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Abstract

:

Computational fluid dynamics (CFD) is a powerful tool to estimate accurately the aerodynamic loads on wind turbine blades at the expense of high requirements like the duration of computation. Such requirements grow in the case of blade shape optimization in which several analyses are needed. A fast and reliable way to mimic the CFD solutions is to use surrogate models. In this study, a machine learning technique, the support vector regression (SVR) method based on a set of CFD solutions, is used as the surrogate model. CFD solutions are calculated by solving the Reynolds-averaged Navier–Stokes equation with the k-epsilon turbulence model using a commercial solver. The support vector regression model is then trained to give a functional relationship between the spanwise twist distribution and the generated torque. The smooth twist distribution is defined using a three-node cubic spline with four parameters in total. The optimum twist is determined for two baseline blade cases: the National Renewable Energy Laboratory (NREL) Phase II and Phase VI rotor blades. In the optimization process, extremum points that give the maximum torque are easily determined since the SVR gives an analytical model. Results show that it is possible to increase the torque generated by the NREL VI blade more than 10% just by redistributing the spanwise twist without carrying out a full geometry optimization of the blade shape with many shape-defining parameters. The increase in torque for the NREL II case is much higher.
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1. Introduction


Power extraction from wind energy is a sustainable and popular option in the renewable energy sector [1,2,3]. Its growing popularity is mainly due to the fact that fuel cost is getting more expensive in addition to the global warming problems based on the usage of fossil fuels [4]. Moreover, the cost of energy harvesting from wind has been significantly reduced during the last years [5]. Therefore, the budget for other costs such as the reinforcement of the blade structure may be relaxed so that less restrictive bending moment constraints are considered in aerodynamic shape optimization of the turbine blades compared to the designs made in the past.



The full design of a wind turbine is a multidisciplinary optimization problem that incorporates the aerodynamic loads, structural requirements, and the investment/operation costs [6,7]. However, such an optimization includes many constraints that make the problem highly difficult and complex. Studies by Yu and Kwon [8] and Imiela et al. [9] are a few examples in the literature for the multidisciplinary analysis of wind turbines using high fidelity methods. A common approach to simplify the complexity of such a design is to use low fidelity methods on one or more branches of the multidisciplinary research. Employing the blade element momentum (BEM) method instead of computational fluid dynamics (CFD) to predict the aerodynamic performance of the turbine blade or making modal analysis of the blade structure instead of computing the loads using a solver based on the finite element method (FEM) is commonly preferred. Low fidelity models are easily implemented using low computational resources. For example, the blade design study conducted by Giguère et al. [10] rook into account both aerodynamic and structural considerations based on the BEM method constrained with the analytical relations between the mass, moment of inertia, and strength. However, the turbine performance calculations based on the low fidelity methods generally lead to less accurate results [11].



Recent works on the aerodynamic performance optimization of wind turbines by solving the Reynolds-averaged Navier–Stokes (RANS) equations to compute the three-dimensional flowfields around the blades include the studies of Dhert et al. [11], Vorspel et al. [12], Economon et al. [13], Elfarra et al. [14], and Shrestha [15]. Dhert et al., Vorspel et al., and Economon et al. implemented the adjoint method to determine the optimum blade geometry for maximum torque by choosing the NREL VI rotor blade as the baseline. Dhert et al. applied a discrete adjoint method with about 250 design variables, while Vorspel et al. and Economon et al. employed a continuous adjoint method with nine and 50 shape variables, respectively. Elfarra et al. optimized the winglet shape to be mounted on the NREL VI rotor blade to maximize the power generation using a genetic algorithm. Shrestha also optimized the NREL VI rotor blade for maximum torque. In that work of Shrestha, the blade shape was characterized by 14 design variables for the discrete chord length and twist values along the span and optimized employing the adaptive single objective algorithm.



The researchers cited above focused on demonstrating CFD-based wind turbine optimization after validating their CFD model against the results of the NREL experiments. However, the validation of the turbulence models to understand their suitability for computing the flowfields around the wind turbine blades is an ongoing study in the wind energy community [11]. Currently, the common approach is to use the k- ε  turbulence model for the attached flow conditions in wind energy applications [11]. However, some researchers have shown that the computed results based on the k- ε  turbulence model do not agree well with the experimental results in the separated flow conditions [16,17]. Another important work is by Rogowski et al. [18] who presented CFD solutions based on the detached eddy simulation (DES) technique. DES is a hybrid approach that combines the best aspects of the Reynolds-averaged Navier–Stokes and large eddy simulation methods. The numerical results obtained by Rogowski et al. showed that DES captures well the aerodynamic characteristics in the case of separated flows at high Reynolds numbers. Fortunately, since the attached flow conditions are considered in this study, the k- ε  turbulence model is selected for the compatibility with the other researchers’ CFD validation works against the NREL experiments [14,19,20,21].



In contrast to a few CFD-based wind turbine optimization studies, there are many applications of the BEM method to design wind turbines for an objective function [22,23,24,25,26,27,28,29,30]. Ma et al. [22] optimized the offshore wind turbine blades using the particle swarm optimization technique. They determined optimum chord and twist distributions in terms of a number of discrete values along the span. Their results showed about a 4% increase in the generated power. Another discrete distribution of chord and twist was optimized by Chaudhary and Prakash [23] with an increase of around 8% in the power coefficient. Erturk [24] modified the baseline NREL VI rotor blade by defining piecewise constant chord and twist distributions along the span. The optimized blades were observed to produce almost the same power as the baseline blade. However, the author reported that they were less expensive and easier to manufacture. Using an analytical approach for the optimum chord length and twist angle values at the sections in the spanwise direction, Tenghiri et al. [25] designed a small wind turbine blade that was expected to generate the maximum power. The ant colony optimization algorithm implemented by Tahani et al. [26] successfully increased the power output from a wind turbine by about 14%. In their optimization process, six chord distribution functions (polynomial or logarithmic), ten twist distribution functions (polynomial or exponential), and also, 12 airfoils were considered. Capellaro and Cheng [27] obtained the optimum discrete twist angle values such that the equilibrium torsional deflection led to the maximum power generation. The study by Liu et al. [28] presented a heuristic approach for optimizing the blade shape of fixed-pitch fixed-speed small wind turbines by linearizing the chord and twist angle distributions along the span. They achieved about 3% higher annual energy production. Polat and Tuncer [29] optimized the shape geometry of a wind turbine blade using the genetic algorithm for maximum power. They took the sectional chord length, the sectional twist, and the blade profiles at the root, mid, and tip regions of the blade as design variables. Their results showed an increase of around 10% in the power production. Another study that used the genetic algorithm to optimize the blade shape was performed by Selig and Coverstone-Carroll [30]. They maximized the annual energy production by determining the optimum chord and twist distributions based on movable spline supports and the blade pitch. Then, they examined the sensitivity of annual energy production to changes in the rotor blade length and peak rotor power. Their conclusion stated that if the blade radius and peak power were fixed constraints, wind turbine blades designed for high-speed wind sites were likely to be equally well designed for lower speed sites.



In order to account for the advantages of both the CFD and BEM methods, some researchers conducted wind turbine optimization by combining these two methods. In this way, the design accuracy and flexibility were improved while maintaining the low computational cost [31,32]. Another approach to reduce the computational cost of a CFD solution to a level as low as that of a BEM solution is to use a surrogate model such as the response surface method. For example, Zahle et al. [33] optimized the blade tip extension for maximum energy production using the response surface method based on the incompressible flow solutions by a Navier–Stokes solver.



