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Abstract: 

The comparative assessment of recent Metaheuristics (MHs) optimization 

techniques was conducted within the context of low-speed wind turbine (LS-

WT) blade design, with a focus on simultaneously addressing aerodynamic and 

structural considerations. The study encompasses two LS-WT design problems: 

the first aims to minimize wind turbine (WT) mass, while the second employs a 

weighted sum technique to simultaneously minimize WT mass and maximize 

turbine power. A comparative study on the performance of several recent MHs 

on the LS-WT problems has been conducted. The optimal design of the WT in 

the second problem exhibits greater dimensions compared to the shape in the 

first problem. The WT mass in the second problem is approximately 21 percent 

higher than in the first problem, reflecting the higher power output achieved in 

the second problem is more than 5.7 percent compared to the first problem. 

Statistical analysis of fitness values revealed that L-SHADE exhibited superior 

performance in terms of both average fitness and standard deviation compared 

to other algorithms.  
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1. Introduction 

 

Optimization techniques have been instrumental in tackling real-world problems, spanning a wide array of 

complexities and challenging functions. In general, MHs are highly popular for solving optimization problems 

because they are based on randomization and gradient-based free. The advantages mentioned above also prevent the 

occurrence of local traps in the search domain and enhance the diversity of results in optimization processes. Hence, 

researchers are continuously developing new algorithms to effectively address and overcome a myriad of challenges 

posed by various problems. In engineering problems such as WT blade design [1-5], the variables encompass both 

the geometric shape and structural components, demonstrating interdependence. The optimal outcomes indicate that 

the WT blade has achieved the highest turbine power generation while simultaneously ensuring structural stability.  

 

In the domain of optimization processes, MHs are utilized to identify optimal design variables encapsulated within 

vectors. Subsequently, these design variables are evaluated to ascertain the objective function, the objective value, 

constraints, and optimal design variables were selected in the selection process. Then, the optimizer initiates the 

reproduction process by generating new values for the design variables randomly around the optimal solution, referred 

to as offspring. It is noteworthy that the strategy employed by each optimizer influences the generation of different 

offspring, thereby  impacting  the performance  of  each  algorithm. Indeed, several  classical  MHs, including  Genetic 
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Algorithm (GA) [6-9], Artificial Bee Colony Algorithm (ABC) [10], and Particle Swarm Optimizer (PSO) [11, 12] 

have been extensively studied. These algorithms encounter challenges across a diverse range of benchmark functions. 

However, in recent times, enhanced MH algorithms have emerged to address these challenges. Examples include 

Success-History based Adaptive Differential Evolution (SHADE) [13, 14], Success-History based Adaptive 

Differential Evolution with Linear population size reduction (L-SHADE) [15, 16], Chinese Pangolin Optimizer 

(CPO) [17], Electric Eel Foraging Optimization (EEFO) [18], Marine Predators Algorithm (MPA) [19] and, 

Quadratic Interpolation Optimization (QIO) [20]. These algorithms are tailored to address the intricacies presented 

by a wide array of benchmark functions. Moreover, the development of MHs can solve real-world problems, 

including the design WT blade. 

 

Typically, WT blade designs commence with conceptualization, wherein design variables such as twisted angle (β) 

[6, 21], chord length (c) [6, 21], and airfoil type [7, 22] are considered. The primary objective at this stage is to 

identify the optimum shape that yields the highest power output [6, 21-26], which studied in conceptual design phase. 

They are calculated the power by the Blade Element Momentum (BEM) method. Subsequently, during the 

preliminary design phase, structural considerations come into play, the objective is to minimize the WT blade mass 

[4, 27-30]. This involves determining the topology of the WT blade [4, 11, 30], as well as specifying parameters such 

as thickness, orientation, and the number of layers of carbon fiber in skins, spars, and ribs [27-29, 31, 32]. The 

structural design variables are meshed and evaluated in Finite Element Analysis (FEA) to identify the structural 

constraints. Parameters such as blade tip deflection (𝛿) [4, 31], Tsai-Hill failure criterion (TH) [28] and buckling 

factor (𝐵𝑓) [4, 29] are identified as key constraints in the optimization of WT blade structure. 

 

In the literature, the simultaneous design between aerodynamics and structure has limitation to study [30, 33, 34]. 

Furthermore, a majority of these investigations predominantly focus on medium wind speeds, typically around 15 

m/s. To address the notable gaps in the existing research, this study investigated the concurrent design of 

aerodynamics and structure for LS-WT blade. Additionally, the study aimed to identify the most effective recent MH 

algorithm for further enhancement. 

