
1 

 

Wind resource assessment in flow-distorting terrain: 

Techno-economic comparison of fixed-wing UAVs & profiling LiDAR 

Phuong Anh Nguyen1,2, Ewoud Vos1, Danial Hassani2 

1 Hanze UAS, Entrance - Centre of Expertise Energy, Groningen, 9747 AA, The Netherlands 
2 Alveo AB, Stockholm, 138 33 Älta, Sweden 5 

Correspondence to: Phuong Anh Nguyen (anhnp.hn13@gmail.com) 

Abstract. This study conducts a head-to-head techno-economic comparison of vertical profiling Light Detection and Ranging 

(LiDAR) and fixed-wing Unmanned Aerial Vehicles (UAVs) deployments for wind resources assessment at a representative 

120 MW onshore project in flow‑distorting terrain in Germany. A simplified energy yield model and a Monte Carlo framework 

propagate literature-based measurement and flow model uncertainties through different measurement scenarios to the exceedance 10 

levels (P50, P90) of Annual Energy Production (AEP), Net Present Value (NPV) and Levelized Cost of Electricity (LCOE). 

The analysis shows that both technologies achieve similar point measurement uncertainties (±0.4-0.5 m/s, ±7-10°). The 

dominant lever for reducing AEP uncertainty and improving P90 is increased direct spatial coverage, not marginal gains in 

instrument accuracy. Under consistent cost and financing assumptions, UAV-based deployments deliver the largest P90 uplift, 

higher NPV and lower LCOE than LiDAR configurations. 15 

1 Introduction 

In line with Europe’s strong commitment to achieving net-zero carbon emissions by 2050, a rapid expansion of renewable 

electricity is required, with onshore wind remaining to be the most immediately deployable option (Hernandez-Negron et al., 

2023). While most onshore wind capacity has historically been installed in flat, lowland or coastal areas, new projects are 

increasingly expanded into non-uniform, mountainous and forested landscapes (Clifton et al., 2022). While these regions offer 20 

stronger wind resources, their flow-distorting characteristics are difficult to represent accurately using current measurement 

and modelling approaches. This creates not only engineering and logistical challenges but also significantly increases 

uncertainty in wind measurement and prediction (Clifton et al., 2022; Melani et al., 2023). Such uncertainty directly impacts 

energy yield estimation (Melani et al., 2023), and in turn, shapes project financing as well as overall economics (Clifton et al., 

2016; Lee & Fields, 2021). 25 

Specifically, as lenders and investors typically size debt and set pricing based on the risk associated with estimated annual 

energy production (AEP) and its exceedance levels (P50, P90) before making investment decisions (Melani et al., 2023). When 

uncertainty increases, perceived risk rises accordingly. As a result, debt capacity may be reduced and interest margins increased 

(Mora et al., 2019). Furthermore, inaccurate or overly uncertain AEP estimates can also lead to mispriced power purchase 
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agreements (PPAs) and long-term economic underperformance (Barber et al., 2022). In flow-distorting terrain, reliable wind 30 

resource assessment (WRA) therefore becomes a critical bottleneck. The need for accurate, well-designed wind measurement 

campaigns is not merely technical, it is fundamental to reducing financial risk and ensuring project viability. 

Conventional measurement practice for WRA relies on meteorological (met) masts. Masts provide traceable, long time series 

but are costly and difficult to install at modern hub heights and/or in rugged terrain (IEA Wind Task 36, 2022). Projects 

increasingly depend on single-point measurements that must be extrapolated vertically and horizontally across the wind farm 35 

(Clifton et al., 2022; Melani et al., 2023). Integrating with point-measurement practices for WRA, common flow models, used 

as spatial extrapolation tools, include linear models and computational fluid dynamics (CFD) approaches such as WAsP, 

RANS-CFD and large-eddy simulation (LES) (Barber et al., 2022; Clifton et al., 2016). There is, however, no community-

wide best practice in complex terrain, as advanced models are computationally demanding, while their accuracy and 

uncertainty remain site dependent and subject to ongoing validation (Bechmann et al., 2011; Dörenkämper et al., 2020; 40 

Sheehan et al., 2022). 

