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Abstract: In this work, an adaptive scheme is incorporated into the Competitive Imperialist Algorithm
(ICA). The proposed ICA is applied to find the best positioning of wind turbines into wind farm layout.
The objective is to minimize the wake effect in a given turbine, due to interactions with other turbines
in the wind farm. As result of the optimization layout, the annual energy production is maximized.
Another approach adopted is related to the general formulation of the problem, where the wind farm
area is considered continuous domain in the solution space of the optimization process, instead of
dividing it into small cells, as usually found in the literature. Two different configurations of wind
farms and wind scenarios were applied to validate the proposed approach. Due to the promising results,
we can conclude that it is possible to minimize the wake effect loss with a small number of iterations.
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1 Introduction

The renewable energy sources, particularly wind power is becoming more popular because of
ecological concerns and continuously rising prices of rapidly depleting conventional energy sources.
Therefore, wind energy technology has evolved rapidly over the last three decades with increasing
rotor diameter and the use of sophisticated power electronics to allow operation at variable rotor speed.
In this context, many research works were carried out to maximize energy production of wind turbines.
The main issues addressed in the recent works are related to wind farm layout optimization (WFLO),
whereas the goal is minimizing the wake loss effect. The two fundamental impacts of a wake effect
into wind farm can be cited as decreasing in the wind speed, which thusly diminishes the generation
of the wind farm and an expansion on turbulence of the wind at downstream turbines [1].

For optimal wind turbines placement which is a combinatorial problem, many researchers
proposed heuristic optimization techniques to determine the near optimal wind turbine positions into
wind farm. The goal is increasing the potential of wind energy production [2, 3]. Mosetti et al. [4]
were the first who addressed the optimal wind turbine placement into WFLO problem. They used
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genetic algorithm (GA) for three different wind scenarios. Following Mosetti’s work, Grady et al. [5]
also employed GA to solve the wind farm layout optimization to achieve perfect locations in the wind
farm. Marmidis et al. [6] applied Monte Carlo Simulation (MCS) considering only the case of constant
wind speed and direction. A comparative study in [7], which applied GA to solve the wind farm
problem, also consider these three previous results (Mosetti, Grady and Marmidis) as reference.
Application of ANFIS (adaptive neuro-fuzzy inference system) for predicting the wake power and
wind speed deficit was applied by [8] with promising result. The investigation conducted by [9] also
applied ANFIS to predict the wake added turbulence.

In this work, we propose a modified version of an evolutionary algorithm known as Imperialist
Competitive Algorithm (ICA), which comprises an adaptive actualization of the parameters. We named
it as alCA (a stands for adaptive) and applied it to solve the WFLO problem. The ICA is a meta-
heuristic optimization method that is based on modeling the attempts of countries to dominate other
countries [10]. The results from alCA are compared to other metaheuristics such as Particle Swarm
Algorithm (PSO), Cultural Algorithm (CA) and the canonical version of ICA. By comparing the final
cost, which is related to the optimal solution per unit of power, we can infer that the present approach
is suitable and very promising to handle with wind turbine placement into WFLO.

The remainder of this paper is organized as follows. Section 2 presents the fundamentals of
Jensen’s wake model. In Section 3, we introduce the ICA optimization algorithm and the proposed
approach. The numerical procedure is presented in Section 4. Results are presented in Section 5, final
comments and conclusion in Section 6.

2 Jensen’s Wake Model

The wake model proposed by Jensen [11] is based upon the assumption of a linearly expanding wake
diameter. The wake speed U; is the only variable in function of the downwind distance y, meaning that
wake velocity profile along the crosswind direction at a certain downstream position is uniform. Figure
1 schematically illustrates the overview of Jensen’s wake model. Through this figure can be noted that
the wake expand linearly with downstream distance y. Which means, there is a relation between the
diameter of the wake stream D4, and y. Equation 1 gives the effective diameter of the wake stream
Dy ake at the downwind turbine. It is worth mentioning that the wind velocity at the downwind turbine
and in the regions immediately beyond it, which are not covered by the wake effect, remains equals to
Uy (as presented on Figure 1),

Dyake (¥) = \/EDwt (1 +2kq DLM) M
_1 1
B = 2 + 2./1-C; @)
1
ka = 21n(%) ®

where y is the downstream distance of the WT; (downwind turbine) to WT; (upwind turbine); Dy, qe

is the wake diameter at distance y behind the WT; upwind turbine; D, is the turbine rotor diameter;
B is the entrainment constant (B>1), and it represents the initial expansion of the wake, which is
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described as given Equation 2, where C; is the thrust coefficient. The wake decreasing constant k is
given by Equation 3, where h and z, are hub height and surface roughness, respectively.
The value of surface roughness is variable according to terrain characteristics. For plain

terrains, the surface roughness assume the value equals to 0.3 [4]. The thrust coefficient C; is given by
Equation 4, where F; is the thrust force (kg.m/s?), o is the air density (kg/m?), and ry is the rotor
radius. Usually the datasheet of wind turbine provide all values of C;. The final wake speed at the
downwind location can be obtained by Equation 5. In this equation the wind velocity inside of the
single turbine wake area is considered as function of the incoming wind speed Uy, when downwind
turbine is completely shadowed by upwind turbine.