 

In this research, four recent single objective meta-heuristics (SOMH) algorithms, namely L-SHADE, EEFO, MPA, 

and QIO were evaluated, in the context of LS-WT design. This problem encompasses both aerodynamics and 

structural considerations simultaneously. There are 2 problem statements presented in LS-WT, which present the 

various of design configuration. First, the objective of the optimization is to minimize the mass of the wind turbine 

(WT) blade. Second, the objective is focused on mass and power by weighted sum technique. To ensure the feasibility 

of the design, constraints related to WT blade deflection, buckling factor, Tsai-Hill failure, and turbine power are 

incorporated into the optimization process. The problem definitions are shown in this research. Their contributions 

in this study are presented as follows: 

1) Simultaneous aerodynamics and structure design was evaluated by single-objective optimization, which 

includes 2 problem designs. 

2) The design of the WT blade is being rigorously examined under low-speed conditions, specifically at a wind 

speed of 5 m/s. 

3) Comparing and assessing the effectiveness of recent meta-heuristics is essential for their ongoing 

development. 

 

2. Methodology 

 

In general, WT blade design takes into account both aerodynamics and structural integrity. The aerodynamics affect 

the torque, while the structural integrity influences the strength of the WT structure. Therefore, an optimal design 

must consider both the WT power output and the blade mass.  

 

2.1 Aerodynamic analysis in Blade Element Momentum (BEM) 

 

For aerodynamic analysis, the BEM theory is a widely used method for analyzing the performance and aerodynamics 

of wind turbine blades [35-37]. It combines blade element theory as shown in Equation 1 and Equation 2, which 

divides the blade into several small sections (blade elements) and calculates the aerodynamic forces (lift and drag) 

acting on each section based on local flow conditions with momentum theory, which considers the conservation of 

linear and angular momentum in the airflow through the wind turbine rotor in Equation 3 and Equation 4.  
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𝐿 =  
1

2
𝜌𝑣2𝑐𝑙𝑐                                                                         (1) 

 

𝐷 =  
1

2
𝜌𝑣2𝑐𝑑𝑐                                                                         (2) 

 

Where 𝜌 is the air density, 𝑣 is the relative wind speed, 𝑐𝑙 and 𝑐𝑑 are lift and drag coefficients, and 𝑐 is the chord 

length. 

 

𝑇 =  𝑚̇(𝑣1 − 𝑣2)                                                                         (3) 

 

𝑃 =
𝑚̇

2
(𝑣1

2 − 𝑣2
2)                                                                          (4) 

 

where 𝑇 is thrust, 𝑃 is turbine power, 𝑚̇ is mass flow rate,  𝑣1  and 𝑣2  are upstream and downstream wind speed 

respectively. BEM theory integrates these local aerodynamic forces with the overall momentum changes in the 

airflow, using iterative calculations to ensure consistency between the blade element forces and the momentum 

changes. This approach provides insights into the performance characteristics of the wind turbine, such as power 

output, thrust, and efficiency as shown in Equation 5, making it essential for the design optimization of wind turbine 

blades.  

 

𝑃 = ∑(𝐿𝑖sin∅ − 𝐷𝑖cos∅)𝜏𝑖 𝜔                                                         (5) 

 

Where ∅ is the inflow angle, 𝜏𝑖 is the radial position of the element, and 𝜔 is the angular velocity. More details of the 

BEM algorithm can be found in the AeroDyn theory manual [38]. Despite its simplified assumptions, such as uniform 

inflow and steady-state conditions, the BEM theory offers a balance between computational efficiency and the level 

of details needed for practical wind turbine design and analysis, with corrections like tip loss factors and dynamic 

stall models often applied to enhance its accuracy.  

 

2.2 Structural Analysis  

 

2.2.1 Static Finite Element Analysis 

 

In this study, the quadratic shell elements were applied in FEA for calculating structural displacements, stresses, and 

buckling factors while the Tsai-Hill criterion is used for composite material failure prediction. The structural finite 

element analysis is based upon the principle of minimum potential energy. A linear displacement-based finite element 

approach is used. The structure is in an equilibrium state when its total potential energy is minimized leading to a 

system of linear equations.  

 

[𝑲]{𝒓} = {𝑭}                                                                                      (6) 

 

where [K] is a global stiffness matrix, {r} is a nodal displacement vector, and {F} is the vector of applied loads. 

When dealing with prespecified boundary conditions, the system of linear equations must be partitioned and solved 

as:   

 

[
𝑲𝑎𝑎 𝑲𝑎𝑏

𝑲𝑏𝑎 𝑲𝑏𝑏
] {

𝒓𝑎

𝒓𝑏
} = {

𝑭𝑎

𝑭𝑏
}                                                                        (7) 

 

𝒓𝑎 =  𝑲𝑎𝑎
−1(𝑭𝑎 − 𝒓𝑏)                                                                        (8) 

 

Here, 𝒓𝑎 is the vector of unknown nodal displacements, 𝒓𝑏is the vector of predefined displacements, 𝑭𝑎is the vector 

of known applied loads, and 𝑭𝑏is the vector of unknown reactions. Having solved for 𝒓𝑎, the stress recovery on 

element e is carried out by using the relation 

 

{𝝈𝑒} = [𝑫][𝑩]{𝒓𝑒}                                                                                      (9) 
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where {𝝈𝑒} is the vector of stresses at a point on shell element e, [𝑫] is an elasticity matrix, [𝑩] is a strain matrix, 

and {𝒓𝑒} is the vector of element nodal displacements.  

