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ABSTRACT 

This study evaluates wind resource characteristics, wake effects, layout optimization, uncertainty, and 

operational strategies using long-term hourly wind data (2010 - 2019) and a one-year validation dataset from 

the year 2022. The power loss is analyzed using the Jensen wake model, and simulation for power output done 

with simulations in PYTHON®. The most frequent wind speeds occur within the 4 - 6 m/s range, with a mean 

extrapolated hub-height wind speed of 9.38 m/s at 50 m. The shape and scale parameters were k = 3.29 and c = 

9.81 m/s, corresponding to a Betz-adjusted extractable power of 509 W/m², classifying the site as Wind Power 

Class V at 50 m. Wake modelling showed that the existing layout experiences wake losses of 28.2%, reducing 

the no-wake Annual Energy Produced (AEP) from 61.86 GWh to 44.41 GWh. Genetic Algorithm-based layout 

optimization aligned turbine spacing with the dominant wind direction (≥4D along-wind and ≥3D cross-wind), 

reducing wake losses to 23% and yielding an approximate 5% AEP improvement. Sensitivity analysis 

demonstrated that ±0.02 variations in the wind shear exponent result in 6–8% changes in AEP, while ±10% 

perturbations in the Weibull scale parameter produce energy yield variations exceeding ±15%, magnitudes 

comparable to wake-loss reduction gains. Further, approximately 27% of annual hours occur at wind speeds 

below 6 m/s, primarily during May-August, as well as during nocturnal and early-morning hours (2100hours - 

0300 hours). Maintenance scheduled within these low-wind windows incurs only about 15% of the energy loss 

associated with maintenance conducted at mean wind conditions, corresponding to an estimated 85% reduction 

in maintenance-related energy losses. The results demonstrate that maximizing energy yield at Ngong Hills 

requires a combined strategy integrating aerodynamic layout optimization, uncertainty-aware modelling, and 

wind-aware maintenance scheduling. 

Keywords: Annual Energy Produced; Jensen Wake Model; Maintenance Scheduling; Sensitivity Analysis; 

Wind Farm Optimization; Wake Effects.  

Abbreviations 

AEP Annual Energy Produced 

ALIN Arid Lands Information Network  

CI confidence Intervals  

GA Genetic Algorithms 

GIS Geographical Information System 

GWEC Global Wind Energy Council  

IEC International Electrotechnical Commission 
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IPCC Intergovernmental Panel on Climate Change  

IRENA International Renewable Energy Agency 

ITCZ Intertropical Convergence Zone  

KenGen Kenya Electricity Generating Company 

LES Large Eddy Simulation  

Vci Cut-in-speed 

Vco Cut-out-speed 

Vr Rated-speed 

WRF Weather Research and Forecasting 

INTRODUCTION 

The growing global concern over accelerated atmospheric warming driven by greenhouse gas emissions, 

environmental pollution, and the long-term sustainability of energy resources has intensified interest in 

renewable and environmentally friendly energy systems. Renewable energy sources, including solar, wind, 

hydropower, geothermal, and biomass, are increasingly recognized as viable and sustainable alternatives to 

fossil-fuel-based energy systems due to their low carbon emissions and widespread availability [19], [33]. 

Among these, wind energy has experienced significant technological advancement and widespread adoption, 

supported by improvements in turbine design, power electronics, and energy conversion systems [65]. The 

rapid technological maturity and declining costs of wind power have enabled large-scale deployment, allowing 

wind energy to contribute a substantial share of national electricity generation in several countries [25], [50]. 

However, wind power output is inherently dependent on meteorological and geographic conditions, leading to 

variability and intermittency that are more pronounced compared to some renewable sources such as 

hydropower. The increasing penetration of wind energy into global electricity markets has resulted in growing 

volumes of variable renewable generation being integrated into existing power grids. Consequently, concerns 

have emerged regarding the capability of conventional grid infrastructure to efficiently manage high shares of 

renewable energy [13]. Given the intermittent nature of wind resources, ensuring grid stability, reliability, and 

system security has become a critical consideration in modern power system planning and operation [46], [74]. 

Over the years, a large percentage of Kenya’s electric power comes from hydropower plants, which accounted 

for 45.42% of the total installed capacity in 2020 [52]. Kenya’s energy strategy emphasizes the expansion and 

integration of diverse renewable energy resources; including hydro, geothermal, solar, and wind as part of its 

approach to achieving national power generation targets and transitioning away from fossil fuels toward a 

cleaner energy mix [21]. 

Wake effects are recognized as one of the most significant factors limiting energy yield in wind farms, 

accounting for losses ranging between 5% and 25% depending on turbine spacing, layout, atmospheric 

stability, and terrain complexity [48], [65]. Wake effects arise when upstream turbines extract kinetic energy 

from the wind, resulting in velocity deficits and increased turbulence intensity downstream, which 

subsequently reduce power output and increase structural loading on downstream turbines [41], [71].  

Optimization studies at the global level increasingly employ multi-objective frameworks that balance Annual 

Energy Production (AEP), wake losses, turbine fatigue loads, and economic metrics. Methods such as genetic 

algorithms (GA), particle swarm optimization, and gradient-based approaches have been applied to optimize 

turbine layouts and spacing under wake effects. Recent findings indicate that optimized layouts can improve 

AEP by 5–15% compared to conventional aligned layouts, particularly in large wind farms [49], [57].  
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At the regional level, studies across Africa and East Africa highlight the continent’s significant wind energy 

potential while noting persistent challenges related to wake effects in complex terrain and data-scarce settings. 

Many wind farms operate under suboptimal layouts due to terrain constraints, land-use limitations, and early 

planning approaches that did not adequately consider wake interactions, with wake losses in African wind 

farms generally range from 8% to 20%, with higher losses in closely spaced turbines and ridge-top 

installations, while limited region-specific validation using long-term operational data continues to constrain 

confidence in yield estimates and optimization strategies [10]. Integrating mesoscale atmospheric models such 

as the Weather Research and Forecasting (WRF) model with microscale wake models has improved AEP 

predictions by capturing site-specific wind regimes more accurately [66].   

In Kenya, GIS-based analyses have identified several regions with favourable wind potential; however, they 

note that complex topography and land constraints significantly influence turbine placement and wake 

behaviour [9]. The Ngong Hills Wind Farm, Kenya's first grid-connected wind power station, has undergone 

several expansions since its initial commissioning in 1993. As of 2014, its capacity reached 25.5 MW, with 

plans for further expansion. The site's selection was based on favourable wind regimes observed over a 14-year 

period, supplemented by data collected between 2006 and 2007, which confirmed its suitability for wind 

energy generation [37].  

Despite its strategic importance as one of Kenya’s pioneering wind energy projects, the Ngong Hills Wind 

Farm, with an installed capacity of approximately 25.5 MW, produces only about 12 GWh of electricity 

annually, a relatively modest output that suggests a capacity factor substantially below what is technically 

feasible given the site’s wind resource potential [1], [39].  Feasibility data from early development indicated 

that a 5.1 MW portion of the site alone could generate up to 14.9 GWh per year, pointing to a performance gap 

that may be attributable in part to wake-induced losses and sub-optimal turbine arrangements under the farm’s 

realistic wind conditions [36], [39]. With plans underway to expand Ngong’s capacity through additional 

phases, there is a timely opportunity to reassess existing layout and control strategies to minimize wake 

interference and increase AEP. Therefore, a focused analysis of wake effects under realistic local wind regimes 

is essential for identifying aerodynamic performance losses and for developing evidence-based optimization 

approaches that can enhance energy yield, improve grid contribution, and align Ngong’s output more closely 

with its resource endowment and Kenya’s renewable energy expansion goals. 

Furthermore, wind farm performance optimization has traditionally emphasized layout design to reduce wake 

losses and maximize energy capture, with recent studies demonstrating significant gains in AEP through 

optimized turbine placement and algorithm selection which includes comparative analyses of layout 

optimization methods showing measurable improvements in wake loss mitigation [62]. However, while such 

layout-centric approaches are effective at the design stage, their practical impact for operational wind farms is 

often limited by physical constraints and site lock-in, leaving operational decision variables, such as 

maintenance scheduling unaddressed in the energy optimization context. Although research on maintenance 

scheduling for wind turbines has explored strategies to reduce downtime and maintenance costs, most of this 

work remains cost- or reliability-focused rather than integrated with wind conditions and energy production 

optimization for instance preventive maintenance planning that includes potential production loss impact [70].  

This study fills this gap by explicitly quantifying and integrating maintenance scheduling as a first-order 

energy optimization parameter within a unified framework that also incorporates aerodynamic layout 

optimization and uncertainty-aware wind–wake modelling.  

Theoretical Principles 

Vertical Wind Shear: Power Law vs Log Law 

This is a variation of wind speed with elevation, and describes the change in wind speed as it varies with the 

height above the ground [34]. To account for differences in measurement heights of the incoming average 

wind speeds, a wind shear correction was applied for each site, taking into consideration the hub heights of the 

wind turbine tower. The relationship between wind speed and height can be evaluated using either empirical or 

theoretical formulations. One commonly applied approach is the power law model [45], expressed in Equation 

(1) 
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𝛾

        ………………………….  (1) 

where v2 and v1 are wind speeds at heights h2 and h1, and γ is the wind shear exponent, which defines the 

variation of wind speed with height.  

