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Energy Storage Sizing for Improved Power Supply Availability during
Extreme Events of a Microgrid with Renewable Energy Sources

Junseok Song, Ph.D.
The University of Texas at Austin, 2012

Supervisor: Alexis Kwasinski

A new Markov chain based energy storage model to evaluate the power supply
availability of microgrids with renewable energy generation for critical loads is proposed.
Since critical loads require above-average availability to ensure reliable operation during
extreme events, e.g., natural disasters, using renewable energy generation has been
considered to diversify sources. However, the low availability and high variability of
renewable energy sources bring a challenge in achieving the required availability for
critical loads. Hence, adding energy storage systems to renewable energy generation
becomes vital for ensuring the generation of enough power during natural disasters.
Although adding energy storage systems would instantaneously increase power supply
availability, there is another critical aspect that should be carefully considered; energy
storage sizing to meet certain availability must be taken into account in order to avoid
oversizing or undersizing capacity, which are two undesirable conditions leading to
inadequate availability or increased system cost, respectively.
This dissertation proposes to develop a power supply availability framework for
renewable energy generation in a given location and to suggest the optimal size of energy
ix

storage for the required availability to power critical loads. In particular, a new Markov
chain based energy storage model is presented in order to model energy states in energy
storage system, which provides an understanding of the nature of charge and discharge
rates for energy storage that affect the system's power output. Practical applications of the
model are exemplified using electrical vehicles with photovoltaic roofs. Moreover, the
minimal cut sets method is used to analyze the effects of microgrid architectures on
availability characteristics of the microgrid power supply in the presence of renewable
energy sources and energy storage. In addition, design considerations for energy storage
power electronics interfaces and a comparison of various energy storage methods are also
presented.
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Chapter 1: Introduction

This chapter introduces the main idea of the dissertation and describes its
objectives and contributions regarding the optimal energy storage sizing for the required
availability to power critical loads using renewable energy (RE) generation.

1.1 Research Motivation
This dissertation explores a method to plan energy storage capacity in a system
powered by RE sources in order to meet power supply availability levels required by
critical loads. In particular, the focus is on telecommunication sites because they are
typically considered as critical loads essential for the support of vital societal services not
only during normal conditions, but also, and particularly, during and after extreme events
including natural disasters [1]. Moreover, a reliable operation of communication nodes is
becoming even more critical as power and communication infrastructures are integrated
to form smart grids [2-10]. Without operating communication infrastructures, smart grids
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may not function as an effective power grid as intended. Thus, telecommunication sites
require a highly available power supply [11-13] in order to maintain a reliable operation.
Past research [11-14] have investigated failure modes of telecommunication
plants under natural disasters, and the general consensus is that power supply—e.g.,
Figure 1.1—is one of the few main failure modes leading to communication outages. A
solution identified in [11] in order to reach highly available power supply is through
microgrids; however, many local generation technologies powering microgrids have their
own issues because they still require lifelines and/or substantial logistical needs in order
to operate, particularly after critical events. For this reason, [11] identifies RE sources,
such as photovoltaic (PV) modules and wind generators, as a solution because they do
not require lifelines like other conventional sources such as gensets.

Figure 1.1:

Damaged power lines near Plaquemine, LA, USA after Hurricane Gustav
in 2008
2

1.2 Research Objective
Although RE sources can survive disasters even in areas with severe damage [15],
their variable generation profiles [16] create an important challenge. For instance, PV
generation resources have a randomly variable component due to weather conditions,
e.g., clouds, in addition to their deterministic variable nature due to day and night cycles.
In a similar manner, wind generation resources are randomly variable due to the various
wind speeds in various weather conditions. Hence, when availabilities over 0.99999 or 5
nines are typically required for conventional communication plants—the US grid
availability is about 3 nines [17]—it is evident that availability needs cannot be met when
RE sources are used as the only power generation resources since power generation
availability should be greater than the required load availability.
In order to possess the required high availability—in particular to power critical
loads—energy storage can then be used to make RE generation profile more dispatchable
by increasing its availability [18-20]. Thus, to achieve a certain power availability goal, it
is essential to quantify and represent charge/discharge cycles in energy storage devices.
Therefore, the goal of this dissertation is to model charge/discharge processes in an
energy storage component in a RE system in order to determine power output
availability. In turn, this information can be used to properly size the energy storage
added to a RE system that yields a desired power availability level.

1.3 Contributions
In the past, there have been a number of works investigating energy storage sizing
for RE generation plants. In [21-24], autonomy is used in order to size energy storage. In
3

other words, capacity in number of days is used to compensate for the time when a power
resource is not able to power the load demand. This method is simple; however, the
effects of large variations in weather condition or the load demands may not be
effectively applied to the sizing, which would cause over-sizing or increased system cost.
On the other hand, [25-28] use the sum of time intervals in which the load demands are
not met to energy resources during the total amount of time when the load demands exist.
This strategy may give an estimate of the expected amount of time that load is not
powered, but it does not give the probability that the energy resources will succeed
powering the load demands. Additionally, there has been a conventional approach of
using PV resource maps—e.g., [29]—or wind resource maps—e.g., [30]—in order to
estimate the energy generated by RE sources and size energy storage accordingly. Using
RE resource maps may provide a good estimate for the average energy generation;
however, this strategy does not consider the stochastic nature of RE sources, e.g., there is
no information about how many cloudy days there may be in a row. Hence, when energy
storage sizing is conducted for the use with RE generation plants, it is important to
consider large variations in weather conditions—which affect insolation and wind
speed—and the probability that the energy resources will succeed powering the load
demands.
In this dissertation, a Markov chain energy storage model [31] is used to model
the charge/discharge cycles in order to measure the probability of RE-energy storage
system to power the load. In order to expand upon past research, a Markov chain based
RE-energy storage model is proposed. Energy storage charge/discharge processes were
modeled by a new transition probability matrix in order to better represent a relationship
between availability and required storage capacity. The relationship developed could then
4

be used to size the energy storage capacity more appropriately in order to ensure the
operation of critical loads even in the immediate aftermath of extreme events within
prescribed power supply availability.
In particular, the aforementioned combination of RE generation and energy
storage system allows converting RE systems from a pure power-based instantaneous
generation system into an energy-based dispatchable generation resource. Moreover,
from a planning perspective, the proposed model allows a more effective energy storage
sizing and overall grid asset planning that will reduce costs by providing an alternative to
the conventional approach of over-sizing energy storage. It may also prevent higher
battery cost due to shorter battery life due to excessive cycling. Furthermore, the model is
completely general and can be applied from small scale RE systems, such as for
residential applications, to large scale RE systems, passing through neighborhood utility
scale and microgrid applications.

1.4 Dissertation Organization
The dissertation is organized as follows. Chapter 2 introduces the system model
and depicts the mathematical background of the proposed Markov chain energy states
model, and Chapter 3 shows how the proposed model can be implemented with collected
insolation and wind data. Moreover, the relationship between energy storage capacity and
availability is discussed with simulated results. Chapter 4 discusses the effects of energy
storage capacity degradation, energy storage efficiency, and PV module efficiency on
availabilities, and Chapter 5 introduces an example of a real-world application in order to
depict the analysis. Chapter 6 discusses how system architectures may affect availability,
5

and Chapter 7 discusses design considerations for energy storage power electronics
interfaces when RE sources are highly penetrated. In addition, Chapter 8 compares
various energy storage methods, and finally, Chapter 9 concludes the dissertation.

6

Chapter 2: System Model

In this chapter, the energy storage system model that was introduced in the past is
investigated, and a new model that represents energy storage with better accuracy is
proposed. In particular, this chapter describes how the system model is developed and
provides an example.

2.1 Introduction
Let S be the set of RE sources. If Xi is the power supplied by a RE source i, the
total generated power of RE sources Xr can be found as
Xr = ∑ Xi

(2.1)

i∈S

The availability (A) of the system can be defined as the probability that a local RE
generation plant is able to provide enough power to a load and to charge the energy
storage [32]. That is,
7

=
A P ( X r ≥ L)

(2.2)

where L represents the combination of the load and the charging of the energy storage
system for potential RE generation deficit.
In the past, general calculations for storage sizing using stationary assumptions on
a time series had been conducted based on RE source data. In particular, the sizing
scheme used in [31] relates availability and storage capacity using a Markov chain model
in which the battery state of charge (SOC) is represented by N discrete states. However,
this scheme models the power stored (Xr − L) to take on only two values −Δ and Δ—
where Δ is the energy interchanged ΔE with the storage device per unit time—when Xr <
L and Xr > L respectively. It is worth clarifying that when the unit time is 1 second, both
ΔE and Δ have the same numerical value but their unit of measurement is different.
In the related Markov model [31], and represented here in Figure 2.1.a, only
transitions among adjacent states are considered. These transitions involve a power
exchange of Δ. In this Markov model, each state represents the battery SOC; State #1
represents the fully discharged condition and State #N represents the fully charged
condition. By considering only transitions among adjacent states, the Markov chain
model in [31] implies that the random variable Xr is inherently constrained to take only
two values because L is assumed to be constant, which is not realistic. In order to address
this issue, this dissertation proposes to extend this methodology to allow (Xr − L) to take
values within a finite set that is not necessarily constrained to just two possible values

−Δ and Δ as used in [31].
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2.2 Proposed System Model
The proposed Markov chain model is shown in Figure 2.1.b. This proposed model
allows for many possible state changes, which is a closer fit to the characteristics of
batteries charge and discharge. In particular, the diagram in Figure 2.1.b models the
battery state transition with M transitions out of each state at each time step. In the
diagram, k11 and kNN represent the probabilities of staying in States #1 and #N in the next
time step, respectively. The transitions among states are represented by the probabilities
pi where i represents the power injected or extracted from the batteries with respect to the
unit of power Δ. For example, p1 is the transition to adjacent states involving a power
transferred to the battery equal to Δ, while p-1 also represents a transition to adjacent
states but with power drained out of the batteries. In addition, since the state space of (Xr
− L) expands as

S = [− M ∆, −( M − 1)∆,..., −2∆, −∆, ∆, 2∆,...,( M − 1)∆, M ∆]

(2.3)

Assuming that the charge/discharge processes are linear, the capacity (C) of the storage
can then be defined as

C
=

( N − 1) ⋅ T ⋅ ∆

(2.4)

where T is the time considered in the power exchange because it is assumed that State #1
is representing the condition when there is no energy stored in the battery and because it
would require M = N − 1 successive transitions into adjacent states representing a higher
SOC in order to reach State #N, that represents the condition of the battery at its
9

maximum SOC condition, with each transition involving a one-second energy transfer
equal to ΔE. That is, the power involved in each of such transitions equals ΔE. The same
conclusion can be reached with a single transition involving an energy exchange that last
one second and accounts an energy difference equal to M × ΔE. Note that C and N may
also be given by the operational capacity without residual capacity; this enables the
presented model to include the operating conditions of various energy storage types.

(a)

(b)
Figure 2.1:

Markov chain based battery state transition diagram
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2.3 Analysis
In order to analyze the Markov chain shown in Figure 2.1.b in more detail, let D
be the expected power transferred to the battery at time t.

