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Abstract—This paper presents an analytical method to model
the output of large wind farms for power system reliability
assessment. The model considers the variability of wind, random
failures (forced outages) of turbines, as well as the correlation
between turbine outputs that results from the turbines on a
farm being subjected to similar incident wind speeds. Due to this
correlation, the outputs of individual turbines cannot be modeled
as independent random variables. The problem is addressed here
by separately modeling the independent outages of wind turbines
and the dependency on wind speed, and then convolving the two
distributions. The resulting model includes both probability and
frequency distributions of the power output of the wind farm.
The proposed method is demonstrated on the IEEE Reliability
Test System (IEEE RTS). Monte Carlo simulation is used to
validate the results.

Index Terms—Discrete convolution, generation adequacy, re-
liability model, turbine failure, wind energy, wind correlation.

I. INTRODUCTION

IN view of the increasing role of wind power generation,
there is an evolving body of reliability methods that are

concerned with improved modeling of wind generation and
related phenomena. Planning studies should take into account
not only the stochastic nature of wind speed but also the forced
outages (a forced outage is an unanticipated failure) of turbines
and the correlation between the outputs of wind turbines.

A wind farm comprises a multitude of wind turbine genera-
tors (WTGs) spread out over a geographic area. The operating
characteristics of wind turbines differ from those of traditional
power plants in terms of their capability and dispatchability.
Wind turbines on the same farm produce output power that
are related to the incident wind speed and are correlated
between turbines. Therefore, the outputs of individual wind
turbines cannot be modeled as independent random variables.
This motivates the development of a method that combines
a cluster of turbines into a single equivalent multi-state unit
that captures their correlation, output variability, and forced
outages.

The reliability assessment of systems that integrate wind
power and the associated planning metrics such as adequacy
and capacity values have been amply addressed in the literature
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[1]–[6]. In [7] a discrete state algorithm is utilized to model
the reliability of unconventional energy resources. The hourly
modified generation model of unconventional generators based
on their generation capacity is combined with conventional
generators to determine the hourly loss of load expectation and
the frequency of capacity deficiency. In [8], load and wind are
treated as correlated random variables. Monte Carlo simulation
was used to evaluate system reliability. The time correlation
between load and wind power is considered in the clustering
process by assigning for each value of load a specific value
of wind power that occurs in the same time-frame.

A method to determine an equivalent capacity of wind farms
based on Monte Carlo simulation is presented in [9]. Monte
Carlo simulation has also been used to evaluate the reliability
indices of wind power in [10], [11]. Although Monte Carlo
simulation can be used for evaluation of complex systems,
analytical methods using system data and characteristics are
considered more suited for construction of reliability models.
Therefore, the purpose of this research is to build a model for
a cluster of wind turbines using a direct analytical method.
In this work, Monte Carlo simulation is used only for model
validation.

Several methods have been proposed for analytical re-
liability modeling of wind farms to include the effect of
forced outages of WTGs. For instance, a multi-state capacity
outage probability model has been proposed in [12]. However,
frequency and duration indices cannot be calculated using such
a model. A more comprehensive model that takes into account
frequency and duration indices has been proposed in [13].
This model combines the wind speed model and the turbine
reliability model using a multi-layer concept. In [13], the wind
speed is classified into a finite number of states, and a birth-
death Markov process is used to model wind speed transitions.
However, in reality, wind speeds cannot be assumed to transit
smoothly to immediate neighboring states through a birth-
death process unless the sampling time is close to zero.
Therefore, in such a model, there is a possibility of losing some
transitions, thereby compromising the calculated probabilities
and transition rates. Another challenge in considering turbine
failures is that if one considers the product space of possible
wind speed states and turbine outage states, the number of
states becomes unmanageably large. Several techniques [6],
[14]–[16] have been developed to counter this problem, such
as combining or clustering the states.

In this paper an analytical method is described for con-
structing a reliability model of a wind farm, considering
turbine correlation, output variability, and forced outages.
The resulting model resembles a multi-state generating unit
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with probability and frequency distributions of the discrete
capacity states, expressed in the form of a capacity outage
probability and frequency table (COPAFT) [17]. This affords
the advantage that now the entire wind farm can be treated as
a single, equivalent generating unit that can be incorporated
in traditional probabilistic planning methods, without further
regard to the correlation between turbines within the farm.

