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ABSTRACT: The optimization of turbine blades is crucial in improving the efficiency of wind energy systems and
developing clean energy production models. This paper presented a novel approach to the structural design of small-
scale turbine blades using the Artificial Bee Colony (ABC) Algorithm based on the stochastic method to optimize both
mass and cost (objective functions). The study used computational fluid dynamics (CFD) and structural analysis to
consider the fluid-structure interaction. The optimization algorithm defined several variables: structural constraints,
the type of composite material, and the number of composite layers to form a mathematical model. The numerical
modeling was performed using the Ansys Fluent software and its Fluid-Structure Interaction (FSI) module. The ANSYS
Composite PrePost (ACP) advanced composite modeling method was utilized in the structural design of composite
materials. This study showed that the structurally optimized small-scale turbine blades provided a sustainable solution
with improved efficiency compared to traditional designs. Furthermore, using CFD, structural analysis, and material
characterization techniques first considered in this study highlights the importance of considering structural behavior
when optimizing turbine blade designs.
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1 Introduction
Nowadays, to reduce carbon emissions that are part of clean energy production, developing new

energy technologies is essential to provide solutions for meeting the increasing demand for renewable
energy worldwide [1]. Wind energy has increasingly attracted attention in recent years due to its numerous
advantages. In addition to being a clean and renewable resource, it significantly contributes to reducing
greenhouse gas emissions and mitigating the adverse effects of climate change [2,3]. Recent studies have
further highlighted its role in supporting sustainable energy transitions and reducing dependence on fossil
fuels [4,5]. Moreover, the declining cost of wind technology, particularly when integrated with advanced
control strategies and hybrid energy systems, has made it one of the most economically competitive
renewable resources [6–8]. With these attributes, wind energy continues to play a critical role in achieving
both environmental and economic objectives at global and regional scales.
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Thus, studies to increase the efficiency of wind turbines are essential. One of the most critical parameters
for turbine efficiency is blade structure; optimizing the blade’s structural design directly affects efficiency [9].
The structural design of the blade depends on many parameters, such as durability, stability, and vibra-
tion [10,11]. The material and production methods must be designed to give a turbine a good structural
performance under operating conditions [12]. Moment effects caused by loads such as wind force, blade
mass, and centrifugal force must have a structural form that meets the needs of well-developed materials and
scientific production technologies [13]. For this, the multi-objective optimization process is helpful for the
structural performance of the blade.

Composite materials are widely used in all areas due to their lightness, high durability, good corrosion
resistance, and multi-design options [14]. Composite turbine blades provide significant advantages in high
loading capacity and reliable structural performance. However, these blades also have disadvantages in terms
of high cost and complexity in structural analysis [13]. Generally, the structural optimization model of
composite wind turbine blades consists of two components. The first component consists of parameters such
as blade mass, blade cost, energy supplied from the blade, stress distributions, durability and deformation,
which enable the structural performance of the blade to be determined. The other component comprises
algorithm models in which the objective functions and constraints are determined [15]. In addition to
the traditional design approaches of the turbine blade structure, it is essential to present a different
design approach with composite materials and optimization algorithms. Thanks to optimization algorithms,
mathematical models, and optimization studies, it is possible to manufacture structures more efficiently [16].

Bechly and Clausen [17] conducted a preliminary study to optimize the material usage in a 2.5-m-long
fiberglass composite wind turbine blade. Their study involved creating a finite element model of the blade
using design data and panel code predictions, which were then analyzed through finite element simulations.
The results showed good agreement with static deflections, natural frequencies, and dynamic behavior under
aerodynamic loads. Different stacking arrangements were explored to minimize deflection and stress, with
the most effective approach involving element alignment and rotation as determined by blade element
theory. Negm and Maalawi [18] focused on optimizing the design of a typical wind turbine tower structure.
They considered the tower composed of uniform segments and identified key design variables as the cross-
sectional area, radius of gyration, and height of each segment. The nacelle/rotor assembly was treated as
a rigid, non-rotating mass atop the tower. The authors developed and tested five optimization strategies,
emphasizing reducing vibration levels by maximizing natural frequencies. Compared to a reference design,
their approach demonstrated significant improvements in overall system performance when applied to the
design of a 100-kW horizontal axis wind turbine (ERDA-NASA MOD-0). Zhu et al. [19] used a multi-
objective optimization method with a genetic algorithm for the structural design of a 1.5 MW horizontal-axis
wind turbine blade. Using carbon and glass fibres as composite materials minimized blade mass and cost.
In a similar study by Bagherpoor and Li [20], a MATLAB-based procedure was followed for the structural
optimization of a 2 MW horizontal-axis wind turbine. The blade mass was chosen as the objective function.
The composite material was used for the light and strong blade design. While optimizing the blade mass,
Tsai-Wu failure criteria were considered for composite material damage. As a result, structural analysis and
optimization tools were presented that could design composite layers and examine their effects on composite
blade properties. Lanting [21], on the other hand, designed a 1.2 MW horizontal axis wind turbine with
four different layer structures according to the theoretically calculated strain results. Glass fiber composite
laminate theory and the Finite Element Method (FEM) were used. The layer thicknesses in the skin and the
beam head were chosen as design parameters for 14 regions to optimize the blade mass. Unlike the previous
study, total deformation and stress were calculated considering the structural buckling and vibration criteria.
The numerical analysis showed that the designed blade structure was safe, and the stress and strain values
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were low. Wang et al. [15] used FEM and a genetic algorithm to develop composite blades for small-scale
wind turbines. They aimed to reduce the mass of the composite blade by specifying certain constraints as
criteria in the optimization model. The number of composite layers, the thickness of the shear supports,
and the position of the beam caps were chosen as optimization parameters. Using a 30-kW vertical-axis
wind turbine as a model, they reduced the mass of the blade by 17.4%. Liao et al. [22] developed a 1.2 MW
wind turbine with multiple criteria constraints, considering the blade layers and aimed to reduce blade mass
and cost. Since the beam caps form the main part of the blade, the thickness and position of the layers in
this part were determined as optimization parameters. They used the FAST software to reduce the time to
calculate the load case, which showed the maximum tip deflection in the initial design. In addition, they
used their own developed PSO algorithm, which was more efficient than the original one for the optimum
solution. As a result, they found that the developed model was efficient and could be the most suitable
design tool in engineering design. Albanesi et al. [23] worked on a new methodology that simultaneously
determines the optimum number of layers, their order, and their placement. A genetic algorithm and FEM
carried out this methodology. To reduce the mass, a medium-power 40-kW turbine was considered, and tip
deflection, maximum stress, natural frequencies, and the maximum number of consecutive identical floors
were assumed as constraints. Consequently, the mass was reduced by 15%. Fagan et al. [24] optimized a
13 m glass fiber epoxy wind turbine blade with a genetic algorithm and experimental tests. The study aimed
to reduce the use of materials and the cost of materials. With the new design, the turbine mass was reduced by
24%. Fagan et al. [25] carried out an optimum structural design in a glass fiber composite wind turbine using
a multi-objective genetic algorithm and FEM. Mass, the center of gravity, tip deflection, strain, and natural
frequency were determined by structural characteristics. Tip deflection compared to the original blade was
improved by 16%, and mass was reduced. Barnes and Morozov [26] optimized the internal structure of the
wind turbine blade using FEM and a genetic algorithm. In this context, the keel structure of the geometry,
the width of the keel, the position and number of shear supports, and the composite layer thickness in the
keel were taken into account. Mass was improved between 3.5% and 7.4% in various optimum designs.