Alternatively, vertical wind shear can be evaluated using the logarithmic wind profile, which explicitly 

accounts for surface roughness effects through the roughness length parameter, (z₀) [34] expressed as equation 

2: 

 
𝑣2

𝑣1
= 

𝑙𝑛(ℎ2/𝑧0)

𝑙𝑛(ℎ1/𝑧0)
       ………….……………………           (2) 

Recent comparative studies show that while the log law performs better under neutral atmospheric stability, the 

power law is widely used due to its simplicity, and remains robust for inland sites [48], [66].  

The vertical wind shear is an important design parameter, as it directly determines the overall productivity of a 

wind turbine on a tower of certain height. The shear exponent value used for the extrapolation of wind speed is 

0.2, since the site has tall vegetation cover [45]. The wind speeds measured at 10 m height were extrapolated 

using to shear exponent to 50m heights which is the turbine hub heights at the site. 

Wind Distribution  

Wind speed is a stochastic quantity. The wind speed for any specified location is represented by density 

functions. The most common being the Weibull distribution, whose probability density function pd(v) is given 

in equation 3 as: 

𝑝𝑑(𝑣) =  
𝑘
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𝑐
)
𝑘−1

. 𝑒
(−(
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)
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)
           ………………… (3) 

where v is the wind speed and c and k are the scale and shape parameters, respectively; the parameter k 

determines the shape the curve takes and c determines the curve distribution [34]. To analyze a wind regime 

through the Weibull distribution, it is essential to compute the Weibull parameters k and c. 

Wind power density, Pd is estimated from the Weibull wind speed distribution [11]: 

𝑃𝑑 = 
1

2
𝜌𝑣3𝛤 (1 +

3

𝑘
)          …………………. (4).  

where, 𝚪, is the Gamma function. 

2.3 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 [64], as expressed in Equation (5): 

              𝑃𝑖𝑛 = 
1

2
𝜌𝐴𝑣3                     (5) 

where, A is the cross-sectional area of the turbines, V is the wind velocity and 𝜌 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 6: 

 𝑃𝑖 = 
1

2
𝜌𝐴𝑖𝐶𝑝(𝜆, 𝛽)𝑣𝑖

3   ………..   (6) 

Where, ρ is the air density, Ai is rotor swept area of the i-th 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 i-th turbine. Cp is known as the 
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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 [34]. Relating equation 5 and 6, Cp is defined as shown in equation 7: 

𝐶𝑝 = 
𝑃𝑜𝑢𝑡

𝑃𝑖𝑛
              (7) 

The AEP of the wind farm is calculated by summing the energy produced by all turbines over their respective 

operating times, as shown in Equation (8): 

𝐴𝐸𝑃 =  ∑ 𝑃𝑖 × 𝑇𝑖
𝑁
𝑖=1                    (8) 

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

Wind Variability  

Wind variability arises from turbulence across a wide range of spatial and temporal scales, as well as from 

diurnal, seasonal, and interannual atmospheric processes, which together make accurate prediction of energy 

capture and the provision of a stable power supply to the grid challenging. Near-surface turbulence and the 

statistical properties of wind, including rapid short-term fluctuations, strongly influence instantaneous power 

output and contribute to increased structural fatigue loading on wind [31]. In addition, local factors, 

particularly terrain/topography and surface roughness associated with vegetation and built environments, 

significantly modify both the mean wind speed and turbulence structure, leading to substantial spatial 

variability in wind characteristics between sites [8]. Wind direction is also non-stationary, exhibiting gradual 

meandering and abrupt shifts over short and long timescales, which can result in yaw misalignment and 

sustained performance uncertainty ranging from minutes to entire seasons [18]. 

Turbulence intensity 

Atmospheric turbulence arises from the dissipation of kinetic energy in the moving air into thermal energy 

because of rapid, irregular fluctuations of wind velocity; these fluctuations produce strong short-term 

variations in instantaneous wind speed even when the hourly (or longer) mean wind speed is relatively steady 

[59]. Turbulent inflow strongly affects turbine power, wake recovery and structural loads, and is therefore a 

critical parameter in wind-farm design and operations [63], [69].  

Turbulence intensity (TI) quantifies the strength of turbulent fluctuations and is defined as the ratio of the 

standard deviation of wind speed to the mean wind speed, expressed as: 

𝑇𝐼 =  
𝜎𝑣

𝑣̅
  …………………………. (9) 

Where, 𝒗̅ is the mean wind speed and σv is the standard deviation of wind speed computed as: 

𝜎𝑣 =  √
1

𝑁−1
∑ (𝑣𝑖 − 𝑣̅)2
𝑁
𝑖=1 ………………………………… (10) 

with N the number of samples and vi the sample at interval i [43].  

TI varies in space and time because of surface roughness, topography, atmospheric stability (thermal 

stratification), and mesoscale systems. Small changes in these factors can produce large changes in TI, which 

explains the strong site dependence and the need to measure or model TI carefully for hub-height assessments. 

Mesoscale and LES models can estimate TI but have known biases and should be validated against 

observations [43], [59]. Field and CFD/LES studies show that higher incoming TI typically speeds wake 

recovery (reducing velocity deficit downstream) but increases unsteady loads and fatigue on turbine 

components an important aspect for both layout and maintenance planning  [63], [69].  
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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 and analytical 

approaches. Computational models, while accurate, are often resource-intensive and less suited for iterative 

layout optimization due to their high computational demands [58]. 

This study employs the analytical Jensen wake model, to account for wake effects, which are the reductions in 

wind speed and increases in turbulence caused by upstream turbines affecting downstream turbines. This 

model builds upon prior research [28], [54]. The schematic representation of the Jensen wake model is 

illustrated in Figure 1.  

 

Figure 1: The Schematic representation of the Jensen Wake Model [54]. 

As illustrated in Figure 1, which presents a schematic representation of the Jensen wake model [54], the 

turbine wake is assumed to expand linearly with downstream distance from the rotor. This expansion is 

governed by a wake decay constant, α which reflects the influence of atmospheric conditions and surface 

roughness on wake recovery. The wake radius 𝑟𝑥  at a downstream distance 𝑥 from the turbine, relative to the 

rotor radius 𝑟0, is expressed as:  

                                𝑟𝑥 = 𝑟0 + 𝛼𝑥    ……..     (11) 

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 [32] as 

illustrated as: 

 𝑉𝑥 = 𝑉𝑖𝑛 [{1 − (1 − √1 − 𝐶𝑡) (
𝑟𝑜

𝑟𝑥
)
2

}]        …… (12) 

where Vin (m/s) is the free stream incoming wind speed, Vx (m/s) is the velocity deficit, Ct is thrust coefficient 

of the turbine.  

Uncertainty and Sensitivity in Wind Resource and Wake-Based Energy Assessment 

Statistical Representation of Wind Variability and Uncertainty 

Wind speed is inherently stochastic, and its variability directly propagates into uncertainty in power density, 

wake losses, and AEP. Consequently, reliable wind energy assessment requires not only mean values but also 

statistical descriptors that quantify dispersion and confidence in estimates. The standard deviation (σ) of wind 
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speed provides a first-order measure of short-term variability around the mean, capturing turbulence intensity 

and mesoscale fluctuations that influence turbine loading and wake recovery [45], [58]. 

To quantify the reliability of long-term mean wind speed and derived energy metrics, 95% confidence intervals 

(CI) are commonly applied under the assumption of approximate normality of annual or multi-year averaged 

wind speeds. For a sufficiently large dataset, the confidence interval of the mean wind speed, 𝒗̅ is expressed 

as: 

                       𝐶𝐼 =  𝑣̅ ± 1.96
𝜎

√𝑛
……………………………… (13) 

where, σ is the standard deviation and n is the number of independent observations. This formulation has been 

widely adopted in wind resource assessments to quantify uncertainty in extrapolated hub-height wind speeds 

and AEP estimates [12]. Since wind power scales with the cube of wind speed, even narrow confidence 

intervals in wind speed translate into substantially wider uncertainty bounds in estimated energy yield [15].  

Sensitivity to Wind Shear Exponent (α) 

Vertical wind shear is a critical parameter in extrapolating wind speeds from measurement height to turbine 

hub height, particularly in complex terrain such as Ngong Hills. The power-law shear exponent (α) is known to 

vary with surface roughness, atmospheric stability, and diurnal heating cycles. Empirical studies report typical 

α values ranging from 0.10 in offshore or smooth terrain to above 0.30 in forested or complex inland 

environments [45].  