Remote sensing technologies have been introduced to overcome mast-installation challenges, with vertical profiling Light 

Detection and Ranging (LiDAR) now widely used for development campaigns in gentle terrain (Goit et al., 2019). Still, in 

flow-distorting terrain, profiling LiDAR data require site-specific corrections and must be translated spatially to turbine 

locations, again relying on flow models (Melani et al., 2023). 45 

Unmanned aerial vehicles (UAVs) or drones have recently emerged as flexible platforms of sampling at hub height along 

extended flight tracks, improving representation of spatial heterogeneity (Dang et al., 2024). Long-endurance fixed-wing 

UAVs are stable in cruise and can cover larger areas, making them well suited for mapping mean wind conditions over the 

entire complex sites (Soltaninezhad et al., 2025), comparing to multirotor drones. Indirect wind estimation usually combines 

global navigation satellite system (GNSS) data, pitot tubes and inertial measurement units (IMUs) to reconstruct wind vectors 50 

along the flight path (Fu et al., 2025). For long-term or large-site measurements, fixed-wing platforms are generally preferred 

(Soltaninezhad et al., 2025). Recent developments seek to address these challenges, particularly through fixed-wing hybrid 

VTOL (vertical take-off and landing) UAVs, eliminating the need for catapults or runways (Hassani, 2023). Long-endurance 

fixed-wing UAVs, up to 6-9 hours per flight, have demonstrated fine-resolution wind and turbulence measurements in wind 

farm environments (Alaoui-Sosse et al., 2022; Hassani, 2023). Improvements in multi-sensor integration, data processing, as 55 

well as autonomous flight control and charging system further boost data reliability for long-term measurement and range 

(Alaoui-Sosse et al., 2022; Hassani, 2023). These innovations suggest UAVs could evolve into an even more competitive 

solution for wind measurement. 

1.1 Motivation and problem statement 

Accelerating the expansion of onshore wind in complex European terrain requires reducing measurement barriers at the wind 60 

resource assessment (WRA) stage. As met masts are often impractical, more flexible solutions are needed. Vertical profiling 

LiDARs and fixed-wing UAVs both offer greater deployment flexibility in such terrain, but neither is currently accepted as a 
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standalone, bankable solution without site-specific validation and robust uncertainty quantification (Goit et al., 2019; Klaas-

Witt & Emeis, 2022; Soltaninezhad et al., 2025). This lack of financial acceptance limits their ability to replace conventional 

measurement approaches. 65 

Several studies report good agreement between fixed-wing UAVs, profiling LiDARs and reference systems across a range of 

terrains (e.g (Kim et al., 2016; Pauscher et al., 2016; Wildmann et al., 2014, 2017)). However, these validation efforts are 

typically conducted separately for each technology. Direct comparisons remain rare. For example, (Boventer et al., 2024) 

compares profiling LiDAR and fixed-wing UAV measurements at a mountainous site, but the datasets are not fully aligned: 

LiDAR data are averaged over 30 minutes, while UAV data are averaged over 10 minutes. Such asymmetries limit 70 

comparability. More broadly, the evidence base remains fragmented across methods, platforms and sites, and is largely framed 

in terms of technical measurement accuracy rather than its implications for energy assessment at farm-scale and project 

economics. Yet for investors and lenders, the critical question is not only whether a measurement is accurate, but how it affects 

annual energy production (AEP) uncertainty and, ultimately, financial outcomes. 

This study addresses that gap through a head-to-head comparison of fixed-wing UAV and vertical profiling LiDAR 75 

deployments for a representative onshore wind project in flow-distorting terrain in Germany. Under consistent assumptions, it 

quantifies how alternative deployments of two technologies delivers measurement uncertainty and spatial extrapolation 

uncertainty to AEP (P50/P90 values), project net present value (NPV) and levelized cost of electricity (LCOE).  

2 Methodology 

A mixed-method approach, that combines a structured literature review, a quantitative case study and techno-economic 80 

comparison, is conducted (see Figure 1). The overall aim is to link empirically grounded measurement and flow model 

uncertainties to AEP uncertainty (P50/P90) and project-finance metrics for comparison. Finally, the robustness of key inputs 

and the internal logic of the model are examined through a sensitivity analysis. 

2.1 Literature review 

A literature review identifies the measurement accuracy and uncertainty of the two technologies in complex terrains, as well 85 

as the uncertainty of common flow models used in the WRA workflow. It focuses on onshore flow-distorting terrain (e.g. 

mountainous, hilly, and forested sites) and on studies reporting quantitative uncertainty metrics. The search is performed 

primarily in ScienceDirect, ResearchGate, MDPI, Energies and Wind Energy Science, with combinations of following 

keywords: “wind measurement”, “wind profiling”, “onshore wind”, “complex terrain”, “mountainous”, “forest”, “profiling 

lidar”, “Doppler lidar”, “UAV”, “drone-based wind measurement”, “uncertainty”, “bias”, “error”, “flow model”, “WAsP”, 90 

“CFD”. Studies are included if they:  

(i) addressed onshore wind measurement and linear flow models in mountainous, hilly, and forested terrain. 