This study focused on optimizing the structural design of a small-scale wind turbine blade using the
novel-based stochastic ABC algorithm. The Artificial Bee Colony (ABC) algorithm is a recently developed
population-based stochastic method that has demonstrated strong search capabilities across various opti-
mization problems [27]. The objective is to reduce the mass and cost of the blade while maintaining its
structural integrity. Two models were developed using glass fibre and carbon fibre as composite materials to
achieve this.

Glass fiber–reinforced polymer (GFRP) and carbon fiber–reinforced polymer (CFRP) were selected
as candidate materials in this study due to their widespread use in small-scale wind turbine blades. GFRP
provides an affordable option with acceptable strength and ease of manufacturing, making it particularly
valuable for low-budget, small-scale projects. In contrast, CFRP offers superior stiffness-to-weight ratios and
high structural reliability under aerodynamic loading, making it suitable for applications where deformation
limits are critical. The comparison of these two materials highlights the inherent trade-off between mass and
cost, which lies at the core of the optimization framework adopted in this study. Alternative fibers, such as
aramid or natural reinforcements, were excluded as their costs or mechanical limitations do not align with
the design objectives of the present work.

Numerical methods tested the optimization. In the computational fluid dynamics (CFD) analysis,
aerodynamic pressures and forces on the blade were calculated under an extreme wind load of 42 m/s,
which was determined based on wind data from the last 30 years in Pınarbaşı, Kayseri [28–32]. Rather
than simulating material failure beyond the design limits, this study emphasizes a wind turbine application
perspective that seeks to optimize the blade structure under realistic service conditions. Accordingly, the
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adopted approach establishes a balance between engineering practicality and computational feasibility.
The pressure distribution results over the blade in the CFD analysis were then transferred to the ANSYS
Static Structural Module for a complete structural response analysis via the fluid-structure interaction
(FSI) interface. ANSYS Composite PrePost (ACP) advanced composite modeling method was used for the
structural design of composite materials. In the structural analysis, the regional structural loads on the
composite blade were obtained based on these pressure distributions. The results showed that the optimized
blades performed better than their unoptimized counterparts. Applying numerical methods in the novel
approach optimization process with the ABC algorithm provided a comprehensive understanding of the
structural behavior of the blade under extreme wind loads. The combination of CFD and FSI analysis, as
well as the use of advanced composite modeling techniques, enhanced the accuracy and reliability of the
results. Furthermore, using CFD, structural analysis, and material characterization techniques highlights the
importance of considering structural behaviour in optimizing turbine blade designs.

2 Materials and Methods
In this study, various computational techniques were used for novel structural optimization. As

illustrated in Fig. 1, the ABC algorithm, FEM, CFD, and FSI methods, with the help of ANSYS, FLUENT, and
DELPHI software, were employed to perform numerical modeling. Moreover, the ACP module was utilized
in FEM analysis for advanced composite modeling.

Figure 1: Flow chart of the research process: methodology and optimization stages

2.1 Wind Turbine Blade Description
Table 1 presents the design parameters for a small-scale turbine considered. The turbine model had a

1 kW output power, 2.5 m rotor diameter, and a three-blade configuration. It operated within a wind speed
range of 2.5 to 25 m/s, with a maximum rotation speed of 490 revolutions per minute and a maximum
design wind speed of 42 m/s. These values were selected based on carefully considering the turbine’s desired
performance characteristics.

Table 1: Design parameters of a small-scale wind turbine: material, geometrical, and operational specifications

Parameter Parameter
Turbine type Against the wind Max. generator speed [rpm] 490

(Continued)
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Table 1 (continued)

Parameter Parameter
Number of blades 3 Turbine mass 34 kg

Rotor diameter [m] 2.5 Rated power [kW] 1
Rotor Sweeping Area [m2] 4.91 Tower height [m] 18

Turbine thrust 890 N Cut-in wind speed [m/s] 2.5
Maximum design speed [m/s] 42 Cut-out wind speed [m/s] 25

The present study used data from a previously aerodynamically optimized wind turbine blade
model [30–32]. This model employed the ABC algorithm and Blade Element Momentum (BEM) theory
to determine the optimal aerodynamic geometry of a 1 kW small-scale wind turbine blade, including the
optimal chord length, twist angle, and airfoil profile types in Table 2. The results of this optimization are
presented in Table 2, and a solid model is depicted in Fig. 2. Fig. 3 demonstrated that, at a tip speed ratio
of 6.4, the blade achieved a maximum power coefficient (Cp) of 0.486. The power curve analysis showed
that the turbine generated 1 kW at a wind speed of 9 m/s, reaching a maximum power output of 1.46 kW at
design conditions with a wind speed of 10 m/s. Beyond this maximum operating speed of 10 m/s, the power
generation remained constant, with steady power production up to the maximum operating speed of 25 m/s.

Table 2: Optimized blade geometry information

Station
number

Station
DIstance (m)

Chord length
(m)

Twist
angle (○)

Airfoil
type

1 0.153 0.220 21.50 S822
2 0.231 0.220 23.04 S822
3 0.309 0.208 17.29 S822
4 0.388 0.186 13.55 S822
5 0.466 0.161 10.76 S822
6 0.545 0.140 8.67 SD7062
7 0.623 0.118 8.10 SD7062
8 0.701 0.100 7.84 SD7062
9 0.780 0.090 6.78 SD7062
10 0.858 0.082 5.90 SD7062
11 0.936 0.075 4.50 SD7062
12 1.015 0.063 2.56 AQUILA
13 1.093 0.055 1.64 AQUILA
14 1.172 0.053 0.76 AQUILA
15 1.250 0.046 −0.26 AQUILA
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Figure 2: Solid model for turbine prototype

Figure 3: Power-velocity and Cp-tip speed ratio curve for turbine prototype

2.2 Optimization Process in the ABC Algorithm Based on the Stochastic Method
The ABC algorithm, introduced in Turkey in 2005 [33], is an evolutionary optimization technique that

incorporates stochastic search strategies by simulating the behavior of three types of bees with distinct roles.
Employed bees probabilistically explore food sources by exchanging information with neighboring locations,
ensuring a balance between local and global search. Onlooker bees evaluate the food quality shared by
employed bees and refine the selection process using probabilistic decision-making, reinforcing exploration
and exploitation. Meanwhile, scout bees introduce stochastic variability by randomly searching for new food
sources within predefined constraints, preventing premature convergence and ensuring a broader solution
space is explored. By integrating stochastic sampling in each phase, the ABC algorithm enhances robustness
and adaptability, making it particularly effective for optimization problems with uncertain or dynamic
parameters. The processes of the ABC algorithm in this study are as follows [34].

