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Abstract 

Title: Application of Ensemble Methods for Solving Offshore Wind Farm Layout 

Optimization Problems 

Author: Puyi Yang 

Advisor: Hamidreza Najafi, Ph.D. 

Wind energy is considered as one of the most promising renewable energy sources. 

The intent of this dissertation is to assess the application of ensemble methods on 

offshore wind farm layout optimization. In this regard, four research questions are 

considered and addressed accordingly each of which are discussed in detail in a 

separate chapter (chapter 2 to 5).  

The first research question is focused on choosing appropriate analytical wake 

model to be used for the wind farm layout optimization (WFLO) problems in this 

dissertation. The WFLO problem is a complex and non-convex optimization 

problem. The accuracy of analytical wake models applied in WFLO problems is of 

great significance as the high-fidelity methods are still not able to handle an 

optimization problem for large wind farms. Four wake models selected from 
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FLORIS (the abbreviation of Flow Redirection and Induction in Steady State) 

which is a tool integrated with several classical and innovative wake models by 

applying three classical WFLO scenarios are compared. The results illustrate that 

the Jensen wake model is the fastest, but the issue of underestimating the velocity 

deficit is obvious. The multi-zone model needs additional tuning on the parameters 

inside the model to fit specific wind turbines. The Gaussian-curl hybrid (GCH) 

wake model, as an advanced expansion of the Gaussian wake model, does not 

provide a significant improvement in the current study, where the yaw control is 

not included. The Gaussian wake model is recommended for the WFLO projects 

implemented under the FLROIS framework and has similar wind conditions with 

the present work. 

As the analytical wake model has been confirmed, the second research question is 

focused on a comparative study for multi-stage optimization models which are 

proposed to enhance the performance on searching the optima and convergence 

speed. Even though many different heuristic algorithms and mathematical 

programming methods have been tested and discussed, there is not a consensus 

about which algorithm is the most suitable approach for solving WFLO problems. 

Every algorithm has its own advantages and disadvantages on solving different 

problems, thus the ensemble approaches have received attentions. One ensemble 

approach applied in solving WFLO problems is to apply the multi-stage model as 

an algorithm in stage 1 to capture a coarse, initial optimized layout and import it to 
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stage 2 as an initial condition for another algorithm for further refinement. Two 

types of multi-stage methods are compared: The Heuristic-Gradient-based (H-G) 

model which consists of a heuristic algorithm in stage 1 and a gradient-based 

algorithm in stage 2; The Discrete-Continuous (D-C) model which consists of a 

heuristic algorithm in discrete scheme in stage 1 and an algorithm in continuous 

scheme in stage 2. Annual energy production (AEP) is used as the objective 

function while the computational time associated with each approach is 

documented. The results illustrate most of the multi-stage models can improve the 

optimization procedure both in terms of AEP and computational time. Overall, it is 

found that the D-C approach is better than the H-G approach. Particularly, the 

combination of Greedy and Random Search provides the highest AEP and the 

combination of Greedy and SLSQP provides the lowest computational time. 

Despite of which approach is applied, solo algorithms or multi-stage models, the 

optimization relies on wake calculation which consumes the most of computational 

time. Thus, the third research question is about applying machine learning 

technique to construct a surrogate model for wake calculations in solving WFLO 

problems. An approach by neural network (NN) is developed and discussed. The 

NN can predict the site AEP by inputting the wind rose data and site turbine 

density. The dataset consists of randomly generated samples as 70% of them are 

used for training and the remaining samples are used for testing. The dependencies 

of the prediction quality in order of the variations in hyperparameters are also 
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addressed by comparing different network architectures. The trained NN presents 

96.78% as the highest mean accuracy in the testing task. This approach can be 

applied by an entity when making decisions of selecting potential locations for 

constructing offshore wind farms as an initial screening process. It can also be 

applied as the algorithm in the first stage of multi-stage model for solving the 

WFLO problems containing large number of wind turbines where applying the 

classical optimization algorithms are still inoperable due to the time consuming. 

Building floating offshore wind farm in the deep waters is a future demand of 

renewable energy. Because of the six degrees-of-freedom involved in the concepts, 

the load analysis should not be omitted in the WFLO for floating offshore wind 

farms. Finally, the fourth research question is about the joint optimization analysis 

for floating offshore wind farms with considering transient ambient wind and 

turbine structural loadings. A small wind farm (wind turbine array) which consists 

of two 15MW floating offshore wind turbines (FOWTs) and two 5MW FOWTs is 

investigated. The semi-submersible floater is adopted. The wake meandering, 

power production, rotor torque and selected platform motions (surge and pitch) are 

observed based on the instantaneous simulations in three wind speed scenarios. The 

simulations are completed by NREL’s FAST.Farm software through parallel 

computing. The observations reveal that wake meandering has strong impacts on 

the power performance and dynamic responses when the wind speed is low and the 

distance between turbines is small. The configuration of ABBA type, i.e., two 



 

vii 

15MW FOWTs on the sides and two 5MW FOWTs in the middle is more stable 

than the other as ABAB in power generation and structural responses. In the study, 

the resonances on platform surge and pitch are observed in the low wind speed 

scenarios, but they are not functional to the distance between turbines.  
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Chapter 1  
 

Introduction 

1.1    Background 

Since the industry revolution, homo sapiens have gained countless notable 

achievements enabled by abundant and affordable energy supply in many forms. 

The first form of energy generation came as a result of combustion processes which 

are used to convert stored chemical energy in fossil fuels to various kinds of energy 

for different purposes. In fact, to this day, coal-fired power still plays as the 

marginal source of generation [1], [2]. A major disadvantage of the combustion 

processes is their byproducts include greenhouse gaseous. Since the carbon in the 

fossil fuel such as petroleum and coals were prestored under the ground and will 

break the current distribution of the elements in the atmosphere once being 

released. These emissions have been shown to negatively impact the environment 

and contribute towards anthropogenic climate change. Furthermore, there are 

concerns that these fuels are consumed more quickly than they are naturally formed 

leading to increased scarcity of these fuels.  
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Broad based access to affordable and clean energy will be critical to future human 

achievements and an elevated global standard of living. Along with the increasing 

needs of electricity in different sectors in human society such as heating, 

transporting, and manufacturing, the demand of low- or even zero-carbon electric 

generation technology is on the highest position over the history. Based on these 

circumstances, the net-zero emissions (NZE) concept has been mentioned and 

defined as “achieved when anthropogenic emissions of greenhouse gases to the 

atmosphere are balanced by anthropogenic removals over a specified period” by the 

Intergovernmental Panel on Climate Change (IPCC) [3]. To pursue the efforts of 

limiting the global warming to 1.5 °C above the pre-industrial level, as agreed by 

195 countries in the Paris Agreement, the IPCC stressed that global CO2 emissions 

must decline 45% by 2030 and reach to NZE by 2050. As of April 2021, over 44 

countries and the European Union that collectively represent over 70% of global 

CO2 emissions have committed to the NZE targets [4].  

The energy sector, electricity generation in particular, has recently focused on 

alternate energy resources which may offer a means to alleviate the environmental 

impacts while still fostering global economic growth and the related demand of 

reliable energy supplies. Reaching NZE globally by 2050 would rely on dramatic 

actions over the next ten years. Renewable energy sources have received increasing 

attention over the last two decades [5] and will be playing as a crucial role in 

providing electrical power. The Bloomberg New Energy Finance (BNEF) estimates 
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the renewable energy will contribute 62% power generation by 2050, and the 

proportion of power generated by coal will be cut down further to less than 15% 

(see Figure 1.1). That requires accelerated innovations on technical improvements 

of renewable energy.  

 

Figure 1.1: Global power generation mix [6]. 

 

Wind energy is characterized by its use of air flow for production of mechanical 

power or electricity. It is attractive because its low life-cycle emissions offer public 

health and broader environmental benefits. During the past decades, the costs of 

wind power, solar power, and natural gas as major electricity sources other than 

thermal power have dropped substantially. The levelized cost of energy (LCOE) is 

a widely used comprehensive metric of the measurement for the cost in wind 

energy, which is defined as [7]: 
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𝐿𝐶𝑂𝐸 =

𝐶𝑐 × 𝐹𝐶𝑅 + 𝐶𝑂&𝑀
𝐴𝐸𝑃

, 
(1.1) 

where 𝐶𝑐 is the total installed capital cost of the wind farms, 𝐹𝐶𝑅 is the fixed 

charge rate, a present value factor that considers debt and equity costs, taxes, and 

insurance, 𝐶𝑂&𝑀 is the annual operations and maintenance cost and 𝐴𝐸𝑃 is the 

annual energy production. 

 

Figure 1.2: Total worldwide installed capacity (MW) of wind energy [8]. 

 

The reduction in LCOE provides fertile soil for the rapid expansion of wind energy 

[9], see the statistics chart of the total cumulative installed capacity of wind energy 

over the past six year in Figure 1.2. The characteristics of wind turbine and site 

both influence the LCOE [10]. For example, increasing in turbine size and building 

projects in higher-wind-speed areas lead to higher and lower LCOE of individual 
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wind turbine, respectively. It is also optimistically expected that the costs combined 

with onshore wind and offshore wind will decline 37%–49% by 2050, resulting in 

the costs can be 50% lower than that was predicted in 2015 [10].  

The sustained innovations on increasing wind turbine hub height, power rating and 

rotor diameter in the past nearly half-century account for the increasing on power 

production of wind turbine. That can be understood using the classical formula for 

wind turbine energy capture [11]: 

 
𝑃 =

1

2
𝜌𝐶𝑝𝐴𝑢

3, 
(1.2) 

where 𝑃 is the instantaneous power generated, 𝜌 is the air density, 𝐶𝑝 is the power 

coefficient which corresponds to the overall aerodynamic-mechanical-electrical 

performance, 𝐴 is the swept area of the rotor, and 𝑢 is the mean velocity at the 

rotor. In addition, the aerodynamic performance on the blades, the reduction of 

passive loads on the machine and the strength of materials are also improved.  

While at the spatial scales of territory around 1.5 to 0.5km, the wind energy has 

given a way to a shift from single turbine installations to multi-megawatt 

installations consist of many clustered wind turbines as wind farms. A wind farm 

may contain tens to hundreds wind turbines, generally grouped together into a 

single wind power plant. The wind farms can also sit onshore or offshore. The 

advantages of onshore wind energy such as low cost of operation, simplicity of 
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cable arrangement and fewer requirements of materials are appealing, however, the 

disadvantages are still apparent: limitation on land sites, environmental constraints, 

and inconvenience on transportation.  

Although higher investment is required for the installation and operation of 

offshore wind farm, it still attracts more interests of researchers and companies due 

to the public preference (the offshore wind turbines are clustered in the areas where 

it’s not seen by the people onshore as well as the noise can be neglected) and high 

wind speed with low wake turbulence (the relatively low-level surface roughness 

on sea than on land). In addition, with the development of the technology on 

installation and maintenance as well as the decrease on operation cost, larger wind 

turbine can be built offshore than onshore (see Figure 1.3 for the predicted growth 

on wind turbine size). Installation of larger wind turbines, increased competition in 

manufacturing, and maturing supply chains are all driving down offshore costs. 

Since it was launched in 1991 as the first construction of offshore wind farm 

project off the coast of Denmark with 11 turbines of 450 kw installed [12], the 

offshore wind industry obtained the continuous development as the offshore wind 

market has grown from 2.2 GW in 2016 to 6.1GW in 2020 [13]. Although it looks 

the sector only occupies a small proportion in the total installed wind power 

capacity, the global offshore wind capacity additions are expected to increase 60% 

to over 10 GW in 2021 [14], shown the fast growing on offshore wind. It is 
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optimistic to anticipate a significant proportion of future wind energy capacity will 

come from offshore installations.  

 

Figure 1.3: The expected wind turbine size in 2035 for onshore and offshore wind, 

compared with 2019 medians [10]. 

 

1.2    The Wind Farm Layout Optimization (WFLO) 

Problem 

1.2.1    The wake interactions in a wind farm 

Now imagining we are soaring in the air and surveying a wind farm. The main 

challenge of the wind farm performance is to offset the effects of wakes generated 

by the turbines, which can diminish the annual energy production (AEP) by 10%-

20% [15]. The wake is the result of the kinetic energy being extracted by the wind 

turbine rotors as well as the flow separation. Figure 1.4, which is referred in Ref. 

[16], illustrates the instantaneous wake field in Horns Rev 2 offshore wind farm 

(Jutland, Denmark) in a foggy morning. The velocity deficits and added vortices in 
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the wake regions affect the downstream wind turbines, both in power generation 

and structural loads. As it can be observed through the figure, the downstream wind 

turbines are merged in the wake regions created by the upstream turbines, resulting 

in lower inflow wind speed arrived the downstream rotors and strong spanwise and 

vertical shears on the turbine blades brought by the turbulence enhanced by the 

wake rotation. Therefore, the placement of the wind turbines installed in a wind 

farm should not be configured empirically or aesthetically.  

 

Figure 1.4: The wakes in the Horns Rev 2 offshore wind farm [16]. 

 

The wind farm layout should be designed based on well understanding of the wake 

characteristics relevant to its specific geographical wind conditions, wind turbine 

models and topography (for onshore wind farm) or oceanography (for offshore 

wind farm). However, the wake behavior is complex and varies with turbine sizes, 
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turbine operating conditions and atmospheric or topographical circumstances. The 

desired approaches for understanding the wake effects are by wind tunnels and 

computational fluid dynamics (CFD), but both are too expensive financially and 

computationally while being applied to the farm scale. Compared to the 

experimental equipment or high-precision CFD methods, the analytical wake 

models are low fidelity but are computationally feasible to be applied in solving the 

velocity distribution in a wind farm. With the analytical wake models, the wind 

farm layout optimization (WFLO) can then be successfully implemented.  

1.2.2    The optimization 

The WFLO is aimed to obtain an optimized placement of wind turbines against the 

wake effects in a wind farm by applying optimization algorithms with given 

objective function(s), site constraints and wind conditions. The objective function 

is mainly maximizing the AEP, but can vary with minimizing the noise generated 

by wind farms [17]–[21], the cost of roads and cables [22], [23], complex terrains 

[24]–[26], and combination of multiple wind turbine types [27]–[29]. The variables 

in the optimization are usually determined by the turbine locations presented as the 

coordinates in the searching domain. In general, the optimization processes require 

a large number of evaluations with respect to the number of variables. As the major 

concern, it can make sense that high reliable results relevant to the velocity deficits 

distributed in the wind farm being accurately evaluated. However, more 

information of the wind flows the model used, more computational time the model 
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required. Thus, for doing WFLO studies, an appropriate wake model should be 

selected based on the acceptable time consuming and accuracy.  

The algorithm is another key factor which affects the optimization performance. 

Since Mosetti et al. [30] published the first WFLO study (using the genetic 

algorithm) in 1994, many algorithms have been developed and applied in this field 

leading to investigations in WFLO have shown to be of great importance. Although 

different optimization techniques have been proposed, there is not a general 

solution available makes it desirable to further develop the optimization techniques 

[31]. The optimization algorithms proposed to solve WFLO problems can be 

divided into two categories: the heuristic algorithms and the mathematical 

algorithms. Furthermore, there are generally two different schemes in handling the 

WFLO processes: the continuous approach and the discretized approach. The 

heuristic algorithms are widely used in the studies for WFLO, while the 

mathematical algorithms present reliability, numerical robustness and 

computational efficiency [32]. However, both heuristic and mathematical 

algorithms cannot guarantee a global optimum. Involved randomness and multiple 

evaluations can improve the robustness but will greatly increase the computational 

cost. As a result, the multi-stage approach was proposed as consisting of heuristic 

and gradient-based algorithms to combine the advantages of these two kinds of 

algorithms and at the same time reduce the drawback. In addition, the models 

configured with continuous approach and discretized approach are also involved in 
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some studies. It has been shown that the multi-stage approach does not only show 

better results than applying the those algorithms separately, but also requires less 

computational time [33]. 

1.2.3    Attempts of substituting wake calculations 

The high computational cost has become a stumbling block in the way of obtaining 

the optimized wind farm layouts. Regardless of what optimization algorithms or 

approaches are applied, the computation of wakes is not a step that can be skipped. 

Fortunately, the attempts of applying machine learning (ML) approaches into 

solving the WFLO problems illustrate possible solutions for constructing 

substitutable models to the wake calculation. ML can not only offer plentiful 

techniques to extract information from data that can be translated into knowledge 

about the underlying fluid mechanics, but also augment domain knowledge and 

automate tasks related to flow control and optimization [34]. The proper uses of 

ML techniques on WFLO have the potential to reduce the gigantic time consuming 

in WFLO, especially in the optimization with heuristic algorithms and large wind 

farm which contains hundreds even thousands wind turbines. The deep learning 

(DL) techniques such as neural network (NN), artificial neural network (ANN) and 

convolutional neural network (CNN) are promoted to be trained by the fluid data 

generated by the high-fidelity numerical methods or experiments, and consequently 

obtain the ability on measuring the flow field features. The trained models can then 

be used to fast predict the power production of wind turbines. Furthermore, some 
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ML models such as recurrent neural network (RNN) and nonlinear autoregressive 

exogenous (NARX), are also discussed in solving wind farm control optimization 

problems, where the wind turbines are already installed. By accurately predicting 

the wind speed and the power output subsequently during the upcoming period, the 

controller can adjust every wind turbine with control strategies such as wake 

redirection control and axial induction control based on the given constraints, to 

obtain maximum farm power production. 

1.3    Floating Offshore Wind Turbines (FOWTs) 

As the offshore wind has grown as a sector, the size of offshore wind farms being 

increased and the coastal water becoming limited, pushing the academia and 

industry going into the deeper water. Offshore wind turbines can be categorized as 

fixed-bottom offshore wind turbine and floating offshore wind turbine (FOWT) by 

the way of how the wind turbine tower is anchored. The fixed-bottom offshore 

wind turbines can be installed at the near-shore area, where the depth of water is 

not over 60 meters, as shown in Figure 1.5. The cost of building fixed-bottom 

offshore wind farm is cheap, as well as the lower O&M fees. Thus currently, most 

commercial offshore wind farm projects in operation are constructed with fixed-

bottom wind turbines. However, as mentioned previously, the available coastal 

areas are limited and the shallower areas are usually located close to the shore, 

which typically reduce the wind speed. Furthermore, the wind energy resource lies 

in deep water regions in some places, such as the west coast of the US and most of 
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the European waters [35], in where the water depth and worse soil conditions on 

the seabed entail the need of firm and expensive foundations. Thus, in this kind of 

waters where installing fixed-bottom wind turbines is not considerable, the FOWTs 

become desired and can play as a key role in the transition towards renewable and 

sustainable energy systems.  

 

Figure 1.5: Various water depths and the types of platforms that work best in those 

depths. Graphic by Josh Bauer, NREL. [36] 

 

A FOWT is basically an offshore wind turbine mounted on a floating substructure 

and anchored on the seabed by using mooring system. There are currently three 

main concepts for these floating structures as shown in Figure 1.5: 1) The tension 

leg platform (TLP) concept includes one centralized column and arms that are 

connected via mooring lines to the seabed. Since the motion of the platform is 

limited by the external tendons, the critical wave included motions can be reduced 
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and the fatigue load is consequently smaller than other concepts. 2) The spar-buoy 

platform contains a cylinder object as its name implies. The cylinder is used to 

maintain the center of gravity is under the center of buoyancy and positioned by the 

mooring lines. The deep draft keeps the good stability and small heave motions of 

the spar platform, but it requires water depth of over 100m. 3) The semi-

submersible concept has several columns mounting the wind turbine tower. The 

pontoons linked to the substructure of the platform provide the buoyancy and the 

mooring lines are also used. The major advantage of the semi-submersible platform 

is it allows onshore or dry dock assembling, then it can be towed to the desired 

locations by conventional tugboats. But the large heave wave motions and the 

increased material costs will be experienced by this concept. 

Since the first commercial floating offshore wind farm, Hywind Scotland Pilot 

Park, which contains five 6MW spar FOWTs, was built 29km off the shore of 

Peterhead, Scotland, and started to produce electric power in 2017, the curtain of 

the history of FOWTs’ commercialization has been lifted. It has been passed 8 

years since the National Renewable Energy Laboratory (NREL) of the U.S 

published the 5MW reference wind turbine model in 2009 [37], and 4 years since 

Technical University of Denmark (DTU) published the 10MW in 2013 [38]. As we 

now already have the International Energy Agency (IEA) Wind 15MW reference 

wind turbine model available (released by NREL in collaboration with DTU & 

University of Maine) [39], [40], the growing demands from the industry pushing 
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the academia on finding solutions for various complex problems in the FOWT 

sector to speed up the development at utility scale. 

The FOWTs are more complicated than the fixed-bottom offshore wind turbines or 

onshore wind turbines, not only because of the bigger size, but also relevant to the 

additional characteristics of floating — the involved 6 degrees of freedom as the 

foundation is anchored to the sea bottom by mooring lines. These can result in 

structural damage or additional fatigue for the whole platform in excessive wave 

actions and wake meandering effects. Thus, the WFLO for floating offshore wind 

farms would involve large numbers of variables and is unfeasible to proceed with 

analytical wake models which assuming the time-averaged inflow wind condition, 

since the structural loads are dynamic in time. NREL’s large eddy simulation (LES) 

software for wind energy, Simulator fOr Wind Farm Applications (SOWFA), is a 

high-fidelity model which can capture the dynamic turbine performance and loads 

but is computationally expensive. The NREL’s mid-fidelity multi-physics 

engineering tool known as FAST.Farm which is developed for use in the wind farm 

design process [41] has been formally released in mid-2021. The FAST.Farm 

module cooperates with the multi-physical modules in OpenFAST (NREL’s open-

source wind turbine simulation tool) to solve the aero-hydro-servo-elastic dynamics 

of each individual turbine, but also implements the advanced dynamic wake 

meandering model (DWM) [42] leading to the extended capabilities on modeling 

the wake dynamics in wind farm scale as well as the power production. FAST.Farm 
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can be compiled and run in parallel via Open Multi-Processing (OpenMP), which 

can speed up the simulation with multiple wind turbines involved. While the 

parallel computing is proceeded, the calculation of the physics on an individual 

wind turbine is carried by OpenFAST on a single thread, and the calculations 

within ambient wind and array effects are parallelized into the rest threads 

separately (if there are more than one threads available) [43]. The previous 

comparative studies [44]–[46] have shown the strong reliability of the pre-released 

FAST.Farm on predicting the wake deficits and structural response in a wind farm. 

With the use of FAST.Farm, understanding the relevant physics of ultimate 

structural loads and fatigue loads interact with the atmospheric boundary layer and 

wake effects (deficits, advection, deflection, meandering, and merging) in floating 

offshore wind farms is computationally possible. 

1.4    Dissertation Outline 

This dissertation consists of six chapters: 

Chapter 2 provides the comparative studies for several analytical wake models. 

These wake models are expressed mathematically and compared by WFLO cases 

studies. The convenience of application, differences on accuracy and computational 

time cost among these wake models are discussed based on the results obtained. 

Chapter 3 introduces the multi-stage approaches for solving WFLO problems. 

Specifically, the Heuristic-Gradient-based algorithm (H-G model) and the Discrete-
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Continuous domain algorithm (D-C model) are applied and compared. Several 

heuristic algorithms and one mathematical algorithm are implemented with AEP as 

objective function, and the combinations with the algorithms in continuous scheme 

and discrete scheme are also involved. Three cases studies including a realistic 

wind topology are completed in this chapter. 

Chapter 4 presents an approach of forming a surrogate model for wake calculation 

by using machine learning technique. A fully connected neural network is trained 

with the dataset consists of wind rose information and turbine density. The 

sensitivity of this model with different hyperparameters is addressed and discussed. 

The well-trained neural network presents good accuracy in predicting AEP as the 

objective function value, and only need few layers and number of neurons.  

Chapter 5 illustrates the structural loads and fatigue effect on the turbines due to 

wake meandering in 5MW-15MW hybrid FOWTs arrays. These wind turbine 

arrays consist of two different semi-submersible wind turbines: the NREL 5MW 

and the IEA Wind 15MW. The cases studies are based on the ambient wind 

conditions with three mean flow wind speed scenarios.  

Chapter 6 draws the overall conclusions and future directions.
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Chapter 2  
 

Comparative Studies for Analytical 

Wake Models in FLORIS 

2.1    Introduction 

Through wind turbines, wind’s kinetic energy converts to rotational mechanical 

energy for electrical power generation. The studies of developing advanced wind 

turbine blades by discovering the aerodynamic characteristics to achieve better 

performance of energy capture are vibrant [47]–[52].  

As the wind energy is extracted by the wind turbine rotor, a wake stream region 

with the slower wind speed is formed downstream of the turbine which negatively 

impacts the power production by neighboring turbines. The experimental and 

numerical observations by wind tunnel and computational fluid dynamics (CFD) 

approaches illustrate that the farm power output is influenced by the wake effects. 

Experimental studies [53], [54] verified that the power production by a wind 

turbine cluster strongly depends on the distance between turbines, free stream 

velocity and, tip speed ratios (TSRs). Hasan et al. [55] used large eddy simulation 
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(LES) and showed that in an inline configuration of wind turbines, even at a 

distance of 6 rotor diameters between two wind turbines are not sufficient to 

achieve the full wake recovery of the upstream wind turbine. The variety on the 

height of atmospheric boundary layer (ABL) also result in the changes in wake 

effects, which influence the turbulence intensity and the turbine power production, 

as studied by Sam et al. [56]. Thus, a wind farm layout that only follows the 

aesthetics may not maximize the utilization of the turbine capacity. In contrast, 

optimal placement of wind turbines in a wind farm is needed to obtain the 

maximum power production by applying mathematical optimization algorithms. 

