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The development of large scale wind farms that can compete with conventional energy resources
presents signiﬁcant challenges to today’s wind energy industry. A powerful solution to these daunting
challenges can be offered by a synergistic consideration of the key design elements (turbine selection and
placement) and the variations in the natural resource. This paper signiﬁcantly advances the Unrestricted
Wind Farm Layout Optimization (UWFLO) method, enabling it to simultaneously optimize the placement
and the selection of turbines for commercial-scale wind farms that are subject to varying wind conditions. The advanced UWFLO method avoids the following limiting traditional assumptions: (i) array/gridwise layout pattern, (ii) ﬁxed wind condition, or unimodal and univariate distribution of wind conditions,
and (iii) the speciﬁcation of a ﬁxed and uniform type of turbine to be installed in the farm. Novel
modiﬁcations are made to the formulation of the inter-turbine wake interactions, which allow turbines
with differing features and power characteristics to be considered in the UWFLO method. The annual
energy production is estimated using the joint distribution of wind speed and direction. A recently
developed Kernel Density Estimation-based model that can adequately represent multimodal wind data
is employed to characterize the wind distribution. A response surface-based wind farm cost model is also
developed and implemented to evaluate and favorably constrain the Cost of Energy of the designed farm.
The selection of commercially available turbines introduces discrete variables into the optimization
problem; this challenging problem is solved using an advanced mixed-discrete Particle Swarm Optimization algorithm. The effectiveness of this wind farm optimization methodology is illustrated by
applying it to design a 25-turbine wind farm in N. Dakota. A remarkable improvement of 6.4% in the farm
capacity factor is accomplished when the farm layout and the turbine selection are simultaneously
optimized.
 2012 Elsevier Ltd. All rights reserved.
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1. Introduction

The engineering planning of a wind farm generally includes (but
is not limited to) critical decision-making, regarding

1.1. Wind farm planning e overview
In recent years, growing climate change concerns and unstable
fossil fuel prices have increased the focus on sustainable energy
resources, such as wind and solar energy. However, the global
contribution of wind energy was only 2.5% of the worldwide
electricity consumption at the end of 2010 [1]. For wind energy to
play a more prominent role in the future energy market, the
pressing issues of wind farm under-performance should be
particularly addressed. Such advancement can be realized in part
through better engineering planning of wind farms.
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i. the layout of the turbines in the wind farm,
ii. the number of wind turbines to be installed, and
iii. the types of wind turbines to be installed.
Two primary objectives of optimal wind farm planning are to
minimize the Cost of Energy (COE) expressed in $/kWh, and/or to
maximize the net energy production. The energy produced by
a farm over a time period is a function of the above-listed design
elements and of the variations in the natural resource (primarily
the variation of wind speed and direction). Hence, the distribution of wind speed and direction over the concerned time period
must be appropriately considered during the planning of a wind
farm. A general overview of wind farm optimization is provided
in the next section.
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1.2. Wind farm optimization
1.2.1. Literature survey
The total power extracted by a wind farm is in general signiﬁcantly less than the simple product of “the power extracted by
a stand-alone turbine” and “the number of identical turbines (N)” in
the farm [2]. This deﬁciency can be attributed to the loss in the
availability of energy due to wake effects e the shading effect of
a wind turbine on other turbines downstream from it [3]. Energy
deﬁcit due to mutual shading effects is generally determined using
wake models that quantify the growth of the wake and the velocity
deﬁcit in the wake as functions of the distance downstream from
a turbine. Several popular analytical wake models [4e8] and
computational wake-ﬂow analysis [9e12] exist in the literature.
The loss of energy due to wake effects can be minimized by
careful planning of the placement/arrangement of turbines in
a farm, more popularly know as farm layout planning. A majority of
the methods developed to design wind farm layouts can be classiﬁed into the following two class of approaches (see Fig. 1): (i)
models that assume an array like (rowecolumn) farm layout [2,13],
and (ii) models that divide the wind farm into a discrete grid in
order to search for the optimum grid locations of turbines [3,14e
17]. Some of the recent methods have made additional important
contributions to farm layout decision-making. For example, Gonzalez et al. [16] considers the road layout, the load bearing capacity
of the soil, and the presence of other forbidden zones within the
farm site in the context of farm layout planning. Chen and MacDonald [17] consider the role of local landowners in the planning of
farm layouts.
However, a majority of the existing approaches do not provide
the much needed synergistic consideration of (i) the arrangement
and (iii) the selection of turbines, as shown by Chowdhury et al.
[18]. The energy production capacity of turbines as part of an array
strongly depends on the type(s) of turbines installed in the farm e
turbines both react to the incoming wind ﬂow and modify the wind
ﬂow pattern inside the farm. At the same time, turbines that are
more likely to be in the wakes of others throughout the year may
face an apparently lower wind class (in their lifetime) than that
estimated for a stand-alone turbine at the site. This phenomenon
incites an exploration of the beneﬁts of using multiple types of
turbines installed in a particular arrangement in a wind farm, which is
rare in the literature .
In addition, the existing wind farm layout optimization methods
make limiting assumptions regarding the resource variations when
estimating the energy production over a time period. The nature of
wind resource variation (or the lack of it) assumed in the literature
can be classiﬁed into the following categories:

1. Unidirectional wind with constant speed;
2. Unidirectional wind (or a couple of prevalent wind directions)
with a distribution of speed
3. Small number of wind direction sectors each with a speed
distribution (like in a windrose diagram)
4. Constant speed wind with equal frequency from all directions
It is evident from this classiﬁcation that a majority of the wind
farm layout optimization methods do not account for the actual joint
distribution of wind speed and direction. Signiﬁcant inaccuracies can
be introduced into the estimation of the energy production, when
such assumptions are made regarding the wind resource variation.
The Unrestricted Wind Farm Layout Optimization (UWFLO)
methodology, introduced by Chowdhury et al. [18], avoids the
limiting assumptions presented by other methods regarding the
layout pattern and partly regarding the selection of turbines. In the
UWFLO framework, the turbine location coordinates are treated as
continuous variables, which allows all feasible arrangements of the
turbines to be considered. This unrestricted layout modeling
approach is similar to the approach presented by Kusiak and Zheng
[19]. In addition, the original UWFLO method allowed turbines with
differing rotor-diameters in order to favorably modify the ﬂow
pattern within the farm and increase the net energy production.
The original UWFLO framework however assumed a unidirectional
and ﬁxed-speed incoming wind, and also did not account for
turbines with differing hub-heights and power characteristics.
Appropriate consideration of the variation of wind speed and
direction and a provision to use multiple types of commercially
available turbines are necessary to extend the applicability of the
UWFLO methodology to commercial-scale wind farm design.
1.2.2. Objectives of this research
The overall objective of this paper is to signiﬁcantly advance the
original UWFLO methodology by:
i. Estimating and using the joint distribution of the wind speed
and direction at the concerned site to determine the annual
energy production of the farm;
ii. Modifying the power generation model to allow multiple
types of commercial-scale turbines (in the farm), i.e. turbines
with differing rotor-diameters, hub-heights, and performance characteristics;
iii. Evaluating the cost of the wind farm using an accurate Response
Surface-based Wind Farm Cost model (RS-WFC) [20]; and
iv. Implementing a newly developed mixed-discrete Particle
Swarm Optimization (PSO) algorithm [21] to solve the wind
farm design problem.

Fig. 1. Existing approaches in wind farm layout optimization (D e turbine rotor-diameter).
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To the best of the authors’ knowledge, such a comprehensive
optimal wind farm design strategy is unique in the literature.
The advancements to the UWFLO method is presented in the
next section. The application of the advanced UWFLO method and
the corresponding results and discussion are presented in Section
3. Section 4 presents the concluding remarks of this research.

2. Advancing the Unrestricted Wind Farm Layout
Optimization (UWFLO) method
2.1. Overview of the original UWFLO framework
In the UWFLO power generation model, the growth of the wake
behind a turbine is determined using the wake growth model
proposed by Frandsen et al. [8]. The corresponding energy deﬁcit
behind a turbine is determined using the velocity deﬁcit model
presented by Katic et al. [5]. In a wind farm, the velocity of the wind
approaching a turbine can be affected by the wake of multiple
turbines upstream from it [22]. This wake merging scenario is
modeled in the UWFLO method using the wake superposition
model developed by Katic et al. [5]. The possibility of a turbine to be
‘partially’ in the wake of another turbine located upwind is also
considered in the UWFLO power generation model. The UWFLO
wind farm power generation model has been successfully validated
by Chowdhury et al. [18] against published experimental data [23].
Particle Swarm Optimization [24] is applied to optimize the
farm layout with the objective of maximizing the total energy
production. The farm dimensions and the minimum distance
required between any two turbines are treated as system
constraints during optimization. In commercial wind farm planning, there are other site-speciﬁc factors that might further restrict
the arrangement of turbines, such as (i) the topography and the
terrain, (ii) the grid connection, (iii) the load bearing capacity of the
soil, and (iv) the planned/existing road layout in the farm [16]. The
consideration of these site-speciﬁc factors are however not within
the scope of this paper.
In the following subsections, we brieﬂy discuss how this paper
advances the key components of the original UWFLO method.
These advanced features provide helpful ﬂexibility to the UWFLO
method, and extends its applicability to designing full scale
commercial wind farms.

