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Wind energy plays a crucial role in the global transition toward sustainable power generation. To meet the growing demand for
renewable energy, optimizing wind farm design is essential for both maximizing energy output and minimizing costs. This paper
builds upon previous studies by refining and expanding several ideal wind turbine configurations, using them as the foundation
for a more comprehensive analysis and enhancement. While prior research has primarily focused on reducing the cost per kilowatt
(cost/kW) of power generated, this study takes a broader approach, aiming to optimize overall wind farm efficiency through the
strategic adjustment of turbine rotor diameters and hub heights. By implementing a particle swarm optimization (PSO) algorithm,
this work identifies the optimal arrangement of these turbine dimensions to achieve higher efficiency while simultaneously
reducing overall costs. The proposed methodology offers a flexible, scalable solution that can significantly enhance wind farm

performance, making it more adaptable to varying environmental conditions and economic constraints.

1. INTRODUCTION

The global energy sector is undergoing a rapid
transformation as countries strive to meet ambitious
renewable energy source (RES) targets and reduce
greenhouse gas emissions [1]. Within this context, wind
energy has emerged as one of the most mature and cost-
effective renewable technologies. However, achieving high
energy yield while maintaining economic viability remains a
major challenge, making wind farm design optimization a
critical research topic.

Wind farm performance is strongly influenced by turbine
placement and wake interactions. Wake effects caused by
upstream turbines reduce the wind speed available to downstream
turbines, leading to significant power losses and reduced overall
efficiency. As a result, a large body of research has focused on
wind farm layout optimization (WFLO), aiming to mitigate wake
losses while maximizing power output and minimizing
investment or operational costs. Early studies established
benchmark optimization frameworks using simplified wake
models and cost formulations, which remain widely used for
comparative analysis. More recent studies have extended WFLO
by incorporating additional physical and economic factors. For
instance, cost-oriented optimization approaches emphasize
minimizing metrics such as the cost of energy or the levelized cost
of energy by balancing turbine placement and investment
decisions [2]. Other works investigate the influence of
environmental and site-specific parameters, such as elevation
height, complex terrain, or offshore conditions, on wind farm
performance and economic indicators [3].

Among heuristic optimization techniques, particle swarm
optimization (PSO) has been extensively applied to wind
farm optimization problems due to its simplicity, fast
convergence, and robustness in large-scale, nonlinear search
spaces. Numerous PSO-based studies have focused primarily
on optimizing turbine layout under fixed turbine
characteristics. For example, the authors in [4] proposed a
PSO-based framework for determining optimal turbine
positions while considering wake effects, achieving

measurable improvements in total power output and
efficiency. Similarly, the authors in [5] applied PSO to
optimize wind farm layout while allowing discrete hub
height variations, demonstrating notable gains in both power
generation and cost reduction using the Jensen wake model
and the Mosetti cost formulation. Recent advances have
further enhanced PSO performance through hybridization
and algorithmic improvements. Reinforcement learning—
based PSO variants have been proposed to overcome
premature convergence and improve global exploration,
significantly outperforming conventional PSO in layout
optimization across multiple wind scenarios [6]. Hybrid
approaches combining PSO with artificial neural networks
(ANN) have also been developed to exploit historical data
and site-specific wind characteristics, yielding substantial
improvements in energy extraction efficiency [7]. In
addition, PSO has been integrated with genetic algorithms
(GA) and CFD-based wind resource assessment to address
WFLO in complex terrain [8].

Despite these advances, most PSO-based wind farm
optimization studies focus primarily on turbine placement
and, in some cases, hub height selection, while assuming
uniform rotor diameters across the wind farm. However,
turbine dimensions, particularly rotor diameter and hub
height, have a direct impact on aerodynamic performance,
wake recovery, and capital cost. Several recent works have
shown that optimizing hub height jointly with layout can
improve wind farm performance, especially when economic
factors are considered [9]. Other studies have explored
simultaneous optimization of turbine number, hub height,
and layout using evolutionary algorithms, demonstrating that
multi-parameter optimization yields superior efficiency
compared to optimizing individual factors independently
[10,11]. Nevertheless, the combined optimization of rotor
diameter and hub height within a PSO framework remains
relatively underexplored, particularly in the context of
heterogeneous turbine configurations within the same wind
farm. Most existing approaches either restrict turbine
dimensions to a small set of predefined options or focus on
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cost-driven turbine size selection without
analyzing wake-induced efficiency improvements.

