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                     Abstract 
 Wind farm optimization requires effi  cient design of placement models which can assist in identifi cation of deployment 

locations for higher conversion effi  ciency. To perform this task, various methods are proposed by researchers, and most of 

them are applicable for new deployments. Due to limited availability of wind farm sites and cost constraints, it is impractical 

to replace old equipments. Thus, repowering of wind farms is necessary, and must be planned under existing deployment 

constraints. Existing repowering methods apply static modelling techniques, which limits their scalability and usability for 

real-time deployments. To overcome this limitation, a novel general-purpose repowering model via bioinspired optimization 

is discussed in this text. The model proposes design of a genetic algorithm that considers infl ow wind speed, wind direction 

angle, height of hub, surface roughness, horizontal-axis wind turbine rotor diameter, thrust coeffi  cient, turbine effi  ciency, air 

density, and wake expansion rate to estimate location of wind-based generators. These locations are optimized for maximum 

output power, and minimum deployment costs, which can be estimated for multiple farm areas. This text also proposes various 

case studies and hypothesis about these deployments, and showcases performance optimizations w.r.t. optimum placement 

for a given number of turbines. Based on this evaluation, it was observed that the proposed GRMWBO model is capable 

of improving power effi  ciency by 18.5%, reduce cost by 8.3%, and reduce number of wind-based generators by 2.9% when 

compared with various state-of-the-art models. It was also observed that the proposed model showcased consistent perfor-

mance under diff erent use cases. Thus, making it applicable for a wide variety of real-time deployments. 

   Keywords     Wind    ·  Farm    ·  Placement    ·  Generators    ·  Optimization    ·  Energy    ·  Cost    ·  Genetic    ·  HAWT   

      Introduction 

 Optimization of wind farms is a multi-domain task that 

involves analysis of wind characteristics, geographical 

positioning of wind-based generators, effi  ciency enhance-

ments, cost reduction, and repowering mechanisms. Typical 

components (Karoui et al.  2019 ) for cost eff ective optimiza-

tion are depicted in Fig.  1 , wherein micro sitting operations, 

cable layout connections, location of substations, compo-

nent selection, and voltage level selection operations are 

observed. These operations are individually modelled when 

designing new wind farms, or repowering existing farms. 

It has been observed that from year 2000 to 2022 the hub-

height has increased from an average of 58 m to 95 m, while 

average rotor diameter has increased from 49 to 150 m, due 

to which effi  ciency of generation has increased by over 25% 

cumulatively.         

 But due to cost constraints, it is diffi  cult to continuously 

repower these farms, which limits their power conversion 

effi  ciency and performance. To overcome these issues, a 

survey of diff erent repowering models (Zuo et al.  2021 ; 

Erlich et al.  2013 ; Yang et al.  2021 ) in terms of their design-

specifi c nuances, application-specifi c advantages, context-

specifi c limitations, and functional future research scopes 

is discussed in the next section of this text. Based on this 

discussion, it was observed that existing models apply static 

modelling techniques, which limits their scalability and usa-

bility for real-time deployments. For instance, some models 

propose use of resizing methods, which requires modifi ca-

tions in existing structures, while others recommend gen-

erator replacements, which increases cost per kW, thereby 
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reducing their usability for practical scenarios. To overcome 

this limitation, Sect. 3 proposes design of a novel general-

purpose repowering model via bioinspired optimization 

that uses Genetic Algorithm (GA) for optimum placement 

of generators to maximum power output, while minimizing 

deployment costs. The model was tested under diff erent sce-

narios, and its effi  ciency was compared in Sect. 4 with other 

optimization techniques. Based on this comparison, diff er-

ent hypothesises were derived, which will assist readers to 

identify optimization characteristics of the proposed model 

under real-time use cases. Finally, this text concludes with 

some interesting observations about the proposed model, 

and recommends application-specifi c methods to further 

improve its performance. 

    Literature review 

 Wind farm optimization is a relatively new area, thus most 

research is done for planning fresh deployments or extending 

their generation capabilities. For instance, work in Zuo et al. 