The process begins by generating initial food source regions, corresponding to design parameters such
as the type of composite material and the number of layers in this study. Worker bees then explore these
regions to minimize mass and cost while leveraging stochastic search strategies. Alternative solutions are
stochastically generated within predefined boundaries, and the population is updated by selecting those that
satisfy constraints and enhance overall efficiency. A stochastic selection mechanism follows, where randomly
assigned probability values guide the search toward optimal solutions by refining mass, cost, material
type, and layer count distributions. Scout bees introduce additional stochastic variability by randomly
selecting new regions and generating alternative design vectors, ensuring a diverse and adaptive exploration
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process. If solutions fail to improve within a defined number of cycles, they are stochastically discarded and
replaced with newly generated alternatives, maintaining search diversity. This iterative process continues
until the maximum number of cycles is reached, reinforcing the algorithm’s robustness in navigating complex
optimization landscapes [35].

The stochastic position generation process is implemented by sampling random values within each
parameter’s predefined upper and lower bounds. This stochastic sampling ensures a diverse exploration
of the solution space, preventing premature convergence and allowing the algorithm to adaptively refine
optimization results over multiple iterations (Eq. (1)):

xi j = xmin
j + rand (0, 1) (xmax

j − xmin
j ) (1)

Simultaneously, the counters tracking failed attempts to improve each resource in the initial phase
are reset.

The worker bee identifies a new food source near its current source and assesses its quality. If the latest
source is superior, it memorizes it. The process of finding a new resource near the existing one is described
by Eq. (2):

υi , j = xi , j +Φ i j[xi , j − xk , j] (2)

The created parameter vector signifies a new resource, and its quality is assessed, assigning a corre-
sponding fitness value [Eq. (3)]:

f iti {
1

1+ f i
i f fi ≥ 0

1 + abs ( fi) i f fi⟨0
} (3)

In this case, it represents the cost value of the source vi , which is the solution. A greedy selection process
is applied based on the nectar quantity between and vi , referring to the fitness values.

After completing their search, bees return to the hive and inform scout bees about the nectar amounts
of the resources. A region is then chosen based on nectar quantities using the roulette wheel method in the
basic ABC algorithm [Eq. (4)].

pi =
f iti

SN
∑
i=1

f iti

(4)

A new solution is generated using Eq. (4), evaluated, and subjected to greedy selection.
At the end of each cycle, failure counters are checked. If a resource’s counter exceeds a threshold, the

bee abandons the exhausted solution and searches for a new one as an explorer bee. The process of finding a
random solution begins (Eq. (1)). The ABC algorithm employs four different selection processes.

The ABC algorithm uses different selection processes, including a global Stochastic-based selection
(Eq. (4)) to find potential good resources, a regional probability-based selection using visual cues (Eq. (2))
like colour and shape to locate nectar sources, a greedy selection by worker and scout bees to identify better
resources, and random selection by explorer bees (Eq. (4)) [36].

The Artificial Bee Colony (ABC) algorithm excels in both global and regional solution searches by
integrating stochastic selection methods, ensuring a dynamic exploration-exploitation balance [37]. In
structural design problems with numerous variables, the stochastic sampling mechanisms embedded in the
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algorithm enable faster convergence to optimal solutions. Optimization studies with the ABC algorithm
have demonstrated its 100% classification sensitivity [34], significantly improved computational efficiency,
and reduced processor costs through adaptive stochastic updates [34,38]. Additionally, the ABC algorithm is
more accurate, robust, and computationally efficient than genetic algorithms and particle swarm optimiza-
tion, while its stochastic nature enhances resilience against noise and uncertainty (anti-noising) [39]. These
superior features of the ABC algorithm have been used in perfect harmony with CFD, FSI, and ACP methods
in this study, resulting in the development of an innovative approach to enhance the structural performance
of the turbine blade.

Wind energy is critical in the global shift toward sustainable energy production as a clean, renewable,
and sustainable energy source. With increasing demand for alternatives to fossil fuels and the challenges
posed by climate change and rising greenhouse gas emissions, wind energy has become more essential
than ever. However, traditional optimization methods used in wind turbine design often face limitations.
These methods, such as genetic algorithms and particle swarm optimization, struggle with high processor
costs, slower processing times, and insufficient consideration of the numerous parameters that impact
turbine performance. The ABC algorithm addresses these limitations by providing faster, more accurate, and
cost-effective solutions.
Assessment of ABC Algorithm: Validation and Performance

This study addresses a constrained optimization problem, and the ABC (Artificial Bee Colony) algo-
rithm was initially recommended for its superior performance in constrained optimization problems by
Karaboğa and Akay [40]. In their research, they evaluated the performance of the ABC algorithm using a
set of 13 benchmark problems. The results obtained from the ABC algorithm were compared with the results
of other methods available in the relevant literature, including Ordinal Priority Approach (OPA), Adaptive
Segregational Constraint Handling Algorithm (ASCHEA), Genetic Algorithm (GA), Differential Evolution
(DE), Particle Swarm Optimization (PSO), The Hindley-Milner (HM), The Super Resolution Algorithm
(SR), Incremental Static Regeneration Algorithm (ISR). The results demonstrated that ABC outperformed
the aforementioned algorithms. Additionally, within this context, a comparison between the ABC and
DE (Differential Evolution) algorithms was conducted, and performance and problem validation analyses
were performed.

Thirty runs were conducted to compare the Artificial Bee Colony (ABC) algorithm and the Differential
Evolution (DE) algorithm [31,40]. The performance of both algorithms was statistically tested, and the
maximum power coefficient and solution times were analyzed in these tests. In the sampling mechanism,
each simulation was repeated 30 times consecutively to test the consistency and accuracy of the algorithms.
The results showed that the ABC algorithm outperformed the DE algorithm regarding solution time
and performance.