In response to these gaps, this paper proposes a PSO-based
optimization framework that simultaneously optimizes rotor
diameters and hub heights while preserving a fixed wind farm
layout inspired by well-established benchmark configurations.
Unlike conventional PSO-based WFLO studies that assume
homogeneous turbine designs, the proposed approach allows for
spatially varying turbine dimensions, enabling a progressive
adaptation of turbine size along the prevailing wind direction.
This technique enhances wake mitigation, improves overall
wind farm efficiency, and reduces normalized investment cost
without increasing the total number of turbines.

The main contributions of this work can be summarized as
follows:

1. A PSO-based optimization framework that jointly
optimizes rotor diameter and hub height, extending beyond
layout-only or hub-height-only optimization approaches.

2. A refined cost estimation model that incorporates
turbine dimension variability, allowing a realistic assessment
of cost—performance trade-offs.

3. A comparative analysis with classical benchmark
layouts and recent PSO-based studies, demonstrating
measurable gains in efficiency and cost-effectiveness.

The remaining sections of this paper are organized as
follows: Section 2 presents the mathematical modeling of the
wind farm, including wake and cost formulations. Section 3
describes the PSO algorithm and its application to turbine
dimension optimization. Section 4 discusses the simulation
results and performance comparisons, and Section 5 concludes
the paper with final remarks and future research directions.

explicitly

2. MATHEMATICAL MODELING OF THE WIND
FARM

2.1 WIND FARM MODELING

One of the key objectives of wind turbine (WT) location
design is to reduce power loss caused by wake interferences
among turbines. For an accurate estimation of these losses, a
reliable wake model must be utilized. The Jensen model [6],
is among the most popular models in the literature. When
wind hits a turbine, it decelerates and becomes turbulent and
creates a wake, an area of decreased wind speed and
heightened turbulence, directly downwind of the turbine.
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Fig. 1 — Diagram of the “Jensen” wake model.

The wake effect travels downstream and moves sideways,
impacting the functioning of downstream turbines. The
“Jensen model”, as shown in Fig. 1, assumes the wake to
increase linearly with downstream distance from the WT and

the wind speed profile within the wake to be flat across its
cross-section. This is a simplification that makes it
computationally inexpensive and therefore suitable for
application to large-scale WFLO problems. In this paper, the
“Jensen model” is applied in the calculation of the wake
velocity deficits, as a basis for the determination of the
overall power production from the wind farm. Assuming that
the quantity of movement is preserved in the wake section,
wind speed can be given as:
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Here, vo represents the local wind speed that a turbine
experiences when there’s no intervention from any wakes.
The variable x indicates how far downstream the turbine is
located, while R, refers to the rotor radius of the WT that’s
upstream, and Ry points to the expanded rotor radius of the
wake at the downstream site. The hub height is symbolized
as H, while a is the entrainment constant, which helps define
how quickly the wake expands. The axial induction factor,
a, shows how much the wind speed falls due to energy being
extracted from the rotor. Additionally, Cr is the thrust
coefficient, which measures the force the wind applies on the
turbine rotor, and zo denotes the surface roughness of the
ground in the wind farm area. When a WT is influenced by
many upstream wakes, calculating the resulting wake
velocity is not as straightforward as just adding them up.
Instead, it is generally accepted that the total kinetic energy
deficit at the downstream turbine is equal to the sum of the
single energy deficits from each wake. Therefore, the
effective wind speed that the i-th turbine, situated
downstream of Nr turbines, experiences is determined by
adding up these energy losses accordingly as:

i 2
vi=v0[1— l—i)] %)
Vo

The variable v; denotes the wind speed experienced by the
i-th turbine due to the wake generated by the j-th upstream
turbine. In the linear wake model, we assume the wake
spreads in a conical shape as it travels downstream. The area
affected by this wake is defined by the wake influence radius,
which indicates how far the wake's impact reaches. This
radius is calculated using a specific formula that takes into
account the distance between the WTs and the wake decay
constant as:

R, =R, + ax 6)

Power output from the i-th wind turbine (WT), expressed
in kW, is given by [12]:

P, =05pmr?v} Cy/1000 (7)

where Pu.; denotes the electrical power produced by the i-th

wind turbine while accounting for wake effects, p is the air
density (kg/m?); (p = 1.225kg/m?), r is the rotor radius (m);
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vi is the wind speed at the turbine hub (m/s), and Cp is the
power coefficient. For commercial wind turbines, a typical
value of Cp = 0.4 is assumed.

