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Abstract

The transition to renewable energy systems is critical in mitigating climate change

and reducing fossil fuel dependence. However, integrating these variable and intermittent

sources into the existing grid raises challenges such as dynamic energy demand management

and resource underutilization, leading to increased operational costs and hindering broader

adoption. This thesis develops algorithms to optimize renewable energy systems, enhancing

their integration and operational efficiency. The research makes a significant contribution

to enhancing the utilization, reliability, and economic viability of renewable energy systems,

supporting a smoother transition to sustainable energy practices.

This thesis first enhances the energy generation of photovoltaic panels by optimizing

their tilt angles to maximize solar energy capture under varying environmental conditions.

The machine learning models provided accurate predictions of photovoltaic output, allow-

ing for data-driven insights into optimal system performance. A subsequent optimization

process identified the best tilt angles during the operation. The results demonstrated an

increase in annual energy output by up to 9.7% compared to fixed-tilt systems. This con-

firms that dynamic tilt adjustment is an effective strategy for maximizing photovoltaic

energy generation.

The second part of the research focuses on optimizing the capacity of renewable en-

ergy system components, with a particular emphasis on energy storage systems such as

batteries. This project addressed the challenge of determining the optimal capacity for

each component to efficiently meet energy demands while minimizing costs. A two-stage

optimization approach was applied: first, a genetic algorithm generated candidate con-

figurations with specific capacities; second, a simulation was conducted using an energy

management algorithm to evaluate the performance of these configurations. The optimized

configurations led to an overall system energy independence score of 0.51 and an 18.12%

higher internal rate of return, validating the effectiveness of the integrated optimization ap-

proach in capacity planning and highlighting the importance of appropriately sized energy

storage in enhancing system performance.

The final part introduces an advanced energy management algorithm inspired by Model
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Predictive Control, integrating both batteries and hydrogen storage to enhance renewable

energy utilization. By employing time series data and transformer-based models, the sys-

tem accurately predicts future energy demand. These predictions enable a rolling window

optimization technique that utilizes machine learning for dynamic energy management.

The inclusion of hydrogen storage allows excess renewable energy to be stored as hydro-

gen, providing a versatile energy carrier for applications beyond electricity and improving

overall renewable energy utilization. This approach improved demand forecasting accu-

racy by 41.21% and increased the adjusted green hydrogen production rate from 29.54% to

54.3%, demonstrating that advanced predictive energy management strategies, combined

with diverse energy storage solutions, significantly enhance system adaptability, efficiency,

and renewable energy utilization.

These studies demonstrate that optimizing component configurations and energy man-

agement strategies—while integrating advanced energy storage systems like batteries and

hydrogen—substantially improves the efficiency, reliability, and economic viability of re-

newable energy systems. The research provides valuable insights for integrating renewable

energy into existing grids and supports the transition toward more sustainable and resilient

energy infrastructures.
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Chapter 1

Introduction

This chapter provides a comprehensive foundation for the thesis. Section 1.1 discusses the

background and motivation, focusing on the economic, technological and environmental

drivers that emphasize the importance of Renewable Energy System (RES) optimization.

Section 1.2 outlines the primary objective of the research, emphasizing the key contri-

butions related to system modelling, system development, and improvements in energy

optimization strategies. Finally, Section 1.3 provides an overview of the thesis structure,

describing the logical flow of the subsequent chapters and highlighting the interconnections

between the main topics.

1.1 Background and Motivation

Energy independence is crucial for a nation’s modernization, economic security, and re-

silience. It promotes technological advancement as demand for energy continues to grow,

despite improvements in efficiency [3]. Energy independence mitigates risks from volatile

energy prices and economic fluctuations, particularly for nations reliant on imported energy.

Historically, energy consumption is closely linked to global real Gross Domestic Product

(GDP), with fluctuations impacting inflation due to dependencies on affordable energy
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for competitive production and efficient logistics. Furthermore, energy independence bol-

sters national resilience by ensuring a stable, secure energy supply, reducing reliance on

external sources, and minimizing geopolitical tensions. This stability is vital for maintain-

ing economic activities and supporting critical infrastructure in challenging times, thereby

fostering a sustainable and prosperous future.

However, the pursuit of energy independence is increasingly challenged by the surging

global demand for energy and the continued reliance on fossil fuels. As the global popula-

tion and economic activities expand, there has been a corresponding surge in the demand

for energy within human societies over recent decades. Projections indicate that by 2050,

both the global population and energy demands are expected to increase by approximately

one-quarter and three-quarters compared to 2023, respectively [4]. Despite the critical role

of energy as a primary driver of economic prosperity, the predominant reliance on fossil

fuels, which constituted 81% of the total energy supply as of 2019 [5], presents significant

challenges. The combustion of these fossil fuels emits a variety of byproducts, including

COx, SOx, and NOx, which are major contributors to climate change, environmental

degradation and significant health concerns [6]. These environmental and health impacts

present substantial barriers to the sustainable development of societies and the sustained

growth of global economies.

The reliance on conventional fossil-based energy sources thus necessitates an urgent

transition towards more sustainable energy solutions, such as Renewable Energy (RE)

sources—including solar, wind, and hydrogen energy. RE sources like solar and wind power

emerge as essential solutions to this global challenge, offering the potential to meet surging

energy demands while mitigating environmental impacts. Hydrogen energy, particularly

when produced using renewable resources (green hydrogen), acts as a promising energy

carrier. It can provide heat through direct consumption or generate electricity via fuel

cells, with water as the only byproduct.

To effectively harness the potential of sustainable energy and achieve energy indepen-

dence, addressing the intermittency of RE sources such as solar and wind is crucial. This

variability in energy production can lead to grid instability and inefficient utilization. The
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RES offers a comprehensive solution by integrating seamlessly with existing grid infrastruc-

tures. These systems not only harness energy from renewable sources but also incorporate

Energy Storage System (ESS) to store excess energy for later use [7]. Additionally, RES

can connect to the local grid [8] with minimal hardware upgrades, allowing the grid to

serve as a backup during shortages and enabling energy trade to enhance RE utilization.

This integration effectively mitigates the challenges of RE intermittency, promoting a more

stable and efficient energy landscape.

Additionally, the implementation of an effective energy management algorithm is crucial

for RES to enhance the utilization rates of RE and achieve cost-effectiveness, particularly

as the Levelized Cost of Energy (LCOE) of RE remains higher than that of energy de-

rived from fossil fuels. The energy management algorithm is designed to optimize the

distribution and consumption of energy, ensuring alignment between energy availability

and user demand patterns. By managing how energy is consumed, the algorithm not only

guarantees efficient use of RE but also maintains grid stability amid the variability of RE

production. Furthermore, it optimizes user energy costs, striving to maximize the uti-

lization of RE while minimizing expenditure, thereby addressing economic and efficiency

challenges in the energy sector.

Given the challenges discussed above, the primary motivation of this research is to

enhance the utilization of green energy resources through the development of a RES tai-

lored to the energy demands of a mid-scale community. This study will first focus on

accurately modelling the dynamics and interactions of various RE sources to reflect their

real-world performance and integration capabilities. It then seeks to optimize the capacity

of these sources, ensuring they can meet energy demands and operate efficiently under

various scenarios. Lastly, the research will incorporate an advanced energy management

strategy, utilizing Machine Learning (ML) algorithms for precise demand prediction and

optimization algorithms to effectively balance supply and demand. This strategy is de-

signed to achieve economic efficiency, ensure grid stability, and foster sustainable energy

development, positioning RE as a dependable solution for energy needs.
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1.2 Objective and Contributions

The main objectives of the research presented in this thesis are centred around developing,

optimizing, and managing a grid-connected RES to support the energy demands of a mid-

scale community. The detailed objectives of this research are outlined as follows:

• Modeling the RES Components with a ML Algorithm: This objective focuses on

using ML techniques to accurately simulate the behaviour and interactions of RES

components such as solar panels and hydrogen storage systems under diverse envi-

ronmental and operational conditions. The goal is to create predictive models that

enhance the understanding and operational efficiency of these components.

• Optimizing the Size of Components in the RES: This objective involves determining

the optimal size and configuration of the RES components by calculating the most

efficient and cost-effective scale of RE resources and energy storage units. The opti-

mization will consider technical and financial indicators to ensure that the RES can

efficiently and economically meet energy demands.

• Developing an Advanced Energy Management Strategy: The final objective is to

develop a sophisticated energy management strategy that effectively integrates the

hydrogen-based RES with the existing power grid. This strategy will utilize ML

algorithms for precise demand forecasting and optimization algorithms to balance

energy supply with demand. The aim is to enhance the utilization rate of RE sources

and ensure stable, efficient, and sustainable energy delivery.

1.3 Structure of the Thesis

The rest of the thesis is organized as follows: Chapter 2 provides background information

on RESs, offering an in-depth literature review of RE and energy storage systems. This

chapter also introduces the ML algorithms and optimization techniques used in the study.
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Chapter 3 presents an extended literature review of the general methodology employed

in this thesis, including the mathematical modelling of the main components in the RES. It

details the ML techniques used, including model implementation and architecture, along-

side the optimization techniques.

Chapters 4, 5, and 6 present the three main projects of this research. Chapter 4

explores and validates the use of ML algorithms in modelling the system, specifically

focusing on optimizing the tilt angle of solar panels. The ML based modelling technique

will be employed in subsequent projects. Chapter 5 discusses the optimization of the main

components for a typical RES, which is crucial in the early stages before the system is

built. This optimization is based on stakeholder requirements to determine the actual size

of the system. Chapter 6 develops a robust energy management algorithm to enhance the

RE utilization rate using advanced ML and optimization techniques.

Chapter 7 summarizes the work, offering conclusions and outlining potential research

avenues in the field.
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Chapter 2

Literature View

This chapter builds upon the discussions in the previous chapter by offering a detailed

review of the current literature related to the RES and reviewing the relevant method-

ologies. Section 2.1 begins with an introduction to the concept of RES, addressing their

existing challenges and potential solutions. Section 2.2 explores the current state of RE

technologies and relevant modeling techniques, focusing on the Photovoltaic (PV) panel

for solar energy and the Wind Turbine (WT) for wind energy. Section 2.3 discusses ESSs,

emphasizing their crucial role in enhancing system efficiency and stability. The chapter

then transitions to time series data analysis in Section 2.4, where the application of predic-

tive models in energy systems is presented. Section ?? examines deep learning approaches

for data prediction, providing insights into advanced forecasting methods. Finally, Section

2.5 reviews various system optimization techniques, highlighting their relevance within

the research framework and emphasizing the importance of optimizing RES for improved

performance.

2.1 Renewable Energy Systems

RES consists of four main components: generation, storage, distribution, and consump-

tion. Generation relies on RE resources such as solar, wind, and biomass, selected based
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on power stability, responsiveness to demand fluctuations, and costs, including both initial

investments and operational expenses. ESS are essential for balancing supply and demand

by storing excess energy during periods of high generation and releasing it when produc-

tion is low, addressing the intermittent nature of resources like solar and wind. On the

distribution side, integrating RE into existing networks is complex due to the variable and

decentralized nature of these resources. This integration requires advanced monitoring,

control, and communication technologies to efficiently manage energy flow and maintain

grid stability. Finally, in the consumption phase, RE supports a range of applications

across residential, commercial, and industrial sectors. By lowering energy costs, enhancing

sustainability, and aiding in regulatory compliance, RES contribute substantial benefits

across these sectors.

These systems are typically classified into two main types: stand-alone systems and

grid-connected systems, each serving distinct purposes. Stand-alone RESs are often de-

ployed in remote or isolated areas where access to centralized grids is limited or non-

existent. By leveraging local RE resources and utilizing storage solutions, these systems

provide reliable power independent of a larger grid. Stand-alone systems address challenges

such as energy access and autonomy in off-grid locations, contributing to sustainable devel-

opment in rural and remote communities [9]. In contrast, grid-connected RESs integrate

directly with existing power grids, enhancing the grid’s capacity to incorporate RE [10].

These systems support various strategies such as demand response, which adjusts energy

consumption based on real-time supply and demand; peak shaving, which reduces peak

load demand on the grid; and energy trading, where storage systems buy electricity during

periods of low demand and sell it during peak demand. By taking these strategies, grid-

connected systems help maintain grid stability and improve operational efficiency, ensuring

a more resilient and responsive energy infrastructure.

There are several significant challenges while RESs play a crucial role in promoting RE

utilization. Those challenges including energy storage and management, grid integration,

and economic and policy barriers. First, the intermittent nature of RE sources poses

substantial difficulties in maintaining a balance between supply and demand. Energy

storage solutions, such as batteries, are crucial for storing and releasing energy as needed.
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However, issues like limited lifespan and degradation highlight the need for storage systems

that are not only cost-effective but also scalable and durable. Second, integrating RES into

existing grid infrastructures requires adaptation to the bidirectional flow of energy, unlike

the traditional one-way flow. The grid must be flexible enough to accommodate fluctuating

energy inputs, necessitating advanced technologies and infrastructure upgrades to manage

this variability efficiently. Finally, economic and policy-related challenges present barriers

to widespread RES adoption. Financial incentives, regulatory frameworks, and market

structures significantly influence RES deployment. Overcoming regulatory limitations on

grid access and decentralizing energy supply will require a stable policy environment that

supports long-term sustainability goals.

Current literature on RES emphasizes advancements in energy storage, artificial intel-

ligence, and optimization techniques. These technologies are essential for improving the

efficiency, reliability, and scalability of RES, addressing critical challenges such as storage

limitations, grid integration, and variable energy supply. Additionally, evaluation tools

such as RETScreen play a significant role in initially assessing the technical and finan-

cial feasibility of renewable energy projects. RETScreen is a software tool developed by

the Canadian government; and it is widely used for benchmarking, conducting feasibil-

ity studies and evaluating project performances. It employs simulation models to assess

key factors such as energy production, costs, emissions, financial viability, and risks. Ad-

ditionally, RETScreen offers a comprehensive database that supports decision-makers in

evaluating the feasibility and performance of renewable energy systems. Details on these

technologies will be discussed in the following sections.

2.2 Renewable Energy Resources

RE refers to energy sources that are perpetually replenished by natural processes. The

principal RE resources include solar, wind, hydro, biomass, and geothermal energy. These

renewable, carbon-free energy sources provide several advantages over traditional, carbon-

based energy sources. Firstly, unlike fossil fuels, which are concentrated in specific regions,
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RE sources are globally accessible. Secondly, RE does not produce greenhouse gas emis-

sions during the production and consumption stages, making it essential for transitioning

to a low-carbon economy. Thirdly, the long-term costs of RE are lower than those of con-

ventional carbon-based energy due to decreasing technology costs and economies of scale.

Among these RE sources, solar and wind energy are particularly promising due to their

rapid development and increasing cost-effectiveness.

Solar and wind energy are increasingly recognized as essential for achieving the am-

bitious net-zero emissions goal by 2050. These RE sources contribute significantly to the

decarbonization of the energy sector. Over the past decade, the deployment of these tech-

nologies has experienced exponential growth; global solar energy capacity has increased

by approximately 22% annually [11], while wind energy has seen an annual growth rate of

approximately 11.4% [12] [13]. By the mid-21st century, it is anticipated that wind power

will contribute over 30% to global electricity production, supporting numerous countries’

objectives towards achieving carbon neutrality. Furthermore, wind energy could signifi-

cantly mitigate CO2 emissions, potentially reducing them by up to 14,871 Mt by 2050 and

32,864 Mt by 2100 [14]. Looking ahead, solar energy alone is expected to form the cor-

nerstone of the global electricity grid by 2050, potentially supplying nearly 40% of global

electricity demand [15]. Solar and wind energy are projected to account for approximately

70% of the global electricity supply.

2.2.1 Solar Energy and Photovoltaic Panel

Solar energy, recognized for its sustainability and potency, has witnessed a significant in-

crease in adoption, driven by technological advancements in PV systems and a notable

reduction in production costs. The LCOE for solar PV technology, which was approx-

imately $0.05 per kilowatt-hour in 2022, is projected to decrease further to $0.014 per

kilowatt-hour by 2050, underscoring the economic viability of this RE source [11]. This

form of energy is primarily captured through PV cells that convert sunlight directly into

electricity via the PV effect, a phenomenon first identified in 1839. In these cells, sun-

light excites electrons within semiconductor materials, generating an electric current that
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is then harnessed by the cell’s electrodes for practical use. This process of direct energy

conversion, which eliminates the need for mechanical parts or chemical reactions, offers a

clean and efficient energy transition, aligning with global sustainability goals.

PV systems exhibit remarkable versatility across various applications, enhancing their

utility and adoption in both residential and commercial settings. These systems are ef-

fectively integrated into building designs through Building Integrated Photovoltaics [16],

contributing both aesthetically and functionally to the structures. Large-scale applications,

such as utility grids, benefit from the stability that PV systems provide, supplemented by

advanced inverters and RES technologies. In remote or rural areas, stand-alone systems

[17] paired with batteries deliver essential energy solutions. Moreover, PV technology sup-

ports sustainable practices in transportation and agriculture, such as powering electric

vehicle charging stations [18] and facilitating agrivoltaic systems [19] that combine crop

production with electricity generation.

Since the development of the first practical PV cell at Bell Labs in 1954, continuous

improvements have been made, particularly in the areas of material efficiency, and integra-

tion with other technologies. These developments are further influenced by governmental

policies and market dynamics.

PV cell materials are classified based on their properties and applications. Silicon-based

cells, predominantly monocrystalline and polycrystalline silicon, are the market leaders be-

cause they balance efficiency and cost. Monocrystalline cells provide high efficiency due to

their pure, uniform crystalline structure, though they are more expensive [20]. Conversely,

polycrystalline cells are less expensive and slightly less efficient. Additionally, thin-film so-

lar cells such as amorphous silicon, cadmium telluride, and copper indium gallium selenide

offer flexibility and lower costs but with reduced efficiencies [21]. Emerging materials like

perovskite and tandem cells, still mainly experimental due to stability issues, along with

biohybrid and organic photovoltaic, which struggle with efficiency and durability, represent

the frontier of research in this field [22]. The summary and efficiency of these materials

are comprehensively detailed in Table 2.1.
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Table 2.1: Efficiencies, Advantages, and Disadvantages of Photovoltaic Tech-

nologies

Technology η (%) Advantages Disadvantages

Monocrystalline Sili-

con [23]

15-26 High efficiency; stable;

long lifespan

Higher cost; energy-

intensive production

Polycrystalline Sili-

con [23]

13-18 Lower cost; simpler

production

Lower efficiency;

somewhat shorter

lifespan

Amorphous Silicon

[24]

6-10 Very flexible; lower

production costs

Lower efficiency; less

durable

Cadmium Telluride

[25]

10-18 Good efficiency; faster

production

Toxic materials used;

disposal concerns

Copper Indium Gal-

lium Selenide [26]

12-20 High efficiency; flexi-

ble applications

Complex manufactur-

ing; cost issues

Perovskite Solar Cells

[27]

Up to 25 High efficiencies; po-

tential for low-cost

production

Stability concerns; en-

vironmental impact

Tandem Solar Cells

[28]

Above 30 Very high efficiency;

broad spectrum ab-

sorption

High cost; complex

manufacturing

Organic Photovoltaic

Cells [29]

3-17 Low-cost production;

flexible uses

Lower efficiency;

longevity issues
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Photovoltaic Modeling

PV technology captures and converts solar energy into electricity, utilizing PV cells that

transform solar irradiance into Direct Current (DC) electricity. Each PV array comprises

multiple panels, with each panel consisting of several PV cells. These arrays are adaptable

to various settings, including household rooftops and commercial open fields. Adjustments

such as tilting the panels and employing Maximum Power Point Tracking (MPPT) algo-

rithms significantly enhance the energy conversion efficiency of these systems, as validated

by numerous studies [30] [31] [32].

The effectiveness of PV systems hinges on precise modeling of solar irradiance and

the subsequent energy output calculations. The modeling process, essential for maximiz-

ing PV system performance, typically involves estimating the solar irradiance that each

panel receives and calculating the expected energy output from this data. Such modeling

is crucial for tailoring PV systems to their specific environmental contexts and is com-

monly achieved through mathematical approaches that allow for nuanced predictions and

operational planning.

Various modeling approaches are employed in literature to optimize and predict the

performance of PV panels under different environmental conditions:

• Empirical models are based on experimental data and observations. These models

are straightforward but may not capture complex scenarios with high accuracy.

• Analytical models derive from fundamental principles that describe the behaviors

of system components. These models offer enhanced accuracy over empirical models

by integrating theoretical insights into system operations.

• Numerical models tackle complex mathematical equations that characterize the

PV system’s behavior using numerical techniques. While these models are the most

flexible and accurate, they require significant computational resources to execute.

Further detailing the modeling of solar irradiance, it’s crucial to understand its three

main components: direct, diffuse, and reflected irradiance. Each component affects the to-
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tal energy received by a PV panel and, therefore, its performance. Direct irradiance is the

unfiltered solar radiation that reaches the earth, diffuse is scattered by atmospheric par-

ticles, and reflected irradiance varies with ground characteristics. These can be measured

directly or estimated through sophisticated mathematical models, setting the groundwork

for accurate system modeling.

To refine the approach to modeling PV systems, various specific irradiance models have

been developed to cater to different environmental and operational needs. Models such as

Hay and Davies, Perez, and others each have their tailored applications and associated

strengths and challenges. For instance, the Hay and Davies model is optimal for clear

skies, whereas the Perez model excels in varying weather conditions. Such diversity in

models allows for targeted strategies in system design, optimizing the interaction between

irradiance and panel technology. Detailed comparisons of those models are listed in Table

2.2.

Finally, after establishing the incident irradiance using an anisotropic model, the 5-

parameter model comes into play to estimate the power output of the PV panel. This

model delineates the panel’s current-voltage characteristics through key parameters like

photocurrent, saturation current of the diode, and resistances, which are crucial for as-

sessing performance under varied conditions. The integration of the irradiance model with

the 5-parameter output model facilitates a comprehensive simulation of the PV system’s

behavior from sunlight exposure to electrical output. This integrated approach is essen-

tial for designing and optimizing PV systems, ensuring they perform optimally in their

respective environments and yield maximum energy efficiency.

The detailed discussion of the mathematical expression, including the Liu and Jordan

model and the five-parameter model, will be presented in the next chapter.

2.2.2 Wind Energy and Wind Turbine

Wind energy represents another significant RE resource with the potential to substitute

conventional fossil fuels and expedite the transition to net zero emissions. In 2019, wind
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Table 2.2: Comparison of Solar Irradiance Models

Model Advantages Disadvantages

Hay and Davies [33] Suitable for clear skies, uses

simple adjustments based on

sun’s position

Less accurate in cloudy or var-

ied weather conditions

Perez [34] Handles varying weather con-

ditions, detailed analysis of dif-

fuse and direct components

Requires extensive atmo-

spheric data, high computa-

tional cost

Klucher [35] Includes effects of terrain re-

flectivity, good for areas with

significant ground reflection

Less effective in non-reflective

terrain or complex urban areas

Reindl [36] Ideal for urban environments,

integrates multiple radiation

components

High complexity and computa-

tional demand

Liu and Jordan [37] Simple, low computational de-

mand, good for preliminary

studies

Lacks accuracy in directional

irradiance, not suitable for de-

tailed analysis

power generated 1427 TWh, significantly influencing the global energy landscape [5]. This

output has consistently risen from 2005 to 2019, driven by technological improvements

and resulting cost decreases. Notably, countries within the Organization for Economic

Co-Operation and Development are the main producers, followed by China [38]. However,

compared to the total energy consumption of 606 EJ in 2019, the contribution from wind

energy, which equates to 5.14 EJ, remains relatively minor. Despite this, the potential

of wind energy technology remains significant, presenting a feasible route toward a more

sustainable future.

Wind turbines, essential for harvesting wind energy, are classified based on three key

aspects: orientation, capacity, and application. Starting with orientation, wind turbines
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are divided into Horizontal-Axis Wind Turbine (HAWT) and Vertical-Axis Wind Turbine

(VAWT). HAWTs, due to their established technology and cost-effectiveness, are widely

used and more efficient, particularly suitable for non-urban areas. In contrast, VAWTs,

which are typically smaller, find preference in urban settings due to their adaptability to

limited spaces [39].

Moving to capacity, wind turbines are segmented into small, medium, and large based

on their power output [40]. Small turbines, generating under 100 kW, are ideal for res-

idential or small agricultural settings. Medium turbines, with outputs between 100 and

1000 kW, are utilized predominantly in commercial applications. Large turbines, capable

of producing more than 1000 kW, are designated for utility-scale electricity generation.

Lastly, regarding application, wind turbines are categorized as either offshore or on-

shore. Offshore wind turbines, often employing HAWT designs, are strategically installed

in oceanic settings to harness the stronger and steadier winds available offshore [41]. Such

placement not only enhances energy yield but also significantly mitigates visual and audi-

tory disturbances, in addition to minimizing land use impact. Despite these advantages,

offshore turbines require substantially higher initial investments and incur greater ongoing

maintenance costs. These increased expenditures are mainly due to their remote, maritime

locations, which are exposed to harsh environmental conditions, and the larger dimensions

of offshore turbines compared to their onshore counterparts, which have higher construction

costs. Conversely, onshore wind turbines are installed on land and are typically less costly

in terms of both installation and maintenance. Although smaller and subjected to less

consistent wind speeds than offshore turbines, onshore installations often face significant

challenges related to visual and noise pollution.

2.2.3 Impact of Renewable Energy

The increasing integration of RE sources into the global energy landscape presents unique

challenges to traditional electrical grid systems. These challenges stem primarily from the

inherent intermittency and variability of RE sources. In contrast to conventional energy
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sources such as fossil fuels that deliver a steady and predictable power output, production

from RE sources fluctuate significantly, depending heavily on meteorological conditions.

This variability introduces a critical challenge: the intermittency of power supply [42].

For example, solar and wind energies do not generate power consistently throughout the day

or under varying weather conditions. This leads to periods of significant overproduction

or underproduction in relation to the demand. During times of strong wind or intense

sunlight, the excess electricity can overwhelm the grid, potentially leading to overloads.

Moreover, if this surplus energy cannot be efficiently exported or utilized immediately, it

may result in curtailment and the wastage of valuable energy. Conversely, during periods

of low wind or cloud cover, the power generated may not suffice to meet the demand,

further complicating efforts to balance the load on the grid. This variability necessitates

robust management strategies to maintain grid stability and efficiency.

Furthermore, the integration of these RE sources impacts essential grid operations such

as frequency and voltage control [43]. Conventional power grids are largely dependent

on synchronous generators that contribute to inertial response, crucial for maintaining

frequency and voltage within safe operational limits. However, RE technologies like PV

systems and wind turbines lack inherent inertial responses, which can lead to potential

instabilities in grid frequency and voltage, particularly during abrupt generation changes.

To address these challenges, it is essential to develop a comprehensive understanding

of how RE geneators interact within broader RESs, not just within electrical grids. The

advancement of new technologies and management strategies is crucial. The deployment

of energy storage solutions, such as batteries and hydrogen storage [44], becomes not

only beneficial but necessary for constructing resilient and efficient systems capable of

accommodating the dynamic nature of RE. These systems must be designed to manage a

diverse mix of energy types [45], ensuring stability and efficiency across varying operational

conditions.
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2.3 Energy Storage Systems

ESSs are fundamental to modern RESs, playing a pivotal role in the integration and

optimization of energy resources. Serving as crucial bridges between energy generation and

consumption, ESSs ensure that energy supply reliably meets demand by temporarily storing

energy in specific forms and releasing it as needed. This capability enhances effective

energy management and increases the efficiency of energy utilization. Additionally, by

storing surplus RE, ESSs reduce waste and contribute to overall system sustainability. In

the context of RES, ESSs have diverse applications across multiple scales, significantly

advancing energy technologies.

On a macro-scale, ESSs function as buffers to absorb unstable generated energy from

RE sources like solar and wind, which are inherently intermittent due to their dependence

on unstable weather conditions. By storing excess energy during periods of high generation

and releasing it during periods of low generation or high demand, ESSs prevent curtailment

and enhance the efficiency of variable energy generation. This approach reduces overall

energy costs by replacing expensive and environmentally harmful load-following plants and

peak units in conventional energy systems. Additionally, the distributed nature of ESSs

within RES diminishes the need for new transmission infrastructure.

On a micro-scale, ESSs play a role in energy management by enabling strategies such

as load-shifting, peak shaving, energy arbitrage, and facilitating demand response. Load-

shifting involves transferring energy consumption from peak demand periods to off-peak

times by storing energy when demand or prices are low and utilizing it during high-demand

periods. This strategy not only smooths out individual energy demands but also optimizes

the use of available energy resources. Peak shaving refers to reducing the amount of energy

drawn from the grid during peak usage times, thereby lowering peak demand charges and

alleviating stress on the grid infrastructure. Through energy arbitrage, consumers can

capitalize on fluctuating energy prices by purchasing and storing electricity when prices

are low and using or selling it back to the grid when prices are high. Additionally, ESSs

facilitate demand response by enabling consumers to adjust their energy consumption

patterns in response to real-time signals or incentives from utility providers. By integrating
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these approaches, ESSs not only reduce reliance on the local grid during peak times but also

contribute to cost savings for consumers and enhance overall grid stability and efficiency

[46].

With the advancement and maturation of energy storage technologies, ESSs have been

applied in various fields. ESSs can be classified into five categories based on the technology

or energy conversion process [47]: chemical, electrochemical, mechanical, electromagnetic,

and thermal.

Figure 2.1: Classification of Energy Storage System, plot based on [1]

Given the diverse range of energy storage technologies, determining the most appropri-

ate technology for a specific application requires a rigorous assessment of several critical

factors. These factors include energy capacity, cycle life, continuous charge and discharge

capability, response time, conversion efficiency, and long-term cost. The selection process

for an ESS must take these considerations into account, as they are fundamental to aligning
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the technology with the operational demands of the application. Accordingly, ESS appli-

cations are categorized into three principal types: energy management, bridging power,

and power quality, each defined by distinct functional requirements.

• Energy Management: ESSs used for energy management need to continuously

discharge for several hours, with an energy capacity ranging from 100kW to 1GW,

depending on the system scale. Technologies such as electrolyzers, fuel cells, high-

energy batteries, pumped hydro storage, compressed air energy storage, and thermal

energy storage are suitable for this application. These systems enable shifting energy

usage over longer periods, aiding in balancing supply and demand on a larger scale.

• Bridging Power: For bridging power applications, ESSs require faster response

times than those used for energy management, with response times ranging from

seconds to a few minutes and capable of several thousand life cycles. Continuous

discharge of up to one hour is required. Conventional batteries are considered a

good choice for this type of application, providing immediate backup power during

short-term outages or transitions between power sources.

• Power Quality: ESSs for power quality must have rapid response capabilities, gen-

erally less than one second, with discharge durations up to 10 seconds and energy

capacities ranging from 1kW to 100kW. Energy storage technologies involved in this

application include flywheels, capacitors, and superconducting magnetic energy sys-

tems. These systems help maintain voltage stability, reduce flicker, and provide

reactive power support to enhance the overall quality of power supplied.

