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Abstract

Developing renewable energy sources entails new challenges which have not been faced previously by
the traditional grid. One of the issues is the variability of renewable resources due to their characteristics
of weather. The intermittent nature produces uncertainty in generation output, especially in solar and
wind power generation. As penetration of both sources increase, variability will be more difficult to
handle. And even as this issue is being resolved, another one, that of the application of an energy
storage system has arisen. The energy storage is the current and typical means of smoothing wind- or
solar-power generation fluctuations. Conducted research mostly developed an energy storage for only
one technology, however, different technologies can be combined and complement each other which
significantly improve the storage system’s performance. In this research, a hybrid energy storage (HES)
is proposed to mitigate power fluctuations of renewable plant output power.

This thesis aims to give understanding of the effective strategy of a hybrid energy storage for PV
power output and wind power output fluctuation suppression. The strategy will stand as the foundation
for a broader framework which aims to optimize the size of hybrid energy capacity to enable such
application in uncertain condition. Wavelet power sharing method is proposed as the strategy to operate
the hybrid energy storage using frequency-based method. The strategy can decompose the frequency
component of renewable power quickly and allocate the power to the respective device. In this paper,
battery and supercapacitor is adopted to meet the electric grid technical requirements for smoothing
renewable power. The results show that the supercapacitor peak fluctuations of battery power are
moderated by adding the supercapacitor, providing lower peaks and slower derivative of power fed
to/drawn from the battery. The result from the power sharing is suitable in terms of improving the
battery lifetime. Battery lasts for 1.3 years in a conventional energy storage system, while it can last
up to 6 years in the hybrid energy storage.

After getting the optimal power allocation between storage devices, sizing the capacity of hybrid
energy storage also considers uncertainty in power output. This research uses investment storage cost,
penalty and life cycle cost as the objective function, while hybrid energy storage’s state of charge and
the power fluctuation performance as the constraint. The chance constrained programming is used to
make the fluctuation of output power under a certain confidence level, which also meet the electrical
quality and economy. The optimal solution of hybrid energy storage capacity is carried out by using
genetic algorithm based on stochastic simulation. The results show that, with the confidence level of
smoothing requirement up to 90%, system contains two energy storage has a lower total cost than a
single-sourced energy storage.
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Introduction

1.1. Renewable Energy Trends

Traditional ways of using fossil fuels to produce electricity have posed threat to the environment and
population. Burning fossil fuels is the main reason that contributes to 13% increase in €0, emis-
sions and the main cause of global warming, with 6°C increment of global average temperature [2].
Increased environmental awareness has made renewable energy an important topic of research and
application nowadays. Throughout various parts of the world, high penetration of renewable energy
sources (RESs) have led to increasing installed capacity and production levels for renewable electric
generation.

Figure 1.1 shows that in electricity sector, renewable sources are forecasted to provide almost
30% of the world's power demand in 2023 [7]. Among all renewable sources, photovoltaics (PV)
and wind turbines has a larger share of the generator mix in recent years. In 2023, solar PV and
followed by wind is projected to meet more than 70% of total global electricity generation growth [8].
Current movements in support of renewable energy is pushing electric utility companies to develop
more renewable forms of electricity generation as well as maintaining a specific percentage of renewale
energy in the their mix electric generation portfolio.

-
Growth 201823 - I|
-

0% 2% 4% 6% 8% 10% 12% 14%
@ Renewable electricity Heat from renewable electricity
@ Heat from direct renewables Transport from renewable electricity

@ Transport from biofuels
Figure 1.1: Share of renewable energy by sector in total energy consumption

According to Forecast International’s Energy Portal, the market for renewable energy over the world
is rising significantly also the main reason of the total growth of the world electricity consumption.
Figure 1.2 shows the annual new installations of solar (PV) and wind energy installation actual data and
forecast [1]. While some countries might experience some policy gaps to fully transition to commercial

1



2 1. Introduction

market-based operation, wind turbines new installation is forecasted to be 75 GW in 2021. On the other
hand, 2017 trend showed that new PV installations surpass the wind energy installations by almost two
times larger. Until 2021, new PV installations are predicted to surpass 100 GW.
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Figure 1.2: Share of Renewable Energy in Total Final Energy Consumption by sector [1]

1.2. 1000 Village Electrification Project

Access to electricity is critical for eradicating poverty and reducing inequalities. Being a developing
country, Indonesia’s electrification ratio is growing from 95.3% in 2017 into 98.3% in 2018. However,
most of the provinces still have less electrification ratio compared to the average of the country. Nusa
Tenggara, one of the eastern Indonesia’s region, is still providing electricity for only 86.89% of the
whole island’s population.

Following the signing of Presidential Decree Number 59 year 2017 on Sustainable Development
Goals (SDG), United Nations Development Programme (UNDP) Indonesia has established an official
partnership with the local province’s government to support the design and implementation of SDGs.
Working alongside The Ministry of Energy and Mineral Resources, the non-governmental organization
has commissioned three microgrid projects, providing power by combining PV systems, wind turbines
and diesel power. In total, 1.2 MW of combined capacity of Photovoltaics (PV) as shown in Figure 1.3
and wind generation and a capacity of 144 kWh of diesel have been providing reliable energy for every
hour of the day. With the green electrification of the villages, this action has allowed villagers to access
their basic need, and also begin a phase of industrialization of the hybrid solutions.

Figure 1.3: Implemented Off-grid Project (copyright of UNDP Indonesia)

Following the successful implementation of isolated microgrid, UNDP is now choosing to connect
the microgrid for traditional grid use. 1000 Village electrification project is one of the ongoing project
that is being pursued. Currently, small-scale wind turbine and PV system are being built and feasibility
study is being done on how the investment can be financially viable and technically feasible.

The Indonesian power system is vertically integrated, with Perusahaan Listrik Negara (PLN), which
is Indonesia’s state-owned utility company, owning the majority of generation as well as operating the
transimission and distribution grid. From a technical perspective, the intermittent nature of PV systems
and wind turbines’ output power might lead to disturbing the continuous power to customers. An
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additional grid code for Renewable Energy Generation Plants (REGP) is being introduced to renewable
energy installations that are connected to the distribution grid with less than 10 MW of installed capacity.
Renewable energy power plants owner need to comply with the local grid codes to ensure the standards
comply with the requirement.

From an economic perspective, connecting renewable energy power output to the power grid also
has some drawbacks. Total cost of the generated electricity is sold to PLN, therefore it is constrained
by the fact that electricity selling price from independent power producer has to be less than the PLN’s
local generation cost. It is undesirable to have a high investment cost upfront and a low efficiency
system, which is why the support of researchers along with the governments and electric utilities is
the key to overcoming the aforementioned obstacles and improving the implementation of 1000 Village
electrification project.

1.3. Integrating Renewable Electricity with Energy Storage on
the Grid

Developing renewable energy sources entails new challenges which have not been faced previously by
the traditional grid. One of the issues is the variability of renewable resources due to their characteristics
of weather. The intermittency produces uncertainty in generation output, especially in solar and wind
output power. As penetration of both sources increase, variability will be more difficult to handle.
According to [9], almost 70% of solar capacity is affected due to passing clouds, while wind capacity
highly varies on different seasons of the year. The renewable power production varies as the sun
shines and wind blows, affecting the steady power supply to the consumer, as well as endangering
grids operation in terms of different power quality issues, such as voltage variations and harmonics.

Power signal disturbances may cause stability problems in the current grid, both small and large
disturbances. The conventional electric power systems may face many challenges, especially in on-
grid areas, these issues are inevitable as the fluctuation in the output of renewable generation cannot
be fully controlled and cannot be reliably predicted. The power output variations could affect daily
operation of the system and the grid’s management, including short-term variability (order of seconds
to minutes) and long-term variability (order of hours), such as power interruptions, random component
failures and accidents due to unpredictable weather conditions. The proper control and operation of
such system will be very challenging because of the high uncertainty associated with RESs. In such
cases, energy storage plays a vital role to stabilise such grids.

Energy storage most often has been associated with off-grid applications as backup power, en-
abling off-grid electrification systems. In the 21st century, grid-connected storage is a relatively new
phenomena following the increasing installation of renewable energy production. As different issues
entailed by the intermittency of solar and wind power production become clearer, a set of solutions
are discussed to resolve them.

1.4. Thesis Project

1.4.1. Thesis Motivation

Prompted by the technical issues that have arisen due to the high penetration of intermittent RESs gen-
erators, deployment of energy storage in the power system is on the rise. Moreover, the decreasing
trend in battery’s price also accelerates the technology’s implementation. Conducted research mostly
developed optimal energy storage sizing for only one technology. However, experiments have been
conducted on using energy storage to manage wind and solar uncertainty and can be roughly catego-
rized into two types, a single source energy storage system and a hybrid energy storage system. In
hybrid energy storage, different energy storage technologies so that they can operate together comple-
mentary and significantly improve the storage system’s performance. In this research, hybrid energy
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storage (HES) refers to more than one energy storage technologies with the coordinated operation to
mitigate power fluctuations of wind and PV plant output.

Since optimal coordination between each technology in a HES may come up with economic consid-
erations, this issue becomes an optimization problem. An effective strategy to obtain the optimal size
of energy storage is necessary to cover before the implementation stage. In theory, a more substantial
capacity of a storage system will produce smaller power fluctuation in the power grid. Howeuver, it
entails a higher total cost, i.e. investment cost and operating cost. Moreover, the uncertainty of wind
and solar power availability will force an even larger energy storage capacity to mitigate every possible
power fluctuation in the future. Minimizing the total cost of the HES, while still delivering the intended
service and maintaining the system’s reliability becomes the priority from the renewable energy owner’s
perspective.

Most of the times, research authors assessed the sizing of HES and its operation strategy separately.
However, an effective strategy between each technology in a HES will affect the optimal HES size
ultimately. Therefore, it is necessary to understand both capacity sizing and the operation strategy to
achieve a complementary performance in HES technologies.

1.4.2. Research Objectives
Main Research Goal

This thesis is aimed at understanding the effective strategy of a hybrid energy storage for PV power
output and wind power output fluctuation suppression. The strategy will stand as the foundation for a
broader framework which aims to optimize the size of hybrid energy capacity to enable such application
in uncertain condition. The overall thesis objective is summarized in the following statement;

Propose and implement a sizing methodology to determine the optimal size of hybrid energy storage
for smoothing RESSs energy generation.

Research Questions

The main research goal is then translated into several research questions:

1. What is the effective strategy to operate a hybrid energy storage for smoothing application of
intermittent RESs power output?
(a) How does the power sharing between devices in a hybrid energy storage work?
(b) To what extent the operation strategy will influence the energy storage lifetime?
(c) How does the effective strategy affect the performance of the hybrid energy storage compare
to a conventional storage system?

2. How to formulate the optimal hybrid energy storage sizing along with the power management
system of the system considering uncertainty?
(a) How is the hybrid energy storage characteristic modeled in the system?
(b) What is the proposed optimization strategy’s objective function?
(c) Is hybrid energy storage a financially viable solution?

1.4.3. Thesis Outline

This thesis project aims to provide the readers the impact of using hybrid energy storage for a specific
intention, which is to smooth the renewable power output fluctuation. The approach can be divided
into two main focus. The first focus is how to operate the hybrid energy storage technologies and the
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algorithm to share the effort between the components. The second focus is how to incorporate the
uncertainty of renewable energy availability into the sizing of hybrid energy storage. Both approaches
are organized in the following chapters, with the workflow illustrated in Figure 1.4.

Introduction
(Chapter 1)

Background and
research objective

Hybrid Energy 1 Hybrid Energy i
Storage definition i Storage (HES) !
and characteristics ! (Chapter 2) |

Power sharing

\  Power Sharing of
algorithm !

(Chapter 4)

HES
assessment (Chapter 3)
___________ i___________l
Sizing under | Optimal Sizing of |
uncertainty ! HES |
assessment ! i

Integrated power Hybrid Energy J

1
1
|
sharing and optimal | | Storage Evaluation
an imat,
Sizing evaluation : (Chapter 5)
1

Conclusion and

Conclusion and
future work

Figure 1.4: Research work flow

e Chapter 2: Hybrid Energy Storage

This chapter describes the working principle of a hybrid energy storage system and its integration
in an electric power grid in detail. Previous literature studies on hybrid energy storage’s optimal
sizing methodologies are discussed while the specific research gaps are identified.

¢ Chapter 3: Operation Strategy Formulation

This chapter provides details of operation strategy to optimize power allocation among different
energy storage technologies. The new control method based on wavelet power decomposition is
proposed and then used for the formulation of an optimization problem.

