satisfy the demand. At this point, the li-ion battery continues to supply the demand
until its SOC starts diminishing. Meanwhile, the grid tends to be ignored in meeting the available demand.
Therefore, as the lead-acid battery charges up to SOC of 75%, it begins to meet the load demand. Hence,
the li-ion battery starts to operate at 16hr until the SOC reaches its minimum limit of 40%. Figure 5-18
depicts the MATLAB/Simulink representation of the effects of perfect disturbance prediction on the micro-
grid performance with hybrid storage systems. Moreover, by evaluating the cost function of both
disturbance prediction cases, we can, therefore, quantify the improvement in the micro-grid performance.
The cost function, /] = 9.426, for the case of constant disturbance prediction and | = 6.654 for perfect

knowledge of disturbance prediction of the AMPC controller, which signifies a 29.4% improvement.
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Figure 5-18: MATLAB/Simulink representation of scenario 2 with Perfect disturbances predictions
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Figure 5-20: Storage levels for perfect disturbance prediction with hybrid storage system (scenario 2)
5.4 Chapter Summary

The availability of more reliable and effective energy management techniques is one of the main reasons
for developing effective integrated systems based on distributed generations. In this context, the EMS-based
AMPC algorithm was implemented for optimal management of micro-grids based on various energy
storage systems. The AMPC solves an energy optimization problem with multiple types of energy storage
systems in a renewable energy micro-grid, which exchanges electricity with the host grid. This problem of
optimization is solved at each sampling time to determine minimum running costs while satisfying the
demand and considering technical and physical constraints. The controller's proposed behavior has been
observed under different external conditions, such as changes in weather and demand. Different scenarios
and configurations were used to demonstrate the AMPC's versatility and applicability. The simulations,

therefore, show how the AMPC was able to adjust to different scenarios, offering a reasonable solution for
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power-sharing among the DERs and taking into account both the physical and operational constraints and
the optimization of the operational criteria imposed on it. This chapter has further demonstrated how the
use of an AMPC-based EMS can enhance micro-grid operation, provided there is effective forecasting.
More so, it is evident in the cost function, J, obtained from the three scenarios conducted, the cost function
was further minimized by introducing the lithium-ion battery storage into the micro-grid. Therefore, as it is
evident from the results, the cost function obtained when the hybrid energy storage was used has a reduced
cost compared to when just only one battery was used during the scenario of no disturbances. In addition,
considering the case with and without the integration of the information of the disturbance prediction into
the AMPC formulations, it is also evident from the cost function minimization that the perfect knowledge
of the disturbance prediction is essential for effective micro-grid operations. In electrical networks, demand-
side management (DSM) is a critical feature that enables consumers to make decisions about their energy
usage and helps operators to reduce peak load demand and reshape the load profile/consumption pattern.
Therefore, there are several benefits associated with the incorporation of the DSM concept in the EMS
systems of the micro-grid. Such benefits are, but are not limited to, the following; environmental impacts
and reduction in the overall running costs; enhancement in the system performance; effective decrease in
the investment pressure on power generation, transmission, and distribution. Furthermore, the DSM makes
it possible to develop demand-side response measures, which reduce the overload of the system during peak
consumption periods. Hence, the next chapter extends the energy management systems in micro-grid
developed in this chapter by adopting the concept of demand-side management, and the utilization of the
demand response technique (DRT) in the framework of DSM to adjust controllable loads during the peak

consumption periods, in order to further minimize the running cost.
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CHAPTER SIX
DEMAND RESPONSE TECHNIQUES FOR ENERGY MANAGEMENT
SYSTEM IN A STAND-ALONE MICRO-GRID

6.1 Introduction

In the previous chapter, the energy management system based adaptive model predictive control (AMPC)
algorithm was implemented for optimal management of micro-grids based on various renewable energy
sources and storage systems. The AMPC solved an energy optimization problem with multiple types of
energy storage systems in a renewable energy micro-grid, which exchanged electricity with the host grid.
This problem of optimization was solved at each sampling time to determine minimum running costs while
satisfying the demand and considering technical and physical constraints. The proposed behavior of the
controller has been observed under different external conditions, such as changes in weather and demand.
Different scenarios and configurations were used to demonstrate the versatility and applicability of the
adaptive model predictive controller. The simulations, therefore, showed how the AMPC was able to adjust
to different scenarios, offering a reasonable solution for power-sharing among the distributed energy
resources (DERs) and taking into account both the physical and operational constraints and the optimization
of the operational criteria imposed on it. More so, the previous chapter has further demonstrated how the
use of an AMPC controller is used to solve the energy management problems, can enhance the micro-grid
operation, provided there is effective forecasting. Therefore, the application of demand response (DR)
techniques to renewable energy-based micro-grid is discussed in this chapter. Thus, with DR techniques,
specific loads can be modified (both in amplitude and in connection times) to help achieve the objectives
of the micro-grid operation. For instance, in shiftable loads, their activation can be halted, restarted, or
deferred to other time slots. Meanwhile, they can as well be deferred from peak to off-peak period
considering the electricity tariffs or operational needs. Within the timespan, shiftable loads are adjustable,
but their demands cannot be modified, so they cannot operate before the earliest start time and the latest
finish time. More so, they cannot be interrupted before completion once their work is initiated. Conversely,
in curtailable loads, the consumption behavior of loads can be adjusted to a lower level if necessary.
Although these loads have a nominal level, their magnitude is flexible so that when required, the level of
demand can be lowered (e.g., at peak hours or in islanded mode). Examples of adjustable loads are heating
systems and, in general, thermal loads. Reducing the consumption pattern or deferring the load to some
other point in time, however, will affect the satisfaction of the consumer, which can be assessed by the
quality of experience (QOE). The adaptability incorporated by the demand response technique involves the

implementation of new manipulated variables (both continuous and binary) in the problem formulation,
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making the optimization problem more complicated [249], [216]. The aim of the demand response
technique in the energy management system is to use the diversity of the load consumption patterns and the
energy available from the distributed energy resources, the demand response, and the Energy Storage
System (ESS) to reduce the peak load demand and minimize the operating/electricity costs of the micro-
grid system. Meanwhile, these techniques can be used in a grid-connected mode as well as in island mode.
These can be used in both cases to enhance the economic benefit, but in the case of islanded mode, these
can be critical because the grid is not available to supply the loads while power deficit occurs. In this
scenario, the number of curtailed loads required are selected based on the projected energy deficit. Although
these can be used at various timescales and control levels, load shifting is generally more geared towards
power-sharing scheduling and load curtailment. In this chapter, the energy management system discussed
in the previous chapter is extended to the case in which the micro-grid comprises the controllable loads
(curtailable loads). The micro-grid used in the previous chapter is grid-connected. Therefore, most of the
power deficits are met by the main-grid. However, in this chapter, a stand-alone micro-grid is used, with
both critical and curtailable loads connected, to investigate the benefits of adopting the concept of DR
technique for energy management system in a stand-alone micro-grid. Hence, it is worth noting that the
proper management of the consumption pattern of the load can significantly enhance the micro-grid
operation. More so, the objective of the DR technique in this chapter is to use the available renewable
energy resources optimally, maximizes the economic benefit, and reduces the peak load demand without
affecting customer satisfaction. Hence, the formulations of the DR-Based AMPC Optimization Problem,
cost function, dynamic system constraints, and the control-oriented linear model, which are to be solved
(minimized) by the proposed algorithm (AMPC), have been presented in chapter 3. This chapter presents

the results and the discussion obtained in the various cases conducted.

6.2 Description of the System Model under Study

In this section, the MATLAB/Simulink environment was used to model the system dynamics of a renewable
energy-based micro-grid network consisting of renewable energy sources (Photovoltaic, PV, Wind Turbine,
WT) and Battery Storage system. Moreover, two different kinds of load were considered, the critical and
the curtailable loads [237]. Five loads are present in the micro-grid systems of Figs. 6-1 and 6-2 to mimic
different loads in which three of the loads represent curtailable loads, and the other two represent critical
loads. Similar to the previous chapter, two cases are investigated in this chapter; case 1 considers the micro-
grid operation using the sustainable generation sources (PV and Wind sources), the fuel cell, and the lead-
acid battery. Hence, in order to have a hybrid storage configuration, a lithium-ion battery was added in case
2 [250]. It is necessary to note that, during the normal operation of the micro-grid, the energy generated

does typically not meet the load demand. The battery bank is mainly utilized to store excess energy from
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renewable sources, but can also be used by the electrolysis process to produce hydrogen. Moreover, when
power from renewable sources is not accessible, the generation deficits can be compensated by a fuel cell
using hydrogen. The hydrogen storage network consists of a proton exchange membrane (PEM)
electrolyser for hydrogen production and a metal hydride tank for hydrogen storage. In addition, power
electronics are used to connect the components to the current DC bus. More so, both the fuel cell and the
PEM electrolyser units have their own local controllers, which execute the commands for power
conversion. Moreover, two DC-DC converters associated with fuel cell and electrolyser enable the DC bus
to transmit power [68], [251].

Conversely, the lead-acid battery bank is directly plugged into the DC bus. Thus, the battery bank maintains
the bus voltage, thereby simplifying the configuration. The DC micro-grid should, therefore, adopt this
configuration option in order to minimize costs and improve reliability, as the batteries absorb any
unbalance in the network [220]. Figures 6-1 and 6-2 demonstrate the design overview of the proposed
micro-grid electrical system and control signal system for cases 1 and 2. Case 1 and 2 solved the DR-based
energy optimization problem using an AMPC algorithm in a renewable energy micro-grid of Figures 6-1
and 6-2. The DR program is used to control the mismatch between the generations and loads. Therefore,
since the micro-grid model used in this chapter is a stand-alone micro-grid, i.e., Py, (t) = 0, the renewable
energy sources should be optimally utilized to meet the operational objective of the micro-grid. Curtailment
strategies are employed when the load demand is more than the generations in an AC/DC micro-grid system
with critical and curtailable loads. The essence is to match the energy generations with the load profiles of
the consumers [223], [14]. Therefore, if the renewable energy sources available can be optimally used and
at the same time avoid drawing maximum power from the system, then we can reduce the peak expectations
from the utility. More so, since the aim of conducting the DR activity is to facilitate the penetration of
renewable energy sources to make the distribution system environmentally friendly and further reduces the
dependency on the main-grid for power supply. It is evident from Figures 6-1 and 6-2 that the primary
generation sources are solar and wind, which are intermittent in nature. Hence, these may not be enough to
meet the peak demand of the customer. Therefore, it is expedient to store those energies with the storage
devices during off-peak hours and discharge during the peak hours, so that the load characteristics can be
flattened. More so, for reliable micro-grid operation, the consumers are expected to follow a given
consumption pattern, as well as the time of the consumption pattern. Thus, this is implemented in such a
way that the consumption patterns do match with the renewable generations available to avoid straining the
storage devices and perhaps reduces the dependency on the main-grid for energy supply. Otherwise, it could

result in loads curtailment to save the operation of the micro-grid [252].
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6.3 Simulation Results and Discussions

This section presents the MATLAB/Simulink simulation of a renewable energy-based micro-grid network
composed of RESs (Photovoltaic, PV, Wind turbine, WT), battery energy system, and two different kinds
of loads. This micro-grid network was utilized to test the control technique applied to its energy
management system to show the benefits of incorporating the DR program in a micro-grid with renewable
sources as the main generations. Therefore, two cases of separate generation scenarios were investigated in
order to show the effectiveness of the proposed AMPC scheme. Case 1, therefore, considered micro-grid
operation using generation sources (Photovoltaic, PV or Wind Turbine, WT), lead-acid battery, and fuel
cell. In order to have a hybrid storage configuration, a lithium-ion battery was added in case 2. The proposed
micro-grid system shown in Figures 6-1 and 6-2 were simulated on the MATLAB/Simulink environment
[253].

The EMS-based energy optimization problem in a renewable energy micro-grid with different types of
energy storage systems was solved using AMPC control algorithms. Therefore, the DR-based optimization
problem is solved at each sampling time to determine minimum running costs when satisfying the demand
and respecting the technical and physical constraints. The behavior of the proposed controller was studied
under various external conditions such as weather and demand changes. Subsequently, we considered two
distinct kinds of renewable energy sources, which were studied independently (Photovoltaic and wind
turbine generations). The results of the MATLAB simulation demonstrate how the AMPC can adapt to
different generation scenarios, providing an optimized solution such as the reduction in the operation cost,
peak demand, while considering both the physical and operational constraints, as well as optimizing the
imposed operating criteria. DR techniques can help manage the micro-grid most, especially when the
external grid cannot supply energy. i.e., the micro-grid is operating in the isolated mode. If the loads are
Heating, Ventilating, and Air Conditioning (HVAC) or home appliances, this curtailment can easily be
assumed. The model-based design description of the DR technique in the micro-grid system in Figures 6-1
and 6-2 are used, considering the possibility of operating in isolated mode. Under certain conditions, the
load may be curtailed in order to maintain the micro-grid in operation even if the load demand is not fully
met.

The micro-grid operates in the islanded mode during the simulations, so, therefore, Py,;4(t) = 0, and this
variable could be eliminated in the model. Therefore, in order to evaluate the performance of the control
system under consideration on the micro-grid, three distinct generation scenarios (Sunny, windy, and
cloudy) were implemented over 24 hours simulation period. The first case is based on a sunny day, which
has high solar radiation values and sunshine period. The power that the photovoltaic array generates is

mainly concentrated during mid-day. This generation profile corresponds to a sunny day, with high
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irradiance during the central hours of the day, getting surplus energy and deficit at night. The EMS controls
all of the storage units (batteries and hydrogen) to meet demand. Thus, the battery is used during the early
hours of the day and in the night to meet the demand until electricity is abundant. Note that within their
operating limits, SOC and LOH evolve almost freely, since the weights utilized in the cost function for
tracking the reference are small. Hence, the state considered in the optimization process is the level of the
storage devices (batteries (SOC) and hydrogen (LOH)), and the control actions are the power exchanged
with the generation sources and the power of the hydrogen storage network (including an electrolyser, a
fuel cell, and hydrogen tanks). Consequently, a multi-objective function is used to accomplish the entirety

of the DR-based micro-grid objectives, and the solver aims to minimize it.
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Figure 6-3: MATLAB/Simulink representation of scenario 1 with load curtailment (Sunny, windy, and

cloudy).
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Figure 6-4: The power flow profile during the sunny day with load curtailment (scenario 1)
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Figure 6-5: The level of storage during the sunny day with load curtailment (scenario 1)

Simulation has been carried out for a sunny day. From the two Figures 6-1 and 6-2, the micro-grid is
islanded; therefore, in order to keep it operating in the absence of grid generation, the load can be adjusted.
The load profile can then be modified accordingly. A maximum curtailment of 50% is allowed. In islanded
mode, load shedding is mainly used to balance the local supply. More so, the micro-grid can utilize only
the DERs to serve the loads in the islanded operating mode of the micro-grid. Since the non-dispatchable
renewable generations (i.e., PV and WT) in the micro-grid only serve for a small proportion of the loads.
We can also observe the charging/discharging cycles of the battery from Figures 6-4 and 6-5. The battery
is charged when the renewable generation is high and discharged when it is low, serving as the storage for
the renewable energy sources in the micro-grid. It is evident from Figures 6-4 and 6-5 that, during the first
hour of the day, a power deficit occurs, which requires the battery to compensate for the power deficit in
the micro-grid system. Hence, the control system realizes the impossibility of meeting the demand
completely only with the battery, at about 7:30 hours, the generation exceeds the load, and then continue to
supply the load. Meanwhile, the battery continues to charge until its SOC reached its upper limit (75%), at
that point, the electrolyser was switched ON to control the SOC level due to excess energy because the
irradiance was very high. Hence, the energy surplus had to be stored in the form of hydrogen. Therefore,
the battery begins discharging at 9:00 hours until the SOC value is close to the lower threshold, and then
the controller decides to switch ON the fuel cell. In the middle of the day, a large excess of power is
generated. Despite the extensive use of the electrolyser, as the batteries are used during the evening to cover
the energy deficit, the final amount of hydrogen does not meet its initial value. As was previously
mentioned, the load demand is often supplied by the battery with some contributions from the fuel cell.
However, the principle of load curtailment is implemented in order to meet the objectives set for the micro-
grid operation when the storage units are about to reach their lower limits. It is worth noting that the extent

of the load curtailment when the load demand eventually becomes higher than the supply will depend on
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the weights of the cost function and the constraints. Nonetheless, if curtailment action is not carried out due
to some reason that cannot be compromised, the simulation studies can as well be used to check the
resiliency and reliability in the operation of the micro-grid. Although the load is supplied at 100% during
the first hours of the day due to the presence of the sunlight. Therefore, since the micro-grid is operating in
the islanded mode, later in the day, when the sun is no longer available, the stored energy by the battery is
used to supply the load until the storage devices are depleted, and the load cannot be fed at all.

