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Abstract

Reliability is a key important criterion in every single system in the world, and it is not
different in engineering. Reliability in power systems or electric grids can be generally
defined as the availability time (capable of fully supplying the demand) of the system
compared to the amount of time it is unavailable (incapable of supplying the demand). For
systems with high uncertainties, such as renewable energy based power systems, achiev-
ing a high level of reliability is a formidable challenge due to the increased penetrations of
the intermittent renewable sources such as wind and solar. A careful and accurate plan-
ning is at the utmost importance to achieve high reliability in renewable energy based
systems. This chapter will assess wind-based power system’s reliability issues, and pro-
vide a case study that proposes a solution to enhance the reliability of the system.

Keywords: availability, energy storage, renewable energy, reliability, wind

1. Introduction

The world is moving forward in technology as power systems lean toward renewable energy
more and more each year. While the idea of using renewable energy has long been the focus of
numerous researches from all over the world, the implementation itself is more complicated
than said. Dealing with renewable energy proposes new challenges that must be carefully
addressed and solved. The uncertainty of renewable energy sources, such as wind speed (for
wind turbines) or solar radiation (for solar photovoltaic (PV) panels), and the fact that it is
unreliable from time to time due to said uncertainty, are two of the major issues that rough up
the transition from fossil based energy sources to renewable energy sources. The main objec-
tive of operational and planning strategies is to enable power systems to constantly and
continuously meet the consumers’ demand or the system load. The volatility of renewable
energy sources jeopardizes the power system’s ability to reliably meet this objective.
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InteChOpen Commons Attribution License (http://creativecommons.org/licenses/by/3.0), which permits unrestricted use,

distribution, and reproduction in any medium, provided the original work is properly cited.



208 Dependability Engineering

Climate change concerns, and new state initiatives are some of the factors that contributed in
pushing and escalating the number of wind power based technology deployment during recent
years. The stochastic nature of wind power resources makes it difficult to perform a reliable
operation. While this issue has been frequently studied and numerous methods have been
developed, a flawless solution for every case has not yet been designed. One of the proposed
solutions is to use fast-responding units like gas generators as the operating reserves to keep up
with the demand [1, 2], although doing that reduces the system’s efficiency and increases its
operating costs [3]. Another possible solution is to install energy storage systems, which store
wind power during low-demand periods and release power during periods when the system
cannot provide sufficient power to meet the load [4]. This increases the flexibility of the power
system as the energy storage system counterbalances the unexpected wind power fluctuations to
more efficiently utilize the smoothened wind power for supplying the system demand.

In the upcoming future, energy storage systems are expected to be an essential part of electric
grids. However, its deployment depends heavily on its economic advantages when compared
to the more conventional operational practices. To come up with the most economically
beneficial plan, a cost-benefit analysis must be done for each possible technology, especially
in regulated utilities where the limited market opportunities diminish the potential economic
benefits of storage technologies over gas-fired generators [3]. To assure the effectiveness of an
energy storage system, we must approach the problem with an appropriate strategy [5, 6]. An
optimal storage sizing strategy furnishes the system with the capability to stabilize against
forecast uncertainty and integrate wind power more reliably [7-9], added with optimal sched-
uling, it also improves the system’s transmission capacity utilization.

For high wind penetrations, fast-response thermal units are used as reserve capacities to
provide the fast ramping capability required to deal with wind power fluctuations. Recent
developments in storage technologies have advanced its energy efficiency and enhanced its
capability in dealing with fast ramping. Additionally, storage systems bring forth several
benefits when compared to fast-response thermal units, such as efficiency enhancement of
renewable integration, reduced emission, and improved utilization of grid assets.

Several applications have been proposed for energy storage systems, which include but are not
limited to renewable capacity firming and reliability enhancement of renewable integration.
Each application requires a case-by-case optimal allocation strategy, which might result in
different solutions. Particularly, the matter of optimally sizing, siting, scheduling and operat-
ing storage systems to address the reliability issues of intermittent renewable integration is of
great importance. A solid, probabilistic optimization framework is needed to supplement grid
operability and reliability while at the same time reduces overall costs for systems with high
wind penetrations. The framework developed by the author in Ref. [10] is adopted for this
chapter and is provided in the next section. A case study is presented in this chapter to analyze
the reliability of renewable energy based systems and compare storage technologies and
conventional gas-fired alternatives for reliably integrating different wind penetrations. An
economic analysis is also provided to calculate costs and benefits associated with each tech-
nology to determine the most economical solution.
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2. Methodology

The following methodology is one possible solution example to model an intermittent renew-
able energy-based power system.