Sensitivity analyses reported in the literature demonstrate that modest variations in α (±0.02–0.05) can lead to 

5–15% differences in AEP, especially for turbines operating near rated wind speeds [56], [66]. This sensitivity 

arises because changes in α alter not only the mean hub-height wind speed but also the frequency distribution 

of wind speeds relative to the turbine power curve. In wake-affected wind farms, shear also influences vertical 

wake expansion and recovery, indirectly affecting downstream turbine performance [48].  

Sensitivity to Weibull Shape (k) and Scale (c) Parameters 

The Weibull distribution parameters play a central role in wind energy estimation. The scale parameter (c) is 

closely associated with the mean wind speed and strongly governs energy yield [51]. Conversely, variations in 

k primarily affect capacity factor and wake persistence: lower k values increase the frequency of low-speed 

operation, which intensifies wake effects and reduces wake recovery rates [6], [58]. Directionally resolved 

Weibull modelling has been shown to significantly reduce AEP uncertainty in sites with strong directional 

persistence, such as ridge-top wind farms [14].  

METHODOLOGY 

The Study Site  

The Ngong Wind Farm, the first wind park to be developed in East Africa, is located in Kajiado county in the 

northern slopes of Ngong Hills at 1°22'51.9"S, 36°38'08.0"E [60]. It comprises thirty wind turbines with a total 

installed capacity of 25.5 MW: 14 -Vestas (V52/850 kW) installed at a hub height of 49 m; and 16-Gamessa 

(G52/850 kW) at 55 m; each with a rotor radius of 26 m and name plate capacity of 850 kW. The turbines 

produce electricity at 690 V, which is initially stepped up to 11 kV at the substation. From there, power 

transformers boost the voltage to 66 kV for seamless integration into the national grid. The facility houses 

three power transformers for this purpose [37]. The two turbine models at the site have similar characteristics, 

therefore for purposes of simulation, power curves for Vestas V52 were used, with operational thresholds of 

cut-in speed of 3 m/s, rated speed of 12 m/s, and cut-out speed of 25 m/s [61]. 

Wind data 

To evaluate the wind resource potential and estimate the energy output of the Ngong Hills Wind Farm in 

Kenya, a structured simulation workflow was developed using Python-based data analysis and modelling tools. 
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This study utilized a 10-year dataset of hourly wind speed and direction, recorded between January 2010 and 

December 2019. The data were obtained from the KenGen, which operates the Ngong Hills Wind Power 

Station. To ensure the accuracy of historical extrapolations, this dataset was validated using ground-level wind 

measurements recorded at 10 meters above ground level for the entire year of 2022. Wind data were collected 

using calibrated meteorological instruments installed at the Ngong wind farm, with wind speed and direction 

measured at 10 m above ground level and recorded at hourly intervals. The dataset provided long-term 

coverage and was quality-controlled prior to analysis, with wind-speed and directional uncertainties assumed 

to be within ±0.2 m/s and ±2°, respectively. The processed data were extrapolated to hub height of 50 m and 

used for turbulence intensity estimation, wake modelling, and AEP assessment.  

A limitation of this study is the reliance on a one-year validation dataset (2022) to complement the primary 10-

year wind resource analysis (2010–2019), from which wake losses and AEP estimates are derived.  

Data Acquisition and Preprocessing 

The primary dataset comprised hourly wind speed and direction measurements in CSV format, including 

timestamps, wind speed (m/s), and direction (degrees). Initial data preprocessing involved the handling of 

missing values using linear interpolation techniques to maintain the temporal continuity of the dataset. To 

ensure the integrity of the wind speed data, outliers, specifically values below 0.5 m/s and above 30 m/s, were 

removed in accordance with the IEC 61400-12-1 standard for power performance measurements of electricity-

producing wind turbines [33]. Wind direction values were standardized to fall within the 0°–360° range, wind 

direction was expressed in degrees clockwise from true North as 0° or 360°, for uniformity in directional 

analysis Wind data spanning at least one year were collected for each site, including wind speed and direction 

at multiple measurement heights. Wind roses were generated to identify predominant wind directions across 

the proposed layout area. Additionally, one month of field measurements validated wind atlas data. Directional 

frequency data were binned into 60° sectors, and mean wind speeds were calculated within each sector to 

support directional-aware analysis. 

Vertical Wind Shear Extrapolation 

Wind speed measurements were originally available at a reference height of 10 m and therefore required 

extrapolation to turbine hub heights of 49 m and 55 m. This extrapolation was performed using the power-law 

wind shear illustrated in Equation 1, with a shear exponent α ≈ 0.20. The shear exponent was obtained using a 

log–log linear regression between concurrent wind speed measurements at 10 m and 49 m, rather than a simple 

arithmetic average. Specifically, α was estimated from the slope of the linear fit to ln(v) versus ln(z) over the 

period of concurrent measurements, yielding a single representative exponent that minimizes least-squares 

error across the available dataset. 

Due to the limited availability of continuous multi-height measurements, the derived value is treated as a 

representative site-specific estimate rather than a fully resolved statistical wind shear model. The selected 

exponent produced physically consistent vertical wind profiles and was subsequently applied to extrapolate 

wind speeds to additional hub heights of 45 m, 65 m, and 90 m for comparative analysis. 

To enhance projection reliability, the extrapolation framework also accounted for site-specific surface 

roughness and terrain characteristics, reflecting the complex topography of the Ngong Hills. The chosen shear 

exponent is consistent with values reported for terrains with moderate surface roughness, including grassy 

slopes and sparsely forested landscapes [12]. Recognizing the inherent uncertainty associated with shear 

assumptions, particularly in complex terrain, the robustness of this representative α was evaluated through a 

sensitivity analysis in which α was varied within a plausible range (±0.03–0.05) consistent with observed 

terrain roughness classes.  

Wind Speed Distribution Modelling 

To understand the statistical characteristics of the wind regime, in each directional sector, at the extrapolated 

heights wind speed distributions were fitted using the two-parameter Weibull model equation. The Weibull 

distribution, with its shape (k) and scale (c) parameters, was estimated using maximum likelihood methods, 
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which are commonly applied in wind resource assessments due to their robustness and accuracy [55]. This 

analysis was essential for estimating the frequency of wind speeds near the turbine’s rated speed, which 

directly affects energy yield. Assigning individual Weibull distributions per wind direction improved energy 

output modelling accuracy compared to isotropic assumptions. 

Power Output Modelling and Energy Estimation 

The estimation of power output and AEP for the optimized wind farm followed a structured, two-stage 

modelling framework. First, hub-height wind speeds at 49 m and 55 m were converted into turbine-specific 

power output using the manufacturer’s power curve for the Vestas V52 (850 kW) wind turbine. Second, wake-

induced wind speed deficits across the turbine array were incorporated using the Jensen wake superposition 

model to provide a realistic representation of turbine interactions and downstream performance losses. 

Wind power density was first estimated from the Weibull distribution using equation 4, defining the site’s 

theoretical energy potential. AEP was then computed by integrating the turbine power curve with the hub-

height wind speed distribution, incorporating wake-induced velocity deficits via the Jensen model. 

Wind Speed–Power Output Mapping 

Wind speeds measured at the relevant hub heights were transformed into electrical power output through a 

piecewise function derived from the operational characteristics of the Vestas V52 turbine. The turbine operates 

within three key thresholds: 

i. Cut-in speed (Vci): 4 m/s, below which no electricity is produced; 

ii. Rated speed (Vr): 14 m/s, above which the output is capped at the rated 850 kW; 

iii. Cut-out speed (Vco): 25 m/s, where the turbine automatically shuts down for safety. 

Between the cut-in and rated wind speeds, power output was modelled using a cubic relationship with wind 

speed, as shown in equation 6. Additionally, this followed the standard four-region operational model widely 

applied in wind turbine analysis [15], [30]. These regions correspond to different aerodynamic and operational 

behaviours: Region I (no production below cut-in), Region II (cubic power increase), Region III (constant 

rated output), and Region IV (shutdown above cut-out) as illustrated in Figure 2.  

 

Figure 2. Recreated Power Curve for the Vestas V52 based on published Vestas’ datasheets. 
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Figure 2 represents the four distinct regions for VestasV52 turbines power curve. Following classical 

aerodynamic theory, power in Region II increases proportionally to the cube of wind speed, reflecting the 

cubic dependence of wind power on velocity [30]. The turbine power curve was implemented using the 

following piecewise function: 

𝑃(𝑉) =  

{
 
 

 
 
0,                                                 𝑉 < 𝑉𝑐𝑖

𝑃𝑟𝑎𝑡𝑒𝑑 (
𝑉3−𝑉𝑐𝑖

3

𝑉𝑟
3− 𝑉𝑐𝑖

3) ,              𝑉𝑐𝑖 ≤ 𝑉 <  𝑉𝑟

𝑃𝑟𝑎𝑡𝑒𝑑 ,                                𝑉𝑟  ≤ 𝑉 ≤ 𝑉𝑐𝑜
0,                                                  𝑉 >  𝑉𝑐𝑜 }

 
 

 
 

  ……………………… (14) 

The equation 14 ensured a smooth transition from zero output at cut-in to full output at rated speed, while 

accurately representing the turbine’s-controlled power-limiting behaviour above the rated wind speed. The 

cubic interpolation between cut-in and rated speeds provides a realistic approximation of partial-load 

performance and is widely used in simulation-based energy assessments [15], [30]. At each timestep or wind-

speed bin, the hub-height wind speed was supplied to the function to generate instantaneous power output, 

which was later integrated into the AEP calculation. 