(ii) reported the measurement uncertainty of wind speed and direction, for vertical profiling LiDAR or fixed-wing UAVs. 
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(iii) reported the model’s uncertainty of wind speed for spatial extrapolation, using single-point measurement data as input. 

(iv) covered publications from approximately 2010 onwards, at global scale. 95 

Additional relevant references are identified through backward and forward citation tracking of key papers. Where no suitable 

data were available for complex terrain, the search is cautiously extended to studies in gentle terrain to provide indicative 

benchmarks. This step is to document realistic ranges for uncertainty components of both technologies, ensuring that the 

subsequent quantitative models are grounded in state-of-the-art knowledge. 

2. 2 Quantitative case study 100 

The quantitative case study is carried out for a hypothetical 20-turbine onshore wind farm in complex terrain at Clausthal-

Zellerfeld, Harz Mountains, Germany. Case-study research is well suited to complex, context-dependent systems (Annamalah, 

2024), allowing a detailed exploration of WRA in non-uniform terrain where flow and access are highly site specific. 

Energy yield model:  

In this case study, an energy yield model using Python is built for a 120 MW wind farm, driven by an existing one-year 105 

WindCube LiDAR dataset at 160 m above ground (Rausch et al., 2022) in Clausthal. The site consists of forested upland 

Figure 1: Overall methodological framework of the thesis (solid arrows indicate the primary sequence of modelling 

 and analysis steps; dashed arrows indicate validation links between components) 
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plateau (390-821 m a.s.l.) with strong vertical shear and directional veer  (Bretschneider et al., 2021; Rausch et al., 2022). The 

terrain was assessed per IEC 61400-1:2019 using the Terrain Slope Index (TSI) and Terrain Variation Index (TVI) over three 

assessment radii (5z_hub, 10z_hub, 20z_hub) for all 20 turbine locations (IEC, 2019). TSI₃₀ values remain consistently low 

across all radii (mean 1.66°, maximum 6.22°), confirming negligible orographic steepness. TVI₃₀ values, however, reveal 110 

pronounced short-range terrain heterogeneity (mean 2.89%, maximum 7.7% at 5z_hub), indicative of localised flow separation 

and non-standard wind shear. Applying the IEC worst-case classification rule, the site exceeds the Simple category threshold. 

On a site-average basis, 80% of turbines fall within the Simple-to-Low complexity range; accordingly, the site is treated as 

Low-complexity terrain with flow-distorting conditions throughout this study. 

A V162-6.2 MW turbine is selected to match the local wind climate (see Figure 2). The power curve and detailed configuration 115 

of the V162-6.2 MW can be found in (Zagubień et al., 2024). 

The 10‑min measured wind speed (Ums,) and direction recorded at a reference height (Rausch et al., 2022) are binned into 12 

directional sectors (e.g. Figure 2.a) and treated as the reference (“truth”) at the measurement point. Wind conditions at each 

turbine are then derived using a WAsP-type framework: vertical and horizontal extrapolation via a sector-wise speed-up factor 

𝐅(𝛉, 𝐦𝐬, 𝐭) incorporating orography, roughness and obstacle effects, as in Eq.(1) (Kamdar et al., 2021). These effects are 120 

extracted from GLO-30 digital elevation map (DEM) (OpenTopography, 2021) and global landcover map (Zanaga et al., 

2021). The translated series of wind speed Ut at each turbine is also treated as the modelled reference.  

Ut(θ) = Ums(θ) × 𝐹(θ, ms, t) (1) 

                

Figure 2: Wind climate at Clausthal’s measured site 

For each turbine and sector, a two-parameter Weibull distribution is fitted to the hub-height series and combined with the 125 

manufacturer’s power curve to compute gross AEP, followed by standard-loss factors (wake, availability, electrical, 

curtailment) (Afanasyeva et al., 2016; Kamdar et al., 2021; Schaffarczyk, 2014). This model provides the basic for validating 

(a) Wind rose (b) Weibull distribution 
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different UAV- and LiDAR-based deployments at site. The deployment designing logic is driven by farm size and features of 

measurement approaches. Four deployment scenarios (see Figure 3) are defined: 

- Scenario 1 (LiDAR_1) uses a single vertical profiling LiDAR at the measurement point and relies on flow model to 130 

estimate the turbines’ wind speed. 