2.1. Wind, load, and equipment availability modeling

We use probability distribution functions (PDFs) to model the stochastic nature of load and
wind generation, which parameters are calculated using 10 years of historical hourly data for
load and wind speed [11]. The produced model will then be used to generate hourly samples
for the planning period. We use Fuzzy C-Means (FCM) clustering to capture a statistical
model that takes into account seasonal variations [12]. We grade each of the sample points
with a value within the range of [0, 1], then we minimize the weighted distance between any
sample point and a cluster center by using an iterative algorithm. The elbow method deter-
mines the total number of clusters [13]. By combining the FCM clustering and the elbow
method, we categorize our planning days into 40 clusters of 24-hour wind speed and load
samples. We utilize the maximum likelihood method to find the parameters of the PDFs for
the samples. Two sets of 24 individual PDFs will represent each of the clusters for a 24-hour
period.

2.1.1. Wind power modeling

The total power generated by a wind turbine can be calculated by the product of a simple
kinetic energy equation through a cross sectional area A as follows [14].

1 1 nd
P =_-prPA=_pv®— 1
5PV v (1)

where v is the wind speed in meters per second (m/s), p represents air density in kg/m> and d is
the rotor diameter in meters.

The power output of a wind turbine depends heavily on the speed of the wind, and the wind
speed itself can be best characterized by using the Weibull PDF, which formula is the following
[11, 15]:

k o\ k-1 K
v;c,k :—<—> e () 2
floiek) == (2 &)
where k is a shape vector, c is the scale vector, and v is a vector of the measured wind speed.
The average width of the wind speed distribution is determined by the shape vector k, while
the scale vector indicates where the majority of the distribution lies and how wide the
distribution-stretch is.

The wind power output can be calculated by using the power-speed curve [16]:
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0 v<v;, V270,
U —0;
Gw = Gw, ©vi<v<y, 3)
Ur - Ul
Gw, v, <0<,

where Gy is the output wind power, and v;, vy, v, v represents cut-in speed, cut-out speed,
rated speed, and wind speed respectively.

2.1.2. Load modeling

The variation of the load is described by the Gaussian distribution [11]:

exp [— M] 4)

202

1
f(l;%‘j) = V202

where 0 and u represent the standard distribution, and mean of the Gaussian distribution
respectively, and L represents the load demand.

2.1.3. Equipment availability modeling

Forced outage rate (FOR) of an equipment is the unavailability of the equipment estimated for
a long-time period [17]. FOR models the availability of the equipment stochastically by the
binomial PDF as follows:

fgim,p) = (Z)pm _py 6)

where 7 is the number of units for each power plant and g =0, 1, 2, ...., n. The availability of
each unit p is:

p=1-FOR 6)

where FOR is basically the probability of the system’s unavailability. For systems with long
operating cycles, FOR can adequately estimate the unavailability probability of units that
operates under similar conditions. On the other hand, it is not an adequate estimator for
systems with short demand cycles. The most important period in the operation of a unit is the
start-up period, and a peaking unit (example of a system with short demand cycles) will have
less operating hours with more start-up and shut-down periods [17].

2.2. Energy storage modeling

The model of a storage system must be able to handle the energy balance between the sum of
the stored and generated energy and the load, where it stores excess energy gained from wind
generation and releases the energy to supply the peak demand. We can use compressed air
energy storage (CAES) to enhance the wind integration performance in a transmission
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network due to its beneficial features such as large power capacity, long lifetime, and low
operation costs [18]. The charging and discharging equations of the storage system are as
follows:

S = (1 — ds)st_l + T’csLSt vteT (7)
St = (1 —ds)Si—1 — n,,Gs, vteT 8)
where S; represents the energy stored in the storage system at hour t, . and 1, represents the
charging and discharging efficiencies for the CAES, L,, represents the storage loading capacity

at hour t, and G;, represents the storage generating capacity at hour t, and d; represents the
self-discharge rate for CAES.

