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Introduction: The blade is one of the most important parts of a wind turbine. Blade design is a complicated process involving many design links and mutual couplings. To efficiently obtain the Pareto Front and optimal blade, a novel methodology combined the improved NSGA-II with Thin-Walled Beam Theory and Classic Laminated Theory has been developed.
Methods: In the optimization study, the design parameters are the thickness distribution of the spar cap and a parametric model based on blade production process is developed. The objective function is on the minimization of mass and the maximization of flap-wise stiffness. As a practical engineering application research, a 15 MW wind turbine IEA-15-240-RWT developed by NREL is used as a reference model.
Results: Laws on the number of variables, blade profiles, design loads and natural frequencies present in the design have been studied through Pareto fronts obtained from multi-objective optimization results.
Discussion: These laws have important implications for practical engineering design work. Meanwhile, the results show that the new methodology is effective for blade structure design, and that this approach can be easily extended to study the design of influence laws for more design parameters or more complex blade design problems.
Keywords: wind turbine blade, multi-objective optimization, composite materials, NSGA-II, Thin-Walled Beam Theory, Classic Laminated Theory
1 INTRODUCTION
With the depletion of fossil fuel reserves and global pollution, the need for wind power will increase further (Hu et al., 2012; OZkan et al., 2020). Wind turbine blade length has increased dramatically in recent years in an effort to reduce the cost of energy (COE), increase the efficiency of wind energy, and benefit from the availability of better materials. Increasing the size of the wind turbine blade is inevitably accompanied by an increase in its load, weight, and cost. The optimal blade design has become the goal pursued by more and more wind power enterprises. The design of the wind turbine blades, however, has become one of the most difficult parts of the design. The complexity and difficulty is mainly reflected in the fact that wind turbine blade design is a multi-objective, multi-parameter, strongly coupled design process. See Figure 1.
[image: Figure 1]FIGURE 1 | Schematic diagram of coupling relation in structural design.
With regard to the characteristics of wind turbine blade design, many scholars and researchers have proposed to apply genetic algorithm (GA) to blade design and obtained rich research results. In the application of genetic algorithm to wind turbine blade design research, in 2011, Wang (Wang et al., 2011) improved non-dominated sorting genetic algorithm (NSGA-II) by dynamic crowding distance and used this algorithm to optimize the blades of a 1.5 MW wind turbine by two-objective, three-objective and four-objective design. The feasibility and universality of this algorithm in multi-objective optimization of wind turbine blades are verified. Tenguria et al. (2013) evaluated a blade 38.95 m long designed for a horizontal wind turbine V82-1.65 MW. ANSYS software was used to evaluate the finite element of the designed blade. ANSYS results are compared to experimental work. In 2015, Based on multi-objective genetic algorithm NSGA-II and Finite Element Method (FEM), Gao et al. (2015) carried out aerodynamic and structural coupling optimization design for 1.5 MW wind turbine blades and used fuzzy evaluation method to select the best design scheme under the specific working conditions. The parameters of blade structure design took into account the thickness of a few areas of the spar cap. In 2017, Wang et al. (2017) used the improved NSGA-II for the optimal design of 5 MW wind turbine blades with the maximum power coefficient and minimum blade mass as the optimization objectives, and compared the results with multi-objective differential evolution algorithm to verify the reliability and adaptability of the improved algorithm. The parametric model of structure expressed by polynomial is adopted in this study.
In the multi-objective optimization of wind turbine blade comprehensive re-search, Lee et al. (2018) performed fluid-structure interaction (FSI) analyses to achieve structural reactions of a blade on National Renewable Energy Laboratory (NREL) Phase VI wind turbine using ANSYS. In 2018, Albanesi et al. (Albanesi et al., 2018) combined GA with the Inverse FEM (IFEM) to redesign a medium-power 40-kWwind turbine blade to re-duce its weight and the optimal ply-order, ply-number and ply-drop configuration of laminate wind turbine blades was determined by this methodology. In 2019, With Annual Energy Production (AEP) and blade mass as objective functions, and aerodynamic parameters and structural parameters as design variables, Meng and Xie (2019) established a multi-objective optimization model of wind turbine blades based on the para-metric finite element model of blades and carried out optimization design using genetic algorithm, in which structural parameters took the thickness of spar cap as the main optimization variables. Later in 2021, Zkan and Gen (2021) applied the study of multi-objective structural optimization to the production of Phase II wind turbine blades in the NREL to obtain more efficient small wind turbines. In the optimization study, the objective function is the minimization of blade mass and cost, the design parameters are the composite material type and the number of spar cap layers, and the flow and structure analysis of the blade is performed using the fluid-structure coupling model in ANSYS.