For small to medium-scale RES, ESSs are primarily used for energy management pur-

poses. This focus arises from the need to balance RE generation and consumption within

localized systems, ensuring reliability and efficiency. Therefore, this study concentrates

on ESS applications for energy management, with a particular emphasis on two of the

most promising technologies: the Battery Energy Storage System (BESS) and the Hy-

drogen Energy Storage System (HESS). The subsequent sections will dive deeper into the
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specifics of BESS and HESS, exploring their potential applications and benefits in energy

management.

2.3.1 Battery Energy Storage Systems

BESS is a crucial subsystem in the RES, enhancing flexibility and reliability in integrating

RE. By using batteries to store electrical energy, it supports the daily operation of the

RES, ensuring a consistent and efficient power supply. Its high energy density, minimal

energy efficiency loss, rapid response time, scalability, and deployment flexibility make the

battery one of the most widely used ESS for the RES. These characteristics enable BESS to

effectively manage fluctuations in energy generation and demand. Therefore, BESS is an

ideal candidate for enhancing the reliability of RE supply, supporting energy management,

and guaranteeing power quality.

A BESS typically comprises three main components: batteries, inverters, and control

systems [48]. Batteries are the core energy storage units, operating through electrochem-

ical reactions during charging and discharging processes. Battery technology significantly

impacts the performance of BESS, influencing efficiency, cost-effectiveness, and suitability

for various applications [49]. Inverters are devices that convert the DC electricity stored in

batteries into Alternating Current (AC) electricity at specific voltages (typically 110V to

240V) for use upon discharge. Additionally, inverters facilitate the reverse process of con-

verting AC to DC during charging. Finally, the control system manages and regulates the

operation of the BESS, executing and supervising the charging and discharging processes

based on system constraints and energy management commands.

BESS can be classified based on their functionality into two categories: Power-oriented

Systems and Energy-oriented Systems. Power-oriented systems are mainly used for fre-

quency regulation, providing backup power, and voltage support [50] [51]. These systems

are required to deliver high power output over a short time frame, so the batteries need a

high charge/discharge rate relative to their energy capacity and must respond rapidly. In

contrast, Energy-oriented Systems primarily support energy management strategies and

improve the overall efficiency of the energy system by enhancing the utilization of RE
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[52][53]. Energy-oriented BESS are required to perform continuous charge and discharge

over extended periods, which necessitates batteries with high energy capacity.

The battery technology can significantly impact the performance of the BESS. The

mainstream technology can be divided into four categories: Lead-Acid Batteries, Nickel-

Based Batteries, Lithium-Ion Batteries, and Flow Batteries [54]. In addition, the perfor-

mance of those technologies can be measured from multiple dimensions: energy density,

charge/discharge speed, cost and lifespan. Different technology has different advantages

and limitations that influence its application in ESSs. Table 2.3 provides a comparison

of these technologies across multiple performance dimensions, including energy density,

charge/discharge speed, cost, and lifespan. Each technology has distinct advantages and

limitations that affect its application in ESSs.

Table 2.3: Comparison of Battery Technologies

Criteria Lead-Acid Nickel-Based Lithium-Ion Flow

Energy Density

(Wh/kg)

Low Moderate High Low

(30–50) (40–80) (100–265) (10–30)

Charge/Discharge

Speed

Moderate Moderate Fast Slow

Cost ($/kWh) Low Moderate Higher High

($100–$200) ($200–$500) ($300–$700) ($500–$800)

Lifespan (k Cycles) Low Moderate High Very High

(0.5–1) (1–2) (2–10) (10–20)

Lead-acid batteries, particularly conventional valve-regulated lead-acid batteries, are

among the oldest and most mature technologies in energy storage. Their most notable

advantage is their low initial cost, making them suitable for applications such as backup

power and uninterruptible power supplies. However, they have relatively low volumetric
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and gravimetric energy densities compared to other battery types, meaning they store less

energy per unit volume or weight. An advanced variant, the advanced lead-acid battery,

incorporates ultra-capacitors to enhance performance. While advanced lead-acid batteries

offer improved capabilities over standard lead-acid batteries, they are still in the demon-

stration phase and are significantly more expensive than typical valve-regulated lead-acid

batteries.

Nickel-based batteries, including nickel-metal hydride (NiMH) and nickel-cadmium

(NiCd) batteries, are known for their good performance at low temperatures and high

tolerance to overcharging. NiMH batteries possess a high energy density; however, their

high self-discharge rate limits their widespread use in PV systems and other RE applica-

tions. NiCd batteries, on the other hand, have been largely phased out due to the toxicity

of cadmium, which has led to bans in many countries. Consequently, NiCd batteries are

not considered viable candidates for use in RESs.

Lithium-ion batteries have gained prominence due to their high energy density, ef-

ficiency, and long cycle life, making them ideal for a wide range of applications from

consumer electronics to electric vehicles and RE integration. The lithium battery fam-

ily includes various chemistries such as lithium nickel manganese cobalt oxide, Lithium

Iron Phosphate (LFP), lithium nickel cobalt aluminum oxide, and lithium titanate oxide.

These batteries offer superior performance characteristics, including low self-discharge and

minimal maintenance requirements. Despite their higher initial cost and the need for ther-

mal management to mitigate risks like thermal runaway, lithium-ion batteries are widely

adopted due to their efficiency and scalability.

Lastly, flow batteries, such as vanadium redox flow and zinc-bromine flow batteries, are

recognized for their scalability and long operational life. They have the unique ability to

decouple power and energy capacity, allowing for flexible system design where energy stor-

age capacity can be increased independently of power output by enlarging the electrolyte

tanks. This makes them suitable for large-scale energy storage applications requiring long-

duration discharge. However, flow batteries typically have lower energy densities and

higher system complexities, leading to higher capital costs and making them less practical
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for small-scale or space-constrained applications.

This research uses LFP batteries because they avoid the significant drawbacks of other

technologies when implementing energy-oriented BESS in RES. Lead-acid batteries have

low energy density and a short cycle life, leading to frequent replacements and higher

long-term costs, which is impractical for applications requiring a reliable, sustained energy

supply. Nickel-based batteries, such as NiCd and NiMH, present environmental hazards

due to toxic materials like cadmium and suffer from high self-discharge rates and memory

effects, making them less efficient for RE storage. Flow batteries, while offering long

lifespans and scalability, are still under development, have high initial costs, and possess

low energy densities that require large physical spaces. Additionally, their exceptionally

long lifespan exceeds the typical service life of RE installations (18 to 25 years), and with

rapid technological advancements, more cost-effective solutions may emerge before the

end of their operational life. Therefore, LFP batteries are chosen as they mitigate these

issues, making them the most suitable option for developing efficient, safe, and sustainable

energy-oriented BESS within RES.

2.3.2 Hydrogen Energy Storage Systems

Hydrogen is increasingly recognized as a next-generation energy source as its significance

stems from several key advantages: high energy density, minimal emissions, and versatility

across various applications [55]. These attributes make hydrogen an integral part of our

society’s shift towards sustainability, particularly in the domain of low-carbon transporta-

tion. Hydrogen’s role extends to fuel cells [56], which convert it into electricity for powering

electric vehicle motors, and direct combustion for powering aircraft [57], with water vapour

being the only emission. Lubeck et al. assessed the life cycle of hydrogen-powered public

buses, underscoring the significantly lower environmental and global warming impacts of

hydrogen and electric buses compared to diesel ones [58]. Liu et al. have explored the

potential of liquid hydrogen-fueled turbojet engines, establishing hydrogen as a clean com-

bustion fuel and a valuable source of cold exergy for power generation [59]. Meanwhile,

Hoelzen et al. have assessed the economic implications of hydrogen infrastructure in avi-
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ation. Their findings suggest that the viability of hydrogen-powered aircraft is contingent

on the cost of green Liquid Hydrogen (LH2) infrastructure, potentially leading to operating

cost increases of 10-70% for short-range and 15-102% for medium-range aircraft due to LH2

costs [60]. It is crucial to recognize that the environmental impact of hydrogen production

varies significantly, depending on its source: green hydrogen is produced using RE, blue

hydrogen via natural gas, and grey hydrogen from coal [61]. Consequently, integrating

HESS within RESs is crucial for fostering the production of green hydrogen, aligning with

global sustainability goals.

RES with HESS has been widely explored in existing literature and proven it can

surpass the system only with electricity. Dong et al. developed a stochastic optimization

algorithm to optimize a RES with HESS and sell hydrogen for profit, achieving 80% energy

cost saving and 100% RE utilization efficiency [62]. Wang et al.developed an optimization

model for RES with PV and HESS on the city level, showing that electrolytic hydrogen

can effectively store excess PV energy and reduce CO2 emissions, with hydrogen potential

ranging from 0.236 to 9.795 megatons in ten Chinese cities, surpassing electrochemical

storage in efficiency and cost [63]. Bellocchi et al. modelled a RES with electricity, gas and

hydrogen, then performed techno-economic optimization to assess green-hydrogen path-

ways in Italy, finding hydrogen most effective in fuel cell electric vehicles and reducing

CO2 emissions by up to 49% at an 8% cost increase [64]. Khalili et al. applied robust

multi-objective optimization in Iran’s electricity market, reducing retailer costs by 5.32%

and electrolyzer power consumption by 14.19%, effective peak-shaving and load-shifting

capabilities of hydrogen storage[65]. Li et al. developed a hierarchical scheduling method

for RES with shared electricity-hydrogen storage using a Stackelberg game approach. This

method, augmented by time-of-use hydrogen pricing, cut operating costs by 9.96% and

boosted energy utilization by 2.97% compared to electric-only storage systems. [66].

In RES, HESS primarily produces hydrogen through the electrolysis of water, separating

it into hydrogen and oxygen. The resulting gases are either compressed into high-pressure

gas or liquefied into LH2. Three mainstream technologies dominate water electrolysis:

Alkaline Electrolysis (AE), Proton Exchange Membrane (PEM) electrolysis, and Solid

Oxide Electrolysis (SOE) [67][68][69].
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AE, the most mature technology, has been widely used in industry for decades. This

method employs solutions such as sodium hydroxide (NaOH) and potassium hydroxide

(KOH) to conduct hydroxide ions (OH−) from the cathode to the anode. Alkaline Elec-

trolyzers, made from cost-effective materials like stainless steel and nickel, are the most

economical option. However, they exhibit lower efficiency, typically between 60% and 70%,

and their performance can be significantly affected by the solution concentration, temper-

ature, and current density. Additionally, the long response time of AEs renders them

unsuitable for use as energy storage components in RES to handle intermittent RE supply.

Table 2.4: Comparison of Electrolysis Technologies

Parameter AE PEM SOE

Principle Solution Membrane Solid ceramic

Maturity Mature More recent Emerging

Efficiency 60-70% Up to 80% Over 80%

Current Density Low High Medium

Cost Low High Medium

Operational Temperature 40-80°C 20-90°C 700-800°C

Compactness Moderate High Low

Response Time Slow Fast Very Slow

Stability High Moderate Low

Maintenance Cost Medium High High

Machine Cost Low High Medium

PEM Electrolysis, a more advanced technology, utilizes a solid polymer electrolyte

membrane to transfer protons from the anode to the cathode, effectively separating hydro-

gen and oxygen. PEM operates at higher current densities, allowing for a more compact

design than AE for equivalent hydrogen output levels. Moreover, its rapid startup and
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response time make PEM an ideal component for managing intermittent RE in RES. The

efficiency of PEM ranges from 70% to 80%, slightly higher than AE. However, PEM’s

higher costs, due to the use of precious metals such as platinum and iridium as catalysts,

and the challenges associated with membrane durability, are notable drawbacks.

SOE operates at temperatures exceeding 700 degrees Celsius and employs a ceramic

electrolyte instead of a membrane to conduct ions and separate hydrogen and oxygen. The

high operational temperature of SOE offers significant advantages, including enhanced

efficiency (exceeding 80%) and reduced catalyst costs, as it can utilize waste heat from in-

dustrial processes and geothermal energy. Nevertheless, the high operational temperatures

present challenges related to material stability, thermal management, slow startup, and

high maintenance requirements, making SOE more suitable for RES that utilize geother-

mal energy and possess waste heat recovery systems.

These three technologies exemplify the progression in hydrogen production methods,

each with its inherent advantages and limitations and compared in Table 2.4. As technolo-

gies and materials advance, efficiencies are expected to improve, and costs are anticipated

to decrease. This research employs PEM as the electrolyzer in its HESS because PEM’s

rapid response time effectively manages intermittent RE generation, and its compact design

is advantageous for community use.

2.4 Time Series Data Analysis

Time series data is a prevalent concept in various fields, including finance, economics,

meteorology, and the energy sector, and consists of data points collected at consistent

time intervals. This data type is distinct from other types due to three unique charac-

teristics: trend, seasonality, and cyclicity. The trend reflects the long-term progression

in the data, indicating whether values increase or decrease over time, and showing the

underlying direction of movement. Seasonality refers to recurring patterns that occur at

regular time intervals, such as daily, monthly, or yearly. Unlike seasonality, which has fixed

and predictable cycles, cyclicity involves patterns that occur at irregular intervals and are
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influenced by broader, unpredictable factors.

In energy consumption data, the trend is shaped by factors such as technological ad-

vancements and consumer behaviour. For instance, the adoption of high-efficiency tech-

nologies may reduce overall energy consumption if consumption patterns remain stable.

Conversely, increased consumption due to the convenience offered by these technologies

could lead to a rising trend. Seasonality in energy consumption data is often driven by

environmental changes; for example, energy use increases in winter for lighting as daylight

hours are shorter than in summer. Cyclicity in the energy sector is influenced by factors

such as shifts in production technology, regulatory changes, and innovations in energy

storage and distribution, all of which occur unpredictably.

In addition to the three fundamental characteristics of time series data—trend, season-

ality, and cyclicity—conventional statistical models often require the data to meet certain

assumptions and properties. These assumptions include homoscedasticity, stationarity,

and independence of errors.

Homoscedasticity refers to the requirement that the variance of the time series remains

constant over time. In practice, energy consumption data rarely satisfy this assumption

due to shifts in demand patterns and external factors, leading to heteroscedasticity. When

heteroscedasticity is present, data transformations may be needed to achieve homoscedas-

ticity.

Stationarity implies that the statistical properties of the data, such as mean, variance,

and autocorrelation, remain constant over time. Non-stationary data, which may exhibit

trends or seasonality, need to be addressed through techniques like differencing or detrend-

ing before being fed into the model.

Another important assumption is the independence of errors, which refers to the be-

haviour of residuals—the differences between observed and predicted values. The errors

should resemble white noise, meaning they are uncorrelated, normally distributed with a

mean of zero, and have constant variance. If this assumption is violated, it indicates that

the model has not fully captured the underlying patterns in the time series, potentially

reducing the model’s accuracy.
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2.4.1 Statistical Approaches

Statistical models, including Autoregressive (AR), Moving Average (MA), and Autore-

gressive Integrated Moving Average (ARIMA), play a critical role in time series analysis

by enabling the examination of linear relationships in data. This section explores how

these models, which are predicated on assumptions of data stationarity and linearity, of-

fer structured methodologies for forecasting. It highlights the limitations of these models

in addressing the complexities of real-world data. This section will cover each model’s

core features: AR’s reliance on previous values, MA’s utilization of past error terms, and

ARIMA’s capability to incorporate non-stationary data, demonstrating their advantages

and optimal application contexts.

Autoregressive Model

The AR model is a fundamental statistical method used to forecast time series data by

leveraging the dependencies between current and past observations. The core idea of the

AR model is that the future value of a time series can be predicted as a linear function of

its previous values, reflecting the temporal correlation inherent in the data sequence.

The mathematical expression of an AR model of order p, denoted as AR(p), is given

in Equation 2.1.

Yt = ϕ1Yt−1 + ϕ2Yt−2 + · · · + ϕpYt−p + ϵt (2.1)

Here, Yt represents the current value of the time series at time t , each ϕ (ranging

from ϕ1 to ϕp) is a coefficient that quantifies the influence of past values on the current

value, and ϵt is the residual term, accounting for the unpredictability not captured by the

past observations. This model structure allows the AR model to capture and utilize the

underlying patterns within time series data effectively.

While AR models have been extensively studied and widely adapted due to their sim-

plicity and effectiveness in capturing short-term dependencies in time series data, they still
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face several challenges. First, AR models struggle with data that exhibit trends, season-

ality, or non-stationary behaviors, as these characteristics can lead to biased or inefficient

results. However, those behaviors are normal in meteorology data and energy consumption

data.

Second, the sensitivity to the order of the model poses another significant challenge.

The choice of the order of the AR model is critical; an inappropriate selection can lead to

underfitting, where the model does not capture all the dynamics of the data, or overfitting,

where the model is too closely fitted to the specific data points of the training set, reducing

its generalizability and performance on new data.

Finally, AR models cannot capture complex relationships, especially in contexts like

energy consumption data where multiple interacting factors influence the outcomes. This

limitation makes AR models less effective in environments where the interactions between

variables are significant and where variables influence each other in non-linear or intricate

ways.

Moving Average Model

MA models are another fundamental class of statistical methods used for time series pre-

diction. These models assume that the current value of a series is a linear combination of

past white noise error terms. A Moving Average model of order q, denoted as MA(q), is

demonstrated in Equation 2.2.

Yt = µ + θ1ϵt−1 + θ2ϵt−2 + · · · + θqϵt−q + ϵt (2.2)

In Equation 2.2, Yt represents the current value of the time series at time t. The

mean of the series, denoted as µ, is often assumed to be zero in a zero-mean MA model.

The coefficients of the MA model, (θ1, θ2, . . . , θq), quantify the influence of lagged error

terms on the current value. These coefficients reflect how past white noise error terms,

(ϵt−1, ϵt−2, . . . , ϵt−q), which represent random shocks from previous time points, impact the

current series value. Additionally, ϵt is the current error term, also modelled as a white
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noise process, introducing new, unpredicted information that affects the series at time

t. This setup allows the MA model to effectively account for and smooth out random

fluctuations in the time series data.

MA models are extensively utilized due to their proficiency in handling random varia-

tions and smoothing noisy data. This characteristic is particularly beneficial in financial

markets for smoothing stock prices or in economic data analysis where unexpected events

need to be accounted for.

Despite their utility in smoothing noisy data and handling random variations, MA

models face several limitations. They inherently possess a ‘finite memory,’ limited only to

a few periods defined by q, which might not adequately capture long-term dependencies

within the time series. Like AR models, MA models require the series to be stationary;

non-stationary data, such as those displaying trends or seasonal patterns, need to be dif-

ferenced or transformed before modeling. Furthermore, with an increasing order q, MA

models grow in complexity, complicating their interpretation and fitting, particularly as

identifying the appropriate model order becomes more challenging. This aspect can limit

their effectiveness in scenarios where the historical values themselves contain crucial in-

formation for forecasting, restricting their applicability in complex environments where

understanding long-term historical dependencies is vital.

Autoregressive Integrated Moving Average Model

The ARIMA model combines the concepts of both the AR and MA models. It is widely

applied in time series forecasting, particularly when data exhibit trend or non-stationary

behavior, which AR and MA models alone cannot effectively address. ARIMA consists

of three main components: AR, differencing to remove non-stationarity, and MA. These

elements work together to model time series data by accounting for both the temporal rela-

tionships between past observations and the adjustments needed to handle non-stationarity,

making ARIMA a more flexible approach for complex time series.

The general expression of an ARIMA model is denoted as ARIMA(p, d, q), where p

is the number of autoregressive terms, d is the degree of differencing to make the series
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stationary and q is the number of moving average terms. The mathematical expression is

given in Equation 2.3.

∆dYt = ϕ1∆
dYt−1 + · · · + ϕp∆

dYt−p + ϵt + θ1ϵt−1 + · · · + θqϵt−q (2.3)

Where:

• Yt is the original time series at time t

• ∆dYt = ∆d−1Yt − ∆d−1Yt−1, ∆1Yt = Yt − Yt−1, are the differenced time series

• (ϕ1, . . . , ϕp) are AR coefficients and (θ1, . . . , θq) are MA coefficients

• ϵt represents the error terms.

The ARIMA model is specifically designed to address the challenges of non-stationarity,

dependencies, and randomness in time series data, which frequently occur in real-world

datasets, especially in the energy sector. The model first employs differencing, a tech-

nique that subtracts the previous observation from the current one, effectively stabilizing

the mean by eliminating broader-scale changes. This transformation is critical for remov-

ing trends and making the data stationary, a necessary condition for effective time series

analysis.

However, differencing alone does not capture the predictive power inherent in the past

values of the time series. To address this, the ARIMA model incorporates AR components,

which account for the relationships between observations and their lagged values, thus

utilizing past data to improve future forecasts.

Lastly, time series data often experience random shocks—unpredictable events that

cause deviations from expected patterns. These residual effects are not fully addressed

by differencing and autoregression. The MA component of ARIMA handles these random

shocks by modeling the noise or error terms from previous predictions. By averaging these

residuals, the MA component smooths their impact, refining the model’s accuracy and

enhancing its ability to adapt to unexpected changes in the data. This comprehensive

approach improves the model’s predictive performance in complex real-world scenarios.
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2.4.2 Machine Learning Approaches

Beyond traditional statistical methods, machine learning has emerged as a promising al-

ternative for time series prediction, demonstrating significant potential to capture complex

patterns in time series data. The literature identifies several key machine learning meth-

ods for this purpose, including Support Vector Machines (SVM), Random Forests (RF),

and k-Nearest Neighbors (k-NN). Each of these approaches has unique advantages and

limitations, making them suitable for specific types of time series data.

SVMs are particularly effective for modeling complex nonlinear patterns. They use

kernel functions to map data into higher-dimensional spaces, where nonlinear patterns

become more separable and thus easier to predict. This flexibility allows SVMs to handle

various forms of nonlinearity, making them well-suited for small datasets with intricate

relationships. However, applying SVMs to large datasets is computationally demanding

due to the resource requirements of kernel transformations. Additionally, SVMs require

careful tuning of kernel parameters, as these parameters directly affect prediction accuracy.

RFs are ensemble models that combine multiple decision trees to generate predictions.

Each tree contributes independently to the final decision, and using multiple trees reduces

the risk of overfitting, enhancing the model’s robustness compared to individual decision

trees. In time series prediction, RFs can capture nonlinear dependencies within the data

and handle multivariate time series where multiple variables interact. However, RFs lack

temporal awareness, meaning they cannot capture the sequential or ordered nature inher-

ent in time series data. This limitation reduces their effectiveness in modeling complex

temporal patterns. Furthermore, as the number of trees in the ensemble grows, the com-

putational cost increases significantly, which can be a constraint in practical applications.

The k-NN algorithm, though simpler than SVM and RF, is occasionally used in time

series prediction by leveraging the similarity between current observations and historical

data. It assumes that patterns in the current data resemble those in past data, allowing it

to identify the closest historical observations for making predictions. However, k-NN does

not account for temporal order, making it less suitable for high-dimensional data where

the sequence of observations is crucial. Additionally, its reliance on finding similar past
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patterns limits its usefulness when the time series data are highly dynamic or irregular, as

these conditions reduce the relevance of historical analogs.

In conclusion, while SVM, RF, and k-NN each offer valuable capabilities for time series

prediction, they also have specific limitations. SVMs are adaptable to nonlinearity and

useful for small, complex datasets but require significant computational resources and

careful parameter tuning. RFs provide robustness and can capture nonlinear dependencies

but lack temporal awareness and can be computationally intensive with large ensembles.

k-NN offers simplicity and interpretability through similarity-based prediction but is less

effective for high-dimensional, sequential data. Together, these methods expand the range

of machine learning tools available for time series analysis beyond traditional statistical

approaches.

2.4.3 Deep Learning Approaches

Deep learning models, as subsets of machine learning approaches, include architectures

such as Recurrent Neural Network (RNN), LSTM, and Transformers are transforming

time series prediction, offering a marked improvement over traditional statistical methods.

This section examines how these advanced models excel in capturing complex, nonlinear

patterns and dependencies that evade simpler statistical models like AR, MA, and ARIMA,

constrained by their assumptions regarding data stationarity and linearity. By exploring

the capabilities of each model—from RNNs’ ability to process sequences through memory to

LSTMs’ enhancement for long-term dependencies, and Transformers’ innovative use of self-

attention mechanisms—the review will introduce their respective advantages and practical

applications in the field. Additionally, a comparative analysis of these deep learning models

is provided in Table 2.5.

Recurrent Neural Network

Feedforward neural networks, including Multilayer Perceptron (MLP), encounter substan-

tial challenges when handling sequential data due to their inherent structural limitations.
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Table 2.5: Comparison of RNN, LSTM, and Transformer Models

Metric/Model cRNN LSTM Transformer

Computational

Efficiency

Sequential process-

ing; limited paral-

lelism

Complex opera-

tions; slower than

RNN

Highly paralleliz-

able; efficient with

GPUs

Handling Long

Sequences

Struggles due to

vanishing gradients

Good at capturing

long-term depen-

dencies

Excellent with

long-range depen-

dencies

Training Diffi-

culty

Difficult due to

vanishing gradients

Moderate; complex

structure

Requires extensive

parameter tuning

Memory Re-

quirement

Moderate High; more param-

eters

Very high; self-

attention over

sequences

Advantages Simplicity; easy to

implement

Handles long-term

dependencies; mit-

igates vanishing

gradients

Scalability; handles

long-range depen-

dencies well

Disadvantages Poor at long-term

dependencies; van-

ishing gradients

Computationally

intensive; harder to

parallelize

High resource re-

quirements; com-

plex architecture

Parallelizability Low Low High

Model Inter-

pretability

Low Low to moderate Moderate; at-

tention weights

provide insights

These networks are not equipped to manage sequences of variable lengths or to capture

temporal dependencies that are critical for analyzing time series data. The root of this

limitation lies in the static architecture of MLPs, which process each input independently,

without the capability to store or reference earlier states. As a result, MLPs cannot account

for the impact of prior inputs on subsequent outputs.
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The RNN was developed specifically to address the challenges and limitations inher-

ent in processing sequential data, notably those identified in models like the MLP. This

innovation in neural network design marks a pivotal advancement in sequence processing

technologies. RNNs feature a unique architecture that includes loops, allowing them to

retain information from previous inputs and use it in processing subsequent inputs. This

capability allows RNNs to preserve a memory of past inputs and to learn temporal relation-

ships across various time steps, thus enabling a more nuanced understanding of sequential

dynamics. RNNs have demonstrated superior performance in applications such as language

modeling and time series analysis, where leveraging historical data is crucial for achieving

high accuracy.

In RNNs, the nodes in a hidden layer are interconnected, and the input to the hidden

layer includes the output of the input layer and the output of the hidden layer from the

previous time stamp. In theory, RNNs can process arbitrary lengths of time series data.

However, to reduce the complexity of RNNs, researchers often assume that current states

are only related to a few previous states (i.e., short-term states).

At each time step t, the RNN takes an input vector xt and computes the hidden state

ht based on the current input, the previous hidden state ht−1 , and internal parameters.

The hidden state serves as the network’s memory, capturing information from all previous

inputs processed up to time t. The update equation for the hidden state is given by

Equation 2.4:

ht = ϕ(Wxhxt + Whhht−1 + bh) (2.4)

In Equation 2.4, Wxh and Whh are weight matrices for the input-to-hidden and hidden-

to-hidden connections, respectively; bh is a bias vector; and ϕ is a nonlinear activation

function, such as sigmoid or tanh, which introduces nonlinearity into the network process-

ing.

The output yt at each time step t is computed from the current hidden state ht as

follows shown in Equation 2.5:
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yt = Whyht + by (2.5)

Here, Why is the weight matrix that connects the hidden state to the output, and by is

the corresponding bias vector. This output configuration can be tailored for various tasks,

from classification to complex sequence modeling, depending on the network’s intended

application.

Unfolding an RNN across the time steps of an input sequence provides a clearer under-

standing of its operations, as each temporal instance is shown as a distinct but connected

unit within a larger computational graph. This expanded view helps illustrate the param-

eter sharing across different time steps, a fundamental feature that allows the RNN to

generalize across sequences of variable lengths and structures.

Mathematically, unfolding an RNN can be represented as a series of function compo-

sitions, with each function corresponding to the state update and output computation at

each time step:

ht = ϕ(Wxhxt + Whhϕ(Wxhxt−1 + . . .)) (2.6)

Conventional RNNs encounter several critical limitations that impair their ability to

model long-term dependencies effectively. These include the vanishing gradient problem,

the exploding gradient problem, and inherent memory retention limitations. Each of these

challenges contributes to the difficulty RNNs face in maintaining and processing informa-

tion over long sequence durations.

• Vanishing Gradient Problem: Gradients during backpropagation diminish ex-

ponentially as the sequence length increases, leading to minimal weight updates for

early inputs. This causes the network to lose information about the initial part of

the sequence, hindering its ability to connect distant events.

• Exploding Gradient Problem: Conversely, gradients can increase exponentially,

resulting in very large updates to the weights. This instability often leads to a

divergent training process where the model fails to converge, making it difficult to

train effectively.
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• Memory Retention Limitations: The architecture of conventional RNNs relies

on a single hidden state to store all past information, which becomes overwhelmed

with longer input sequences. As new inputs arrive, older information is overwritten,

which limits the network’s ability to remember long-term dependencies.

To address these limitations, LSTM networks introduce as an advanced RNN and

significantly enhances the capability for times series prediction.

Long Short Term Memory

LSTM networks enhance conventional RNNs by introducing specific gating mechanisms

that effectively manage the flow of information. These mechanisms address the issues of

vanishing and exploding gradients, thereby preserving long-term dependencies in sequential

data.

Figure 2.2: LSTMs Structure
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With many studies, LSTMs have been proven to be able to handle long-term time series

problems and it has much better performance than other ML structures. In the literature,

several studies have been conducted on the application of LSTM models to improve the

accuracy of load forecasting in the power industry. Xu et al. [70] proposed a modified

two-layer LSTM neural network for joint forecasting of active and reactive loads in build-

ing energy systems, which outperformed a single LSTM-based approach. Mughees et al.

[71] developed a deep bidirectional LSTM-based sequence-to-sequence (S2S) regression ap-

proach for day-ahead peak demand forecasting, achieving better performance than several

other benchmark models. Zang et al. [72] proposed a novel day-ahead residential load

forecasting method that utilizes feature engineering, pooling, and a hybrid deep learning

model based on LSTM and self-attention mechanism, which was shown to be effective and

superior to other benchmark methods through case studies. Gul et al. [73] focused on mid-

term electricity consumption prediction for a metropolitan city using a time-series dataset

and compared the performance of ARIMA and CNN-Bi-LSTM models, showing promising

accuracy after tuning hyperparameters. These studies demonstrate the potential of deep

learning models for improving load forecasting in the power industry.

An LSTM cell comprises several components, each governed by precise mathematical

equations that control information flow. The key elements include the forget gate, the

input gate, the cell candidate, the cell state update, the output gate, and the hidden state.

Each component plays a crucial role in the cell’s functionality. The architecture of the

LSTM cell is demonstrated in Figure 2.2.