¢ Chapter 4: Optimization Model Formulation

This chapter describes the formulation of the optimization model in detail. Objective function and
a set of constraints are formulated in equations form. In this research, a stochastic optimization
is chosen to be the best approach to handle uncertain factors for the specified goal. A chance-
constrained programming is incorporated with a genetic algorithm optimization to solve the hybrid
energy storage sizing problem.

e Chapter 5: The Hybrid Energy Storage Evaluation For Smoothing PV and Wind Power Fluctuation
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This chapter evaluates the proposed sizing methods on a system level. To evaluate the hybrid
energy storage behavior, the wavelet-based power decomposition is conducted and compared
with the initial system sizing methodology where the power sharing method is done in a conven-
tional way. The performance and lifetime of energy storage device is conducted using a rain-flow
cycle counting algorithm and compared with the conventional storage system.

¢ Chapter 6: Conclusions and Recommendations

The last chapter provides answers for the research questions based on the simulation results. A
set of recommendations for further improvement of this study is provided.

1.4.4. Research Contribution

Apart from the research goal, this research has contributions that can be used for other research in a
broad application. More specifically, these contributions are:

1. This work provides a solution to an optimization problem that simultaneously takes into account
capacity of an energy storage and its operation strategy. Most of the times, research authors
assessed the sizing of HES and its operation strategy separately. However, in this research,
the combined power allocating strategy and optimization algorithm are formulated, by also tak-
ing consideration of uncertainties and stochastic properties. It is necessary to understand both
capacity sizing and the operation strategy to achieve a complementary performance in hybrid
energy storage technologies.

2. This work provides a novel power allocation as a control strategy of a hybrid energy storage
considering the device’s technical requirements. A wavelet transform based energy/power man-
agement strategy for a hybrid battery/supercapacitor is proposed for a grid-connected power
system to smooth PV and wind power output. Furthermore, this control strategy can potentially
be used not only for a grid-connected power systems, but also off-grid systems or even electric
vehicles application.



Hybrid Energy Storage

In this chapter, at first the underlying hybrid energy storage concept is further explained. Section
2.1 explain the general overview of hybrid energy storage, the application and also the topology of
the system. Section 2.2 elaborates the control and energy management concepts for hybrid energy
storage. A comprehensive literature review on the hybrid energy storage capacity sizing is presented
in Section 2.3, along with the state of the art of this thesis work.

2.1. Overview

As energy storage applications grow in complexity, Hybrid Energy Storage (HES) is becoming increas-
ingly important to improve the power system’s reliability with intermittent renewable energy. A typical
HES consists of two storage devices which can complement each other [3]. There are two main com-
plementary characteristics of an energy storage device, energy density and power density. The former
represents the amount of energy that can be stored per unit volume or mass, while the latter can be
denoted as the amount of power that can be delivered from a storage device with a given mass or
volume. One energy technology device does not necessarily have a high energy density characteristics
along with a high power density. Therefore, a HES mostly consists of technologies that can complement
each other in these aspects.

Figure 2.1 shows the energy storage and power handling capacity of various storage technologies
that are mostly used to store electrical energy. It can be seen that batteries and fuel cells have low
power density, yet they have a high amount of energy that can be stored per unit mass. On the other
hand, capacitors possess high power density characteristics, yet the technologies lack energy density.

An energy storage with low power density but high in energy density has a long period of life time
even though regularly used. However, these devices usually have slower dynamic response [10]. On
the other hand, a capacitor, even though in a much smaller size compared to the battery, is able to
release energy quickly due to its high-power density characteristics. Each energy storage technology
has a suitable application range. In a power system domain, energy storage with low power density
but high in energy density like batteries are commonly intended for energy management. However,
their slow response may create problems in the power control. On the other hand, high power density
storage devices can deliver power in a fast manner, which can be the solution for fast dynamic response
of a high power demand.

Although a number of technologies are mature and currently being developed, not one of the exist-
ing energy storage devices able to deliver high-power and high-energy capability in parallel. Therefore,
a hybrid energy storage is needed to combine two or more energy storage technology devices to com-
plement each other to achieve a reliable support for a power system. There are three important factors

7
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Figure 2.1: Storage Capacity and Power Handling Comparisons

to take into account in the design phase of implementing a hybrid energy storage in a power system

[2]:

1. The technology choice of energy storage
Over the wide range of parameters that storage technologies possess, the devices can be classi-
fied with respect to its function, consist of technologies that are intended for energy management
and those that are designed for power quality.

2. The storage capacity and power
The capacity of an energy storage is defined as the quantity of usable or available energy in the
device, while power of the storage technology represents the device’s maximum power output
when operated in normal conditions.

3. Energy management of the HES system Ideally, the energy management of each energy storage
technology and strategy as a whole system is the key to achieve a reliable system that can serve
a specific application.

Figure 2.2 shows the example of combining an energy storage technology with its complementary
device that have been used for various real-life applications. Generally two classes, near-term hy-
brids and long-term hybrids, can be distinguished. It can be seen that the supercapacitor/battery, fuel
cell/battery, flywheel/battery, compressed air energy storage/battery, supercapacitor/fuel cell are com-
monly implemented in renewable energy storage application [2]. While the long-term energy storage
hybridization are still under extensive research.

The most promising field that extensively uses hybrid energy storage in real life is the transportation
sector, especially electric cars that are powered by fuel cells. In the automotive field, studies show
that interfacing a supercapacitor with a battery can have a positive impact on the electric car’s driv-
ing range. Some notable battery technologies used in conjunction with supercapacitor are lead-acid
batteries, lithium ions and nickel metal hybrid batteries [11]. Supercapacitor energy storage is also
complementary with a fuel cell technology to tackle the current fuel cell’s slow dynamic response char-
acteristics in the electric vehicles. Batteries and flywheels hybridization have also been coupled where
the more power dense flywheel is responsible to the peak demand.

There are also hybrid energy storage applications on a household level, as well as regional level.
Large scale wind turbines and PV systems are starting to implement hybrid energy storage to tackle
the power forecast error impacts on the grid. The ability to store energy and inject the required power
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Figure 2.2: Various methods of storage hybridization combination [2]

to the grid has been addressed in [12] by using compressed air energy storage/battery as a real-life
example from Figure 2.2. Ultimately, the possibilities of energy storage hybridization is countless, and
each combination is able to serve its purpose if only correctly used with the right choices of storage
devices, optimally sized, and operated with effective energy management.

2.2, HES Energy Management Approach

A single storage technology cannot always efficiently meet the requirements of highly variable charge
and demand cycles, either in electric vehicles or renewable energy systems [4]. Such application
does not necessarily follow a predictable charge and discharge profile, which entails non-stationary
fluctuations in both power demand and supply. The non-stationary fluctuations may have different
impacts on different energy storage technology. Therefore, optimizing allocation of power between
each storage medium to achieve the desired effect remains a priority.

Figure 2.3 shows an overview of the basic concepts for HES that has been studied, mostly in the
field of hybrid energy storage in electric cars. Generally, there are two classes that can be distinguished,
rule-based and optimization-based energy management concepts. Both concepts are well suited for
real-time applications with their own characteristics.

rule-based optimization-based
deterministic fuzzy global real-time
thermostat conventional SO PrOgTeming frequency decoupling
foll dapti dynamic programming robust control
ower-toliower adaptive
3 i l:l' ) stochastic dyn. progr. model predictive control
state machine predictive evolutionary algorithms EFC minimization

Figure 2.3: Control and energy management concepts for HES [3]

The simplest rule-based technology, thermostat concept, mainly uses a lower and upper State-
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of-Charge (SOC) treshold to switch on and off between the "high energy” storage and "high power”
storage. A more advanced concept, commonly known as fuzzy control, is used as a method to ob-
tain a power split between both devices without switching, but with fuzzy-rules and its membership
functions. Both deterministic and fuzzy control can easily achieve nearly optimal operation and handle
measurement imprecision and component’s variations.

On the other hand, the optimization-based technique offers a main feature which is the minimization
of a cost function. An optimization-based energy management approach is the frequency decoupling,
which can easily be applicable for real-time applications. Figure 2.4 shows the best visualization of
typical frequency range and installed capacity of various energy storage devices. Pumped hydro and
Compressed Air Energy Storage (CAES) are both the largest installations, with the lowest frequency
range. On the other hand, supercapacitor device has the highest frequency range and the lowest
installations.
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Figure 2.4: Typical frequency range and installed capacity of energy storage [4]

There are significant overlap between each storage device, hence the metric only offers partial
insight of designing appropriate storage system. Ultimately, energy storage device selection requires
both an analysis of frequency and capacity requirements of the power system. The variability of
energy storage technology in a power system can be characterized by transforming the power signal
into frequency domain [4]. In the frequency domain, fast changing and slow changing components
of the power signal may each have unique storage technology requirements. The output from a wind
turbine and a PV system may contain both high frequency bursts of electricity and more slowly varying
fluctuations.

Conceptually, HES can be acknowledged as a filter bank, where fast-responding energy storage such
as supercapacitor can carry high frequency supply and demand, while the burden of low-frequency com-
ponents can be carried by batteries, pumped hydro or other large systems. Differentiating frequencies
of power signal / electricity have been described for various storage systems by using filter-based
methods. The frequency-based approach to design a hybrid energy storage has shown an improve-
ment compared to single component storage systems. However, previous research primarily use a
Fourier-based frequency analysis, which is not applicable for most real, non-stationary power systems

[4].
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2.3. Capacity Sizing Methodologies

Figure 2.5 shows the mostly used sizing methodologies in finding the optimum capacity of a hybrid
energy storage. One of the most important issue in HES implementation is to determine the optimum
hybrid energy storage capacities. Over the years, many researchers have established methods or
frameworks of optimal storage sizing. There is no clear superiority between one method over the other
as authors usually do not reveal all technical details regarding their works, therefore it is rather difficult
to explicitly state which sizing methodology is more efficient than the others.

HESS Sizing Methodologies

A A 4 A 4 A 4 A

Analytical Method Statistical Method Search Based Methods Pinch analysis Method Ragone Plot Method

Figure 2.5: HES capacity sizing determining technologies [2]

1. Analytical Method
As the most common used methodology, this method analyze a series of power systems config-
urations with the varying elements against the performance criteria. In general, the analytical
methods that have been proposed consist of an objective function, constraints and solution meth-
ods. An advantage of this methodology is its independence of topology, technology and control
strategy. The main disadvantage of this methodology is that it requires an all-knowing control
strategy and only form the the problem to an energy balance.

2. Statistical Method
Statistical method on the other hand gives more flexibility in a HES capacity sizing methodologies
compared to the previous approach. An omniscient is not needed as the method does not neces-
sarily need to determine numerous parameters. The method can obtain an accurate confidence
level from a power generation variation histogram. For a short forecast application, statistical
method is proven too be a powerful tool to size the storage capacity.

3. Search-based methods

This method consists of mathematical optimization and heuristic methods. Some research have
used the heuristic optimization methods because most often the objective function in sizing energy
storage capacity has the characteristics of nonlinearity. Particle swarm optimization is proposed
in [13] to obtain the HES capacity sizing to obtain the minimum cost. Genetic algorithm is
used in [14] to determine battery and supercapacitor capacity that includes the 10-years battery
replacement cost. Authors in [15] and [16] use discrete fourier transform to optimize the size of a
HES, implementing a cost analysis which result in a linear objective function that is non-decreasing
in the vector of storage sizes.

4. Pinch analysis method
The method has does not extensively use long computational time, simple and flexible for deter-
mining the minimum energy points. This method is used with special emphasis on the efficient
utilization of resources to determine the minimum renewable generator area, its extreme limits,
and the corresponding storage capacity.

5. Ragone theory method
Ragone plot as in Figure 2.1 is used to compare the performance characteristics of different
energy storage. Sizing the hybrid energy devices can be achieved by using the Ragone plot as a
constraint, which take the mutual restrictions between the rate capability and storage capacity of
the energy storage under consideration. The ragone plot is used to determine the power density
and energy density, by drawing a line and selecting the position of intersection between power
demand and the energy storage capacity.
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Figure 2.6: HES smoothing schemes and sizing methods
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Power Smoothing of Renewable
Energy using HES

Section 3.1 explains the power fluctuation issue and the requirement of power injected into the grid.
Section 3.2 explains the opportunity of using hybrid energy storage to mitigate the fluctuating output
power, in conjunction with PV and wind power plants. Section 3.2 also explains the spectral analysis
to obtain the target power that is capable of smoothing the fluctuation of the grid-connected gener-
ation system. Afterwards, an effective strategy, wavelet transform, is proposed in Section 3.3 as an
appropriate tool in analyzing the transients in the power output. Later, the formulation of the method
provides a means of assessing the optimal power and capacity of the Hybrid Energy Storage (HES).

