
 

 

Published By: Fifth Dimension Research Publication                                                          https://fdrpjournals.org/                                                  103 | P a g e  
 

 

 

 

, 

International Journal of Scientific Research in Engineering & Technology 
Volume6, Issue3 (May-June 2026), PP: 103-110.  
https://www.doi.org/10.59256/ijsreat.20260603015 
www.ijsreat.com                                                                                                                                                            ISSN No: 2583-1240 

Optimal Placement of Wind Turbines in a Wind Farm using 
Sparrow Search Algorithm 
 

 

Usuripata Aswini1, Y. Krishnapriya2 

1, 2Department of EEE, Anantha Lakshmi Institute of Technology and Sciences (Autonomous), Ananthapuramu,  

Andhra Pradesh, India. 
 

To Cite this Article: Usuripata Aswini1, Y. Krishnapriya2, “Optimal Placement of Wind Turbines in a Wind Farm using Sparrow Search 

Algorithm”,  International Journal of Scientific Research in Engineering & Technology, Volume 06, Issue 03, May-June 2026, PP:103-110. 

Copyright: ©2026 This is an open access journal, and articles are distributed under the terms of the Creative 

Commons Attribution License; Which Permits unrestricted use, distribution, and reproduction in any medium, 

provided the original author and source are credited.  
    

  

Abstract: Wind farms (WFs) appear to generate greater energy output with increasing integration of renewable energy in recent years by 

Wind Turbines (WTs). To achieve the goal, a number of WFs have a construction layout consisting of a series of turbines placed in the vicinity 
within a limited space of the terrain, which leads to augmented energy losses because of the “wake effects." Therefore, WTs on a wind farm 

to enhance the generated energy while meeting all constraints are quite restrictive and complicated. The Sparrow Search Algorithm (SSA) 
that has just been created in this article was chosen as the most appropriate method of searching where wind turbines are located within an 
area of WFs to achieve maximum turbine capacity at minimum cost, which will translate to increased power efficiency. Two scenarios were 
taken into consideration: one factor took into account constant wind speed and changing wind direction, while the other took into account 
changing wind speed and changing wind direction. The constructed framework was contrasted with the outcomes of the previous studies which 
address the same issue. Therefore, the proposed algorithm gave a good algorithm to tackle the wind turbine placement problem to attain 
optimal placement. 
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I. INTRODUCTION 

Energy is an ingredient of the world and the foundation of all the industry, science, transportation, and communication 
activities, especially in the present and future. The ever-rising energy demands and the scarcity and exhaustive nature of the 

traditional resource base have compelled mankind to explore and identify other sources of energy. One of the best options is the 

wind. The natural oil sources are very diverse in nature and include the geothermal, sea, wind, solar, and hydro structures of the 

electricity supply. One of the most inclusive energy resources in the world is a WT due to the stability, coherence, 

environmentally friendly, and cost-effective types of renewable energy systems. Once wind energy is used to prepare more 

efficient, wind-powered electricity, it will meet the future energy needs. Even though the strength of wind turbines makes them 

the best alternative source of energy, the efficiency of turbines is extremely low unless turbines are strategically placed. Working 

on a wind farm, much attention should be paid. This is to say that there is extreme sensitivity in placing wind turbines since this 

will reduce the efficiency of the turbines1. 

Particularly in WFs design, the optimum position of WTs is essential. A false WF design helps to create an adverse effect 

of the wake effect as a reduction of harvested electrical energy. Upstream WTs cause such an effect, decreasing the downstream 
WT speed. As a consequence, downstream WTs harvested energy is decreased in comparison with upstream WTs. Because the 

conventional layout of WTs enhances the wake effect considerably, the optimum placement of WTs within WFs can be seen as 

a good solution to reduce the wake effect and improve the WFs performance by enhancing the collected energy of the WTs. 

Consequently, a significant interest has been created by the researchers in the most optimal place of WTs to realize the optimum 

electricity out of WFs at reduced energy charges per kilowatt2. 