=
D

∑

i∈{1, M }

∆ ⋅ i ⋅ pi −

∑

i∈{1, M }

∆ ⋅ i ⋅ p− i

(2.5)

Then, the equation that describes the charge/discharge process is

X t=
X t + Dt
+1

(2.6)

where Xt is the energy level at time t, Xt+1 is the energy level one second later, and Dt is
the energy transferred to or from the battery in the 1 second under consideration. That is,
Dt equals D multiplied by 1 second—i.e., the assumption is that T = 1 second.
Consider now the transition probability matrix yielded by the Markov model in
Figure 2.1.b and representing the battery charge/discharge processes:

 k11
k
 11
 p −2

P= 






p1
0
p−1


p2 
p1 
0 
 
0
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p−1

p1
0

p−2

p−1







p2 

k NN 
k NN  N × N

(2.7)

where

k11 = 1 −

k NN = 1 −

∑

pi

(2.8)

∑

p− i

(2.9)

i∈{1, M }

i∈{1, M }

 k −1

1 −  ∑ p− i + ∑ pi 
p − k =
i∈{1, M }
=
i1


(2.10)

 k −1

p k =
1 −  ∑ pi + ∑ p− i 
i∈{1, M }
=
i1


(2.11)

The size of the matrix in (2.7) is N × N where N represents the total number of states in
which the battery charge/discharge processes are quantized, and pi represents the
transition probabilities shown in Figure 2.b that are obtained based on RE generation and
load profile histograms. Equations (2.8) through (2.11) are evaluated using the Markov
chain property that states that the sum of any row is equal to 1. Furthermore, in the steady
state, the limiting probabilities can be found by [33]

π = πP

(2.12)

where π is the stationary distribution. Limiting probabilities indicate the expected
probability of ending at each of the states in the Markov diagram in Figure 2.b as the
process settles. Once the limiting probabilities are known, the loss of load probability
(LOLP) is the probability of having a power deficiency of i units of Δ and that the battery
12

is at a SOC in which it is unable to meet this power deficiency of i units of Δ because it
would require a transition in the Markov chain to the fully discharge state or beyond it.
That is, in mathematical terms, LOLP needs to consider the case of the power deficiency
being equal to i × Δ when i varies from 1 to M in order to consider all the possible
mutually exclusive power deficiency events. Since the “OR” clause involving the
combined probability of mutually exclusive events translates into a sum of probabilities,
then

πE =



 p− i ∑ π j 
i∈{1, M } 
j ≤i


∑

(2.13)

where πE represents the state that has not enough energy to power the load. Therefore,
(2.13) can be used to determine LOLP for a certain energy storage capacity. Conversely,
by varying the energy storage capacity it is possible to find the relationship between
LOLP and the energy storage capacity. This information can be then used to determine
the required capacity of energy storage to achieve a certain availability goal. In addition,
the Markov chain states represent the SOC. Since the context in which the proposed
approach is presented is to use this model for planning, SOC is not actually measured,
and such evaluation of SOC is beyond the scope of this dissertation. However, this model
allows to estimate expected time spent in a given SOC by calculating the expected time
in each state corresponding to a Markov process with the described model as its
embedded Markov chain [32].
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2.4 Example
An example is given in order to clarify how (2.13) is used to determine LOLP.
When transition probabilities—which are assumed to be those in (2.14)—are given for a
five-state case, an one-step transition probability matrix—which is shown in (2.15)—can
be determined using from (2.7) to (2.11).

 p−3 = 0.05
 p = 0.15
 −2

 p−1 = 0.2

 p1 = 0.3
 p2 = 0.2


 p3 = 0.1
 p−3 + p−2 + p−1 p1 p2
p + p + p
0
p1
−2
−1
P =  −3
 p−3 + p−2
p−1 0

p−3
p−2 p−1

 0.4 0.3 0.2 0.1
 0.4
0
0.3 0.3

=
 0.2 0.2
0 0.6 


0.05 0.15 0.2 0.6 

(2.14)

p3

p2 + p3 
p1 + p2 + p3 

p1 + p2 + p3 

(2.15)

With (2.12), limiting probabilities are determined to be
π = [π 1 π 2

π3 π4 ]

= [ 0.2076 0.1654 0.1804 0.4466]
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(2.16)

Then, (2.13) can be used to find πE which represents the state where the energy from REenergy storage system does not meet the required energy that the load demands.

πE =

( p−3 × π1 ) + ( p−2 × π1 ) + ( p−1 × π1 )
+ ( p−3 × π 2 ) + ( p−2 × π 2 )
+ ( p−3 × π 3 )

=
0.05 × 0.2076 + 0.15 × 0.2076 + 0.2 × 0.2076
+ 0.05 × 0.1654 + 0.15 × 0.1654
+ 0.05 × 0.1804
= 0.1251
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(2.17)

Chapter 3: Model Description

In this chapter, the proposed Markov chain energy storage model is demonstrated
with the collected data sets of insolation, wind speed, and loads. With the analysis of
collected data sets, the profiles of RE generation and loads are modeled using the mean
and standard deviation of the RE source and load time series. Estimated mean and
standard deviation are used to characterize the charging and discharging capacity of
energy storage and to find a relationship between the required availability and energy
storage capacity.
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3.1 Overview
Figure 3.1 shows the flowchart of a complete calculation procedure to determine
the relationship between energy storage capacity and availability. As shown, the
calculation procedure starts by using a Monte Carlo approach to generate the random
values of PV power, wind power, and load based on the probability density functions of
incident PV power, wind power, and load profile. A histogram can then be generated
using the difference between the power generated by PV modules, wind generators, and
the power consumed by load. The found histogram shows how frequently a certain
amount of power transfer occurred. With the histogram, the one-step transition
probability matrix can be found by using transition probabilities as inputs, and limiting
probabilities are calculated. Finally, the availabilities are evaluated with respect to the
various sizes of energy storage, which is used to develop the relationship between the two
indices. The details of the calculations involved in each block in the flowchart using
actual data sets are discussed in next sections.
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Generated random values of PV, wind, and load
power based on the distribution of
PV, wind, and load profile
(Monte Carlo approach)

A histogram with calculated power transfer
(= PV power + wind power − load)

One-step transition probability matrix with
transition probabilities
(p-M,…, p-1, p1,…, pM)

Limiting probabilities
(π1, π2, π3, π4,…, πN)

Availability vs.
energy storage capacity

Figure 3.1:

Block diagram of an availability calculation process
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3.2 Random Values Generation
3.2.1 Random Values Generation for the PV Output
The insolation data set was obtained in Austin, TX, USA for a period of 7
months—from January to July, 7:00 am to 7:00 pm—at 5 minute intervals. Using the
insolation data sets—diffuse horizontal (DH), global horizontal (GH), sun zenith angle
zenith
(𝜃sun
), and the angle between the sun rays and a vector perpendicular to the panel

surface (𝛽incident )—the incident power on a PV module can be determined by the

following equation [34].

( GH − DH ) × cos β
PPV,incident =
DH +
( incident )
zenith
cos θsun

(

)

 W m 2 

(3.1)

As shown in Figure 3.2, the maximum power of incident insolation is about 1 kW/m2. In
order to find the probability density function of incident PV power, a histogram is
generated. As Figure 3.3 shows, the shape of the histogram tends to follow an
exponential distribution of the form

=
f ( x; λ ) λ e − λ x , x ≥ 0

(3.2)

which, then, is used to build a data set using Monte Carlo method. The exponential
distribution parameter was determined in order to approximate the actual histogram.
Using Matlab, λ was found to equal 0.0038. Then, the estimated probability density
function was used to generate random values using a Monte Carlo approach. In the
Monte Carlo simulation, it is assumed that the incident PV power is measured every five
19

minutes for a period of ten years, which results in over 1 million random points
(1,051,200 points = 12 five-minutes/hour × 8,760 hours/year × 10 years). These random
points are generated using the determined exponential distribution to conduct Monte
Carlo method.
Figure 3.4 shows the histogram generated by the random values of incident PV
power. As shown, the shape of the histogram in Figure 3.4 approximates that of the
histogram in Figure 3.3. The random values of incident PV power that are in this way
generated along with the documented specifications of PV modules in the market can be
used to estimate the output power of a PV generation plant. For example, a single 250 W
PV panel from [35] has 15.3 % efficiency and 1.51 m2 area. With an assumption that
24,000 panels (total capacity of 6 MW) of given model in [35] are placed flat to generate
power, the area of the PV generation plant is 36.24 km2. With the calculation, this PV
generation plant will generate an average power of 1.34 MW (standard deviation =
1,187.43 kW) between 7:00am to 7:00pm.
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Figure 3.2:

Incident PV power collected from 7:00am to 7:00pm for 7 months (Austin,
TX, USA)

Figure 3.3:

Histogram of incident PV power from Figure 3.2
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Figure 3.4:

Histogram of the generated random values (λ=0.0038) of incident PV
power

3.2.2 Random Values Generation for the Wind Output
The incident wind speed data set was obtained in West Texas, USA and it is
shown in Figure 3.5. Collected data was then used to generate a histogram in order to find
the probability function of incident wind speed. Figure 3.6 shows the generated
histogram, and it can be seen that the shape of the histogram tends to follow a Rayleigh
distribution of the form [36]

f ( x; σ )
=

x

σ

2

e− x

22

2

2σ 2

, x≥0

(3.3)

Figure 3.5:

Incident wind speed collected in 24 hours for 2 months (West Texas,
USA)

Figure 3.6:

Histogram of the incident wind speed from Figure 3.5
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In a similar manner to the PV case shown earlier, the estimated probability
distribution function was used to build a data set using Monte Carlo method. Using
Matlab, σ was found to equal 6.9454. Then, over 1 million random values were generated
using a Monte Carlo approach. Figure 3.7 shows the histogram generated by the random
values of incident wind speed.
Using the generated random values of incident wind speed, wind power data set
can then be generated with the use of the documented specification of a wind generator.
Since the specification document of a wind generator has information on the expected
output power with regard to various wind speeds, this analysis uses the power output
curve of a single 1.5 MW wind turbine in [37] which is shown in Figure 3.8. The power
output of this wind turbine according to the generated random wind speed data set was
found with Matlab's table lookup function. Results are shown with the histogram in
Figure 3.9, and the calculated average wind power output was 742.44 kW (standard
deviation = 580.52 kW). This modeling process shows how random wind power values
can be generated with historical wind data.
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Figure 3.7:

Histogram of the generated random values (σ = 6.9454) of incident wind
speed

Figure 3.8:

Wind speed vs. power generation for a GE 1.5 MW wind turbine [37]
25

Figure 3.9:

Histogram of the generated random values of incident wind power

3.2.3 Random Values Generation for the Load
A load profile was also used to calculate in combination with the calculated PV
and wind power generation profile in order to determine the total power transfer. The
load data set was obtained from [38] for a time period of one year. The load profile,
which is also shown in Figure 3.10, demonstrates that the average energy usage per
household in a day is 17.62 kWh.
Figures 3.11 and 3.12 show the histograms of the incident load power during
daytime (7:00 am to 7:00 pm) and nighttime (7:00 pm to 7:00 am), respectively. It can be
seen that the incident load power during daytime is likely to be greater than that during
nighttime. Since the shape of the histograms in Figures 3.11 and 3.12 match well with a
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Rayleigh distribution—which is shown in (3.3)—Matlab was used to find its parameters
(σday = 0.5772, σnight = 0.5013). Then, over 1 million random load values were
generated—as same as the number of incident PV and wind power random values—
according to the found Rayleigh distributions. Figures 3.13 and 3.14 show the generated
histograms of random load values during day and nighttime, respectively.

Figure 3.10:

The average energy usage per household for 1 year [38]
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Figure 3.11:

Figure 3.12:

Histogram of the incident load (1 household) during daytime

Histogram of the incident load (1 household) during nighttime
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Figure 3.13:

Histogram of the generated random values (σday = 0.5772) of incident load
(1 household) during daytime

Figure 3.14:

Histogram of the generated random values (σnight = 0.5013) of incident
load (1 household) during nighttime
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3.3 Power Transfer Calculation
The power transfer between RE sources, i.e., PV modules and wind generators,
and the energy storage system is determined using the generated histograms of random
values of incident PV and wind power and load. With the assumption that there are 700
households as a load—which has an average power consumption of 504 kW (standard
deviation = 260 kW) during daytime and 440 kW (standard deviation = 229.13 kW)
during nighttime—connected to the aforementioned PV generation plant (6 MW capacity)
and a wind turbine (1.5 MW capacity), the power transfer then can be found by
subtracting the randomly generated load values from randomly generated incident PV
and wind power as shown in (3.4).