In 1994, Mosetti et al. [30] developed a position optimization method based on 

genetic algorithms, which is considered a seminal work for wind farm layout 

optimization (WFLO) study. Grady et al. [57] obtained improved results for 

Mosetti’s work by using genetic algorithm. Thereafter, many studies with respect to 

WFLO problems have been done for better understanding of the performance of 

different wake models, optimization algorithms, and the wind farm models on 

maximizing the annual energy production (AEP) or minimizing the cost of energy 

(COE) as objective functions. Azlan et al. [58] summarized the optimization 

algorithms used in WFLO studies published during past years with respect to 

classical wind conditions.  The optimization algorithms are categorized as genetic 

algorithm-based (GA) methods, particle swarm optimization algorithm-based 

(PSO) methods, Greedy (Heuristic) algorithm-based (GHA) methods and others in 
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the review article. Among all the previous studies, the most widely used algorithm 

is GA, which has been applied and improved to study the positioning of wind 

turbines in various scenarios. 

Compared to the diversity of optimization algorithms, there are fewer varieties 

concerning wake models used in WFLO studies. Due to the expensive 

computational cost of CFD models on precise estimation of the wind deficits in 

large wind farms, which contains more than tens of wind turbines, analytical 

models continue to be the most widely used option. These models are based on a 

simplification of functions and assumptions that significantly accelerate the 

computation. Two major analytical wake models can be found in the literature 

including the Jensen [59] wake model and the Gaussian-based wake models. The 

Jensen model assumes linear expansion of wake behind the wind turbine rotor and 

the velocity deficit is asymptotic based on mass conservation. The characteristics of 

the original Jensen model imply simplicity and lower accuracy. Some other wake 

models were proposed to improve the accuracy or other specific aspects of the 

model. Frandsen’s wake model [60] was noted as an improved model of the 

Jensen’s, which was developed based on momentum conservation assumes non-

linear wake expansion and contains three regimes. However, this model also 

underestimates the velocity deficit due to the top-hat shape  of the wake assumed in 

the model [61]. The Gaussian wake model is not a name of a specific wake model, 

but a keyword which is used to describe the shape of the velocity deficit in the 



 

21 

wake follows the Gaussian distribution. The most widely used Gaussian wake 

model can be found in the study by Bastankhah et al. [61]. There are other wake 

models with the Gaussian shape in deficits: The Bilateral Gaussian wake model 

developed by Dhiman et al. [62]; a wake model with Gaussian shape for wind 

turbines in complex terrain provided by Brogna et al. [63]; a double Gaussian wake 

model developed by Schreiber et al. [64]; a 2-dimensional Gaussian wake model 

proposed by Ge et al. [65]; a 2-dimensional Jensen-Gaussian model published by 

Gao [66], and more. Recently due to the increasing demands of the wake models 

with higher accuracy and the enhanced capability in solving more complex 

problems, some 3-dimensional Gaussian wake models are also proposed and 

discussed [66]–[70]. 

Currently most of the studies with respect to WFLO problems focus on discussing 

the applications of various optimization algorithms in different wind conditions and 

wind farm models. Few comparative studies have been done for the wake models. 

Andersen et al. [71] compared the Jensen wake model and Frandsen wake model 

with numerical simulation implemented by LES and the Actuator Line method. The 

study proved that these wake models are not able to predict the wake velocities 

universally due to the inherent physical deficiencies. They applied the models on 

the calculations of far wake behind a single wind turbine, a long row of turbines in 

an atmospheric boundary layer, idealized cases of an infinitely long row of wind 

turbines and infinite wind farms with three different spacings, not a WFLO project, 
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however. Archer et al. [72] compared the performance of six wake models, i.e., 

Jensen [59], Larsen [73], Frandsen [60], Bastankhah and Porté-Agel (BPA) [61], 

Xie and Archer (XA) [74], and Geometric model (GM) [75] in three real wind 

farms. The authors recommended the Jensen and XA models in their conclusions. 

Gao et al. [28] compared the performance between Jensen model, Frandsen model, 

Jensen-k model, and Jensen-Gaussian model. The results show that the Jensen-

Gaussian wake model had a better performance in their WFLO calculations. 

Recently, the National Renewable Energy Laboratory (NREL) of the United State 

released a software for effective wake calculation ⎯ FLOw Redirection and 

Induction in Steady State (FLORIS) [76] which provides several wake models for 

wake calculation and wind farm design. By the simplicity from high to low, the 

available models including but are not limited to Jensen model, Multi-zone model 

[77], [78] and several versions of Gaussian model [61], [79]–[83]. A Curl model 

[84], [85] is also added to FLORIS as the most computationally expensive model 

(make the computational time increased by around 1000x [86]) to give accurate 

velocity distribution (RANS-like implementation where RANS is the abbreviation 

of Reynolds-averaged Navier-Stokes) for studies such as yaw misalignment and 

wake rotation. In addition, a Gaussian-curl hybrid (GCH) model [86] which 

combines the Gaussian wake model and the Curl wake model is available in 

FLORIS. This model considers the spanwise and vertical velocity components and 
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can capture the wake second-order effects of wake steering while requiring a low 

computational cost. 

The comparative studies in this chapter are aimed to discuss the performance and 

convenience of application of different wake models provided by FLORIS in 

various WFLO scenarios. The Jensen model, the Multi-zone model, the normal 

Gaussian model, and the GCH model are applied to achieve the layout optimization 

with the Sequential Least Squares Programming (SLSQP) [87] method which is a 

gradient-based algorithm. The results are extensively discussed and can be used as 

a basis for selecting the appropriate wake model in FLORIS for WFLO 

optimization problems. 

2.2    Analytical Wake Models 

Currently, the analytical wake models applied in WFLO studies are mainly the 

Jensen wake model and Gaussian wake model, other scattered used wake models 

were developed based on these two models. As it has been mentioned above, 

FLORIS provides different wake models for velocity deficit: the Jensen model, 

Multi-zone model, Gaussian-based models, Gaussian-Curl Hybrid model and Curl 

model. However, due to the high demand of time consuming in obtaining the 

velocity distribution in large wind farms, we do not consider the Curl model in this 

study. The Jensen model, Multi-zone model, Gaussian model and Gaussian-Curl 
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Hybrid model are involved and introduced in below. Furthermore, the Jimenez 

wake deflection model and Gaussian wake deflection model are also demonstrated. 

2.2.1    Jensen Wake Model 

The Jensen model that is used in FLORIS is established based on the model 

developed by Jensen in 1983 [59]. The main components of this model can be 

listed as: 

 𝑢𝐽 = 𝑢∞(1 − Δ𝑢), (2.1) 

where the subscript 𝐽 denotes the Jensen model for differentiating the wake models 

which will be discussed in the following, 𝑢∞ is the mean atmosphere inflow wind 

speed, and Δ𝑢 is the velocity deficit which can be given by 

 

Δ𝑢 = {2𝑎 (1 +
𝐷

2𝑎(𝑥 − 𝑋𝑖)
)
2

, if 𝑟𝑤 ≤ 𝛼(𝑥 − 𝑋𝑖) +
𝐷

2
0,                                         otherwise.

 (2.2) 

In Equation (2.2), 𝐷 is the turbine rotor diameter, 𝑟𝑤 is the radius of the 

downstream wake, 𝑋𝑖 corresponds to the spatial location of the particular wind 

turbine generating this wake, 𝛼 is the wake decay constant that defines the cone 

boundary for the wake as well as the velocity deficit. Typically, the value of 𝛼 is 

empirically approximated in a range from 0.01 to 0.5 [88] since the ambient 

turbulence, topographical effects and turbine operation are different in any 

individual wind farm. The higher value of 𝛼 meaning that the faster the wakes 
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behind the wind turbines will recover to the mean flow velocity in a wind farm. In 

some studies, for example, Mosetti’s [30] and Grady’s [57], it is empirically given 

by: 

 𝛼 =
0.5

ln(𝑧ℎ/𝑧0)
, (2.3) 

where 𝑧ℎ denotes to the hub height of the wind turbine, and 𝑧0 corresponds to the 

ground surface roughness. The value of 𝛼 in this Chapter will be given in the 

section of scenarios. 

The axial induction factor, 𝑎, is defined by the thrust coefficient, 𝐶𝑡, and the yaw 

angle of a wind turbine, 𝛾: 

 
𝑎 =

0.5

cos γ
(1 − √1 − 𝐶𝑡 cos γ). (2.4) 

Figure 2.1 shows the classical cone shape of the wake calculated by the Jensen 

model, where 𝑟 is the radius of the turbine rotor, and the definition of 𝑟𝑤 indicates 

that the boundaries of the wake zone are bounded by 𝑟𝑤 = 𝛼𝑥 ±
𝐷

2
. It should be 

noted that the 𝑋0 of the location of the turbine rotor in Equation (2.2) has been 

assumed as 0 in this figure. Figure 2.2 presents the velocity distribution in the 

wakes of a wind array consist of four wind turbines. The wind is blown from 270° 

with a uniform speed of 8 m/s. The wind turbine model is the NREL 5MW wind 

turbine model with the rotor diameter of 126 m and hub height of 90 m. 
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Figure 2.1: Sketch of the cone shape of the Jensen wake. 

 

 

Figure 2.2: Example of the velocity distribution of four wind turbine wakes 

obtained by the Jensen model. 

 

The velocity profile in the wake calculated by the Jensen model presents the 

gradient distribution towards the downstream direction, i.e., the wind velocity in 
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the wake is uniform in the lateral direction. However, in the reality the wake will 

recover faster than it is predicted by the Jensen model, which will lead to 

overestimation of the downstream wind velocity deficit in the flow field. As one 

can recognize that the turbulent intensity and vortices generated by the rotating 

rotors and the inter-reacting flow behaviors between wakes are not included in the 

Jensen model — this oversimplified model was not developed based on momentum 

conservation and will lead to distortion of the estimation of the velocity. However, 

the cheap time consuming of applying this model in solving WFLO problems is 

still a huge temptation for many studies, especially for the complicated problems 

which contains large number of wind turbines, complex wind conditions or multi-

objective problems which require large amount of computation of the wakes. 

2.2.2    Multi-zone Wake Model 

The Multi-zone model was developed by Gebraad et al. [77] based on the Jensen 

model. Differ to the Jensen model assumes the wake expanding proportionally 

along with the centerline of the wake, the Multi-zone model divides the wake 

behind a wind turbine into three zones as it can be observed in Figure 2.3. 
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Figure 2.3: Sketch of the three zones in Multi-zone wake [78]. 

 

The parameter 𝑞 corresponds to different wake zones, i.e., 𝑞 = 1 means the near 

wake zone, 𝑞 = 2 the far wake zone and 𝑞 = 3 the mixing zone. This model 

improves the original Jensen model as it is account for the velocity value that 

approaches the free-stream velocity faster toward the edges of the wake. In 

addition, the capability of yawed optimization is added to this model. Overall, the 

shape of the Multi-zone wake also expend proportionally along with the centerline, 

but each zone should be defined separately. The diameters of the wake zones can 

be calculated by: 

 𝐷𝑤,𝑖,𝑞(𝑥) = max(𝐷𝑖 + 2𝑘𝑒𝑚𝑒,𝑞(𝑥 − 𝑋𝑖),0) , (2.5) 

where 𝐷𝑖 denotes the rotor diameter of turbine 𝑖, 𝑞 = 1, 2, 3 corresponds to the 

three zones, 𝑚𝑒,𝑞 and 𝑘𝑒 are parameters for the wake expansion, 𝑋𝑖 is the location 
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of the turbine 𝑖 on 𝑥 axis. The effective velocity at the turbine 𝑖 can be obtained by 

combining the three wake zones of the upstream wake of turbine 𝑗: 

 

𝑢𝑀,𝑖 = 𝑢∞

(

 1 − 2√∑(𝑎𝑗∑𝑐𝑗,𝑞(𝑋𝑖)min (
𝐴𝑗,𝑖,𝑞
𝑜𝑙

𝐴𝑖
,1)

3

𝑞=1

)

2

𝑗
)

 , (2.6) 

where 𝐴𝑜𝑙 denotes the overlapping area between the wake zone 𝑞 of a specific wind 

turbine 𝑖 and the rotor sweeping area of a downstream turbine 𝑗, and 𝑐𝑖,𝑞 is the 

wake decay coefficient which can be defined by: 

 𝑐𝑖(𝑥,𝑦) =

{
 
 

 
 𝑐𝑖,1,     if |𝑟| ≤ 𝐷𝑤,𝑖,1(𝑥)/2,

𝑐𝑖,2,     if 𝐷𝑤,𝑖,1(𝑥)/2 ≤ |𝑟| ≤ 𝐷𝑤,𝑖,2(𝑥)/2,

𝑐𝑖,3,     if 𝐷𝑤,𝑖,2/2 ≤ |𝑟| ≤ 𝐷𝑤,𝑖,3(𝑥)/2,

0   ,     if |𝑟| ≥ 𝐷𝑤,𝑖,3(𝑥)/2,

 (2.7) 

where 𝑟 = 𝑦 − 𝑦𝑤,𝑖(𝑥) and 𝑦𝑤,𝑖is the downstream position of the wake center of 

turbine 𝑖 given by:  

 𝑦𝑤,𝑖 = 𝑌𝑖 + 𝛿(𝑥), (2.8) 

where 𝛿(𝑥) is the wake deflection which will be defined in Equation (2.14). The 

local wake decay in each wake zone then can be defined by: 
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𝑐𝑖,𝑞(𝑥) = (

𝐷

𝐷 + 2𝑘𝑒𝑚𝑈,𝑞(𝛾𝑖)(𝑥 − 𝑋𝑖)
)

2

, (2.9) 

where 𝑚𝑈,𝑞 is a coefficient which presents the wake decay rate of each zone, and is 

empirically derived by: 

 
𝑚𝑈,𝑞(𝛾𝑖) =

𝑀𝑈,𝑞

cos(𝑎𝑈 + 𝑏𝑈𝛾𝑖)
. (2.10) 

By involving the scaling factor in each zone, 𝑀𝑈,𝑞, it can be guaranteed that the 

velocity in the outer wake zone can recover to the free-stream conditions faster than 

the inner zone during the calculation [88]. Other definitions of the tuned parameters 

which are not given in this chapter can be referred to Ref. [77], [78]. 

 

Figure 2.4: Example of the velocity distribution of four wind turbine wakes 

obtained by the Multi-zone model. 
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The velocity distribution of the four turbines example can be found in Figure 2.4. 

The lateral velocity profile is no longer a straight line meaning that the three wake 

zones are defined and more details of the velocity in the wake can be read that 

results in the fidelity of the Multi-zone model is comparatively higher than the 

Jensen model. However, as Annoni et al. [88] point out, the Multi-zone model is 

developed from the Jensen model and the disadvantages such as the absence of 

taking turbulence intensity into account, of the momentum conservation limit the 

accuracy of the estimation of the velocity deficit. On the other hand, many tunable 

parameters are involved in this model meaning that the insufficiency of robustness 

of this model. 

2.2.3    Jimenez Wake Deflection Model 

The calculations for the wake deficit with Jensen model and Multi-zone model in 

this Chapter are combined with the Jimenez model which can be referred to 

Reference [89]. A yawed wind turbine will generate a force on the wake flow and 

lead to the wake to deflect and deform in the direction opposite to the yaw rotation 

[78]. The deflecting angle at the wake centerline is given by: 

 
𝜉(𝑥) ≈

𝜉𝑖𝑛𝑖𝑡

(1 +
2𝑘𝑑(𝑥 − 𝑋𝑖)

𝐷
)
2 , 

(2.11) 

where 𝜉𝑖𝑛𝑖𝑡 is the initial skew angle of the wake [88] defined by: 
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 𝜉𝑖𝑛𝑖𝑡 = 0.5 cos2 𝛾 sin 𝛾 𝐶𝑡, (2.12) 

and 𝑘𝑑 is a tuneable model parameter which presents the sensitivity of the wake 

deflection and the quantity of the wake direction recovered towards to the direction 

of the freestream inflow. In this chapter, we assume 𝑘𝑑 = 0.05. Gebraad et al. [78] 

integrated the tangent of the wake centerline angle over x and determined the 

lateral offset of the wake center as:  

 
𝛿(𝑥) = ∫ tanh 𝜉(𝑥) 𝑑𝑥

𝑥−𝑋𝑖

0

. (2.13) 

Then, 𝛿(𝑥) is approximated by applying the second-order Taylor series approx- 

imation of 𝜉(𝑥) as: 

𝛿(𝑥) ≈

𝜉𝑖𝑛𝑖𝑡 (15 (
2𝑘𝑑(𝑥 − 𝑋𝑖)

𝐷 + 1)
4

+ 𝜉𝑖𝑛𝑖𝑡
2 )

30𝑘𝑑
𝐷

(
2𝑘𝑑(𝑥 − 𝑋𝑖)

𝐷 + 1)
5 −

𝜉𝑖𝑛𝑖𝑡𝐷(15 + 𝜉𝑖𝑛𝑖𝑡
2 )

30𝑘𝑑
. (2.14) 

2.2.4    Gaussian Wake Model 

The Gaussian model applied in this Chapter used the self-similarity theory and 

developed based on the models described by Bastankhah et. al in [61], [79]–[83], 

[90], [91] which have been applied in many studies. Without considering the 

atmospheric stability, the three-dimensional Gaussian wake model can be briefly 

described as: 
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𝛥𝑢

𝑢∞
= (1 − √1 −

𝐶𝑡 cos 𝛾

8𝜎𝑦𝜎𝑧/𝐷2
)exp(−0.5 (

𝑦 − 𝛿

𝜎𝑦
)

2

) exp(−0.5 (
𝑧 − 𝑧ℎ
𝜎𝑧

)
2

) , 

(2.15) 

where Δ𝑢 = 𝑢∞ − 𝑢𝐺  is the velocity deficit in the wake, 𝐶𝑡 is the thrust coefficient, 

𝛾 is the yaw angle which is assumed to be 0 throughout this chapter, 𝐷 is the 

diameter of wind turbine rotor, 𝛿 is the wake center deflection at each downstream 

location and is defined in Equation (2.32), 𝑧ℎ is the height of the wind turbine hub, 

and 𝜎𝑦 and 𝜎𝑧 denote to the wake widths in the cross-stream and vertical directions 

respectively as defined in Equation (2.16) and Equation (2.17).  

 𝜎𝑧 = 𝑘𝑧(𝑥 − 𝑥0) + 𝜎𝑧0, (2.16) 

 𝜎𝑦 = 𝑘𝑦(𝑥 − 𝑥0) + 𝜎𝑦0, (2.17) 

where 𝑘𝑧 defines the wake expansion in 𝑧 direction and 𝑘𝑦 defines the wake 

expansion in 𝑦 direction. The values of 𝑘𝑧 and 𝑘𝑦 are determined as a function of 

the turbulence intensity, 𝑇𝐼, which will be defined in Equation (2.24) and the 

empirical expression of this function is introduced by Niayifar and Porté-Agel [80] 

as: 

 𝑘𝑦, 𝑘𝑧 = 0.38 𝑇𝐼 + 0.004, (2.18) 
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which can match the results obtained by large eddy simulation (LES). Since the 

absence of local turbulence intensity does not impact the general trends in practice 

and will lead to extra discontinuities on the contrary, the Gaussian wake model in 

FLORIS ignores the local turbulence intensity. Furthermore, 𝑥0 is the start point of 

far-wake region where the velocity distribution starts to present the characteristic of 

self-similarity, can be defined by: 

 
𝑥0 =

𝐷(1 + √1 − 𝐶𝑡)

√2(𝛼 𝑇𝐼 + 𝛽(1 − √1 − 𝐶𝑡))
, (2.19) 

where 𝛼 = 0.58, 𝛽 = 0.077. Same as 𝑥0, the “0” in 𝜎𝑧0 and 𝜎𝑦0 denote the initial 

value at the beginning of far wake, which can be obtained by 

 

𝜎𝑧0 =
𝐷

2
√

𝑢𝑅
𝑢∞ + 𝑢0

, (2.20) 

and 

 𝜎𝑦0 = 𝜎𝑧0 cos 𝛾. (2.21) 

Here, because we do not consider yaw control in this study (cos 𝛾 = 1), that will 

lead to 𝜎𝑦 = 𝜎𝑧 consequently. The velocity at the turbine rotor, 𝑢𝑅 and the velocity 

behind the rotor, 𝑢0, in Equation (2.20) are defined by 

 
𝑢𝑅 =

𝑢∞𝐶𝑡

2.0(1 − √1 − 𝐶𝑡)
, (2.22) 
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and 

 𝑢0 = 𝑢∞√1 − 𝐶𝑡. (2.23) 

The Gaussian wake model presented above can perform well on getting the velocity 

deficits in far-wake, however it can cause problems if one directly applies it on 

solving near-wake. Thomas and Ning [90] introduced a linear interpolation of the 

velocity deficit from the rotor hub to the length of the wake potential core for the 

Gaussian wake model in FLORIS, that can help on maintaining the Gaussian shape 

of the wake all the way to the rotor location. In the end, the wakes are combined 

using the traditional sum of squares method introduce in Reference [92]. 

2.2.4.1    Added Turbulence Intensity 

The effects of the interaction between wind turbine wakes and atmospheric 

boundary-layer turbulence have great importance in the performance of wind 

turbines and wind farm layout optimization [93]. Bastankhah and Porté-Agel [61] 

showed that the propositional relationship between the wake growth rate and the 

turbulence intensity. In another word, in a condition with higher value of ambient 

turbulence intensity, the wakes recover faster than in a non-turbulent atmosphere. 

That can be easily understand by that higher incoming turbulence enhances the 

mixing processes of the flow and results in faster wake recovery in downstream. In 

Ref. [80], Niayifar and Porté-Agel pointed out that the constant wake growth rate is 

not realistic and provided an empirical model for the added turbulence intensity for 
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the turbulence intensity in the wake. The added turbulence intensity is involved in 

this wake model in FLORIS and has the following relationship with the turbulence 

intensity in the wake in Equation (2.18) and the ambient turbulence intensity: 

 

𝑇𝐼 = √∑(𝑇𝐼𝑖
+)2 + 𝑇𝐼0

2

𝑁

𝑗=0

 (2.24) 

where subscript 𝑤 denotes wake, 𝑁 is the number of turbines which considered are 

able to influence the turbulence intensity of the downstream turbines, 𝑇𝐼0 is the 

ambient turbulence intensity. Note that the model used in FLORIS considers the 

effects attribute to the distance within 15D from upstream wind turbine [88] and the 

numerical and experimental studies have shown that the added turbulence intensity 

reaches an equilibrium point after 2-3 wind turbine rows in the wind farm [94], 

[95]. 

FLORIS provides the model for getting the added turbulence intensity based on the 

model developed by Crespo and Hernández [96] and can be expressed as: 

 
𝑇𝐼+ =

1

2
𝑎0.8𝑇𝐼0

0.1 (
𝑥

𝐷
)
−0.32

, (2.25) 

where 𝑎 is the axial induction factor which has been given in Equation (2.4). The 

parameters in Equation (2.25) are tunable and could be vary in the following 

chapters. The values used in different chapters can be checked in Appendix A. 
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2.2.4.2    Atmospheric Stability 

The atmospheric stability has significant effects in generating wind turbine wakes 

including velocity deficit, turbulence statistics and the wake development in 

downstream [79]. As a result, the power generation of the wind turbine is low in a 

stable atmosphere condition [97]. Thus, the Gaussian model in FLORIS accounts 

for the atmospheric stability and the streamwise velocity profile is described by 

 𝑢∞
𝑢(𝑧)

= (
𝑧

𝑧ℎ
)
𝛼𝑠

, (2.26) 

where 𝛼𝑠 is the shear coefficient and 𝑢(𝑧) is the initial velocity at the hub height. 

The simplified model can present the various condition of atmosphere stability, i.e., 

while the turbine in stable air conditions, 𝛼 > 0.2, the turbine in unstable air 

conditions, 𝛼 < 0.2. For the spanwise component, the effects of veer have been 

considered. Changing of wind direction across the rotor can be presented by adding 

the rotation factors to Equation (2.15) and it can be rewritten as: 

𝑢𝐺
𝑢𝑖𝑛𝑖𝑡

= 1 − 𝐶exp(
−𝑎(𝑦 − 𝛿)2 + 2𝑏(𝑦 − 𝛿)(𝑧 − 𝑧ℎ) − 𝑐(𝑧 − 𝑧ℎ)

2

2𝜎2
) , (2.27) 

where 𝜎 is the standard deviation of the wake, and 𝐶 is given by: 

 

𝐶 = 1 − √1 −
𝐶𝑡 cos 𝛾

8𝜎𝑦𝜎𝑧/𝐷2
, (2.28) 
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as the velocity deficit at the wake center. The 𝑎, 𝑏 and 𝑐 in Equation (2.15) can be 

expressed in: 

 
𝑎 =

cos2 𝜙

2𝜎𝑦2
+
sin2𝜙

2𝜎𝑧2
, (2.29) 

 
𝑏 = −

sin 2𝜙

4𝜎𝑦2
+
sin 2𝜙

4𝜎𝑧2
, (2.30) 

and 

 
𝑐 =

sin2𝜙

2𝜎𝑦2
+
cos2 𝜙

2𝜎𝑧2
, (2.31) 

where 𝜙 is the amount of veer across the rotor when this equation represents a 

standard Gaussian rotation [88]. In this Chapter, 𝜙 = 0. 

The example of the velocity distribution obtained by the Gaussian model is 

presented in Figure 2.5. The symmetrical structure can be observed in this contour 

plot, and the velocity in the wake recovered faster than them in Figure 2.2 and 

Figure 2.4. This feature will result in the increase on the estimated power 

production of the downstream wind turbines. 
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Figure 2.5: Example of the velocity distribution of four wind turbine wakes 

obtained by the Gaussian model. 