By substituting the constant parameters, eq. (7) can be
simplified as:

Py = 030} @®)

The actual power output is regulated according to the
available wind speed at any given time and location. This
regulation ensures that the turbine does not operate beyond
its rated capacity or in unsuitable wind conditions, ensuring
both efficiency and safety. The regulation is defined by
specific expressions that take into account local wind
conditions and operational limits, as stipulated by as follows:

0 v; <3m/sand v; > 25m/s
0.3v} 3m/s <v; <12m/s
5184kW 12m/s <v; <25m/s

Pwt,i = (9)

The above process establishes the cut-in, cut-out, and rated
wind speeds, along with the associated output power for each
wind turbine (WT), as illustrated in Fig. 2 [13].
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Fig. 2 — Relationship between wind speed and output power for the WT.

2.2 COST ESTIMATION FORMULATION

The cost model presented in [4] considers only a single
variable, namely the total number of wind turbines installed
in the farm. It is expressed as:

(10)

where N denotes the total number of turbines in the wind farm.

This formulation provides a baseline cost estimate but does
not account for variations in turbine design parameters such as
rotor diameter or hub height. In a conventional wind turbine, the
blades and tower represent approximately 17.7% and 21.9% of
the turbine cost, respectively [14]. Moreover, the turbine itself
typically accounts for about 75% of the total wind farm
installation cost [15]. Variations in rotor radius and hub height,
therefore, have a non-negligible impact on the overall
investment cost. In particular, a 1% change in rotor radius
(within +10% of a reference radius of 20 m) leads to an
estimated 3% variation in blade cost [16], while hub cost scales
approximately linearly with hub height [17].

To incorporate these design-dependent effects, the baseline
cost model is extended by introducing weighted correction
terms associated with rotor diameter and hub height variations.
The resulting refined cost formulation is given by [18]:

_ 2,1 -000174N2
Costpese = NG +3€ ),

Cost = Costygse |1+ 312, 0.0039825x,N; +

2372, 0.0016425x,N | (1)
where:

o Costpase 15 the baseline cost calculated from eq. (10);

e x; represents the percentage variation in rotor radius of
the i-th turbine variant relative to the reference radius
Rpase =20 m;

e x; represents the percentage variation in hub height of the
j-th turbine variant relative to the reference height
Hpase=60 m;

e y; and vz represent the number of distinct rotor radius and
hub height variants, respectively;

e N; and N; are the number of turbines associated with each
respective variant.

The numerical coefficients in eq. (11) are obtained through

sensitivity analysis and reflect the relative contribution of
turbine components to the total wind farm cost.

3. PSO FORMULATION AND APPLICATION

This section discusses the PSO principle and its application
in the wind farm.

3.1 PARTICLE SWARM OPTIMIZATION (PSO)
DESCRIPTION

PSO is an evolutionary computation method inspired by the
collective behavior of social organisms. This technique relies on
how individual agents make decisions based on two key sources
of information. The first is personal experience, each agent
evaluates the choices it has previously made, identifying which
option has yielded the most favorable outcome and how
beneficial it was. The second source of information comes from
the experiences of neighboring agents. That is, each agent
observes and learns from the performance of others, recognizing
which choices have led to optimal results within the swarm and
how effective those solutions have been.

Figure 3 shows how a particle in the enhanced PSO algorithm
updates its position. The new velocity is computed by merging
three components: inertia, memory of the particle’s own best
position, and cooperation with the global best position found by
the intelligence swarm. The particle travels from its actual
position to a new position, directed by the present updated
velocity. This mechanism can help balance survey and

convergence in the optimization course [19].
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Fig. 3 — Enhanced PSO velocity and position update mechanism.

The particles are controlled according to the following
equations:

vt =whof +op.r. (PF—xP) + ¢y (BE —xf), (12)
(13)

Here, 7 ranges from 1 to N, where N denotes the total

xft = xf + it
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number of individuals in the population. The parameter
represents the inertia weight, which is determined by the
following expression:

t

w; Wi
w max mm) t.

tmax

= Wnax — ( (14)
3.2 PSO APPLICATION TO WINDFARM
CONFIGURATION

For practical implementation, it is neither feasible nor
efficient to assign a unique combination of rotor diameter and
hub height to every individual turbine in the wind farm. In
this study, the evaluated layouts consist of 30 and 26 turbines,
respectively, arranged within a 2 km x 2 km wind farm area
divided into multiple 200 m x 200 m grid cells. Rather than
defining a distinct size for each turbine, three discrete values
for rotor diameter and hub height are randomly selected
within specified parameter ranges. These values are then
systematically and evenly distributed across all turbines in the
farm. The rotor diameter is varied between 34 m and 44 m,
while the hub height spans from 54 m to 62 m, as input to the
PSO algorithm. To simplify computations, the algorithm's
selected parameter values are rounded before evaluating the
objective function.