2.2. Estimating the wind farm power generation
Chowdhury et al. [18] modeled the incoming wind as a rotor
averaged uniform wind speed, which was estimated from the
incoming wind proﬁle reported by Cal et al. [23]. In the case of
atmospheric boundary layer, a similarity study can be performed to
describe the vertical proﬁles of turbulence statistics when fully
developed conditions are reached [25]. Assuming neutral conditions (negligible thermal effects) in the surface layer, which is
applicable for heights less than 100 m, the mean velocity can be
represented by the log-proﬁle [25]. For a known measured wind
speed Um at a height zm, the log-proﬁle can be expressed as

z
ln
U
z0
¼
zm
Um
ln
z0

(1)

where U represents the wind speed at a height z. The average
roughness length in the farm region, represented by z0 in Eq. (1),
depends on the local terrain and type of vegetation. A uniform
incoming ﬂow that is equivalent to “the logarithmic velocity proﬁle
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(in Eq. (1)) integrated and averaged over the rotor area” is used in this
model.
The wind turbines are assigned ﬁxed XeY coordinates, from
which transformed coordinates can be determined for any given
wind direction; the transformed positive X-axis (denoted by x) is
always aligned along the wind direction. An inequality was used in
the original UWFLO power generation model [18] to determine
whether a turbine is in the inﬂuence of another turbine; this
formulation assumed the two turbines to be identical. In order to
allow turbines with differing features, the following new inequality
is formulated: Turbine-j is in the inﬂuence of the wake created by
Turbine-i, if and only if

Dxij < 0 and

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

2 

D
D
Dyij þ DHij 2  j < wake;ij ;
2
2

Dxij ¼ xi  xj ;

Dyij ¼ yi  yj ;

ci; j ¼ 1; 2; .; N;

where

DHij ¼ Hi  Hj

isj
(2)

In Eq. (2), Dj and Hj are respectively the rotor-diameter and the
hub-height of Turbine-j, and Hi is the hub-height of turbine-i. The
parameter Dwake,ij represents the diameter of the wake produced by
Turbine-i and immediately approaching Turbine-j; the growth of
the wake diameter with distance downstream from the turbine is
estimated using the wake growth model developed by Katic et al.
[5]. The parameters xi and xj respectively represent the coordinates
of turbine-i and turbine-j measured “along” the streamwise direction. The parameters yi and yj respectively represent the coordinates of turbine-i and turbine-j measured “perpendicular to” the
streamwise direction. The parameter N represents the number of
turbines in the farm.
For the given wind direction, the turbines are ranked in the
increasing order of their streamwise location. The approaching
wind speed for each turbine is then determined in the order of their
rank. The wake velocity deﬁcits behind each turbine are determined as functions of the downstream distance, using the 1D wake
model proposed by Frandsen et al. [8]. The wake velocity immediately behind the turbine is estimated from the induction factor. A
variable induction factor, dependent on the turbine power characteristics and the incoming wind velocity, is used [18]. Considering
the possibility of the inﬂuence of multiple upstream turbines,
a standard wake superposition principle [5] is used to determine
the effective speed (Uj) of the wind approaching turbine-j. The
possibility of partial wake-rotor overlap [18] is also considered.
The power generated by turbine-j is determined using the
turbine power curve, which gives the power generated by the
turbine (Pj) as a function of the approaching wind velocity (Uj).
However, information regarding the “power vs. wind speed” variation is not readily available for every major commercial turbines;
generally, the rated power, the rated speed, and the cut-in and cutout speeds are speciﬁed by the turbine manufacturer (in their
online brochures). Therefore, a generalized power curve (Pn) is
developed using the power response data for a popular turbine
type: GE 1.5 MW xle [26]. To this end, a 5th degree polynomial is
ﬁtted to the power response data, as shown in Fig. 2. As seen from
this ﬁgure, the power generated (P) by the turbine is normalized
using the rated power (Pr) of the turbine, and the incoming wind
speed (U) is normalized using the cut-in speed (Uin) and the rated
speed (Ur) of the turbine.
The generalized power curve is assumed to hold for all currently
available turbines. This generalized power curve is scaled back to
represent the approximate power response of a particular
commercial turbine, using its rated power (Pr), cut-in speed (Uin),
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ii. The power generation function is integrated over the entire
annual wind distribution to yield the AEP.

Normalized Power Curve
1.4
GE 1.5MW xle data
Estimated power curve

1.2
1.0

5

4

3

These two steps are discussed in the following subsections.

