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With the fast growth in the number and size of installed wind farms (WFs) around the world, optimal wind turbines (WTs)
micrositing has become a challenge from both technological and mathematical points of view. An appropriate layout of wind
turbines is crucial to obtain adequate performance with respect to the development and operation of the wind power plant during
its life span. This work presents a fuzzy genetic algorithm (FGA) for maximizing the economic profitability of the project. The
algorithm considers a new WF model including several important factors to the design of the layout. The model consists of wake
loss, terrain effect, and economic benefits, which can be calculated by locations of wind turbines. The results demonstrate that
the algorithm performs better than genetic algorithm, in terms of maximum values of net annual value of wind power plants and
computational burden.

1. Introduction

Nowadays, wind energy plays a very important role in the
field of renewable energy supply worldwide. According to
Global Wind Energy Council (GWEC), the new global total
wind power capacity was 318,105MW by the end of 2013,
representing more than 12.5 percent increase in cumulative
market [1]. Wind power has become the most valuable and
promising renewable energy option not only in developed
but also in developing countries [2].Wind energy technology
develops rapidly and its cost is beginning to actually compete
with existing fossil-fuel power productionmethods. But with
the fast growth in the number and size of installedwind farms
around the world, optimal wind turbines micrositing has
become very important topic of study. The optimal turbines
layout of a wind farm is a challenge from both mathematical
and technological points of view. An appropriate position
of wind turbines will directly influence the costs and the
produced energy of a wind farm. The generated power from
the turbines of a wind farm is often lower than expected,
partly because the aerogenerators receive lower wind speeds
and less energy captures if they are located behind the other
one. This effect is called the wake effect [3].

So far, several works have appeared in which the opti-
mization of a mathematical model of a wind farm has been
addressed in order to undertake the optimal position of WTs
[4–6]. In these studies, the optimized objective functions
taking into account maximum energy production and mini-
mum levelized cost of energy were used for determining the
optimal locations of WTs. The problem was introduced by
Mosetti et al. [7] which aimed tomaximize the annual energy
produced (AEP) and to minimize the installation costs by
assuming a rather simplified cost model of the wind farm
(based on economies of scale and the overlapping of wakes)
to search for an optimal layout based on genetic algorithms
(GAs). And the algorithm used a wake effect analysis similar
to that of Katic et al. [8]. The following methods have
considered Monte Carlo simulation with a simple model [6,
9], ant colony optimization (ACO) algorithm requiring large
amount of calculation [10]. Geem and Hong [11] optimize the
layout with the constraints of resources or budget bounds by
an improved formulation method, but the cost and power
functions are also experience function and cannot reflect
the real WF model very well. Some other WT micrositing
optimizationmethods, based on the Gaussian particle swarm
optimization with local search strategy [12], binary particle
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swarm optimization [5], and greedy algorithm [13], have also
been studied.

In the current study, we establish a new model for WF
considering the main effective indicators simultaneously,
including wake loss, terrain effect, hub height of the turbines,
and economic benefit. Then we present an efficient method-
ology for the optimization of onshore WFs. In our approach,
fuzzy control is implemented to adjust the crossover proba-
bility andmutation probability of the GA for determining the
best sites of WTs in two different scenarios.

After this introduction, the paper is organized as follows.
Section 2 presents aWFmodel including wakemodel, terrain
effectmodel, energy productionmodel, and economicmodel.
Section 3 describes the approach to the problem and the
proposed methodology. Test cases are provided in Section 4.
At last, conclusions are discussed in Section 5.

2. Wind Farm Modelling

2.1. Wake Effect Model. The analytical model in this paper
is similar to the wake decay model proposed by Jensen [14].
Depending on the wind farm geometry, the wind speed
decay ratio 𝐶

𝑤
produced in the airflow when the wind passes

through the rotor of a wind turbine (see Figure 1) can be
calculated by the expression:

𝐶
𝑤
=
(𝑢
𝑥
− 𝑢
0
)

𝑢
0

= −
2𝑎

(1 + 2𝑘𝑋/𝐷)
2
, (1)

where 𝑢
0
is the initial free stream velocity, 𝑢

𝑥
is the velocity in

the wake at a distance 𝑋 downstream of the upwind turbine,
D is the diameter of the upwind turbine, and 𝑘 is the wake
decay constant. 𝑎 is the axial induction factor or inflow factor
that is related to the thrust coefficient, 𝐶

𝑇
, according to

𝐶
𝑇
= 4𝑎 (1 − 𝑎) . (2)

The expansion rate k, which is known as wake decay constant,
is a value of 0.075 for onshore cases and 0.05 for offshore ones
suggested in the literature [15] and is calculated as a function
of surface roughness, given as

𝑘 =
0.5

ln (𝑧/𝑧
0
)
, (3)

where 𝑧 is the hub height of the wind turbine and 𝑧
0
is surface

roughness.

