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Abstract  Wind farm design increasingly demands careful balancing of energy yield, wake effects, and economic 
costs to meet renewable energy targets affordably. This study develops a simulation-based optimization framework 
tailored to the Ngong Hills wind farm in Kenya. Using a Python-based genetic algorithm paired with the Jensen 
wake model, we evaluate four layout scenarios: homogeneous layouts of Vestas V52 (850 kW) and NREL 5 MW 
turbines, as well as mixed configurations combining these or mid-sized Vestas V66 (1.75 MW) and V90 (3.0 MW) 
turbines, across 800,000 m² site with realistic wind speed and direction distributions. The genetic algorithm 
optimized turbine placements while enforcing minimum rotor-diameter-based spacing and varying hub heights in 
the same wind farm to mitigate wake interactions. Results showed that homogeneous V52 and NREL layouts 
achieved comparable LCOE of $52/MWh, but required trade-offs between the number of turbines and spacing. A 
hybrid layout mixing V52 and NREL turbines achieved the lowest LCOE of $37/MWh and reduced wake losses by 
18.2%, highlighting the value of integrating heterogeneous turbines with staggered hub heights. In contrast, the 
V66+V90 layout, despite its higher AEP potential, suffered from increased wake interactions and capital costs, 
leading to an LCOE of $58/MWh. These findings show that a comprehensive economic evaluation, beyond 
assessing power output alone, proved essential to identifying truly optimal layouts. The mixed V52 + NREL 
configuration exemplifies how combining high-capacity turbines with densely packed smaller units can mitigate 
wake effects and minimize LCOE, outperforming homogeneous arrangements. These insights support a strategic 
layout and turbine design philosophy that considers site-specific wind characteristics, varied turbine types, and cost 
metrics to create more cost-effective and sustainable wind farms. 
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1. Introduction 

Wind energy has experienced rapid global growth, with 
onshore installations accounting for more than 90% of total 
wind power capacity. At the same time the global weighted-
average Levelized Cost of Energy (LCOE) for new onshore 
wind projects have fallen dramatically to approximately, 
$0.033 /kWh by 2021 [1], making design efficiency 
increasingly important. However, wind farm output can be 
significantly reduced by wake effects which lowers the 
capacity factor of downwind turbines and thus energy yield. 
Managing these wake interactions through optimal 
placement is therefore crucial and can be done through 
turbine spacing as a critical design factor to avoid 10–20% 
wake-induced losses [2].In practice, wind farm planners 
must choose turbine types, hub heights, and inter-turbine 

distances to maximize capture of the available wind 
resource while minimizing wake losses and costs. 

Recent research has applied metaheuristic algorithms 
like the genetic algorithms (GA), particle swarm, etc. to 
optimize wind farm layouts under various objectives. 
Most studies focus on maximizing annual energy 
production (AEP) or minimizing cost metrics [3]. Early 
work assumed uniform farms with identical turbines; 
however, more recent studies consider multi-type 
(“hybrid”) layouts. Reference [4] showed that non-
uniform offshore farms, with multiple turbine models and 
hub heights, can reduce LCOE if smaller turbines have 
lower capital cost per MW. Similarly, [5] found that 
layouts with larger turbines yield higher output but also 
higher cost per unit area. These insights suggest that larger 
turbines of high rated power and larger rotor diameters, 
capture more energy individually but create stronger 
wakes and entail higher capital expenditure (CAPEX) per 
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unit, whereas smaller turbines allow tighter spacing and a 
greater number of turbines. 

Moreover, optimizing both hub height and number of 
turbines is also important. For example, studies have 
found that increasing hub height and rotor size can 
improve capacity factor, which will however in turn 
increase cost and wake effects if not balanced by the 
number of turbines [3,6]. Incorporating LCOE into layout 
optimization has been shown to favor designs that balance 
high energy with moderate cost; for instance, adding more 
smaller turbines may improve capacity factor thus 
lowering lost energy; however, can increase overall LCOE 
if capital costs grow faster than AEP [4]. 