The state of charge of the storage system at any time t is within the minimum and maximum
storage capacity requirements:

Spin<St<Smx  VtET 9)

where S, and S, are the minimum and maximum storage capacities.

The stored power must not exceed the maximum power rating at any given time as follows:
|Pt| <PpaxVteT (10)

where P; and P, are the storage power at time t and the maximum storage power respec-
tively.

The following is the ramping constraints for the storage:

Gs, — Gs, , <RU; VteT (11)

Gs,, —Gs,<RDs; VteT (12)
where RU; and RD; are the ramp up and ramp down of the turbine for the storage system
respectively.

CAES has an expected lifetime of 30 years [19].

2.3. Economic modeling

The storage cost is the sum of the energy and power costs associated with each energy storage
technology. The storage cost is described by the following equation [20, 21]:

ICS = CS-Smax + CP‘Pmax (13)

where ICs is the cost of investment for the storage system, Cs is the energy cost for the storage
system, and Cp is the power cost for the storage system.
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The energy cost for CAES is 53 $/kWh, which includes the combined reservoir and the balance
of plant costs. The power cost of CAES is around 425 $/kW [20], which includes turbine,
compressor, and other power related costs.

The operation expenses are the sum of operation and maintenance (O&M) and fuel costs,
which can be described by the following equation [22]:

OCs, = HR.Gs,.Cng, + Com-Prax vteT (14)

where OCs, is the operation cost of the storage system, HR is the turbine heat rate for the
storage system, Cyg, is the cost of natural gas of the storage system, and Cpy represents the
cost of operation and maintenance for the storage.

Cnc,» Com, and HR are 4300 Btu/kWh, 5 $/MBtu and 2.5 $/kW-year [20, 22].

For a gas-fired conventional generator, the investment cost and heat rate are 695 $/kW and
8000 Btu/kWh respectively.

The total annual cost can be calculated by uniformly distributing the investment costs over the
lifetime as follows:

o da+at
A= Aad™ 1 IC (15)

where A is the annual equivalent cost for the investment, d is the discount rate, N is the life
cycle of the investment, and IC is the investment cost.

We assume a discount rate of 10% and a lifetime of 30 years for the investment.

2.4. DC optimal power flow

We use optimal power flow (OPF) to find the steady state condition that at the same time
minimizes the total operation and reliability costs. The objective function of the deterministic
OP¥F is as follows:

g
Obj.Function = Min{z (uinwz + binm —+ Ci)

i=1

np
+) TEAR; x IL;;}

=1
= Min(OC; + ILC) vieT (16)

where IEAR; is the interrupted energy assessment rate at each bus. 4;, b; and c; are the coefficients
of the cost function for the ith generator, P, represents the power output of the i-th generator at

hour t, and ILC is the interrupted load cost.

The objective function above is subject to each of the following constraints:
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Power balance equation:

Ny ny
P 8t = Pd

i=1 i=1

vteT 17)

it

where Py, , is the supplied load at bus i at hour ¢, and 7, is the bus number.

Power generation and load limitations:

Pmin <p
8t

g, S P vteT (18)

Py <Py <Pyt vteT (19)

where Pg?’? and Py are the lower and upper generation limits for the i-th generator at hour t

respectively.

Interrupted load:
IL;; = Pp,, — Py, vteT (20)

where Pp, , is the load demand at bus i at hour t.

Generation ramp up and ramp down:

P, — P, <RU; VteT (21)
P, — P <RD; VteT (22)
And the transmission line limitation:
ny o
Y H,ix (pgi 1 pd,,,) <freQ&vteT (23)
i=1

where H,_; is the generalized distribution factor of line r with respect to bus i, f_r is the
maximum transmission capacity for line r, and () is the set of transmission lines.