Similarly, other surrogate models like machine learning tools may also be implemented. Once a set of CFD-based flow solutions has been obtained in terms of the given values of a number of design variables, a machine learning model was trained to obtain the flow solutions for the other values of the design variables. In this study, the support vector regression method (SVR), which was firstly introduced by Vapnik et al. [34], is implemented as the machine learning model. This method has been used by many researchers [35,36,37,38,39,40,41,42,43] in various engineering problems in the last two decades. As other machine learning tools, it is generally preferred as an approximation tool for the solutions of the problems requiring high computational resources (CPU time, floating operations, memory, etc.) [35,36,37,38,39]. A well-defined support vector regression model may provide a highly-accurate functional relationship between some arbitrary input-output pair by minimizing the approximation error bound [42,43]. Balabin and Lomakina [44] observed that SVR was superior in both extrapolating and interpolating problems over the artificial neural network method in terms of the stability, generality, and robustness of the final model. They also stated that the SVR model did not require a wider dataset for accurate prediction results. For this reason, the SVR method is selected in this study to build the regression models for the twist distributions.



SVR applications cited in the wind energy literature are mainly about the fault detection and condition monitoring of wind turbines [45,46,47,48,49,50,51]. The studies by Shamshirband et al. [52], Erfort et al. [53], and Mohandes et al. [54] were more directly related to wind turbine performance. Sharmshirband et al., using SVR, obtained the optimum combination of the wind speed and the rotor speed for the maximum torque generated by a wind turbine. Their results showed that SVR can be considered as a promising alternative for other surrogate models. Erfort et al. applied SVR to determine the aerodynamic loads quickly as a function of the shape geometry of wind turbine profiles. It was indicated in the comparative study by Mohendes et al. that SVR is better in the predicting wind speed compared to the multilayer perceptron neural networks.



In this study, continuous spanwise twist distributions are optimized for maximum torque. The generated torque values are estimated using the support vector regression based on a set of CFD solutions. These CFD-based flow solutions are obtained employing a three-dimensional Reynolds-averaged Navier–Stokes solver. The continuous and smooth variation of the twist along the blade span is defined using a cubic spline. The parameters defining the cubic spline are input into the SVR model, which outputs the torque. Since the SVR provides an analytical function for the generated torque, the optimum spline parameters are easily determined. The baseline blades to be optimized are selected as the National Renewable Energy Laboratory (NREL) Phase II [55,56] and Phase VI [57,58] rotor blades. The taper distribution of the blades is kept fixed while optimizing the twist. All CFD solutions are obtained assuming the blade is rigid. The influence of the pitching moment on the blade twist is not considered.




2. Methodology


2.1. Flow Solver


The commercial CFD software FINE/Turbo by NUMECA International was employed to compute the flowfields around the wind turbine blades. The FINE/Turbo is a three-dimensional, compressible, structured, multi-block finite volume solver, which is specially developed to simulate the internal or external flows for turbomachinery, including wind turbines [59]. It can simulate the incompressible flows using low Mach number preconditioning.



The solver FINE/Turbo solves the unsteady Reynolds-averaged Navier–Stokes (URANS) equations formulated in the rotating frame. The equations are solved for the absolute velocities so that the freestream flow is taken as uniform. The 3-dimensional URANS equation according to this approach is given below:


   ∂  ∂ t    ∫ V   Q  d V +  ∮ S    ( F · n )   d S −  ∮ S    (  F v  · n )   d S =  ∫ V    s T   d V  



(1)




where Q is the vector of conservative variables Favre-averaged over some time interval, T. T is sufficiently large compared to the time scales of the turbulent fluctuations, but also less than all other time-dependent effects. The difference between the averaged and the instantaneous values of a variable is called the turbulent fluctuation of this variable. Favre-averaging of a variable,  ϕ , is defined as    ϕ ˜  =   ρ ϕ  ¯  /  ρ ¯    where:


     ρ ¯     =  1 T   ∫ t  t + T   ρ  (  x →  , t )   d t         ρ ϕ  ¯     =  1 T   ∫ t  t + T   ρ  (  x →  , t )  ϕ  (  x →  , t )   d t     



(2)







In the above expressions, V is the control volume inclosing the flowfield and S is the surface, which surrounds the control volume, V.  n  is the normal direction of S, and   x →   is the 3-dimensional coordinates of a point within V.



The conservative variables, Q, the   j th   component of the inviscid fluxes,  F , the   j th   component of the viscous fluxes,   F v  , and the source term,   s T   are defined as follows:


    Q    =      ρ ¯        ρ ¯    u ˜  1         ρ ¯    u ˜  2         ρ ¯    u ˜  3         ρ ¯    e 0  ˜  + k          



(3)






     F j     =       ρ ¯    w ˜  j         ρ ¯    w ˜  1    w ˜  j  +  p ¯   δ  1 j          ρ ¯    w ˜  2    w ˜  j  +  p ¯   δ  2 j          ρ ¯    w ˜  3    w ˜  j  +  p ¯   δ  3 j          ρ ¯    h 0  ˜    w ˜  j  + k   w ˜  j           F v j     =     0        τ ˜   1 j   −  τ T  1 j           τ ˜   2 j   −  τ T  2 j           τ ˜   2 j   −  τ T  2 j           u ˜  i    τ ˜   i j   −   q ˜  j  +  Θ T j           



(4)




where   i , j = 1 , 2 , 3   refers to the component in each coordinate.    u ˜  ,  w ˜  ,   e 0  ˜  ,  p ¯   , and    h 0  ˜   are absolute velocity, relative velocity, total energy, pressure, and total enthalpy, respectively. k is the kinetic energy of turbulent fluctuations.   δ  i j    is the Kronecker delta, which is equal to one if   i = j   or equal to zero   i ≠ j  .    τ ˜   i j    is the viscous stress tensor, while   τ T  i j    is the Reynolds stress tensor.    q ˜  j   is the   j th   component of the heat flux vector.   Θ T   consists of the turbulent heat flux and all other turbulent terms evolving from density-velocity correlations and triple velocity correlations of the turbulent fluctuations.



The viscous stress tensor was calculated based on Stokes’ hypothesis and assuming the air is a Newtonian fluid. Sutherland’s law was used to determine the value of the viscosity term in this tensor. The CFD software FINE/Turbo is capable of computing the Reynolds stress tensor using a number of different algebraic and differential turbulence models. In this study, a two-equation model, the k- ε  turbulence model, was selected to simulate the turbulent flow around the wind turbine blades. The motivation for selecting this turbulence model is explained in Section 1.



  ω →   is the angular velocity of the relative frame of reference. The source term due to the rotation of the blades is given as:


     s T     =     0      −  ρ ¯    (  ω →  ×   u ˜  →  )  1        −  ρ ¯    (  ω →  ×   u ˜  →  )  2        −  ρ ¯    (  ω →  ×   u ˜  →  )  3       0         



(5)







Finally, the URANS equations were closed under the perfect gas assumption, which relates the pressure and the internal energy.



The computational domain was discretized using a multi-block structured grid topology, which is described in the next section. Then, the solution was computed based on the finite volume method.



Grid Topology


The mesh around the blades was generated using the so-called O4Hgrid topology. As an example of the O4H grid topology, the schematic of a 5-block mesh is given in Figure 1. The description of the figure is as follows:




	
An O block around the blade



	
An H block upstream the leading edge of the blade



	
An H block downstream the trailing edge



	
An H block up to the blade section



	
An H block down to the blade section










2.2. Boundary Conditions


The blade, hub, and shroud components of the wind turbine were modeled as solid boundaries on which adiabatic and nonslip boundary conditions were applied. The nonslip condition was satisfied by setting the fluid velocity on the solid surface equal to the blade velocity. The flow variables on the far-field boundary were estimated using the Riemann invariants based on the freestream values taken from the experimental data [55,57]. The far-field value of the turbulent kinetic energy, k, was calculated assuming a 1% freestream turbulent intensity. A 1/1 eddy viscosity ratio (the ratio of the turbulent viscosity to the molecular dynamic viscosity) at the far-field was used to predict the far-field value of the turbulent dissipation,  ε . This 1/1 eddy viscosity ratio was in the value range suggested by the developers of the solver FINE/Turbo [59]. A schematic for the flow domain is shown in Figure 2.




