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a b s t r a c t
Currently, the quality of available wind energy at a site is assessed using wind power density (WPD). This
paper proposes to use a more comprehensive metric: the wind power potential (WPP). While the former
accounts for only wind speed information, the latter exploits the joint distribution of wind speed and
wind direction and yields more credible estimates. The WPP investigates the effect of wind velocity distribution on the optimal net power generation of a farm. A joint distribution of wind speed and direction
is used to characterize the stochastic variation of wind conditions. Two joint distribution methods are
adopted in this paper: bivariate normal distribution and anisotropic lognormal method. The net power
generation for a particular farmland size and installed capacity is maximized for different distributions
of wind speed and wind direction, using the Unrestricted Wind Farm Layout Optimization (UWFLO)
framework. A response surface is constructed to represent the computed maximum wind farm capacity
factor as a function of the parameters of the wind distribution. Two different response surface methods
are adopted in this paper: (i) the adaptive hybrid functions (AHF), and (ii) the quadratic response surface
method (QRSM). Toward this end, for any farm site, we can (i) estimate the parameters of the joint distribution using recorded wind data (for bivariate normal or anisotropic lognormal distributions) and (ii)
predict the maximum capacity factor for a specified farm size and capacity using this response surface.
The WPP metric is illustrated using recorded wind data at four differing stations in the state of North
Dakota. The results illustrate the variation of wind conditions and, subsequently, its influence on the
quality of wind resources. A comparison of four sites in North Dakota shows that WPD and WPP follow
different trends, and the ranking of candidate sites in terms of a realistic resource potential measure is
not captured by WPD.
! 2014 Elsevier Ltd. All rights reserved.

1. Introduction
In recent years, social and scientific needs have been concerned
with the carbon footprint in the atmosphere as well as the dependence on oil masses. Investing in wind energy, a viable source of
energy, is becoming increasingly important. Planning an appropriate location for a wind farm (farm siting) is crucial to the performance and economy of the farm. The available wind resource,
distance to power grid connections, local topography, access to
transportation, wind variability, cost of energy (COE), and likely
environmental impact are the major factors that need to be considered in wind farm siting. In the case of offshore wind, COE becomes a
critical concern to achieve desired goals set by the U.S. Department
⇑ Corresponding author. Tel.: +1 303 275 4428.
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of Energy. Because of the highly stochastic nature of wind, the distribution of the potential wind resources and prediction of the optimal
power generation capability of a farm at that site remain challenging
tasks.
Wind power density (WPD) is a useful way to evaluate the
available wind resource at a potential site. WPD, measured in watts
per square meter, indicates how much energy is available at the
site. WPD (W/m2) is a nonlinear function of the probability density
function (pdf) of wind speed, which is expressed as [1]

WPD ¼

1
q
2

Z

0

U max

U 3 f ðUÞdU

ð1Þ

where U represents the wind speed; U max is the maximum possible
wind speed at that location; q represent the air density; and f ðUÞ is
the pdf of the wind speed.

J. Zhang et al. / Energy Conversion and Management 86 (2014) 388–398

The wind resource varies significantly from one location to
another. Landberg et al. [2] presented an overview of the different
ways to estimate the wind resources at a site. The paper showed
that the increasingly widespread utilization of wind energy and
different terrain types throughout the world presented a number
of challenges to classical wind resource estimation. Celik [3] studied wind energy potential based on the Weibull and Rayleigh models and found that the Weibull model provided better power
density estimations than the Rayleigh model in all 12 months.
Celik [4] also concluded that the final judgement of the suitability
of a possible wind speed distribution function must be based on
the standard deviation of the WPD. Velo et al. [5] proposed a neural
networks-based method to determine the annual average wind
speed at a complex terrain site based on short-term wind data.
In addition, a significant amount work has been done to assess
the wind potential at specific locations [6–11]. Lu et al. [6] estimated the potential for electricity generation on Hong Kong islands
through an analysis of the monthly wind speed probability density
and WPD (for different ground levels). Karsli and Geçit [7]
presented a preliminary examination of the wind potential of the
Nurdagı-Gaziantep district in Turkey by estimating the WPD based
on Weibull wind speed distribution. Rehman [8] analyzed the
annual, seasonal, and diurnal variations of long term wind data
at Yanbo which is located on the west coast of Saudi Arabia. Boudia
et al. [9] analyzed the wind characteristics of four locations in
Algerian Sahara using Webull distribution. Tizpar et al. [10] also
used Weibull distribution to evaluate the wind potential of Mil-E
Nader region in Sistan and Baluchestan Province, Iran. The wind
resource of selected locations along the coastal region of Ghana
was evaluated by Adaramola et al. [11].

