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Abstract

:

Flow control devices have been introduced in the wind energy sector to improve the aerodynamic behavior of the wind turbine blades (WTBs). Among these flow control devices, Gurney flaps (GFs) have been the focus of innovative research, due to their good characteristics which enhance the lift force that causes the rotation of the wind turbine rotor. The lift force increment introduced by GFs depends on the physical characteristics of the device and the angle of attack (AoA) of the incoming wind. Hence, despite a careful and detailed design, the real performance of the GFs is conditioned by an external factor, the wind. In this paper, an active operation of GFs is proposed in order to optimize their performance. The objective of the active Gurney flap (AGF) flow control technique is to enhance the aerodynamic adaption capability of the wind turbine and, thus, achieve an optimal operation in response to fast variations in the incoming wind. In order to facilitate the management of the information used by the AGF strategy, the aerodynamic data calculated by computational fluid dynamics (CFD) are stored in an artificial neural network (ANN). Blade element momentum (BEM) based calculations have been performed to analyze the aerodynamic behavior of the WTBs with the proposed AGF strategy and calculate the corresponding operation of the wind turbine. Real wind speed values from a meteorological station in Salt Lake City, Utah, USA, have been used for the steady BEM calculations. The obtained results show a considerable improvement in the performance of the wind turbine, in the form of an enhanced generated energy output value and a reduced bending moment at the root of the WTB.
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1. Introduction


Renewable energy generation systems have emerged as a necessity in the current energy production and distribution infrastructure, in which fossil fuel-based sources are still the major energy suppliers. Nevertheless, the fast development, integration, and performance improvement of sustainable energy sources has become a priority, as a consequence of the limited lifetime of fossil fuels and their notorious adverse effects to the environment. According to Rosales-Asensio et al. [1], the renewable energy generation in Spain raised from 10.4% of the total national energy generation in 2007 to a 17% in 2015.



The sustainable energy source with the largest production these days is wind energy. Rosales-Asensio et al. [1] stated that more than the 40% of the energy produced in Denmark during the year 2015 had its origin in wind energy generation systems. The numerous industrial companies devoted to the design, manufacturing, and installation of wind turbines around the world have contributed to the expansion and efficiency increase of this technology.



Despite the high industrial maturity degree achieved by wind energy technology nowadays, a considerable amount of effort and resources are directed to the improvement of the mechanical, electrical, and aerodynamic performance of the actual wind turbines. A longer lifetime of the mechanical components and the increment of the efficiency and the quality of the generated energy are some examples of this investigation work. Li et al. [2] presented a modified analysis procedure to evaluate the extreme response of an offshore wind turbine during its entire lifetime, with an increased accuracy. Yaw angle control of a wind turbine based on reinforcement learning (RL) was developed by Saenz-Aguirre et al. [3]. The result of the automatic learning process of the proposed RL algorithm is an optimal yaw operation of the wind turbine, which is translated to an increase in its efficiency and lifetime. Astolfi et al. [4] and Terzi et al. [5] presented in their works different solutions oriented to improve the performance of a wind turbine and enhance its power curve. Furthermore, Astolfi et al. [6,7] carried out an experimental validation of the real performance and the effect of the previously introduced power curve upgrade solutions. Additional numerical and experimental methods for the assessment of the power curve upgrade of a wind turbine can be found in [8,9,10].



Regarding the optimization of the aerodynamic performance of the wind turbine blades (WTBs), control solutions based on flow control devices have been widely studied in the literature. Holst et al. [11] analyzed in their work the effectiveness of Gurney flaps (GFs) to optimize the aerodynamics of wind turbines. Terzi et al. [5] and Hwangbo et al. [12] presented an upgrade of the power curve of a wind turbine with the utilization of vortex generators (VGs). Fernandez-Gamiz et al. [13] studied the influence of passive flow control devices, GFs, and vortex generators (VGs) on the annual energy production (AEP) of the NREL 5-MW reference wind turbine, introduced by Jonkman et al. [14]. The most common classification system for flow control devices is based on their operating principle and external energy consumption. While active flow control devices need an external energy source to sustain their dynamic operation, passive flow control devices do not rely on an external energy source and their operation is static. A review of a wide range of flow control devices, including passive and active solutions, is presented in [15,16].



Different improvement and adaption prospects to optimize the performance of existing passive flow control devices have been proposed in the literature. Fernandez-Gamiz et al. [17] presented a procedure for the computational modelling of GFs and microtabs (MTs) in an airfoil, with the objective of analyzing their effect on the aerodynamic behavior of the airfoil and the operation of a wind turbine. Martinez-Filgueira et al. [18] carried out in their work a detailed parametrical investigation of low profile VGs, and the trajectory and size of the generated air vortex that produces the delayed separation of the boundary layer in an aerodynamic surface. Aramendia et al. [19] presented a parametrical analysis of the influence of the length of the GF in the aerodynamic behavior of a DU91W(2)250 airfoil, which is widely used in the design of WTBs. Passive flow control devices have also been studied for the aerodynamic performance enhancement of helicopters. Pastrikakis et al. [20] presented an analysis of the aerodynamic behavior of helicopter rotors at low and high rotational speeds, with the implementation of GFs.