The forget gate, denoted as ft, determines the extent to which information from the

previous cell state ct−1 is retained or discarded. It is defined by Equation 2.7:

ft = σ(Wfxt + Ufht−1 + bf ) (2.7)

In Equation 2.7, σ represents the sigmoid function, ensuring that the output of the

forget gate ranges between 0 (information is completely forgotten) and 1 (information is

fully retained). The parameters Wf , Uf , and bf are the weights and bias specific to the

forget gate, influencing how it processes the current input xt and the previous hidden state
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ht−1.

The input gate, represented by it, controls the incorporation of new information into

the cell state. Its operation is described by Equation 2.8:

it = σ(Wixt + Uiht−1 + bi) (2.8)

The cell candidate, denoted as c̃t, provides potential new values for updating the cell

state. It is calculated using Equation 2.9:

c̃t = tanh(Wcxt + Ucht−1 + bc) (2.9)

In this equation, tanh refers to the hyperbolic tangent function, producing outputs in

the range of -1 to 1. The parameters Wc, Uc, and bc are specific to the cell candidate,

interacting with xt and ht−1.

The cell state update, denoted as ct, integrates the previous cell state and the new

candidate values to refresh the cell state. This process is defined by Equation 2.10:

ct = ft ⊙ ct−1 + it ⊙ c̃t (2.10)

In Equation 2.10, ⊙ signifies element-wise multiplication. This operation is pivotal for

selectively updating the cell state based on the outputs from the forget and input gates.

The output gate, denoted as ot, determines which portions of the cell state are trans-

mitted as output. Its functionality is captured by Equation 2.11:

ot = σ(Woxt + Uoht−1 + bo) (2.11)

Finally, the hidden state ht, which serves as the output of the LSTM cell for the current

timestep, is computed using Equation 2.12:

ht = ot ⊙ tanh(ct) (2.12)
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This equation indicates that the hidden state is the element-wise product of the output

gate’s activation ot and the hyperbolic tangent of the updated cell state tanh(ct). This

operation effectively filters and transmits the necessary information for future predictions

or sequence processing.

Each component within the LSTM cell is meticulously designed to selectively update,

retain, or forget data. The activation functions σ and tanh normalize the gate outputs and

candidate values, which helps stabilize the updates applied to the cell state. Consequently,

LSTMs are particularly effective for tasks that require managing long-term dependencies

in sequential data.

Moreover, the gating mechanisms inherent in LSTMs play a critical role in mitigating

the vanishing and exploding gradient problems common in traditional RNNs. By regulat-

ing the flow of information through the cell state, these gates maintain more consistent

gradients during backpropagation through time. The forget gate prevents the accumu-

lation of irrelevant information, which could lead to exploding gradients, by selectively

discarding unnecessary data. Simultaneously, the input gate and cell candidate ensure

that only pertinent new information is incorporated into the cell state, normalized by the

tanh activation function to keep values within a bounded range. The output gate further

refines the information passed to subsequent layers, preventing the propagation of vanish-

ing or exploding gradients. This careful modulation of information flow allows LSTMs to

preserve essential information over long sequences, effectively addressing gradient-related

challenges and enhancing their capability to learn long-term dependencies.

Self-attention Mechanism and Transformer

Self-attention mechanisms have fundamentally transformed the processing of sequential

data by enabling neural networks to focus selectively on relevant features without rely-

ing on sequential memory of inherent characteristics. Initially proposed by researchers

at Google Brain [2], this architecture allows each element within an input sequence to

efficiently attend to all other elements. By addressing limitations inherent in RNNs and

LSTMs—such as the necessity for sequential processing, memory constraints on long se-
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quences, and slow training processes—self-attention mechanisms have been widely adopted

in fields like natural language processing and image recognition. In these domains, data

can be tokenized or segmented into smaller units, such as words in language or pixels in

images, facilitating more effective analysis and prediction. This segmentation transforms

language and images into sequential data where the position of each data point is crucial,

leading to varying outcomes based on different input sequences [74].

At the core of the attention mechanism are the Query (Q), Key (K), and Value (V )

vectors, each assigned to inputs within the sequence. The Query vector Qi for input

Xi, defined in Equation 2.13, acts as a probe representing the current input for which

information is sought. It queries the sequence to extract relevant information from other

data points. The Key vector Ki, shown in Equation 2.14, assesses how each piece of data

relates to the Query, while the Value vector Vi, detailed in Equation 2.15, contains the

actual data that the Query aims to access. Figure 2.3 visualizes this computation process.

Q = X ·WQ, X = [X1, X2, X3, . . . , Xi] (2.13)

K = X ·WK (2.14)

V = X ·WV (2.15)

By computing the dot product between the Query and Key vectors, the attention score

A is obtained, as shown in Equation 2.16. This score determines the degree of relevance

or ‘attention’ a particular data point has concerning the current input. The relevance

established by the attention score dictates how the data in the Value vector influences

the output, with more relevant data exerting a greater impact. The attention scores are

normalized using the softmax function, as per Equation 2.17, which stabilizes the learning

process by ensuring the scores sum to one, forming a probability distribution.

A = Q ·KT (2.16)
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A′ = softmax

(
A√
Dout

)
(2.17)

Figure 2.3: Visualization of the Self-attention Computation Process

This mechanism enables the model to dynamically weigh the importance of different

elements when generating representations, capturing dependencies regardless of their po-

sitional distance within the sequence. By overcoming the memory constraints typical of

RNNs, self-attention facilitates immediate and lossless retrieval of information and ef-

fectively handles long-range dependencies. The inherent parallel computation not only

enhances computational efficiency but also significantly augments the model’s capacity to

focus on pertinent information across extensive input sequences, culminating in the output

expressed by Equation 2.18.

Y = A′ · V (2.18)
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While the self-attention mechanism effectively improves the robustness and reliability of

sequential data prediction, a single-head self-attention network is limited in capturing the

variety of dependencies within the input data. To address this limitation, the multi-head

self-attention mechanism has been proposed. This approach allows the network to capture

various dependencies by using multiple sets of attention scores in parallel, enabling a more

comprehensive understanding of sequential data, which is crucial for data with long-range

dependencies.

Building upon the self-attention mechanism, the Transformer architecture, illustrated

in Figure 2.4, has significantly advanced sequential data prediction, particularly in fields

such as natural language processing, voice recognition, and time series prediction. The

Transformer is primarily composed of two fundamental components: the encoder and the

decoder. The encoder processes the input sequential data, capturing both the characteris-

tics of individual data points and the internal relationships among them. Subsequently, the

decoder takes the encoder’s output—which encapsulates the important information—and

produces precise and contextually appropriate results.

The encoder blocks, depicted on the left side of Figure 2.4, each contain two sub-layers.

The first sub-layer is a multi-head attention mechanism that enables the network to focus

on different parts of the input sequence, capturing the relevance of each data point with

others in the sequence. This is critical for understanding the internal dependencies of time-

sensitive patterns in sequential data. The second sub-layer is a fully connected feed-forward

network that processes the output from the multi-head attention block. Each sub-layer

is followed by a normalization layer, and residual connections are employed around each

sub-layer. This design helps the encoder avoid the gradient vanishing problem as the model

complexity increases, improving efficiency in training large Transformer models.

In contrast, the decoder blocks, shown on the right side of Figure 2.4, replicate the

encoder structure with an additional sub-layer: the masked multi-head attention mecha-

nism. This mechanism modifies the attention matrix of the standard attention layer by

setting the attention scores for future tokens to a large negative value, effectively masking

them. Consequently, after applying the softmax function in Equation 2.17, the normalized
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Figure 2.4: The Transformer Architecture [2]

attention scores for future tokens become zero. This ensures that the attention mechanism

does not consider information from future tokens when generating the current output,

preserving the causality essential for prediction tasks.

Following the masked multi-head attention sub-layer, the decoder integrates a second

multi-head attention layer that attends to the encoder’s output. This setup enables the

model to align and adapt the encoder representations with the target sequence, enhancing

the contextual relevance of predictions. Similar to the encoder, the decoder includes a feed-

forward network, with each sub-layer followed by normalization and residual connections.

This consistent architecture between the encoder and decoder helps maintain a balance in
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learning and exchanging contextual information, which is crucial for accurate sequential

data prediction.

Beyond the encoder and decoder components, the Transformer incorporates a positional

encoding mechanism essential for capturing the sequence order of the input data. Unlike

RNNs that process input data sequentially, the parallel processing nature of self-attention

layers lacks inherent ability to account for the order of the input sequence. The posi-

tional encoding mechanism addresses this by adding unique positional information to each

data point within the input sequence, using functions such as sine and cosine or learned

embeddings.

The architectural integration of self-attention mechanisms, multi-head attention, and

positional encoding within the Transformer offers a robust framework for sequential data

prediction in a parallel and efficient manner. This architecture not only enhances the

scalability and adaptability of neural networks but also improves model accuracy and

training efficiency across various tasks, particularly those involving complex and long-range

dependencies in sequential data.

2.5 System Optimization

The optimization of RESs is a critical process that involves across two main stages: the sys-

tem design stage and the operational stage. Each stage is essential for maximizing efficiency,

reliability, and performance in meeting energy demands sustainably and cost-effectively.

Figure 2.5 categorizes RES optimization by stage and focus. The X-axis represents stages,

with the system design stage on the left and the operational stage on the right. The Y-axis

shows optimization focus, with efficiency at the top and cost at the bottom. This layout

clarifies how optimization strategies are applied across stages, balancing efficiency and cost.

In the system design stage, the primary goal is to establish a robust structural founda-

tion that ensures operational efficiency and economic viability over the system’s lifetime.

This involves two main considerations: configuration optimization and cost-efficiency plan-
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Figure 2.5: Optimization for Renewable Energy Systems

ning. These aspects form the basis of a well-integrated system that balances energy per-

formance, initial investment, and long-term sustainability.

System configuration optimization includes selecting appropriate components and ar-

ranging them in a layout that maximizes RE capture and enhances system resilience. The

process of component sizing and selection determines the optimal sizes and types of system

elements [45], such as PV panels and BESS, to meet anticipated energy demands. While

larger components offer greater flexibility in managing energy resources, they require a

higher initial capital investment [7]. The choice of technology also impacts efficiency; for

example, the conversion efficiency of PV panels or the storage capacity of batteries directly

affects both energy output and cost. Therefore, sizing and selecting components involves

carefully balancing flexibility with capital requirements, often necessitating trade-offs be-

tween cost and efficiency. This optimization aligns with user-defined priorities, ensuring
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that the system meets specific energy performance goals while meeting financial constraints.

Topological optimization within system configuration focuses on spatial arrangements

that optimize energy capture and improve integration with other components [75]. For PV

systems, which commonly employ fixed tilt angles, this involves determining the orientation

[76], tilt angle[77], and spatial layout of the panels to maximize solar irradiance capture.

Each of these factors can significantly affect energy output, especially when the system is

constrained to a fixed structure. By adjusting these parameters, topological optimization

enhances energy output from the renewable source, contributing to overall system efficiency

without incurring additional component costs. This approach also aligns spatial design

with the RE resource potential, ultimately supporting sustainable and effective energy

generation throughout the system’s operational life.

Cost-efficiency planning is also integral to the design stage, primarily implemented

through lifecycle cost analysis [78]. This analysis seeks to minimize the overall cost of

energy production over the system’s lifespan by carefully selecting configurations and com-

ponents that balance initial investment, operational expenses, maintenance costs, and an-

ticipated energy yield. By addressing these financial factors from the outset, lifecycle cost

analysis enables informed decisions on component selection and system layout that opti-

mize economic performance over time. This approach ensures that the system not only

meets energy demands but does so in a financially sustainable manner, balancing long-term

cost-effectiveness with reliability and performance.

By integrating system configuration with cost-efficiency planning, the design stage de-

velops an optimized structure that minimizes initial costs while supporting effective and

reliable operation. This strategic foundation ensures that the system meets both immediate

and long-term performance expectations, achieving an efficient balance between investment

and operational value.

In the operational stage, optimization mainly focuses on three primary categories: re-

source allocation optimization, predictive and preventive optimization, and operational

cost and efficiency optimization. These approaches manage energy resources effectively,

ensuring supply-demand balance, minimizing operational costs, and extending component
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lifespan [79].

Resource allocation optimization primarily addresses load and demand management.

This includes techniques such as real-time demand response [80], load forecasting [81] [82],

and strategic scheduling to efficiently align energy supply with demand fluctuations and

maintain system stability. The main objective is to balance supply and demand, reducing

costs by avoiding energy use during peak times. By shifting consumption away from high-

demand periods, the system can limit dependency on external grid imports at peak prices,

thus reducing overall operational costs. Additionally, resource allocation optimization tai-

lors energy management based on user usage patterns, strategically distributing energy to

minimize unnecessary expenditures.

Another critical aspect of resource allocation is storage management, which focuses on

optimizing the operation of energy storage systems such as BESS and HESS. Effective

storage management involves carefully scheduling charge and discharge cycles, as well as

electrolyzer usage, to ensure resource availability while reducing operational costs and pre-

venting rapid degradation of storage components. This optimization extends the lifespan

of storage systems by limiting high-stress usage patterns, enhancing energy availability

in storage, and minimizing replacement costs over the system’s lifespan. Consequently,

resource allocation optimization in storage not only improves energy availability but also

contributes to cost savings through reduced maintenance and replacement needs.

The second category, predictive and preventive optimization, focuses on predicting sys-

tem demands and adjusting operations to prevent disruptions. Predictive optimization

is primarily used in maintenance, employing ML models and historical data to forecast

potential failures in critical components such as RE generators and ESSs. By identify-

ing potential failure in advance, this approach significantly reduces the risk of unplanned

downtime and mitigates the costly consequences associated with power outages or energy

shortages, particularly in isolated or off-grid energy systems. Predictive maintenance pro-

vides users with sufficient time to prepare for necessary repairs or component replacements,

thereby enhancing system reliability and minimizing unexpected operational interruptions.

Another aspect of predictive optimization is RE generation forecasting. This involves
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predicting the inherent variability of renewable resources like solar and wind power and

dynamically adjusting system operations based on forecasted outputs. By proactively

managing these fluctuations, renewable generation forecasting enhances the stability and

reliability of energy output. This results in a more consistent RE supply that demands less

dependency on energy storage systems and reduces reliance on local grid support. Such op-

timization enables a smoother RE generation process, minimizing operational disruptions

and improving the overall efficiency of the energy system.

The final category, operational cost and efficiency optimization aims to maximize sys-

tem efficiency while minimizing expenses associated with energy conversion and consump-

tion. Operational efficiency optimization focuses on reducing energy losses that occur

during conversion and distribution by using advanced energy management algorithms. By

aligning energy generation more closely with demand patterns, these algorithms can min-

imize conversion losses and transmission inefficiencies, ensuring that generated energy is

effectively utilized and waste is reduced. In addition, it also includes RE generation opti-

mization. For instance, in PV systems, adjusting the tilt angle, orientation, or direction

of PV panels can maximize solar energy capture under varying conditions [83]. Similarly,

in wind energy systems, optimizing blade angles enhances energy generation by aligning

with prevailing wind conditions. These dynamic adjustments allow for continuous align-

ment with resource availability, thereby maximizing energy output and improving overall

system performance.

Dynamic cost optimization further enhances operational efficiency by leveraging strate-

gies such as time-of-use pricing and demand-side management. This involves adjusting

energy consumption to off-peak times when energy prices are lower, directly reducing op-

erational costs. Dynamic cost optimization is highly dependent on the structure of local

electricity pricing and often requires supportive policies to be most effective. The perfor-

mance of this strategy is influenced by local regulations, societal norms, and grid manage-

ment policies, all of which determine the flexibility available to adjust energy use patterns.

Thus, while operational efficiency optimization directly enhances system performance, dy-

namic cost optimization tailors consumption to economic incentives, leveraging external

conditions to achieve lower operating costs within the existing energy pricing framework.
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In summary, the optimization of RESs is a multifaceted process that spans both the

design and operational stages. By systematically addressing configuration, cost-efficiency,

resource allocation, predictive maintenance, and operational strategies, it is possible to

develop and maintain RESs that are efficient, reliable, and economically sustainable.

The following three subsections provide an in-depth review of optimizations relevant

to this research. These include tilt-angle optimization, component size optimization, and

energy management for load and demand management. Each subsection examines the

methodologies and applications that contribute to enhancing performance, efficiency, and

reliability within RESs.

2.5.1 Photoviltaic Panel Optimization

Optimizing the tilt angle of PV panels is essential for maximizing solar energy capture

and enhancing solar-to-electricity conversion efficiency. Studies have shown that proper

tilt angle adjustments can significantly increase the incident solar irradiance on PV panels

[84][85][86].

Raina et al. [84] reported that bifacial PV modules installed at optimal orientations

could collect up to 84.76% more irradiance. Ashutosh et al. [87] achieved an 18.03%

increase in energy harvest by optimizing the tilt angle monthly for a PV plant in India.

Alghamdi [88] improved the energy output of roof-mounted PV systems by 15.9% using

an unsupervised artificial neural network for Net LCOE optimization. Mansour et al.

[89] found that monthly tilt angle optimization could yield 4.2% more power than yearly

adjustment. Hassan et al. [90] determined monthly optimal tilt angles for maximum solar

irradiance across 20 locations in Iraq.

Discrepancies in optimization outcomes arise due to factors such as using irradiance

instead of power generation as the optimization objective, not explicitly evaluating the

correlation between tilt angle and energy conversion efficiency, and differences in climate

zones studied.

Most existing studies rely on mathematical models, which have limitations including
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strict assumptions and high computational costs. Artificial Neural Network (ANN) offer

improved estimation accuracy and can overcome these limitations [91, 92, 93]. Shboul [94]

used ANN to predict hourly solar radiation with higher accuracy and efficiency. Agbulut

et al. [95] demonstrated precise forecasting of daily global solar radiation using machine

learning algorithms. Villegas-Mier et al. [96] achieved faster convergence and more stable

performance in PV power system optimization using ANN.

Challenges in deploying ANN include the black-box nature of the models and man-

ual design of architecture and hyperparameters. Optimizing these aspects can enhance

performance over unoptimized models.

This study proposes an optimization framework in Chapter 4 applicable to PV panels

in any region within the climate zone. The focus is on how the trade-off between incident

solar irradiance and conversion efficiency affects power production. A novel data-driven

approach examines the relationship between tilt angle and conversion efficiency, cross-

validated with a reliable mathematical model to mitigate the black-box risk of the neural

network.

2.5.2 Capacity of Component Optimization

The operations of RE generators and ESSs are closely integrated. ESSs store excess energy

from RE generators, essential for continuous energy supply and economic benefits. In grid-

connected RES, ESSs act as buffers to smooth out production fluctuations and serve as

additional energy sources when needed [97]. Determining optimal capacities involves sim-

ulating system operations and implementing energy management strategies using updated

data.

Capacity optimization in RES is challenging due to the non-convex nature of the prob-

lem. Traditional gradient-based methods are often ineffective [98], necessitating sophis-

ticated optimization techniques. Recent research employs heuristic algorithms, utilizing

financial or technical indicators as objective functions. Genetic Algorithm (GA) [99], Non-

Dominated Sorting Genetic Algorithm II (NSGA-II) [100] and Particle Swarm Optimiza-
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tion (PSO) [101] are among the methods used.

These algorithms have been applied to diverse scenarios. Mohamed et al. optimized

a grid-connected PV-wind system using PSO [102]. Ali et al. used PSO for load seg-

mentation, noting that prioritizing higher loads increases energy cost [103]. The HOMER

software has been used for economic and performance simulations in RES with PV and

battery systems. Campana et al. assessed the cost-effectiveness of Li-ion batteries in com-

mercial buildings with PV energy [104]. Ali et al. developed a customized program for

faster RES optimization without sacrificing accuracy compared to traditional simulation

software like HOMER [105]. Hassan et al. combined hardware models with NSGA-II to

identify cost-effective configurations, reducing energy costs by 30% with battery storage

[106]. Wu et al. minimized life-cycle cost in a PV-battery system using mixed-integer non-

linear programming, finding time-of-use tariffs more beneficial than flat-rate tariffs [107].

To enhance optimization and operational efficiency, a two-stage methodology is adopted.

The first stage generates system design parameters and component capacities. The second

stage enhances system performance based on established capacities. This approach links

capacity setting with performance optimization and was initially applied to power systems

for reliability. Liu et al. optimized power system capacity using GA for cost minimization

and reliability maximization, supported by a rule-based operational strategy [108]. Their

findings indicate that incorporating multiple ESSs significantly enhances system reliability.

He et al. used evolutionary algorithms with a simplified rule-based scheduling strategy to

optimize the levelized cost of energy for systems equipped with different ESSs [109]. Yang

et al. minimized loss of power supply probability and levelized cost of energy using NSGA-

II and an off-design model, recommending the integration of concentrated solar power

across most regions of China [110]. Zahra et al. minimized energy costs in a RES with

BESS and fuel cells using a hybrid PSO-GA approach and a rule-based energy manage-

ment strategy [7]. Al-Quraan et al. optimized stand-alone RES capacity using a two-layer

model combining mixed-integer linear programming and GA, effectively minimizing total

cost and energy loss [111].

Despite extensive research, gaps remain in addressing crucial aspects of RES operation
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and integration. The lack of a comprehensive decision-making framework that includes

external constraints and stakeholder preferences indicates a need for advanced research ap-

proaches. Current literature relies heavily on traditional simulation and rule-based strate-

gies, lacking advanced optimization techniques that could enhance performance by better

addressing regional variability and grid complexities. This study proposes a novel two-stage

capacity optimization strategy, detailed in Chapter 5.

2.5.3 Energy Management

Energy management strategies have been extensively explored and have proven to be highly

effective in enhancing the overall system performance in daily operations. Existing research

predominantly focuses on optimizing techno-economic indicators, including energy costs,

system costs, carbon emissions, grid dependency, and addressing uncertainty in forecasting

during the energy management process. The primary approaches employed are determin-

istic, heuristic, and machine learning. The deterministic approach includes techniques

such as linear programming [112], mixed-integer linear programming [113], and non-linear

programming. Evolutionary approaches encompass methods like NSGA-II [114], Golden

Jackal Optimization [115], and Prairie Dog Optimization [116]. Machine learning ap-

proaches are represented by Deep Reinforcement Learning [117].

To manage the uncertainty of energy supply and demand, current literature integrates

stochastic processes [117] and Markov decision processes [118] into their optimization al-

gorithms. Specifically, Vergine et al. developed a Stochastic Unit Commitment for a

hybrid RES, employing Markov processes to model uncertainties in wind and PV power

outputs and an ARIMA model to predict demand, thereby optimizing operational costs

and enhancing the management of RE integration [119]. Alvarez et al. utilized a two-

stage stochastic programming model to manage uncertainties in wind and PV production

within RES, focusing on optimizing energy storage as the sole flexible resource to minimize

operational costs and maintain energy balance [120]. Yao et al. presented a multi-level

optimization model for Integrated Energy Systems that employs Conditional Value at Risk

and Model Predictive Control (MPC)to manage uncertainties and optimize economic, en-
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vironmental, and energy consumption objectives, demonstrating enhanced performance

through feedback correction compared to traditional optimization approaches [121].

While existing literature has extensively documented various models focusing on en-

ergy management system optimization and uncertainty management, a significant gap

remains in effectively integrating advanced machine learning approaches with optimization

algorithms to diminish uncertainty. This deficiency is crucial as it impacts the ability

to capture the dynamic interactions between system components and accommodate real-

world variabilities, which are essential for advancing the deployment of smart RESs. This

study proposes a novel energy management algorithm that introduces a new RES modeling

strategy combined with an advanced predictive-based energy management algorithm, as

presented in Chapter 6.

2.6 Summary

This chapter provides an in-depth review of recent advancements in RESs, with a focus

on essential components like RE generators and ESSs. It examines the application of time

series data and deep learning, as well as system optimization, which is vital for devel-

oping efficient smart RESs. Additionally, it includes a comparative analysis of various

algorithms and system configurations, emphasizing their impact on enhancing system de-

sign and functionality. Finally, this chapter concludes by discussing ongoing challenges in

system optimization.
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Chapter 3

Extended Literature Survey

This chapter introduces the methodology employed in this research, offering a detailed de-

scription of the system modeling, machine learning techniques, optimization methods, and

performance evaluation metrics. Section 3.1 presents the system modeling process, cov-

ering mathematical models for PV, WT, battery, and electrolyzer systems, which provide

a solid technical foundation for the overall system modeling. Section 3.2 discusses ma-

chine learning techniques applied for data-driven analysis, including data preprocessing,

exploratory data analysis, and the design and training of neural networks for system state

estimation and energy prediction. The chapter proceeds to optimization methods in Sec-

tion 3.3, examining different approaches such as Linear Programming (LP), Mixed Integer

Linear Programming (MILP), and GA, which are applied to various optimization tasks to

enhance system performance. Lastly, Section 3.4 outlines the performance evaluation met-

rics, specifying the criteria used to evaluate prediction accuracy, economic performance,

and the sustainability of the system.

3.1 System and Components Modeling

Mathematical models are essential in the RESs modeling by providing a theoretical and

physical foundation for understanding the behavior of different system components. These
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models not only help represent the operational characteristics of each system but also

offer essential support for developing data-driven approaches. Through precise modeling,

these models enable the integration of machine learning techniques, which can be used

to perform regression and enhance predictive capabilities. Eventually, the combination

of mathematical modeling and machine learning allows for more precise optimization of

system performance, leveraging both theoretical understanding and data-driven insights to

maximize efficiency and improve decision-making.

3.1.1 Photovoltaic Modeling

The PV system modeling integrates three key models to estimate solar energy output. The

solar position model first determines the sun’s position in the sky at a given time. Based on

this position and the ground horizontal solar irradiance, the Liu-Jordan model calculates

the total irradiance incident on the solar panels. Finally, the five-parameter model uses

this total irradiance, along with additional meteorological data such as temperature, to

calculate the overall energy output of the solar panels. These models work together to

provide a comprehensive estimation of the system’s performance.

Solar Position Model

The solar position model is used to locate the Sun’s position relative to the Earth’s specific

region. Before doing so, it is crucial to correct the standard time. The difference between

the solar time and standard time is caused by the angle between the ecliptic plane and the

equator, as well as the elliptical shape of the Earth’s orbit. Inputs of this model are the

day number within a year n, longitude L, standard time t, and the output of this model is

hour angle ω.

First of all, Equation 3.1 calculates the fractional year γ in radians with the given

standard time and the day number. During a leap year, 366 will replace 365 in the first

term.
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γ =
2π

365
× (n− 1 +

t − 12

24
) (3.1)

In order to correct the standard time, this study needs assistance from two terms: the

difference between standard time and mean solar time; and the difference between the

longitude of the simulation position and the meridian. The difference between standard

time and mean solar time, also known as Equation of Time (EoT), is caused by the Earth’s

rotation. A positive value means that the standard time is faster than the true solar time,

and a negative value means that the standard time is slower than the true solar time.

Equation 3.2 is an empirical equation used to estimate EoT. The absolute value of EoT

could be more than 15 minutes on certain days. Therefore, the effect of EoT cannot

be ignored during the true solar time calculation. Meanwhile, the difference between

the longitude of the simulation position and the meridian comes from the Coordinated

Universal Time (UTC). Based on UTC, every 15 degrees of longitude L is a new time zone

TZ. However, UTC only gives the standard time exactly on that meridian. Hence, this

model must calculate the standard time for the region near the meridian. With the help

of Equation 3.3, this study was able to calculate the solar time Lst of any location on the

Earth.

EoT = 229.18×(0.000075 + 0.001868 cos(γ)

− 0.032077 sin(γ) − 0.014615 cos(2γ)

− 0.040849 sin(2γ)) (3.2)

Lst = t + EoT + 4[L− 15∆TZ] (3.3)

Finally, this study calculated the hour angle ω with the true solar time. In Equation

3.4, ω defines 0 degrees at 12 PM Lst, negative before 12 PM and positive after 12 PM. In

the next model to be discussed, the hour angle will be used to calculate the extraterrestrial

radiation on the horizontal surface.
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ω = 15◦ × (Lst − 12) (3.4)

Liu-Jordan Model

The Liu and Jordan Model [122] will use the output from the solar position model to

decompose the solar radiation and calculate the total solar radiation incident on a tilted

surface. The Liu and Jordan Model is a type of isotropic model that calculates the hourly

total solar radiation incident on a tilt surface It through three components: hourly direct

beam radiation on a tilted surface Ib,t, hourly diffuse radiation on a tilted surface Id,t and

hourly reflective radiation on a tilted surface Ir,t. Equation 3.5 and 3.6 show the basic

concept of the model. Equation 3.5 decomposes the global radiation on the horizontal

plane Ih into two components: hourly direct beam radiation on the horizontal plane Ib,

and hourly diffuse radiation on the horizontal plane Id. Then, Equation 3.6 uses Ib, Id

and Ih to multiply the relative inclination factor to calculate the total radiation incident

on a tilted surface. Inclination factors Rb, Rd and Rr are related to the tilt angle of the

photovoltaic panel. Thus, the optimization variable, the tilt angle of the photovoltaic panel

will determine the value of inclination factors and affect the solar radiation incident on a

tilted surface at this step. A high solar radiation incident on a tilted surface will lead to

a high cell temperature and decrease the efficiency of the photovoltaic panel. This model

uses n, ω, β, ϕ and Ih as inputs to calculate It.

Ih = Ib + Id (3.5)

It = Ib,t + Id,t + Ir,t = Ib ×Rb + Id ×Rd + Ih ×Rr (3.6)

Id highly correlates with the atmosphere’s clearness. The clearer the atmosphere, the

less solar radiation will be diffused. Hence, one can use the clearness index to measure the

clearness of the atmosphere. This study uses kT to represent the hourly clearness index

and calculate clearness of the atmosphere by comparing the solar radiation at the bottom
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of the atmosphere (radiation received on the horizontal plane) to the theoretical maximum

solar radiation that can be received on a horizontal plane (extraterrestrial radiation on the

horizontal surface). Equation 3.7 shows how the clearness index is calculated: the more

radiation received on the ground, the higher the clearness index.

kT =
Ih
I0

(3.7)

In Equation 3.7, Ih will be measured, or provided by the sensor located on the ground.

This study will use this value as an input for the model during the simulation. Meanwhile,

hourly extraterrestrial radiation on the horizontal surface I0 can be calculated through

Equation 3.8. In this Equation, Gsc is the solar constant, which is 1367W/m2, with up

to 1% error. ϕ is the latitude and is related to the simulation location, and ω is the hour

angle, the output of the solar position model. δ is the declination, which can be calculated

by Equation 3.9.

Io =
12 × 3600

π
Gsc

(
1 + 0.033 cos

360n

365

)
× [cosϕ cos δ (sinω2 − sinω1)

+
π (ω2 − ω1)

180
sinϕ sin δ]

(3.8)

δ = 23.45 · sin

[
360 ·

(
284 + n

365

)]
(3.9)

After calculating the clearness index, this study uses Equation 3.10 to estimate Id.

With Id, this study can decompose global radiation on the horizontal plane and calculate

total radiation with three inclination factors.