2

y = 10*x − 28*x + 24*x − 7.5*x + 1.6*x + 0.0035

P/Pr

0.8
0.6
0.4
0.2
0

0

0.2

0.4

0.6

0.8

1.0

(U−Uin)/(Ur−Uin)
Fig. 2. Power curve of GE 1.5 MW xle turbine.

cut-out speed (Uout), and rated speed (Ur) speciﬁcations, as given
by:

8


>
>
U  Uin
>
>
;
P
<
n
P
Ur  Uin
¼
>
1;
Pr
>
>
>
: 0;

if Uin < U < Ur
if Ur < U < Uout
if Uout < U or U < Uin

(3)

where Pn represents the polynomial ﬁt for the generalized power
curve. This generalized power curve method has been used for
ready implementation purposes, when considering various types of
commercial turbines. However, if the power curve data/expression
is available for a particular wind turbine, it can be directly used
within the wind farm power generation model.
Therefore, the power generated by any turbine-j is estimated
using Eq. (3) and the speciﬁcations of that turbine reported by the
manufacturer. Once the power generated by each individual
turbine has been estimated (in the order of their rank), the net
power generated by the farm, Pfarm, is given by

Pfarm ¼

N
X

Pj

(4)

j¼1

2.3.1. Distribution of wind speed and direction
In the literature, one of the most widely-used models for characterizing the wind speed variation is the 2-parameter Weibull
distribution [27e29]. Several other distribution models are also
used to represent variation of wind conditions, e.g., Rayleigh and
Lognormal distributions [29,30]. The direction of wind, which plays
an important role in regulating the power generation of a wind
farm, also varies with time. Hence, a multivariate probability
distribution of the wind speed and wind direction is particularly
useful for wind farm layout modeling. To this end, Vega [31]
proposed a Weibull distribution that expressed the shape parameter and the scale parameter as stochastic functions of the wind
direction.
A majority of the existing wind distribution models make
limiting assumptions regarding the dimensionality (univariate
assumption) and the modality (unimodal assumption) of the variation in wind conditions. In this paper, a newly developed Multivariate and Multimodal Wind Distribution (MMWD) model [32,33]
is used, which avoids such limiting assumptions. This model is
developed using multivariate kernel density estimation (KDE) [34].
KDE is an effective non-parametric method of estimating the
probability density function of random variables. Further description of the MMWD model can be found in the paper by Zhang et al.
[33].
The site used as the case study later in this paper is located at
Baker, in North Dakota. The recorded wind data for this site is obtained from the North Dakota Agricultural Weather Network
(NDAWN) [35]. We use the daily averaged data for wind speed and
direction, measured at the Baker station between the years 2000
and 2009. Description of Baker weather station is provided in
Table 1. It is helpful to note that the wind speed data is recorded at
a height of 3 m; the log-proﬁle from Eq. (1) is used to determine the
wind speed at the pertinent hub-heights. The variation of wind
speed and direction at the Baker station is illustrated by a Windrose
diagram in Fig. 3. In this diagram, each of the sixteen sectors
represent the respective probability of wind blowing from that
direction.
2.3.2. Estimating the annual energy production (AEP)
The AEP of a wind farm in kWh (Efarm) at a particular location
can be expressed as

where N is the number of turbines in the farm.
2.3. Considering the impact of wind resource variations on the farm
output
The power generated by a wind turbine is strongly dependent
on the approaching wind speed. The fraction of the energy lost by
the wind while ﬂowing across a turbine (often represented by the
induction factor) also depends on the approaching wind speed. For
a given farm layout, the wind direction is another major factor that
regulates the overall ﬂow pattern (wake patterns) inside the wind
farm. The prediction of the expected annual energy production
(AEP) of a wind farm should therefore adequately account for the
correlated variations in wind speed and wind direction. To this end,
the following two-step procedure is applied:
i. The annual distribution of the wind speed and direction is
represented using a suitable probability density function.

3
Zmax
Z60 U

Efarm ¼ ð365  24Þ
0

Pfarm ðU; qÞpðU; qÞdUdq

(5)

0

where, Umax is the maximum possible wind speed at that location,
and Pfarm(U,q) represents the power generated by the farm (in kW)
for a wind speed U and a wind direction q. In Eq. (5), p(U,q)

Table 1
Details of the NDAWN station at Baker, ND [35].
Parameter

Value

Location
Period of record
Latitude
Longitude
Elevation
Measurement height

Baker, ND
01/01/2000 to 12/31/2009
48.167
99.648
512 m
3m

S. Chowdhury et al. / Renewable Energy 52 (2013) 273e282

277

major advantages: (i) the cost is represented by a continuous
analytical function that can be easily used as a criterion function in
optimization irrespective of the search strategy; and (ii) the estimated cost function is helpfully adaptive to the local cost data
provided for training the model. In this paper, the estimated annual
cost of the farm is represented as a function of the number of
turbines in the farm and the turbine rated powers.
Radial Basis Functions are used to develop the cost response
function in this paper. The idea of using Radial Basis Functions (RBF)
as approximation functions was introduced by Hardy [40] in 1971.
Since then, RBF has been used to approximate multidimensional
scattered data for various applications. In creating the cost response
function, the annual farm cost is expressed in dollars per kW
installed ($/kW). For a wind farm comprising N turbines, each with
rated power Pr, the RS-WFC function, Cost(Pr,N), is expressed as

