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Abstract: Offshore wind farms (OWFs) often present a regular configuration mainly due to 
aesthetical considerations. This paper presents a new evolutionary algorithm that optimizes the 
location, configuration and orientation of a rhomboid-shape OWF. Existing optimization algorithms 
were based on dividing the available space into a mess of cells and forcing the turbines to be located 
in the centre of a cell. However, the presented algorithm searches for the optimum within a 
continuous range of the eight parameters that define the OWF, which allows including a 
gradient-based local search operator to improve the optimization process. The study starts from a 
review of the economic data available in the bibliography relative to the most significant issues 
influencing the profitability of the investment in terms of the Internal Rate of Return (IRR). In order 
to address the distinctive characteristics of OWFs, specific issues arise which have been solved. The 
most important ones are: interpretation of nautical charts, utilization of the seabed map with different 
load-bearing capacities, and location of the shoreline transition.  

Keywords: wind energy; offshore; non-discrete evolutionary algorithm; continuous evolutionary 
algorithm; IRR; regular patterns; optimal configuration; gradient-based local search 
 

 



174 

AIMS Energy  Volume 5, Issue 2, 173-192. 
 

1. Introduction  

One of the keys to success in the development of (onshore) wind energy technology was the 
chance to test small parks, or even isolated wind turbines. Naturally, it is true that economies of scale 
apply to onshore wind parks to the extent that, in regions where large suitable and available surfaces 
exist, only big parks have been installed. However, in marine sites, the wide availability of surface 
area and the high fixed costs involved, lead to intensive resource exploitation, resulting in the 
installation of a large concentration of wind turbines. This enforces the application of economies of 
scale in order to capitalize on this type of facilities, in which the companies involved usually protect 
their knowledge in the form of confidential data. The sluggish development of offshore wind power 
plants is partly due to the fact that they are still largely seen as a risky investment and are therefore 
employed only in countries where most of the available onshore wind resources are already being 
used. 

In order to reduce the risk, once the area that houses the wind farm has been selected, and 
before undertaking a thorough study of investment feasibility, a search tool is necessary to optimize 
the profitability of the park over its lifespan, which is a compromise between minimizing the initial 
investment and maximizing the annual revenue from energy sales. These values, initial investment 
and annual revenue are determined by the configuration of the park: a suitable choice of this 
configuration directly affects the viability of the investment. 

Due to the large number of variables involved in the design of an offshore wind farm, and the 
nonlinear influence they exert on the profitability of the park, it remains impossible to use a method 
of systematic search for the optimal solution. Therefore, and similar to the case of onshore wind 
power plants, the optimization methods does not accomplish an exhaustive search, and they fail to 
guarantee the optimal solution being attained. However, the problem definition, and therefore how to 
deal with the solution, presents significant differences with the onshore case. These distinctive 
differences have not been fully taken into account so far by commercial optimization applications 
like Resoft WindFarm or DNV GL's WindFarmer, and moreover they offer a robust but closed 
software where researchers cannot include their own variations. 

Indeed, in the case of onshore locations, where it is possible to install smaller parks, the 
preferred strategy uses genetic algorithms [1] with a previous discretization of the available area. 
These algorithms employ a codification (genotypes) of the possible solutions, as in [2,3]. Since the 
grid dimension is defined and fixed prior to execution of the algorithm, the constraint of the position 
of the turbines to the centre of their cells impedes the assessment of the possibility of variation of 
these distances. When the number of turbines of the wind power plant increases, the number of 
possible solutions increases drastically, and hence, unless guarantees to successfully finding the 
optimum are relaxed, the time needed to reach the optimum increases by the same ratio. 

As an alternative, in this paper we have chosen to address the previously unavoidable limitation 
of the field of solutions by proposing that the turbines follow a regular pattern [4]. This is coherent 
with the fact that, to date, most offshore wind farms are set in regular pattern layouts in order to 
reduce their visual impact and to ensure navigation in the area. Initially, only the rhomboid-shaped 
pattern is assessed, defined by a set of eight parameters whose values establish the solution to the 
problem. 
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This change in the structure of the solution has allowed using a non-discrete evolutionary 
algorithm. It uses continuous values for the solutions of the problem, instead of coded/discrete 
solutions used in genetic and discrete evolutionary algorithms, as in [5,6]. In a more advanced work, 
Réthoré et al [7] presents an optimization framework that can use sequential linear programming or 
simple genetic algorithms, but still limits the possible layout candidates to a list of fixed points inside 
the domain boundaries. In this work a gradient-based search is used to speed up the algorithm. 