Recent advancements in wind farm layout optimization 
have increasingly emphasized the integration of 
heterogeneous wind turbines; varying in hub heights, rotor 
diameters, and models; to enhance energy production and 
reduce costs. This approach diverges from traditional 
homogeneous layouts by strategically leveraging turbine 
diversity to mitigate wake effects and optimize land use. 
For instance, [7] demonstrated that varying hub heights in 
the Manjil wind farm in Iran effectively reduced wake 
interactions, leading to improved AEP and lower 
electricity generation costs. Similarly, [8] introduced a 
computational fluid dynamics (CFD)-based Kriging model 
for wind farm layout optimization, enabling efficient 
evaluation of various turbine configurations, including 
different rotor diameters and hub heights, ultimately 
enhancing AEP while minimizing computational 
resources. In the offshore context, [4] investigated design 
optimization involving multiple types of wind turbines 
with varying rotor sizes, rated power values, and hub 
heights, demonstrating that heterogeneous turbine 
configurations could lead to more cost-effective offshore 
wind farm designs. Moreover, [9] developed a joint 
optimization model that simultaneously considered turbine 
placement and cooperative control mechanisms, indicating 
that such integrated approaches could significantly 
increase energy yields compared to traditional separate 
optimizations. Collectively, these studies emphasize the 
advantages of incorporating heterogeneous turbines in 
wind farm layouts, highlighting that strategic variation in 
turbine specifications and the integration of advanced 
optimization techniques can effectively mitigate wake 
effects, enhance AEP, and reduce the LCOE, leading to 
more efficient and cost-effective wind energy solutions.  

This paper builds on these concepts by explicitly 
comparing homogeneous and heterogenous layouts in an 
onshore case. We focus on the Ngong Hills wind farm site 
(800,000 m²) and four scenarios: (a) all Vestas V52 850-
kW turbines, (b) all NREL 5-MW turbines (c) a mixture 
of NREL-5MW and V52, and (d) a mixture of Vestas V66 
(1.75 MW) and V90 (3.0 MW) turbines. We use a GA 
with the Jensen wake model, a widely used analytic wake 
model for layout studies [2], to find optimal turbine 
placements. The study then compares energy yield and 
estimated LCOE across layouts, highlighting practical 
trade-offs in turbine selection and farm design. 

2. Theoretical Framework 

 

2.1. Wind Shear and Vertical Wind Profiles 
Wind speed in the surface layer typically increases with 

height. Wind shear, or the variation of wind speed with 
altitude, is a critical factor in wind energy assessment and 
turbine design, significantly influencing the power output 
and structural loads experienced by wind turbines [10]. 
One of the models used for the vertical wind profile 
extrapolation, is the power law, an empirical relation that 
extrapolates wind speeds between two heights using a 
shear exponent [11]. It is given by equation 1: 
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where u(z) is the wind speed at height z, ur is the reference 
wind speed at reference height zr, and α is the wind shear 
exponent.  

Accurate modelling of wind shear is essential for 
predicting turbine performance and optimizing wind farm 
layouts. Because α is constant, the power law does not 
explicitly account for stability or thermal stratification 
[12]. Empirically applied up to hub heights of 
approximately, 100–200 m [13], it tends to work 
reasonably in near-neutral or mildly unstable conditions, 
but can misestimate in strongly stable or complex terrain. 
Using a fixed α can introduce errors; therefore, many 
authors recommend using site- and time-specific α rather 
than a constant value [12]. Therefore, shear exponent 
value, α, used for the extrapolation of wind speed in this 
study is 0.2, since the site has tall vegetation cover [14]. 

2.2. Wind Power Generation 
The power available in the wind passing through the 

swept area of a turbine is given by the kinetic energy flux 
and is directly proportional to the cube of the wind 
velocity [1], as expressed in Equation 2: 

 31
2inP Avρ=  (2) 

where, A is the cross-sectional area of the turbines, V is 
the wind velocity and 𝜌𝜌 is the air density. 