3.1. Power Fluctuations of a Grid-Connected Hybrid PV-Wind
Plant

This paper is focused on an AC microgrid with energy sources supported by hybrid energy storage.
This section provides an overview of the hybrid system model of PV system, wind turbine and energy
storage units, as well as power management method to keep the power balance inside the microgrid.

3.1.1. System Structures

The power generation system studied in this research, as illustrated in Figure 3.1, consists of a wind
turbine system, a PV system, a HES, comprised of a battery and a super capacitor and a smoothing
control. The combined rated power output of the wind farm (2,) and PV system (P, )forms P,,;. In
order to solve the power fluctuation problem in P,,,,, a hybrid energy storage is employed to improve
the power quality and achieve the allowable power (P,;;,.,) at the point of common coupling (PCC).

The HES is responsible for the energy management between the output power from renewable
energy sources and the allowable power at the PCC. At any time, the charging and discharging power
of both battery and supercapacitor can be controlled to reduce the effect of P,,,; power fluctuation and
improve the power balance. It is assumed that the devices are installed closely and losses on the lines
are neglected. P,;;,., is the power injected into the utility grid, which can be calculated with 3.1.

Patow = Pout + Puks (3.1)

15
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Figure 3.1: Outline of a wind and PV power generation system integrated with a HES

3.1.2. Renewable Power Output and Acceptable Power Fluctuations

This paper studies the maximum fluctuation of power injected into the grid according to the requirement
adopted from the State Grid Corporation. The maximum power fluctuation of a renewable energy
generation plant should not be more than 10%/minute of its installed capacity [17].

As shown in Figure 3.2, power fluctuation can be defined as the difference between the minimum
and maximum power values measured at the the point of common coupling. At time t, P;,iq pefore (t)
refers to the power value at the point of common coupling when correction action is not provided,
while P;riq.q5ter(t) refers to the value of power after correction action is provided. AP;yigperore(t)
and AF;riqqrter(t) are the power fluctuations of renewable energy generation before and after the
suppression / smoothing control respectively. According to the historical data of P;,iq, APsriapefore (t)
can be calculated by the following equation.

Active power (kW)

Pmin

At -~

Time window (length :1 week)

powgr fluctunation

Active power injected into
the grid
1 1 1 >
) t t t i+ Al
Time (sampling interval: A=1 min)

Figure 3.2: Renewable energy output power fluctuations
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APGrid,before‘ (t) = Pmax,before (t) - Pmin,before (t):i = J (32)
AP(;rid,before (t) = Pmin,before (t) - Pmax,before (t):i < ] (3-3)
[Pmax,before (t), i] = fmax(A)
[Pmin,hefore (), )] = fmin(A)
A = {Parig (to),Parid (to +At), ..., Pgrig (t — At), Pgrid before (£)}
to =t — lsec

s.t.

(3.4)

Praxpefore(t) and Ppin pesore(t) refers to the maximum and minimum values of the set A respec-
tively, where A is a set of power values measured at the point of common coupling before smoothing
control provides the correction action. At, the sampling interval, is 1 minute and the time scale of the
set A is 1 week.

In the same way, Pgriqafter(t) Can be calculated after the smoothing control is provided by the
following equation.

APGrid,after(t) = Pmax,after (t) - Pmin,after(t)'m 2N (3-5)
APGrid,after(t) = Pmin,after(t) - Pmax,after(t)'m <n (36)
[Pmax,after (@), m] = frnax(B)
[Pmin,after(t)' Tl] = fmin(B)
| B ={Pcrid (to),Parid (to +At), ..., Parig (t — At), Parid after (£)}
to =t — lsec

S.t

(3.7)

where B is a set of power values measured after providing the correction action at the PCC, with
the same time scale of the set A. The indices of the maximum and minimum values of the set B are m
and n, while Byax after (t) @Nd Ppin oreer (t) refers to the maximum and the minimum values of the set
B respectively.

According to the adopted requirement, power injected to the grid from renewable energy generation
should not be more than 10 % of its capacity per minute, therefore, AP;riqqfter NE€ds to meet the
following constraint :

|APGrid, after (t)l < Plimit ,VteT (3-8)

Where P;.,i;: refers to the maximum allowable power fluctuation of the wind and PV output power
generation (10% of the installed capacity) and T = 00:00, At, 2 At, 3 At,..., 24:00 - At, 24:00 h.Based
on the fluctuation constraints, it can be determined whether each successive time period meets the
grid requirement. If the fluctuations from PV and wind power meet the requirement, there is no need
to configure the energy storage system.

Figure 3.3 shows the algorithm procedures to obtain the grid acceptable power. The algorithm
calculates the maximum range as shown in the blue box of power fluctuation that can be accepted by
the power grid in the next second. The green line represents the original renewable energy output
power fluctuation, while the red line represent the acceptable power value calculated by the algorithm.
As shown in time interval 2, 3 and 5, the acceptable power will be automatically corrected as the
maximum or minimum fluctuation value if it is beyond the range. On the other hand, the power value
will remain the same as shown in time interval 1, 4, and 6.

According to the [18], the term of balancing power represents the excess or shortage capacity in
the system, either in the form of excess available generation in PV and wind or shortage demand.
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Figure 3.3: Grid Acceptable Power Algorithm

Balancing power will be the key factor of sizing the HES capacities. Based on Figure 3.1, B,,,; is the
sum of PV output power (Py;) and wind output power (B, ). Hence, the difference between the value
and grid acceptable power output value (P, ) Will form the balancing power (P,qiancing)- Poatancing
will make-up the difference between the smoothed power connected to the frid and the actual power
from solar and wind hybrid system, and can be calculated according to Equation 3.9.

Pbalancing = Pout — Patiow (3.9)

where:

Pyatancing > 0 : Excess power generated by the renewable energy output needs to be absorbed by
HES, therefore, HES is being charged.

Pyatancing < 0 : Insufficient available power needed to be supplied by HES to match the grid acceptable
power, hence HES is being discharged.

3.2. Power management strategy of a HES

The most common strategy to manage power between two different technologies in a hybrid energy
storage is by supplying the demand power based on the high energy and high power specifications that
each device possess. Frequently used approach is by commanding the high-power technology to sup-
ply the demand power up to its limits, then the high-energy technology will supply any demand power
left which cannot be handled by the former device. This power distribution method is the conventional
control strategy implemented in hybrid electric vehicles. Although, this simple power distribution strat-
egy is able to command a hybrid energy storage to supply the demand power accordingly, a more
sophisticated strategy will be broadly explained..

3.2.1. Choice of Storage Technology

To solve the power fluctuation problem in a grid-connected microgrid, choices of energy storage tech-
nology becomes necessary to ensure the improvement of the power quality. It needs to have a high
degree of stability, as well as a good economical benefit, since it is intended to operate the system,
i.e. charging and discharging the hybrid energy storage, in long-term.

As described in Section 2.2, the basis of the HES management strategy in this research is frequency-
based management, which consists of splitting the overall balancing power into high- and low-frequency
components. The balancing power’s spectral decomposition has the advantage to divide the overall
power fluctuations to different fast and slow components. Each component will then be tracked by a
corresponding storage technology, based on the fact that each technology cycles energy within certain
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frequency range. Depending on the time horizons, some energy storage technologies will be more
advantageous, while other are less effective.

Battery is an essential part of the energy storage in a power system as it can store the energy
produced by renewable energy power plants and provide electricity to the load or local grid simulta-
neously. The basic principle of a battery is converting chemical energy into electrical energy. There
are two types of battery, primary battery which is non-rechargeable, and secondary battery which is
rechargeable. In this research, a secondary battery technology called lead acid battery is used for
several reasons. Firstly, lead acid battery offers a low investment cost, which is in favor to the off-grid
or remote area storage system. Secondly, there are two types of lead acid batteries which have long
been used for utility grid applications, i.e. sealed lead-acid and flooded lead-acid batteries. Generally,
this technology has a downside such as its low number of cycles compared to lithium-ion batteries,
the up-and-coming battery technology. However, from an economic perspective, sealed lead-acid
battery is considered to be sufficient for smoothing power fluctuation and powering basic monitoring
equipment.

Supercapacitor technology on the other hand, is a high-power energy storage device which can
store electric energy using electrochemical double layers capacitor (EDLC). Renewable energy power
plant’s owner can use the high response speed of supercapacitor to react to fast changes caused by
both PV and wind power fluctuation. Mainly used in transportation industry, new market opportunities
such as smart grids and electrical power system, increases the opportunity for supercapacitor toa

Table 3.1 compares the battery and the supercapacitor performance. Compared to the batteries,
supercapacitor possesses high power density and high charge/discharge rates. However, the tech-
nology has less energy density compared to lead acid battery. While batteries possess high energy
density, they have low power density, giving low charge / discharge rates.

Lead acid battery Supercapacitor
Energy density 10-100 Wh/kg 1-10 Wh/kg
Power density <1000 W/kg <10000 W/kg
Charge time 10 - 60 minutes 1 - 10 seconds
Specific Power (W/kQg) 1000 to 3000 Up to 10000
Cycle life 500 & higher 1 million of 30000 h
Service life 5 to 10 years 10 to 15 years

Table 3.1: Battery and supercapacitor performance comparison [5]

In electric vehicles application, supercapacitor is being strategically used to enhance the HES power
and lifetime capabilities by buffering the battery and enabling greater braking and acceleration capa-
bilities [19]. In a power grid system, there is a prominent benefit by using a hybrid energy storage to
prolong the battery lifetime by reducing peak current stress on battery system. In effect, supercapac-
itor allows the battery to provide a mostly constant load profile with less rapid changes. Ultimately,
compared with a battery-based energy storage system, a hybrid energy storage has a potential to
reduce battery’s charging cycles and improve its lifetime [11].

3.2.2. Energy Storage Lifetime Estimation

As is well-known, batteries are capable of ramping very rapidly, from zero power output to full capacity.
Therefore, battery storage can respond to regulation signals with high performance. However, the
frequent charge—discharge cycling of batteries when providing power fluctuation smoothing incurs a
significant extra cost because it accelerates depreciation and shortens the life of the battery [20]. Thus,
it is necessary to consider the battery life in this application.

In most types of battery technologies, their service life are highly influenced by their usage. The
main factors which impact the battery’s service life are temperature, calendar aging and cyclic aging
[21]. In the long term, an increase in temperature causes higher electrochemical activity, thereby
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diminishing battery capacity. Multiple research have shown a linear dependency between temperature
and battery’s cycle life [22]. On the other hand, calendar aging is affected by the corrosion process,
which is independent of the battery’s cycling behavior, while cycle lifetime is a number of complete
charge and discharge cycles that a battery can undergo.

However, obtaining an accurate analysis of a battery’s lifetime that and its degradation by taking
into account all three factors will require extensive verification with laboratory experiments, which is
not the focus of this research. To simplify the lifetime estimation model, only cyclic aging is considered.
Moreover, the depth of discharge and the maximum state of charge are two manageable factors in the
proposed control algorithms, which will mainly affect the life of battery. State of Charge (SOC), is the
available capacity remaining in the battery, and its accuracy estimation is often important to provide
precise parameters to improve battery lifetime [23]. Depth of Discharge (DOD), is an alternate method
to indicate a battery’s SOC, as the former increases, the latter decreases.

Figure 3.4 represents the number of cycles to failure at each depth of discharge for a lead acid
battery. The cycle life versus DOD curve is acquired from the manufacturer’s data and 10 data points
are fitted in the curve. As shown in the figure, cycling the battery at a high DOD will dramatically
reduce the number of charging-discharging cycles that the battery can undertake before it has to be
replaced.
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Figure 3.4: Lead acid battery’s number of cycles to failure

It is worth to mention that the DOD and cycle life in Figure 3.4 represents DOD of complete cycles,
by repeatedly discharging the battery and recharge it back to the full capacity. Otherwise, a cycle is
considered as incomplete. Due to PV and wind power output variability, a grid-scale energy storage
system is usually operated at irregular cycles, with more frequent charging/discharging process. In
real operations, more incomplete cycles will happen and hardly run at regular cycles from 100% to
a specific low DOD. Estimating a battery’s lifetime while fully taking account of irregular operating
conditions, such as partial SOC cycling and varying DOD is known as rather a difficult task. Therefore,

building a degradation model that reflect irregular cycle impacts is necessary to obtain a battery’s
lifetime.