There are numerous optimizing strategies, which are employed to optimize this architecture and which have the mission 

of minimizing wake loss to enhance the performance strength. Mosetti et al.3 proposed the cost factor, which was very common 

in terms of the single objective of the ratio of cost/kW. Grady et al.4 applied a genetic algorithm to illustrate optimal wind farm 

layouts; Castro Mora et al.5 applied an evolutionary algorithm to illustrate optimal wind farm layouts. Peng Hou et al.6 applied 

the Levelized Production Cost (LPC)6,7 in the role of objective function; Particle Swarm Optimization (PSO)6 was applied to 

maximize the energy yields and minimize the overall investment. Random swarm optimization was employed by Feng and Wen8. 

The techniques used to optimize wind farm layout with the goal of minimizing cost per unit power output are genetic algorithm9-

11, multi-population genetic algorithm12, ant colony optimization13, evolutionary algorithm14, Monte Carlo simulation15, particle 

swarm optimization16, pattern search algorithm17, differential evolution algorithm18, water cycle optimization2, self-informed 

genetic algorithm19, data-driven evolutionary algorithm20, adaptive differential evolution algorithm (ADE)20, and many more 

metaheuristic algorithms applied to wind farm layout optimization. 

 The present study, Sparrow Search Algorithm (SSA)21, applies to finding optimum locations of the turbines with the 
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objective of optimization being 'cost/kW.'. There are case studies of a) constant wind speed and variable wind direction and b) 

variable wind speed and variable wind direction. The comparison is made between the simulation and the research (GA) 
conducted by Mosetti et al.3 and Grady et al.4, binary PSO by Pookpunt et al.22, and the Random Search Algorithm by Feng et 

al.8. Although there is numerous literature that has applied other optimization algorithms on the same issue, conscious attempts 

are made towards wise and justified comparisons of research findings using identical mathematical models and parameters that 

affect objective function cost/kW. 

 

II.MODELLING OF THE WIND FROM 

 A wake was being formed as the speed decreased as a free stream of wind swept the turbine blades and the 
level of turbulence increased. In the calculation of wind velocity in the wake field, it is the Jensen linear wake decay 
model [23]. 

 

 
Figure 1 Diagram of a linear wake model 

 
 The linear wake paradigm is depicted schematically in Figure 1. The magnitude of the wake effect between wind turbines 

is also one of the most influential effects on the power generation in wind farms, while the assumption of the conservation of 

momentum in the wake region holds. To do the current analysis, we have chosen the wake model of Jensen [23] to measure the 

deficit of the wind speeds behind a wind turbine as presented in the equation below: 

 

𝑢 =𝑢0[ 1 −
2𝑎

(1+𝛼
𝑥

𝑟1
]
            (1) 

where 𝑢0 is the average wind speed, a component is the axial induction factor, 𝑥 the size of the downstream wind turbine, 𝑟1  the 

radius of the downstream wind and 0 is the constant of the practising. Based on the subsequent equation it is possible to find the 

following parameters: 

 

𝑎 =
1−√1−𝐶𝑇

2
             (2) 

 

𝑟1 = 𝑟𝑑√
1−𝑎

1−2𝑎
             (3) 

 

𝛼 =
0.5

𝑙𝑛(
ℎ

𝑧0
)
             (4) 

 

 Where 𝐶𝑇 is the rotor thrust coefficient and where 𝑧0the wind farms is surface roughness, 𝑟𝑑  is the wind turbine rotor 

radius. When a turbine passes a number of wakes, the mixed wake kinetic energy should be roughly equal to the ones added up. 

The resulting ith turbine upstream speed of 𝑁𝑇 turbines is: 

𝑢𝑖 = 𝑢0 [1 − √∑ (1 −
𝑢𝑖𝑗

𝑢0
)𝑁𝑇

𝑗=1

2

]           (5) 
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 Where, 𝑢𝑖𝑗  is the wind velocity of the ith turbine under 𝑗𝑡ℎ turbine influences. In the case of the linear wake model, the 

region of the wake is conical and the radius of the wake region is defined as the radius of the wake influence in the form of the 
following: 

 

𝑟𝑤 = 𝑎𝑥 + 𝑟1              (6) 

 