2.3. Unsteady Aerodynamics Experiments by the National Renewable Energy Laboratory


The National Renewable Energy Laboratory (NREL) conducted the unsteady aerodynamics experiments for quantifying the full-scale 3D aerodynamic behavior of horizontal axis wind turbines [55,57]. The experimental setup was installed to characterize rotating blade aerodynamic performance, structural responses, and atmospheric inflow conditions. Many blade configurations were tested and reported under different phase and sequence names.



The experimental results obtained by NREL have been used by many researchers to validate their numerical solutions for the aerodynamic and structural analyses. Especially, the NREL VI blade has been taken into consideration as the baseline blade by most of the studies on the blade shape optimization using the three-dimensional CFD solutions [11,12,13,14,15]. There are also recent works by some researchers who have validated their CFD solutions against the experimental results of the NREL II blade, which has a simpler geometrical shape [60,61]. These two popular blades are also selected in this study. The details of the NREL Phase II and NREL Phase IV Sequence H experimental configurations are given in the next section.



2.3.1. National Renewable Energy Laboratory II Rotor Blade


These experiments [55] were carried out at NREL’s National Wind Technology Center located in Colorado. The wind turbine of this phase was a downwind, three-bladed, horizontal axis wind turbine. The blades were untapered and untwisted. This wind turbine had the S809 airfoil as the blade profile from root to tip with a span length of 5.029 m and a constant chord length of 0.4572 m. A pitch of 12 deg was assigned to the blade at the   30 %   chord location from the leading edge. The blades were attached to the hub through a circular section. The airfoil thickness was   43.0 %   chord length at   14.4 %   blade span in the radial direction, where the transition from the circular section ended. The thickness decreased linearly from   43.0 %  –  20.95 %   until the   30 %   span location. Outboard of 30% span, the thickness was maintained constant at a   20.95 %   chord length value. The rotational speed of the NREL II rotor blade was 72 rpm. An illustration of a single blade of the NREL II rotor is given in Figure 3.




2.3.2. National Renewable Energy Laboratory VI Rotor Blade


These experiments [57] were carried out at the NASA Ames wind tunnel facility in California. The Phase VI experiments included several tests and sequences. In this study, Sequence H was selected as the baseline configuration. The wind turbine of this sequence was an upwind, two-bladed, horizontal axis wind turbine. The blades were tapered and twisted. This wind turbine had the S809 airfoil as the blade profile from root to tip with a span length of 5.029 m. A pitch of 4.815 deg was assigned to the blade at the   30 %   chord location from the leading edge. The blades were attached to the hub through a circular section. The airfoil transition started at   17 . 6 %   of the blade span in the radial direction. The taper and twist axes were located at the   30 %   chord location from the leading edge. The taper and twist distributions of this blade were optimized based on a trade-off design [58]. The rotational speed of the NREL VI Sequence H rotor blade was 72 rpm. Figure 3 also shows a single blade of the NREL VI rotor.





2.4. Support Vector Regression


The general form of SVR to approximate the function   y = y (  x →  )   is expressed as follows:


   y *   (  x →  )  =  〈   w →   ,   ϕ →   (  x →  )   〉  + b  



(6)




where   〈  .  ,  .  〉   denotes the dot product,   x →   is the vector of input variables,   y *   is an approximation function to the target function y,   w →   is the weight vector,   ϕ →   is a vector-valued function of   x →  , and b is a constant. In the literature,   ϕ →   and b are respectively called the (non-linear) feature mapping function and the bias.



There were two aims while building the SVR model. The first aim was to determine the approximation function,    y *   (  x →  )   , which had at most  ε  deviation from the actual target,   y (  x →  )  . The second aim was to make    y *   (  x →  )    as flat as possible. Therefore, the following optimization problem is solved:


     minimize   w →  ,   ξ i +  ,   ξ i −        1 2    ∥  w →  ∥  2  + C  ∑  i = 1  m    ξ i +  +  ξ i −         subject  to      〈   w →   ,   ϕ →   (   x i  →  )   〉  + b −  y i   ≤  ε +  ξ i +          y i  −  〈   w →   ,   ϕ →   (   x i  →  )   〉  − b  ≤  ε +  ξ i −          ξ i +  ,   ξ i −   ≥  0 ,   i = 1 , … , m     



(7)




where    x i  →   and   y i   denote the   i th   input-output pair in the training dataset. m is the number of data pairs in the entire set or in a subset of the entire set, depending on the training algorithm.  ε  is called the loss function and is a model parameter that must be supplied before solving the minimization problem in Equation (7). The penalty parameter,   C > 0  , is also a model parameter and must be supplied a priori as well. It determines the trade-off between the flatness of    y *   (  x →  )    and the amount up to which deviations larger than  ε  are tolerated. Finally,   ξ i +  ,   ξ i −   are the slack variables to provide a solution to Equation (7) in the feasible domain by coping with the  ε  constraint. The explanations and comments about    ϕ →   (  x →  )    and b will be given at the end of this section.



Since the Lagrange dual form is simpler (in terms of constraint handling), it is solved rather than Equation (7) itself:


     maximize   α i +  ,   α i −       −  1 2   ∑  i , j = 1  m   (  α i +  −  α i −  )   (  α j +  −  α j −  )  k  (   x i  →  ,   x j  →  )  +  ∑  i = 1  m   (  α i +  −  α i −  )   y i  −  ∑  i = 1  m   (  α i +  +  α i −  )  ε       subject  to      ∑  i = 1  m   (  α i +  −  α i −  )   =  0 ,   i = 1 , … , m        0  ≤   α i +  ,   α i −   ≤  C ,   i = 1 , … , m     



(8)




where   α i +   and   α i −   are the Lagrange multipliers.   k  (   x i  →  ,   x j  →  )  =  〈   ϕ →   (   x i  →  )   ,   ϕ →   (   x j  →  )   〉    is called the kernel function. As seen from its definition, it is symmetric and positive definite. The Lagrange multipliers are determined by satisfying the Karush–Kuhn–Tucker conditions assuming that the kernel function,   k (  x →  ,   x i  →  )  , and C are both supplied. Finally, SVR is obtained as follows:


   y *   (  x →  )  =  ∑  i = 1  m   (  α i +  −  α i −  )  k  (  x →  ,   x i  →  )  + b  



(9)







It is seen from Equation (9) that the weight vector   w →   and the feature mapping function    ϕ →   (  x →  )    were eliminated from the original definition of SVR in Equation (6). The most popular kernel function in the literature is the Gaussian kernel [62]. It has only one model parameter:  γ . This kernel function is defined as follows:


  k  (  x →  ,   x i  →  )  =  e   − γ ∥   x →  −   x i  →    ∥  2     



(10)







In this study, the Gaussian kernel was chosen as the kernel function when building the SVR models due to its popularity and simplicity. The last parameter to be determined is the bias, b. The detailed information about choosing b was given by Keerthi et al. [63]. As the simplest way, it may be chosen arbitrarily provided that the following condition is satisfied:


     max  {  y i  −  〈   w →   ,   ϕ →   (   x i  →  )   〉  − ε  |   α i +   <  C   or    α i −   >  0 ,   i = 1 , … , m }      ≤  b  ≤       min  {  y i  −  〈   w →   ,   ϕ →   (   x i  →  )   〉  − ε  |   α i +   >  0   or    α i −   <  C ,   i = 1 , … , m }         



(11)







In this work, the open source library LIBSVM by Chang and Lin [64] was employed to build the SVR models. The parameters  ε , C, and  γ  that must be supplied a priori for building the model were selected such that the mean squared error between   y (  x →  )   and    y *   (  x →  )    was minimum based on a cross-validation study. For this purpose, the strategy stated by Yan et al. [62] was used. A brief explanation of the cross-validation is also given in Section 4.