In constructing the proposed wind farm model, several
distinctive and innovative approaches are utilized. These con-
tributions are summarized below and described further in
section III.
1) The number of states is reduced without compromising

the model accuracy. This is achieved by first converting
the time series wind speed data into turbine output power
and then clustering the output power data, which is less
dispersed and easier to cluster. The method considers
transition of output power between all clusters, not just
adjacent clusters (unlike a birth-death process).

2) The model is comprehensive in that it captures (a) wind
variability, (b) turbine outages, and (c) WTG output cor-
relations. This is achieved by separately modeling the
independent outages of wind turbines and the dependency
on wind speed, and then convolving the two distributions.
The overall approach is depicted in Fig. 1.

3) A generalized approach is developed for calculating not
only the probabilities but also the frequencies within the
multi-state convolution process described above, where the
tracking of transitions between so many states is fairly
complex.
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Fig. 1. Model combining wind variability and turbine failures.

The remainder of this paper is organized as follows: section
II discusses the characteristics of wind power in terms of
wind variability and failures of wind turbines, section III
presents modeling of wind farms in power system reliability
assessment, section IV defines the reliability indices, section
V shows the application of the proposed method and section
VI provides some discussion and concluding remarks.

II. ATTRIBUTES OF WIND POWER OUTPUT

In power system reliability assessment, several wind power
models have been utilized to calculate the output power of
wind farms. For instance, the actual value and the mean value
of the recorded wind speed data at certain wind farm locations
have been utilized to estimate the outputs of WTGs [18], [19].
The output of wind turbines are known to vary with wind speed

and the design characteristics of wind generators. This section
describes the characteristics of wind power in terms of WTG
output power and the correlation between the output of WTGs
and changes in the wind speed across the farm.

A. Wind Turbine Output Power Curve

Wind turbine power curve provides a quantitative relation-
ship between wind speed and the output power. It describes
the operational characteristics of a WTG. The output power
that can be extracted from a wind turbine can be calculated
as follows [20],

P =
1

2
CpρAv

3, (1)

where P is the output power (watts), ρ is the air density
(kg/m3), v is the wind speed (m/sec), A is the swept area
of the turbine (m2), and Cp is the power coefficient.

The output power curve combines (1) with the physical
constraints in the system, and can be expressed as follows.

P =


0, if v < vcut-in
1
2ρACpv

3, if vcut-in ≤ v < vr

Pr, if vr ≤ v < vcut-out

0, if vcut-out ≤ v

, (2)

where vcut-in is the designed cut-in speed, vcut-out is the designed
cut-out speed, vr is the rated speed and Pr is the rated power
of the wind turbine.

B. Correlation Between Turbine Outputs

Several studies have investigated the effect of the correlation
between the output power of WTGs and the change in the wind
speed within the same farm [21]–[25]. The degree of the corre-
lation depends on several factors such as geographic location,
separation distances between WTGs, terrain and number of
WTGs on the wind farm and their influence on wake effects
and turbulence [26]–[28]. These correlations also vary with
time scales (the frequency of wind speed observations can
be intervals of 5 minutes, 10 minutes, hourly, etc.). Thus,
determining the exact degree of correlation between individual
WTGs and the change in the wind speed within the same
farm is a challenging and complex task particularly for large
wind farms [29]. However, it has been reported that WTGs
within a wind farm are approximately driven by same values
of wind speed and the power outputs of WTGs show consistent
behavior among individual WTGs with the change in the
wind speed on the entire farm [22]–[25], [30]. Hence, similar
WTGs will produce similar outputs with some dispersion;
these outputs can be represented by a cluster, with the cluster
mean representing their average output. This notion is used
here, and the approach is described in section III-B.