Ptransfer =PPV + Pwind − Pload

(3.4)

Since PV generation occurs only during daytime and wind generation occurs both day
and nighttime, (3.4) can be rewritten as
Ptransfer,entireday =
( PPV + Pwind,daytime − Pload,daytime ) + ( Pwind,nighttime − Pload,nighttime )

(3.5)

Furthermore, in order to represent the charge/discharge processes for an entire day
(daytime and nighttime), the randomly generated load values in Figures 3.13 and 3.14
were additively combined in order to create a new load data set—shown in Figure 3.15
and (3.6)—that represents the load demands in an entire day. As (3.6) shows, the impact
of the charge/discharge processes during both day and nighttime—during nighttime, there
is charge process only from a wind generator—can be included in the model.
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Ptransfer,entireday =
PPV + ( Pwind,daytime + Pwind,nighttime ) − Pload,combined

(3.6)

When Pwind,daytime and Pwind,nighttime are assumed to have same distribution, equation (3.6)
can be rewritten as

Ptransfer,entireday = PPV + ( 2 × Pwind ) − Pload,combined

(3.7)

Assuming that 1 million values of each data set (PV, wind, and load) are sufficient to
simulate the process, Monte Carlo simulation is then able to provide an estimate of the
power transfer distribution using (3.7). Figure 3.16 shows the histogram of the generated
random values for the power transfer. It can be interpreted that the estimated maximum
power available to charge the energy storage system is about 8,000 kW and the maximum
expected power that would discharge the batteries is about 2,000 kW.
In addition, (3.7) is completely general so this can be used for various scenarios.
For an example, this approach is useful when PV power is considered for only RE
generation; when PV generation is only source for the load, (3.7) becomes
Ptransfer,entireday
= PPV − Pload,combined

(3.8)

Evidently, combining the two separate load data sets yields a greater load values which
will not likely be observed in reality, but (3.8) can be interpreted as a PV generation plant
not only generating power for the load demand during daytime, but also charging the
energy storage in advance for the nighttime use.
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Figure 3.15:

Histogram of the combination of generated random values of incident load
(1 household) during day and nighttime

Figure 3.16:

Histogram of the generated random values of power transfer between the 6
MW PV power plant and 1.5 MW wind generator and 700-housing load
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Moreover, RE-energy storage systems can be used to provide power to the loads
autonomously or as a part of grid integrated system along with multiple power sources. In
the case of an autonomous operation, the presented model can be directly applied. On the
other hand, when a RE-energy storage system is a part of grid integrated system, excess
power may be injected to the grid if the batteries are fully charged or grid may contribute
powering the load when RE-energy storage system does not have sufficient power for the
demand. Hence, when grid contributes to supply power, (3.4) can be modified as

Ptransfer = ( PPV + Pwind − Pload ) + Pgrid

(3.9)

Particularly, Pgrid availability needs to be taken into account in order to accurately
analyze the availability of a RE-energy storage system in grid integrated system.
Moreover, since it can be considered that infinite energy is available from a grid, (3.9) is
also affected by the choice for a control strategy for the term denoted by Pgrid and
typically implemented through power electronics interfaces. Such control strategies may
have different optimization goals—e.g., fast charging or improved battery life charging—
and may be different depending on the energy storage technology being used—e.g.,
flooded lead-acid batteries may require a boost charge to equalize cell voltage. Analyzing
the statistical characteristics of grid and, even more importantly, deriving alternative
strategies for controlling Pgrid is out of the scope of this dissertation so only the case of an
autonomous operation is discussed and presented throughout the dissertation. However,
the proposed approach can be served as the basis for the analysis of such control
algorithms in terms of their impact on power supply availability and energy storage
usage.
33

3.4 Transition Probabilities
The histogram in Figure 3.16 is used to find the transition probabilities in (3.10)
since a transition probability, pi, can be determined with the counted number of a power
transfer value divided by the total number of sample points. As an example, if a 1,000
kW power transfer take place 2×104 times in a total number of one million occurred
transfers, then the transition probability for a 1,000 kW power transfer can be found by
dividing 2×104 over 1 million. With this methodology, the one-step transition probability
matrix in (3.10) can be determined, which equals

 0.1678 0.0036 0.0037 

 0.1678

0
0.0036 


0.1642 0.0036


0
P=




 


0
0.8322 


0.0036 0.8322  301×301


(3.10)

The following list shows the assumptions that have been made for the calculation
process of the one-step transition probability matrix in particular shown above.

• PV generation plant, wind generator, and the set of loads (700 housings) are
located in the same area. Hence, any transmission loss is not considered.
• Δ and N in (2.4) are 20 kW and 301, respectively.
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3.5 Limiting Probabilities
After the one-step transition probability matrix is found, (2.12) is used to
determine the limiting probabilities which are shown below.
π = [ 0.0042 0.0001  0.0036 0.7930] 1×301

(3.11)

As mentioned earlier, the found limiting probabilities show the probabilities of a state
being at each energy level in the Markov chain model at any given point in time. For
example, π301—which is 0.7930 as shown in (3.11)—represents the probability of a state
that would be at the full energy level of energy storage system.

3.6 Availability vs. Energy Storage Capacity
Equation (3.12) uses the limiting probabilities and one-step transition probability
matrix in order to find πE. Since πE represents the probability that energy storage does not
have sufficient energy to power the load, availability (A) can then be found by

A= 1 − π E

(3.12)

As discussed in Section 3.5, the limiting probabilities can be found with the given
capacity of energy storage using the proposed model; which means that the limiting
probabilities would change according to the change of energy storage capacity. Since πE
is determined using the limiting probabilities—as shown in (2.13)—it can be understood
that the change of energy storage capacity would result a change of πE. Hence, when the
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relationship of πE and energy storage capacity is known, the relationship between RE
system availability and energy storage capacity can then be found by varying the capacity
of energy storage. Since the capacity is defined as (N−1) × T × Δ, the energy storage
system capacity can be varied by changing the number of states, N. Therefore, when Δ, N,
and T in (2.4) are assumed to equal 20 kW, 301, and 1 hour, respectively, the energy
storage capacity is 6 MWh (= (301−1) × 1 hour × 20 kW). This capacity in MWh can
also be represented in days—by dividing storage capacity (MWh) by the product of
hours-in-a-day and average load—which is 0.26 days (= 6 MWh / (24 hours × 944 kW)).
As a result, with the particular assumptions considered for the calculation of P in (3.10),
(2.13) and (3.12) can be used to find the availability which is 0.9991 or 3.05 nines.
Furthermore, with a number of computer simulations with various capacity
values—implying also changing P—the relationship between availability and energy
storage capacity can also be determined. Figure 3.17 shows the curves which represent
how availability and energy storage capacity are related with regard to various scenarios:
PV generation (6 MW capacity) only, wind generation (1.5 MW capacity) only, and PV +
wind generation. Note that the simulated results are calculated results from (3.7). Since
load data sets during both day and nighttime are considered, the size of PV generation
capacity is significantly greater than that of wind generation; PV requires generating the
energy amount that needs to be charged for the load demand during nighttime. As shown,
capacity values are determined in number of days. Capacity in number of days can be
converted to capacity in Wh using the average load value (Capacity [Wh] = capacity
[days] × 24 [hours] × average load value [W]). For example, when 700 households use
only 6 MW PV generation plant and want to maintain 3 nines of availability, the required
energy storage capacity would be approximately 9.06 MWh (= 0.4 days × 24 hours × 944
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kW) when the curve in Figure 3.17 is used. This result not only shows how much storage
capacity is needed to achieve certain availability, but also demonstrates how various
amounts of energy storage capacities affect availability. Moreover, the results show that
how PV + wind generation scenario may require smaller amount of energy storage when
compared to other cases; in other words, the diversity of RE sources may improve
availability. This result may help when planning the size of energy storage for various
combinations of RE sources.

Figure 3.17:

Availability vs. storage capacity (6 MW PV generation plant and 1.5 MW
wind generator and 700-housing load)
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3.7 Comparison with Other Methods
In order to clarify how the proposed model can better estimate the required energy
storage capacity to maintain a certain availability, this section provides a comparison of
simulated results using other methodologies of energy storage sizing; in particular, the
conventional approach of using RE resource maps and the previously developed Markov
chain model are used for the simulations. For simplicity, only PV generation is
considered as a RE resource in the simulations.

3.7.1 Conventional Method
In Chapter 1, an approach of using RE resource maps is discussed in order to
address the conventional method to size energy storage system to achieve a certain
availability goal. This section will give an example how this conventional method can be
used to size energy storage capacity and its results will be used to compare with the
proposed Markov chain model. Particularly, the load capacity in Chapter 3.3—700housing (an average power consumption of 504 kW and 440 kW during day and
nighttime, respectively)—is used for this analysis in order to compare results from
previous sections.
For an example, let the availability goal be 3 nines. When a PV resource map in
[29] is used to estimate the required storage capacity to maintain 3 nines of availability,
the information of the load demand during both day and nighttime is needed. Since an
average power consumption during daytime is 504 kW, the total energy demand during
daytime—assuming that daytime is from 7am to 7pm—is 6.048 MWh (= 504 kW × 12
hours). In a similar manner, total energy demand during nighttime is 5.280 MWh (= 440
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kW × 12 hours). At this point, the energy storage capacity needs to be at least 5.280
MWh in order to power the load during nighttime, and PV generation should be able to
recharge this amount of energy during daytime apart from powering the load at the same
time.
Additionally, since 3 nines of availability defines the load to be powered at least
99.9 %—or the power deficit during a 24-hour period needs to be less than 86.4 seconds
(0.1%)—of the time period during the whole day, the minimum required energy—in
order to maintain 3 nines of availability—from PV generation in a day is 11.317 MWh (=
504 kW × 12 hours (day) + 440 kW × 11.976 hours (night)). Here, 11.976 hours (night)
indicate 86.4 seconds of power deficit during nighttime, which is the worst scenario when
maintaining 3 nines of availability.
Moreover, according to [29], the amount of PV resource is smallest during
December—3.5 kWh/m2/day—in Austin, TX, USA. In order to size energy storage
capacity with respect to the worst case, insolation data in December is used for the
analysis. Since the 6 MW PV generation consists of 24,000 PV modules [35] (250 W
capacity; 15.3 % efficiency; 1.51 m2 area), the total area of the PV generation plant is
36,240 m2 and the generated energy in a day is 19.407 MWh (=3.5 kWh/m2/day × 36,240
m2 × 15.3 %). As it can be seen, the generated energy (19.407 MWh) from PV generation
is significantly greater than the minimum required energy (11.317 MWh) to maintain 3
nines of availability, and this result shows that the capacity of PV generation is oversized.
Therefore, in order to avoid oversizing, PV generation capacity can be reduced to 3.5
MW (21,140 m2) which generates 11.320 MWh (=3.5 kWh/m2/day × 21,140 m2 ×
15.3 %); this amount of energy is greater than the minimum required energy (11.317
MWh) for maintaining 3 nines of availability, which means that 3.5 MW PV generation
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and 5.280 MWh energy storage can together maintain 3 nines of availability. In a similar
manner, the required energy storage and PV generation capacity to achieve a certain
availability goal can be estimated, and the results are shown in Table 3.1.
As aforementioned, when the conventional approach of using RE resource maps
is used to size energy storage and PV generation capacity, it is simple to provide a good
estimate of average energy generation and required energy storage capacity for the
nighttime use. However, since this approach does not consider any of the stochastic
nature of RE generation—e.g., the time distribution of cloudiness in a day—and load
demand, estimated capacity values—e.g., Table 3.1—do not represent the realistic
capacities that are required to achieve a certain availability goal.

Table 3.1:

Estimated PV generation and energy storage capacity for the required
availability (700-housing load) using the conventional method

Availability

PV generation capacity

Energy storage capacity

1 nine

3.1775 MW

5.28 MWh

2 nines

3.4700 MW

5.28 MWh

3 nines

3.5000 MW

5.28 MWh

4 nines

3.5025 MW

5.28 MWh

5 nines

3.5025 MW

5.28 MWh

6 nines

3.5025 MW

5.28 MWh
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For instance, Table 3.1 indicates that 3.5 MW PV generation plant and 5.28 MWh
energy storage are capable of maintaining 3 nines of availability; however, when there is
a cloudy day limiting insolation, not only this leads to a load outage during the cloudy
day—energy storage cannot be used to power the load during daytime since energy
storage at the beginning of any day is empty as a result of the discharge during
nighttime—but also leads to a load outage during the following nighttime due to the lack
of charging during the cloudy day, introducing a load outage for the whole 24-hour
period and a failure in maintaining 3 nines of availability. Furthermore, since RE
resource maps only provide average values and do not provide any probabilistic data—
e.g., the probability of having a cloudy day or partially cloudy day—the conventional
approach of using RE resource maps is not capable of evaluating the availability of a REenergy storage system.