3. Optimization


The SVR model was trained for the twist parameters explained in Section 4 as input variables and the torque values calculated based on the CFD solutions as output variables. Once the model was built, we had an analytically-defined fitting function (Equation (9)) between the input and the output. The extremum of this known analytical function, that is the maximum generated torque value, can be easily found by making its first derivative vanish since there is no constraint on the twist parameters:


    d  y *   (  x →  )    d  x →    =  ∑  i = 1  m   (  α i +  −  α i −  )    d k (  x →  ,   x i  →  )   d  x →    = 0  



(12)




or:


      ∑  i = 1  m   (  α i +  −  α i −  )    d k (  x →  ,   x i  →  )   d  x  ( 1 )        =   0     ⋮       ∑  i = 1  m   (  α i +  −  α i −  )    d k (  x →  ,   x i  →  )   d  x  ( 4 )        =   0    



(13)




where    x  ( 1 )   , … ,  x  ( 4 )     are the components of the input vector   x →  , which are the parameters of the cubic spline to define the spanwise twist distribution (see Section 4 for details):


     x →     =      x  ( 1 )        x  ( 2 )        x  ( 3 )        x  ( 4 )       =      θ  r o o t        θ  m i d        θ  t i p          d θ   d r     |   r o o t        =      Root  twist  angle       Mid  twist  angle       Tip  twist  angle       Twist  slope  at  the  root          



(14)







Since the system of equations in Equation (13) is non-linear due to the Gaussian kernel,   k (  x →  ,   x i  →  )   defined in Equation (10), it should be solved numerically. In this work, it was solved iteratively using Newton’s method.




4. Design of Experiment


Any model based on a machine learning algorithm is trained using a dataset that consists of input-output pairs. In this study, the input was a vector of four parameters, which defined the spanwise twist distribution using a cubic spline, while the output was the corresponding torque value calculated based on this twist. The number of the input-output pairs in a training dataset depends on the topology used to construct the design of experiment (DOE). A typical topology provides the list of the element-wise combinations of the input based on the minimum, maximum, and intermediate values of the input vector elements. In this work, the dataset for the SVR model was obtained using the Box–Behnken design of experiment [65]. The Box–Behnken method suggests 25 input-output pairs for a four-element input vector.



Table 1 gives the minimum, maximum, and intermediate values of the input vector elements for both of the baseline blade cases. According to these values, a total of 50 CFD simulations was carried out: 25 simulations for the NREL II case and 25 simulations for the NREL VI case. It should be noted that two separate SVR models were generated for two baseline blade cases.



When building the SVR model for a baseline blade case, the dataset was split into five sections (so-called folds), each of which included five CFD results. Then, each fold was used as a testing set. Finally, the average of the approximation errors of five testing sets was considered as the performance of the SVR model based on the parameters  ε , C, and  γ . Such a validation method for a machine learning algorithm is called as K-fold cross-validation, where K = 5 in this study.



As stated earlier and also seen from Table 1, there were four parameters that defined the cubic spline-based smooth twist variation along the span:




	
Twist angle value at the root,   θ  r o o t   



	
Twist angle value at the mid-span,   θ  m i d   



	
Twist angle value at the tip,   θ  t i p   



	
Spanwise rate of change of the twist angle at the root,     d θ   d r     |   r o o t    








where the root and tip locations of the blade span are shown in Figure 3. The mid-span location is the middle point between the root and the tip. r denotes the radial direction along the span.



Cubic Spline-Based Twist Distribution


A cubic spline is a spline constructed of piecewise third-degree polynomials that pass through a set of control points, which are generally called knots. First and second derivatives of a cubic spline are continuous at each knot, providing the smoothness of the data. Moreover, when constructing a cubic spline, the first (or second or third) derivatives of the spline at the endpoints must also be known. The convention is to select the second derivatives at the first and second knots as zero, which is called the natural cubic spline.



In this study, three knots (  r  r o o t   ,   r  m i d   , and   r  t i p   ) were used to construct the cubic spline together with three corresponding twist angle values (  θ  r o o t   ,   θ  m i d   , and   θ  t i p   ). Unlike the conventional (natural) cubic spline, the first derivatives at the root and the tip were provided. The first derivative at the first knot, that is     d θ   d r     |   r o o t    , was included as the fourth parameter in the input vector, while the first derivative at the last known on, that is     d θ   d r     |   t i p    , was taken as zero.



A mathematically-expressed summary of the cubic spline used to define the spanwise twist distribution   θ = θ ( r )   is as follows:


  θ  ( r )  =       θ 1   ( r )  =  a 1    ( r −  r  r o o t   )  3  +  b 1    ( r −  r  r o o t   )  2  +  c 1   ( r −  r  r o o t   )  +  d 1      if    r  r o o t   ≤ r ≤  r  m i d          θ 2   ( r )  =  a 2    ( r −  r  m i d   )  3  +  b 2    ( r −  r  m i d   )  2  +  c 2   ( r −  r  m i d   )  +  d 2      if    r  m i d   ≤ r ≤  r  t i p         



(15)




where the unknown coefficients   a 1  ,   b 1  ,   c 1  ,   d 1  ,   a 2  ,   b 2  ,   c 2  , and   d 2   are determined according to the following conditions:


      θ 1   (  r  r o o t   )     =    θ  r o o t         θ 1   (  r  m i d   )     =    θ  m i d         θ 2   (  r  m i d   )     =    θ  m i d         θ 2   (  r  t i p   )     =    θ  t i p        d  θ 1    / d r |   m i d      =    d  θ 2    / d r |   m i d          d 2   θ 1  / d  r 2    |   m i d      =     d 2   θ 2  / d  r 2    |   m i d         d  θ 1    / d r |   r o o t      =     d θ / d r |   r o o t        d  θ 2    / d r |   t i p      =   0    



(16)







Equation (16) leads to a linear system for eight unknowns, which is easily solved.





5. Validation Study


The CFD software FINE/Turbo was previously validated against the results of the NREL II and NREL VI experiments [66,67]. A validation study was also conducted in this work. The results of the grid sensitivity analysis performed before the validation are given in Table 2. For this purpose, six different meshes at varying resolutions were studied. The number of cells on the finest mesh was about 11 million, while the coarsest mesh had around 800 thousands cells. It is seen from Table 2 that the mesh with about seven million cells gave almost the same results as the finest mesh. Therefore, in this study, the mesh settings used in the fight mesh were employed for all analyzed cases including validation. In fact, these were the same spatial and temporal resolutions stated previously by Kaya and Elfarra [67]:



The number of nodes in each mesh was around seven million. In order to have a   y +   value close to one, which was suitable for the implemented k- ε  turbulence model and the freestream Reynolds number of Re   =   10 6   , the first nodes had a fixed distance of   3  ×   10  − 6     m in the orthogonal direction to the solid boundaries. One hundred forty five nodes were employed to define each two-dimensional blade section, that is airfoil profiles along the span with the normalized grid spacing of   1.5  ×   10  − 3     on the leading edge and   2.0  ×   10  − 4     on the trailing edge. These normalized values were based on the sectional chord length.



All the meshes used in this study were generated for a single blade, imposing the periodic condition to account for the other blade(s). A typical mesh generated according to these settings is shown in Figure 2, while Figure 4 gives the surface mesh around the rotor blade.



Figure 5 and Figure 6 show the chordwise variations of the pressure coefficients calculated at different span locations of the baseline blades NREL II and NREL VI. The validation study was carried out for the wind speed of    w ∞  = 7.2   m/s as in the NREL II experiment and for    w ∞  = 7.0   m/s as in the NREL VI experiment. It is seen from the figures that the computed values for both blades agreed well with the experimental data.