This research uses rain-flow cycle counting, which calculates the number of cycles at each DOD
including irregular and regular cycles into the algorithm [12]. Commonly used in mechanical vibration
applications, rain-flow cycle counting has been extensively used to identify an appropriate cycle count-
ing method to estimate battery lifetime simply and completely [24]. Consequently, the lifetime of a
battery can be calculated with Equation 3.10.
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T
Lbattery = Zm Ne (3.10)
i=1 C_FL

Where T is the duration of simulation in years, N, is the number of cycles at each point of DOD. CF,
is the number of cycles to failure at each DOD, and m is the number of DOD ranges.

3.2.3. Frequency-based analysis of fluctuative power output

For wind and PV power generation, the fluctuation is widely distributed in various bands in the frequency
domain [25]. The balancing power primarily contains two types of power fluctuations, smooth power
fluctuation corresponding to a low frequency, and fast/frequent power fluctuations corresponding to a
high frequency.

Since the HES includes both high and low speed responses, improved smoothing method can be
obtained in comparison to single EES. The proposed power management is designed in such a way that
the supercapacitor should be able to absorb the high-frequency power component of balancing power,
leaving the steady component for the battery energy system. Recently, advances in the supercapacitor
(SC) and battery’s price reduction have made the SC and battery hybrid energy storage technically
attractive. Principally, SC has high power density, high cycling life and high peak current handling
capacities. However, compared to battery, SC has low energy density. On the other hand, battery is
characterised by large energy density but low in power capacity. Therefore, the concept of the SC and
battery hybrid energy storage is proposed in this research.

Power management of the hybrid energy storage is able to smooth the power output of the plant
by reacting to the high variations in balancing power and to deal with these variations by operating in
charging / discharging mode in order to keep the output power of the plant inside admissible values.
The power fluctuation of different frequencies leads to various degrees of damage to the grid-connected
power system. Therefore, it is necessary to first analyze the frequency characteristics of the balancing
power, the amount of power to maintain the renewable energy output power and grid input power.

After obtaining the balancing power from Equation 3.9, the power signal can be broken down into
the components spanning different frequency ranges, performing Fourier spectrum analysis method
to convert power from time domain into frequency domain. A common method is by using Discrete
Fourier Transform (DFT) analysis, as shown in Equation 3.11 until 3.16.

N-1

X(k) = DFT(x(n)) = Z X (WK

n=0
AG) = X () )
N-1
F) =) k-f/N
n=0
k=012..,N—-1

Where N is the number of sampled data on a series of signals, A(k) is the amplitude, f(k) is the
. 2T
frequency, and Wy = e’ v .

The result from decomposing the balancing power using DFT are

Sy =DFT(Py) = [S4[1], ..., Sg[n], ... Sy [Ns] |IT

3.12
£y = ol fy ], o fy INS]] (3.12)



22 3. Power Smoothing of Renewable Energy using HES

Where DFT(P,) refers to decomposing balancing power signals using DFT and Sy[n] = Ry[n] +
14[n]i refers to the amplitude value at the frequency f,[n]. The real part and the imaginary part of the
amplitude are denoted by R, [n] and I,[n]i respectively.

folnl = fs[n —1]/Ns = (n — 1)/ (T * N) (3.13)

Where f; is the sampling frequency; N, being the number of sample points; and T; refers to the

sampling interval, which is 1 second. According to the Nyquist principle, the spectrum can be symmet-

rically distributed around the frequency fy = f; / 2. In this research, the spectrum ranges from 0 to
0.5 Hz [=1/(1 s)]. Therefore, the spectrum of 0 fy is representative of the whole sampled data.

Dy = [Dy4[1], ..., Dyljl, ..., Dg [INs/2] + 1]]T

Frg = Vsl s fylils oo £y [INs/20 + 1])T (3.14)

where |N/2] is the integral part of Ny/2 and D,[/] is the amplitude at the frequency f,[j]. If N, is

an odd number,
RGU1+15[1/Ns,  j=1,Ng/2+1 15
Dol = 15
’ 2 |RG[j1+ I5[j1/Ns, j =2, ...,Ns/2

On the other hand, if N; is an even number,

R2[j] + IZ[j]/Ns, j=1,Ns/2+1

D4lj] =
’ 2 /Rf,[j]+1§[j]/Ns, j=2,..,Ng/2

According to [25], after obtaining the result from the Fourier-transform, power fluctuation can be
decomposed into two sections based on varying frequencies:

(3.16)

1. Low frequency zone (0.01 Hz and below),

2. High frequency zone (0.01 Hz and above).

In [26], the above cutoff points are the dividing frequencies of the different HES devices, solely
based on the response characteristic of each energy storage maximum response frequency. While the
response time of a battery energy storage has been extensively discussed, cutoff points value are highly
subjective. There is no obvious value that represent the cutoff frequencies for determining the energy
storage capacities, which may vary based on the device in-house characteristics. In order to calculate
the capacity of each energy storage as precise as possible, a more accurate energy sharing method
is needed to make sure the designed HES is able to smooth out power fluctuations in all frequency
bands.

3.3. Wavelet-transform-based power sharing

The main challenge of using HES is the power sharing between different technologies. For systems con-
taining multiple energy storage systems, an appropriate power management is indispensable. There-
fore, a power-sharing strategy of the HESS is developed to smooth the power fluctuations of PV and
wind turbine.
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3.3.1. Fundamentals of Wavelets

Wavelet transform is a signal processing method that has proven its usefulness in analysis of various
types of signals. The tool is not a radically new method, as wavelet transform has recently been
applied to variety of applications [5]. Typical ways of its utilization belong namely to, i) detection of
signal discontinuities, ii) particular frequency detection, iii) signal suppression, iv) signal denoising and
v) data compression.

Recently, wavelet transforms have been applied to analyze the power system transients, power
quality, and fault detection problems [27]. One of the key properties of wavelet transform is its ability
to locate short-time high-frequency features in a signal and at the same time resolve low-frequency
behavior [28]. The method is knows to be a tool capable of representing non-stationary processes,
which can extract characteristics of sharp and transient changes in a load profile [29].

A wavelet transform can be expressed in Equation 3.17.

t—u

W) = fs(t)%l/) (T) dt (3.17)

where s(t) represents the input signal, 1 represents the scale parameter, and u represents the
parameter of the position. W can be denoted as wavelet coefficients, and y is the mother wavelet
which can be expressed in Equation 3.18.

ANRAN
= NIR

(3.18)

N O
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0 else

The mother wavelet y is a set of functions which can scale a sequence to a set of piecewise
constant functions, and vy (“T“), describes that the wavelet can be obtained by adjusting scale and

position parameter to match any position of the original signal [29]. Therefore, the time-frequency
analysis can be achieved.

Figure 3.5 shows a reference signal x(n) being decomposed to different frequency ranges. Wavelet
transformation of a signal contains the information regarding the low frequency content of the signal,
which is called approximation coefficients (A) and the information regarding the high frequency content
of the signal often, which is represented as detail coefficients (D).

D, refers to level 1 detail coefficient, which contains frequencies [f/2, f] of the reference signal x. If
the input referense signal is being sampled at f, the detail signal can only contain f/2 Hz as its highest
frequency, according to the Nyquist’s theorem. The set of signals obtained eventually still represent the
same original signal, but with different frequency bands. Afterwards, level k approximation coefficient
A, can be further decomposed into more details and approximation coefficients, with the help of high
pass filters and low pass filters, and down-sampling as calculated with Equation 3.19.

Dyy1[n] = (Ag * h) [n] ! 2

Apsan] = (A # g) [n] L 2 (3.19)

The procedure is then repeated until the last approximated signal (A-n) has no longer transients or
noise inside it. Therefore the number of decomposition levels will determine the accurate identification
of the true components in the original signal and its noises. Naturally, more in-depth decomposition
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Figure 3.5: Wavelet analysis decomposition and reconstruction diagram

level will result in more accurate signal de-noising of the power spectrum. However, a great amount
of decomposition layers must be considered properly to comply with computational effort in a realis-
tic system. Presently, an established formula to obtain the maximum level of decomposition can be
calculated with Equation 3.20 [30].

L = int[log(N)] (3.20)

where L is the number of decomposition level and N is the number of time series data.

3.3.2. Wavelet Transform Power Distribution Strategy

For illustration purpose, a three-level wavelet decomposition and reconstruction are used for signal
decomposition and reconstruction process as shown in Figure 3.6. In this research, the balancing
power obtained from Equation 3.9 is regarded as the original input signal. The application of wavelet
analysis will determine the required capacity based on each electricity storage device.

1 2 represents subsampling by two, and the low pass and high pass filters are denoted as h and
respectively. The approximation coefficient in the first and second level are the low frequency compo-
nents derived from the balancing power signal. Similarly, the first and second level detail coefficient
contains the high frequency component derived from the signal. The data size reduces by half in
down-sampling operations while it doubles in up-sampling operations.

Eventually, the signal which contains only low-frequency components (A(n)) will be obtained, while
the total high-frequency component signals will form the signal which only contains transients. Ac-
cording to the each device characteristics, high energy density of batteries can accommodate the low
frequency content of the balancing power signal. On the other hand, the supercapacitors with high
power density can be considered as peak balancing power buffer, which can accommodate the high
frequency content part of the balancing power signal. The result of wavelet-based power sharing
method is verified in Section 5.2.
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Figure 3.6: Three-level wavelet decomposition and reconstruction diagram

3.4. Conclusion

A hybrid energy storage power-sharing method has been developed and proposed in this research as
a way to decrease wind farm and PV system power fluctuations. The method relies on the setting of
one-second interval at a constant output level for the wind farm and PV system, using the storage
system to absorb all deviations from the reference level at the point of common coupling. A power-
sharing strategy on the HES is developed to smooth the power fluctuations of PV and wind turbine, in
which power spikes are absorbed by supercapacitor energy storage, and battery energy storage only
needs to provide low frequency part with less rapid transients.






Hybrid Energy Storage Sizing
Algorithm

In the present paper, we focus on the optimization and the economic viability of storage from the point
of view of the power producer who is evaluating the profitability of adding a hybrid energy storage
system, which will be broadly explained in Section 4.1. On the one hand, if the grid does not have
sufficient energy storage capacity, the fluctuating power generated by wind turbines or PV panels
cannot be adequately stored. On the other hand, if the capacity is too large, the cost of investment
will increase, which will be described in Section 4.2.

4.1. Mathematical Model of HES

Based on the charge and discharge efficiency, the output power of the battery and supercapacitor can
be calculated with the following equation.

t
Byace(t) = Pb;;t() ), B ap(t) =20 (discharge) 4.1)
Pb,act(t) = Pb,ab(t)nc,b' H),ab(t) <0 (charge) (4.2)
P, t
Peaa® = 20, Ry 20 (discharge) (4.3)
,SC
Rsc,act(t) = Psc,ab(t)nc,sc' Psc,ab(t) <0 (charge) (4.4)

Where P, 45, and P, 4, is the absorbed power of the battery and supercapacitor respectively obtained
after wavelet decomposition, while ; and 7, are the discharge and charge coefficients for both battery
(map and n.,) and supercapacitor (n4s. and n.s.). Incorporating charge and discharge efficiencies
are necessary to look for consecutive charging and discarging cycles to obtain the size of each energy
storage device.

After obtaining the actual compensation power P, and Py ), the rated power of each energy

27
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storage technology can be calculated by the following equation.

B, = max (|R),act(t)|) (4-5)
Ps = max (|Psc,act(t)|) (46)

The power capacity of battery and supercapacitor is the maximum absolute value of the actual
charging/discharging power. The accumulated energy for battery (e,) and supercapacitor (e, can be
expressed by taking the integral of the rated power over period T.

T
Ey(t) = fo P,(t)dt (4.7)
T

Eyo(t) = f P (t)dt (4.8)

Where T is the time period. Afterwards, considering the State-of-Charge (SOC) limits, the base ca-
pacity for battery (Ep pqs.) @nd supercapacitor (Es. pqse) Can be calculated with the following equation.

max {Ep [t]} — min {E} [t]}

Ep base = S b —Sip (4.9)
u, ,
_ max {Esc[t]} — min{Eg [t]}
Esc,base = Suse — Sisc (4.10)

Knowing the amount of energy left in an energy storage device compared with the energy it had
when it was full provides the user an indication of how much longer that device will continue to per-
form before it needs recharging. The State-of-Charge (SOC) of the HES can be calculated using the
relationship between charging/discharging power in the energy storage equipment.