CostðPr ; NÞ ¼

np
X

si

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

2 
2
Pr  Pri þ N  N i þc2

(8)

i¼1

Fig. 3. Windrose diagram for Baker station, ND (Years 2000e2009).

represents the probability of the occurrence of a wind condition
deﬁned by speed U and direction q. The power generated by the
entire wind farm is a complex function of the incoming wind
properties, the arrangement of turbines, and the turbine features.
Hence, a numerical integration approach [19] is suitable for estimating the AEP as given by Eq. (5). To this end, the Monte Carlo
integration method is implemented using the Sobol’s quasirandom
sequence generator. The approximated AEP is readily given by the
summation of the estimated power generations (Pfarm(Ui,qi)) over
a set of randomly distributed Np wind conditions, which is
expressed as

Efarm ¼ ð365  24Þ

DU Dq ¼ Umax 

Np
P


 

i
i
Pfarm U i ; q p U i ; q DU Dq;

where

i¼1
360 =Np

(6)
In this equation, the parameters U and q respectively represent
the speed and the direction of the incoming wind for the ith sample
wind condition.
A commonly used measure of wind farm performance is the
farm capacity factor. The capacity factor of a wind farm can be
deﬁned as the ratio of “the actual or expected output of the farm
(AEP) over a time period” and “the potential output if the farm was
operating at full nameplate capacity throughout that time period”.
The annual wind farm capacity factor (CF) can be expressed in
percentage as
i

CF ¼

Efarm
ð365  24Þ

N
P
j¼1

 100

i

(7)

Prj

where Prj represents the rated power of the jth turbine, and the
P
expression N
j ¼ 1 Prj represents the nameplate capacity of the farm.
2.4. Determining the cost of energy
Numerous models have been developed to evaluate the cost of
onshore and offshore wind farms in the last twenty years. Notable
examples include: Short-cut model [36], OWECOP-Prob cost model
[37], JEDI-wind cost model [38] and the Opti-OWECS cost model
[39]. In this paper, we develop and implement a response surfacebased wind farm cost (RS-WFC) model that is founded on the
principles proposed by Zhang et al. [20]. Such a cost model has two

where Pri and Ni respectively denote the turbine rated power and
the number of turbines in a farm corresponding to the ith training
data. The value of the prescribed constant c is speciﬁed to be 0.9 in
this paper. The generic unknown coefﬁcients, si, are evaluated
using the pseudoinverse technique.
In the case of a wind farm comprising different types of turbines,
the cost function should be modiﬁed. To this end, the total annual
cost in dollars can be represented using a more generic expression,
as given by

Costfarm ¼

nt
X



Cost Prk ; Nk  Prk  N k

(9)

k¼1

where nt denotes the number of different turbines types used in the
wind farm; the parameter Nk represents the number of turbines of
type-k in the farm, which have a rated power Prk, expressed in kWs.
In this case, the total number of turbines (N) in the farm is equal to
Pnt
Nk . Subsequently, the COE (in $/kWh) can be estimated as
k¼1

COE ¼

Costfarm
Efarm

(10)

where Efarm is the AEP of the farm in kWh (as given by Eq. (6)).
In this paper, the cost response functions are trained using
data provided by the Wind and Hydropower Technologies
program (US Department of Energy) [38]. The cost of a commercial wind farm is however a complex function that depends on
several other economic and environmental factors/variables as
well. The objective of the bivariate cost function developed in this
paper is to speciﬁcally explore the beneﬁts of (i) optimally
selecting the turbine type and (ii) using multiple types of turbines
in the farm.
2.5. Formulation of the optimization problem
The objective of the wind farm optimization problem considered in this paper is to maximize the annual energy production for
a speciﬁed farm-land size and number of turbines. To this end, the
advanced UWFLO method simultaneously optimizes the farm
layout and the selection of wind turbines. The optimization
problem is solved using a Mixed-Discrete Particle Swarm Optimization (MDPSO) algorithm developed by Chowdhury et al. [21,41].
The design variables in the generic optimization problem are the
location coordinates of each turbine (continuous variables) and
type of the turbine (integer variable). Using the online data
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provided by the major turbine manufacturers catering to the US
onshore market, an integer code Tk is assigned to each unique
turbine-type-k. A turbine-type is deﬁned by a unique combination
of rated-power, rotor-diameter, hub-height, and performance
characteristics. A list of 66 turbine-types, with rated-powers
ranging from 0.6 to 3.6 MW, was prepared and coded from the
major turbine manufacturers.
The overall farm optimization problem is deﬁned as

Max f ðVÞ ¼

Efarm
ð365  24ÞNPr0

subject to
g1 ðVÞ  0
g2 ðVÞ  0
g3 ðVÞ  0
V ¼ fX1 ; X2 ; ..; XN ; Y1 ; Y2 ; ..; YN ; T1 ; T2 ; ..; TN g
Ti ˛f1; 2; .; T max g