Id
Ih

=


1.0 − 0.09kT kT ∈ [0, 0.22]

0.95 − 0.16kT + 4.39k2
T kT ∈ (0.22, 0.8]

−16.64k3
T + 12.34k4

T

0.165 kT ∈ (0.8, 1]

(3.10)
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Figure 3.1: One-diode Model

The inclination factors, Rd, Rd and Rr, are given by Equations 3.11, 3.12 and 3.13,

respectively. Inclination factors are related to the tilt angle, latitude, hour angle and

declination. Reflective coefficient, ρ, in Equation 3.13 depends on the surface of the ground.

Generally, for dry concrete surfaces, the value of the reflective coefficient is approximately

equal to 0.2.

Rb =
cos(ϕ− β) cos δ cosω + sin(ϕ− β) sin δ

cosϕ cos δ cosω + sinϕ sin δ
(3.11)

Rd =
1 + cos β

2
(3.12)

Rr =
1 − cos β

2
× ρ (3.13)

Five-parameter Model

The five-parameter model is a mathematical model used to estimate the photovoltaic cell’s

I-V output in the ideal experimental condition. Figure 3.1 represents an equivalent circuit

of a photovoltaic cell. Two components located on the left side represent a p-n junction.

Once solar energy reaches the photovoltaic cell, the built-in electric field produces a pho-

tovoltaic current Ipv. Then, electrons are forced to flow in opposite directions and produce

current id after the new electric field is created. The resistance Rsh represents the leakage

of the P-N junction, and Rs represents the power loss of the cell.
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I = Ipv − Is

[
exp

(
V + RsI

fNsVt

)
− 1

]
− V + RsI

Rsh

(3.14)

Equation 3.14 is commonly used in the literature to describe the one-diode model which

is shown in Figure 3.1. I and V are the output current and voltage of the photovoltaic cell,

respectively. Ns is the number of cells in a panel, and Vt (thermal voltage) is a constant

number. Parameters f (modified ideality factor), Is (diode’s saturation current), Ipv , Rs

and Rsh are known as the five parameters. These five parameters are crucial in calculating

the power output of the photovoltaic cell, and they can be estimated through available

technical data from manufacturers.

First of all, Equation 3.15 describes how to calculate thermal voltage through Boltz-

mann’s constant k, the absolute temperature T of the p-n junction and the charge of the

electron q.

Vt =
kT

q
(3.15)

Before calculating the five parameters, it is crucial to calculate open circuit voltage

Voc and short circuit current Isc. These two variables depend on solar irradiance and cell

temperature. HOMER[123], a photovoltaic analysis platform, implemented Equation 3.16

to estimate the cell temperature. Inputs of Equation 3.16 include ambient temperature Ta,

ambient temperature at Nominal Operating Cell Temperature (NOCT) Ta,noct, cell tem-

perature at NOCT Tc,noct, solar radiation G, solar radiation at NOCT Gnoct, the efficiency

of the photovoltaic array at its maximum power point under Standard Test Conditions

(STC) ηmp,STC , the temperature coefficient of power αP and the product of the radiation

transmission coefficient through the covering system and the cell absorption coefficient τα.

As per the suggestion made by Duffie and Beckman[124], τα is equal to 0.9. With the as-

sumption that the coefficient of heat transfer h to the surroundings is constant, Equation

3.16 can significantly reduce its complexity. The heat transfer coefficient to the surround-

ings will depend on meteorological conditions such as wind speed Vw and relative humidity

RH.
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Tc =

Ta + (Tc,noct − Ta,noct)
(

G
Gnoct

)[
1 − ηmp,STC(1−αPTc,STC)

τα

]
1 + (Tc,noct − Ta,noct)

(
G

Gnoct

) (αP ηmp,STC

τα

) (3.16)

Once the cell temperature is known, Voc and Isc can be calculated with varying solar

radiation and ambient temperatures through Equation 3.17 and Equation 3.18. In these

two equations, Voc,ref is the open-circuit voltage at reference condition, Isc,ref is the short

circuit current at reference condition, µV,oc is the temperature coefficient of open-circuit

voltage and µI,sc is the temperature coefficient of the short circuit current.

Voc(G, T ) = Voc,ref+

fNSVt ln

(
G

Gref

)
+ µV,oc (Tc − Tc,STC) (3.17)

Isc(G, T ) = Isc,ref
G

Gref

+ µI,sc (Tc − Tc,STC) (3.18)

Rs0 and Rsh0 can be estimated through the slope at open-circuit voltage Voc and slope

at short circuit current Isc, respectively. Rs0 and Rsh0 also represent the initial state of

Rs and Rsh, respectively. Equations 3.19, 3.20 and 3.21 describe this process. These

two parameters can be estimated through the slope of the current-voltage curve. Rsh is

assumed to be a constant number because it represents the leakage and is related to the

P-N junction itself. Equation shows how to calculate Rs. Because losses in electrodes

and semiconductors are related to the the operating condition, the value of Rs depends on

other parameters.

Rs0 = −
(
dV

dI

)∣∣∣∣
V=Voc

(3.19)

Rsh = Rsh0 = −
(
dV

dI

)∣∣∣∣
I=Isc

(3.20)
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Rs = Rs0 −
[
fNVt

Is
exp

(
− Voc

fNsVt

)]
(3.21)

Equations 3.22 and 3.23 show how to calculate parameters Is and Ipv. Parameter f

is assumed to be a constant number. Thus, the radiation, ambient temperature and heat

transfer coefficient determine Voc and Isc. In addition, these two parameters will change

the values of the five parameters. The photovoltaic panel will operate at the maximum

power point, and the five parameters change the maximum power point through Equation

3.14.

Is =

(
Isc −

Voc

Rsh

)
exp

(
− Voc

fNsVt

)
(3.22)

Ipv = Isc

(
1 +

Rs

Rsh

)
+ Is

[
exp

(
IscRs

fNsVt

)
− 1

]
(3.23)

3.1.2 Wind Turbine Modeling

Wind turbines convert the kinetic energy of wind into mechanical power, which can then

be transformed into electricity. Understanding the fundamental principles governing wind

turbine operation is essential for optimizing their efficiency and performance. This involves

analyzing the relationships between wind speed, turbine geometry, and the physical laws

that dictate energy extraction from the wind.

One of the key equations in this analysis is the wind power equation, which describes

the total power available in the wind passing through the area swept by the turbine blades:

Pw =
1

2
ρairAtbv

3
w (3.24)

In this equation, Pw represents the power available in the wind, ρair is the air density,

Atb is the swept area of the turbine blades, and vw is the wind speed. The swept area A

is calculated using the formula Atb = πr2tb, where rtb is the radius of the rotor. The term
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1
2
ρairv

3
w quantifies the kinetic energy per unit volume of the air flowing through the rotor’s

swept area.

Building upon the wind power equation, Betz’s Law establishes a theoretical maximum

for the proportion of wind power that can be extracted by a turbine, limiting it to approx-

imately 59.3% of the total available power. This limitation is expressed through the power

coefficient Cp, which measures the efficiency of the turbine in converting wind power into

mechanical power. The actual power output Pout of the turbine is given by Equation 3.25:

Pout = Cp
1

2
ρairAtbv

3
w (3.25)

Here, Cp is constrained by Betz’s limit, with a theoretical maximum value of about

0.593. This coefficient accounts for the inefficiencies inherent in the energy conversion

process and varies depending on the turbine design and operating conditions.

Wind turbines operate efficiently within specific wind speed ranges, characterized by

three critical thresholds: the cut-in speed, the rated speed, and the cut-out speed. The

cut-in speed is the minimum wind speed at which the turbine begins to generate power;

below this speed, the turbine remains idle, and no electricity is produced. The rated

speed is the wind speed at which the turbine reaches its nominal power output, operating

at peak efficiency and within design limits. The cut-out speed is the maximum wind

speed at which the turbine can safely operate; beyond this speed, the turbine shuts down

to prevent mechanical damage due to excessive wind loads. Shutdown procedures may

involve feathering the blades or yawing the rotor to minimize wind exposure.

Understanding these operational thresholds is essential for modeling how the power

output of a wind turbine varies with wind speed. Below the cut-in speed, when the wind

speed is less than vcut-in, the turbine does not generate power (P (v) = 0). Between the cut-

in and rated speeds, the power output increases cubically with wind speed, as indicated

by P (v) ∝ v3. This relationship arises from the wind power equation and reflects the

increasing kinetic energy available in the wind. At the rated speed, the turbine produces

its nominal power output (Pnom), operating at optimal efficiency and within design limits.
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Above the rated speed and below the cut-out speed, the turbine’s power output is

regulated and maintained at Pnom despite higher wind speeds. This regulation prevents

mechanical stress and ensures safety by capping the power output through control mecha-

nisms such as adjusting blade pitch or rotor speed. When wind speeds exceed vcut-out, the

turbine ceases operation (P (v) = 0) to avoid damage.

Combining these concepts, the relationship between wind speed and turbine power

output is mathematically represented by Equation 3.26:

P (v) =


0 if v < vcut-in or v > vcut-out

Cp
1
2
ρairAtbv

3
w if vcut-in ≤ v ≤ vrated

Pnom if vrated < v ≤ vcut-out

(3.26)

In this function, P (v) denotes the power output at a given wind speed v, Cp is the

power coefficient reflecting turbine efficiency, ρ is the air density, and A is the swept area

of the blades. The critical wind speeds vcut-in, vrated, and vcut-out define the operational

boundaries, while Pnom represents the turbine’s nominal power output.

This model illustrates how wind turbines adapt to varying wind conditions through

power control mechanisms. By regulating the power output based on wind speed thresh-

olds, turbines maximize energy capture within safe operating limits. This approach main-

tains structural integrity and extends the operational lifespan of the turbine. Incorporating

these factors into modeling is crucial for designing efficient and reliable wind energy systems

that can effectively harness the inherently variable wind environment.

3.1.3 Battery Modeling

Batteries are crucial components in BESS, where precise modelling enhances simulation

efficiency and optimization accuracy. According to Fotouhi et al. [125], battery modelling

approaches can be broadly categorized into three types: mathematical models, electro-

chemical models, and electrical equivalent circuit network models. This research focuses
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on the mathematical modelling approach, particularly the model based on the System Ad-

visor Model [126], a software tool that simulates both lead-acid and lithium-ion batteries

using detailed voltage, thermal, and lifetime sub-models [127].

Lifetime model Battery aging is caused by two primary factors: time (calendar aging)

and usage (cycle aging). Batteries have both a calendar life, typically five to ten years,

and a limited number of charge-discharge cycles before their performance deteriorates

significantly. Therefore, accurately modelling battery degradation is essential for predicting

battery lifespan and scheduling replacements.

In this model, the Depth of Discharge (DOD) is a critical parameter, calculated by

integrating the energy charged into the battery over its capacity:

DOD =

∫ t=T

t=0
Echar dt

Battery capacity
(3.27)

The auxiliary DOD, DODAux, is determined using the SOC range:

DODAux =
SOCmax − SOCmin

Battery capacity
(3.28)

The calendar aging factor and cycle aging factor quantify the degradation due to time

and usage, respectively, and are calculated using:

Calendar aging factor =
1

LBESS,cal × 24 × 365
(3.29)

Cycle aging factor =
1

e(
logDOD−log 771.51

−0.604 ) − 45300
(3.30)

The overall aging factor, FBESS age, is determined by taking the maximum of the calendar

aging factor and the cycle aging factor:

FBESS age = max (Cycle aging factor,Calendar aging factor × 24) (3.31)
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The State of Health (SOH) is an indicator of the battery’s remaining capacity and is

calculated using:

SOH =
1

0.3
× CapacityAux

Battery capacity
− 7

3
(3.32)

The battery capacity is updated to account for degradation:

CapacityAux = Battery capacity × (1 − 0.3 × (1 − SOH + FBESS,age)) (3.33)

The State of Charge (SOC) is then updated:

SOCmax = SOCmin + DODAux × CapacityAux (3.34)

This battery modelling approach is adapted from methodologies established by An-

genendt et al. [128] and Holger et al. [129]. The model dynamically updates the BESS ’s

state at each time step based on optimization outcomes. It incorporates a detailed assess-

ment of degradation by comparing both calendar and cycle life to calculate the SOH. The

model stipulates that BESS replacement within the RES is necessary once the SOH falls

below 70%, considering the costs associated with replacement and its implications on the

BESS ’s capacity and performance during charging and discharging processes.

3.1.4 Electrolyzer Modeling

Electrolyzers are devices that convert electrical energy into chemical energy by driving the

electrolysis of water to produce hydrogen and oxygen gases. Modeling the electrolyzer in-

volves understanding the electrochemical reactions, thermodynamic principles, and kinetic

parameters that govern its operation. The modelling approach is from bentvelsen’s work

[130].

In the PEM electrolyzer, the anode and cathode are where the reaction happens—this is

where water gets split into hydrogen and oxygen. The anode takes on the task of oxidizing
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water, which means it pulls the water apart into oxygen, protons, and electrons. These

electrons then make a journey through an external circuit all the way to the cathode.

Over at the cathode, these electrons have a crucial role: they reduce the protons, which

have moved across the PEM, turning them into hydrogen gas. The PEM itself is quite

the standout, selectively allowing only protons to pass through while keeping the gases

separate, which makes the whole setup more efficient.

At the anode, water is oxidized to produce protons, oxygen gas, and electrons:

Anode Reaction: H2O(l) → 2H+(g) +
1

2
O2(g) + 2e− E◦ = −1.23 V (3.35)

At the cathode, protons are reduced to form hydrogen gas:

Cathode Reaction: 2H+(g) + 2e− → H2(g) E◦ = 0 V (3.36)

The overall reaction combines the anode and cathode processes:

Total Reaction: H2O(l) → H2(g) +
1

2
O2(g) (3.37)

The theoretical cell voltage E◦ assumes no heat loss within the electrolyzer cell and is

calculated using the standard electrode potentials:

E◦ = E◦
cathode − E◦

anode = 0 V − (−1.23 V) = 1.23 V (3.38)

The reversible cell voltage ERev can be derived from the Gibbs free energy change ∆G◦:

ERev =
−∆G◦

2F
(3.39)

where F is the Faraday constant, calculated as:
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F = NAe = (6.022 × 1023 mol−1)(1.602 × 10−19 C) = 96485 C/mol (3.40)

Here, NA is Avogadro’s number, and e is the elementary charge. The relationship

between Gibbs free energy ∆G◦, enthalpy ∆H◦, and entropy ∆S◦ is:

∆G◦ = ∆H◦ − T∆S◦ (3.41)

The enthalpy change ∆H◦ is then:

∆H◦ = ∆G◦ + T∆S◦ (3.42)

The standard entropy change ∆S◦ for the reaction is calculated from the standard

molar entropies of the reactants and products:

∆S◦ = S◦
H2

+
1

2
S◦
O2

− S◦
H2O

= 130.68 + 0.5 × 205.15 − 69.95 = 163.3 J/(mol K) (3.43)

Using ∆H◦, the thermoneutral voltage E is calculated:

E =
∆H◦

2F
= 1.48 V (3.44)

The reversible cell voltage at non-standard conditions is given by the Nernst equation:

ERev = E◦ +
RT

2F
ln

(
[pH2 ][pO2 ]

1/2

[pH2O]

)
(3.45)

where R is the universal gas constant, T is the absolute temperature, and pi represents

the partial pressures of the species.

The cell efficiency is defined as:
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Cell Efficiency =
ECell

ETotal

× 100% (3.46)

The total cell voltage ETotal includes overpotentials due to activation, ohmic, and con-

centration losses:

ETotal = ECell + EAct + EOhm + EConc (3.47)

The activation overpotential EAct accounts for the energy barriers at the electrodes:

EAct =
RTA

2αAF
sinh−1

(
i

2i0,A

)
+

RTC

2αCF
sinh−1

(
i

2i0,C

)
(3.48)

In this equation, TA and TC are the temperatures at the anode and cathode, αA and

αC are the anodic and cathodic charge transfer coefficients, i is the current density, and

i0,A and i0,C are the exchange current densities.

The concentration overpotential EConc arises due to concentration gradients:

EConc =
∑ RT

zF
ln

(
C1

C0

)
(3.49)

Here, C1 and C0 are the concentrations at the electrode surface and in the bulk, and z

is the number of electrons transferred.

The mass flow rates of hydrogen and oxygen produced are calculated using Faraday’s

laws:

ṁH2 =
MH2Icell

zF
(3.50)

ṁO2 =
MO2Icell

zF
(3.51)

where MH2 and MO2 are the molar masses, and Icell is the cell current.
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The cell current is determined from the input power and total cell voltage:

Icell =
Pin

ETotal

(3.52)

The reversible cell voltage as a function of cell temperature Tcell is approximated by:

ERev(Tcell) = 1.5148−1.5421×10−3Tcell + 9.523×10−5Tcell lnTcell + 9.84×10−8T 2
cell (3.53)

The activation overpotential as a function of cell current is modeled as:

EAct(Icell) = 0.0514Icell + 0.2798 (3.54)

The ohmic overpotential is proportional to the cell current:

EOhm(Icell) = 0.09Icell (3.55)

The cell efficiency ηcell is:

ηcell =
ERev

ERev + EAct + EOhm

(3.56)

The power per cell is calculated from the total power divided by the number of cells:

Pcell =
Pelec

Ncells

(3.57)

The cell current is then:

Icell =
Pcell

(ERev + EAct + EOhm)ηcell
(3.58)

The volumes of hydrogen and oxygen produced are:
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VH2 =
MH2

ρH2

Icell
zF

(3.59)

VO2 =
MO2

ρO2

Icell
zF

(3.60)

By integrating these equations, the electrolyzer model calculates the cell voltage, effi-

ciency, current, and production rates of hydrogen and oxygen based on the input power

and operating conditions. This comprehensive approach allows for the optimization of elec-

trolyzer performance, essential for efficient energy conversion in renewable energy systems.

3.1.5 Renewable Energy System Modeling

The mathematical models developed for each component—PV panels, WTs, batteries, and

electrolyzers—are designed to represent the fundamental physical and operational charac-

teristics of each part within a RES. To simulate the system as a whole, these models are

interconnected, enabling a dynamic and comprehensive understanding of energy flows and

interactions across all components. By integrating these models, the system-level simula-

tion captures the impact of each component’s behavior on overall performance, creating a

cohesive framework that reflects real-world operating conditions.

While mathematical models provide a strong theoretical foundation, the approach

within this research is adaptable. Some components are represented by machine learn-

ing models or a hybrid of both methods to optimize computational efficiency and re-

sponsiveness to complex patterns. Mathematical models deliver a precise, physics-based

framework, essential for understanding the basic operations of each component. However,

machine learning models can replace mathematical models when the focus shifts toward

computational efficiency, enabling quicker predictions without sacrificing accuracy. This

hybrid approach allows the system to balance theoretical accuracy with practical demands,

depending on each component’s specific characteristics and requirements.

In this integrated framework, each component model plays a specific role based on

its unique characteristics. The PV and WT models calculate energy generation by using
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meteorological inputs, such as solar irradiance and wind speed, to predict power output at

each time step. These RE generation models produce a dynamic energy supply that varies

with environmental conditions. This calculated energy supply then feeds into the broader

system model, providing the basis for determining how to meet energy demand.

The energy demand and supply balance are managed through dynamic interactions

between the RE geneators, ESS and load, requiring continuous updates to the state of

each component. For the battery model, this involves tracking parameters such as SOC,

current capacity, charging efficiency, and factors related to aging. These variables represent

the battery’s real-time capability to store and supply energy and provide insights into its

long-term performance within the system. Similarly, the electrolyzer model continuously

updates its state based on available surplus energy, adjusting parameters that impact

hydrogen production and storage readiness. Each component’s state reflects a combination

of physical and operational factors, dynamically adapting to the changing conditions of

renewable generation and load demand.

The optimization algorithm plays a central role in coordinating these interactions by

dynamically calculating the optimal energy allocation across the load, storage, and poten-

tial grid export. Using inputs from the component models and additional factors such as

grid energy prices and operational constraints, the algorithm determines whether energy

should be directed to the load, stored, or exported. This approach allows the integrated

system model to account for each component’s state and performance in real time, adjust-

ing energy flow accordingly to maintain efficiency and stability across the entire system.

Through this integration, the mathematical models for each component work together

to provide an accurate and flexible system-level simulation. This interconnected model

enables a continuous, time-stepped simulation that updates the system’s state based on

real-world factors, ensuring a comprehensive representation of the renewable energy sys-

tem’s behavior. This cohesive modeling framework is essential for understanding the inter-

actions between components, optimizing energy usage, and evaluating the system’s overall

performance under various operating scenarios.
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3.2 Machine Learning for Data-driven Analysis

The data-driven approach underpinning this research commenced with the essential stage

of data collection, which serves as the foundation for all subsequent analytical efforts.

The specific objectives of the study dictated the type of datasets gathered, for instance,

photovoltaic power generation data from solar panels and wind speed measurements from

meteorological stations. By strategically aligning the data collection process with the

defined goals of the research, we ensured the acquisition of pertinent data essential for

conducting substantive analyses.

Following the successful collection of data, our methodology progressed through three

critical stages: data cleaning, Energy Data Analysis (EDA), and the design and training of

a neural network. These stages are sequentially illustrated in Figure 3.2, which details the

comprehensive process employed from initial data handling to the application of advanced

machine learning techniques.

3.2.1 Data Preprocess

The initial focus was on data cleaning to prepare the raw data for accurate analysis. This

process started with addressing structural errors within the dataset. Time-step inconsis-

tencies were standardized to achieve uniformity across recordings, whether hourly or daily.

Corrections were made to data type misassignments; variables incorrectly stored as inte-

gers but representing categorical data were converted to appropriate categorical types, and

all date and time fields were standardized into datetime formats. These adjustments were

essential for maintaining the dataset’s logical integrity and facilitating precise temporal

analyses.

Once structural corrections were in place, the removal of outliers was undertaken to

enhance data quality. Statistical methods, particularly the calculation of Z-scores, were

employed to identify and eliminate data points that significantly deviated from the mean.

This step ensured that anomalies did not skew the analysis or modeling results.
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Figure 3.2: Procedure for Machine Learning Modeling

Handling missing data is a critical step in data cleaning, employing various imputation

techniques to address gaps in numerical datasets. Common methods include replacing

missing values with the mean or median, depending on the variable’s distribution, to

minimize bias. Additionally, interpolation or using values from temporally adjacent data

points, such as the previous day at the same time, can be effective, especially in time-

series data where maintaining temporal integrity is crucial. These approaches ensure the

dataset’s completeness and reliability, supporting robust analysis and modeling.

The final phase of data cleaning involved a rigorous data validation process to ensure

the dataset’s consistency and accuracy. This was achieved by identifying and removing du-

plicate records using key identifiers and conducting comprehensive data integrity checks.

75



Furthermore, the validation of data could be substantiated by cross-referencing with ex-

isting literature and by evaluating the dataset collection process itself. This evaluation

included verifying the adherence to established real-world physical principles and using

cross-validation techniques among related variables. Such methods helped to detect and

resolve any conflicting information, significantly enhancing the reliability and robustness

of the dataset. This thorough validation approach ensures that the data is not only clean

but also credible and well-suited for high-quality analysis and modeling based on a deep

understanding of the underlying phenomena.

This systematic and meticulous approach to data cleaning established a robust foun-

dation for the subsequent stages of exploratory data analysis and machine learning.

3.2.2 Exploratory Data Analysis

With a clean and reliable dataset, the next stage involved exploratory data analysis to un-

cover underlying patterns and relationships among different variables. Correlation analysis

was performed to identify the strength and direction of relationships between variables. By

calculating correlation coefficients, significant associations were detected, informing the se-

lection of features for the neural network model. Understanding these correlations helped

in determining which variables had the most influence on the target outcomes, thereby

optimizing the model’s predictive capabilities.

Distribution analysis provided insights into the statistical properties of the data, such as

mean, median, variance, and skewness. Examining the distribution of each variable allowed

for the detection of any anomalies or biases that could affect the analysis. Histograms

and probability density functions were utilized to visualize the distributions, facilitating a

deeper understanding of the data’s behavior and guiding any necessary transformations to

achieve normality or homoscedasticity.

For time series data, additional analyses were conducted to capture temporal dynamics.

Time series analysis involved examining trends, seasonal patterns, and cyclic behaviors

inherent in the data. Stationarity tests, such as the Augmented Dickey-Fuller test, were
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applied to determine whether the time series had constant statistical properties over time.

Ensuring stationarity was crucial for accurate modeling and forecasting. High-accuracy

statistical methods, including AR and MA, were used to identify dependencies and inform

the development of appropriate models.

Feature engineering played an integral role in enhancing the model’s performance. By

leveraging mathematical equations and real engineering understanding, new variables were

created to capture complex relationships within the data. For instance, in photovoltaic

power generation analysis, features such as the angle of solar incidence, temperature coeffi-

cients, and efficiency ratios were derived. These engineered features encapsulated domain-

specific knowledge, allowing the neural network to learn from more informative inputs and

improve prediction accuracy.

3.2.3 Network Design and Train

In the progression from EDA to model development, defining the research objectives is

crucial, as it determines whether the focus is on regression, classification, or another pre-

dictive modelling task. This decision influences the selection of the appropriate machine

learning framework and algorithm, which depends heavily on whether the estimation is

predictive or explanatory and on the data type—be it standard or time-series.

For time-series data that exhibits significant temporal relationships, algorithms such

as LSTMs or Transformers are ideal due to their proficiency in handling sequential data

and capturing temporal dependencies. Alternatively, for tasks involving straightforward

regression or classification, a MLP is suitable. MLPs can model complex relationships

through multiple layers and non-linear activation functions, making them effective for

diverse problems, including those with non-linear and intricate feature interactions. This

selection process ensures the model not only fits the data characteristics but also aligns

with the research goals, thereby optimizing both performance and interpretability.

Once the algorithm was selected, designing the correct architecture involved deter-

mining the number of layers, the number of neurons in each layer, and other structural
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components of the network. Initial hyperparameters were set to establish a baseline model.

Hyperparameters are configuration settings that govern the learning process and the struc-

ture of the neural network but are not learned from the data. They include parameters

like learning rate, batch size, number of epochs, activation functions, and optimization

algorithms. Setting these hyperparameters correctly is crucial, as they significantly impact

the model’s ability to learn from the data and generalize to unseen instances.

Preparing the data to suit the chosen algorithm and architecture was a vital step.

This involved normalizing or standardizing the data to ensure that all features contributed

equally to the learning process and to accelerate convergence during training. For time-

series data, time encoding techniques were applied to capture temporal information effec-

tively. This could include converting timestamps into cyclical features to reflect periodic

patterns or creating lagged features to provide the model with historical context. Ensuring

that the data was appropriately formatted and scaled was essential for the neural network

to learn meaningful patterns and relationships.

With the data prepared, the network training commenced by feeding the input data

into the model and allowing it to adjust its weights and biases to minimize a defined loss

function. Evaluation metrics such as Mean Squared Error (MSE) and Root Mean Squared

Error (RMSE) were used to assess the model’s performance. These metrics quantified the

average squared difference between the predicted and actual values, providing a measure

of the model’s prediction accuracy. Lower values of MSE and RMSE indicated better

performance.

Based on the evaluation results, hyperparameters were fine-tuned to enhance the model’s

performance. This iterative process involved adjusting hyperparameters like the learning

rate, modifying the network architecture by adding or removing layers or neurons, and

experimenting with different activation functions or optimization algorithms. Fine-tuning

is essential to optimize the model’s learning process, prevent overfitting or underfitting,

and improve generalization to new data.

Through this meticulous approach of selecting an appropriate algorithm, designing a

suitable network architecture, preparing the data effectively, and rigorously training and
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evaluating the model, a robust neural network was developed. This comprehensive process

ensured that the final model was well-suited to the data, accurately captured the underlying

patterns, and aligned with the research objectives. The result was a reliable and effective

tool capable of making meaningful predictions and contributing valuable insights to the

study.

3.3 Optimization

Different optimization algorithms are utilized for various tasks in RES optimization, each

with its own advantages and limitations. LP is ideal for optimization tasks with linear

relationships between variables, enabling efficient solutions when constraints are clearly de-

fined. MILP adds the capability to handle both continuous and discrete variables, offering

greater flexibility at the cost of increased computational complexity. GA, inspired by evo-

lutionary processes, are particularly effective for addressing complex, non-linear problems

and exploring large solution spaces. These algorithms are selected based on the specific

optimization requirements, ensuring an optimal balance between system performance and

computational efficiency.

3.3.1 Linear Programming

LP is a fundamental technique in mathematical optimization, dealing with optimizing a

linear objective function subject to linear equality and inequality constraints. Since its

development by George B. Dantzig in 1947, LP has become a mature and widely applied

optimization method. The strength of LP lies in its ability to model and solve complex

problems involving numerous variables and constraints efficiently, especially with the aid

of powerful modern computers.

A standard LP problem can be mathematically formulated as Equation 3.61:
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minx obj = fTx

s.t.


Ax ≤ b

Aeqx = beq

lb ≤ x ≤ ub

(3.61)

In this formulation, x represents the vector of decision variables to be determined. The

objective function fTx is a linear function of these variables, where f is a known coefficient

vector reflecting the cost, profit, or other measures associated with each variable. The term

fT denotes the transpose of f , ensuring proper matrix multiplication with the vector x.

The constraints include linear inequality constraints Ax ≤ b, where A is a known matrix

of coefficients, and b is a known vector, representing the limitations or capacities within

which the system must operate, such as resource constraints or maximum allowable levels.

Linear equality constraints Aeqx = beq, with Aeq being a known matrix and beq a known

vector, enforce exact conditions that the solution must satisfy, such as balance equations

or conservation laws. Variable bounds lb ≤ x ≤ ub, where lb and ub are the lower and

upper bounds on the decision variables, respectively, define the range for each variable,

often based on physical, practical, or policy considerations.

The goal is to find the vector x that minimizes the objective function while satisfying

all the constraints. This involves navigating a feasible region defined by the intersection of

all constraints to locate the optimal solution.

The advantages of LP include its efficiency in solving large problems, where LP algo-

rithms, such as the simplex method and interior-point methods, are highly efficient and

can handle large-scale problems with thousands of variables and constraints. LP is well-

understood mathematically, providing guarantees about the existence and optimality of

solutions under certain conditions. The linear nature of the objective function and con-

straints allows for straightforward interpretation of results and sensitivity analysis, aiding

in decision-making processes.

However, LP also has limitations. It requires both the objective function and all con-

straints to be linear, limiting its applicability to problems where relationships are inherently
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nonlinear. LP does not naturally accommodate problems requiring integer solutions, such

as the number of units produced, which cannot be fractional, necessitating the use of in-

teger programming or mixed-integer programming techniques. LP solutions can be highly

sensitive to the coefficients in the objective function and constraints, where inaccurate

data can lead to misleading results. While LP is efficient for large sparse problems, it can

become computationally intensive for large dense problems where the coefficient matrices

lack sparsity.

LP is a powerful optimization tool with a solid theoretical basis and practical efficiency

for a wide range of linear problems. Its effectiveness is contingent upon the accurate

linear modeling of the problem, and while it offers many advantages, practitioners must be

mindful of its limitations and ensure that LP is an appropriate method for the problem at

hand.

3.3.2 Mixed Integer Linear Programming

MILP extends the capabilities of LP by incorporating integer constraints into the variable

definitions, enhancing the model’s applicability to scenarios where variables represent in-

herently discrete quantities, such as numbers of trucks in a fleet or machines in a factory.