GFs belong to the group of passive flow control devices, i.e., their operation is static and not dynamically actuated. As stated by Saenz-Aguirre et al. [21], a GF is a passive flow control device composed of a small vane which is placed perpendicular to the surface of the upper/lower side of the airfoil in which it is located and close to its trailing edge. The length of the GFs is usually within 1% and 3% of the chord length of the airfoil. An adequate design of a GF and its implementation in a WTB leads to an increase in the lift coefficient, and thus, the lift force that causes the rotation of the wind turbine. As a result, the power the wind turbine extracts from the wind and the efficiency of the system are incremented. Many research works have been devoted to the optimization of the geometry, length, and position of the GFs in an airfoil. The works of Chow et al. [22] and van Dam et al. [23] presented an analysis of the effect of GFs with different shapes on the aerodynamic performance of WTBs. The dependence between the distinctive parameters of the GFs and the airfoil on which they are placed has also been studied in the literature. A detailed study of the performance of different shape GFs placed on various airfoils was carried out by Jeffrey et al. [24] and Wang et al. [25]. An enhancement in the lift force and the velocity of the WTBs with the application of GFs in NACA0012 and NACA0015 airfoils was presented by Shukla et al. [26].



The parametric analysis carried out by Aramendia et al. [19] showed that the aerodynamic performance of WTBs with GFs placed on their surface depends not only on the length of the flow control device but also on the angle of attack (AoA) of the incoming wind. Usually, the orientation of the WTBs to the incoming wind in order to operate with the optimal AoA is achieved with the pitch system of the wind turbine. A detailed explanation on the adaption of the pitch angle to its optimal value was presented in the work of Luo et al. [27]. Even if the response of the pitch system is fast compared to the other mechanical actuator in a wind turbine (the yaw system), the inertia of the WTBs avoids a response fast enough to properly face the very short-term variations in the incoming wind. As a result, during the response of the pitch system, the pitch angle of the WTBs is not set to its optimal value, and the performance of the wind turbine is not optimized.



In the field of active flow control, research has been mainly focused on the active operation of flow control devices to achieve a WTB load reduction. In this context, some papers about the dynamic operation of passive flow control devices have been found in the literature. Blaylock et al. [28] presented a comparative study between the performance of electromechanically actuated MTs and pneumatically actuated jets to reduce loads in WTBs. Tsai et al. [29] proposed in their work actively deployed MTs actuated via a four-bar link mechanism, which is more robust than a simply linear actuator. Gomez-Gonzalez et al. [30] presented an active operation of the trailing flaps of a WTB for the reduction of loads in the wind turbine. The work of Woodgate et al. [31] presented a computational fluid dynamics (CFD) based simulation method for rotating GFs in helicopter rotors.



In this paper, a new approach to the utilization of GFs in wind energy systems is introduced. In the proposed control strategy, GFs are converted into active flow control devices by means of an actuated system that adapts the length of the GF to the AoA of the incoming wind. The very fast response of the proposed flow control technique, from now on referred as the active Gurney flap (AGF) strategy, allows an adaption of the GF length while the pitch system is responding, and thus, optimizes the operation of the wind turbine. The power generated by the wind turbine is increased as a result of the utilization of the AGF strategy. Furthermore, a reduction in the bending moment at the root of the WTBs, and consequently the mechanical loads in the WTBs, is achieved with the proposed technique.



In the designed AGF strategy, a GF database based on an artificial neural network (ANN) has been developed. The GF database contains the data obtained by CFD that relates the aerodynamic performance of a GF for different AoAs and GF lengths. The modeling of the GF Database has been carried out with an ANN in order to avoid quantification problems, guarantee an accurate modeling of non-linear surfaces, ensure access to the data, and guarantee the possibility of increasing the size of the database with the introduction of new data. A multilayer perceptron with back propagation (MLP-BP) was trained and validated for this analysis. In order to analyze the effect of the proposed AGF flow control technique on the operation of the wind turbine and evaluate its performance, blade element momentum (BEM) based calculations have been carried out, as introduced in the work of Fernandez-Gamiz et al. [13].



Real wind data of a wind farm in Salt Lake City, Utah, USA, have been used for the analysis in this paper. The real wind speed measurements present a time interval of 1 s and have been performed by an ultrasonic anemometer. The wind data measurements cover a period of time of 3 months, i.e., 92 days. The objective is the evaluation of the performance of a real wind turbine with the introduction of the AGF strategy to improve the fast-dynamic response of the turbine. The turbine selected for the analysis is the NREL 5-MW reference wind turbine, developed by Jonkman et al. [14]. Experimental data based on wind tunnel tests of the selected wind turbine given by Timmer et al. [32] have been considered in the current analysis work. These experimental data present corrections based on the wake blockage effect, which is important for the validation of wind tunnel experiments. Detailed information on this effect is presented in [33,34].



The document is structured as follows: The location of the ultrasonic anemometer and the values of the real wind speed profile used in the analysis are presented in Section 2. Section 3 exposes the theoretical basis of the effect of GFs on the performance of a wind turbine and the development of a GF database based on an ANN. The improvement and modifications introduced to the BEM algorithm are presented in Section 4. Finally, Section 5 and Section 6 correspond to the obtained results and the conclusions, respectively.




2. Wind Speed Characterization


Real wind speed data, corresponding to wind speed measurements of a meteorological station in Salt Lake City, Utah, USA, have been used in the analysis carried out in this paper. This dataset [35] contains one second values for variables measured by seven stations located in Salt Lake City. Wind speeds were recorded at rates faster than 1 Hz from ultrasonic anemometers, and have been averaged to 1 s. Additionally, there are also radiation and soil variables. The data was collected from 10 November 2010 to 2 February 2011 and have been used in several publications, mainly related to the meteorological study of the cold-air pool that fills the Salt Lake City Valley [36,37,38]. The exact location of the meteorological station (situated at a height of 10 m) is given by the following coordinates: −112.0621°, 40.5938°.