 

2.2.5    Gaussian Wake Deflection Model 

The wake deflection model applied along with the Gaussian model can be referred 

to Ref. [86], [91]. The angle of wake deflection at the wind turbine rotor is defined 

as: 

The initial wake deflection is given by: 

 𝛿0 = 𝑥0 tan 𝜃 , (2.33) 

where 𝑥0 has been defined in Equation (2.19). The total wake deflection due to 

 
𝜃 ≈

0.3𝛾

cos 𝛾
(1 − √1 − 𝐶𝑡 cos 𝛾), (2.32) 
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 the wake steering is defined by: 

 

𝛿 = 𝛿0 +
𝛾𝐸0
5.2

√
𝜎𝑦0𝜎𝑧0

𝑘𝑦𝑘𝑧𝐶𝑡
ln

[
 
 
 (1.6 + √𝐶𝑡) (1.6√

𝜎𝑦𝜎𝑧
𝜎𝑦0𝜎𝑧0

−√𝐶𝑡)

(1.6 − √𝐶𝑡) (1.6√
𝜎𝑦𝜎𝑧
𝜎𝑦0𝜎𝑧0

+√𝐶𝑡)]
 
 
 

, (2.34) 

where 

 
𝐸0 = 𝐶0

2 − 3𝑒
1
12𝐶0 + 3𝑒

1
3. (2.35) 

The interested readers are referred to Ref. [91] for detailed derivation. 

2.2.6    Gaussian-Curl Hybrid Wake Model 

A curled wake is a phenomenon that while one wind turbine is yawed, a pair of 

counter-rotating vortices which shed from the top and bottom of the turbine rotor 

and moved the wake to the sides [84], [91]. These vortices then affect the 

performance of wake steering (redirection of the wake through yaw mis- 

alignment) [98] then lead to the perturbation on the power production of wind 

turbines [78], [99], [100]. A wake model has been developed by Martínez-Tossas 

and Annoni et al. [84] based on the linearized Navier–Stokes equations with some 

approximations, and has been incorporated to the FLORIS framework. However, 

the RANS-like implementation of this model significantly increases the cost of 

computation. King and Fleming et al. [86] proposed a hybrid wake model of the 
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Gaussian model and the curl model mentioned above with some modification and 

analytic approximations, known as the Gaussian-Curl Hybrid (GCH) model. 

As it is indicated with its name, the velocity deficit and wake deflection are 

powered by the Gaussian model. The spanwise and vertical velocity components 

are involved for wake rotation as well as the secondary steering. The Lamb-Oseen 

vortex is used to model the effects of rotation near the center of the rotor. The 

circulation strength for the wake rotation vortex is defined as: 

 
Γ𝑤𝑟 =

𝜋(𝑎 − 𝑎2)𝑢∞𝐷

𝜆
 (2.36) 

where 𝑎 is the induction factor based on the thrust coefficient from standard 

actuator disk theory, 𝜆 is the tip speed ratio [101]. That results in the spanwise and 

vertical velocities can be given by: 

𝑉𝑤𝑟 =
Γ𝑤𝑟(𝑧 − 𝑧ℎ)

2𝜋((𝑦 − 𝑦0)2 + (𝑧 − 𝑧ℎ)2)
(1 − exp

−((𝑦 − 𝑦0)
2 − (𝑧 − 𝑧ℎ)

2)

𝜖2
) , 

(2.37) 

and 

𝑊𝑤𝑟 =
Γ𝑤𝑟(𝑦 − 𝑦0)

2𝜋((𝑦 − 𝑦0)2 + (𝑧 − 𝑧ℎ)2)
(1 − exp

−((𝑦 − 𝑦0)
2 + (𝑧 − 𝑧ℎ)

2)

𝜖2
) , 

(2.38) 
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where 𝑦0 is the spanwise position of the turbine, 𝜖 = 0.2𝐷 is the size of the vortex 

core. The circulation strength of the counter-rotating vortices can be 

defined by: 

 Γ(𝛾) =
𝜋

8
𝜌𝐷𝑢∞𝐶𝑡  sin 𝛾 cos 𝛾

2 , (2.39) 

where 𝜌 is the air density. Similarly, the spanwise velocities generated at the 

top and bottom of the wind turbine rotor can be obtained by: 

 
𝑉𝑡𝑜𝑝 =

Γ(𝑧 − 𝑧ℎ + 𝑟)

2𝜋((𝑦 − 𝑦0)2 + (𝑧 − (𝑧ℎ + 𝑟))2)
 

        (1 − exp
−((𝑦 − 𝑦0)

2 − (𝑧 − (𝑧ℎ + 𝑟))
2)

𝜖2
) , 

(2.40) 

and 

 
𝑉𝑏𝑜𝑡𝑡𝑜𝑚 =

Γ(𝑧 − 𝑧ℎ − 𝑟)

2𝜋((𝑦 − 𝑦0)2 + (𝑧 − (𝑧ℎ − 𝑟))2)
 

              (1 − exp
−((𝑦 − 𝑦0)

2 − (𝑧 − (𝑧ℎ − 𝑟))
2)

𝜖2
) , 

(2.41) 

where 𝑟 = 𝐷/2 is the turbine radius. Next, the spanwise velocity of the wake can 

be summed linearly by those components: 

 𝑉𝑤𝑎𝑘𝑒 = 𝑉𝑡𝑜𝑝 + 𝑉𝑏𝑜𝑡𝑡𝑜𝑚 + 𝑉𝑤𝑟 . (2.42) 
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Similarly, the vertical velocity can be given by: 

 
𝑊𝑡𝑜𝑝 =

Γ(𝑦 − 𝑦0)

2𝜋((𝑦 − 𝑦0)2 + (𝑧 − (𝑧ℎ − 𝑟))2)
 

         (1 − exp (
−((𝑦 − 𝑦0)

2 + (𝑧 − (𝑧ℎ − 𝑟))
2)

𝜖2
)) , 

(2.43) 

and 

 
𝑊𝑏𝑜𝑡𝑡𝑜𝑚 =

Γ(𝑦 − 𝑦0)

2𝜋((𝑦 − 𝑦0)2 + (𝑧 − (𝑧ℎ − 𝑟))2)
 

               (1 − exp (
−((𝑦 − 𝑦0)

2 + (𝑧 − (𝑧ℎ − 𝑟))
2)

𝜖2
)) . 

(2.44) 

The total vertical velocity is then computed as: 

 𝑊𝑤𝑎𝑘𝑒 = 𝑊𝑡𝑜𝑝 +𝑊𝑏𝑜𝑡𝑡𝑜𝑚 +𝑊𝑤𝑟 . (2.45) 

The added turbulence to the flow by the wake leads to the decay of these Lamb-

Oseen vortices and causes faster recovery to the free-stream wind velocity [102]. 

Finally, the velocities by considering the dissipation of the vortices can be 

computed by: 

 

𝑉 = 𝑉𝑤𝑎𝑘𝑒 (
𝜖2

4𝜈𝑡(𝑥 − 𝑥0)
𝑢∞

+ 𝜖2
) , (2.46) 

and 



 

44 

 

𝑊 = 𝑊𝑤𝑎𝑘𝑒 (
𝜖2

4𝜈𝑡(𝑥 − 𝑥0)
𝑢∞

+ 𝜖2
) , (2.47) 

where 𝜈𝑡 is the turbulent viscosity, which is defined by: 

 
𝜈𝑡 = 𝑙𝑚

2 |
𝜕𝑢

𝜕𝑧
|. (2.48) 

Then the mixing length, 𝑙𝑚
2  , for flows in the atmospheric boundary layer can be 

given by: 

 𝑙𝑚 =
𝜅𝑧

1 +
𝜅𝑧
𝜆𝑡

 
(2.49) 

where 𝜅 = 0.41 is the von Kármán constant, 𝜆𝑡 = 𝐷/8 is the value of the mixing 

length in the free atmosphere [29]. 

While the wind turbine is in the condition of misalignment, the wake recovers more 

due to the air entrainment into the wind farm field. King and Fleming, et al. [31] 

added the wake recovery with the vertical velocity, 𝑊, based on the momentum 

conservation to the wake velocity 𝑢, and it can be expressed as: 

 
𝑢 = 𝑢𝐺 +

𝑊(𝑥 − 𝑥0)

𝑘𝑦(𝑥 − 𝑥0) + 𝑟
, (2.50) 

where 𝑢𝐺  is obtained by Equation (2.15), and 𝑘𝑦 is defined by Equation (2.18). 
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In addition to the Gaussian wake deflection model introduced in Section 2.2.5, the 

GCH model extends its capability with modeling the secondary steering [31]. The 

secondary steering phenomenon can be briefly described by while the wind turbine 

is yawed, the vortices it generated will affect the downstream wind turbine and 

result in a deflected wake appears on this downstream wake even though it is 

aligned to the incoming flow [44]. That can be considered as an effective yaw angle 

applied on the downstream turbine, 𝛾𝑒𝑓𝑓, which is obtained by: 

𝛾𝑒𝑓𝑓 = argmin|�̅� − 𝑉𝑒𝑓𝑓|, (2.51) 

where �̅� is the mean spanwise velocity on the rotor sweeping area and 𝑉𝑒𝑓𝑓 is the 

spanwise velocity re-defined by the yaw angle: 

 𝑉𝑒𝑓𝑓 = 𝑉𝑤𝑎𝑘𝑒(𝛾), (2.52) 

where the yaw angle 𝛾 here is an array between −45° and +45°. In the end, the 

total yaw angle in Section 2.2.5, 𝛾, can be corrected by: 

 𝛾 = 𝛾𝑡𝑢𝑟𝑏 + 𝛾𝑒𝑓𝑓, (2.53) 

where 𝛾𝑡𝑢𝑟𝑏 is the yaw angle the turbine is actually applying. Unintroduced details 

with respect to the CGH model can be referred to the work in Ref. [86]. 

Figure 2.6 illustrates the Gaussian-based wake by adding wake rotation (effects due 

to yaw misalignment are not involved since 𝛾 = 0 in this case), i.e., velocity 
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distribution calculated with the Gaussian-Curl Hybrid model. It seems like there is 

not a visible difference compared to Figure 2.5. That should be further investigated 

with the optimization for the power production in the following sections.  

 

Figure 2.6: Example of the velocity distribution of four wind turbine wakes 

obtained by the Gaussian-Curl Hybrid model. 

 

2.3    Performance on Computational Time of Single Wake 

Simulation 

The models above are used in a computational experiment to compare the time cost 

of implementation of wake calculation. The computational cost of each model 

implemented on calculating the wake is shown in Table 2.1. The time cost of each 

model has been non-dimensionalized based on the time cost of the Jensen model, 

since the Jensen model is the fastest model used in this study. The calculation of 

each wake model is repeated 10 times and an average value is reported for 



 

47 

comparison purposes. All the studies in this study are carried on a Mac mini device 

with the standard Apple M1 chip and 8 Gb memory. 

Table 2.1: Run time performance of wake models on calculating wakes 

Wake model Jensen Multi-zone Gaussian GCH 

Time cost 1.0 1.21 2.70 10.75 

 

Table 2.1 indicates that how expensive a high complexity wake model can be 

compared to a low complexity model such as the Jensen model. As seen, the GCH 

model is the most expensive wake model, because of the additional calculation of 

the spanwise and vertical velocity components are involved. It should be noted that 

the four models calculate the wake deflection by default if there is not a specified 

modification. In this work, we do not consider the yaw control and thus, the wake 

deflection can be eliminated. If accounted for the wake deflection, the resulting 

values will be smaller than those listed in Table 2.1. The wake decay constant in 

the Jensen model and Multi-zone model are set as 0.05, as suggested in Ref. [103] 

for offshore wind. 

2.4    Wind Farm Modeling 

The wind farm model is referred to the one in Mosetti’s study [30] to keep the 

consistency for the investigations in the future, but some necessary modifications 

are made. The wind turbines in the reference were sitting in a 2000 m × 2000 m 
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wind farm and the layout was discretized into a 10 × 10 grid. Thus, each cell has a 

cell width of 200 m, or 5D where D denotes the wind turbine rotor diameter of 40 

m. The binary genetic algorithm was applied in the study meaning that the turbines 

were only allowed to be installed in the cell centers, which indicates a minimum 

distance between wind turbines is 5D. Thus, in our study, we consider a constraint 

of minimum of distance between the turbines. In this study, a continuous algorithm 

is implemented to search the optimal placement of the turbines which will result in 

a search that is not limited to the mesh. For keeping consistent with the previously 

published literature, we narrow the wind farm down to an 1,800 m ×1,800 m area. 

2.5    Scenarios 

Three scenarios which are the same as those considered in Mosetti’s [30] and 

Grady’s [57] studies, are considered for this study and summarized as follows. The 

topography of the wind farm is assumed as offshore. 

Case 1: A constant ambient wind speed of 12 m/s blown from a single incident 

wind direction of North (0
○
). The wind farm contains 30 wind turbines. 

Case 2: A constant wind speed of 12 m/s blown in variable wind directions from 0
○
 

to 360
○
. These directions are divided into 36 angles with 10

○
 increments between 

two adjacent directions. The fraction of occurrence of each wind direction is 

assumed to be equal, which is actually 1/36. Thirty-nine wind turbines are 

projected to be installed in this layout. 
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Case 3: Variable wind speed of 8, 12 and 17 m/s and variable wind directions same 

as those in Case 2. The fraction of occurrence for each angle at each wind speed 

can be read by the wind rose plot, see Figure 2.7. The probability of the event is 

assumed higher at larger wind speed, and the higher fraction of occurrence is more 

prominent around Northwest, i.e., the angles between 270
○
 to 350

○
. The number of 

turbines is considered as 39, similar to Case 2. 

 

Figure 2.7: Wind rose plot for case 3. 

 

2.6    Optimization Procedure 

The numerical procedures are carried in the FLORIS framework and the program is 

written in Python. The FLORIS tool carries out the wake calculations and the 
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optimization are implemented by SciPy [104] which is an open-source Python 

based software. 

2.6.1    Objective Function 

The objective is to maximize the AEP extracted from the wind farm with a fixed 

number of turbines. The wind turbine specification in the present study are the 

same as those listed in Ref [30], [57]. The details of these specifications can be 

found in Table 2.2. 

Table 2.2: Wind turbine specifications 

Parameters Values 

Hub height (z) 60 m 

Rotor diameter (D) 40 m 

Thrust coefficient (Ct) 0.88 

 

The power generation of a single wind turbine is given by Equation (1.2) in 

Chapter 1. But for the convivence of reading this chapter, it is repeated here as: 

 𝑃 =
1

2
𝜌𝐶𝑝𝐴𝑢

3, 
(2.54) 

where 𝐶𝑝 is the power coefficient of wind turbines defined as 0.4 [69], 𝜌 is the air 

density (1.2 kg/m3), 𝐴 is the swept area of rotor, 𝑢 represents the average wind 

speed at the rotor. The results in the above equation can be converted to: 
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𝑃 =

1

2
× 0.4 × 1.2 × 𝜋 × 202 × 𝑢3 = 0.3𝑢3 (kW), (2.55) 

The AEP can be then obtained as: 

 𝐴𝐸𝑃 = 8,760 ×∑∑𝑃(𝑑𝑖, 𝑣𝑖)𝑓(𝑑𝑖, 𝑣𝑖)

𝑣𝑖

,

𝑑𝑖

 (2.56) 

where 8,760 is the accumulated hours in a year (assuming the turbine can work 

continuously), 𝑑𝑖 is the wind directions, 𝑣𝑖 is the wind speeds, 𝑃 is the power 

production in an hour under the combination of the wind direction and wind speed 

with the velocity deficit, and 𝑓 is the joint fraction of occurrence of 𝑑𝑖 and 𝑣𝑖. For 

comparison with the previous studies, the wind farm efficiency (defined by 

Equation (2.57)) is calculated: 

 
𝜂 =

∑ 𝑃𝑖
𝑁
1

𝑁𝑃0
, (2.57) 

where 𝑁 is the number of wind turbines, and 𝑃0 the ideal power of generation 

without wake loss. By introducing wind farm efficiency, one can easily observe the 

impact caused by velocity deficit on the farm-wide power generation. 

2.6.2    Optimization Algorithm 

The optimization procedures are carried by the Sequential Least SQuares 

Programming (SLSQP) algorithm built in SciPy. The SLSQP optimizer uses the 

Han–Powell quasi–Newton method with a Broyden–Fletcher–Goldfarb–Shanno 
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(BFGS) algorithm update of the B–matrix and an L1–test function in the step–

length algorithm and deals with constrained minimization problems of the form: 

 min
𝑥
𝑓(𝑥) :

subject to: 𝑐𝑗(𝑥) = 0,   𝑗 = 𝐸

𝑐𝑗(𝑥) ≥ 0,   𝑗 = 𝐼

𝑙𝑏𝑖 ≤ 𝑥𝑖 ≤ 𝑢𝑏𝑖, 𝑖 = 1, … , 𝑁,

 (2.58) 

where 𝐸 and 𝐼 are sets of indices containing equality and inequality constraints, 𝑙𝑏 

and 𝑢𝑏 refer to low bounds and up bounds. More details of the algorithm can be 

checked in [87]. 

The numbers of turbines are the same as those of the Grady’s study. Thus, 

assuming the number of wind turbines is N, the number of variables in the 

optimization procedure is 2N. 

In a 2-dimensional perspective, the constraints on the turbine positions are: 

 

{
𝑔(𝑧) = (𝑥𝑖 − 𝑥𝑘)

2 + (𝑦𝑖 − 𝑦𝑘)
2 − 𝑑min

2 ≥ 0, ∀𝑖 ≠ 𝑘 

0 ≤ 𝑥𝑖 ≤ 𝑙,
0 ≤ 𝑦𝑖 ≤ 𝑙,

 (2.59) 

where 𝑔(𝑧) is the constraint between the 𝑖𝑡ℎand 𝑘𝑡ℎ turbines, 𝑖, 𝑘 ∈  {1,2, . . . , 𝑁} 

and 𝑙 is the width of the wind farm. 
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2.7    Results and Discussions 

As previously mentioned, the wake models used in the following comparative 

studies are the Jensen wake model, Multi-zone wake model, Gaussian wake model 

and GCH wake model. The initial layouts are generated randomly, once the optimal 

layout is found, other wake models are implemented on the same layout to 

recalculate the velocity distribution in wakes. Again, this Chapter is aimed to 

compare the wake models in the FLORIS framework. Each case with each wake 

model is repeated multiple times and the highest value is selected for presenting. 

2.7.1    Case 1 

Table 2.3: Wind farm efficiency calculated by different wake models in Case 1 

Wake models Jensen Multi-zone Gaussian GCH 

Jensen 98.64% 85.33% 97.01% 97.03% 

Multi-zone 98.58% 86.21% 96.52% 96.58% 

Gaussian 97.28% 84.93% 98.42% 98.42% 

GCH 97.17% 84.97% 98.29% 98.28% 

 

Table 2.3 shows the farm efficiency calculated by different wake models. The wake 

models listed in the first column are the ones used in the runs of optimization, and 

the models listed on the first row correspond to the ones used in the recalculation. 

In other words, the values on a single row are calculated based on the same optimal 

layout implemented with the wake model showed on the left. The optimal 
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placement of wind turbines calculated based on each candidate model are presented 

in Figure 2.8. 

Overall, the optimal power production calculated by the multi-zone model is the 

lowest among these four models both in the same optimization procedure as well as 

the recalculation of the optimal layouts. This is an indication that the multi-zone 

model needs to be adjusted in addition of simply inputting the parameters via the 

input file. The reason of the poor performance by the Multi-zone model is the fact 

that it requires manual tuning of multiple parameters in the solver using a CFD 

software, e.g., NREL’s open-source software: Simulator for Wind Farm 

Applications (SOWFA) [78]. However, as the simplified wind turbine model 

referenced in this study provides few parameters (compared to the need of 13 

parameters for tunning [88]), it is unable to tune the solver adequately. The current 

multi-zone model is tuned to match the NREL 5MW wind turbine, meaning that it 

could not be directly applied to the calculation with the wind turbine model used in 

this study. But the characteristics with respect to the optimization other than the 

wake accuracy can also be observed. 
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(a) Jensen model 

 
(b) Multi-zone model 

 
(c) Gaussian model 

 
(d) GCH model 

Figure 2.8: The optimal wind farm layout obtained by variety of wake models in 

Case 1 

 

The optimized layouts obtained by the Jensen-based model (Jensen model and 

multi-zone model) present higher farm efficiency than the layouts obtained by the 

Gaussian-based models (Gaussian model and GCH model). This observation 

indicates that the difference in the theorem of analytical wake models used in the 
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WFLO problems, not only impact the accuracy of the prediction for velocity 

deficit, but also influence the optimization process. The efficiency of the optimized 

layout obtained with the GCH wake model is similar to the Gaussian model. 

The nuances among the values provided by the Gaussian model and the GCH 

model in Table 2.3 indicates that the value added by the GCH model is not 

considerable for this case. One explanation could be the turbines are placed 

separately instead of aligned, which leads to the impact of the wake rotation from 

upstream turbines is small on the downstream turbine. In addition, the upstream 

turbines are not yawed which is another reason for the slight difference between the 

results from the two models. 

The Jensen-based models evaluate the velocity greater than the Gaussian-based 

models which is reasonable since the Jensen model underestimates the velocity 

deficit at the center of the wake. But in the results obtained by the Gaussian-based 

models, the values of efficiency recalculated by the Jensen-based models become 

lower which is against the conjecture above. As seen in Figure 2.8, the optimizer 

considers placing the turbines separately with the Jensen model, but in the layouts 

obtained by the Gaussian-based models, the turbines can be seen closer along x-

axis. That is reasonable since the velocity deficit predicted by the Gaussian wake 

model recovers faster in the radial direction (a narrower wake) compared to the 

Jensen model with its top-hat structure of wakes [105]. With the model assuming a 

narrower wake, the optimizer is able to move turbines closer to each other [106], as 
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an explanation of the smaller farm efficiency of the layout obtained with the other 

three models recalculated by the Jensen model in Table 2.3. Furthermore, it can be 

found that the distances along y-axis between turbines in the layout obtained by the 

Jensen model is larger than that in the layouts obtained with the Gaussians. In the 

optimization with the Jensen model, the space in x-direction is limited for placing 

wind turbines because of the wider wake shape. On the other hand, the distances 

between the turbine locations upstream and downstream should be long enough for 

less impact by the wake and higher power generation [107] during the optimization 

process, which results in longer distances in y-direction between wind turbines in 

the layout optimized with the Jensen model. As mentioned, the wind only blows 

from North in this case and the objective function is maximizing AEP. 

2.7.2    Case 2 

The wind condition in Case 2 is more complicated than the one presented in Case 

1. For this case, it is assumed that the wind blows from 36 different directions, but 

the wind speed and the fraction of occurrence maintain the same in each direction, 

and 39 wind turbines are installed in the wind farm. 

The wind farm efficiencies calculated by different wake models for Case 2 are 

presented in Table 2.4.  
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Table 2.4: Wind farm efficiency calculated by different wake models in Case 2 

Wake models Jensen Multi-zone Gaussian GCH 

Jensen 87.91% 77.61% 91.44% 91.46% 

Multi-zone 86.74% 77.29% 91.01% 91.03% 

Gaussian 84.60% 78.20% 90.39% 90.40% 

GCH 85.07% 78.54% 90.68% 90.69% 

 

The power production calculated by the Jensen model is lower than the Gaussian-

based model in this case. The impacts of the inherent characteristics of the models 

in underestimating or overestimating the velocity deficits in the wake zone are 

obvious due to the multiple wind directions and the limited space available for 

installing the wind turbines (note that the Jensen model assumes a wider wake 

area). Also, the values of efficiency for each optimized layout in Table 2.4 re-

calculated by the Jensen model present stronger fluctuation (more than 2%) 

indicating the Jensen model is more sensitive to the variation of the wind turbine 

micro-sittings compared to the other models. This could be a result of the decreased 

accuracy of the Jensen model due to its simplification of physics (neglecting 

momentum conservation), compared to the Gaussian-based models. The difference 

of the power generation between the Gaussian wake model and the GCH wake 

model is still very small, even smaller than the results presented for Case 1. Since 

the Gaussian model and the GCH model share the same tuning parameters, the 

uniformity indicates that the advantage of GCH model is not able to be expressed 
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in this kind of scenarios. At the same time, the computational cost of the GCH 

model is noticeably larger than the Gaussian model.   

The layout optimized by the Jensen model yields the highest efficiency among the 

results calculated by the same model. As shown in Figure 2.9, the layout optimized 

by the Jensen model has more turbines on boundaries where the free stream 

velocity is maximum, leading to a higher power generation. In addition, as 

mentioned, the Jensen model presents a relatively high deviation when it is applied 

on the re-evaluation. That can also be explained by close inspection of Figure 2.9, 

in which the wind turbines are placed closer to each other in the layouts generated 

by the other three wake models relative to the Jensen model. The Gaussian-based 

model provided the maximum efficiency of around 90% with the SLSQP 

optimization algorithm for this case. 
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(a) Jensen model 

 
(b) Multi-zone model 

(c) Gaussian model 
 

(d) GCH model 

Figure 2.9: The optimal wind farm layout obtained by variety of wake models in 

Case 2 

 

2.7.3    Case 3 

Case 3 mimics a realistic wind conditions by considering multiple directions and 

wind speeds. The wind data shows higher wind speeds prevail and the primary 
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wind direction is from the northwest, as seen in Figure 2.7. The wind farm layout is 

configured by 39 wind turbines. 

In Table 2.5, the Jensen model presents a similar behavior as observed for Case 2, 

i.e., the optimal layout achieved with the Jensen model yields the highest farm 

efficiency in the re-evaluation for the four optimal layouts. 