3.7.2 Comparison of the Simulated Results
This section provides a comparison of the simulated results of the conventional
method, previous and proposed Markov chain model. The previous section introduced the
conventional method and explained why the conventional method is an inadequate
approach to size energy storage capacity. In addition, Chapter 2.2 discussed the previous
and proposed Markov chain model for the representation of charge and discharge
processes in energy storage system. Particularly, as indicated in Figure 2.1.a, it was
shown that the previous model has limited state changes, e.g., −Δ and Δ, and this
limitation makes the model not able to realistically represent charge and discharge
processes.
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Figure 3.18 shows the curves that represent the relationship between energy
storage capacity and availability. Note that the simulated result of conventional method
comes from Table 3.1 (various amounts of PV power and 5.28 MWh energy storage) and
the results of previous and proposed Markov chain model used the same input values in
Chapter 3.3 (6 MW PV generation plant and 700-housing load). As shown in Figure 3.18,
the previous model indicates 10.42 MWh (= 0.46 days × 24 hours × 944 kW) of energy
storage to maintain 3 nines of availability. This estimated capacity (10.42 MWh) is 1.36
MWh greater than that of the proposed model (9.06 MWh (= 0.4 days × 24 hours × 944
kW)). This result indicates that limited state changes may result in an overestimation of
required energy storage capacity to achieve a certain availability goal, which increases
the system cost. In other words, by allowing multiple state changes—as shown with the
proposed model—the charge and discharge processes can better be represented, which
enables the model to more accurately estimate a required energy storage capacity for a
certain availability. Furthermore, it is also shown that the conventional method may
provide underestimated PV and energy storage capacity values that can introduce failures
in maintaining the desired availability.
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Figure 3.18:

Comparison of results of the conventional method, previous and proposed
Markov chain model: availability vs. storage capacity (Conventional
method used various amounts of PV power shown in Table 3.1 and 700housing load, and the previous and proposed model used 6 MW PV
generation plant and 700-housing load for the analysis)
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Chapter 4: Case Study Applications

The previous chapters showed how Markov chain energy states can be used when
modeling charge and discharge processes that take in an ideal model of energy storage
system. However, there are various realistic aspects that may affect energy storage’s
performance. For example, temperature and charge/discharge efficiency significantly
affect RE-energy storage system’s power output. Hence, this chapter introduces various
factors that affect energy storage’s operation and explains how these factors may be
included in the presented model. In order to simplify the analysis, PV generation is only
considered as a RE source in this chapter.

4.1 Applying Storage Capacity Degradation
Aging process, which introduces power and energy capacity degradation [39, 40],
is inevitable for batteries. Hence, when batteries are used as an energy storage system, a
realistic assessment of plant availability needs to consider battery capacity degradation.
This section explores how storage capacity degradation affects availability. Particularly,
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lithium-ion batteries are discussed as an example to show the relationship between
capacity degradation and availability reduction.
In [41], the authors investigated how to estimate battery degradation using three
factors that cause aging: temperature, open-circuit voltage, and depth of discharge.
Hence, the analysis of the relationship between capacity degradation and availability can
be performed using the estimation methods in [41] and the Markov chain model
presented in this dissertation.
Let η be the relative capacity after capacity degradation occurs by aging. Then,
(2.4) can be modified to represent the degraded capacity of energy storage system.

=
C

( N − 1) ⋅ T ⋅ ∆ ⋅η

(4.1)

Since Δ is the energy interchanged with the storage device per unit time, (4.1) can be
interpreted that the energy interchanged between the Markov chain states is reduced with
the same ratio of the capacity degradation. Hence, when Δ' is defined as Δ × η, (4.1) can
be written as

C
=

( N − 1) ⋅ T ⋅ ∆ '

(4.2)

Equation (4.2) is then used to demonstrate how battery degradation affects availability.
To simplify the analysis, only capacity degradation with regard to temperature is
considered. Figure 4.1 shows the simulated results from [42] which represent the capacity
degradation by various operating temperatures. It can be seen that the ambient
temperatures in various locations in the US result in varying capacity degradation as the
45

batteries are operated over a period of time. With an assumption that the batteries in this
analysis have the same capacity degradation characteristics of the batteries in Figure 4.1
and the impact of depth of discharge is negligible, the relationship between availability
and capacity degradation by temperature can be determined.

Figure 4.1:

Geographic impact on battery life [42]
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According to Figure 4.1, ten years of lithium-ion battery operation results in a
relative capacity, η, which approximately equals 0.87, 0.81, and 0.77 in Minneapolis,
Houston, and Phoenix, respectively. When Δ' is determined for each location, the impact
of capacity degradation by temperature can be shown. Figure 4.2 shows the simulated
results using the presented Markov chain model with applying (4.2) to the calculation
process. As shown, availabilities in each location are reduced with respect to the amount
of capacity degradation occurred. This result shows that when relative capacities are
known after capacity degradation with respect to factors including temperature, opencircuit voltage, and depth of discharge [41], the amount of reduced availability can be
determined using the presented Markov chain model.

Figure 4.2:

Availability vs. storage capacity (6 MW PV generation plant and 700housing load) in Minneapolis, Houston, and Phoenix: 10 years after the
installation
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4.2 Applying Charging and Discharging Efficiencies
For a real physical battery, charging and discharging efficiencies affect the
amount of power transfer between the PV modules and load and the batteries. Hence,
such efficiencies yield an effective power transfer defined as

Ptransfer,eff

α Ptransfer ,

=1
 β Ptransfer ,


Ptransfer > 0
Ptransfer < 0

(4.3)

where α and β are charging and discharging efficiencies, respectively. Since the battery is
charged when there is excess PV power in addition to the load—Ptransfer is positive—
α×Ptransfer is the amount of charge power. In a similar manner, when the battery is
discharged—Ptransfer is negative—(1/β)×Ptransfer is the amount of discharge power. In
particular, 1/β shows that the discharge power may be greater than the power supplied to
the load since the discharging efficiency reduces the actual amount of transferred power.
For instance, 1/β is 1.25 when β is 0.8.; this indicates that the discharge power from the
battery is greater than the power supplied to the load by a factor of 1.25.
As shown in (4.3), charging and discharging efficiencies, α and β, affect the
amount of energy that is charged and discharged. When the charging and discharging
efficiencies are less than 100 %—which is the case for a real physical battery—the actual
charged energy to the battery is less than the energy that is provided to the battery, and
the actual discharged energy from the battery is greater than the energy that load receives.
Hence, (3.4) can be rewritten as follows—note that only PV generation is considered in
this analysis—after charging and discharging efficiencies are taken into account.
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Ptransfer,eff

α ( PPV − Pload ) ,

=1
 β ( PPV − Pload ) ,


PPV > Pload
(4.4)

PPV < Pload

Likewise, (3.5) can be modified as

Ptransfer,entireday

1

α ( PPV − Pload,daytime ) − β Pload,nighttime ,

=
1
 1 (P − P
P
,
PV
load,daytime ) −
 β
β load,nighttime

PPV > Pload,daytime

(4.5)
PPV < Pload,daytime

where α×(PPV−Pload,daytime) and (1/β)×(PPV−Pload,daytime) are the charge and discharge
power during daytime, respectively, and (1/β)×Pload,nighttime is the discharge power during
nighttime. Hence, (4.5), as a whole, represents charge/discharge processes that occur for
an entire day. Figure 4.3 demonstrates how charging and discharging efficiencies affect
power transfer. With an assumption that charging and discharging efficiencies are equal,
Figure 4.3 shows how the positive power transfer is reduced and negative power transfer
is increased after applying 80 % battery efficiency.
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Figure 4.3:

Histogram of the generated random values of power transfer between the 6
MW PV power plant and 700-housing load (charge/discharge efficiencies:
100 % and 80 %)

The change in the values of the power transfer results in a change in the transition
probabilities, pi, because the probabilities are estimated as the number of occurrences of a
power transfer value divided by the total number of points. Therefore, the one-step
transition probability matrix according to the newly found transition probabilities can be
determined. Following the same steps described in Chapter 3, the relationship between
the battery’s capacity and availability for various efficiencies can be found and, as Figure
4.4 shows, battery efficiency affects availability by reducing it with lower efficiencies.
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Figure 4.4:

Availability vs. storage capacity (6 MW PV generation plant and 700housing load) with various charging and discharging efficiencies

4.3 Applying PV Modules Efficiency and Availability
Past research [43-45] show that accumulated dust on PV modules results
efficiency decrease. In particular, authors in [43] depicted that PV modules efficiency
may be decreased by 40 % during six months of operation in Saudi Arabia. Hence, it is
critical to consider accumulated dust on PV modules when modeling charge/discharge
processes in PV-energy storage system. Let η be the affected efficiency by accumulated
dust over time, where η can be represented as a function of time. Then, PPV in (3.4) can
be represented as
PPV,real= η × PPV,ideal
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(4.6)

Then, (3.5) can be written as
Ptransfer,entireday =
η × PPV,ideal − ( Pload,daytime + Pload,nighttime )

(4.7)

Hence, when the effect of accumulated dust is applied to power transfer between a PV
generation plant and energy storage system, the amount of power that is charged to
energy storage is reduced. Figure 4.5 shows how 20 % degradation in efficiency effects
the distribution of power transfer.

Figure 4.5:

Histogram of the generated random values of power transfer between the 6
MW PV power plant and 700-housing load (efficiencies affected by
accumulated dust: 100 % and 80 %)
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As shown in Figure 4.5, the amount of power that is charged to energy storage is reduced
by the efficiency degradation, which would result availability degradation. Moreover,
Figure 4.6 shows the curves which represent the relationship between availability and
various efficiencies affected by accumulated dust. Using the estimated relationship, the
additional energy storage capacity required by accumulated dust can be also estimated.
For instance—according to Figure 4.6—when accumulated dust results the 10 %
efficiency decrease of 6 MW PV generation plant and powering 700-housing load needs
to maintain 3 nines of availability, the required additional energy storage capacity would
be approximately 2.72 MWh (= 0.12 days × 24 hours × 944 kW).
Moreover, PV module availability [46] can additionally be included in (4.6) in
order to better represent PV generation over time. Let APV be PV module availability,
then (4.6) can be written as

PPV,new
= APV × PPV,real

(4.8)

where PPV,new represents the expected PV generation over time when PV module
availability is applied. Using this approach, available power from PV generation may be
estimated including the aspect of PV modules’ both efficiency and availability.

53

Figure 4.6:

Availability vs. storage capacity (6 MW PV generation plant and 700housing load) with various efficiencies affected by accumulated dust
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Chapter 5: Application Example

This chapter shows how the presented Markov chain energy storage model could
be used for the analysis of real-world applications. As the presented model is completely
general, there may be many kinds of applications which could be analyzed using this
model. Examples of real-world applications are given in the introduction, and one of the
examples is further explored in order to depict the analysis.