As it can be seen, NSGA-II having excellent performance in wind turbine blade optimization studies was also used for the structural optimization problem and the structural analysis method used in the research of blade optimization design is mainly FEM. The FEM consumes a lot of computing resources in the multi-objective optimization design of structure, and the computing efficiency is affected by the configuration of hardware and software, so it has no obvious advantage in the application of optimization design in practical engineering.
In this study, in order to make the optimization results more instructive to blade design, a parametric model based on blade production process is developed. The NSGA-II is improved with elite strategy to improve the global convergence of complex problems. A novel methodology combined the improved NSGA-II with Thin-Walled Beam Theory (TWBT) and Classic Laminated Theory (CLT) is presented. To reveal the significance and value of the method for wind turbine blade design, the IEA-15-240-RWT wind turbine and blade developed by NREL are taken as the reference model, the spar cap of the blade is taken as the research object, the minimum mass and maximum stiffness of the blade are taken as the design objectives. Pareto Front (PF) (Samui et al., 2017) was obtained by multi-objective optimization results. The influence law of design variables and design conditions on the design of the blade spar cap is revealed by PF, as the multi-objective design boundaries are clearly shown. The influence law obtained in this study has practical guiding significance for blade design engineering; on the other hand, this method can be easily extended to the design study of the influence law study of more design parameters or more complex blade design problems.
2 MATERIALS AND METHODS
The structure design of wind turbine blade is one of the important parts of wind turbine design. Design load is an important input to blade design and is statistically obtained around the operating environment and working condition of wind turbine. The design load in this study is derived from the aero-elastic simulation of the reference model IEA-15-240-RWT. The setting of wind turbine parameters and working conditions is detailed in the literature (Gaertner et al., 2020).
The simulation model of the whole wind turbine system is established in OpenFAST (NREL, 2023) developed by NREL. Wind model and wind file generation is done in Turbsim (Jonkman and Buhl, 2006). The control strategy of wind turbine operation is to complete the tuning and generate DLL files in ROSCO (Abbas et al., 2021). After debugging the whole system, the aero-elastic simulation of wind turbine is carried out with OpenFAST as the driver. The resulting ultimate design load is shown in Figure 2 below.
[image: Figure 2]FIGURE 2 | The resulting ultimate design load.
In the following subsections, the parametric model of blade structure, the structural analysis method and the improved NSGA-II method are introduced respectively.
2.1 Parametric model of blade structure
In this study, the original model parameters are derived from the ANSYS model of IEA-15-240-RWT. The blade is 117 m long and profile of the blade is designed based on DTU FFA-W3 series of airfoils. Similar to the structure of the traditional wind turbine blade, the blade is made of two shells and two webs. The components in the shell include skin, root reinforcing layers, spar caps, trailing edge UD, filler core material, etc. See Table 1 and Figure 3 for details. It can be seen from the thickness distribution that the spar cap is the thickest, and the spar cap design plays an important role in blade structure design.
TABLE 1 | The data of components in the shell.
[image: Table 1][image: Figure 3]FIGURE 3 | Thickness distribution of each component.
To perform multi-objective optimization of wind turbine blade structure design, a parametric model of span-thickness based on the production process has been developed. The spar cap is made of a unidirectional fiberglass of equal width, laid on top of each other, with the longest fiberglass at the bottom and the shortest at the top. This makes the spar cap thin at the root and tip and thick in the middle. The lay-up characteristics of the spar cap are as follows:
• A minimum thickness of 1 mm is required for it to be fixed at the starting position of the blade root (Lr) and the ending position of the blade tip (Lt);
• There is a region with equal thickness in the middle of spar cap, with the thickest thickness;
• The thickness of the blade root region decreases monotonically toward the blade root, while the thickness of the blade tip region decreases monotonically toward the blade tip.
On the basis of the above assumptions, a parameterized model has been developed, in which the spar cap is determined by a finite number of control points in the span-thickness coordinate system. As required, parametric models with different numbers of parameters can be generated. The parameterized model of the spar cap is illustrated in Figure 4 with 3, 5, 7, 11 variables and the constraints of the variables, respectively.