 Mosetti et al., [3] suggested a simplistic cost model in which the only component is the number of turbines inside a wind 

farm. The non-dimensional cost/year of a single turbine is estimated to be 1, and the overall cost reduction is 1/3 cost per 

additional turbine, assuming that there are enough turbines on the wind farm. The mathematical model of a wind park with cost  

and N turbines is given as: 

 

𝐶𝑜𝑠𝑡 = 𝑁 (
2

3
+

1

3
𝑒−0.00174𝑁

2
)           (7) 

 

 In the below Table 1 describes some of the turbines properties parameters that were considered for this analysis, and the 

power output can be determined using the equation: 

 

𝑃𝑖 = 0.5 × 𝜌 × 𝜋 × 𝑟2 × 𝑢𝑖
2 × (𝐶𝑃 ÷ 1000)         (8) 

 
𝑃𝑖 = 0.3 × 𝑢𝑖

3             (9) 
The total power output of the wind farm having N turbines, 
 
𝑃𝑇 = ∑ ∑ 𝑓𝑘𝑃𝑖(𝑢𝑖)

𝑁
𝑖=1

360
𝑘=0                         (10) 

 
 where 𝑓𝑘  is the wind probability for a wind speed from a specific direction and ∑ 𝑓𝑘

360
𝑘=0 = 1; 𝑃𝑖 is the actual power 

output from ith turbine as a function of wind speed 𝑢𝑖. 
 Table 1 of the operation problem lists the turbines and other associated information, which are associated with the 

measurements in [3] and [4]. 
S. No. Parameter Value 

1 Rotor diameter, 2r 40m 

2 Thrust coefficient, CT 0.88 

3 Hub height, h 60m 

4 Rotor efficiency, CP 0.4 

5 Air density, ρ 102254kg/m3 

6 Surface roughness of wind farm 0.3m 
Table 1 Numerical Data 

 
 Also, to determine the best WF configuration in terms of the lowest unit cost of energy generated. The aim is to get the 

highest power that Pi can produce thereby reducing WF installation cost. This article will also incorporate the objective function 

as one of the criteria that will be used to determine the optimal configuration of the WFs. The intention is to restrict this operation 

up to the peak of it, and then it can be utilized. This has been demonstrated by Grady et al., [4]. The equation that describes this 

objective function is as follows: (11). 

 

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒   𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛   = 
𝐶𝑜𝑠𝑡

𝑃𝑇
                    (11) 

 

 Cost is a sum of power produced by all N turbines in the wind farm and PT is the cost of wind farms. This goal role would 

bring down the cost per unit of the generated energy to the minimum possible level. The following equation can be used to 

measure the performance of a wind farm: 
 

𝜂 =

∑ ∑ 𝑓𝑗
𝑁

𝑗=1

360

𝑖=0

𝑃𝑖(𝑢𝑖)

∑ ∑ 𝑓𝑗
𝑁

𝑗=1

360

𝑖=0

𝑃𝑖,max⁡(𝑢𝑖,max⁡)

                      (12) 

 

 where, 𝑃𝑖,max⁡ is the maximum power attainment of ith turbine, as a function of maximum potential wind speed of 𝑢𝑖,max⁡ 

had there been no wake effect. 

 

III.SPARROW SEARCH ALGORITHM 
 The swarm optimization algorithm described by Jiankai Xue and Bo Shena [21] is a new algorithm called the sparrow 

quest algorithm (SSA). SSA was inspired by the wisdom of the group hunting and anti-predatory behaviour of sparrows. The 
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mathematical model constructed by Jiankai Xue and Bo Shena was used to construct SSA. In order to be simple, the following 

action of the sparrows was idealized, and pertinent rules were formulated. 
1. The producers usually possess great energy provisions that have forage areas or guidelines to each scrounger. It identifies 

locations where bountiful food resources can be found. The energy reserves are determined by measuring the human health 

principles. 

2. When the sparrow senses the predator, the individuals start chirping as disturbing signs. When the warning value is greater 

than the protection level, the production companies should evacuate all screeners to a safe location. 

3. All sparrows will be producers provided they are seeking improved sources of food, but the number of producers and 

scroungers is the same across the whole population. 

4. Farmers will be the higher energy sparrows. A few hungry scroungers will be more likely to fly to other food areas to get 

more resources. 