 

2.2.2 Tsai-Hill Failure Criterion 

 

Once the nodal stresses are calculated, the Tsai-Hill failure criterion (𝑇𝐻) is used to predict failure in composite 

materials under complex loading conditions. It extends the von Mises yield criterion to anisotropic materials, like 

fiber-reinforced composites [39, 40]. The formulation of the 𝑇𝐻  involves a combination of stress components 

expressed as follows: 

 

𝑇𝐻 = (
𝜎1

2

𝜎𝑎,1
2 ) + (

𝜎2
2

𝜎𝑎,2
2 ) + (

𝜏12
2

𝜏𝑎,12
2 ) − (

𝜎1𝜎2

𝜎𝑎,1
2 )                                                                    (10) 

 

where 𝜎1, 𝜎2, and 𝜏12 represent the longitudinal, transverse, and shear stresses occurring in the composite layers.  The 

variable of 𝜎𝑎,1, 𝜎𝑎,2, and 𝜏𝑎,12 are the corresponding allowable stress in those directions respectively. If the 𝑇𝐻 

inequality is satisfied (≤ 1), the material is considered safe under the applied stresses. If it exceeds 1, failure is 

predicted due to stress levels surpassing the material's capacity. This criterion is pivotal for evaluating and designing 

reliable composite structures. 

 

2.2.3 Buckling Analysis 

 

Buckling analysis here is bifurcation buckling used to predict structural instability subject to axial or in-plane 

loadings. When the structure is initially applied by external loads, a static finite element analysis [41, 42] is conducted 

while the applied stresses are obtained. The work done by the in-plane stresses due to bending of the shells is then 

calculated. Applying the minimum potential energy state leads to an eigenvalue problem. 

 
[𝑲 + 𝜆𝑮]𝒓 = 0                                                                                    (11) 

 

where 𝜆 is the eigenvalue that represents to the ratio of critical to applied loads, 𝑮 is the geometrical stiffness matrix 

due to prestress, and 𝒓 is a buckling eigenvector. Solving this eigenvalue problem provides the critical buckling load, 

corresponding to the smallest eigenvalue 𝜆, which is considered as one of the design constraints.  

 

2.3 Problem Definition 

 

The optimization of the LS-WT blade design problem was approached through single-objective optimization. The 

problem definition in this research is outlined as follows: 

 

2.3.1 Optimization of LS-WT Blade Design for Mass Minimization 

 

The first design problem is LS-WT blade constitutes a single objective and four constraints. The optimization problem 

is expressed through mathematical equations from Equation 12 - 16 as follows: 

 

Objective:  𝑓(𝑥) = 𝑚𝑖𝑛(𝑊𝑇𝑚𝑎𝑠𝑠);𝑥 = {
𝑥𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒

𝑥𝑠ℎ𝑎𝑝𝑒
} (12) 

 

Subject to:  𝑔1(𝑥)=
|𝛿𝑚𝑎𝑥|

𝛿𝑎
− 1 ≤ 0 (13) 

 

  𝑔2(𝑥)=1 − 𝐵𝑓𝑚𝑖𝑛 ≤ 0 (14) 

 

  𝑔3(𝑥)=𝑇𝐻𝑚𝑖𝑛 − 1 ≤ 0 (15) 

 

  𝑔4(𝑥)=𝑃𝑎 − 𝑃𝑊𝑇    ≤ 0 (16) 
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Where 𝛿𝑎 represents the allowable displacement of the WT blade, which is set to 0.05 m, equivalent to 5% of the 

blade span. The 𝑃𝑎 denotes the allowable WT power, must be higher than 90 kW. 

 

In this context, the variable 𝑥 represents an array containing the design variables, encompassing both the structural 

and aerodynamic parameters of the WT blade. The symbols 𝑊𝑇𝑚𝑎𝑠𝑠, 𝛿𝑚𝑎𝑥, 𝐵𝑓𝑚𝑖𝑛 , 𝑇𝐻𝑚𝑖𝑛, and 𝑃𝑊𝑇  denote the mass 

of the WT blade, maximum blade deflection, minimum buckling factors occurring in the WT blade, minimum Tsai-

Hill failure criteria, allowable WT power and the power generated by the WT, respectively. 

 

For the evaluation process, the shape design variables (𝑥41 to 𝑥48) are generated the distribution of chord and twist 

angle by Piecewise Cubic Hermite Interpolating Polynomial (PCHIP). The shape distribution is used to compute the 

𝑃𝑊𝑇  using BEM theory. In the fourth constraint 𝑔4(𝑥), the minimum WT power output must ≥ 90 kW at low wind 

speed (5 m/s). The BEM involves obtaining the aerodynamic loads in the horizontal (𝐹𝑥) and vertical (𝐹𝑧) directions. 