Consequently, the micro-grid must be shut down in such a situation.
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Figure 6-6: The power flow profile during the cloudy day with load curtailment (scenario 1)
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Figure 6-7: The level of storage during the cloudy day with load curtailment (scenario 1)

Similarly, simulation has been carried out for a cloudy (rainy) day. Therefore, due to the cloudy
weather, which results in minimal or no availability of sunlight, the PV generation is unable to meet the
demand for most of the day (most often, the net power is below zero). Hence, the available resources such

as the wind generation, battery, and fuel cell must, therefore, supply any energy deficit within the micro-

119



grid network. Thus, the battery is charged when the renewable energy generation (wind generation) is high
and discharged when it is low. Therefore, the batteries serve as the storage for renewable energy sources in
the micro-grid. In the same manner, the EMS decides to utilize the battery to meet the load demand during
the early hour of the day, when a power deficit occurs, which requires the battery to compensate for the
power deficit in the micro-grid system. Subsequently, the controller decides to switch ON the fuel cell
despite the fact that the SOC is far from its minimum value (around t = 10 hours in a smooth way), which
is also supported by the wind generation. The controller does not activate the electrolyser during the first
hour of the day, as there is no extra energy to store due to the non-availability of sunlight. Meanwhile,
during the second half of the day, when the battery's minimum SOC has been reached, the fuel cell and the
wind generation supply the load. Moreover, the fuel cell is unable to satisfy the load demand on its own
because of the thresholds in the power rate and the voltage limits, and it requires the support of the wind
generation. Furthermore, at around 17 hours of the day when the electricity demand continues to rise above
the generation, there is a need to curtail some loads such as cooling and heating loads since the SOC of the
batteries is minimum at that hour of the day in order to satisfy the demand and enhance the operation of the
micro-grid. Therefore, at around 20 hours of the day, the fuel cell continues to meet the load demand for
another 4 hours. Meanwhile, the batteries are only utilized to balance the power within the micro-grid.
Following that, the batteries commit to supplying the power deficit. The batteries, however, reach their
minimum SOC after 22 hours and again use the fuel cell. The simulation results of Figs. 6-6 and 6-7 show
that the proposed DR technique has managed to bring the final consumption/demand close to the objective
load curve. The proposed control algorithm (AMPC) has effectively regulated the consumption pattern of
the controllable loads connected to the micro-grid system.
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Figure 6-8: The power flow profile during the windy day with load curtailment (scenario 1)
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Figure 6-9: The level of storage during the windy day with load curtailment (scenario 1)

A wind turbine is, therefore, considered as the renewable energy source, which generates excess power in
the micro-grid. It is worth noting that the wind turbine produces a significant fluctuation in power, as is
evident in Figures 6-8 and 6-9. Therefore, enormous stored energy enables the electrolyser to operate for
most of the day, which makes the generation surplus during some hours of the day. More so, it should be
noted that the power rate constraints integrated into the controller design, irrespective of the high fluctuation
in power produced by the wind turbine, instigated a smooth operation of the electrolyser, the behavior of
which was thus quite satisfactory. Thus, the battery still stores energy, but it gets filled up early (from t= 3
hours to 16 hours), only injecting power into the bus several times during that period. It is worth mentioning
that the objective of the demand response technique (DRT) in the energy management system (EMS) is to
use the diversity of the load consumption patterns and the energy available from the distributed energy
resources (DERs) and the energy storage system (ESS) to reduce the peak load demand and minimize the
operating/electricity costs of the micro-grid system. As there is energy surplus during the day, there is no
need to switch ON the fuel cell during these hours of the day. Furthermore, at around 15 hours of the day
when the demand for electricity rises slightly above the generation, there is a need to curtail some loads
such as cooling and heating loads. During the windy weather condition, a maximum curtailment of 40% is
allowed, since generation is surplus during the day and has charged up the batteries up to 75% SOC.
Similarly, the level of hydrogen also keeps increasing by up to 78%. Therefore, in order to alleviate the
system fluctuation caused by increasing demand for electricity, a reasonable goal of demand-side
management activities could be to adjust the pattern of the load demand curve by minimizing the overall
load demand for the distribution system during peak hours in order to reduce the overall planning and
operating costs of the network. The AMPC controller has adjusted the set points slowly according to the

optimum estimated cost function. Furthermore, reduction in the peak load demand improves system
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sustainability by simply reducing the overall cost as well as the carbon emission level. The renewable
energy-based micro-grid system benefitted from this DR technique, as the reduction in the peak load
demand results in substantial cost savings. More so, since the costly loads such as heating and cooling loads
that are typically turned ON during the peak load demand are being curtailed, which yielded less overall
cost as compared to the micro-grid system in the previous chapter. Moreover, by evaluating the cost
function, the cost function, J = 12.542 with load curtailment, as compared to the cost function obtained in

the previous chapter without load curtailment, the cost function was J = 18.685.

In the second scenario, a new lithium-ion battery bank is added in this case to the micro-grid system of case
1. Therefore, for this configuration, a new AMPC algorithm must be devised. The micro-grid is composed
of a PV plant, two different types of batteries, and a fuel cell, as illustrated in Figure 6-2. The power
exchanged with the DC bus can be balanced using this Li-ion battery using its DC/DC converter; so that a
new manipulated P,,.,, variable will appear [5].

Similarly, in this scenario, the micro-grid operates in the islanded mode during the simulations, so,
therefore, Py,i4(t) = 0, and this variable could be eliminated in the model. Therefore, in order to evaluate
the performance of the control system under consideration on the micro-grid, three distinct generation
scenarios (Sunny, windy, and cloudy) are implemented over 24 hours simulation period. Figure 6-10 is the
MATLAB/Simulink of case 2 using Figure 6-2 as the micro-grid model-based design. The main generations
in the micro-grid are solar and wind, which requires optimal utilization adopting the concept of DR
technique to minimize the peak load demand and, at the same time, the electricity costs. The addition of
Lithium-ion batteries further assists the micro-grid by storing energy during off-peak hours and discharge

the energy during the peak hours of its operation.
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Figure 6-10: MATLAB/Simulink representation of scenario 2 with load curtailment (sunny, windy, and
cloudy).
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Figure 6-11: The power flow profile during the sunny day with load curtailment (scenario 2)
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Figure 6-12: The level of storage during the sunny day with load curtailment (scenario 2)

Similarly, simulation has been carried out for a sunny day in scenario 2. Now, that Py,;4(t) = 0, the micro-
grid is operating in the islanded mode. Therefore, in order to keep it operating in the absence of generation,
the load can be adjusted. The lead-acid battery is used for the first 7 hours to satisfy demand in the early
hour of the day, as shown in Figures 6-11 and 6-12. Consequently, the generation sources start to supply at
that hour of the day since the SOC of the battery has reached its lowest value. More so, the lithium-ion
battery maintained its State of Charge (SOC) of 50% until the 16 hours when the demand is quite high for
only the lead battery to satisfy the demand. At this point, the SOC of the lithium-ion battery starts
diminishing. Since the micro-grid is operating in the islanded mode, the DERs are used in meeting the

available demand. Therefore, as soon as the lead-acid battery has charged up to SOC of 75%, then it starts
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to meet the load demand, the lithium-ion battery starts its operation at the 16 hours until SOC remains
constant at 50%. At this hour of the day, the electricity demand continues to rise, and in order to preserve
the lifespan of the batteries and other storage devices, there is a need to curtail some loads during the peak
load demand. At around 16 hours of the day, some loads are adjusted to enhance the reliability and
performance of the micro-grid. In this case, due to the introduction of the lithium-ion battery, the maximum

load curtailment is reduced to 30%.

The Lithium-ion battery absorbs any unbalance in the network, thus minimizing the costs and improves
reliability. The reason for choosing lithium-ion batteries as the primary storage device is that lithium-ion
batteries have some fantastic advantages such as (1) High energy efficiency (2) Longer cycle life (3)
Relatively high energy density, and (4) Improved resiliency.
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Figure 6-13: The power flow profile during the cloudy day with load curtailment (scenario 2)
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Figure 6- 14: The level of storage during the cloudy day with load curtailment (scenario 2)
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Similar to scenario 1, due to the cloudy weather, which results in minimal or no availability of sunlight, the
PV generation is unable to meet the demand for most of the day (most often, the net power is below zero).
Hence, the available resources such as the wind generation, batteries, and fuel cell must, therefore, supply
any energy deficit within the micro-grid network. As it is evident in Figures 6-13 and 6-14, the lead-acid
battery is used for the first 3 hours to satisfy demand in the early hour of the day, and then the generation
source (wind generation) start to supply at that hour of the day since the SOC of the battery has reached its
lowest value of 40%. The li-on battery continues to meet the demand to supplement the supply from the
lead-acid battery. Subsequently, the controller decides to switch ON the fuel cell despite the fact that the
SOC is far from its minimum value (around t = 3 hours in a smooth way), which is also supported by the
wind generation. The controller does not activate the electrolyser during the first hour of the day, as there
is no extra energy to store. Meanwhile, during the second half of the day, when the battery's minimum SOC
has been reached, the fuel cell and the wind generation supply the load. Although, the fuel cell is unable to
satisfy the load demand on its own accord because of the thresholds in the power rate and the voltage limits,
and it requires the support of the wind generation. Furthermore, at around 17 hours of the day when the
electricity demand continues to rise above the generation, there is a need to curtail some loads such as
cooling and heating loads since the SOC of the batteries is minimum at that hour of the day in order to
satisfy the demand and enhance the operation of the micro-grid. Note that due to the introduction of lithium-
ion, which supplement the other storage devices, the maximum load curtailment is reduced to 30%.
Therefore, from the simulation results of Figures 6-13 and 6-14, it is evident that the DR technique has
successfully managed to bring the load consumption pattern to the objective load curve.
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Figure 6-15: The power flow profile during the windy day with load curtailment (scenario 2)
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Figure 6- 16: The level of storage during the windy day with load curtailment (scenario 2)

During the windy period, the primary source of generation is the wind generation, fuel cell, as the PV
system contributes little or no power to the load demand. Since the wind turbine is considered as the
renewable energy source, which generates excess power in the micro-grid, it, therefore, produces a
significant fluctuation in power, as can be seen in Figures 6-15 and 6-16. Therefore, due to the power supply
from the wind turbine, the lead-acid battery stored some energy, which is used to supply the load at the
early hour of the day up until 7:00 hours, then its SOC gets reduced to 40%. At this point, the lithium-ion
battery continues to meet the load demand. The stored energy enables the electrolyser to operate for most
of the day, which makes the generation surplus during some hours of the day. As there is energy surplus
during the day, there is no need to switch ON the fuel cell during these hours of the day. Therefore, at
around 10 hours of the day when the electricity demand rises slightly above the generation, there is a need
to curtail some loads, such as cooling and heating loads. During the windy weather condition, a maximum
curtailment of 30% is allowed, due to the introduction of the lithium-ion, which supplements the other
storage devices. The AMPC controller has adjusted the set points slowly according to the optimum
estimated cost function. Furthermore, reduction in the peak load demand improves system sustainability by
merely reducing the overall cost as well as the carbon emission level. The renewable energy-based micro-
grid system benefitted from this DR technique, as the reduction in the peak load demand results in
substantial cost savings. Since the costly loads, such as heating and cooling loads that are typically turned
ON during the peak load demand, are being curtailed, which yielded less overall cost as compared to the
micro-grid system in the previous chapter. The cost function was similarly evaluated for scenario 2 with
the DR technique. We can, therefore, quantify the improvement in the micro-grid performance. The cost

function, J = 8.335 with load curtailment and hybrid energy storage, as compared to the cost function
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obtained in the previous chapter without load curtailment (DR technigues), the cost function was J = 15.625.
Consequently, it is evident in the cost evaluation, a reduction in the cost to 57.4% of the baseline value,
taking into account the benefit of using the DR technique for EMS in micro-grid. More so, it is evident in
the cost function, J, obtained from the three scenarios conducted, the cost function was further minimized
by introducing the lithium-ion battery storage into the micro-grid. Therefore, as it is seen from the results,
the cost function obtained when we utilized hybrid energy storage was reduced compared to when we used

just only one battery [254].