2.5. Probabilistic optimal power flow

A probabilistic OPF is a more appropriate approach when dealing with uncertainties of loads
and wind power fluctuations, which process includes running the deterministic power flow
continuously to account for the majority of possible system states. This chapter utilizes an
approximate method called Hong’s point estimate method (2 m + 1 scheme) to characterize
uncertainties, which uses the first few front most statistical moments of stochastic variables to
approximate the probability functions [23].
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K is the number of concentration points that we use to represent the statistical information of
the random input variable in our Kxm scheme. A location x;; and a weight w; (x; x, w; )
represent the kth concentration of the random variable x;. In order to relate the input and
output variables to each other, we apply the non-linear function F(x1,x2,...,%j,...,Xy). The
location of the kth value of variable x; is determined by the following equation:

Xijk = Hy, + & k0, (24)

where i is the mean for the input variable x;, ; x represents the standard location for the input
variable x;, and o, is the standard deviation for the input x;. We assign a weighing factor w;  to
the current random output variable of the kth concentration. To determine &,  and w; x, for the
kth concentration of x;, we use the following equations [23]:

i 1

Wik = — (25)
k=1 m

K .

S wi(&) = Ajj=1,...,2K -1 (26)

k=1

A j in the equation above represents the jth standard central moment for the random variable
x;, and its probability density function f, can be described as:

M;(x;
g = ) @7)
g ]
(o)
The jth central moment of the random variable x; is given by:
- j
Mj(Xi) = J <xi B Hx,-) fxidxi (28)

Once we obtain every concentration (x; i, w; ), we use the nonlinear function F to calculate the

vector of random output variables Z(i, k) for each point <yxl s Bays ees Xiks ooy yxm> as follows:
Z(i, k) :F(yxl,yxz,...,xi,k,...,[,txm> (29)

By using the values from Z(i, k), and the weighing factors, the jth moments of the random output
variables can be approximated by:

K

E[Z] ~ i > wik(Z(i k)Y (30)

i=1 k=1

We can extract the desired statistical information of our random output variable using a
2 m + 1 scheme by solving (25) for K = 3 and &; 3 = 0. The standard locations and weight
produced by the equation are:
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A _ 3
Ee="5+ (D" A~ A"k =125 =0 (1)
(_1)377(
Wik =—"7—""—7—k=12 32
Ex(E1— &) ©2)
wyo Lt} (33)

3
m  Ajg—Ais

Ai3 and A; 4 are the skewness and kurtosis of x;.

The scheme above sets up &; 3 = 0, which results in x; = Ly, in (25), and yields m of the 3 m
locations at the same point. By that done, it only requires one additional function evaluation
for this particular location to complete 1 iteration of our probabilistic OPF. We update the
corresponding weight to wy as follows:

wO:Zwi,?): —27‘2 (34)

The deterministic DC-OPF is executed 2 m + 1 times in order to take all the random variables
into account.

2.6. Reliability analysis

Reliability analysis provides an index to measure the degree of supply availability to meet the
system demand. In the times when generated and stored energy is insufficient to supply the
load, load is interrupted to maintain the power balance in the system. Load and generation
variations as well as equipment failures are among the system uncertainties that could con-
tribute to the load interruption in a power system. For wind turbines, the reliability model is a
combination of a two-state model and power output model defined by (3). This combination is
illustrated in Figure 1 to provide the reliability model for wind generators.

The interrupted load in the system is equivalent to the amount of energy that is not supplied
for each hour of the scheduling period, which can be described as:

np
ENS; =Y IL;, vieT (35)
i=1

where ENS; is the energy not supplied at hour t, and IL; ; is the interrupted load at bus i at hour t.

I Two-state model |—> Wind

Wind
power model >

ower output
I Wind speed |—> P P

Figure 1. Reliability model for wind generator.
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The interrupted load is defined as a random output variable whose first moment is calculated
by (30), with j = 1. Expected energy not supplied (EENS) is then calculated for a one-year
planning duration to provide a probabilistic index for our reliability analysis.

T m
EENS=Y " " zl: E (IL;i t) e (36)
t=1 i=1

where 7, is the number of days within cluster ¢, C is the total number of clusters, c is the cluster
number, and E is the average function.