The definition of a search engine based on continuous evolutionary algorithms is a simple task, 
although it has not been used in wind farm layout optimization problems [1]. As a consequence, 
there is a set of operations necessary for the evaluation of the objective function that have not been 
analysed or collected in studies of wind farms: including areas with different bearing capacity, depth 
contours with varying foundation costs depending on the depth, and the point of transition to the 
coast. There is another process improvement operation, such as a local search operator based on the 
gradient, whose particular problematic is also presented. 

The remaining sections of the paper are structured as follows. Section 2 lists the set of costs and 
prices used for the simulations and the sources that include them. They have been necessary for an 
initial approach to the required investment and its expected profitability. Section 3 explains the 
proposed algorithm and the necessary functions for the evaluation of the components that affect the 
investment profitability, which are specific for the offshore installation. It also summarizes the 
operators used in the proposed evolutionary algorithm, and the gradient based local search method. 
In Section 4, the simulation results are presented. Section 5 summarizes the presented work and 
outlines a set of conclusions. 

At the end of the paper, an appendix is included dealing with the interpretation of level curves. 

2. Costs in an Offshore Wind Power Plant 

The following data have been used for the simulations, obtained from [8]. In order to establish a 
normalized value (€ at 2016) for each of the items, the costs were converted from the original 
currency to € at the rate registered in the commissioning year, and then increased according to the 
accumulated inflation. Such data are realistic but they cannot be considered reliable for a complete 
and thorough study of the cost of investment and decommissioning. However, since those costs 
where there is a greater unavailability are fixed costs, such as in grid connection, management, 
finance and administration, they are not involved in obtaining the best site. 

Design and project management: 95 k€/MW. 
Vessel mobilization and demobilization: 880 k€ for the lease of two vessels, located at a 

distance of 500 km from the holding port. 
Turbine cost: 900 k€/MW. It comprises the acquisition cost (AC = 85%), the shipping and 

assembling (SA = 5%), and the electrical installation (EI = 10%) [9]. 
Foundation cost: 450 k€/MW referred to 15 m depth, with an increase of 2% per metre depth. 

Regarding the type of soil, the following types have been considered: zone 1, with no increase in the 
foundation cost; zone 2, with an increase of 30%; zone 3, with an increase of 60%; and zone 0 or 
forbidden areas, with a very high cost increase. 

Acquisition cost of inner array cables, export cables and onshore HV cables: see subsection 2.1. 
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Installation cost of inner array cables and export cables: 120 €/m and 170 €/m respectively. 
Excavation and installation of onshore HV cable: 400 €/m. 
Offshore substation: 95 k€/MW. 
Power factor compensating devices and shoreline transitions: 128 €/MVA. 
Onshore substation: 60 k€/MW. 
Connection to the grid: 200 k€/MW. 
Operation and maintenance costs: 15 €/MWh with an annual increase of 5%. 
SCADA system: 50 k€/turbine. 
Decommissioning costs and residual price: 120 k€/MW. 

Price of MWh and expected increase: 90 €/MWh with an annual increment of 4%=MWhp . 

2.1. Cables 

2.1.1. Inner array cables 

Table 1 has been obtained from information provided by [10] with respect to two manufacturers, 

designated as A and B. Original prices were given in m/$2007 , and are normalized to € 2016 /m. These 

data have been used for the selection of the most suitable cable in terms of the purchase cost and the 
energy losses over the lifespan of the installation. 

A supplementary cable extension of 40 m has been added to each turbine for connections. 

Table 1. Acquisition cost of inner array cables. 

Cross Area Fixed losses Variable losses Imax Norm. Price 

(mm2) (W/m) (mW/m/A1/2) (A) ( €2016 /m) 

A95 0 0.714 380 128 

A150 6 0.435 430 192 

A400 24 0.192 680 321 

A630 34 0.123 780 481 

A800 50 0.086 900 506 

B95 0 0.833 260 384 

B150 6 0.500 360 417 

B400 8 0.172 640 514 

B630 10 0.111 790 535 

B800 12 0.086 900 616 

2.1.2. Export cables and onshore cables 

Table 2, lists the information for 3-core 220 kV subsea cables, and for 1-core copper cables. 
With regard to the subsea cable, obtained from [11], a J-tube de-rating factor of 0.88 has been 
applied. The data for the onshore cable (XLPE insulated, corrugated aluminium armoured cable), has 
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been obtained from a manufacturer. 