C. Correlation with Other Stochastic Elements

Correlations have also been observed between wind pro-
duction and other stochastic elements that are considered in
power system analyses. For instance, [31] reports negative
correlations between wind and solar production, and [32]
reports positive, negative, and negligible correlations between
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wind production and system loads depending on time scales,
time of day, and seasons. While some researchers [6], [33]
have modeled the correlation with load, others [34] have
postulated that the correlation is negligible. Moreover, the
impact of correlation is also affected by such factors as
differences in scale (sizes of wind or solar installations and
load), geographic location, and electrical distances between
points of insertion.

Another challenge in modeling correlation between wind
production and system load is that most of these models
treat wind injections as negative loads, inherently assuming
that all energy that can be produced by a wind farm is
completely accepted by the system. Despite wind production
being designated as “must take” in many regulatory regimes,
it is well known that prevailing system conditions such as low
loads or network congestion often necessitates spillage of wind
generation.

In view of the above reasons, as well as the fact that
the stated intent of the work reported here focuses on the
construction of a reliability model of the production of a
wind farm, this work does not attempt to model correlations
between wind production and other stochastic elements. It
does, however, evaluate some of the impacts in the case studies
in section V-C.

III. RELIABILITY MODELING OF WIND FARMS

Generation adequacy assessment is used to evaluate short-
term and long-term risks in generation capacity planning. In
this context, when variable energy resources such as wind
generation are integrated into power grids, it is important to
investigate their effect on the system reliability. This section
presents a reliability model for the output power of a wind
farm in the form of discrete probability and frequency distri-
bution, i.e, a COPAFT. The overall approach used in this work
is depicted in Fig. 1.

In this paper, the variation in WTG output due to input
variability and the outages of WTGs due to failures are treated
as independent processes. Further, failure of a wind turbine
is treated as independent of the state of the other WTGs.
The reliability models consist of probability and frequency
distributions of the discrete capacity states of the total output
of the farm, resulting from a combination of the two processes,
i.e., wind variability and forced outages of turbines; these
distributions are expressed in the form of a COPAFT [7], [35].

Unlike variable resources, the COPAFT of conventional
generators can be easily built using the well-known unit
addition algorithm due to the fact that the inputs of con-
ventional generators are totally independent. In other words,
conventional generators are driven by independent inputs;
therefore, the output power of each unit is independent of the
outputs the other units. However, WTGs are driven by wind,
which can be considered similar, with some dispersion, for all
WTGs that are located at the same wind farm; therefore, a
correlation exists between the outputs of WTGs.

In this work, the problem is addressed by separately model-
ing failures of WTGs and the output variability of WTGs due
the wind in two stages. In the first stage, only forced outages

are considered, and WTGs outputs are held at rated capacity,
to build the COPAFTf, which comprises the failure model.
The variability model, i.e., the distribution over power bands,
is then convolved with COPAFTf to produce the COPAFT of
the entire farm (COPAFTc), as explained in section III-C.

A. Modeling of Forced Outages of WTGs
In the assessment of the effect of wind power on power

system reliability, failures of WTGs have a significant impact
on the available power [36]–[40]. Several studies show that
the size of turbines, operation and environmental factors could
lead to different failure modes of wind turbines. Failures of
WTGs usually occur due to ageing, worn out parts or manu-
facturing defects [36]–[39]. Considering failures of WTGs as
independent events, the probability of failure of WTG can
be modeled as Markovian components with two states, up
and down states with known failure and repair rates, λ and
µ respectively (λ is the failure transition rate from an up state
to a down state, and µ is the repair transition rate from a down
state to an up state).

Based on the FOR (forced outage rate is the failure proba-
bility) of turbines, the COPAFTf of wind turbines can be built
using the unit addition algorithm. This is a recursive algorithm
that starts with the distribution of one unit (a WTG in this
case) and successively convolves with it the distributions of
the remaining units, one unit at a time. In general, when adding
a new unit of capacity C, forced outage rate q and repair rate
µ, the cumulative probability and frequency of an outage state
X can be determined by the following expressions [35].

P (X) = P̄ (X)(1− q) + P̄ (X − C)q, (3)

where P (X) and P̄ (X) denote the cumulative probabilities of
the capacity outage state before and after the units are added.
Equation (3) is initialized as follows.

P (X) =

{
1, if X ≤ 0

0, otherwise,

The cumulative probability P (X) for a forced outage of X
MW or greater can be in general represented by (4).