However, only a fraction of this power can be extracted 
by a wind turbine. The total extractable power, Pi of the ith 
turbine is represented by equation 3: 

 ( ) 31 ,
2i i p iP A C vρ λ β=  (3) 

where, ρ is the air density, Ai is rotor swept area of the ith 
turbine, Cp (λ,β), power coefficient, which depends on 
the tip speed ratio λ and the blade pitch angle β, and vi is 
wind speed at the ith turbine. Cp is known as the Betz 
coefficient which defines the highest efficiency of any 
rotor disk type energy extracting device that is placed in 
the path of flow of a fluid. Using the concepts of 
conservation of mass, momentum, and energy, Albert 
Betz, postulated 59.3% of energy as the maximum 
extractable power for an ideal rotor from a mass of air 
that is incident at the turbine [15]. Relating equation 2 
and 3, Cp is defined as shown in equation 4: 
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The Annual Energy Production (AEP) of the wind farm 
is calculated by summing the energy produced by all 
turbines over their respective operating times, as shown in 
Equation (5): 

 1
N
i i iAEP P T== ∑ ×  (5) 

 Pi is the power output of the i-th turbine and Ti is the 
operating time of the i-th turbine. 

2.3. Wake Modelling 
Wake effects significantly impact wind farm 

performance by reducing wind velocity downstream of 
turbines, leading to notable power losses. Accurate 
modeling of these effects is essential for effective wind 
farm layout design and energy yield estimation. Wake 
models can broadly be categorized into computational (e.g., 
computational fluid dynamics) and analytical approaches. 
Computational models, while accurate, are often resource-
intensive and less suited for iterative layout optimization 
due to their high computational demands [16]. 

This study employs the analytical Jensen wake model, 
also referred to as the park model, for evaluating power 
losses induced by wake interactions. The Jensen model is 
a mass-conserving, empirical wake model that estimates 
velocity deficits downstream of a wind turbine using a 
linear expansion of the wake radius and a simplified 
momentum balance [17], as illustrated in equation 6: 
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where Vin (m/s) is the free stream incoming wind speed, 
Vx (m/s) is the velocity deficit, Ct is thrust coefficient, 

2x xD D k= +  and k is waking decreasing constant. In a 
farm, wake interaction reduces the wind velocity at 
downwind turbines, which we model using the Jensen 
“top-hat” wake model. In Jensen’s model the velocity 
deficit of a wake grows linearly with downstream distance; 
it is widely used for its simplicity and reasonable accuracy 
in layout optimization [18]. When compared to alternative 
analytical models, the Jensen wake model strikes an 
effective balance between simplicity and accuracy. It 
tends to underestimate wake intensity, leading to slightly 
optimistic power predictions, but remains sufficiently 
reliable for relative layout comparison [19]. The Frandsen 
model, which incorporates added turbulence, generally 
provides more conservative, yet computationally heavier, 
estimates tailored for structural-load analysis rather than 
energy optimization [20,21]. Meanwhile, the Bastankhah 
(Gaussian) model better captures near-wake structures and 
wake merging, offering higher fidelity in wake 
representation, albeit at a greater computational cost and 
requiring careful [18,5,22]. Given the compromise among 
model complexity, computational efficiency, and 
predictive accuracy, the Jensen model is well-suited for 
the current study. 

2.4. Cost Model 
In this study the turbine cost is estimated at $1.3M per 

MW rated capacity and the Operation Cost per year is 
estimated at $0.02 per kWh produced or $48,000 [23]. 

To simulate the annual energy generated and the 
levelized cost of energy, four different layout scenarios 
were considered.  

The present layout at the Ngong windfarm was 
considered as the baseline. The annual energy generated 
and the levelized cost of energy was computed for the four 
scenarios. LCOE represents the present value of total 
lifetime costs, comprising capital expenditure (CAPEX), 
fixed and variable operational and maintenance costs 
(O&M), divided by the total discounted energy generated 
over the facility’s lifespan. For economic evaluation, we 
compute the LCOE as [1]:  

 &Annualized CAPEX O MLCOE
AEP

+
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Annualized CAPEX converts the initial capital 
expenditure into a constant annual cost (using AEP), 
estimated as: 

8760ratedAEP P CF= × ×  

where CF is capacity factor (the fraction of rated power 
realized on average). Combining these, a common 
approximate formula is 
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where CRF is the capital recovery factor. In our analysis, 
we use a detailed cost model (including turbine and 
balance-of-plant costs) to compute LCOE for each layout 
scenario [1]. This enables direct comparison of the 
economic viability of different turbine configurations and 
spacings. 