Wake Loss Modelling  

Wake effects across the wind farm were quantified using the Jensen wake superposition model, which 

estimates downstream velocity deficits using Equation 12 by modelling the expansion of the wake cone and 

the reduction of wind speed behind each turbine. The model was applied to each candidate layout to generate 

wake-adjusted wind speeds for power calculations. 

The Jensen wake model is extensively used in analytical wind farm studies due to its computational efficiency 

and ease of implementation, though these advantages stem from simplifying assumptions that limit predictive 

accuracy. The model assumes a steady, one-dimensional wake with a uniform “top-hat” velocity deficit that 

expands linearly downstream, neglecting the radial velocity variation observed in real wakes. Empirical studies 

show that Gaussian or cosine-shaped profiles more accurately represent wake recovery, particularly in the 

near-wake region [17], [73].  As a result, the Jensen model may misrepresent peak deficits and wake 

boundaries, especially in closely spaced turbine layouts. 

Additionally, the Jensen model does not explicitly account for wake-added turbulence, cross-stream or vertical 

velocity components, or atmospheric variability, and is based on mass conservation rather than full momentum 

conservation. These simplifications constrain its ability to capture wake recovery under varying inflow 

conditions and can lead to underestimation of cumulative wake losses compared to higher-fidelity models [26], 

[67].  

Despite these limitations, the Jensen model remains well suited for large-scale layout optimisation and 

preliminary assessments, where computational efficiency and robustness are critical. Compared to alternative 

analytical models, it offers a practical balance between accuracy and cost. The Frandsen model incorporates 

wake-added turbulence but is primarily applied to structural load analysis and introduces greater parameter 

sensitivity [22], while the Bastankhah Gaussian model provides improved wake representation at the expense 

of higher computational demand and calibration requirements [6], [16]. Given the trade-off between model 

fidelity and efficiency, the Jensen model is an appropriate choice for comparative layout analysis and wake-

loss estimation within the scope of this study. 

Because all turbines in the study comprised the same Vestas V52 model, a uniform hub height of 50 m was 

maintained throughout the analysis. This ensured that optimization efforts remained focused on horizontal 

turbine spacing and spatial configuration, the primary controllable factors for reducing wake losses given a 

homogeneous turbine fleet. 
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Inter-Turbine Distance Variation for Wake Reduction 

Layout optimization was carried out by systematically varying the spacing between turbines while keeping all 

turbines within the farm boundary. The GA treated each turbine’s (x, y) position as a continuous decision 

variable, enabling flexible repositioning within allowable limits. To ensure engineering feasibility and safety, 

spacing constraints were applied: 

• Along-wind spacing (parallel to NE–ENE dominant wind direction): 4D to 10D 

• Cross-wind spacing (perpendicular to NE-ENE direction): 3D to 6D. 

These ranges align with recommended industry guidelines for reducing wake overlap while limiting excessive 

land-use expansion. 

The GA explored thousands of potential layouts by applying random initial placement, crossover, and mutation 

operations. Layouts that resulted in turbines being placed too close along the prevailing wind axis exhibited 

high wake deficits and were automatically penalized. Conversely, layouts that increased cross-wind spacing, 

staggered turbine rows, or avoided linear alignment with the NE–ENE inflow were rewarded and carried 

forward through subsequent generations. 

Integration with the Wake Model 

For each candidate layout, the GA-Jensen wake model calculated: 

• the magnitude of wake-induced velocity deficits across the layout, 

• the overall wake loss percentage for the farm, and 

• the resulting AEP of the configuration. 

The GA iteratively refined the turbine positions to minimize total wake losses while maximizing AEP. 

Through successive generations, this process converged toward an optimized layout that significantly reduced 

wake overlaps along the NE–ENE inflow direction. 

Annual Energy Production Computation 

AEP was computed by integrating power output across the wind speed frequency distribution for each turbine 

location, using both free-stream and wake-adjusted wind speeds. Turbine-level AEP values were aggregated to 

obtain the total farm-level AEP under two conditions: 

i. ideal (no-wake) scenario, representing theoretical maximum energy yield; and 

ii. realistic (wake-influenced) scenario, representing actual expected performance. 

The difference between these two scenarios provided the wake-loss percentage for the layout.  

Genetic Algorithm–Based Wind Farm Layout Optimization 

Wind farm layout optimization was performed using a GA implemented in PYTHON®, version 3.12, with the objective 

of maximizing AEP while minimizing wake-induced power losses. The optimization problem is formulated through a 

multi-objective fitness function that balances energy maximization and wake loss reduction. The total extractable power 

of the wind farm is defined by Equation (6), while AEP is computed as the cumulative AEP of all turbines illustrated in 

Equation (8). Wake losses are quantified as the difference between ideal and wake-affected turbine power output: 

𝑾𝒂𝒌𝒆 𝑳𝒐𝒔𝒔𝒆𝒔 =  ∑ (𝑷𝒊𝒅𝒆𝒂𝒍,𝒊 − 𝑷𝒂𝒄𝒕𝒖𝒂𝒍,𝒊)
𝑵
𝒊=𝟏           (15) 
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Pideal,i  is the expected power output of the i-th turbine in the absence of wake effects and Pactual,i is the power output of 

the i-th turbine considering wake effects. 

Layout Representation and Fitness Evaluation 

Each layout Lj in the population is represented as a set of turbine positions within the farm boundary: 

𝑳𝒋 = {(𝒙𝟏, 𝒚𝟏), (𝒙𝟐, 𝒚𝟐), . . . , (𝒙𝒎, 𝒚𝒎)}          (16) 

Where: (xi,yi) are the coordinates of the i-th turbine in the wind farm and m, is the number of turbines in the layout. 

The fitness function f(Lj) evaluates the performance of each layout by combining AEP and wake losses: 

𝒇(𝑳𝒋) = 𝑨𝑬𝑷(𝑳𝒋) − 𝜶.𝑾𝒂𝒌𝒆 𝑳𝒐𝒔𝒔𝒆𝒔(𝑳𝒋)             (17) 

Where, α, is a weighting factor that balances the importance of maximizing AEP versus minimizing wake losses. 

3.4.1 Genetic Algorithm Operators 

The GA optimization proceeds iteratively through standard evolutionary operators: 

Population Initialization: An initial population of N layouts is generated randomly within the wind farm boundary, 

ensuring feasibility with respect to spacing and boundary constraints. 

Selection:  Tournament selection is used to select parent layouts based on fitness values to create the next generation. 

The probability P(Lj) of selecting layout Lj is proportional to its relative fitness: 

 𝑷(𝑳𝒋) =  
𝒇(𝑳𝒋)

∑ 𝒇(𝑳𝒌)
𝑵
𝒌=𝟏

          ……….     (18) 

Crossover: Offspring layouts are generated by recombining turbine coordinates from two parent layouts Lp and Lq to 

produce offspring layouts, a simple crossover operation can be represented as: 

𝐿𝑜𝑓𝑓𝑠𝑝𝑟𝑖𝑛𝑔 = {(𝑥1, 𝑦1),… , (𝑥𝑘, 𝑦𝑘)} ∪ {(𝑥𝑘+1, 𝑦𝑘+1), … , (𝑥𝑚, 𝑦𝑚)}    ………………     (19) 

where, the first k turbine positions are taken from Lp, while the remaining m−k turbine positions are taken from Lq. 

Constraints and Termination Criteria 

The optimization is subject to the following constraints: 

Turbines must lie within the wind farm boundary: 

(𝒙𝒊, 𝒚𝒊)  ∈ 𝑩𝒐𝒖𝒏𝒅𝒂𝒓𝒚  ∀𝒊   ………………………….. (20) 

Minimum spacing between turbines must satisfy: 

√(𝒙𝒊 − 𝒙𝒋)
𝟐
+ (𝒚𝒊 − 𝒚𝒋)

𝟐
 ≥ 𝑫𝐦𝐢𝐧      ∀𝒊 ≠ 𝒋      ……………………..(21) 

The total number of turbines is limited by the number of turbines at the Ngong wind farm.  

𝑵 ≤ 𝑵𝒎𝒂𝒙                           …………………………… (22) 

Constraint violations are handled through rejection and penalization to ensure physically feasible layouts. The 

GA was executed with 20–50 layouts per generation, a mutation rate of 1–3%, and up to 20 generations per 
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scenario, following parameter recommendations by [20] & [42]. Convergence was assessed based on 

stabilization of the best fitness value across successive generations.  