The wind speed sensors of the meteorological station were ultrasonic anemometers. Li et al. [39] presented three main wind measurement devices (mechanical anemometers, thermal anemometers, and ultrasonic anemometers) and introduced the ultrasonic instruments as the most reliable ones, due to the absence of rotating parts, the wide measurement range, and the low maintenance cost. According to Zhou et al. [40], the operating principle of ultrasonic anemometers is the measurement of the time needed by an ultrasonic signal to cover the distance between an emitter and a receptor. The wind speed is calculated based on this time measurement.



The period between every wind speed sample of the analyzed wind speed data was 1 s. It must be noted that wind speed measurements with this period are not easy to have access to and are adequate for the evaluation of the AGF flow control strategy introduced in this paper, since they make it possible to perform a detailed examination of the operation of the wind turbine under very fast changes in wind speed. In fact, wind speed values are usually given in 10 min average values and an analysis of the response of the wind turbine to fast changes is not possible.



The meteorological station from which wind data measurements were collected was located in a flat terrain, with no obstacles to disturb the flow of the wind. Consequently, the logarithmic law was used to extrapolate the measured data to the hub height of 90 m of the NREL 5-MW wind turbine that has been considered for the analysis carried out in this paper. The obtained wind speed profile is illustrated in Figure 1.



The profile represented in Figure 1 shows important wind speed variations. For instance, a 2 m/s wind variation in a time span of 1 s can be observed in the zoomed box included in Figure 1. Furthermore, it can be seen that remarkably big wind speed peak values have been measured. This means that the system will have to face very fast changes in its operating point, which is a suitable scenario to analyze the effect of the AGF flow control strategy introduced in this paper to optimize the fast dynamics of the wind turbine.



In order to model the probabilistic distribution of the wind data measured in Salt Lake City, the Weibull distribution of the wind speed profile has been calculated, and is illustrated in Figure 2.



The shape and form parameters of the probabilistic distribution represented in Figure 2. are k=2027 and c=5615, respectively. The calculation of the Weibull distribution of the real wind speed measurements is of great importance, since it will enable the calculation of the energy the wind turbine will produce during the time interval in which the wind speed values have been collected.




3. Artificial Neural Network-Based Gurney Flap Database


A GF is a passive flow control device designed to modify the air flow around the WTB and thus improve its aerodynamic behavior and maximize the power generated by the wind turbine. The effect of GFs on the aerodynamic performance of the WTBs and the operation of the wind turbines has been widely studied in the literature. Storms et al. [41] presented a study in which the lift coefficient of the WTB was increased by 13% with the utilization of GFs. Saenz-Aguirre et al. [21] presented increments of 2.43% and 3.85% in the AEP of the NREL 5-MW reference wind turbine, with the utilization of a passive flow control device based solution (GFs and VGs) and considering the real wind speed profiles of the years 2015 and 2016 in Hywind Pilot Park, on the coast of Scotland. The principal characteristics of the NREL 5-MW reference wind turbine are listed in Table 1.



If the effect of the GFs on the aerodynamic performance of the WTBs, characterized by the lift and drag forces, is studied in detail, it is to be observed that this effect depends on the physical length of the passive flow control device, i.e., GF length (defined in % of the chord length of the airfoil in which it is located), and the AoA (°) of the incoming wind. A detailed parametric study of the effect of the GF on the lift and drag coefficients of a DU91W(2)250 airfoil was presented in the work of Aramendia et al. [19]. As can be observed in Table 2, the airfoil DU91W(2)250 corresponds to Stations 8 and 9 of the WTBs of the NREL 5-MW reference wind turbine.



In the analysis carried out in this paper, an ANN has been trained to store the data corresponding to the effect of the GFs in the lift and drag coefficients of the DU91W(2)250 airfoil. These data were previously calculated via computational simulations by Aramendia et al. [19]. The Reynolds number of the simulations was set to 2 × 106 and the 3D effects behind the GFs were not been taken into account, i.e., 2D simulations were conducted. The ANN was conceived to serve as a database to its posterior access during the operation of the AGF flow control strategy. The DU91W(2)250 airfoil was present in two different stations of the NREL 5-MW reference wind turbine, located at 28.15 m and 32.25 m of the root of the WTB, respectively. Many advantages are associated with the utilization of an ANN as a database to store CFD data. First, a correct training process of the ANN enables the accurate modeling of highly non-linear shapes of the input data and storage of this as a continuous function. In contrast, traditional look-up tables would require a very large amount of data and considerably long arrays to present a result similar to that of the ANN. As a result, the management of data is considerably reduced during operation. In addition, the use of an ANN allows the performance of continuous training processes of the neural network with data measured during operation and automatic learning from real measured data. Finally, the use of ANN as a database allows simple access to the data stored in it.



The selected topology for the ANN designed was an MLP-BP with two inputs (the AoA (°) and the GF length (%)) and two outputs (the lift coefficient CL (-)and the lift-to-drag ratio CL/ CD (-)), as shown in Figure 3.