P (X) =
∑
i

P (Xi), ∀ Xi ≤ X, (4)

where
P̄ (X) = 1, ∀ X ≤ C

In the case of multi-state generating units, (3) can be
modified as follows.

P (X) =

n∑
i=1

Pi × P̄ (X − Ci). (5)

The cumulative frequency F (X) of capacity outage X can
also be calculated using the same approach, as shown in (6).

F (X) = Fi (1− q) + Fjq + (Pj − Pi)qµ, (6)

where Pi, Pj , Fi, and Fj are determined from the old
COPAFT; i is the index of the existing capacity outage state
Ci = X , and j is the index of existing capacity outage state Cj

such that Cj = X −C; Fi and Fj are cumulative frequencies
of states i and j respectively.
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B. Clustering of WTG Outputs

The first step in the proposed method consists of con-
verting the wind speed time-series data into output power
data using (2). The values of wind power that correspond
to the observed wind data are clustered into several bands
(states) based on their similarities. In the clustered wind power,
every observation belongs to one and only one band based
on minimum Euclidean distances between the observed data
points. By converting the observed wind speed into power
using power curve characteristics of WTGs, several dissimilar
and often different observed wind speed points (that result in
similar output powers) will be grouped in the same bands. For
example, wind speeds that range from 0 (m/sec) to the cut-in
speed of the WTG and the wind speeds range from the cut-out
speed of WTG to the maximum observed value are grouped in
one band, i.e., the band that have zero output power which is
denoted band 1 in Fig. 2. Also, wind speeds that range from
the rated speed of WTG to the cut-out speed of WTG are
grouped in one band (band n in Fig. 2).
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Fig. 2. Bands of the output power and wind speed distribution.

C. Combining Variability and Failure Models

A capacity outage probability and frequency table for a
wind farm can be constructed by combining the COPAFTf that
represents the rated capacities and failures of WTGs (section
III-A) and the clustered wind power table (section III-B).
The COPAFTf is convolved over each wind power band to
construct a COPAFT for the entire wind farm (COPAFTc).
This section explains the combination procedure of these two
tables. Fig. 3 shows the process of combining the outages of
wind power due to (1) wind power transitions between bands
and (2) failures of WTGs. Horizontal transitions represent the
transitions due to the change in the wind power between bands
and vertical transitions represent transitions due to failures
of WTGs. The new outage states due to wind power band
transitions and failures can be obtained by scanning through all
bands in both vertical and horizontal directions. In convolving
the states of the COPAFTf of wind turbines over each band,
the capacity outage state i in the COPAFTc with Co ≥ X
occurs in both vertical and horizontal directions.
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Fig. 3. The combined outage due to transition of wind power (horizontal
transitions) and failures of wind turbines (vertical transitions).

The procedure of the proposed method of clustering wind
power into bands, modeling failures of WTGs and building the
generation model COPAFTc for a wind farm is summarized
in the following steps:
1) From the observed wind speed data and the output power

curve of WTGs, determine the output power time series of
the wind farm.

2) Use nearest centroid sorting to cluster the output power
into bands; then calculate the cluster (band) means, cluster
probabilities, and inter-cluster transition rates.

3) Build COPAFTf using the method described in section
III-A.

4) Convolve COPAFTf with the probability and frequency of
each wind power band. The failure and repair rates of the
WTGs remain the same in each band. Only the output
power changes from band to band due to the effect of wind
power transition from state k to state k + 1.

5) The available capacity and capacity outage for state i in
COPAFTf that exists in band k can be calculated using (7)
and (8) respectively.

Mi,k =
Ai

CR
×Wk, (7)

Oi,k = CR −Mi,k, (8)

where Mi,k is the new available capacity in state i of the
COPAFTf being in band k, Ai is the available capacity in
state i of the COPAFT, CR is the total installed capacity
of the wind farm, Wk is the available wind power in band
k and Oi,k is the new outage capacity of state i of the
COPAFTf being in band k.