2.2. Terrain Effect Model. The terrain of onshore wind farm
may be complex. It is necessary to consider topographic influ-
ence on the behavior of the wind.The effect of topography on
surface layer wind is very big. To estimate the wind speed𝑈

𝑝
,

at a prediction height, 𝑍, the guidelines in [16] can be used.
And thewind speed changes (see Figure 2) caused by both the
topographic feature and a step change in surface roughness
are considered. According toWeng et al. [16], the wind speed
change Δ𝑆 (0, 𝑍) can be calculated as follows:

Δ𝑆 (0, 𝑍)

Δ𝑆max
= exp{𝐴

1
− 𝐴
2
(
𝑍

𝐿
1

) − 𝐴
1
𝑒
−𝐴3(𝑍/𝐿1)} , (4)
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Figure 1: Schematic representation of the wind speed field in the
wake.
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Figure 2: Schematic diagram of airflow over complex terrain
situation.

where Δ𝑆max is the maximum fractional speedup ratio at the
hilltop, according to (5). 𝐴

𝑖
(𝑖 = 1, 2, 3) are constants to be

determined. 𝐿
1
is a horizontal length scale defined as the

distance from the hilltop or the bottom of the valley to the
upstream point where the elevation is 0.5H:

Δ𝑆max

=
𝐻

𝐿
1

(𝐵
1
+ 𝐵
2
(
𝐿
1

𝑧
0

))(1 + 𝐵
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4
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)

2

) ,

(5)

where 𝐵
𝑖
(𝑖 = 1, 2, 3, 4) are constants listed in Table 1 and 𝑧

0
is

surface roughness value.

2.3. Energy Production Model. The typical characteristic of
wind speed behavior is a Weibull distribution [17]. The
probability (frequency or percentage of time) of wind speed is
defined by the parameters of scale, C, and shape, K, as shown
in

𝑓 (𝑢) =
𝐾

𝐶
⋅ (
𝑢

𝐶
)

𝐾−1

⋅ 𝑒
−(𝑢/𝐶)

𝐾

. (6)
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Table 1: Constant 𝐵
𝑖
for 2D and 3D rolling terrain and isolated hills

[16].

Constant 𝐵
1

𝐵
2

𝐵
3

𝐵
4

2D rolling terrain 2.20 −0.049 −0.64 −0.19
2D isolated hill 2.40 −0.051 0.029 −0.51
3D rolling terrain 1.58 −0.036 0.069 −0.85
3D isolated hill 2.05 −0.048 0.24 −0.40
2D valley 2.57 −0.054 −0.65 −0.80

Compared to WF selected in flat area, both wake effect
and terrain effect should be taken into account in complex
terrain. The wind speed on the aerogenerator 𝑢

𝑥
can be

calculated as

𝑢
𝑥
= (1 + 𝐶

𝑤
) (𝑢
0
+ 𝐶
𝑜
⋅ Δ𝑆) , (7)

where 𝐶
𝑤
is wind speed change ratio caused by wake and can

be calculated by (1), while Δ𝑆 is wind speedup induced by
orography and can be calculated by (4). 𝐶

𝑜
can be set to zero

if the WF is located in flat area; otherwise, it should be taken
the value of 1. Finally, the AEP of a WF is calculated:

AEPWF =
𝑁

∑

𝑖=1

𝑇
𝑖
∫

𝑢CO𝑖

𝑢CI𝑖

𝑃WT𝑖 (𝑢𝑥𝑖) 𝑓 (𝑢𝑥𝑖) 𝑑𝑢, (8)

where𝑇
𝑖
is the number of the 𝑖thWT available hours per year

(h), N is the number of WTs, and 𝑢CI𝑖 and 𝑢CO𝑖 are the cut-
in speed and cut-out speed, respectively. 𝑃WT𝑖 is the power
curve of the 𝑖thWT and 𝑢

𝑥𝑖
is the 𝑖thWT’s actual wind speed

taking wake effect and terrain effect into account, which can
be calculated by (7).