Table 2.5: Wind farm efficiency calculated by different wake models in Case 3 

Wake models Jensen Multi-zone Gaussian GCH 

Jensen 87.48% 77.59% 91.42% 91.44% 

Multi-zone 87.02% 78.10% 91.42% 91.43% 

Gaussian 85.75% 79.31% 91.23% 91.23% 

GCH 86.01% 79.27 % 91.34% 91.35% 

 

The layout obtained by the multi-zone model provides slightly higher efficiency 

than the one provided with the Jensen model in the cases of re-calculation by 

Gaussian model and GCH model (similar observations in Case 2). The difference 

between the re-evaluated values of efficiency between the Jensen model and the 

Gaussian-based model is still large, but not considerably increased. However, the 

total power gain has a slight growth due to the higher prevailing wind speed. Ref. 

[86] mentioned the difference magnitude on performance between the Gaussian and 

the GCH model depends on the freestream turbulence intensity. Thus, a comparison 
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of turbulence intensity is made based on the layout obtained by the GCH model 

with increasing the turbulence intensity from 0.06 to 0.1. 

Table 2.6: Wind farm efficiency calculated based on different turbulence intensity 

by the Gaussian wake model and the GCH wake model 

Turbulence Intensity Gaussian GCH 

0.06 89.53% 89.57% 

0.1 91.34% 91.35% 

 

The results are presented in Table 2.6. As seen, the efficiency obtained with higher 

inflow turbulence intensity (0.1) is around 2% larger, since higher inflow 

turbulence intensity facilitates faster wake recovery [108]. Furthermore, the 

deviation presented on the wind farm efficiency between the Gaussian wake model 

and the GCH wake model is larger with the lower turbulence intensity. 

Since the wind is likely blown from the Northwest, it is expected to install the 

upstream turbines along that direction and the downstream turbines will be placed 

separately to avoid velocity deficit. This tendency can be observed in Figure 2.10. 

Still, the optimizer placed more wind turbines on the boundaries with the Jensen 

model, but that does not result in a higher AEP compared with the Gaussian-based 

wake models. 
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(a) Jensen model 

 

(b) Multi-zone model 

(c) Gaussian model 

 

(d) GCH model 

Figure 2.10: The optimal wind farm layout obtained by variety of wake models in 

Case 3 
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2.8    Conclusions 

The present study provides a comparison between the computational cost of an 

evaluation of the wake deficits in a wind farm under the same wind condition 

implemented with several selected wake models from the FLORIS tool. The 

comparative investigations are studied based on three scenarios with complexities 

of the wind conditions from low to high (similar to the Grady's study). The findings 

from this study can be summarized as below. 

A quantitative reference is provided which shows that the run time of the Gaussian 

wake model is 2.7 times of the run time of the Jensen model, and the Gaussian-curl 

hybrid model requires 10.75 times of the run time of the Jensen model as it 

considers the effects from the spanwise and vertical components of velocity in the 

calculation for wake.  

It has been observed that the multi-zone model has trouble in solving the particular 

cases discussed in this chapter. The user may need to modify the parameters of the 

model in the source code instead of only adjusting those in the input file to work 

with wind turbines other than the NREL 5MW turbine that is available by default, 

which requires additional work.  

The Gaussian-curl hybrid model which derived to promote model accuracy by 

increasing the complexity, i.e., considering the effects of wake rotation and 

secondary wake steering presents limited difference compared with the basic 
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Gaussian model. While doing the wind farm layout optimization without 

considering the yaw controls on wind turbines, the tradeoff of accuracy and time 

cost should be taken into account.  

Overall, FLORIS is an excellent tool which is multi-functional and easy for 

manipulation on general wind farm layout optimization studies. Considering the 

complexity and time cost, the Gaussian wake model in FLORIS is recommended 

for the users doing WFLO without accounting for the yaw control. With these 

capabilities, more studies with respect to wind farm design and control can be 

carried out to accelerate the construction of wind energy power plants and reduce 

carbon emissions. 
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Chapter 3  
 

Comparative Studies for the Multi-

stage Approaches 

3.1    Introduction 

Besides developing advanced wind turbine rotors through understanding the 

aerodynamics of the turbine blades, optimizing the wind farm configuration and/or 

operation control in order to maximize the power production and/or minimize the 

system's cost is of great significance. With the flourishing installations of new wind 

farms, the available lands or territorial waters becoming limited. The investment of 

a wind farm must be carefully considered with regard to many factors, such as wind 

resource, availability of land, topography, access to roads, electric transmission 

lines, etc. to achieve the optimum return on investment [109], [110]. In addition, 

negative consequences due to the wake effects due to improper turbine placement 

in a wind farm have been proved by various approaches [53]–[56]. Thus, the 

optimization of the placement of wind turbines in a wind farm has been a crucial 
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step prior to the construction of the wind farm, as the wind turbines are unmovable 

during their lifetime once installed.  

Since the wind farm layout optimization (WFLO) problem is a complicated non-

linear and non-convex problem, the studies with respect to WFLO mainly 

concentrated on developing the optimization algorithms. The approaches applied to 

achieve the optimized wind farm layouts can be categorizes as mathematical 

programming methods and heuristic methods. Azlan et al. [58] classified the 

heuristic optimization algorithms that are used in WFLO into four categories: 

genetic algorithm (GA)-based, particle swarm optimization (PSO)-based, Greedy 

algorithm-based and others. 

Mosetti et al. [30] were pioneers in using the binary-coded GA in solving WFLO 

problems. Subsequently, many studies were conducted based on different variants 

of this algorithm. The PSO was inspired by the analogy of fish schooling and bird 

flocking, that the particles try different path and places in the search domain and 

can store the information of their respective best solution. They also can share their 

information with each other while replicating and randomly moving to obtain the 

global best solution. In WFLO, the wind turbines are set to be the particles. 

The Greedy algorithm is not complicated compared to the genetic algorithm. In the 

optimization with the Greedy algorithm, the objective function value is estimated 
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by adding, deleting and relocating every wind turbine in the wind farm, and the 

layout with the highest objective function value is selected. 

Other heuristic optimization algorithms such as Pattern search algorithm (PS) 

[111], Random search algorithm (RS) [112] , ant colony algorithm (AC) [113], 

simulated annealing algorithm (SA) [114]  are also used to solve WFLO problems. 

Although the heuristic algorithms strengthen the probability of the success on 

searching global optima, they have considerable disadvantages such as high 

computational cost and no guarantee of reaching global optima. Several 

mathematical programming methods have been developed and used to solve such 

issues. For example, Guirguis et al. [115] proposed a gradient-based algorithm and 

proved its advance on searching quality and time cost compare to GA, and 

extended the capability on solving multi-objective optimization [116] . Kuo et al. 

[117], [118] coupled computational fluid dynamics (CFD) with a mixed-integer 

programming (MIP) algorithm to solve the WFLO problems on complex terrains. 

The multi-fidelity optimization methods are able to provide a means to 

simultaneously achieve the benefit of a high-fidelity optimization (higher accuracy) 

and the low-fidelity model (reduced computational cost) by using a combination of 

these two types of models in optimization [119]. The multi-stage methods for 

solving WFLO are developed based on the multi-fidelity concept and facilitate the 

optimization procedure in two (or more) stages, where each stage may use a 

different algorithm for optimization. Saavedra-Moreno et al. [22] developed a 
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multi-stage model which used Greedy algorithm in its first stage and a novel 

evolutionary algorithm in its second stage to solve the WFLO problem with 

multiple orthography. They used the output from the first stage as an input for the 

second stage. The results show that the multi-stage approach led to an improvement 

in the optimization. Réthoré et al. [120] applied simple GA combined with 

Sequential Linear Programming algorithm in their WFLO studies and found that it 

is necessary to apply multi-fidelity approach to reduce the computational time. 

Gelotte and Nilsson [33] applied a multi-stage algorithm that combines heuristic 

optimization algorithms in stage 1, to generate adequate variable layouts without 

calculating objective functions, and gradient-based optimization algorithm in stage 

2, to evaluate the objective function and find the best layout. This can guarantee the 

variety of the initial input for the gradient-based algorithm to avoid the 

optimization stopped with a local optimum, and also can accelerate the overall 

computational process. Mahulja et al. [121] discussed the multi-stage algorithm 

consist of GA on a discrete grid for stage 1 and a gradient-based algorithm on a 

continuous search domain for stage 2. Nagpal et al. [122] compared the 

performance of two multi-stage algorithms with different local search algorithms 

applied in stage 2 and distribute GA in stage 1. The local search optimization 

process in continuous scheme implemented in stage 2 achieved the refinement on 

the discretized, coarse layout obtained in stage 1. Compared to the other multi-

fidelity optimization algorithms which combined the capability of local search with 
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global search as a solo algorithm, the multi-stage methods are relatively easy to be 

applied and coded.  

This chapter presents a comparative study between two types of multi-stage 

methods for WFLO problem, each of which are tested with various optimization 

algorithms at each stage. The study aimed to compare the performance of different 

types and multiple combinations of the multi-stage approach in solving WFLO 

problems. The FLORIS software tool is used to obtain the distribution of wake 

velocity. Based on the discussions about wake models in Chapter 2, the Gaussian 

wake model is selected to obtain the velocity deficit and the added turbulence 

intensity to each wind turbine. The optimization algorithms used in this study are 

GA, PSO, PS, Greedy, RS and Sequential SLSQP Algorithm. The GA, PSO and PS 

algorithms are provided by Pymoo [123] (v. 0.4.2). The Greedy Algorithm and RS 

are coded in Pyhton by the authors. The SLSQP algorithm is implemented using 

SciPy [104], a Python-based ecosystem of open-source software for mathematics, 

science, and engineering. Three scenarios are involved in the studies in this chapter: 

single wind speed with multiple wind directions, multiple wind speeds with 

multiple wind directions defined artificially, and a realistic wind condition. The 

performance of the Heuristic-Gradient-based model and the Discrete-Continuous 

model on solving each case are investigated 
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3.2    Wind Farm Modeling 

The virtual wind farm domain is a square with the length of 2,000 m on each side, 

same to the one used in Chapter 2. But in the implementation of the algorithms 

with discrete scheme, the wind farm is drawn with a grid with 10 ×  10 cells. The 

wind turbines are placed on the cell center. Therefore, this method of discretization 

ensures the distance between each wind turbine can maintain at least 5D where D is 

the diameter of wind turbine rotor. Since the wind turbines are installed on the cell 

center, the actual searching domain is limited to [100, 1900] on each axis. To 

maintain the consistency of the domain for each searching process, the calculation 

in the continuous domain is also in the range of [100, 1900] on each axis. 

3.3    Wake Model 

Based on the results obtained in Chapter 2, the Gaussian wake model is used to 

accomplish the investigations in this chapter. Due to the concerns for time 

consuming and the minor effects in steady-state wind inflow condition, the added 

turbulence is not considered in this chapter. Furthermore, the yaw control is not 

used resulting in some variables in the model (Equation (2.15) to Equation (2.35)) 

equal to zero, that simplifies the model in essence. 

3.4    Scenarios 

This study is aimed to compare the performance of two proposed multi-stage 

approaches in solving the same problems. Three scenarios are investigated in this 
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chapter. The first two are obtained from the case studies presented by Grady [57]. 

The wind condition used in the third case is realistic and is extracted from the Wind 

Integration National Dataset (WIND) Toolkit [124]–[127] developed by NREL. 

The geographical location of this case is near the first commercial offshore wind 

farm in the United States, Block Island Wind Farm, with the Longitude of -71.498 

and Latitude of 41.057. It should be noted that the wind speed in this case has been 

extrapolated to a 60 m height using the log law described in Ref. [128] to fit the 

wind turbine model used in this study. The wind conditions of the three scenarios 

are detailed in below. 

Case 1 contains 39 wind turbines in the domain and a wind condition with single 

wind speed of 12 m/s, but with multiple wind directions. Thirty-six wind direction 

bins are split equally from 360∘ and the frequency of occurrence of each angle is 

uniform (1/36).  

Case 2 and Case 3 also contains 39 wind turbines, but the wind conditions are more 

complicated. The distribution of wind direction bins is the same as the distribution 

in Case 1. The wind speeds and the frequency of occurrence for each angel at each 

wind speed can be read in the wind rose plots shown in Figure 2.7 and Figure 3.1. 
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Figure 3.1: The wind rose for Case 3 

 

3.5    Optimization Procedure 

The comparative studies with respect to the multi-stage approaches are classified 

into two groups, which are discussed as follows. 

3.5.1    Heuristic-Gradient-based algorithm (H-G model) 

In the WFLO studies with heuristic algorithms, the objective function value usually 

shows a large improvement in the early iterations, but the improvement slows down 

as the searches are trapped in the samples that already have desirable objective 

function values. Thus, for the operation with the H-G model, the optimization in 

the first stage will be terminated with the preset tolerance of objective function 

values. Once the solution reaches to the termination criteria, the coordinates of the 
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wind turbines will be recorded and will be used as the initial layout for the 

algorithm in stage 2. In H-G model, the optimization algorithms applied in stage 1 

and stage 2 are implemented in the continuous domain. The GA algorithm, PSO 

algorithm and PS algorithm are used for stage 1 to generate the initial layouts that 

are then used for the second stage. The termination criterion for the first stage is 

defined as the tolerance of the objective function of 1e-6.  

The gradient-based algorithm, SLSQP is used for stage 2 in order to refine the 

layouts obtained in stage 1. The termination criteria for stage 2 are set as the values 

of tolerance of the objective function, as 1e-2 and 1e-3 for case A and case B 

respectively. The time cost and farm efficiency are compared with the results 

obtained by the multi-stage models 

The brief introduction and preset parameters for the three algorithms are 

summarized as below: 

• In the optimization with GA, the population size is 100. The strategy of 

selection is Tournament Selection which can be explained as a competition 

of two individuals leading to the winner proceeds to the next step. The 

Simulated Binary Crossover method [129] is used as the crossover operator. 

The Polynomial Mutation method [129] is used as the mutation operator, 

and the rate of mutation is 1/(2𝑁). 
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• For the PSO, the population size is set as 100. The inertia weight, cognitive 

impact and social impact are set to be adaptive and will be updated along 

with the velocity during the implementation of iteration. The maximum 

velocity rate is 0.2 ∗ (𝑢𝑏 − 𝑙𝑏) where 𝑢𝑏 and 𝑙𝑏 refer to upper-bounds and 

lower-bounds, respectively. The Polynomial Mutation operator is applied to 

perturb the evolution for better convergence. 

• In the computation with PS, the value of δ for the exploration move is set as 

0.25 ∗ (𝑢𝑏 − 𝑙𝑏). If the move was unsuccessful then 𝛿 is reduced by 

multiplying a coefficient which is set to be 0.5 in the studies with the H-G 

model. The value of the step for moving the new center along with the 

promising direction after the exploration move is set as 2. 

The optimization procedures in stage 2 are carried out by SLSQP and the details 

with respect to this algorithm have been given in Chapter 2. 

3.5.2    Discrete-Continuous domain algorithm (D-C model) 

Compared to the grid-based algorithms (discrete scheme), the coordinate-based 

algorithms (continuous scheme) can lead to better results for maximizing the farm 

power generation [47], but require longer computational time because of the 

complexity and treating of the space constraints. Therefore, an idea is to combine 

the two schemes by applying the optimization in discrete scheme to obtain an initial 

layout that already reached desirable results (stage 1) and then applying the 
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optimization in continuous scheme as the refinement process based on the initial 

layout for the further improvement of the result (stage 2). This method is able to 

utilize the benefits of low-level time consuming caused by the grid-based 

algorithms and high-level objective function values due to the coordinate-based 

algorithms. 

In this chapter, the optimization in stage 1 of the D-C method is implemented in a 

discretized domain which consists of 10 × 10 cells (100 potential places for the 

installation of wind turbines). The distance between each wind turbine can be 

maintained as at least 5D, i.e., 200 m, since the wind turbines are only allowed to 

be placed on the cell centers. Thus, the constraints which have been mentioned in 

Equation (2.59). are inherently satisfied with this method of discretization. Once 

the optimized layout is obtained or the termination criterion is reached, the 

procedure in stage 1 is then terminated and the coordinates of wind turbines will be 

imported to the second stage as the initial condition. In stage 2, the grid will be 

removed, and the domain is then converted to a continuous space. An algorithm in 

the continuous scheme will be applied for the second stage for refinement. 

The binary GA and Greedy algorithm are used as the algorithms in stage 1 and can 

be briefly described as below: 

• The individuals in the Binary-coded GA are comprised of 0 or 1. For a wind 

farm which contains 𝑁 wind turbines, all the candidate locations in the wind 
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farm can be indexed as 𝐿 = 𝐿1, 𝐿2, 𝐿3, … , 𝐿𝑀 where 𝐿𝑖 represents to a 

specific candidate location for the installation of wind turbine and 𝑀 

corresponds to the amount of cells in the grid.  As introduced previously, 

the wind farm is discretized to a 10 × 10 grid, and so 𝑀 = 100. Among 

the 100 candidate locations, there will be N components of 1 in the vector L 

and the rest of the components are zeros. Where 𝐿𝑖 = 1 indicates that a 

wind turbine is installed in a particular cell and 𝐿𝑖 =  0 indicates that no 

wind turbine is placed in this cell. Unlike the 2𝑁 variables in the problems 

solved by the the GA in continuous scheme, the number of variables is M in 

the discrete scheme, which consists of indices of the locations. In the 

mutation operation, two individuals with the value of 0 and 1 will be 

selected randomly and switched to the opposite value. The crossover points 

are also chosen randomly by the Uniform Crossover operator, but a 

manipulation will be made to ensure the amount of installed wind turbines 

in the offspring can be kept as N. 

• The Greedy algorithm used in this chapter is discussed in Chen's study 

[130]. The algorithm is developed based on steps of adding, removing and 

relocating of the wind turbines. At first, one wind turbine is placed 

randomly in a cell of the blank grid. Then, the rest of the 𝑀 − 1 cells will 

be tested by adding the second wind turbine into the wind farm and the one 

with the highest objective function value will be selected and occupied. The 
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remaining wind turbines will be placed sequentially based on the same 

approach. The placement of wind turbines will be completed once all of the 

wind turbines are installed. Chen et al. [130] introduced an additional 

manipulation of removing and adding applied on the layout obtained by the 

steps described above to enhance the capability of the Greedy algorithm on 

searching the global best. However, in practice, it was found that by 

applying this additional step, the computational time increases by 4.78 

times. The Random Search algorithm (which is introduced below) is used as 

one of the algorithms for refinement in stage 2 which presents a strong 

robustness. Thus, the additional step mentioned above is not considered in 

this chapter. 

The solution obtained in stage 1 is used as the initial condition for the optimization 

algorithms in stage 2, similar to the procedure which was previously discussed for 

the H-G model. The optimization algorithms used in the second stage of the D-C 

model are SLSQP, PS and RS. The RS algorithm was developed by Feng and Shen 

[112] and can be briefly described as below: 

• The algorithm should be implemented based on a feasible layout, i.e., an 

initial layout obtained by other algorithms or just a feasible, randomly 

generated layout. The first step is to select a wind turbine randomly and 

move it to a random direction with a random step size. Then the feasibility 

of the new layout should be checked with the constraints in Equation (2.59). 
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If determined as not feasible, then step 1 should be repeated. If the new 

layout is feasible, the objective function will be evaluated. If the new layout 

can improve the objective function, the previous layout will be overwritten, 

and a new step of random moving is then implemented. Otherwise, the wind 

turbine should be moved away along with the direction it just used, with a 

random step size. Many checks of feasibility and the evaluations of 

objective function value will be repeated as explained above. The 

optimization procedure continues until the termination criteria are reached. 

In the studies with D-C model, 𝛿 in the PS algorithm is set as 0.1 ∗ (𝑢𝑏 − 𝑙𝑏). 

The maximum number of evaluations of 5e5 is used to limit the computational time 

in the calculations with the RS algorithm, and a tolerance value of 1e-6 between 

3,000 evaluations is also added to the RS algorithm.  

3.6    Results and Discussions 

The studies investigated in this chapter are coded in Python and carried out serially 

on the BlueShark Supercomputer at Florida Institute of Technology (FIT) which is 

comprised of various processors (total of 1,720 processor cores and 4,397GB 

RAM). The compute node used in this study is configured by the Hexa-Core Intel 

Xeon X5650 @ 2.67GHz CPUs. The computational time of several combinations 

of algorithms, the optimum objective function values, and the improvement due to 
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the use of the second stage of optimization are compared, for each of the cases 

discussed previously. 

3.6.1    Case 1 

In the investigations of Case 1, 1e-2 and 1e-3 are selected as the tolerance values in 

the optimization with heuristic algorithms in stage 1 of the H-G model to obtain the 

coarse layouts, and the termination criterion of SLSQP algorithm implemented in 

stage 2 is 1e-6. For the comparison, the tolerance value of the optimization with the 

solo algorithms is set to be 1e-6 to maintain the consistency. The results have been 

summarized in Table 3.1. Note that the values shown in Table 3.1 and the 

following tables that regard to the performance of the algorithms are the mean 

values of the results. 

In Table 3.1, TolH denotes the termination criteria of the heuristic algorithm in 

stage 1, the time cost is the sum of the computational time of the optimization 

procedures in each stage, 𝜂𝑜𝑝𝑡 represents the optimal farm efficiency obtained after 

implementing stage 2 optimization, and 𝛥𝜂1−2 is the increase in efficiency due to 

the application of the refinement in stage 2. In the rest of this chapter, we use the 

phrase “the algorithm in stage 1 + the algorithm in stage 2” to demonstrate the 

combination of algorithms. The time cost of each investigation is non-

dimensionalized by the mean computational time of the optimization with 

GA(C)+SLSQP model with the tolerance of 1e-2, where the “C” in the brackets 
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refers that the algorithm is used in continuous scheme. It should be noted that the 

GA(D) is used to represent the GA in discrete scheme. 

Table 3.1: The performance of H-G model in Case 1 

Algorithms TolH Time cost 𝜂𝑜𝑝𝑡 𝛥𝜂1−2 

GA(C)+SLSQP 
1e-2 1.0 91.34% 2.41% 

1e-3 1.32 91.37% 1.38% 

PSO+SLSQP 
1e-2 2.7 91.36% 4.9% 

1e-3 2.7 91.37% 3.25% 

PS+SLSQP 
1e-2 1.02 91.3% 0.7% 

1e-3 0.84 91.03% 0.4% 

GA(C) 

1e-6 

5.08 91.75% N/A 

PSO 6.09 91.06% N/A 

PS 1.23 90.5% N/A 

 

The models combined with population-based algorithms such as GA and PSO 

require longer computational time comparing to PS, since these algorithms rely on 

the random mutation for evolution or learning behaviors. In addition, the 

improvement achieved by using the SLSQP algorithm in stage 2 with TolH of 1e-3 

is less than the improvement that is realized with TolH of 1e-2. For example, in the 

results obtained by the GA(C)+SLSQP model, 𝛥𝜂1−2 for TolH=1e-3 is found as 

1.38% and 𝛥𝜂1−2 for TolH=1e-2 is determined as 2.41%. Furthermore, the decrease 

of the tolerance results in the time cost increased by 32%, as can be observed in 

Table 3.1. 
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The PSO+SLSQP model with TolH of 1e-2 returns the similar values of 𝜂𝑜𝑝𝑡 given 

by the GA(C)+SLSQP model, as well as higher 𝛥𝜂1−2, suggesting that the 

optimization procedure in stage 2 plays a large role in this case. It is also seen that 

reducing the tolerance to 1e-3 is not helping to increase the 𝜂𝑜𝑝𝑡. Figure 3.2 shows 

the box plots that compare the farm efficiency and the time cost of each multi-stage 

optimization approach for Case 1 in multiple runs. Overall, the upper limit of 

SLSQP’s capability on refining the coarse layout obtained from stage 1 in the H-G 

model can be observed. Although an isolated high objective function value 

obtained with the PSO+SLSQP model with TolH of 1e-3 is presented, this is a 

statistical outlier. The large range of time cost of the PSO+SLSQP model indicates 

the instability of achieving convergence with this model. In case of the 

optimization with this model, numerous runs are required. 
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Figure 3.2: Box plots comparing the farm efficiency and the time cost across each 

multi-stage optimization approach for Case 1. 

 

In the optimizations with the PS+SLSQP model, limited improvement can be 

observed after implementation of stage 2, which suggests that the layouts obtained 

in stage 1 are already in the local optima. The solo GA(C) algorithm returns the 

highest 𝜂𝑜𝑝𝑡, however, it requires a time cost of 5.08. The solo PSO algorithm 

requires longer computational time of 6.09 to converge, but the objective function 

value is lower than the one obtained by GA(C). The tolerance of 1e-6 as the 

termination criterion for the PS algorithm is not able to result in a higher value of 

𝜂𝑜𝑝𝑡, nevertheless, higher computational time is consumed. 
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Table 3.2: The performance of D-C model in Case 1 

Algorithms Time cost 𝜂𝑜𝑝𝑡 Δ𝜂1−2 

GA(D)+SLSQP 1.03 91.83% 0.19% 

Greedy+SLSQP 0.68 91.8% 0.23% 

GA(D)+PS 1.55 91.62% -0.02% 

Greedy+PS 1.14 91.58% -0.02% 

GA(D)+RS 2.39 91.9% 0.27% 

Greedy+RS 2.63 91.88% 0.28% 

 

The performance of the D-C model in searching the optima is better than the H-G 

model. The highest 𝜂𝑜𝑝𝑡 of 91.9% is obtained by the GA(D)+RS model, meanwhile 

the Greedy+RS model returns 91.88% as the optimal solution, as presented in 

Table 3.2. The maximum 𝛥𝜂1−2 of 0.28% is obtained by the Greedy+RS model and 

the involved RS algorithm also results in an increase of 0.27% of 𝜂𝑜𝑝𝑡 in the second 

stage of the GA(D)+RS model. The RS algorithm presents a certain extent of 

evolutionary characteristics but relies more on the randomness compared to the GA 

which depends on the limited randomness involved in crossover and mutation. 