Simulation Setup 

The simulation setup involved defining the wind farm area, turbine configurations, and wind conditions. The 

wind farm area was set to 800,000 m². The wind conditions, including wind speed and direction, were based 

on historical data from the Ngong Hills site. The simulation was run for 20 generations, with each generation 

consisting of 20 layouts. The best-performing layouts from each generation were carried over to the next 

generation, and new layouts were generated through crossover and mutation. The simulation continued until 

the optimal layout was found, or the maximum number of generations was reached. The overall optimization 

workflow is illustrated in Figure 3, which summarizes the iterative process of selection, crossover, mutation, 

and evaluation. 

 

Figure 3: Flow Chart of the GA. 

The GA–based optimization workflow is summarized in Figure 3, which illustrates the iterative coupling between layout 

generation, wake modelling, and fitness evaluation. As shown, the process begins with the initialization of feasible 

turbine layouts within the wind farm boundary, followed by evaluation of each layout using an objective function that 

combines AEP and wake-induced power losses computed with the Jensen model. High-performing layouts are then 

selected and evolved through crossover and mutation, enabling systematic exploration of the spatial search space while 

maintaining population diversity. The resulting layouts are re-evaluated under identical wind and wake conditions, 

completing one evolutionary cycle. This loop is repeated across successive generations until convergence is achieved, as 
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indicated by stabilization of fitness values or attainment of the maximum number of generations, thereby ensuring 

consistent identification of layouts that maximize energy yield while minimizing wake losses. 

Uncertainty Quantification and Sensitivity Analysis Framework 

Standard Deviation and Confidence Interval Estimation 

For each wind speed time series at hub height, the mean wind speed and standard deviation were computed. 

Assuming statistical independence at hourly resolution over multi-year periods, 95% confidence intervals were 

derived for mean wind speed and propagated through the power curve to estimate uncertainty bounds on 

turbine-level and farm-level AEP. This approach aligns with IEC 61400-12-1 recommendations and has been 

applied in several empirical wind farm performance studies [12].  

Sensitivity Analysis of Wind Shear, Shape and Scale Parameters 

A parametric sensitivity analysis was conducted by systematically perturbing α, k, and c around their baseline 

values while holding turbine layout and wake model parameters constant. The following ranges, consistent 

with values reported in the literature for inland African sites, were considered: 

• Shear exponent (α): ±0.02 and ±0.05 

• Weibull scale parameter (c): ±5% and ±10% 

• Weibull shape parameter (k): ±10% 

For each perturbation, wind speeds were re-extrapolated, wake-adjusted velocities recomputed using the 

Jensen model, and AEP recalculated. This approach isolates the contribution of atmospheric and statistical 

uncertainty from layout-induced wake effects, following best practice in wind energy uncertainty analysis [48], 

[57].  

Wind-Aware Maintenance Scheduling 

The maintenance scheduling is based on the principle that energy losses during turbine downtime depend 

strongly on the prevailing wind speed at the time maintenance is conducted. For a fixed maintenance duration, 

energy loss is proportional to the expected power output under the wind conditions during the maintenance 

window. By shifting planned maintenance activities from high-wind to low-wind periods, total energy losses 

can be significantly reduced without altering turbine availability or operational strategy. 

Hourly wind-speed data were analysed to identify representative average-wind and low-wind conditions at the 

site. Average-wind conditions (vavg) were defined using the long-term mean wind speed, while low-wind 

conditions (vlow) were selected from the lower tail of the wind-speed distribution, corresponding to nocturnal 

and seasonal low-production periods identified in the Results section. These periods are characterised by 

reduced AEP contribution and elevated turbulence intensity, making them suitable candidates for scheduled 

maintenance. 

Energy loss due to maintenance downtime was estimated assuming a fixed maintenance duration Tm identical 

for both baseline and optimized scenarios. The expected energy loss Eloss during maintenance was calculated 

as: 

𝐸𝑙𝑜𝑠𝑠 = 𝑃(𝑣)𝑇𝑚…………… 23 

where P(v) is the turbine power output evaluated from the manufacturer’s power curve at the representative 

wind speed v. 

Two scenarios were considered: maintenance conducted during average-wind conditions (v = vavg), and 

maintenance shifted to low-wind conditions (v = vlow). 
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The relative reduction in maintenance-related energy loss was then expressed as: 

𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 % =  (1 − 
𝑃(𝑣𝑙𝑜𝑤)

𝑃(𝑣𝑎𝑣𝑔)
)  × 100 …………………………. 24 

Model Calibration and Validation 

The model was validated using independent wind measurements recorded in 2022 at 10 meters above ground level., 

ensuring that the simulations accurately represent real-world conditions, by comparing the simulated power output and 

wake effects with actual data from the Ngong Hills wind farm. The validation process involved running the model with 

the same turbine configurations and wind conditions as those present at the Ngong Hills site. The results showed a close 

match between the simulated and actual power outputs, confirming the accuracy of the model in predicting wind farm 

performance. 

RESULTS AND DISCUSSION 

Mean Wind Speed 

The assessment of the wind potential at the chosen location involved an analysis of wind characteristics, 

including wind speed, prevailing direction, duration, availability, and the resulting power density. By using the 

measured frequencies, the frequency distribution of wind speed and direction was obtained and represented as 

shown in Figure 4. 

 

Figure 4: Wind Speed Distribution 

Figure 4 shows that the wind speed distribution at the study site is dominated by moderate winds, with the 

highest percentage frequency occurring between 4 m/s and 6 m/s, indicating that these speeds are the most 

prevalent within the dataset. This range aligns with many wind regimes considered marginal to moderately 

strong for wind energy applications, where turbines begin generating power but may not yet reach rated output. 

The occurrence of higher wind speeds declines rapidly, and very high wind speeds (14 m/s to 16 m/s) are rare 

in this dataset. This limited occurrence of extreme winds is consistent with commonly observed wind speed 

distributions, which are typically characterized by a dominant mode at moderate wind speeds and a long tail 

toward higher values; such right-skewed distributions vary geographically in response to local climatic 

conditions and terrain effects and generally exhibit low frequencies of high wind speed events [55]. 

Using the power-law extrapolation provided in Equation (1), the mean wind speed at 50 m hub height was 

estimated to be 9.38 m/s with a standard deviation of 3.46 m/s. The extrapolated maximum and minimum at 50 
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m were 17.1 m/s and 2.1 m/s, respectively. A mean wind speed of ~9 m/s is within the operational sweet spot 

for many onshore wind turbines, which typically achieve near-rated performance between approximately 8 m/s 

and 12 m/s. Practical wind turbines typically begin generating measurable power at wind speeds of around 3 

m/s (Früh, 2023), reaching rated output around 10–13 m/s and shutting down above approximately 25 m/s to 

prevent mechanical damage (cut-out speed) [72]. 

Wind Speed Variability 

The variations for wind energy characteristics for hourly and daily situations for wind speed at the Ngong wind 

farm were established and the information represented in time series graphs. These variations in wind speed 

for the year 2022 with 0000 hours and the month of January as the reference are represented in Figures 5 (a) 

and (b) respectively.   

 

Figure 5(a): Diurnal Wind Speed                     

 

Figure 5 (b): Wind Speed Variation  

The time-series patterns of wind speed presented in Figures 5(a) and 5(b) reveal a strongly seasonal and 

turbulent wind regime, shaped by both large-scale atmospheric processes and local terrain effects. The diurnal 

wind speed profile in Figure 5(a) indicates that the lowest wind speeds occur between 2100 and 0300 hours, 
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which imply lower energy generation during this time, after which a gradual increase in wind speed is 

observed toward daytime, accompanied by higher variability. This pattern is consistent with atmospheric 

boundary layer theory, where nocturnal radiative cooling leads to a stable layer that suppresses vertical mixing 

and reduces near-surface wind speeds [5].  

Similarly, wind speeds fluctuate significantly between 4 m/s and 16 m/s throughout the year. Figure 5(b) 

indicate that speeds are relatively lower during the period from May to August, highlighting a distinct seasonal 

minimum within the annual cycle. Critically, while some regions experience stronger monsoonal winds during 

this period, the observed reduction suggests site-specific atmospheric controls, such as localized stability, 

terrain effects, and weakened synoptic forcing, which can limit wind acceleration despite seasonal changes 

[44]. In practical terms, the clustering of low winds mid-year implies seasonal variability in AEP and capacity 

factor, implying relying solely on annual averages will result in much reduced values of the AEP and capacity 

factor, which have a big discrepancies with the individual monthly mean averages [15]. 

The observed patterns align with previous studies on Kenyan inland wind regimes, which similarly report 

strong seasonal modulation and high intra-seasonal variability due to ITCZ dynamics and complex terrain [35]. 

However, the higher directional spread observed here suggests a slightly more turbulent and multi-modal wind 

climate compared with coastal sites. The recurring patterns suggest seasonal variations influenced by 

meteorological factors and turbulence [45]. 

Wind Direction 

A wind rose diagram is a useful diagram which illustrates wind speed frequency and wind direction all 

together in one diagram [45]. Analyzing the wind direction is useful for understanding the wake effect, which 

turbines could be on the path of the other turbines which could result in a reduction of wind speed. Wind speed 

rose, provides appropriate knowledge on the predominant wind direction of the site which is a vital factor in 

determining the direction from which maximum possible wind energy can be harnessed. The observed wind 

direction for entire 2022 were organized at varying intervals for wind speed for each direction was analyzed 

and represented in Table 1.   