5.1 Introduction
A PV-powered water purification system is shown in Figure 5.1. This photo was
taken in Pass Christian, MS, USA after Hurricane Katrina in 2005. As shown, the energy
storage system is used with PV modules to possess higher availability. Figure 5.2 shows a
part of 50 kW PV array in the microgrid located in Sendai, Japan. This PV array
contributed to generate power during the blackout after the earthquake on March 11,
2011. These applications are good examples showing how RE sources benefit the public
during extreme events.
55

Figure 5.1:

PV-powered water purification system (Pass Christian, MS, USA)

Figure 5.2:

Part of 50 kW PV array in the microgrid (Sendai, Japan)
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In addition, Figure 5.3 shows a mobile house with PV-wind-fuel cell hybrid
power system in Istanbul, Turkey [24]. This mobile house can be used without the
connection to the power grid, which enables the house to be located without restrictions.
In a similar manner to the previous applications, an energy storage system is installed in
the mobile house in order to provide power when there is a power deficit. Moreover,
Figure 5.4 shows a case where PV power provides supplemental power to an electrical
vehicle [47]. In this case, a PV roof functions as an auxiliary power source apart from the
battery of an electrical vehicle.
As the aforementioned applications show, power generation profile becomes more
dispatchable when RE sources and energy storage system are together used in a proper
manner—the size of PV modules and energy storage need to be suitable to the load
capacity. Hence, it is critical to understand how energy storage system—which is charged
and discharged during operation—and RE generation operate simultaneously to provide
power to the load. Since analyzing all presented applications is out of the scope of this
dissertation, only one case is given as an example; next section presents an analysis of an
electrical vehicle with a PV roof, which is shown in Figure 5.4, with the proposed
Markov chain based energy storage model.
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Figure 5.3:

Mobile house with PV-wind-fuel cell hybrid power system (Istanbul,
Turkey) [24]

Figure 5.4:

Electrical vehicle with a PV roof
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5.2 Case Study: Analysis of the Energy Storage Operation of
Electrical Vehicles with a PV Roof
5.2.1 Introduction
In December 2011, Daimler placed 500 electrical vehicles in Vienna, Austria [48]
which are equipped with a 100 W PV roof [47] for the company’s vehicle sharing
services [49]. Since the PV generated power assists the electrical power usage of the
vehicles, it is critical to understand how the operation of energy storage system is
affected by the PV power generation [19].
This section analyzes how the power generation of PV roofs installed on electrical
vehicles affects the operation of energy storage system. In particular, the proposed
Markov chain model is used to effectively model the charge and discharge processes of
energy storage. This approach is beneficial when analyzing the operation of the energy
storage system of electrical vehicles with PV roofs since there are both charge and
discharge processes involved simultaneously, e.g., PV roofs may generate power while
vehicles are being driven. Moreover, the effects of PV power on the operation of energy
storage can be used to estimate the charge level of energy storage system at the end of
any day, which may help grid operators when estimating the power demand from
electrical vehicles within a certain region.
In particular, the proposed Markov chain model uses Monte Carlo simulated
results of insolation data collected in Austin, TX, USA and the survey results on how far
people drive on each day in the urban cluster areas in the USA [50]. With simulated
results, a one-step transition probability matrix, which represents the charge and
discharge processes that occur in the energy storage system, is developed. In addition, an
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electrical vehicle with a PV roof manufactured by Daimler [51]—which is shown in
Figure 5.4—is used for demonstrating the proposed model.

5.2.2 Power Generation from an Electrical Vehicle’s PV Roof
In order to analyze the power generation from the PV roofs of electrical vehicles,
the same insolation data set in Chapter 3 is used for the analysis; insolation data and its
distribution are shown in Figures 3.2 and 3.3. Using the same strategy that was
introduced in Chapter 3, random values according to the estimated exponential
distribution can be generated after finding the parameter of the exponential distribution
that Figure 3.3 follows. When using one of the models in [47] as an example for an
electrical vehicle, the generation capacity of a PV roof is determined to be 100 W. With
an assumption that the PV module model in [35] is installed, Figure 5.5 shows the
random values—over 1 million values—of PV generation from a PV roof of an electrical
vehicle using the histogram of generated random values in Figure 3.4.
The values in Figure 5.5 can be used to estimate the transition probability values
of charge process in Figure 2.1.b, and the estimated probabilities form the one-step
transition probability matrix in (2.7) for the charge process. Equation (5.1) shows the
one-step transition probability matrix, and as shown, the lower triangle of the matrix is
filled with zeros, which represents that batteries are not able to be discharged while
charging at night. Moreover, in (5.1), N and Δ in (2.4) is assumed to be 501 and 33 W,
respectively; when T in (2.4) is also assumed to be 1 hour, the battery capacity is 16.5
kWh (= (501−1) × 1 hour × 33 W) which is the same size as described in [51]. In this
manner, the battery’s charge process by power generated by a PV roof can be modeled
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with the actual battery capacity of an electrical vehicle shown in [47].

Pcharge

Figure 5.5:

0 0.7589 0.1962 

0

0
0.7589 


0


0
0


= 





0 0.7589 0.2411


0
0
1 


0
0
1  501×501


(5.1)

Histogram of generated random values of power generation from a PV
roof (100 W) of an electrical vehicle according to Figure 3.4
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5.2.3 Driven Distance
Figure 5.6 shows the collected data for the driven distance in urban cluster areas
in the USA; since the maximum distance that a fully-charged electrical vehicle in [47]
can be driven is 63 miles, the distances greater than 63 miles are discarded in this
analysis for simplicity. Similar to the methodology for finding insolation distribution, the
driven distances’ distribution is determined using the found histogram, which is shown in
Figure 5.7, and the random values of driven distances are generated according to the
estimated distribution. The histogram of these random values is shown in Figure 5.8.
Note that the one-step transition probability matrix for the charge process was
determined with a one-hour time step. In a similar manner, the one-step transition
probability matrix for the discharge process with one-hour time step can be determined
using driven distance as the load. However, the driven distance does not represent the
hourly load demand since electrical vehicles may have been driven for more than an hour
for a certain mileage. Therefore, it is necessary to determine the vehicle speed to
calculate the hourly load demand from an electrical vehicle in order to match power
generation from a PV roof. Figure 5.9 shows the histogram of generated random values
of driven distance per hour. This determination was done with an assumption that the
electrical vehicle’s maximum speed is 30 miles/hour which is a typical speed limit in
urban cluster areas in the USA. For example, let the driven distance and speed be 45
miles and 30 miles/hour, respectively. Then, there are two data points that represent the
hourly load: 30 miles corresponding to the first hour of travel and 15 miles for the
remaining distance traveled.
Figure 5.10 shows the histogram of the generated random values of hourly load
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from an electrical vehicle; these numbers were calculated with the information of the
maximum distance that a fully-charged electrical vehicle can be driven (63 miles) and its
energy storage capacity (16.5 kWh), which corresponds to 261.9 Wh per mile.
Furthermore, the histogram is used to estimate transition probabilities of discharge
processes in a manner similar to that of the charge processes. Therefore, when all
transition probabilities are found, the one-step transition probability matrix can be known.
Equation (5.2) shows the one-step transition probability matrix for the discharge process.
As shown, the upper triangle consists of zeros, representing that batteries are not charged
during a process in which a discharge occurs.

Figure 5.6:

Collected data of driven distance per trip (urban cluster areas in the USA)
[50]
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Figure 5.7:

Histogram of the data of driven distance per trip in Figure 5.6

Figure 5.8:

Histogram of the generated random values of driven distance per trip
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Figure 5.9:

Histogram of the generated random values of driven distance per hour
(with an assumption of max speed: 30 miles/hour)

Figure 5.10:

Histogram of the generated random values of load demand per hour from
an electrical vehicle according to Figure 5.9
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(5.2)

5.2.4 Demand Estimation at the End of Any Day
According to [48], the average number of trips taken by a single car is 4.04. Since
the average value of the random driven distance values in Figure 5.10 is 16.47 miles, the
average distance driven by a single car in a day is 66.54 miles (= 4.04 × 16.47). When the
speed of the vehicle is assumed to be 30 miles/hour, it can be determined that the average
amount of time that a single car is driven a day is 2.22 hours. For simplicity, the number
of hours driven is considered as 2 hours in this analysis. Note that a PV roof generates
power for 12 hours (from 7am to 7pm).
Consider now that the initial probability distribution

of energy storage’s SOC is

π0. Given this initial distribution, the distribution π1 after the first time step can be shown
as follows [52]

π1 = π0 P

(5.3)

Since the transition matrix is independent of time, i.e., time-homogeneous, the evolution
from the first distribution n=1 to the next one n=2 is similarly given by
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π 2 = π1P

(5.4)

Then, in general, the distribution πn after n time steps—or n hours in this analysis—is [52]
π n = π0 P n

(5.5)

Now, let π0 be an initial distribution for energy storage’s SOC. As mentioned earlier,
N=501. When an electrical vehicle is fully charged during nighttime, π0 can be
represented as

π0 = [ 0 0 0  0 0 1]1×501

(5.6)

When estimating the charging demand during nighttime with an assumption that an
electrical vehicle is driven for 2 hours, the worst scenario would be that there is no PV
generation during daytime—which corresponds to no change in the energy storage after
the 2-hour drive until the next recharging event. Then, using (5.5), the distribution of the
energy storage’s SOC immediately after the 2-hour drive can be found as

π worst = π 2
2
= π0 × Pdischarge

(5.7)

= [ 0  1.49 ×10−4

7.52 ×10−5

0 0]1×501

Since there is no more charging or discharging after 2-hour drive, πworst shows the
distribution of energy storage’s SOC at the end of the day.
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Instead, if the assumption that an electrical vehicle is driven for 2 hours is still
kept, the best scenario would be that the driving is done before daytime and the energy
storage is charged through PV power generation for full 12 hours during daytime. This is
the best scenario for obtaining the highest SOC at end of the day for the given
assumptions. Using (5.5), the distribution πbest at end of day is found as

π best = π14
2
12
=
× Pcharge
π0 × Pdischarge

(5.8)

= [ 0  0.0012 0.0011 0.0010 0.0079]1×501

Figure 5.11 shows both the best and worst scenarios of distributions of energy
storage’s SOC at the end of any day when the electrical vehicle is driven for 2 hours
during daytime. Using this information, the charging demand during nighttime for 500
electrical vehicles [48] can be estimated. Figure 5.12 shows the probability distribution of
the charging demand during nighttime when 500 electrical vehicles are operated with the
aforementioned assumptions. Moreover, the cumulative distribution function of the
charging demand during nighttime is shown in Figure 5.13; as an example, the
probability of needing 7 MWh or less for charging demand is 0.8 or 80 % for the best
scenario. In particular, the distribution of charging demand may be useful when grid
operators estimate the load demand from a certain region or location.
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Figure 5.11:

Probability distribution of state of charge with an assumption of two-hour
drive during a day

Figure 5.12:

Probability distribution of charging demand during nighttime for 500
electrical vehicles
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Figure 5.13:

Cumulative distribution function of charging demand during nighttime for
500 electrical vehicles

5.2.5 Conclusion
This analysis presented how the energy storage system of electrical vehicles with
a PV roof can be analyzed using a Markov chain model. When a Markov chain model is
used, both charge and discharge processes in energy storage system can be effectively
modeled, which enables the estimation of the expected amount of charge left in the
energy storage system of electrical vehicles at the end of any day. In addition, the
presented model can easily be modified for its use for various conditions—e.g., various
values of insolation, number of electrical vehicles, or energy storage capacity. Therefore,
the presented model can predict the expected load demand for charging demand of
various numbers of electrical vehicles in various locations during nighttime. Hence, these
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estimations may take an important role for the grid operators’ planning of how much
power would be required from the generation side as a number of electrical vehicles
operation increase in a certain region.
In particular, this analysis used an electrical vehicle model in the current market
to analyze the effects of an installed PV roof on the vehicle. Moreover, the best scenario,
having PV generation during the entire daytime, and worst scenario, not having PV
generation at all, were considered for the analysis and its results were discussed. Since
the generation capacity of a PV roof—100 W [47] —is relatively small given the time
scale of operation of the electrical vehicle when compared to the electrical vehicle’s
energy storage capacity—16.5 kWh [51]—the effect of PV generation on an electrical
vehicle’s operation was not significant. However, this addition of a PV roof on an
electrical vehicle may assist the usage of other electrical equipment in the car, e.g., air
conditioner.
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Chapter 6: Effects of Microgrid Architectures
on Availability

This chapter investigates the effect of energy storage systems on the availability
of microgrids with various architectures in the presence of RE sources. Since the previous
chapters presented a method to evaluate the availability of RE-energy storage system, it is
important to understand how the various methods of connecting RE sources and energy
storage—or microgrid architectures—affect availability. In this chapter, the minimal cut
sets method, in particular, is used in addition to presented Markov energy states modeling
in order to evaluate effects of microgrid architectures on availability. Using the proposed
method, availabilities of radial, ring, and ladder type microgrid architectures are
evaluated in the presence of RE sources and energy storage systems, and simulated
results are discussed.