This inclusion of integer constraints allows MILP to address a wider array of practical op-

timization problems than LP, which assumes that decision variables can take continuous

values.

The fundamental difference between LP and MILP lies in the nature of the decision

variables. In LP, all decision variables are continuous, facilitating simpler computational

procedures and allowing problems to be solved efficiently using polynomial-time algorithms

such as the simplex method or interior-point methods. In contrast, MILP complicates the

computational landscape by requiring that some or all of the decision variables take integer

values only.

Solving MILP often involves using combinations of LP solutions with advanced strate-

gies like branch-and-bound, branch-and-cut, or heuristic methods. These techniques are
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designed to efficiently navigate the complex solution spaces typical of MILP problems,

which combine linear constraints with the non-linear complexities introduced by integer

variables.

minx cTx

subject to Ax ≤ b,

Ex = d,

l ≤ x ≤ u,

xj ∈ Z, ∀j ∈ J

(3.62)

The mathematical formulation of a MILP problem can be stated as follows: minimize or

maximize a linear objective function subject to linear equality and inequality constraints,

with the additional stipulation that certain decision variables must take integer values.

Specifically, the problem is defined by an objective function cTx, subject to constraints

Ax ≤ b and Ex = d, where x denotes the vector of decision variables, c, A, and E are

matrices detailing the coefficients of the objective and constraint functions, and b and d

are vectors representing the limits of these constraints. Furthermore, the variables are

bounded by l ≤ x ≤ u, and a subset of these variables indexed by J is restricted to integer

values.

MILP significantly broadens the scope of linear optimization techniques to include a

variety of real-world applications that involve discrete decision-making processes. While the

inclusion of integer variables enhances the practical relevance of MILP, it also introduces

considerable computational challenges. As such, the application of MILP, particularly in

complex industrial, commercial, and public sector scenarios, often relies on the availability

of advanced computational tools and algorithms to find optimal or near-optimal solutions

within reasonable time frames.

3.3.3 Genetic Algorithms

GA constitute a class of search heuristics within the evolutionary algorithm family, devised

to identify optimized solutions by emulating the processes of natural selection. Originat-
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ing from the seminal work of John Holland in the 1970s, these algorithms harness mech-

anisms akin to biological evolution—selection, crossover, mutation, and inheritance—to

solve problems.

The operation of a genetic algorithm commences with an initial population of potential

solutions, which are often encoded as strings of bits, although variations exist depending

on the specific requirements of the problem. These potential solutions, referred to as

individuals or chromosomes, are evaluated using a fitness function tailored to the problem’s

objectives. This evaluation mimics natural selection by measuring how effectively each

solution achieves the desired outcomes.

As the algorithm progresses through successive generations, it employs a fitness-based

selection process to determine which individuals will reproduce, thereby passing advanta-

geous traits to the next generation. The integration of genetic operators such as crossover

and mutation facilitates the generation of new individuals, thereby enriching the genetic di-

versity of the population. Crossover merges attributes from two parent solutions to produce

offspring, while mutation introduces random genetic variations, enhancing the algorithm’s

ability to explore a broader solution space.

Despite their stochastic nature, genetic algorithms are designed to incrementally im-

prove the quality of solutions. They typically conclude when a set number of generations

have been produced, a satisfactory level of fitness has been achieved, or other specific

termination conditions have been met.

The principal strength of genetic algorithms lies in their versatility and robustness,

making them particularly suitable for tackling complex optimization challenges that are

intractable for conventional methods. These challenges often include problems with nonlin-

ear, multimodal, or ambiguous properties. The probabilistic elements of genetic algorithms

reduce the likelihood of becoming ensnared in local optima, a common issue with gradient-

based optimization approaches.

Nevertheless, genetic algorithms are not without their drawbacks. They can be com-

putationally demanding, especially for large-scale or complex problems. The rate at which

they converge to a solution can be slow, and the calibration of parameters—like popula-
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tion size, mutation rate, and crossover rate—is critical but can be intricate and generally

requires thorough empirical experimentation to refine.

In conclusion, genetic algorithms provide a robust methodology for solving diverse

optimization problems by replicating evolutionary principles. Their effectiveness, however,

is heavily dependent on the careful configuration of algorithm parameters and the balance

they maintain between exploring new solutions and exploiting known ones.

3.4 Performance Evaluation Metrics

This section introduces the performance evaluation metrics used to assess the effectiveness

of the RES optimization. It is divided into three parts: prediction evaluation metrics,

economic performance metrics, and sustainability evaluation metrics. Prediction evaluation

metrics measure the accuracy of the system’s forecasting capabilities, ensuring reliable

energy demand and supply predictions. Economic performance metrics evaluate the cost-

efficiency of the system, focusing on minimizing operational expenses while maximizing

returns. Sustainability evaluation metrics assess the environmental impact of the system,

ensuring that the RE solutions align with long-term sustainability goals. These metrics

provide a comprehensive assessment of the system’s performance, helping to validate the

optimization strategies and their real-world applicability.

3.4.1 Prediction Evaluation Metrics

Mean Absolute Error

The Mean Absolute Error (MAE) is a widely used statistical measure to evaluate the

accuracy of prediction models. It calculates the average magnitude of errors between paired

observations expressing the actual values and predictions. The MAE is particularly useful

because it quantifies the error in the same units as the data, making the interpretation

straightforward and intuitive. The formula for MAE is expressed as:
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MAE =
1

n

n∑
i=1

|yi − ŷi| (3.63)

Here, n represents the number of observations, yi denotes the actual values, and ŷi are

the predicted values. This metric is especially beneficial in scenarios where it is important

to avoid large errors; MAE treats all errors linearly, meaning that all individual differences

are weighted equally in the average.

Root Mean Square Error

The RMSE is another robust metric used to measure the accuracy of predictions made by

a model. RMSE is the square root of the average of squared differences between the actual

and predicted values. This metric gives a relatively high weight to large errors, which often

makes it more appropriate for many predictive tasks where larger errors are particularly

undesirable.

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (3.64)

In this formula, yi represents the actual values, ŷi are the predicted values, and n is the

number of observations. Due to its formulation, RMSE is sensitive to outliers and can be

particularly useful when large errors are significantly more critical to diagnose and correct.

Both MAE and RMSE are crucial in the field of data science for validating models and

ensuring the reliability of predictive insights.

3.4.2 Economic Evaluation Metrics

Net Present Value

The Net Present Value (NPV) is a fundamental financial metric used to assess the viability

and profitability of investment projects by quantifying the difference between the present
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value of cash inflows and outflows over the project’s duration. In the context of renewable

energy systems, the NPV calculation takes into account both the initial investment and

the expected future cash flows, which include revenues from energy sales and cost savings,

as well as ongoing operational and maintenance costs.

The NPV is calculated using the Discounted Cash Flow (DCF) method, where future

cash flows are discounted to their present value using a specific discount rate, typically

reflecting the investor’s required rate of return or the cost of capital. The formula for NPV

is as follows:

NPV =

y=Y∑
y=1

(
R

(y)
ESav + R

(y)
ESol − C

(y)
O&M − C

(y)
Rep

)
(1 + r)y−1 − Inv (3.65)

In this Equation 3.65, R
(y)
ESav and R

(y)
ESol represent the annual savings from reduced

energy consumption and revenues from energy sold back to the grid, respectively. C
(y)
O&M

and C
(y)
Rep are the annual costs for operation, maintenance, and replacement of system

components. The initial investment (Inv) covers the installation costs of all relevant system

components. Y is the lifespan of the system, generally between 15 to 25 years.

Internal Rate of Return

The Internal Rate of Return (IRR) is another critical financial metric, used in conjunction

with NPV, to evaluate the efficiency of an investment. The IRR is the discount rate at

which the NPV of all cash inflows and outflows equals zero, effectively making it a break-

even point from a financial perspective. It provides a measure of an investment’s yield as

a percentage, making it easy to compare with other potential investments or the cost of

capital.

r = IRR if NPV = 0 (3.66)

The IRR is particularly useful as it allows investors to understand the rate of return

at which the total present value of costs equals the total present value of benefits. For
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renewable energy projects, which often require significant upfront investments but yield

returns over long periods, the IRR is instrumental in decision-making processes, offering a

clear indicator of the project’s potential profitability over its operational lifetime.

3.4.3 Sustainability Evaluation Metrics

Energy Independence Score

The Energy Independent Score (EIS) is a technical indicator used to measure and quantify

the degree of energy independence or self-sufficiency of a RES. The EIS is calculated

through Equation 3.67 based on the proportion of the total energy demand of the system

(ELoad) that is supplied by the system itself, as opposed to being imported from the grid

(EIm). The total energy supplied by the system is difference between ELoad and EIm.

The system will reach its upper boundary of EIS when all generated renewable energy

is utilized. Therefore, the EIS can also indirectly reflect the carbon emission rate and

efficiency of the RES.

EIS = 1−
∑T

t=1E
(t)
Im∑T

t=1E
(t)
Load

(3.67)

Grid Energy Interaction Factor

The Grid Energy Interaction Factor (GEIF), as defined in Equation 3.68, is a crucial metric

that quantifies the system’s reliance on the electrical grid. It captures the balance between

energy surplus and deficit by considering all energy flows between the grid, ESS, and the

load. This factor provides insights into how well the system manages its energy in relation

to grid dependency, highlighting the efficiency of energy surplus or deficit management.

GEIF =
ERE Grid + EESS Grid + EGrid ESS + EGrid Load

ELoad

(3.68)
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Utilization Factor

The Utilization Factor (UF), presented in Equation 3.69, measures the effectiveness of

renewable energy utilization in satisfying the load demand. It calculates the ratio of energy

directly used by the load from RE sources to the total energy produced by these sources,

including energy sent to the grid, stored, or curtailed. This indicator assesses the efficiency

of renewable energy usage, emphasizing how effectively the generated energy is harnessed

to meet the demand.

UF =
ERE Load

ERE ESS + ERE Grid + ERE Load + ERE Curt

(3.69)

Satisfied Load Fraction

Satisfied Load Fraction (SLF), detailed in Equation 3.70, evaluates the proportion of the

load demand met directly by renewable energy sources. This metric reflects the sustain-

ability and clean energy reliance of the system by illustrating the percentage of the total

load covered by green energy.

SLF =
ERE Load

ELoad

(3.70)

Green Hydrogen Ratio

The Green Hydrogen Ratio (GHR) is designed to measure the sustainability of hydrogen

production through the use of renewable energy. This ratio calculates the percentage of the

total energy used in the hydrogen production process that comes from renewable sources,

providing a direct measure of environmental sustainability. The GHR is defined by the

following equation:

GHR =
ERE HESS

EHESS

× 100 (3.71)
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In Equation 3.71, ERE HESS is the energy input from renewable sources that are directly

utilized in the hydrogen production process. EHESSis the total energy consumed by the

hydrogen production system, regardless of source.

A higher GHR value indicates a greater reliance on renewable energy sources in the

production of hydrogen, aligning with environmental sustainability goals and reducing the

carbon footprint of hydrogen production. Conversely, a lower GHR points to a greater

use of non-renewable energy sources and highlights areas for potential improvement in the

integration of renewable technologies.

Hydrogen Supply Sufficiency Score

The Hydrogen Supply Sufficiency Score (HSSS) has been developed to assess the efficiency

of hydrogen supply systems, incorporating two standardized metrics that measure the

frequency and magnitude of hydrogen supply shortfalls. This indicator provides a quan-

titative analysis to guide strategic decisions aimed at optimizing system performance and

reliability.

The first component of the HSSS is the Normalized Shortage Frequency (NSF), which

reflects the frequency of supply shortfalls relative to the total operational period. It is

calculated as follows:

NSF =
FS

T
(3.72)

In this equation, FS represents the Shortage Frequency, or the number of time intervals

where the hydrogen supply is insufficient to meet demand, and T denotes the total number

of observed intervals.

The second component, Normalized Energy Shortage (NES), measures the total volume

of unmet hydrogen demand compared to the total demand throughout the assessment

period, providing a measure of the magnitude of shortages:
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NES =
SShort∑T
t=1 Dt

(3.73)

Here, SShort stands for the cumulative shortfall in hydrogen supply, highlighting areas

where demand consistently outstrips supply. Dt represents the hydrogen demand at each

time interval t over the period being assessed.

These metrics are combined to form the HSSS, calculated by weighting each component

according to its impact on overall system performance:

HSSS =
1

α×NSF + β ×NES + 0.01
(3.74)

In Equation 3.74, α and β are weights assigned to NSF and NES, respectively, ensuring

that their sum equals one to balance the contribution of both metrics. The addition of

0.01 in the denominator prevents division by zero and ensures that the HSSS remains

well-defined, even if both NSF and NES are zero. This adjustment sets the HSSS to scale

between 1 and 100, where a score of 100 represents an ideal state with no supply shortfalls,

and a lower score indicates more significant operational deficiencies.

3.5 Summary

This chapter presents a comprehensive methodology for modeling and optimizing RESs,

focusing on key components such as PV panels, WTs, batteries, and electrolyzers. It

presents the application of machine learning techniques, particularly deep learning, for

data-driven analysis and prediction, enhancing the efficiency and reliability of RESs. The

chapter also explores various optimization methods, including linear programming, mixed-

integer linear programming, and genetic algorithms, highlighting their roles in improving

system design and functionality. Performance evaluation metrics are discussed to assess

prediction accuracy, economic viability, and sustainability, ensuring the development of

efficient and smart RESs.
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Chapter 4 focuses on component modeling, utilizing the PV model from Section 3.1

to provide theoretical support. It also employs the approach from Section 3.2 to design a

machine learning model that estimates PV energy output.

Chapter 5 implements a two-stage optimization approach for the RES. It uses the PV

model and battery model from Section 3.1 to model the RES. In the first stage, it applies

GA from Section 3.3 to determine the component sizes for the RES, and in the second stage,

it uses MILP from the same section to manage energy allocation. Indicators from Section

3.4 are used to evaluate system performance based on specific system configurations.

Chapter 6 combines the PV model, WT model, battery model, and electrolyzer model

from Section 3.1 to simulate the RES. It also uses the approach from Section 3.2 to design

the machine learning model. For energy management, it employs MILP from Section 3.3,

and indicators from Section 3.4 are used to assess the performance of different optimization

approaches.

Details of how these methods interact within each project are provided in the respective

chapters for each project.

91



Chapter 4

Data-Driven Photovoltaic Tilt Angle

Optimization for Power Generation

This chapter focuses on the optimization of the photovoltaic panel tilt angle for maxi-

mizing energy generation. Section 4.1 summarizes main contributions and novelties of this

project. Section 4.2 introduces the target system and the proposed algorithm for optimiza-

tion. Section 4.3 outlines the simulation procedure, covering essential steps such as data

preprocessing, hypothesis testing, correlation analysis, and cross-validation to ensure the

robustness of the modeling and optimization process. The results and their implications

are discussed in Section 4.4, evaluating the effectiveness of the proposed algorithm and

the insights gained from the optimization process. Finally, Section 4.5 summarizes the key

findings.

4.1 Contribution

The main contributions of this project are as follows:

• A novel data-driven methodology is introduced to explain the intricate relationship

between tilt angle and conversion efficiency in photovoltaic systems. The conclu-
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sions are rigorously cross-validated against a reliable mathematical model, enhancing

the robustness and credibility of the findings. Unlike conventional neural networks

that require expert-driven feature extraction from ultra-high-dimensional datasets

to avoid irrelevant inputs, this approach mitigates the ’black box’ risk inherent in

neural networks through comprehensive cross-validation, thereby improving trans-

parency and reliability.

• A robust ANN model is developed to accurately estimate the power output of pho-

tovoltaic panels, utilizing power output as the optimization objective. By applying

ANN architecture optimization techniques, the model’s accuracy is significantly en-

hanced. The well-trained ANN demands relatively low computational resources dur-

ing operation, relying on simple matrix manipulations rather than complex integral

computations. Furthermore, the trained network exhibits broad applicability across

similar climate zones, and its rapid response capabilities facilitate real-time control

of the tilt angle, thereby improving system adaptability and efficiency.

• This study investigates how hourly optimization and varying optimization horizons

impact overall optimization performance, particularly when accounting for energy

conversion efficiency. Valuable insights are provided into the temporal dynamics of

optimization in photovoltaic systems, addressing an area that remains inadequately

explored.

4.2 Target System and Proposed Algorithm

Figure 4.1 (a) presents the schematic of the energy flow of this study, which focuses on

optimizing the tilt angle of PV panels to maximize power output. Solar irradiance reaches

the tilted surface of a PV panel through three primary pathways: directly from the sun,

after diffusion by clouds, or following reflection from the ground. The PV panel converts

this solar radiation into electrical energy, and adjusting the panel’s tilt angle allows control

over the amount of incident radiation, directly influencing the power output.
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Figure 4.1: (a) Schematic of Energy Flow (b) Functional Relationship of Model

Parameters

Optimizing the tilt angle involves calculating the solar position, the incident radiation,

and the power output of the PV panel for different tilt angles. Based on these calculations,

the optimal tilt angle is determined to maximize power output. The required models for

this study include a solar position model to locate the sun based on time, the Liu-Jordan

model to calculate solar irradiance incident on the tilted surface, and a model to estimate

the power output of the PV panel. Due to limitations in the traditional five-parameter

power output model, a neural network is introduced to improve estimation accuracy.

Figure 4.1 (b) illustrates the functional relationships among the model parameters.

The solar position model uses time t and longitude L to calculate the sun’s hour angle

ω. The Liu-Jordan model then uses the tilt angle β, latitude ϕ, and global radiation

on the horizontal plane Ih to calculate the radiation incident on the tilted surface It.
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The optimization variable, tilt angle β, affects It at this stage. Finally, inputs such as

radiation G, ambient temperature Ta, wind speed vw, and relative humidity RH are used

by the neural network to estimate the power output P of the PV panel. Sections 3.1.1

provide detailed explanations of the solar position model, the Liu-Jordan model and the

five-parameter model.

Variables marked in blue were extracted from external data sources: the National Insti-

tute of Standards and Technology (NIST) dataset and the TRNSYS Simulation Software

(TRNSYS) simulation platform. One set of variables (G, Ta, vw, RH, P ) was extracted from

the NIST dataset for analysis and to train the neural network. Another set of variables

(Ih, Ta, vw, RH) was obtained from TRNSYS for simulation purposes.

Figure 4.2: Flow Chart of the Proposed Methodology

Figure 4.2 illustrates the proposed methodology. The study begins with preprocessing

the raw data from the NIST photovoltaic dataset, removing outliers to ensure data quality.

A statistical analysis is performed on the NIST data to identify crucial input parameters

for the neural network. The traditional five-parameter model is analyzed to determine
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essential parameters from a physical standpoint, and conclusions from the statistical and

mathematical analyses are cross-validated to ensure consistency.

The data is then normalized and shuffled to prevent the neural network from memorizing

trend patterns, and the processed data is split into training and testing sets. The neural

network is trained with the training set, and its performance is evaluated using the test

set. Data is extracted from TRNSYS and prepared for simulation.

Using the data from TRNSYS, the solar position relative to a specific location on Earth

is calculated, expressed through the hour angle ω. The Liu-Jordan model is then used to

calculate the total solar radiation incident on the tilted surface for different tilt angles.

The trained neural network is employed to estimate the power output, and a brute-force

algorithm is used to determine the optimal tilt angle that maximizes the power output.

The optimization process is performed for different time intervals, including one hour,

one month, and one year, to observe how the optimal tilt angle changes over time. The re-

sults are analyzed, and uncertainties are discussed to provide insights into the performance

of the methodology and potential areas for future research.

By following this comprehensive methodology, the study aims to develop a robust ap-

proach for optimizing PV panel tilt angles, and enhancing energy production under varying

environmental conditions.

4.3 Simulation Procedure

This study used a neural network to estimate the power output of a photovoltaic panel.

Neural networks are data-driven models that can overcome the limitations of conventional

mathematical models. Mathematical models often face a trade-off between accuracy and

computational cost. They tend to make assumptions and simplify problems to ensure

relatively high accuracy with low computational cost requirements during real-world ap-

plications. However, this means that mathematical models could fail when calculating

scenarios outside the scope of their assumptions. The five-parameter model, for instance,
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Figure 4.3: Pairwise Plot of NIST Data Set (Raw)

does not consider hidden patterns such as the effect of anti-reflection coatings. Although

modeling such hidden patterns with mathematical models might not significantly improve

accuracy, it would dramatically increase computational requirements and decrease real-time

computational efficiency. However, neural networks can perform sophisticated regression

and overcome the imperfections of mathematical models because the number of neurons

in a specific neural network is fixed. Therefore, neural networks can model complex sys-

tems without excluding hidden patterns. This study used statistical analysis to determine

inputs for the neural network and cross-validated them with the mathematical model to

guarantee that the inputs have physical meaning.

4.3.1 Data Pre-process and Hypothesis Test

The NIST[131] photovoltaic dataset includes data collected from photovoltaic arrays and

weather stations located at the NIST Campus in Gaithersburg, Maryland, USA. The

dataset includes thousands of data points, each with multiple dimensions, sufficient for

97



Figure 4.4: Two Dimensions Raw Data of NIST Photovoltaic Data Set - Irradi-

ance vs Power Output

training a neural network to estimate a photovoltaic array’s power output. This study

used six of the most important features and visualized the data. Figure 4.3 shows the

pairwise plot of the six-dimensional data: relative humidity (%), wind speed (m/s), am-

bient temperature (TAmbient in ◦C), module temperature (TModule in ◦C), global horizontal

irradiance (GHI in W/m2), and power output (P in kW) extracted from the NIST dataset.

The plots on the diagonal show distributions of the single variables, and scatter plots visu-

alize the relationships between two variables. From the distribution plots, we can conclude

that any location in the same climate zone and following a similar meteorological pattern

could use this dataset for neural network training purposes because this dataset provides

sufficient data. Besides, from the scatter plots, we can easily find some variables that

demonstrate a strong linear relationship with other variables; for example, GHI and P .

However, we cannot conclude that variables that do not show a linear relationship are

useless at this step. The pairwise plot provides a first impression of the NIST dataset; this

study still needs to perform follow-up data analysis and cross-validate the conclusions with

the mathematical model to guarantee the reliability of extracted features.

Nevertheless, some problems exist with using the data-driven approach to predict pho-

tovoltaic power output. Firstly, the dataset used for developing the model usually includes

outliers that deviate from regular data points, caused by various reasons such as record-
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ing and measuring errors. Removing outliers from the dataset is crucial to ensure that

these data points will not confuse the neural network. In order to remove outliers from

multi-dimensional data, this study chose two of the most critical dimensions: irradiance

and power output. The GHI is equal to irradiance on the surface since photovoltaic panels

in this dataset are horizontal.

Figure 4.4 visualizes the data points in the NIST data set. All data points with negative

power output values beyond 0.5 standard deviations were removed. The data points with

a negative power output value are not realistic and are believed to be caused by measuring

errors, thus they must be removed. The performance of the photovoltaic panel at the defi-

cient irradiance level has already been investigated by Sebastian et.al.[132]. The black bold

line in Figure 4.4 was calculated through the ordinary least squares regression approach.

The value of R square (R2) is 0.924, which means 92.4 % of the variation of the depen-

dent variable (power output) can be explained through the independent variable (GHI).

At the same time, the correlation between the two variables is more than 0.96 before data

pre-processing, and it shows a highly linear relationship between the two variables. The

research of Alzahrani et.al.[133] can support this result since they found that irradiance is

a determining factor for photovoltaic power output. Moreover, the data points are more

concentrated around the fitted line in the lower GHI range. This phenomenon is caused

by other factors, such as module temperature since these factors will affect the efficiency

of photovoltaic panels.

The hypothesis testing examined if independent variables can explain the dependent

variable in the multiple linear regression. The dependent variable is the power output,

and the independent variables are meteorological variables. Equation 4.1 shows the null

hypothesis and alternative hypothesis for hypothesis testing. The null hypothesis H0 states

that slope coefficients b1, b2, ..., bn (n is the index of independent variables) of multiple

linear regression equals zero, and the dependent variable is not significantly affected by

independent variables. If the null hypothesis is rejected, the study can conclude that slope

coefficients are significantly different than zero. After performing the hypothesis test for

slope coefficients, all p-values were lower than 0.05. Thus, this study has at least 95%

confidence that slope coefficients are significantly different than zero.
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H0 : b1, b2, ..., bn = 0

Ha : b1, b2, ..., bn ̸= 0
(4.1)

4.3.2 Correlation Analysis

Correlation analysis is one of the fundamental approaches in data analysis. Correlation

represents how strong the linear relationship is between two variables. If the absolute value

of the correlation coefficient is closer to 1, this means the relationship between two variables

is more linear and thus more correlated. However, correlation analysis is only effective when

analyzing linearity in relationships. It cannot be used to identify other relationships, such

as quadratic relations. Thus, correlation analysis is not a perfect data analysis approach.

However, the result of correlation analysis is still valuable to help researchers to develop

their models. Figure 4.5 shows correlation analysis results for the main variables of the

NIST data set.

The correlation matrix provides evidence that GHI strongly correlates with the power

output, and this relationship has already been investigated in the previous section. Thus,

solar irradiance is the most critical parameter to calculate energy generated.

The correlation between energy output and module temperature is more than 0.67,

demonstrating a strong correlation. Additionally, the correlation between GHI and module

temperature is 0.71. The relationship between input variables should be independent if they

are used as neural network inputs. The complexity of the regression analysis increases if

input variables are highly dependent on each other. The correlation between the ambient

temperature and the module temperature is 0.8, and the correlation between GHI and

module temperature is 0.7. This study chose the ambient temperature as the second

input. Furthermore, relative humidity has both positive and negative effects on the power

output of the photovoltaic panel. Water vapor in the air affects the power output of

the photovoltaic panel in two ways: the moisture on the panel and the air temperature.

After the water vapor accumulates on the photovoltaic panel, it can reflect a portion of
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Figure 4.5: Correlation Matrix of Pre-processed Data

the received solar irradiance. However, the water vapor can increase the heat transfer

coefficient and help the photovoltaic panel exchange heat. Thus, a high relative humidity

level can improve the power output of the photovoltaic panel by helping it to decrease the

module temperature. The correlation analysis found that the negative effect dominates

the positive effect, which means the correlation between humidity and power output was

-0.42. This negative correlation tells us that high relative humidity will decrease power

output. Finally, the wind speed causes a minor increase in the power output since the

two variables have a correlation of 0.18. The high wind speed will reinforce the convection

effect and help cool down the photovoltaic panel by changing the heat transfer coefficient.

Based on the results of the correlation analysis, this study used four variables as inputs:

relative humidity, wind speed, ambient temperature and irradiance. Even though these four

input variables are essential in the correlation analysis, they still require cross-validation
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with a mathematical model to ensure they are physically meaningful.

4.3.3 Cross Validation

The mathematical model can cross-validate the input variables of the neural network with

the validated input variables determined by the correlation analysis. Figure 4.6 shows the

relationship between ambient temperature, GHI and module temperature as calculated by

the mathematical model. In contract, Figure 4.7 shows the same relationship that was

extracted from the NIST data set. However, in Figure 4.7 the ambient temperature is

fixed. In Figure 4.7, the black dash line is a linear regression line that can fit all data, and

the black line is a line calculated by the mathematical model when ambient temperature

equals the average ambient temperature of the data set. From these two figures, it can be

surmised that the ambient temperature determines the intercept since the average ambient

temperature in the data set is close to 11◦C and is equal to the ambient temperature

used to calculate the blue line. However, the blue line and red line slopes are 0.022 and

0.036, respectively. The red line and the blue line share a similar intercept, indicating

that the module temperature mainly depends on the ambient temperature. Therefore, the

conclusion from the correlation analysis is verified.

On the other hand, the slopes of the two lines are different; this phenomenon is caused

by the mathematical model, which only considers the effects of irradiance and ambient

temperature. The five-parameter model assumes that the heat transfer coefficient is con-

stant. In other words, the model does not consider the effect of wind and relative humidity.

The heat transfer coefficient cannot significantly impact module temperature during low

irradiance. However, the module temperature increases rapidly with increasing irradiance,

and the heat transfer coefficient becomes a crucial variable. The reason described above

could also explain the phenomenon that the difference between the mathematical model

and regression model increase with the irradiance. Thus, humidity, wind speed, ambient

temperature and GHI are four input variables used to estimate power output. Based on

the previous analysis, they have been proven to have a high correlation with the power

output and low correlation between each other.
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Figure 4.6: Irradiance vs Ambient

Temperature vs Module Tempera-

ture by Five Parameters Model

Figure 4.7: Two Dimensions Pro-

cessed Data of NIST Photovoltaic

Data Set - Irradiance vs Module

Temperature

Table 4.1: Hyperparameters of the Neural Network

Hyperparameter Value

Layers 5

Neurons [4, 32, 64, 16, 1]

Batch Size 64

Epochs 30

Dropout 0.2

Decay 0.8

4.4 Result and Discussion

After determining the four inputs for the neural network, the next step was to design

its architecture. A five-layer MLP was established, comprising one input layer, three

hidden layers, and one output layer. The dataset used for training was extracted from
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Table 4.2: Simulation Results

Month Hourly (MWh) Monthly (MWh) Annually (MWh) Base (MWh)

Jan 2.84 2.78 2.69 2.19

Feb 3.98 3.93 3.93 2.92

Mar 6.33 6.27 6.27 5.17

Apr 9.09 8.75 8.75 8.10

May 12.87 10.69 10.46 10.48

Jun 14.02 11.17 10.73 11.08

Jul 13.02 10.42 10.09 10.28

Aug 11.07 10.09 10.05 9.52

Sep 9.04 8.98 8.86 7.50

Oct 7.97 7.88 7.44 5.61

Nov 4.64 4.58 4.31 3.29

Dec 2.48 2.43 2.34 1.88

TRNSYS, a transient systems simulation software validated in the literature. The data

were divided into a training set (80%) and a testing set (20%), with the order shuffled

to prevent the neural network from memorizing sequential patterns inherent in the data

trend—specifically, the daily power output rising from zero at night to a peak around

noon and then decreasing. Random search was employed to optimize hyperparameters,

enhancing the neural network’s accuracy. Although the specifics of the optimization process

are beyond the scope of this study, techniques such as learning rate decay were utilized

to maintain a high learning speed initially while ensuring convergence in later stages. To

mitigate overfitting—a scenario where the neural network performs well on training data

but poorly on new data—the dropout technique was applied, randomly deactivating a

proportion of neurons during each training iteration. The optimized hyperparameters are
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presented in Table 4.1.

Figure 4.8 and Figure 4.9 illustrate the neural network’s performance on the training

and testing sets, respectively. Due to the large volume of test data, a representative

sample of data points was randomly selected for visualization. The x-axis represents values

estimated by the neural network, while the y-axis indicates the actual values from the

dataset. These figures demonstrate that the neural network predicts power output with

relatively low error, as most data points lie near the diagonal. For a quantitative evaluation

of the prediction accuracy, the RMSE was used instead of visualization. The neural network

achieved an RMSE of 0.04 on the training set and 0.06 on the testing set, which aligns

with RMSE values reported in the literature [134].