3. Methodology 

This study aims to optimize wind farm layout at the 
Ngong Hills site to maximize AEP while simultaneously 
minimizing both wake losses and LCOE. It extends 
conventional layout studies by integrating turbine 
heterogeneity, including variations in hub heights and 
rotor diameters. 

3.1. Scenario Design and Turbine 
Specifications 

The study evaluates four distinct wind farm layout 
scenarios deployed across an 800,000 m² site, each 
differentiated by turbine types and configurations to assess 
their effects on AEP, wake losses, and LCOE. 

The existing layout at Ngong hills windfarms consists 
of 14 -Vestas (V52/850 kW) installed at 49 m; and 16-
Gamessa (G52/850 kW) at 55 m. The first scenario 
consists of a homogeneous array of Vestas V52 turbines 
(850 kW, 52 m rotor diameter), representing compact  
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installations optimized for high density and moderate 
efficiency. In the second scenario, a homogeneous layout 
of NREL 5 MW turbines with 126 m rotor diameter 
explores large-scale units positioned for broad spacing and 
high per-unit energy yield. The third scenario, a 
heterogeneous layout, which combines both turbine types 
used in the first and second scenario, i.e., V52 and NREL, 
leveraging the high energy capture of larger turbines and 
the density benefits of smaller ones. The fourth scenario 
features mid-sized Vestas V66 (1.75 MW, 66 m rotor) 
alongside larger Vestas V90 (3 MW, 90 m rotor) turbines, 
offering a further variant in turbine power and geometry 
without combining extremes. 

In these four scenarios the hub heights for all the 
layouts were varied. In selecting the optimal layout among 
the four scenarios, we prioritized configurations that 
demonstrated the best balance between high AEP, 
minimal wake-induced losses, and the lowest LCOE. Thus, 
for each scenario, the layout exhibiting high AEP, reduced 
wake deficits, and a favorable LCOE was chosen as the 
best-performing design. 

Incorporating turbine diversity, both in rotor diameter 
and consistently aligned hub heights, enabled exploration 
of vertical and horizontal staggering strategies. Such 
heterogeneity has been demonstrated in recent GA-based 
optimization studies to markedly reduce wake interference 
and improve farm-level AEP [7,24]. 

By uniformly applying GA-driven micro siting for each 
scenario, with consistent constraints and resource data, we 
directly evaluated the impact of turbine specification 
variations on performance metrics and economic viability. 

3.2. Genetic Algorithm Framework 
A Python-based GA was implemented to optimize 

turbine placements and heights, which followed the 
process presented in the following section. 

3.2.1. Encoding 
Each candidate layout in our GA is represented as a 

“genome” that specifies the (x, y) coordinates of each 
turbine and, when using mixed layouts, the turbine model 
and hub height. This structured encoding allowed the 
algorithm to adjust positions, select turbine types, and 
vary heights all within one unified framework. 

3.2.2. Population & Generations 
Initially, the algorithm creates 20 randomized layout 

designs, each represented as a unique "individual" in the 
population. As these layouts are generated, a rule is 
applied that enforces a minimum spacing, between 
turbines to prevent excessive wake interaction. This initial 
population evolves over successive generations, gradually 
improving as better-performing layouts were selected and 
bred. The GA was set to run for 20 iterations and the best 
layout with high AEP, low LCOE and minimum loses was 
selected as the best layout from each of the scenarios. 

3.2.3. Fitness Evaluation 
A composite fitness score which balances AEP, was 

modelled via the Jensen wake model, and LCOE. Wake 
losses were quantified using the Jensen wake model, 
summing the wakes of individual turbines. The LCOE was 

calculated by annualizing capital and operational 
expenditures per megawatt and dividing by the AEP. Each 
optimized layout was evaluated against the current layout 
at Ngong Hills to assess improvements in energy yield and 
cost effectiveness. 