Table 2. Acquisition cost of export and HV onshore cable. 

 Export cable Onshore cable 

Voltage Section Capacity Norm. Cost Capacity Norm. Cost 

(kV) (mm2) (MVA) ( €2016 /m) (MVA) (€2016/m) 

220 500 250 844 273 232.8 

220 630 273 946 297 266.0 

220 800 295 1061 314 299.3 

220 1000 314 1214 348 367.3 

3. Objective and Methodology 

The ultimate goal of this article is to provide the knowledge necessary to program a complete 
algorithm to obtain the optimal layout of an offshore wind power plant. As a starting point, we 
impose a rhomboidal shape for the plant, composed of a series of clusters or arrays, each grouping 
the same number of turbines (see Figure 1). This configuration allows a drastic reduction in the time 
spent on calculating the power loss due to the wakes, which constitutes, by far, the most 
time-demanding task on each iteration. 

Figure 1. Possible solution for the layout optimization problem following a regular pattern. 

Figure 1 shows a possible solution to the search algorithm. The configuration to be optimized is 
determined by eight parameters whose values define a possible solution to the problem: number of 

arrays, an ; number of turbines per array, tn ; distance between arrays (expressed in turbine 
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diameters), bad ; distance between turbines in the same array (in diameters), btd ; orientation with 

respect to the North  ; the two coordinates of the centre position, ),( yxPc ; and tilting angle,    

  (which is null for the particular case of a rectangle). All the values have a continuous variation 

range, except for the number of arrays, and the number of turbines per array. 
For the sake of operativeness, these last two parameters have been replaced with another two 

ones: total number of turbines n  and quadrature ratio, defined as )/(= 1
ta nntanqt  . This allows 

certain operators (local search and mutation) to increase the overall number of turbines, n , in one 
unity in order to explore solutions close to the original one. 

To accomplish this objective, a series of partial tasks must be performed. They are presented in 
the following subsections, although we can anticipate that they can be represented in the flow chart 
of Figure 2. 

 

Figure 2. Flow chart for the optimum search algorithm. 

3.1. Objective function 

In a first step, the Net Present Value (NPV) was used as Objective Function (OF), as a figure of 
the investment profitability. NPV is calculated from all economic data relating to the initial cost of 
investment, operation and maintenance costs, and the income derived from the sale of electricity [3]. 
It also must include the decommissioning cost, and the residual value of the installation. 

However, two main drawbacks have been observed when analysing the simulation results:  
• The NPV is a dimensional value and, by itself, does not express a degree of profitability. 

Another figure, typically the initial investment, must accompany the NPV.  
• The solutions tend to include excessive investment since an increase in expenditure is 

accepted if the NPV is slightly increased after the total lifespan.  
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For these reasons, the internal rate of return (IRR) is finally selected as the objective function. 
One of the traditional features of this figure lies in its role of investment quality indicator, in contrast 
to that of the NPV which strives to increase the shareholders' wealth. However, in the offshore wind 
farm case, where the economies of scale are strongly present, a high IRR can only be obtained with 
high investment, which leads to similar solutions to those pursuing an optimum NPV. 

The main disadvantage to optimizing the IRR is the fact that the inner-array cables are selected 
by means of an NPV analysis, and therefore two indicators are used in the overall optimization 
process. 

3.2. Non-discrete evolutionary algorithm 

The search engine is based on a non-discrete evolutionary algorithm whose objective is the 
maximization of an OF. The algorithm does not use a binary encoding for each parameter but tracks 
its variability interval in a continuous way. As a consequence, crosses between individuals will be 
made as weighted averages, and mutations as random assignment. It has also allowed including a 
local search operator based on the OF gradient. 

The evolutionary algorithm starts from an initial population of possible solutions to the problem 
of wind farm layout optimization. To this end, it assigns random values to each of the parameters 
involved in the configuration of the wind farm, which are presented in Figure 1. The algorithm then 
enters an iterative process with the following operators (see Figure 2): 

Evaluation operator 

This operator calculates the OF for each individual in the generation. The OF is a measure of 
profitability, in this case the NPV or the IRR. Following, it orders the individuals based on their OF, 
and selects the best n , where n  is the population size (input data).  

Selection operator 

An individual is pseudo-randomly chosen: in half of the situations, the roulette wheel selection 
is used, in which those individuals with better OF constitute the fittest individuals with an increased 
chance of being selected; in the other half, a random individual is chosen. This operator is used for 
the creation of new individuals via the following three operators.  