(11)

where Pr0 is the rated-power of a reference turbine, which is used to
normalize the optimization objective. The parameters Ti and Tmax in
Eq. (11) respectively represent the type code of the generic ith
turbine and the total number of turbine-types considered; and V
represents the design variable vector for optimization.
The inequality constraint g1 represents the minimum clearance
required between any two turbines, and is given by

g1 ðVÞ ¼


 
max Di þ Dj þ Omin  dij ; 0 ;

N
N
P
P
i¼1 j¼1

where

jsi

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Dx2ij þ Dy2ij
dij ¼
(12)
In Eq. (12), Di and Dj represent the rotor-diameters of Turbine-i
and Turbine-j, respectively; and Omin is the minimum clearance
required between the outer edge of the rotors of the two turbines.
In this paper, the value of Omin is set at zero, to allow maximum
ﬂexibility in turbine spacing. In practice, a higher value of Omin is
necessary to account for factors such as dynamic loading on the
turbines.
To ensure the placement of wind turbines within the ﬁxed
boundaries of the wind farm-land, the constraint g2 is speciﬁed,
which can be expressed as

g2 ðVÞ ¼

1
2N
þ

1

N
X

Xfarm

i¼1

1

N
X

Yfarm

i¼1



max  Xi ; Xi  Xfarm ; 0

!


max  Yi ; Yi  Yfarm ; 0

where the parameters Xfarm and Yfarm represent the extent of the
rectangular wind farm in the X and Y directions, respectively.
In order to restrict the cost of energy (COE) of a feasible candidate wind farm design to a reference COE, the constraint g3 is
applied. This constraint is deﬁned as

g3 ðVÞ ¼



.
COEref
COE  COEref

(13)

where COEref is the cost of a farm with an optimized layout and
a speciﬁed uniform turbine type (reference turbine) having a rated
power, Pr0. The cost functions are estimated using Eq. (8).

3. Case study: designing a commercial-scale wind farm
3.1. Case study description
In this paper, we explore and compare three different scenarios
in the optimal design of a commercial wind farm. In all the three
cases, the number of turbines and the farm-land size are assumed
to be ﬁxed. The three scenarios are:
Case 1: Optimize the layout of a wind farm that is comprised of
a deﬁned turbine-type (reference type).
Case 2: Simultaneously optimize the farm layout and the type of
turbine to be installed, considering that a uniform turbine-type is
used for the whole farm.
Case 3: Simultaneously optimize the farm layout and the
turbine-type of each turbine used in the wind farm, thereby
allowing multiple turbine types.
Cases 1, 2 and 3 present 2N, 2N þ 1, and 3N design variables,
respectively. The cost constraint, g3, is applied only in Cases 2 and 3
in order to restrict the COE of feasible farm designs in these cases to
the COE of the optimized farm obtained in Case 1 (that uses a ﬁxed
uniform turbine type). This cost constraint ensures that the gain in
energy production accomplished through the optimal selection of
turbine type and/or the use of multiple turbine types is not associated with an increase in the COE of the farm.
The “GE 1.5 MW xle” turbine [26] is chosen as the speciﬁed
turbine-type in Case 1, and as the reference turbine-type in Cases 2
and 3. The features of this turbine are provided in Table 2. This
turbine is reported to be suitable for IEC Wind Class III-b, and has an
average velocity speciﬁcation of 8.0 m/s. For the NDAWN site at
Baker, ND, the average wind speed at the reference turbine hubheight (of 80 m) is found to be 8.89 m/s and 8.92 m/s from the
estimated wind distribution and the recorded data, respectively.
Although, the “GE 1.5 MW xle” turbine is expected to perform well
for this site, it may not be the best choice for the given wind
conditions at this site. The optimization framework is however not
sensitive to this choice, since using a particular speciﬁed turbine
type is implicit and most likely sub-optimal to the scenario where
turbine-types are allowed to vary. For Cases 1 and 2, the PSO
algorithm is allowed 200,000 function evaluations. Case 3 presents
a more complex mixed-discrete optimization problem, and is
therefore allowed 300,000 function evaluations.
All the three case studies are performed for a hypothetical wind
farm site at the North Dakota location described in Section 2.3.1. A
ﬁxed-size rectangular land is considered for the wind farm
comprising 25 turbines. The speciﬁed wind farm properties are
given in Table 3. The farm is oriented such that the positive Xdirection of the layout coordinate system points towards the South.
The speciﬁed rectangular farm dimensions correspond to a 5  5
array conﬁguration with 7D  3D inter-turbine spacing.
The prescribed parameters in the mixed-discrete PSO speciﬁed
for each case is summarized in Table 4. The coefﬁcients a, bl, bg, and
g0 in Table 4, respectively regulate the inertia, the personal
behavior, the social behavior, and the diversity preserving behavior
of the particles. Further description of these parameters and their