Subsequently, the structure (𝑥1  to 𝑥40) and shape design variables are integrated into a FEA model. The model 

consisted of 1,490 nodes and 1,836 elements, with shell elements utilized as the element type as displayed in Fig. 1a. 

The boundary conditions, comprising forces in the x-direction (𝐹𝑥), forces in the z-direction (𝐹𝑧) and fixed support, 

are illustrated in Fig. 1b. It should be noted that the forces 𝐹𝑥 and 𝐹𝑧 are derived from BEM and exhibit variations 

depending on the WT shape. Three constants, denoted as 𝑔1(𝑥), 𝑔2(𝑥), and 𝑔3(𝑥) , were evaluated using Finite 

Element Analysis (FEA) in NASTRAN software. Additionally, the 𝛿𝑎  is assigned as 5% of the blade span. Then, the 

results of function including 𝑓(𝑥), 𝑔1(𝑥), 𝑔2(𝑥), 𝑔3(𝑥), and 𝑔4(𝑥) are sent to algorithms. The algorithm selects the 

best solution from the LS-WT function, updates its strategies, and initiates reproduction again until termination 

criteria are met. 

 

2.3.2 Optimizing the Performance of LS-WT Blades for Minimizing Mass and Maximizing Power using the Weighted 

Sum Method. 

 

In the second design problem, both WT mass (𝑓𝑚𝑎𝑠𝑠) and WT power (𝑓𝑝𝑜𝑤𝑒𝑟) are considered as objective functions. 

The constraints are the same as the first problem except the WT power is instead assigned as the second objective of 

this problem. Both objectives are normalized before they are converted into a single objective with weighted sum 

technique [43-45]. The weight factors, decided by a designer, determine the tradeoff between objective functions. In 

this study, to simplify the LS-WT problem, the weight factors for 𝑓𝑚𝑎𝑠𝑠 and 𝑓𝑝𝑜𝑤𝑒𝑟  were set equally because this 

research considers both objectives equally important. The problem is then transformed into a single objective 

optimization problem as described in Equation 17-21. 

 

Objective:  𝑓(𝑥)  = 𝑤1(𝑓𝑚𝑎𝑠𝑠) + 𝑤2(𝑓𝑝𝑜𝑤𝑒𝑟);  𝑥 = {
𝑥𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒

𝑥𝑠ℎ𝑎𝑝𝑒
}  (17) 

 

 𝑓𝑚𝑎𝑠𝑠   = 𝑚𝑖𝑛(𝑊𝑇𝑚𝑎𝑠𝑠);  𝑓𝑝𝑜𝑤𝑒𝑟  = 𝑚𝑎𝑥(𝑊𝑇𝑝𝑜𝑤𝑒𝑟)  (18) 

 

Subject to: 𝑔1(𝑥) = 
|𝛿𝑚𝑎𝑥|

𝛿𝑎
− 1 ≤ 0  (19) 

 

 𝑔2(𝑥) = 1 − 𝐵𝑓𝑚𝑖𝑛 ≤ 0  (20) 

 

 𝑔3(𝑥) = 𝑇𝐻𝑚𝑖𝑛 − 1 ≤ 0  (21) 

 

where 𝑤1 and 𝑤2 represent the weights assigned to each objective. In this study, WT mass and power output are 

assigned the same level of influence on the fitness [43]. Therefore, the weights values of 𝑤1 and 𝑤2 are each set to 

0.5. 

 

There are 48 design variables depicted in Table 1, representing the thicknesses and orientations of the upper skin, 

lower skin, ribs, and spars. In the Table 1, 𝑁 is the maximum positive integer in spar thickness and 𝑁𝑖𝑛𝑐  is the 

increment value of spar thickness. The design variables, denoted as 𝑥𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 and 𝑥𝑠ℎ𝑎𝑝𝑒 are explained as follow: 

 

𝒙𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 = {𝑥1, 𝑥2, 𝑥3, … 𝑥40} 

𝒙𝑠ℎ𝑎𝑝𝑒 = {𝑥41, 𝑥42, 𝑥43, … 𝑥48} 
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All structures in the WT blade were constructed by carbon fiber as shown in Table 2. The shape design variables, 

including chord and twist distributions, are generated using control points, as illustrated in Fig. 2. There are four 

design variables serving as control points for chord distribution and four design variables for twist angle distribution 

along the blade span. The constraint design variables for chord and twist angle are presented in Table 1. The PCHIP 

technique was utilized to interpolate and define the shape of the WT through an interpolation curve. Subsequently, 

17 airfoils were substituted, and the chord length and twist angle of each blade section are adjusted according to the 

interpolation curve. This research begins by formulating design problems in LS-WT, considering both aerodynamics 

and structural integrity simultaneously. To simplify this problem, the characteristics of each airfoil were fixed in each 

section while the airfoil type on each blade section is fixed as shown in Table 3. 

 

  
(a) (b) 

 

Fig. 1. The FEA model (a) the components of WT blade and (b) FEA mesh, loadings, and fixed supports. 

 

Table 1: Design variables. 