( 2021 ); Xu et al.  2021 ; Erduman et al.  2021 ) proposes Cross-

Substation Incorporation (CSI) for repowering, Stochastic 

Projected Simplex Model (SPSM), and Linear Optimization 

(LO) which consider diff erent wind farm confi gurations in 

order to estimate correct locations of generator units. These 

models are useful for immediate-analysis, but cannot be used 

to plan generation systems for long-term forecasting-based 

deployments. To overcome this limitation work in Paula 

et al. ( 2020 ) proposes use of Gradient Boosting (GB), Neural 

Networks (NN), and Random Forest (RF) models to estimate 

future load demands, and plan wind farms according to these 

demands. These models assist in improving effi  ciency of 

deployment via integrating future demands during compo-

nent selection, and placement operations. Similar models 

that use Particle Swarm Optimization (PSO) (Asaah et al. 

 2021 ), graph theory based parthenogenetic model (PGM) 

(Fu et  al.  2022 ), and superconducting magnetic energy 

storage model (Ngamroo  2019 ) are discussed by research-

ers. These models utilize Machine Learning (ML) methods 

to optimize performance for diff erent wind farm planning 

scenarios. 

 Optimizations can be further improved via use of continu-

ous monitoring and control (Zhang et al.  2020 ), impedance 

optimization of static synchronous compensator for miti-

gation of resonance (Zhang et al.  2021 ), hybrid grey wolf 

optimization (HGWO) with Frandsen-Gaussian (F-G) wake 

model (Tao et al.  2019 ), and Genetic Algorithm (GA) for 

overcurrent relay (OCR) optimization (Rezaei et al.  2019 ), 

which assist in continuous performance optimizations under 

diff erent real-time use cases. Extensions to these models are 

discussed in Tao et al. ( 2020 ); Huang et al. ( 2020 ), Huang 

et al. ( 2020 ), Deveci et al. ( 2020 ), which propose use of Bi-

Hierarchy Optimization (BHO), Analytical Target Cascad-

ing Method (ATCM), Hierarchical Active Power Control 

(HAPC), and bi-level optimization via determination of the 

best cable type with parallel cabling, which assists in opti-

mizing placement models. These models integrate diff erent 

high power optimization techniques to improve performance 

of wind farms via utilization of higher effi  ciency genera-

tors that can rotate with maximum fl uidity under real-time 

wind conditions. Similar models that use impedance tun-

ing (Jin et al.  2019 ), multiple feature Similarity Matching 

Method (MSMM) (Peng et  al.  2020 ), Model Predictive 

Control (MPC) (Huang et al.  2021 ), cost aware distribution 

and planning models (Sun et al.  2019 ), and Binary Most 

Valuable Player (BMVP) (Ramli and Bouchekara  2020 ) are 

discussed by researchers. These models utilize bioinspired 

computing to improve placement and energy performance 

under diff erent types of wind farm confi gurations. Due to 

use of bioinspired models, these methods require large-scale 

simulations before being deployed for real-time use cases. 

 Models that use Filters Optimized Tuning (Shojaei et al. 

 2021 ), wind farm self-discipline interval optimization (Yu 

et  al.  2020 ), Integrated Global Optimization Model for 

cable placements (Yu et al.  2020 ), and Improved Equiva-

lent Method (IEM) (Han et al.  2020 ) are discussed, which 

assist in improving large-scale deployment capabilities for 

diff erent wind farm applications. These models are extended 

via the work in Bao et al. ( 2021 ), Pérez-Rúa et al. ( 2020 ) 

wherein researchers have proposed use of Hierarchical 

Inertial Control Scheme using battery energy storage sys-

tem (BESS), and Mixed Integer Linear Program (MILP) for 

Global Optimizations are discussed, and deployed for real-

time use cases. These models are capable of designing static 

confi gurations, but cannot be extended for dynamic wind 

farm optimizations due to their limited parameter inclu-

sion capabilities. To overcome this limitation, next section 

proposes design of a General-Purpose Repowering Model 

for Wind Farms via Bioinspired Optimization via Genetic 

Algorithm (GA) based operations. The proposed model was 

  Fig. 1       Typical components for optimization of wind farms  
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also tested under diff erent deployment scenarios, and its per-

formance was compared with various state-of-the-art models 

for estimation of scalability w.r.t. various use cases. 