Ft

C, = (4)

- 272
prry Uy

U, = Uy(1 —1/1—ct)( Dt )2 (5)
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Figure 1 — Wake Scheme

If the downwind turbine is not completely immersed into wake, the equation that represents the wake
model must be adjusted to represent the wake loss. Considering A,, as the partial rotor area that is
inside the upwind turbine wake, and the rotor swept area A, so the wake speed at the down-wind
location, locate at distance y from the upwind turbine, can be represented as function of the incoming
wind speed Uy, as Equation 6

= 06(1 - VT=8) (es) (%) ©

Dwake
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This work considers all wind turbines having the same diameter D,,,; = 21y, then the area of the turbine
being shadowed can be calculated using the following basic trigonometric relationships [12] presented
in Equations 7, 8 and 9

sin(2yR) sin(2yg)
Ay = Riake (vr =222 +7¢ (1 - —22) ©)
2 2_,2
Yr = COS_I (M) , VX € [Rwake —To, Rwake + TO] (8)
2XRyake
_1 (REqre—x2—1¢
Yr = COS ! (W) , VX E [Rwake — To, Rwake + TO] (9)

In Equation 7 the value of A,, is dependent on x distance, which is the center distance between WT; to
WT;. Therefore, when the distance x < (R,,qke — 7o) the shadowed area A,, is equals to rotor area 4;
alsoifx = (Ryqke + 79) the shadowed area becomes 4,, = 0. Generalizing the Equation 6 to multiple
wind turbines yield on Equation 10

DZ Vij
= U, (1—cr7f( B )) (10
wa ei'j

¢, =1-/1-¢, (11)

where ¥ ;; represent the overlap area A, which is either less than or equal to the area A of the upwind
turbine, and it will assume the following values: V;; =1 for VA, = 4; ¥V;; = A, for VA, €
0 < A, < A4; n is the total number of upwind turbines which affects the downwind turbine j.

3 Optimization Algorithms

Aiming to compare the final results from the proposed approach, three algorithms are applied in this
work. The first is the well-known Particle Swarm Optimization (PSO), which was firstly introduced in
1995 by Eberhart and Kennedy [13] and has large application into engineering and science fields. The
second is based on the work of Reynolds [14], named as Cultural Algorithm (CA), and the last, the
canonical version of Imperialist Competitive Algorithm (ICA) [10]. In the following section detailed
information about ICA algorithm and the proposed adaptive scheme is described. For those readers
who desire full explanation about PSO and CA, we recommend the references [13-14]. Also Matlab™
source codes for all algorithms are available for download in Yarpiz Project’s home page [15].

3.1 Imperialist Competitive Optimization Algorithm

ICA is a socio-politically inspired global search strategy that has been introduced in 2007 by Atashpaz-
Gargari and Lucas [10]. It is good to mention that ICA is a robust method based on imperialism which
is the policy of extending the power and rule of a government beyond its own borders. The main idea
of the optimization process can be described in simplified form as: the algorithm starts with an initial
population as initial countries; some of the best countries are selected to be the imperialist states and
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the rest form the colonies of these imperialists. The colonies of initial countries are distributed among
the mentioned imperialists regarding their power. The power of each country, the counterpart of fitness
value in the genetic algorithm, is inversely proportional to its cost.

The imperialist states together with their colonies form some empires. Then, the imperialistic
competition begins among all the empires. The weakest empire which cannot increase its power and is
not able to succeed in this competition will be eliminated from the competition. As a result, all colonies
move toward their relevant imperialists along with the competition among empires. Finally, the
collapse mechanism will lead all the countries to converge to a state in which there exists just one
empire in the domain of the problem, and all the other countries are colonies of that one empire. On
the following sections, we describe two main steps performed by ICA algorithm during the
optimization process. The flowchart of ICA is presented in Figure 2 [10], detailed information about
ICA can be found in [11, 16, 17].
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an empire with lower = P
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Figure 2 - Flowchart of ICA [10]

3.1.1 Assimilation Step
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Each colony moves toward the imperialist by x-units, and this movement is known as assimilation
step. The movements toward the one specific imperialist can be performed only the colonies that
belong to this empire. So, they are encouraged to move toward as described in Equation 12, where r
is a random variable with uniform distribution between 0 and 1; d is the distance between colony and
imperialist; and 8 is one of ICA control parameter called assimilation coefficient, which causes the
colony to get closer to the imperialist. Usually 1 < f < 2, high values can result in oscillatory
behavior.