The MLP-BP neural network designed to store the CFD data necessary for the AGF flow control strategy presented three different neuron layers: one input layer with two neurons, one hidden layer consisting of 20 neurons, and one output layer with two neurons. The training of the MLP-BP was carried out with a dataset of 390 tuples obtained by CFD simulations, as seen in Figure 4. A total of 195 of the data tuples selected for the training process of the ANN corresponded to data that modeled the effect of different GFs on the lift coefficient CL (-) of the airfoil, and 195 corresponded to data that modeled the effect of different GFs on the lift-to-drag ratio CL/CD (-). The distribution of the data for the training process of the MLP-BP was configured to 90% of the data for the training, 5% for the validation, and 5% for the test. The gradient descent was selected as the learning algorithm of the ANN, and the initial learning ratio µ of the training process was defined as 10−25.



The training process of the ANN was completed with a correlation coefficient of 0.99984 in the test. In the same way, a value of 0.172 was obtained for the mean squared error (MSE) associated with the performance of the MLP-BP neural network training process. Both values are preliminary indicators of a correct training process and show the accuracy of the ANN for storing the data corresponding to the CFD simulations. The output signals of the MLP-BP neural network are represented in Figure 5.



In order to evaluate the reliability of the ANN for use as the GF database during the operation of the AGF control strategy, a comparison between the input CFD data and the output data of the ANN for different values of the AoA (°) are presented in Figure 6 and Figure 7. The diagrams of Figure 6 correspond to the lift coefficient CL (-) and diagrams of Figure 7 correspond to the lift-to-drag ratio CL/CD (-).



The diagrams represented in Figure 6 and Figure 7 show that the ANN accurately models the aerodynamic data of the CFD simulations. Hence, its reliability for use as the GF database during the operation of the AGF flow control strategy is proven.




4. Blade Element Momentum Improvement


BEM is a computationally economical algorithm to evaluate the aerodynamic performance of a wind turbine and calculate its power output, as introduced in the work of Fernandez-Gamiz et al. [13]. The BEM code developed by Fernandez-Gamiz et al. [13] is based on the iterative numerical equations, the Prandtl’s tip loss correction factor, and the Glauert correction presented by Hansen et al. [42]. This code has been taken as the basis for the development of the improved BEM algorithm proposed in this paper.



In contrast to the conventional approach to GF-based flow control strategies, in which the length of the GFs is constant, the AGF flow control technique introduced in this paper proposes a dynamic actuation of the GFs placed on the surface of the WTBs in order to adapt to the fast-varying incoming wind characteristics and achieve an optimal operation of the system. A double objective is pursued with the application of the AGF strategy in the control system of a wind turbine. On the one hand, the efficiency of a wind turbine when the power is lower than its rated value is dependent on the AoA of the incoming wind. The pitch system of the wind turbine is responsible for adapting this value to its optimal value. Nevertheless, some factors, such as the variation of the incoming wind angle or a wind gust that needs to be alleviated, can cause a deviation from the optimal AoA. Consequently, during the time response of the pitch system, the efficiency of the operation of the wind turbine is considerably reduced. The AGF control strategy proposed in the present paper has been considered to respond to these variations and optimize the operation of the turbine while the response of the pitch system settles. On the other hand, if static GFs are placed on the WTBs, adaption to variations in the AoA of the incoming wind is not possible, and the bending moment and the mechanical loads in the WTBs can be increased without an improvement in the lift force due to the increment of the drag force. In the same way, the actuation of some control strategies implemented in a wind turbine, such as the individual pitch controller, or the variation in the optimal pitch angle of the WTBs due to the tolerances in its manufacturing process, could cause the passive flow control devices to operate at a non-optimal point. The AGF control strategy has been designed to overcome this problem by optimizing the aerodynamic forces in the WTBs.



With the objective of adapting the BEM algorithm to the AGF flow control technique introduced in this paper, various changes have been introduced in the code. A pipeline of the operating principle of the BEM algorithm in the stations corresponding to the DU91W(2)250 airfoil developed for the present analysis is shown in Figure 8.



Figure 8 shows the development (remarked with a dashed blue line) introduced to the BEM algorithm presented by Fernandiz-Gamiz et al. [13]. This development affects the source of the lift coefficient CL (-) and the drag coefficient CD (-) values related to the DU91W(2)250 airfoils of the WTB. After the calculation of the AoA, if this value is between the range in which the GF affects the aerodynamic performance of the WTB, i.e., α∈−6°,8°, access to the ANN-based GF database is performed, and the values of the optimal aerodynamic coefficients are captured. Nevertheless, if the value of the AoA is outside the range −6°,  8°, the aerodynamic coefficient values of a clean WTB are considered.



When the ANN-based GF database was accessed, in order to optimize the aerodynamic performance of the WTB, a maximum search algorithm was executed to find the value of the GF length (%) that maximizes the value of the lift-to-drag ratio CL/CD (-). Once the optimal value of the GF length (%) was found, the correspondent values of the optimal lift coefficient CL (-) and the optimal drag coefficient CD (-) were extracted. A pseudocode of the maximum search algorithm developed to find the optimal value of the GF length (%) and extract the correspondent aerodynamic coefficients is presented in Figure 9.



Since the maximum search algorithm of the AGF flow control strategy is considered to be executed in real time and the fast dynamics of the incoming wind demand a reasonably quick response of the control strategy, one important aspect of it is to guarantee a low convergence time to ensure an adequate performance of the AGF strategy. In order to guarantee a fast convergence time of the maximum search algorithm, an adaptive approach to the initial values of the algorithm was proposed in the present paper. The initial value of the maximum search algorithm was adapted depending on the value of the AoA. In this way, the time necessary to reach the optimum value of the lift-to-drag ratio CL/ CD (-) was considerably reduced. Furthermore, in order to avoid the system getting stuck in a local optimum, a function to evaluate the surroundings of the potential maximum was included.