The suitability of the ABC algorithm for our specific objective function was validated through extensive
performance comparisons with the widely used DE algorithm. As illustrated in Fig. 4, the findings indicate
that the ABC algorithm consistently achieved better results regarding maximum performance than the DE
algorithm. Solution time is a critical factor in practical applications, and in this respect, the ABC algorithm
provided a significantly faster solution time, 2.5 times more efficient than the DE algorithm. This substantial
advantage demonstrates the ABC algorithm’s high convergence rate and its intrinsic capacity to rapidly
explore the solution space, leveraging the search behavior inspired by the natural foraging patterns of bees.
Thus, the ABC algorithm has emerged as a prominent choice in structural optimization, excelling in speed
and performance.
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Figure 4: Performance metrics of ABC and DE algorithms across 30 runs [31]

Nevertheless, it should be noted that the applicability of these algorithms to other types of optimization
problems or more complex systems may be limited. Thus, while excelling in speed and performance in
this context, the ABC algorithm may require further validation for broader or more complex engineering
challenges. These findings underscore the ABC algorithm’s aptness for our optimization objective and its
pronounced advantages over the DE algorithm regarding overall performance and solution time, making it
a promising candidate for practical applications in structural optimization.

The compelling statistical data in Fig. 5 are robust evidence reinforcing the assertion of the ABC algo-
rithm’s superiority over the DE algorithm. Key statistical parameters, including mean, standard deviation,
median, minimum, and maximum values, consistently demonstrate the ABC algorithm’s dominance over its
DE counterpart. These statistical metrics signify the ABC algorithm’s capacity for producing more consistent
outcomes and underscore its ability to yield superior solutions compared to DE. This statistical analysis’s
findings substantiate and underscore the ABC algorithm’s distinct advantage over the DE algorithm,
particularly in turbine blade design. Furthermore, it emphasizes the significance of solution time as a pivotal
element within the optimization process. These observations contribute valuable insights into the ABC
algorithm’s practical applicability and performance attributes in engineering optimization scenarios.

Figure 5: Statistical comparison of ABC and DE over 30 runs [31]

2.3 Model of Structural Optimization
In the structural optimization phase, glass and carbon fibers were employed. Also, the turbine blade was

designed from only one lay-up configuration. The lay-up configuration is 0○. As demonstrated in Table 3 [41],
while carbon fiber exhibits lower density than glass fiber, it also carries a higher cost per unit mass.
Therefore, it becomes crucial to determine the optimal number of layers to balance the trade-off between



3358 Comput Model Eng Sci. 2025;145(3)

mass optimization and cost efficiency. This study endeavored to find the optimal solution for both mass
and cost.

Table 3: Characteristics of composite materials: glass fiber reinforced plastic (GFRP) and carbon fiber reinforced plastic
(CFRP)

Material (kg/m3) Cost ($/kg) Thickness (mm)
GFRP 2000 4.1 0.4
CFRP 1490 15 0.4

The costs presented in Table 3 were calculated using a reference from the study of Belfkira et al. [41].
In this study, the unit costs of materials such as glass fiber (GFRP) and carbon fiber (CFRP) were discussed
in detail. The relevant research determined the unit cost for glass fiber as 4.1 $/kg and for carbon fiber as
15 $/kg. Considering these values, the cost calculations of the materials used to produce wind turbine blades
were made.

The mechanical strength characteristics of the materials are reported in Table 4 [41]. Upon examination
of the data, it can be observed that carbon fiber exhibits superior strength properties compared to glass fiber.

Table 4: Mechanical properties for GFRP and CFRP

GFRP CFRP Unit
E1 45 121 GPa
E2 10 8.6 GPa
G12 5 4.7 GPa
V12 0.3 0.27 –
σ11 675 1082 MPa
σ22 120 100 MPa
ε11 0.015 0.0108 –
ε12 0.012 0.0192 -

2.4 Objective Functions, Variables and Constraints
In engineering optimization, the trade-off between mass and cost is not static but evolves relative

to structural performance limits. Therefore, this study emphasizes dynamic weight allocation within a
weighted-sum framework rather than adopting a Pareto-front visualization. Specifically, structural con-
straints such as maximum deformation, strain, and stress are regulatory factors for weight distribution.
When these constraints approach their allowable limits, the optimization process assigns greater weight to
mass reduction to preserve structural integrity. Conversely, when structural responses remain well below
their threshold values, the optimization shifts the weighting toward cost minimization, enhancing economic
feasibility. This dynamic adjustment reflects the realities of engineering applications, in which safety margins
and budget considerations must be balanced simultaneously, ensuring that the optimization framework
remains structurally robust and economically practical [42].



Comput Model Eng Sci. 2025;145(3) 3359

The objective function consisted of mass and cost equations. Equations are given.

– Mass objective function;

fw =min(w) (5)

w =
2
∑
i=1

ρi × Vi (6)

V =
2
∑
j=1

8
∑
i=1

Ai × x j
i × t (7)

– Cost objective function;

fc =min(c) (8)

c =
2
∑
i=1

Ci × Vi (9)

In the equations, “w” represents blade mass, ρ material density, V blade volume, C material cost,
xi number of layers, and t layer thickness.

– Variables
• Number of layers lower limit ≤ n ≤ Number of layers upper limit
• Composite material type

– Constraints

Endurance Criteria: The blade’s stress and strain limits should not exceed the allowable limits [13].

σ ≤ σmax ε ≤ εmax (10)

Rigidity Criteria: To avoid the risk of the blade and turbine being destroyed, the maximum tip
deflection must be less than the determined values [43]. In wind turbines, this value is generally requested
not to exceed 10% of the blade length.

d ≤ dmax (11)

In this study, the structural constraints were applied in accordance with the finite element (ANSYS)
design specifications, whereby the maximum tip deflection was limited to 10% of the blade length to ensure
operational safety. Stress and strain thresholds were defined based on the ultimate strengths and allowable
strains of the glass and carbon fiber laminates, as presented in Table 4. These thresholds, integrated into
the Tsai–Wu and Hashin failure criteria, ensured that the blade design remained within safe operational
limits under the site-specific maximum wind speed of 42 m/s. Although a full fatigue life analysis was not
conducted, the selected safety margins indirectly addressed durability considerations for small-scale wind
turbine operation [44,45].