[image: Figure 4]FIGURE 4 | Parameterized models of spar cap and constraint of variables.
This parametric model has many advantages when used for research. Since this model is based on the production process, the results can be used for bladed design directly. Furthermore, since the number of variables can be adjusted according to needs, it is possible to study parameter setting rules in different design problems.
2.2 Structural analysis and computational methods
The structural properties of the blade and its structural response under load are calculated using the Thin-Walled Beam Theory (TWBT) and Classic Laminated Theory (CLT) (Librescu and Song, 2006), which are effective for thin wall composite beam structure. Based on this theory, several design tools have been developed, such as Precomp (Bir and Migliore, 2001), Farob (Lekou and Philippidis, 2009) and CROSTAB (Lindenburg, 2008), among others. The schematic diagram of the theories is shown in Figure 5. The element of the beam reference surface loaded with membrane stress resultants is shown by the blue symbols and the loads acting on two ends of the beam element are shown by the red symbols. The axial displacement, rotation angles and curvatures of the element of the beam are represented by symbols [image: image], [image: image], [image: image], [image: image], [image: image] and [image: image]. The corresponding constitutive equations for orthotropic materials are shown as follows:
[image: image]
[image: Figure 5]FIGURE 5 | Schematic diagram of thin-walled beam theory and classic laminated plate theory.
The stiffness coefficients [image: image], where tk and Qk mn are the thickness and The off-axis stiffness coefficient of single laminate. It is important to note that Nzs is shear stress resultant of multi-cell cross section beam. The strain energy of the beam element with length dz is
[image: image]
where the stress and strain resultants be expressed as a function of the load at the beam end using the constitutive equations, the geometric equations and the equilibrium equations of beam and laminates.
In accordance with Castigliano’s theorem
[image: image]
the relation between loads and deformations of the beam elements can be expressed in the following explicit form (Vasiliev and Morozov, 2018).
[image: image]
In-plane displacements of the beam cross-section can be expressed as
[image: image]
Natural frequency of the blade is also the focus of this study, as they play an important role in aero-elastic response of the wind turbine. The Extended Galerkin Method (EGM) is used to solve the eigenvalue problem of blades. Take the twist, flap-wise bending, transverse shear coupled free vibration as an example. The eigenvalue problem is discretized by representing [image: image], [image: image] and [image: image] in the form:
[image: image]
where [image: image], [image: image] and [image: image] are vectors of suitable trial functions, while [image: image], [image: image] and [image: image] are vectors of generalized coordinates. The discretization is accomplished directly in the Hamilton’s principle functional and the kinetic [image: image] and strain energies [image: image] in discrete form are
[image: image]
Here [image: image] and M and K denote the mass and the stiffness matrix, respectively. The discretized equations of motion could be obtained as follows:
[image: image]
Expressing
[image: image]
We get from Eq. 8 the eigenvalue problem
[image: image]
where
[image: image]
and [image: image]. x and [image: image] denote the eigenvector and the eigenvalues, respectively, while [image: image] is the natural frequency.
2.3 Optimization methods and strategies
Figure 6 shows the procedure of the improved NSGA-II algorithm and strategy. Different from the classical NSGA-II algorithm, the elite strategy and dynamic crowding distance are used to generate a new parent population for the next-generation.
[image: Figure 6]FIGURE 6 | Procedure of the improved NSGA-II algorithm and strategy.
The basic idea of elitist strategy is to take the best individuals that have emerged in the evolutionary process of the group and copy them directly into the next-generation without mating. The elite individual is the one with the highest fitness value found by the genetic algorithm so far in the evolution of the population. It has the best genetic structure and excellent properties. Crossover and mutation operators may disrupt the implicit high-order, long-distance and high-average fitness schema in individuals, which may lead to the loss of optimal individuals in the current population in the next-generation, and this loss of optimal individuals will occur repeatedly during evolution. In order to prevent the loss of the elite of the current population in the next-generation and the failure of the genetic algorithm to converge to the global optimal solution, it is necessary to ensure that the elites will not be lost or disrupted by selection, crossover and mutation operations during the evolution of the genetic algorithm. The elite strategy plays an important role in improving the global convergence ability of the genetic algorithm. Rudolph (Rudolph, 1994) has proved theoretically that the classical genetic algorithm with elitist strategy is globally convergent.
