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Abstract 

An optimal topographical arrangement of Wind Turbines (WTs) is essential for increasing the total 

power production of a Wind Farm (WF). This work introduces PSO-GA, a newly formulated 

algorithm based on the hybrid of Particle Swarm Optimization (PSO) and the Genetic Algorithm 

(GA) method, to provide the best possible and reliable WF Layout (WFL) for enhanced output power. 

Because GA improves on PSO-found solutions while PSO investigates several regions, PSO-GA can 

effectively handle issues with multiple local optima. In the first phase of the framework, PSO 

improves the original variables; in the second phase, variables are changed for improved fitness. The 

goal function takes into account both the power production of the WF and the total cost of WTs while 

analyzing wake upshot using the Jenson-Wake model. To evaluate the robustness of this strategy, 

three case studies are analyzed. The algorithm identifies the best possible position of turbines and 

strictly complies with industry-standard separation distances to prevent extreme wake interference. 

The comparative study with the past layout improvement process models demonstrates that the 

proposed hybrid algorithm has enhanced performance with the power improvement of 0.03-0.04% 

with the p value< 0.01 and 24-27.3% reduction in the wake loss. The above findings indicate that the 

proposed PSO-GA can be better than the other innovative methods, especially in the aspects of 

quality and consistency of the solution. 

Keywords: hybrid PSO-GA algorithm; metaheuristics optimization; renewable energy; wake effect 

mitigation; wind farm layout optimization; wind turbine placement  

 

1. Introduction 

Figure 1 illustrates how the share of renewable power production in the world's power 

generation has been steadily increasing due to record-breaking new solar and wind construction. In 

2022, solar and wind power accounted for 14% of the world's electrical power production; the 

Statistical Review of World Energy 2023 also provides this information. As a result, expanding the 

usage of renewable energy sources has gained popularity [1]. 

The idea of Wind Energy has currently become among the most familiar clean and sustainable 

sources of electricity in the entire world. As the world desperately requires a means to curtail climate 

change and reliance on fossil fuels [2]. Wind Energy is increasingly playing an important role in the 

global transition to renewable Energy [3]. According to a 2021 report by GWEC (Global Wind Energy 

Council), currently wind energy represents the second-largest renewable energy source, and its role, 

according to the projections, will grow to 25 percent of overall non-conventional energy by 2035 [4]. 
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Figure 1. Share of energy in power by type [1]. 

It gets more difficult to develop a WF as the number of turbines increases, since their area grows 

in proportion to their number. Consequently, there has been a marked shift in emphasis toward 

curtailing the cost of electricity production, optimizing the architecture of wind farms, and making 

the most efficient use of wind energy [5]. The WF Layout improvement process challenge is non-

linear and constrained, which relies on multiple variables. A poorly designed Wind Turbine (WT) 

layout will counteract the operation and negatively impact on WT wake effect [6]. The accurate 

simulation of the wake effect is one of the most challenging and computationally challenging 

problems in the improvement process challenge. There have been a number of WF layouts planned 

recently for enhanced electrical production while minimizing the wake losses. 

The nonlinear wake boundary was taken into assessment when Frandsen et al. [7] updated the 

Jensen wake model [8]. Additionally, by taking into account basic wind environments in terms of 

energy expenditure, Mittal and Mitra [9] used the Jensen wake model for best possible Wind Farm 

(WF). Furthermore, using a new goal function, Şişbot, et al. [10] replicated the Jensen wake model 

with comparable findings and improved energy cost findings. Long and Zhang [11] a WF layout 

design concept based on Cartesian coordinates and a two-echelon grid. A new systematic model 

based on Yang et al.'s Gaussian wake model was employed by Bastankhah and Porté-Agel [12]. The 

Park wake model was employed by Yang, et al. [13], the two-dimensional Jensen-Gaussian wake 

model was employed by Gao, et al. [14], and Sun, et al. [15] used 3-D analytical wake models to 

represent wake deficit. While any of the models can be used to calculate energy produced by the WF. 