Figure 4 illustrates the flowchart of the PSO algorithm,
which is employed to determine the optimal WT
configuration and dimensions, maximize power output, and

minimize associated costs.

Input Configuration:
Define essential parameters for the wind farm (square-shaped farm|
and WT positions).

Objective Function Calculation:
Evaluate the objective function to maximize total wind power output.
+
Iteration Setup:
- Set the initial iteration count to { (fzer=0).
- Initialize PSO parameters.
T
v
Parameter Calculation:
- Perform calculations to determine the output parameters based on|
the turbine layout.

Comparison of Objective Functions:
- Compare the newly calculated objective function with the previous one.
- Update the Pe.. if an improvement in efficiency or power is found.

Is the objective =Jtor+
P Tter=Iter+1

Yes

Wake Effect Modeling:
Model the wake effects using a simplified Jensen model.

No

Iteration Limit Check:
Jter = lterme

Tter=Iter+1

[Output the Optimal Configuration of the WTs. |

Fig. 4 — Flowchart of the PSO used for optimizing WT configuration.

The power output from each turbine, accounting for wake
effects, is computed using eq. (1)-(6). The wind farm’s
efficiency is defined as:

N
Zi=1 Pwt,i

N .
Yi=1Pwtmax

n= (15)

Under this framework, Awimax represents, assuming no
reduction from wake-induced flow deficits, the theoretical
peak power output of turbine Z

4. RESULTS AND DISCUSSION

This section presents and discusses the results obtained for
two WFLO cases: Case 1, with constant wind speed and
constant wind direction, and Case 2, with constant wind speed
and variable wind direction. The analysis focuses on wake
interactions, power production, efficiency, and economic
performance. The wind farm area is discretized into 100
potential turbine locations (cells of 200 m x 200 m). For all
simulations, the PSO parameters are selected to ensure fast
convergence: inertia weight w=0.5, acceleration coefficients
c1=c>=2.5, and a maximum of 100 iterations. The random
coefficients 1 and 2 are uniformly distributed in [0, 1].

4.1 CASE 1: CONSTANT WIND SPEED AND
CONSTANT DIRECTION

In Case 1, the WFLO problem is solved for a constant wind
speed of 12 m/s with a fixed wind direction from the north (0°).
The optimized layout obtained using the proposed PSO-based
approach is compared with the results reported in [20], [21], and
[4]. All inter-turbine spacing satisfies the rule-of-thumb
constraints, ensuring sufficient downstream separation. As a
result, direct wake overlap between adjacent turbines is limited,
and wake-induced velocity deficits are significantly reduced.
This spatial configuration improves the aerodynamic operating
conditions of downstream turbines and enhances overall power
extraction. Figures 5 and 6 illustrate the optimized configuration
for Case 1, highlighting the spatial distribution of rotor
diameters and hub heights, respectively. The wind direction
indicator is essential for interpreting the progressive variation in
turbine dimensions along the wind direction. Larger turbines are
preferentially placed in upstream positions, where wind
conditions are least disturbed, while smaller turbines are
allocated downstream to mitigate wake effects.
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Fig. 5 — Layout indicating optimized rotor diameters for Case 1.
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Table 1 summarizes the performance comparison. With the
same number of turbines (30), the proposed method achieves
a total power output of 14813 kW and an efficiency of
96.28%, outperforming [20] and [21] in both power output
and cost per kilowatt (cost’/kW). Although [4] reports higher
total power and efficiency, this improvement is achieved by
increasing the number of turbines to 32, which directly
enhances energy capture but also alters the optimization
problem. When normalized by turbine count, the proposed
approach demonstrates competitive efficiency while
maintaining a lower system complexity and comparable cost
performance. Overall, the results indicate that the proposed
method provides a balanced trade-off between power
generation and economic efficiency without increasing the
number of turbines, highlighting the benefit of dimensional
optimization over simple capacity expansion.

As wind direction variability increases, the WFLO problem
becomes more complex due to changing wake interactions.
While the proposed algorithm converges rapidly for individual
wind directions, additional iterations are required to obtain
stable solutions when multiple wind directions are considered
simultaneously. Nevertheless, the final optimized layouts
consistently yield improved power output and reduced objective
function values. Figures 7 and 8 present the optimized rotor
diameters and hub heights for Case 2. Compared to Case 1, the
dimensional variations are less directional, reflecting the need
to accommodate wakes arising from multiple wind directions
rather than a single dominant flow.