6. Results


The analyzed cases for the NREL II blade were investigated at a wind speed of 7.2 m/s as given in the NREL II experiment. For the NREL VI cases, the solutions were obtained at 7 m/s, which was one of the reported wind speeds in the experiment. The turbulent flowfields were solved using the k- ε  model as stated by Elfarra et al. [14]. Low Mach number preconditioning for compressible solvers was employed to overcome the incompressible nature of the flows around the wind turbine blades. The steady-state flow solutions were obtained using cell size-based local time stepping.



The flowfields for all the cases were computed in parallel using 16 processors. A typical CFD solution with about a sixth-order convergence requires almost an hour of wall clock time. Figure 7 shows the convergence history of residual and generated torque for an analyzed case. A total of 50 CFD solutions (25 for NREL II, 25 for NREL VI) was computed as stated in Section 4. Consequently, it took about 50 h to complete the samples in the dataset. The time spent for building the SVR models and obtaining the optima was in the order of minutes, that is negligible. Therefore, the total time cost for the machine learning-based solutions of the optimization problems in this study was approximately two days. However, instead of being based on a machine learning model, a classical or modern optimum seeking technique based on iterative function evaluations would be much more expensive in terms of the time consumption. For example, the conjugate gradient method needed gradient calculations and line searches in each optimization step, which meant a large number of function evaluations. It should be also noted that as the number of optimization parameters increased, the number of the function evaluations increased as well. Similarly, since a genetic algorithm theoretically converges after infinitely many generations, the number of the function evaluations may be quite high, although there is no need for the gradient calculation. In that algorithm, the size of the population (function evaluation) in each generation is the main cause for the time consumption because it is generally in the orders of hundreds. Machine learning methods like SVR appear to be a good remedy to reduce the computational costs for the solutions of the optimization problems in which a function evaluation requires a highly long computation duration [35,36,37,38,39].



SVR models were separately constructed for the NREL II and NREL VI cases. Then, the optimum parameters were determined for the maximum torque. The maximum torque predictions at the optimized twist conditions of the NREL II and NREL VI blades are given in Table 3. The baseline values are also reported to compare with the maximum ones. It is seen from the table that the maximum torque was more than twice the baseline value for the NREL II case. In fact, such a high increase was expected because the baseline NREL II was an untwisted blade. The effect of spanwise twist was significantly observed in this optimization process.



The increase in torque was almost 10% for the NREL VI case. It should be noted that the twist variation of the baseline NREL VI blade was stated to be optimum in terms of a trade-off design [58]. The result showed that it was possible to increase the torque of the NREL VI blade just by redistributing the twist. The present maximum torque value was quite significant compared to the torque reported by Economon et al. [13] in their shape optimization work for the NREL VI blade. They obtained an increase of 4% in the torque generation after they optimized the shape geometry of the NREL VI blade using a continuous adjoint method with 50 optimization variables. Another optimization study for maximizing the torque generation of the NREL VI blade was by Shrestha [15] who obtained approximately a 6% increase in the torque. Shrestha used 14 optimization variables for both taper and twist variations along the span. Applying a discrete adjoint method with 12 variables (one variable was the pitch angle) to define the twist, Dhert et al. increased the torque of the NREL VI blade by about 6% [11]. It is clearly seen that the present study, which only used four variables, was able to obtain more torque generation. It is worthwhile mentioning that Dhert et al. observed a maximum torque value about 22% higher than the baseline when they increased the number of optimization variables from 12 to 252, including variables to define the sectional airfoil profiles.



Table 4 provides information about the validation of the SVR predictions. In order to validate the SVR predictions, extra CFD solutions were computed for the optimized blades. As seen from the table, SVR successfully estimated the torque values for the optimized twist parameters.



The optimum parameters determined by the SVR models of both NREL II and NREL VI cases are shown in Table 5. The corresponding twist distributions based on the cubic spline interpolation are depicted in Figure 8. The interesting observation about the results is the fact that the twist slope at the root was very high in the NREL II case where the blade was untapered, in contrast to the low twist slope at the root for the NREL VI case, which had a designed taper distribution. Moreover, for the NREL VI case, the twist angle at the root was significantly less compared to the baseline value.



The chordwise distributions of the pressure coefficient for the optimized NREL II blade are shown in Figure 9. The distributions are plotted at various span locations and compared to the baseline distributions. The pressure coefficient distribution at the 30% span location was almost the same for both baseline and optimized twist conditions. This was due to the fact that the optimized twist distribution gave almost zero twist at this span location as the baseline distribution (see Figure 8 for NREL II). In the other span locations of the optimized blade, the pressure coefficient difference between the upper and lower surfaces was relatively higher, as expected.



Figure 10 shows the pressure coefficient distributions for the NREL VI blade with the optimum twist. The baseline distributions are also plotted for comparison. Taking into consideration that the difference between the twist angle values of the optimized and baseline blades was approximately five degrees as a spanwise average (See Figure 8 for NREL VI), the difference between the optimized and baseline pressure coefficient distributions was not as pronounced as the NREL II case. Yet, this difference was sufficient to increase the torque by 10%.



The optimization was carried out at a single wind speed for both NREL II and NREL VI. As stated earlier, the wind speed at which the twist optimization was conducted for NREL II was 7.2 m/s, while the wind speed for the NREL VI optimization was 7 m/s. The torque performance of both optimized blades were also investigated for other wind speeds. The investigation was done for the speed values ranging from 5 m/s–9 m/s. The result is given in Figure 11. As seen from the figure, although the optimization was carried out at a single wind speed, the torque of both optimized blades increased for the whole speed range. The only exception was the wind speed of the 9 m/s case of the NREL VI blade. Elfarra [66] showed that 9 m/s was the threshold speed at which the flow separation started for the NREL VI blade. Therefore, such a discrepancy in the flow regime may be the reason for this particular result, as stated by Volikas et al., Aksenov et al., and Rogowski et al. [16,17,18].



Previous works by other researchers on the CFD-based shape optimization of wind turbine blades either maximized the torque [11,13,14,15] or minimized the thrust [12]. However, torque generation may also be maximized while maintaining the baseline thrust value. For this purpose, new SVR models were built to output the thrust in addition to the SVR models outputting the torque. Then, the optimum twist parameters providing the maximum torque at the baseline thrust condition were determined. The results are given in Table 6. It is clearly seen from the table that if the baseline thrust value was maintained when optimizing the twist distribution for the maximum torque, then the increase in the torque was not as significant as in the unconstrained maximization of the torque generation. Corresponding twist variations are plotted in Figure 12. As seen from the figure, for the NREL II case where the blade was untapered, the twist angle first increased, then decreased along the span. For the NREL VI case, the twist distribution was almost the same except for the root. It was again observed that the optimum twist angle at the root was much less than the baseline value for the NREL VI case.



Since the SVR models were ready for both torque and thrust outputs, one may also obtain the maximum torque variation along the specified values of thrust. This approach is depicted in Figure 13. The figure shows also the baseline torque and thrust values as a single point in the plot. As observed from the figure, the torque was maximized at the expense of higher thrust. Therefore, it may be concluded that a wind turbine blade designed for maximum torque must be reinforced to withstand the increased thrust.




7. Conclusions


This study presents a framework to determine the optimum twist distribution for the wind turbine blades. The suggested method can also be applied for taper distribution or any other geometric definitions of the blade shape. The optimization was carried out for maximum torque. For this purpose, a machine learning approach based on the support vector regression was implemented. Since support vector regression models provide analytical functions for the input-output relations, the optimization problem was easily solved. Support vector regression models used in this study were built based on the three-dimensional flowfield solutions computed by a CFD solver.



The twist distribution was defined using a cubic spline with three knots at which the twist angle values were given. The knots were selected as the root, mid, and tip span locations. The fourth parameter to define the twist distribution was the rate of change of the twist angle at the root. Since the twist distribution was based on the cubic spline, it was smoothly continuous along the span.