6.4 Chapter Summary

Demand response techniques in the framework of demand-side management has the potential to provide
many benefits to the entire renewable energy-based micro-grid system, particularly for micro-grid in
islanded mode. This chapter investigated the demand response technique for the energy management
system in micro-grid based on Adaptive Model Predictive Control. The proposed method is a generalized
scheme based on load curtailment, which has been mathematically formulated as an optimization problem.
The minimization problem obtained by using the DR technique for the Energy management system in a
renewable energy-based micro-grid is solved using the AMPC algorithm. Simulations were carried out on
the micro-grid, which contains renewable energy sources (PV and Wind), fuel cell, electrolyser, storage
device, and different kinds of loads. (critical and curtailable loads). The AMPC solves an energy
optimization problem with multiple types of energy storage systems in a renewable energy micro-grid. This
problem of optimization is solved at each sampling time to determine minimum running costs while
satisfying the demand and considering technical and physical constraints. The controller's proposed
behavior has been observed under different external conditions, such as changes in weather and demand.
The AMPC algorithm is proposed to optimally utilize the maximum power from the renewables by using
hybrid storage systems. The simulation results have shown that the implementation of the DR technique
for energy management in micro-grid reduces the peak load demand and, consequently, minimized the
operation costs of the system. It is evident in the cost function obtained when the micro-grid adopts the DR
technique during single battery storage, the cost function, J = 12.542 with load curtailment, as compared to
the cost function obtained in the previous chapter without load curtailment, the cost function was, | =
18.685. More so, comparing the cost function when a hybrid storage system is used with the DR technique.
The cost function, J = 8.335 with load curtailment and hybrid energy storage, as compared to the cost
function obtained in the previous chapter without load curtailment (DR techniques), the cost function was
J = 15.625. The results of the simulation show that the proposed algorithm can regulate a vast number of
the controllable devices of various types, and achieves substantial savings while reducing the peak load

demand of the renewable energy-based micro-grid. The simulation results are extremely satisfactory and

127



can be generalized for implementation in real-time. The Electric Vehicles can act as loads when connected
to the micro-grid. However, they can as well supply energy to the micro-grid during energy deficit due to
their storage capability. Therefore, due to these functions, they can be considered as prosumers. Hence,
proper management of the loads and EV charging can significantly enhance the micro-grid operation. The
AMPC technique could be adapted to this framework, and the concept of Vehicle-to-Grid (V2G) is taken
into considerations in the next chapter. Therefore, in order to demonstrate the V2G capabilities, the next
chapter presents some simulations to illustrate the concept of load shifting, in a renewable energy-based
micro-grid with EVs integration. The charging of EVs can be included in the DSM strategy (because EVs
are loads for the micro-grid). Potentially, a significant number of idle EVs can theoretically be used to build
a distributed energy storage network to support renewable generation. With the ever-increasing price of
fossil fuel, continuous deterioration of the environment, and rapid growth of battery technology, EVs have

become a significant field of micro-grid research and have attracted considerable interest.
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CHAPTER SEVEN
ENERGY MANAGEMENT SYSTEM OF A MICRO-GRID WITH THE
INTEGRATION OF ELECTRIC VEHICLES

7.1 Introduction

The previous chapter investigated the benefits of adopting the concept of the demand response (DR)
technique for the energy management system in a stand-alone micro-grid with both critical and curtailable
loads. The proposed method was a generalized scheme based on load curtailment, which was
mathematically formulated as an optimization problem. The minimization problem obtained by using the
DR technique for the energy management system (EMS) in a renewable energy-based micro-grid was
solved using the AMPC algorithm. Hence, the objective of the DR technique in the previous chapter was
to use the available renewable energy resources optimally, maximizes the economic benefit, and reduces
the peak load demand. Therefore, it is evident in the simulation results that the implementation of the DR
technique for energy management in micro-grid reduced the peak load demand and, consequently,
minimized the operation costs of the system. More so, it is evident from the results that the proper
management of the consumption pattern of the loads significantly enhanced the micro-grid operation.
Specifically, the combination of hydrogen storage with electrical batteries and supercapacitors appears to
be an effective solution for erratic and volatile fluctuations in the generation of renewable energy. The use
of energy storage compensates for the variability in the production of renewable energy and the random
behavior of the consumer. In addition, the micro-grid may use EVs as a large amount of energy storage to
provide local demand, compensate for the intermittent generation of RESs, or exchange power with the
grid. Similarly, Electric Vehicles can act as loads when connected to the micro-grid. However, they can as
well supply energy to the micro-grid during energy deficit due to their storage capability. Therefore, due to
these functions, they can be considered as prosumers. Hence, proper management of the loads and EV
charging can significantly enhance the micro-grid operation. This chapter extends the model-design of the
energy management system in the micro-grid developed in the previous chapter to the case when electric
vehicles (EVs) are integrated [254], [5]. This chapter addresses the problems of control and energy
management in micro-grid with the incorporation of renewable energy generation, hybrid storage
technologies, and the integration of the EVs with V2G technology. The AMPC control technique is used to
optimize the charge/discharge of the EVs in a receding horizon manner in order to reduce operational cost
in a renewable energy-based micro-grid. V2G systems integration can be a crucial element in the assurance
of network reliability against variability in loads. In this context, the purpose of this chapter is to present an

AMPC algorithm for the optimization of a micro-grid coupled with a V2G system consisting of six electric
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vehicle charging stations. More so, the proposed algorithm effectively manages the use of renewable energy
sources, vehicles charge, energy storage units, and the purchase and sale of electric power to the external
network. Two scenarios are investigated in this chapter to examine the performance of the proposed
controller to manage the renewable energy sources in the micro-grid system. Hence, the first case uses a
load shifting mechanism to solve the charge management problem during a known interval of parking time.
The second case is the introduction of EVs with V2G capabilities when connected with the micro-grid. In
this case, the vehicle battery collaborates with the ESS of the micro-grid to maximize costs benefits and
mitigate the intermittency of renewable generation. More so, to demonstrate the V2G capabilities, this
chapter further presents some simulations to illustrate the concept of load shifting in a renewable energy-
based micro-grid with EVs integration [237]. Furthermore, other benefits of V2G concepts, such as voltage
and frequency control for the micro-grid stability, are investigated. Therefore, it is evident from the obtained
results that the proposed control algorithm was able to effectively manage the renewable energy sources,
energy storage units, vehicles charge, and the purchase and sale of electric power with the grid. The
formulations of the EMS-based adaptive MPC optimization problem, cost functions, dynamic system
constraints, and the control-oriented linear model, which are to be solved (minimized) by the proposed
algorithm (AMPC), have been presented in chapter 3. This chapter presents the results and the discussions
obtained in the various cases conducted.

7.2 Description of the Dynamic Modeling of the micro-grid System

In this section, the MATLAB/Simulink environment was utilized to model the system dynamics of a
renewable energy-based micro-grid network consisting of RESs (photovoltaic, wind turbine), battery
storage system, ultra-capacitor, loads, and electric vehicle. It also includes a hydrogen storage system,
comprising a PEM (proton exchange membrane) electrolyser to produce hydrogen, a metal hydride tank to
store hydrogen, and a PEM fuel cell to produce energy [237], [253]. Figure 7-1 illustrates the model-based

design description of micro-grid with the integration of electric vehicles.

The Simulink model is used to simulate the dynamics of electric vehicles. The EVs are interfaced with the
micro-grid via the power supply and the loads. Two case studies are implemented in this chapter, and the
first case is the management of EVs charging without V2G technologies, otherwise known as V1G (EV
does not supply energy to the micro-grid). The second case is the management of EVs charging with V2G
capabilities (EV can exchange energy with the micro-grid). The EV charging station can charge up to six
cars simultaneously. It is worth mentioning that the energy produced during the normal operation of micro-
grid does not match the demand. Therefore, it is expedient to store the excess energy from the renewable
sources in the batteries or, better still, to use it to produce hydrogen through the electrolysis process. Thus,

the metal hydride tank is used to store the hydrogen produced by the electrolyser. The fuel cell uses the
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hydrogen to supplement the mismatch between the supply and demand, should the power from the
renewable sources not be accessible. More so, the micro-grid has a link to the main network, which allows
the purchase and sale of energy. Hybrid storage enables two-stage operating strategies: the battery can
absorb/provide small amounts of energy on fast transients, while hydrogen storage supplements the largest
oscillations. In this context, car batteries can be used by the micro-grid to increase the buffer capacity of

fast transients when the cars are parked [220], [149].

The load shifting mechanism is used for the charge management of the EVs. Therefore, where cars are
parked over a period of time, the charging process can be optimized with regard to energy price levels and
operating costs for micro-grids. Given that charging is carried out at a constant capacity, optimization can
be accomplished by estimating the best charging interval (within the parking period of the car). Case 1
describes the management of EVs charging without V2G technologies, i.e., EVs do not exchange energy
with the micro-grid. The optimization gives the values of &, given a parking time interval, which indicates
the best connection time. It is worth mentioning that the value of &,,, is O if the vehicle is not connected at
instant ¢ and takes the value of 1 when it is connected at that instant. More so, the transition from

disconnected to connected is indicated by o (t).,,.
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Figure 7-1: The model-based design description of the micro-grid with electric vehicles

On the other hand, the objective of case 2 is mainly to adapt the AMPC algorithm to optimize the micro-
grid with V2G technology, which consists of six charging points for the electric vehicles. The proposed

algorithm performs the management of renewable energy sources, energy storage units, vehicles charge,

131



and the purchase and sale of electric power with the grid. This application is an extension of the case 1,
which discusses the charging management of micro-grid without V2G technology. In this context, the
micro-grid power exchange with the EV batteries is bidirectional. More so, provided the car is fully charged
at the scheduled pickup time, the charging process can be interrupted when necessary. Similar to the micro-
grid used in the previous chapters, in this case, a charging station for six EVs is included, as shown in Figure
7-1. Therefore, the main objective of the EMS is to evaluate the various powers such as Pg;;q, Ppqs (the
grid and battery bank power), Py, (the power of the hydrogen storage), and P,,_; (the powers of the six-
vehicle batteries) such that the overall system performance is optimized. Two control layers are considered
in the proposed solution, first is the upper layer, which comprises a scheduler that aims at the economic
benefit of the charging station [252]. The second is the charging station management unit (CSMU), which
manages the EV charging based on the type of charge (fast or slow) or the parking time. More so, the lower
level is a fast power-sharing technigue, which runs every second. Similarly, the upper layer considers load
shifting and the electricity tariffs, and MIQP solves the formulation. Conversely, the fast QP algorithm is
used to solve the formulation of the lower layer, which is responsible for tracking the power targets

evaluated by the upper layer.

7.3 Simulation Results and Discussions

This section presents the MATLAB/Simulink simulation of a renewable energy-based micro-grid network
consisting of RESs (photovoltaic, PV, wind turbine, WT), Battery Storage system, ultra-capacitor, loads,
and electric vehicle. It also includes a hydrogen storage system, comprising a PEM (proton exchange
membrane) electrolyser to produce hydrogen, a metal hydride tank to store hydrogen, and a PEM fuel cell
to produce energy. The Simulink model is used to simulate the dynamics of the EVs and is therefore
interfaced with the micro-grid through the power supply and the loads. Two case studies are investigated
in this chapter, and the first case is the management of EVs charging without V2G technologies, otherwise
known as V1G (EV does not supply energy to the micro-grid). The second case is the management of EVs
charging with V2G capabilities (EV can exchange energy with the micro-grid). The EV charging station
can charge up to six cars simultaneously. The AMPC algorithm is used to optimize the micro-grid for the
two cases (with and without the V2G technology), which consists of six charging points for the electric
vehicles. The proposed algorithm performs the management of renewable energy sources, energy storage
units, vehicles charge, and the purchase and sale of electric power with the grid. More so, the EVs can act
simultaneously as loads and as generators. Hence, due to these capabilities, they can be considered as
prosumers. Therefore, the charging station can charge up to six vehicles due to the V2G technology and

can also exchange energy with the micro-grid. Hence, depending on the electricity tariffs, the EVs can buy
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or sell energy from/to the grid. Thus, during fast transients, the EVs batteries are used by the micro-grid to
increase the buffer capacity when the cars are packed [18], [255].

For the sake of simplicity, this study considers the incorporation of six electric vehicles into the micro-grid.
More so, the formulation can be extended to any number of electric vehicles, based on the number of
charging points available to charge the EVs in the charging hub. The number of EVs integrated into the
micro-grid system in this study is limited to six, since only six charging points are available for the charging
management scheme. The formulations of any number of EVs can be implemented by adding as many §
(for the connection state) and o (for transitions) as the number of EVs and the associated constraints. The
solver finds an optimal solution for the micro-grid, providing a set of the control variables, which are logic
and continuous, and the AMPC controller is formulated as a mixed-integer quadratic programming (MIQP)
problem. The different operation modes in the micro-grid are modeled with the mixed logic dynamical
(MLD) framework. The output signals which are generated by the solver are the values of exchange power
with the main grid (Pg,4), the power of electrolyser, fuel cell, and battery (P, Pf., and Ppq;), the
activation signals for the electrolyser and fuel cell (6, and &¢.) and the activation and transition of the

Electric Vehicle (6,,, and a,,,). Note that the sampling time is 1 hour, and the schedule horizon is 24 hours.
In this section, three scenarios for a sunny day are investigated. The first scenario is the micro-grid operation
without the integration of electric vehicles. The second scenario is when the electric vehicles are parked
from mid-night to 8 a.m. (meanwhile, the EVs batteries have to be fully charged at 8 a.m.), and lastly, the
EVs are parked all day and can be charged at any interval along the entire day. Hence, the net power is
computed as the difference between solar generation and the loads connected to the micro-grid. Figure 7-2

depicts the MATLAB/Simulink representation of a micro-grid with the integration of Electric Vehicles.
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Figure 7-2: MATLAB/Simulink representation of a micro-grid with electric vehicle integration
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Figure 7-3: Power flows in the micro-grid without EV charge during a sunny day

Figure 7-3 depicts the first scenario in which the micro-grid operates without the incorporation of the
electric vehicles (Energy management of the renewable micro-grid without considering the incorporation
of electric vehicles, i.e., there is no parking lot). Since the micro-grid is not equipped with the EVs parking
lots, it is expedient that the micro-grid optimally utilizes the available renewable energy sources with the
storage systems and purchase energy from the grid at a low price during off-peak hours to reduce the
operational costs. More so, the proposed control algorithm does the micro-grid scheduling by adjusting the
value of generation and purchased energy during the day from the renewable generations and the grid,
respectively, to minimize its costs. The results from the simulation-conducted show that the micro-grid
operation is slightly different in the three scenarios, although the amount of power required to charge the
electric vehicles is not too enormous compared to the other components of the micro-grid. The energy
generated in the morning is surplus due to the abundance of the sun. It is evident from Figure 7-3 that the
generated power by the PV system is very high in the morning and noontime owing to the availability of
sunlight. Due to high irradiance from the sun, the power generated is surplus, and some of the power is
stored in the battery to meet the load demand during the period of low irradiance, particularly at night.
Therefore, the remaining of this surplus energy is sold to the grid since the electricity price is high. The
power stored in the battery is used at 20 hours of the day to compensate for the power deficit. Moreover,
the excess energy from the solar PV system (renewable source) is also used to produce hydrogen via the
process known as electrolysis. This produced hydrogen is stored in the metal hydride tank, and it is used
by the fuel cell to supplement the mismatch between the supply and demand when power from the
renewable source is not available. Figure 7-3 illustrates the power flows in the micro-grid without

implementing EVs charging mechanism during a sunny day.
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Figure 7-4: Power flows in the micro-grid with EVs mid-night charge during a sunny day

Figure 7-4 depicts the power flows in the micro-grid with EVs mid-night charge during a sunny day. In this
scenario, the electric vehicles are parked at home parking lots from midnight to 8 a.m., and the EVs batteries
have to be fully charged at 8 a.m. Hence, the micro-grid uses the capacity of the EVs batteries to store the

low-cost power generation from renewable energy sources as well as the energy purchased from the grid.