Table 1: Directional Distribution of Wind Speed Characteristics 

 
N NE E SE S SW W NW 

Count 60 1568 9890 1021 28 144 86 47 

cumulative 112.9 12567.4 97805.6 10075.8 61.6 446.7 187.3 72.5 

Average 1.88 8.02 9.89 9.87 2.2 3.10 2.17 1.54 

Table 1 presents the directional distribution of wind speed observations, including the number of occurrences, 

cumulative wind speed, and mean wind speed for each compass direction. The results show a strong 

directional dependence of the wind regime at the site. Winds from the east (E) and southeast (SE) directions 

dominate both in frequency and magnitude, accounting for the highest number of observations and the largest 

cumulative wind speed values. These directions also exhibit the highest mean wind speeds, with averages of 

9.89 m/s (E) and 9.87 m/s (SE). 

In contrast, winds from the north (N), south (S), west (W), and northwest (NW) occur infrequently and are 

characterized by relatively low mean wind speeds, generally below 3 m/s. The northeast (NE) direction shows 

a moderate number of observations with an average wind speed of 8.02 m/s, while the southwest (SW) exhibits 

moderate wind speeds but limited occurrence. 

By studying the hourly wind roses can help determine the best location for the wind turbines. The wind rose 

for the site is given in the Figure 6. 
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Figure 6: Wind Rose Diagrams for observed wind direction of the entire 2022 

The wind rose diagrams for the Ngong wind farm illustrated in Figure 6 provide a clear depiction of the 

prevailing wind regimes over 2022, using both daily and monthly mean values. Across both temporal 

resolutions, the site shows a highly consistent directional pattern, with winds predominantly blowing from the 

northeast (NE) through east-northeast (ENE). This persistent inflow is strongly indicative of the stable large-

scale atmospheric controls influencing the region, particularly the Turkana Jet and the channeling of trade 

winds between the Kenyan highlands and the Great Rift Valley, features known to sustain recurrent north-

easterly flows across northern and central Kenya [40]. 

In the daily mean wind rose, the highest frequency of occurrence is concentrated within the 6.0–9.0 m/s speed 

class from the NE direction. The relatively narrow petals in this diagram reflect that on most days, winds arrive 

from a tightly confined directional sector with moderately strong speeds. In contrast, the monthly mean wind 

rose displays broader and longer petals in the same NE–ENE sectors and extends more prominently into higher 

wind speed classes (≥9 m/s). This indicates that when winds are aggregated over longer periods, intermittent 

episodes of stronger winds become more visible, revealing greater inter-month variability than what is 

captured in day-to-day averages. Such behaviour aligns with the seasonal modulation of the Turkana Jet and 

associated monsoon systems ([40]. 

Despite these differences in speed representation, the strong directional similarity between the daily and 

monthly charts highlights the high directional stability of the site. This is advantageous for wind farm design, 

as predictable inflow directions facilitate optimized turbine alignment, reduced wake effects, and overall 

enhanced energy capture. The key distinction lies in how each temporal scale represents wind speeds: daily 

means emphasize the most frequently occurring moderate winds, whereas monthly means capture the 

cumulative influence of less frequent but more powerful wind events, which often contribute 

disproportionately to AEP [27]. 

Overall, the dominance of NE–ENE winds and frequent 6–9 m/s occurrences confirm Ngong as a favourable 

wind energy site, offering predictable directional flows and sufficient wind speeds to support efficient turbine 

operation and optimized farm layout. 

Probability Density Function 

The average wind speed of the site is not sufficient to fully understand the available wind potential. To 

overcome the unpredictability of wind characteristics, a statistical analysis was deemed essential, 

consequently, Weibull distribution model was used. Weibull model shape parameter k, and scale parameter, c, 

were determined from the data and the respective distribution curves drawn as illustrated in Figure 7. 
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Figure 7: Wind Distribution Curve 

The Figure 7 illustrates the probability density function which shows the probability of occurrence of each 

observed wind speed. Weibull probability density curve provide the ability of determining likelihood of wind 

blowing at a certain speed in any given time [34].  The curve is unimodal, peaking at a wind velocity of about 

9 m/s, indicating this as the most common wind speed, which is near the mean wind speed of 9.38 m/s. 

Probability decreases for wind speeds lower or higher than this peak, which shows that the wind speed is more 

likely to be near the average value than significantly different from it, and it has an almost equal chance of 

being lower or higher than the average [45]. 

Power Density 

The scale and shape parameters were also used to calculate the site’s localized power density. The shape and 

scale parameters of 3.29 and 9.81m/s respectively and the site’s air density whose value is 1.29g/l were used 

which gave a theoretical power density of 858W/m2.  This power was noted to be almost the same as 

calculated power if the wind was blowing at the average speed of 9.38 m/s. To achieve the maximum power 

that can be extracted, Betz's limit was taken into consideration, which estimates power output at 59.34% [34] 

, resulting in 509 W/m2 as maximum power extractable at the optimum efficiency lying within wind power 

class V at 50 m, indicating excellent wind energy potential for utility-scale generation [2].   

Turbulence Intensity on Wake Losses and AEP 

A sensitivity analysis was conducted to evaluate the effect of TI on wake-adjusted AEP. Using observed wind-

speed statistics, three representative TI regimes were examined: low (TI = 0.30), mean (TI = 0.37), and high 

(TI = 0.48), as illustrated in Figure 8. 

 

Figure 8. Influence of TI on wake losses and AEP at the Ngong Hills wind farm.  
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The results presented in Figure 8 demonstrate a clear inverse relationship between TI, wake losses, and AEP, 

at extrapolated height of 50 m. As TI increases from approximately 0.30 to 0.48, wake losses rise steadily from 

about 17% to 33%, while AEP decreases markedly from roughly 46–47 GWh/year to about 14–15 GWh/year. 

This monotonic trend highlights the strong sensitivity of energy yield to turbulence-driven wake behaviour at 

the site, even though the TI values represent discrete operating scenarios rather than a continuous range. 

At low turbulence intensities (TI ≈ 0.30–0.33), corresponding to high-wind and predominantly daytime 

conditions, wake losses remain below 20%, allowing the wind farm to achieve its highest AEP values. 

Although wake recovery is slower under low ambient turbulence, the higher mean wind speeds dominate 

energy production, resulting in superior overall yield. Similar behaviour has been reported in both onshore and 

offshore wind farms, where low-TI conditions favour higher power output despite longer wake persistence [7]. 

As TI increases to moderate levels (TI ≈ 0.37), wake losses rise to approximately 23%, accompanied by a 

reduction in AEP to around 35 GWh/year. This regime reflects a transition in which increased velocity 

fluctuations and turbine–wake effects begin to offset the benefits of enhanced wake mixing. At high turbulence 

intensities (TI ≥ 0.42), wake losses increase sharply beyond 28%, and AEP declines rapidly to below 25 

GWh/year. These conditions are characteristic of low-wind and nocturnal periods in complex terrain, where 

increased turbulence is associated with reduced mean wind speeds and stable atmospheric stratification rather 

than convective mixing. 

Typical onshore wind farms in relatively flat terrain report wake losses in the range of 5–15%. The 

substantially higher wake losses observed in this study highlight the aerodynamic challenges imposed by 

complex terrain and highlight the limitations of conventional wake mitigation strategies under such conditions. 

These findings reinforce the need for turbulence-aware layout optimization and wind-aware maintenance 

scheduling, particularly during high-TI periods when absolute energy losses are lower and operational 

interventions are least costly [3], [48].  

Turbine Layout of the Ngong Hill Wind site 

This section presents a comparative analysis of the Ngong Hills wind farm layout, beginning with an 

evaluation of the existing turbine arrangement based on its mapped coordinates, associated Annual AEP, and 

wake losses. An alternative optimized layout is then introduced to demonstrate the extent to which improved 

turbine spacing can minimize wake effects and enhance overall energy capture. The comparison of the two 

layouts is presented in Figure 9.  

 

Figure 9.  Spatial distribution of turbines for (a) the existing layout and (b) the GA-optimized layout. 

https://rsisinternational.org/journals/ijrias
https://rsisinternational.org/journals/ijrias
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN APPLIED SCIENCE (IJRIAS) 

ISSN No. 2454-6194 | DOI: 10.51584/IJRIAS |Volume XI Issue III March 2026 

 

Page 897 www.rsisinternational.org 

 
 

 

Figure 9 shows a comparison of existing and optimized layout performance. Turbine spacing is expressed in 

multiples of rotor diameter (D), where D corresponds to the rotor diameter of the installed V52 turbines.  