Local maximum operator 

This is shown in subsection 3.4. crossover operator. 
Two individuals are selected that behave as parents, and two children are created from them. 

Their characteristics can be selected, in a random way: either by randomly interchanging the parents' 
characteristics; or from the average weights of the parents' characteristics.  
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Mutation operator 

A single parent is selected, and a new feasible individual is created in which, for every 
characteristic, the operator randomly chooses between either copying the parent's characteristic, or 
randomly deducing a value within the permitted range.  

Suppression of non-feasible individuals 

There is a high probability that one of the turbines of the newly created individuals lies in a 
forbidden zone, onshore or outside the search space. Inclusion of the suppression operator as part of 
the crossing and mutation operators therefore leads to a better result. These operators also suppress 
an individual if the number of turbines exceeds the permitted one.  

3.3. Interpretation and use of input data 

3.3.1. Interpretation of the curve defining the shore contour 

The set of points that define the outline of the coast must be given as a part of the input data. 
Solutions with turbines onshore should be discarded. To this end, appendix 6 indicates an efficient 
and simple-to-program method to check if a point lies within the closed curve. 

The same or a similar procedure is also used for the interpretation of the forbidden zones, areas 
with different bearing capacity, and depth curves. 

3.3.2. Interpretation of the forbidden zones 

The set of forbidden zones is comprised of the prohibited zones due to ecological reasons or 
maritime transport. Each forbidden zone is a closed curve characterized by a set of points. In the case 
when the algorithm locates any turbine in a forbidden zone, the individual must be suppressed. 

3.3.3. Interpretation of the curves of soil bearing capacity 

 

Figure 3. Forbidden zones and curves delimiting the type of sea-bed as a function of its 
load bearing capacity. Zone 0 = forbidden; zone 1 = reference foundation cost; zone 2, 
overcost = 30%; zone 3, overcost = 60%. 
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In order to obtain the bearing capacity at a point ),( yxP  of the map, it is necessary to perform 

a set of operations, some of which can be made before launching the iterative search. Other 
operations will be specific to the position P , and therefore they must be performed at every turbine 
location of each individual (see Figure 3):  

• As a first step before entering the loop  
(a) Read the points of the m curves that define the map of the several types of soil, and their 

bearing capacities.  

(b) Fill in a matrix sM  in which the element ),( jims  indicates whether the curve i  is within 

the closed curve j . 
• Within the iterative process, for each ),( yxP   
(a) Obtain the set of curves for which the point ),( yxP  lies within.  

(b) From among these closed curves, select from matrix sM  the polygon which lies within all 

the others polygons.  
(c) Obtain the bearing capacity of this curve.  

3.3.4. Interpretation of depth curves 

The interpretation of depth curves is greatly simplified if these curves are introduced in such a 
way that, on running their points sequentially, increasing depths are marked on the right (see  
Figure 4). 

 

Figure 4. Nautical chart expressing the depth in metres. When travelling along the 
polygon points, the increasing depths are on the right. 

In order to obtain the depth at a point ),( yxP , it is necessary to carry out the following:  

• As a step previous to entering the loop  
1. Read every point of the m polygons that define the nautical chart, and their depth.  
2. Obtain whether each curve is travelled CW (leaving inside the decreasing values of depth), or 

CCW (decreasing values). Appendix 6 deals with this problem.  
• Within the iterative process, for each ),( yxP   
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3. Calculate the minimum distance from point P to each curve, and put the curves in order 
according to their distance.  

4. Deduce if the point is at the left or at the right of the closer curve 0clC  (see Appendix 6).  

5. If it is at the right (analogously left), travel the remaining curves in an increasing order of 

proximity to P, and select the first curve leaving P  at its left (right). This curve is designed as 1clC .  

6. Obtain the depth of P as a function of the curve depths 0clC  and 1clC , and their distances to

P .  

3.4. Gradient-based local maximum operator 

A local maximum operator is incorporated, which tracks in the vicinity of a provisional solution 
in order to obtain the set of values that maximizes the objective function. 

Thus, within a generation, the algorithm selects the best individual of each generation, and an 
additional but randomly chosen individual, and they are both then subject to a local optimization 
process. This operator is based on the local maximum gradient method for continuous functions. In 
order to prevent any loss of coherency of the gradient method when applied to dimensional variables, 
the coordinates must be non-dimensionalized by dividing each coordinate by its corresponding 

allowable range. This way, if ),,,( 21 n
orig XXXf   is the original objective function to be 

optimized, this function must be modified to operate as a function of n
nxxxX R),,,(= 21  , with 

)(
=

j

j
j Xrange

X
x  

With this change of variables, the optimization process consists of detecting the direction of 

maximum growth of the resulting objective function ),,,( 21 nxxxf  , which is parallel to its 

gradient. 