1.1. Motivation and objectives
WPD is the prevailing measure of wind resource potential at a
site, but it accounts for only wind speed. To estimate energy potential, factors impacting maximum power generation and the COE of
a farm also include the (i) distribution of wind direction, (ii) layout
of the wind farm, and (iii) appropriate turbine type selection.
Thereby, these factors are critical for determining the quality of a
wind energy site and designing an optimum wind farm configuration on that site. Therefore, one of the objectives in this paper is to
investigate the effect of wind distribution and optimal farm layout
on the wind resource potential at a site.
An optimal layout of turbines that ensures maximum farm efficiency is of utmost importance in conceiving a wind farm project
and in making wind a competent source of energy [12]. For a given
farm layout, the direction of wind has a strong influence on the
wakes created (i.e., the shading effect of a wind turbine on other
turbines downstream from it) and subsequently on the overall flow
pattern in a wind farm. Therefore, the direction of wind plays an
important role in evaluating the quality of wind resources (wind
energy potential) at a farm site.
In the literature, WPD has been used to estimate the available
wind power for a single turbine. It would be useful if we could estimate the power generated by a wind farm by considering the joint
distribution of wind speed and direction. In addition, it would be
uniquely helpful if we could estimate the maximum power generated by a wind farm with optimum farm layout. Toward this end,
this paper develops a more comprehensive method to characterize
and predict the quality of wind resources at a site. We propose to
use a more comprehensive metric: the wind power potential
(WPP). The WPP accounts for the joint distribution of wind speed
and wind direction, which yields more credible estimates. The
remainder of the paper is organized as follows. The WPP metric
is developed in Section 2. Section 3 presents two numerical
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examples that illustrate the use of the WPP metric. Concluding
remarks and future work are given in the last section.
2. The wind power potential (WPP) model
In this paper, the WPP model makes significant assumptions
and approximations in modeling the optimal wind farm power
generation, including: (i) a fixed farm orientation (biased toward
certain wind directions) is used, and (ii) a particular turbine type
(biased toward certain wind speeds) is used. The WPP model is
developed to evaluate the wind power potential (maximum wind
farm capacity factor for a specified farm size and installed capacity)
for differing locations by observing the following sequence of four
steps.
$ STEP 1: Using recorded wind data at a location, the joint distribution of wind speed and direction is estimated to characterize
the wind conditions. In this paper, two types of distributions are
adopted: (i) bivariate normal distribution [13] and (ii) anisotropic lognormal distribution. The parameters of bivariate normal distribution include five variables: (i) the mean of the
wind speed distribution, lU ; (ii) the mean of the wind direction
distribution, lh ; (iii) the variance of the wind speed distribution,
rU ; (iv) the variance of the wind direction distribution, rh ; and
(v) the correlation coefficient between wind speed and wind
direction, q. The anisotropic lognormal distribution also has five
parameters: (i) the prevailing wind direction, hD ; (ii) the mean
of the lognormal lateral wind speed distribution, lx0 ; (iii) the
standard deviation of the lognormal lateral wind speed distribution, rx0 ; (iv) the mean of the lognormal longitudinal wind
speed distribution, ly0 ; and (v) the standard deviation of the
lognormal longitudinal wind speed distribution, ry0 . Every
unique combination of these five parameters represents a
unique sample distribution of wind speed and wind direction.
$ STEP 2: The five parameters of the bivariate normal distribution
(or the anisotropic lognormal distribution) are sampled using
design of experiment (DoE) methods. The Sobol’s quasirandom
sequence generator [14] is adopted in this paper.
$ STEP 3: For each sample distribution of wind speed and wind
direction, we maximize the net power generation through farm
layout optimization. Toward this end, we employ the Unrestricted Wind Farm Layout Optimization (UWFLO) methodology
[12].
$ STEP 4: A response surface is constructed to represent the computed maximum capacity factor as a function of the parameters
of the bivariate normal distribution (or the anisotropic lognormal distribution). Two response surface methods are adopted
for this purpose: (i) the adaptive hybrid functions (AHF) [15],
and (ii) the quadratic response surface method (QRSM) [16].
For any farm site, according to the recorded wind data, we can
(i) estimate the parameters of the joint distribution of wind speed
and direction (bivariate normal or anisotropic lognormal) and (ii)
predict the maximum capacity factor for a specified farm size
and capacity by using the WPP model. Fig. 1 illustrates the overall
structure of the WPP model. In the subsequent sections, we discuss
the details of each step.
2.1. Distribution of wind speed and wind direction
The power generated by turbine-j (Pj ) for an incoming wind
speed U j is given by