The existing turbine arrangement at Ngong Wind Farm illustrated was simulated under prevailing wind 

conditions, revealing wake losses of 28%, a significant inefficiency attributable to suboptimal turbine spacing 

and aerodynamic interference. These losses directly reduce the farm’s AEP, emphasizing the limitations of the 

current layout. To address this, a layout optimization was performed using a GA paired with the Jensen wake 

model, which accounts for velocity deficits from downstream of turbines. The optimized layout increases 

along-wind spacing to ≥ 4D and cross-wind spacing to ≥ 3D in the dominant NE–ENE wind direction, 

resulting in reduced wake effect and improved energy capture. 

This spatial reconfiguration significantly reduced wake effects and resulted in a marked improvement in 

energy capture at the farm scale. In contrast to the baseline layout which suffered substantial wake losses, the 

optimized layout demonstrates the benefit of aligning turbine spacing with the prevailing wind direction to 

maximize exposure to undisturbed flow. 

The optimized configuration reduced wake losses to 23%, representing a 5% improvement in energy capture. 

While this demonstrates the efficacy of GA-driven optimization in mitigating wake effects, the persistence of 

23% losses indicates that further refinements are necessary to maximize power output. The marginal gain 

achieved (5%) suggests that the Jensen model’s simplified single-wake assumptions may not fully capture 

complex wake effects in multi-turbine arrays, particularly in terrain-influenced sites like Ngong. Additionally, 

the fixed hub heights of the existing turbines, V52 models at 49 m and 55 m, limit flexibility in vertical 

spacing strategies that could further reduce wakes. Comparative studies, show that hybrid layouts 

incorporating turbines with varying rotor diameters and hub heights can achieve wake loss reductions below 

15% in similar wind regimes [24], [68], whereas homogeneous layouts optimized via GA-Jensen typically 

plateau near 20% [4].  Thus, while the GA-optimized layout marks an improvement, its performance remains 

suboptimal for commercial-scale energy generation. 

These findings necessitate optimization using heterogeneous turbine deployment, which can be a subject for 

further research. 

Similarly, the simulated power curves for each turbine shown in Figure 10, assessed individual performance, 

helping to identify potential areas for optimization in energy production to improve turbine efficiency and 

maximizing the farm's AEP. 

 

Figure 10: The Power Output for Turbines at Ngong Wind Farm 
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Figure 10 illustrates simulated turbine-level power output under wake conditions, where US turbines 

(upstream) experience undisturbed inflow and DS turbines (downstream) operate within wake-affected flow, 

resulting in systematically lower power output for DS turbines due to accumulated wake deficits. When 

considering all turbines to be in operation, the simulation for AEP for the Ngong wind farm when the wind 

turbines have interference due to wake is found as 44.41 GWh, reducing wake interference increases the AEP 

to 61.86 GWh, reflecting a 28.209% power loss due to wake effects. The actual annual net output from the 

farm is 12 GWh [37], much lower than the expected output from the farm, primarily due to wake interference 

and turbine downtime, as not all turbines operate consistently throughout the year. 

Wake interference leads to a significant reduction in the AEP, as evidenced by the 28.209% power loss in the 

scenario. The difference between the AEP with wake interference (44.41 GWh) and the potential AEP with 

reduced wake interference (61.86 GWh) highlights the importance of addressing this issue. The power losses 

due to the wake effects can be minimized so that the expected power output is maximized [53]. 

The elevated ridge-top terrain at the Ngong Hills site directly influences the observed wind variability, 

turbulence intensity, and wake behaviour reported in Sections 4.2 and 4.6. The concentration of wind flow 

along the ridge contributes to the relatively high mean wind speeds during daytime and mid-year periods, 

which correspond to lower turbulence intensities (TI ≈ 0.30–0.33) and reduced wake losses (<20%). These 

conditions coincide with the highest AEP values (≈ 40–47 GWh/year) observed in the results. 

In contrast, during low-wind and nocturnal periods, terrain-induced shear and flow distortion increase 

turbulence intensity (TI ≥ 0.42), leading to more persistent and asymmetric wakes. This is reflected in the 

measured rise in wake losses to 28–33% and the corresponding reduction in AEP to below 25 GWh/year. The 

limited improvement in wake losses achieved through Genetic Algorithm layout optimization (plateauing near 

23%) further indicates that terrain-driven flow complexity constrains the effectiveness of spacing-based wake 

mitigation at this site. 

Maintenance Scheduling Using Low-Wind Periods 

Identification of Low-Wind Months 

Results in Sections 4.1–4.4 show that although the mean hub-height wind speed is high (9.38 m/s), wind 

occurrence is not uniform across the year. The wind speed histogram (Figure 4) indicates that the highest 

frequency of occurrence lies in the 4–6 m/s range, while time-series analysis (Figure 5b) reveals extended 

periods of reduced wind speeds in the mid-year months. 

Monthly aggregation of hourly wind speeds reveals that May-August exhibit lower mean wind speeds relative 

to the mid-year period, which is characterized by frequent peaks exceeding 10 m/s. These months therefore 

represent low-opportunity-cost windows for planned maintenance. 

To quantify this, the expected energy loss due to maintenance in any of the months is calculated using equation 

23 and turbine power derived from the Vestas V52 power curve (Eq. 14). Because power scales approximately 

as (v3) in Region II operation, downtime during months dominated by 4–6 m/s winds result in 

disproportionately lower energy losses compared to mid-year months dominated by 8–12 m/s winds. 

Using the Weibull parameters obtained (k = 3.29, c = 9.81 m/s), the probability of wind speeds below 6 m/s is 

given by: 

𝐹(𝑣 < 6) = 1 − 𝑒𝑥𝑝 [− (
6

9.81
)
3.27

]  ≈ 0.27………………………… 25 

This implies that approximately 27% of annual hours occur at wind speeds close to or below cut-in–to-low-

power operation, reinforcing the feasibility of scheduling maintenance within these periods with minimal AEP 

penalty. 
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Diurnal (Hourly) Low-Wind Windows 

Beyond seasonal trends, Section 4.2 demonstrates strong intra-day variability associated with boundary-layer 

dynamics. Nocturnal and late night and early-morning hours consistently exhibit lower wind speeds due to 

reduced convective mixing, a feature typical of inland elevated sites [58]. 

Let the hourly expected production loss, derived from equation 23 be defined as: 

𝐸𝑙𝑜𝑠𝑠,ℎ = 𝑃(𝑣ℎ)∆𝑡 ……………………………………. 26 

For wind speeds (vh < 6) m/s, turbines operate deep in Region II or near cut-in, producing less than 30–35% of 

rated power. Consequently, scheduling maintenance between 2100 -0300 hours local time, when these 

conditions dominate, minimizes energy loss even during otherwise high-wind months. 

This approach aligns maintenance with naturally occurring low-production hours, rather than relying solely on 

calendar-based scheduling. 

Quantifying AEP Preservation through Optimized Scheduling 

Given the simulated wake-affected AEP of 44.41 GWh and the actual measured output of 12 GWh, downtime 

represents a dominant loss mechanism beyond wake effects. If maintenance is assumed to require (Tm) hours 

annually per turbine, then the difference between optimized and non-optimized scheduling can be 

approximated as [70]:  

∆𝐸 =  ∑ [𝑃(𝑣𝑎𝑣𝑔) − 𝑃(𝑣𝑙𝑜𝑤)]𝑡∈𝑇𝑚 ∆𝑡 …………………………………………… 27 

where: v avg ≈ 9.38 m/s (annual mean), and v low ≈5 m/s (low-wind window mean). 

Using the cubic power dependence: 

𝑃(5)

𝑃(9.38)
= (

5

9.38
)
3

≈ 0.15 ……………………………………….. 28 

Thus, maintenance performed during low-wind periods incurs only ~15% of the energy loss that would occur 

if maintenance were scheduled during average wind conditions. This implies an estimated reduction of up to 

approximately 85%, a gain comparable to or exceeding that achieved through layout optimization alone (≈5%). 

Integration with Wake-Affected Layout Optimization 

An important operational advantage at Ngong is that wake losses peak during high-wind NE–ENE inflow 

conditions, precisely when energy capture is highest. Scheduling maintenance during low-wind months and 

hours therefore produces a double benefit: minimal power loss due to low available wind energy, and 

avoidance of high-wake, high-production periods, where downtime would otherwise compound aerodynamic 

losses. This operational strategy complements the GA-optimized layout by ensuring that turbines are available 

during periods when wake mitigation delivers the greatest marginal AEP gains.  

Implications for Capacity Factor Recovery 

When 20–30% of existing downtime were shifted into identified low-wind windows, the recovered energy 

would substantially narrow the gap between simulated wake-corrected AEP (44.41 GWh) and measured output 

(12 GWh). The results strongly indicate that maintenance scheduling is a first-order control variable, 

comparable in importance to turbine spacing and wake modelling assumptions. 

Optimizing maintenance scheduling, which is key to minimizing downtime and maximizing turbine efficiency 

and in turn, wind farm efficiency can be enhanced, maximizing AEP potential. This approach minimizes 

energy losses and ensures turbines are fully operational during optimal wind conditions, thus increasing the 
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AEP. Scheduling maintenance when turbines are already less efficient due to wake interference can further 

reduce its impact on overall energy production. 