Table 2 compares the proposed method with [4,22] and
[11]. With 26 turbines, the proposed approach achieves the
highest total power output (12990 kW) among methods using
the same turbine count and the lowest reported cost/kW.

Table 1 Table 2
Performance comparison for Case 1 Performance comparison for Case 2
Metric | [20] [21] [4] Proposed Metric | [22] [4] [11] Proposed
No. of turbines, N | 30 30 32" 30 No. of turbines, N | 26 19° 207 26
Total power (kW) | 14785 14667 16326.59" 14813 Total power (kW) | 12980 974130  10190" 12990
Fitness (x107°) | 1.4940  1.5413  1.4000" 1.4536 Fitness (x107°) | NR 1.6400 1.6346  1.5464
Efficiency (%) | 95.07 NR 98.42" 96.28 Efficiency (%) | NR 98.90" 97.27 97.45

NR: Not reported
* The number of wind turbines is increased/decreased

4.2 CASE 2: CONSTANT WIND SPEED AND
VARIABLE WIND DIRECTION

Case 2 represents a more realistic operating scenario in which
a constant mean wind speed of 12 m/s is combined with wind
directions uniformly distributed over the four cardinal directions
(0°,90°, 180°, and 270°). All turbines are assumed to yaw freely
to align with the prevailing wind direction.
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Fig. 7 — Layout indicating optimized rotor diameters for Case 2.
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Fig. 8 — Layout indicating optimized hub heights for Case 2.

NR: Not reported
* The number of wind turbines is increased/decreased

Although [4] and [11] report high efficiencies, these results
are obtained with fewer turbines (19 and 20, respectively),
leading to substantially lower total power generation. The
proposed method, therefore, offers superior energy yield while
preserving competitive efficiency and economic performance.

4.3 DISCUSSION AND INTERPRETATION OF
RESULTS

Across both cases, the optimized layouts follow a clear physical
rationale. In Case 1, turbines located in the upstream row employ
larger rotor diameters (=44 m) and higher hubs (=62 m) to
maximize exposure to undisturbed wind. Downstream rows
progressively adopt smaller rotors and lower hub heights to
compensate for reduced wind speed and increased turbulence.
This gradual scaling reflects a deliberate balance between wake
mitigation and aerodynamic efficiency. The results in Tables 1
and 2 demonstrate that simultaneous optimization of rotor
diameter and hub height significantly improves wind farm
efficiency compared with uniform-turbine configurations used in
previous studies. Unlike earlier works assuming identical turbines
(e.g., fixed 20 m rotor radius and 60 m hub height), the proposed
approach tailors each turbine to its local flow conditions while
keeping the total number of turbines unchanged. Importantly, the
method avoids systematic oversizing of turbines. Only upstream
turbines are equipped with larger dimensions, while downstream
units adopt smaller, cost-effective configurations. This technique
enhances power output while limiting unnecessary capital
expenditure. Due to the stochastic nature of PSO, the obtained
configurations are not unique. Multiple solutions with
comparable performance can be achieved, offering flexibility to
adapt layouts to site-specific constraints or economic
considerations. Using the enhanced cost formulation in eq. (11),
the resulting costkW ratios confirm that dimensional
optimization leads to superior economic performance.

The efficiency trends illustrated in Figs. 9 and 10 further
confirm consistent gains over reference studies, emphasizing
the role of variable turbine dimensions in reducing wake
losses and improving land-use efficiency.
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The proposed method outperforms existing approaches
when the turbine count is fixed and remains competitive even
when compared against studies that increase the number of
turbines. The results confirm that dimensional optimization is
an effective alternative to turbine proliferation, yielding
measurable gains in efficiency and cost-effectiveness while
preserving practical feasibility.

5. CONCLUSIONS

This paper highlights the benefits of optimizing hub heights and
rotor diameters in a staggered configuration to improve the
efficiency and reduce costs of wind farms, particularly in areas
with stable wind conditions. By employing PSO, we have
demonstrated that optimizing WT dimensions can lead to
enhanced performance. However, the actual impact of these
adjustments in more dynamic and complicated situations, such
as real-world wind conditions, where wind speed and direction
vary simultaneously, remains an area for future exploration.
Further research is needed to refine turbine configurations under
such variable conditions and to evaluate the long-term benefits
of these optimizations across different environmental contexts.
Additionally, incorporating other factors such as turbine type and
environmental constraints into the optimization process could
provide even more robust solutions for future wind farm designs.
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