Failure Criteria: Failures such as matrix cracks, fiber breaks, and delamination occur in laminated fiber-
reinforced composite structures when subjected to an external load. The structure’s load-bearing capacity
and life are reduced due to these failures. Analytical methods for understanding these losses are impractical.
To understand the damage, it is necessary to estimate the damage [46]. Tsai-Wu and Hashin failure criteria
are widely used in composite damage estimations [47,48].
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Tsai-Wu: Generally, the polynomial failure criterion Tsai derives for composite materials is tensor
polynomials [47,48]. All other criteria are derived from here. It is defined as an index as follows,

Fi σi + Fi jσi σ j ≥ 1 i , j = 1, 2, . . . 6 (12)

here, Fi and Fij define the strength tensor. If the statement is opened,

F1σ1 + F2σ2 + F3σ3 + F11σ1
2 + 2F12σ1σ2 + 2F13σ1σ3 + 2F23σ2σ3 + F11σ1

2 + F22σ2
2 + F33σ3

2 + F44σ4
2 + F55σ5

2

+ F66σ6
2 ≤ 1 (13)

F11 = 1
XT ∣XC ∣ , F22 = 1

YT ∣YC ∣ , F33 = 1
ZT ∣ZC ∣ , F1 = 1

XT
− 1

XC
, F2

1
YT
− 1

YC
, F3 = 1

ZT
− 1

ZC
, F4 = 1

R2 ,
F5 = 1

T2 , F6 = 1
T2 , F12 = − 1

2
√

XT XC YT YC
, F13 = − 1

2
√

XT XC ZT ZC
, F23 = − 1

2
√

YT YC ZT ZC

Fi = Fi j = 0
(14)

In the equations, σ1 , σ2, σ3 is normal, σ4, σ5, σ6 shear stresses, XT ,YT , ZT tension in 1, 2, 3 direction of
the lamina, Xc ,Yc , Zc in the 1, 2, 3 direction of the lamina, compressive strengths define the shear strengths
at 23, 13, and 12 planes in R, T, and S [47,48].

Hashin Criteria: It separates the damage into four modes and examines them separately according to
the tension and compression conditions [49,50]. In this way, it determines the failure separately whether the
fibre, the matrix or the separation of the layers caused the damage.

• Fiber breakage

σ1

Xt
≤ 1 (Tensile) (15)

− σ1

Xc
≤ 1 (Compressive) (16)

• Matrix crack

σ2 + σ3

R2 + (σ
2
4 + σ 2

5 + σ 2
6 − σ2σ3)

T2 ≤ 1 (Tensile) (17)

1
YC
[(YC

2T
)

2
− 1] (σ2 + σ3) +

(σ2 + σ3)2

4T2 +
(σ4

2 + σ5
2 + σ6

2 − σ2σ3)
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2.5 Numerical Modeling and Analysis
2.5.1 Composite Modeling with ANSYS Composite PrePost (ACP)

The ANSYS Composite PrepPost (ACP) Module enables the efficient design of intricate composite
configurations in wind turbine blades, including fiber direction and layer orientation. This capability was
demonstrated through the modeling stages presented in Fig. 6, which highlight the use of the ACP module
in designing a composite wind turbine blade in our previous studies [32]. By utilizing the ACP module,
researchers can optimize the composite structures for improved performance, which is crucial for advancing
wind turbine technology.

Figure 6: Composite material ACP modeling in ANSYS: simulation setup and analysis approach

2.5.2 FSI Analysis
The Finite Element Method (FEM) is widely used for analyzing structural behavior. In this study, ANSYS

Multiphysics FEM software was used, which is well-known for its ability to quickly model 3D geometries
such as wind turbine blades and perform structural analysis. The ANSYS FLUENT FSI module, a specialized
tool for performing fluid-structure Interaction simulations, is a sophisticated interface that facilitates the
integration of CFD and FEM analysis.
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The CFD analysis performed in ANSYS FLUENT calculates aerodynamic pressures and forces acting
on the wind turbine blade or heat transfer. The flow domain and mesh structures performed CFD analyses.
Independence from the mesh was achieved by determining the appropriate mesh structure. The study
employed the k-kL-w transition model, the most suitable model for low Reynolds number turbine blade flows.
The model did not examine the rotational effect. The turbine blade model considered finite span and tip
effects. Although this model did not believe in the rotational effect of the aerodynamic pressure along the
blade, the pressure distribution on the blade was not significantly changed by this effect, and the aerodynamic
pressure distribution over the blade was mainly dependent on the airfoil geometry [51].

For the CFD analysis, a uniform velocity inlet corresponding to the maximum design wind speed of
42 m/s, a pressure outlet at the downstream boundary, and no-slip wall conditions on the blade surface
were assigned to the computational domain. The aerodynamic loads derived from the CFD simulations
were transferred to the structural model using a one-way fluid–structure interaction (FSI) approach. This
setup enabled the evaluation of structural deformation, strain, and stress responses under realistic operating
conditions. The selected boundary conditions are consistent with those successfully applied in our previous
aerodynamic optimization study based on the ABC-BEM theory [31], thereby providing confidence in the
accuracy and reliability of the present model.

These results are then incorporated into the structural analysis performed in the ANSYS Static Structural
Module via the FSI interface. This allows for a comprehensive examination of the structural behavior of
the wind turbine blade under the influence of aerodynamic loading. There are two approaches to FSI
analysis: one-way and two-way. In the one-way approach, results from CFD analysis performed using ANSYS
FLUENT are transferred directly to the ANSYS Static Structural Module for FEM analysis. In contrast,
the two-way approach involves the constant exchange of solutions between the two solvers, resulting in an
integrated solution. It is important to note that FSI simulations are computationally demanding and require
high-speed solvers [52].
Computational Fluid Dynamics (CFD) Analysis

CFD analyses were conducted over a range of Reynolds (Re) numbers, specifically spanning 60,000,
within the defined flow domain and mesh structures. These crucial study components are visually depicted
below for enhanced clarity and understanding. A meticulous examination was conducted to establish its
independence in the overall analysis and ascertain the most appropriate mesh structure. This rigorous mesh
independence study is a fundamental step in ensuring the reliability and accuracy of CFD simulations. In
this study, the mesh was optimized using ANSYS FLUENT software, and it was observed that after reaching
600,000 nodes, the results no longer exhibited significant changes. This confirmed that mesh independence
had been achieved, indicating that increasing the number of nodes beyond this point had no substantial effect
on the results. Also, the mesh independence study, optimized with 600,000 nodes, ensured the solution’s
reliability; however, further refinement of the mesh or including more complex boundary layers could yield
slightly different results. While necessary for the computational feasibility of the model, these assumptions
should be considered when applying these results to real-world designs or further research.