    Design of the proposed general-purpose 
repowering model for wind farms 
via bioinspired optimization 

 From the brief discussion about existing Wind Farm opti-

mization models, it can be observed that these methods 

deploy static modelling techniques, due to which they are not 

capable of incorporating long-term cost and environmental 

issues. This drawback limits their scalability, and reduces 

power to cost ratio when analyzed over longer temporal gen-

eration patterns. To overcome these issues, this section dis-

cusses design of the proposed novel general-purpose repow-

ering model that uses bioinspired optimization for designing 

long-term wind farm deployments. The proposed model is 

depicted in Fig.  2 , and initially uses a Genetic Algorithm 

(GA) that analyzes infl ow wind speed, height of hub, wind 

direction angle, horizontal-axis wind turbine (HAWT) rotor 

diameter, surface roughness, turbine effi  ciency, thrust coef-

fi cient, wake expansion rate and air density to estimate loca-

tion of generators.         

 From the fi gure, it can be observed that all specifi ca-

tions related to Generator, Environment, and Existing Site 

Deployments are processed via the Genetic Optimization 

model to select optimum generator locations. These loca-

tions are selected for minimum deployment costs, and 

maximum output power generation effi  ciency, thus making 

it useful for multiple farm sites. They are further analyzed 

via a Deployment Specifi c Hypothesis, which compares 

performance of selected wind farm layouts with current 

site requirements. Based on this selection, a parameter tun-

ing layer is activated which assists in incremental learning 

via continuous update of site specifi cations. To simplify 

the deployment process, proposed design is divided into 

multiple sub modules, which are described in diff erent sub 

sections of this text. Readers can refer these sections to 

deploy underlying model in part(s) or as a whole, depend-

ing upon their application-based requirements. 

   Design of the genetic optimization layer 
for identifi cation of generator locations 

 Parameters specifi c to newer generators including height of 

hub, horizontal-axis wind turbine (HAWT), rotor diameter, 

surface roughness, turbine effi  ciency, thrust coeffi  cient, 

and wake expansion rate are combined with Environmental 

specifi cations including infl ow wind speed, wind direction 

angle, and air density to train the Genetic Optimization 

Model for effi  cient positioning of turbines. To perform this 

task, the following process is used,

    •  Initialize the following design parameters of Genetic 

Algorithm,

    –  Number of processing Iterations (   Ni    )  

   –  Number of processing Solutions (   Ns    )  

   –  Learning Rate (   Lr    )  

   –  Average Wind Velocity (   Windv    )  

   –  Maximum rotor diameter (   Drotor    )  

   –  Effi  ciency of the turbines (   Eturbine    )  

   –  Maximum number of wind turbines available for 

deployment (   Max(W)    )  

   –  Initially mark all solutions as ‘to be modifi ed’     

   •  Go to each iteration in 1 to   Ni    

    –  For each solution in 1 to   Ns     , perform the following 

tasks,

    •  If the solution is marked as ‘not to be modifi ed’, 

then go to the next solution in sequence  

   •  Else, modify this solution via the following pro-

cess,

  Fig. 2       Overall fl ow of the proposed model  
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    –  Stochastically identify number of turbines (   NT     ) 

to be used for deployment via Eq.  1 ,

      

where,   STOCH     represents a stochastic Markovian 

process to generate numbers between the given 

ranges.  

   –  For each turbine in 1 to   NT     , stochastically select 

a slot (   Sloti     ) to deploy the turbine via Eq.  2 ,

        

   –  Based on this positioning, estimate wind direc-

tions for each turbine via Eq.  3  and  4 ,

      

      

where,   Gx, Gy     represents position of the genera-

tor,   wx, wy     represents X and Y wind directions for 

each turbine, while   WD     represents direction of 

wind at current site positions.  

   –  Based on these directions, compute modifi ed 

inflow speed (   New(W)     ), and velocity deficit 

weighted with partial area (   VD     ) for each wind 

generator are evaluated via Eqs.  5  and  6 ,

      

where,   XoverlapandYoverlap     represents overlap of 

current wind generator with other generators 

along the X and Y axis,   Width, Height     represents 

width and height of the generator,   D(W)     repre-

sents wind turbine diameter, while   WER     repre-

sents Wake Expansion Rates for diff erent wind 

generators.

      

where,   CT     represents thrust coeffi  cient, while   x, y     

represents positions of diff erent wind generators.  