- Scenario 2 (LiDAR_2) employs two vertical profiling LiDARs, one as in Scenario 1 and a second on the opposite 

side of the farm. Every turbine lies within 4 km of both LiDARs, enabling cross-validation between the two measured 

datasets and reduces flow model error as well as uncertainty, as recommendation at (Menke et al., 2020).  

- Scenario 3 (UAV_2) is designed to minimise the number of drones used. The flight path design is selected to achieve 135 

the standard 10-minute resolution across the farm. The study adopts the features and improvements of the Alveo AB 

fixed-wing UAV system (Hassani, 2023), including a recommended endurance of ~5 hours under normal conditions, 

an average airspeed 24-25 m/s, and maximum speed 39-40 m/s. A single drone continuously surveys the site along a 

14.5 km circuit, passing directly over 13 turbine locations, while the second unit remains on charge. Wind conditions 

at the remaining 7 turbines are derived from the flow model. 140 

- Scenario 4 (UAV_4) focuses on directly measuring at 20 turbine locations through two drones that map the site 

simultaneously along the proposed paths, while two additional drones are charging or in reserve. Therefore, the 

scenario removes the reliance on a flow model. 

 

Figure 3: Illustration of four deployment scenarios 145 
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Uncertainty definitions and Monte Carlo set-up:  

Three uncertainty components are represented explicitly in the Monte Carlo framework: 

- Measurement wind-speed uncertainty εWS ∼ 𝒩(0, σ𝑤𝑠
2 ) is applied as an additive error to the 10-min wind-speed 

series. Standard deviation σws (m/s) refers to instrumental uncertainty and short-term variability. σws > 0. 

- Measurement wind-direction uncertainty εWD ∼ 𝒩(0, σ𝑤𝑑
2 )  is applied as an additive error to the 10-min wind-150 

direction series. Standard deviation σwd (°) captures heading-sensor uncertainty. 

- Flow-model (spatial-extrapolation) uncertainty Fflow ∼ 𝒩(1, σ𝑓𝑙𝑜𝑤
2 )  is applied as a multiplicative factor to  

sector-wise speed-up F(θ, ms, t) per turbine. Standard deviation σflow (%) reflects the combined effect of terrain and 

model-structure uncertainty to the translated wind speed. Fflow > 0. 

Here, σws, σwdand σflow are scenario-dependent and taken from the literature review. This allows measurement and flow-155 

model uncertainties to be treated as coupled, reflecting the fact that the flow model uses measured data as input. The Monte 

Carlo engine is used to propagate these uncertainties through the energy-yield model. For each scenario, N = 5000 simulations 

are run. In each run, the wind field is perturbed by sampling εWS, εWD and Fflow, and the full energy-yield pipeline is executed. 

The outputs include the AEP estimation, which is expressed by the simulated P50 and P90 values (MWh), and the standard 

deviation of P50, 𝜎(𝑃50)  (MWh, %). Monte Carlo simulation is chosen, following prior work (e.g. (Afanasyeva et al., 2016; 160 

Gleim et al., 2018; Kwon, 2010)), because it (i) treats AEP as a full probability distribution rather than collapsing uncertainty 

into a single “square-root-of-sum-of-squares” value, and (ii) can represent dependence between uncertainty sources explicitly. 

Cost-benefit analysis 

To link the technical results to investment relevance, a cost-benefit analysis is carried out. Although WRA campaign commonly 

accounts for <2% of onshore project’s capital expenditure (CAPEX) (IEA Wind Task 36, 2022), not every campaign results 165 

in a project progressing to investment or construction, so these costs remain a critical factor in developers’ decision-making 

(Clifton et al., 2016).  One-year WRA campaign cost is estimated for four scenarios in this work, which normally includes: 

rental, deployment and commissioning, calibration, operations/maintenance, and data processing.  