NREL II and NREL VI rotor blades were chosen as the baseline blades to be optimized. All CFD solutions were computed for the rigid blade assumption. It was observed that the optimized twist distribution for the NREL II blade provided 130% more torque compared to the baseline distribution. The torque for the optimized NREL VI blade was determined to be 10% higher relative to the baseline blade. The optimum torque value obtained for the NREL VI case in this study was quite significant compared to the results given by other researchers who even used more optimization parameters to define the blade shape.



SVR predictions were also validated using extra CFD solutions at the optimum conditions in order to assess the accuracy of the models for the input, which was not in the dataset (design of experiment). It was observed that the torque values estimated by the SVR models were almost the same as the values given by the CFD solution. This is a good demonstration for the reliability of the suggested framework.



The optimization of the NREL II blade, which is an untapered blade, led to a high twist slope at the root, while a low twist slope was observed in the optimization of the NREL VI blade, which had a designed spanwise distribution of the chord length. Moreover, the optimized NREL VI blade had a significantly less twist angle value at the root compared to the baseline value.



The torque performance of both optimized blades was also investigated for other wind speeds. It was observed that the torque of both optimized blades increased for the whole speed range except for the 9 m/s speed of wind flowing through the NREL VI blade. The reason was thought to be the separated flow conditions at this speed.



CFD-based blade shape optimization studies by other researchers either maximized the torque or minimized the thrust. In this study, torque generation was also maximized, while not allowing an increase in the thrust value. However, it was observed that if the baseline thrust value was maintained when optimizing the twist distribution for the maximum torque, then the increase in the torque was not as significant as in the unconstrained maximization of the torque generation.



The maximum torque variation along the specified values of thrust was also obtained in this study. As expected from the observation mentioned above, the torque was maximized at the expense of higher thrust. Therefore, one may say that if a wind turbine blade were designed for maximum torque, then it must be reinforced to withstand the increased thrust.



The summarizing remark for the conclusion of this study is the fact that the suggested method based on SVR and CFD was reliable, fast, and easy for determining the blade shape geometry.







Funding


This research received no external funding.




Conflicts of Interest


The author declares no conflict of interest.




References


	



Iov, F.; Blaabjerg, F. Power electronics and control for wind power systems. In Proceedings of the 2009 IEEE Power Electronics and Machines in Wind Applications, Lincoln, NE, USA, 24–26 June 2009; pp. 1–16. [Google Scholar]

	



Toepfer, K. Foreword: Signposts to Sustainability. In Wind Energy in the 21st Century: Economics, Policy, Technology and the Changing Electric Industry; Redlinger, R.Y., Andersen, P.D., Morthorst, P.E., Eds.; Palgrave Macmillan: Houndmills, UK, 2002. [Google Scholar]

	



Salles, M.B.C.; Hameyer, K.; Cardoso, J.R.; Grilo, A.P.; Rahmann, C. Crowbar System in Doubly Fed Induction Wind Generators. Energies 2010, 3, 738–753. [Google Scholar] [CrossRef]

	



Saidur, R.; Abdelaziz, E.A.; Demirbas, A.; Hossain, M.S.; Mekhilef, S. A review on biomass as a fuel for boilers. Renew. Sustain. Energy Rev. 2011, 15, 2262–2289. [Google Scholar] [CrossRef]

	



Wind Technologies Market Report. Available online: https://emp.lbl.gov/sites/default/files/wtmr_final_ for_posting_8-9-19.pdf (accessed on 13 August 2019).

	



Ning, A.; Damiani, R.; Moriarty, P. Objectives and constraints for wind turbine optimization. J. Sol. Energy Eng. 2014, 136, 041010. [Google Scholar] [CrossRef]

	



Martins, J.R.R.A.; Lambe, A.B. Multidisciplinary design optimization: A survey of architectures. AIAA J. 2013, 51, 2049–2075. [Google Scholar] [CrossRef]

	



Yu, D.O.; Kwon, O.J. Predicting wind turbine blade loads and aeroelastic response using a coupled CFD-CSD method. Renew. Energy 2014, 70, 184–196. [Google Scholar] [CrossRef]

	



Imiela, M.; Wienke, F.; Rautmann, C.; Willberg, C.; Hilmer, P.; Krumme, A. Towards multidisciplinary wind turbine design using high-hidelity methods. AIAA Pap. 2015, 1462, 1–12. [Google Scholar]

	



Giguere, P.; Selig, M.S.; Tangler, J.L. Blade design trade-offs using low-lift airfoils for stall-regulated HAWTs. J. Sol. Energy Eng. 1999, 121, 217–223. [Google Scholar] [CrossRef]

	



Dhert, T.; Ashuri, T.; Martins, J.R.R.A. Aerodynamic shape optimization of wind turbine blades using a Reynolds-averaged Navier–Stokes model and an adjoint method. Wind Energy 2017, 20, 909–926. [Google Scholar] [CrossRef]

	



Vorspel, L.; Stoevesandt, B.; Peinke, J. Optimize rotating wind energy rotor blades using the adjoint approach. Appl. Sci. 2018, 8, 1112. [Google Scholar] [CrossRef]

	



Economon, T.D.; Palacios, F.; Alonso, J.J. A viscous continuous adjoint approach for the design of rotating engineering applications. AIAA Pap. 2013, 2580, 1–19. [Google Scholar]

	



Elfarra, M.A.; Sezer-Uzol, N.; Akmandor, I.S. NREL VI rotor blade: Numerical investigation and winglet design and optimization using CFD. Wind Energy 2014, 17, 605–626. [Google Scholar] [CrossRef]

	



Shrestha, T.R. 3D Aerodynamic Optimization of NREL VI Wind Turbine Blade for Increased Power Output and Visualization of Flow Characteristics. Master’s Thesis, Embry-Riddle Aeronautical University, Daytona Beach, FL, USA, 2014. [Google Scholar]

	



Volikas, A.; Nikas, K.-S. Turbulence modeling investigation of airfoil designed for wind turbine applications. In Proceedings of the International Conference on Technologies and Materials for Renewable Energy, Environment and Sustainability, Beirut, Lebanon, 10–12 April 2019; Salame, C.-T., Shaban, A.H., Papageorgas, P., Aillerie, M., Eds.; American Institute of Physics Inc.: New York, United States, 2019; p. 020067. [Google Scholar]

	



Aksenov, A.; Ozturk, U.; Yu, P.C.; Byvaltseva, P.; Soganci, S.; Tutkun, O. A validation study using nrel phase VI experiments, Part I: Low computational resource scenario. In Proceedings of the 12th European Conference on Turbomachinery Fluid Dynamics and Thermodynamics, Stockholm, Sweden, 3–7 April 2017; KTH Royal Institute of Technology: Stockholm, Sweden, 2017. [Google Scholar]

	



Rogowski, K.; Hansen, M.O.L.; Hansen, R.; Piechna, J.; Lichota, P. Detached Eddy Simulation Model for the DU-91-W2-250 Airfoil. In Proceedings of the 7th Science of Making Torque from Wind, Milan, Italy, 20–22 June 2018; Riboldi, C.E.D., Cacciola, S., Sartori, L., Croce, A., Eds.; Institute of Physics Publishing: Bristol, England, 2018; p. 022019. [Google Scholar]

	



Kabir, I.F.S.A.; Ng, E.Y.K. Effect of different atmospheric boundary layers on the wake characteristics of NREL phase VI wind turbine. Renew. Energy 2019, 130, 1185–1197. [Google Scholar] [CrossRef]

	



Salari, M.S.; Boushehri, B.Z.; Boroushaki, M. Aerodynamic analysis of backward swept in hawt rotor blades using CFD. Int. J. Renew. Energy Dev. 2018, 7, 241–249. [Google Scholar] [CrossRef]

	



Fadl, A.; Abbasher, M.; Younis, O.; Seory, A.E. A numerical investigation of the performance of wind turbine airfoils with gurney flaps and airfoilshape alteration. J. Eng. Sci. Technol. 2017, 13, 1–16. [Google Scholar]