P t 1
EY* + [, (Uc,bpb,ab - mﬁ:,m) dt
s, = : (4.11)

Eb,base

P t 1
E?c“ + fo <77c,scpsc,ab - K&c,ab) dt

Sec = (4.12)

Esc,base

Where E[™ and Ei? are the battery and supercapacitor’s initial capacity respectively.

The parameters of battery and supercapacitor are shown in Table 4.1.

Lead acid battery | Supercapacitor
SOCmax 0.8 0.95
SOCmin 0.2 0.05
Charging efficiency (%) 70 98
Discharging efficienccy (%) 80 98
Rated power cost ($/kWh) 488 366
Rated capacity cost ($/kW) 325 37000

Table 4.1: The parameters of Hybrid energy storage [6]
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4.2. Objective Function

The main goal in this paper is to minimize the total cost of operating the renewable energy power
plants with hybrid energy storage utilization. According to [31], there are two main approaches in the
scope of energy storage cost analysis : total capital cost and life cycle cost. The former highlights the
investment cost, which can cover the installation, purchase and delivery of an energy storage system.
Most researchers express the total capital cost as a balance of power costs, which can be distinguished
as per unit of power ($/kW) or per unit of energy ($/kWh). The latter consists of costs of operation and
maintenance of an energy storage, as well as its recycling in addition to the total capital costs. From the
perspective of the renewable energy power plants owner, life cycle cost parameter is more important
because it comprises a more detailed calculation of the total energy storage’s cost and considers its
lifetime.

An essential financial indicator for the owner is the total spending on a technology delivered over the
total life span of the project. By adding supercapacitor into the energy storage system, it is important
to assess the economic feasibility and long run performance and comparing the benefits. Most research
use conventional approaches that only taken into account the initial investment expenses, however, it
does not reflect the true expenditure related to delivering the service.

Consequently, the initial capital cost and life cycle cost form the total cost of utilizing the hybrid
energy storage system. The total cost is divided into three main elements, which are : capital cost,
operation cost and replacement cost. The cost takes into account inflation and interest rate factors
in the next 10 years of project lifetime. These discounting factors are assumed to affect all system
elements uniformly, and applied to future expenditures to estimate the present value cost of the energy
storage system.

Energy storage sizing optimization that gives the minimum total cost while meeting the power
fluctuation requirement in the power grid application will establish the objective function. More in-
depth explanation about the main elements of the total cost is described in Subsection 5.3.1 until
Subsection 4.2.4.

4.2.1. Optimization objective

The optimization objective for HES capacity planning can be calculated by combining all three essential
components of the total cost as shown in Equation 4.13.

minFcost = Fcapital + Foperation (413)

Determining the appropriate size of the hybrid energy storage system component such that it has
minimum capital, operating and replacement costs is the objective of the optimization problem in this
research.

4.2.2. Capital Cost

Total capital cost is a one-time expenses incurred on the purchase of the whole energy storage com-
ponents. In case of hybrid energy storage, the general capital expenses consist of unit capacity and
unit power cost of the battery and supercapacitor, calculated according to 4.16.

Feapitar = Fees + Fsc (4.14)
Fggs = Cpp Py + CgpEp (4.15)
Fse = CP,scPsc + CE,scEsc (4-16)
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Where Cp and C are the cost of unit storage power and capacity respectively, applicable for both
battery and supercapacitor with specific values as shown in Table 4.1. B, and E,, are the rated value of
optimal battery energy storage power and energy value obtained from 4.4 and 4.8. Both power and
energy capacity are often used by researchers to indicate the size of an energy storage system because
newer battery technologies have both properties de-coupled from each other [18]. Moreover, including
energy and power capacity also indicate the minimal hours an energy storage is able to supply its rated
power to a particular system.

4.2.3. Occurring / operation cost

The second essential element of the total cost refers to the operation expenses which take place on
a regular basis. Primarily related with overall system management, this research consider a penalty
cost which occur in a periodic fashion. This regular cost has to maintained due to imbalance in power
fluctuation between renewable energy power plants and the allowable power of grid-tied. The penalty
cost vary when the HES capacity changes and can be calculated by Equation 4.17 throughout the
system lifetime.

T/At
Fpunish = Weyr Z Peyr (1) (4.17)
t

where w,,, is the unit cost of curtailment and P, is the curtailed renewable energy, where:

Peur (8) = Patiow (®) = (Poue (£) + Pygs(®)) | (4-18)

While operating all the system components, if the energy storage is not able to charge/discharge
anymore, curtailment of the renewable power is considered to be feasible. The unused power from
wind and PV systems therefore will be a waste, reducing the incentive of renewable energy investment
over the project lifetime. Therefore, curtailment is expected to be at the minimu level, while wind and
PV power output are desired to be utilized as much as possible.

The present value of operation cost that includes the penalty cost can be determined by using
Equation 4.19 [32].

1+f” 1+f ] e
Foperation = { punish [ 14r ! (4.19)
Fpunlsh Xmn, r=

where r being the annual real interest rate (%/year), f being the inflation rate of operation cost
(%/year), and n is the system life time in n years. Curtailment can be regarded as an inefficient use
of renewable sources. In real-life application, a certain amount of energy curtailment is acceptable
and most likely be unavoidable, especially when operating the hybrid energy storage with varying
confidence level. However, it is necessary to avoid large-scale curtailment by minimizing it with hybrid
energy storage, and ultimately achieve zero-curtailed energy in the power system.

4.2.4. Non-occurring / replacement cost

On the contrary with operation/regular cost, a replacement cost is a non-recurring costs which does not
happen on a regular basis. Replacements take place when a certain component starts to deteriorate
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and has to be replaced. The lifetime result obtained from Section 3.2.2 forms the replacement cost of
the energy storage system. Replacement will take place when the battery reach the end of its lifetime
within the life cycle of the whole system. By taking into account the inflation and interest rates, the
present value replacement cost can be calculated by using Equation 4.20 [32].

LGP
F;"eplace = (CP,be + CE,bEb) Z [1 Tr (420)
i=1

where N,., is the amount of replacements within the life cycle of the system, and N; being the
number of years. Cp, is the unit component cost of the battery energy system, while B, is the rated
value of optimal power of the battery storage system. Cy;, and E, are the cost unit of unit storage
capacity and the energy capacity of the battery after the optimization. By calculating the lifetime of an
energy storage using Equation 3.10, N, is obtained simply by dividing the system life period in years
with the life period of the intended technology.

It is worth to mention that replacement cost does not included in the objective function of the
optimization problem. The life cycle cost is using the rainflow counting method, which considers the
state-of-charge of battery in the hybrid energy storage as an input. The method then calculates the
equivalent cycles and converted into an additional cost, adding more expenses to the objective function
to identify the optimal capacity of the energy storage choice.

The proposed life cycle cost is assumed not to include the cost of either start-up or shut-down of
the system, but can be associated as another single-payment capital cost. The purchasing of a new
device is assumed to also include the cost of installing new energy storage devices and recycle cost of
the older devices.

4.3. Constraints

The following constraints are necessary to be taken into consideration to ensure the optimization of
the total cost of hybrid energy storage system.

In order to meet the requirements of the grid-connected, the fluctuations of the output power from
wind turbines and PV system must be limited to a certain extent. In this paper, the power ramp rate
(PRR) is used to evaluate the degree of power fluctuations on the power system. The PRR can be
calculated by Equation 4.21.

Pmax,At - Pmin At

Rorrat = - x 100% (4.21)
n

Where Ry, a¢ is the power ramp rate in time interval At. B, is the rated power of the wind turbine
and PV system, P,qxa¢ @nd Pyinac are the maximum and minimum power output of the microgrid
respectively in time interval At. According to the requirements of the grid acceptable power in 3.1.2,
the PPR limit can be defined as the maximum fluctuation for one minute. In the one minute interval,
the PPR must be bounded in 4.22.

Max(Rprr1) < 10% (4.22)

The real-time SOC is to be kept within the safe or desired range as the operation’s security matter. In
this research, it is expected that the real-time SOC of both battery and supercapacitor always fluctuate
inside of the permitted interval, based on Equation 4.23 until 4.26.
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_ max{e, ()

SO,B 2 SL,B (4.23)
Eb,base
min {e, (t)}
0,B - E—b() S SU,B (4.24)
b,base
max {Eg. (1)}
0,sc — E—SC = Sl,sc (425)
sc,base
min {Es.(t)}
SO,SC - % < Su,sc (426)
sc,base

where S; and S;, are the upper and lower limits of SOC of the battery and supercapacitor.

Bv() <cpy VLET

Py(t)<cy VLET (4.27)

The PV and wind turbine maximum power outputs are constrained by 4.27 respectively.

4.4. Optimization Method Considering Uncertainty

The existence of many uncertain factors in renewable energy bring new challenges to the hybrid en-
ergy storage system planning. However, numerous methods that have been developed are based on
accurate renewable energy output power profile without considering uncertainty. Sizing the energy
storage for renewable energy applications with realistic representation of wind/solar power uncertainty
remains a necessity.

4.4.1. Chance Constraint Programming

Sizing the energy storage in a power system with the utilization of renewable energy needs to have
access to a realistic representation of wind and PV power uncertainty. A lot of developed models
only used an accurate profile of wind and PV power, or a forecast system that still has errors from
10% up to 22% [14]. Given this problem, it is necessary to use a stochastic optimization method,
that is suitable for solving problems that are associated with uncertain factors. A new method called
chance-constrained programming is presented in this paper.

A Chance-Constrained Programming (CCP) can handle and model stochastic decision systems with
assumption that the constraints will hold at least within a specified confidence level, provided as an
appropriate safety margin by the decision-maker [33]. The constraint conditions are allowed to be
dissatisfied within a risk level, so as to make the traditional rigid constraints keep a certain degree of
flexibility while making a compromise between obtaining optimal objective and meeting the constraints.
Thus, chance-constrained programming can be a useful tool to evaluate the probability or reliability of
holding boundary constraints [34].

The general model for chance-constrained programming is shown in Equation 4.28 and 4.29.

min f(x) (4.28)
stPrigi(x,&)<0,j=12..n}>a (4.29)
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Where x € R" is a vector of decision variables; ¢ is the stochastic vector; f(x) is the objective
function; g;(x,§)(j = 1,2, ...,n) is the function’s constraint; P.{-} refers to the probability of the event
{-} and « is the specified confidence level of the constraint function to be satisfied. In toher words, the
constraints will be violated at most (1- a) of time.

Because of the uncertainties in renewable energy generation, mathematically the power fluctuation
could be formulated as a stochastic optimization once. Chance constrained approach could be applied
with an objective of minimizing the investment and find the most economical HES capacity, subject to
the fluctuation constraint of wind and PV output power with the confidence exceeding required certain
limits. The size will depend on a cost-risk analysis, comparing the cost of the HESS against the risk of
violating the constraints, leading to a considerable reduction of the HES size.

The chance constraint-based HES cost optimization could be formulated by Equation 4.30 and 4.31.

minF, g (4.30)
Pr{|AP.| — 10% of Total Capacity <0} >« (4.31)

In this research, the limited power ramp rate from Equation 4.21 is translated into the confidence
level value as stated in Equation 4.31. AP, is the difference of Pygya¢ @nd Pyinae, the maximum and
minimum power output of the microgrid respectively, in time interval At. According to the requirements
of the grid acceptable power, the 10% of the total renewable plants capacity limit can be defined as
the maximum fluctuation. It should be stated that highly violating the power fluctuation grid code may
result in unsought and possible extreme financial penalties. Therefore, the constraint could be violated
under some exceptional cases, but the probability of such power fluctuation violation must be less than
a specified rate.

While CCP has been proved to be a powerful tool to consider the uncertainty in model parameters,
the realization of the method has been limited by the strict mathematical structures required by con-
ventional procedures such as linear and linear programming [35]. The application has to consider an
optimization solution that can offer flexibility in CCP problem formulation.

4.4.2. Genetic Algorithm

Genetic Algorithm (GA) is an optimization tool for a stochastic problem. Using a population based
tool, the algorithm initially set a randomly generated population to set the initial solutions to the multi-
objective problems. This fitness of the solution, or “fitness function”, is used to evaluate each solution
individually an rank them according to their fitness value. The optimal solution is obtained by going
through different operations such as crossover, reproduction and mutation.

Figure 4.1 represent the Monte Carlo simulation embedded with genetic-algorithm approach is
employed to solve optimization problem as described in Equation 4.13. Dealing with a system with
an integration of PV and wind power output, uncertainty brings new challenges which deterministic
techniques are unable to handle. Therefore, GA technique can bring flexibility to handle a stochastic
problem with a chance-constrained optimization.