The best and the worst case of the convergence time needed by the maximum search algorithm run in the commercial Software Matlab in a PC is presented in Table 3. As can be observed in the values presented in this table, the worst case is reasonable in comparison to the 1 s period of the input wind speed values. Moreover, these values are considered to be smaller when the execution is performed in a real-time processor devoted to the control of the wind turbine.



A graphical illustration of the performance of the maximum search algorithm for both the cases presented in Table 3 is shown in Figure 10 and Figure 11.



The results represented in Figure 10 and Figure 11 confirm the adequate performance of the maximum search algorithm developed for the AGF flow control strategy introduced in this paper. As already explained, in order to optimize the aerodynamic performance of the WTBs the AGF flow control strategy selects the GF length (%) that maximizes the value of the lift-to-drag ratio CL/CD (-). This value is not necessarily the one that maximizes the value of the lift coefficient CL (-), as can be observed in Figure 10. The convergence time values presented in Table 3 ensure a reasonable response time of the algorithm and prove its real-time applicability in the control system of a wind turbine. If the results illustrated in Figure 10 and Figure 11 are analyzed, it is to be noted that the adaptive initial condition technique designed for the maximum search algorithm plays an important role in the reduction of the execution time needed to find the value of the ratio CL/CD (-).




5. Results and Discussion


As explained in the introduction, flow control devices are designed and implemented in WTBs to improve their aerodynamic performance. The effect of implementing flow control devices in a WTB is usually the enhancement of the lift force that causes the rotation of the wind turbine rotor. As a result, the operation and efficiency of the wind turbine is improved. It must be noted that if an inadequate design of the GF is accomplished, the drag force in WTB can be incremented.



The AGF flow control strategy introduced in this paper tried to overcome the problems related to the static nature of the GF technology and improve the operation of the wind turbine by achieving a fast response of the wind turbine (<1 s), that allows for adaption to externally-forced quick variations in the operating point of the system. As a result, an optimized operation and increased efficiency of the wind turbine in comparison to passive flow control device technology are achieved.



Two explicit exponents of the operation efficiency of the wind turbine are the power coefficient CP (-) and the power curve of the turbine. The power curve represents the power the wind turbine generates for a determined value of a wind speed in the range inside the cut-in wind speed and the cut-out wind speed (see Figure 12b). The operation of the wind turbine can be divided into two zones: the partial power zone, in which the system is designed to maximize the power generated according to the power absorbed from the wind, and the full power zone, in which the system absorbs more power from the wind than it is designed to generate, and an optimization is no longer needed. The power coefficient CP (-) is a great indicator of the efficiency of the wind turbine, since it indicates the relationship between the power generated by the system and the power absorbed from the wind in the partial power zone, where an optimal operation of the wind turbine is desired.



Aerodynamically steady BEM calculations were performed to analyze the effect of the AGF flow control technique on the aerodynamic behavior of the WTBs, and hence on the operation of the wind turbine. The power coefficient CP (-) (in Figure 12a) and the power curve (in Figure 12b) have been represented to show the results of the BEM calculations.



As can be observed from the diagrams in Figure 12, in comparison to the case of clean WTB (without GFs), the power coefficient CP (-) and the power curve of the wind turbine are improved with the implementation of the GFs. Furthermore, it can be noted that the performance of the passive GF is further improved with the application of the AGF control strategy, achieving an upgraded power coefficient CP (-) and power curve. Finally, the high correspondence between the power coefficient CP (-) and power curves of the case with clean WTBs calculated with BEM and the aeroelastic code FAST v7 must be noted [43]. This correspondence enables the validation of the use of BEM calculations to model the results of the steady operation of a wind turbine without the use of an aeroelastic code.



After the calculation of the power curve related to each one of the analyzed flow control scenarios, the energy generation of the wind turbine during the time for which the real wind data series have been measured was accomplished. The objective was to numerically evaluate the enhanced performance of the wind turbine with the application of the AGF strategy. To that end, the Weibull distribution of the real wind speed data of Salt Lake City, Utah, USA [35], calculated in Section 2 of this document, and the power curve of each one of the analyzed scenarios were used to compute the energy generated by the turbine during the analyzed time interval, according to the work of Schramm et al. [44].



The value of the energy generated by the wind turbine and the mean values of the bending moments for each one of the analyzed scenarios are listed in Table 4.



According to the results of the steady BEM calculations presented in Table 4, all the analyzed flow control technologies were observed to increase the energy generation of the 5-MW reference wind turbine with the real wind speed measurements obtained from the meteorological station in Salt Lake City, Utah, USA. If the results of the generated energy are analyzed in detail, it can be observed that the AGF method overcomes the enhancement achieved by the flow control cases corresponding to passive GFs. The best case corresponds to the AGF control strategy implemented in the DU91W(2)25 airfoils of the WTBs of the NREL 5-MW reference wind turbine. The generated energy improvement achieved with a static GF with a length of 1% of the chord of the corresponding airfoil is very close to the one achieved by the AGF strategy. This negligible energy gain is associated with the steady calculations of the BEM analysis in this paper and it is expected to grow bigger with an unsteady analysis of the wind turbine, in which the transient conditions are considered. Nevertheless, the bending moment at the root of the WTB was considerably reduced with the implementation of the AGF strategy.