Design Variables Values (Units) Descriptions 

𝑥1to 𝑥5 {0.1, 0.2, 0.3, …, 5} (m) Upper skin thickness Layer 1:5  

𝑥6to 𝑥10 {0, 45, 90, 135} (deg) Upper skin orientation Layer 1:5 

𝑥11to 𝑥15 {0.1, 0.2, 0.3, …, 5} (m) Lower skin thickness Layer 1:5  

𝑥16to 𝑥20 {0, 45, 90, 135} (deg) Lower skin orientation Layer 1:5 

𝑥21to 𝑥25 {1, 2, 3, …, 20} × 10−3 (m) Rib thickness Layer 1:5  

𝑥26to 𝑥30 {0, 45, 90, 135} (deg) Rib orientation Layer 1:5  

𝑥31to 𝑥35 

{1.5, 1.5 + 𝑁𝑖𝑛𝑐, 1.5 + 2𝑁𝑖𝑛𝑐 , …, 𝑁 }× 10−3(m) 

Where: 𝑁 = (𝑥44/1.5), and 𝑁𝑖𝑛𝑐 =
𝑁−1.5

20
 (m) 

Spar thickness Layer 1:5  

𝑥36to 𝑥40 {0, 45, 90, 135} (deg) Spar orientation Layer 1:5  

𝑥41to 𝑥44 

     0.3 ≥ 𝑥41 ≥ 0.7 (m) 

        2 ≥ 𝑥42 ≥ 6 (m) 

     0.6 ≥ 𝑥43 ≥ 1.5 (m) 

   0.09 ≥ 𝑥44 ≥  0.5 (m) 

Control points in the chord distribution  

𝑥45to 𝑥48 

         8 ≥ 𝑥45 ≥ 17 (deg) 

         2 ≥ 𝑥46 ≥6 (m) 

         4 ≥ 𝑥47 ≥ 12 (deg) 

−0.25 ≥ 𝑥48 ≥ 1(deg) 

Control points in the twist distribution 
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Table 2: Material properties 

Symbols  Descriptions Values (Units) 

𝐸11  Elastic modulus in x-direction 135 (GPa) 

𝐸22  Elastic modulus in y-direction 10 (GPa) 

𝐺12  Shear modulus in xy-direction 5 (GPa) 

𝐺13  Shear modulus in xz-direction 5 (GPa) 

𝐺23  Shear modulus in yz-direction 5 (GPa) 

𝑣 Poisson’s ratio 0.3 

𝜌  Material density 1,600 (kg/m3) 

𝜎𝑡(1,1)
𝑎  Allowable tensile stress in longitudinal direction 750 (MPa) 

𝜎𝑡(2,2)
𝑎  Allowable tensile stress in transverse direction 25 (MPa) 

𝜏𝑡(1,2)
𝑎   Allowable tensile shear stress 35 (MPa) 

𝜎𝑐(1,1)
𝑎   Allowable compressive stress in longitudinal direction 600 (MPa) 

𝜎𝑐(2,2)
𝑎   Allowable compressive stress in transverse direction 125 (MPa) 

𝜏𝑐(1,2)
𝑎   Allowable compressive shear stress 35 (MPa) 

𝑆𝑏𝑎   Allowable bonding stress 5 (MPa) 

 

Table 3: Type and position of airfoil. 

Airfoil 

sections 

Position 

from the 

root (m) 

Airfoil 

types 

Airfoil 

sections 

Position 

from the 

root (m) 

Airfoil 

types 

Airfoil 

sections 

Position 

from the 

root (m) 

Airfoil 

types 

1 0 Cylinder 7 3.66 NACA0015 13 7.46 NACA0015 

2 0.59 Cylinder 8 4.29 NACA0015 14 8.10 NACA0015 

3 1.17 Cylinder 9 4.93 NACA0015 15 8.73 NACA0015 

4 1.76 NACA0024 10 5.56 NACA0015 16 9.37 NACA0015 

5 2.39 NACA0018 11 6.20 NACA0015 17 10.00 NACA0015 

6 3.02 NACA0015 12 6.83 NACA0015    

 

  
(a) (b) 

 

Fig. 2. The distribution of control points in shape design variables (a) chord distribution and (b) twist angle 

distribution. 

 

During the optimization process, the algorithms generate initial parameters and design variables, which are 

subsequently evaluated using the LS-WT function, as illustrated in Fig. 3. There are two problems that were executed 

separately during function evaluation. In function evaluation, the 𝒙𝑠ℎ𝑎𝑝𝑒  represents the generated dimensions of the 

WT blade, which are used to calculate the WT power and aerodynamic forces using BEM. Mesh generation is then 

applied to the WT shape. Subsequently, the 𝒙𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 variables, representing WT thickness and orientation of skin, 

ribs, and spars, are generated. The aerodynamic forces are transferred to the FEA model, where the constraints and 

objective functions are evaluated as output variables. These variables are then responsive to the optimization process, 

which updates the fitness, selection, and adaptive parameters for the next evaluation until the termination criteria are 

met.  
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Fig. 3. The flowchart of MHs and LS-WT function 