The specific operation process of elite strategy is to reserve an optimal individual A from the parent generation, then select, cross and mutate to generate a new population. Then, find out the best individual B and the worst individual D in the new population. If the fitness value of the best individual B is higher than that of A, it means that the population has evolved. Otherwise, the worst individual D will be replaced by A and a new offspring will be produced.
Maintaining population diversity requires not only a certain spatial distance between individuals, but also a good consistency of non-dominant sets. In the classical NSGA-II, the crowding distance DCi is used to evaluate the distribution between individuals, and it is shown as follows:
[image: image]
where [image: image] and [image: image] are the (i+1)th and (i−1)th fitness values in the mth objective, respectively; [image: image] and [image: image] are the maximum and minimum fitness values of the mth objective in the same non-dominated set, respectively.
To improve the uniformity of the individual distributions, a Dynamic Crowding Distance (DCD) approach proposed by Luo (Luo et al., 2008) is used here. The DDCi is calculated as follows:
[image: image]
where
[image: image]
is the variance of crowding distances of the individuals that are the neighbors of the ith individual.
Hyper volume indicator IHV (Bader and Zitzler, 2011), which is defined as the volume of hyper cubes in the objective space included in optimal solution sets S and reference points r* = (r1*, r2*,…, rm*), is introduced to quantify optimal solutions, as shown below:
[image: image]
where VOL (•) represents the Lebesgue measure. IHV is a key indicator for the convergence and distribution of optimal solutions.
DTLZ (Deb, 2005) and WFG (Huband et al., 2006) test functions are used to verify the performance of the multi-objective optimization algorithm. The comparison between the optimization PF and the true PF shows that the improved optimization algorithm has good convergence. See Figure 7.
[image: Figure 7]FIGURE 7 | Comparison of optimization results of test functions. (A) Comparison of optimization results of DTLZ1 test function. (B) IHV of DTLZ1 test function. (C) Comparison of optimization results of WFG1 test function. (D) IHV of WFG1 test function.
In this paper, the minimum tip deformation at fixed load and the minimum blade mass, between which distinct conflicts exist, are chosen as two optimization objectives to validate the developed optimization algorithm and study the design law of blade structure, while the computational overhead is kept minimal.
The mass of a blade reflects the amount of material used, and to a certain extent, it can also reflect the material cost of the blade. Meanwhile, in the aerodynamic response of a wind turbine, the inertial load is closely related to the mass of the blade. In blade design, it is always desirable to keep the blade mass as small as possible. The linear mass mj of the jth element of blade can be easily obtained, so minimizing the blade mass is shown as the first optimization objective as follows:
[image: image]
Wind turbine blade is a typical slender composite material structure. Due to the irregular geometry and the irregular laminated structure of the blade, the stiffness of each section of the blade is not uniformly distributed, but the overall stiffness of the blade can be shown to a certain extent by the deformation of the blade. Blade deformation is calculated according to the method in Section 2.2. Blade stiffness is always expected to be maximized in blade design. Therefore, the minimum blade deformation is set as the second optimization objective here, as shown below:
[image: image]
3 RESULTS AND DISCUSSION
The optimization design method and parametric model presented in Section 2 are used to perform 2-objective optimization on the basis of the reference blade. Other common optimization parameters are set to: the mutation probability is 0.6, and the crossover probability is 0.7. Optimize 20 generations with 100 individuals per generation. The mass and deformation of each individual blade are calculated using the structural analysis method described in Section 2.2. We obtained the optimization results of all parametric models and showed the results of the parametric models with seven variables in Figure 8. The horizontal coordinate represents the mass of the blade and the vertical coordinate represents the displacement of the blade tip section in the flap-wise direction.
[image: Figure 8]FIGURE 8 | The results of the parametric models with seven variables. (A) The Pareto Front is compared with the reference blade. (B) The 1st-gen population. (C) The 7th-gen population. (D) The 15th-gen population.
The gray dots in Figure 8 represent individuals in the optimization process, which can be clearly observed in Figures 8B–D. The results in Figures 8B–D represents the population distribution of the 1st, 7th and 15th generations, respectively, and reflects the dynamical evolution process. PF is obtained from the non-dominated solutions in all optimization results and is represented by red dots. Under the action of ultimate load, the blade tip deformation of reference blade developed by NREL is 18.3 m and the mass is 65250 kg. It is shown in a blue dot in Figure 8A.