       )(||,),,,(= _21 XfXxxxX growthmax
n

n R  (1) 

In this case, maximizing the function )(Xf  starting from an individual with components 

),,,(= 21 nxxxX   entails:  

1. For each component j :  

Check if varying the component j  by an amount 0>j
try x  leads to a feasible individual. If 

so, calculate the relative increase j
try xXf  )/( . If it is not feasible, or there is a decrease in )(Xf , 
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assign 0=)/( j
try xXf  .  

Perform the operation above, but this time for 0<j
try x .  

Take )(Xfj  as the relative increase with the higher absolute value.  

2. Deduce the component opt with the higher function increase njXfXf jopt  )()( . If 

it is 0, it is already a local maximum, and the operation ends.  
3. Increase every component j  by the amount  

            
)(

|)(|
=

Xf

Xfx
x

j

optopt
try

j 


  (2) 

The values of the increments j
try x  are assigned heuristically. These values should be kept 

relatively high to speed up the algorithm. Another effect (neither entirely positive nor negative) is the 
higher probability to escaping from one local maximum to another, and therefore potentially 
optimum solutions can be inadvertently skipped. This issue cannot be seen as a limitation in the 
design, since a skipped potentially optimum solution implies that the configuration may be 
excessively sensitive to the input parameters. 

Inclusion of this operator produces an effect similar to particle swarm. It introduces a certain 
guiding of the individuals in the direction of the gradient of the objective function [12]. The gradient 
vectors act as the particle swarm velocity vectors, although in the proposed algorithm, the vectors are 
sporadically applied: when crossing operator creates new individuals with similar characteristics to 
that of individuals locally optimized (see Figure 5). In this way, part of the local optimization 

performed over the best individual ( 1parent  in the figure) is transmitted to its sons. 

 

Figure 5. Local search optimization producing an effect similar to the guiding vectors of 
particle swarms. Individuals considering the local optimization are denoted as primed. 

3.5. Optimized methods for the energy deficit calculation due to wakes 

As previously mentioned, grouping the turbines in a wind park gives rise to a reduction in the 
produced energy due to the perturbations of upwind turbines in the direction of the flow stream. 
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In general terms, the net energy generated by the power plant is calculated after evaluating the 
power deficit that each upwind turbine occasions in each downwind turbine. Furthermore, this 
calculation must be repeated for all wind speeds considered, and for all wind directions considered. It 
is possible to implement an improved calculation method to reduce the necessary computation time 
by a ratio of up to 1/300 with regard to traditional methods.  

To this end, a set of operations must be applied: 
• Storing the result of certain operations (mainly the position of the individual turbines).  
• Disregarding the wake effect between two turbines placed very far apart.  
• Disregarding wind directions greatly deviated from the direction that links two turbines.  
• Disregarding the wake effect at very high speeds.  
• Suppression of unnecessary calculations where no perturbation is expected.  
Since the restriction referring to the rhomboidal shape of the wind part is imposed, a set of 

operations that take advantage of this regular pattern can be done to reduce even more the 
computational time [13]. These operations lead to an optimized energy calculation method that 

reduces the computational time by a factor of 1/20000  (for a 100-turbine farm). 

3.6. Shoreline transition 

In order to obtain the linking point between onshore and offshore, the algorithm uses a 
simplified method that takes into account neither the orography in the sea, nor the orography on the 
coast. It only calculates the transition point as a function of shoreline contour, the costs of the high 
voltage cables, and the costs of its installation. 

Figure 6 illustrates the concept that supports the calculation of the position of the shoreline 
transitions. For each section that makes up the shoreline, we must obtain the point belonging to the 
line containing the segment, where the overall cost is lower. If the point is beyond the interval of 
coast evaluated, the closest vertex is chosen. 

 

Figure 6. Point of connection between offshore and onshore cables. 

Therefore, the objective consists in minimizing  

             ),(= offonononoffoff ddfCdCd   (3) 
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where off and on stand for offshore and onshore, d is the distance to the transition point and C  
represents the costs of purchasing and installing the cable. This expression can be rewritten as  

        22 1)( tPrCtPrXPrC onononoffoff   (4) 

where )(tan= t , and Pr stands for projection (see Figure 6). Minimizing this expression for t  is 

not trivial, and it requires an iterative process to obtain the root of its derivative. 
This calculation must be performed for each of the 3 possible locations of the offshore 

substation with regard to the wind farm (see Figure 6), and the location with the lowest        
cost (including the substation platform foundation cost) is then selected for the corresponding 
individual under evaluation. 