Vertical profiling LiDARs are mature commercial products, so in the LIDAR_1 and LIDAR_2 scenarios, costs are estimated 

from commercial rental rates sourced from public quotations and combined with installation, power, and scheduled 170 

maintenance allowances. By contrast, UAV systems for wind measurement have less transparent market pricing. In the UAV_2 

and UAV_4 scenarios, costs are built bottom-up, with capital expenditure CAPEX (drones, control system, charging equipment 

and container) and operational expenditure OPEX (routine maintenance, staff and field logistics) itemised separately. A profit 

margin is added to reflect the service provision and to ensure like-for-like comparability with LiDAR rental quotes, which 

already include vendor margins. This approach follows a standard cost-plus pricing methodology, detailing in (Amaral & 175 

Guerreiro, 2018; Oh & Son, 2019).  
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On the benefit side, the analysis focuses on debt capacity, modelled via a P90-based Debt Service Coverage Ratio (DSCR) 

constraint (Henderson et al., 2014; Mora et al., 2019) in a 25-year project-finance model, which determines as the maximum 

amount of project-finance debt a wind project can support given lenders’ requirements. This study assumes a DSCR target of 

1.35 for onshore projects in complex terrain (Clausthal), following (Henderson et al., 2014). The DSCR-based debt capacity 180 

feeds into a standard project cash flow model to evaluate NPV and LCOE. NPV is defined here as the present value of equity 

cash flows minus the initial equity investment, as in Eq.(2). LCOE is defined as the ratio of the discounted sum of all project 

costs to the discounted sum of net energy production (Mora et al., 2019), as in Eq.(3). 

NPV = ∑
EBITi(1 − Tax)

(1 + WACC)i
− CAPEX = ∑

(P90i × Tariffi − OPEXi)(1 − Tax)

(1 + WACC)i
 − CAPEX

25

i=1

25

i=1

 (2) 

 

LCOE =
CAPEX + ∑

OPEXi

(1 + WACC)i
25
i=i

∑
P90i

(1 + WACC)i
25
t=i

 (3) 

where, 𝐄𝐁𝐈𝐓𝐢 is the earnings before interest and tax in year 𝑖; 𝑊𝐴𝐶𝐶 is the weighted average cost of capital; Tariffi is the 185 

realised average power price (€/MWh); OPEXi  is operating expenditure (fixed and variable, €) in year 𝑖 ; CAPEX  is the 

project’s capital expenditure (€).  

The following financial inputs are used:  

- Investment cost (CAPEX): 1,600 €/kW of installed capacity (Christoph et al., 2024) 

- Fixed operational cost (fix-OPEX): 32 €/year/kW of installed capacity (Christoph et al., 2024) 190 

- Variable operational cost (var-OPEX): 0.007 €/kWh (Christoph et al., 2024) 

- Electricity selling price: feed-in-tariff of 6.54 ct/kWh (Christoph et al., 2024; Reuters, 2024), applying for 25 years 

- Debt condition: 

o DSCR target: 1.35 (Henderson et al., 2014) 

o Cost of debt: 5.5% (Christoph et al., 2024) 195 

o Time: 15 years (assumption) 

o Tax: 20% (assumption)

2.3 Sensitivity analysis 

The sensitivity analysis focuses on two scenario-specific uncertainty inputs:  the measurement-uncertainty 𝜎𝑤𝑠, and the flow 200 

model uncertainty 𝜎𝑓𝑙𝑜𝑤 . Each input is independently perturbed by ±2% points around their chosen scenario-specific values. 

This tests how sensitive the output metrics P50, P90, NPV, and LCOE are to plausible variations in the assumed uncertainty 

levels. The ±2% point perturbation was chosen because it falls within the spread of uncertainty values chosen for the Monte 

Carlo simulations in this study, as synthetised in Section 3.2. 
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3 Results 205 

3.1 Measurement and spatial modelling uncertainties from literature review 

The literature review confirms that both vertical profiling LiDARs and fixed-wing UAVs can achieve comparable point-

measurement accuracy when appropriately processed. According to (Bischoff et al., 2024; Kim et al., 2016), in complex terrain, 

profiling LiDARs typically show mean wind-speed biases of about -0.3m/s to +0.5 m/s (-4% to +6%), standard uncertainties 

around ±0.2-0.5m/s when benchmarked against mast references. Wind-direction uncertainties are roughly 4-7° (Kim et al., 210 

2016; Knoop et al., 2021).   

Fixed-wing UAVs, such as the MASC platform, demonstrate negligible mean bias, while uncertainties of the order ±0.5 m/s 

in complex escarpment terrain (Wildmann et al., 2014, 2017). While in more gentle terrain, the system reaches 10-min wind-

speed uncertainty of ~0.1m/s and direction fluctuation of ~10° to mast references (Boventer et al., 2024).  