5. The scroungers go after the producer who is able to get the best food. Meanwhile, some scroungers will monitor the farmers 

around and compete over food so as to increase the rate of food predation. 
6. The sparrows on the groups edge swim rapidly into the safe area when they are aware of the threat, the sparrows in the center 

of the group walk at random, to be close to others. 

 

In the numerical simulation, we are to use simulated sparrows to find food. The sparrows are considered to play the role as 

shown in the following matrix: 

The matrix in the image can be represented as: 

 

𝑋 = [

𝑥1,1 𝑥1,2 ⋯ 𝑥1,𝑑
𝑥2,1 𝑥2,2 ⋯ 𝑥2,𝑑
⋮ ⋮ ⋱ ⋮

𝑥𝑛,1 𝑥𝑛,2 ⋯ 𝑥𝑛,𝑑

]                        (13) 

 

n = the sparrow number and d = the dimensions in which the variables are to be optimized. The health attribute of all 

sparrows will then be represented as follows: 

 

𝐹𝑋 = [

𝑓(𝑋1)
𝑓(𝑋2)
⋮

𝑓(𝑋𝑛)

]            (14) 

 

Where n is the number of sparrows, the values of F(X) in each row give the health value of the individual. Producer 

priority in the SSA is that if the producer has better values of fitness, it is to obtain food during the quest process. Furthermore, 

the producers have the responsibility to look for food and direct the whole population movement. The producers will then go 

about searching food in an enormous variety of ways, as compared to scroungers. The changes in the position of the producers 

in each iteration are as in accordance with (1) and (2): 

 

𝑋𝑖,𝑗
𝑡+1 = {

𝑋𝑖,𝑗
𝑡 × exp⁡(

−𝑖

𝛼×𝑖𝑡max
) , if 𝑅2 < 𝑆𝑇

𝑋𝑖,𝑗
𝑡 × 𝑄 × 𝐿, if 𝑅2 ≥ 𝑆𝑇

        (15) 

 

where t is the current iteration, j = 1, 2, etc, d is the number of sparrows, reflects at iteration t, the value of the 𝑗𝑡ℎ sparrow, 

itmax is a constant at most iterations. Alpha (0, 1] is a random integer. The protection threshold and the warning value are 𝑅2 

(𝑅2 [0, 1]) and 𝑆𝑇(𝑆𝑇⁡𝜖⁡[0.5, 1.0]) respectively. Q is a random number that complies with the normal distribution. L displays a 

1 to d matrix in each factor 1. 

In the proposed algorithm, when predators are not present in the 𝑅2 < ST the producer goes into the large search mode. 

In case R2 is greater than ST, then some sparrows have already met with the predator and all sparrows should run away to some 

safe locations as quickly as possible.  

In the case of scroungers, the laws have to be obeyed (4) and (5). Some of the scroungers are more common in following producers 

as described above. Whenever the producer finds good food, he immediately quit his current location to find food. In case they 

succeed, they will receive the food of the supplier immediately, otherwise, they may continue to use the rule (5). The updated 

location formula for the screen is listed below: 

 

𝑋𝑖,𝑗
𝑡+1 = {

𝑄 × exp⁡(
𝑋worst
𝑡 −𝑋𝑖,𝑗

𝑡

𝑖2
) , if 𝑖 >

𝑛

2

𝑋𝑝
𝑡+1+∣ 𝑋𝑖,𝑗

𝑡 − 𝑋𝑝
𝑡+1 ∣× 𝐴+ × 𝐿, otherwise

       (16) 

 

where 𝑋𝑃 is the optimal location of the producer, the new global worst is marked by the letter 𝑋𝑤𝑜𝑟𝑠𝑡 . A is a one-

dimensional matrix where all variables take either a 1 or a -1 at random, and 𝐴+⁡= ⁡𝐴𝑇⁡(𝐴𝐴𝑇) − 1. When I > n/2, we can say 

that the scrounger with the lowest fitness value is starving, the th i.  
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It is estimated that in the simulation experiment, 10 and 20 percent of the total population makes up these danger-

conscious sparrows. These sparrows are spontaneously formed by community in the first places. The mathematical model may 
be expressed as following the rule (6): 