In fact, another important concept that can be observed in the results presented in Table 4 is that the increase in the energy generated by the system is achieved at the cost of an increment of the bending moment in WTBs. The increased bending moment will generate bigger mechanical loads in the elements of the turbine. If the results of the bending moment are observed in detail it can be noted that the AGF control strategy introduced in this paper presents the slightest bending moment increase in comparison with the clean WTB. Among the static GFs, the bending moment is increased with the utilization of bigger GFs.




6. Conclusions


In the current work, a novel flow control strategy referred as AGF was proposed to improve the performance of the wind turbines in cases of fast variations of the operating point caused by fast variations in the incoming wind. Conventionally, the adaption of wind turbine blades to the incoming wind is achieved with the pitch angle control of the WTBs. Nevertheless, even if the dynamics of the pitch actuator are fast in comparison to the other mechanical actuator of a wind turbine (the yaw actuator), wind speed variations could be too fast to get a response. In order to overcome that problem and adapt the operation of the wind turbine while the response of the pitch system settles, an AGF control strategy based on GFs dynamically actuated by means of pneumatic mechanisms was proposed.



In order to simulate the effect of the AGF control strategy on the operation of a wind turbine, the BEM algorithm was extended to include the effect of the dynamically actuated GFs. The database to store the information related to the GFs was implemented in an MLP-BP neural network that enabled an accurate model of irregular surfaces, on-line updates of the information, and easy access to the stored data. Additionally, an online maximum search algorithm was designed to perform a real-time search of the GF length (%) that maximizes the lift-to-drag ratio CL/CD (-), which optimizes the power the wind turbine absorbs from the incoming wind.



The results obtained, based on steady calculations of the BEM analysis, show an important enhancement of the energy produced by the wind turbine with the application of the AGF strategy. The AGF strategy introduced in this paper overcomes the value of the energy the system produces in comparison to clean WTBs or with the application of passive GFs. Furthermore, the increment of the bending moment at the root of the WTBs with the application of the AGF strategy is considerably reduced in comparison to the application of passive GFs. According to the obtained results, the AGF strategy is considered an adequate control technique to improve the efficiency of wind turbines by optimizing their operation while the pitch system responds to fast input wind gusts. Furthermore, these results, based on steady calculations of the power output of the wind turbine, are considered to be enhanced with the application of the proposed AGF flow control technique during an unsteady analysis of the operation of the turbine, in which the transient periods are not neglected. This further enhancement of the power output during unsteady simulations is considered to be subject to the time scale of the simulation and the correct integration of the AGF strategy in the control system of the wind turbine.



In conclusion, with the implementation of the AGF flow control strategy, the dependence between the aerodynamic performance of the WTBs and the characteristics of the incoming wind (speed (m/s) and AoA (°)) is minimized, since the system is capable of adapting to the external changing scenarios. On the contrary, the performance of a wind turbine with passive GFs will be dependent on the characteristics of the incoming wind, since the system cannot adapt to different scenarios. As a result, the risk of an inadequate aerodynamic performance is structurally minimized with the application of the AGF flow control technique.
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Acronyms and Symbols


The following acronyms and symbols are used in this manuscript:





	WTB
	Wind turbine blade



	GF
	Gurney flap



	VG
	Vortex generator



	MT
	Microtab



	AGF
	Active Gurney flap



	AoA
	Angle of attack



	ANN
	Artificial neural network



	BEM
	Blade element momentum



	CFD
	Computational fluid dynamics



	AEP
	Annual energy production



	RL
	Reinforcement learning



	MLP-BP
	Multilayer perceptron with back propagation



	CL
	Lift coefficient



	CD
	Drag coefficient



	CP
	Power coefficient



	α
	Local angle of attack



	Φ
	Flow angle



	Ct
	Tangential load coefficient



	Cn
	Normal load coefficient



	a
	Axial induction factor



	a′
	Normal induction factor
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Figure 1. Wind speed profile measured every 1 s in Salt Lake City, Utah, USA. 






Figure 1. Wind speed profile measured every 1 s in Salt Lake City, Utah, USA.



[image: Sustainability 11 02809 g001]







[image: Sustainability 11 02809 g002 550]





Figure 2. Weibull distribution of the wind speed profile measured every 1 s in Salt Lake City, Utah, USA. 
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Figure 3. Artificial neural network (ANN) based Gurney flaps (GF) database. 
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Figure 4. Training input data of the multilayer perceptron with back propagation (MLP-BP). 
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Figure 5. Output of the MLP-BP. 
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Figure 6. Comparison between the computational fluid dynamics (CFD) and the ANN lift coefficient CL (-) data. Angle of attack (AoA) = −6:1:8. 
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Figure 7. Comparison between the CFD and the ANN lift-to-drag ratio CL/CD (-) data. AoA = −6:1:8. 
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Figure 8. Pipeline of the improved blade element momentum (BEM) algorithm in the stations corresponding to the DU91W(2)250 airfoil. 
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Figure 9. Pseudocode of the maximum search algorithm. 
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Figure 10. Maximum CL/CD (-) search algorithm for AoA = −1°. ANN values in blue circles. Maximum search algorithm steps in red crosses. 
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Figure 11. Maximum CL/ CD (-) search algorithm for AoA = −3.5°. ANN values in blue circles. Maximum search algorithm steps in red crosses. 
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Figure 12. (a) Power coefficient Cp (-) and (b) power curve comparison for different GF-based flow control solutions. 
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Table 1. Principal characteristics of the NREL 5-MW reference wind turbine.
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	Turbine Model
	NREL 5-MW