Figure 4.8: Performance of the Neu-

ral Network on Training Set

Figure 4.9: Performance of the Neu-

ral Network on Testing Set

After validating all mathematical models and training the neural network, simulations

were performed to optimize the tilt angle of the PV panel based on power output. Ottawa,

Canada (45.38◦N, 75.72◦W ) was selected as the location for the simulation. The follow-

ing assumptions were made during the simulation: the hourly meteorological conditions

were considered constant; sufficient space was assumed in the photovoltaic farm to neglect

shading effects; the PV panels were assumed to use monocrystalline silicon solar cells; and

the neural network was presumed to capture all internal patterns.

The meteorological data were extracted from TRNSYS, ensuring reliability without the
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need for additional processing to detect outliers or handle missing data. The simulation

process proceeded as follows: first, the meteorological data were used as inputs to calculate

the radiation on the tilted surface. Subsequently, the trained neural network was employed

to calculate the power output of the PV panel for each tilt angle. The optimal tilt angle

was then determined over a range from 0 to 90 degrees, in 1-degree increments, using a

brute-force search algorithm. An hourly model was used for all optimization horizons,

and hourly outcomes were integrated to obtain monthly and annual optimization results.

Finally, the tilt angle that yielded the maximum power output was selected as the optimal

angle, and the harvested energy was calculated accordingly.

4.4.1 Energy Generation

The simulation results show that, compared to horizontally placed panels, optimizing tilt

angles annually, monthly, and hourly can achieve 9.7%, 12.74%, and 24.78% more energy,

respectively. Table 4.2 and Figure 4.10 present the optimization results. Figure 4.10 vi-

sualizes the benefits of the power-based tilt angle optimization. In this figure, the base

case is the flat-placed photovoltaic panels. The blue, orange, and green bars represent

the excess energy harvested compared to the base case for the hourly, monthly, and an-

nual tilt angle optimizations, respectively. For example, hourly optimization can help the

photovoltaic panels collect almost 25% more energy than the base scenario. The red line

indicates the total amount of energy harvested during monthly optimization, and the en-

ergy harvested under other optimization horizons can be derived accordingly. Table 4.2

supplements Figure 4.10, presenting the energy harvested during different scenarios on a

monthly basis.

An important observation from the simulation results is that the optimization pro-

vides more substantial percentage increases in energy harvested during the winter months,

exceeding 40% compared to horizontally placed panels. This significant improvement is

attributed to the lower baseline solar irradiance in winter, where optimal tilt adjustments

can more effectively capture oblique sunlight. In contrast, during the summer months, the

optimization achieves at least a 10% increase in energy harvested. Although the percentage
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improvement is smaller, the absolute amount of additional energy collected is substantial

due to the higher solar irradiance during summer. This highlights that the optimization is

beneficial throughout the year, with both relative and absolute gains depending on seasonal

conditions.

Moreover, the benefit of the optimization remains significant during the summer since

it yields a substantial absolute increase in energy harvested, despite the percentage im-

provement being around 10%. The proposed approach can provide 16.23% more energy

than the conventional rule-based optimization method, which sets the tilt angle equal

to the latitude. Table 4.3 provides the optimal tilt angles from the monthly optimiza-

tion and compares them with irradiance-based optimization. Notably, compared to the

irradiance-based optimization, the monthly optimal tilt angles are smaller in power-based

optimization. This suggests that factors beyond simply maximizing irradiance, such as the

efficiency of the PV panels at different angles and temperatures, play a crucial role in max-

imizing power output. The neural network’s ability to capture these complex interactions

between meteorological variables and PV performance enables a more precise optimization

than traditional methods.

These results provide compelling evidence of the value of power-based tilt angle op-

timization. The effective application of the neural network in this study underscores the

potential of machine learning techniques in renewable energy optimization. By accurately

modeling the nonlinear relationship between environmental conditions and power output,

the neural network facilitates the determination of optimal tilt angles that enhance energy

harvesting. This data-driven approach can adapt to varying conditions and system charac-

teristics, offering a versatile tool for optimizing photovoltaic installations. The significant

improvements in energy output achieved through relatively small adjustments in tilt angle

emphasize the importance of fine-tuning system parameters to maximize efficiency and

sustainability.

Furthermore, the study demonstrates that even standard practices in PV system in-

stallation may not fully exploit the potential energy yield. The conventional method of

setting the tilt angle equal to the latitude does not account for the dynamic interplay be-
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Figure 4.10: Optimization Results and Optimal Tilt Angles for Different Time

Intervals

tween various factors affecting power output. By employing a power-based optimization

approach, it is possible to achieve considerable energy gains over conventional methods.

This highlights the importance of incorporating advanced optimization techniques in the

design and operation of photovoltaic systems to fully leverage their capabilities.

4.4.2 Assumptions and Limitations

This study has two limitations. The most important limitation is that we assumed that the

hourly irradiance was constant. Such an assumption must be made in order to perform the

dynamic simulation. The optimization result might have an error if the irradiance changes

significantly within an hour; however, our study provided an optimization approach. This

limitation could be solved by measuring irradiance with sensors during real-time optimiza-

tion. Another limitation is that it is essential to obtain a relative data set before using
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Table 4.3: Optimal Tilt Angle of Power-based and Irradiance-based Monthly

Optimization

Month Power-based Irradiance-based

Jan 51◦ 56◦

Feb 55◦ 56◦

Mar 46◦ 47◦

Apr 29◦ 31◦

May 15◦ 17◦

Jun 9◦ 12◦

Jul 12◦ 14◦

Aug 24◦ 26◦

Sep 42◦ 42◦

Oct 56◦ 56◦

Nov 58◦ 61◦

Dec 52◦ 56◦

the proposed optimization approach. When the photovoltaic technology or climate zone

changes, the neural network must be retrained; otherwise, the ANN cannot accurately cal-

culate power output. However, the training methodology is already provided in this study.

It is easy to collect data and retrain ANN with the proposed approach.

4.5 Summary

This study developed a new data-driven power-based optimization approach to help solar

farms harvest more energy during operation. This study proved that power-based optimiza-
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tion will provide a different tilt angle than the conventional irradiance-based optimization

because of the trade-off between irradiance and efficiency. This study also investigated the

return on different optimization horizons and found that hourly optimization can signifi-

cantly decrease the green energy premium. Despite higher initial investment on adjustable

panels, the optimization could significantly improve the capital return in the long term in

two important ways. First, the solar farm using this optimization approach could generate

22.43% more power with the same number of photovoltaic panels, resulting in greater cash

flow during the operation. Second, fewer photovoltaic panels mean less land usage and

lower maintenance costs, which means a lower initial investment. Panels with more ad-

vanced module materials could improve the benefits of the tilt angle optimization further.

110



Chapter 5

Data-Driven Two-stage Component

Capacity Optimization

This chapter presents the project for optimizing the capacity of components in a RES.

Section 5.1 summarizes main contributions and novelties of this project. Section 5.2 intro-

duces the target system, outlines the conceptual framework, and defines the performance

metrics used for evaluation, which are adapted from Chapter 3 to suit this specific opti-

mization problem. Section 5.3 describes the simulation procedure, detailing the two-stage

optimization process and the interrelation between decision variables and objectives, which

are crucial for achieving optimal system performance. The results are analyzed in Section

5.4, with a focus on the capacity of major components, the decision-making framework,

system performance, and a comparative analysis of different optimal system configurations.

This section also discusses the assumptions and limitations that influence the optimization

outcome. Finally, Section 5.5 summarizes the key findings from the component capacity

optimization.

5.1 Contribution

The main contributions of this project are as follows:
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• A novel modeling approach that addresses scalability and adaptability issues in en-

ergy system management by capturing the economic interactions between RES and

the grid with enhanced realism. It effectively overcomes the limitations of models in

literature by incorporating local regulations and wholesale electricity prices, thereby

refining energy management practices.

• The integration of a modified NSGA-II with a MILP strategy, introducing a Dynamic

Population Decay (DPD) mechanism to accelerate the optimization process.

• Introducing a novel approach that extends proven retail-level methodologies to the

wholesale domain, enabling effective interactions with large-scale grid operations.

This adaptation significantly enhances the management of power and information

flows, improving efficiency across different scales. The proposed model bridges the

gap between retail and wholesale systems, showcasing a significant advancement in

grid interaction.

• Introducing of a decision-making framework utilizing multi-objective optimization

via the Pareto-adaptive Epsilon dominance algorithm. This innovation allows for the

customization of energy solutions to specific user requirements, with human experts

making the final decision based on their preference among various objectives.

5.2 Target System and Proposed Algorithm

This section primarily presents the methodology behind the development of a novel two-

stage optimization framework for RES. It begins with Section 5.2.1, which provides an

overview of the target system. Following this, Section 5.2.2 details the proposed two-stage

RES capacity optimization framework. Finally, Section 5.2.3 outlines the performance

metrics employed in this study for optimization and decision-making purposes.
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Figure 5.1: Schematic of Target System with Key Variables

5.2.1 Target System

The target system used in this study is demonstrated in Figure 5.1, which presents a de-

tailed schematic illustrating the interaction among its three main components: the RES

with PV arrays, the BESS, and the grid. Energy produced by the PV array (EPV ) is

outputted to the RES (EPV RE), with surplus energy not consumed by the RES being cur-

tailed (EPV Curt). This energy, once transformed in a DC/AC inverter from DC to AC) at

a uniform voltage, leads to an energy loss (ELoss Inverter BESS). After conversion, the energy

may directly meet the energy demands of the load (EPV Load), be reserved in the BESS

for later usage (EPV BESS), or be exported to the grid (EPV Grid) for credit. The BESS

requires low-voltage DC for charging. As a result, any AC energy intended for storage in

the BESS undergoes an AC/DC conversion, leading to another loss (ELoss Converter BESS).

This converted energy (EChar) is then stored in the BESS. When discharged, the battery

energy (EDis) experiences inherent losses (Eloss BESS) and another DC/AC inversion. This
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energy can then either supply the building’s energy demand (EBESS Load) or be sold to the

grid (EBESS Grid). In scenarios where the RE or BESS fails to meet the energy demands,

the grid supplies energy directly to the building (EGrid Load), or energy can be imported into

the BESS (EGrid BESS) during times of lower energy price, optimizing for later consump-

tion. These electricity prices are influenced by the fluctuations in the wholesale electricity

market, which in turn reflect the dynamic relation between demand and supply of electric-

ity. Typically, these lower prices occur during late night to early morning hours, a period

characterized by a substantial decrease in energy demand relative to supply. This strategic

timing allows for the import of electricity at reduced costs, optimizing the system for later

consumption while ensuring economic efficiency.

5.2.2 Conceptual Framework

The concept of the two-stage RES capacity optimization framework deployed in this study

is demonstrated in Figure 5.2. The proposed framework comprises a system capacity opti-

mization stage on the left side, serving as the primary optimization, and a year-long energy

management simulation on the right side, which is used as the secondary optimization.

The system capacity optimization is based on the NSGA-II and tackles the computational

challenges encountered by the extensive searching space required for component capac-

ity optimization. In phase one, the primary optimization randomly initializes a group of

candidate solutions, each containing specific sizes for PV panels and a BESS. These sizes

serve as system parameters, directly influencing the renewable energy generation profiles

and energy storage ability used in the energy management simulation. The second phase

involves preparing data, including an enhanced load profile derived from aggregating and

introducing volatility to individual building profiles, making the simulation more close to

a real-world scenario. Details on this enhancement are clarified further in the later sec-

tion. The third phase formulates MILP problems based on these inputs. During the fourth

stage, the MILP solver optimizes the system using predefined decision variables, objective

functions, and constraints. Meanwhile, a BESS aging model will simultaneously update

the BESS available capacity after aging and the state of BESS. The fifth phase evaluates
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Figure 5.2: Framework of the Proposed Two-stage Optimization Approach Note:

The center image was created with the assistance of DALL·E 2

the quality of each candidate solution through calculated indicators and is used as fitness

based on simulation outcomes. In the last phase, the top-performing candidates are then

selected as parents to form the basis for the next generation of candidate solutions through

crossover and mutation processes. Through this iterative loop, the candidate solutions

progressively evolve, converging towards the optimal solution and achieving the study’s

aim of efficient system capacity optimization.

Building upon the two-stage RES capacity optimization framework outlined above,

the integration of sophisticated scheduling optimization within our MILP-based energy

management framework plays a crucial role. By utilizing 24-hour forecasts of energy prices

and demand, our system conducts load-shifting and energy arbitrage. This ensures efficient
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energy use by charging the BESS during low-price periods and discharging during high-price

periods or peak demand times. This strategy not only optimizes energy consumption for

cost savings but also supports grid stability, exemplifying our commitment to innovative,

cost-effective, and sustainable energy management solutions.

5.2.3 Performance Metrics

This study utilizes a set of financial and technical indicators to assess system performance.

The financial indicators are IRR, NPV, and initial investment (Inv). The technical indica-

tors include EIS, GEIF, UF, and SLF. IRR and EIS are chosen as the primary optimization

objectives for their system-level relevance, with IRR focusing on profitability and EIS on

energy independence. The other indicators, including NPV, initial investment, GEIF, UF,

and SLF, are used for evaluating the performance of the optimized results, providing in-

sights into financial viability and component-level efficiency.

5.2.3.1 Financial Indicators

The financial indicators, IRR and NPV, are discussed in Section 3.4.2. The following

section provides a more detailed mathematical formulation tailored to this project.

Cash inflows include energy bill savings (RESav) and revenue from energy sold back

to the grid (RESol). RESav is calculated hourly by subtracting energy imported from the

grid (EIm) from energy demand (ELoad), then multiplying by the import energy price

(πIm). It is summed up yearly. RESol is the yearly sum of hourly revenues, calculated by

multiplying exported energy to the grid (EEx) by the export energy price (πEx). Both EEx

and EIm are determined hourly through the secondary optimization model. The 18-year

optimization horizon is chosen in this study based on the expected payback period [135] for

PV panels and their degradation rate, ensuring a realistic assessment of financial viability

and operational efficiency.
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NPV =

y=18∑
y=1

(
R

(y)
ESav + R

(y)
ESol − C

(y)
O&M − C

(y)
Rep

)
(1 + r)y−1 − Inv, r = IRR if NPV = 0 (5.1)

R
(y)
ESav =

t=8760∑
t=1

(E
(t)
Load − E

(t)
Im) · π(t)

Im (5.2)

R
(y)
ESol =

t=8760∑
t=1

E
(t)
Ex · π

(t)
Ex (5.3)

The outflow cash consists of the operation and maintenance costs (CO&M) and replace-

ment costs (CRep). The CO&M shown in Equation 5.4 includes three parts: the operation

and maintenance costs of PV, BESS, and other components of the system such as invert-

ers and converters. Therefore, Equation 5.4 to Equation 5.6 shows the details of how to

calculate those costs. The calculation approaches used in Equation 5.5 to Equation 5.7 are

identical for those three equations: the CO&M is a proportion (ωO&M) of the initial capital

cost of the relative component (capacity of component Cap multiplied by unit capacity

cost πCap). While the replacement costs (CRep) in Equation 5.8, which account for the cost

of replacing the battery, are adjusted by the battery price and discounted at the battery

discount rate (rB) based on historical data.

C
(y)
O&M = C

(y)
O&M,PV + C

(y)
O&M,BESS + C

(y)
O&M,Others (5.4)

C
(y)
O&M,PV = CapPV · πCap,PV · ωO&M,PV (5.5)

C
(y)
O&M,BESS = CapBESS · πCap,BESS · ωO&M,BESS (5.6)

C
(y)
O&M,Others = CapOthers · πCap,Others · ωO&M,Others (5.7)
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C
(y)
Rep = CapBESS × πCap,BESS

(1 + rBESS)y−1 (5.8)

The initial investment of the system includes the investment in PV, BESS, and others

relatively, calculated in Equation 5.9 by multiplying the capacity of each component with

the relative unit price.

Inv = CapPV × πCap,PV + CapBESS × πCap,BESS

+ CapOthers · πCap,Others (5.9)

5.3 Simulation Procedure

This section gives the detail of capacity optimization and the scheduling energy manage-

ment, offering a comprehensive insight into each stage. Additionally, it explores the in-

terrelationship between the two stages of optimization, elucidating how variables interplay

and influence each other throughout the optimization process.

5.3.1 First Stage Optimization

Primary optimization is formulated as a multi-objective optimization problem, integrated

with an energy management algorithm, to ensure efficient utilization of the system’s com-

ponent capacities. Defined by Equation 5.10, the primary optimization is formulated to

determine the optimal sizes for PV arrays and BESS. The objective function aims to max-

imize two metrics: IRR and EIS. These objective functions are subject to various equality

and inequality constraints.

The first two constraints in Equation 5.10 indicate that both IRR and EIS are functions

of decision variables: capacities of PV (CapPV ) and BESS (CapBESS). The third equation
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sets user-specific budget constraints for initial investments, while the fourth equation de-

fines thresholds on the CapPV user energy consumption profile. These constraint values,

as shown in Table 5.1 , are estimated based on the past user’s load profile. Finally, the

last equation indicates CapBESS exceeding CapPV is not cost-effective due to diminishing

returns, as supported by [136].

max IRR,EIS

s.t. IRR = f1(CapPV , CapBESS)

EIS = f2(CapPV , CapBESS)

Inv ≤ InvReq

CapPV ≤ CapPV max

CapBESS ≤ CapPV

(5.10)

Figure 5.3: Algorithm (a) Algorithm Flowchart of the Proposed Two-stage Optimization

Approach (b) Concept of Pareto Frontier in Multi-objective Optimization

In the two-stage optimization framework detailed earlier, this study employs a NSGA-II
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for the primary optimization task demonstrated in Figure 5.3 (a). The process begins with

the initialization of the population, a critical step where individuals—each representing a

potential solution—are generated randomly following a normal distribution. This method

of initialization ensures a diverse and representative starting point for the energy man-

agement system and facilitates the comprehensive evaluation of fitness for each candidate

solution.

Table 5.1: Parameter Value
Variable Name Value Unit Source

πCap,PV 1300 kW/USD From literature [137]

πCap,BESS 150 kWh/USD Bloomberg [138]

ωO&M,BESS 0.5 % From literature [136]

ωO&M,Others 1 % From literature [136]

ωO&M,PV 1 % From literature [136]

rBESS 4 % Bloomberg [138]

r 2 % Federal Reserve [139]

CapPV max 1000 kW -

M 100K - -

USD/EUR 1.07 - Exchange Rate

Crossover rate 0.7 - Experiment

Population 20 - Experiment

Mutation rate 0.1 - Experiment

Generation 12 - Experiment

During the optimization process, populations are selected for multi-objective evolution

through fitness calculations based on Pareto efficiency and diversity. This selection process

is driven by a crossover operation that averages the capacities of parent solutions, pro-

moting the generation of balanced offspring and facilitating the effective evolution of the

population towards optimal solutions.

Concurrently, the DPD mechanism operates alongside genetic operations. The DPD al-

gorithm assesses the variance in fitness scores across the population to dynamically adjust
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the population size. By evaluating the distribution of fitness scores, the DPD mechanism

determines the need for population size adjustments—reducing the population size when a

lower variance is observed. This indicates that the population is converging towards similar

fitness values, prompting the DPD to decrease the population size to focus the search on

the most promising solutions. This strategy of dynamically adjusting the population size,

based on the fitness variance, facilitates an optimal balance between the exploration of new

solutions and the exploitation of existing ones, continuously refining the solutions until the

maximum generation is reached. The ’NSGA-II History’ is instrumental throughout this

iterative process, providing ongoing insights that guide the exploration towards achieving

the study’s objective of efficient system capacity optimization and management. This com-

prehensive approach, integrating multi-objective selection with the DPD mechanism and

a thoughtfully randomized initial population, ensures a thorough exploration of potential

solutions in alignment with the study’s goal.

The final stage of the multi-objective optimization is identifying optimal solutions with

the Pareto frontier, demonstrated in Figure 5.3 (b) and detailed in [140]. This frontier

includes optimal solutions where each point is a Pareto optimal. The diagram categorizes

solutions into ”Sub-optimal Solutions” (green region), the ”Pareto Frontier”, and the ”In-

feasible Region”. Points 1 and 3, highlighted in orange, illustrate the concept of Pareto

efficiency. Even though fitness of point 2 equals points 1 and 3 in one objective, it is

excluded from the frontier because it is inferior on another objective.

5.3.2 Second Stage Optimization

The secondary optimization aims to calculates optimal time domain variables, supports

the calculation of IRR and EIS and provides an effective energy management strategy for

the RES simulation. As the secondary optimization in this study, its primary objective is

to minimize the energy cost of the system. To achieve this, the secondary optimization

algorithm for energy management has been formulated as a single-objective optimization

problem which based on Pena-Bello et al.’s work [141]. The secondary optimization is

defined by a series of mathematical equations, ranging from 5.11 to 5.14. The objective
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function is subject to constraints in four categories: basic (Equation 5.12), energy balance

(Equation 5.13), loss balance (Equation 5.14), and power balance (Equation 5.15), ensuring

optimal time-domain variable calculation.

Equation 5.11 defines the objective function, which aims to minimize the electricity

bill. This is achieved through a balancing act between importing and exporting energy.

Specifically, when energy is imported (E
(t)
Im) from the grid at import cost (π

(t)
Im), it incurs

a cost. Conversely, exporting surplus energy (E
(t)
Ex) to the grid at the export price (π

(t)
Ex)

earns credit, reducing the electricity cost. Therefore, the final due of the electricity bill is

computed by the difference between cost and credit. The π
(t)
Ex used in this study is based

on the wholesale price from the futures market [142]. And the π
(t)
Im calculated as a premium

added on the π
(t)
Ex as the approach used in literature [136].

min
t=8760∑
t=0

E
(t)
Im · π(t)

Im − E
(t)
Ex · π

(t)
Ex (5.11)

Equation 5.12 outlines the basic constraints, ensuring the system will not concurrently

charge (Char) and discharge (Dis) the BESS, as well as simultaneously import and export

energy. In these equations, the terms EBESSmax and EGridmax represent the rated power of

the BESS and the grid, respectively, while B denotes a binary integer that enforces these

constraints.

−EBESS max ∗BDis ≤ EDis ≤ EBESS max ∗ (1−BChar )

−EBESS max ∗BChar ≤ EChar ≤ EBESS max ∗ (1−BDis )

BChar +BDis = 1

−EGrid max ∗BEx ≤ EEx ≤ EGrid max ∗ (1−BIm )

−EGrid max ∗BIm ≤ EIm ≤ EGrid max ∗ (1−BEx)

BIm +BEx = 1

(5.12)

Equation 5.13 represents energy balance constraints. These equations ensure the energy

balance across system elements such as PV, BESS, load, and grid while considering the
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energy loss. Additionally, they restrict the battery’s SOC from exceeding its aged capacity

(CapBESS aged).

EPV = EPV Load + EPV BESS + EPV Grid + EPV Curt + Eloss Inverter PV

ELoad = EPV Load + EBESS Load · ηInverter BESS + EGrid Load

EIm = EGrid BESS + EGrid Load

EEx = EPV Grid + EBESS Grid · ηInverter BESS

EChar = EPV BESS + EGrid BESS − ELoss Converter BESS

EChar ≤ SOCmax · CapBESS − SOCt−1 · CapBESS

EDis = EBESS Load + EBESS Grid

EDis ≤ SOCt−1 · CapBESS − SOCmin · CapBESS

SOCt · CapBESS aged = SOCt−1 · CapBESS aged + EChar − EDis − ELoss BESS

(5.13)

Equation 5.14 introduces the loss balance constraints. These equivalent constraints are

employed to compute energy losses specifically in the inverter, converter, and BESS.

ELoss Converter BESS = (EPV BESS + EGrid BESS) · (1 − ηConverter BESS)

Eloss Inverter BESS = (EBESS Load + EBESS Grid) · (1 − ηInverter BESS)

Eloss Inverter PV = (EPV Load + EPV BESS + EPV Grid) ·
1 − ηInverter PV

ηInverter PV

ELoss BESS = (EGrid BESS + EPV BESS) · ηConverter BESS · (1 − ηBESS)

(5.14)

Equation 5.15 demonstrates the power balance constraints. These constraints guarantee

that the power remains within the physical limits of the system components.

PConverter BESS · dt ≥ EPV BESS + EGrid BESS

PInverter BESS · dt ≥ EBESS Load + EBESS Grid

PInverter PV · dt ≥ EPV Load + EPV BESS + EPV Grid

ηInverter PV

(5.15)
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In addition to the MILP, the energy management algorithm integrates a BESS aging

model following methodologies from Holger et al. [129] and Angenendt et al. [128]. This

model updates BESS’s state based on each time step’s optimization outcomes, assessing

degradation by comparing calendar and cycle life and calculating SOH. BESS replacement

is scheduled in the RES when SOH falls below 70%, accounting for replacement costs and

affecting BESS’s capacity and performance in charging and discharging.

The Aging Factor FBESS,age of the BESS is calculated as described by Equation 5.16,

by taking the maximum between the cycle aging factor and the calendar aging factor. The

cycle aging factor is represented as the inverse of the exponential function of the logarithm

of the DOD divided by -2.168. This expression accounts for cycle aging based on the

DOD. The calendar aging factor is the inverse of the product of the battery’s calendar

life LBESS,cal, 24 hours, and 365 days, which computes the calendar aging considering the

total operational hours in a year. The use of the maximum function ensures that the most

significant aging effect, whether cycle or calendar, is considered in the model.

FBESS,age = max(
1

elog(DOD)

−2.168

,
1

LBESS,cal · 24 · 365
) (5.16)

The aged capacity of the battery is computed by reducing the original capacity CapBESS

based on the FBESS,age and the SOH, as shown in Equation 5.17.

CapBESS-aged = CapBESS · (1 − 0.3 · (1 − SOH + FBESS,age)) (5.17)

Finally, the SOH is updated by Equation 5.18 based on FBESS,age and CapBESS,aged,

ensuring that the model accurately reflects the current health and operational efficiency of

the BESS.

SOH =
1

0.3
· CapBESS-aged

CapBESS

− 7

3
(5.18)
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5.3.3 Interrelation of Decision Variables and Objectives

The IRR and EIS serve as financial and technical indicators, respectively, as mentioned

in the primary optimization section. The decision variables of optimization are closely re-

lated to these indicators, with their complex relationships demonstrated in Figure 5.4. The

CapPV determines the volume of renewable energy EPV available, whereas the CapBESS

sets the upper boundary for the system’s charging and discharging capabilities, influencing

both EChar and EDis. These capacities, in turn, have chain effects on subsequent param-

eters within the energy management phase, ultimately impacting the aggregate energy

imported to and exported from the grid. Subsequently, these parameters have a direct

influence on the technical indicator, EIS, and an indirect effect on the financial indica-

tor, IRR, through the cost structures and revenue streams generated by the corresponding

system.

Figure 5.4: Relation of Variables and Optimization Objectives

125



5.4 Result and Discussion

To validate the proposed system and methodology, a case study has been conducted on

a commercial building in the Netherlands, utilizing real-world data rather than simulated

inputs. The data used in this study has two sets: the energy consumption profile of

a commercial building located in the Netherlands and the corresponding meteorological

profile. The energy consumption profile is crucial and will be directly used for optimization

as the user’s energy consumption after enhancement. At the same time, meteorological data

is employed to estimate renewable energy outputs. The existing literature has collected

and validated the data [143].

Figure 5.5 illustrates the energy demand profile of a commercial building in the Nether-

lands, essential for system capacity optimization and energy management simulations in

this project. Figure 5.5 (a) shows monthly energy consumption by equipment, with four

main systems: Air Handling Unit (AHU), chiller, humidifier, and lights and others. AHU

and lighting and others demands are consistent year-round, while chillers and humidifiers

show seasonal patterns—higher chiller use in summer and increased humidifier use in win-

ter due to temperature-related humidity changes. Figure 5.5 (b) displays annual energy

demand proportions, with lighting and others being the largest at 47.9%, followed by AHU

at 38.1%. Chillers and humidifiers contribute less, at 8.1% and 5.8% respectively. Fig-

ures 5.5 (c) and (d) indicate higher usage on workdays, peaking during daytime hours and

decreasing at night. Lastly, Figure 5.5 (e) provides a broader view of energy trends.

Figure 5.6 offers a comprehensive insight into the meteorological conditions crucial for

renewable energy sources in the nearby weather station of the building. Figure 5.6 (a)

shows the monthly solar energy profile with Global Horizontal Irradiation (GHI), Direct

Normal Irradiation (DNI), and Diffuse Horizontal Irradiation (DIF), highlighting increased

solar energy from April to August. The data suggests clearer days from May to July. Box

plots in Figures 5.6 (b)–(g) display monthly variations in GHI, DNI, DIF, wind velocity,

temperature, and atmospheric pressure. Wind velocity is consistent year-round, but solar

energy is more dominant near the building. Temperatures are within a proper range for

PV panel efficiency [144], and atmospheric pressure remains steady throughout the year.
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Figure 5.5: Energy Demand Profiles Based on the Original Dataset (a) Monthly

Energy Demand Profile: Detailed Consumption Analysis by Equipment for the Building

(b) Annual Energy Demand Profile: Proportional Analysis by Equipment (c) Daily Energy

Demand Profile: Zoomed-in View (d) Hourly Energy Demand Profile: Zoomed-in View (e)

Annual Hourly Energy Demand Profile Note: The simulation assumed the existence of five

identical buildings and added white noise. As a result, the energy demand profile used in

the simulation is approximately five times the energy represented in this figure.

In the data preprocessing stage, the primary goal was to improve the accuracy and

credibility of the dataset. To achieve this, all missing data were filled using an inter-

polation approach. Additional refinement procedures included identifying and removing

outliers, defined as values beyond the 99.999th percentile, to maintain data integrity with-

out compromising its continuity. Finally, the original data, logged on a minute scale, was

resampled to an hourly scale. This adjustment was crucial to aligning the data’s resolution

with the optimization time horizon.

As mentioned in the framework section, the target system was expanded and scaled
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Figure 5.6: Meteorological Resource Overview from the Original Dataset (a)

Monthly Solar Energy Profile: Breakdown of GHI, DNI, and DIF (daytime data only)

(b)–(g) Monthly Distributions Derived from Hourly Measurements of: (b) Global Horizon-

tal Irradiation (c) Direct Normal Irradiation (d) Diffuse Horizontal Irradiation (e) Wind

Speed (f) Temperature (g) Atmospheric Pressure

up to include five similar buildings, operating under the assumption of consistent energy

consumption patterns across these buildings. To simulate the variable nature of real-world

energy consumption, independent and identically distributed white noise was incorporated

into the load data for each building. Specifically, for each day, a random variable was

generated following a standard normal distribution (N(0,1)) and added to the load values

of that day. This study adopted white noise due to its uncorrelated nature and constant

variance. The amplitude of the white noise was calibrated to 10% of the dataset’s standard

deviation to balance between introducing realistic variability and preserving the integrity of
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the data patterns. By incorporating this variability, the optimization results are expected

to be more robust and adaptive to changing and unpredictable real-world scenarios.