Pj ¼ kg kb C p

1
D2
qa p j U 3j
2
4

!

ð2Þ
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a function of the parameters of the wind distribution. The bivariate
normal distribution presents only five parameters, which allows a
tractable approach to our objective. Other more accurate distributions are likely to present an appreciably large set of parameters; in
that case, the subsequent parametric determination of the wind
resource potential (through sampling and optimization) would
become practically prohibitive. The pdf of bivariate normal
distribution is expressed as

pðU; hÞ ¼
where,

z&

Fig. 1. Overall structure of the WPP model.

where C p ; kb , and kg are the power coefficient, the mechanical and
the electrical efficiencies of the turbine, respectively; and qa represents the density of air.
The net power generated, P farm , is given by

Pfarm ¼

N
X
Pj
j¼1

ð3Þ

where Pj represents the power generated by Turbine-j; N is the
number the turbines in the farm.
The power generated by an individual turbine is a cubic function of the approaching wind speed (as shown in Eq. (2)). On the
other hand, the wind direction, together with the farm layout,
are two major factors that regulate the overall flow pattern (wake
patterns) inside the wind farm. The determination (or prediction)
of the annual power generation from a wind farm should thereby
account for the variations in both wind speed and wind direction.
This prediction is accomplished using the following two-step
procedure:
1. Estimate the annual joint distribution of the wind speed and
wind direction (as a pdf).
2. Integrate the power generation model (for a given wind speed/
and direction) throughout the entire annual wind distribution.

"
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ð5Þ

where U and h represent the wind speed and wind direction, respectively; lU and lh are the means of the wind speed distribution and
the wind direction distribution, respectively; rU and rh represent
the variances of the wind speed distribution and the wind direction
distribution, respectively; and q is the correlation coefficient
between the wind speed and wind direction distributions. The
parameters of the distribution are estimated using the maximum
likelihood method.
It is important to note that the bivariate normal distribution
may not accurately characterize the joint distribution of wind
speed and wind direction in some siting locations. However, the
objective of this paper is not to develop an accurate distribution
of wind speed and wind direction, but to evaluate the energy
resource potential at a site. The main concern in this paper is to
capture the differences in wind distribution among siting locations,
thereby to develop a response surface representing the computed
maximum capacity factor as a function of the parameters of the
wind distribution. Toward this end, the bivariate normal distribution can successfully capture the differences in wind distribution
among different farm sites.
2.1.2. Anisotropic lognormal approach
The anisotropic lognormal approach was developed by Erdem
and Shi [19] and adopts the concept of the anisotropic Gaussian
model proposed by Weber [20]. Fig. 2 illustrates the prevailing
wind direction and the axes. The parameter hD represents the angle
between the prevailing direction and the North direction; the
parameter h indicates the angle between a wind direction and