Table 2
Features of the “GE 1.5 MW xle” turbine [26].
Turbine feature

Value

Rated power (Pr0)
Rated wind speed (Ur0)
Cut-in wind speed (Uin0)
Cut-out wind speed (Uout0)
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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Table 3
Speciﬁed wind farm properties.
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1.20
Value

Location
Number of turbines
Land size (length  breadth)
Orientation
Average roughness
Density of air

Baker, ND (refer Table 1)
25
(4  7D0)  (4  3D0)
North to South lengthwise
0.1 m (grassland)
1.2 kg/m3

Case 1
Case 2
Case 3

Normalized Farm Power

Farm property

1.10
1.00
0.90
0.80

inﬂuence on the dynamics of swarm motion can be found in the
papers by Chowdhury et al. [21,41].

0.70
0.60
100000
200000
Number of Function Evaluations

3.2. Results and discussion
The optimization converged in Cases 1 and 2. However, Case 3
was only partially converged in the speciﬁed number of function
evaluations. The convergence histories for the different Cases are
shown in Fig. 4. The objective on the Y-axis is the normalized
annual-average farm power (representative of the net energy
production), given by Eq. (11). Further crucial details of the optimized wind farms in the three cases are provided in Table 5. The
reference wind farm in Table 5 is comprised of “GE 1.5 MW xle”
turbines, arranged in a 5  5 array layout with 7D  3D turbine
spacing. The normalized energy production (objective f) and the
COE for the reference wind farm is estimated to be 0.597 and
$0.024, respectively.
From Fig. 4, we observe that the maximum improvement in net
energy production is accomplished in Case 2. Expectedly, simultaneous optimization of the farm layout and the selection of
a uniform turbine-type (Case 2) provided a remarkably higher
increase in farm energy production compared to that provided by
layout optimization alone. This observation illustrates, how critically important it is to perform turbine selection in coherence with
farm layout design. However, a lower increase in the energy
production in Case 3 compared to Case 2 is counterintuitive since
optimal results produced by Case 2 should be suboptimal to, or at
least a subset of, the optimal results produced by Case 3. We believe
that owing to the signiﬁcantly higher complexity of the mixeddiscrete optimization problem in Case 3 (an additional N  1
discrete variables), only suboptimal results were obtained. Further
advancement of the optimization methodology should be able to
address this issue.
Table 5 shows that the COE for the optimized farm in Cases 2 and
3 are comparable with Case 1. Progressively higher rated turbines
were selected during optimization in Cases 2 and 3, which is one of
the factors that helped in the remarkable increase in the farm
energy production. The capacity factor (CF) of the farm therefore
provides a more unbiased measure (than net energy production) of
the performance of the optimized farm. As seen from Table 5, the
capacity factors obtained in Cases 2 and 3 are signiﬁcantly better
than that in Case 1. Furthermore, the capacity factors for the

Table 4
User-deﬁned constants in PSO.
Parameter

Case 1

a
bg
bl
g0

0.5
0.5
0.5
1.4
1.4
1.4
1.4
1.4
1.4
20
10
10
20  2N ¼ 1000 20  (2N þ 1) ¼ 1020 20  3N ¼ 1500
200,000
200,000
300,000

Population size
Allowed number of
function calls

Case 2

300000

Fig. 4. Convergence histories for the three cases.

optimized farms in all the three cases are observed to be higher by
4.3%e6.4%, when compared to the reference wind farm.
The estimated capacity factors of the optimized farms and the
reference farm are found to be considerably higher than that typical
of commercial onshore wind farms (around 20e40%). For example,
one of highest recorded annual capacity factors is reported to be
57.9% for a 3.68 MW Burradale wind farm at Shetland Islands [42].
In this paper, project-speciﬁc power loss factors are not considered,
leading to an overestimation of the farm capacity factor in the case
studies. Project-speciﬁc power loss factors include: turbine downtime for O&M, extreme weather conditions, snow accumulation,
and curtailments (e.g., noise/environmental curtailment and grid
curtailment). The overestimation of the capacity factor can also be
partially attributed to a possible underestimation of the wake losses determined by the analytical wake models used in the UWFLO
framework.
The turbine-type optimally selected in Case 2 is a 3 MW-112 m
wind turbine. In Case 3, the optimized farm is comprised of
a combination of eight 1.8 MW-90 m, ﬁve 3.0 MW-112 m, four
1.8 MW-100 m, four 2.4 MW-102 m, two 2.0 MW-90 m, one
2.4 MW-95 m, and one 2.5 MW-100 m turbines. The optimized
farm layouts for Cases 1 and 2 are shown Figs. 5(a) and (b), where
the dashed line represents the farm boundary. The squares that
represent the turbine locations are colored according to the annual
average power generation of the corresponding turbines. The
signiﬁcantly scattered arrangement of turbines obtained through
layout optimization is a noticeable deviation from any array
pattern. In Cases 1 and 2, the turbines located on the Eastern edge
of the farm produce relatively lower energy over the year. This
phenomenon agrees with the Windrose diagram in Fig. 3, which
shows that the likelihood of incoming winds from the East is
minimal. It is also observed that the differences in the energy
production between turbines that generate the maximum and the
minimum power annually is only 7.5% and 9.5% for Cases 1 and 2,
respectively. This observation indicates an appreciable reduction in
wake effects can be achieved through the application of the UWFLO
method.