On the other hand, solution tolerances are crucial for enhancing the accuracy and stability of the
analysis. The solution tolerances set for both FSI and CFD analyses contributed to improving the overall
precision of the results. In particular, one-way and two-way approaches were utilized in the FSI analyses,
ensuring that the structural and fluid dynamics were mutually integrated during the solution process. These
tolerances enabled the aerodynamic loads and structural response to be accurately modeled, leading to more
reliable outcomes in the simulation.
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During the determination of Re, a critical consideration was the variation in chord length along the
blade. Given that the chord length varies, it was necessary to account for this variable by utilising the average
chord length in Re number calculations. It is worth noting that the Re number of 60,000 corresponds to the
specific operating conditions of the turbine being studied, reflecting the actual working conditions under
investigation. The k-kL-w-transition model was chosen for the analysis to accurately model the fluid flow
around turbine blades. As supported by the reference [53], this model has been established as the most
suitable and reliable choice for turbine blade simulations. Fig. 7 visually represents the selected model’s
relevance to the study. The rotational effect was not considered in the model. The turbine blade model
incorporates a finite span and includes tip effects. Although the rotational influence on aerodynamic pressure
distribution along the blade span was not accounted for, this effect does not significantly alter the pressure
distribution on the blade. Instead, the aerodynamic pressure distribution is primarily governed by the
geometry of the blade profile [51].

The model employed in this study did not incorporate the rotational effects associated with the turbine
blade. It’s essential to acknowledge that the turbine blade model has a finite span and includes considerations
for tip effects. While the model neglects the rotational influence of aerodynamic pressure along the blade,
it’s noteworthy that this omission does not substantially alter the pressure distribution on the blade itself.
Instead, the primary determinant of the aerodynamic pressure distribution across the blade predominantly
hinges on the geometric characteristics of the airfoil, as corroborated by reference.

Furthermore, it’s crucial to emphasize that one of the pivotal factors influencing this decision was
the nature of the structural experimental tests. These tests were conducted in a two-dimensional setting,
wherein the complexities associated with rotational effects were not factored into the analytical framework.
Consequently, the absence of rotational impacts in both the model and the experimental tests was a deliberate
choice based on the specific research context and limitations.

3 Results and Discussion

3.1 Creating the ABC Algorithm for Structural Optimization
In this study, structural optimization was carried out by incorporating the necessary objective functions

and design constraints into the ABC algorithm. The analysis was performed using the Delphi software
(Fig. 8) since the ABC algorithm for constrained engineering problems was implemented in the Delphi
programming language [34,54–56]. The developed structural optimization model addressed a challenging,
constrained engineering problem, particularly in wind turbine blade design. Compared to traditional
optimization algorithms, such as genetic algorithms and particle swarm optimization, the ABC algorithm
has demonstrated superior capabilities in solving complex engineering problems, including the structural
optimization tackled in this study.

The ABC algorithm’s inherent flexibility, driven by its stochastic search mechanisms, allows it to
simultaneously handle multiple objectives and constraints, making it highly suitable for optimizing designs
under varying engineering conditions. This study enhances the integration of objective functions, such
as minimizing blade mass and maximizing energy efficiency, alongside design constraints like material
strength and deformation limits through stochastic sampling, ensuring diverse and adaptive solution
exploration. The stochastic nature of the algorithm enables dynamic adjustments in solution selection,
preventing premature convergence and improving overall optimization efficiency. Additionally, using the
Delphi software facilitated the efficient implementation of stochastic-driven decision-making within the
optimization process.
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Figure 7: Mesh models for CFD and FSI simulations: grid resolution and element types (a) 3D image, (b) 2D image [31]

Moreover, the ABC algorithm’s broad applicability across different engineering domains further
underscores its value. Its ability to balance computational efficiency with optimization accuracy has been
demonstrated in structural optimization and fluid dynamics, control system design, and other interdisci-
plinary fields. By leveraging the ABC algorithm’s high convergence rate and capacity to explore vast solution
spaces, this study highlights its potential for broader applications in various engineering challenges. These
qualities distinguish the ABC algorithm from other optimization techniques and emphasize its potential for
providing innovative solutions in complex engineering scenarios.
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Figure 8: Delphi optimization interface: workflow integration and parameter adjustment

Also, in engineering optimization, the trade-off between mass and cost is not static but evolves in
relation to structural performance limits. Therefore, rather than adopting a Pareto-front visualization, this
study emphasizes the use of dynamic weight allocation within a weighted-sum framework. Specifically,
structural constraints such as maximum deformation, strain, and stress serve as regulatory factors for weight
distribution. When these constraints approach their allowable limits, the optimization process assigns greater
weight to mass reduction in order to preserve structural integrity. Conversely, when structural responses
remain well below their threshold values, the optimization shifts the weighting toward cost minimization,
thereby enhancing economic feasibility. This dynamic adjustment reflects the realities of engineering
applications, in which safety margins and budget considerations must be balanced simultaneously, ensuring
that the optimization framework remains structurally robust and economically practical [42].

Table 5 presents the variables and constraints of the structural optimization model. The variables X1–X8
denote the number of glass fiber layers in 8 distinct regions of the blade, while the variables X9–X16 represent
the equivalent number of carbon fiber layers. These variables’ lower and upper bounds have been established
as outlined in the table. Furthermore, the specified tip deflection limit, material strength constraints, and
failure criteria are detailed in Table 5. It is worth noting that the established material strength limits have
undergone adjustments based on the applied safety factors.

Table 5: Variables and constraints for the optimization model

Parameter Lower limit Upper limit Unit
X1 1 15 –
X2 1 15 –
X3 1 15 –
X4 1 15 –
X5 1 15 –
X6 1 15 –
X7 1 15 –
X8 1 15 –
X9 1 15 –
X10 1 15 –
X11 1 15 –
X12 1 15 –
X13 1 15 –
X14 1 15 –

(Continued)
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Table 5 (continued)

Parameter Lower limit Upper limit Unit
X15 1 15 –
X16 1 15 –

Deformation 0 125 mm
Stressg 0 28.4 MPa
Straing 0 0.015 mm/mm
Stressc 0 45.5 MPa
Strains 0 0.0108 mm/mm
Failure 0 1 –

3.2 Structural Optimization Models
The results of the Structural Optimization study based on stochastic analysis presented two different

models. The first model optimized the number of layers and, therefore, the optimal mass of the blade for
each region, utilizing solely glass fiber composite material. In contrast, the second model optimized the
combination of carbon fiber and glass fiber composite materials in terms of their number of layers and
analyzed the changes in both mass and cost ratios compared to the first model. These differences will be
further examined in subsequent subsections.
Models

This section discusses the results of FSI analysis for two different models of wind turbine blades. FSI is
a powerful numerical technique used to simulate the behavior of structures under different conditions, such
as mechanical loads and fluid flow. FSI results were used to determine the optimal number of layers, blade
mass, blade cost, and strength for each model. The results showed that the strength values obtained for both
models do not exceed the constraints set by the designers. This suggests that the models are safe and reliable
for their intended application. It was common in engineering design to specify safety factors that ensured a
structure could withstand loads beyond those it was expected to encounter during operation.