 

3. Numerical Experiment 

 

In this study, four SOMHs, namely L-SHADE, EEFO, MPA, and QIO, were assessed for their performance in 

optimizing the LS-WT blade design function. The parameters for this optimization problem, including the maximum 

number of function evaluations (𝑓𝑒𝑚𝑎𝑥), the initial population size (𝑛𝑝), and number of runs (𝑛𝑟) were set to 10,000, 

100, and 10 respectively. The parameter configurations for each algorithm are outlined as follows: 

 

3.1. Improving the Search Performance of SHADE Using Linear Population Size Reduction (L-SHADE)  

 

This algorithm was improved from Success-History Based Parameter Adaptation for Differential Evolution (SHADE) 

[13, 14] and Differential Evolution (DE) [46], utilizing parameters such as the scaling factor (𝑆𝐹) and crossover 

constant (𝐶𝑅) from DE. The parameters including the external archive memory (A), number of minimum population 

(𝑁𝑃𝑚𝑖𝑛), linearly related reducing population (𝑁𝐴𝑔), percent of best individuals in the population (𝑝%) are 5,4, and 

14(𝑁𝑃𝑔) where 𝑁𝑃𝑔 is the number of current populations [15]. 

 

3.2. Electric Eel Foraging Optimization (EEFO)  

 

The algorithm parameters include several equations, referencing factors such as the energy factor (E), scale of resting 

area (𝐴𝑙𝑝ℎ𝑎), scale of hunting area (𝐵𝑒𝑡𝑎) and Curling factor (𝐸𝑡𝑎) [18]. 

 

3.3. Marine Predators Algorithm (MPA) 

 

The algorithm which used Eddy formation to update reproduction parameters. The parameters include Fish 

Aggregating Devices (FADs) and constant number in movement of prey (𝑃) are 0.2 and 0.5 respectively [19]. 
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3.4. Quadratic Interpolation Optimization (QIO)  

 

The algorithm approximates the minimum point using a quadratic interpolation polynomial. It involves schematic 

exploration and exploitation parameters represented by three undetermined coefficients: 𝐴𝑙𝑝ℎ𝑎, 𝐵𝑒𝑡𝑎, and 𝐷𝑒𝑙𝑡𝑎 

[20]. 

 

4. Results and Discussions 

 

In the results, two LS-WT problems with differing objectives and constraints are examined. The first problem seeks 

to minimize WT mass while ensuring that WT power remains above 90 kW. In contrast, the second problem employs 

a weighted sum technique to simultaneously optimize WT mass and WT power.  

 

To identify the performance of the SOMHs, statistical results are obtained in LS-WT design problems. The average 

real fitness and standard deviation from 10 runs are performed the measure performance of algorithms. The results 

are presented in Table 4. It should be noted that all algorithms were subjected to 10,000 function evaluations for both 

Problem 1 and Problem 2. The best algorithm was then determined based on the mean objective value at the 

conclusion of these evaluations. 

 

In the table, speed of algorithms is measured by mean fitness and Friedman’s ranks while consistency is indicated 

with worst fitness and standard deviation (std). The best fitness found by all algorithms are also included in the paper. 

From the results, L-SHADE is obviously the best algorithm since it obtained the best results of all statistical 

indicators. In speed aspect, the mean fitness and Friedman’s rank coincide in both problems. L-SHADE is obviously 

the best algorithm for both problems while SOMPA and SOEEFO are the runner-up and the third, respectively. For 

SOQIO, it is dominated in the first problem, but its mean fitness is on par with SOMPA in the second problem. L-

SHADE is also the most consistent algorithm considered the best standard deviation and worst fitness. SOEEFO and 

SOMPA performed with a close consistent performance in the first problem, but SOEEFO is slightly better in the 

second problem. SOQIO is the worst algorithm in this study. Overall, L-SHADE outperformed all competitors and 

regarded as a winner on these WT optimization problems. 

 

Table 4: Statistical results of real fitness 

Problem Statistics L-SHADE SOEEFO SOMPA SOQIO 

Problem no.1 

mean 192.5753 400.9392 353.235 468.269 

worst 213.1412 472.5427 414.7221 572.4131 

best 180.0153 352.2627 276.512 383.0829 

std 9.976825 35.19351 37.33781 67.15417 

rank 1 3.1 2.2 3.7 

Problem no.2 

mean 0.044786 0.056038 0.060272 0.060825 

worst 0.045485 0.059852 0.065739 0.067988 

best 0.043917 0.053935 0.055997 0.056054 

std 0.000645 0.001792 0.003071 0.003644 

rank 1 2.1 3.3 3.6 

mean F-rank 1 2.6 2.75 3.65 

 

In Table 5, the Wilcoxon signed-rank test is evaluated to ensure significant of different search performance. It is 

noteworthy that the output indicates significant evidence (p-value < 0.05) of a difference between the fitness. In the 

table, the best performer, L-SHADE is assigned as the reference algorithm. From the results, L-SHADE is 

significantly better than all other competitors in both problems. 