The linear spatial-modelling uncertainty, such as WAsP model, is generally 5% in suitable conditions, and exceed 8-9.5% in 215 

highly rugged sites (Dörenkämper et al., 2020; Indasi et al., 2016; Sheehan et al., 2022). CFD models, including RANS and 

LES approaches, generally achieve mean wind speed errors within 10-20% in complex terrain, with standard deviations often 

in the range of 1-2m/s (Bechmann et al., 2011; Fernando et al., 2019).  

3.2 Chosen uncertainty-values for deployment scenarios 

The uncertainty values adopted for the Clausthal case study are derived from observations of the aforementioned validation 220 

studies and are intended to represent typical performance for 10-minute mean wind statistics. The specific combination of 

uncertainty components for each deployment scenario is summarized in Table 1. 

For LiDAR’s scenarios, a wind speed uncertainty of ±0.4 m/s (~5 % of the long-term mean wind speed at Clausthal) and a 

direction uncertainty of 7° are used.  These values lie in the mid-range of those reported by (Kim et al., 2016), (Bischoff et al., 

2024) and (Knoop et al., 2021). Regarding flow-model uncertainty, an 8% standard uncertainty in wind speed due to the flow 225 

model is assigned to Scenario LiDAR_1. This value is deliberately chosen near the upper end of the WAsP uncertainty range 

for complex terrain (Indasi et al., 2016) and reflects that the flow field is constrained by only one profiling LiDAR, so the 

linear model retains a relatively high degree of structural uncertainty. In Scenario LIDAR_2, the presence of a second LiDAR 

enables cross-checking of the spatial speed-up pattern and partial calibration of the linear model between two measurement 

points, so 5% uncertainty reflects the “suitable conditions” as reported in (Sheehan et al., 2022). 230 

For fixed-wing UAV measurements, a wind speed uncertainty of ±0.5 m/s (~6.5 % of Clausthal’s mean wind speed) and a 

direction uncertainty of 10° are assumed, based on reports by (Wildmann et al., 2014, 2017) and (Boventer et al., 2024). In 

terms of flow-model uncertainty, for UAV_2, a 5% flow-model uncertainty is applied only to the seven turbines without direct 

UAV measurements. The dense UAV sampling reduces the model’s role to interpolating between multiple well-distributed 

measurement points, again bringing the extrapolation problem closer to a “well-characterised” case as reported in (Sheehan et 235 
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al., 2022). Finally, in Scenario UAV_4, each turbine is directly sampled by UAV flights, and no additional flow model 

uncertainty is applied.  

Table 1: Scenario-specific uncertainty inputs 

Scenario LiDAR_1 (base case) LiDAR_2 UAV_2 UAV_4 

1. Measurement uncertainty 

▪ Wind speed (εWS) 

▪ Wind direction (ε𝑊𝐷) 

 

σ𝑤𝑠 = ±0.4 m/s 

σ𝑤𝑑 = ±7°  

 

σ𝑤𝑠 = ±0.4 m/s 

σ𝑤𝑑 = ±7°  

 

σ𝑤𝑠 = ±0.5 m/s 

σ𝑤𝑑 = ±10°  

 

σ𝑤𝑠 = ±0.5 m/s 

σ𝑤𝑑 = ±10°  

2. Flow-model uncertainty 

▪ Wind speed (Fflow) 

▪ Noted: 

 

σ𝑓𝑙𝑜𝑤 = ±8% 

apply to all turbines 

 

σ𝑓𝑙𝑜𝑤 = ±5% 

apply to all turbines 

 

σ𝑓𝑙𝑜𝑤 = ±5% 

apply to 7 turbines 

 

 

non-apply 

3.3 Techno-economic comparison 

Table 2 reports the Monte Carlo results for the energy yield metrics of four scenarios and their corresponding economic outcomes. 240 

Table 2: Summary of techno-economic comparison results 

Scenario LiDAR_1 (base case) LiDAR_2 UAV_2 UAV_4 

AEP UNCERTAINTY 

Mean AEP (P50) [MWh] 468,893 470,761 471,390 472,423 

P50’s standard deviation 

[MWh, %] 

8,916 5,515 2,385 92 

1.90% 1.17% 0.51% 0.02% 

P90 [MWh] 457,106 463,536 468,141 472,303 

P90/P50 ratio [%] 97.49% 98.47% 99.31% 99.97% 

PROJECT FINANCIAL INDICATORS AND NPV 

Share of Debt [% CAPEX] 88.5% 90.0% 91.0% 91.9% 

WACC [%] 4.7% 4.7% 4.6% 4.6% 

P90-Revenue [€] 747,368,892 757,881,029 765,410,308 772,216,206 

NPV [€] 73,655,594 79,208,524 83,063,816 86,765,322 

NORMALIZING NPV GAINS BY €1 OF EXTRA WRA COST 

ΔNPV/ΔWRA - 76.5 186.3 101.0 

LCOE 

LCOE [€/MWh] 44.31 43.66 43.23 42.82 

AEP uncertainties:  