In contrast to the other models, because of its ease of use and ability to compute the energy yield in 

the shortest amount of time, the Jensen model is the most popular for WFLO. The study by Pérez, 

Mínguez [16] and Wu and Porté-Agel [17] asserted that for evaluating energy yields, the Jensen 

model works better. For the following reason, the Jensen wake model was employed in this study, 

the range of improvement process methods that consider the interplay between the wakes of different 

turbines determines the placement of turbines in a WF. This paper provides an efficient hybrid 

evolutionary method designed integrated with Jensen’s model to improve wind farm layouts 

considering wake interaction effects, aiming to maximize electrical energy capture. 

2. Literature Review 

Most of the scholars have utilized meta-heuristic methods (MHMs) to tackle the challenges of 

WF layout (WFL). Mosetti et al. [18] presented a method for optimizing big wind farms with the goal 

of extracting the most energy for the lowest installation cost. In order to extend production capacity 

while minimizing the number of installed turbines and amount of area engaged, Grady, et al. [19] 

used a genetic algorithm strategy to determine the best location for WTs. A process for the best 

positioning and configuration of WTs within a WF was presented by Marmidis, et al. [20] was based 

on the Monte Carlo simulation method. A Monte Carlo-like random search procedural approach was 

used by Sood et al. [21] to discover the best location for several WTs in a small WF under various 

wake effects. 

Another significant move in the proper improvement process of wind farms and which can 

possibly enhance the efficiency and effectiveness of wind energy production steps, is Masoudi and 
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Baneshi [22]. To find the target goals, Boersma, et al. [23] proposed the model, which is a combination 

of a gradient-based improvement process and evolutionary algorithms. They recommended that the 

fatigue load can be accommodated by this model, maximum energy can be produced, and the 

proposed model additionally provides frequency control. Sun, et al. [24] carried out research to 

optimize wind turbine design and location to achieve maximum energy production with minimum 

effect on the environment. The aim of the study was to see how wind speed-up influences the average 

wind speed of WTs. Tang, et al. [25] explained that by optimizing the placement and operation of 

turbines, by coordination of turbine cooperation helps to maximize the energy output of wind farms 

and reduce their impact on the environment and local communities.  

Shakoor, et al. [26] formulated a newly formulated area rotation scheme to regulate the 

orientation and dimensions of a WF layout. They formulated a newly formulated method to place 

the turbines in such a way as to maximize their output while also providing sufficient space between 

adjacent turbines. Stanley, et al. [27] demonstrated the effectiveness of their method by applying it to 

a test case with 16 turbines and two hub heights. They show that the optimized WF layout with two 

different hub heights findings in a 4.7% increase in energy compared to the design with a single hub 

height. Stanley and Ning [28] presented a multi-objective improvement process strategy-based model 

to determine the fatigue damage that a wind turbine's partial waking causes. The suggested 

arrangement minimizes damage to the farm's turbines while optimizing the WF's yearly energy 

output. Bouchekara, et al. [29] formulated a hybrid model to WTs settlement in a WF in a way that 

maximizes energy production, minimizes costs, and minimizes environmental impacts. Ramli and 

Bouchekara [30] demonstrated the Multi-Objective Electric Charged Particles improvement process 

to produce more diverse and robust solutions, which can lead to significant improvements in WF 

performance.  

It is understandable that there is a gap in the introduction of new algorithms to improve the 

quality of the solutions, despite the fact that these significant and varied issues of the WFL-DO 

challenge have been handled. The phrase "no free lunch" (NFL) is the source of this theory [31]. In 

accordance with this theory, it is believed that no single MHM is capable of managing all of the 

improvement process tasks and identifying the global solutions that work best. It is difficult to 

develop new algorithms or strategies to enhance existing MHMs for more dynamic handling of 

complex improvement process in the NFL. This paper seeks to address the research gap by creating 

an innovative modified version of Particle Swarm improvement process (PSO) integrated with the 

Genetic Algorithm (GA), termed PSO-GA, to tackle the WFL-DO challenge. Because GA improves on 

PSO-found solutions while PSO investigates several regions, PSO-GA can effectively handle issues 

with multiple local optima. In the first phase of the framework, PSO improves the original variables; 

in the second phase, variables are changed for improved fitness. 

3. Materials and Methods 

For a WF to be successful, the WTs must be positioned in the most efficient manner possible. 