The result of stochastic analysis also highlights the benefits of using different materials for wind turbine
blades in Tables 6 and 7. Model 1 uses glass fiber, while Model 2 combines glass and carbon fibers. In Model
1, which uses glass fiber, we observe a relatively small variation in the results for key parameters such as the
mass, with a standard deviation of 0.1414 for the first parameter (X1). These 95% confidence intervals are
pretty narrow, suggesting the model is relatively stable under the given assumptions. With a slight deviation,
the blade mass of 2.79 kg indicates a predictable and robust design in stochastic analysis. The performance
metrics, such as maximum deformation, maximum stress, and maximum strain, also exhibit low variability,
with failure criteria of 0.83 and maximum stress of 25.5 MPa. These results suggest that using glass fiber
provides a stable and reliable outcome regarding mechanical properties and overall performance, with a low
risk of failure under normal operating conditions.
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Table 6: Design results for Model 1

Model 1

Parameter Stochastic
result

Stochastic
mean

Stochastic Std.
deviation

95% Confidence
interval

X1 11 11.02 0.1414 10.98, 11.06
X2 14 14.02 0.1414 13.98, 14.06
X3 13 13.1 0.3030 13.02, 13.18
X4 11 11.0 0.0000 11.00, 11.00
X5 10 10.1 0.3642 9.99, 10.20
X6 9 9.14 0.4522 9.02, 9.27
X7 8 8.32 0.7126 8.12, 8.52
X8 7 7.36 0.7217 7.16, 7.56
X9 – – – –
X10 – – – –
X11 – – – –
X12 – – – –
X13 – – – –
X14 – – – –
X15 – – – –
X16 – – – –

Mass 2.79 kg – – –
Cost – – – –

Maximum
Deformation

(mm)
21.44 – – –

Maximum
Stress (MPa) 25.5 – – –

Maximum
Strain

(mm/mm)
0.0026 – – –

Failure Criteria 0.83 – – –

Table 7: Design results for Model 2

Model 2

Parameter Stochastic
result

Stochastic
mean

Stochastic Std.
deviation

95% Confidence
interval

X1 9 8.40 1.7637 7.79, 8.37
X2 9 8.28 0.8091 7.44, 7.72
X3 9 8.88 1.2237 7.04, 7.24
X4 8 8.10 0.7890 7.88, 8.32
X5 8 7.10 1.5551 7.34, 7.62

(Continued)



3368 Comput Model Eng Sci. 2025;145(3)

Table 7 (continued)

Model 2

Parameter Stochastic
result

Stochastic
mean

Stochastic Std.
deviation

95% Confidence
interval

X6 7 6.64 0.9697 6.44, 6.99
X7 5 5.62 1.2974 6.44, 7.00
X8 4 4.64 1.1294 7.88, 8.32
X9 2 2.22 1.2824 1.87, 2.58
X10 4 3.96 0.3370 3.82, 4.02
X11 3 2.66 0.8062 2.03, 2.21
X12 2 2.02 0.5292 1.85, 2.15.
X13 1 1.68 1.1314 1.28, 1.92
X14 1 1.14 0.8352 0.98,1.06
X15 2 1.86 0.8488 1.42, 1.70
X16 2 1.86 0.3666 2.22, 2.50

Mass
0.86

(dimension-
less)

– – –

Cost 1.49 (dimen-
sionless) – – –

Maximum
Deformation

(mm)
20.5 – – –

Maximum
Stress (MPa) 31.7 – – –

Maximum
Strain

(mm/mm)
0.0025 – – –

Failure Criteria 0.78 – – –

In contrast, Model 2, which combines glass and carbon fibers, shows more significant stochastic
variability. For example, the X1 parameter has a mean value of 8.40 with a more crucial standard deviation
of 1.7637. This indicates higher uncertainty in the design outcomes compared to Model 1. The blade mass
in Model 2 is reduced by 14% to 0.86 (dimensionless), but this comes with more significant variability in
the results. The standard deviation for many parameters in Model 2 is higher, and the 95% confidence
intervals are more expansive, reflecting the increased uncertainty. Despite the improvements in reduced
mass, including carbon fibre, it introduces more variability in the performance, as shown by the standard
deviations for parameters such as maximum stress (31.7 MPa) and maximum deformation (20.5 mm). This
highlights the trade-offs involved: while carbon fibre offers mass reduction, it brings more uncertainty and
potential performance variation.

The stochastic aspect in this comparison is key because it underscores the inherent trade-off between
reliability and performance optimization. In Model 1, the use of glass fiber leads to a more stable and
predictable design, which could be beneficial when certainty in performance is critical. On the other hand,
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Model 2, with its use of carbon fiber, achieves a lower blade mass but at the cost of increased uncertainty
in performance, as reflected in the wider confidence intervals and more extensive standard deviations for
various design parameters. Furthermore, the increased cost of carbon fiber results in a 49% rise in the price
of the blade, as highlighted by the cost parameter in Table 7, which remains dimensionless but suggests an
economic impact that must be weighed against the performance benefits.

Thus, while the stochastic analysis reveals that carbon fiber can provide performance benefits in mass
reduction, it also introduces more significant variability, which may impact the overall robustness and cost-
effectiveness of the blade design. The results from both models provide valuable insights for decision-makers
in wind turbine design, showing that the choice of material must balance the desired performance (such as
mass reduction) and the associated risks regarding reliability and cost. In practice, using stochastic methods
in design optimization allows engineers to make more informed choices by quantifying the uncertainties
and considering the full range of possible outcomes rather than relying solely on deterministic values. The
findings highlighted the importance of considering different factors in wind turbine blade design, such as
material properties, mass, and cost. Engineers must balance these factors to ensure the resulting blades are
practical and cost-efficient. By using numerical techniques such as FSI, designers can obtain valuable insights
into the behavior of structures and make informed decisions to optimize their design.

The ANSYS ACP module was used to create composite blade models for Model 1 and Model 2 based
on the optimal number of layers determined through optimization. In Model 1, the thickness varied from
5.6 mm at the root to 2.8 mm at the tip, while in Model 2, the thickness ranged from 5.2 mm at the root to
2.4 mm at the tip (Fig. 9). These variations in thickness may have significant implications for the structural
integrity and performance of the blades, as thicker sections may provide greater strength but add weight. In
comparison, thinner sections may be lighter but potentially more prone to failure under load. Therefore, it is
essential to carefully consider the implications of these thickness variations when evaluating the suitability
of the blade designs for their intended application.

Comparing the two models in Fig. 10, it was observed that the maximum tip deflection in Model 1
is slightly higher at 21.44 mm, with the maximum deformation occurring in the tip regions of the blade.
However, this value still falls within the design constraint. In contrast, Model 2 has a lower maximum tip
deflection of 20.5 mm within the design constraint. This suggests that Model 2 may be a better design option
for reducing tip deflection. This highlights the scientific interpretation that tip regions of the blade are more
vulnerable to deformation, underscoring the significance of minimizing tip deflection in blade design.