6) The probability of the new outage state is given by

Pi,k =
∑

PW (k) × PM(i), (9)

where Pi,k is the probability of capacity outage for state i
being in band k, PW (k) is the band probability, and PM(i)

is the COPAFTf state outage probability.
7) The cumulative outage probability of an outage state with

Co ≥ X can be obtained by scanning through all bands.
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Whenever an outage state with outage capacity of Co ≥ X
is encountered, its probability is accumulated as follows,

P (Co ≥ X) =

n∑
i=1

m∑
k=1

Pi,k, (10)

where n is the number of COPAFTf states and m is the
number of bands.

8) Scan through all states in the COPAFTc and combine the
duplicated states.

9) The transition rates of wind power between bands from
state i in band (k) to state (i + 1) in band (k + 1) is
given by (11). The exact transition rates between bands
are considered [6].

λ =
n(i→i+1)

D
, (11)

where n(i→i+1) counts the number of wind power transi-
tions between bands from state (wpi < wp) to (wp ≥ wpi)
and D is the time period of study.

10) The frequency of wind power of band (k) can be calculated
by

fW (k) = PW (k) × λ, (12)

11) The cumulative outage frequency of encountering an out-
age state with an outage capacity of (Co ≥ X) due to the
transition of COPAFTf states between wind power bands
can be calculated by (14).

F (Co ≥ X) = Fk + FWTG, (13)

where
FWTG =

∑
PW (k) × FM(i) (14)

where FM(i) is the cumulative outage frequency of ith

outage state and,

Fk =
∑

PM(i) × fW (k). (15)

As a result, the reliability model of wind farms can be
represented by a single generation unit with multiple states.

IV. RELIABILITY ASSESSMENT

The resulting COPAFTc of a wind farm can now be treated
as the reliability model of a single equivalent unit with multiple
states [35], for purposes of generation adequacy analysis or
composite reliability analysis. In this work, we have evaluated
the most common indices that have been used in power system
reliability analysis to test the proposed method and determine
the capacity value of a wind farm. These indices can be defined
as follows:
• A Loss of Load (LOL) event is one in which a system is

unable to meet its total demand.
• Loss of Load Probability (LOLP) is the probability of

encountering one or more LOL events during a given time
period.

• Expected Demand Not Served (EDNS) is the expected
(average) demand that the system is unable to serve as a
result of LOL events during a given period. It is calculated
as the weighted sum of the demands curtailed during the
LOL events, the weights being the probabilities of the

corresponding LOL events. It is expressed in MW/year or
GW/year.

• Loss of Energy Expectation (LOEE) is the expected energy
that the system is unable to serve as a result of LOL events
during a given period. It is calculated as the weighted sum
of the energies curtailed during the LOL events, the weights
being the probabilities of the corresponding LOL events. It
is expressed in MWh/year or GWh/year.

• Loss of Load Expectation (LOLE) is the expected number
of LOL hours during a given time period. It is expressed in
hr/year.

• Loss of Load Frequency (LOLF) is the expected frequency
of encountering one or more LOL events during a given
time period.

• Loss of Load Duration (LOLD) is the expected duration of
LOL events occurring during a given time period.

V. CASE STUDIES

The proposed method is applied on the IEEE RTS [41]. This
system has been extensively used in the literature for purposes
of benchmarking. The IEEE RTS consists of 32 generating
units with total generation capacity of 3405 MW and total
peak load of 2850 MW.

In this case study, a typical wind turbine characteristic is
assumed (type Vesta V90-3.0 MW [42]; rated power: 3 MW;
rated, cut-in and cut-out speeds: 15 m/s, 3.5 m/s, 25 m/s). In
the cases reported here, the effect of different values of WTG
failure probabilities were studied, and the reliability data used
are shown in Table I. The failure rates and mean time to failure
(MTTF) shown here lie in the ranges for actual WTGs, as
reported in [43]. Repair times are calculated from the FORs
and failure rates of WTGs and are expressed as mean time to
repair (MTTR).