Figure 3.2 shows that the combinations of GA(D)/Greedy with RS require 

expensive computational time compared to the other D-C models but cheaper than 

the solo algorithms. Note that the tolerance set for the RS algorithm is actually 

𝑡𝑜𝑙 = 𝑓𝑜𝑏𝑗(𝑛𝑒𝑣𝑎𝑙) − 𝑓𝑜𝑏𝑗(𝑛𝑒𝑣𝑎𝑙 − 3,000) where 𝑓𝑜𝑏𝑗 is the objective function 

value, and 𝑛𝑒𝑣𝑎𝑙 is the number of evaluations, but the tolerance set for the heuristic 
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algorithms in the H-G models is 𝑡𝑜𝑙 = 𝑓𝑜𝑏𝑗(𝑛𝑒𝑣𝑎𝑙) − 𝑓𝑜𝑏𝑗(𝑛𝑒𝑣𝑎𝑙 − 1). It has also 

been found that the difference between 𝛥𝜂1−2 of GA(D)+RS and Greedy+RS is 

small, suggesting that the RS algorithm has strong robustness as it was also found 

in Ref. [112]. 

The models combined with the SLSQP algorithm present the advantage on the 

balance between time cost and optimal solutions. Although the power produced by 

the optimal layouts obtained through the second stage with SLSQP is slightly lower 

than the ones which used the RS algorithm, the computational time is notably 

smaller as seen in Table 3.2 and Figure 3.2. Note that the SLSQP algorithm is a 

gradient-based algorithm, if the gradients between iterations are not strong enough, 

that will lead to the failure of searching. The authors found that this algorithm was 

difficult to be converged as the algorithm applied in stage 2 of the D-C model, thus 

the maximum number of iterations was limited to 100. The selection of this number 

was based on the observations of the fluctuation of the objective function values 

during the iteration process. The optimized objective function values achieved by 

various iterations were tested, but the deviation between these values was small. 

The relative investigations for Case 2 and Case 3 with D-C model are also limited 

by the same termination criterion. 

The PS algorithm applied as the solver in stage 2 failed to improve 𝜂𝑜𝑝𝑡, instead, 

the values in the two cases reduced. The maximum number of iterations was also 
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limited with 100. Comparing to the GA(C)+SLSQP, the SLSQP algorithm does not 

provide significant improvement in stage 2 of GA(D)+SLSQP. That may indicate 

the layouts obtained by GA(D) in stage 1 are also converged to the local optima. 

Similar to the Greedy+SLSQP algorithm. Meanwhile, the RS algorithm with strong 

randomness involved does not result in a notably stronger enhancement of the final 

objective function value, compared to the models with SLSQP, as seen in Figure 

3.2. By considering the lower time cost, the effectiveness of the 

GA(D)/Greedy+SLSQP model is presented.  

From close inspection of Figure 3.3(a) which shows the layouts obtained by the 

GA(C)+SLSQP model and the GA(D)+SLSQP model, it can be observed that the 

GA(D)+SLSQP model places most wind turbines (31 out of 39) on the search 

boundaries which leads to the ineffectiveness of the local search in stage 2. 

Compared to the SLSQP algorithm, stronger displacement of wind turbines can be 

found in the second stage with RS algorithm, as seen in Figure 3.3(b) and (c). In the 

optimization with the GA(D)+SLSQP model, the refinement in a continuous 

domain implemented by the SLSQP algorithm can be observed in Figure 3.3(b), 

but the moves are slight, and the displacements of the turbines on the boundaries 

are not present. Figure 3.3(c) shows the refinement by the RS algorithm in stage 2 

and similar to SLSQP, the turbines on the boundaries obtained small perturbation, 

but the turbines inside the domain are moved with comparatively larger space 

resulting in the 𝛥𝜂1−2 of 0.27%. 
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(a) (b) 

 

(c) 

Figure 3.3: Comparison of the layouts of Case 1 obtained by: (a) GA(C)+SLSQP 

and GA(D)+SLSQP; (b) Stage 1 and stage 2 of GA(D)+SLSQP; (c) Stage 1 and 

stage 2 of GA(D)+RS. 

 



 

88 

3.6.2    Case 2 

The results obtained by the H-G models in the investigations for Case 2 are 

shown in Table 3.3. The GA(C)+SLSQP model yields the highest power 

production, similar to findings from Case 1. The highest 𝛥𝜂1−2 is obtained by the 

PSO+SLSQP model with TolH of 1e-2. It also resulted in a higher 𝜂𝑜𝑝𝑡 compared 

with the model with TolH of 1e-3. This indicates that the layout generated in the 

first stage with TolH of 1e-2 expresses stronger characteristic of gradient than the 

one with TolH of 1e-3. Because of the inherent disadvantage of gradient-based 

algorithms, this kind of algorithm can be easily trapped in local optima, the 

optimization procedure in the case of PSO+SLSQP with TolH of 1e-3 converged 

with a lower 𝜂𝑜𝑝𝑡 by SLSQP in its second stage. 

Table 3.3: The performance of H-G model in Case 2 

Algorithms TolH Time cost 𝜂𝑜𝑝𝑡 𝛥𝜂1−2 

GA(C)+SLSQP 
1e-2 1.0 91.52% 2.58% 

1e-3 1.21 91.75% 1.07% 

PSO+SLSQP 
1e-2 2.18 91.63% 4.83% 

1e-3 2.05 91.59% 5.11% 

PS+SLSQP 
1e-2 0.9 91.42% 2.12% 

1e-3 0.93 91.4% 0.75% 

GA(C) 

1e-6 

4.4 91.96% N/A 

PSO 5.41 89.82% N/A 

PS 0.95 89.88% N/A 
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In addition, the optimizations with PSO+SLSQP present stronger instability of time 

cost in statistics, but the increased evaluations on searching optimal solutions do 

not lead to better results, as illustrated in Figure 3.4.  

 

Figure 3.4: Box plots comparing the farm efficiency and the time cost across each 

multi-stage optimization approach for Case 2. 

 

Compared to the performance of the PS+SLSQP model in Case 1, the improvement 

on power generation in stage 2 can be observed in Case 2. But the performance on 

enhancing the objective function values is still poor, i.e., the SLSQP algorithm 

under the current setting of parameters converged prematurely based on the layouts 

given by PS. Isolated high objective function value attributed to PS+SLSQP can be 
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found in Figure 3.4, but again, the outlier does not account for the improvement in 

the integral performance. Overall, the GA(C)+SLSQP with TolH of 1e-3 provides 

the highest 𝜂𝑜𝑝𝑡 of 91.75% among the multi-stage models. The highest 𝜂𝑜𝑝𝑡 is 

given by the solo algorithm of GA(C), but it requires computational time of 4.4. 

Table 3.4: The performance of D-C model in Case 2 

Algorithms Time cost 𝜂𝑜𝑝𝑡 Δ𝜂1−2 

GA(D)+SLSQP 0.95 92.32% 0.16% 

Greedy+SLSQP 0.62 92.35% 0.2% 

GA(D)+PS 1.37 92.07% -0.09% 

Greedy+PS 1.02 92.08% -0.04% 

GA(D)+RS 2.23 92.35% 0.2% 

Greedy+RS 1.79 92.32% 0.2% 

 

The models which contain the RS algorithm present less improvement in this case, 

i.e., the values of 𝜂𝑜𝑝𝑡 given by GA(D)/Greedy+RS are on par with 

GA(D)/Greedy+SLSQP, as seen in Table 3.4. The computational time of 

GA(D)/Greedy+RS becomes smaller than them in Case 1 although the termination 

criteria are not changed, that implies the models which include the RS algorithm as 

the second stage converge faster in the WFLO problems with complex wind 

conditions. The local search algorithms applied on the layout obtained by GA(D) 

are not able to find a better solution which illustrate the layout is already in the 
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local best. The poor results from the optimization using Greedy+PS indicate the PS 

algorithm is not appropriate to be used for the second stage. 

As observed in Case 1, the algorithms in the D-C model placed most of the turbines 

on the search boundaries and even more of them can be found in Case 2, see Figure 

3.5(a). The visualization of the refinement caused by the SLSQP algorithm and the 

RS algorithm for the initial layout obtained by the GA(D) algorithm can be seen in 

Figure 3.5(b) and Figure 3.5(c). Compared to the layout generated by the RS 

algorithm, the locations of the majority of wind turbines are not perturbed in the 

results with the SLSQP algorithm. 
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(a) (b) 

 

(c) 

Figure 3.5: Comparison of the layouts of Case 2 obtained by: (a) GA(C)+SLSQP 

and GA(D)+SLSQP; (b) Stage 1 and stage 2 of GA(D)+SLSQP; (c) Stage 1 and 

stage 2 of GA(D)+RS. 
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3.6.3    Case 3 

Case 3 contains the realistic wind condition data at the location near the East 

Coast of the US. Overall, the trend of the performance of the multi-stage models 

are similar as those presented for Case 2. The distribution of the frequency of 

occurrence of prevailing wind is not as sharp as Case 2 (see Figure 2.7), however, 

the difference in wind conditions does not result in notable changes from the trends 

observed in Case 2, as seen in Table 3.5 and Table 3.6.  

Table 3.5: The performance of H-G model in Case 3 

Algorithms TolH Time cost 𝜂𝑜𝑝𝑡 𝛥𝜂1−2 

GA(C)+SLSQP 
1e-2 1.0 91.79% 3.44% 

1e-3 1.34 91.96% 1.03% 

PSO+SLSQP 
1e-2 1.62 91.69% 4.62% 

1e-3 2.51 91.66% 3.94% 

PS+SLSQP 
1e-2 0.86 91.5% 1.32% 

1e-3 0.83 91.61% 1.62% 

GA(C) 

1e-6 

4.8 91.2% N/A 

PSO 5.04 90.43% N/A 

PS 0.89 89.27% N/A 
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Table 3.6: The performance of D-C model in Case 3 

Algorithms Time cost 𝜂𝑜𝑝𝑡 Δ𝜂1−2 

GA(D)+SLSQP 0.98 92.87% 0.23% 

Greedy+SLSQP 0.6 92.83% 0.28% 

GA(D)+PS 1.41 92.66% 0 % 

Greedy+PS 1.0 92.58% -0.01% 

GA(D)+RS 2.34 92.81% 0.16% 

Greedy+RS 1.93 92.8% 0.21% 

 

Small differences between Case 2 and Case 3 can be observed, for example, the 

highest 𝜂𝑜𝑝𝑡 is not given by GA(D)+RS, the 𝜂𝑜𝑝𝑡 of 92.87% is obtained by 

GA(D)+SLSQP instead. The statistical distributions shown in Figure 3.6 illustrate a 

slightly increased uncertainty as well as increased computational time in most 

cases, indicating that the reduced probability of prevailing wind may increase the 

difficulty of searching optima. The comparisons are presented in Figure 3.7, but 

again, these observations do not overturn what we concluded in the studies for Case 

1 and Case 2. 
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Figure 3.6: Box plots comparing the farm efficiency and the time cost across each 

multi-stage optimization approach for Case 3. 
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(a) (b) 

 

(c) 

Figure 3.7: Comparison of the layouts of Case 3 obtained by: (a) GA(C)+SLSQP 

and GA(D)+SLSQP; (b) Stage 1 and stage 2 of GA(D)+SLSQP; (c) Stage 1 and 

stage 2 of GA(D)+RS. 
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3.7    Conclusions 

In this work, two types of multi-stage approaches are developed and used to solve 

the WFLO problems: The Heuristic-Gradient-based (H-G) approach and the 

Discrete-Continuous (D-C) approach. The performance of these models on 

searching the highest objective function value and the computational time have 

been investigated. The H-G model is aimed to have a coarse layout obtained by a 

heuristic model with low tolerance of objective function value in stage 1 and refine 

this layout by a gradient-based local search algorithm in stage 2. In the first stage of 

the D-C model, the searching domain is split as a grid, and the wind turbines are 

placed on the grid cells or grid points. The algorithms in discrete scheme applied in 

this stage can accelerate the computation but need additional refinement for further 

improvement in the objective function value. In the second stage, the algorithms in 

continuous scheme use the layout collected from stage 1 as the initial condition and 

considering the space constraints will yield the optimal layout. 

Based on the results obtained from this study, the H-G model is not able to compete 

with the D-C model in terms of the computational time and yielding the highest 

value objective function (AEP). The combination of the GA and SLSQP algorithm 

(GA+SLSQP model) in continuous scheme provides the highest AEP among the H-

G models investigated in this chapter. The refinement due to the gradient-based 

algorithm in stage 2 can be observed, but the magnitude of improvement presents 

high variety based on the algorithm, that was used for the optimization in stage 1. 
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The gradient-based algorithm is not appropriate to be used in stage 2 with the 

layout which is obtained by a local search algorithm. Using the heuristic algorithms 

in continuous scheme for long enough of time results in a better solution (i.e., 

higher AEP), but the computational cost would be very large. No D-C model was 

found which yields the highest value of the objective function throughout the three 

cases. Overall, the D-C models which combined with SLSQP algorithm can 

balance the optima and time cost in our observations. The GA and the Greedy 

algorithm in discrete scheme, as the algorithms in the first stage of D-C model, 

place more wind turbines on the boundaries of the searching domain, that results in 

the local search algorithms in the second stage present inconspicuous effects on 

improving the objective function value. The poor performance in some 

combinations of optimization algorithms indicate that the multi-stage architecture is 

not omnipotent for every algorithm: they should be selected carefully for an 

effective multi-stage model. 

Overall, this chapter provided a quantitative comparison between two types of 

multi-stage optimization approaches constructed from several classical algorithms 

used in WFLO. 
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Chapter 4  
 

An Approach of Constructing 

Surrogate Models for Wake 

Calculations in WFLO by Machine 

Learning Technique 

4.1    Introduction 

In last chapter, several multi-stage models are proposed to reduce the 

computational time and increase the performance of WFLO have been compared 

and discussed. The multi-stage models can help on enhance reducing the time cost 

of single heuristic algorithms as well as maintaining the quality of searching the 

optima. But the high expense of solving the velocity field is undoable for the wind 

farm design which many wind turbines are involved in or many wind speed and 

wind direction bins are considered in the wind rose, even though using a simple 

time averaged wake model. The calculation for wakes during solving the objective 

functions, consumes the most computational time in WFLO [131], and the more 

accurate the velocity estimated, the more time costed. Thus, unless the high 
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expense of this step can be resolved, it is hard to have a prominent reduction of the 

total time consuming in WFLO. The development of artificial intelligence (AI) 

techniques like machine learning (ML) brings hopes to settle this matter. A well-

trained model can have the potential to highly boost the accuracy and efficiency for 

wind farm predictions. 

Zhang and Zhao [132] applied proper orthogonal decomposition (POD) and long-

short term memory (LSTM) algorithms to learn the velocity distribution in a wind 

farm pre-generated by CFD method on HPC, then obtain a dynamic wake model 

for wind farm consequently. The results show that their ML-based wake model can 

predict the main features of unsteady wind turbine wakes similarly as high-fidelity 

wake models while running as fast as the low-fidelity static wake models. Howland 

and Dabiri [133] utilized historical data in a real wind farm to train several physics-

informed statistical models. Their models can predict the wind farm power 

production with the input of only the most upstream wind turbine power and 

present lower level of error compared to the low fidelity wake models. Fischetti 

and Fraccaro [134] trained and compared difference ML models on estimating the 

objective function values in solving WFLO problems. The data used to train the 

models are pre-generated and the amount should be large enough. They trained the 

ML models by 3,000 optimized layouts which obtained through traditional 

optimization process and the results shown the well performance on accurate 

estimating the objective function values. Long et al. [131] designed a data-driven 
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evolutionary model which applied general regression neural network (GRNN) as 

the surrogate model to estimate the objective function values and the differential 

evolution (DE) algorithm to take over the searching for optima. By using this 

model, the data will be trained and self-updated throughout the whole optimization 

process. It does not need pre-generated data and the training process will be 

proceeded in the iterations. The results shown the surrogate model can cut down 

the total time cost, but the calculation for wakes still needs to be involved.  

It may be acceptable that spending tens of hours on collecting the result of an 

optimization while doing academical studies. However, the time cost is still too 

high for the simulations in the industry. For a company that has decided to invest a 

wind power plant, the first step is to select an appropriate geometrical location and 

the second step is to decide the number of wind turbines to be installed. These two 

steps would need to be well and prudently considered and will need plenty of 

calculation cases. Simply assuming there are 1000 potential options that should be 

investigated in a preliminary study for a company, doing 1000 complete 

optimizations is infeasible.  

In this work, a neural network (NN) is trained to predict the power output based on 

the wind conditions and turbine density (TD) as input. TD is used to describe the 

relationship between the total swiping area of the wind turbines installed and the 

wind farm size, as defined in Ref. [135]. A major difference between this approach 

to the optimization methods discussed in the previous sections is that this approach 
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is used to estimate the objective function values of the optimal solutions instead of 

obtaining these solutions. This study provides an approach for fast prediction of the 

near-optimal AEP based on a given wind rose and turbine density. 

4.2    Wind Turbine Model 

The reference wind turbine model used in this chapter is the NREL 5MW wind 

turbine. The power output curve for this turbine model is sketched in Figure 4.1. As 

it illustrates the 4 operation regions for wind turbine power production, which was 

not considered in the previous chapters.  

 
Figure 4.1: Sketch for the power curve of wind turbine 

 

Before the inflow wind speed reaches to the cut-in speed, the turbine remains in 

region 1 and will not work. Once the wind speed reaches to the cut-in speed, the 

drivetrain starts to operate and the rotor speed, generator torque, blade pitch angles 

and other parameters of the whole system are controlled by the turbine controller 



 

103 

followed by the control logic defined in region 2. The controller results in the 

values of some parameters which can be referred into Ref. [37]. With the wind 

speed grows, the rated power production can be produced with the rated inflow 

wind speed. However, once the rated condition is reached, the generator power will 

be remaining fixed by the braking system and pitch system, regardless the 

continuous growth on wind speed, as shown as the region 3. The whole turbine will 

shut down when the wind speed is larger than the cut-out speed to avoid damage. 

The relationship between the power production and wind speed is formulated as: 

 

𝑃(𝑣) = {

0      ,        𝑣 < 𝑣𝑐𝑖
𝑃𝑓(𝑣),        𝑣𝑐𝑖 < 𝑣 < 𝑣𝑟
𝑃𝑟      ,        𝑣𝑟 < 𝑣 < 𝑣𝑐𝑜
0      ,        𝑣 > 𝑣𝑐𝑜

 (4.1) 

where 𝑃𝑓(𝑣) and 𝑃𝑟 are partial power and rated power at below- and above-rated 

wind speeds, respectively. 𝑣𝑐𝑖, 𝑣𝑟, and 𝑣𝑐𝑜 denote cut-in wind speed of 3 m/s, rated 

wind speed of 11.4 m/s, and cut-out wind speed of 25 m/s, respectively. 

4.3    Data Generation 

The dataset used for training the NN is consist of the random generated wind 

conditions, the corresponding TD and corresponding pre-generated optimized AEP. 

For the random generated wind conditions, the wind directions are separated into 

36 bins with 10 degrees per bin, and the wind speeds are divided into a range of 

0.5-34.5 m/s with interval of 1 m/s. As a result, 1,260 frequencies of occurrence are 
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created for the optimization to obtain the optimized results. The number of turbines 

used in each optimization is a random integer in the range of [25, 50] and the wind 

farm shape is square with the edge length randomly selected from [6, 12]. Note that 

the unit of the length is km, and the value is integer as well. The approaches for the 

optimization procedure are introduced below. 

4.3.1    Wake model 

The Gaussian wake model is used in this chapter. The added turbulence is not 

considered due to the few corrections it can make but higher computational time it 

needs. 

4.3.2    Optimization method 

Based on the discussions in Chapter 3, a two-stage approach is applied for the 

implementation of optimization. Differ to using the same objective function in both 

stages in Chapter 3, two objective functions are used for speeding up the 

computation in this chapter.  

In the first stage, a number of initial layouts without considering the wake model 

constraints (defined as infeasible layouts) will be randomly generated and the 

optimization algorithm is applied to find feasible solutions (satisfied the constraint 

for minimum distance between wind turbines of 5D). In this stage, the objective 

function is a penalty value presenting the distance between two wind turbines, 

which is defined in Equation (4.2). If the value is zero, it means the constraint is 
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satisfied and the optimization terminates. In this stage, the PSO algorithm is used to 

implement the optimization search. 

 
Penalty Value =∑√(𝑑𝑖,𝑗 − 𝑑𝑚𝑖𝑛)

2
, (4.2) 

where 𝑑𝑖,𝑗 is the distance between arbitrary turbine 𝑖 and turbine 𝑗, 𝑑𝑚𝑖𝑛 is the 

minimum distance between turbines of 5D. 

The second stage is similar to the approach applied in Chapter 3, as the objective 

function is AEP, and the continuous domain is used. In this stage, PS algorithm as a 

local search algorithm is applied. By this approach, high verity of samples and low 

computational time can be ensured. 

4.4    Feature Definition 

The input features for feeding the NN are the 1260 randomly generated frequency 

of occurrence and the corresponding turbine density of each case. The turbine 

density can measure the ratio of the area of the farm occupied by wind turbines to 

the total area of the wind farm [135], which is defined by: 

 
TD =

𝜋𝑟2𝑁

𝐴𝑤𝑓
, (4.3) 

where 𝑟 is the rotor radius, 𝑁 is the number of turbines, and 𝐴𝑤𝑓 is the area of the 

wind farm. In the end, there are 1261 features in each input array for the NN. 
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4.5    Neural Network Design 

In the last three decades, NN has been used to model dynamical systems and fluid 

mechanics problems [34]. A multi-layer structure of NN consists of an input layer, 

several hidden layers, and an output layer. The sketch for the NN architecture 

design to achieve the propose of this chapter is shown in Figure 4.2. 

 

Figure 4.2: Sketch for the NN architecture in this chapter. 

 

The adaptive momentum (Adam) algorithm [136] is applied as the optimizer, and 

the linear transformation is implemented. The learnable bias of the module of shape 

is also applied.  
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4.6    Results and Discussions 

In this study, the dataset for training and testing the NN is composed of 10,000 

optimized results obtained by the optimization procedures introduced above. In the 

dataset, 70% of samples are used for training the neural network and the remaining 

30% of samples are used for testing the model. As the model is very sensitive to 

different scaling of the input feature, the values of these features including the 

output feature are normalized by the maximum value of each feature throughout the 

dataset. The loss function applied in the training is the mean squared error (MSE) 

function. The mean accuracy of the prediction in testing is used to measure the 

quality of the model.  

Table 4.1: The hyperparameters set for the initial experiment 

Hyperparameters Values 

Number of neurons 400 

Number of hidden layers  4 

Dropout probability 0.5 

Learning rate 0.1 

Number of iterations 2000 

Accuracy of prediction for test set 41.68% 

MSE of prediction for test set 0.2846 

 

The NN is tested by adjusting several hyperparameters to find the combo for the 

best performance. Each experiment is repeated 5 times and the mean value is 
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recorded to eliminate the fluctuation caused by randomness. The initial 

hyperparameter set is defined in Table 4.1. The accuracy and MSE are very low in 

this case as shown in the table.  

The results of the impacts on accuracy and MSE in the observations for adjusting 

the number of neurons in hidden layers are shown in Table 4.2. The results in the 

initial case are also included in the table. It is shown that the quality of the NN in 

solving our problem does not strongly depend on number of neurons as only some 

nuances presented among the values of accuracy and MSE. Overall, more neurons 

result in higher accuracy.  

Table 4.2: The influence on prediction quality by number of neurons 

Values of hyperparameter 800 400 200 100 

Accuracy of prediction for test set 41.92% 41.68% 41.51% 40.71% 

MSE of prediction for test set 0.2831 0.2846 0.2851 0.292 

 

The differences presented in the prediction quality between various numbers of 

hidden layers are also small, as shown in Table 4.3. These indicate the NN with the 

dataset used in this chapter is not very sensitive with the complexity of the 

architecture of the network. As the simpler architecture leads to faster training time, 

the cost for training can be reduced. 
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Table 4.3: The influence on prediction quality by number of hidden layers 

Values of hyperparameter 16 8 4 1 

Accuracy of prediction for test set 41.09% 41.68% 41.23% 42.14% 

MSE of prediction for test set 0.2893 0.2846 0.2828 0.286 

 

Strong disagreements are presented among the experiments for the dropout 

probability (see Table 4.4). Dropout is an effective technique for regularization, 

that can zero some elements in the input tensor randomly to prevent the co-

adaptation of neurons [137]. Higher probability leads to more elements zeroed.  

Table 4.4: The influence on prediction quality by dropout probability 

Values of hyperparameter 0.5 0.1 0.05 0.01 

Accuracy of prediction for test set 41.68% 74.43% 79.14% 82.52% 

MSE of prediction for test set 0.2846 0.0721 0.0456 0.0237 

 

In Table 4.4, the accuracy increased dramatically with the dropout probability 

reducing, indicating that in this problem, high level regularization can lead to poor 

performance in accuracy. In addition, there are only small differences among the 

prediction quality caused by the dropout probability of 0.05 and 0.01 compared to 

the results generated by the dropout probability of 0.5 and 0.1. Table 4.4 shows the 
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NN in solving out problem is very sensitive with the dropout probability, a smaller 

value used in training can increase the prediction quality in testing. 

Table 4.5: The influence on prediction quality by learning rate 

Values of hyperparameter 0.1 0.01 0.001 0.0001 

Accuracy of prediction for test set 41.68% 41.33% 45.42% 45.01% 

MSE of prediction for test set 0.2846 0.2886 0.2751 0.2745 

 

Table 4.5 shows the variation on prediction quality by adjusting the learning rate. 

Learning rate controls the magnitude of the search steps during the optimization for 

minima in iterations. The decreasing on learning rate can increase the accuracy but 

the consequent increases are very limited shown in the table. 