   –  Based on this evaluation, estimate current gen-

erator velocity (   Gen(V)     ) via Eq.  7 ,

      

 (1)NT = STOCH
(
Max(W) ∗ Lr, Max(W)

)

 (2)Sloti =
∏

Sloti∈(
⋃i−1

j=1
Slotj)

STOCH(1, N(Slots))

 (3)wx = Gx ∗ cos(WD) + Gy ∗ sin(WD)

 (4)wy = Gx ∗ sin(WD) + Gy ∗ cos(WD)

 (5)New(W) =

(Xoverlap

Width
+

Yoverlap

Height

)
∗ D(W) ∗ WER

 (6)

VDi,j =
[
1 −

√
1 − CT

]
∗

D(W)2(
D(W)

+2 ∗ WER ∗
(
xi − xj

)(
yi − yj

) )2

 (7)Gen(V)i = Init(V)i ∗

⎡⎢⎢⎣1 −

√√√√ NT∑
j=1

New(W)i
∗ VD2

i,j

⎤⎥⎥⎦

where,   Init(V)     represents initial velocity of the 

generators.  

   –  Using this generator velocity, estimate power 

generated by the generator via Eq.  8 ,

      

where,   Ei     represents effi  ciency of the generator, 

and   𝜕AIR     represents air density that varies with 

diff erent wind farm scenarios.  

   –  Estimate cost of deploying via Eq.  9 ,

      

where,   C     represents cost constant, and is set to 

  C = 0.00174     , depending upon deployment cost 

of each turbine generator.  

   –  Estimate solution fi tness via Eq.  10 ,

           

   •  Evaluate this fi tness for each solution, and then 

evaluate iteration fi tness threshold via Eq.  11  as 

follows,

        

   •  Mark those solutions as ‘to be modifi ed’, where 

  fi > fth     , while mark other solutions as ‘not to be 

modifi ed’     

   –  Repeat this process for all iterations.     

   •  At the end of fi nal iteration, select solution with mini-

mum fi tness.    

 Based on the selected solution, simulate the deploy 

deployment, and estimate diff erent values of power and 

cost when generators are deployed at selected locations. A 

sample deployment can be observed from Fig.  3 , wherein 

out of 50 only 20 turbines were needed to generate optimum 

power levels and lower costs, when compared with its linear 

deployment counterparts. These confi gurations are further 

optimized via a deployment specifi c hypothesis layer, which 

is described in the next section of this text.         

    Evaluation of deployment specifi c hypothesis 
for incremental repository updates 

 The Genetic Optimization Model generates a combination 

of   Ns     confi gurations, which are selected by minimizing 

 (8)

Pi = Ei ∗ 0.5 ∗ 𝜕
AIR ∗

[
𝜋 ∗

HAWT2

2

]
∗
∑

V3

i

 (9)Cost = NT ∗
[

2

3
+

1

3
∗ exp

(
−C ∗ N2

T

)]

 (10)fi = Cost ∗
1000 ∗ NT∑NT

i=1
Pi

 (11)fth =

Ns∑
i=1

fi ∗
Lr

Ns
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solution fi tness. This solution fi tness for the fi nal iteration 

can be observed in Fig.  4 , as follows,         

 Based on this illustration, solution number 2, 4 and 6 

can be selected, as all of them have minimum fi tness lev-

els. To select an optimum solution from these, a deploy-

ment specifi c hypothesis is applied to these solutions. This 

hypothesis is applied via the following process,

    •  Let existing power generated by each generator via 

currently deployed and repowering Genetic Model be 

  P(C)andP(G)      

   •  Let existing number of wind generators currently 

deployed be   N(C)     , while number of generators recom-

mended by Genetic Model be   N(R)      

   •  Let existing cost per existing generator be   C(C)     , and cost 

per repowering generator be   C(R)      

   •  Based on these values, estimate a deployment factor (DF) 

for each solution generated by the Genetic Optimization 

Model via Eq.  12  as follows,

        

   •  Evaluate this value for each solution, and select the value 

only if the solution satisfi ed Eq.  13 ,

        

   •  If none of the solutions satisfy this equation, then regen-

erate new solutions by increasing number of iterations 

and number of solutions.    