	



Ma, Y.; Zhang, A.; Yang, L.; Hu, C.; Bai, Y. Investigation on optimization design of offshore wind turbine blades based on particle swarm optimization. Energies 2019, 12, 1972. [Google Scholar] [CrossRef]

	



Chaudhary, M.K.; Prakash, S. The aerodynamic shape optimization for a small horizontal axis wind turbine blades at low Reynolds number. Int. J. Mech. Prod. Eng. Res. Dev. 2019, 8, 843–854. [Google Scholar]

	



Erturk, E. Preliminary analysis of a concept wind turbine blade with piecewise constant chord and constant twist angle using BEM method. Int. J. Renew. Energy Res. 2018, 8, 4. [Google Scholar]

	



Tenghiri, L.; Khalil, Y.; Abdi, F.; Bentamy, A. Optimum design of a small wind turbine blade for maximum power production. IOP Conf. Ser. Earth Environ. Sci. 2018, 161, 012008. [Google Scholar] [CrossRef]

	



Tahani, M.; Maeda, T.; Babayan, N.; Mehrnia, S.; Shadmehri, M.; Li, Q.; Fahimi, R.; Masdari, M. Investigating the effect of geometrical parameters of an optimized wind turbine blade in turbulent flow. Energy Convers. Manag. 2017, 153, 71–82. [Google Scholar] [CrossRef]

	



Capellaro, M.; Cheng, P.W. An iterative method to optimize the twist angle of a wind turbine rotor blade. Wind Eng. 2014, 38, 489–498. [Google Scholar] [CrossRef]

	



Liu, X.; Wang, L.; Tang, X. Optimized linearization of chord and twist angle profiles for fixed-pitch fixed-speed wind turbine blades. Renew. Energy 2013, 57, 111–119. [Google Scholar] [CrossRef]

	



Polat, O.; Tuncer, I.H. Aerodynamic shape optimization of wind turbine blades using a parallel genetic algorithm. Procedia Eng. 2013, 61, 28–31. [Google Scholar] [CrossRef]

	



Selig, M.S.; Coverstone-Carroll, V.L. Application of a genetic algorithm to wind turbine design. J. Energy Resour. Technol. 1996, 118, 22–28. [Google Scholar] [CrossRef]

	



Cao, J.; Zhu, W.; Wang, T.; Ke, S. Aerodynamic optimization of wind turbine rotor using CFD/AD method. Mod. Phys. Lett. B 2018, 32, 1840053. [Google Scholar] [CrossRef]

	



Moghadassian, B.; Sharma, A. Inverse design of single- and multi-rotor horizontal axis wind turbine blades using computational fluid dynamics. J. Sol. Energy Eng. 2018, 140, 021003. [Google Scholar] [CrossRef]

	



Zahle, F.; Sørensen, N.N.; McWilliam, M.K.; Barlas, A. Computational fluid dynamics-based surrogate optimization of a wind turbine blade tip extension for maximising energy production. IOP Conf. Ser. J. Phys. 2018, 1037, 042013. [Google Scholar] [CrossRef][Green Version]

	



Vapnik, V.; Golowich, S.; Smola, A. Support vector method for function approximation, regression estimation, and signal processing. In Neural Information Processing Systems 9; Mozer, M., Jordan, M., Petsche, T., Eds.; MIT Press: Cambridge, MA, USA, 1997; pp. 281–287. [Google Scholar]

	



Mehmani, A.; Chowdhury, S.; Meinrenken, C.; Messac, A. Concurrent surrogate model selection (COSMOS): Optimizing model type, kernel function, and hyper-parameters. Struct. Multidiscip. Optim. 2018, 57, 1093–1114. [Google Scholar] [CrossRef]

	



Cheng, K.; Lu, Z. Adaptive sparse polynomial chaos expansions for global sensitivity analysis based on support vector regression. Comput. Struct. 2018, 194, 86–96. [Google Scholar] [CrossRef]

	



Xiang, H.; Li, Y.; Liao, H.; Li, C. An adaptive surrogate model based on support vector regression and its application to the optimization of railway wind barriers. Struct. Multidiscip. Optim. 2017, 55, 701–713. [Google Scholar] [CrossRef]

	



Pal, M.; Deswal, S. Support vector regression based shear strength modelling of deep beams. Comput. Struct. 2011, 89, 1430–1439. [Google Scholar] [CrossRef]

	



Pan, F.; Zhu, P.; Zhang, Y. Metamodel-based lightweight design of B-pillar with TWB structure via support vector regression. Comput. Struct. 2010, 88, 36–44. [Google Scholar] [CrossRef]

	



Kromanis, R.; Kripakaran, P. Predicting thermal response of bridges using regression models derived from measurement histories. Comput. Struct. 2014, 136, 64–77. [Google Scholar] [CrossRef][Green Version]

	



Salcedo-Sanz, S.; Rojo-Álvarez, J.L.; Martínez-Ramón, M.; Camps-Valls, G. Support vector machines in engineering: An overview. Wiley Interdiscip. Rev. Data Min. Knowl. Discov. 2014, 4, 234–267. [Google Scholar] [CrossRef]

	



Basak, D.; Pal, S.; Patranabis, D.C. Support vector regression. Neural Inf. Process. Lett. Rev. 2007, 11, 203–224. [Google Scholar]

	



Clarke, S.M.; Griebsch, J.H.; Simpson, T.W. Analysis of support vector regression for approximation of complex engineering analyses. J. Mech. Des. 2005, 127, 1077–1087. [Google Scholar] [CrossRef]

	



Balabin, R.M.; Lomakina, E.I. Support vector machine regression (LS-SVM)—An alternative to artificial neural networks (ANNs) for the analysis of quantum chemistry data? Phys. Chem. Chem. Phys. 2011, 13, 11710–11718. [Google Scholar] [CrossRef] [PubMed]

	



Stetco, A.; Dinmohammadi, F.; Zhao, X.; Robu, V.; Flynn, D.; Barnes, M.; Keane, J.; Nenadic, G. Machine learning methods for wind turbine condition monitoring: A review. Renew. Energy 2019, 133, 620–635. [Google Scholar] [CrossRef]

	



Yang, C.; Qian, Z.; Pei, Y.; Wei, L. A data-driven approach for condition monitoring of wind turbine pitch systems. Energies 2018, 11, 2142. [Google Scholar] [CrossRef]

	



Saidi, L.; Ali, J.B.; Bechhoefer, E.; Benbouzid, M. Wind turbine high-speed shaft bearings health prognosis through a spectral Kurtosis-derived indices and SVR. Appl. Acoust. 2017, 120, 1–8. [Google Scholar] [CrossRef]

	



Cao, L.; Qian, Z.; Zareipour, H.; Wood, D.; Mollasalehi, E.; Tian, S.; Pei, Y. Prediction of remaining useful life of wind turbine bearings under non-stationary operating conditions. Energies 2018, 11, 3318. [Google Scholar] [CrossRef]

	



Pandit, R.K.; Infield, D. Comparative assessments of binned and support vector regression-based blade pitch curve of a wind turbine for the purpose of condition monitoring. Int. J. Energy Environ. Eng. 2019, 10, 181–188. [Google Scholar] [CrossRef]

	



Yang, Z.; Huang, H.; Yin, Z. A fault recognition system for gearboxes of wind turbines. IOP Conf. Ser. Mater. Sci. Eng. 2017, 274, 012002. [Google Scholar] [CrossRef]

	



Kusiak, A.; Li, W. The prediction and diagnosis of wind turbine faults. Renew. Energy 2011, 36, 16–23. [Google Scholar] [CrossRef]

	