Based on the investigations above, the NN can have fewer hidden layers and 

neurons, but the dropout probability is not allowed to be large. The learning rate 

presents slight tendency towards to obtaining better results with lower value but 

needs further observations. Thus, more experiments are made in order to find the 

best architecture for the NN. The initial conditions for the second series of 

experiments are selected with the values correspond to the best performance in the 

tests above, as shown in Table 4.6. 
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Table 4.6: The initial hyperparameters in the second series of experiments 

Hyperparameters Values 

Number of neurons 800 

Number of hidden layers  1 

Dropout probability 0.01 

Learning rate 0.001 

Number of iterations 2000 

Accuracy of prediction for test set 96.56% 

MSE of prediction for test set 0.0059 

 

The NN model shown in Table 4.6 presents good performance on predicting the 

optimized AEP in the testing process, as the mean accuracy of the prediction of 

96.56% and MSE of 0.0059. It should be investigated that if this combination of 

hyperparameters still has room to be improved, on accuracy or time consuming.  

Table 4.7: The influence on prediction quality by number of neurons in the second 

series of experiment 

Values of hyperparameter 800 400 200 100 

Accuracy of prediction for test set 96.16% 96.33% 96.27% 96.29% 

MSE of prediction for test set 0.0059 0.0058 0.0059 0.0062 

 

The performance of the trained NN with different numbers of neurons is 

summarized in Table 4.7. The results do not present a clear trend that indicates the 

relationship between accuracy and number of neurons. Note that this initial 



 

112 

architecture is sample, i.e., only one hidden layer is applied. In order to address the 

impact on the prediction quality associated with the number of hidden layers and 

the number of neurons, multiple investigations are done by adjusting the number of 

hidden layers with the number of neurons investigated above. The results of 

accuracy and MSE in predicting the optimized AEP in testing set are shown in 

Table 4.8. 

Table 4.8: The prediction quality of the NN with different number of neurons and 

different number of hidden layers 

Number of 

neurons 

Prediction 

quality 

Number of hidden layers 

16 8 4 1 

800 
Accuracy 82.26% 82.69% 96.48% 96.56% 

MSE 0.2481 0.2484 0.005 0.0054 

400 
Accuracy 87.79% 96.25% 96.37% 96.55% 

MSE 0.1895 0.0047 0.0056 0.0044 

200 
Accuracy 96.78% 96.27% 96.34% 96.43% 

MSE 0.0038 0.0044 0.0041 0.0047 

100 
Accuracy 96.46% 95.81% 96.77% 96.72% 

MSE 0.0052 0.0056 0.0043 0.005 

 

The observation in Table 4.8 enhances that the NN for solving this problem does 

not require a complicated structure. On the contrary, over complexity can lead to 

failure of training, as the gradient explosion occurred when the NN constructed by 

800 neurons with 16 hidden layers and 8 hidden layers. Low accuracy of the NN 
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with 400 neurons and 16 hidden layers is also observed but the value is a bit higher 

than 82%. That is a result of taking average of the values from repeated 

experiments, among which the gradient explosion occurs in some cases. However, 

there is not big difference can be observed between the remaining results, 

indicating that the best performance of accuracy and MSE in testing is around 96% 

and 0.005, respectively.  

To address the characteristics of the optimization process while training the NN 

with neurons of 400, 200 and 100, the number of iterations is increased to 5000 for 

better observation. The MSE of each iteration is recorded and drawn in Figure 4.3. 

The disadvantages of complex architectures are presented in the figure as the 

difficulty of convergence and longer time required. With the number of neurons 

increased, the network needs more iterations to find the proper gradient during the 

processes of searching the minima. The strong fluctuations near the 2,000th iteration 

in the case with 400 neurons and 16 hidden layers explains the low mean value in 

the corresponding prediction shown in Table 4.8. For the NN in that architecture, 

more iterations are required for convergence. There is not obvious difference on 

convergence speed between the three architectures with the number of hidden 

layers dropped to 8 can be observed. However, based on the amplitudes of the 

fluctuations in MSE, it is seen that the NN with fewer neurons has a bit stronger 

instability of MSE during the training process.  
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Figure 4.3: The convergence process of the NN with 100 (top), 200 (middle) and 

400 (bottom) neurons in 8 (left) and 16 (right) hidden layers. 

 

By considering these factors comprehensively, the architecture with 100 neurons 

and 16 hidden layers can be the best choice for constructing the NN. The 

hyperparameters of it are summarized in Table 4.9. Note that the number of 

iterations of 5000 is set as redundancy for experiments. It can be reduced to 2,000 

for time saving based on the observation in Figure 4.4. 
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Table 4.9: The hyperparameters of NN for the best performance in prediction 

Hyperparameters Values 

Number of neurons 100 

Number of hidden layers  16 

Dropout probability 0.01 

Learn rate 0.001 

Number of iterations 5000 

Accuracy of prediction for test set 96.68% 

MSE of prediction for test set 0.0034 

 

 

Figure 4.4: Comparison between the predicted AEP and the true optimized AEP of 

the test set. 

 

The quality of the trained model in Table 4.9 is visualized in Figure 4.4 by showing 

the true optimized AEP on the x-axis and the AEP predicted by the NN based on 
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the corresponding features is reported on the y-axis. A 𝑦 = 𝑥 line is also drawn in 

the figure. If the predictions were perfect, all the points should lay on the 𝑦 = 𝑥 

line. The distributions of the points indicate the trained model can determine the 

relationship between TD and the optimized AEP based on the normalized wind 

rose information, the accuracy can satisfy the propose of developing this model, 

that being used to achieve fast estimating in the stage of initial searching in the 

optimization.  

4.7    Conclusions 

In this work, an approach of constructing a surrogate model for wake calculation in 

solving WFLO problems is investigated. A fully connected neural network is 

established and trained. The dataset used in this study contains 10,000 samples of 

which 70% are used for training and 30% are used for testing. The input features of 

each sample for the NN are composed with the wind rose data, frequencies of 

occurrence specifically, and the turbine density which is a variable indicating the 

relationship between the amount of wind turbines in an area and the size of the 

area. In each sample, site AEP is obtained by performing a two-stage model based 

on the given wind conditions and site conditions and is used as the output feature 

for the NN. The maximum value-based normalization is proceeded to each feature 

in the dataset as the pretreatment. 
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The NN model is investigated by training with different hyperparameters and the 

corresponding results of predicting the optimized AEP in testing are compared. 

Based on the observations, it is not needed to have a complex architecture of the 

NN, in contrast, higher complexity can lead to very poor performance. Overall, the 

architecture of the NN with 100 neurons and 16 hidden layers performs well both 

in prediction accuracy and training stability. The dropout rate of the model is 0.01 

and the learning rate is 0.001. Other architectures which are trained successfully 

can also lead to the accuracy of prediction within 95%-97% but present different 

disadvantages. 

This approach can be applied by an entity when making decisions of selecting 

potential locations for constructing offshore wind farms as an initial screening 

process. It can also be applied as the algorithm in the first stage of a multi-stage 

model for solving the WFLO problems containing large number of wind turbines 

where applying the classical optimization algorithms are inoperable due to the time 

consuming. 
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Chapter 5  
 

Wake Effects and Structural 

Responses in Hybrid Floating 

Offshore Wind Turbine Arrays 

5.1    Introduction 

Floating offshore wind turbine (FOWT) is the key equipment which can help us to 

extend the wind power capability towards deep waters. Due to the limitation of 

computational capacity, the investigations regarding to wake meandering and 

structural loads of the wind turbines in wind farm are insufficient. The deficiency 

of such studies has stumbled the development of large floating offshore wind farms 

since the data of wind turbine power generation and fatigue is needed for 

evaluating the LCOE accurately. However, the low-fidelity models such as 

FLORIS used in previous chapters which considers uniform wakes and steady-state 

wind farm flow do not account for dynamics. To address these challenges, the mid-

fidelity multi-physics engineering tool known as FAST.Farm which developed by 

NREL in collaboration with Envision Energy USA Ltd is used in this chapter to 
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obtain the transient characteristics of aerodynamics, hydrodynamics and 

elastodynamics on the wind turbines in array-like configurations as well as the 

wake interactions.  

The FAST.Farm module is an extension of OpenFAST. To complete the combined 

aero-servo-hydro-elastic analysis for the wind farm, the corresponding modules 

such as the AeroDyn for aerodynamics, ElastoDyn for elastodynamics, ServoDyn 

for the control logic, MoorDyn for dynamics on mooring lines and AWAE (the 

abbreviation of “Ambient Wind and Array Effects”) for wind flow field are 

invoked synchronously during the computation. These modules for dynamics in 

OpenFAST were widely applied in the academia and industry prior to the release of 

FAST.Farm.  

Wake meandering is a large-scale movement of the wake deficit transported by 

large turbulent eddies. Studies have shown that the wake meandering depends on 

atmospheric stability and varies with wind speed, turbulence, sheer, veer, etc. 

[138]. This phenomenon was first documented by Taylor et al. [139] as the found 

of the variability of wind inflow direction shifted the wake trajectory, moving it 

along the area of the downstream rotor. That leads to the increased power 

generation of the downstream wind turbine followed by the reduced wake effects 

on its rotor. The wake meandering was not considered in wind turbine developing 

until Larsen et al. [140] published the dynamic wake meandering (DWM) model in 

2008 [141]. The wake models discussed and used in the previous chapters are 
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developed based on the axisymmetric assumption, such as the Gaussian model, as 

illustrated in Figure 5.1(a). This simplification can capture most wake deficits in 

the far wake and the wake recovery to the ambient wind but has lack of fidelity in 

the near wake as well as other important wake dynamics. As the investigation of 

structural response is proposed, the dynamic physics should be obtained, and the 

near wake corrections should be applied due to the wake deficit evolves from the 

rotor. The DWM treats the wake meandering as a passive tracer which transfers the 

wake deficit horizontally and vertically to a moving frame of reference [42], as 

shown in Figure 5.1(b). A splitting of scales methodology is applied in the DWM 

model, which divides the wake flow filed into two portions based on the size of 

turbulent eddies. The fields defined by the size of turbulent eddies larger than two 

turbine diameters impact the wake meandering and those smaller than two 

diameters are assumed to dominate the wake deficit evolution. In solving DWM 

with Larsen’s model, three sub-models are implemented: a steady-state wake-

deficit model based on the axisymmetric thin-shear-layer approximation of the 

Navier-Stokes (N-S) equation with an eddy-viscosity model for turbulence closure 

[142]; a wake-transport model of the wake deficit as a result of large-scale 

atmospheric turbulence; a wake-turbulence model to account for the added 

turbulence introduced by the wake [138]. FAST.Farm is developed to address some 

limitations and drawbacks of the previous DWMs, e.g., non-accelerated wake 

advections from near wake to far wake; the wake deficit is not distorted by inflow 
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skew; the wake deficit and centerline are based only on mean conditions and the 

wake merging is not considered. The solutions and innovations have been made the 

FAST.Farm as a mid-fidelity model can provide reliable simulation results as the 

high-fidelity model, SOWFA [42].  

 

Figure 5.1: Sketches of (a) axisymmetric wake deficit and (b) wake meandering 

evolution [42]. 

 

There are few studies have been done with respect to the wake interactions and 

fatigue loads on multiple floating offshore wind turbines (mostly two wind 

turbines) in an array. Lee et al. [143] determined the fatigue loading of the 

turbulence in the boundary layer and the wake of the turbines by observing the 

aeroelastic responses of the turbines. LES of atmospheric boundary layers under 

various stability and surface roughness conditions are performed in that work. Kim 

(a)

(b)
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et al. [144] investigated the impact of wake on fatigue loads and concluded that 

increasing the turbulence intensity considerably increased fatigue loads. It was 

determined that high turbulence intensity significantly increases the fatigue load. 

Liu et al. [145] studied the dynamics of wind turbines under an arbitrary 

distribution of the turbulent flow field varying in time and space. The mean flow 

filed had a substantial influence on the fatigue loads in the near-wake zone, notably 

in the staggered arrangement, was discovered in the study. Wise and Bachynski 

[138] investigated the wake meandering effects and the relevant structural 

responses on DTU 10MW floating offshore wind turbines. They found that the 

wake meandering is most extreme when wind speed is low. The yaw motion is 

strongly impacted by the meandering. However, some moments have no 

relationship with wake meandering such as the mooring line tension and tower base 

fore-aft bending. However, the deficiency of the discussions about the wake 

interactions existed in the turbine arrays consist of different types of FOWTs 

jointed with the considerations of structural responses should be covered. Although 

there are already some WFLO research have involved the observations for multi 

type wind turbines, they are about onshore or fixed bottom offshore wind turbines 

and using steady-state inflow wind conditions. But in the FOWT concepts, the 

influence brought by the added small wind turbines between large wind turbines on 

wind flow stability conjunct with turbine structural response is still not clear.  
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This chapter involves two types of reference wind turbines, i.e., the IEA Wind 

15MW wind turbine and NREL 5MW wind turbine, both are FOWTs mounted on 

semi-submersible platforms. The Mann uniform shear model [146], [147] is used to 

generate the turbulent wind flow. OpenFAST with the FAST.Farm module is 

applied to capture the wake effects and FOWTs’ structural responses. Two types of 

arrays, four wind turbines and three different distances between turbines are 

involved. The observations are based on three different wind speed scenarios that 

the mean incoming wind speeds are defined as 7m/s, 11m/s, and 15m/s. It is 

proposed to investigate the wake interactions, array effects and structural loads 

among the hybrid FOWTs arrays. 

5.2    Configurations of Wind Turbine Array 

The configurations of the four 15MW-5MW hybrid wind turbine arrays have been 

shown in Figure 5.2. The distance between each wind turbines are equal and will be 

presented by the turbine rotor diameter, 𝐷, following the same way in the previous 

chapters. Note that the 𝐷 used here for defining the distance is the diameter of the 

15MW wind turbine, i.e., 240 m. That leads to the distance between the two 5MW 

wind turbines in the configurations of ABBA can be nearly doubled if observing 

based on the perspective referred to the 5MW. 
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Figure 5.2: The two models of 5MW-15MW hybrid 4 FOWTs configurations: (a) 

the 15MW wind turbines and the 5MW wind turbines are placed staggered, 

presented as the ABAB model in the following context; (b) two 5MW wind 

turbines are placed between two 15MW wind turbines, presented as the ABBA 

model in the following context. 

 

There are three scenarios for the distance between wind turbines involved in each 

configuration type in this chapter — 2D, 3D and 4D, leading to the minimum 

distance between two adjacent wind turbines is 480m and the maximum is 960m. 

The total length of the wind turbine array is of 1,440m to 2,880m. 

5.3    Generation for Ambient Wind  

For the complement of coupled aero-hydro-elastic analysis in a wind farm, the 

three-dimensional (3-D) transient ambient wind environment should be established 

and imported to FAST.Farm. Two resolutions of the ambient wind, low- and high-, 

are required for the simulation with FAST.Farm since the wind will be spatially 

(a)

(b)

15MW

5MW

15MW

5MW

15MW 15MW

5MW 5MW
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averaged across wake volumes within the AWAE module. The low-resolution 

domain should cover the area throughout the wind farm wherever wakes may 

potentially reside. The spatial resolution of the low-resolution domain is usually on 

the order of tens of meters for utility-scale wind turbines. Specifically, in this 

chapter, the reference spatial scale is selected based on the NREL 5MW wind 

turbine due to its smaller size compared to the IEA Wind 15MW. The high-

resolution domains are established around each wind turbine for the accurate 

aerodynamic load calculations. Note that the high-resolution domains are generated 

based on the low-resolution domain and overlap with the low-resolution domain 

(see the sketch in Figure 5.3). More details and equation derivations can be checked 

in Ref. [42], [43].  

 

Figure 5.3: Sketch of the low-resolution domain with the high-resolution domains 

around each FOWT generated as the ambient wind flow for FAST.Farm. 

 

There are mainly three approaches to generate the ambient wind conditions for the 

simulation in FAST.Farm: SWOFA as the LES model, TurbSim and Mann as the 

synthetic models. With using SWOFA, the wind field is solved by LES solver 

based on the CFD platform — OpenFOAM, and the low-resolution domain and 

Inflow wind
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high-resolution domain are generated separately. However, this method is 

expensive numerically due to the finite volume method. The synthetic models are 

advanced in limited computational expense, but are more applicable for small wind 

farms [43]. The TurbSim software is developed by NREL [148] and contains two 

models stated in International Electrotechnical Commission (IEC)-61400-1 

standard [149]: the Kaimal turbulence model and von Karman turbulence model. 

Both these turbulence models utilize a one-dimensional fast Fourier transform 

(FFT) on each turbulent flow component, u, v, and w separately. The Mann 

turbulence model is based on a three-dimensional spectrum tensor representation of 

the turbulence and uses a three-dimensional FFT to create all components 

simultaneously [150]. In this chapter, the Mann model is applied to generate the 3-

D turbulent ambient wind flow due to the expensive time cost of applying TurbSim 

model in practice. The Mann turbulence model can be created by using a turbulence 

generator which is part of HAWC2 project [151], an aeroelastic code intended for 

calculating wind turbine response in time domain. The parameters for generating 

the three ambient wind scenarios are given in Appendix A. 

The wind shear describes how the near-ground wind varies vertically with the 

height. In the present research, the power-law model is used to represent the wind 

profile, which is given by: 

 
𝑢∞
𝑢(𝑧)

= (
𝑧

𝑧ℎ
)
𝛼𝑠

, (5.1) 
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where 𝑧ℎ is the hub height of 150 m and 𝛼𝑠 is the shear coefficient of 0.14. 

The low-resolution wind field applied in the simulation is a 16,384 m × 1,280 m × 

640 m domain with the grid resolution of 8,192 × 256 × 128. The high-resolution 

domains around each wind turbine are established based on the resolution of 281 × 

81 × 81 and applied by interpolation. The wake discretization in FAST.Farm 

consists of 600 wake planes per rotor, each with a radial finite-difference grid of 80 

nodes with a spacing of 5 m.  

5.4    Wind Speed Scenarios  

Three mean inflow wind speeds are considered for each configuration, representing 

below-, near-, and above-rated wind speeds — 7 m/s, 11 m/s, and 15 m/s at hub 

height, respectively. Note that the parameters used to set up the wind environments 

are referenced to the IEA Wind 15MW wind turbine. A 1200-second turbulent 

continuous ambient wind flow simulation is performed for each ambient wind 

condition, but the start-up transients are removed from the analysis by neglecting 

the first 200 seconds of each simulation before processing output.  

5.5    The FOWT Concepts 

The FOWT mainly consists of the main body of wind turbine (tower, nacelle, and 

rotor) and the floating platform. These two parts are designed separately and should 

be defined well for the simulation with OpenFAST. The selected properties for the 
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IEA Wind 15MW reference wind turbine and the NREL 5MW wind turbine are 

given in Table 5.1. The reference floating platform for the IEA Wind 15MW 

turbine is defined by University of Maine (UMaine) in cooperation with NREL, 

and the reference floating platform for NREL 5MW is defined by NREL for the 

Offshore Code Comparison Collaboration Continuation (OC4) project as part of the 

DeepCwind project which is a U.S.-based project aimed at generating test data for 

use in validating floating offshore wind turbine modeling tools.  

The geometric properties are selected shown in Table 5.2. Note that in Table 5.2, 

SWL is the abbreviation of still water line. The natural frequencies for the UMaine 

and OC4 DeepCwind semi-submersible in rigid-body model for OpenFAST are 

listed in Table 5.3. In addition to the properties, the two FOWTs are sketched in 

Figure 5.4. Both the two floating bases are composed of one main column and three 

offset columns. Each offset column of OC4 DeepCwind platform is consist of the 

upper part and base part with different diameters, whereas there is uniform 

diameter used for the offset column of UMaine concept.  
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Table 5.1: Properties of IEA Wind 15 MW and NREL 5 MW reference turbines. 

Parameter Value 

Power rating 15MW 5MW 

Cut-in wind speed 3 m/s 3 m/s 

Cut-out wind speed 25 m/s 25 m/s 

Rated wind speed 10.59 m/s 11.4 m/s 

Minimum rotor speed 5 rpm 6.97 rpm 

Maximum rotor speed 7.56 rpm 12.1 rpm 

Rotor diameter 240 m 126 m 

Hub height 150 m 90 m 

Mass of rotor-nacelle assembly 1016 t 350 t 

 

Table 5.2: Properties of UMaine and OC4 semi-submersible platform. 

Parameter UMaine OC4 

Depth of platform base below SWL (total draft) 20 m 20 m 

Elevation of main column (tower base) above SWL 15 m 10 m 

Spacing between offset columns 102.13 m 50 m 

Diameter of main column 10 m 6.5 m 

Diameter of offset (upper) columns 12.5 m 12 m 

Diameter of base column N/A 24 m 
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Table 5.3: The natural frequencies of UMaine and OC4 semi-submersible in rigid-

body model for OpenFAST. 

Degree of Freedom UMaine OC4 

Surge 0.007 Hz 0.0093 Hz 

Sway 0.007 Hz 0.0089 Hz 

Heave 0.049 Hz 0.0571 Hz 

Roll 0.036 Hz 0.035 Hz 

Pitch 0.036 Hz 0.038 Hz 

Yaw 0.011 Hz 0.0124 Hz 

 

 

Figure 5.4: The reference FOWT of IEA Wind 15MW with UMaine semi-

submersible platform (left) and the reference FOWT of NREL 5MW with OC4 

DeepCwind semi-submersible platform (right). 
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5.6    Computing Environment 

The studies investigated in this chapter are all simulated by FAST.Farm. The 

numerical simulations are parallelized via OpenMP and carried out on FIT’s 

BlueShark Supercomputer. The configuration of each compute node used in this 

chapter is 2 × 10 core Intel Xeon E5-2650 @ 2.30GHz CPUs with 131Gb of RAM. 

Each simulation is implemented parallelly with 10 threads and 30Gb of RAM, 

which can be completed within 5 days. Recall that in the parallel computing with 

FAST.Farm, each wind turbine is simulated with OpenFAST on one thread for the 

dynamics, and the rest available threads are used to solve the wind flow field and 

other processes for output. Based on this mechanism and the limitation of 

OpenFAST’s time consuming, the speed-up for the computational time of the farm 

simulation cannot be simply multiplied by the number of threads, indicating that 

involving too many threads is ineffective on time saving. In the simulations with 4 

FOWTs in this chapter, 4 threads are used for simulating the dynamics performance 

on individual turbines and 6 threads supply other numerical computations. 

5.7    Results and Discussions 

In this section, the turbine performance, wake effects and wind turbine structural 

responses are observed and discussed. Specifically, the total power output in 

different configurations is compared, the farm flow field is visualized, the wake 

center positions are presented, the rotor torque and its dynamic response of selected 
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turbine are studied, and the resonance of platform surge and platform pitch of 

selected turbines are compared.  

5.7.1    Turbine performance in power production 

The mean values of power generation with respect to individual wind turbines and 

wind farm in the three wind speed scenarios are given in Table 5.4 to  

Table 5.6. The terms of T1, T2, T3, T4 correspond to the first to the fourth wind 

turbine in the array, similarly hereinafter. The standard deviation (STD) is also 

provided in the tables.  

T1 obtained the largest power production among the four wind turbines as the first 

turbine in the array since it is not in any wake region. With the distance between 

turbines fixed, the configuration of ABBA can provide higher power in total than 

ABAB in every wind speed scenario, but the STDs of the second 5MW wind 

turbine in ABBA arrays are higher than in ABAB, indicating that the configuration 

of ABBA can enhance the instability in the wind flow downwind the first 5MW 

turbine. Moreover, the increased distance between turbines results in higher power 

production of individual turbines and farms but causes higher STDs. That may 

indicate longer distance between turbines benefits the wake recovery but leads to 

more wake meandering that strengthens turbulence intensity as well as the 

spanwise and vertical wind shear. 
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Table 5.4: Turbine performance in the below-rated wind speed scenario. 

Configuration Turbine number Average power production (kW)  

  Single turbine Wind farm STD 

ABBA 2D 

T1(15MW) 

T2(5MW) 

T3(5MW) 

T4(15MW) 

4,504 

302 

429 

2,214 

7,449 

1,059 

159 

223 

906 

ABAB 2D 

T1(15MW) 

T2(5MW) 

T3(15MW) 

T4(5MW) 

4,504 

302 

1,894 

266 

6,957 

1,059 

159 

789 

160 

ABBA 3D 

T1(15MW) 

T2(5MW) 

T3(5MW) 

T4(15MW) 

4,504 

422 

549 

2,814 

8,289 

1,059 

198 

276 

970 

ABAB 3D 

T1(15MW) 

T2(5MW) 

T3(15MW) 

T4(5MW) 

4,504 

422 

2,526 

363 

7,809 

1,059 

198 

973 

214 

ABBA 4D 

T1(15MW) 

T2(5MW) 

T3(5MW) 

T4(15MW) 

4,504 

522 

630 

3,248 

8,903 

1,059 

228 

279 

1008 

ABAB 4D 

T1(15MW) 

T2(5MW) 

T3(15MW) 

T4(5MW) 

4,504 

522 

3,000 

470 

8,496 

1,059 

228 

1019 

243 

 



 

134 

Table 5.5: Turbine performance in the near-rated wind speed scenario. 