A variety of joint distributions of wind speed and wind direction
are available in the literature. Vega and Letchford [17] used the
Weibull distribution to estimate the wind speed probability and
took the shape parameter and the scale parameter as functions
of wind direction. Carta et al. [18] presented a joint probability
density function of wind speed and wind direction for wind energy
analysis. Erdem and Shi [19] compared three bivariate joint distributions (angular–linear, Farlie–Gumbel–Morgenstern, and anisotropic lognormal approaches) for wind speed and wind direction
data.
In this paper, two types of joint distributions are adopted—(i)
bivariate normal distribution and (ii) anisotropic lognormal distribution—to simultaneously characterize the variation of wind speed
and wind direction.
2.1.1. Bivariate normal distribution
The variation of both the wind speed and the wind direction
need not follow a bivariate normal distribution. However, in this
paper we represent the wind resource potential of a wind site as

ð4Þ

Fig. 2. Prevailing wind direction [19].
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the North direction; the parameter h0 indicates the angle between a
wind direction and the prevailing direction. The axes x0 and y0 represent the lateral and longitudinal axes with respect to the prevailing wind direction, respectively.
The joint distribution of wind speed and direction can be
expressed in Eq. (6).

methods (deterministic quadrature rule methods). The approximated total annual energy produced by the wind farm is then
expressed as

1
f ðU;h Þ¼
ðU sinh0 % cx0 ÞðU cosh0 % cy0 Þrx0 ry0 2p
8
h
i2 9
>
< $lnðUsinh0 % c 0 Þ% l %2 lnðUcosh0 % cy0 Þ% ly0 >
=
0
x
x
(exp %
%
2
2
>
>
2rx0
2ry0
:
;

where

0

ð6Þ

where lx0 is the mean of lognormal lateral wind speed distribution;
rx0 is the standard deviation of the lognormal lateral wind speed distribution; cx0 is the location parameter of the lognormal lateral wind
speed distribution; ly0 is the mean of lognormal longitudinal wind
speed distribution; ry0 is the standard deviation of the lognormal longitudinal wind speed distribution; and cy0 denotes the location

parameter of the lognormal longitudinal wind speed distribution.
The joint distribution of wind speed and direction might be
multimodel, which is shown in the paper by Zhang et al. [21,22].
Thus, it is possible that there are multiple prevailing directions.
In that case, we can find all prevailing directions by dividing the
entire wind direction spectrum into several sectors. In this paper,
to restrict the number of the joint distribution parameters, we
assume a single prevailing wind direction for the entire spectrum.
In the anisotropic lognormal approach, the prevailing wind
direction (hD ) can be determined using the following equation [19].
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if !s < 0; !c > 0
if !s < 0; !c ¼ 0

ð7Þ

P
P
where !s ¼ 1n ni¼1 U i sin hi and !c ¼ 1n ni¼1 U i cos hi ; n is the number of
th
recorded wind samples; U i represents the i wind speed; and hi repth
resents the angle between the i wind direction and the North
direction.
2.1.3. Estimating the annual energy production
The total annual energy produced by a wind farm (in kWh),
Efarm , at a particular location can be expressed as

Efarm ¼ 8760

Z

360)
0)

Z

U max
0

Pfarm ðU; hÞpðU; hÞdUdh

ð8Þ

where, U max is the maximum possible wind speed at that location,
and Pfarm ðU; hÞ represents the power generated by the farm for a
wind speed U and a wind direction h. In Eq. (8), pðU; hÞ represents
the probability of occurrence of wind conditions defined by speed
U and direction h. The power generated by the entire wind farm is
a complex function of the incoming wind properties, the layout of
turbines, and the turbine features. Hence, a numerical integration
approach [23] is suitable for estimating the annual energy production as given by Eq. (8).
In this paper, we integrate the Monte Carlo method that is
implemented through the Sobol’s quasirandom sequence generator. This class of integration method is easy to apply (for multidimensional integrals) and likely to provide greater accuracy for
the same number of function evaluations (at sample points) when
compared to the repeated integrations using one-dimensional