We use the energy index of reliability (EIR) to estimate the reliability of the system, which can
be calculated as follows:

EENS
EIR=1-——- 7
IE (37)

EE represents the expected energy demand of the system during the planning interval and is
defined as:

T n
EE=3 SOSR (38)

t=1 i=1

2.7. Genetic algorithm optimization

We use a Genetic Algorithm (GA)-based optimization to install the energy storage with its
optimal location and size. The GA begins by initially taking a set of randomly selected
solutions, and then ranking the solutions based on their fitness values. We then perform
recombination, crossover, selection, and mutation, to evolve the solution population. Once
the satisfaction criterion is satisfied, we put the process into a halt. We assign a large penalty
factor to the violated constraint to ensure satisfying constraints.

2.8. Proposed method

We model the storage system into our POPF as a load that stores excess, unconsumed energy
generated by the system during off-peak periods. The storage system is modeled as a generator
to release the stored energy to meet the peak load when sufficient transmission capacity is
available. The location and scheduling of the storage systems are then optimized using GA. The
optimized solution is the most cost efficient as it minimizes the total operation and interrupted-
load costs for the span of the planning period. In order to optimally enhance the grid operability
for wind integration, the storage technologies must possess an adequate capacity per the sys-
tem’s need. The fitness function that we use for the proposed method is the total weighted sum
of the system’s cost for each cluster over the planning period, as follows:

C
Fit.Function = Min > > (OC, +ILC,), . (39)
c=1
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where OC is the operation cost of the system, ILC is the interrupted-load cost of the system,
and n. represents the number of days within the cluster.

The proposed GA-based POPF can be described in the following steps:

1. Input wind speed, loads, and FOR data

2. Initialize the first population.
A.Fort=1,untilt=T:

3. Initialize the first input variable by settingi=1and E(Z) = 0 & E(Z*) =0
B.Fori=1,untili=m:

4. Select input random variable x;

5. Calculate &; i, wik, Aij

6. Initialize k=1.
C.For k=1, until k= 3:

7. Calculate x; x

8a. If G, > L, model the storage as a variable load with the following constraints:

OSL5, Smin(Smax - (1 - ds)st—lypmax)

8b. If Gw, < L; model the storage as a generator with the following constraints:

0<Gg, Smin((l — dS)St_l — Suin, Pmax)

9. Run Deterministic OPF using Z(i, k) = F(‘ux1 By s Xis ooy me>

10. Calculate S for charging-discharging by using Egs. (7 and 8)
11. Calculate OC;, ILC;, and EENS;

12. Update raw moments using the following equations:

E(Z) = E(Z) +w; Z(i,k); E(Z*) = E(Z%) + w; [Z(i, k)]

13.If k=3, go to step 14, if not, go to step C with k =k + 1.
14.If i = m, go to step 15, if not, go to step B withi =i+ 1.
15. If t =T, go to step 16, if not, go to step A witht =t + 1.
16. Evaluate the fitness function and constraints

17. Generate children by using crossover and mutation

18a. If termination criteria are not met, produce next generation by selection and combination
and go to step 2.

18b. If termination criteria are met, calculate the statistical output information.

217
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3. Case study
We evaluate our proposed method by applying it on the IEEE 24-bus system with the goal of

solving for the optimal size and location for the storage units [10, 24]. In our simulations, we test
our method for different situations by inputting different wind penetrations. To take into account

-
Bus 21 ?Bus 22
-4 -_— —J

(:)j A —l
Bus 19
_ ) - ] D
Bus 16 I Bus 20
Bus 14
v
ap— - Bus 13
Bus 15 [
D\ ¢
Bus 24
L ]

Bus 3 |

Bus4 |

Bus 1 |

Figure 2. IEEE 24-bus system.
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possible geological restrictions for CAES deployment in a real-world situation, we excluded
busses 2, 7, 8, 11, and 17 from candidate locations on purpose. A wind farm is also pre-
determinedly installed at bus 14 in each of the case studies. A diagram of the IEEE 24-bus system
is shown in Figure 2. Tables 1-3 provide more information regarding the flow limitations,
generators’ cost functions, and IEAR values of the IEEE 24-bus system in use for the case study.

We define wind penetration (WP) as the ratio between the wind capacity installation and the
system maximum load. We use real-world historical data obtained from the BPA for the system
load [25] and from Mesonet (Ames Station) for the wind speed [26], to create a more realistic
simulation environment. To calculate the cost of electric service reliability in the IEEE 24-bus
system that we are going to run our demo on, we use the values of IEAR for our load busses [27].
The cost of the storage system, storage cost (5C), is equal to the sum of the cost of investment (A),
and its cost of operation (OC;) for the planning period. We can then calculate the cost of conven-
tional generation (OC) by excluding the storage operation cost from the total operation cost.