Configuration Turbine number Average power production (kW)  

  Single turbine Wind farm STD 

ABBA 2D 

T1(15MW) 

T2(5MW) 

T3(5MW) 

T4(15MW) 

13,177 

1,643 

1,581 

8,516 

24,917 

1,655 

562 

560 

2,080 

ABAB 2D 

T1(15MW) 

T2(5MW) 

T3(15MW) 

T4(5MW) 

13,177 

1643 

8,244 

1,141 

24,201 

1,657 

562 

2,083 

444 

ABBA 3D 

T1(15MW) 

T2(5MW) 

T3(5MW) 

T4(15MW) 

13,177 

1,876 

1,968 

9,726 

26,747 

1,657 

613 

604 

2,099 

ABAB 3D 

T1(15MW) 

T2(5MW) 

T3(15MW) 

T4(5MW) 

13,177 

1,876 

9,363 

1,527 

25,943 

1,657 

613 

2,072 

518 

ABBA 4D 

T1(15MW) 

T2(5MW) 

T3(5MW) 

T4(15MW) 

13,177 

2,124 

2,193 

10,579 

28,073 

1,659 

677 

669 

2,099 

ABAB 4D 

T1(15MW) 

T2(5MW) 

T3(15MW) 

T4(5MW) 

13,177 

2,124 

10,113 

1,879 

27,293 

1,659 

677 

2,029 

597 
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Table 5.6: Turbine performance in the above-rated wind speed scenario. 

Configuration Turbine number Average power production (kW)  

  Single turbine Wind farm STD 

ABBA 2D 

T1(15MW) 

T2(5MW) 

T3(5MW) 

T4(15MW) 

14,973 

4,604 

4,333 

14,712 

38,622 

648 

628 

757 

973 

ABAB 2D 

T1(15MW) 

T2(5MW) 

T3(15MW) 

T4(5MW) 

14,973 

4,604 

14,751 

4,369 

38,699 

648 

628 

930 

727 

ABBA 3D 

T1(15MW) 

T2(5MW) 

T3(5MW) 

T4(15MW) 

14,973 

4,642 

4,486 

14,820 

38,922 

648 

613 

706 

903 

ABAB 3D 

T1(15MW) 

T2(5MW) 

T3(15MW) 

T4(5MW) 

14,973 

4,642 

14,810 

4,472 

38,897 

648 

613 

860 

704 

ABBA 4D 

T1(15MW) 

T2(5MW) 

T3(5MW) 

T4(15MW) 

14,973 

4,674 

4,606 

14,850 

39,104 

648 

618 

644 

832 

ABAB 4D 

T1(15MW) 

T2(5MW) 

T3(15MW) 

T4(5MW) 

14,973 

4,674 

14,861 

4,571 

39,080 

648 

619 

783 

682 
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The statistical plots for the farm power generation are shown in Figure 5.5 to 

Figure 5.9 with respect to the three wind speed scenarios. Overall, the total power 

output is lower when the four FOWTs are arranged in the ABAB configuration.  

 

Figure 5.5: Box plots for total power output in different configurations for the 

below-rated wind speed scenario. 

 

In Figure 5.5, the configuration of ABAB with 2D as the distance between turbines 

presents lower average total power output compared to the ABBA with 2D. There 

are some values larger than the ABBA with 2D but are out of the box indicating the 

instability and contingency in statistics of these outputs. With the distance 

extending to 3D and 4D, the situations on power generation of ABAB arrays are 

improved. 
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Figure 5.6: PDFs of total power output the below-rated wind speed scenario. 

 

The probability density functions (PDFs) of the cases shown in Figure 5.5 are 

drawn in Figure 5.6. The distributions of the PDFs of ABBA and ABAB 

configurations with 2D are wider than others and the peaks of PDFs are at 6,000 

kW to 7,500 kW. In contrast, each curve of ABBA and ABAB arrays with 4D (see 

the dash-dot lines) presents a stand-alone peak at 8,000 kW of power output, 

compared to other arrays. The maximum PDF of ABBA is higher than ABAB 

indicates the wind turbine at the third row dominates the deviation. 
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Figure 5.7: Box plots for total power output in different configurations for the near-

rated wind speed scenario. 

 

In the near-rated wind speed scenarios, the ambient wind flow can provide the wind 

energy required by the wind turbines for generating power with the rated capacity. 

But the energy extraction and wake deficit result in the wind speed and the thrust 

force on the downstream turbine rotor being insufficient to satisfy the rated 

capacity of wind turbine. That is presented in Figure 5.7 as the boxes of total power 

production are still large on length indicating the impacts from fluctuations during 

the turbine operation. The variety on placing T3 also leads to the disagreement 

among the two types of turbine array. The average power production of ABAB is 

lower than ABBA in each case with different distances. But the ABBA presents 
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more outlies in the cases with 3D and 4D. In addition, only 65% – 75% capacity of 

the total power generation (40 MW) is reached, in average. 

 

Figure 5.8: PDFs of total power output the near-rated wind speed scenario. 

 

The curves shown in Figure 5.8 is a bit narrower than them in Figure 5.6 meaning 

the reduced fluctuations in power generation. However, the instable conditions in 

the cases with 2D are presented as the multi-peaks of the PDF “mountains” are 

observed (see the solid lines in the figure). On the other hand, the cases with 3D are 

more stable in power generation and the probability of it is high at 2.5 MW – 3 

MW, similar tendency is observed in the cases with 4D.  
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Figure 5.9: Box plots for total power output in different configurations for the 

above-rated wind speed scenario. 

 

In the scenarios of above-rated wind speed, the total power production in ABAB 

with 2D, 3D and 4D present stronger agreement to ABBA compared to the other 

two scenarios, as shown in Figure 5.9. The inflow wind in this scenario contains 

higher potential energy and the wind turbine can obtain sufficient thrust force on 

the rotor to guarantee the operation with the rated capacity.  
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Figure 5.10: PDFs of total power output for the above-rated wind speed scenario. 

 

Since the rated wind speeds of the IEA Wind 15MW and NREL 5MW are 10.59 

m/s and 11.4 m/s respectively, the mean inflow wind speed of 15 m/s is much 

higher than the required wind speed for rated power generation. Thus, by 

presenting on the statistical data of generator power, high values of PDF of each 

case are observed around the rated power capacity of 40 MW as shown in Figure 

5.10. The skewness of the statistical distribution of each curve about the mean 

values toward higher values of power generation can be clearly observed in this 

figure. The skewness is likely caused by the cubic relationship (recall Equation 

(1.2)) between the transient wind speed and power production, where the wind-

speed gusts generate more power than the lost by wind-speed lulls [45]. 
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5.7.2    Wake meandering and wake visualization 

Wake meandering is an important feature of wake effects in wind turbine arrays, 

whereas it is not able to be captured by the analytical wake models which 

developed based on the assumption for steady state. The instantaneous wake effects 

can be simulated nicely by SOWFA as well as FAST.Farm as a low computational 

cost tool. The instantaneous XY-plane flow visualizations of the horizontal hub-

height velocity, u, for each style of configuration in the three scenarios are shown 

through Figure 5.11 to Figure 5.16. Note that in the figures, the length scales are re-

defined by the rotor diameter of 15MW wind turbine (240 m), and the hub-height is 

selected based on the 5MW wind turbine (90 m). Due to the difference on the hub-

heights of the two wind turbines, it is not able to visualize every hub-height flow 

field synchronously in a single horizonal slicing figure. The portions above 90 m of 

the 15MW wind turbine wake flows are not shown in the following visualizations. 

The rotor planes are sketched by white lines in the figures, but the line thickness 

does not correspond to actual size.  

The wake meandering behavior and velocity deficit can be clearly observed in these 

plots. Although the rotor planes are overlapped by the sketches, the discrete 

changes in flow can still be observed at the locations of each turbine. That is a 

result of the wake propagation of each wind turbine is initiated separately in 

FAST.Farm [45]. In addition, since the assumptions of the axisymmetric 

simplification in wake calculation by FAST.Farm as a mid-fidelity solver, and the 
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absence of the breakdown of vortices and added turbulence in wake, the 

visualization is expected losing some textures of turbulent flow, compared to the 

results calculated by CFD methods (such as LES in SOWFA).  

 

Figure 5.11: Instantaneous flow visualization on XY planes of the ABAB arrays 

with the distance between turbines of 2D (top), the distance between turbines of 3D 

(middle), the distance between turbines of 4D (bottom) for the below-rated wind 

speed scenario. 
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Figure 5.12: Instantaneous flow visualization on XY planes of the ABBA arrays 

with the distance between turbines of 2D (top), the distance between turbines of 3D 

(middle), the distance between turbines of 4D (bottom) for the below-rated wind 

speed scenario. 

 

It can be observed by looking into Figure 5.11 and Figure 5.12 that the downstream 

wind turbines — T2, T3 and T4 — are merged in the wakes of the upstream wind 

turbines when the distance between turbines is 2D. With the turbine distances 

extended, the last wind turbine in the configuration with 4D obtains more wind 
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energy as the effects of wake recovery can be observed, which contributes to the 

dropped velocity deficit and increased power generation for the downstream wind 

turbines. The larger velocity in the wakes of downstream wind turbines can be 

observed, as the results of upstream wake recovery. Merging in upstream wakes 

leads to the instability for power generation, which has been discussed with Figure 

5.5 and Figure 5.6. In addition, longer distance gives more space for wake 

meandering, which helps on reducing velocity deficit [138].  

The difference of wakes between ABAB and ABBA can be observed, which 

indicates the selection for T3 in the configurations matters for the wake effects. 

Due to the large capacity of power production, the 15MW wind turbine extracts 

more energy than the 5MW. That leads to stronger pressure drop behand of the 

rotor as well as higher velocity deficit (conservation of energy). Thus, using the 

5MW wind turbine as T3 can reduce the total velocity deficit (the wake of T4 is 

negligible since it does not account for the farm power generation). 
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Figure 5.13: Instantaneous flow visualization on XY planes of the ABAB arrays 

with the distance between turbines of 2D (top), the distance between turbines of 3D 

(middle), the distance between turbines of 4D (bottom) for the near-rated wind 

speed scenario. 
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Figure 5.14: Instantaneous flow visualization on XY planes of the ABBA arrays 

with the distance between turbines of 2D (top), the distance between turbines of 3D 

(middle), the distance between turbines of 4D (bottom) for the near-rated wind 

speed scenario. 

 

Figure 5.13 and Figure 5.14 present the transient wind flow fields of each case in 

the near-rated wind speed scenario. The major difference which can be observed by 

comparing these with the figures for the below-rated scenario comes with the 

inconspicuous visual wakes behind of T1 and T2. It is not because of there are no 
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wakes but caused by the small contrasts between the velocity in wakes and ambient 

wind speed. In addition, the wake meandering is not easy to be observed compared 

to the plots for the below-rated wind speed scenario. However, the deflected wake 

zones of T3 and T4 can be clearly observed, meaning that the wind blew to T3 and 

T4 contains low potential energy. Still, the wake behind the 15MW wind turbine 

selected as T3 strongly affect the 5MW wind turbine as T4, compared to the 

configurations with the reversed selection. 

The visualizations for the instantaneous velocity distribution of the different 

configurations in the above-rated wind speed scenario can be observed via Figure 

5.15 and Figure 5.16. Similar behaviors of the wakes to the near-rated wind speed 

scenario are shown. Note that some textures of low velocity are generated by the 

turbulence generator instead of the wake effects. That is not avoidable since the 

ununiform wind is considered and the minimum value of the color legend should be 

selected properly to show the wakes. Although it is not easy to distinguish the 

velocity deficit caused by wake from the low velocity in ambient wind, the wake 

meandering behaviors can still be observed by comparing each subplot. 
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Figure 5.15: Instantaneous flow visualization on XY planes of the ABAB arrays 

with the distance between turbines of 2D (top), the distance between turbines of 3D 

(middle), the distance between turbines of 4D (bottom) for the above-rated wind 

speed scenario. 
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Figure 5.16: Instantaneous flow visualization on XY planes of the ABBA arrays 

with the distance between turbines of 2D (top), the distance between turbines of 3D 

(middle), the distance between turbines of 4D (bottom) for the above-rated wind 

speed scenario. 
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Figure 5.17: The lateral wake center positions (left) and vertical wake center 

positions (right) at 2D (top), 3D (middle) and 4D (bottom) behand each wind 

turbine rotor in the ABAB with 4D type of configurations for the below-rated wind 

speed scenario. 

 

Time series of the lateral (Y) and vertical (Z) wake center positions at 2D, 3D and 

4D downstream of each wind turbine in the ABAB with 4D configuration for the 

below-rated wind speed scenario have been given in Figure 5.17. The propagation 

of the wake features is presented clearly as the amplitude of the wake meandering 

increases as the wake moves downstream, both in the lateral and vertical directions. 

These are caused by the combination of turbulence and wake advection. In 

addition, the wake trends to move up along the vertical direction due to the ambient 
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wind shear. The wake-added turbulence should also enhance this effect but the 

calculation is not involved in FAST.Farm compared to SOWFA [41], [45]. Similar 

observations can be found in the near-rated and above-rated scenarios, which are 

not plotted here but in Appendix B. 

 

Figure 5.18: The lateral wake center position (left) and vertical wake center 

position (right) at 4D behand each wind turbine rotor in the ABAB with 4D type of 

configuration for the below-rated (top), near-rated (middle) and above-rated 

(bottom) wind speed scenario. 

 

The lateral and vertical wake center positions at 4D behand each wind turbine rotor 

in the configuration of ABAB with 4D over time have been presented in Figure 

5.18. The reduction on the amplitude of wake meandering with increasing wind 
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speed can be observed in the plot, as well as the increased frequency. The mean 

values of the standard deviation of each wind turbine in the three wind speed 

scenarios are 0.24D, 0.17D and 0.14D for lateral and 0.14D, 0.07D and 0.05D for 

vertical, respectively. That indicates the most extreme wind meandering occurs in 

the below-rated wind speed scenario. It was confirmed experimentally by España et 

al. [152] that the occurrence of wake meandering relevant to the ratio of the size of 

the turbulent eddies in the incoming flow and the turbine rotor diameter. In the 

incoming wind flow with lower turbulent intensity, the turbulent eddies are large. 

Furthermore, the different hub heights of the two types of wind turbines result in 

two wake layers which can be observed in Figure 5.18, particularly in the near-

rated and above-rated wind speed scenarios. The wake layers lead to portions of the 

wake flow behind the 15MW turbines are moved away from the downstream 5MW 

wind turbines and the wake impacts on the 5MWs are reduced, compared to the 

configurations which consists of uniform type of wind turbines. 

There is not obvious difference between ABAB and ABBA with other conditions 

remained the same, see Figure 5.19. But with a 5MW wind turbine installed at the 

location of T3 will lead to a wake zone lower than the case that installing a 15MW 

wind turbine at the same place. The configuration of ABBA can then obtain the 

wind flow with stronger wind speed at T4 than the configuration of ABAB. This 

configuration results in two twin wind turbine arrays that consist of 15MW and 

5MW, with the distance between turbines of 12D and 4D respectively.  



 

154 

 

Figure 5.19: The lateral wake center position (left) and vertical wake center 

position (right) at 4D behand each wind turbine rotor in the ABBA with 4D type of 

configuration for the below-rated (top), near-rated (middle) and above-rated 

(bottom) wind speed scenario 

 

Since the distance of 12D is long enough for the wake to be mostly recovered at the 

second 15MW wind turbine. That benefit can also be available to the 

configurations with 2D and 3D. In contrary, the twin wind turbine arrays with same 

turbine distance, e.g., 8D between each identical wind turbine in the configuration 

of ABAB with 4D, present lower total power production, that can be a result of 8D 

is not long enough for wake recovery and the 15MW wind turbines dominate the 

farm power output. 
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5.7.3    Statistical Analysis for Rotor Torque: 

The rotor torque is an important component in the concept of wind turbine, which 

is responsible for power generation as structural load from aerodynamics — the 

torque affects the tangential velocity of the annular ring of the rotor disk [150]. The 

rotor torque is defined as: 

 
𝑇 =

1

2
𝜌𝜋𝑟3𝐶𝑞𝑢

2, (5.2) 

where 𝜌 is the air density, 𝑟 is the radius of wind turbine rotor, 𝐶𝑞 is the torque 

coefficient and 𝑢 is the wind speed at the rotor. When the wind flow passing 

through the blades and forming thrust force on the rotor plane, the torque is 

generated in the direction of rotor’s rotation which opposes the generator torque. 

The work done by the generator torque then be converted to electrical power. 

The rotor torque obtained here is a result form the blade element momentum 

(BEM) method in OpenFAST, which considers the actuator disk concept and 

angular momentum theory. The BEM method divides the blade into several 

segments with neglection of the interactions between neighboring elements, and 

each segment has its own corresponding drag and lift coefficient. By integrating 

over the blade length, the thrust and torque can be obtained [153].  
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Figure 5.20: Box plots for the rotor torque of T1 and the second 15MW wind 

turbine in different configurations in the below-rated wind speed scenario. 

 

The rotor torque distribution of each 15MW wind turbine in the configurations of 

ABBA and ABAB is given in Figure 5.20. Note that in the same wind speed 

scenario, the ambient wind conditions used for the individual simulations with 

different configurations are all kept the same. The first wind turbine would obtain 

the maximum wind energy and the wind turbines downstream are not expected to 

gain larger wind speed as well as torque. But the rotor torque of the second 15MW 

wind turbine in different configurations can be compared through these statistical 

plots. The benefits caused by the configuration of ABBA are presented in Figure 

5.20 as the placement of 15MW wind turbine as T4 leads to higher rotor torque 

than the one installed at T3 in the configurations of ABAB. The reason has been 
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discussed through the observation with the wake visualizations. The reduced torque 

at the downstream wind turbine rotor disk is also a result of wake rotation as the air 

rotates opposite the direction of the rotor rotation while passing through an 

operating rotor. The increasing on distance between turbines results in higher rotor 

torque that the downstream wind turbine can obtain, as can be observed in Figure 

5.20. 

The PDFs for the rotor torque on each 15MW wind turbine in each case in the 

below-rated wind speed scenario are given in Figure 5.21. Due to the turbines as T1 

in the configurations investigated are all in the ideal condition, only one line is 

drawn for these turbines. The dash lines correspond to the turbines as T4 in the 

configurations of ABBA and the dash dot lines correspond to those as T3 in the 

configurations of ABAB. In the figure, every curve does not present the standard 

distribution, indicating that the strong instability in the incoming wind flow with 

the mean speed of 7m/s.  
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Figure 5.21: PDF plots for the rotor torque of T1 and the second 15MW wind 

turbine in every configuration in the below-rated wind speed scenario. 

 

The PDF curve of T1 presents a structure more symmetrical compared to the 

others, but the multi-peaks reveal the unsmooth sample distribution. The impacts 

on rotor torque due to the distance between turbines are presented as the smaller 

distance the higher density of the probability but the lower torque values. The curve 

of PDF for T4 in ABBA with 4D presents a similar shape with T1, implying the 

upstream wake is recovering toward to the ambient wind flow, but the wind speed 

at the rotor is still low due to the energy being extracted at the upstream wind 

turbines. The distance of 12D downstream to T1 is still not large enough for wake 

recovery in the below-rated wind speed scenario. In addition, recall Figure 5.17, the 

wake generated by the 5MW wind turbines upstream still bring more vertical 
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fluctuations in wind speed which significantly impacts the loads on the rotor of the 

15MW turbine as T4. The positive skewness presented in the probability 

distribution as the mean is toward the lower values can be observed in the PDF 

curves for other wind turbines, implying the scattered distributions of these samples 

toward higher values which were defined as the outliers in Figure 5.20. That can be 

a result of the vortices in the up-winding flow occasionally bring larger velocity in 

the component normal to the rotor plane which can enhance the torque. 

 

Figure 5.22: Box plots for the rotor torque of T2 and the second 5MW wind turbine 

in different configurations in the below-rated wind speed scenario. 

 

The rotor torque on the first 5MW turbine and the second in each configuration 

presents more instability than it on the 15MW turbines, as lots of outliers shown on 

the sides of statistical boxes in Figure 5.22. Higher rotor torque on the 5MW 
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turbine as T3 than the others can be observed, indicating that the turbines as T2 and 

T4 bear stronger impacts from their upstream 15MW wind turbines. Overall, the 

highest rotor torque on each 5MW wind turbine occurs in the configurations with 

4D as expected. Many statistical outliers toward to higher torque can be observed. 

That can be a result from wake meandering that the sways of wind bring instability 

to the downstream wind turbines. 

 

Figure 5.23: PDF plots for the rotor torque of T2 and the second 5MW wind 

turbine in every configuration in the below-rated wind speed scenario. 

 

The 5MW wind turbines in the configurations are strongly impacted by the wakes, 

as shown in Figure 5.23. As the one “hided” behind the huge rotor, the 5MW wind 

turbine as T2 or T4 obtain the least energy from air, compared to those turbines at 

other locations. Differ to the information presented in Figure 5.21, higher PDF 
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values can be observed in Figure 5.23 meaning that the instantaneous rotor torques 

are concentrated in a small range of values. The higher kurtosis also implies the 

strong impacts from outliers.  

 

Figure 5.24: Box plots for the rotor torque of T1 and the second 15MW wind 

turbine in different configurations in the near-rated wind speed scenario. 

 

It is not a surprise that the 15MW turbines as T3 and T4 obtain more torque on 

their rotors in the near-rated wind speed scenario than in the below-rated wind 

speed scenario, as illustrated in Figure 5.24. Still, with the distance between 

turbines going large, the torques increased. In the configuration of ABAB with 4D, 

the mean value and major values of the torque at T3’s rotor is nearly the same as 

T4 in ABBA with 4D. That indicates the actual distance between the first and the 

second 15MW wind turbines of 12D cannot present better advantage in the 
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performance of gaining rotor torque than the distance of 8D in the near-rated wind 

speed scenario. However, more outliers around the box imply the existence of the 

increased impacts from wake effects.  

 

Figure 5.25: PDF plots for the rotor torque of T1 and the second 15MW wind 

turbine in every configuration in the near-rated wind speed scenario. 

 

The statistical samples are stably distributed in a small range as well as the highest 

mean value of torque can be observed for T1 in Figure 5.25, which agrees the 

information presented in Figure 5.24. The slight negative skewness can be observed 

on most of the curves unlike what was shown in Figure 5.21, indicating that the 

increased tendency of gaining lower torque than higher. In addition, the multi peaks 

can be observed for T3 and T4 in ABAB with 2D and ABBA with 2D, 

respectively. These all imply the lower performance on obtaining rotor torque and 
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stability on operation when the distance between turbines is 2D in the near-rated 

wind speed scenario. By comparison, other configurations perform well in this 

scenario.  

 

Figure 5.26: Box plots for the rotor torque of T2 and the second 5MW wind turbine 

in different configurations in the near-rated wind speed scenario. 

 

The statistical information of the rotor torque of T2, T3 or T4 as 5MW wind 

turbines in the near-rated wind speed wind speed scenario can be observed in 

Figure 5.26. In the near-rated wind speed scenario, T2 obtained larger rotor torque 

compared to other 5MW turbines in the configurations with 2D as the distance 

between turbines, which differs to that in the below-rated wind speed scenario. The 

number of outliers within the statistical samples reduced with the ambient wind 

speed being greater. However, more outliers toward high rotor torque in the 
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simulations with distance of 4D applied presented here indicating that occasional 

events of enhanced force on the blades caused by the wake meandering. Recall in 

Figure 5.18, higher amplitude of wake meandering was observed with the 

increasing in distance between turbines. The figure for the near-rated wind speed 

scenario is not shown but the tendency is similar to that in the below-rated scenario. 

While the wake is skewed away, the turbine can obtain larger inflow wind speed, 

which can be a reason for these outliers for high rotor torque.  

 

Figure 5.27: PDF plots for the rotor torque of T2 and the second 15MW wind 

turbine in every configuration in the near-rated wind speed scenario. 

 

The visualization of the statistical information with respect to the rotor torque on 

5MW wind turbines is shown in Figure 5.27. In the plot, multi peaks can be 
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observed on the curves for these turbines except the ones as T3 of ABBA. That can 

be a statistical problem. 

 

Figure 5.28: Time series of rotor torque of 5MW wind turbine at T2 and T3 in 

ABBA and T4 in ABAB with 2D (top), 3D (middle) and 4D (bottom) in the near-

rated wind speed scenario. 

 

The time series of the rotor torque of each 5MW wind turbine in the configurations 

are given in Figure 5.28. Note that the first 5MW turbine in ABBA and ABAB are 

in same conditions, i.e., same ambient wind fields. It can be observed that the 

different Ds result in the time series on each turbine are recorded integrally 

corresponding to the related distances. In the time series data, the wake effects are 
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illustrated as the turbines as T4 have lower values on rotor torque compared to the 

other two locations, but there are not significant deviations among the data. That 

explains the unusual peaks shown in Figure 5.27. The time series plots for the other 

two wind speed scenarios are given in Appendix B for reference. 

 

Figure 5.29: Box plots for the rotor torque of T1 and the second 15MW wind 

turbine in different configuration in the above-rated wind speed scenario. 

 

The statical distributions of the rotor torque of the 15MW wind turbines are more 

concentrated as can be observed in Figure 5.29. The outliers are distributed toward 

to the lower values, but the length of each box is visually shorter than that observed 

in the near-rated wind speed scenario (see Figure 5.24). The mean values of the 

rotor torque of each wind turbine are close since the proportional integral (PI) 

controllers are implemented to regulate the generator torque and blade pitch angles. 
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Specifically, with the incoming wind speed is above the rated wind speed, the rotor 

speed is regulated via the PI controller on the blade pitch angle [40]. Though this 

approach, the rotor speed can be maintained at the rated speed, and the rotor torque 

will be controlled within a proper range as a result to avoid damage. More 

information with respect to the controller properties can be referred in Ref. [40].  

 

Figure 5.30: PDF plots for the rotor torque of T1 and the second 15MW wind 

turbine in every configuration in the above-rated wind speed scenario. 

 

The PDF curves in Figure 5.30 agree the previous discussions for the box plots. 

The curves present the shape of standard distribution with scattered samples toward 

lower values. Overall, in this scenario, the distributions of rotor torque are affected 

and dominated by the PI controller. 
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Figure 5.31: Box plots for the rotor torque of T2 and the second 5MW wind turbine 

in different configurations in the above-rated wind speed scenario. 