5.4.1 Capacity of Major Components

Figure 5.7 (a)–(e) offers a detailed visualization of NSGA-II’s optimization of IRR over

five epochs and twelve generations each. The shrinking distribution of points indicates the

NSGA-II’s refinement and convergence to optimal solutions. Figure 5.7 (a) highlights the

epoch with the best fitness. The figure also includes blue ellipses representing the algo-

rithm’s exploration space, derived from the covariance matrix’s eigenvalues and eigenvec-

tors, illustrating search variance and direction. Figure 5.8 similarly explores the NSGA-II’s

optimization for EIS; the only difference lies in their respective convergence areas. These

results validate the experimental design choice of five epochs and twelve generations, as

significant convergence was observed after the eighth generation.

A detailed view of fitness across generations for each epoch is presented in Figure 5.9.

Figure 5.9 (a) shows the objective IRR, and Figure 5.9 (b) focuses on the objective EIS.

Orange lines demonstrate the fitness trends of individual epochs, with a dashed black line

marking the average fitness and a solid black line highlighting the epoch with the best

fitness. An upward fitness trend stabilizes after 6–8 generations, indicating the NSGA-

II’s improvement and convergence. Minor fluctuations in the NSGA-II’s performance are

caused by its mutation process, providing insights into the algorithm’s exploratory behavior

within the search process.

After the optimization process, the Pareto-adaptive Epsilon-dominance algorithm was

used to select points from the optimization results. Given the real-world nuances where

the objective values of two points might not be exactly the same, a small value, epsilon,

was introduced as a tolerance. Figure 5.10 (a) visualizes this process and the Pareto

frontier. Points from all past generations have been plotted, not just those from the last

generation, ensuring that potential Pareto optimal solutions from earlier generations aren’t

omitted. Blue points show NSGA-II optimizations for IRR and orange points for EIS. Black

diamonds, numbered 1–9, mark nine configurations lying on the Pareto frontier.
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Figure 5.7: Evolution of Genetic Algorithm Search for IRR Optimization (a)

Genetic Algorithm Search Epoch 1: Optimal IRR Achievement (b)–(e) Genetic Algorithm

Search Epoch 2-5

Table 5.2: Correlation Matrix of Indicators
IRR EIS GEIF UF SLF

IRR 1.00 -0.96 -0.98 1.00 -0.80

EIS -0.96 1.00 0.91 -0.97 0.94

GEIF -0.98 0.91 1.00 -0.98 0.72

UF 1.00 -0.97 -0.98 1.00 -0.83

SLF -0.80 0.94 0.72 -0.83 1.00

The Pareto Frontier in RES optimization highlights a crucial trade-off between energy

independence and economic returns. A strong negative correlation between IRR and tech-

nical indicators like EIS, GEIF, and SLF, as shown in Table 5.2, confirms this trade-off.

The capacity and performance of those nine configurations are detailed in Table 5.3. In

addition, the correlation between the financial indicator IRR and other technical indicators
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Figure 5.8: Evolution of Genetic Algorithm Search for EIS Optimization (a)

Genetic Algorithm Search Epoch 1: Optimal EIS Achievement (b)–(e) Genetic Algorithm

Search Epoch 2–5

is shown in Table 5.2.

Moreover, Figure 5.10 (b) reveals how initial investment and EIS are related. Radar

plots (c)–(k) illustrate normalized performance metrics for these configurations, providing

a complete view of each configuration.

5.4.2 Decision Framework

The decision framework, as demonstrated by the analysis in Figure 5.10, guides decision

maker in making decisions with a structured approach for making informed choices. This

approach integrates a mathematical-based decision process with the accommodation of

unique preferences, laying the groundwork for a comprehensive decision-making strategy.

At the central of this framework is the mathematical-based decision process, which
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Figure 5.9: Genetic Algorithm Convergence: Fitness Across Generations and

Epochs (a) IRR (b) EIS

encompasses regression analysis, marginal analysis, and radar plot assessments to enable

objective decision-making. Initially, the application of a fourth-degree polynomial regres-

sion, illustrated in Figure 5.10 (b), models the relationship between energy independence

and financial performance. Equation 5.19 provides the mathematical expression of the re-

gression model, allowing decision-makers to estimate energy independence level of the RES

based on their budgetary constraints. Further, derivative of the regression curve indicates

the marginal cost of increasing the EIS per unit of initial investment, highlighting a critical

threshold at an EIS of 0.4. Before the identified threshold, minimal financial sacrifices are

shown to result in significant gains in energy independence. The marginal information

supports optimizing the techno-economic performance within RES by balancing budget

allocations against the expected environmental returns.

x = 43414.09y4 − 53911.59y3 + 25515.87y2 − 4590.18y + 350.77 (5.19)
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Figure 5.10: Results of Optimization: Pareto Front and Additional Indicators

(a) Epsilon Pareto Front in Multi-objective Optimization (b) Achievable EIS by Given

Initial Investment (c)–(k) Comparative Evaluation of Normalized Performance Metrics for

Configurations Selected from Pareto Front, Indexed 1–9.

Moreover, the analysis along the Pareto Frontier, as shown in Figure 5.10 (a), reveals

that the marginal cost of improving EIS via the IRR surges by 839%, evident to the strategic

importance of identifying the optimal balance between energy independence and economic

returns during decision making progress. This balance is crucial to avoid disproportionate

sacrifices when increasing energy independence in RES. Furthermore, the integration of

radar plot analysis into this framework provides a multifaceted view of RES performance,

emphasizing systems’ efficiency, cost-effectiveness, and environmental impact. Notably, the

shape and balance of a radar plot provide insights into a system’s all-around performance,

highlighting well-rounded options that meet a broad spectrum of project goals.

In addition to providing a comprehensive performance overview, radar plot analysis

uniquely supports aligning RES choices with specific preferences and unique strategic ob-
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Table 5.3: Pareto-optimal Configurations and Indicators

Confg. 1 2 3 4 5 6 7 8 9

CapPV 75 120 140 180 225 310 385 515 660

CapBESS 35 60 80 110 145 175 225 245 340

IRR (%) 4.86 4.43 4.22 3.39 2.25 0.46 -0.73 -2.38 -3.75

Diff(%) - -8.95 -4.73 -19.55 -33.73 -79.45 -258.15 -226.09 -57.15

EIS 0.20 0.29 0.33 0.39 0.44 0.51 0.55 0.59 0.63

Diff(%) - 22.39 18.61 7.46 5.75 3.12 3.23 2.65 2.67

GEIF 0.89 0.97 1.00 1.14 1.28 1.57 1.88 2.35 2.90

Diff(%) - 16.70 15.87 16.98 19.35 12.31 26.25 28.31 40.40

UF 0.83 0.80 0.78 0.73 0.69 0.62 0.56 0.50 0.44

Diff(%) - -6.79 -9.24 -5.24 -6.51 -2.74 -4.89 -3.46 -4.84

SLF 0.18 0.23 0.25 0.27 0.28 0.29 0.29 0.30 0.30

Diff(%) - 12.13 7.52 2.25 -0.50 1.33 0.11 0.72 -0.55

jectives. An unbalanced radar plot can highlight systems that outstanding in particular

areas, meeting unique project requirements or priorities. This analysis, coupled with the

overall area within the radar plot, quantifies system performance, facilitating objective

comparisons. Such detailed assessments ensure that decision-makers can identify systems

that not only meet broad strategic objectives and sustainability goals but also adhere to

specific preferences or constraints.

This decision framework offers comprehensive support to human experts, enabling them

to make informed and strategic final decisions. Through structured and integrated ap-

proach of the framework, decision-makers can achieve a balanced consideration of techni-

cal, economic, and environmental factors, ensuring that final decisions are both objective

and aligned with unique strategic goals.

Given a scenario without subsidies for the RES, stakeholders require a positive return

on investment and expect a balanced system performance. Configuration 4 is selected as

the optimal choice for four reasons: First, Figure 5.10 (f) shows the largest area compared
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to others in Figures 5.10 (c)-(k), indicating the most balanced techno-economic perfor-

mance among the nine configurations. Second, configuration 4 is close to the threshold

where the marginal cost of EIS significantly increases. Third, it yields a positive IRR and

NPV, generating profit while maintaining a decent EIS. Fourth, the initial investment is

reasonable, considering its capacity to supply half the energy demands of five commercial

buildings for 18 years.

5.4.3 Energy Management

Figure 5.11 (a)-(d) demonstrated the detailed energy management simulation outcomes for

configuration 4, examining the temporal dynamics of energy distribution. Figure 5.11(a)

shows an hourly view of the energy supply mix from PV, BESS, and the grid, while Figure

5.11(b) offers an annual overview of the energy mix. Weekly variations in energy sourcing

are described in Figure 5.11(c), and Figure 5.11(d) offers monthly variations of the energy

mix.

From Figure 5.11, it is evident that the PV system serves as the primary energy supplier

during the day. In the early night, the BESS plays a crucial role in supplying energy by

discharging the stored energy, which is particularly cost-effective during periods of high

electricity prices in the evening. On weekends, the combined capacity of these two systems

is generally sufficient to meet the lower energy demands of commercial buildings. Seasonal

variations also significantly influence the system’s reliance, with a greater dependency on

solar energy in summer due to abundant sunlight and a shift towards grid dependency in

winter.

Figure 5.12 shows the RE utilization within a RES, including interactions with BESS,

load, and the grid. Figure 5.12(a) shows a detailed hourly RE distribution, focusing on

immediate load requirements during daylight, surplus energy storage, and grid exportation,

with a noted decrease at night. On weekends, due to decreased load demand, a large

proportion of RE is stored at BESS and exported to the grid. This exportation is feasible

while adhering to regulatory limits on grid sell-back, balanced by the system’s PV and

BESS capacities. Figure 5.12(b) provides weekly data, showing successful grid exportation
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Figure 5.11: Simulation Results for Configuration 4: Load Demand Energy Sup-

ply Breakdown (a)Hourly Energy Supply Dynamics: PV, BESS, Grid (Zoomed View)

(b)Yearly Energy Supply Percentages (c)Weekly Energy Supply Percentages (d)Monthly

Energy Supply Percentages

for most of the year, while Figure 5.12(c) highlights monthly variations in energy production

and grid dependency.

Observations from Figure 5.12(a) indicate that during the weekdays, the energy gener-

ated by PV panels is primarily used to meet the energy demands of buildings, followed by

charging the battery system and being sold to the grid. On weekends, despite a reduction

in energy demand, the generation of RE remains significant, leading to the majority of

this power being sold to the grid. Figure 5.12(b) shows that the proportion of RE sold

to the grid remains relatively stable, most of the time ranging between 20% and 25%.

This finding underscores the critical role of the battery system as a buffer between the

solar panels and the grid. However, Figure 5.12(c) shows that approximately 14% of the

electricity is directed to the battery system, which differs from the previously analyzed
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Figure 5.12: Energy Management Simulation Results for Configurations 4: Re-

newable Energy Utilization (a)Hourly Renewable Energy Utilization Dynamics: PV,

BESS, Grid (Zoomed View) (b)Weekly Utilization Percentages (c)Monthly Utilization Per-

centages.

figure of 12%. This discrepancy is primarily due to efficiency losses incurred during the

energy migration to the BESS. This observation aligns with the initial conclusion, suggest-

ing that the generated RE is typically utilized immediately, thereby providing additional

evidence to this conclusion. The preference for directly utilizing RE to avoid efficiency

losses is evident, yet the decision to store or export energy to the grid depends on current

and future energy prices, as well as problems related to charging BESS such as efficiency

loss and degradation. Consequently, when energy prices are low, the system tends to store

energy in the BESS; conversely, when prices are high, it prefers exporting the energy to the

grid. This observation once again highlights the importance of optimizing PV and BESS

capacity and effective energy management.
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5.4.4 Comparative Analysis

The comparative analysis in Figure 5.13 indicates that expanding the capacity of the system

does not proportionally enhance energy efficiency, and the primary goal of the system is

self-sufficiency rather than selling electricity. This conclusion is drawn from the following

observations: as the system size expands, the utilization of RE sources and dependence

on the grid increase logarithmically, as shown in Figure 5.13 (a), while the proportion of

RE stored in the BESS remains constant and the supply to buildings decreases linearly,

as shown in Figure 5.13 (b). These observations offer another piece of evidence to support

the idea that RES should prioritize supplying RE to users over profiting from the sale of

surplus energy.

Figure 5.13: Comparison of Technical Performance of Pareto-optimal Configu-

rations (a) Load Demand Energy Supply (b) RE Utilization

Figures 5.14 (a) and (b) present the average monthly utilization rate of the BESS and

the SOH of the BESS, respectively. In smaller systems, where the PV capacity is lim-

ited, the BESS shows lower utilization rates, as demonstrated in Figure 5.14(a). This

underutilization can be attributed to the minimal surplus energy generation, particularly

under conditions such as an increased cloud cover that further reduces output. This op-

erational characteristic is beneficial from a lifecycle perspective of the battery system, as

lesser cycling of the BESS extends its SOH, as indicated in Figure 5.14(b). Conversely,

larger systems expedite BESS degradation due to increased charge and discharge cycles
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necessitated by higher energy outputs. Such insights emphasize the need for a balanced

approach in system design, prioritizing direct energy consumption and minimal battery

usage to optimize both economic and environmental benefits.

In contrast, BESSs in smaller PV systems are often underutilized. Storing and retriev-

ing energy leads to losses, making direct RE consumption more efficient in systems with

small PV capacity. Minimizing battery use in such systems extends battery life and aligns

with economic considerations, especially when energy imports from the grid are affordable.

This strategy highlights the need for system design optimization, balancing energy storage,

direct usage, and overall efficiency.

Figure 5.14: Energy Management Simulation Results for Pareto-optimal Config-

urations: BESS Utilization (a) Monthly BESS Utilization Rate for Optimized System

Configuration (b) Monthly BESS SOH for Optimized System Configuration

Figure 5.15 evaluates the optimized RES’s effectiveness, showing how the capacity of

system components affects grid interaction and RE utilization. An increase in PV capacity

changes the energy distribution among the grid, BESS, and load. Figure 5.15 (a) and (b)
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display the variability of the GEIF with different system sizes. Figure 5.15(c) and (d) show

that smaller systems use generated energy more efficiently. Additionally, the SLF in Figure

5.15 (e) and (f) increases with system size, suggesting larger systems benefit from a larger

BESS for stable RE distribution.

Figure 5.15 (a) and (b) demonstrate the variability of the GEIF across different sys-

tem configurations, underscoring that larger systems, despite their increased interaction

with the grid, are less cost-effective compared to smaller systems. The primary reason

for this is that in configurations 1 to 4, the majority of the generated electricity is uti-

lized to meet the energy demands of buildings, resulting in lower GEIF values because a

smaller proportion is exported to the grid. Conversely, larger systems produce more sur-

plus electricity, which leads to greater interactions with the grid. Nevertheless, these larger

configurations require substantial expansion in BESS capacity. Constructing such systems

primarily for the purpose of selling excess electricity to the grid without subsidy proves to

be economically infeasible. Nonetheless, these findings still support the initial conclusions

that the generated RE tends to consume immediately and provide further evidence. For

instance, in comparison to configuration 1, configuration 9 exhibits an 880% increase in

PV capacity, yet the corresponding rise in GEIF is less than 300%. This highlights that

while larger systems are capable of supplying more electricity, the negative IRR indicates

they are economically unfeasible without subsidies, particularly when their primary role is

to sell electricity.

Figure 5.15 (c) and (d) illustrate that smaller systems have a higher UF, indicating a

tendency to directly consume electricity due to their lower RE generation. Direct consump-

tion of RE can avoid efficiency losses typically associated with energy storage or conversion

processes, thereby enhancing both energy efficiency and economic viability. Conversely,

larger systems face challenges in managing surplus energy. When this surplus cannot be

sold to the grid, options like curtailment or storage in the BESS bring additional costs,

which consequently reduce the economic attractiveness of large-scale systems.

The SLF across various configurations, as shown in Figure 5.15 (e) and (f), demonstrates

a notable increase from configuration 1 to 4, yet this trend reaches a plateau between
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Figure 5.15: Technical Performance Analysis of System Configurations Deter-

mined by Primary Optimization/Genetic Algorithm (a) GEIF: Monthly Statistical

Distribution (b) GEIF: Monthly Trend Analysis (c) UF: Monthly Statistical Distribu-

tion (d) UF: Monthly Trend Analysis (e) SLF: Monthly Statistical Distribution (f) SLF:

Monthly Trend Analysis

configurations 5 and 9. This pattern confirms that smaller systems tend to directly meet

load demands. In contrast, larger systems result in energy waste, primarily because surplus

energy generation is either stored in the BESS or exported to the grid. Such practices

diminish the profit of the system, underscoring the inefficiencies associated with large-

scale energy production in the context of this configuration.

5.4.5 Assumptions and Limitations

This study assumes that the existing electrical grid can integrate the proposed RES with-

out significant upgrades. An expected rise in demand for renewable energy, driven by

increasing environmental consciousness and supportive policies, is anticipated to ensure
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a stable market for the produced energy. Technological advancements will likely reduce

costs for solar panels and batteries, making renewable energy production costs competitive

with traditional fossil fuel sources. High public and stakeholder support, influenced by the

recognized environmental and economic benefits, is expected to diminish social resistance

to new renewable projects. The validity of applying predictive and optimization methods

hinges on the stability of future user energy consumption patterns, energy prices, policies,

regulations, and local meteorological conditions, which should not deviate significantly

from historical trends.

The limitations of this study can be categorized into two key areas: assumptions that

introduce uncertainties in our models and simplifications that may not accurately cap-

ture the dynamics of energy systems. Firstly, the assumptions about electricity prices

and energy consumption patterns are based on historical trends, which are susceptible to

unpredictable factors such as changes in global energy production, policy shifts, climate

change, and technological advancements. These uncertainties mentioned above could lead

to significant volatility in energy prices and shifts in consumption patterns. This could

potentially affect the optimization results if future data do not align with the current ones.

For example, an unexpected rise in energy prices might cause an underestimation of the

necessary capacity of RES, while a decrease could result in overestimation.

Building on this, another notable limitation of our study arises from the modeling of

the BESS charging and discharging processes, which are represented with hourly granu-

larity. This approach simplifies the intricate dynamics of energy flow into and out of the

BESS by averaging over an hour, potentially overlooking the nuances of shorter-duration

fluctuations and transitions within each hour. Such simplifications may not fully capture

rapid changes in energy demand or supply. This limitation could be solved by integrating

another optimizer for BESS to resolve during the operation. Although this simplification

introduces limitations by not fully accounting for minute variations, it’s crucial to note

that the primary goal of this study is not to devise a precise energy management strategy

but to support capacity optimization over decades. In this extended time frame, these

micro-level fluctuations become less significant. To address this limitation, integrating an

additional optimizer for BESS operations could offer a more detailed resolution during op-
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eration. However, given our study’s focus on long-term capacity optimization, the impact

of such micro-level fluctuations is deemed marginal.

Moreover, policy and regulatory frameworks are assumed to be steady, but changes here

would affect the profit model and require new energy management strategies. Additionally,

variables like the discount rate, based on historical data, might not align with future value

due to the dynamic nature of technology, economics, and socio-political factors. Periodic

reassessment of the optimization model is necessary to maintain its relevance and accuracy

due to the unpredictable nature of policy and regulatory changes.

5.5 Summary

This research develops a novel methodology for optimizing the capacities of a renewable

energy system consisting of photovoltaic panels and battery energy storage to achieve a

critical balance between technological advancement and economic feasibility. By integrat-

ing parameters corresponding to user-specific demands, dynamic policy landscapes and

volatile energy markets, this approach adopts an advanced energy management algorithm

alongside stochastic modelling to enhance the optimization’s accuracy, adaptability, and

robustness. This study demonstrates that implementing a dynamic population decay algo-

rithm within the non-dominated sorting genetic algorithm II framework can significantly

accelerate the convergence speed (reducing the search times by 60.42 %).

A case study has been conducted on optimizing the capacities of components in a renew-

able energy system in the Netherlands to validate the proposed methodology. Performance

analysis reveals that this optimal configuration achieves a substantial 95 % improvement

in the energy independence score and a 28.1 % enhancement in the grid energy interac-

tion factor. Meanwhile, the sustainable internal rate of return remains at 3.39 %. This

configuration outperforms the reference by 216 % in the Battery Energy Storage System

utilization. It is also demonstrated that a balance exists between lower capital costs and

significant advancements in key performance indicators, establishing its cost-effectiveness,

efficiency, and technical robustness. Compared to the rule-based non-dominated sorting
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genetic algorithm, the proposed approach shows an 18.12 % improvement in the Internal

Rate of Return (3.39 % vs. 2.87 %) while maintaining a similar level of energy inde-

pendence (0.39 vs. 0.38). The study concludes that smaller Renewable Energy System

configurations offer greater economic viability and energy efficiency through direct con-

sumption of generated renewable energy. In contrast, larger systems encounter financial

difficulties and operational inefficiencies due to the challenges of managing excess energy,

often requiring subsidies and policy support. This finding underscores the importance

of system capacity optimization in determining economic and environmental Renewable

Energy System outcomes. This approach ensures a comprehensive system performance

evaluation, aligns economic interests with sustainable energy practices, and contributes

significantly to the advancement of Renewable Energy Systems. Future research will aim

to identify the economic-environmental balance for Renewable Energy Systems in different

locations and enhance system robustness through scenario design and pressure testing.
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Chapter 6

Prediction-Based Energy

Management

This chapter introduces the project for a prediction-based energy management algorithm

in a RES. Section 6.1 summarizes main contributions and novelties of this project. Section

6.2 describes the target system and presents the proposed algorithm for predictive energy

management. The algorithm employs an advanced machine learning algorithm for energy

demand forecasting and optimizing energy distribution within the system. Section 6.3

outlines the simulation procedure, focusing on energy management optimization to ensure

efficient operation and resource allocation. The results are discussed in Section 6.4, with an

emphasis on machine learning techniques for energy demand prediction and the implemen-

tation of energy management strategies. This section also includes a comparative analysis

of the system’s performance under different configurations and discusses the assumptions

and limitations that affect the results. Finally, Section 6.5 provides a summary of the key

insights gained from the prediction-based energy management process.

6.1 Contribution

The main contributions of this project are as follows:
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• The modelling of energy storage systems is enhanced by incorporating machine learn-

ing techniques, setting the stage for precise system simulations. Features are ex-

tracted from accurate nonlinear models, improving modelling accuracy without sac-

rificing computational efficiency.

• An advanced machine learning model, transformer, is employed to predict the highly

volatile energy consumption profiles of users. Simulations are designed to reflect

realistic operational scenarios, enhancing the reliability of the predictions and opti-

mization.

• A novel optimization approach developed and modified based on the concept of

the model predictive control. This model addresses the issue of decreased accu-

racy over long prediction horizons, striking a balance between optimization accuracy

and strategic foresight.

6.2 Target System and Proposed Algorithm

This section introduces the target system and the proposed algorithm for predictive-based

energy management. The target system focuses on optimizing the operation of the RES,

ensuring efficient energy generation and storage. The predictive-based energy management

algorithm, discussed in detail, uses advanced ML techniques to forecast energy demand

and adjust system operations accordingly. By integrating predictive analytics into energy

management, the system aims to enhance energy management by enabling data-driven

adjustments that improve efficiency and operational performance without increasing costs

or compromising reliability.

6.2.1 Target System

Figure 6.1 demonstrates the target RE, consisting of renewable energy, electrical energy,

and hydrogen energy circuits. PV panels and WTs generate RE, which flows into the
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Figure 6.1: Components Overview of Target System

electrical circuit to meet immediate load demands, store surplus energy to ESSs, and, if

permitted, sell excess energy back to the grid. When there is an energy deficit, the system

draws power from the BESS and, if necessary, the electrical grid. The HESS serves two

roles: it absorbs surplus electrical energy to produce hydrogen through water electrolysis,

and it supplies hydrogen to the hydrogen circuit to meet the demands of the hydrogen bus.

As such, the HESS serves as an ESS, and a source for fulfilling specific hydrogen energy

requirements, integrating both storage and demand within the system.

Schematic in Figure 6.2 illustrates the detailed energy flow within the system, including

four sections: RE, BESS, HESS, and the Grid, which are color-coded in green, orange, blue,

and red, respectively. Each section features crucial variables and interactions that define

the system’s functionality.

The RE section utilizes solar and wind energy, where the PV systems convert solar en-
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Figure 6.2: Schematic of Target System with Key Variables

ergy to electricity (EPV ). EPV can either be used directly (EPV RE) after conversion losses

in a DC/AC inverter (ELoss Inverter PV ), or curtailed (EPV Curt). Wind turbines generate

energy (EWT ), similarly subject to use (EWT RE) or curtailment (EWT Curt) with conver-

sion losses through an AC/AC converter (ELoss Converter WT ). The total renewable energy

produced (ERE) supports various demands including grid export (ERE Grid), building load

(ERE Load), energy storage in hydrogen (ERE Electro), and battery storage (ERE BESS).

The BESS section manages surplus RE and grid energy for storage (ERE BESS, EGrid BESS)

and utilizes it for the electrolyzer and compressor in the HESS (EBESS Electro, EBESS Comp)

as well as meeting building energy needs (EBESS Load). Energy conversions here involve

inherent losses (ELoss BESS), and the conversion to the necessary AC voltage occurs via a
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DC/AC inverter (ELoss Inverter BESS).

In the HESS section, the electrolyzer uses energy (EElectro) to split water into hydrogen

and oxygen, with the produced hydrogen being compressed (EBESS Comp, EGrid Comp) to

the required pressure for bus fueling. This section highlights the dual energy sourcing for

the compressor, enhancing reliability, especially in blackout conditions.

Finally, the Grid section plays a critical role in supplementing energy shortages within

the system. It interacts with the BESS for energy storage and retrieval (EGrid BESS) and

provides the necessary power for the HESS operations (EGrid Electro, EGrid Comp). Addition-

ally, it caters to direct energy consumption by buildings (EGrid Load), ensuring consistent

energy availability across the system.

6.2.2 The Predictive-based Energy Management Algorithm

Figure 6.3 (a) depicts the architecture of the proposed energy management algorithm.

The center of the energy management algorithm is a MILP optimizer, which has two

input sources: future data and system states. The future data component includes supply

data and demand data, while the system states encompass the current statuses of system

components, such as the battery’s SOC and the HESS’s available hydrogen.

The input data originates from a data stream indicated in the green box of Figure 6.3

(a). The data’s dimension is the input dimension (Din) by prediction horizon (HPred). The

prediction horizon is determined by a neural network output. However, due to the inverse

relationship between prediction accuracy and horizon length, only the initial portion, re-

ferred to as the optimization horizon (HOpt), is selected for use, which is then fed into the

optimizer.

The output of the optimizer is an energy management strategy, with a dimension of

output dimension (Dout) by prediction horizon (HPred). This strategy is designed to take

into account the relationship between supply and demand over a defined optimization

period. However, only a segment of this output, corresponding to the control horizon
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Figure 6.3: Conceptual Framework of the Proposed Energy Management Algo-

rithm(a) Optimization Algorithm Structure (b) Data Stream Integration

(HCtrl), is used as the selected strategy. This portion is then executed as input to the

system.
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The RES makes adjustments based on the selected strategy. The system will update

the system states based on the available energy allocated and the real demand data. The

updated system states is then fed back into the optimizer. This iterative process allows the

optimizer to refine the energy management strategy continuously, based on real-time data,

ensuring adaptive and responsive management aligned with current system conditions.

Figure 6.3 (b) shows the preparation of the data stream, with supply data on the top

and demand data on the bottom. The top section represents RE sources, including PV and

WT segments. PV data is directly obtained from the dataset, while WT data is derived

from meteorological information, gathered through simulation software TRNSYS. Since

local weather stations can predict meteorological data, it is feasible to estimate renewable

energy generation based on this information. Therefore, this project does not focus on

predicting renewable energy generation with machine learning.

The bottom section shows energy demand data. On the lower left is the building energy

demand. Initially, this dataset is used to train a neural network, with a portion set aside

for testing. The test set provides time series data for the trained neural network during

simulations. The neural network then predicts future building energy demand. To the

right is the HESS. Here, a mathematical model generates data used to train a second

neural network. This network estimates the future energy demand of the HESS, based on

the hydrogen demand schedule.

6.2.3 Bus Hydrogen Demand Modelling

The technical report from Mercedes Benz [145] and Hyundai reveals that a typical 12-

meter bus consumes 9 kg of hydrogen per 100 km in urban settings. According to a

case study, the average daily route for a bus is 230 km [146], resulting in a daily hydrogen

consumption of 21 kg. The methodology adopted from the literature [147] simulates hourly

hydrogen demand using a modified Gaussian distribution shown in Equation 6.1, which

varies throughout the day. Notably, there is no demand at midnight due to the cessation of

bus operations. The demand peaks in the afternoon as buses refuel in preparation for night

shifts. On weekends, hydrogen demand decreases to 50% of the weekday levels. Buses are

151



Figure 6.4: Hydrogen Demand Profile (a) Workday (b) Weekend and Holiday

scheduled to refuel between 7 AM and 11 PM. Figure 6.4 illustrates the hydrogen demand

schedule for a typical weekday and weekend. The designed refuelling station is capable of

servicing a hub of 20 buses.

f(t) = a · e
−(t−b)2

2·c2 · (1 + V ar) (6.1)

6.3 Energy Management Optimization

The objective of the optimization Equation 6.2 is to minimize the electricity bill and reduce

the shortage of the hydrogen supply among the optimization horizon T . The first two terms

of the objective function are the return of trading energy and the last term is to control

the importance of hydrogen shortage based on the value of coefficient M .

min
t=T∑
t=0

E
(t)
Im · π(t)

Im − E
(t)
Ex · π

(t)
Ex + M ·H(t)

2,Shortage (6.2)

The objective is subject to a variety of constraints detailed in the following equations.
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These constraints are essential for ensuring the model adapts to the physical and oper-

ational limitations of the system, including energy generation, conversion, storage, and

consumption dynamics.

Basic Rule Equation set 6.3 defines the basic rules essential for optimizing the operation

of a BESS and managing its interactions with the electrical grid within a RES framework.

These constraints are crucial for preventing overcharging and over-discharging, thereby

safeguarding the BESS’s longevity and performance. Specifically, they ensure that the

BESS cannot charge and discharge simultaneously and that the system cannot import and

export energy from the grid at the same time.

The variables EChar and EDis represent the energy charged to and discharged from the

BESS, respectively. These energies are constrained by the maximum capacity of the BESS,

denoted as EBESS max. The Boolean variables BChar and BDis indicate whether the BESS

is in charging mode or discharging mode.

In these equations, the Boolean variables BChar and BDis can take values of 0 or 1,

indicating the operational state of the BESS. The inequalities ensure that when the BESS

is charging (BChar = 1), the discharging energy EDis is zero, and vice versa. The equation

BChar + BDis = 1 enforces that the BESS is always either charging or discharging, but not

both simultaneously.