In this research, numerical models such as Monte Carlo (MC) simulation is incorporated into the GA
search process. The general idea of using the MC simulations is to check whether the solution meet
the chance-constraint in the GA fitness function. If the chance constraint is not met, a certain penalty
is exacted, reducing the fitness of a certain strategy. The best solution is evaluated based on both the
objective function and the ability to meet the constraint for a specified chance of MC realizations.
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Figure 4.1: Flowchart of the developed CCP-based method for optimal sizing of HES considering uncertainty

4.4.3. Sizing HES using CCP-GA optimization

The following assumptions have been made for the optimization procedure:

1. The uncertainty of wind and solar output power model can be formulated under presumption that
the profile obeys a normal probability distribution as followed:

B.(t + k|t) ~~ N (p(t + k), o(t + k[t)?) (4.32)
0<P.(t +k|t) < Piorm (4.33)

Where Equation 4.32 introduces a random generator of the fluctuation power B.(t + k|t) which
assumes the next power fluctuation is subject to a normal distribution with the mean of zero and
a standard deviation of o(t + k|t). Equation 4.33 ensures the fluctuation power will not exceed
the range of installed capacity.

2. For any given decision of x, using Monte Carlo simulation is used to check the constraint is
satisfied. N independent random vectors are generated based on the normal density function,
which are (¢,,¢;,...,éy). If N is the number of all vectors, then the number of cases that follow
or satisfy the constraint 4.31 can be denoted as N'. Mathematically, a chance constraint can be

expressed by Equation 4.31 if %’ > a.

The goal of the optimization problem is to minimize the overall total cost of hybrid energy storage
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while keeping the differences between the actual renewable power otuput and the allowable power
profile within a certain limit.

The objective function formulation has been explained in 4.13 and can be described again as follows:

Main steps of this method can be summarized as follows:

T/At

minC = CP,be + CE,bEb + CP,scPsc + CE,scEsc + Z Pcur (t) (434)
t
The constraints of the problem are described as follows:

s.t. Pr{|AP,| — 10% of Total Capacity < 0} = a% (4.35)

SOCmin < SOC; < SOCiax
VteT,Vs€S (4.36)
if PBAt > 00rP5¢ >0 (4.37)
SOC(tsarys = SOCys + nhAtPES/SC (4.38)
VteT,VsES (4.39)
if PPt < 00rP?C <0 (4.40)

1

SOC(r4nty,s = SOCys — WAtPfS“”‘SC (4.41)
VtEeT,VSsES (4.42)

MC simulation based genetic algorithm optimization is used to solve the CCP-based problem as
formulated in constraint 4.35. The penalty function is incorporated into the GA fitness function as
the violation of the power fluctuation exceeding the constrained value. The step-by-step optimization
procedure can be described as follows:

1. Initialize the algorithm parameters, including power and economic parameters, specify the con-
fidence level of the chance constraint.

2. Input the optimization parameters in the genetic algorithm, including the maximum number of
generations (50), and the probabilities of crossover (0.1) and mutation (0.01).

3. Generate wind and PV output power scenarios by MC simulation and initial population of decision
variables. In this research, the decision variable (chromosome) used to solve the optimization
problem with GA is composed of T genes, or the total amount of hour t in the simulation time
window. Each gene represents the amount of charging/discharging power of the hybrid energy
storage that is necessary to balance the difference between actual power output from PV and
wind turbines, with the admissible power fluctuation.

Figure 4.2 shows the structure of chromosomes that represent the decision variable in this opti-
mization problem. In each population, charging/discharging state of the hybrid energy storage
is generated.

The amount of balancing power is generated and the positive / negative sign represents the state
of charging/discharging of the hybrid energy storage considering uncertain parameter values.
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Operational Decision

Fitness
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O O O O N = Nycenario

O = Hybrid energy storage charging (+) / discharging (-) power at t

Figure 4.2: Charging or discharging power of the hybrid energy storage in each minute t

According to the power sharing strategy in Section 5.2, the charge/discharge power of both
battery and supercapacitor can be determined.

For each given chromosomes, Monte Carlo checks whether the chance constraint is violated or
not by the following procedure :

(a) Set a number of simulations allowed (N).

(b) Set counter t = 0.

(c) Initialize N" = 0.

(d) For each t, a random number is generated obeying the normally distributed power fluctua-
tions by using 4.32 and 4.33.

(e) Check whether the chance constraint of 4.35 is satisfied, if yes, set N = N" + 1.

(f) Sett=t+ 1.

(g) If t<T, the iteration starts again from step d, otherwise continue to the next step.

(h) When %I > 80%, the chance constraint 4.35 is satisfied and return “YES"; otherwise return
"NO”,

4. Evaluate the objective function to all chromosomes. If the constrains are violated, calculate
the fitness function using the penalty function approach based on the objective function. If the
chance constraint is not met, it means an amount of wind and PV output power is curtailed, which
decreases the fitness calculation as a form of penalty or curtailment factor.

5. Apply selection, crossover, and mutation operators to generate new population generation.

6. Repeat until the given iteration step is reached or termination condition is satisfied. After 5-th
generation, the mean average fitness function of the previous 5 generations are compared with
the fitness afterwards. If the next average fitness is better, the sampling continues. As GA
is a computationally extensive optimization, the defined stopping criterion is when there is no
improvement in the population after 5 number of iterations.

4.5. Conclusion

This chapter provided an overview of a stochastic approach to analyze the required storage capacity of a
hybrid energy storage. Since there are uncertain variables, uncertain programming should be adopted
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to solve it. CCP is ensuring that the combined power output from PV, wind turbines and hybrid energy
storage match the expected profile of grid acceptable power within the desired level. The Monte Carlo
simulation is used as a scenario generation method that provides a general approach for solving CCP
problems. Hence an essential demarcation is established between the two methods. CCP is employed
in conjunction with a GA optimization problem, and Monte Carlo method is just a form of simulation
technique as an alternative way for handling different kinds of uncertainties.






Simulation results and discussion

In this chapter, the details of the power fluctuation of the selected power system is firstly explained.
The detailed explanations can be found in Section 5.1. The necessity of installing energy storage
to fill renewable energy variability will be described in Section 5.2, by adopting the power sharing
management to the hybrid energy storage. Lastly, Section 5.3 broadly explained the evaluation of
cost-based optimization of the hybrid energy storage and comparisons of different technologies.

5.1. Grid Power Fluctuation

This research uses the real 365-days of wind and PV data from a 5 kW wind farm and 7 kW of solar
array in Indonesia to test the performance of the proposed method. According to Equation 3.8, the
maximum fluctuation of the power output is 1,2 kW for each minute. Figure 5.1a and 5.1b show the
original power output and the grid acceptable power according to the standard, obtained by using
Equation 3.2 to 3.8. The acceptable power output can be denoted as the power injected into the grid
after combining the actual power output with the hybrid energy storage power charge/discharge output
power.
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Figure 5.1: Grid acceptable power with 1 minute timescale

To meet the requirement of the grid acceptable power standard, HES is applied to maintain the
balance between the grid input power and the output power from wind turbine and PV array, which

39
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will result in the orange line. The algorithm is proven able to obtain the grid acceptable power as
illustrated in Figure 3.3, where the power injected to the grid is automatically corrected its value when
the fluctuation value is beyond the range of +1,2 kW.

The difference between the original power output and the acceptable power output represents the
balancing power, as shown in Figure 5.2. FFT method according to Section 3.2.3, is conducted to the
balancing power to convert the signal from time domain into frequency domain as shown in Figure 5.3.

Balancing power in time domain
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Figure 5.2: Balancing power in time domain
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Figure 5.3: Balancing power in frequency domain after FFT method

From the frequency domain, it can be seen that most of the spectrum of balancing power is con-
centrated on the low frequency part. The low frequency balancing powers are of high amplitudes when
compared to the high frequency balancing powers. Even though the amplitudes are much lower than
the low frequency components, high frequency components existence will still affect the overall energy
storage capacity if only one energy storage type is applied in the system.

Table 5.1: Power and energy capacity of battery-only storage system

Rated Power (kW) | Rated Capacity (kWh)
] Battery-only storage system 1.6 6.4

Table 5.1 shows that if a battery-only energy storage system must satisfy the total balancing power
in Figure 5.2, its rated power and energy capacity will be oversized a lot. Moreover, if only battery is to
compensate the high-frequency components contained in balancing power, the capacity configuration
is expected to be oversized. Consequently, total investment and operation cost will increase. There-
fore, implementing a hybrid energy storage which consists battery and supercapacitor technologies is
proposed. The supercapacitor is in charge for all the high-frequency transients of the balancing power.
On the other hand, battery technology is accountable for all slow-variation signal from balancing power.
The energy of high-frequency components can be absorbed which not only will smooth the actual out-
put power from the renewables, but also will reduce the capacity of battery energy storage and the
total cost of operating the system.
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5.2. Power Sharing Management of the HES

In mathematics, the wavelet is a sequence of square-shaped functions that contains different scale.
The analysis of transforming balancing power with wavelet method begins with a decomposition of the
balancing power signal into an approximation and a detail sequence, as shown in Figure 3.6. Balancing
power from Figure 5.2 is considered as the original input data for the wavelet analysis, f(k), for k =
0, T, 2T,..., (N-1)T; where T is the sampling time. Sampled signals are denoted as finite sequences of
numbers, for example, f;, f>, and so on. Wavelets are defined by the wavelet function and its scaling
function in the time domain. Transforming sequences (f;) to a continuous-time signal f(t) be obtained
by using “scaling function”, to construct each wavelet as shown in Equation 3.17.

The basic idea of this wavelet transform is to replace an adjacent pair of steps by one wider step
and one wavelet. As an example, consider the following sampled signal which has a length of 8 and
consists of:

f = {fk};=0 = {8' 4' 6: 8' 9: 71 2: 4’} (51)

Figure 5.4 represents the sequence signal f;, and its wavelet function, constructed using the scaling
function by using Equation 3.17. Therefore, the continuous-time signal f(t) is a piecewise constant on
intervals of length one.

Sequences Functions
10 10
5 5
0 2 4 6 8 0 2 4 6 8

Figure 5.4: Sequence (left) signal and wavelet function (right) signal of f

A "coarser version” of f of the sequence f can be computed by calculating the mean of neighboring
sequence elements, as shown in Equation 5.2.

1= {fkl};o _ {fo ‘;fl'fz -2|_f3,f4;f5’f6 ;ﬁ} _(6,7,8,3) 5.2)

The result of combining two neighboring steps with width 1 into one step of width 2, leads to a
power signal f! that contains half of the length of the original signal f. F! = 6,7,8,3 represents a
coarse approximation of the initial signal f. The first half of the sample, (8,4), has an average value
of (6), and so does for the rest of the sample. Afterwards, the continuous-time signal f(t) can be
constructed by using Equation ?? with intervals of length 2. F! is a new sequence signal which again
is used to construct the corresponding wavelet function £1(t), likewise a piecewise constant signal but
with intervals of length 2 as shown in Figure 5.5.

After obtaining the coarsened signal, the detail signal can be obtained by calculating the difference
signal between £ (t) and f1(t). The "detail signal” represents the signal contributions that are necessary
to recover the coarsened version of signal f1(t) to the original signal f(t).

This signal also is called “detail signal”. Detail signal by definition represents the signal contributions
which are needed to recover the original signal f(t) from the coarsened version f1(t). After computing
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Figure 5.5: Sequence (left) signal f* and wavelet function (right) signal of f£*(t)
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Figure 5.6: Sequence (left) signal d* and wavelet function (right) signal of d*(t)

the sequences of d?, the continuous-time signal of d*(t) can be constructed as shown in the right-side
of Figure 5.6.

The above procedure is a one-step-version of the wavelet transform, which is applied to the rest of
the original balancing power. The computation of £ can be described as :

ft=Hf (5.3)

where H represents the downsampling of the signal, where the number of sequence elements are
divided by two. Later on, the difference between original signal and the downsampled signal, d*, can
be written as:

d' = Gf (5.4)

where d* represents the details needed to recover f, and G represents the upsampling of the signal
that is used to double the width of f as a consequence of the coarsening procedure. This following
formulas are extended to a general discrete signal of length N, which in this case, the balancing power
to smooth the renewable power fluctuation. The representation of the complete procedure is illustrated
in Figure 3.5.