Xnew = Xo1a + U(0, B * d) (12)

3.1.2 Revolution Step

Revolution brings sudden random changes in the position of some the colonies in the search space, as
its counterpart in genetic algorithm, mutation, and it is modeled as a random change in one or more
coordinates of a country. Revolution step in ICA is controlled by 3 different parameters: revolution
probability pR, which indicates the probability of the revolution occurrence, and its value usually, is
less than 1; revolution rate Rr, which specifies how many of the coordinates of a country are affected
by the revolution. A very high value of revolution decreases the exploitation power of algorithm and
can reduce its convergence rate. Usually, the revolution rate is a small percentage (10 a 30%) value of
the total empires [17]; the last parameter, the revolution effect o (or step length for some authors)
specify the domain in which the country coordinate can change in the revolution process, and its value
is often considered to be equal to 0.1 * (X;ax— Xmin) as presented in [10].

3.2 Adaptive Scheme Proposed

There are two parameters of ICA algorithm, f in Assimilation step and pR in Revolution step, which
can affect significantly the exploration and convergence capability of the ICA. Considering the fact
that these two parameters can increase the algorithm’s ability of exploration, which helps the algorithm
escape from local minima [10, 16, 17], we propose and adaptive scheme to actualize these parameters,
which is described as follows.

3.2.1 Assimilation Coefficient f8 - Actualization Scheme

The assimilation coefficient f usually is as constant parameter into ICA algorithm, and it has value
assigned equals to 1.5 or 2 on literature [10, 16, 17]. However,  value has impact direct on the
movements towards the imperialist direction, and this movement has dependency of the actual distance
d between colonies and Imperialist, which varies for each Imperialist. Therefore, we proposed a
random tuning scheme, which follows a normal distribution with mean y equals to the initial value
assigned to 3, and constant standard deviation &. The procedure of actualization occurs in step 7 of the
Pseudocode 1, just after the first movement towards an Imperialist in Assimilation step, as presented
below:

1: For each Imperialist i until N do the following steps

2: For cach colony j € Imperialist i do the following steps
3: Move the colony towards the Imperialist applying Eq. (12)
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4. Evaluate the Cost of the Imperialist i with new position of the colony j

5: j=j+1
6: End For
% Adaptive process of B actualization
7: Actualize ;1 = normrnd(f,d), where § = 0.25and § = 1.5
&: i=i+1
9: End For

Pseudocode 1 — Actualization scheme proposed for the assimilation coefficient 8

3.2.2 Revolution Probability pR - Actualization Scheme

The revolution increases the exploration of the algorithm and prevents the early convergence of
countries to local minimums. The revolution probability pR in the algorithm works as a trigger to start
the revolution in each iteration, where the colonies can change their position randomly. Aiming to
increase the algorithm performance, we introduce an active scheme of actualization, presented in
Pseudocode 2, which occurs at each iteration of the ICA algorithm.

1: For each iteration k until m do the following steps

2 ¢ ~rand(0,1);

3 cr =normrnd(u, §); where u = 0.05 and 6 = 0.01

4: sCR = randn(1,nEmp); where nEmp is the number of Empires
5 PR = (1 — c¢) *cr + mean(sCR);

6: End For

Pseudocode 2 — Actualization scheme proposed for the Revolution Probability pR
4 Numerical Procedures and Problem Setup

As mentioned before, this work compare results from PSO, CA, ICA and alCA algorithms. Thereby
the objective function is given by

2.1,-000174 2
Nt(§+§€ t )

F =min (fyy) = o (13)
Protat (kwh year) = 8760 X34 2, £i. (0)P,(U;(6)) (14)
Subject to:
ER D7y max((6Dy — [ =) + 01~ 3)?),0) < 0
Jj#i
X; = Dyt (15)

Yi = Dwt
x; < 2000 — D,
y; <2000 - Dy,;
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where f,,, is the Cost of annual Energy (CoE), given by Eq. 13 and the term N is the maximum number
of wind turbines that make up the wind farm, P;,;,; is the power taking out from N; turbines at certain
free of wake loss wind speed U;(6) - given by Eq. 10 - blowing at direction 8, following the power
curve of the wind turbine as per Equation 16, it means the summation of the terms P;(U;(6)) as Eq.
14. The f;,(6) term represents the probability of occurrence of wind speed to be blowing at direction
0. Therefore, considering this probability as discrete bin of 10°, as Figure 3, its necessary sum up until
360° and multiplies by the total hours of the year to get the annual production. The following constrains
in Eq. 15, which the Eq. 13 is subject to, comprises the wind farm bounds, to ensure the placement of
the wind turbines within the fixed size wind farm, and safe constraints in wind turbine operations
(roads, transposing land frontiers from different owners, etc.).