 Based on this hypothesis, either a repowering confi gura-

tion is selected, or the Genetic Optimization Model is reiter-

ated to identify new solutions. Once a solution is identifi ed, 

then updated power and cost values are updated in the data-

bases. This is done via use of an incremental learning layer, 

which is discussed in the next section of this text. 

    Design of the incremental learning layer 

 Upon selection of an optimum solution for redeployment, 

new values for generation cost, number of generators, 

infl ow wind speed, wind direction angle, and air density are 

updated in the databases. New values are used during future 

operations, which will assist Wind Farm Designers to get 

an accurate estimation of cost needed and power generated 

during replanning process. The generation cost is updated 

via Eq.  14 ,

      

where,   GC(New), GC(Old), andGC(GA)     represents new 

generation cost, old generation cost, and generation cost 

given by the Genetic Optimization model under current 

deployment conditions. Similarly, number of generators are 

updated via Eq.  15 ,

      

where,   G     represents number of deployed generators. While, 

infl ow wind speed (IWP), wind direction angle (WDA), 

and air density (AD) are evaluated for each generator via 

Eqs.  16 ,  17  and  18  as follows,

      

 (12)DFi =
P(G)

P(C)
+

N(C)

N(R)
+

C(C)

C(R)

 (13)DFi > 3

 (14)GC(New) =
GC(Old) + GC(GA)

2

 (15)G(New) = G(Old) + G(GA)

 (16)IWS(New)i = IWS(Old)i ∗

G(New)∑
j=1

BPi,j

  Fig. 3       Sample wind farm deployment optimized with 20 turbines  

  Fig. 4       Fitness for diff erent solutions  
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where,   BPi,j     represents wind blocking probability for genera-

tor   i     by generator   j     , which is an indicative of the percentage 

of wind blocked by other generators.

      

where,   WDABi,j     represents wind direction blocking probabil-

ity at the required angle, by other generators.

      

where,   ADB     represents air density blocking probability for 

the current generator by other generators. Based on these 

new values, future planning operations can be performed 

with better effi  ciency under real-time farm-specifi c con-

straints. Due to these operations, performance of the pro-

posed model is improved when compared with various 

state-of-the-art methods. This performance is evaluated in 

the next section, wherein metrics including power effi  ciency, 

number of generators, and deployment cost are calculated 

for diff erent real-time scenarios. 

     Result analysis and comparison 

 The proposed model uses a combination of Genetic Opti-

mization with continuous performance updates in order to 

generate optimum layout confi gurations for diff erent wind 

farms. To estimate performance of the proposed model, 

power efficiency (PE), number of generators (N), and 

deployment cost (DC) were evaluated for various locations 

throughout the country. These locations along with their 

power capacity is tabulated in Table  1 , and each of these 

were simulated in MATLAB for performance evaluation 

under diff erent generator confi gurations.  

 These locations were simulated in MATLAB, and maxi-

mum number of generators (MaxG) was varied between 5 

and 50 for each of the locations. Values of PE, GN and DC 

were evaluated, and averaged for each of these locations 

to estimate real-time performance under diff erent genera-

tor confi gurations. Based on this strategy, power effi  ciency 

(PE) was evaluated via Eq.  19 , and tabulated in Table  2  as 

follows, 

      

where,   PG     represents power generated by the model, while 

  Max(P)     represents maximum power generation that is theo-

retically possible with the given wind farm confi gurations. 

 (17)WDA(New) = WDA(Old) +

G(New)∑
j=1

WDABi,j

 (18)AD(New) = AD(Old) −

G(New)∑
j=1

ADBi,j

 (19)PE =
PG

Max(P)  Based on this evaluation, and Fig.  5 , it can be observed 

that the proposed model is 4.9% power effi  cient than CSI 

(Zuo et al.  2021 ), 9.5% power effi  cient than PSO (Asaah 

et al.  2021 ), and 1.8% power effi  cient than HGWO (Tao et al. 