Similar to the first scenario, the energy generated by the PV system in the morning is surplus owing to the
abundance of sunlight. As it is evident in Figure 7-4, the solar irradiance is high between 8-15 hours of the
day; therefore, the solar energy produced is in excess, and some of the power is stored in the battery to
compensate for any power shortage at night. The irradiance level at night is low or completely zero;
therefore, the battery supplies the loads and EVs until its SOC is minimum. Similarly, the fuel cell uses the
hydrogen produced by the electrolyser to supplement the energy supplied by the storage devices to meet
the load demand and to charge the EVs batteries parked at the parking lot until its LOH is minimum.
Consequently, there is a need to patronize the grid for energy purchases when the energy from the renewable
sources and the energy stored in the storage systems have been exhausted to ensure reliability in the micro-
grid operation. Hence, this implies that most of the energy must be purchased from the grid in order to
charge the EVs batteries during the night. The purpose of charging the EVs at midnight is because it is an
off-peak period. During this period, most of the utility customers consume less energy, and the energy cost
from the grid tends to be cheaper. Hence, load shifting activity in the charging management of EVs parked
over a time-period optimizes the charging process with respect to the energy price level and the operating
costs for micro-grids. The AMPC algorithm is applied to solve the optimization problem of the energy
management system in micro-grid with EVs integration by estimating the best charging interval (within the

parking period of the car).
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Figure 7-5: Power flows in the micro-grid with flexible EVs charge during a sunny day

Figure 7-5 illustrates the power flows in the micro-grid with flexible EVs charge during a sunny day. In the
third scenario, EVs are parked all day and can be charged at any time of the day. Although the only weather
condition considered in this section is a sunny day. Admittedly, sunlight is most of the time abundant in the
morning till the noontime, as shown in Figure 7-5. Due to the high irradiance from the sun, the PV system
generates enough energy to meet the load demand (EVs charging). Thus, it is expedient to shift most
activities that require energy consumption to these hours of the day. Therefore, the optimizer around mid-
day shifts the loads to where a surplus of energy exists. Since the case is conducted during a sunny day,
there would be an energy surplus during the mid-day, which results in a lower cost of energy. Similar to
the second scenario, the fuel cell also uses the hydrogen produced by the electrolyser to supplement the
energy supplied by the storage devices to meet the load demand and to charge the EVs batteries parked at
the parking lots. The essence of the flexibility in the EVs charging is to utilize the available renewable
energy sources optimally to avoid continuous grid patronage for energy, which minimizes the micro-grid
running costs. In conclusion, load shifting can be used to choose the best charging interval for EVs
considering time constraints and optimizing operational costs. Therefore, the management of EVs charging

without V2G technologies (EV does not supply energy to the micro-grid) has been addressed in this section.

Table 7-1: Characteristics and the simulation results of different case studies.

Case study Energy exchange Parking lots DR program Operation Costs
(micro-grid and (EVs charging) ]
main-grid)

Scenario 1 v 18.215

Scenario 2 v v v 13.250

Scenario 3 v v v 10.125
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Table 7-1 shows the characteristics and the simulation results of the different case studies that are
considered. It is evident in the cost function, J, obtained from the three scenarios conducted that
incorporating the electric vehicle into the micro-grid system has minimized the operation cost of the micro-

grid compared to when EVs are not integrated.

This section addresses the second case, which is the management of EVs charging with V2G capabilities
(EV can exchange energy with the micro-grid). It is worth noting that the EV charging station can charge
up to six cars simultaneously. Therefore, the objective of the AMPC control algorithm is to utilize the RES
optimally during EVs charging, facilitates the purchase and sale management of electricity to the grid. More
S0, it also coordinates the use of the battery bank and the hydrogen storage to minimize the mismatch
between the generation and demand, and lastly, performs the charging of EVs while fulfilling the micro-

grid load demand at all times.
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Figure 7-6: 24 hours demand vector

The 24 hours demand vector used in the simulation is depicted in Figure 7-6. It is evident that the demand
rises in the morning to the highest level, that is, the consumption of energy is very high in the morning
when everyone is still at home getting ready to leave for work. The energy consumption pattern levels out
over the mid-day, since the majority of energy consumers are at their various workplaces, and then in the
evening, it is seen that the energy consumption pattern rises to another level when everyone gets home from
work. The simulations were carried out for a period of 24 hours to follow the energy consumption pattern
of Figure 7-6. Three different simulations were performed in different scenarios to validate the controller
performance. The first scenario considered was that of a sunny day. It is evident from the simulation results
that three of the vehicles draw fast charges (1, 3, and 5), while the other three receives slow charge (2, 4,
and 6).
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Figure 7-7: Power flow profile of the energy sources during a sunny day
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Figure 7-8: Level of storage during a sunny day

The behavior of the micro-grid ESSs, such as the battery and the hydrogen storage, changes throughout the
day. It is clear from the Figures 7-7 and 7-8 that throughout the time of low sunlight irradiance (0-8 hours
and 19-24 hours), storage systems operate during these hours to provide the energy required to satisfy
demand and reduce the amount of electricity purchased from the external grid. On the other hand, during
high sunlight irradiance (8-18 hours), there is an energy surplus from the PV system, part of the energy is
sold to the grid, and the battery and hydrogen storage are charged with the rest of the energy through the
electrolyser process. During the night hour of the day (18-19 hours), when there is less irradiance from the
sun, the controller decides to switch between the fuel cell and electrolyser to supply the load, respecting the
minimum operation time of each equipment for reliability in the micro-grid operation. It is seen that the
AMPC algorithm provides an optimal power distribution between the battery, the electrolyser, and the

energy sold to the grid. Furthermore, the EVs batteries are connected to the micro-grid to avoid any form
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of fluctuation in the primary source of generation. Therefore, the energy stored in the EVs batteries during
energy surplus is used by the micro-grid to meet the mismatch between generation and demand.
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Figure 7-9: Power flow profile of the EVs charging management during a sunny day
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Figure 7-10: Level of storage of the EVs charging management during a sunny day

Figures 7-9 and 7-10 depict the power flow profile and the level of storage of the EVs charging management
during a sunny day. The EV1 (that accepts fast charge) is parked at the parking lot to be charged at the 7
hours of the day, and the EV battery is used by the micro-grid as a storage system. Therefore, due to the
abundance of sunlight, the PV system generates enough solar energy, which is used to charge the EVs
connected to the charging points of the energy hub. In this scenario, six electric cars are connected to the
station to be charged, and they are connected simultaneously. The charging process is shifted to the period
of surplus energy generation, and it is evident in Figure 7-9 that EV1 is fully charged at 9 hours of the day.
It is seen that there are some oscillations in the power of the three EVs (1, 3, and 5) during the charging
process, and this is due to the aggressive tuning of the controller parameters. More so, in order for the other

three EVs (2, 4, and 6) to be ready for pickup, they are charged in the slow charge mode in the most
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convenient way. The sharp decrease in the SOC curves after 15 hours of the day is due to the disconnection

of the EVs from the charging station.
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Figure 7-11: Power flow profile of the energy sources during a cloudy day

80 T T T T T T T T T T T
|m—SOC
= =LOH ]

~
=)
T

Storage [%]
3

40 1 | 1 1 | I ] I | l‘ﬁ\
0 2 4 6 8 10 12 14 16 18 20 22 24

Time [hour]

Figure 7-12: Level of storage during a cloudy day

Similarly, a simulation was performed for a cloudy day scenario, where the irradiance from the sun is too
low or equals to zero. As it is evident from Figures 7-11 and 7-12, the behavior of the micro-grid during a
cloudy day scenario is slightly different. Hence, since the control has to cope with the high-power
fluctuation in the generation, the cloudy day connotes a big challenge for renewable micro-grids. In this
weather situation, the irradiance from the sun is not sufficient to meet the demand. Therefore, it is expected
that the battery bank absorbs high-frequency oscillations while the hydrogen provides energy for a long
time, as the micro-grid comprises a hybrid storage system. More so, reducing switching in hydrogen storage
is another problem that could be triggered by oscillation conditions. During cloudy weather, between the
hours of 12 hours and 18 hours, as shown in Figure 7-12, the EVs batteries and the battery bank absorb

most of the power fluctuations of the energy generation. Due to irradiance oscillation, a short switching
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between the electrolyser and the fuel cell is observed around 12 hours to 13.30 hours. The energy stored by
the hydrogen storage during the day is used to supply the load at night. Hence, compared to the scenario of
the sunny day, the difference between the initial and final LOH is enormous. This occurrence is anticipated
since the irradiance from the sun during the day is not adequate to supplement the energy expended at the
nighttime. The energy profile sold to the external grid, and the lifespan of the battery is directly affected by
the irradiance oscillation, which is caused by the cloudy weather. Consequently, due to the fluctuation

conditions, the number of charge/discharge cycles increases.
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Figure 7-13: Power flow profile of the EVs charging management during a cloudy day
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Figure 7-14: Level of storage of the EVs charging management during a cloudy day
Figures 7-13 and 7-14 depict the power flow profile and the level of storage of the EVs charging
management during a cloudy day. Similar to the scenario of a sunny day, the EVs were parked at the parking
lots to be charged. Since the EVs are not in motion (idle), their batteries are used as sources of energy to

the loads connected to the micro-grid. The micro-grid uses the EVs as a storage system to compensate for
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the stochastic nature of RES generation, perform primary frequency control, and thus contribute to
improving the dynamic behavior of the systems. Due to the cloudy weather, the irradiance from the sunlight
is not sufficient to effectively charge the EVs, the other sources of energy in the electrical network (wind
generation, fuel cell, and the external grid) are used to meet the demand. Hence, as shown in Figure 6-17,
the EV1 is already charged at around 9 hours of the day. The batteries of the EVs, which allow fast charge
(EV1, EV3, and EV5), are used to reduce the power fluctuations during the cloudy period of the day. Thus,

a slow charge is applied in EV2, EV4, and EV6, similar to the scenario of a sunny day.
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Figure 7-15: Power flow profile of the energy sources during a windy day
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Figure 7-16: Level of storage during a windy day
Simulation is conducted similarly for the scenario of a windy day using a wind turbine as the renewable
energy source. More so, it is evident in Figures 7-15 and 7-16 that compared to the cloudy day, the
fluctuations are not so abrupt. Nonetheless, the wind turbine generation still presents a high stochastic

behavior in its power profile. Therefore, there are some switching occurrences in hydrogen storage, for
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instance, at 10 hours of the day when there is wind fluctuation and also when the load demand is expected
to be met around the 20 hours of the day. The electrolyser operates for most hours of the day, and, as a
result, the LOH value of the hydrogen storage is higher than it was at the beginning of the day.
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Figure 7-17: Power flow profile of the EVs charging management during a windy day
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Figure 7-18: Level of storage of the EVs charging management during a windy day

As shown in Figures 7-17 and 7-18, the EVs batteries are scarcely used by the micro-grid, although they
are accessible for energy balancing between the supply and demand. The simulation adopted four switching
mechanisms between the fuel cell and the electrolyser. The switching mechanisms are essential due to the
impact of the proposed constraints and the penalty function in order for the operating time of the individual
equipment to be minimized. Since the weather condition is windy, the energy from the wind turbine is used
to charge the EVs for some hours. Due to the abundance of wind, the energy from the wind generation is

surplus, which energizes the electrolyser to operate for most hours of the day.
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Figure 7-20: System frequency with EVs

Figures 7-19 and 7-20 illustrate the deviations in the system frequency without incorporating the electric
vehicles and integrating EVs, respectively. The system frequency without EVs has more oscillations in the
system response than when EVs are incorporated. The frequency when EVs are connected remains within
the permissible limits. EVs are parked in the parking lots to store energy during the surplus energy from
renewable energy sources, and the energy is used to compensate for any power imbalances between the
generation and demand. It is seen from Figure 7-19 that the deviation of the frequency for the case without
EVs is unable to restore to its nominal frequency until the renewable energy sources start generating at full
power. The presence of the EVs was able to stabilize the grid frequency. It is evident in all the simulation
results that the proposed controller has been able to manage the energy in the micro-grid, meet the load
demand of the various loads connected to the micro-grid, and also efficiently charged the electric vehicles
[26].
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7.4 Chapter Summary

In this chapter, the problems of micro-grid control with the incorporation of renewable energy generation,
hybrid storage technologies, and the integration of the EVs with V2G technology have been addressed. This
chapter adopted the AMPC control technique to optimize the charge/discharge of the EVs in a receding
horizon manner in order to reduce operational cost in a renewable energy-based micro-grid. Meanwhile,
two scenarios were investigated; firstly, a load shifting mechanism was used to solve the charge
management problem during a known interval of parking time. Secondly, the concept of EVs with V2G
capabilities when connected with the micro-grid was introduced. In this case, the vehicle battery
collaborated with the ESS of the micro-grid to maximize cost benefits and mitigate the intermittency of
renewable generations. It is evident from the results when a load shifting mechanism was used to solve the
charge management problem during a known interval of parking time that the cost function, /, obtained
when the EVs were incorporated was drastically minimized compared to when EVs were not integrated as
shown in Table 7-1. More so, the integration of the EVs was able to stabilize the grid frequency. The
deviations in the system frequency when EVs were integrated quickly damped out. However, the system
frequency response could not restore to its nominal value when EVs were not incorporated. It is evident
from the obtained results that the proposed control algorithm was able to effectively manage the renewable
energy sources, energy storage units, vehicles charge, and the purchase and sale of electric power with the
grid. Frequency control is a central control concern in the design and operation of electrical power systems.
It is becoming more and more important today due to the growing scale, the evolving structure, the advent
of new distributed renewable energy sources and uncertainties, environmental and operational constraints,
and the complexity of power systems. Therefore, to reduce the frequency deviation, the frequency control
units can quickly compensate for the difference between the power supplies and power demand. The next
chapter uses the adaptive model predictive control (AMPC) technique for load frequency control of a two-
area interconnected power system with a stand-alone micro-grid. The purpose of this study in the next
chapter is to solve the problems of frequency deviation against variations in system parameters and load

disturbance of a typical stand-alone micro-grid.
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CHAPTER EIGHT
LOAD FREQUENCY CONTROL OF A TWO-AREA POWER SYSTEM
WITH A STAND-ALONE MICRO-GRID

8.1 Introduction

The previous chapter addressed the problems of control and energy management in micro-grid with the
incorporation of renewable energy generation, hybrid storage technologies, and the EVs with V2G
technology. The adaptive model predictive control (AMPC) technique was used to optimize the
charge/discharge of six EVs in a receding horizon manner in order to reduce operational cost in a renewable
energy-based micro-grid. Hence, the proposed algorithm effectively managed the renewable energy
sources, vehicles charge, energy storage units, and the purchase and sale of electric power to the external
network. More so, two scenarios were investigated in order to examine the performance of the proposed
controller to manage the renewable energy sources in the micro-grid system. Furthermore, other benefits
of V2G concepts, such as voltage and frequency control for the micro-grid stability, were investigated.
Therefore, it is evident from the obtained results that the proposed control algorithm effectively managed
the renewable energy sources, energy storage units, vehicles charge, and the purchase and sale of electric
power with the grid. Frequency control is a central control concern in the design and operation of electrical
power systems. It is becoming more important today due to the growing scale, the evolving structure, the
advent of new distributed renewable energy sources and uncertainties, environmental and operational
constraints, and the complexity of power systems. Therefore, to reduce the frequency deviation, the
frequency control units can quickly compensate for the difference between the power supplies and power
demand [256], [257]. It is worth noting that the traditional MPC controller is not reliable in the handling of
changing dynamics, as the internal plant model used in the MPC for prediction is constant. The optimal
result could not be obtained by an MPC controller with constant penalty weights while taking into account
micro-grid complexities. This poses the need for an advanced control algorithm that takes the updated plant
model at each time step for the current operating condition; thus, it makes accurate predictions for the new
operating condition. Hence, in order to deal with changes in plant dynamics, the adaptive model predictive
Control algorithm is utilized [26], [258]. The above analysis motivated the proposed advanced controller,
adaptive model predictive load frequency control for a two-area power system with a stand-alone micro-
grid. This chapter uses the adaptive model predictive control technique for load frequency control of a two-
area interconnected power system with a stand-alone micro-grid. A generalized state-space model of a
typical stand-alone micro-grid having controllable and uncontrollable generating power sources is derived.