 

The statistical information for the rotor torque of the 5MW wind turbines in 

different configurations in the above-rated wind speed scenario is illustrated in 

Figure 5.31. With the wind speed increased, the wind flow contains more energy, 

and the wake has higher frequency as has been discussed in the previous sections. 

The increased distance between the 15MW turbine as T1 and the 5MW turbine as 

T2 does not promote the growth on rotor torque of the 5MW wind turbine. That is 

also a result from the PI controller, as the rated rotor torque in the steady-state 

response is given in Ref [37] of 4.3 × 103 kN∙m. However, differ to the 15MW 

wind turbines, the downstream 5MW turbines are impacted more by the upstream 

ones, by presented as the longer boxes and fewer outliers.  
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Figure 5.32: PDF plots for the rotor torque of T2 and the second 5MW wind 

turbine in every configuration in the above-rated wind speed scenario. 

 

The PDF curves shown in Figure 5.32 illustrate clear distributions of the 

probability. A number of data that the rotor torque of 3 × 103 kN∙m is recorded in 

the simulation. The curves for these 5MW wind turbines are different to the curves 

for 15MW wind turbines which only present one peak. That can be a result of the 

combined effects by wake meandering and PI controller. The wake meandering 

results in the reduction on velocity at the rotor and the PI controller optimizes the 

blade pitch angle instantly to capture the maximum of wind energy.  



 

170 

 

Figure 5.33: Time series of x-component velocity (upper), blade pitch angle 

(middle) and rotor torque (bottom) for T3 in ABBA with 2D in the above-rated 

wind speed scenario. 

 

Figure 5.33 shows the instantaneous data of velocity, blade pitch angle and rotor 

torque for the second 5MW wind turbine (T3) in the configuration of ABBA with 

2D of distance between turbines in the above-rated wind scenario, respectively. It 

can be clearly observed that the wind speed is not always maintained above the 

rated wind speed (11.4 m/s for NREL 5MW, recall Table 5.1) and the rotor torque 

values around 3 × 103 kN∙m account for the secondary majority of data. The 

regulation for blade pitch angle is presented as the angle is positive when the wind 

speed is greater than 11.4 m/s. These can explain the secondary peak of the PDF 
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curve of the corresponding wind turbine in Figure 5.32. The time series for other 

wind turbines are not plotted but similar shapes are observed.  

5.7.4    Spectral Analysis for Rotor Torque 

The importance of analyzing the frequency response of FOWT structural loads is 

that the coincidence of structural resonances with the dynamic forces can lead to 

large amplitude stresses and subsequent accelerated fatigue. The characteristics of 

these responses should be well inspected especially the resonances on the cyclical 

loads such as fundamental rotational (known as 1P) frequency and blade passing 

(known as 3P) frequency of the rotor. The 1P frequency is excited by the rotation 

of the rotor and the 3P frequency is excited by the three independent blades passing 

through the air flow. For the turbines with two blades the corresponding frequency 

is defined as 2P. For instance, the minimum rotor speed of the IEA Wind 15MW 

wind turbine is 5 rpm, and the maximum is 7.56 rpm (see Table 5.1), leading to the 

1P frequency and 3P frequency are in the range of 0.083-0.126 Hz, 0.249-0.378 Hz, 

respectively. In fact, the 3P frequency is the harmonic frequency of 1P, and the 6P 

is the harmonic of 3P, and so on. This section focuses on the low-frequency 

responses (lower than 1.0 Hz), which are dominant vibration sources and are 

associated with rotor imbalance and non-uniform flow over the blades as they 

rotate [154]. Thus, observations for the orders of harmonic higher than 9P will not 

be included. The propose of the observations in this section is to understand the 

impacts on the frequency response due to the hybrid turbine configurations.  
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The rotor torque spectra for 15MW wind turbines in each configuration in each 

wind speed scenario are shown in Figure 5.34 to Figure 5.36 which are so called 

power spectral density (PSD) plots. It is presented that the wake meandering 

significantly increased the low-frequency response. The responses are excited by 

the wave, 3P, 6P and 9P frequencies in the below-rated wind speed scenario, as 

shown in Figure 5.34. On the contrary, the responses at 3P to 9P frequencies are 

not obvious in the near-rated and above-rated wind speed scenarios.  

In Figure 5.34, it can be observed that T1 has low energy on spectrum which is in 

an ideal condition. Compared to T1, the other two 15MW turbines are merged in 

the wake flow, and the spatial inhomogeneity of the wind field results in the 

vibration is excited. By comparing these subplots in Figure 5.34, the fluctuations 

due to the difference on the distance between T3 and upstream or downstream wind 

turbines in ABAB can be observed, i.e., the T3 in the configuration of ABAB with 

3D has stronger energy on its frequency response than in other two conditions. That 

reveals the wake effects on impacting the structural loads due to the difference in 

configuration in the below-rated wind speed scenario are nonnegligible.  
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Figure 5.34: Low frequency rotor torque response for the IEA Wind 15MW 

turbines in each configuration in the below-rated wind speed scenario. 

 



 

174 

 

 

 

Figure 5.35: Low frequency rotor torque response for the IEA Wind 15MW 

turbines in each configuration in the near-rated wind speed scenario. 
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Figure 5.36: Low frequency rotor torque response for the IEA Wind 15MW 

turbines in each configuration in the above-rated wind speed scenario. 

 

The fluctuations on the frequency responses of T4 in ABBA can be observed in 

Figure 5.35 for the near-rated wind speed scenario, but differ to the observation for 

what presented by Figure 5.34, the responses of T3 in ABAB present a more stable 



 

176 

situation indicating that the difference in wake effects due to the variety of distance 

between turbines impacts more on T4 in ABBA configurations in this scenario. 

In Figure 5.36, no obvious response excited by 1P and its harmonic frequencies can 

be observed, showing that the impacts on rotor torque by wake effects are low in 

this scenario. Furthermore, the frequency responses are nearly superimposed when 

the distance between turbines is 4D, indicating that the downstream wind turbines 

are in the operation conditions similar with T1. 

Figure 5.37 to Figure 5.40 present the frequency responses in different 

configurations in different wind speed scenarios. For the NREL 5MW wind 

turbines, the 1P frequency which converted from Table 5.1 is in the range of 0.116-

0.202 Hz, and the corresponding 3P frequency is in the range of 0.348-0.606 Hz. 

First, the frequency response excited by the wave around 0.1 Hz can be observed, 

similar as the PSD plots for the IEA Wind 15MW turbines. But there are two peaks 

near 0.4 Hz, which are not supposed to be a normal distribution of the frequency 

responses excited by 3P frequency, compared to the plots for 15MW wind turbines 

in the same scenario. To figure out what happens, the time series for the 5MW 

wind turbines in different configurations in the below-rated wind speed scenario 

have been shown in Figure 5.38. 
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Figure 5.37: Low frequency rotor torque response for the NREL 5MW turbines in 

each configuration in the below-rated wind speed scenario. 
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Figure 5.38: Time series of rotor speed for the NREL 5MW turbines in different 

configurations with 2D (top), 3D (middle) and 4D (bottom) in the below-rated wind 

speed scenario 

 

It can be observed that the rotor speed of each wind turbine shown in Figure 5.38 is 

not stable. There are periods that the rotor speeds are higher than 8 rpm, 

corresponding to 0.4 Hz as 3P frequency. Although the rotors are mostly operating 

with the speed around 7.0-7.5 rpm (0.35-0.375 Hz as 3P frequency), the suddenly 

increased rotor speed can excite the resonance frequency over 0.42 Hz. In addition, 

the higher peak value of the rotor speed of T3 in ABAB with 4D can match the 

observation in the corresponding plots in Figure 5.37.  
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Figure 5.39: Low frequency rotor torque response for the NREL 5MW turbines in 

each configuration in the near-rated wind speed scenario. 
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Figure 5.40: Low frequency rotor torque response for the NREL 5MW turbines in 

each configuration in the above-rated wind speed scenario. 

 

The average rotor speeds in the three configurations in the near-rated wind speed 

scenario are around 9 rpm meaning that the corresponding 3P frequency is around 

0.45 Hz. Thus, as shown in Figure 5.39, the responses of rotor torque in the near-
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rated wind speed scenario are excited by the 3P blade passing frequency. There is 

not readable response excited by the 6P frequency around 0.9 Hz in the figure.  

Similar to the observations for Figure 5.36, there is no response excited both by 3P 

and 6P illustrated in Figure 5.40. The differences in the distance of turbines do not 

result in serious low-frequency resonance in the above-rated wind speed scenario. 

Differ to the observations for the load responses of 15MW wind turbines, the first 

5MW wind turbine in the configurations as T2 does not present strong discrepancy 

in each case. That may indicate the rotor torque loads of these 5MW wind turbines 

are in the similar condition. 

5.7.5    Platform motions 

The floating platform is another major component of FOWT, which is different to 

the onshore wind turbine and fixed-bottom offshore wind turbine. The involved 

floating body results in six-degrees of freedom (DOF) of the FOWT concepts, as 

presented in the schematic diagram of Figure 5.41. By considering with the 

structural loading, the harmonic responses for each DOF’s natural frequency 

(typically designed lower than 1P frequency for the FOWTs [155]) should be 

investigated for the avoidance of damage and fatigue. Since the loads induced by 

the wind are mainly on horizontal, the heave motion of the platform effected by the 

turbulence is negligible [156]. In this section, the frequency responses of surge and 
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pitch (platform) are investigated due to there are strongly affected by the incoming 

wind flow compared to others.  

 

Figure 5.41: Sketches for the degrees of freedom of a semi-submersible platform. 

 

5.7.5.1    Platform surge 

The power spectra for the 15MW platform surge are shown in Figure 5.42 to Figure 

5.44. It can be observed that the resonant responses at the surge natural frequency 

of 0.007 Hz are excited in the low-frequency range. These resonant responses 

dominate for the near-rated and above-rated wind speed scenarios, whereas the 

responses for the below-rated wind speed scenario mostly present quasi-static state 
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as it is hard to define the peak of resonance. The response excited by wave can be 

clearly observed, but the turbine operation-related frequency responses are very 

weak, i.e., light frequency responses can only be observed near 3P and 6P in the 

below-rated wind speed scenario. The impacts on the responses due to various 

distance between turbines are visible in Figure 5.42. For example, T4 in ABBA 

with 2D has stronger spectral energy than it in the same kind of configurations with 

3D and 4D, meaning that the distance between turbines of 2D can strength the 

resonant vibration of this wind turbine. The influence on peak values of the 

resonant frequencies due to the changes on distance of turbines is not observed. 

The NREL 5MW semi-submersible platforms in all the three scenarios present 

clear resonant responses on the natural frequency of surge through Figure 5.45 to 

Figure 5.47. The differences on wind speed scenarios do not result in obvious 

fluctuations on peak values of the dynamic response. The resonance on the wave 

frequency is secondary and the variances in spectral energies are moderate. There is 

a response at the frequency of 0.035-0.04 Hz in the above-rated wind speed 

scenario, see Figure 5.47. That can be the resonance for pitch motions. There is not 

a clear tendency that caused by the differences in distance between turbines, 

indicating that the wake meandering does not dominate the response of platform 

surge. 
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Figure 5.42: Low frequency platform surge response for the IEA Wind 15MW 

turbines in each configuration in the below-rated wind speed scenario. 
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Figure 5.43: Low frequency platform surge response for the IEA Wind 15MW 

turbines in each configuration in the near-rated wind speed scenario. 
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Figure 5.44: Low frequency platform surge response for the IEA Wind 15MW 

turbines in each configuration in the above-rated wind speed scenario. 
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Figure 5.45: Low frequency platform surge response for the NREL 5MW turbines 

in each configuration in the below-rated wind speed scenario. 
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Figure 5.46: Low frequency platform surge response for the NREL 5MW turbines 

in each configuration in the near-rated wind speed scenario. 
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Figure 5.47: Low frequency platform surge response for the NREL 5MW turbines 

in each configuration in the below-rated wind speed scenario. 
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5.7.5.2    Platform pitch 

Platform pitch is another DOF which strongly related to the thrust force 

perpendicular to the rotor, i.e., the x-direction in Figure 5.41. As surge is the 

motion that shows the displacement of the platform on x-axis, the motion of pitch 

indicates the degree of inclination of the platform towards to the ends of x-axis, 

which will lead to significant structural damage. 

The low frequency spectra of platform pitch of the IEA Wind 15MW in each 

configuration are shown in Figure 5.48 to Figure 5.50. The frequencies excited by 

the wave, 3P, 6P in the below-rated wind speed scenario can be clearly observed in 

Figure 5.48. However, the resonant response of pitch’s natural frequency (0.036Hz) 

is not observed in this scenario, expect T3 in ABAB with 3D. Some responses are 

visible in Figure 5.49 and Figure 5.50, but they do not correspond to the pitch’s 

natural frequency. However, it can be observed that the spectral energy increased 

with the rise of inflow wind speed. Overall, the power spectrum density of each 

turbine has similar values with the largest distance of 4D. And T4 in ABBA mostly 

has higher values of PSD on each frequency compared to the others. That implies 

the two 5MW wind turbines between the two 15MW wind turbines in ABBA 

configurations enhance the response on platform pitch of the second 15MW wind 

turbines. 
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Figure 5.48: Low frequency platform pitch response for the IEA Wind 15MW 

turbines in each configuration in the below-rated wind speed scenario. 
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Figure 5.49: Low frequency platform pitch response for the IEA Wind 15MW 

turbines in each configuration in the near-rated wind speed scenario. 
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Figure 5.50: Low frequency platform pitch response for the IEA Wind 15MW 

turbines in each configuration in the above-rated wind speed scenario. 
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Figure 5.51: Low frequency platform pitch response for the NREL 5MW turbines 

in each configuration in the below-rated wind speed scenario. 
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Figure 5.52: Low frequency platform pitch response for the NREL 5MW turbines 

in each configuration in the near-rated wind speed scenario. 
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Figure 5.53: Low frequency platform pitch response for the NREL 5MW turbines 

in each configuration in the above-rated wind speed scenario. 

 

Figure 5.51 to Figure 5.53 present the low frequency responses of platform pitch of 

the NREL 5MW wind turbines in each configuration. Differ to the observations for 

the IEA Wind 15MW wind turbines, the responses excited by the natural frequency 
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of platform pitch can be observed in the below- and above-rated wind speed 

scenarios, but there is not found similar behaviors in the near-rated wind speed 

scenario. The strongest spectral energy of the response occurs when the incoming 

wind speed is 15m/s. Similar as the observation to the IEA Wind 15MW FOWT 

platforms, even though there are resonant responses can be observed in the below- 

or near-rated wind speed scenarios, these responses do not dominate the low 

frequency responses. But the situation is changed in the above-rated wind speed 

scenario, i.e., the low frequency responses of platform pitch are dominated by the 

resonance. The influence on the spectral energy due to various distance between 

turbines are also observed but are not strong. Overall, there is not clear difference 

on the resonant responses presented for the second 5MW wind turbines in the 

configurations of ABBA and ABAB, meaning that the impacts from wake 

meandering are secondary. 

5.8    Conclusions 

In this work, a concept of hybrid floating offshore wind turbine arrays is 

established as the turbine arrays consist of 15MW FOWTs and 5MW FOWTs. The 

specific reference FOWT platforms investigated are 15MW — IEA Wind 15MW 

wind turbine with UMaine semi-submersible platform and 5MW — NREL 5MW 

wind turbine with OC4 DeepCwind semi-submersible platform. Two types of 

configurations — ABBA (two 15MW turbines one the sides and two 5MW 

turbines in the middle) and ABAB (in sequence according to one 15MW turbine in 
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front followed by one 5MW turbine) — are investigated. Three kinds of distance 

between turbines are involved: 2D, 3D and 4D, where D is the rotor diameter of the 

15MW wind turbine. Three turbulent inflow wind speed scenarios are assigned for 

the investigations, i.e., below-, near- and above-rated wind speed. The wake 

meandering, farm power generation, rotor torque, and platform motions are 

analyzed. Particularly, the spectral frequencies of the responses of rotor torque, 

platform surge and platform pitch are observed and discussed.  

The negative impacts on power production due to the wake effects are mitigated 

with the distance between turbines increased. Strong wake meandering is mostly 

observed in lower ambient wind speed. The growth of wind speed results in higher 

frequency and lower amplitude of wake meandering. The wakes behind of the 

15MW and 5MW wind turbines in the near- and above-rated wind speed scenarios 

are distributed into two parallel layers in vertical, compared being interlaced in the 

below-rated wind speed scenario. That causes reduced wake effects generated by 

the upstream 15MW wind turbine(s) on the downstream 5MW wind turbines.  

The statistical analysis and spectral analysis for rotor torque show the stronger 

fluctuations on the performance of rotor torque of 15MW wind turbines due to the 

difference between configurations, compared to the 5MW wind turbines, whereas 

in the above-rated wind speed scenario, less discrepancy is observed among 

different configurations. 
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The surge and pitch as platform motions do not present relationships with the wake 

meandering, but functions with the incoming wind speed. Stronger incoming wind 

velocity leads to stronger energy of dynamic responses. The surge motions of 5MW 

FOWT platforms are also excited by the pitch motions in the above-rated wind 

speed scenario, which is not observed with 15MW FOWT platform in the case 

studies in this chapter. More fatigue estimations with respect to the low frequency 

vibrations of 5MW FOWT platform should be further investigated. 

Overall, by considering the wake meandering and structural responses, the 

configuration of ABBA performs better than another and the 2D as distance of 

turbines should be avoided. 

 



 

200 

Chapter 6  
 

Conclusions and Future Works 

6.1    Conclusions 

This dissertation investigates several approaches for applications of ensemble 

methods in solving wind farm layout optimization problems, which include 

constructing multi-stage approaches for the optimization calculations (Chapter 3), 

forming surrogate models for wake calculation (Chapter 4) and dynamic analysis 

involved optimization for hybrid floating offshore wind turbine arrays (Chapter 5). 

In Chapter 2, as a pre-study for the investigations in following chapters, four wake 

models are selected from NREL’s FLORIS tool and compared based on accuracy 

and time cost.  

The run time of the Gaussian wake model is 2.7 times of the run time of the Jensen 

model, and the Gaussian-curl hybrid model requires 10.75 times of the run time of 

the Jensen model as it considers the effects from the spanwise and vertical 

components of velocity in the calculation for wake. The user of multi-zone model 

may need to modify the parameters of the model in the source code instead of only 
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adjusting those in the input file to work with wind turbines other than the NREL 

5MW turbine that is available by default, which requires additional work. The 

Gaussian-curl hybrid model which derived to promote model accuracy by 

increasing the complexity, i.e., considering the effects of wake rotation and 

secondary wake steering presents limited difference compared with the basic 

Gaussian model. While doing the wind farm layout optimization without 

considering the yaw controls on wind turbines, the tradeoff of accuracy and time 

cost should be taken into account.  

The H-G model is not able to compete with the D-C model in terms of the 

computational time and yielding the highest value objective function (AEP). The 

combination of the GA and SLSQP algorithm (GA+SLSQP model) in continuous 

scheme provides the highest AEP among the H-G models investigated in Chapter 3. 

The refinement due to the gradient-based algorithm in stage 2 can be observed, but 

the magnitude of improvement presents high variety based on the algorithm, that 

was used for the optimization in stage 1. The gradient-based algorithm is not 

appropriate to be used in stage 2 with the layout which is obtained by a local search 

algorithm. Using the heuristic algorithms in continuous scheme for long enough of 

time results in a better solution (i.e., higher AEP), but the computational cost would 

be very large. No D-C model was found which yields the highest value of the 

objective function throughout the three cases. Overall, the D-C models which 

combined with SLSQP algorithm can balance the optima and time cost in the 
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observations. The GA and the Greedy algorithm in discrete scheme, as the 

algorithms in the first stage of D-C model, place more wind turbines on the 

boundaries of the searching domain, that results in the local search algorithms in 

the second stage present inconspicuous effects on improving the objective function 

value. The poor performance in some combinations of optimization algorithms 

indicate that the multi-stage architecture is not omnipotent for every algorithm: 

they should be selected carefully for an effective multi-stage model.  

A fully connected neural network is applied to construct a surrogate model for 

wake calculations in WFLO. The input dataset for training and testing the NN is 

composed of the wind rose data and turbine density, both are generated randomly. 

The output is the optimized AEPs corresponding to the input. The dataset contains 

10,000 samples with 70% of them are used for training and the remaining 30% are 

used for testing. The hyperparameters in the architecture of the NN, such as 

dropout rate, learning rate, number of hidden layer and number of neurons are 

adjusted and the resulting performance of the NN is investigated. The NN does not 

require a complex architecture to achieve accurate prediction with the accuracy of 

96%. The trained model can be applied by an entity when making decisions of 

selecting potential locations for constructing offshore wind farms as an initial 

screening process. It can also be applied as the algorithm in the first stage of multi-

stage model for solving the WFLO problems containing large number of wind 
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turbines where applying the classical optimization algorithms are still inoperable 

due to the time consuming. 

In the studies for the hybrid FOWT arrays, strong wake meandering is mostly 

observed in lower ambient wind speed. The growth of wind speed results in higher 

frequency and lower amplitude of wake meandering. The wakes behind of the 

15MW and 5MW wind turbines in the near- and above-rated wind speed scenarios 

are distributed into two parallel layers in vertical, compared being interlaced in the 

below-rated wind speed scenario. That causes reduced wake effects generated by 

the upstream 15MW wind turbine(s) on the downstream 5MW wind turbines. The 

performance of rotor torque of 15MW wind turbines is impacted by the difference 

between configurations, compared to the 5MW wind turbines, whereas in the 

above-rated wind speed scenario, less discrepancy is observed among different 

configurations. The platform surge and platform pitch motions do not present 

functions with the wake meandering, but positive relationships with the incoming 

wind speed. The surge motions of the 5MW OC4 DeepCwind semi-submersible 

platforms are also excited by the pitch motions in the above-rated wind speed 

scenario, which is not observed with 15MW UMaine semi-submersible platforms 

in the studies. Overall, by considering the wake meandering and structural 

responses, the configuration of ABBA is recommended and the 2D as distance of 

turbines should be avoided. 
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6.2    Future Works 

Future work based on this research should address the following points: 

6.2.1    The Machine Learning Based Surrogate Models  

• Test and compare more models such as support vector machine (SVM), 

linear regression (LR), conventional neural network (CNN). 

• Apply of the surrogate models in solving large wind farm optimization 

problems. 

• Find appropriate approaches to verify of the comprehensive accuracy of 

applying the surrogate models. 

6.2.2    The Hybrid Floating Offshore Wind Turbine Arrays 

• Involve the other two types of platforms, i.e., TLP and Spar to construct the 

hybrid FOWT arrays. 

• Investigate the wake effects and dynamic responses of the FOWTs in hybrid 

arrays under unusual operation situations, such as blade pitch system fault, 

accidental shutdown, and mooring line break.  

• Involve machine learning technique such as RNN and LSTM algorithms 

into this problem and train a model for predicting wake effects and dynamic 

responses based on the collected time series data. 
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Appendix A 

 

Model Parameters 

A.1    Wake Model Parameters in Chapter 2 

𝛼 — 0.05 

𝛼𝑠 — 0.12 

𝑘𝑑 — 0.15 

𝑎𝑑 — -4.5 

𝑏𝑑 — -0.01 

𝑘𝑒 — 0.065 

𝑚𝑒,1 — -0.5 

𝑚𝑒,2 — 0.22 

𝑚𝑒,3 — 1.0 
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𝑀𝑈,1 — 0.5 

𝑀𝑈,2 — 1.0 

𝑀𝑈,3 — 5.5 

𝑎𝑈 — 5.0 

𝑏𝑈 — 1.66 

𝑇𝐼 — 0.06, 0.1 

𝛾 — 0 

A.2    Wake Model Parameters in Chapter 3 

𝛼𝑠 — 0.12 

𝑇𝐼 — 0.1 

𝛾 — 0 

A.3    Wake Model Parameters in Chapter 4 

𝛼𝑠 — 0.12 

𝑇𝐼 — 0.1 

𝛾 — 0 
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A.4    Parameters for the Mann turbulence generator in 

Chapter 5 

𝑛𝑥 — 8,192 

𝑛𝑦 — 256 

𝑛𝑧 — 128 

𝑑𝑥 — 2.0 

𝑑𝑦 — 5.0 

𝑑𝑧 — 5.0 

A.4.1    The below-rated wind scenario: 

alfaeps — 0.0974 

L — 33.6 

gamma — 3.9 

seed — 52 

A.4.2    The near-rated wind scenario: 

alfaeps — 0.1803 



 

232 

L — 33.6 

gamma — 3.9 

seed — 52 

A.4.3    The above-rated wind scenario: 

alfaeps — 0.2708 

L — 33.6 

gamma — 3.9  

seed — 52 
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Appendix B 

 

Supplementary Figures 

 

Figure B.1: The lateral wake center positions (left) and vertical wake center 

positions (right) at 2D (top), 3D (middle) and 4D (bottom) behand each wind 

turbine rotor in the ABAB with 4D type of configurations for the near-rated wind 

speed scenario. 
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Figure B.2: The lateral wake center positions (left) and vertical wake center 

positions (right) at 2D (top), 3D (middle) and 4D (bottom) behand each wind 

turbine rotor in the ABAB with 4D type of configurations for the above-rated wind 

speed scenario. 
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Figure B.3 Time series of rotor torque of 5MW wind turbine at T2 and T3 in 

ABBA and T4 in ABAB with 2D (top), 3D (middle) and 4D (bottom) in the below-

rated wind speed scenario. 
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Figure B.4 Time series of rotor torque of 5MW wind turbine at T2 and T3 in 

ABBA and T4 in ABAB with 2D (top), 3D (middle) and 4D (bottom) in the above-

rated wind speed scenario. 

 

 