TABLE I
WIND TURBINE RELIABILITY DATA USED IN TEST CASES

FOR λ (failure/yr) MTTF (hour) MTTR (hour)
0.04 2.43333 3600 150
0.08 2.72050 3220 280
0.12 3.61983 2420 330

Three wind data sets are used: data set A [44], data set B
[45], and data set C [46]. The correlation coefficients between
these data sets and the load of the IEEE RTS are as follows:
(1) −0.002 for data set A, (2) 0.0686 for data set B, and (3)
−0.1059 for data set C. Whereas data set A and the load are
almost uncorrelated, data set B has positive correlation and
data set C has negative correlation with the load.

A wind farm consisting of 50 WTGs (150 MW total
capacity) is added to the IEEE RTS. In the studies reported
below, this farm is assumed to be subjected to each of the three
wind speed data sets. For convenience, these are referred to
as Farm A, Farm B, and Farm C. In each case, the outputs of
the corresponding wind farm are grouped into ten clusters.

As an illustration, Table II shows the mean output of
each band, individual and cumulative probabilities, and the
cumulative frequencies of transition across bands of wind
output for the Farm A. The COPAFTf of WTGs is built using
the reliability data corresponding to FOR of 0.04 shown in
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Table I, and then convolved with the distributions of the farm
output power bands (variability model) using the procedure
described in section III-C to produce the combined COPAFT,
i.e., COPAFTc. Table III is the COPAFTc of Farm A. The
COPAFTc shows the available capacity Ci, individual and
cumulative probabilities, and the cumulative frequency of each
wind output state i.

TABLE II
VARIABILITY MODEL: FARM A OUTPUT STATES AND PROBABILITIES

No. Output Exact State Cumulative Cumulative
Power (MW) Probability Probability Frequency

1 0 0.13653 1 0
2 8.59 0.17648 0.86347 0.1862
3 20.55 0.13025 0.68698 0.3892
4 40.58 0.14486 0.55673 0.4226
5 58.04 0.08482 0.41187 0.2978
6 74.64 0.03721 0.32705 0.3158
7 94.37 0.05993 0.28984 0.2836
8 117.15 0.02819 0.22991 0.2396
9 125.55 0.03025 0.20171 0.1860
10 149.23 0.17146 0.17146 0.1301

TABLE III
RELIABILITY MODEL: FARM A OUTPUT STATES AND PROBABILITIES

No. Output Exact State Cumulative Cumulative
Power (MW) Probability Probability Frequency

i Ci P{C = Ci} P{C ≥ Ci} F{C ≥ Ci}
1 0 0.003133 1 0
2 2.984 0.013057 0.9968662 0.0037882
3 5.968 0.026658 0.9838091 0.0080676
4 8.953 0.035544 0.9571506 0.0112011
5 11.937 0.034804 0.9216061 0.0114028
6 14.922 0.026683 0.8868021 0.0090757
7 17.906 0.016676 0.8601190 0.0058807
8 20.891 0.008735 0.8434421 0.0031896
9 23.875 0.014417 0.8347065 0.0035518
10 29.844 0.013514 0.8202890 0.0085116
11 34.415 0.013085 0.8067750 0.0207453
12 39.101 0.033351 0.7936900 0.0349233
13 43.787 0.017900 0.7603390 0.0286773
14 47.751 0.008530 0.7424390 0.0074431
15 71.903 0.023100 0.7339090 0.1055822
16 90.714 0.037809 0.7108090 0.0648995
17 99.316 0.081800 0.6730000 0.1159003
18 129.085 0.160200 0.5912000 0.2455493
19 140.974 0.162100 0.4310000 0.1444312
20 149.223 0.268900 0.2689000 0.1188310

Generation adequacy or composite system reliability assess-
ment can be performed by using a multi-state model such
as that shown in Table III to represent the output of the
wind farm. In the next section, the following case studies are
presented: (1) reliability analysis including forced outages of
WTGs, (2) the effect of correlation between wind power and
system load on reliability indices, and (3) determination of
capacity values of wind farms.

A. Reliability Analysis—Base Case

In this section, the reliability indices of the IEEE RTS
are calculated prior to adding the wind farm. These indices
are calculated using discrete convolution and Monte Carlo
simulation. The results are shown in Table IV where the
second row shows the reliability indices of the IEEE RTS as
calculated using Monte Carlo simulation.