The same proposed control algorithm is used to predict the future output and control inputs for the micro-
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grid frequency control. The purpose of this study is to solve the problems of frequency deviation against
variations in system parameters and load disturbance of a typical stand-alone micro-grid. Therefore, in
order to achieve better system performance, it is expedient to understand the effects of system parameters
on the control performance of the proposed controller, which is essential for the controller design process.
Hence, the effects of system parameters variation on the control performance of the AMPC control
technique for frequency control in a stand-alone micro-grid are investigated. More so, based on the various
cases considered in this chapter, it is evident that the closed-loop response obtained by the AMPC algorithm
has proven to be faster and adaptable. The effectiveness and robustness of the AMPC control technique are
demonstrated for different load, solar power, and wind power perturbations and similarly evaluated by the
computation of quantitative performance indices under the variation of the system parameters. Furthermore,
to be more realistic in our analysis of the proposed system model, certain physical constraints affecting the
power system performance were included. Such physical constraints are the reheat turbine (RT), the time
delay (TD), the generation rate constraint (GRC), and the dead band (DB) for the steam turbine. The impacts
of these physical constraints on the system dynamic performance were also investigated [5], [223]. The
simulation results of the proposed model demonstrated good dynamic response, robustness, optimum
performance, and superiority of the proposed AMPC technique to the MPC control technique. The dynamic
modeling, state-space representation, and the AMPC controller design for the stand-alone micro-grid are
presented in chapter 3. This chapter presents the results and the discussions obtained in the various cases
conducted [26], [259].

8.2 Description of the Dynamic Modeling of the Stand-Alone Micro-grid

A two-area interconnected power system, with control area 1 consisting of a multi-renewable energy-based
micro-grid (PV generation system, fuel cell, wind turbine system, and battery) and control area 2 consisting
of a thermal reheat turbine system, TD, DB, and GRC are shown in Figure 8-1. In addition, the simulation
of the transfer function model carried out in this study used the governor's linearized models, thermal with
reheat turbine, PV system, wind turbine system, fuel cell system, battery storage system, and UPFC
connected along the AC-DC tie line as depicted in Figure 8-1. The deviation in frequency is caused by the
mismatch between the power generated and the demand. Similarly, the micro-grid frequency is also
deviated by the changes in solar irradiance and wind speed. The thermal generation (TG) with primary
frequency control can generate power quickly to respond to changes in power demand or supply. The
primary frequency control is based on the droop speed control technique, which results in a steady-state
frequency error. Therefore, the secondary frequency control, which is based on the AMPC control
technique, is applied to the ESS in order to restore the system frequency to its nominal value. Hence, the
nominal power values of each micro-grid component (PV, WTG, TG, FC, ESS, and Load) are 100 kVA,
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100 kVA, 160 kVA, 80 kVA, 90 kWh, and 200 kW, respectively [260]. The penetration of RESs, such as
the generation of the Solar system and wind turbines in the microgrid, decreases overall device inertia and
negatively affects the frequency and voltage stability of the microgrid. More so, it is highly anticipated that
the LFC-based on the AMPC control technique to compensate for the active power imbalance in the stand-

alone microgrid.

Wind Turbine Generation

Solar Power Generation

Fuel cell
[DC/AC]

§ [

Power [Power converter |
ontrol em ANMPC
[DC/AC] control rithm

-~
> | |« ---——--- >
IPower converter

Figure 8-1: The model-based design description of the stand-alone micro-grid

Figure 8-2 illustrates the linearized model of the stand-alone micro-grid system, which is commonly studied
for evaluating the frequency response of the stand-alone micro-grid system. Control area 2 units has its
participation factor, K; and regulation parameter, R, which determines their contributions to the nominal
loading. In this study, two control techniques are being investigated in order to compare their control
capacities in the minimization of area control error (ACE) of the control areas to nearly a zero value. Hence,
to have a thorough insight into the AGC problem, it is imperative to integrate physical constraints in the
dynamic model of the system to provide a more practical power system. Some of the generating units,
therefore, have some essential physical constraints such as DB for the governor, TD, and GRC for the steam
turbine. These non-linear characteristics have often been ignored in some literature [261], [262]. Thus, this
chapter incorporates certain physical constraints to make up this defect in the proposed model. Also, the
unified power flow controller (UPFC), a member of the flexible alternating currents transmission systems
(FACTS) family, is used in series with a tie line further to improve the dynamic performance of the power
system. Thus, frequency control in a two-area multi-renewable micro-grid source is achieved primarily by

predicting control signals and future outputs, i.e., control actions and frequency deviations to the
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controllable units. It is worthy of note that the renewable sources are presumed to operate at maximum
power point [68]. The AMPC control design algorithm is used to accomplish the predictions where a state-
space system model is used. In area 1, as shown in Figure 8-2, the PV system consists of the PV panel,
maximum power point tracking (MPPT), inverter, and filter. Kp, is the gain of the PV system, a, and ¢,
are the negative values of poles, and a, is the negative value of zero in the transfer function. Hence, it goes
for all the generation sources in the system [14], [242]. The thermal system dynamic model comprises the
speed control loop, steam turbine model, and the governor. Two types of wind turbine generators (fixed-
speed WTG-based on an induction generator and variable speed WTG based on a doubly fed induction

generator) are considered in this chapter to show the influence of various WTG models on the control

performances.
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Figure 8-2: Transfer function model of a two-area multi-renewable energy sources-based autonomous
micro-grid.

8.3 Simulation Results and Discussions

This section presents the simulation results and discussions of various cases of the LFC problem in two-
area multi-renewable sources stand-alone micro-grid. Therefore, to demonstrate the effectiveness of the
proposed AMPC scheme over the traditional MPC, we considered different cases, including variations in

the system generation, load, and parameters. The two-area multi-source power network shown in Figure 8-
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2, with renewable energy sources, is simulated in Simulink/ MATLAB. More so, some physical constraints
such as reheat turbine, GRC, TD, and DB that affect the performance of the power system are investigated
for more practical study. It is worth mentioning that power generation can only be adjusted at a specified
maximum rate in a power system with a steam turbine. Two types of wind turbine generators (WTGs) are
considered in this section to depict the influence of various WTG models on the control performance of the
two control algorithms under investigation. The dynamic responses of both controllers (AMPC and MPC)
are evaluated considering the micro-grid system of Figure 8-2 under the condition of load perturbation,
solar, and wind power fluctuations. Communication delays are, therefore, a significant challenge in the
analysis of LFC problems due to the increasing complexity of power systems in a deregulated environment.
Thus, to be more realistic in analyzing the proposed model, these physical constraints are included in the
system model. The reheat unit has a generation rate of 10% puMW /min, the maximum value of DB for
governor is set as 0.05 p.u, and the typical value of time delay is considered to be 2 sec for the present

study. The system parameters used in the model simulation are shown in Table D-6.

AC tie line with UPFC
Control Area 2

Thermal system with

[Control Area 1]

Renewable Energy Physical constraints
Sources . (Re-heat turbine,
‘(PV generation, Generation Rate
Wind turbine model, Constraints
Fuel cell, and AC-DC tie line with UPFC  \Dead Band, and Time
Battery storage)

Converter —| I— Converter
l DC link l

Figure 8-3: Two-area multi-renewable sources isolated micro-grid with UPFC

The simulations are implemented on MATLAB/Simulink 2018b software core i5 processor, 8" Gen,
2.5GHz, 8GB RAM. Fig. 8-3 shows the schematic representation of the system under study. Comparison
based on good dynamic response, robustness, optimal performance and the superiority of the proposed
AMPC technique to the MPC control technique is investigated. Several scenarios are conducted to assess
the dynamic response and robustness of the secondary frequency control based on the AMPC by
considering the system uncertainties. More so, under the conditions of load change and wind power
fluctuations, the dynamic responses of both controllers are assessed by examining the MG system. Table

8-2 shows the various parameters setting of AMPC and MPC control techniques.
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Table 8-1: The parameter settings of the AMPC and conventional MPC control schemes

Control Algorithms Parameters Settings

AMPC Prediction horizon, P = 10, control horizon, M =
5, weights on manipulated variables = 0.01,
weights on manipulated variables rate = 0.02,
weights on the output signals = 1.2, sampling
interval = 0.0002s, Max. control action=
0.2 pu, Min. control action = 0.2 pu, Max.
Frequency deviation=1pu, Min. frequency
deviation= 1 pu, weight vectors, Q = Epyp, R =
0.01E 5 -

Conventional MPC Prediction horizon, P = 10, control horizon, M =

5, weight vectors, Q = Epyp, R = 0.01Eyx -

8.3.1 Case 1: Step load variation and dynamic system response

In this case, the dynamic system response of the micro-grid with series step changes in the load is evaluated.
The load changes are implemented with an increase in the value of AP,. The load connects to the stand-
alone micro-grid system at 5 seconds with an amount of 0.02 p.u (2% step increase in load with AC tie
line), as shown in Figure 8-4a, which results in the reduction of the frequency. The micro-grid frequency
recovers to its nominal value due to the ESS with the secondary frequency control, which generates more
active-power. It is evident in Figure 8-4b that the control performance of the micro-grid frequency with the
AMPC control technique outperformed the MPC control technique. The frequency response using AMPC
is better and faster, and the overshoot is quite lower than the MPC technigue. The physical constraints (non-
linear features) affect the optimum values of the controller parameters and the dynamic transient response
of the thermal system, which results in more oscillations when the controller is not incorporated. The
physical constraints significantly impact the control performance of the conventional MPC algorithm
compared to the proposed AMPC controller in the thermal system. Moreover, the inclusion of the UPFC in
series with the tie-line further improves the dynamic response of the system and the control parameter
values. The performance indices (Criteria) utilized in this study include the integral of time multiplied
square error (ITSE), the integral of time multiplied absolute value of the error (ITAE), the integral of the
absolute value of the error (IAE), the integral of square error (ISE), the overshoot of AF;, AF, and AP;;,

denoted as V,1, V,2 and Vi3, respectively, the rise time of AF;, AF, and APy, is denoted as t,4, t,, and
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t,3, respectively. More so, settling time of AF;, AF, and AP;;, is denoted as t,, t,, and t.3, respectively,

the steady-state error of AF,;, AF, and AP;;, denoted as Egqq, Ess2, and Eg¢s, respectively.

The performance indices utilized in this study are defined as follows [258], [263]:
ITSE = [[™*((AF)? + (AF,)? + (APye)?)tdt

ISE = [ ((AF)? + (AF,)? + (APy)?)dt

ITAE = [ t(|AFy| + |AF,| + |APy, dt

Tmax
IAE = [T (|AF, | + |AF, | + AP, dt
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Figure 8-4: Dynamic response of the system for 2% step increase in load with AC tie-line: (a) Load
disturbance (b) Area 1 frequency deviation (c) Area 2 frequency deviation (d) Tie-line power deviation

Figure 8-5 shows the dynamic response of the power system for 2% step increase in load with AC-DC tie-
line. It is evident from Figure 8-5 that the dynamic responses of the system control parameters are better

with the AC-DC tie compared to the results obtained with the AC tie-line, as shown in Figure 8-4.
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Figure 8-5: Dynamic response of the system for 2% step increase in load with AC-DC tie-line: (a) Load
disturbance (b) Area 1 frequency deviation (c) Area 2 frequency deviation (d) Tie-line power deviation

8.3.2 Case 2: System dynamic response with dispatchable DERs

In this case, the frequency regulation in the power system is studied when there are just dispatchable units
such as fuel cell, diesel units, and battery storage in the system. The load change of 0.02 p.u (AP, = AP;, =
0.2) is utilized. Therefore, a negative frequency and tie-line power deviation responses are obtained for the
load change, as there are only two dispatchable generation units in the system. The simulation period and
sampling time are taken as 30 seconds and 0.02s, respectively. Due to the absence of renewable sources,
there are few oscillations in the system response of area 1. Similarly, due to the non-linear features in area
2, more oscillations are seen in the dynamic response without a controller, and fewer oscillations with the
conventional MPC control technique. The proposed AMPC control technique performs better than the
conventional MPC based on the dynamic performance in case 2. The dynamic response of the tie-line is
further improved due to the presence of UPFC, which is placed in series with the tie-line, as shown in Figure
8-6.
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8.3.3 Case 3: System dynamic response with wind speed fluctuation of 2m/s

This case introduces the wind gust component of magnitude 3m/s for 5 seconds in the wind velocity, and
the wind mean-velocity is taken as 7m/s. The load change of 0.02p.u is used, and the change in solar power
is maintained constant at 0.05p.u. The wind power increases from 0 p.u to the average power of 0.02p.u. It
is evident in the frequency response of the micro-grid system under the conditions of load change and wind
perturbation of 2 m/s, which is shown in Figure 8-7. The performance of the proposed control technique is
better and faster than the MPC control technique. The type of WTG model used in this section is the fixed-

speed WTG-based on an induction generator.
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Figure 8-7: Dynamic response of the system with wind perturbation of 2 m/s (a) Wind perturbation (b) Area
1 frequency deviation (c) Area 2 frequency deviation (d) Tie-line power deviation

8.3.4 Case 4: System dynamic response with series step changes in solar power

In this case, a series step increase in solar power is considered. Meanwhile, the change in APy, wind power

is taken as 0.05 p.u throughout the simulation, and the load change of 0.02 p.u (AP;; = AP, = 0.2) is used.

It is evident in the frequency response of the micro-grid system under the conditions of load change and

solar perturbation, which is shown in Figure 8-8. The performance of the proposed control technique is

better and faster than the MPC control technique.
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Figure 8-8: Dynamic response of the system with series of step changes in solar power (a) solar perturbation
(b) Area 1 frequency deviation (c) Area 2 frequency deviation (d) Tie-line power deviation
8.3.5 Case 5: System dynamic response with all the disturbances in the system (AP, APy, and APg)

In this case, the dynamic response of the system is investigated, considering all the possible disturbances
in the system. The disturbance studied in case-3, case-4, and case-5 are applied simultaneously. The
performance comparison of the proposed AMPC control technique to the MPC control technique based on
the performance indices (ITSE, ITAE, IAE, ISE, Vyy, Vpa, Vps, tr1, trp, and t,3) are assessed and have
been tabulated in Table 8-7. It is evident in the dynamic response of Fig. 8-9 and the performance indices
in Table 8-7 that the proposed control technique performs better and more efficiently for load frequency
control. Therefore, due to all the disturbances in the systems, more oscillations are seen in the dynamic
response of area 1. However, the proposed AMPC control technique performs better than the conventional
MPC based on the dynamic performance in case 1. The dynamic response of the tie-line is further improved

due to the presence of UPFC, which is placed in series with the tie-line.
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Figure 8-9: Dynamic response of the system with all the disturbances (a) Area 1 frequency deviation (b)
Area 2 frequency deviation (c) Tie-line power deviation.