3.7. Selection of the most suitable section and model for the inner-array cables 

The current flowing along an array is higher as long as the cable collects the power from more 
turbines. In this way, several section cables can be used along the same array, thus reducing the 
expenditure of the electrical infrastructure. 

Starting from the information available regarding cable price, capacity and expected losses, an 
offline analysis has been performed for each stretch along an array. Therefore, by taking the cable 
cost and its power losses (normalized into present euros) into account, the most suitable cable can be 
calculated that gives rise to highest NPV over the lifespan. It is worth mentioning that the IRR 
cannot be used as indicator because investment and flow cash have the same sign. 

4. Simulation Results 

 

Figure 7. Optimization result. Numerical values for the solution parameters appear in the 
bottom, and resulting economic data are shown at the right. The wind rose is depicted at 
the upper-right corner. 

An application supported by the introduced methodology, has been designed and programmed 
to search for the optimum layout and relative location of an offshore wind farm that follows a 
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rhomboidal pattern (see Figure 7).  

4.1. Definition of the scenario 

The information relative to the scenario is defined by means of an input file, made up of 
different sheets related to estimated/measured wind, economic figures, turbine characteristics and 
costs, foundation types and costs, electrical components, definition of curves for depths, soil and 
coasts, as well as algorithm parameters. 

As can be seen in Figure 7 the following scenario has been selected:  
• Studied zone of 80 km × 40 km.  
• A wind rose given by:  

Sector E SE S SW W NW N NE  

Probability in % 15  20  15  15  5  10  10  10  

• Weibull parameters: C param = 8.1 m/s and K param = 2.3. 
• The coast is located to the south. The onshore substation is located to the south-west.  
• A forbidden strip parallel to the coast, plus an additional perpendicular path for marine sailing 

is included.  
• Three types of soil are considered, the zone 1 being that with highest load-bearing    

capacity (see Figure 3).  
• The sea depth in the administrative concession varies between 10 m and 22 m. The curves are 

represented for 10 m, 14 m, 18 m (two curves) and 22 m (see Figure 4 and Figure 7).  
• There is a limit of 38 turbines, each of 3 MW. Its power curve is given by: 

sw (m/s) 4 5 6 7 8 9 10 11 12 13 14 15 16 17 ... 25 

P (MW) 0 0.09 0.22 0.43 0.71 1.11 1.55 2.02 2.39 2.77 2.91 2.95 2.98 3.00 ... 3.00

where sw  is the wind speed and P  is the generated power at this speed. 

4.2. Battery of simulation case analysed 

Evolutive algorithms are efficient in searching the global optimum for complex problems. 
However, they fail to guarantee the convergence towards the optimum. For this reason, a set of 300 
simulations have been performed over the same scenario. In all of them, the obtained solutions fell 
into the same configuration: 6 arrays of 6 turbines per array ( 66 ). Table 3 summarizes the main 
results. In half of the simulations (identified by p1), the maximum number of generations was 
established as 100, and the population size as 80. In the other half (p2) the maximum number of 
generations was 250, and the population size was 140. The first two columns in this table refer to a 
set of 100 simulations in which the function objective was the NPV. In the following two columns, 
simulations refer to an analogous set of simulations in which the function objective was the IRR. The 
last two rows also refer to simulations with IRR as the objective function, but here the maximum 
local operator is suppressed. 
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Table 3. Result of the simulations when using different objective functions. Mean value, 
standard deviation and best economic indicator are given for the resulting NPV and IRR. 
Mean value and deviation are given for the computation time and investment.  

p1: max gener = 100 

popul. size = 80 

p2: max gener = 250 

popul. size = 140 

Objective function = NPV Objective function = IRR
Objective function = IRR 

without local search 

p1 p2 p1 p2 p1 p2 

NPV (M€) 

Mean 67.10 67.14 67.02 67.16 66.50 66.87 

Deviat. 0.29 0.32 0.30 0.27 0.83 0.33 

Best 67.59 67.61 67.55 67.59 67.24 67.53 

IRR (%) 