Case 3
Table 5
Attributes of the optimized wind farms from the case studies.
Parameter

Case 1

Case 2

Case 3

Reference farm

Normalized AEP (f)
Farm capacity factor (CF)
COE (in $/kWh)

0.623
62.3%
0.023

1.271
63.5%
0.022

0.933
63.5%
0.023

0.597
59.7%
0.024
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8.9E+05

S
W
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E
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1.96E+06
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S
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Y (m)

Y (m)
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0

0
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0
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Case 1: Specified turbine-type

0

1000
X (m)

2000

3000

Case 2: A single optimally selected turbine-type

Fig. 5. Layouts of the optimized wind farms with identical turbines, showing the individual turbine power generations.

Fig. 6(a), (b), (c) and (d) represent the optimized layout obtained
in Case 3, where the turbine locations are colored according to the
(i) annual average power generation, (ii) rated power, (iii) rotordiameter, and (iv) hub-height of the turbines, respectively. It is
most interesting to note (from Fig. 6(b)) that the UWFLO has placed
the turbines with higher rated-powers on the Eastern edge of the
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N

2000
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2.52E+06
2.28E+06
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1500

Y (m)

Y (m)

1500

wind farm. These higher rated power turbines are more suitable for
lower incoming wind speeds (lower wind classes), as experienced
by the Eastern edge of the farm. These higher rated power turbines
generally involve larger rotor-diameters as observed in Fig. 6(c).
Their location on the Eastern edge of the farm thereby ensures
minimal impact of the likely larger wakes created by these turbines.
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Fig. 6. Layout of the optimized wind farm for Case 3 (optimal combination of turbine-types).
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4. Conclusion
This paper developed a methodology to design optimal
commercial-scale wind farms, through signiﬁcant advancement of
the Unrestricted Wind Farm Layout Optimization (UWFLO) methodology. This wind farm design methodology provides optimal
decision-making regarding both what turbines to install and where
to install them, which is unique in the wind energy literature. At the
same time, the advanced UWFLO method also considers the local
long-term variations of wind speed and direction at a site. The wind
variations are modeled using an accurate joint distribution of wind
speed and direction. The power generation model is modiﬁed to
account for wind turbines with differing hub-heights and performance characteristics. This modiﬁcation allows the use of multiple
types of turbines in a wind farm  a concept that can help increase
the capacity factors of future wind farms well beyond what is
currently feasible. In order to account for the economic viability of
optimizing the selection of turbines, we used a response surfacebased wind farm cost model. In this paper, the selection of
turbine(s) is primarily based on their overall energy production
capacity as members of the array, corresponding to a given wind
distribution. In practice, the survivability of turbine components,
which depends on its load bearing capacity (given by its IEC
ratings), is another important consideration in turbine selection.
The incorporation of the survivability of turbine components as an
additional design objective is therefore a key topic for future
research in optimal turbine selection.
The overall commercial-scale wind farm design model presents
a complex high-dimensional mixed-discrete optimization problem
that is solved using a newly developed mixed-discrete Particle
Swarm Optimization algorithm. The new wind farm optimization
method is applied to design wind farms comprising 25 turbines on
a rectangular farm-land of speciﬁed dimensions. Three different
farm design scenarios, deﬁned by the turbine selection approach,
were explored. Appreciable improvement in the farm performance
was observed in each of the three scenarios, when compared to
a reference farm with a 5  5 array conﬁguration. Simultaneous
optimization of the farm layout and the turbine selection increased
the capacity factor by 2% more than that accomplished by layout
optimization alone. However, it was found that further improvement in the optimization methodology is necessary to address the
challenging scenario where multiple turbine-types are allowed to be
optimally selected. Overall, it was successfully illustrated that the
selection of turbine-type(s) should be performed in coherence with
the farm layout planning.
Future work should address the decision-making for other wind
farm factors such as the land area per kW installed and the nameplate
capacity, within the context of optimal wind farm design. Together
with a more comprehensive cost model, such an advanced optimal
wind farm design method should provide a strong foundation for
future research (and industrial practices) in wind farm planning.
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