 

𝑋𝑖,𝑗
𝑡+1 = {

𝑋best
𝑡 + 𝛽 ∣ 𝑋𝑖,𝑗

𝑡 − 𝑋best
𝑡 ∣, if 𝑓𝑖 > 𝑓𝑔

𝑋𝑖,𝑗
𝑡 +𝐾 (

𝑋𝑖,𝑗
𝑡 −𝑋worst

𝑡

(𝑓𝑖−𝑓𝑤)+𝜀
) , if 𝑓𝑖 = 𝑓𝑔

        (17) 

 

𝑋best is the optimal global location at present, with 2 distributed randomly with a mean of 0 and variance of 1 as a parameter of 

phase size regulation, K ∈(-1,1) is an arbitrary number. Definitions Here fi is the health value of the current sparrow; 𝑓𝑔 and 𝑓𝑤 

are the two best and worst fitness ideals globally, μ is the minimal constant to avoid error in zero-division. 

 When 𝑓𝑖 > 𝑓𝑔 that the sparrow is at the end of the party out of convenience. 𝑋best Reflects and is safe in the middle of the 

population. 𝑓𝑖 = 𝑓𝑔 indicates that the sparrows are aware of the danger in the middle of the population and they need to fly closer. 

K is the direction where the sparrow walks as well as the factor of influence in the phase sizes. The pseudo-code given in 

Algorithm 1 is the outline of the fundamental steps of the SSA depending on the effectiveness and idealization of the model 

described above. 

 

IV.RESULTS AND DISCUSSIONS 

  The optimization algorithm is executed and repeated more than 30 times, and the optimal values to the objective function 
are decided as final values in certain cycles of the two cases. An algorithm runs a single time on the MATLAB platform with 

Intel Core i3 CPU@2.0GHz and 8GB RAM. The relatively moderate operating period can be mainly attributed to the wind path 

discretization into 36 segments instead of the issues high dimension. The algorithm is to measure strength in 36 wind directions. 

The study was conducted on a square wind farm which had 100 possible wind turbines (10x10). A WT of any type was put in 

the center of a cell. The size of each cell was 200 m five times the size of the rotor (5D) as in Figure 2. The cell selection, which 

is equivalent to 5D, was used, in one column and another in adjacent columns to avoid the wake impact between turbines. 

Moreover, the thumb rule of the correct distance was achieved, both horizontally and vertically. 

 

Algorithm 1: The framework of the SSA. 

Input: 

G: the maximum iterations 

PD: the number of producers 

SD: the number of sparrows who perceive the danger 

R2: the alarm value 
n: the number of sparrows 

Initialize a population of n sparrows and define its relevant parameters. 

Output: Xbest, fg. 

1: while (t < G) 

2: Rank the fitness values and find the current best individual and the current worst individual. 

3: R2 = rand (1) 

4: for i = 1: PD 

5: Using equation (3), update the sparrow’s location; 

6: end for 

7: for i = (PD + 1): n 

8: Using equation (4), update the sparrow’s location; 
9: end for 

10: for l = 1: SD 

11: Using equation (5), update the sparrow’s location; 

12: end for 

13: Get the current new location; 

14: If the new location is better than before, update it; 

15: t = t + 1 

16: end while 

17: return Xbest, fg. 

 
 The most important was to maximize the positioning of WTs within the WF to reduce the total cost per kilowatt. The 

former assumes constant wind speeds with changing wind direction, and the latter with changing wind speeds with changing 

wind direction. Table 1 was used as specifications of the WF in this analysis. The roughness of site field z0 was assumed to be 

0.3 m. 
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Figure 2 Wind form Topology 

 
Reference Method for 

Optimization 
No. of turbines Power (kW) Wind Farm Efficiency Cost/kW 

Mosetti [3] 19 9245 93.86% 0.0017371 

Grady [4] 39 17220 85.17% 0.0015666 

Pookpunt [22] 35 15796 87.06% 0.0015648 

Feng [8] 40 17406 NA 0.0015479 

SSA 40 17781 85.74% 0.0015461 
Table 2 Comparison of Results of Various Optimization Methods for Case 1 – Constant Wind Speed and Variable Wind Direction. 