According to Equation 3.20, the maximum decomposition layer of three is used here. The three-
level wavelet transform is utilized for decomposition of the balancing power as shown in Figure 5.2.
Ultimately, the power signal decomposition is used to obtain the transients that can be assigned for
the supercapacitor. Figure 5.7, 5.9 and 5.10 represent the approximation signals which contain the
low frequency components of the original balancing power signal. For display purposes, results are
displayed with time-scale of one day.

Figure 5.7 is obtained by replacing neighboring pair of sequences by one wider step and one wavelet,
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following Equation 5.2. A zoomed-in version of the signal (f(t)) and its wavelet functions (f(t)) are

illustrated in Figure 5.8a and 5.8b.
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Figure 5.8: f, f1, and d* signals

The wavelet transformation is repeated by using the newer sequence f1, or the approximation
signal level-1 in Figure 5.7. With each decomposition process, the (n+1)-th level approximation signal
expresses the sum of a new, coarser approximation and a new, lower-frequency set of wavelets from

the previous level.
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Figure 5.9: Approximation Signal Level-2
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After three-level decomposition processing, the last approximations signal which contains low-

frequency signal is extracted from the total balancing power x(n) as the power demand for the battery
system, as shown in Figure 5.10. Peak power of each approximation signal also reduces accordingly,
from 0.65 kW to finally 0.21 kW. An essential understanding from the reduction of the peak power is
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Figure 5.10: Approximation Signal Level-3

that the wavelet power decomposition can separate between true components and the noise in the
original power signal. The reduced peak value refers to interference or noise signal, which will be
absorbed by the supercapacitor to smooth the power curve.

The method can distinguish the transients, which forms the detailed signals that only contain high-
frequency components. The transients, [D;(n), D,(n), Ds;(n)] are distributed to the supercapacitor,
which resulting in power demand for the device as the total sum of high-frequency signals shown in
Figure 5.11, 5.12, and 5.13.
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Figure 5.12: Detail Signal Level-2

Figure 5.7 until 5.13 shows that lower detail components have higher frequencies, which corre-
sponds to the component in the balancing power which rapidly changes and fluctuates heavily up and
down near zero. Consequently, the energy of the higher frequency signals is low. On the other hand,
the approximation signals have lower frequencies, with slowly changing component of the balancing
power. A3 in Figure 5.10 represents the slowest changing component of the whole power spectrum
in the balancing power. The low frequency A3 can be distinguished as the main part of the original
balancing power curve, thus play a dominant role.

Figure 5.14 shows the zoomed-in decomposition process of the original balancing power signal



5.2. Power Sharing Management of the HES 45

§0.; P‘ M‘” H 19 M “ M"rﬁv "Lﬂ’m MM\ P\ g \‘HP\ JMWPHR PUWMP” h ﬂ |
30‘1 [ u“ U I “HHLJ \f “UL JL H”L MU U H“JU uu H hmuu d LJLJ NWUH&F

Figure 5.13: Detail Signal Level-3

into approximation component and detailed component by wavelet transform. According to the dif-
ferent power and energy density characteristics of the two types of the mentioned storage devices,
the detailed part which contains a lot of high frequency components, is suitable to be compensated
by supercapacitor. On the other hand, the majority of approximation part is convenient to be met by
battery system. The strategy can successfully segregate balancing power into low- and high-frequency
components.
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Figure 5.14: Zoomed-in decomposition of balancing power using wavelet transform

It can be observed from the results of power sharing using the wavelet decomposition in Figure
5.14, the power demand for battery does not contain high frequency components anymore. The peak
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power that the battery faces is reduced from 0.64 kW to 0.2 kW, in addition to the slower power
derivative. The power demand curve for battery after wavelet decomposition is complementary with
the slower response speed characteristics of battery technology. On the other hand, the total of all
detailed signals are supplied by the supercapacitor, supplying 1.1 kW of peak power to the grid.

The supercapacitor power, shown in Figure 5.14, is the detail part of the balancing power and
consists of transients, which is appropriate for the device’s characteristics. The high transients are
compensated, providing up to 1.2 of peak power and relieving the burdens on the battery system.
The power demand curve for supercapacitor has low energy but changes quickly, which is comple-
mentary with the characteristics of supercapacitor that has faster response speed compared to battery
technology.

Table 5.2 shows the energy and power capacities of both battery and supercapacitor after the
power sharing management by wavelet analysis decomposed the balancing power to smooth out the
fluctuation on the grid. It is important to mention that the combined smoothing output in this case
met the overall systems fluctuation constraints to the maximum event, which in this case represents a
100% confidence level.

Table 5.2: Energy and power capacities of the HESS after wavelet transformation

Battery | Supercapacitor
Rated Power (kW) 0.3 1.2
Rated Capacity (kWh) | 5.8 0.5
SOC range (%) 20-80 | 5-95

Table 5.2 shows that the battery system energy capacity is relatively larger than the supercapacitor
energy capacity. Compared to the battery-only storage in Table 5.1, rated power of battery in hybrid
energy storage with using wavelet power sharing method reduced from 1.6 kW to only 0.3 kW. More-
over, rated capacity of battery also decreased from 6.4 kWh to 5.8 kWh for battery-only storage system
and battery in the hybrid energy storage system respectively.

Figure 5.15 shows that with the increase of confidence level, the energy capacity of both battery and
supercapacitor is increased. There are two turning points, 84% and 98%, which will be investigated.
With only 84% of confidence level in smoothing the power fluctuation, battery with a capacity of 2 kWh
and supercapacitor with a capacity of 0.2 kWh is needed. On the other hand, a battery capacity of 4
kWh and a supercapacitor capacity of 0.3 kWh is necessary to deal with 98% of all the fluctuation.

Hybrid Energy Storage Capacity

7
=)
Z5
£y
[
§3
32
m
0
80 82 84 8 8 9 92 94 9% 98 100

Confidence Level (%)

m Battery Capacity = mSupercapacitor capacity

Figure 5.15: Hybrid energy storage capacity under different confidence levels

It can be seen from Figure 5.16a and Figure 5.16b that capacity of energy storage is a key factor for
the operation strategy and optimal result of power smoothing. If the hybrid energy storage capacity is
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adequate, the smoothing effect of the actual power output can be obtained. However, with a difference
of 2 kWh in the battery capacity between 84% and 98% confidence level, several peaks are not handled
by the hybrid energy storage, which will result in power curtailment.
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Figure 5.16: Result of smoothing fluctuation operation strategy under different confidence level

Peaks at t= 854, 858 and 860 minute show that there is no power smoothing effect from the hybrid
energy storage. Inadequate sizing of the energy storage under 84% confidence level causes limited
allowable charge/discharge power that can be fed to the grid to handle PV and wind power output
fluctuation. Consequently, the amount of difference between actual power output and acceptable
deviation is curtailed, which also has an effect on the systems operation costs that will be broadly
explained in Section 4.2.3.

5.3. Optimal Sizing of HES

The algorithm is provided along with the effective power sharing strategy of battery and supercapacitor
to obtain the optimal capacity of hybrid energy storage to smooth the PV and wind output power
fluctuations. The optimal total cost will be investigated through the capital cost in Section 5.3.1,
operating cost in Section 5.3.2 and replacement cost in Section 5.3.3 through out the lifetime of the
energy storage system. Ultimately the optimal toal cost of hybrid energy storage technology considering
renewable energy uncertainty is identified in Section 5.3.4.

5.3.1. Capital cost

During the objective function evaluation of the population, the final values are recorded and compared.
From Figure 5.17 it can be observed that GA optimization is able to reach a constant value at the ninth
iteration. The iteration is terminated after the 13-th iteration when the local minima of the objective
function is not changing

Figure 5.18 shows the total capital cost rises as the confidence level increases from 80% to 100%.
For the confidence level of 80% to 98%, the cost curve rises slowly. However, with an increase in
above 98%, it is observed that it contributes to a higher degree of total investment cost. With only 2%
increment, the price escalates quickly for almost 49% of the from 13230$ to 19437¢, with almost 47%
of the increase. Despite the gradual increase, there are several sharp rises between the interval of
84-86% and 92-94%, with a total increment of 22% and 10% respectively. On the other hand, other
intervals show less than a 10% increase.

As mentioned in Section 5.3.1, the total capital cost is a one-time expense incurred on the purchase
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Figure 5.17: GA optimization objective function plot
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Figure 5.18: Total cost of HES under different confidence levels

of the whole energy storage components, consists of unit capacity and the unit power cost of the battery
and supercapacitor. Increase in the confidence level contributes to higher capacity of both devices.
Table represents the rated capacity and power of storage battery and supercapacitor for confidence
intervals, which has a steep increment in the total capital cost.

Table 5.3: Energy and power capacities of the HES under different confidence level

Confidence Level Battery Supercapacitor
(%) Prated (kW) | Erated (kWh) | Prated (kW) | Erated (kWh)
80 0.15 1.37 0.94 0.21
86 0.2 3.3 1.1 0.25
94 0.27 3.6 1.18 0.3
100 0.3 5.8 1.2 0.46

Table 5.3 shows that the rated power and capacity of battery and supercapacitor under different
confidence level. The result shows that to completely cover the whole range of uncertainties, hybrid
energy storage power and energy capacities are necessarily much higher than the expected value
capacities. However, if a certain level of risk is acceptable, both power and energy capacities will
become considerably smaller and the model allows this risk estimate.

Figure 5.19 represents the composition of the investment cost of hybrid energy storage compared
to the battery-only storage system. The optimal supercapacitor sizing has a significant contribution
to the overall capital cost. The one-time expenses rapidly increased with increasing supercapacitor
capacity. Consequently, the capital cost for a battery-only energy storage system is far more affordable
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compared to installing hybrid energy storage.
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Figure 5.19: Investment cost of HES under different confidence levels

The study of using hybrid energy storage system was initially developed to improve the smoothing
of power fluctuation on the grid while improving the battery’s lifetime and replacement cost. When
only looking at the capital cost, the advantages of using hybrid energy storage in an electrical power
grid are weakened, as the cost difference between them is too significant. Moreover, battery’s cost is
also declining in the future, making the hybrid energy storage more unfavourable. Therefore, including
operation and life cycle cost calculation is necessary to have a better comparison between hybrid energy
storage to that of the battery-only energy storage system, and clearly, show the advantages of adding
the supercapacitor.

5.3.2. Penalty / Occurring cost

The present value of the penalty cost of a hybrid energy storage system is the present value of all penalty
costs occurring in 10 years, which is the expected total system lifetime. Penalty costs are applied to the
accumulated solar and wind energy that needs to be curtailed or in deficit. Consequently, the penalty
cost will reduce the economic benefits of integrating solar and wind power generation into the system.
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Figure 5.20: Penalty cost of HES under different confidence levels



50 5. Simulation results and discussion

Figure 5.20 displays the total penalty cost imposed on power producers if the total output from PV
and wind turbines exceed what the grid can accept. The result shows that with a low confidence level
of the hybrid energy storage, less penalty cost is incurred to the power producer. With the optimal
configuration of hybrid energy storage being under a confidence level of 90%, more than 1000$ of
penalty costs over ten years of the system’s lifetime. Over period of 10 years, using a HES under 100%
confidence level does not impose any penalty to the power producers.

Figure 5.21 represents the battery state of charge respectively under 80% confidence level. The
SOC of battery is kept in the range between 0.2 and 0.8 in order to prevent overcharging/discharging.
It can be seen that under confidence level of 80 %, battery reaches the maximum level of their SOC,
resulting in curtailment of the PV and wind power output.
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Figure 5.21: SOC Battery (80%)
Most of the time, curtailment losses come from power from PV and wind turbines that is not exported
to battery nor the grid and cannot be used. Table 5.4 shows that higher confidence level, implies to

higher capacity of both battery and supercapacitor, can reduce the curtailment losses and maintain the
state of charge within the safe range.

Table 5.4: Power curtailed under different confidence level

Confidence Power
Level Curtailed
(%) (kw)
80 2642
82 2387
84 2319
86 1369
88 1153
90 1019
92 917
94 651
96 527
98 280
100 0

It is worth to mention that the curtailment is associated with investments of the hybrid energy
storage, where power producers voluntarily accepts curtailment due to the power grid fluctuation
constraint.

5.3.3. Life cycle cost

Rainflow algorithm principle as broadly explained in Section 3.2.2 is used to define full and half cycles
of battery’s state-of-charge in each confidence level. Once the number of cycles are calculated, the
rainflow histogram with fixed depth-of-discharge range is created to show the linkage between number
of cycles, depth-of-discharge interval and battery’s lifetime.
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Figure 5.22 shows the comparison of battery-only energy storage and hybrid energy storage lifetime
on each confidence level. Based on Equation 3.10, in the case of the battery-only energy storage
system, the expected lifetime for the battery is 1.3 years, whereas in the case of hybrid energy storage,
battery lifetime is expected to be 6.2 years. By using battery alone as the energy storage system, the
battery lifetime is reduced due to compensating all the balancing power.