This is because if the turbines are not properly positioned, they may not be able to produce the 

maximum amount of energy they are capable of generating. This is due to the wake effect, which can 

reduce the amount of energy produced by the WF if the turbines are not placed correctly [32]. A 

square region that is subdivided into Nc identical cells (Nc=100) is used to analyze the WF that is 

being studied in this research. Each individual cell measures 5d by 5d, where "d" represents the 

diameter of the turbine. The pivot of each cell is considered to be a potential location for the 

installation of a wind turbine, with one being the maximum number of turbines that can be placed 

there, as demonstrated in Figure 2. As a result, to lower the total cost per power unit, the suggested 

strategy must optimize a WF's turbine arrangement [33].  

Three wind speed scenarios—constant wind direction with constant wind speed, variable wind 

direction with constant wind speed, and variable wind direction with variable wind speed—are used 

to analyze the suggested PSO-GA on a multi-objective improvement process challenge (MOP). For 

the first time, a new version of Particle Swarm improvement process, known as the PSO-GA method, 
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has been formulated to solve the WFL-DO challenge. The GA strategy is incorporated in PSO-GA to 

improve solution quality. The effectiveness of the PSO-GA procedural approach in comparison to 

other competing approaches has been confirmed through extensive simulations and comparisons to 

address the multi-objective programming aspects of wind turbine placement issues on conventional 

land areas. 

 

Figure 2. Proposed WF area design. 

3.1. Wake Model 

It is difficult to predict wake losses in wind farms because of the complex nonlinear dynamics 

from which they originate. First, a variety of climatic, aerodynamic, and control factors affect how 

quickly wind strikes a turbine's blades and starts their motion. These factors include wind speed, 

turbulence level, the aerodynamic properties of the airfoil used in the blades, and the pitch angle of 

each blade separately. Each turbine model functions at a different ideal rate after taking into 

assessment all phases of nonlinear friction loss. Power is produced by a rotor driving a gearbox and 

a final generator. Simultaneously, the airflow leaving the turbine has a lower velocity than the 

incoming flow. Additionally, turbulence is created when turbine blades rotate, and its intensity can 

change depending on a number of factors, including the turbine's yaw angle, initial wind speed, 

turbulence intensity, and blade rotation speed. The resulting contrails distribute both vertically and 

horizontally, dispersing over time in a way that is nearly unforeseeable. Reasonable wake modelling 

can more accurately estimate wake loss because these impacting factors are complex. 

The wake left behind by the installed WTs (WTs) interrupts the WF, and the WTs are coupled 

with other WTs in the setup. The figure 3 illustrates the wake created behind a single wind turbine. 

As wind with free-stream velocity strikes the rotor, part of its kinetic energy is extracted to produce 

power. This extraction slows the airflow immediately behind the rotor, creating a region of reduced 

velocity. The wake gradually expands downstream due to turbulence and mixing with the 

surrounding air, and its radius grows linearly with distance. The relation 4 demonstrates how the 

wake radius increases from (rotor radius) where α is the axial induction factor and it is estimated 

from thrust coefficient given in the relation 3. The shaded region, therefore represents the zone of 

disturbed airflow extending downstream of the turbine. Eq 1 depicts that if there is no wake loss then 

downstream velocity of ith turbine is same as free stream wind velocity. 

vi  = vo         (1) 

Betz limit is used to measure wind speed for downstream wind turbine as mentioned in equation 2. 

v = vo [1 −
2a

1+(
αd

r
)

2]       (2) 

where, r represents the wake radius at distance of d behind the turbine 

CT = 4a(1 − a)        (3) 
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The wake radius r can be calculated from equation 4. 

r = αd + r1         (4) 

r1 called the downstream radius of wind turbine and can be measured by eq 5, and α is the wake 

decay constant and was calculated by following eq 6.  

r1 = rr√
1−a

1−2a
        (5) 

α =  
0.5

ln(
Z

Zo
)
         (6) 

The wind speed that a turbine experiences when its wake is not completely formed is known as 

the partial wake wind speed. The wind speed in this area, which is nearer the upstream turbine, may 

change. It takes into account the wake model and how the wake only partially covers the rotor area 

of the downstream turbine, which slows down the wind relative to undisturbed flow. 

v = vo [1 −
2a

1+(
αd

r1
)

2] 
AT,wake,i

AT,total,i
      (7) 

AT,wake,i is the wake-affected area of the ith turbine, 

AT,total,i is total area covered by the rotor of the ith turbine. 