 

 Both cases were put through the proposed approach that involved the use of SSA, and the outcomes were compared to 

other methods that were reported. These encompassed the techniques postulated by Mosetti [3], Grady [4], Pookpunt [22] and 
Feng [8]. The simulation of the proposed approach was run with a population size of 30 and a maximum of 500 iterations. The 

minimum and maximum values were allowed to be 0 and 1, respectively, and the problem dimension was 100. 

 

 
 

                 Figure 3 Convergence of SSA algorithm for case 2                 Figure 4 Optimum configuration of wind form by SSA for case 1 

 

 In the former, a constant wind speed of 12 m/s was taken and the probability of wind souring out of all directions is the 
same. It was considered with 36 angles (0-360) with intervals of 10. This case used the presented SSA and the optimality of the 

solution is tabulated and compared to other previously reported ones in Table 2. The optimal configuration of wind farms 

obtained by SSA compared with those obtained by Mosetti [3], Grady [4], Pookpunt [22] and Feng [8] is given in Table 2. Figure 

3 illustrates the convergence curve of the objective function and it can be noted that optimum solution has been attained using 

the proposed approach. Figure 4 shows that SSA has found the most acceptable shape of wind form. This solution provided an 

annual power of 17,780.96 kW across 40 turbines, and the cost/kW was 0.0015461 and efficiency was 85.74%. The SSA response 
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was the most effective one when compared to the other responses as can be seen. The results obtained proved the excellence of 

SSA in ideal setting up of the wind farm. 
 

 
Figure 5 Convergence of SSA algorithm for case 2                    Figure 6 Optimum configuration of wind form by SSA for case 2 

 

 In order to verify the correctness of the proposed methodology in the ideal set up of the wind farm, wind speed that was 

variable and with variable wind direction was taken into account. Three wind speeds were used in second case, i.e. 8, 12 and 17 

m/s and there were 36 directions at 10 o intervals. The proposed SSA was performed, and the results are tabulated and 
comparedobserve that the optimal solution was achieved with the proposed approach. Below (Figure 6) is the optimal 

configuration of wind form that SSA has found. Based on the Table 3, it can be observed that the proposed SSA has provided 

the optimal solution by having 39 turbines with the yearly Cost/kW of 0.0008377 and the overall extracted annual power 

amounted to 32139.36 kW. Table 3 is the best arrangement of the wind farm which has been achieved using SSA compared to 

Mosetti [3], Grady [4], Pookpunt [22] and Feng [8]. It is evident that the reaction of the suggested SSA was the most satisfactory 

in comparison with others. 

 

Reference Method for 

Optimization 
No. of Turbines Power (kW) 

Wind Farm 

Efficiency 
Cost/kW 

Mosetti [3] 15 13460 94.92% 0.0009941 

Grady [4] 39 32038 86.62% 0.0008403 

Pookpunt [22] 46 36433 82.76% 0.0008523 

Feng [8] 39 32096 NA 0.0008492 

SSA 39 32139 86.11% 0.0008377 
Table 3 Comparison of results of various optimization methods for Case 2 – Variable Wind Speed and Variable Wind Direction 

 

 
              
 

              Figure 5 Convergence of SSA algorithm for case 2                          Figure 6 Optimum configuration of wind form by SSA for case2 
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Lastly, the acquired findings supported the reliability and validity of the proposed SSA in the optimal configuration of 

turbines in a wind farm to both of the cases studied as the algorithm performed best compared to the other reported and 
programmed algorithms. 

 

V.CONCLUSIONS 

The water cycle algorithm developed recently was used to determine the best location of wind turbines. The overall cost 

per kilowatt was chosen as the objective function in the optimization process, and the wind turbine position and the power 

produced were chosen as decision variables. Two different cases were considered: (1) fixed speed and variable wind direction 

and (2) variable speed and variable wind direction. The results were compared with those obtained by GWO and other reported 

works. A comparison of the different methods confirmed that the SSA-based optimal placement of WTs was the best among 

other considered methods. In future work, more sophisticated ways to estimate aerodynamic wake should be taken into 

consideration, including the use of computational fluid dynamic tools to model aerodynamic wake. 
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