The wind farm parameters are presented in Table 1. Two wind speed scenarios were applied
in this work: Scenario A considers 12m/s at multidirectional direction and different probability of
occurrence in each direction. The second, Scenario B is most complex scenario, and considers wind
speed varying between 8, 12 and 17m/s, with different probability of occurrence and directions, as per
Figure 3. The wind farm optimization scheme carried out in this study follows the scheme found in
Mosetti et al. [4] and Grady et al. [5], which considers the number of wind turbines for each scenario
as Table 2. Table 3 present all algorithm’s parameters applied in this work.

Table 1 — Wind Farm Characteristics

Parameter Value/Unit
Hub height h 60 [m]
Rotor Diameter D,,,; 40 [m]
Thrust coefficient C; 0.88
Rated Wind Speed U, 12 [m/s]
Maximum Wind Farm Site Area 4 [km?]

Table 2 — Wind Farm Configurations

Scenario Number of Wind Turbines
. Mosetti et. al [4] 19
Scenario A Grady et. al [5] 39
. Mosetti et. al [4] 1>
Scenario B Grady et. al [3] 39

Table 3 — Parameters for Optimization Algorithms

Algorithm Parameter Value
Cy1,Cy 1.42
Winax 0.9
PSO Whin 0.4
Population size 2N,
Iteration number 100
Acceptance ratio 0.35
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CA B 0.5
Population size 2N,
Iteration number 100
Revolution Probability pR 0.05
B 1.5
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Figure 3 — Wind Speed Scenarios
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5 Results and Discussion

Tables 4 and 5 compare the results from proposed approach and those found in literature, which were
conducted by Mosetti et al. [4] applying Genetic Algorithm (GA), and Grady et al. [5], which also
applied GA. The adaptive approach increase the ICA ability of explore the search space, outperforming
all four algorithms (PSO, CA, ICA and GA). Even considering the small number of iterations applied,
the final cost and the Annual Energy Production (AEP) achieved by alCA outperform the canonical
ICA, PSO and CA. Analyzing Figure 4 we can conclude that alCA ability of exploring the search space

was improved, which leads outperform the canonical ICA algorithm.
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The results show that the wind turbines were placed efficiently, decreasing the wake loss.
Reducing the wake loss, means that the wind speed faced by the wind turbine is approximately equals
to the wind speed into free stream, as counterpart the wind farm efficiency achieved (relation between
the AEP with no loss and AEP experiencing wake loss) values closed to one.
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Figure 4 — Results comparison

Table 4 — Results Scenario A - Wind Speed at 12 m/s and variable direction

Approach Efficiency AEP (kWh year) Cost (x107)

Mosetti (GA) 0.9385 9,275 1.735
Present Study (alCA) 0.9952 9,802 1.637
Present Study (ICA) 0.9937 9,787 1.639
Present Study (CA) 0.9862 9,713 1.651
Present Study (PSO) 0.9909 9,760 1.644
Grady (GA) 0.9217 18,639 1.444
Present Study (alCA) 0.9695 19,601 1.373
Present Study (ICA) 0.9674 19,559 1.374

https://proceedings.science/p/85408?lang=pt-br


https://proceedings.science/p/85408?lang=pt-br

Present Study (CA) 0.9545 19,298 1.395
Present Study (PSO) 0.9641 19,492 1.381

Table 5 — Results Scenario B — Wind Speed at 8, 12 and 17 m/s - and variable direction

Approach Efficiency AEP (kWh year) Cost (x107)

Mosetti (GA) 0.9462 7,359 1.818
Present Study (aICA) 0.9992 7,801 1.715
Present Study (ICA) 0.9989 7,799 1.716
Present Study (CA) 0.9971 7,784 1.718
Present Study (PSO) 0.9976 7,789 1.717
Grady (GA) 0.9217 18,636 1.444
Present Study (alCA) 0.9869 20,034 1.343
Present Study (ICA) 0.9862 20,020 1.344
Present Study (CA) 0.9847 19,990 1.346
Present Study (PSO) 0.9820 19,935 1.350

6 Conclusion

In this work, we proposed an adaptive scheme of ICA parameters actualization aiming to optimize the
wind farm layout. The proposed approach were compared with well-known optimization algorithms
and the results confirm that the adaptive scheme increase the ability of exploration, avoiding get
trapped into local minima, decreasing the final energy losses due to wake effect into wind turbines.
The proposed approach can be applied as optimization tool during wind farm micro-siting process,
especially due to the good results achieved with low computational cost. Future work will comprises
applying alCA into WFLO considering multiobjective approach and wind turbines with different hub
height.
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