	Rated power
	5-MW



	Rotor diameter
	126 m



	Hub height
	90 m



	Cut-in wind speed
	3 m/s



	Rated wind speed
	11.4 m/s



	Cut-out wind speed
	25 m/s
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Table 2. Distribution of the airfoils in the wind turbine blades (WTBs) of the NREL 5-MW reference wind turbine [13].
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	Station Number
	Radio (m)
	Airfoil Type





	1
	2.8667
	Cylinder1



	2
	5.6000
	Cylinder1



	3
	8.3333
	Cylinder2



	4
	11.7500
	DU40



	5
	15.8500
	DU35



	6
	19.9500
	DU35



	7
	24.0500
	DU97W300



	8
	28.1500
	DU91W(2)250



	9
	32.2500
	DU91W(2)250



	10
	36.3500
	DU93W210



	11
	40.4500
	DU93W210



	12
	44.5500
	NACA64XX



	13
	48.6500
	NACA64XX



	14
	52.7500
	NACA64XX



	15
	56.1667
	NACA64XX



	16
	58.9000
	NACA64XX



	17
	61.6333
	NACA64XX
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Table 3. Performance analysis of the maximum search algorithm.
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	AoA (°)
	Convergence Time (s)
	Optimal CL/CD Ratio (-)
	Optimal CL (-)
	Optimal GF Length (%)





	Alpha = −1
	0.1116
	47.1287
	0.3652
	1



	Alpha = −3.5
	0.0363
	10.5028
	0.1725
	3
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Table 4. Generated energy and bending moment comparison.
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	Case
	Generated Energy (kW·h)
	∆ Generated Energy (%)
	Bending Moment (N·m)
	∆ Bending Moment (%)





	Clean
	2.1532·× 109
	-
	6.6963·× 106
	-



	GF_1%
	2.2662·× 109
	5.2477
	6.7398·× 106
	0.6495



	GF_2%
	2.2604·× 109
	4.9789
	6.7633·× 106
	1.0006



	GF_3%
	2.2509·× 109
	4.5395
	6.7846·× 106
	1.3176



	AGF
	2.2665·× 109
	5.2618
	6.7038·× 106
	0.1111











© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
o ANN_Dsta_+_GFD_Duta]

) e 2 s %) w2 3 0 Ve 2 3

o 3 2 ERY Teer2 30 s 2 3

GF length [%]





media/file4.png
30

20

10

0.2

| | |

o} © < N
s 2 9 9o g

o o o o

0.18 -
0.16 -
0.14 -

|

N
a
o
-]

[-] Aungeqoid

Wind Speed [m/s]





media/file18.png
Optimum Search Algorithm
% Set adaptive initial condition
X = xini
Y = RN(xini)
% Start the maximum search loop
while (out = 1) do
% Take a step
Xnew = X + stepsize
% Access to the RN based GF Database
Ynew = RN(xnew)
% Compare Ci/Cp [-] values
if ynew >y
Out=0
else
Out = Check_local_maximum(xnew,ynew)

end

% Update the optimal values
X =xnew
Y = ynew
end





media/file21.jpg
1,

0

C,/C, ratio [
4 o o

-00s]

o5

]

s 2
GF length (%]

25

s 2

GF length (%]

25





media/file3.jpg
15
Wind Speed [mis]





media/file22.png
CL/CD ratio [-]

GF length [%]

O
oy
O
OO
O
069
05 1 15 2 25

c, [

-0.05

0.2

01

0.05

0.5

1

1.5 2 25 3
GF length [%]





media/file19.jpg
o8|

45,
oas|

o4

S

®
®
® = 03s|
®
®
®

» 015!

o os 1 15 2 25 3 o os 1 15 2 25
GF length (%] GF length [%]





media/file7.jpg
o

oA [deg]

GF longth [%]

00





media/file10.png
AoA [deg]

150

100 |

[$)]
o
y2

CI_/CD ratio [-]
o

-50

2
GF length [%]

10

AoA [deg]





media/file14.png
-0.2
0000
0.4 ]LM 5 T
-0.6 '
0 1 AoA =-6° 2 3
0.5 | T 1
ot |
0 1 poa=-3 2 3
1
= OOOS 0OOBOOOO!
205 l 00 T
0
0 1 poa=oe 2 3
1.5 T T
! Loooaooooaooooaooowoooouoooo
0.5 '
0 1 pop=z 2 3

O ANN_Data x CFD_Data

QOO@OQ
-0.2 c;ooooaooow°°°°9°°°°°’°°°° ]
0.4 . .
0 1 poa=s 2 3
04 T T e
0.2 EL <3boq:;oo£>OQooo0'8!<>°°°“’°‘j°°6 {
0 1
0 1 ADA = -2° 2 3
1 T ——3
0 "
0 1 aoa=10 2 3
1.5 —
1 *ooouw
0.5

0
2 r
1.5L 45008000
1 L
0

1 Aoa=4 2

1 poa=7 2

GF length [%]

)
w g w L

0.5
ol Qoooof
0.5 : :
0 1 Aoa=4 2 3
1
05 s0000f
5 poooseooanooosaascnooooscocd
0 1 aopcge 2 3
1 v
0.8 o<3€3°°§°0€ 0000m0000807
0.6 1 I
0 1 Aoa=20 2 3
1.5 T r
1o |
0.5 : :
0 1 AocA=5 2 3
2 . :
1.5 L QooaoOOoQOOOOQOOOOQOOOOQOOOOT
1 1 1
0 1 Aca=g 2 3





media/file11.jpg
o[ < AWom x Groomal
b b o)
e e e " imer
os .
e P——
8 B B
s et AR
s B od)
ni B
s et T I B T
h "
o B s
K o8
e ? s mwi o T i
A s A
i p——— p— R
: : :
Tt s ewz 1 0 vmwt

GF length [%]






media/file6.png
AoA [deg] |:>
GF heght [%] |::>

-

\.