TABLE IV
RELIABILITY INDICES OF THE IEEE RTS—BASE CASE

Method LOLP LOLE LOLF LOLD EDNS LOEE
hr/yr occ./yr hr MW/yr MWh/yr

DC 0.001069 9.36881 2.01600 4.64723 0.1348396 1181.195
MCS 0.001070 9.37407 2.01800 4.64522 0.1349867 1182.483

DC: Discrete convolution; MCS: Monte Carlo simulation

B. Reliability Analysis—After Adding Wind Farm A

In this case study, the IEEE RTS with Farm A added is
used to test the proposed method and to investigate the effect
of forced outages of WTGs on the reliability indices. The rated
capacity of the wind farm is 150 MW. The reliability indices
are evaluated for different values of FOR as shown in Table V.
As expected, ignoring the WTG failures in adequacy studies
produces optimistic results.

TABLE V
ANNUAL RELIABILITY INDICES OF IEEE RTS AFTER ADDING FARM A

CONSIDERING DIFFERENT VALUES OF TURBINE FOR

FOR LOLP LOLE LOLF LOLD EDNS LOEE
hr/yr occ./yr hr MW/yr MWh/yr

0.04 0.0007664 6.713700 1.603389 4.187400 0.093696 820.778
0.08 0.0007756 6.794491 1.626876 4.176403 0.094894 831.270
0.12 0.0007852 6.878366 1.645477 4.180165 0.096148 842.254

In this case study, Monte Carlo simulation is also performed
on the same system (with Farm A), and the results are very
close to those calculated using the proposed method as shown
in Table VI. This observation is not surprising since the wind
speeds for Farm A are almost uncorrelated with the load.

TABLE VI
ANNUAL RELIABILITY INDICES OF IEEE RTS AFTER ADDING FARM A
CONSIDERING DIFFERENT VALUES OF TURBINE FOR, USING MONTE

CARLO SIMULATION

FOR LOLP LOLE LOLF LOLD EDNS LOEE
hr/yr occ./yr hr MW/yr MWh/yr

0.04 0.0007642 6.694428 1.603279 4.175438 0.093653 820.401
0.08 0.0007748 6.786822 1.619107 4.173034 0.094841 830.808
0.12 0.0007876 6.899390 1.647222 4.188492 0.096248 843.130

C. Effect of Correlation with Load

To investigate the effect of correlation between wind speed
and load, the results of adding Farms B and C to the IEEE RTS
are studied. The reliability indices, as calculated analytically
by convolving the multi-state farm model with the generation
model of the IEEE RTS are compared with those obtained
from Monte Carlo simulation. (For simplicity, turbine failures
are neglected, as they have no effect on correlation with load.)
Since the Monte Carlo method uses a sequential simulation
that tracks hourly load and wind production, thereby intrin-
sically capturing their correlation, it enables us to assess the
error introduced by ignoring the correlation in the proposed
analytical method.

Table VII shows the reliability indices after adding Farm B
to the IEEE RTS. The results in Table VII show that for Farm
B, where there is a positive correlation between wind speed
and load, the proposed method produces pessimistic results
with an average error of −2.17%.
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TABLE VII
RELIABILITY INDICES OF THE IEEE RTS AFTER ADDING FARM B

Method LOLP LOLE LOLF EDNS LOEE
hr/yr occ./yr MW/yr MWh/yr

Proposed 0.00067 5.90528 1.41762 0.080620 706.248
MCS 0.00065 5.69402 1.33438 0.080138 702.011

Table VIII shows the reliability indices after adding Farm
C to the IEEE RTS. These results show that for Farm C,
where there is a negative correlation between wind speed and
load, the proposed method produces optimistic results with an
average error of 2.07%.

TABLE VIII
RELIABILITY INDICES OF THE IEEE RTS AFTER ADDING FARM C

Method LOLP LOLE LOLF EDNS LOEE
hr/yr occ./yr MW/yr MWh/yr

Proposed 0.0007998 7.005971 1.558705 0.0974247 853.4403
MCS 0.0008132 7.124022 1.598659 0.0994838 871.4785

The above results show that the proposed method is effective
in building an accurate reliability model of a wind farm,
but small errors are introduced in adequacy analyses due to
external correlations. However, where the benefits of being
able to use an equivalent model in analytical studies outweigh
those of detailed Monte Carlo simulation, as well as for the
reasons discussed in section II-C, the proposed method offers
the advantage of producing an accurate and reusable model.