Energy Storage Lifetime
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Figure 5.22: Comparison of energy storage lifetime

As shown in Figure 5.23a and 5.23b, the increase of almost 5 years of battery lifetime corresponds
to the decrease of 10 discharge/charge cycles per day. By utilizing supercapacitor in the energy storage
system alongside the battery, high-power transients in the power fluctuation on the grid can be com-
pensated by charging/discharging the supercapacitor, rather than using power drawn for the battery.
Not only the amount of cycle counts, but utilizing supercapacitor also affects the interval of depth-of-
discharge. The figures show that the amount of cycle shift towards the low DOD range, from 0.4-0.45
to 0.35-0.4. The result shows that cycling a battery at a lower DOD improves prolong the battery’s
lifetime.
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Figure 5.23: Histogram of rain-flow cycles results

Figure 5.24a and 5.24b will show more correlation between the number of battery’s cycles and its
lifetime. The histogram of cycle counts shows a mix of partial and full cycles which can be translated
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into a real battery’s lifetime. Operating the hybrid energy storage under 86% of confidence level results
in 4 years of battery’s lifetime, while operating HES under 94% of confidence level increases the lifetime
to 5.5 years. The cycle life also shows improvements by having more cycle at reduced DOD range.
Figure 3.4 shows that by regularly discharging the battery at a lower DOD interval, the battery will
have more useful cycles. On the other hand, frequently discharging the battery a higher DOD range
will drain the device. The histogram of rain-flow cycles in Figure 5.23a until 5.24b are aligned with
the battery manufacturer’s data. Increasing confidence level of smoothing power fluctuation effort in a
hybrid energy storage will also increase the capacity of battery. Adequately sizing the battery will avoid
rapid charging/discharging modes, as shown in Figure 5.21 and 5.26. Consequently, the charging cycle
in the battery is reduced and the battery lifetime is improved.
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Figure 5.24: Histogram of rain-flow cycles results

Figure 5.25 and 5.26 represents the battery’s SOC in a battery-only storage system and in a hybrid
energy storage under 100% confidence level. By only using battery in the energy storage system,
battery experiences frequent shifts in charging and discharging states. On the other hand, Figure 5.26
shows that battery’s state of charge in a hybrid energy storage is relatively more stable with less shift
of charge/discharge states. Both SOC curves are not violating the safe operation range of the battery
(i.e., 20-80%) as the battery capacity is adequately sized without taking into account the confidence
level of smoothing power fluctuation effort.
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Figure 5.25: Battery’s SOC of a battery-only storage system

The state of charge curve validates the linkage between battery’s operating condition and its lifetime.
If a battery that is not adequately sized, for example under confidence level of 80% in Figure 5.21, is
compared to the battery with 100% confidence level of smoothing renewable power fluctuation, the
former curve shows violation of the SOC limits while the latter is able to keep the SOC within the safe
range. According to lifetime data of battery under each confidence interval in Figure 5.22, battery
with confidence level of 80% will only last for 3.3 years, while with 100% confidence in smoothing
renewable output power fluctuation, battery will last for 6.2 years. Not only that the battery experienced



5.3. Optimal Sizing of HES 33

08— =
0.7 — =
06— =
» 0.5 -

0.4 -

03— -

02 | | [ | | [ [ —
0 200 400 600 800 1000 1200 1400
Time (minute)

Figure 5.26: Battery’s SOC of a HES (100%)

frequent charging and discharging, in the case of 80% of confidence level, battery also experienced
over-charging that should be avoided. Therefore, violation of the SOC limits may result in shorter
lifetime and early failure. The degradation of the battery is more prominent due to the frequent
battery charging/discharging cycles.

Even though in this research it is assumed that supercapacitor will not be replaced over the project’s
lifetime, it is still worth to investigate the SOC curves of the technology under different confidence level.
Figure 5.27 and 5.28 shows the SOC curves of supercapacitor under 80% and 100% of confidence level
in smoothing the renewable power fluctuation. The total rated energy of supercapacitor is 0.2 kWh
and 0.5 kWh respectively.
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Figure 5.27: SOC Supercapacitor (80%)
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Figure 5.28: SOC Supercapacitor in a HES (100%)

Even though there is no SOC violation (i.e., 5-95%) in both cases, the supercapacitor’s SOC curve
under confidence level of 80% shows rapid charging/discharging states compared to confidence level
of 100%. While the desired capacity configuration of supercapacitor is smaller, installing a 0.2 kWh
of the technology causes rapid changes of charging and discharging mode, which may lead to a low
lifetime similar in the case of battery energy storage. Adequately sizing the supercapacitor avoids the
frequent charging and discharging of the device as seen in Figure 5.28.
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5.3.4. Total cost of optimally sized hybrid energy storage

Section 5.3.1 until 5.3.3 has identified all cost components that form the objective function of the
sizing capacity of hybrid energy storage. Figure 5.29 presents the total cost of energy storage worth
of investment, operation and life cycle cost. The final cost results estimates the future spending that
includes the inflation and interest rate to consider the time-value of expenditure for 10-years of project
lifetime.
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Figure 5.29: Total cost of energy storage

The HESS equipped with battery and supercapacitor energy system shows that the investment is
suitable to replace the traditional battery energy storage system. A hybrid energy storage with up to
90% confidence level in handling the power fluctuation is more economically feasible compared to the
total cost of using a single battery energy storage device, which is 13979$. The 10% reduction in cost,
along with better battery lifetime and performance using a hybrid energy solution, shows that 1.7281
kWh of battery energy storage and 0.026 kWh of supercapacitor the optimal size of HES.

Figure 5.30 shows the comparison of total cost of hybrid energy storage with total penalty cost over
the system’s lifetime without adding any energy storage into the system. The result shows that with
hybrid energy storage which operate under an 80% confidence level, the total cost of adding battery
and supercapacitor can compete with the cost of curtailment. Smoothing power volatility with a hybrid
energy storage under confidence level of 80% results in 1.37 kWh and 0.2 kWh of energy capacity for
both battery and supercapacitor respectively.

Findings from multiple researchers and articles show that curtailment of renewable energy may be
cheaper than investing in a grid-scale energy storage system. In some cases, curtailment of low-cost
solar and wind can still produce energy below the variable cost of burning natural gas to generate
energy, making it a more cost-effective solution rather than to add additional storage technology.
However, this may only apply to an islanded operation, where larger capacity of storage is needed
to replace the higher cost of energy generated from fossil fuels, or to attain constant production of
100% renewable energy. In this case, energy storage system is used to minimize power deviation
between the actual fluctuating output power of renewable generation and the desired power into the
grid. Consequently the sizing result of hybrid energy storage strongly depends on this function, which
is why less capacity can be implemented to compensate the difference. Therefore, the total cost of
installing a hybrid energy storage with the desired capacity and confidence level can match up with the
total penalty cost if the power producer decided not to install any energy storage.
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Total cost of HES vs total penalty cost without energy storage
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Figure 5.30: Comparison of hybrid energy storage’s total cost and penalty cost without adding energy storage system

5.4. Conclusion

After three-level of decomposition processing, the true components and the noise in the balancing
power is fully separated. The last approximations signal which contains low-frequency signal is ex-
tracted and fed to/drawn from the battery, while supercapacitor handle all the high-frequency compo-
nents. Peak power before and after the wavelet transformation reduces from 0.65 kW to finally 0.21
kW, relieving the burdens on the battery system.

By combining the behavior of the energy storage components, the optimal total cost of hybrid energy
storage technology considering uncertainty is accomplished by GA optimization using a CCP. Increase
in the confidence level contributes to higher capacity of both devices, entailing higher total cost of the
hybrid energy storage. However, higher capacity avoids over-charging/discharging which affects the
energy storage’s lifetime. The total cost of hybrid energy storage in each confidence level shows that
the investment is suitable to replace the traditional battery energy storage system. A hybrid energy
storage with up to 90% confidence level, or up to 3 kWh of battery and 0.3 kWh of supercapacitor
capacity, is more economically feasible in handling the power fluctuation compared to a single battery
energy storage device.






Conclusions and Future Work

6.1. Conclusions

The main aim for this work is to find the optimal hybrid energy storage (HES) sizing and the effective
operation strategy for smoothing intermittent renewable energy power output. The evaluation is ad-
dressed by investigating the cost and the performance as well as the lifetime of the HES components.
In this work, the main research questions are:

What is the effective operation strategy of a hybrid energy storage for smoothing intermittent RESs
power output?

Storage devices have proved to reduce the uncertainty or power fluctuation of wind and PV gen-
eration in a power system. A HES which consists of battery and supercapacitor is chosen to smooth
the renewable power output to obey the power grid’s requirement. Both devices are complementary
in terms of their ability to provide high-power characteristics as well as high-energy density to feed the
balancing power, which is the deviation between the actual and the allowable power connected to the
PCC.

The power sharing or distribution between the HES devices affects HES performance strongly. Ac-
cording to the characteristics of each battery and supercapacitor, frequency-based power-sharing is
proposed as the operation strategy based on frequency. The wavelet transformation method is ap-
plied to firstly analyze the spectrum of balancing power. Secondly the method is able to divide the
compensation frequency band for each battery and supercapacitor. While battery is assigned to pro-
vide the low frequency portion of the balancing power, supercapacitor on the other hand provides the
high frequency portion. The results show that the supercapacitor peak fluctuations of battery power
are moderated with the inclusion of supercapacitor in the system, providing lower peaks and slower
derivative of power drawn from/fed to the battery.

The result from the power sharing is suitable in terms of extending the battery’s lifetime. Battery
lasts for 1.3 years in a conventional energy storage system, while it can last up to 6 years with the
help of supercapacitor. Therefore, in terms of the life loss and replacement number, battery in a
HES which implement wavelet-based power sharing can perform better compared compared to the
conventional/single energy storage system.

How to formulate the optimal hybrid energy storage sizing along with the power management
system of the system considering uncertainty?

In this paper, the characteristics of wind power and PV power random output were considered
in the HES capacity sizing method. A chance-constrained programming handles the uncertainty of
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wind and PV power output, and a solving method using a Monte Carlo simulation is incorporated with
genetic algorithm optimization. The develped model could accommodate uncertain factors and handle
fluctuation constraint in the power grid in a flexible way. In the premise of ensuring that the probability
of smoothing the fluctuation power exceeding less than a certain confidence level «, power and energy
capacity of both battery and supercapacitor are obtained.

From the results it is clear that the energy capacity of hybrid energy storage is closely related to the
value of confidence level «. The value of a closer to 100%, the bigger penetration capacity, the more
power fluctuation are satisfied. The lower confidence level (a), the less battery and supercapacitor
capacity to satisfy all power fluctuations. By not adequately sized, violation of the state of charge
limits of the energy storage occurred and experience more frequent charging and discharging. Lower
confidence level results in shorter lifetime and early failure. The degradation of the battery is more
prominent due to the frequent battery charging/discharging cycles. Therefore, according to the network
reliability and power fluctuation requirements, a reasonable choice of confidence level a is necessary.

Cost-risk curves illustrate the balance between the HES cost and the power fluctuation smoothing
capability of the HES. Hybrid energy storage proved to be a viable technology when compared to the
conventional/single energy storage device system. An optimal energy storage sizing interval is decided
considering the investment cost, the risk of renewable power curtailment, and the total life cycle cost
over the project’s lifetime. The results show that, with the confidence level of smoothing requirement
up to 90%, system contains two energy storage has a lower total cost than a single-sourced energy
storage system.

6.2. Future Work

There is still further in-depth analysis to be made to get a more accurate HES design, by incorporating
multi-objective design methods considering the following factors.

1. HES sizing

HES capacity sizing method can take into account more uncertain factors such as reducing gen-
eration pollution, load growth, greenhouse gases, fuel consumption, and costs. Determining the
capacity of HES considering the mentioned objective function is proposed for future researches.

2. HES power converter topology

HES design for system stabilization and power quality improvement is not fully addressed. Various
topologies can be used in the future for HES connection to microgrid, also by taking into account
the converter cost and efficiency.

3. HES power sharing method
The proposed approach uses a wavelet-based power sharing method without any prediction tech-
nique. However, it can be easily implemented in real-time applications with hardware implemen-
tation. To move beyond the simulation level, tehcnical/practical issues such as data acquisition,
communication media and protocol, data management, and selection of processor, and other
requirements still need to be considered.
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