2.4. Economic Model. Usually in the investment project
economic analysis, net annual value (NAV) has been used as a
measure of economic benefits of workflow project. The NAV
of a WF is calculated by the following expression:

NAV (𝑡) = −
𝐸
𝑐
(𝑡) ⋅ (1 + 𝑟)

𝑛

⋅ 𝑟

(1 + 𝑟)
𝑛

− 1

− 𝐸
𝑠
(𝑡) + 𝐸en (𝑡) + AEP (𝑡) × 𝑝,

(9)

where 𝑡 is WT life span, r is the basic discount rate, p
is the sale price per kWh, AEP(𝑡) is WF annual energy
produced calculated by (8). If we consider the energy-saving
effect of wind power generation, energy-saving emission
reduction contribution of 𝐸en(𝑡) should be offset by the same
generation. The WF initial construction investment costs,
𝐸
𝑐
, and the WF operation and maintenance costs, 𝐸

𝑠
, are

two main aspects of the investment cost, and they can be
computed as

𝐸
𝑐
(𝑡) = 𝐸

𝑐𝑝
(𝑡) + 𝐸

𝑐𝑒
(𝑡) + 𝐸

𝑐𝑐
(𝑡) + 𝐸

𝑐𝑖
(𝑡) + 𝐸

𝑐𝑜
(𝑡) , (10)

where 𝐸
𝑐
(𝑡) is divided into four main parts: WTs purchase

cost, 𝐸
𝑐𝑝
(𝑡); WF electrical infrastructure cost, 𝐸

𝑐𝑒
(𝑡); civil

work, 𝐸
𝑐𝑐
(𝑡); installation and transport cost, 𝐸

𝑐𝑖
(𝑡); and

others, 𝐸
𝑐𝑜
(𝑡):

𝐸
𝑠
(𝑡) = (𝐸

𝑠𝑐
(𝑡) + 𝐸

𝑠𝑠
(𝑡) + 𝐸

𝑠𝑛
(𝑡) + 𝐸

𝑠𝑡
(𝑡)) ⋅ 𝑡, (11)

Table 2: Typical construction cost breakdown of an onshore WF.

WTs (%) 65–75
Electrical infrastructure (%) 1–10
Collector system 6–9
Transmission system 2-3
Substation 2-3

Civil work (%) 0–5
Installation and transport (%) 0–2
Others (%) 5

where 𝐸
𝑠
(𝑡) has been broken down into annual depreciation

charge, 𝐸
𝑠𝑐
(𝑡); annual operation and annual maintenance

cost, 𝐸
𝑠𝑠
(𝑡); annual additional cost for connecting in parallel

with system, 𝐸
𝑠𝑛
(𝑡); and annual tax, 𝐸

𝑠𝑡
(𝑡).

Table 2 shows the typical schedule of onshore WF
construction cost. As shown, most of the WF construction
costs are associated with the acquisition of WTs. The cost
of foundation and electrical infrastructure also takes an
important role. However, the proportion of each factor will
depend on the specific characteristics of the WF studied.

3. Proposed Methodology

Aspreviouslymentioned, several heuristic optimization tech-
niques have been used to solve the best WT microsite in
WF problems. In particular, the most widely used optimiza-
tion method is that of GAs. But GAs often lead to some
phenomena such as slow convergent speed and premature
convergence [18]. In order to solve this problem, fuzzy genetic
algorithm (FGA) is proposed in this work to adjust the
values of crossover probability 𝑃

𝑐
and mutation probability

𝑃
𝑚
adaptively so as to optimize the genetic algorithm. The

flowchart of the FGA implemented is depicted in Figure 3.

3.1. Initialization of the Population. The process begins with
creating the initial population, which is composed of a group
of randomly generated individuals (potential solutions). The
chromosomes are encoded in the real valued turbine coor-
dinates, which are not beyond the WF area boundaries limit
and the composition of each individual chromosome is given
by

𝑋 = [𝑥
1
𝑦
1
𝑥
2
𝑦
2
⋅ ⋅ ⋅ 𝑥
𝑘
𝑦
𝑘
] , (12)

where (𝑥
1
, 𝑦
1
) and (𝑥

𝑘
, 𝑦
𝑘
) correspond to the coordinates of

the first and kthWTs, respectively. Set the iterative time 𝑡 = 0
and the maximal iterative time as T.