Efarm ¼

Np
(
) (
)
X
Pfarm U i ; hi p U i ; hi DU Dh
i¼1

ð9Þ

DU Dh ¼ U max ( 360) =Np
where Np is the number of sample points used; and the parameters
U i and hi , respectively, represent the speed and direction of the
th
incoming wind for the i sample point. Hence, the annual energy
is readily determined by the summation of the estimated power
generation (Pfarm ) over a set of randomly distributed Np wind
velocities.
2.2. Parameter sampling
In problems with simulated data (such as the power generation
form UWFLO), the choice of an appropriate sampling technique is
generally considered crucial for the performance of any response
surface approach. In this paper, the parameters of the joint distribution of wind speed and direction are sampled using the Sobol’s
quasirandom sequence generator [14]. Sobol sequences use a base
of two to form successively finer uniform partitions of the unit
interval, and then reorder the coordinates in each dimension. The
algorithm for generating Sobol sequences is explained in Bratley
and Fox, Algorithm 659 [24].
To develop the response surface to represent the computed maximum capacity factor as a function of the parameters of the wind
velocity distribution, 100 sets of sample points (of wind velocity distribution) are generated as training and test points. For each sample
set of distribution parameter, we maximize the net power generation using the UWFLO framework. The farm size and the installed
capacity are fixed for all distributions. For the bivariate normal distribution, the sampling ranges are defined as follows according to
numerical experiments: ðiÞ 1 m=s < lU < 15 m=s at 3 m height;
ðiiÞ 0) < lh < 360) ; ðiiiÞ 0:5 < rU < 4; ðiv Þ 11:25 < rh < 90; and
ðv Þ 0 < q < 1. For the anisotropic lognormal distribution, the sampling ranges are defined as follows: ðiÞ % 15 m=s < lx0 < 15 m=s
at 3 m height; ðiiÞ 1 < rx0 < 8; ðiiiÞ % 15 m=s < ly0 < 15 m=s at
3 m height; ðiv Þ 1 < ry0 < 8; and ðv Þ 0) < hD < 360) .
2.3. Unrestricted Wind Farm Layout Optimization (UWFLO)
methodology
The UWFLO methodology introduced by Chowdhury et al.
[12,25] avoids the limiting assumptions presented by other methods, regarding the layout pattern and the selection of turbines. In
the UWFLO method, the turbine location coordinates are treated
as continuous variables, which allows all feasible arrangements
of the turbines. The UWFLO method is applicable to both experimental-scale wind farms and full-scale commercial wind farms by
1. Using the wake growth model proposed by Frandsen et al. [26].
2. Implementing the wake superposition model developed by Katic et al. [27].
3. Including the estimated joint distribution of the wind speed and
wind direction.
4. Modifying the power generation model to allow turbines with
different hub heights and performance characteristics.
5. Evaluating the cost of the wind farm using an accurate response
surface-based wind farm cost model (RS-WFC) [28].
6. Implementing a newly developed mixed-discrete particle
swarm optimization (MDPSO) algorithm [29,30].
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vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u nt (
)2
u1 X
RMSE ¼ t
f ðxk Þ % ~f ðxk Þ
nt k¼1