ANN based
GF Database

~

y,

—

C[-]

C./Cp [-]





media/file15.jpg





nav.xhtml


  sustainability-11-02809


  
    		
      sustainability-11-02809
    


  




  





media/file16.png
| D; I
A 4 @
Intelligent Interpolation
a v Algorith
RN 0 R Y gorithm

/ + + \‘
| 6°<a=8° ] [a<-6°&&a>8° [
| |
. I I |
I | ANN based Clean I
: GF database WTBdata | !

|
\

Cn * > Ct
a_ | | &






media/file2.png
60 T T T T

N
o
[

|

5 1
3.745.720 3.745.720,5 3.745.721

N
o

Wind speed [m/s]
w
o

10 -

0 ulhthlw j“”h Lk HJILN L‘”I.L\. n Jl.L EL W bbb Ol “hm“nh.ul li W.Jh ‘m

1.000.000 2 000.000 3.000.000 4.000.000 5.000.000 6.000.000 7.000.000
Time [s]





media/file20.png
CL/CD ratio [-]

50
X
45
X
40 ®
&®
35
X
30 ®
25$ I 1 I 1 1
0] 0.5 1 1.5 2 25

GF length [%]

0.55

051

0.4}
T, 035
($)

031

0.25

0.2

0.15
0

0.5

1 15 2 2.5 3
GF length [%]





media/file23.jpg
" Cin_pasT
1}






media/file5.jpg
G-l
poteea) ANN based

GF heght [%)] |:> GF Database

C/C [-]





media/file24.png
Cp []

0.5

04

0.3

0.2

0.1

5X1O o000 . .05 00000000000
kRN % Clean Clean
% ceeo o o Clean_FAST o Clean_FAST
@
! * GF_1% al ———GF_1% |
* ¥ GF_2% ———GF_2%
X ° * GF_3% I —GF_3%
*
x AGF —AGF
% g 3 L ]
s S
L :g 2 L -
* ' ©
F 5 —
L 0 | © 1L |
*y
R
¥
i | . .
O 7.08 7.09 71
5 10 15 20 25 0 15 20 25
Wind speed [m/s] Wind speed [m/s]

(a) (b)





media/file1.jpg
Wind speed [mis]
8 5 8

8

arisT0 sneer0s  srasTan

1000000 2000000 3000000 4000000
Time [s]

5000000 6000000 7.000000





media/file12.png
-0.2

s 50000
-0.4T G T
-0.6
0 1 AcA=-g° 2 3
0.5| - T —
OT\I\JW
05 : :
0 1 popc.z 2 3
0] | ——
TS asasntitd |
1.5 T T —
1 foooo® ]
0.5 : :
0 1 popcs 2 3
2 .
i 3
GO0BO00
1 "
0 1 2 3

AoA = 6°

o ANN_Data x CFD_Data

0000%
0.2 eioooomoooaooooszoooosooooﬂ _
-0.4 - :
0 1 Aca=5 2 3
04 T 00g000080000800 F
0 2 L} 5OOOOQOOOO V{
e -
0 1 Aoa=2» 2 3
1 r " —
0.5 %oowm“’“ o
0 1
0 1 poa=1e 2 3
1.5 T T —
= |
0.5 : :
0 1 Aoa=4 2 3
2 ' | L
1 .5 60000@(.)&'\‘\“—“’ T
1 1 "

GF length [%]

0.5 -
0 .#Ooooaooooﬂooooeooooaooooeocoof
-0.5 : :
0 1 Aca=4 2 3
1
0.5 oo
5 foocosenoos oo
0 1 poa=-10 2 3
1 [ 20000BO000BTIOOF
O.SJ;O o@oaoo©0°9°°°° o 1
0.6 ,
0 1 Aca=20 2 3
1 15 *"Ooooﬁe:ooomé»oooosa0000@<>°°°°3‘wm1h
0.5 : :
0 1 AcA=5 2 3
2 I »Nnnhn*
1 1
0 1 aAca=g 2 3





media/file9.jpg
2
GF longh (] |

o

o

AoA [deg]

2
GF lengin (%)

)

AoA [deg]





media/file0.png





media/file8.png
2
1.54
—_ 1\
Tl
O 05\
[e]
04 °
(o]
o]
'0.5>

AoA [deg]

150 .
100
o 50
© o
S 0 °
o_l Oo
-50
-100 J
3

2
GF length [%]

AoA [deg]





media/file17.jpg
Optimum Search Algorithm
% Set adaptive initial condition
X'=xini
Y = RN(xini)
% Start the maximum search loop
while (out=1) do
% Take a step
Xnew = x + stepsize
% Access to the RN based GF Database
Ynew = RN(xnew)
% Compare Ci/Cp [-] values
if ynew >y
Out=0
else
Out = Check_local_maximum(xnew,ynew)
end
% Update the optimal values
X =xnew
Y = ynew
end