Table 8-2: Comparison of the system performance of the control techniques using the performance indices
in CASE 1-A

Algorithms AMPC | MPC | Without | Algorithms AMPC | MPC | Without
Performance- Controller | Performance- Controller
indices indices
ITAE 7.35 | 19.28 134.39 Vp2 0.002 | 0.007 0.012
ITSE 0.44 | 0.96 9.87 tro 6.0 10.0 13.0
IAE 9.58 |14.13 | 39.52 t, 60 | 17.0 23.0
ISE 0.32 | 0.98 8.65 Es»(107%) | 0.068 | 1.96 3.84
Vi1 0.005 | 0.008 0.018 Vi3 0.003 | 0.008 0.015
t.q 7.0 | 12.0 15.0 t 80 | 12.0 13.0
to 8.0 | 18.0 25.0 tes 7.0 | 18.0 24.0
Es1(1075) | 0.41 | 1.80 3.68 E.3(107%) | 0.0052 | 0.083 | 0.091

Table 8-3: Comparison of the system performance of the control techniques using the performance indices
in CASE 1-B

Algorithms | AMPC | MPC | Without | Algorithms | AMPC | MPC | Without
Performance- Controller | Performance- Controller
indices indices
ITAE 8.25 |20.36 | 141.35 V2 0.001 | 0.003 | 0.008
ITSE 0.57 | 0.89 8.97 tro 6.0 9.0 13.0
IAE 10.51 | 16.83 | 42.52 tso 7.0 15.0 20.0
ISE 0.46 | 0.88 10.65 E.,(1075) | 0.048 | 1.86 3.75
Vi1 0.002 | 0.006 | 0.014 Vs 0.003 | 0.009 0.01
t 7.0 12.0 14.0 tra 8.0 13.0 14.0
tsq 8.0 16.0 23.0 ts3 9.0 18.0 27.0
E¢1(107%) | 043 | 1.85 3.58 Es3(1075) | 0.0063 | 0.090 0.098
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Table 8-4: Comparison of the system performance of the control techniques using the performance indices
in CASE 2

Algorithms AMPC | MPC | Without | Algorithms AMPC | MPC | Without
Performance- Controller | Performance- Controller
indices indices
ITAE 6.27 | 18.75 214.18 Vo 0.003 | 0.006 | —0.035
ITSE 0.48 0.83 16.52 tyo 4.0 5.0 4.0
IAE 8.54 | 12.15 48.95 tso 6.0 14.0 19.0
ISE 0.35 | 0.74 10.37 Es»(107%) | 0.065 | 1.92 3.86
Vi1 0.002 | 0.007 | —0.03 Vi3 0.004 | 0.016 | -0.017
tq 30 | 4.0 6.0 ts 3.0 4.0 4.0
toq 4.0 8.0 13.0 tes 3.0 7.0 12.0
Eg1(1075) | 037 | 1.77 3.62 Es3(107%) | 0.0054 | 0.085 0.093

Table 8-5: Comparison of the system performance of the control techniques using the performance indices
in CASE 3

Algorithms AMPC | MPC | Without | Algorithms AMPC | MPC | Without
Performance- Controller | Performance- Controller
indices indices
ITAE 6.32 | 18.26 | 245.42 Vp2 0.002 | 0.007 0.018
ITSE 0.36 | 0.83 16.75 tyo 3.0 3.0 4.0
IAE 8.54 | 13.17 46.92 tso 4.0 12.0 23.0
ISE 0.27 | 0.85 11.58 Es»(107%) | 0.060 | 1.91 3.80
Vi1 0.001 | 0.005 0.02 Vi3 0.002 | 0.006 0.017
t.q 2.0 3.0 4.0 t 3.0 4.0 7.0
to 3.0 | 13.0 26.0 tes 50 | 12.0 18.0
E¢1(107%) | 040 | 1.66 3.85 Es3(107%) | 0.0042 | 0.075 0.081

Table 8-6: Comparison of the system performance of the control techniques using the performance indices
in CASE 4

Algorithms AMPC | MPC | Without | Algorithms AMPC | MPC | Without
Performance- Controller | Performance- Controller
indices indices
ITAE 9.46 | 45.67 261.30 Vo 0.002 | 0.013 0.022
ITSE 0.88 | 1.69 19.61 tro 2.0 3.0 3.0
IAE 13.54 | 18.43 57.38 te, 5.0 8.0 15.0
ISE 0.66 | 1.78 14.83 Es,(107%) | 0.055 | 1.79 3.70
V1 0.002 | 0.015 0.042 Vi3 0.004 | 0.006 0.017
t,q 5.0 7.0 5.0 t 3.0 3.0 4.0
to 10.0 | 15.0 17.0 ts 6.0 | 10.0 16.0
E¢1(107%) | 037 | 1.69 3.60 Es3(1075) | 0.0049 | 0.078 0.084
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Table 8-7: Comparison of the system performance of the control techniques using the performance indices

in CASE 5
Algorithms | AMPC | MPC | Without | Algorithms AMPC | MPC | Without
Performance- Controller | Performance- Controller
indices indices
ITAE 7.25 | 1897 | 217.16 Vb2 0.002 | 0.015 0.024
ITSE 0.52 | 0.88 16.92 tro 2.0 3.0 4.0
IAE 8.74 | 12.85 49.83 tso 7.0 13.0 23.0
ISE 039 | 0.77 7.87 Ees,(107%) | 0.069 | 1.99 3.80
Vb1 0.004 | 0.022 0.045 Vi3 0.003 | 0.016 0.02
t. 3.0 5.0 5.0 ty 1.0 2.0 3.0
to 10.0 | 17.0 22.0 tes 8.0 | 14.0 22.0
Ee;(107%) | 0.42 | 1.85 3.66 E.3(107>) | 0.0054 | 0.085 0.095

Table 8-8: Comparison of the system performance of the control techniques using the performance indices

in CASE 6
Algorithms AMPC | MPC | Without | Algorithms AMPC | MPC | Without
Performance- Controller | Performance- Controller
indices indices
ITAE 7.05 | 17.57 220.15 Vb2 0.014 | 0.02 0.041
ITSE 0.68 | 0.90 18.62 tro 2.0 3.0 4.0
IAE 9.62 | 14.74 53.45 tso 6.0 13.0 22.0
ISE 0.47 | 0.92 9.50 E.,(107%) | 0.078 | 1.98 3.89
Vb1 0.015 | 0.024 0.044 Vi3 0.012 | 0.018 0.028
t. 2.0 3.0 4.0 ts 2.0 3.0 3.0
to 7.0 | 14.0 23.0 tes 7.0 | 12.0 21.0
E1(107°) | 0.46 | 1.87 3.79 E.3(1075) | 0.0055 | 0.089 | 0.097

In this study, the objective function is defined based on the desired specifications and constraints. Generally,
the designed objective function utilized to tune the controller is based on the performance index that
considers the entire closed-loop response. Specific outputs in the specifications in the time domain are
settling time, peak overshooting, rise time, and steady-state error. Therefore, the four types of performance
indices often considered in the control design are the integral of squared error (ISE), integral of time
multiplied absolute error (ITAE), integral of absolute error (IAE) and integral of time multiplied squared
error (ITSE). Hence, it is evident from Tables 8-2 to 8-8, that in terms of the dynamic response performance
and the performance indices used as the objective function in this study, the proposed AMPC control
technique performs better than the MPC control technique. The dynamic response and the values of the
performance criteria obtained are further improved due to the UPFC connected in series with the tie-lie.
The system performances could not have been these better should the UPFC is not included in the stand-

alone micro-grid system. Hence, to justify the superiority of the proposed controller scheme (AMPC) to the
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other controller (MPC), the standard objective functions such as IAE, ITAE, ISE, and ITSE (steady-state
errors of both the area frequency and the tie-line power interchange between neighboring control areas) are
utilized. Therefore, it is evident from Tables 8-2 to 8-8 that the estimated steady-state errors using ITSE
and ISE are very close to zero, which is the ultimate goal of utilizing the various control techniques in this
chapter.

8.3.6 Case 6: Robustness Analysis for Parametric Uncertainties

The AMPC operation is based on the prediction of the model utilized to estimate the future state variables.
The mismatch between the designed model parameters and the actual model parameters often affects the
control performance of the controllers. The effect of variation in the loading conditions and system
parameters on the system dynamic performances of the AGC problem received less attention in the
literature. Therefore, in order to demonstrate the robustness of the proposed control techniques against
parameter uncertainties, this case introduces the parametric variation in the system model and studies the
system response by the proposed AMPC control technique to the MPC control technique. The variation of
multiple system parameters that have a significant influence on the control performance is investigated.
The parametric variations/uncertainties are incorporated as follows: Inertia time constant, H = +50%;
Regulation constant, R= +30%; Turbine time constant, T,=50%; Governor time constant, 7, = +50%; Load
damping, D = —40%; battery time constant, T,=—45% and frequency bias factor, B= +30%. The wind

velocity is kept at 6.5m/s, the change in solar power is maintained at 0.05 p.u, and the load is 0.02 p.u.

It is evident in Figure 8-10 that AMPC performs the best in terms of the dynamic response and the
performance indices stipulated in Table 8-8 under all of the conditions. More so, the dynamic responses of
the AMPC control technique have fewer fluctuations, faster response, and better steady-state performance
than the MPC control technique during parametric uncertainties. This validated the efficiency and

robustness of the proposed AMPC algorithm against a wide range of parameter uncertainty.
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Figure 8-10: Dynamic response of the system with parametric variations (a) Area 1 frequency deviation (b)

Area 2 frequency deviation (c) Tie-line power deviation

Table 8-9: Comparison of simulation results for different control techniques over 30 independent runs
without physical constraints and UPFC

Algorithms Maximum Minimum Standard deviation Average
Adaptive MPC 0.7564 0.4582 0.2061 0.6517
MPC 0.8251 0.5563 0.3294 0.7063
Without controller 1.5564 0.9968 0.7842 1.2567

Table 8-10: Comparison of simulation results for different control techniques over 30 independent runs
with physical constraints and UPFC

Algorithms Maximum Minimum Standard deviation Average
Adaptive MPC 0.7315 0.4132 0.2023 0.6311
MPC 0.8020 0.5333 0.3225 0.7001
Without controller 1.5254 0.9622 0.7540 1.2267

Tables 8-9 and 8-10 show the comparison of the simulation results for different control techniques over 30
independent runs with and without physical constraint and UPFC in the micro-grid system. The maximum,
minimum, standard deviation, and the average of the objective function values are stipulated in Tables 8-9
and 8-10. Therefore, from the statistical analysis on Tables 8-9 and 8-10, it is seen that the minimum
objective function values obtained with the proposed Adaptive MPC algorithm (ITAE = 7.552,ITSE =
0.49,IAE = 8.462,ISE = 0.521) compared to MPC control technique (ITAE = 15.512,ITSE =

162



1.69,IAE = 12.872,ISE = 1.656), and without controller (ITAE = 137.512,ITSE = 16.26,IAE =
48.312,ISE = 12.753). Therefore, going by the statistical analysis shown in Tables 8-9 and 8-10 and the
performance indices evaluation, the proposed adaptive MPC outperformed the other considered control

techniques.

Table 8-11: The system eigenvalues and minimum damping ratios with and without the proposed controller
(AMPC) and UPFC

With With Controller With Controller
Controller without UPFC in the presence
of UPFC
—9.3251 —21.4051 —95.6351
—8.4327 —20.4751 —20.4821
—7.6320 —17.2108 —20.3581
-7.7211 —6.6217 —16.6521
—-2.4351 —6.5808 —16.8157
—2.3842 —4.7185 —5.7581
—1.7358 —3.6172 —5.3885
—1.6654 —3.7251 —4.0531 £ 1.6706i
—1.2352 —2.6360 —3.5378
—-1.0197 —2.3458 —3.5013
—0.2521 + 0.8531i —0.3351 + 1.8457i —2.8251
0.1427 + 1.4530i —0.8651 + 0.7541i —0.8241 £+ 0.6845i
0.1672 + 1.2538i —0.8541 —0.9857
—0.4215 —-0.3231 —0.5107
—0.2016 —0.0857 —0.2485
—0.05147 —0.0535 —0.0855
—0.04059 —0.0326 —0.0518
—0.03162 —6.0075 —0.0457
—6.6207 —6.3515 —5.6505
—6.2701 - —6.5002
MDR = 0.0735 MDR = 0.0986 MDR = 0.1425

Table 8-11 shows the system eigenvalues and minimum damping ratio with physical constraints for all the
cases. It can be seen that the system without controller (Adaptive MPC) is unstable, the reason being that
not all the real parts of the eigenvalues are negative, and hence, some poles lie in the right half of the s-
plane, making the system unstable. More so, the system becomes stable with the proposed controller
(Adaptive MPC) as all the real parts of the eigenvalues are negative, and thus, all the poles lie in the left
half of the s—plane, hence, making the system stable, this is evident from Table 8-11. Furthermore, in the
presence of UPFC with the proposed controller, the system becomes more stable as the negative real parts

of the eigenvalues are shifted toward the left half of the s-plane. Similarly, Table 8-11 depicts the minimum
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damping ratios (MDR) for all cases. Therefore, it is worth mentioning that the MDR ought to be high,
should we require reducing the system oscillations. The optimum value of MDR is obtained with the
proposed controller compared to the case without the controller. More so, the value of the MDR is further
improved in the presence of UPFC; hence, we can conclude that the proposed method reduces the oscillating
state. The system becomes unstable without a controller when the physical constraints such as dead band
(DB), time delay (TD), reheat turbine, and generation rate constraints (GRC) are considered. Therefore, for
proper capabilities of the proposed controller, the TD value is selected such that the system becomes
unstable without the controller for a better illustration. Nonetheless, the primary controller alone may be

enough in the realistic system to stabilize the system with some steady-state error.

8.3.7 Impacts of the WTG Based on DFIG on the Performance of the Proposed Control Algorithms

Due to the economic gains, the use of variable speed WTG based on a doubly fed induction generator
(DFIG) has gained more popularity recently. This section further investigated the impacts of Wind Turbine
Generator based on DFIG on the performance of the proposed control algorithms. The block representation
of the WTG that includes the generator and the windmill is depicted in Figure 8-11. The equations that
describe the characteristics of the generator and the windmill admit expressions as follows [264]:

Poo = O-SCp(/Lﬁ)Ug)pAw (8-5)
Cy(A, B) = c1(BIA% + c,(B)A3 + c3(B)A* (8-6)
c1(B) = cio + c11B + €187 + 1383 + c14B* (8-7)
c2(B) = Ca0 + 218 + C22B% + 238> + 0Bt (8-8)
c3(B) = c30 + €318 + c328% + c33B° + c348* (8-9)
A= e (8-10)
W = [ 2 (Poo = Py)dt (8-11)
s = wz}“" (8-12)
p, = —-3V2s(1+5)R; (8-13)

 (Rp=SR1)2+5% (X1 +Xp)?
Where, c;9 — ¢34 represent the windmill characteristics-constants. More explanations on the wind turbine

generator can be found in ref [265].
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Figure 8-11: Block representation of the generator and windmill characteristics

The power output of the WTG can be regulated slightly by the change of the pitch angle, 8. The change of
the blade pitch angle for frequency control in a micro-grid has been considered in several studies. The study
is focused primarily on the AMPC-based ESS controller; hence, it is assumed that the pitch angle [ is equal

to zero. The configuration parameters of the wind turbine generator are shown in Table 8-12.