The maximum Von-Mises stresses for the two models are presented in Fig. 11. The Von-Mises stress is
a scalar value representing the equivalent stress at a point in the material that accounts for the combined
effects of all three-dimensional stress components. Therefore, it is a commonly used criterion to evaluate the
structural integrity of materials and components under complex loading conditions. Model 1 had a maximum
stress value of 25.5 MPa, and the root region over the suction and pressure surfaces along the blade length
experienced the highest stresses. On the other hand, Model 2 had a maximum stress value of 31.7 MPa, and
the highest stresses were found in the root region over the suction and pressure surfaces along the blade
length. This was not surprising, as this was a region of high-stress concentration due to the blade’s geometric
shape and loading conditions. These findings suggested that both models were subject to high stresses in
similar areas, with Model 2 experiencing slightly higher stresses than Model 1.
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Figure 9: Composite material thickness distribution for Model 1 and Model 2
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Figure 10: Maximum tip deflection for Model 1 and Model 2
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Figure 11: (Continued)
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Figure 11: Von-Mises stress distributions for Model 1 and Model 2 over (a) Pressure surface, (b) Suction Surface

Moreover, this section compares two models analyzed for their maximum strain rates and the locations
of maximum strains along the blade length, as shown in Fig. 12. Maximum strain refers to the amount
of deformation or elongation that a material experiences under stress, and it is a critical factor in deter-
mining the mechanical behavior of the blade. Two models were analyzed for their maximum strain rates
and locations of maximum strains along the blade length. Model 1 exhibited a maximum strain rate of
0.0026 mm/mm, with the highest strains occurring in the root region on both the suction and pressure
surfaces. Meanwhile, Model 2 had a lower maximum strain rate of 0.0025 mm/mm, with the highest strains
observed in the root region on both blade surfaces. Thus, the results suggested that Model 2 may be more
resistant to strain than Model 1.
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The last section considered a failure analysis conducted on composite materials and how it was used to
evaluate two different models of wind turbine blades. The study involved two different failure criteria, the
Tsai-Wu and Hashin criteria, which were used to predict potential composite damage. The requirements had
a maximum threshold value of 1, indicating that any values exceeding this threshold were considered critical
and could lead to failure.

Figure 12: (Continued)
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Figure 12: Maximum strain distributions for Model 1 and Model 2 over (a) Pressure surface, (b) Suction Surface

The results showed in Fig. 13 that the root region of both Model 1 and Model 2 was identified as an
important area, with the maximum values obtained being 0.83 and 0.78, respectively. These findings suggest
that the root region is more susceptible to damage, and hence, it is essential to optimize the design of wind
turbine blades to ensure they can withstand the expected loads.

One notable aspect of the analysis was the use of carbon fibre in Model 2, which was more durable than
the glass fiber used in Model 1. This led to a lower maximum failure criterion value, suggesting that different
materials could significantly impact the resulting failure criteria. Two other models were created to optimize
the design of the wind turbine blades, and their mass and cost were evaluated—Model 1, which employed
glass fiber, had an optimum blade mass of 2.79 kg. In contrast, Model 2, which utilized a combination of glass
and carbon fiber, resulted in a 14% reduction in mass and a 49% increase in blade cost compared to Model 1.
These results highlighted the trade-offs between using different materials and the associated costs.
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Figure 13: Failure analysis results of composite material for Model 1 and Model 2

Overall, the study provided insight into optimizing wind turbine blades using composite materials. The
findings demonstrated the importance of selecting the appropriate materials and optimizing the design to
ensure the blades could withstand the expected loads while minimizing costs.

4 Conclusions
This study demonstrated the effectiveness of the Artificial Bee Colony (ABC) algorithm in the aerody-

namic and structural optimization of small-scale wind turbine blades, incorporating stochastic analysis to
account for variability and uncertainty in design parameters. While genetic algorithms and finite element
methods are commonly used in the literature, the ABC algorithm, combined with stochastic methods,
delivered faster and more efficient results in terms of solution time and computational cost compared to these
methods. The inclusion of stochastic analysis enhanced the algorithm’s ability to evaluate and optimize design
parameters under uncertain conditions, improving the overall robustness and reliability of the optimization
process. With its probabilistic approach, particularly in large datasets and complex design parameters, the
ABC algorithm outperformed genetic algorithms by overcoming standard speed and computational expense
issues. The algorithm excelled in classification accuracy and convergence rate, successfully optimizing blade
mass and energy cost and maintaining reliability under uncertain conditions.
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Model 1 provides a stable and predictable design using glass fiber, offering a blade mass of 2.79 kg with
low deviations and good performance characteristics. Model 2, combining glass and carbon fibers, achieves
a lower mass (0.86) but introduces more significant uncertainty with wider confidence intervals and higher
standard deviations. The addition of carbon fiber creates more variability in performance, leading to more
significant deviations in parameters such as maximum stress and deflection despite the reduced blade mass.
Furthermore, the increased cost of carbon fiber results in a 49% rise in the price of the blade design. These
results highlight the importance of integrating stochastic analysis into the design process. While Model 1
offers reliable and stable outcomes, stochastic analysis reveals that this design is more robust and predictable.
On the other hand, Model 2’s potential for lower mass, despite the benefits of carbon fiber, brings more
uncertainty and cost increases. This underscores the need for engineers to consider not only performance
improvements but also the impact of cost increases and reliability when making design decisions. The
stochastic analysis allows engineers to better evaluate both models’ potential risks and advantages, enabling
more informed choices in wind turbine design.

It is well-known that most research in the literature focuses predominantly on large-scale wind turbines.
This study successfully applied methods typically used for large-scale turbines to small-scale wind turbines,
demonstrating that these approaches can also yield successful results in smaller systems. The advanced
algorithms and numerical methods used in this work have proven effective in the structural optimization of
small-scale turbine blades. However, further research on how these methods can be adapted to large-scale
turbines is fundamental.

Large-scale turbines dominate wind energy systems, where cost-effective design and structural durabil-
ity are crucial. While large turbines exhibit different aerodynamic and structural dynamics, the optimization
techniques developed in this study offer significant potential for adaptation to large-scale turbine blades,
thereby opening a broader field of application. Nevertheless, as the present work focused on small-scale
blades, its direct applicability to large-scale systems remains limited. The analyses were based on a one-
way FSI approach, excluding fully coupled aeroelastic and fatigue effects, and material properties were
assumed homogeneous without considering manufacturing or environmental variations. Future studies
should therefore extend the stochastic-ABC optimization framework to large-scale turbines by incorporating
two-way coupled FSI and long-term fatigue analyses to enhance its robustness, reliability, and real-world
applicability, ultimately contributing to more efficient and sustainable wind energy solutions.
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