The objective is to achieve the maximum possible reliability level. Our scenario’s goal is to
solve for the optimal placement and sizing for the storage system to meet the reliability
objective. Our control strategy is to use the available wind energy to supply the load first,
followed by utilizing the existing conventional generation capacity, and last, if necessary, to
discharge power from the storage system to satisfy the load. The result of the simulations
including the comparison with other conventional alternatives is shown in Table 4. Same
reliability level is considered for both technologies to make a fair economic comparison. Our
storage system, which enhances the reliability of wind integration, can be economically

From bus To bus Flow limit (MW) From bus To bus Flow limit (MW)
1 2 175 11 13 500
1 3 175 11 14 500
1 5 175 12 13 500
2 4 175 12 23 500
2 6 175 13 23 500
3 9 175 14 16 500
3 24 400 15 16 500
4 9 175 15 21 500
5 10 175 15 24 500
6 10 175 16 17 500
7 8 175 16 19 500
8 9 175 17 18 500
8 10 175 17 22 500
9 11 400 18 21 500
9 12 400 19 20 500
10 11 400 20 23 500
10 12 400 21 22 500

Table 1. Transmission flow limitations.

219
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Generator Cost function coefficients
a;($/MW?h) bi($/MWh) ci($)

Gy 0.103 71.05 1313.6
Gy 0.108 71.04 1168.1
Gs 0.090 66.19 1078.8
Gy 0.091 67.26 969.8
Gs 0.078 71.60 958.2
Ge 0.078 71.60 958.2
Gy 0.100 73.90 471.6
Gs 0.090 73.90 471.6
Go 0.098 69.70 445.4
Gio 0.101 66.51 702.7

Table 2. Coefficients of the cost function for the generators.

Bus No. 1 2 3 4 5 6 7 8
IEAR 6.20 4.89 5.30 5.62 6.11 5.50 5.41 5.40
Bus No. 9 10 11 12 13 14 15 16
IEAR 2.30 4.14 — — 5.39 3.41 3.01 3.54
Bus No. 17 18 19 20 21 22 23 24
IEAR — 3.75 2.29 3.64 - - — —

Table 3. IEAR ($/kWh) values at each bus in the IEEE bus-system.

evaluated by comparing the sum of its associated costs with the total cost for the conventional
alternative. The cost-benefit analysis from our simulation results shows the economic merits of
the CAES, which can be found in Table 4.

4. Conclusions

Our case study concludes that energy storage technologies are more economic and technically
sound options than fossil-fuelled generators to reliably and efficiently integrate intermittent
renewable energy such as wind. The merits of energy storage application for reliability
enhancement of renewable integration become even more highlighted when the emission costs
associated with fossil-fuelled generators are included in the evaluation. This provides the
subject of future studies.
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20% WP & 2500 MW 30% WP & 3000 MW 40% WP & 3500 MW 50% WP & 4000 MW

*

PL PL PL PL
cs” CA™ Cs CA Cs CA CSs CA

Optimal Placement (Bus #) 14 — 14 — 23 — 23 —
Spnax (MWH) 77.81 — 778.7 — 1524 — 1858 —
Poax (MW) 59.63 18.00 258.6 138.1 652.3 4155 947.5 807.6
EIR (%) 99.80 99.80 99.28 99.28 99.03 99.03 99.19 99.19
Wind utilization (%) 94.49 86.42 88.69 78.58 80.26 70.99 72.06 62.22
OC (10°%) 0.588 0.603 0.620 0.661 0.656 0.711 0.696 0.774
GC (10°%) — 0.002 — 0.012 — 0.037 — 0.077
ILC (10°%) 0.041 0.041 0.194 0.194 0.324 0.324 0.295 0.295
SC (10%9) 0.005 — 0.024 — 0.053 — 0.072 —

“Peak load.
“Centralized storage.
“"Conventional alternative.

Table 4. Simulation results for different wind penetrations (WP).
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