Across LiDAR_1 → LiDAR_2 → UAV_2 → UAV_4, the median of the Net AEP distribution, P50, increases gradually. The 

base case LiDAR_1 exhibits the lowest P50 (468,893 MWh). Relative to LiDAR_1, annual gains are roughly +0.4% for 

LiDAR_2, +0.5% for UAV_2, and +0.8% for UAV_4 (Figure 4.a). The standard deviation of P50 (σP50), which reflects the 245 

dispersion of the Net AEP distribution, decreases much more strongly than P50 increases. Expressed as a percentage of P50, 

σP50 shrinks sharply from 1.90% in LiDAR_1 to 1.17% in LiDAR_2, 0.50% in UAV_2, and just 0.02% in UAV_4 (Figure 
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4.b). Overall, the primary effect of enhanced deployment is therefore not a large upward shift in expected energy, but a 

substantial tightening of the AEP distribution. 

P90 is another key metric, it not only reflects the lower‑tail of the AEP distribution but also directly feeds DSCR-based debt 250 

sizing. Across the deployment scenarios, P90 increases monotonically relative to the base case LiDAR_1, with percentage 

uplifts (ΔP90) of +1.4%, +2.4%, and +3.3% for LiDAR_2, UAV_2, and UAV_4, respectively (Figure 5). Consistently, the 

P90/P50 ratio rises from 97.49% to 99.97%, indicating reduced downside risk and increasingly narrow uncertainty bands. 

 

      255 

Figure 4: Annual P50 metric by deployment scenarios: 

(a) P50 improvement compared to the base case; (b) P50’s standard deviations (𝛔𝐏𝟓𝟎) 

      

Figure 5: Annual P90 metric by deployment scenarios:  

(a) P90 and ΔP90 improvement compared to the base case; (b) Zoom-in of ΔP90 improvement 260 

 

As the differences between the measurement uncertainties of the two technologies are modest, these patterns reflect that the 

main gain from the additional LiDAR and UAVs is not sharper point-measurement accuracy, but reduced flow model 

uncertainty through improved spatial coverage. In other words, additional devices enhance spatial extrapolation robustness 

rather than instrument precision. 265 
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For validation, the comparison is restricted to the base case, for which similar methodological approaches are available in the 

literature. LiDAR_1’ Monte Carlo results with a farm-scale AEP standard deviation of about 1.9% of P50, aligns with (Gleim et 

al., 2018). While the average turbine‑level AEP standard deviation is ~8%, consistent with published uncertainty stacks for single 

turbines (Kwon, 2010). This supports the plausibility of the uncertainty framework used. 

Cost-benefit analysis 270 

One‑year WRA campaign costs are estimated with the range from approximately 75.6 k€ in LiDAR_1 to 148.2 k€ in LiDAR_2, 

126.8 k€ in UAV_2 and 205.3 k€ in UAV_4 (Figure 6). Relative to the LiDAR_1 campaign cost, LiDAR_2 increases cost by 

~96%, UAV_2 shows an estimated 68% increase, while UAV_4 is projected to have a significantly greater rise of 

approximately 172%. Nevertheless, UAV_2 remains slightly more affordable than the LiDAR_2 campaign, at approximately 

15% lower cost. 275 

  

Figure 6: One-year WRA cost estimation across deployment scenarios, and Cost increases compared to the base case (LIDAR_1). 

As P90 increases across the scenarios, the P90-based DSCR model permits a higher debt share in CAPEX, also P90-based 

revenues rise, thereby affecting both NPV and LCOE.  

Specifically, adding one additional LiDAR (LiDAR_2) increases P90 by 1.4% compared with LiDAR_1. Although the 280 

resulting reduction in WACC is small (Table 2), the combination of higher P90-based revenue and slightly improved financing 

conditions leads to a 7.5% increase in NPV (+€5.77 M€) (Figure 7).  The UAV scenarios follow the same qualitative pattern. 

Improvements in P90 translate into NPVs of approximately €83.1 M (+12.8%) for UAV_2 and €86.7 M (+17.8%) for UAV_4, 

respectively.  