Table 8-12: The configuration parameters of the wind turbine generator [265]

Windmill Value Generator Value Generator Value
Parameters

R, 14 m Rated power WTG | 160 kW R; 0.00443 Q
] 62,993 kgm? | V 380V X1 0.0376 Q
p 1.225kg/m3 | Ry 0.00397Q | X» 0.0534 Q

It is worth mentioning that the controller design process, in this case, is similar to the previous design
procedures. The ESS power output has a limited value of £0.5725 pu. Therefore, to obtain the controller
output, u(k/k), the cost function is minimized, and it is subject to —0.5725 < u(k) < 0.5725. The
frequency response of the stand-alone micro-grid with WTG based-DFIG is depicted in Figure 8-11. The
deviation in the frequency response of the micro-grid with a variable-speed WTG is marginally reduced
compared to the frequency deviation obtained in Figure 8-7. The reason for this drastic reduction in the
frequency deviation of WTG based on DFIG is that the WTG can smoothen its power output. Hence, due
to the WTG complex model, the control performance of the AMPC is slightly affected. Nonetheless, based
on the results shown in Figure 8-12, the AMPC-based frequency control outperformed the MPC-based
frequency control based on the dynamic response performance and the performance indices. It is worth
mentioning that the computation time of the AMPC is considered in order to implement AMPC in a realistic

micro-grid system due to the advancement in the complexity of an overall micro-grid system.
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Figure 8-12: Dynamic response of the system with wind perturbation of 2 m/s (a) Area 1 frequency
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8.4 Chapter Summary

In this chapter, an adaptive model predictive control (AMPC) technique is proposed for load frequency
control of a multi-area interconnected power system with renewable energy sources with the UPFC along
both the AC tie line and AC-DC tie line for optimal system performance. The main goal of this study is to
solve the problems of frequency deviation against variations in system parameters and load disturbance.
The essence of using an AMPC control algorithm is to vary the plant model in the on-line MPC structure
to overcome the uncertainty due to the variation of the governor and turbine parameters. The effects of
parametric uncertainties on the performance of the control techniques have been investigated in this study.
It is evident in the results obtained that the robustness of the AMPC control technique against the system
uncertainties is stronger than that of conventional MPC control technique. The response time of AMPC-
based micro-grid frequency regulation is faster than that of the MPC-based frequency control. Furthermore,

due to the high penetration of renewable generations (wind power generation and Solar power generation),

166



the AMPC-based frequency control maintains the micro-grid frequency in the allowable frequency
deviation range. From the six cases studied, it is observed that the proposed AMPC controller outperformed
the conventional MPC in terms of the dynamic response performance and the performance indices. The
proposed controller further demonstrated its superiority in the presence of physical constraints such as dead
band (DB), time delay (TD), and generation rate constraint (GRC). The impact of the UPFC in series with
the tie-line on the system dynamic performance was studied. Consequently, a significant improvement was
observed in the dynamic response performance as well as in the performance indices. Furthermore, this
chapter investigated further the impact of the WTG model on the dynamic performance of the proposed
control algorithms in a stand-alone micro-grid using both fixed-speed and variable-speed WTGs. Thus, due
to the WTG complex model of the variable-speed WTG, the control performance of the AMPC is slightly
affected. Nonetheless, the AMPC-based frequency control outperformed the conventional MPC control

algorithm based on dynamic response performance.
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CHAPTER NINE
CONCLUSIONS AND FUTURE STUDIES

9.1 Closing Remarks

Micro-grids, and the integration of DER units in general, pose a range of operational problems that must
be tackled in the design and implementation of the control systems to ensure that the present levels of
reliability are not significantly affected and the potential benefits of the distributed generations are fully
harnessed. This work proposes and presents new control algorithms for renewable energy microgrids with
hybrid energy storage systems, which can operate in both grid-connected and islanded modes. Hence, this
study aims to use adaptive model predictive control (AMPC) to provide solutions to the micro-grids control
problems for effective and reliable operation of the renewable energy-based microgrids. The availability of
more reliable and effective energy management techniques is one of the main reasons for developing
effective integrated systems based on distributed generations. Firstly, an optimal control strategy that
efficiently manages a stand-alone residential micro-grid comprising of renewable and non-renewable
energy sources was investigated. An adaptive model predictive control algorithm is implemented for
choosing an optimal mode and set of inputs for the system to track both a constant and load-varying power
demand profile. The AMPC control algorithm was implemented to track the power transmitted to residential
micro-grid. Excellent results were obtained for tracking both a constant and a time-varying load reference
power profile. The cost function was minimized, which guaranteed minimum usage of non-renewable
energy sources as it maximizes the consumption of power delivered by a renewable energy source. In the
subsequent chapter, the EMS-based adaptive MPC algorithm was implemented for optimal micro-grids
management based on various energy storage systems. The AMPC algorithm solves an energy optimization
problem with multiple types of energy storage systems in a renewable energy microgrid, which exchanges
electricity with the host grid. This optimization problem is solved at each sampling time to determine
minimum running costs while satisfying the demand and considering technical and physical constraints.
The controller’s proposed behavior has been observed under different external conditions, such as changes
in weather and demand. Different scenarios and configurations were used to demonstrate the AMPC’s
versatility and applicability. The demand response technique for the energy management system in micro-
grid based on adaptive model predictive control was also investigated. The proposed method is a
generalized scheme based on load curtailment, which has been mathematically formulated as an
optimization problem. The minimization problem obtained by using the DR technique for the energy
management system in a renewable energy-based micro-grid is solved using the AMPC algorithm. The

AMPC algorithm is proposed to optimally utilize the maximum power from the renewables by using hybrid
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storage systems. The simulation results have shown that implementing the DR technique for energy
management in micro-grid reduces the peak load demand and, consequently, minimizes the system's
operating costs. Therefore, to further investigate the significance and effectiveness of the proposed control
algorithm, the AMPC control technique was used in the subsequent chapter to optimize the
charge/discharge of the EVs in a receding horizon manner to reduce operational cost in a renewable energy-
based micro-grid. It is evident from the results when a load shifting mechanism was used to solve the charge
management problem during a known interval of parking time that the cost function, J, obtained when the
EVs were incorporated was drastically minimized compared to when EVs were not integrated. Lastly, the
proposed control technique (AMPC) was used for load frequency control of a two-area interconnected
power system with renewable energy sources with the UPFC along both the AC tie line and AC-DC tie line
for optimal system performance. The effects of parametric uncertainties on the performance of the control
techniques were investigated in this study. Hence, it is evident from the results obtained that the robustness
of the AMPC control technique against the system uncertainties is stronger than that of the conventional
MPC control technique. The response time of AMPC-based micro-grid frequency regulation is faster than

that of the MPC-based frequency control.

9.2 Recommendations for Future Studies

This thesis has investigated the application of adaptive model predictive control (AMPC) technigue in a
micro-grid with distributed energy resources (DERs), including distributed generators, energy storage and
demand response to achieve higher penetration of renewable energy. However, there are further areas in
this field of micro-grid control systems to cope with the intermittent, stochastic, and distributed nature of
the generation and with the new consumption patterns that still need to be investigated. The following are

some recommendations for further work:

e The proposed algorithm was mainly used as control system for microgrids integrated with PV
systems, wind turbine, hydrogen storage systems and batteries. However, it can be applied to other
system configurations based on the use of different renewable energy sources and different energy
storage systems.

e One of the main goals in micro-grid operation is the optimization of the final energy price. It,
therefore, makes it very important to have an accurate energy prediction algorithm from generation
and consumption that requires a suitable energy price forecasting system. The complexity of the
associated control problem of the integration of micro-grids into the electrical market requires
advanced control algorithms such as Stochastic and Economic MPC. Thus, a performance

comparison of these control methods also requires more investigation.
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Understanding how variations in parameters affect the output of the model is another critical area
that needs attention as renewables uncertainties are major problems in microgrid operations.
Sensitivity analysis of a renewable-based micro-grid with hybrid energy storage systems with
different kinds of scenarios is essential to increase reliability and robustness, reduces costs, and
improves the performance of the micro-grid.

The energy management system (EMS) presented in this thesis could be extended to consider
operational and degradation costs. It could further introduce a formulation to integrate the terms
related to operational and degradation issues associated to hybrid storage systems in an MPC-based
EMS.

Other ESSs could be introduced in the AMPC algorithm such as flywheel, SMES, molten salts or
graphene batteries to further improve the operation of the micro-grid.

The single micro-grid EMS used in this thesis could be extended to the energy management
problem of several interconnected micro-grids to determine the power flows inside each microgrid
and with the main grid and also the energy interchange among them.

The practical validation of the findings of this study may be considered by implementing a scaled-
down laboratory research scheme. Prior to a full practical investigation, the hardware
implementation of the micro-grid EMS can be initially considered in a hardware-in-loop test using
the real time digital simulator (RTDS) to validate the results of this thesis. More so, the testing of
AMPC using hardware in-loop simulation for the application of AMPC to a realistic micro-grid
system could be considered.

More specifically, another challenge which should be addressed in practice is the plant/model
mismatch which requires additional solutions to maintaining the SoC of the energy storage system
with the given limits.

Finally, the load frequency control problem could be investigated using demand response and EV
integration with micro-grid system.

The obtained results in this thesis could be compared with existing state-of-the-art control methods
available in the literature.

Chapter 8 of this thesis could be further expanded by conducting a robustness analysis of the LFC
system with more uncertainties in the model and, a detailed analysis can be carried out using a
table.
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APPENDICES

Appendix A

The mathematical descriptions of the matrix’s forms of the SOC and LOH used in chapters 5 are given as

follows:

For a sampling time of T; = 60s, the model in matrix form is expressed as [164]:

( ) ( ) NpatTs nbath oacT
SOC(t+1 SOC t Comax  Comax atTs _
[LOH(t + 1)] LOH(t)] l NetzTs grld] [ Cmax ] d(t) (A 1)

Discretizing the overall continuous structure defined by Equation (A-1), the model in matrix form obtained

for discrete-time is as follows:

SoC(k + 1) SOC(k) Doty Tbat’s bacT
+ Cmax Cmax at’s ]
[LOH(k +1) LOH(k)] [ NelzTs grld] [ Cmax ] d(k) (A-2)

Evaluating the matrix expression of Eqn. (A-2) using the values given in the Table D-3, it results in Eqgn.
(A-3):

SOC(k +1)] _[SOC(K)] . [ 1.564 x 1073 1.564 >< 10-31[ P, (®) | |, [1.564 x 10-3
[LOH(k +D] [LOH(k) [—5.667 x 1073 ] [ Poria (k) [ ]d(")(A‘

3)
Consequently, the system matrices admit expressions as:

— -3 -3
A=l B= [1564><10_ 1.564 x 10 ] B =[1.564><10 ] c=1 (A-4)
5.667 x 1073

For the case of the integration of disturbance prediction in the AMPC algorithm, a sampling time of T, =
60s, then the evaluation of the matrix expression of Eqn. (A-2) using the values given in Table D-3, it
results in Egn. (A-5):

SOC(k + 1] _ [SOC(K)] , [93.67 x 1073 93.67 >< 10-31[ Pu () | | [93.67 x 1073
[LOH(k +1] [LOH(k) [_348 % 1073 ] [ Pyria(k) [ ]d(k)(A-S)

Consequently, the system matrices admit expressions as:

-3 -3 -3
A=1 B= [93.67 X107 93,67 x 10 ] B, = [93.67 x 10 ] Col (A-6)
—348 % 10

During the micro-grid operation with hybrid energy storage (lithium and li-ion batteries), a new state

variable is incorporated, SOC, (t), corresponding to the new li-ion battery, so the state vector is given by:

x(t) = [SOC,(t) SOC,(t) LOH(®] (A7)
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And the manipulated variables are given as:

u(t) = [Pfc (t) Pgrid (t) Pbatz (t)]T (A-8)
The disturbance is similar to the preceding case:
a() = Pgen (t) = Pioaa(t) (A-9)

This battery's SOC is constrained between 35 and 80%, with a maximum load/discharge capacity limited

to 3000 W. The control-oriented model is given in this case as:

SOC, (¢ + 1) = SOC(¢) — M( Pre(t) = Poria(t) — d(t)) (A-10)
LOH(t +1) = LOH(8) = —*— Py (6) (A-11)
SOC,(t + 1) = SOC,(t) — ?;‘—%Pbatz(t) (A-12)

Then, for a sampling time of Ty, = 30s, the model in matrix form is given as:

LOH(t+1)|=|LOH(t) | +|— s 0 0 Pyrig(t) | + clmax]d(t) (A-13)

NrcVmax
S0C,(t+ 1| [soc,(v) Pparz(t) 0

Nbat1Ts Nbat1Ts  MbataTs
S0C,(t+1) S0C,(t) Cimax  Cimax  Cimax l Prc(t) m,mrs
0 0 Nbat2 TS

Comax
Discretizing the overall continuous structure defined by Equation (A-13), the model in matrix form obtained

for discrete-time is as follows:

LOH(k+1) | =|LOHK) | +|—— Pyria (k) | + clmax]d(k) (A-14)
SOC,(k+1)|  [S0C,(k) Pyatz (k) 0

NrcVmax
0 Nbat2Ts

Npat1Ts Npat1Ts  Mbat1Ts
S0Cy(k + 1) 50¢, (k) Cimax Cimax  Cimax ‘l Prc (k) nbatlTs

szax

Evaluating the Matrix expression of Eqn. (A-14), it results in Eqn. (A-15):

[S0Ci(k+ D] [SOCi(K)| [46.87x 1073 4687 x 1073 46.87 x 1073 [ Fre ()
LOH(k+1)|=|LOH(k) | +|-225x 10-3 0 0 Pyria (k) | +
SOC,(k+1)]  |SOC,(k) 0 0 —37.65 x 10731 [Py .., (k)
[46.87 X 1073
0 d(k) (A-15)
0
Consequently, the system matrices admit expressions as:
46.87 x 1073 46.87 x 1073  46.87 x 1073 46.87 x 1073
A=1, B=|-225x1073 0 0 By = 0 ,C=1 (A-16)
0 0 —37.65x 1073 0
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Appendix B

The control-oriented model of the microgrid used in chapter 5 of this thesis is modified by including the
power demanded by the load, Pyyqacurt—10ad, @S @ Manipulated variable in chapter 6 to solve EMS problem

using DR technique. Then, for a sampling time of Ty = 30s, the model in matrix form is given as:

Py, (k)

SOC(k +1)] _[SOC(k)], [ 0.046 0.046 —0.046]], - 0.046

[LOH(k+1) _[LOH(k) o160 0 o ) ;)grldgg 7o | Prentl) (B-D
load

Hence, to model the hydrogen storage dynamics, it is expedient to define the variable which is related to

charging/discharging of the hydrogen storage used in chapter 7 of this thesis:
zy, (t) = Py, (t) * 6, (t) (B-2)

More so, different weights for purchase and sales were adopted to manage the purchase and sale of energy
to the grid for the economical optimization.

Zgrid(t) = Pgrid (t) = grid ®) (B-3)
Mixed logic dynamic (MLD) constraints in ref [18] were also introduced to solve the optimization problem.

It is expected that the microgrid battery has to balance the power at the bus, which needs to satisfies the

power balance given in B-4:

Pbat (t) = Pload (t) + Pelz(t) - Pfc(t) - Pgrid (t) - Pgen(t) + Z?:l Pevi(t) (B'4)
Where,
() = Pgen ) - Pioaa () (B-5)

B-5 is the measurable disturbance. Py, (t) is a combination of the other variables but not a manipulated

variable. Hence, the manipulated variable admits expression as:
u= [Pgrid PH2 Pevl Pevz Pev3 Pev4 PevS Pevé 5H2 6grid ZH2 Zgrid] (B‘G)
Where the power supplied by the hydrogen storage system and the power that is charged into electric vehicle

i are denoted by Py, and P,,;, respectively.