6.1 Introduction
One of the expected advantages of microgrids is having a higher availability
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compared to the current electrical grid [53, 54]. Microgrids use controlled distributed
energy resources to generate power which makes isolated operation possible [55, 56],
thus improving the local availability of energy supply. As mentioned earlier in previous
chapters, availability becomes more of an issue when a greater capacity of RE sources is
used to generate power within microgrids [19, 57]. Although adding energy storage is an
option to improve availability [18, 58, 59], calculating the amount of improved
availability within microgrids is neither simple nor easy. This is mainly due to the
charge/discharge processes that take place in energy storage system, which makes it
difficult to predict how much power is available from energy storage.
Some works have been reported in the literature on the evaluation of microgrids
availability and/or reliability indices—availability and reliability are not equivalent since
availability here represents the probability of the load being fully powered at any given
time, whereas reliability represents the probability of a component carrying out an
expected function for a given period of time [53]. For instance, [60] and [61] analyzed
the reliability of distributed generation without including energy storage system in the
study. In [62], the presented work includes energy storage system within microgrids,
however, charge/discharge processes are not taken into account for the storage model,
which is not realistic since the energy storage system is not a one-time-use energy reserve.
In [63], the authors propose a combined distributed generations (DGs) and energy storage
model to evaluate the reliability of microgrids which includes the states of DGs, energy
storage, and energy stored in the storage device without considering the effect of system
architectures on the availability or reliability of microgrids.
This chapter proposes a method for microgrids availability evaluation using the
minimal cut sets (MCS) method with a Markov chain energy storage model. This strategy
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is useful when calculating the effect of energy storage system connected to a microgrid
with multiple energy sources and loads. In particular, the MCS method [53] enables
considering the effect of system architectures on the availability of microgrids. Using this
approach, it can be seen that how energy storage system takes its role within microgrids
with various system architectures that include energy storage system.

6.2 Minimal Cut Sets
The MCS method evaluates availability by determining the combinations or sets
of system components that will introduce a system failure. In particular, a minimal cut set
can be defined as a group of components such that if all fail the system fails but that if
any one of those failed components is repaired the system is no longer in a failed state
[53].
In particular, the MCS method is selected to evaluate the availabilities of various
system architectures because it is simple. This is an important advantage particularly
when there are a large number of components in the system. When individual
components have a high availability, then microgrids unavailability, UMG, can be
accurately approximated—using the bounds shown in (6.1) —as (6.2) [53].
MC

M C i −1

MC

=i 1

=i 2=j 1

=i 1

∑ P ( Ki ) − ∑∑ P ( Ki ∩ K j ) ≤ U MG ≤ ∑ P ( Ki )

(6.1)

MC

U MG ≅ ∑ P ( K j )
j =1
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(6.2)

where MC, Kj, and P(Kj) represent the total number of MCS, the MCS, and the MCS
probability, respectively.

6.3 Architecture Models
Figures 6.1 to 6.3 present radial, ring [64, 65], and ladder [66-68] microgrid
architectures, respectively. Note that PV generation is only considered for RE generation
in order to simplify the analysis. As shown, circuit breakers (CBs) are used to protect
each component. Since open circuit faults are very rare in power systems and usually
ignored, and short circuit faults are the dominant source of component failures [69], only
short circuit failure mode is considered in the simulations. In other words, only failures
that occur when there is a short circuit fault in the system, i.e., CBs fail to open, are
considered in this analysis. In addition, the following summarize assumptions that are
used determine the MCS in this analysis:
• Only short circuit failure modes of CBs are considered.
• When a short circuit failure of a CB occurs, the other CBs connected to that
fault will operate (or be opened).
• MCS in Tables 6.1 to 6.3 are determined for the cases when Load #1 is not
powered.
• When any load fails to be powered, it is considered as a system failure (Tables
6.6 and 6.7).
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• Power output of PV sources and energy storage devices is variable. Whenever
they cannot produce enough power for all loads it is then assumed that they are
in the failed state.

Figure 6.1:

A radial-type system architecture

Figure 6.2:

A ring-type system architecture
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Figure 6.3:

A ladder-type system architecture

Both passive events—i.e., a component failure that does not have an impact on
the remaining healthy part of the system—and active event—i.e., a component failure
that cause the removal of other healthy components of the system—are considered in the
calculation of reliability indices. In Figures 6.1 to 6.3, Solar #1 & #2 represent the PV
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generation, and Storage #1 & #2 represent energy storage systems. When demonstrating
the simulations, both PV generations are assumed to have the same amount of generation
capacity (1 MW), and both storages are assumed to have the same amount of capacity (1
MW) as well.
Tables 6.1 to 6.3 present the MCS of the radial, ring, and ladder microgrid
architectures, respectively. As mentioned earlier, the MCS in each table are determined
for Load #1 (Figures 6.1 to 6.3). In other words, the MCS are set for the case when the
microgrid fails to supply Load #1. Then, the system availability can be evaluated after
determining availabilities for every load in the system. This process is not a time
consuming process since many MCS are redundant within the same architecture.
As shown in Table 6.1, there are 8 MCS for the radial-type system architecture
which is shown in Figure 6.1. MCS #1 represents the failure of a bus that connects all
components in the shown radial-type system architecture. As it can be seen, the whole
system fails when bus L1 fails. This means not a single generation nor storage device is
able to be connected with any load due to the failure of bus L1. MCS #2 represents the
failure of a single CB, which is the case when a CB fails to open when there is a short
circuit. Short circuit failure of a CB causes a voltage drop which introduces a system
failure. Then, the other CBs connected to the fault may or may not be opened for the
protection at that moment of failure. In either cases, i.e., other CBs operate to be opened
or not, a short circuit failure of a CB in the radial-type architecture, then, is a single point
of failure since no load is able to be powered with the presence of a short circuit failure.
Therefore, the CB unavailability (uCB) is multiplied by eight since MCS #2 considers the
failures of all eight CBs in the system. MCS #3 represents the unavailability even when
all components of the system are healthy and have no failure. In other words, MCS #3
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does not describe the failure rates of component, however, describes the unavailability of
power resources including energy storage system. For example, when there is no PV
generation, or storage level is not enough to supply the load, the system is considered
unavailable even there is no failure within the system. Hence, u2S2E of MCS #3 represents
the unavailability when all components—two PV sources and two energy storage
systems—are working in order but they cannot meet the power level required by load.
MCS #4 represents a case that one of the two energy storage systems is failed to
operate as storage. In this case, the unavailability of power resources which includes two
PV sources and one energy storage system is evaluated. This unavailability, u2S1E,—i.e., a
case that one of two energy storage is failed to operate—will be greater than that of u2S2E
because there is less amount of capacity to store the energy within the system. In
addition, when any of two energy storages fail to operate, it is assumed that the CB
connected to that storage opens to protect the system. In a same manner, other
unavailabilities can be found for other MCS shown in Tables 6.1 and 6.2.
Particularly, Table 6.3 has different MCS from the previous ones. This is because
ladder-type system architecture has a different approach to connect power resources and
loads. Unlike the other architectures, Load #1 can be disconnected from the rest of the
system by CB2 and CB3, as shown in Figure 6.3. This is represented as MCS #3. With
this type of connection, the total number of CBs may be increased; however, this gives a
lower possibility of a system failure to supply the load with regard to failures within
microgrids. In addition, MCS #10 and #11 include unavailabilities with the information
of how many loads are connected to that generation. This information is given only for
the ladder-type architecture because when CBs that are connected to L1 and L2 fail to
operate in a certain step, Load #1 is separated from the loads in other steps. For example,
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if CB #4 and #6 in Figure 6.3 fail to operate, CB #1 and #3 will automatically be opened
for the protection. Then, Solar #1 becomes the only power resource that powers Load #1
which is the only load that is connected to Solar #1. Since the MCS are determined from
the perspective of Load #1, the unavailability becomes u1S0E1L. As a result, u1S0E1L will be
greater than u1S0E because u1S0E1L considers only a single load being powered instead of
all four loads.

Table 6.1:

MCS description, probability, and quantity for the radial-type system
architecture shown in Figure 6.1

#

Minimal cut sets (Load #1)

1

{L1}

2

{CB1}, {CB2}, {CB3}, {CB4},
{CB5}, {CB6}, {CB7}, {CB8}

3

{U2S2E}

4

{U2S1E, E1}, {U2S1E, E2}

5

{U2S0E, E1, E2}

6

{U1S2E, S1}, {U1S2E, S2}

7

{U1S1E, S1, E1}, {U1S1E, S1, E2},
{U1S1E, S2, E1}, {U1S1E, S2, E2}

8

{U1S0E, S1, E1, E2},
{U1S0E, S2, E1, E2}

Quantity and probability of
occurrence
𝑢L

(8)(𝑢CB )
𝑢2S2E

(2)(𝑢2S1E 𝑢E )
𝑢2S0E 𝑢E2

(2)(𝑢1S2E 𝑢S )

(4)(𝑢1S1E 𝑢S 𝑢E )
(2)(𝑢1S0E 𝑢S 𝑢E2 )
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Table 6.2:

MCS description, probability, and quantity for the ring-type system
architecture shown in Figure 6.2
Quantity and probability of
occurrence

#

Minimal cut sets (Load #1)

1

{L1}

2

{CB1}, {CB2}, {CB3}, {CB4}, {CB5},
{CB10}

3

{U2S2E}

4

{U2S1E, E1}, {U2S1E, E2}

5

{U2S0E, E1, E2}

6

{U1S2E, S1}, {U1S2E, S2}

7

{U1S1E, S1, E1}, {U1S1E, S1, E2},
{U1S1E, S2, E1}, {U1S1E, S2, E2}

8

{U1S0E, S1, E1, E2},
{U1S0E, S2, E1, E2}

𝑢L

(6)(𝑢CB )
𝑢2S2E

(2)(𝑢2S1E 𝑢E )
𝑢2S0E 𝑢E2

(2)(𝑢1S2E 𝑢S )

(4)(𝑢1S1E 𝑢S 𝑢E )
(2)(𝑢1S0E 𝑢S 𝑢E2 )

81

Table 6.3:

MCS description, probability, and quantity for the ladder-type system
architecture shown in Figure 6.3
Quantity and probability of
occurrence

#

Minimal cut sets (Load #1)

1

{L4}

2

{L2, L3}

3

{CB2}, {CB3}

4

{U2S2E}

5

{U2S1E, E1}, {U2S1E, E2}

6

{U2S0E, E1, E2}

7

{U1S2E, S1}, {U1S2E, S2}

8

{U1S1E, S1, E1}, {U1S1E, S1, E2},
{U1S1E, S2, E1}, {U1S1E, S2, E2}

9

{U1S0E, S1, E1, E2},
{U1S0E, S2, E1, E2}

10

{U1S0E1L, L1, L2}

11

{U1S0E1L, CB4, CB6}, {U1S0E1L, CB7, CB9},
{U1S0E1L, CB10, CB12}

𝑢L

𝑢L2

(2)(𝑢CB )
𝑢2S2E

(2)(𝑢2S1E 𝑢E )
𝑢2S0E 𝑢E2

(2)(𝑢1S2E 𝑢S )

(4)(𝑢1S1E 𝑢S 𝑢E )
(2)(𝑢1S0E 𝑢S 𝑢E2 )
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𝑢1S0E1L 𝑢L2

2
(3)(𝑢1S0E1L 𝑢CB
)

6.4 Simulated Results
Table 6.4 shows the availability values that are used to conduct simulations. As
mentioned, only short circuit failures were taken into account for CBs in the availability
calculation. In addition, the availabilities of power generation with various amount of PV
and energy storage are evaluated using two different energy storage system models: the
Markov chain model and two-state—i.e., available or unavailable—energy storage model
that is used in power system study traditionally. The Markov chain model, which was
introduced in Chapter 2, models charge/discharge processes using states defined by
energy levels. On the other hand, two-state energy model does not take charge/discharge
processes into account. Hence, for two-state storage model, if energy storage system is
available, i.e., working in order, the storage is regarded as a fully charged storage. Vice
versa, if energy storage system is not available, i.e., fail to operate, the storage is regarded
empty. This strategy results only two states, 0 and 1, which introduce overestimated
availabilities since it assumes that energy storage is fully charged whenever the storage is
working in order. As shown in Table 6.4, availabilities that are found with two-state
storage model are slightly higher than that of power generation which used Markov chain
energy storage model.
Table 6.5 introduces the capacity values of each PV generation and energy
storage system that are used for the simulations. In order to investigate the impact of
using various architectures, the total capacity of power generation and storage and the
total amount of load in all architectures are assumed to be equal. With an assumption of
having 1 MW capacity of PV panels [70], the same insolation data set in Chapter 3 is
used to generate a PV generation profile; insolation data and its distribution are shown in
Figures 3.2 and 3.3. Moreover, load data set from [71], which is also shown in Figure
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3.10, is used for the simulations. Each load—e.g., Load #1—shown in Figures 6.1 to 6.3
is assumed to represent 40 housings; hence, the average value for each load (40 housings)
was 54 kW, and the maximum value was 153 kW. Note that same methodology
introduced in Chapter 3 is used in this analysis; in order to take the load demand during
nighttime into account, i.e., (3.6), load values during day and nighttime are additively
combined to generate power transfer distribution for the Markov chain model.
Tables 6.6 and 6.7 show the simulation results using the Markov chain model and
the two-state (charged/discharged or available/unavailable states) model for energy
storage system, respectively. Availability of each load is evaluated and presented in these
tables. When the total availability was determined for each system, it was assumed that if
any load fails to acquire power, it is considered as a loss of load for the whole system. As
shown, the two-state energy storage model results higher availabilities. Hence, the total
availability evaluated with the two-state model is higher than that with the Markov chain
model. This shows that not considering the charge/discharge processes may result
overestimated availabilities when energy storage system is included in microgrids.
Moreover, when various architectures are compared, it can be seen that the
ladder-type system in Figure 6.3 has the highest availability. But the ladder-type
architecture may have higher cost since it uses a greater number of CBs than the other
system architectures. Notice that the results may change when different unavailability
values are used for each component; however, since the MCS of system architectures do
not change, the total availability can be easily evaluated by few modifications.
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Table 6.4:

Availability values of components used in the numerical examples

Item

Availability (A)

Line [69]

0.99999714

Circuit breaker [69]

0.99998858

α

PV module [46]

0.99998965

Energy storage (battery) [72]
Power generation (2S, 2E)
Power generation (2S, 2E)

β
γ

Power generation (2S, 1E)β
Power generation (2S, 1E)

γ

Power generation (2S, 0E)

0.99998817
0.99999999
0.96334381
0.99998632
0.58018741

Power generation (1S, 2E)β
Power generation (1S, 2E)

0.99996742

γ

0.94085955
0.99999999

Power generation (1S, 1E)β

0.87836016

Power generation (1S, 1E)γ

0.99998111

Power generation (1S, 0E)

0.42024639

Power generation (1S, 0E) —1L

0.79908486

α

Repair time was assumed to be 50 hours.
Acquired by the Markov chain model
γ
Acquired by the two-state model (0 or 1)
β

Table 6.5:

Unavailability (𝑢)
𝑢L

𝑢CB
𝑢S

𝑢E

𝑢2S2E
𝑢2S1E
𝑢2S0E
𝑢1S2E
𝑢1S1E
𝑢1S0E

𝑢1S0E1L

Simulation input information

Item

Capacity

PV generation capacity (ea.)

1,000 kW (avg. generation = 222 kW)

Energy storage capacity (ea.)

1,000 kWh

Load (ea.) —40 housings

54 kW (avg.) / 153 kW (max.)
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Table 6.6:
System
Architecture

Radial

Ring

Ladder

Table 6.7:
System
Architecture

Radial

Ring

Ladder

System availability results (Markov chain model)
Load

Availability (A)

#1
#2
#3
#4
Total
#1
#2
#3
#4
Total
#1
#2
#3
#4
Total

0.99989033
0.99989033
0.99989033
0.99989033
0.99956134
0.99991317
0.99991317
0.99991317
0.99991317
0.99965270
0.99995885
0.99995885
0.99995885
0.99995885
0.99983542

Availability
(number of nines)
3.9599
3.9599
3.9599
3.9599
3.3579
4.0614
4.0614
4.0614
4.0614
3.4593
4.3857
4.3857
4.3857
4.3857
3.7836

System availability results (two-state model)
Load

Availability (A)

#1
#2
#3
#4
Total
#1
#2
#3
#4
Total
#1
#2
#3
#4
Total

0.99990577
0.99990577
0.99990577
0.99990577
0.99962311
0.99992861
0.99992861
0.99992861
0.99992861
0.99971447
0.99997429
0.99997429
0.99997429
0.99997429
0.99989719

Availability
(number of nines)
4.0258
4.0258
4.0258
4.0258
3.4238
4.1464
4.1464
4.1464
4.1464
3.5444
4.5900
4.5900
4.5900
4.5900
3.9880
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Chapter 7: Design Considerations for Energy
Storage Power Electronics Interfaces

In Chapter 3, simulated results showed how diverse RE sources may improve
availability with the given energy storage capacity. In other words, when various types of
RE sources are used, the required energy storage capacity is reduced to achieve a certain
power availability goal. Hence, it is important to discuss power electronics interfaces,
e.g., converters, how various types of RE sources and energy storage system can be
connected together. In particular, when RE sources—including PV modules, wind
generators, and fuel cells—are used to generate power, there are certain electrical
properties of each source that need to be considered for the design of energy storage
power electronics interface. In addition, energy storage’s charging and discharging
characteristics also need to be considered in order to maintain its long life and high
reliability. In this chapter, properties of RE sources and energy storage are discussed to
obtain design considerations for power electronics interfaces. Moreover, various
converter types for various applications will be introduced and discussed to acquire a
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suitable design. Particularly, multiple-input converters (MICs) are introduced as a
solution to integrate diverse power sources.

7.1 Introduction
Having energy storage in power systems introduces another aspect in interface
design, because energy storage requires power flow to be bidirectional in order to be both
charged and discharged. In addition, since the different types of energy storage have
different electrical properties such as maximum charging current or voltage, storage
specifications should be accounted for in the design considerations of power electronics
interfaces.
In this chapter, properties of various RE sources and energy storage will be briefly
discussed in relation to design considerations for power electronics interfaces. The
analysis of design considerations will contribute to the efficiency and reliability of the
system, since properly designed interfaces are able to harvest maximum power from RE
sources and charge/discharge the storage without degrading its lifespan.

7.2 Renewable Energy Sources
7.2.1 PV Modules
Maintaining maximum power point tracking (MPPT) is critical when PV modules
are used to harvest as much power as possible from available insolation [73]. MPPT uses
PV modules voltage-current output characteristics to match impedance in order to extract
maximum power, and matching impedance for MPPT can be done by varying duty cycles
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of transistors using various control methods. Therefore, the control circuit of an interface
should be designed properly so that the maximum power point (MPP) is maintained
despite variations in insolation throughout the day. In [74], various techniques of MPPT
are introduced: incremental conductance, ripple correlation control, current sweep, etc.
Figure 7.1 shows an example of a converter with the MPPT function.
In a centralized PV generation system, the system may be subjected to a singlepoint of failure. That is, the output of all the PV modules may deteriorate dramatically,
e.g., voltage drops and local hot spots may result due to the failure of one module [36].
Nowadays, a module-incorporated inverter is usually integrated into PV applications to
maximize energy harvest and improve the poor availability of the centralized system [75].
More advanced solutions involve the use of MICs [76] because they improve the
availability, while minimizing the number of components. Apart from MPPT, some
general requirements of power electronics interfaces include [75, 77]:
• System efficiency should be higher than 94 %.
• Wide DC input voltage range.
• The cost is lower than 0.5 US dollar per watt.
• Safety: fault detection and anti-islanding.
• Total harmonic distortion is below 5 % to meet IEEE 519 standard.
• The system design should comply with EN61000-3-2, the IEEE519, and U.S.
National Electrical Code (NEC) 690.
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Figure 7.1:

Block diagram of SEPIC with MPPT [78]

7.2.2 Wind Generators
Since wind generators produce ac current, a rectifier is required when using wind
generated power to charge batteries. Similar to PV modules, power from wind generators
can be maximized if the maximum power tracking (MPT) function is realized by the
converter [79-81]. In summary, the power electronics interfaces for wind generators
should include a rectifier and a dc-dc converter to achieve maximum power harvesting
via the MPT function. Figure 7.2 shows an example of a converter that uses the MPT
function to maximize efficiency.
Because wind generators are often connected to the grid [82], the standards for
wind power generation are crucial, particularly in terms of power quality and power
system control [77]. Several international standards, which are also mentioned in [83],
have been published by the International Electrotechnical Commission (IEC). More
information about the standards of wind power generation can be found in [84, 85].
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Figure 7.2:

Block diagram of a dc-dc converter with MPT [79]

7.2.3 Fuel Cells
In a practical manner, the power electronics interface for fuel cells (FCs) is a
cascade system which consists of a dc-dc converter and an inverter. In particular, FCs
should avoid voltage-source type converters because these converters produce a switched
current, which may reduce the FC lifespan [76]. Switched currents can be avoided when
converters with current-source inputs are used [6]; an example of which is shown in
Figure 7.3. This current-source type input should be considered when designing an
interface for FCs and energy storage, as it enables currents from FCs to flow
continuously. In addition, the coupled-inductor is usually required in the dc-dc converter
to achieve dc-isolation and extend the voltage step-up ratio [77]. Furthermore, improved
availability can be achieved by a modular fuel cell design [86].
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Figure 7.3:

Input cell with current-source conditioning filter [76]

7.3 Energy Storage
7.3.1 Lithium-Ion Batteries
In this chapter, lithium-ion batteries are particularly discussed for energy storage
because of their increased popularity in the commercial market. Their comparatively
higher energy density, power rate, and cycle life over other battery types [87] makes them
especially appealing. The aforementioned characteristics also provide greater benefits
when lithium-ion batteries are used as stationary energy storage [39], because stationary
energy storage is characterized by long life cycles and high reliability.

7.3.2 Aging
It is critical to understand how and why lithium-ion batteries age, because, with
that information, the life and reliability can be maximized by a proper design. In
particular, aging is caused by two types of lithium-ion batteries’ loss: energy loss and
power capability loss [40]. According to [40], energy loss occurs when active materials
transform during the rest period. This phenomenon may result in a reduction of cell
capacity, an increase in impedance, and a decrease in operating voltage. On the other
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hand, power capability loss occurs with the increase of impedance. Both types of losses
are generally observed together. Thus, it is difficult to distinguish one loss from another
because a number of processes take place simultaneously [39].
Authors in [40] explain that aging occurs not only when lithium batteries are in
use, i.e., they are being charged or discharged, but also when they are only used to store
energy. Authors explicate that the degradation of active materials takes place when
batteries are cycled by charging and discharging. In return, the aging process, by means
of the degradation of active materials, continues as batteries are cycled. Authors also
formulate that temperature highly impacts the aging process of batteries when they store
energy without any charging/discharging cycles. Thus, it is critical to have a quality
charging system in order to preserve the life of batteries as long as possible and to
maintain highly reliable batteries [88]. The proceeding sections will discuss how to have
a quality charging system by using various strategies.

7.3.3 Charging Method
In order to charge lithium-ion batteries efficiently, power electronics interfaces
should realize proper charging methods [89, 90]. Particularly, interfaces should avoid
over-charging and over-discharging which may introduce unwanted chemical reactions.
Thus, it is vital that lithium-ion batteries be operated within proper voltage and SOC
levels [91].
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Two common charging methods are the constant voltage (CV) and constant
current-constant voltage (CC-CV) methods [89]. The CV method charges lithium-ion
batteries with a charging current that is limited to its maximum capacity, while the
voltage level is kept at the maximum. This method is simple and easy to implement;
however, the maximum voltage level keeps the charge current level low, and hence
reduces the charging speed. On the other hand, the CC-CV method uses advanced control
techniques with regard to the combination of composite charging methods. In return, the
CC-CV can provide faster charging than the CV method [89, 92]. The CC-CV method
starts its charging process with CC charging mode, then continues with CV charging
mode, and finally finishes charging with CC charging mode [88]. Figure 7.4 shows a
typical lithium-ion battery charge/discharge profile.
As shown in Figure 7.5, a battery charger uses both linear and switching
regulators [93] which allow the battery charger to use the CC-CV method in order to
charge the batteries quickly and safely [94]. Advantages of linear chargers include a
small size and low cost, but low efficiency becomes a huge disadvantage. On the other
hand, switch-mode chargers are more efficient than linear chargers, but have a higher
cost and greater size [88].