D. Capacity Value of Wind Power

The capacity value of wind power is used to measure the
contribution of wind power to the adequacy of the generation
to meet the demand. The most commonly used approaches to
estimate the capacity value of wind power are discussed in
[47]. The effective load carrying capability (ELCC) approach
is generally considered more applicable for determining the
capacity value of wind power [47]. The ELCC method is based
on calculating the amount of load increase that would result
in reliability indices equal to those obtained before adding the
wind farm. In this work, we have used the ELCC approach [48]
to estimate the capacity value of wind power. Two reliability
indices are considered to calculate the capacity value, LOLE
and LOLF. For both test systems an iterative process is used,
where the peak load is increased by a specified increment ∆L,
and the LOLE or LOLF is recalculated at each step until the
target value of the LOLE or LOLF indices are reached. The
target values of the LOLE and LOLF indices are the values
prior to adding wind power. The increase in peak load that
achieves the reliability target is considered the capacity value
of the wind farm. In this section, wherever WTG failures are
considered, reliability corresponding to FOR of 0.04 is used.

The changes in the LOLE and LOLF reliability indices for
increases in system loading after adding Farm A are shown in
Fig. 4 and Fig. 5. These figures also show the effect of ignoring
and considering failures of WTGs on capacity values of wind
farms. The capacity values are calculated by determining the
point at which the curve of the reliability index, after adding
the wind and incrementally increasing the load, intersects the
base case curve for the same index.
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Fig. 5. LOLF as a function of load increase for the IEEE RTS.

It can be seen from these figures that ignoring failures of
WTGs produces optimistic capacity values compared to the
cases where failures of WTGs are considered. In the case of
assuming perfectly reliable WTG, if the LOLE index is used,
about 71 MW of load increase can be compensated by 150
MW of wind farm nameplate capacity. On the other hand,
when failures of WTGs are considered, only about 53 MW of
load increase can be compensated by 150 MW of rated wind
power.

In the case of assuming perfectly reliable WTG, if the LOLF
index is used as an index to determine the capacity value,
about 57 MW of load increase can be compensated by 150
MW of rated wind power. On the other hand, when failures
of WTGs are considered, about 46 MW of load increase can
be compensated by 150 MW of rated wind power.

In evaluating the capacity value of wind farms, it can
be seen that ignoring failures of WTGs produces optimistic
results (higher capacity values). Also, the LOLE and LOLF
indices produce different values for the capacity values of wind
farms and the planner or operator has the option to consider
either index. For instance, if the concern is the expected load
curtailment, the LOLE index can be used to determine the
capacity value. On the other hand, if the concern is how often
service to customers is interrupted, the LOLF index can be
used.
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VI. DISCUSSION AND CONCLUSION

This paper presented an analytical method of constructing
reliability models of wind farms for planning studies involv-
ing wind integration. The proposed method uses a recursive
technique to build a generation model that considers wind
variability, correlation between turbine outputs, and forced
outages of turbines.

An illustrative reliability model was constructed using real
wind speed data and real turbine characteristics, as described
in section V. The effectiveness of the proposed method was
demonstrated on a well-known test system. A comparison
of several reliability indices (LOLP, LOLF, EDNS, LOLE
and LOEE), as well as wind farm capacity value, with and
without consideration of turbine forced outages was provided
in each case. The results obtained by the proposed method
were validated using Monte Carlo simulation.

The work presented here focused on the development of
the reliability model of the farm; it did not attempt to capture
correlations with other stochastic elements such as system
load, for reasons described in section II-C. The results of the
case studies indicate that neglecting this correlation introduces
small errors in some cases, but the advantages of an accurate
and reusable model that can be used in analytical methods of
adequacy assessment or capacity valuation may overshadow
these errors. In applications where it is deemed necessary to
consider such correlation, the approach described in [8] may
be used. However, for the purpose of constructing an accurate
reliability model of a wind farm, the proposed method was
shown to be effective.
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