Shamshirband, S.; Petković, D.; Amini, A.; Anuar, N.B.; Nikolić, V.; Ćojbašić, Ž.; Kiah, M.L.M.; Gani, A. Support vector regression methodology for wind turbine reaction torque prediction with power-split hydrostatic continuous variable transmission. Energy 2014, 67, 623–630. [Google Scholar] [CrossRef]

	



Erfort, G.; von Backström, T.W.; Venter, G. Numerical optimisation of a small-scale wind turbine through the use of surrogate modelling. J. Energy South. Afr. 2017, 28, 79–91. [Google Scholar] [CrossRef][Green Version]

	



Mohandes, M.A.; Halawani, T.O.; Rehman, S.; Hussain, A.A. Support vector machines for wind speed prediction. Renew. Energy 2004, 29, 939–947. [Google Scholar] [CrossRef]

	



Schepers, J.G.; Brand, A.J.; Bruining, A.; Graham, J.M.R.; Hand, M.M.; Infield, D.G.; Madsen, H.A.; Paynter, R.J.H.; Simms, D.A. Final Report of IEA Annex XIV: Field Rotor Aerodynamics; ECN-C-97-027; Energy Research Center of the Netherlands: Petten, Netherlands, 1997. [Google Scholar]

	



Simms, D.A.; Hand, M.M.; Fingersh, L.J.; Jager, D.W. Unsteady Aerodynamics Experiment Phases II–IV Test Configurations and Available Data Campaigns; NREL/TP-500-25950; National Renewable Energy Laboratory: Golden, CO, USA, 1999.

	



Hand, M.M.; Simms, D.A.; Fingersh, L.J.; Jager, D.W.; Cotrell, J.R.; Schreck, S.; Larwood, S.M. Unsteady Aerodynamics Experiment Phase VI: Wind Tunnel Test Configurations and Available Data Campaigns; NREL/TP 500-29955; National Renewable Energy Laboratory: Golden, CO, USA, 2001.

	



Giguère, P.; Selig, M.S. Design of a Tapered and Twisted Blade for the NREL Combined Experiment Rotor; NREL/SR-500-26173; National Renewable Energy Laboratory: Golden, CO, USA, 1999.

	



FINETM/Turbo Software Package User Manual; ver.11.2rc; NUMECA International: Brussels, Belgium, 2017.

	



Kody, S.; Alpman, E.; Yilmaz, B. Computational Studies of Horizontal Axis Wind Turbines Using Advanced Turbulence Models. Marmara Fen Bilim. Derg. 2015, 26, 36–46. [Google Scholar]

	



Tachos, N.S.; Filios, A.E.; Margaris, D.P.; Kaldellis, J.K. A Computational Aerodynamics Simulation of the NREL Phase II Rotor. Open Mech. Eng. J. 2009, 3, 9–16. [Google Scholar] [CrossRef]

	



Yan, C.; Shen, X.; Guo, F.; Zhao, S.; Zhang, L. A novel model modification method for support vector regression based on radial basis functions. Struct. Multidiscip. Optim. 2019, 60, 983–997. [Google Scholar] [CrossRef]

	



Keerthi, S.S.; Shevade, S.K.; Bhattacharyya, C.; Murty, K.R.K. Improvements to Platt’s SMO algorithm for SVM classifier design. Neural Comput. 2001, 13, 637–649. [Google Scholar] [CrossRef]

	



Chang, C.C.; Lin, C.J. LIBSVM: A library for support vector machines. ACM Trans. Intell. Syst. Technol. 2011, 2, 1–27. [Google Scholar] [CrossRef]

	



Box, G.; Behnken, D. Some new three level designs for the study of quantitative variables. Technometrics 1960, 2, 455–475. [Google Scholar] [CrossRef]

	



Elfarra, M.A. Horizontal Axis Wind Turbine Rotor Blade: Winglet And Twist Aerodynamic Design And Optimization Using CFD. Ph.D. Thesis, Middle East Technical University, Ankara, Turkey, January 2011. [Google Scholar]

	



Kaya, M.; Elfarra, M. Optimization of the Taper/Twist Stacking Axis Location of NREL VI Wind Turbine Rotor Blade Using Neural Networks Based on Computational Fluid Dynamics Analyses. J. Sol. Energy Eng. 2019, 141, 011011-1–011011-14. [Google Scholar] [CrossRef]








[image: Sustainability 11 04502 g001 550] 





Figure 1. O4Hgrid topology used to generate meshes. 
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Figure 2. Three-dimensional, structured, symmetrical, and multi-block mesh for the whole flow domain. 
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Figure 3. Front views of single NREL II and NREL VI rotor blades. 
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Figure 4. Typical surface mesh around a rotor blade. 
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Figure 5. Comparison of the calculated pressure coefficient with the result of the NREL II experiment [55]. 
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Figure 6. Comparison of the calculated pressure coefficient with the result of the NREL VI experiment [57]. 
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Figure 7. A typical convergence history. 
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Figure 8. Optimized twist distributions for the NREL II and NREL VI blades. 
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Figure 9. Pressure coefficient distribution at different span locations for the optimized NREL II blade. 
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Figure 10. Pressure coefficient distribution at different span locations for the optimized NREL VI blade. 
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Figure 11. Generated torque at wind speeds other than the speed used in the optimization. 
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Figure 12. Optimized twist distributions for maximum torque at baseline thrust. 
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Figure 13. Maximum torque variation in terms of thrust. 
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Table 1. Minimum, maximum, and intermediate input values to construct the Box–Behnken DOE.
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	Parameter
	Minimum

Value
	Intermediate

Value
	Maximum

Value





	Root twist angle in degrees,   θ  r o o t   
	5.0
	15.0
	25.0



	Mid twist angle in degrees,   θ  m i d   
	−2.5
	5.0
	12.5



	Tip twist angle in degrees,   θ  t i p   
	−5.0
	0.0
	5.0



	Twist slope at the root in degrees per meter,     d θ   d r     |   r o o t    
	−20.0
	0.0
	10.0
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Table 2. Mesh study results.
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	Mesh
	Number of Cells
	Torque (Nm)
	Wall Clock Time of Computation





	1
	   0.8 ×  10 6    
	754.4
	6 min



	2
	   1.6 ×  10 6    
	776.4
	12 min



	3
	   3.2 ×  10 6    
	781.6
	26 min



	4
	   4.8 ×  10 6    
	784.0
	35 min



	5
	   6.9 ×  10 6    
	784.1
	55 min



	6
	   10.7 ×  10 6    
	784.4
	78 min
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Table 3. Maximum torque predictions for the optimum twist distributions.
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	Blade
	Torque (Nm)
	Increase in Torque (%)





	Baseline NREL II
	362
	-



	NREL II with optimum twist
	835
	131



	Baseline NREL VI
	784
	-



	NREL VI with optimum twist
	856
	9.2
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Table 4. Validation of SVR predictions by CFD computations.
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	Blade
	Torque by SVR (Nm)
	Torque by CFD (Nm)
	Difference (%)





	NREL II with optimum twist
	835
	832
	0.36



	NREL VI with optimum twist
	856
	853
	0.35
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Table 5. Optimum parameters for the cubic spline-based twist distribution.
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	Parameter
	Optimized NREL II
	Optimized NREL VI





	Root twist angle in degrees,   θ  r o o t   
	12.1
	4.2



	Mid twist angle in degrees,   θ  m i d   
	−9.6
	−2.9



	Tip twist angle in degrees,   θ  t i p   
	−11.4
	−5.0



	Twist slope at the root in degrees per meter,     d θ   d r     |   r o o t    
	−22.6
	−2.9
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Table 6. Maximum torque for the baseline thrust condition.
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	Blade
	Torque (Nm)
	Thrust (N)
	Increase in Torque (%)





	Baseline NREL II
	362
	588
	-



	NREL II with optimum twist
	398
	588
	9.9



	Baseline NREL VI
	784
	1307
	-



	NREL VI with optimum twist
	795
	1307
	1.4
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