−EBESS max ·BDis ≤ EDis ≤ EBESS max · (1 −BChar )

−EBESS max ·BChar ≤ EChar ≤ EBESS max · (1 −BDis )

BChar + BDis = 1

−EGrid max ·BEx ≤ EEx ≤ EGrid max · (1 −BIm )

−EGrid max ·BImport ≤ EIm ≤ EGrid max · (1 −BExport)

BIm + BEx = 1

(6.3)

Similarly, the variables EIm and EEx represent the energy imported from and exported

to the grid, respectively. These energies are constrained by the grid’s maximum capacity,
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denoted as EGrid max. The Boolean variables BIm and BEx indicate whether the system is

importing from or exporting to the grid.

These constraints ensure that the system cannot import and export energy at the same

time. When the system is importing energy (BIm = 1), the exported energy EEx is zero,

and when the system is exporting energy (BEx = 1), the imported energy EIm is zero. The

equation BIm + BEx = 1 ensures that the system is always either importing or exporting

energy, but not both at the same time.

Energy Balance Constraints Equation set 6.4 delineates the operational strategy for

managing renewable energy sources in an integrated energy system. This framework is

designed to optimize the distribution of energy harvested from renewable sources, such

as PV panels and WT, by efficiently allocating energy between actual consumption and

the necessary curtailment dictated by system constraints. These equations account for the

inherent losses associated with energy conversion and inversion processes, ensuring that

the system operates efficiently while meeting the diverse demands placed upon it.

EPV = EPV RE + EPV curt

EWT = EWT RE + EWT curt

ERE = EPV RE − ELoss Inverter PV + EWT RE − ELoss Converter WT

ERE = ERE BESS + ERE Electro + ERE Grid + ERE Load

(6.4)

The first two equations represent the balance between the total energy generated by

the PV panels and WT and the sum of the energy utilized and the energy curtailed due

to system limitations. Here, EPV and EWT represent the total energy generated by the

PV panels and wind turbines, respectively. The variables EPV RE and EWT RE denote the

renewable energy from PV and WT that is effectively used in the system, while EPV curt

and EWT curt represent the curtailed energy due to constraints such as limited storage

capacity or grid limitations.

The third equation accounts for the net renewable energy available after considering

losses in the inversion and conversion processes. In this equation, ERE is the net renew-
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able energy available for distribution. The variables ELoss Inverter PV and ELoss Converter WT

represent the energy losses during the inversion process for PV energy and the conversion

process for WT energy, respectively.

The final equation distributes the net renewable energy to various components of the

integrated energy system. Here, ERE BESS is the portion of renewable energy directed to

the BESS, ERE Electro is the energy supplied to electrolyzers, ERE Grid is the energy exported

to the grid, and ERE Load is the energy consumed by the local load.

These equations ensure that the renewable energy generated is efficiently managed

within the system. They account for the balance between generation and curtailment, losses

in energy conversion processes, and the distribution of net renewable energy to various

system demands. By optimizing these factors, the integrated energy system maximizes the

utilization of renewable resources while adhering to operational constraints.

Equation set 6.5 provided model the energy dynamics within a BESS, crucial for opti-

mizing its charging and discharging processes in the context of system efficiency and aging

factors. These equations integrate the flows of energy from renewable sources and the grid

into the BESS, while considering conversion losses. They also regulate the charging and

discharging activities based on the SOC limits and the capacity of the aged battery system.

This ensures the BESS operates within safe and efficient parameters, balancing energy stor-

age with demand fulfillment across different system loads and contributing effectively to

overall energy management and system stability.

EChar = ERE BESS + EGrid BESS − ELoss Converter Grid − ELoss Converter BESS

EDis = EBESS Electro + EBESS Comp + EBESS Load

E
(t)
Char ≤ SOCmax · Cap(t)

BESS Aged
− SOC(t−1) · Cap

(t−1)
BESS Aged

E
(t)
Dis ≤ SOC(t−1) · Cap

(t−1)
BESS Aged − SOCmin · Cap

(t)
BESS Aged

SOC(t) · Cap
(t)
BESS Aged = SOC(t−1) · Cap

(t−1)
BESS Aged + E

(t)
Char − E

(t)
Dis − E

(t)
Loss BESS

(6.5)

Equation set 6.6 presented are integral to the management of energy and hydrogen

storage within a hybrid system that includes electrical and hydrogen components. These
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equations account for the transfer and conversion of energy from renewable sources, bat-

teries, and the grid towards electrolysis processes and compression systems, incorporating

efficiency factors and conversion losses. The system’s dynamics also extend to hydrogen

storage and supply, where stored hydrogen is balanced against supply and demand scenar-

ios, capturing production, utilization, and any shortages. These equations facilitate the

optimization of both energy and hydrogen flows, ensuring efficient operation across various

components of the integrated system, crucial for advancing sustainable and resilient energy

solutions.

EElectro = ERE Electro + EBESS Electro · ηInverter + EGrid Electro − ELoss Converter Electro

EComp = EBESS Comp · ηInverter + EGrid Comp

H
(t)
2,Storage = H

(t-1)
2,Storage + H

(t)
2,Electro Storage −H

(t)
2,Supply

H
(t)
2,Demand = H

(t)
2,Supply + H

(t)
2,Shortage

(6.6)

Equation set 6.7 outline energy distribution and grid interactions in a power system.

They describe the total energy imported from the grid for various uses, the energy exported

to the grid from renewable sources, and the total energy consumed by the load, incorpo-

rating contributions from renewables, battery discharges with efficiency adjustments, and

direct grid supply. This framework optimizes energy utilization, load management, and

grid efficiency, crucial for maintaining balance and reliability in smart grids.

EIm = EGrid BESS + EGrid Electro + EGrid Comp + EGrid Load

EEx = ERE Grid

ELoad = ERE Load + EBESS Load · ηInverter + EGrid Load

(6.7)

Energy Loss Constraints Equation set 6.8 and 6.9 define the energy losses in conver-

sion and inversion processes within a renewable energy system. They quantify the losses

from wind turbines, batteries, grid interactions, and electrolysis processes due to efficiency

less than perfect (denoted by ηConverter and ηInverter ). These losses are crucial for accurately
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modeling energy efficiency and optimizing system performance, ensuring realistic planning

and operation in renewable energy systems.

ELoss Converter = ELoss Converter WT + ELoss Converter BESS + ELoss Converter Grid

ELoss Converter WT = EWT RE · (1 − ηConverter)

ELoss Converter BESS = ERE BESS · (1 − ηConverter)

ELoss Converter Grid = EGrid BESS · (1 − ηConverter)

ELoss Converter Electro = (EGrid Electro + ERE Electro + EBESS Electro) · (1 − ηConverter)

(6.8)

ELoss Inverter = ELoss Inverter PV + ELoss Inverter BESS

ELoss Inverter PV = EPV RE · (1 − ηInverter)

ELoss Inverter BESS = EDis · (1 − ηInverter)

(6.9)

Power Constraints Equation set 6.10 power capacity requirements to ensure that the

available converters, inverters, and electrolyzers can handle the energy processed from

various sources and uses. These constraints guarantee that the system’s physical capabil-

ities are not exceeded by the operational demands, crucial for maintaining stability and

efficiency in energy conversion and distribution within the power system.

PConverter · dt ≥ EWT RE + ERE BESS + ERE Electro + EGrid BESS + EGrid Electro

PInverter · dt ≥ EPV RE + EBESS Electro + EBESS Comp + EBESS Load

PElectro · dt ≥ EElectro

(6.10)

6.4 Result and Discussion

In this study, a rigorous evaluation was conducted to determine the most effective ML al-

gorithm for time series prediction within a proposed energy management system. Different
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ML algorithms were initially compared, and the Transformer was selected for its superior

ability to handle complex temporal data, establishing it as the primary predictive model

for subsequent simulations. The simulation began with a reference configuration, Con-

figuration 1, serving as the baseline. Additional simulations were then conducted across

various system configurations with differing settings and energy management strategies to

assess performance. Parameters for all configurations are shown in Table 6.1.

Table 6.1: Configuration Comparison

Config. 1 2 3 4 5

Prediction Horizon (h) 48 48 48 48 1

Optimization Horizon (h) 24 24 48 24 1

Control Horizon (h) 1 1 1 1 1

ML Architecture Transformer Transformer Transformer LSTM NA

HESS Storage (MWh) 10 6 10 10 10

6.4.1 Machine Learning for Energy Demand Prediction

The comparative analysis presented in Figure 6.5 evaluates the predictive capabilities of

three neural network models—Transformer, Inverted Transformer, and LSTM—for fore-

casting building energy demand. Figure 6.5 (a) to (d) illustrate the models’ performance

at 3-hour intervals, providing a detailed examination of their temporal prediction accuracy.

Detailed hyper-parameters of these models are listed in Table 6.2.

The Transformer model consistently outperforms the others, closely aligning with actual

energy consumption data across all time frames. This superior performance underscores the

Transformer’s robustness in handling the complex, nonlinear patterns inherent in energy

demand, and is particularly noteworthy given the common challenge of declining prediction

accuracy over extended horizons in time-series forecasting.
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Table 6.2: Training Hyper-parameters

Parameter Value Parameter Value

Sequence Length 48 Learning Rate 0.005

Prediction Length 48 LSTM Hidden States 30

LSTM Layers 3 Encoder Layers 2

Decoder Layers 1 Output Channels 14

Encoder Input Size 14 Decoder Input Size 14

In contrast, the i-Transformer and LSTM models exhibit a gradual decrease in pre-

dictive accuracy as the forecast horizon extends. Despite the i-Transformer’s structural

similarity to the Transformer, its inverted architecture does not effectively enhance its abil-

ity to capture the sequential dependencies critical for accurate energy demand prediction.

The LSTM model, although proficient in modeling temporal sequences, demonstrates lim-

itations in handling long-term dependencies compared to the Transformer’s self-attention

mechanisms.

Figure 6.5 (e) and (f) further quantify these findings by providing monthly and over-

all comparisons of the models’ predictive performance. The Transformer’s dominance is

evident across all months, indicating its stability and reliability under varying seasonal

conditions and consumption patterns.

Table 6.3 presents the models’ performance metrics—MSE—across different hyper-

parameters of label and prediction lengths. Label length refers to the number of historical

time steps provided as input, enabling the model to analyze past patterns and trends, while

prediction length specifies the number of future time steps for which the model generates

forecasts. The Transformer consistently achieves the lowest MSE value, confirming its ef-

ficacy. Specifically, with a prediction length of 48, the Transformer’s superior accuracy

demonstrates its capacity to maintain high performance.
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Figure 6.5: Building Energy Demand Prediction (a) Predicted Energy Demand at

Time T (b) Predicted Energy Demand at Time T+3 Hours (c) Predicted Energy Demand

at Time T+6 Hours (d) Predicted Energy Demand at Time T+9 Hours (e) Monthly Com-

parison of Network Prediction Performance (f) Overall Network Prediction Performance

Comparison

6.4.2 Energy Management

The energy management strategies implemented in this study demonstrate the effective

optimization of HESS within RES and empower green hydrogen energy production for

transportation usage. Figure 6.6 illustrates the operational dynamics of the HESS during
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Table 6.3: Comparison of Prediction Performance Across Different Models

Model Label Len Pred Len MSE

Label Len = 24, Pred Len adjusted

LSTM 24 48 0.8357

Transformer 24 48 0.5154

iTransformer 24 48 0.6956

LSTM 24 24 0.7188

Transformer 24 24 0.5326

iTransformer 24 24 0.6380

Label Len = 48, Pred Len adjusted

LSTM 48 48 0.7381

Transformer 48 48 0.5240

iTransformer 48 48 0.5810

LSTM 48 96 0.8834

Transformer 48 96 0.5670

iTransformer 48 96 0.6072

LSTM 48 24 0.6855

Transformer 48 24 0.4674

iTransformer 48 24 0.5120

the simulation period, highlighting the interplay between hydrogen demand, supply, and

storage levels. Specifically, Figure 6.6(a) shows the fluctuations in hydrogen demand and

the corresponding supply mechanisms from randomly selected hour index 1000 to 1072.

The energy management system allocates energy from RE sources, the BESS, and the grid
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to the electrolyzer, ensuring that hydrogen demand is consistently met without shortages.

This alignment between supply and demand as shown in 6.6(d) and 6.6(e) indicates that

the system’s capacity is well-matched to operational requirements, with hydrogen storage

levels remaining sufficient throughout the period.

Figure 6.6: Energy Management Simulation Results for the Hydrogen Energy

Storage System (a) Hydrogen Demand and Supply Dynamics from Hour Index 1000

to 1072 (b) Detailed Breakdown of Energy Supply by Source in MWh (c) Proportional

Distribution of Energy Supply by Source (d) Detailed Breakdown of Hydrogen Supply in

MWh (e) Proportional Distribution of Hydrogen Supply

Figures 6.6(b) and 6.6(c) analyze the energy sources supplying the electrolyzer. The

results reveal that the GHR achieved 52.65%. The system strategically avoids utilizing

energy from the BESS for hydrogen production due to inefficiencies and increased costs as-

sociated with energy conversion losses, battery aging, and DC/AC inversion processes. By
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prioritizing direct renewable energy and grid energy, the system enhances overall efficiency

and reduces unnecessary energy transformations.

The analysis of the building energy supply, depicted in Figure 6.7, emphasizes the

importance of accurate predictive energy management in optimizing renewable energy uti-

lization. Figures 6.7(a) to 6.7(f) illustrate the optimized energy supply at time T , based

on predicted energy demand with a 5-hour rolling horizon shifting. As time advances, the

future time points for which predictions were made draw nearer, and predictions become

increasingly accurate, allowing for a more effective allocation of energy resources. The

energy management algorithm allocates energy from renewable sources, the grid, and the

BESS based on these predictions, proactively scheduling renewable energy utilization to

meet the load demand. This preemptive allocation is facilitated by the rolling horizon

optimization, which continuously updates the energy supply plan as new, more accurate

predictions become available.

Figures 6.7(g) and 6.7(h) provide a breakdown of the weekly and monthly energy sup-

ply, revealing that renewable energy supplies the majority of the energy required by the

buildings. Prioritizing renewable energy reduces reliance on grid energy and minimizes the

need to draw from the BESS, enhancing the sustainability and economic efficiency of the

energy system by utilizing cost-effective renewable resources.

6.4.3 Comparative Analysis

In this research, the performances of various configurations of the RES are examined

through a comparative study that focuses on several key factors: the storage capacity

of the HESS, the prediction horizons of the energy management algorithms, and the ML

architectures employed. Each scenario specifically analyzes how variations in these factors

impact the system’s operational efficiency, with particular emphasis on hydrogen supply,

renewable energy utilization, and energy independence.

In cases where certain configurations cannot fully meet the hydrogen demand, direct

comparison of some performance indicators is challenging. To address this, adjustments
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Figure 6.7: Energy Management Simulation Results for the Building Energy

Supply (a)-(f) Optimized Energy Supply at Time T based on Predicted Energy Demand

with 5-Hour Rolling Horizon Shifting (g) Weekly Energy Supply Breakdown (h) Monthly

Energy Supply Breakdown

are made to these indicators to account for hydrogen supply shortages. The additional

supply in these instances is sourced from the grid rather than renewable energy, allowing

for consistent and equitable comparisons across configurations. These indicators, adjusted

indicators, are presented in Table 6.4 and visualized in Figure 6.8.

The study first assesses the impact of altering HESS storage capacity by comparing
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Table 6.4: Summary of Indicator Values

Configuration 1 2 3 4 5

EIS 0.71 0.72 0.71 0.70 0.70

Adjusted EIS 0.71 0.69 0.71 0.67 0.63

GEIF 0.44 0.46 0.42 0.48 0.57

Adjusted GEIF 0.44 0.52 0.42 0.54 0.7

UF 0.95 0.91 0.96 0.88 0.80

NSF 0.00 0.31 0.00 0.22 0.34

NES 0.00 0.044 0.00 0.159 0.40

HSSS 100 18.65 100 5.88 2.44

GHR 52.62 61.90 54.30 50.94 46.21

Adjusted GHR 52.62 47.42 54.30 43.67 29.54

Configuration 1 with a reduced capacity scenario (Configuration 2) and an extended pre-

diction horizon scenario (Configuration 3) to examine the consequences on hydrogen supply

sufficiency and green hydrogen production rate. Figure 6.9 illustrates the simulation result.

The simulation result revealed that expanding HESS storage capacity is critical for

ensuring hydrogen supply sufficiency. Comparing Configuration 1 with Configuration 2,

reducing the storage capacity by 40% led to a dramatic decrease in the HSSS from 100 to

18.65. This significant drop indicates the system’s inability to meet hydrogen demand, as

evidenced by increases in the NSF from 0.00 to 0.31 and the NES from 0.00 to 0.044.

Interestingly, the GHR increased from 52.62% to 61.90%, indicating a higher proportion

of renewable energy used in hydrogen production. However, this increase was due to

a reduction in the total energy supplied to the electrolyzer, stemming from the smaller

storage capacity. With reduced capacity, the electrolyzer operated less frequently, leading

to a higher proportion of renewable energy usage when it did operate. Despite this, the
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Figure 6.8: Processed Indicator Comparison

actual quantity of renewable energy consumed decreased, reflecting the underutilization of

available resources.

This scenario highlights that higher values in indicators like GHR do not necessarily

equate to better performance when total energy supplied diminishes and demand goes

unmet. Adequate storage capacity is crucial not only for meeting demand but also for op-

timizing renewable energy utilization. The adjusted GHR further confirms this by showing

a comparison of 52.62% versus 47.42%, illustrating that when demand is taken into ac-

count, the apparent benefits of a higher GHR percentage diminish, underscoring the need

for sufficient storage to fully leverage renewable resources.

Extending the optimization horizon in the energy management algorithms from 24 to

48 hours, as done in Configuration 3 compared to Configuration 1, showed modest improve-

ments in system performance. The longer horizon allowed the system to better anticipate
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Figure 6.9: Comparison of Energy Management Simulation Results for the Hy-

drogen Energy Storage System with Different Configurations (a) 72-Hour Hy-

drogen Dynamics (Config. 2) (b) Energy Supply Distribution (Config. 2) (c) Hydrogen

Supply Distribution (Config. 2) (d) 72-Hour Hydrogen Dynamics (Config. 3) (e) Energy

Supply Distribution (Config. 3) (f) Hydrogen Supply Distribution (Config. 3)

future demand and renewable energy availability, enabling more strategic planning of en-

ergy allocation. This resulted in a slight increase in the UF from 0.95 to 0.96 and a decrease

in the GEIF from 0.44 to 0.42, indicating reduced reliance on grid energy. The GHR also

increased slightly from 52.62% to 54.30%. Despite these improvements, the benefits of
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extending the prediction horizon appeared to have diminishing returns beyond a certain

point. The HSSS remained at 100 in both configurations, suggesting that while a longer

horizon enhances planning, its impact is limited without concurrent improvements in other

areas like storage capacity and predictive accuracy.

Figure 6.10: Energy Management Simulation Results for the Battery Energy

Storage System (a) Energy Flow (b) Usage Frequency (c) State of Health

The study then evaluates the impact of algorithm performance on the BESS, focusing

on how different optimization configurations affect energy allocation, battery operations,

and overall BESS efficiency. The findings, illustrated in Figure 6.10, underscore the critical

role of predictive capabilities in optimizing BESS performance.

As the algorithm’s performance deteriorates, a larger proportion of the discharged en-

ergy from the BESS is allocated to the load, while the energy supplied to the electrolyzer

and compressor decreases significantly, as demonstrated in Figure 6.10 (a). This trend is

particularly evident in configurations with lower prediction accuracy or without predictive

functionality. Configurations with better optimization capabilities effectively supply en-

ergy to the electrolyzer, whereas poorer-performing configurations primarily direct energy

to the compressor and load. This shift indicates an imbalance in resource allocation due

to the system’s inability to accurately anticipate future energy demand.

Declining optimization performance also leads to a significant increase in the frequency

of battery charging and discharging, as shown in Figure 6.10 (b). In scenarios with poor or
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no prediction, the system frequently adjusts battery operations to manage fluctuations in

energy demand. This reliance on real-time adjustments, in the absence of robust predictive

capabilities, results in more frequent battery use, highlighting the system’s struggle to

efficiently balance supply and demand.

Furthermore, in Figure 6.10 (c), a decrease in optimization performance correlates with

increased battery usage and a decline in the battery’s SOH, particularly in configurations

lacking predictive capabilities. Despite the higher frequency of battery operations, the

overall efficiency of BESS utilization decreases. Frequent, small-scale adjustments replace

more strategic and efficient battery usage, negatively impacting system efficiency and ac-

celerating battery degradation.

These observations lead to several conclusions. Enhancing the system’s predictive abil-

ity by extending the optimization horizon significantly improves its capacity to anticipate

future energy demand and allocate resources efficiently. Configurations with better predic-

tive capabilities demonstrate increased system efficiency and reduced unnecessary battery

operations. Conversely, reducing prediction accuracy weakens optimization performance,

causing more energy to be directed to the load instead of the compressor or electrolyzer,

indicating the underutilization of resources. Eliminating predictive functionality further

degrades performance, resulting in frequent battery operations, increased usage, and a

decline in the battery’s SOH.

Finally, the influence of different ML architectures—Transformer versus LSTM—is an-

alyzed to determine their respective efficiencies in predictive accuracy and overall energy

management. The choice of ML algorithm within the predictive-based energy management

system significantly influenced operational effectiveness, as evidenced by comparing Con-

figurations 1, 4, and 5. Configuration 1, utilizing a Transformer model, achieved optimal

performance, whereas Configuration 4, which used an LSTM model, and Configuration 5,

which lacked a predictive algorithm entirely, showed substantial declines in key performance

indicators.

As prediction accuracy deteriorated in Configuration 4, the HSSS dropped significantly

from 100 to 5.88, indicating severe hydrogen supply shortages. Correspondingly, the NSF
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increased from 0.00 to 0.22, and the NES rose from 0.00 to 0.159, reflecting both more

frequent and larger supply shortfalls. The UF decreased from 0.95 to 0.88, highlighting a

reduction in renewable energy utilization efficiency.

The performance declined even further in the absence of predictive capability in Con-

figuration 5, with the HSSS dropping sharply to 2.44. The NSF and NES values rose

to 0.34 and 0.40, respectively, indicating both frequent and substantial hydrogen supply

shortages. Additionally, the UF decreased to 0.80, while the adjusted GEIF increased to

0.7, indicating a greater dependence on grid energy and even less effective use of renewable

resources. This pattern underscores the critical role of accurate predictions in sustaining

renewable energy utilization and reducing grid reliance.

These findings visualized and confirmed in Figure 6.11, underscores the critical role

of advanced ML architectures in enhancing predictive accuracy and, consequently, overall

system performance. Without accurate predictive capabilities, the system cannot effec-

tively balance supply and demand, leading to operational inefficiencies and unmet energy

needs.

Overall, the integration of advanced predictive control techniques, particularly the use

of a Transformer-based model predictive control framework with rolling horizon optimiza-

tion, significantly enhanced the system’s ability to effectively manage energy resources

and integrate renewable energy sources. By continuously updating the energy supply plan

based on accurate predictions, the system proactively scheduled renewable energy utiliza-

tion to meet load demands, maximizing the use of renewable energy, reducing reliance

on grid energy, and improving the reliability and sustainability of the energy supply to

buildings and the HESS.

6.4.4 Assumptions and Limitations

Despite the valuable insights gained from this comparative analysis, the study has certain

limitations due to its focus on a select range of HESS capacities, prediction horizons, and

machine learning architectures within a simulated setting. This scope might not accurately
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Figure 6.11: Energy Flow within the System(a) Configuration 1 (b) Configuration 4

(c) Configuration 5

reflect the complexities and external influences that real-world renewable energy systems

encounter, such as equipment malfunctions, maintenance challenges, or fluctuations in

energy generation caused by unpredictable weather conditions.

Moreover, the effectiveness of the employed predictive models, including Transformer

and LSTM architectures, heavily depends on the quality and breadth of the input data.
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Issues with data accuracy or representativeness could affect the performance and general-

izability of the findings across different contexts or geographical areas.

Furthermore, the analysis excludes considerations of how integrating other renewable

energy sources or storage technologies might influence system dynamics and performance

outcomes.

Lastly, the simulation-based approach does not incorporate human factors or the po-

tential impacts of regulatory or market dynamics, which are significant drivers of system

performance. These omissions suggest that while the study’s findings are instructive for

understanding technical configurations and their immediate impacts, they may not be di-

rectly translatable to real-world scenarios without further consideration of these broader

and more complex factors.

6.5 Summary

This study introduces a predictive-based energy management algorithm and conducts a

detailed examination of how variations in hydrogen energy storage system capacity, pre-

diction horizons, and machine learning architectures impact its performance. The proposed

energy management algorithm improves electrolyzer utilization by strategically allocating

energy in advance based on accurate predictions, providing a cost-effective solution for

hydrogen production. Simulations demonstrate that the algorithm enables the system to

operate with a smaller electrolyzer, raising the Hydrogen Supply Sufficiency Score from

18.65 to 100, representing a 436.46% improvement in hydrogen supply reliability.

Expanding the optimization horizon resulted in a modest yet notable improvement

in the system’s predictive accuracy and operational efficiency. Specifically, the Utilization

Factor saw a marginal increase from 0.95 to 0.96, and the Adjusted Grid Energy Interaction

Factor decreased from 0.44 to 0.42. The deployment of a Transformer model significantly

enhanced the system’s performance compared to the Long Short-Term Memory model, as

evidenced by a 94.12% increase in the Hydrogen Supply Sufficiency Score. Additionally,

in systems with advanced energy management capabilities, the adjusted Green Hydrogen
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Ratio increased from 29.54% to 52.62%. This improvement highlights the critical role

of sophisticated energy management in enhancing the sustainability of hydrogen produc-

tion by maximizing renewable energy utilization. The real-world data-driven simulation

demonstrates that the proposed energy management algorithm can be effectively applied

to diverse systems, including those with varying scales, layouts, or geographical locations,

showcasing its adaptability and robustness across different operational scenarios. Future

work could explore real-time implementation under dynamic conditions and evaluate eco-

nomic feasibility through cost-benefit analysis and policy alignment.
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Chapter 7

Conclusion and Future Work

This chapter provides the overall conclusions of this research and offers an outlook on

future work. Section 7.1 summarizes the key findings and contributions made throughout

the study, highlighting the advancements in RES modeling and optimization. Section 7.2

discusses potential areas for future work, addressing how the methodologies and results

from this research can be extended or applied to new challenges and opportunities in the

field of RES.

7.1 Conclusion

This thesis presents several significant contributions to the field of energy management

in renewable energy systems, focusing on advanced modeling, optimization, and machine

learning techniques to enhance system performance and efficiency.

Firstly, a data-driven PV panel modeling and optimization framework was proposed.

This approach addresses the computational complexities commonly associated with tra-

ditional mathematical modeling. By leveraging data-driven methods, the framework not

only reduces computational overhead but also provides an in-depth analysis of PV panel

performance, leading to improved energy system efficiency.
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Secondly, a two-stage optimization approach for determining the optimal sizing of pri-

mary components in renewable energy systems was introduced. Utilizing real-world data,

this method effectively balances customer return requirements and environmental impact

considerations. The proposed algorithm is adaptable to individual customer needs and em-

ploys an advanced search mechanism that significantly decreases computational time and

resources. This enhancement accelerates the convergence towards the optimal solution,

making the optimization process more efficient and practical for real-world applications.

Finally, to further improve the efficiency of renewable energy systems, a novel energy

management algorithm based on advanced machine learning techniques was developed.

This algorithm significantly enhances the performance of the energy management system by

increasing prediction accuracy over conventional machine learning methods. The improved

accuracy contributes to a more robust and efficient energy management system, offering

superior adaptability and reliability in various operating conditions.

Overall, the contributions of this thesis provide practical solutions to key challenges in

renewable energy system management. By reducing computational complexity, enhancing

optimization strategies, and leveraging advanced machine learning techniques, this work

offers flexible and efficient tools that can be tailored to specific customer requirements.

These advancements have the potential to significantly impact the renewable energy sector,

facilitating more efficient and sustainable energy management practices.

7.2 Future Work

Future work can be divided into two sections: improvements within the existing projects

and potential advancements beyond them. The first project focuses on photovoltaic panel

modeling and optimization. Enhancing the model’s adaptability to various global locations

and environmental conditions would make the system more versatile and reliable in dy-

namic environments. By enabling automatic adjustments to different geographic settings

and climates, the framework could perform optimally across a wide range of real-world

conditions, significantly broadening its applicability.
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The second project was on component size optimization, which was conducted prior to

the development of the full system. Future research could aim to identify the economic-

environmental balance for RES in different locations and enhance system robustness through

scenario design and pressure testing. This approach would enable the system to account

for location-specific factors, such as energy prices, weather variability, and regulatory con-

straints, while pressure testing would help ensure resilience under extreme conditions. In

addition, a system-wide energy equation can be developed to provide a unified represen-

tation of energy flows within the entire system. This enhancement will improve the trans-

parency and robustness of the model and promote its application to larger-scale systems

or different configurations.

The third project offers a promising direction for incorporating the arge Language

Model (LLM) and reinforcement learning to improve system performance. Integrating

LLMs would enable the system to explain its energy management logic to users in a clear

and understandable way, enhancing transparency and user trust. Additionally, LLMs

could receive and interpret user feedback, allowing the system to continuously adjust and

refine its energy management strategies. This feedback loop could be further strengthened

through reinforcement learning, where the system learns from user interactions over time,

optimizing performance based on real-world feedback. Incorporating user satisfaction levels

into the optimization process would tailor the system’s operations based on user preference,

creating a more personalized and adaptive experience.

Additionally, several other potential advancements could significantly improve RES.

One area worth exploring is the development of robust and fault-handling algorithms.

These systems are often deployed in environments where failures such as energy source

intermittency or grid disruptions are common. Creating algorithms that can withstand

these disruptions would allow systems to maintain functionality even under challenging

conditions. This could involve the integration of predictive failure detection methods and

self-healing mechanisms to reduce downtime.

Another promising direction involves decentralized energy management for systems that

include microgrids and distributed energy resources. As the energy system becomes more
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decentralized, effectively managing energy generation and consumption at the local level is

becoming increasingly critical. Future research could focus on algorithms capable of facili-

tating dynamic energy exchanges between multiple prosumers (producers and consumers),

optimizing for factors such as grid stability, energy costs, and emissions in real-time.
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Appendix A

Optimization Result Validation

The project presented in Chapter 5 has been validated using RETScreen. The validation

process included the evaluation of the following key indicators to assess the simulation

results: the EIS and the IRR. In RETScreen, the EIS is the fraction of load delivered, and

the IRR is the pre-tax IRR.

For the simulation, the Config. 3 from Table 6.4 was selected. This configuration

specifies a PV capacity of 140 kW and a battery storage capacity of 80 kWh. The climate

data location was set to Amsterdam, Netherlands. The PV panel efficiency was assumed

to be 15%, with mono-silicon as the chosen technology.

The simulation results show that the PV system can deliver 102,899 kWh annually,

with a load fraction of 28.2%, which is equivalent to EIS of 0.282. The pre-tax IRR was

calculated to be 3.6%. Comparing these results to the outcomes from Chapter 5, where

the EIS was 0.33 and the IRR was 4.22%, no significant difference was observed.

These findings confirm the environmental and financial viability of the project, demon-

strating its potential for meaningful contributions to energy sustainability and efficiency.
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