 2019 ), which is due to use of continuous optimization layer, 

that assists in incrementally improving power generation 

  Table 1       Locations used for simulation  

  Name    Location    Stn    Power (MW)  

  Jaisalmer wind park    Jaisalmer    RJ    1064  

  Dhalgaon windfarm    Sangli    MAH    278  

  Welturi    Welturi    MAH    75  

  Vaspet    Vaspet    MAH    144  

  Muppandal windfarm    Kanya Kumari    TN    1500  

  Vankusawade wind 

park  

  Satara District    MAH    259  

  Mamatkheda wind park    Mamat-kheda    MP    100.5  

  Brahmanvel windfarm    Dhule    MAH    528  

  Anantapur wind park    Nimba-gallu    AP    100  

  Damanjodi wind power 

plant  

  Daman-jodi    OD    99  

  Dangiri wind farm    Jaiselmer    RJ    54  

  Jath    Jath    MAH    84  

  Bercha wind park    Ratlam    MP    50  

  Acciona Tuppadahalli    Chitra Durga District    KA    56.1  

  Table 2       Power effi  ciency for diff erent Wind Farm Optimization mod-

els  

  MaxG    PE (%) 

 CSI (Zuo 

et al.  2021 )  

  PE (%) 

 PSO (Asaah 

et al.  2021 )  

  PE (%) 

 HGWO (Tao 

et al.  2019 )  

  PE (%) 

 GRM WBO  

  5    86.50    86.80    91.21    92.81  

  8    86.65    86.85    91.32    92.92  

  10    86.75    87.10    91.50    93.11  

  12    88.50    87.20    92.47    94.10  

  15    88.90    87.50    92.84    94.47  

  18    89.10    87.62    93.01    94.64  

  20    89.20    87.79    93.15    94.79  

  23    89.30    87.97    93.30    94.93  

  25    90.24    88.14    93.89    95.53  

  28    90.72    88.32    94.23    95.88  

  30    91.19    88.49    94.57    96.23  

  32    91.67    88.67    94.91    96.58  

  35    92.14    88.84    95.25    96.92  

  38    92.61    89.02    95.59    97.27  

  40    93.09    89.19    95.94    97.62  

  43    93.56    89.37    96.28    97.97  

  45    94.04    89.54    96.62    98.31  

  48    94.51    89.72    96.96    98.66  

  50    94.98    89.89    97.30    99.01  
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effi  ciency under diff erent generators. Similarly, Number of 

Generators (N) needed to obtain optimum power generation 

capability can be observed from Table  3 .          

 Based on this evaluation, and Fig.  6 , it can be observed 

that the proposed model requires 15.4% lower number 

of generators than CSI (Zuo et al.  2021 ), 27.5% lower 

number of generators than PSO (Asaah et al.  2021 ), and 

24.5% lower number of generators than HGWO (Tao 

et al.  2019 ), which is due to use of continuous optimiza-

tion layer, that assists in stochastically selecting number 

of generators for diff erent generator confi gurations. Simi-

larly, deployment cost (DC) for obtain optimum power 

generation capability can be evaluated via Eq.  20 , and can 

observed from Table  4 ,         

      

where,   CandC(Max)     represents cost of current deployment, 

and maximum theoretical cost via use of all generators. 

 Based on this evaluation, and Fig.  7 , it can be observed 

that the proposed model requires 9.5% lower cost than CSI 

 (20)DC =
C

C(Max)

80

85

90

95

100

5 8 10 12 15 18 20 23 25 28 30 32 35 38 40 43 45 48 50

CSI [2] PSO [8] HGWO [13] GRM WBO

  Fig. 5       Power effi  ciency for diff erent wind farm optimization models  

  Table 3       Number of Generators needed for diff erent Wind Farm Opti-

mization models  

  MaxG    N 

 CSI (Zuo 

et al.  2021 )  

  N 

 PSO (Asaah 

et al.  2021 )  

  N 

 HGWO (Tao 

et al.  2019 )  

  N 

 GRM WBO  

  5    5    5    5    4  

  8    8    8    8    6  

  10    9    10    9    7  

  12    12    12    12    9  

  15    14    15    14    10  

  18    16    17    16    12  

  20    18    19    18    14  

  23    22    23    22    16  

  25    24    25    24    18  

  28    26    27    26    19  

  30    29    30    29    21  

  32    30    31    30    22  

  35    34    35    33    25  

  38    36    37    36    27  

  40    39    40    38    28  

  43    42    43    41    31  

  45    43    44    43    32  

  48    46    47    45    34  

  50    49    50    48    36  

0
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5 8 10 12 15 18 20 23 25 28 30 32 35 38 40 43 45 48 50