Uncertainty, Sensitivity, and Implications for Optimization 

Variability and Confidence in Wind Resource Estimates 

At 50 m hub height, the mean wind speed of 9.38 m/s exhibited a standard deviation of 3.46 m/s, indicating a 

moderately turbulent inland wind regime. The corresponding 95% confidence interval around the mean was 

relatively narrow due to the long data record, confirming the robustness of the estimated mean wind resource. 

However, when propagated through the turbine power curve, this variability resulted in substantially wider 

confidence bounds on AEP, consistent with prior findings that energy uncertainty is dominated by wind speed 

variance rather than mean estimation error [12], [15].  

Sensitivity to Wind Shear Exponent 

A ±0.02 change in α produced measurable shifts in hub-height wind speed and resulted in AEP variations on 

the order of 6–8%, while ±0.05 variations yielded changes exceeding 12%. These results align with previous 

studies in complex inland terrain, which report heightened sensitivity to shear due to stronger vertical gradients 

and enhanced wake effect under stable atmospheric conditions [56], [66]. The findings emphasize the 

importance of site-specific shear characterization when evaluating wake losses and layout optimization 

outcomes. 

Sensitivity to Weibull Parameters and Wake Losses 

Variations in the Weibull scale parameter c exerted the strongest influence on AEP, with ±10% perturbations 

producing energy yield changes exceeding ±15%. Changes in k had a smaller effect on total AEP but 

significantly influenced wake losses and capacity factor. Lower k values increased the frequency of operation 

in partial-load regions, where turbines are more susceptible to wake-induced velocity deficits, thereby 

amplifying cumulative wake losses.  

  

Figure 11: Sensitivity of AEP to Variations in the Weibull Scale and Shape Parameter.  

Results illustrated in Figure 11 show that AEP is significantly more sensitive to changes in the scale parameter, 

with ±10% variation in c producing changes exceeding ±15% in AEP, while equivalent variations in k result in 

comparatively smaller energy yield changes. These trends are consistent with LES-supported analytical studies 

showing that broader wind speed distributions prolong wake persistence and reduce recovery rates [48], [58].  
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Sensitivity to Wake Model–Specific Parameters 

Incorporating site-derived turbulence intensity (TI) into the Jensen wake formulation produced stable and 

physically consistent wake recovery behaviour across all simulated layouts. Constraining the wake decay 

behaviour using turbulence-informed parameters (Section 4.6) ensured that wake expansion and recovery 

remained within realistic bounds, with no anomalous or non-physical wake behaviour observed. This outcome 

is consistent with findings by [7], who demonstrated that turbulence intensity plays a dominant role in 

governing wake recovery rates and that wake model predictions become more robust when atmospheric 

conditions are explicitly accounted for. 

In this study, turbulence intensity was incorporated into the Jensen wake formulation through a turbulence-

dependent wake decay constant (α), whereby higher site-derived TI values correspond to increased wake 

expansion and faster recovery, while lower TI values yield slower wake dissipation [7], [48]. This approach 

follows commonly adopted Jensen model extensions in which α\alphaα is parameterized as a function of 

ambient turbulence, allowing the wake growth rate to reflect atmospheric mixing conditions rather than relying 

on a fixed empirical constant [3], [47].  By constraining α\alphaα within physically realistic bounds derived 

from the measured TI range, the wake model responds dynamically to changing inflow conditions while 

avoiding over- or under-diffusive wake behaviour [48]. 

Importantly, the turbulence-constrained wake formulation preserved the relative performance ranking of layout 

configurations, indicating that comparative improvements in AEP are robust to wake model assumptions when 

turbulence is realistically represented. Similar conclusions have been reported in comparative wake modelling 

studies, where layout-to-layout performance differences were shown to be less sensitive to wake parameter 

uncertainty than absolute wake loss magnitudes [48]. While absolute wake losses are known to vary with wake 

decay assumptions, the present results confirm that energy yield improvement trends are primarily driven by 

layout geometry and site-specific wind characteristics, rather than by unconstrained variation of wake model 

parameters. This aligns with recent system-level analyses emphasizing that, for operational wind farms, 

turbulence-aware modelling supports reliable comparative optimization even when higher-fidelity wake 

calibration data are unavailable [3]. 

Implications for Energy Yield Optimization at Ngong 

The combined uncertainty arising from wind variability, shear extrapolation, and Weibull parameter estimation 

is comparable in magnitude to the gains achieved through layout optimization alone. While the GA–Jensen 

optimization reduced wake losses by approximately 5%, sensitivity analysis indicates that unaccounted 

atmospheric uncertainty could offset or amplify these gains. When evaluated alongside sensitivities in wind 

shear and wind distribution parameters, the turbulence-constrained wake modelling demonstrates that relative 

AEP improvements remain robust to wake model–specific assumptions, confirming the suitability of the 

approach for assessing energy yield and operational optimization in existing wind farms under realistic 

aerodynamic uncertainty. Similar conclusions have been reported in recent optimization studies, where 

uncertainty-aware optimization frameworks outperformed deterministic approaches in realistic wind climates 

[26]. 

Limitations and Future Work  

This study has several limitations, including the absence of turbine-level measured power data, which limited 

direct validation of wake-induced power deficits and required the wake model to be used primarily for 

comparative layout analysis rather than exact replication of observed energy output. Wake effects were also 

represented using Jensen model, which, although computationally efficient for optimization, cannot fully 

capture complex wake interactions in terrain-influenced environments. In addition, while wind characterization 

relied on a robust 10-year dataset (2010–2019), the 2022 validation data were short-term and used only to 

confirm general wind characteristics. Given the discrepancy between simulated and actual AEP, access to 

longer-term turbine-level operational (SCADA) data at the Ngong Hills would be essential for turbulence-

aware wake calibration, separation of terrain-induced effects from model uncertainty, and robust verification 

of simulated energy yield. Future work should therefore incorporate higher-fidelity wake models or CFD 
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simulations, empirical derivation of site-specific wind shear parameters, heterogeneous turbine configurations, 

and extended operational datasets to strengthen energy yield optimization for operational wind farms. 

CONCLUSION 

This study comprehensively evaluated wind resource characteristics, wake losses, layout optimization, and 

operational constraints at the Ngong Hills Wind Farm using long-term wind data (2010–2019) and validation 

measurements from 2022. The site exhibited a robust wind regime, with dominant wind speeds of 4–6 m/s and 

a mean hub-height wind speed of 9.38 m/s at 50 m. Weibull parameters (k = 3.29, c = 9.81 m/s) produced a 

theoretical power density of 858 W/m² and extractable power of 509 W/m², classifying the site as Wind Power 

Class V and confirming its suitability for utility-scale generation. 

Directional analysis showed persistent NE–ENE inflow favourable for wake mitigation through layout design. 

However, Jensen wake modelling revealed significant wake losses of 28.2%, reducing AEP from 61.86 GWh 

(no-wake) to 44.41 GWh, while Genetic Algorithm optimization reduced wake losses to 23% and improved 

AEP by about 5%. Despite these improvements, the optimized output remains substantially higher than the 

observed annual production, indicating additional operational or environmental constraints. 

Seasonal and diurnal wind analysis showed that maintenance scheduling during low-wind periods (May - 

August, and 2100–0300 hours) can significantly reduce energy losses. Conducting maintenance during these 

windows may reduce maintenance-related energy loss by up to 85% and improve realized AEP, demonstrating 

that wind-aware maintenance scheduling provides a practical strategy for enhancing energy yield where layout 

changes are limited. 

Sensitivity analysis further highlighted the importance of atmospheric uncertainty, showing that ±0.02 

variations in the wind shear exponent lead to 6–8% changes in AEP, while ±10% variations in the Weibull 

scale parameter produce energy yield changes exceeding ±15%. These effects are comparable in magnitude to 

wake-loss reduction gains, pointing out the necessity of integrating uncertainty-aware modelling with 

deterministic optimization approaches. 

From a broader perspective, the findings have important implications for wind farm design, operation, and 

energy planning in Kenya and similar regions in East Africa. Optimizing existing assets such as Ngong Hills 

supports Kenya’s Vision 2030, the Kenya AI Strategy (2025–2030), and national renewable energy targets by 

enhancing energy security and grid stability without immediate capacity expansion. For future developments in 

complex terrain, the results highlight best practices that combine dominant wind-aligned layouts, turbulence- 

and uncertainty-informed wake modelling, and wind-aware maintenance scheduling. 

The key novelty of this study lies in its holistic optimization framework, which integrates aerodynamic layout 

optimization, atmospheric uncertainty, and operational scheduling for an existing wind farm. Rather than 

treating these elements in isolation, the combined strategy offers a more realistic and actionable pathway for 

recovering lost energy under real-world operational constraints. Future work should extend this framework to 

heterogeneous turbine configurations, advanced wake control strategies, and longer-term operational datasets 

to further enhance energy recovery from high-quality wind resources such as Ngong Hills. 
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