3.2. Individual Estimation. Calculate the individual’s fitness
of the population which is expressed as

𝑓 =
{

{

{

NAV (𝑡) + 𝐶min if NAV (𝑡) + 𝐶min > 0

0 if NAV (𝑡) + 𝐶min ≤ 0,
(13)

where NAV(𝑡) is the NAV of WFs, according to (9). 𝐶min is
an appropriate relatively small number, and it can be got by a
prespecified smaller number.
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Figure 3: Block diagram of the proposed FGA method.

3.3. Constraints and Termination Criterion. Besides the tur-
bines have to be placed inside the WF area, a minimum
distance of five turbine rotor diameters (5D) between neigh-
boring turbines was considered for obtaining feasible results
for the optimalWTmicrositing problem, and the constraints
are expressed as

(𝑥
𝑖
− 𝑥
𝑗
)
2

+ (𝑦
𝑖
− 𝑦
𝑗
)
2

≥ 25𝐷
2

, (14)

where (𝑥
𝑖
, 𝑦
𝑖
) and (𝑥

𝑗
, 𝑦
𝑗
) are the coordinates of neighboring

turbines. A user specified maximum number of generations
were set as the termination criterion.

3.4. Selection Operation. The FGA goes on by selecting some
solutions from the population to create a mating pool if the
termination criterion is not satisfied. To populate the mating
pool, roulette wheel selection is employed to first calculate
each individual X’s corresponding proportion of its fitness
value to the total fitness value of thewhole population, labeled
as 𝑝
𝑖
, by

𝑝
𝑖
=

𝑓 (𝑋
𝑖
)

∑
𝑁

𝑗=1
𝑓 (𝑋)

𝑗

, (15)

where 𝑖 = 1, 2, . . . , 𝑁 and𝑁 is the size of population.Then the
operator repeats𝑁 times of selecting an individual from the
current population to generate the new population. In each
time, a random real number uniformly scattered in the range

[0, 1) is generated, and the individual 𝑘
𝑋
where 𝑘 satisfies (16)

is selected:

𝑘 = min{𝑗 |
𝑗−1

∑

𝑖=1

𝑝
𝑖
≤ 𝑞, 𝑗 = 1, 2, . . . , 𝑁} . (16)

3.5. Fuzzy Control. The fuzzy logic method is the reasonable
candidate method for dynamically adjusting the crossover
probability and mutation probability, the GA, because it is
appropriate for representing uncertain knowledge [19–23]. A
two-dimension fuzzy control is used in our FGA. There are
two parameters 𝑒

1
and 𝑒
2
as inputs of fuzzy inference system.

The two parameters denoting the crossover and mutation
probabilities, respectively, are subject to the fuzzy inference
system and describe the excellence degree of the individual
to cross and mutate. They are expressed as

𝑒
1
(𝑡) =

𝑓max (𝑡) − 𝑓max (𝑡 − 1)

𝑓max (𝑡) − 𝑓ave (𝑡)
,

𝑒
2
(𝑡) =

𝑓ave (𝑡) − 𝑓ave (𝑡 − 1)

𝑓max (𝑡) − 𝑓ave (𝑡)
,

(17)

where 𝑡 is the evolution generation, 𝑓ave(𝑡) is the average
population fitness at generation t, 𝑓max(𝑡) is the maximum
population fitness at generation t, and𝑓ave(𝑡−1) is the average
population fitness at the previous generation of t. 𝑒

1
and 𝑒
2

will be quantified as the input of the fuzzy controller, 𝐸
1
and

𝐸
2
, by quantification factors. 𝐸

1
and 𝐸

2
corresponding to 𝑒

1

and 𝑒
2
are expressed as

𝐸
1
= ⟨

2𝑛
1

(𝑏
1
− 𝑎
1
)
⋅ [𝑒
1
−
(𝑎
1
+ 𝑏
1
)

2
]⟩ ,

𝐸
2
= ⟨

2𝑛
2

(𝑏
2
− 𝑎
2
)
⋅ [𝑒
2
−
(𝑎
2
+ 𝑏
2
)

2
]⟩ ,

(18)

where “⟨⟩” represents rounding to the nearest integer arith-
metic. [𝑎

1
, 𝑏
1
] is the range of 𝑒

1
, and [𝑎

2
, 𝑏
2
] is the range of

𝑒
2
. [−𝑛
1
, 𝑛
1
], [−𝑛

2
, 𝑛
2
] are the domain of discourse of 𝑒

1
, 𝑒
2

respectively; then the definition of 𝐸
1
and 𝐸

2
word sets is

expressed as

𝑇 (𝐸
1
) = {ZO,PS,PB} ,

𝑇 (𝐸
2
) = {NB,NS,ZO,PS,PB} ,

(19)

where NB is negative big, NS is negative small, ZO is zero, PS
is positive small, and PB is positive big.