Mean 11.936 11.935 11.937 11.943 11.916 11.931 

Deviat. 0.013 0.015 0.012 0.009 0.031 0.014 

Best 11.958 11.960 11.957 11.959 11.947 11.956 

Time (s) 
Mean 105.1 220.6 97.9 175.7 104.1 209.3 

Deviat 11.48 71.83 15.45 40.56 14.39 72.67 

Investment (M€) 
Mean 257.1 257.4 256.7 256.6 256.8 256.8 

Deviat 0.51 0.48 0.53 0.42 0.61 0.43 

With regard to the rows, this table organizes the obtained information in four blocks. The first 
block comprises the average NPV, the standard deviation, and the best NPV for every set of 50 
executions. The second block is similar, but referred to IRR. The third and fourth blocks show the 
mean value and standard deviation for, respectively, the computation time and the required 
investment. As a reference for the computation time, the algorithm was programmed in managed 
C++, and executed in a notebook Pentium GHz2.13 . As a comparison, the running time of 50 cases 

for an OWF with 20 turbines, presented in [14] was 120 h, while with the presented algorithm, the 
required time for an OWF with 36 turbines is around 100 s (100 generations). 

Table 4 gathers the results obtained from the 300 simulations, showing the mean value and 
standard deviation of the parameters that define the solutions. 

Table 4. Mean value and standard deviation for NPV, IRR, and the parameters that 
define the 300 solutions to the studied layout problem. Centre in km, separation between 
arrays in number of diameters, and orientation and tilt angle in deg.  

 NPV (M) IRR (%) xctr  yctr aand  
band    Tilt 

Mean 67.0 11.933 40.9 27.5 6.7 11 - 22 5.4 

std 0.49 0.019 0.78 0.56 0.74 1.52 74.2 13.0 

The following conclusions can be derived from its analysis:  
• Regardless of whether the considered OF is NPV or IRR, similar figures are obtained.  
• Slightly lower values of investment are required if the OF is the IRR.  
• Logically, simulations designed as p2 (higher number of generations and individuals per 

generation) take considerably more time to reach the optimum. However, the results are not 
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significantly better. Therefore, we recommended performing a higher number of simulations with a 
lower number of generations and individuals per generation, and then choosing the best solution.  

• The local maximum operator increases the mean of the OF for the optimum. It does not entail 
a significant improvement with regard to the computational time.  

In addition to these simulations, further simulations have been performed with higher values for 
the parameters than those defined for p2. However they have not given rise to a solution with a 
significantly higher OF with respect to those of Table 3. 

4.3. Selection of the best optimum 

Figure 7 shows the solution with the highest IRR among the 100 obtained for the same  
scenario (OF = IRR, with local maximum operator). As expected, the centre of the solution, and in 
fact the centres of all the solutions, fall into the zone with the highest load-bearing capacity (zone 1). 

As can be extracted from data on the right-hand-side of Figure 7, the cost breakdown obtained 
is: turbines (39.9%), foundations (21.7%), electrical infrastructure (33.9%), engineering and   
others (4.5%), which is similar to that obtained from the reviewed papers summarised in Table 5. 
However, a significant difference exists in the electrical infrastructure that leads to believe that there 
may be an overestimation of the cable purchase and laying costs. One of the causes of this possible 
overestimation lies in the fact that the cable for each stretch has been selected such that its NPV is 
less negative. This leads to the selection of more expensive cables if it guarantees fewer power losses 
over the total lifespan. Another cause lies in the increase of the copper price. 

Table 5. Breakdown of costs obtained from various sources. 

Source  [15] [16] [17] [9] [18] 

Turbines  37% 47% 50% 46% 49% 

Foundation  25% 29% 25% 23% 21% 

Elect. Infr. 23% 16% 15% 21% 21% 

Engineering  12% 7% 5% 10% 9% 

Others (SCADA, decommissioning) 3% 1% 5%   

5. Discussion and Conclusions 

The aim of this research is to program a non-discrete evolutionary algorithm to optimize the 
layout of offshore wind farms. In order to delimit the solution space, the layout has been constrained 
to a rhomboid-shaped regular pattern. So as to accomplish the programming of the optimum search 
algorithm, two basic keystones must be solved: obtaining realistic data about the costs and 
characteristics of the most significant items in the wind farms; and providing systematic and simple 
methods to manage the various depths and types of seabed. 

A major additional functionality has also been explained: a gradient-based local maximum 
operator. Including this operator improves the IRR values for the optimum, although it does not 
improve the algorithm convergence (in term of computation time) in the studied cases. 