A WT encounters numerous wake effect forms from the upstream and/or downstream WTs in 

the final scenario [34]. For example, the resultant v is represented as follows when numerous full 

wake effects (apart from partial wake effects) occurring on the ith WT are taken into account. 

v = vo [1 − √∑ 1 −
2a

1+(
αd

r1
)

2
mi
j=1 ]

j

     (8) 

mi denotes the quantity of WTs under wake loss. 

 

Figure 3. Diagram of the single wake effect model. 

Figure 4 demonstrates how wakes behave in a WF with several turbines placed in rows. As 

upstream turbines generate wakes, downstream turbines are forced to operate in airflows with 

reduced velocity and higher turbulence. Each turbine in the array, therefore, experiences different 

inflow conditions depending on its position relative to the wakes created by others. This overlapping 

or “multiple wake effect” findings in reduced energy yield and efficiency for downstream turbines. 

The figure also demonstrates the spacing between turbines, which is a critical design factor; greater 

spacing helps minimize wake overlap but requires more land, while tighter spacing increases wake 

losses. 
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Figure 4. Wake effect of multiple WTs [2]. 

3.2. Power Model 

A wind turbine's energy yield (Pwt) depends on several variables. Total electrical power 

(available) by the turbine is measured from eq 9. 

Electrical Power =
1

2
ρ ∗ π ∗ r2 ∗ v3 ∗ Cp    (9) 

Where, 

𝜌 is air density, v is the wind velocity, r is the rotor radius & Cp is Power coefficient 

Downstream power taken out from the turbine is measured by the following equation 10 [35]. 

Pwt  = 0.3V3        (10) 

Where, v is the downstream wind velocity.  

Total available electrical power taken out from the turbine is measured by the following 

equation 11. 

Pwt  = 0.3V0
3        (11) 

Where, v is free stream wind velocity. 

The following relation (12) determines the cut-in, cut-out, rated wind speeds, and associated 

output power for each WT, as shown in Figure 5. 

𝑃𝑤𝑡 (𝑉) =  {

0 if V < V𝐶𝑢𝑡−𝑖𝑛

0.3𝑉3 V𝐶𝑢𝑡−𝑖𝑛 ≤ 𝑉 < 𝑉𝑟𝑎𝑡𝑒𝑑

518.4 KW if 𝑉𝑟𝑎𝑡𝑒𝑑 < 𝑉 ≤ 𝑉𝐶𝑢𝑡−𝑜𝑢𝑡

0 V > 𝑉𝐶𝑢𝑡−𝑜𝑢𝑡

}     (12) 

 

Figure 5. Output power curve for WT [36]. 

3.3. Cost Model 

The cost of the whole WF is measured by 

Cost = N (
2

3
+

1

3
e−0.00174N2

)      (13) 
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Where N is the total number of WTs 

3.4. Objective Function  

Objective functions of the study are as under. 

Objective = Minimize [1 −
2a

1+(
αd

r
)

2]     (14) 

Objective= Minimize 
Cost

Electrical Power
     (15) 

3.5. Constraints Modeling 

The first restriction that needs to be taken into account is that every wind turbine needs to be 

situated inside the land where the WF is intended to be constructed. This restriction can be stated as 

follows: 

xmin ≤ xi ≤  xmax 

ymin ≤ yi ≤  ymax i = 1: n 

Another constraint to be considered is that two nearby WTs must be at a distance limit of. The 

following is a mathematical formulation of this limitation. 

√(xi − xj)
2

− (yi − yj)
2

≥ Dmin i = 1: n  

In this study, y-axis distance is chosen to be eight times the wind turbine's rotor radius. 

3.6. Energy Efficiency Index (EEI)  

The EEI is the effectiveness with which a wind farm design transforms available land area into 

usable electrical power. 

EEI = 
Power Generated 

𝐿𝑎𝑛𝑑 𝑈𝑠𝑒𝑑
× 𝜂     (16) 

3.7. Particle Swarm Improvement Process (PSO) Algorithm 

Particle Swarm improvement process (PSO) is a computer-based strategy for solving challenging 

problems where we must identify the most desirable solution among a large number of options 

available to us. PSO is based on the flight behavior of birds in flocks or fish in schools. And when a 

bunch of birds are seeking food, no one knows the exact location of the food. But by testing one after 

another and improving by observing the best position that has been discovered to date, they finally 

get to the food. The same concept is employed by PSO to find the answers to mathematics and 

engineering problems [37]. 