The current fuzzy input fuzzy controller can be obtained
by 𝐸
1
and 𝐸

2
corresponding to maximum fuzzy membership

value.
There is one important idea in the genetic algorithm

determining the values of 𝑃
𝑐
and 𝑃

𝑚
. When the difference

between 𝑓max(𝑡) and 𝑓max(𝑡 − 1) varies widely, it means the
current population in the normal evolution stage, 𝑃

𝑐
and 𝑃

𝑚
,

takes desirable normal.When𝑓max(𝑡) and𝑓max(𝑡−1) are very
close, which can be thought of as premature convergence,
𝑃
𝑐
should be greatly reduced and 𝑃

𝑚
should be increased
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Table 3: Fuzzy rules of Δ𝑃
𝑐
(𝑡) for crossover operation.

𝑈
1

𝐸
2

NB NS ZO PS PB
𝐸
1

ZO NS NB NB NB NB
PS ZO ZO NB ZO ZO
PB NS ZO NS PS PB

Table 4: Fuzzy rules of Δ𝑃
𝑚
(𝑡) for mutation operation.

𝑈
2

𝐸
2

NB NS ZO PS PB
𝐸
1

ZO PS PB PB PB PS
PS ZO ZO PB ZO NS
PB PS ZO PS NS NB

for big mutation operation. When 𝑓ave(𝑡) and 𝑓ave(𝑡 − 1)
are very close, it means these two generations are similar in
population structure, so 𝑃

𝑐
can be appropriately reduced and

𝑃
𝑚
should be increased to increase the population structure

of individuals. Based on the above described experience,
Tables 3 and 4 (𝑈

1
and 𝑈

2
are controlled quantities) show

the rule base used by the fuzzy operation presented.Then the
actual controlled quantities acting on the controlled object
are calculated as follows:

Δ𝑃
𝑐
(𝑡) = 𝐾

𝑢1
⋅ 𝑈
1
,

Δ𝑃
𝑚
(𝑡) = 𝐾

𝑢2
⋅ 𝑈
2
,

(20)

where𝐾
𝑢1

and𝐾
𝑢2

are the scaling factors.
The robust stability of the control system via a fuzzy

estimator has been studied in [24]. Finally, we use the crisp
value to modify the parameters Pc and Pm as follows:

𝑃
𝑐
(𝑡 + 1) = 𝑃

𝑐
(𝑡) + Δ𝑃

𝑐
(𝑡) ,

𝑃
𝑚
(𝑡 + 1) = 𝑃

𝑚
(𝑡) + Δ𝑃

𝑚
(𝑡) .

(21)

3.6. Crossover and Mutation Operations. The probabilities of
crossover and mutation, 𝑃

𝑐
(𝑡) and 𝑃

𝑚
(𝑡), are derived from

the outputs of the fuzzy operation. After a new population
is created, it is evaluated once again with regard to the
fitness function. Besides, every individual must satisfy the
requirements of theminimumdistance between theWTs and
other constraints. If the generated coordinates ofWTs are not
meeting the restrictions, then they will be cleared.

4. Cases Study

In order to determine the suitability of the presentedmethod-
ology for the optimization problem of onshore WF, a set of
study cases have been analyzed. The WF located in China
is considered to have 10 identical turbines and an installed
capacity of 15MW. The WTs, used in this work, have a hub
height of 72m and a 41m rotor radius. Figure 4 displays the
power curve of a single 1.5MW wind turbine.
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Figure 4: 1.5MW turbine power curve.

In order to evaluate speedup caused by terrain and the
wake losses, information regarding the wind is needed. In
Figure 5, it is shown that the wind rose with the average wind
speeds and respective frequencies that were used in this work
and the wind power of the location ofWT can be obtained by
the siting of distributed WFs [25].