 

Table 5: Wilcoxon Rank sign rank test and ranking of algorithms for WT Problems no.1 and no.2 (5% significant) 

Problem L-SHADE SOEEFO SOMPA SOQIO 

Problem no.1 1 3 (+) 2 (+) 4 (+) 

Rank average 1 3 2 4 

Problem no.2 1 2 (+) 3 (+) 4 (+) 

Rank average 1 2 3 4 

+/-/= NA 2\0\0 2\0\0 2\0\0 
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The fitness history for all algorithms is presented in Fig. 4. In the first problem, initially, the fitness of SOMPA was 

better than that of the other algorithms until 1,000 function evaluations. However, beyond 2,000 function evaluations, 

L-SHADE performed with superior performance compared to the rest algorithms. It was observed that the final 

solutions obtained by L-SHADE exhibited significantly better fitness. At 4,000 function evaluations, the results of 

SOEEFO and SOMPA are approximately equivalent. By 8,000 function evaluations, both algorithms become trapped 

in local optima. For the second problem, SOMPA exhibits a similar trend as observed in the first problem, where it 

initially achieved the best fitness during the early evaluations. Subsequently, L-SHADE deviated from the others 

around 1,500 function evaluations and proceeded to outperform the rest of the algorithms. Notably, at 4,000 function 

evaluations, the fitness of SOEEFO is lower than that of SOMPA. However, all three algorithms SOEEFO, SOMPA, 

and SOQIO remain stuck in local optima, resulting in significantly worse final fitness compared to L-SHADE.  

 

  
(a) (b) 

 

Fig. 4. Convergence fitness (a) the convergence of problem no.1 and (b) the convergence of problem no.2. 

 

The findings from L-SHADE indicate that the optimal design shape in the first problem and the second problem is 

illustrated in Fig. 5. This outcome suggests a nuanced approach to design optimization; while the optimal design in 

the second problem focuses on enhancing WT power, the design in the first problem prioritizes minimizing WT mass 

within the specified power threshold. A noteworthy observation is that the optimal shape derived from the second 

problem tends to be larger, facilitating enhanced wind energy harnessing for efficient electricity production.  

 

 
 

Fig. 5. The optimal shape in the first and the second WT design problem. 

 

Fig. 6 presents the characteristics of 17 airfoil sections, showcasing the varying results in WT shapes. It's evident that 

the cylindrical airfoil shape in the first problem (Fig. 6a to Fig. 6c) exceeds that of the second problem. Specifically, 

from section 8 to section 17 (Fig. 6d to Fig. 6q), the airfoil of the second problem begins to exhibit a larger size 

compared to the first problem. Consequently, the difference in objectives has a significant effect on the aerodynamic 

shape of the WT blade. 

 

Furthermore, Table 6 provides the design variables, objectives, and constraints of the best solutions obtained by L-

SHADE. With power constraint in the first problem, the algorithm is sought for the smaller blade and lighter structure 

while avoiding constraint violation. This leads to lighter and smaller blade with power output very close to 90 kW as 

assigned in the constraint equation. In contrast, the optimal design from the second problem exhibits higher 

aerodynamic forces and power output, albeit at the expense of a heavier structure. This trade-off is reasonable, 
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considering that the second problem incorporates both WT mass and WT power output as objective functions, 

whereas only WT mass is considered in the first problem. 

 

   
(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

   
(j) (k) (l) 

   
(m) (n) (o) 

  

 

(p) (q)  

 

Fig. 6. Optimal design of airfoil in first and second problem (a) section 1, (b) section 2, (c) section 3, (d) section 4, 

(e) section 5, (f) section 6, (g) section 7, (h) section 8, (i) section 9, (j) section 10, (k) section 11, (l) section 12, (m) 

section 13, (n) section 14, (o) section 15, (p) section 16, (q) section 17.  
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Table 6: Real design variables from L-SHADE 

Problem 1 Problem 2 

Upper skins 

  Thickness   Orientation  Thickness  Orientation 

Layer 1 𝑥1 = 0.0040 (m) 𝑥6 = 45   (deg) 𝑥1 = 0.0015 (m) 𝑥6 = 0     (deg) 

Layer 2 𝑥2 = 0.0016 (m) 𝑥7 = 135 (deg) 𝑥2 = 0.0021 (m) 𝑥7 = 90   (deg) 

Layer 3 𝑥3 = 0.0049 (m) 𝑥8 = 135 (deg) 𝑥3 = 0.0046 (m) 𝑥8 = 0     (deg) 

Layer 4 𝑥4 = 0.0013 (m) 𝑥9 = 45   (deg) 𝑥4 = 0.0032 (m) 𝑥9 = 0     (deg) 

Layer 5 𝑥5 = 0.0005 (m) 𝑥10 = 135 (deg) 𝑥5 = 0.0027 (m) 𝑥10 = 90   (deg) 