The overall optimization problem is defined as

Pfarm
NPr0
subject to g 1 ðV Þ 6 0
g 2 ðV Þ 6 0
Max f ðVÞ ¼

V ¼ fX 1 ; X 2 ; . . . . . . ; X N ; Y 1 ; Y 2 ; . . . . . . ; Y N g

ð10Þ

0 6 X i 6 X farm
0 6 Y i 6 Y farm

where Pr0 is the rated power of the reference turbine (used for normalizing); P farm is the power generated by the farm; and f ðVÞ represents the capacity factor. X i and Y i are the coordinates of the wind
turbines in the farm. The parameters X farm and Y farm represent the
extent of the rectangular wind farm in the X and Y directions,
respectively. The inequality constraint g 1 represents the minimum
clearance required between any two turbines. To ensure that the
wind turbines are placed within the fixed-size wind farm, the X i
and Y i bounds are reformulated into an inequality constraint,
g 2 ðV Þ 6 0.
2.4. Response surface development
In the literature [31,32], we can find a variety of response surface techniques that include: (i) QRSM, (ii) Kriging, (iii) radial basis
functions (RBF), (iv) extended radial basis functions (E-RBF), (v)
artificial neural networks (ANN), (vi) support vector regression
(SVR), and (vii) hybrid response surface (e.g., AHF). The QRSM
and AHF methods are adopted in this paper.
2.4.1. Adaptive hybrid functions (AHF)
The AHF methodology was developed by Zhang et al. [15] and
has been shown to be a robust response surface technique. The
AHF formulates a trust region based on the density of available
training points, and it adaptively combines characteristically differing surrogate models. The weight of each contributing surrogate
model is represented as a function of the input domain, based on a
local measure of accuracy for that surrogate model. Such an
approach exploits the advantages of each component surrogate,
thereby capturing both the global and local trend of complex functional relationships. In this paper, the AHF integrates three component surrogate models—(i) RBF, (ii) E-RBF, and (iii) Kriging—by
characterizing and evaluating the local measure of accuracy of each
model. The detailed formulation of the AHF method can be found
in the paper by Zhang et al. [15,33].
2.4.2. Quadratic response surface method (QRSM)
Although the AHF model presents high accuracy, the many
numerical coefficients (of the response surface) and the complexity
would restrict the usefulness of the WPP metric. Thus, the QRSM is
also used for the WPP development, which involves fewer coefficients. The classical QRSM is one of the most widely used forms
of response surface models in engineering design. A typical QRSM
can be represented as

~f qrsm ðxÞ ¼ a0 þ

nd
nd
nX
nd
d %1X
X
X
b i xi þ
cii x2i þ 2
cij xi xj
i¼1

i¼1

i¼1 j>i

ð12Þ

where f ðxk Þ represents the actual function value for the test point
xk ; ~f ðxk Þ is the corresponding estimated function value, and nt is
the number of test points chosen for evaluating the error measure.
In addition, a cross-validation technique is used to ensure that
the developed response surface is robust and accurate. The q-fold
strategy (adopted in this paper) involves ðiÞ splitting the data randomly into q roughly equal subsets, ðiiÞ removing each of these
subsets in turn, and ðiiiÞ fitting the model to the remaining q % 1
subsets. If a mapping f : 1; . . . ; n ! 1; . . . ; q describes the allocation
of the n training points to one of the q subsets and ^f %fðiÞ ðxÞ of the
predictor obtained by removing the subset fðiÞ (i.e. the subset to
which observation i belongs), the cross-validation measure, prediction sum of squares (PRESS), is given by

PRESSSE ¼

n h
i2
1X
yðiÞ % ^f %fðiÞ ðxðiÞ Þ
n i¼1

ð13Þ

Hastie et al. [34] recommend compromise values of q ¼ 5 or q ¼ 10.
In practical terms, using fewer subsets has an added advantage of
reducing the computational cost of the cross-validation process by
reducing the number of models that have to be fitted.
3. Numerical examples
In this paper, we explore two scenarios in the WPP evaluation.
We consider a fixed-size (land) rectangular wind farm that consists
of a defined turbine type. Two scenarios are considered here, given
as
$ Case
farm
$ Case
farm

1: Evaluating the WPP (maximum capacity factor) of a
that consists of 4 turbines;
2: Evaluating the WPP (maximum capacity factor) of a
that consists of 9 turbines.