3.2.4. Genetic Operators  
In a GA, crossover and mutation are essential for 

balancing exploration to find new layouts and exploitation 
which is done for the purpose of refining promising layouts. 
Their parameter settings significantly influence 
performance. We use single-point or uniform crossover 
with a high probability between 0.8 and 0.9, meaning that in 
each generation, 80–90% of offspring are generated by 
combining traits (coordinates, turbine type, hub height) 
from two parents. This high crossover rate enhanced genetic 
mixing and accelerates convergence toward high-
performing layouts. This aligns with best practices in layout 
optimization studies and software recommendations, for 
instance, the windfarm GA package suggests a crossover 
rate of 0.9 for effective turbine layout refinement [25]. 

Mutation was applied at a low rate of 1% (0.01), 
adapted from [26]. This involved randomly altering 
turbine coordinates and hub heights to introduce small 
random variations. This low mutation rate helped maintain 
diversity within the population, reducing the risk of 
premature convergence to suboptimal solutions. 

3.2.5. Selection & Elitism 
In each generation of the genetic algorithm, tournament 

selection was used to choose parents for crossover. This 
was done by selecting a small number of candidate layouts, 
in this case we randomly selected between 3 to 5 layouts 
from the current population to "compete." Within each 
tournament, the layout with the highest fitness, which had 
the criteria of being able to balance the variables of 
interest in this study, i.e., higher AEP, lower LCOE, and 
reduced wake losses was chosen as a parent [27]. 

This process repeated until 20 parent layouts were 
selected to generate the next generation. This method 
helped maintain selection pressure, with stronger candidates 
more likely to be chosen, while still allowing some chance 
for moderately fit layouts to contribute to genetic diversity. 
Studies show that tournament sizes in this range offer a 
good balance: too small leads to slow progress, while too 
large can cause premature convergence [28].  

To preserve the best-found designs, elitism was 
employed: the top 5–10% of layouts in this case the best 
one or two were carried over unchanged into the next 
generation. This guaranteed that superior solutions were 
never lost, providing stable evolutionary progress. Though 
elitism improves convergence speed, excessive elitism can 
reduce diversity and risk algorithmic stagnation. We 
ensured we kept elitism modest in order to strike the right 
balance [29].  

Together, tournament selection and elitism, ensured that 
each generation evolved stronger layouts while still 
retaining enough variety to explore new configurations. 

3.3. Wake Loss and Energy Simulation 
Wake interactions and AEP for every layout 

configuration were evaluated using the Jensen wake 
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superposition model, a top-hat analytical model 
recognized for its computational efficiency in iterative 
layout optimization. Despite the simplicity of its approach, 
where wake deficits are linearly superposed and 
downstream wind speed reductions are calculated based 
on wake expansion, this model reliably ranks layout 
performance and is thus well-suited for comparative 
assessment in GA-driven studies [30,31]. 

For each layout generated by the genetic algorithm, the 
model calculated the wake-induced velocity deficit for 
every turbine in relation to its upstream neighbors. These 
deficits were then cumulatively applied across all wind 
directions using a superposition method, allowing 
calculation of the effective wind speed at each turbine hub. 
AEP was subsequently estimated using the rotor power 
curve integrated over the probabilistic wind direction and 
speed distribution for the site. 

Ultimately, the Jensen-based AEP estimates fed into the 
economic model, enabling calculation of key performance 
metrics like wake losses and energy yield. These outputs 
then informed the algorithm’s fitness function and were 
used for comparative evaluation of layouts, keeping the 
methodology both rigorous and efficient. 

3.4. Economic Analysis and LCOE 
Calculation 

To accurately compare the economic viability of the 
various layout scenarios, this study employs the LCOE as 
a comprehensive metric. This normalized approach allows 
meaningful comparisons between configurations differing 
in number of turbines, rotor size, and overall capacity. 
Following methodologies outlined by NREL and industry 
best practices, Fixed O&M is modeled as a cost per kW-
year, while variable O&M is treated as a cost per kWh 
generated; both are scaled to turbine capacity in line with 
typical industry assumptions. 