In order to compare the optimization strategies, the
proposed approaches are optimized through the FGA for
100 generations. The WF is considered to have 20 years’ life
span and the basic discount rate is regarded as 8%. The sale
price is ¥ (China Yuan) 0.50 per kWh. Simultaneously, the
GA method is run. This approach is terminated once both
proposed variants are completed. The results obtained with
the optimization approaches are presented and discussed
and a comparison between the results obtained with the
optimizationmethods is performed as follows.The algorithm
has been implemented by using the mix programming of
C#.net and MATLAB. Arcgis engine which is a collection
of GIS components and developer resources that can be
embedded, allowing us to add dynamic mapping and GIS
capabilities to existing applications or build new custom
mapping applications, is also applied to better deal with
terrain effect. The method was performed on a computer
which has an Intel Core 2 Duo E7500 @2.93GHz processor
with 2GB RAM.

4.1. Case 1. In this case, we assume that the site of WF is
selected in a plain area, and the effect of terrain on the wind
can be ignored. So when calculating the wind speed on the
aerogenerator, 𝐶

𝑜
should be set to zero. Initially, the WTs

are placed in a distance of about 500 meters between them.
The wind resource distribution of the WF can be obtained
according to Figure 5. In the cause of demonstrating the
ability of the proposed methodology, Figure 6 presents the
scenario of WTs layout with the change evaluations, and the
points in the figure represent the locations of WTs. From the
evolution, it is clear that the prevailing wind direction should
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Figure 5: Wind rose with the frequencies and speed.

Table 5: Main results for the configurations of Case 2.

Initial Final (FGA) Final (GA)
Average wake loss (%) of WTs 0.16 0.07 0.06
Average wind speedup (%) of WTs due to terrain 8.14 9.87 9.73
WF AEP (GWh) 32.44 43.65 42.34
WF construction cost 𝐸

𝑐
(¥) 7.80 × 108 7.50 × 108 7.62 × 108

WF annual operation and maintenance costs 𝐸
𝑠
(¥) 3.50 × 105 3.30 × 105 3.37 × 105

Energy-saving emission reduction contribution 𝐸en (¥) 7.60 × 105 10.23 × 105 9.92 × 105

WF NAV (¥) 1.63 × 1010 2.19 × 1010 2.11 × 1010

be filled with more aerogenerators. As can be seen from
Figure 6(d), FGA can be implemented with WTs layout like
the GA. Compared with the initial layout, the final distance
between WTs is more reasonable to reduce the influence of
the wake.

4.2. Case 2. In this case, we assume that theWF is in complex
terrain area. Both wake loss and terrain effect are considered.
So when calculating the wind speed on the aerogenerator,
𝐶
𝑜
should be set to 1. The initial and final positions of each

one of the WTs corresponding to the final configuration
achieved by FGA (blue points) and GA (red points) in the
complex terrain areas can be observed in Figures 7 and 8. It
is possible to observe that the majority of WTs are located
in the dominant wind direction. The results of WTs layout
optimized by means of FGA and GA, respectively, are almost
the same. In Table 5, the main results are compared, the
wake losses are got by (1), and wind acceleration due to
terrain effect is obtained according to (4). The NAV from

the obtained WF configuration is obtained by means of (9).
As can be seen from Table 5, after optimization using FGA,
the wake losses of WF are reduced, wind acceleration due to
terrain effect is improved, and the economic benefits of WF
have been significantly improved. Comparing with GA, FGA
performs better in improving the profits of the WF by an 8%
increase in NAV (see Table 5).

In order to show the ability of the proposed methodology
to achieve the optimal solution, Figure 9 shows the best
fitness values during the optimizations using two methods.
The fitness values will converge to the optimal value at about
12 generations using FGA, while using GA to optimize the
layout will converge at 22 generations. So it is obvious that
FGA has the advantage of converging to the global optimal
with a faster speed than GA.

From the above cases, it proves that the mathematical
modeling of WF is sufficient and suitable for optimization of
the layout of WTs using the FGA. Furthermore, considering
wider application, the modeling extension adding load data
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Figure 6: The scenario of WTs layout with the change evaluations of Case 1.

and load modeling can also be used in the controllers for
wind turbines and wind power prediction so as to realize
coordinated control of reactive power of the whole WF.

5. Conclusions

For the purpose of addressing the problem of the optimal
wind turbines micrositing in onshore wind farms, a complete
model has been developed considering the main aspects
involved in wind farm. The optimization method proposed

in this paper, due to the crossover and mutation probabilities
controlled by fuzzy rules, provides optimal WTs layout
with lower computational cost. At last, the suitability and
computational efficiency of the FGA have been successfully
demonstrated by analyzing the micrositing of wind turbines
problem in the case of onshore wind farms.

Although we considered one specific onshore WFs
model, it is important to note that our optimization
algorithm can also be easily applied to offshore
WFs.
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