In PSO, the algorithm treats every possible solution as a particle, and together these particles 

form a swarm searching for the best result. There are two things that each particle possesses: Position 

-the solution it is proposing at the moment. 

Xt+1
i = Xt

i + Vo(t + 1)        (17) 

Where X represents the turbine position.  

Velocity reflects the direction and pace at which it will progress towards a superior solution. In 

the search, every particle recalls. 

vo(t + 1) = ϖ vo(t) + C1R1⨀(ℙ𝔭(x) − ℙ(x)) + C2R2⨀(ℙℊ(x) −  ℙ(x))   (18) 

ϖ  = Inertia weight, ℙ𝔭  = Particle best position, ℙℊ(x)  = Global best position, R1 R2  & are 

random variables, while, vo= Freestream wind velocity. 

Figure 6 (a) represents the Flow Chart of the PSO Algorithm: 
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(a) (b) 

Figure 6. Flow charts (a) Flow chart of particle swarm improvement process algorithm (b) Flow chart of Genetic 

algorithm. 

The iteration procedure of any particle in each generation is illustrated in Figure 7 (a) and Figure 

7 (b). A sociological analysis of the velocity update formula reveals that the influence of the particle's 

prior velocity is the first component of this updated formula (Eq. 15). Because it demonstrates that 

the particle conducts inertial motion in accordance with its own velocity and has confidence in its 

current moving state, the parameter ω is referred to as the inertia weight. The distance between the 

particle's current location and its ideal location determines the second component, often known as 

the "cognitive" item. It refers to the particle's own reasoning, that is, the movement brought about by 

its own experiences [36]. 

 
 

(a) (b) 

Figure 7. Iteration procedure of any particle, (a) Particle movement along with the PSO algorithm’s updating of 

location and velocity & (b) Conceptual diagram of PSO. 
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3.8. Genetic Algorithm (GA) 

According to El-Shorbagy and El-Refaey [38], the GA is an appropriate tool for addressing 

improvement process problems that involve a large number of variables and limitations. The Genetic 

Algorithm (GA) is a population-based improvement process method inspired by the principle of 

natural selection. It employs genetic operators such as selection, crossover, and mutation to evolve 

better solutions across generations. A population size of 500, a generation count of 2000, a crossover 

rate of 0.7, and a mutation rate of 0.02 are used in this study. The GA follows a structured sequence: 

random initialization, fitness evaluation, parent selection, crossover, mutation, and elitist 

replacement. Figure 6 (b) presents the flowchart of the GA improvement process.  

Genetic Algorithm (GA) is a search method that is based on artificial intelligence and has been 

widely applied in a range of engineering domains. It is able to identify the best possible result on a 

global scale [39]. 

Simply: A Genetic Algorithm is survival of the fittest, but in computer problems. It can 

continually experiment with solutions until it finds a solution that functions well by replicating the 

mechanisms by which nature has provided species with improvements over time. 

3.9. Proposed (PSO-GA) Algorithm 

The hybrid PSO-GA method, which combines the global search capability of PSO with the 

solution refining capabilities of GA, can enhance the turbine placement in WF layout improvement 

process. This is especially helpful for complicated improvement process problems with a large search 

space and several local optima. In order to update the turbine placements, the hybrid algorithm 

would take into account both the best possible solution currently determined by PSO and the new 

solutions produced by GA's crossover and mutation. Turbine layouts produced using this strategy 

are more resilient and effective and are less likely to deviate from ideal configurations. 

Recent improvements in the engineering improvement process have allowed for the move from 

traditional trial-and-error design techniques to fully automated ones. This is primarily due to the 

rapid development of metaheuristic search algorithms, which have been shown to be efficient and 

robust when dealing with real-world issues. Many scholars have already investigated the subject of 

best possible layout design for wind farms. But still, there is a gap present. 