CSI [2] PSO [8] HGWO [13] GRM WBO

  Fig. 6       Number of generators needed for diff erent wind farm optimi-

zation models  

  Table 4       Deployment cost for diff erent Wind Farm Optimization mod-

els  

  MaxG    DC (%) 

 CSI (Zuo 

et al.  2021 )  

  DC (%) 

 PSO (Asaah 

et al.  2021 )  

  DC (%) 

 HGWO (Tao 

et al.  2019 )  

  DC (%) 

 GRM WBO  

  5    84.59    86.87    89.82    93.33  

  8    84.72    87.02    89.96    93.48  

  10    85.26    87.38    90.53    94.07  

  12    85.88    87.81    91.19    94.76  

  15    86.13    88.04    91.45    95.03  

  18    86.27    88.19    91.61    95.19  

  20    86.40    88.34    91.75    95.34  

  23    86.74    88.61    92.11    95.71  

  25    87.18    88.92    92.57    96.19  

  28    87.49    89.17    92.90    96.54  

  30    87.81    89.42    93.24    96.89  

  32    88.12    89.68    93.58    97.24  

  35    88.44    89.93    93.91    97.59  

  38    88.76    90.18    94.25    97.93  

  40    89.07    90.43    94.58    98.28  

  43    89.39    90.68    94.92    98.63  

  45    89.71    90.93    95.26    98.98  

  48    90.02    91.19    95.59    99.33  

  50    90.34    91.44    95.93    99.68  
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  Fig. 7       Deployment cost for diff erent wind farm optimization models  
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(Zuo et al.  2021 ), 8.2% lower cost than PSO (Asaah et al. 

 2021 ), and 3.5% lower cost than HGWO (Tao et al.  2019 ), 

which is due to use of continuous optimization layer, that 

assists in stochastically selecting number of generators for 

diff erent generator confi gurations. Due to these performance 

improvements, the proposed model is applicable for repow-

ering a wide variety of wind farm deployments.         

    Conclusion and future work 

 The proposed GRMWBO Model uses a combination of 

Genetic Optimization with continuous parameter update which 

assists in estimating optimum locations of wind generators. 

These locations can be estimated for designing new wind 

farms, or can be used for repowering older wind farms. The 

model uses both generator-specifi c and environment-specifi c 

parameters that include height of hub, horizontal-axis wind 

turbine (HAWT) rotor diameter, surface roughness, turbine 

effi  ciency, thrust coeffi  cient, wake expansion rate infl ow wind 

speed, wind direction angle, and air density, to estimate opti-

mum generator locations. Due to which the model is capable 

of comprehensively determining generator locations for lower 

cost and higher power generation capability. The model was 

tested under a wide variety of wind farm confi gurations, and 

it was observed that the proposed model is 4.9% power effi  -

cient than CSI (Zuo et al.  2021 ), 9.5% power effi  cient than 

PSO (Asaah et al.  2021 ), 1.8% power effi  cient than HGWO 

(Tao et al.  2019 ), it requires 15.4% lower number of generators 

than CSI (Zuo et al.  2021 ), 27.5% lower number of generators 

than PSO (Asaah et al.  2021 ), 24.5% lower number of genera-

tors than HGWO (Tao et al.  2019 ), while, requires 9.5% lower 

cost than CSI (Zuo et al.  2021 ), 8.2% lower cost than PSO 

(Asaah et al.  2021 ), and 3.5% lower cost than HGWO (Tao 

et al.  2019 ), which is due to use of continuous optimization 

layer, that assists in stochastically selecting number of genera-

tors for diff erent generator confi gurations. These performance 

enhancements suggest that the proposed model must be used 

for large-scale deployments that either require fresh planning, 

or repowering with cost minimization, and power effi  ciency 

maximization under real-time conditions. In future, research-

ers can deploy enhanced GA Models, which will allow them to 

perform multiple objective optimizations. Researchers can also 

integrate deep learning models like Convolutional Neural Net-

works (CNNs), Recurrent NNs (RNNs), etc. to further improve 

placement effi  ciency under diff erent deployment use cases. 

       Data availability     Data sharing not applicable to this article as no data-

sets were generated or analysed during the current study.  
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