By summing annualized costs and dividing them by 
AEP, LCOE captures the true cost per megawatt-hour of 
delivered energy. This enabled a fair comparison across 
turbine types and layouts, such as homogeneous V52 
arrays versus mixed V52+NREL configurations.  
Adopting LCOE thus ensured that our optimization 
framework balances not only energy yield and wake 
interactions, but also economic return, resulting in layouts 
that maximize output while remaining financially sound 
for long-term energy planning 

3.5. Comparative Performance Evaluation 
The optimized layouts were rigorously benchmarked 

against the existing Ngong Hills configuration using key 
performance indicators: percentage improvement in AEP, 
reduction in wake losses, and changes in LCOE. AEP gain 
aimed to quantify the enhanced electricity generation 
potential, while wake loss reduction indicates improved 
aerodynamic efficiency through better turbine spacing or 
staggering. LCOE comparison reflects the economic 
impact of layout adjustments by evaluating annualized 
costs per megawatt-hour across scenarios. These metrics 
facilitated a comprehensive assessment of layout 
performance. 

This evaluation framework follows the approach of [8], 

who optimized offshore wind layouts by correlating 
turbine placement with AEP and cost outcomes, and [32], 
who validated heterogeneous layout strategies using 
similar metrics within their CFD-Kriging genetic 
algorithm framework papers. By adopting these rigorous, 
site-specific measures, our study provides a robust 
analysis of how heterogeneity in rotor diameter, hub 
height, and turbine type affects both energy yield and cost 
efficiency in the wind farms. 

4. Results  

4.1. Turbine Layouts 
Downstream turbines were strategically elevated above 

upstream turbines, enabling the GA’s adaptive search to 
exploit vertical wind shear and minimize wake-induced 
energy losses. Through this evolutionary process, the 
algorithm converged on a vertically staggered hub-height 
configuration, positioning turbines at progressively greater 
elevations to optimize performance. Over 20 generations, 
the GA converged on a refined layout, featuring 16 Vestas 
V52 turbines; eight installed at 45 m and another eight at 
45 m, as well as seven NREL 5 MW turbines placed at 
90 m. The final optimized arrangement, which balances 
turbine type, placement, and hub height to maximize AEP 
and minimize wake and cost, is depicted in Figure 1. 

 
Figure 1. V52 and NREL Turbines Layout in Rows 

When the optimized layout, comprising 16 Vestas V52 
turbines plus seven NREL 5 MW turbines, was 
repositioned from rigid rows into a staggered pattern, the 
GA revealed a noticeable AEP improvement of 3.7%. The 
resulting layout is illustrated in Figure 2.  

The improvement in the AEP could be attributed with 
geometrical reordering which introduced alternating 
horizontal offsets between turbines, increasing wind 
exposure for downstream turbines. Based on comparative 
studies, staggered arrangements typically yield between 
1.2% and 8.7% AEP gains, relative to aligned layouts with 
identical turbine types and spacing [32]. Specifically, 
vertically and horizontally staggered farms, similar to our 
mixed hub-height layout presented, have shown to 
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outperform uniform row configurations by approximately 
5.4% in AEP in controlled simulations [33] The hub 
height of wind turbines plays a critical role in determining 
both energy production and power losses due to wake 
effects in wind farms. Taller hub heights typically access 
stronger and more consistent wind speeds, which can 
increase AEP. However, they also influence wake 
interactions between turbines, potentially amplifying 
power losses in downstream turbines. 

The optimized performance of various turbine 
configurations is summarized in Table 1. 

 
Figure 2. Staggered V52 and NREL Turbines Layout 

Table 1. Performance summary 

Layout No. of 
Turbines 

Total 
CAPEX 

($) 

AEP 
(GWh) 

Wake 
losses 
(%) 

LCOE 
($/MWh) 

V52 and 
G52 30 30.0 M 60 28 62 

Vestas 
V52 45 45.0 M 92 18.3 52 

NREL- 
5MW 7 31.5 M 86 18.5 52 

V52 and 
NREL 23 38.0M 170 18 37 

V66 and 
V90 20 45.0 M 158 22 58 

4.2. Wake Losses and Annual Energy 
Production (AEP) 

Simulation of the turbine layout was conducted under 
the assumption that all the turbines were operational, 
enabling an evaluation of the annual energy yield. The 
optimization significantly reduced wake losses across all 
modelled scenarios compared to the existing layout. 
Figure 3 illustrates the results from the simulation.  