Both of the cases present 2N design variables. The GE 1.5-MWXLE [35] turbine is chosen as the specified turbine type in both
Case 1 and Case 2. The features of this turbine are provided in
Table 1.
The specified wind farm properties are given in Table 2. The
farm is oriented such that the positive X-direction of the layout
coordinate system points toward the South. The rectangular farm
size/orientation corresponds to an array configuration, with a
row-wise spacing of seven times the turbine rotor diameter and
a column-wise spacing of three times the turbine rotor diameter.
3.1. Response surface development
3.1.1. The AHF response surface
Case 1 investigates the wind potential by evaluating the maximum capacity factor of a wind farm with 4 turbines for a particular
distribution of wind velocity at the site. For the 100 differing wind
velocity distributions generated in SubSection 2.2, we obtain the

ð11Þ

where the x;i s are the input parameters; and the generic variables
a0 ; bi , and cij are the unknown coefficients determined by the least
squares approach.
2.4.3. Performance criteria
The overall performance of the response surface is evaluated
using root mean square error (RMSE), which provides a global error
measure over the entire design domain. The RMSE is given by

Table 1
Features of the GE 1.5-MW-XLE turbine [35].
Turbine feature

Value

Rated power (P r0 )
Rated wind speed (U r0 )
Cut-in wind speed (U in0 )
Cut-out wind speed (U out0 )
Rotor diameter (D0 )
Hub height (H0 )

1.5 MW
11.5 m/s
3.5 m/s
20.0 m/s
82.5 m
80.0 m
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mal distributions, respectively. Fig. 3b shows that, with the anisotropic lognormal distribution, the estimation accuracy of the 4turbine farm is generally better than that of the 9-turbine farm,
with the exception of the 10 subsets cross-validation.
The maximum capacity factor of distribution parameter combinations (4-turbine farm) are illustrated in Figs. 4a and b, where
each diagram involves two parameters for ease of illustration.
The 9-turbine farm case study is illustrated in Fig. 5. It is observed
that the farm capacity factor increases with the mean wind speed.
However, the capacity factor starts decreasing when the mean
wind speed approaches 10.0 m/s. The observation can be attributed to the effect of the cut-out wind speed of the concerned turbine. The cut-out wind speed of the GE 1.5-MW-XLE turbine is
20.0 m/s at the hub height (80.0 m), which is equivalent to
10.2 m/s at the recorded data height of 3.0 m (the height at which
the wind distribution is estimated), according to the log profile. In
addition, we observe that the capacity factor is higher with a smaller value of wind direction standard deviation (Figs. 4a and 5a).
Figs. 4b and 5b show the maximum capacity factor of the combination of the (i) mean of the speed and (ii) standard deviation of
the speed. It is observed that: (i) when the mean of the speed is
larger, i.e. lu ¼ 7:0 m=s, the capacity factor increases while the
standard deviation of the speed decreases; and (ii) when the mean
of the speed is smaller, i.e. lu ¼ 1:5 m=s, the capacity factor has the
maximum at the point ru ¼ 2:6 m=s (approx.) and stops increasing
when the standard deviation continues decreasing. This is because
more high-speed winds are available with ‘‘small mean and large
standard deviation values’’ compared to those with ‘‘small mean
and small standard deviation values’’.

Table 2
Specified wind farm properties.
Farm property

Value

Land size (length ( breadth)