94

Figure 7.4:

Typical lithium-ion battery charge/discharge profile [89]

Figure 7.5:

Typical lithium-ion battery charger [93]
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7.3.4 Charging Control
Since over-charging and over-discharging may introduce unnecessary chemical
reactions that would decrease the life of a lithium-ion battery, it is important to control its
voltage level [91]. Charge control enables the voltage level to be monitored, and allows
the charge system to manage charging/discharging according to the monitored
information. In [91], four charge control strategies are introduced: battery level voltage
monitoring, cell level voltage monitoring, dissipative cell level voltage management, and
non-dissipative cell level voltage management. Discussion of the detailed operation of
each strategy is outside the scope of this chapter; however, charge control strategies need
to be considered when a lithium-ion battery charger is designed.

7.3.5 Cell Balancing
Lithium-ion batteries are formed with a string of the multiple battery cells [89].
Cell balancing is important because each cell may have a different internal impedance
[95]. For instance, when cells are unbalanced at full charge condition, the capacity of the
total battery pack may be reduced by up to 25 % with 150 mV difference [89]. Thus,
power electronics interfaces should have a cell balancing function in order to maintain
the maximum possible capacity of lithium-ion batteries. The four common methods to
balance cells are: charge shuttling, charge shunting, dissipative resistor, and energy
converter [96].
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7.3.6 Safety and Protection
Lithium-ion batteries should be protected from over-voltage, under-voltage, overcurrent, and over-temperature [89, 95]. Over-voltage and under-voltage reduce the
capacity of the batteries [88, 89]. Moreover, over-current, which may occur as a result of
a short circuit, can seriously damage the batteries; thus, there should be a protection
circuit that limits the maximum current below the specified value given by the
manufacturer. Finally, since over-temperature affects the reliability of the batteries, the
interface should take temperature management into account when a battery charger is
designed.

7.3.7 Use with Renewable Energy Sources
As discussed previously, it is important to keep the number of charging and
discharging cycles low in order to maintain the long life of lithium-ion batteries. This
strategy may be difficult to implement when used with RE sources, since they have
intermittent characteristics.
To keep the number of charging and discharging cycles low, various kinds of RE
sources can be used together, e.g., PV, wind power, etc. [24, 97]. By using a combination
of various RE sources, the availability of power generation increases, which may reduce
the number of charging/discharging cycles.
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7.4 Power Electronics Interfaces
7.4.1 Bidirectional Converters
Bidirectional converters are used to charge and discharge batteries because they
are capable of transferring power not only from input to output, but also from output to
input [98]. Recently, multiple-port bidirectional converters (MPBCs) have received more
attention since multiple ports add modularity to the bidirectional converter topology. An
example of a multiport dc-dc converter structure is shown in Figure 7.6. In [99], various
types of MPBCs are introduced and categorized to show how MPBCs may be designed
for various applications with an energy storage system.

7.4.2 Multiple-Input Converters
When a number of RE sources are integrated into a single power system, MICs
are considered as a practicable solution because using MICs greatly cut down the system
cost by reducing the number of components [71]. Moreover, using MICs increases the
flexibility and reliability of a power system [71]; MICs make it possible to have various
RE sources as inputs and to transfer power from a number of inputs to a common load.
In particular, MICs are a good solution when a number of similar PV module
models are integrated into one system, because MICs can track the MPP for each panel.
However, MICs may have duty cycle limitations when they attempt to achieve MPPT for
various types of PV modules simultaneously [76]. In order to achieve MPPT with all
inputs of an MIC, an isolated multiple-input single ended primary inductor converter
(MISEPIC) can be used, since this converter uses coupled inductors to gain better
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flexibility and to avoid practical duty cycle limitations [100]. Figures 7.7 and 7.8 show a
simplified schematic of a two-input SEPIC and an isolated MISEPIC, respectively. In
addition, a design example of an MPBC using an MISEPIC and a half-bridge input cell as
input interfaces—shown in Figure 7.9—is given.

Figure 7.6:

Multiport dc-dc converter structure [99]

Figure 7.7:

Simplified schematic of a two-input SEPIC [100]
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Figure 7.8:

Isolated MISEPIC [100]

Figure 7.9:

Design example of an MPBC using an MISEPIC and a half-bridge input
cell as input interfaces [19]
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Chapter 8: Comparison of Energy Storage
Methods

Various methods have been considered in order to implement energy storage
system in microgrids; these may encompass batteries, ultracapacitors, a flywheel, or any
such combination [101]. In this chapter, the three main energy storage technologies are
briefly outlined, and their advantages and disadvantages are discussed.

8.1 Batteries
Batteries use the chemical reactions for the alternation of charge-discharge cycles,
which makes it possible for both storing energy and releasing electricity. One of the main
advantages that batteries have is high energy density, and this is reason that batteries are
preferred for applications such as electrical vehicles. In addition, batteries are typically
capable of providing power for a longer period of time than other storage methods that
have lower energy density [102]. Although the battery technologies have been matured
over time, batteries still have relatively low durability for a high-repetition cycling when
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compared to other storage methods. For instance, most batteries have only a few hundred
to a few thousand charge/discharge cycles, which may result a limited lifetime and higher
initial cost. Moreover, as discussed in Chapter 4, the aging process of energy storage—
including degradation in capacity and charge/discharge efficiencies—forces batteries to
be operated in a certain environment—e.g., within relatively narrow operating
temperature—in order to avoid performance degradation or lifetime reduction. Figure 8.1
illustrates the distribution of various electrochemical devices according to their power
and energy density.

Figure 8.1:

Ragone plot of electrochemical devices [103]

102

8.2 Flywheel
A flywheel uses a disk or rotor to spin in order to store mechanical energy which
is proportional to the flywheel’s moment of inertia and the square of rotational speed
[104]. Flywheels have a relatively higher cycling life than that of batteries: a few 10,000
to a few 100,000 cycles. Unlike batteries, flywheels’ lifetime is less affected by a
frequent charging/discharging cycles and operating temperatures when compared to
batteries. The initial cost of flywheels may be higher than that of batteries, but flywheels’
longer lifetime and lower maintenance cost result in lower life cycle cost. However, as
aforementioned, flywheels—which have lower energy density—are less capable of
providing power as long as batteries do. Hence, flywheels may be useful for applications
that require frequent charge/discharge cycles and wide operating temperature range but
do not require relatively long discharge time.

8.3 Ultracapacitors
Ultracapacitors are the devices that are capable of providing both high power
density and relatively high energy density [105]. Ultracapacitors have many advantages
over batteries, but they cannot store energy as much as batteries do. Since ultracapacitors
do not use chemical reactions for their charge/discharge processes, discharge and
recharge time are much faster than that of batteries, as shown in Figure 8.2. Therefore,
ultracapacitors may be a great fit for applications which require fast charge/discharge
processes with high power and long life time; however, ultracapacitors—with current
technologies—may be limited to be used as a storage that can store a large amount of
energy for a long-term use as batteries are used to store energy.
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Figure 8.2:

Comparison of discharge and recharge time for various energy storage
technologies [106]

In addition, Figure 8.3 shows the energy efficiency and life expectancy of various
energy storage methods. As shown, ultracapacitors and flywheels have very high
efficiency and longer expected lifetime when compared to other storage methods, giving
them an advantage when applications demand frequent charge/discharge processes. Then,
Figure 8.4 shows the capital cost of storage methods. Note that other costs, e.g.,
operational and maintenance cost, may exist as additional costs. In particular, it can be
seen that longer runtime results in higher capital cost. In Figure 8.5, the comparison of
weight and size of the storage methods is given. As shown, lithium-ion batteries have the
advantage of providing the same amount of power with least size and volume. As a
summary, a comprehensive comparison of the three discussed energy storage methods in
this section is tabulated in Table 8.1.
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Figure 8.3:

Distribution of storage techniques as a function of energy efficiency and
life expectancy [107]

Figure 8.4:

Capital cost vs. runtime for energy storage methods [106]
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Figure 8.5:

Technology size and weight comparisons [106]
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Table 8.1:

Energy storage technology comparison [108]
Lithium-ion
batteries
Higher than
lead-acid

Ultracapacitors

Flywheels

Typical
runtime

Lead-acid
batteries
5 minutes to 8
hours

10 seconds to 1
minute

History in the
marketplace

Long (many
decades)

Short (a few
years)

Short (a few
years)

Narrow
temperature
range
Harmful if not
recycled,
hydrogen
release on
recharge
Significant
government
and local
regulations for
management of
lead and acid

Narrow
temperature
range

Wide
temperature
range

1 second to 1
minute
Longer for low
speed,
short for high
speed
Wide
temperature
range

Considered
less toxic than
lead-acid
batteries

Harmful only
if burned

Harmful if not
recycled

Potential to
create
hydrogen or
cause violent
chemical
reactions

Requires high
voltage to
operate

Encasements
may be
required
for higher rpm
flywheels

Up to tens of
thousands of
kW

Up to multiple
MW

High

Moderate
(higher for
newer
technologies)

Operating
conditions

Environmental
impact

Safety

Power range

Up to multiple
MW

Higher than
lead-acid

Reliability

Moderate
(higher for
shorter
runtimes)

Cannot be
charged or
discharged past
a certain limit
(oxidation)

Maintenance

Moderate
(higher for
vented/flooded)

Moderate

Moderate

Recharge time

10 × discharge
time

1-2 hours

Seconds

Number of
deep charge
and discharge
cycles

200-800

~1,200

Up to 1 million
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Moderate for
carbon fiber
(higher for
older
technology)
Seconds or
minutes
Unlimited
(assuming
maintenance)

Chapter 9: Conclusion

This dissertation explored the modeling of the energy transfer process from RE
sources to and from energy storage in order to quantify power output availability so that a
RE-energy storage system may be designed to produce the required availability for
critical loads. The proposed model is based on a Markov chain representation of the
energy states in a RE-energy storage system and considers the stochastic nature of PV,
wind, and loads. Therefore, this model was demonstrated with the collected data sets of
insolation, wind speed, and loads. The demonstrated results show that the developed
model allows RE generation to become more dispatchable with an optimally sized energy
storage. Hence, the proposed model can be used for RE-energy storage systems not only
to meet a certain availability, but to avoid over-sizing or under-sizing capacity, which
leads to increased system cost or inadequate availability, respectively. Additionally, a
comparison of simulated results using other methods of energy storage sizing—including
the conventional approach of using RE resource maps and the previously developed
Markov chain model—was given in order to clarify how the proposed model can better
estimate the required energy storage capacity to achieve a certain availability goal.
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As aforementioned, the proposed model provides a better understanding of how
energy storage charge and discharge rates are expected to occur in a RE-energy storage
system and affect the power supply availability of RE generation plants. In particular, this
dissertation presented how battery capacity degradation, charge/discharge efficiencies,
and PV module efficiency affect availability. With the simulated results, it is shown that
the aging process of energy storage—which results in capacity degradation and affects
the charge/discharge efficiencies and PV module efficiency—can be applied to the
proposed model, and the effects of various aspects on availability were verified by a
number of simulations. Moreover, an example of a real-world application—the energy
storage operation of electrical vehicles with a PV roof—was presented to demonstrate the
use of the Markov chain model.
Furthermore, the minimal cut sets method with the Markov chain energy storage
model was presented to evaluate microgrids availability. This approach enables
evaluating the microgrids availability in a more realistic way than the previous method
using a two-state energy storage model which does not take the charge/discharge
processes into account. Based on the presented method, a comparison study in system
architectures—which include radial, ring, and ladder configuration—was conducted.
Simulated results show that the presented method provides a more realistic estimation of
the system availability compared to the two-state model which may give overestimated
availability values.
In addition, design considerations for energy storage power electronics were
presented. These consist of various aspects of power electronics interfaces when RE
sources are mainly used to power loads. Moreover, a comparison of energy storage
methods was also given for metrics including discharge and recharge time, energy
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efficiency and life expectancy, the relationship between capital cost and runtime, and
technology size and weight.
Ultimately, the proposed model can be expanded into a number of applications.
For example, the proposed Markov chain model can also be used to develop a real-time
availability estimator by considering the SOC or energy level in real-time. Knowing a
battery current energy state, the Markov chain model transition probabilities can then be
used to determine the availability at that moment. In other words, the probability of a REenergy storage system being insufficient to power the load can be evaluated in real-time
using the real time SOC information. Furthermore, this Markov chain model may assist
when planning both large and small scale grid integrated RE source generation because
the energy states behavior of RE-energy storage model can be used for forecasting
expected power output.
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