It can be seen from Figure 8A that PF of spar cap presents a smooth curve without obvious inflection point and the spatial distribution is homogeneous, that is, there are no distinct clusters and vacancies. The results show that the improved NSGA-II has suitable global convergence in the spar cap optimization. Meanwhile, the layup design of the reference blade is near to PF, indicating that the spar cap structure of the reference blade is very close to the optimal design under the same mass requirement. PF is very instructive for wind turbine blade design. Firstly, PF can give the optimal solution set under fixed design conditions, from which the appropriate blade design can be selected. Secondly, reasonable design requirements can be formulated based on the optimal solution set of PF.
Figure 9A shows the PF obtained by optimizing all parameterized models described in Section 2.1. It can be seen from the figure that the PF of parameterized models with different quantity of parameters almost overlaps. The subtle differences can probably be found in Figure 9B, which shows how IHV changes over the course of evolution. IHV is calculated from Eq. 17. The parameterized model of 3, 5, 7 and 11 variables when iterated to the 20th generation, the IHV values are 0.235, 0.231, 0.227 and 0.205 respectively. As described earlier, IHV is a key indicator for the convergence and distribution of optimal solutions and a large IHV indicates good approximation of the optimal solutions to PF and an excellent distribution of optimal solutions. The results show that the fewer the number of variables, the earlier convergence is achieved and the higher the value of IHV; conversely, the more the number of variables, the more the number of evolutionary iterations required for convergence, and the lower the value of IHV at the current given number of evolutionary iterations. But fewer parameters are not always better when it comes to blade design. It is still necessary to determine the appropriate number of parameters through quantitative analysis according to the design objectives, design constraints and design complexity.
[image: Figure 9]FIGURE 9 | The Pareto Front and IHV of all parameterized models. (A) The PF results of various parameters are compared. (B) The hyper volume indicator of various parameters are compared.
Figure 10 shows the optimization results compared with the reference blade. Figure 10A is a partial enlargement of the area in the dotted box in Figure 9A. From the enlarged figure, it can be seen that the spar cap laying up of the reference blade does not reach the optimal solution. There is no significant advantage or disadvantage between the optimization results of different quantity variables. By comparison, the deformation of the reference blade can be reduced by 0.3 m with the same mass, accounting for 1.67% of the deformation of the reference blade. With constant deformation, the mass can be reduced by 190 kg, which is 0.3% of the reference blade mass. Figure 10B shows the comparison of spar cap layup thickness distributions between the optimized blade and the reference blade. It can be seen from the figure that the maximum thickness of the spar cap of the optimized blade is less than that of the reference blade. In addition, the more variables, the more continuous the thickness transition results can be obtained. And the transition of the spar cap thickness of the reference blade is the smoothest. However, In this optimization research, there is no direct correlation between the continuous and smooth thickness transition of spar cap and the quality of optimization results.
[image: Figure 10]FIGURE 10 | Comparison of optimization results with reference blade. (A) A larger view of the box in Figure 9A. (B) Comparison of thickness distribution of spar caps.
In the process of blade design, the requirement to reduce flap-wise deformations is often encountered. In addition to improving the flap-wise stiffness from the structure design itself, this can also be achieved by adjusting the shape and reducing the load. Figure 11 shows the effect of shape variation on PF. One way to change the shape is to scale the shape to the same scale as the chord length changes. As shown in Figure 11A, when the shape changes, the thickness and positioning of the layup remain unchanged, and only the thickness of the spar cap is taken as the optimization variable. PF obtained by optimization is shown in Figure 11B. When the blade mass is small, the influence is great, and with the increase of blade mass, the influence gradually decreases. The reference blade is used as the benchmark model, see Table 2 for specific data. This phenomenon is entirely explainable. It is well known that the moment of inertia of a beam section is proportional to the square of the distance. When the chord length increases, the absolute thickness of the section will be proportionally enlarged, so the stiffness of the section will naturally increase. Meanwhile, the expansion of the shape will increase the material consumption, and the smaller the initial mass, the larger the proportion of the increment of the same mass, resulting in upward PF rise. Conversely, a similar pattern occurs when the chord length decreases.
[image: Figure 11]FIGURE 11 | The effect of chord length variation on optimization results. (A) Diagram of a change in chord length. (B) The comparison of optimization results after the change of chord length.
TABLE 2 | The effect of chord length on stiffness under different masses.