Starting from the knowledge of these functionalities, a non-discrete evolutionary algorithm can 
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be easily programmed and tested. The resulting configuration is the logical one, and is located in the 
zone with the best conditions of depth and type of soil. The final cost per MW and its breakdown are 
similar to those given in the literature. 

Two possible objective functions have been tested: NPV and IRR. The results are very similar, 
although the option OF = IRR leads to lower investments. 

Taking advantage of the rhomboidal shape, the algorithm uses the method presented in [12] to 
reduce the required time to compute the energy lossed due to the wake effect. As a consequence, the 
complete algorithm is able to reach an optimum in approximately 100 s (36 turbines, 100 generations, 
80 individuals per generation), drastically faster than existing algorithms. 

A. Position of a point with regard to a closed curve 

It is necessary to program a function to deduce whether a point is inside or outside a closed 
curve. This function is employed to ascertain: whether a point is on the coast; whether it is in a 
forbidden zone; to which load-bearing capacity zone it belongs; and in a modified way, to calculate 
the depth of the sea bed. As an illustration, an example is laid out at the end of the section. 

It is convenient to first define the operation 


  as well as its opposite 


  as  

 ],,[, ba  
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

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The operation 


  together with the interval ],[   constitute an abelian group satisfying 

commutativity, closure, associativity, existence of neutral element ( 0 ), and an opposite element (the 
opposite of c  is c ). 

A.1 Point inside a closed curve 

With these definitions, and assuming that a closed curve L  is composed of a sequence of m 

points ),( ii yx  (in which 0= xxm  and 0= yym ), then in order to ascertain whether a point 

),( pp yxP  is inside or outside this curve, it is sufficient to evaluate the summatory 



190 

AIMS Energy  Volume 5, Issue 2, 173-192. 
 

 


 



 ),(arctan= 11
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p
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m
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xxyy ),(arctan p
k

p
k xxyy   (7) 

By means of Stokes' theorem, it can be demonstrated that  

          22=),(  orLinsideisyxP  (8) 

            0=),( LoutsideisyxP  (9) 

With this formulation, then  22=  or  for points belonging to the contour. In order to 

detect this situation, it is preferable to check each value of the summatory in (7). The point will 
belong to the contour if and only if any of the addends yields   or  . 

A.2 Curve travelled CW or CCW 

The point sequence in a curve indicates if the curve is travelled clockwise (CW), or 
counter-clockwise (CCW). 

As previously seen, if a point ),( yxP  is inside the curve, then  22=  orinner . If the 

curve is travelled CCW, then 2=inner , and the inner points remain on the left of the curve being 

travelled. Outer points remain on the right. 

If the curve is travelled CW, then 2= inner , and the inner points are on the right of the 

curve being travelled. Outer points remain on the left. 

 

Figure 8. a) Closed curve travelled clock wise; b) differences of angles for an inner point; 
c) differences of angles for an outer point. 

However, if no inner points are known, the way to detect whether a curve is travelled CW or 
CCW is based on the cross product. Thus, a curve is travelled CCW if the summatory of cross 
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products of all of the consecutive segments is negative, and CW if the result is positive. 

A.3 Example 

We can assume a closed curve defined by  

(20,30)};(0,35),20,25),(30,10),(10),10,(30),(0,10),(15,(30,0),{(20,30), L    (10) 

where, for the sake of space, the z component has been suppressed. By drawing it (see Figure 8a), we 
could anticipate that it is travelled CW, and we can check it by calculating the summatory of the 
cross products.  

 )()()()( 811211

8

2=

LLLLLLLL   iiii
i

 

 CW 0>2250=550300200500200500150550=  

If, as an example, we want to test whether point (0,10)Pa  is an inner point or outer point, we 
can calculate every addend in (7). Before checking whether they belong to ],[  , the list of 
addends is the following (translated to deg ):  

 45.0053.1336.87296.5726.5736.8734.7063.43   (11) 

where the first four values are represented in Figure 8b. After forcing each addend to belong      
to ],[  , this becomes  

 45.0053.1336.8763.4326.5736.8734.7063.43   (12) 

Summation of these figures yields 2 . The negative value represents (again) that the curve is 
travelled CW. The non-null value indicates that point Pa  is inside L , and is on the right. 

If we want to test the point 20)30,( Pb , then the list of addends is  

 16.3916.0812.5363.4345.0030.965.9126.57   (13) 

where all figures belong to ],[  . As a sample, the first four values have been represented in 

Figure 8c. After summing them, this yields 0, and therefore, point Pb  is outside L , and is on the 
left. 
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