Case 1: 7D0 ( 3D0
Case 2: ð2 ( 7D0 Þ ( ð2 ( 3D0 Þ

Orientation
Average roughness
Density of air

North to South lengthwise
0.1 m (grassland)
1.2 kg/m3

0.1

Prediction sum of squares, PRESSSE

Prediction sum of squares, PRESSSE

maximum capacity factor through UWFLO. These 100 sets of points
are treated as the training points for the development of the
response surface.
A cross-validation technique is used to evaluate the performance of the response surface (AHF) for various numbers of subsets. Fig. 3 shows the comparison of PRESSSE values to illustrate
the accuracy of the response surface model. It is shown that, for
the 4-turbine farm, the maximum values of PRESSSE are 0.0816
and 0.0013 for the bivariate normal and anisotropic lognormal
distributions, respectively. The small PRESSSE values indicate a high
accuracy of the estimated maximum capacity factor and the WPP.
It is also observed from Fig. 3a that the estimation accuracy of the
4-turbine farm is generally better than that of the 9-turbine farm,
with the exception of the 50 subsets cross-validation.
Case 2 investigates the wind potential by evaluating the maximum capacity factor of a farm with 9 turbines. We can see that,
for the 9-turbine farm, the maximum values of RPESSSE are
0.0951 and 0.0019 for the bivariate normal and anisotropic lognor-

4 turbines
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(a) Bivariate normal distribution
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Fig. 3. Prediction sum of squares using the AHF response surface.
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Fig. 4. Wind farm capacity of the bivariate normal distribution parameter combinations using the AHF response surface (4 turbines).
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4. Conclusion
This paper developed a new wind resource potential measure:
wind power potential (WPP), which would help decision makers
in wind farm siting and design. This comprehensive measure characterizes and predicts the quality of wind resources by considering
the joint distribution of wind speed and wind direction. The wind
distribution was modeled using two differing methods: bivariate
normal and anisotropic lognormal distributions. The farm capacity
factor was maximized through layout design using the UWFLO
methodology. Response surfaces were then constructed, using
the AHF and QRSM, to represent the capacity factor as a function
of the parameters of the wind distribution.
It was observed that: (i) the farm capacity factor increases with
the mean wind speed, and starts decreasing when the mean wind
speed approaches 10.0 m/s (measured at 3 m height); (ii) the
capacity factor is higher with a smaller value of wind direction
standard deviation; (iii) when the mean of the speed is larger,
the capacity factor increases while the standard deviation of the
speed decreases; and (iv) when the mean of the speed is smaller,
the capacity factor has the maximum at the point ru ¼ 2:6 m=s
(approx.) and stops increasing when the standard deviation
continues decreasing.
A comparison of four sites in North Dakota showed that WPD
and WPP follow different trends. The ranking of candidate sites
in terms of a realistic resource potential measure is not captured
by WPD. The case study illustrated the variation of wind conditions
and subsequently its influence on the quality of wind resources.
There are a few important considerations that one should be
aware of when using the WPP metric. First of all, the WPP metric
is subject to the assumptions made in the underlying models used
to develop the metric. For example, (i) standard low fidelity analytical wake models are used to quantify wake losses in the context of
estimating the wind farm energy production; (ii) a tractable bivariate unimodal normal distribution (with a small set of parameters)
is used to represent the joint distribution of wind speed and direction, instead of using more complex models [21] that often involve
a large number of parameters; and (iii) the analytical wind energy
production models used in WPP are mostly applicable to a flat
terrain. These assumptions are made to allow a tractable and
computationally-efficient response surface, which is essential if
the response surface is meant to serve as a guiding wind power
potential metric for either comparing a large number of candidate
sites or for developing wind resource maps – in such cases the overall relative trend of WPP is expected to hold in practice. However, in
later stages of wind farm design, one is recommended to use higher
fidelity (computationally complex and expensive) models to
further analyze and optimize the wind farm(s) to be constructed.
In addition, special care should be taken when using WPP to compare sites that are (i) on complex terrain, (ii) known to experience
multimodal wind distributions, or (iii) known to experience unique
atmospheric boundary layer (ABL) phenomena (e.g., very high thermal stratification). Multi-fidelity models (e.g., combining large eddy
simulation model with analytical wake models), i.e., models that
offer attractive trade-offs between fidelity, computational cost,
and tractability, are still in a nascent stage of development, especially in the context of wind energy applications. When such
multi-fidelity models become more capable in the area of ABL and
wind energy modeling, the WPP metric could then be trained using
such multi-fidelity models to yield a more accurate and universally
applicable metric for gauging the potential of wind farm sites.
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