Lower skins 

  Thickness  Orientation  Thickness  Orientation 

Layer 1 𝑥11 = 0.0008 (m) 𝑥16 = 90   (deg) 𝑥11 = 0.0019 (m) 𝑥16 = 90   (deg) 

Layer 2 𝑥12 = 0.0002 (m) 𝑥17 = 135 (deg) 𝑥12 = 0.0001 (m) 𝑥17 = 90   (deg) 

Layer 3 𝑥13 = 0.0009 (m) 𝑥18 = 45   (deg) 𝑥13 = 0.0007 (m) 𝑥18 = 45   (deg) 

Layer 4 𝑥14 = 0.0006 (m) 𝑥19 = 45   (deg) 𝑥14 = 0.0002 (m) 𝑥19 = 90   (deg) 

Layer 5 𝑥15 = 0.0003 (m) 𝑥20 = 135  (deg) 𝑥15 = 0.0012 (m) 𝑥20 = 135 (deg) 

Ribs 

  Thickness  Orientation  Thickness  Orientation 

Layer 1 𝑥21 = 0.001 (m) 𝑥26 = 90   (deg) 𝑥21 = 0.001 (m) 𝑥26 = 45   (deg) 

Layer 2 𝑥22 = 0.001 (m) 𝑥27 = 135 (deg) 𝑥22 = 0.002 (m) 𝑥27 = 135 (deg) 

Layer 3 𝑥23 = 0.001 (m) 𝑥28 = 45   (deg) 𝑥23 = 0.001 (m) 𝑥28 = 0     (deg) 

Layer 4 𝑥24 = 0.001 (m) 𝑥29 = 135 (deg) 𝑥24 = 0.001 (m) 𝑥29 = 90   (deg) 

Layer 5 𝑥25 = 0.002 (m) 𝑥30 = 45   (deg) 𝑥25 = 0.003 (m) 𝑥30 = 0     (deg) 

Spars 

  Thickness  Orientation  Thickness  Orientation 

Layer 1 𝑥31 = 0.0015 (m) 𝑥36 = 90   (deg) 𝑥31 = 0.0015 (m) 𝑥36 = 135 (deg) 

Layer 2 𝑥32 = 0.0015 (m) 𝑥37 = 90   (deg) 𝑥32 = 0.0015 (m) 𝑥37 = 90   (deg) 

Layer 3 𝑥33 = 0.0015 (m) 𝑥38 = 135 (deg) 𝑥33 = 0.0015 (m) 𝑥38 = 45   (deg) 

Layer 4 𝑥34 = 0.0015 (m) 𝑥39 = 90   (deg) 𝑥34 = 0.0015 (m) 𝑥39 = 90   (deg) 

Layer 5 𝑥35 = 0.0015 (m) 𝑥40 = 90   (deg) 𝑥35 = 0.0015 (m) 𝑥40 = 135 (deg) 

Chord distribution 

Control 

points 
𝑥41 = 0.6916 (m)  𝑥41 = 0.5633 (m) 

 

 𝑥42 = 4.0976 (m)  𝑥42 = 4.4815  (m)  

 𝑥43 = 1.4610  (m)  𝑥43 = 1.5366  (m)  

 𝑥44 = 0.1836  (m)  𝑥44 = 0.3222  (m)  

Twist distribution 

Control 

points 
𝑥45 = 12.8346  (deg) 

 
𝑥45 = 11.1778  (deg) 

 

 𝑥46 = 3.1618   (m)  𝑥46 = 3.0254   (m)  

 𝑥47 = 5.7585   (deg)  𝑥47 = 5.0024 (deg)  

 𝑥48 = -0.1809  (deg)  𝑥48 = -0.1929  (deg)  

Mass of wind turbine blade 

 180.0153 (kg) 233.8253 (kg) 

Power of wind turbine 

 90.0018 (kW) 95.1360 (kW) 

Constraints 

 𝑔1 = -0.0147   𝑔1 = -0.0286   

 𝑔2 = -0.0029   𝑔2 = -0.0072   

 𝑔3 = -0.0902   𝑔3 = -0.0024   

 𝑔4 = -1.8178       
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5. Conclusions 

 

In this study, the optimum designs of LS-WT in two different scenarios are obtained. The SOMHs illustrate the 

contrasting optimal solutions for different LS-WT problems, which have different objectives in problem definition. 

In the first problem, the mass of the WT is lower than in the second problem, aligning with the specified objective of 

minimizing mass. Conversely, the second problem prioritizes maximizing WT power and minimizing WT mass by 

weighted sum technique. This approach yields higher power output but results in a heavier design compared to the 

first problem. In the single-objective LS-WT problems, a comparative study of SOMHs was conducted over 10 runs, 

revealing that the L-SHADE algorithm emerged as the top performer. L-SHADE outperformed all competitors in 

both speed and consistency aspects. It is worth investigating the development of better variants of L-SHADE for 

solving WT optimization problems in future work. 
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