The current Ngong Hills configuration suffered from a 
28% wake-related loss, yielding an AEP of 60 GWh and 
an LCOE of $62/MWh. When replaced with a 
homogeneous Vestas V52 layout (850 kW, 52 m rotor), 
wake losses dropped to 18.3%, boosting AEP to 92 GWh 
and reducing LCOE to $52/MWh. This trend aligns with 
findings by [7], who reported that layouts with uniform 
hub heights and tighter spacing still benefitted when 
optimized for turbine placement. Further, these findings 
align with broader industry observations where, reducing 

wake interaction effectively increases AEP, especially 
when turbines are uniformly sized and optimized for 
precise spacing, as shown in various layout optimization 
studies [8,34]. In the V52 layout, enhanced inter-turbine 
spacing and alignment with prevailing wind directions 
significantly diminished wake overlap, thus increasing 
energy capture and reducing overall cost per unit energy. 

Similarly, the homogeneous NREL 5 MW layout 
exhibited 18.5% wake losses and achieved AEP of 
86 GWh, with an LCOE equivalent to that of the V52 
layout. The marginally lower AEP compared to the V52 
only highlights the tradeoff between turbine scale and 
spacing constraints, larger turbines extract more power per 
unit but create stronger wakes, as also observed by [4]. 

 
Figure 3. AEP Generated for different Wind Farm Layouts 

4.3. Mixed-Turbine Layout Performance 
The most striking outcome emerged from the hybrid 

configuration combining Vestas V52 and NREL 5 MW 
turbines, this design drastically reduced wake losses to 
18.2%, increased AEP to 170 GWh, and achieved the 
lowest LCOE of $37/MWh. This result demonstrates the 
value of vertical staggering and mixed turbine sizing in 
wake mitigation; confirming similar conclusions by [8], 
who employed CFD-based surrogate models to show 
heterogeneous layouts yielded significantly higher energy 
capture compared to uniform alternatives. 
Conversely, the mixed V66 + V90 configuration, which 
paired mid-size and large turbines, attained an AEP of 
158 GWh with 22 % wake losses; resulting in an LCOE of 
$58/MWh. Although this scenario offered substantial 
energy gains, its cost-effectiveness was slightly less 
optimal than the present configuration at the Ngong wind 
farm. This finding resonates with literature by [34], who 
noted that mixing turbines can improve energy output, but 
LCOE benefits depend on the cost-to-AEP ratio of each 
turbine model. 

4.4. Levelized Cost of Energy Implications 
The LCOE for the different layouts was calculated and 
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the results are presented in the Figure 4. The layout with 
Vestas V-52 and NREL-5MW, showed low annual 
levelized cost of energy.  

 
Figure 4. Levelized Cost of Energy 

When comparing layout scenarios by incorporating 
LCOE, AEP, and wake losses, LCOE reductions across 
scenarios point to compelling economic benefits from 
layout optimization. The homogeneous V52 and NREL 
layouts each achieved a LCOE of $52/MWh, representing 
about a 16% reduction from the existing layout’s 
$62/MWh. Most notably, the V52 + NREL scenario saw a 
dramatic LCOE reduction, by ~40%, emphasizing, how 
strategic turbine diversity and intelligent placement can 
significantly improve cost-efficiency. This aligns with 
global trends in wind farm design, where blended turbine 
strategies yield 10–15% LCOE reductions [7]. 

5. Discussion 

The results illustrate a clear interplay between the 
number of turbines, layout design, and cost-effectiveness. 
Homogeneous arrays of small turbines, such as 45 Vestas 
V52 turbines, offered the highest AEP by leveraging the 
high number of turbines. However, this increased turbine 
density also resulted in elevated capital expenditure per 
megawatt (CAPEX), ultimately leading to a relatively 
high LCOE. Conversely, the homogeneous NREL 5 MW 
layout, despite having fewer turbines, achieved nearly 
similar AEP with significantly lower installed capacity, 
indicating superior per-turbine energy capture and reduced 
capital cost intensity. 