[image: Table 2]The blade is divided into three regions on average: the root region, the middle region and the tip region, and the chord length of each region is increased independently. The effect of chord length on stiffness in different regions is shown in Figure 12. Figure 12A shows a comparison of PF in different situations. Based on the PF of the original shape, the result obtained after normalization of other PF is shown in Figure 12B. A positive ratio indicates a decrease in the efficiency of the structure.
[image: Figure 12]FIGURE 12 | The effect of chord length on stiffness in different regions. (A) The comparison of PF results after changing chord length in three regions. (B) The comparison of normalized results.
It can be seen from the figure that the chord length of the blade root region has the most obvious influence on the PF of the blade, which reduces the efficiency of the blade structure. Increasing the chord length in the middle region can slightly increase the efficiency of the entire structure. Tip chord length change has little effect on the efficiency of the structure.
The influence of load on PF is also discussed. The design limit load is expanded by 5%, 10% and 5% respectively, with 10% as the external input of the design. The optimization results are shown in the Figure 13A. The PF curves shown in the figure appear to be parallel to each other. The PF curve of the reference blade is taken as the benchmark for normalization, as shown in Figure 13B. The results show that the effect of load on PF is linear.
[image: Figure 13]FIGURE 13 | The effect of load on PF curves. (A) The comparison of PF results. (B) The comparison of normalized results.
In the analysis of aero-elastic response of wind turbines, blade frequency is an important design index in terms of aero-elastic stability and avoiding resonance. The 1st flap-wise frequency was calculated in the optimization process using the method in Section 2, and added into the displacement-mass coordinate system as the third axis. The results are shown in Figure 14D. In order to show the law of the result more clearly, the results were converted into the displacement-mass system, and the frequency values were displayed with color bar, as shown in Figure 14E. As can be seen from the figure, frequency is closely related to blade mass and stiffness, which can be expressed by the formula [image: image]. Only when the ratio of blade stiffness to mass is appropriate, the blade can embody the maximum natural frequency and this is consistent with the theoretical basis given in Section 2.2. However, it is worth pointing out that through the observation of the results in the optimization process, there is no such obvious relationship between the population in the optimization process except the PF curve and is shown in Figures 14A–C. Figure 14F shows the PF curve results in flap-wise frequency-mass system. As can be seen from the figure, individual blades are not unique in each frequency interval, which gives engineers more choices when selecting blades within a certain interval range according to different requirements.
[image: Figure 14]FIGURE 14 | Optimization process and PF results with flap-wise frequency. (A) The 1st-gen population. (B) The 7th gen population. (C) The 15th gen population. (D) The results displayed in the 3D coordinate system. (E) The PF results with flap-wise frequency. (F) The optimization results in frequency-mass coordinate system.
4 CONCLUSION
Blade structure design is a complicated process. To assist in obtaining optimal blade design, a novel methodology combined the improved NSGA-II with TWBT and CLT has been developed the IEA-15-240-RWT wind turbine and blade developed by NREL are taken as the reference model, the spar cap of the blade is taken as the research object. Through the Pareto Front obtained from the multi-objective optimization results with the minimum mass and maximum stiffness as the design objectives, the law of the quantity of variables, shape, load and natural frequency presented in the design is studied. The results can be summarized as follows from the study:
• The new methodology combined the improved NSGA-II with TWBT and CLT is effective for blade structure design;
• The parametric models of spar cap based on the production process have been successfully applied in this study. The concept is clear and intuitive, the use is easy, can be easily extended to other wind turbine blade components, such as trailing edge spar, blade root reinforcement layer, core, and so on.
• For the design of wind turbine blade spar cap structure, the quantity of optimization variables is not the more the better. In this study, structural optimization with 3-variable parametric model has higher convergence efficiency and can obtain relatively better Pareto Front. More variables would make the thickness transition smoother, but there is no direct correlation between the continuous and smooth thickness transition of spar cap and the quality of optimization results. In the process of blade design, design variables should be as few as possible according to specific requirements;
• The variation of chord length is non-linear to the result of optimization design. If nothing else is changed, reducing the chord length will result in lighter, stiffer brandishing blades and The effect of load on Pareto Front is linear;
• It is a very useful attempt to add natural frequency information into the optimization results with mass and stiffness as optimization objectives. It not only verifies the relationship between natural frequency of blades and mass and stiffness again, but also helps design engineers to find the desired blade as quickly as possible in numerous data.
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