Hence, note that the state vector is composed of the SOC of the batteries (both for micro-grid storage and
the EVs) and the LOH of the hydrogen storage:

x =[SOC LOH SOC,y SOCuy SOCepz SOCsps SOCops SOCeps]” (B-7)

Therefore, the system matrices admit expressions as:
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1 0 0 0 0 0 0 07 9, 0 -6, -6, —6;, —6; 0 0 0 O
0 1.0 0 0 O O0 O 0 w 0 0 0 0 0 0 wu, O
0 0 eg 0O O O O O 0 O T1 0 0 0 0 0 0 0
4000 & 0 0 0 0, fO 0 0 7w 0 0 0 0 00
10 0 0 0 e 0O O O 10 0 0 0 T3 0 0 0 0 0
00 0 0 0 ¢ 0 O 0 0 0 0 0 7, 0 0 0 O
00 0 0 0 0 e O 0 0 0 0 0 0 = 0 0 0
0 0 0 0 0 0 0 e [0 0 0 0 0 0 0 1, 0 Ol
0
: (i)
0 llelz
Ba=o | 0=t =Rt = = e (5
0
0
L ()

Where 7 is the charging/discharging efficiency of the storage unit, V;,,,, and C,,, 4, are the maximum storage

capacities, and Ty is the sampling time.

Appendix C

The state-space models of the stand-alone micro-grid system used in chapter 8 are presented in this section.
The state vector x(t), the control vector u(t), the disturbance vector u, (t) and the system output vector

y(t) are defined as follows:

AFy(£) AF,(£) APy () APrei () APy, (6) APy, (£) T

x(0) = APy g1 (t) APpy4(t) AP, (t) AP3(t) AP4(t) APy (t) (C1)
u(t) = [AP¢y(t) AP (D], (C-2)
uy (t) = [AP,1(t) AP, (t) APz(D)]T (C-3)
y(t) = [ACE, (t) ACE,()]" (C-4)

The following set of equations express the state-space model of the two-area interconnected power system
with renewable generation sources (autonomous micro-grid):

O = Ax(6) + Bu(®) + Byuy (1), (C-5)

y(t) = Cx(t) + Du(t) (C-6)
Where A, B, By, and C are the parameter matrices of x(t), u(t), u,(t), and y(t), respectively. The discrete-
time space model of Eqn. (C-5) is obtained mainly by discretization with sample time T, which is given by

the following equation:

x(k +1) = Agx(k) + Bju(k) + Biquq (k) (C-7)

196



y(k) = Cx(k) + Du(k) (C-8)
Where x(k + 1), x(k), u(k), u, (k), and y(k) are the discrete-time forms of dx(t)/dt, x(t), u(t), u, (t),
and y(t), respectively, A; = 4TS, B, = fOTSeAtht, Big = fOTSeAtBldt. The incremental form of Eqns.
(C-7) and (C-8) are expressed as follows:

Ax(k + 1) = AzAx(k) + BjAu(k) + By Au4 (k) (C-9)
Ay(k) = CAx(k) + DAu(k) (C-10)
Where Ax(k + 1), Ax(k), Au(k), Au, (k) and Ay (k) are the incremental forms of x(k + 1), x(k), u(k),
u, (k), and y(k), respectively.

The matrix’s forms of the system model of Figure 8-2 admit expressions as:

D 0 0 0 0 1 1 0 0 0 1 0
2H 2H 2H 2H
1 Kp2 Kp2
0 _T_PZ 0 0 0 0 0 0 0 0 T_Pz T_Pz
0 0 —a 0 0 0 0 0 0 0
1
0 0 0 - 0 0 0 0 0
chl
0 0 0 1 1 0 0 0 0 0 0 0
Tinvl Tinvl
1
0 0 0 0 — 0 0 0 0 0 0
Tirea Tirea
A=l 0 0 0 0 0 1 0 0 0 0 0
Tb Tb
0 0 (by—ay)) O 0 0 0 - 0 0 0 0
R 1
0 _T_g 0 0 0 0 0 0 _T_g 0 0 0
0 0 0 0 0 0 0 0 1 1 0 0
Tt Tt
0 0 0 0 0 0 0 0 KT (1 KrT’) ! 0
TtTr Tr TtTr Tr
1 2nT 2nT 2nT 1
0 _ 0 0 0 12 12 2 0 _
Tuprc1 Tuprc1 Tuprct  Tuprc1 Tuyprct
1 -
-0 07 REZ (’)( 0
0 o 0 —T—” 0
P2
Kpy 0 0 0 o
g g 0 0 o
0 0 0
0 0 0 0 0 0O 0 00OOO O 0 0 OO0 -7 1
— _ _ UPFC1 _
B={o of Bi=| 4 o ol €= wrret] . D=0
K 0 0 000OO OO0 B OO
P1 0 0 0 Tyuprc1
1
0 — ES
Ty 0 0 T,
0 0 0 0 o0
0 0 0 0 o0
L 0 0- _ 2mTy 0 0
L Tyrrc1 4
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Appendix D

Table D-1: System parameters used in chapter 4

Parameters Values Parameters Values
Boltzmann constant, K 1.38e 23 J/K Emissivity of the ground, &4, 0.95
Planck constant, h 6.62617e734].s | Emissivity of the module, &,, 0.94
Light speed, ¢ 3e8m/s Open circuit voltage, V. 2.084V
Electron charge, g 1.60218e~19] | Short circuit current, I, 428 A

Area of cell, 4; 148.25 cm? Ideality factors, Ny, N, 1.3812,2.311
Number of cells in series, M 4 Series resistance, Ry 0.0377 Q

Area of the PV module, 4 655.36 cm? Short circuit voltage | —123mV /°C

coefficient, K,
Tiltangle, Bsyrrace 65° Reference temperature, T, 69.5°C
Stefan Boltzmann, o 5.669 x 10~8W | Parallel resistance, R, 2.6300
/m2k*

Emissivity of the sky, &gy, 0.95 Energy Bandgap, E, 1.12
Reverse saturation current, | 7.0125 x 1078 4 | Cell internal guantum 0.69005
Io1 efficiency, IQE
Open circuit current 3.18 mA/°C Reverse saturation current, I, 2.1038
coefficient, K; x 1073 A

Table D-2: System parameters used in case 2 of chapter 4

Parameters Values Parameters Values
g5 0.04 %/hr Iy, 8214
Nehrgs Nais 0.9 Iy 554
Tgs 0.1 sec Ipy 8.234
T4 0.3 sec Vinp: 250V
[Emin prmax [400,800]kWh Voe 329V
[pinin, pmax [—200,200]kW K; 3.18mA/°C
[pmin, pmax] [0,150]kW K, —123mV/°C
N 30 A 1.6
R, 0.34Q R, 168.50
Panel no 50 N, 1
N 1 Tpy 300°C
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Table D-3: Main components and the micro-grid characteristics used in chapter 5, 6 and 7

Datasheet and the estimated parameters of the two-diode model of the Photovoltaic system [Kyocera

Byt

2453 Ah_,

KG200GT].
Parameters Values Parameters Values
Panel peak power Py, | 13.8 KW Imps Lse, Ipy 55 A, 8.21 A, 8.23 A, respectively
Efficiency 20% K;, K, 3.18mA/°C,—123mV /°C respectively
Ng, A4, Ay 30, 1.6, 2.53 R, Ry 0.34Q, 168.5Q, respectively
Panel number 36 Io1, 1oy 7.012x 107 A4,2.103x 1073 4
Vinp: Voc 250V, 329V Np, Ny Ty, 1, 1, 300°C, respectively
The wind turbine system parameters and specifications
Parameters Values Parameters Values
Rated power 15 kw Rated wind speed | 12 m/s
Rated rotor speed 27.54 Rad/sec Air density 1.225 Kg/m3
Blade pitch angle 0° Rotor diameter 3m
Hub height 58m Configuration 3 blades, vertical axis
Cp 10 R 0.003873 m
Fuel Cell Electrolyser
Nominal power 1.5 KW H, Net production | 1.05 Nm3/h
rate
H, rated consumption | 20 NI/min Nominal power 1 KW
Nominal voltage 48V Number of cells 20
Nominal current 115 A EQ,, Kin, PH, 1.25V, —0.9¢ 73, 6.9, respectively
Vfccfél, K1 act 0.93, 0.00295 POy, Az, 2.4, 212.35 cm?, respectively
Ko actr Ronm 0.0127,0.292 iq0.elzr ico,elz 1.063e7°, 1.0e73A/cm?, resp.
KiFet, Ko Fet 0.0284, 8.004 T, NS, P, | 298K, 6, 3000W, respectively
Tec (1), Ty, 296, 296 K
Aerry Nec, Ipe 65cm?, 60, 100A
Batteries Metal hydride tank
Nominal voltage 12V Number 4
Rated capacity 270 Ah Volume/tank 7 Nm3 (storage capacity)
Crnaxs Ra 17.8 kWh, 0.08 Max.  operating | 5 bar
pressure
Max. charge current 50 A Ultracapacitor
Kye, Apt 0.006215, 11.05V | ne 0.97
Vbt 0s Cmax bt 52.56 V, 368 Ah Nen 0.99

Electronic power source

Electronic load (Critical and Curtailable)
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Rated supply

10 KW

Rated power

2.5 KW

Channel

Channel 2

Table D-4: Constraints imposed on the energy resources for safe operation used in chapter 5, 6 and 7

Variables Power (W) Power slew rate (W/s) State of Charge (%)
PMM < P(t) | AP™MM < AP(t) < AP | SOC™™ < SOC(t)
< pnex < socme

Generation 0 - 6000 -2500 - 6000 -

Grid 0 -2500 -1000 - 1000 -

Fuel cell 100 - 1200 -20-20 -

Electrolyser 100 —900 -20-20 -

H, Storage - - 10-19

Battery 0 - 2500 (—4.13 — 4.16)1073 40-75

Table D-5: Weight values imposed on the

Algorithm used in chapter 5, 6 and 7

multi-objective function t

0 be solved by AMPC control

Algorithm Parameter Settings
Power variables weights a a, as Qg
5x 1073 5x 1073 8x 1073 100
AMPC Power rate weights By B, Bs B,
Control 4 15 1x107% |1
Algorithm % 10~%
Storage level weights Y1 Y1
10 60
Time horizon N, 60
Control horizon N, 2
Sample time T 60 sec
Conversion Case 1 Kpat1 Keoiz1 Kreq
coefficients 1.053 x 1073 3.205 x 1073 8.024 x 1073
Case 2 Kpat2 Ky, Ky»
(Mean-Values) 1.245 x 102 7108 % 10° | —5.56 x 102
Table D-6: System model parameters used in chapter 8
Parameter Value Parameter Value
T, 0.08 sec K; 1Hz/p.uMW
Ti> 0.545p.u K, 1Hz/p.uMW
T, 20 sec B 0.08 p.uMW /Hz
T; 0.3 sec R 0.4 Hz/p.uMW
T. 10 sec K1 0.33 p.uMW
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Kp, 120 Hz/p.uMW a, 99.5

K, 1Hz/p.uMW b, -50

1 0.5 Kpq —18

2H 0.1667sec D 0.015p. u.MW/Hz
Ty 0.26 sec Tinv 0.04 sec

Trire 0.004 sec Ty 0.1 sec

Table D-7: Characteristics of each battery types used in this research work [236].

Characteristics Lead-Acid Lithium-ion
Energy Density (Wh/L) 54 — 59 250—-360
Specific Energy (Wh/kg) 30—40 110-175
Depth of Discharge (DOD) 50% 80%
Temperature Range of Charge —40°C — 27°C —20°C — 55°C
Efficiency 75% 97%
Replacement Timeframe (Year) 1.5-2 5-7
Maintenance Cost SLA = 2%,VRLA = 10% | None

Battery Cost ($/kWh)

120 (3,840baht)

600 (19,200baht)

Table D-8: Charging station management algorithms used in the EV integration

Charging Station Management Algorithm

01 Input:T,, Ty, Chr, €, Time
02 Output: Qy, Qns, Pges”

03 For i=1to N,, do

04 If e(i) = 1{Test if there is a parked vehicle} then
05 If Ch; (i) = 1{Fast Charge} then

06 If Time = T, + T, — 30 minutes then
07 Set Q,.(i, 1) to the fast charge value

08 Set Qu (i, 1) to the fast charge value
09 Set PFL%* to the fast charge value

10 else {Use the battery as a grid storage}

11 Set Q,.(i, i) to zero

12 Set Qur (i, i) tozero

13 end if

14 else {Slow Charge}

15 Set Q,.(i, ) to the slow charge value
16 Set Quy(i,1) tothe slow charge value
17 Set PFLe* to the slow charge value

18 end if
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19 end if
20 end for
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your final files you will not be able to make changes until you have received your page proofs
from IEEE. You must submit a full set of final files even if there are no changes from the accepted
version, since only this final set of files will be passed to the publication team.

Please submit all of the following in the list below within 3 weeks from the date of this
letter. Templates and additional details about acceptable formats for final submissions can be
found at http://www.ieee.org/publications_standards/publications/authors/authors_journals.html.

Please note that missing items from this list may result in a delay of publication:

* Manuscript without underlines in MS Word or LaTex.
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* Figures/photos saved as separate pdf, Word, .eps, .ps, or .tiff files if not embedded in the source
file above.
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Sincerely,

Dr. Grain Philip Adam (GE)

Editor, Journal of Emerging and Selected Topics in Power Electronics

grain.adam@eee.strath.ac.uk
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Associate Editor

Comments to the Author:

The paper is now acceptable for publication.

Reviewer(s)' Comments to Author:
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Your paper has been accepted for publication in International Journal of Engineering Research in
Africa (JERA)

Yahoo/Inbox

JERA <9780000018410@scientific.net>

To: perosman4real1987 @yahoo.com

Cc: 217071302@stu.ukzn.ac.za, saha@stu.ukzn.ac.za

Mon, Dec 2, 2019 at 4:44 PM

Dear Mr. PETER GBADEGA,

Your article «Model Predictive Controller Design of a Wavelength-based Thermo-Electrical

Model of a Photovoltaic (PV) Module for Optimal Output Power. » has been preliminary
accepted for publication in the «JERA». Although no further action is required, you can verify
the status of your article by logging in to the publisher’s website:

Please go to https://www.scientific.net and log in using the credentials below.

Username: XXXXXXXX

Password: XXXXXXXX

After you log in, please select « Author » role near the top of the screen.

If any further changes in your article become necessary you must notify and obtain a permission
from an Editor via E-mail PRIOR to uploading a new version.
The final acceptance notice you will receive after publisher's internal check. Thank you very

much.

Best regards,
TTP Reviewer
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JERA <9780000018410@scientific.net>

To: perosmandreal1987 @yahoo.com

Cc: 217071302@stu.ukzn.ac.za, saha@stu.ukzn.ac.za

Thu, Sep 3, 2020 at 5:44 PM

Dear Mr. Peter Anuoluwapo Gbadega,

Your article « Dynamic Tuning of the Controller Parameters in a Two-Area Multi-Source Power
System for Optimal Load Frequency Control Performance» has been preliminary accepted for
publication in the «JERA». Although no further action is required, you can verify the status of
your article by logging in to the publisher’s website:

Please go to https://www.scientific.net and log in using the credentials below.

Username: XXXXXXXX

Password: XXXXXXXX

After you log in, please select « Author » role near the top of the screen.

If any further changes in your article become necessary you must notify and obtain a permission
from an Editor via E-mail PRIOR to uploading a new version.

The final acceptance notice you will receive after publisher's internal check. Thank you very
much.

Best regards,

Dr. Lina Kieush

Managing Editor Scientific.net
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