The mixed V52 + NREL layout emerged as the most 
cost-efficient configuration, achieving the lowest LCOE 
of $37/MWh while maintaining moderate wake losses 
(~18%). This hybrid design illustrates how mixing turbine 
models and rotor sizes can yield both high energy output 
and minimized cost, balancing generation and economic 
metrics effectively. In contrast, the mixed V66 + V90 
layout incurred higher wake losses (22%) and recorded a 
higher LCOE of $58/MWh. This was driven by the 
premium cost of V90 turbines and increased wake-
induced deficits, showing that larger turbines only yield 
economic benefits when mitigated by spacing and 

optimized placement. 
These findings are consistent with prior research 

indicating that heterogeneous turbine arrangements, 
especially combining differing rotor diameters and hub 
heights, can reduce LCOE by approximately 5–10%, 
particularly in compact configurations [7]. In complex 
terrain, mixed layouts have outperformed uniform designs 
by optimizing wake recovery and energy capture [35]. 
Fundamentally, while homogeneous layouts offer 
simplicity in implementation, they often cannot exploit 
synergies between energy output and cost savings. Mixed 
configurations, though logistically more complex to 
design and maintain, enable more efficient space 
utilization and wake mitigation. 

Rotor size also plays a crucial role in wake dynamics. 
Larger rotors like those on NREL 5 MW and V90 turbines 
generate broader wakes, necessitating wider spacing that 
increases land use and implementation cost. Smaller rotors, 
such as those on V52 and V66 turbines, enable denser 
placements but lead to cumulative wake interactions, 
which, if not properly optimized, can erode performance 
gains. The results suggest a hybrid placement strategy: 
positioning larger turbines in high-wind corridors and 
smaller units in upwind-interstitial zones, solidifying the 
advantage of mixed layouts when turbine cost ratios favor 
smaller units [35]. 

The incorporation of an explicit LCOE model proved 
critical: while maximizing AEP remains important, cost-
effective designs may diverge, particularly since the 
homogeneous V52 layout slightly outperformed NREL in 
energy yield but resulted in significantly worse LCOE. 
Similarly, past studies emphasize that maximizing AEP 
alone, without accounting for cost, can mislead layout 
decisions [4,8]. 

6. Conclusion  

This study presented a simulation-driven analysis of 
wind farm layout optimization at Kenya’s Ngong Hills 
site, with a focus on maximizing AEP, minimizing wake 
losses, and reducing LCOE. Employing a Python-based 
GA, in conjunction with the Jensen wake model, four 
distinct layout scenarios: homogeneous layouts of small 
(Vestas V52) and large (NREL 5 MW) turbines, and two 
heterogeneous layouts (V52 + NREL, and V66 + V90), 
were evaluated over an 800,000 m² site. 

Optimization results demonstrated that the 
heterogeneous V52 + NREL layout delivered the best 
economic and performance outcomes, achieving the 
lowest LCOE at approximately $37/MWh, while 
maintaining wake losses around 18% and yielding an AEP 
of approximately 170 GWh/year. The V66 + V90 
configuration, though offering competitive AEP (158 
GWh), encountered higher wake losses, illustrating the 
impact of turbine cost and aerodynamic spacing. These 
findings show that while homogeneous configurations 
simplify planning, mixing turbines of differing rotor 
diameters and hub heights provides a valuable mechanism 
to reduce wake interference and improve cost-efficiency.  

Ultimately, the incorporation of economic metrics, 
rather than focusing solely on power yield, proved 
essential to identifying truly optimal layouts. The mixed 
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V52 + NREL scenario demonstrates that blending turbine 
types allows farms to exploit the advantages of large 
turbines’ high per-unit output and small turbines’ density, 
while mitigating downsides of wake interference and high 
per-unit cost. 

From a policy and design perspective, these results 
support a design philosophy that assesses site-specific 
wind regimes and cost structures, incorporates 
heterogeneous turbine mixes, and prioritizes economic 
performance alongside energy yield. For wind energy 
development in Kenya and other emerging regions with 
constrained land or capital, such an integrative approach 
could significantly improve the viability and sustainability 
of future wind projects. 
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