4. Results 

The objective of this research was to evaluate the effectiveness of the PSO-GA hybrid algorithm 

in optimizing the layout of WTs (WTs) for maximizing the electrical energy yield of a WF while 

adhering to industry-standard separation distances to avoid wake interference. Through extensive 

simulation using the proposed framework, the PSO-GA strategy demonstrated significant 

improvement in both energy yield and cost efficiency of the WF. The case studies analyzed three 

different WF configurations, each involving a 2 km × 2 km area subdivided into 100 cells of 200 m × 

200 m. The framework was tested under varying conditions of wind speed, and wind turbine 

direction with a consistent focus on the minimization of wake interference while maintaining high 

turbine efficiency & power generation output. PSO algorithm explored a broad search space, 

effectively navigating through multiple local optima to identify promising candidate solutions. The 

PSO's ability to adjust the particle positions in the search space using its velocity and acceleration 

coefficients allowed it to investigate various regions of the WF layout space without getting stuck in 

suboptimal solutions. The PSO variables are used for the quick response; the particle restriction 

variables are inertia weight coefficient = 0.5, Acceleration coefficient constants C1=2.5, C2=2.5, and the 

maximum number of iterations Itermax=100. A uniform distribution is applied in picking random 

numbers R1 and R2 between 0 and 1. 

Once the PSO had determined a near-best possible layout, the GA was used to refine the 

positions of the turbines, improving the energy yield and further reducing the wake interference. The 

genetic operators (crossover and mutation) enabled the algorithm to explore variations in turbine 
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positioning, balancing power yield improvement process with the minimization of wake effects. 

Through the iterative refinement process, the PSO-GA algorithm outperformed standalone PSO and 

GA algorithms in terms of the total electrical energy yield, with a substantial increase in energy yield 

over conventional layout configurations. The improvement process ensured that each turbine was 

placed in a location that maximized its energy capture potential, while also preventing excessive 

overlap in the wake regions of adjacent turbines. 

4.1. Case 1 

Figure 10 (a) represents the improved layout obtained through the proposed hybrid PSO-GA 

approach. While Figure 10 (b) reflects the reference layout used for comparison. 

  

(a) (b) 

Figure 8. Layout of wind farm (a). Layout of wind farm by the proposed work (b). Layout of wind farm by [40]. 

The optimum configuration produces a maximum power output with 32 turbines working 

under a uniform inflow wind speed of 12 m/s, as shown in Figures 9(a) and 9(b). An average turbine 

efficiency of roughly 98.8% and individual turbine efficiencies ranging from 98.8% to 100% show that 

the algorithm converges on a highly efficient configuration. There is little variance in the effective 

wind speed distribution between 11.62 and 12.00 m/s throughout the farm. 

 

 

(a). (b) 

Figure 9. (a) Optimization outcomes of proposed study (b) Scattering of frequency of proposed study. 

Table 1 demonstrates the performance of the proposed layout with previous research. The 

proposed strategy extracts 16389.73 kW, which is higher than the earlier reported 16326.55 kW. A 

major difference appears in wake losses: the proposed configuration records 199.06 units, in place of 

262.21 units, indicating that the proposed layout better minimizes wake interactions. Overall, the 
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proposed layout demonstrates superior optimization by enhancing power capture and reducing 

wake-induced losses, outperforming the approach presented in [40]. 

Table 1. Performance Analysis of Case 1. 

Strategy Nt Power Extracted Wake Loss AEP (MWh) Efficiency % 

Proposed 32 16389.73 199.06 143574034.8 98.8 

[40] 32 16326.59 262.2 143020928.4 98.42 

4.2. Case 2 

Figure 10 (a) represents the improved layout obtained through the proposed hybrid PSO-GA 

approach. While Figure 10 (b) reflects the reference layout used for comparison. 

  

(a) (b). 

Figure 10. Layout of wind farm (a). Layout of wind farm by the proposed work (b). Layout of wind farm by [40]. 

The optimum configuration produces a maximum power output with 19 turbines working 

under a uniform inflow wind speed of 12 m/s, as shown in Figures 11(a) and 11(b). With an average 

turbine efficiency of roughly 99.2% and individual turbine efficiencies ranging from 94.98% to 100%, 

the algorithm converges on a highly efficient arrangement. There is little fluctuation in the effective 

wind speed distribution between 11.76 and 12.00 m/s throughout the farm. 

 

 

(a) (b) 

Figure 11. (a) Optimization outcomes of proposed study (b) Scattering of frequency of proposed study. 

The performance of the proposed layout with the previous research is shown in Table 2. The 

suggested method extracts 9770.8 kW, which is marginally more than the 9741.3 kW. Wake loss 

indicate a significant difference: the suggested configuration records 78.7968 units, instead of 108.3 

units. This suggests that the proposed structure more effectively reduces wake interactions. Overall, 

by improving power capture and lowering wake-induced losses, the proposed configuration exhibits 

improved optimization than the technique existing in [40]. 
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Table 2. Performance Analysis of Case 2. 

4.3. Case 3 

Figure 12 illustrates that the chance of wind speed is higher when the wind direction is between 

270o and 350o. The performance of the suggested layout with the earlier study is shown in Table 3. 

The suggested method extracts 7713.79 kW, which is somewhat more than the 7,690.46 kW. Wake 

losses indicate a significant difference: the proposed configuration records 62.21 units, instead of 

85.54 units, suggesting that the proposed layout more effectively reduces wake interactions. Overall, 

by improving power capture and lowering wake-induced losses, the proposed layout do better than 

the method implemented in [40].  

Table 3. Performance Analysis of Case 3. 

Strategy Nt Power Extracted Wake Loss AEP (MWh) Efficiency % 

Proposed 15 7713.79 62.21 67572.8 99.2 

[40] 15 7,690.46 85.54 67368.4 98.9 

 

 

Figure 12. Wind probability in case 3. 

The Energy Efficiency Index (EEI) values for three distinct test cases employing two wind-farm 

layout optimization strategies, the Proposed Strategy and the reference approach described in the 

paper [40] are shown in Table 4. The EEI measures the layout's quality for each scenario based on 

how well the available wind-farm area is transformed into electrical power that can be used. Better 

performance is indicated by higher EEI scores. The paired t-test in Table 4 demonstrates that the 

improvement is statistically significant and that the Proposed Strategy consistently produces higher 

EEI values for each case.  

Table 4. Comparison of Energy Efficiency Index (EEI). 

 Case # EEI by Proposed Strategy EEI [40] P-Value 

Case 1 4048.26 4016.34 

0.0066 Case 2 2423.2 2406.1 

Case 3 1913.01 1899.5 

Figure 15 demonstrates that, in comparison to the method applied [40], the suggested 

optimization methodology is effective in improving wind-farm layout performance. 

Strategy Nt Power Extracted Wake Loss AEP (MWh) Efficiency % 

Proposed 19 9770.8032 78.7968 85592.2 99.2 

[40] 19 9741.3 108.3 85333.79 98.9 
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Figure 13. EEI Comparison: Proposed Strategy vs Reference [40]. 

5. Conclusion 

This study presents a novel hybrid optimization technique that successfully combines Hybrid 

PSO-GA integrated with the Jensen wake model to address the WFLO problem in actual wind 

conditions. Unlike previous research this approach incorporates a dynamic goal function that takes 

cost, energy yield, and efficiency by minimizing the wake loss. The paper delineated the optimum 

WFLOs under the three case studies of wind speed and direction. In order to obtain the maximum 

possible output power, each WT's position was appropriately selected. In short, the hybrid PSO-GA 

algorithm provided a very effective method for optimizing wind farm layouts, leading to significant 

increases in power output and cost effectiveness while preventing severe wake disruption. The 

algorithm's practical relevance in real-world wind farm design is demonstrated by its robustness 

across many case studies and its capacity to manage the trade-off between electricity generation and 

turbine cost. The suggested PSO-GA significantly reduced wake-loss and improve the efficiency, 

0.4%, 0.3%, and 0.3%, respectively, in the case studies as compared to existing WFLO technique. 

Future work could focus on algorithm's performance by incorporating advanced techniques such as 

multi-objective improvement process to simultaneously optimize for multiple objectives, such as 

environmental impact and operational costs. 
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The following abbreviations are used in this manuscript: 

EEI Energy Efficiency Index  

GA Genetic Algorithm 
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GWEC  Global Wind Energy Council 

MHMs Meta-heuristic Methods  

MOP multi-objective improvement process 

NFL No Free Lunch 

PSO Particle Swarm Optimization 

WF Wind Farm 

WFL Wind Farm Layout 

WFLO Wind Farm Layout Optimization 

WFL-DO Wind Farm Discrete Optimization 

WT Wind Turbine 
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