In contrast, LCOE declines as deployment intensity increases. Starting from €44.31/MWh for LiDAR_1, LCOE decreases to 285 

€43.66/MWh for LiDAR_2, €43.23/MWh for UAV_2, and €42.82/MWh for UAV_4. The largest reduction, 3.5%, occurs 

between UAV_4 and the base case (Figure 8). These reductions reflect the combined effect of higher expected net energy (P50 

and P90) and slightly cheaper capital. The resulting LCOEs lie in the lower half of recent German onshore ranges (4.3-9.2 

€cents/kWh) (Christoph et al., 2024), supporting the plausibility of the financial assumptions. 
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           290 

Figure 7: Project NPV by deployment scenarios:  

(a) NPV and ΔNPV improvement compared to the base case; (b) Zoom-in of ΔNPV improvement 

 

Figure 8: LCOE and ΔLCOE reduce compared to the base case 

Under the cost-benefit perspective, the incremental net present value per additional euro of WRA spend (ΔNPV/ΔWRA) 295 

provides a compact measure of the economic efficiency of each deployment option. Normalising NPV gains by €1 of extra 

WRA cost gives approximately ~76, 184 and 101 €/per€ for LiDAR_2, UAV_2 and UAV_4, respectively. All enhanced  

scenarios are value-creating relative to LiDAR_1. Among scenarios, UAV_2 offers the strongest return, capturing most of the 

AEP and financing benefits from improved spatial coverage at moderate additional cost. 

3.4 Sensitivity analysis 300 

Figure 9-10 show how the key project indicators respond to a ±2% point change in two uncertainty inputs:  wind-speed 

measurement uncertainty and flow-model uncertainty. Grey bars represent a negative impact on project indicators (i.e. lower 
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each bar, the bottom axis reports the relative change in %, and the text on the bars gives the corresponding absolute variation in 

MWh, M€, or €/MWh. 305 

When wind speed measurement uncertainty changes ±2%, with fixed flow model uncertainty, the impact on P50 and P90 of 

all four scenarios remains below 0.3% (Figure 9). Whereas an equivalent change in flow-model uncertainty, with the 

measurement term held fixed, shifts the entire AEP distribution more noticeably. P50 and especially P90 values for LIDAR_1, 

LIDAR 2 and UAV_2 vary more strongly, by roughly 0.4% for P50 and 1% for P90 (Figure 10). However, these values for 

UAV_4 remain unchanged (Figure 10). These show that in the total uncertainty “budget”, the wind speed measurement 310 

component contributes only a relatively small fraction compared with the flow model component. These findings are consistent 

with the comprehensive review by (Barber et al., 2022). 

An asymmetric response is also observed. The increase +2% of the uncertainty reduces P50 and P90 more strongly than the 

gains obtained from a −2% reduction (both Figure 9 and Figure 10). This behavior is consistent with the models’ logic, as P50 

and especially P90 are decreasing functions of AEP deviation. Moreover, the asymmetry is stronger for measurement 315 

uncertainty. When this term is reduced by 2%, its standard deviation becomes very small, and the Monte Carlo spread nearly 

collapses. In contrast, flow-model uncertainty remains relatively large even after a 2% reduction. This indicates that reducing 

flow-model uncertainty offers greater potential for improving yield estimates than minimising measurement uncertainty alone. 

Across the scenarios, the sensitivity levels of the two LiDAR scenarios clearly demonstrate the dominant impacts of flow 

model uncertainty and the asymmetry pattern. Their P90s are also the most sensitive to flow model fluctuations. The sensitivity 320 

level of UAV_2 is particularly interesting because it exhibits a different pattern from the other scenarios: the response is much 

less asymmetric. This is because measurement uncertainty is applied to all turbines, while flow-model uncertainty affects only 

part of the farm. When aggregated, these effects balance each other more evenly. 

The P90/P50 ratio further contextualises these findings. It remains insensitive to ±2% measurement uncertainty across all 

scenarios. In contrast, flow-model uncertainty compresses the P90/P50 ratio more noticeably for LiDAR-based scenarios 325 

(Δ≈±0.01), while Scenario 4 exhibits near-zero sensitivity to both sources. 

At the economic level, the three groups of input parameter changes show very different degrees of “leverage” on NPV and 

LCOE. When the wind measurement uncertainty changes by ±2% (Figure 9), both NPV and LCOE change only slightly. This, 

again, demonstrates that small changes in measurement uncertainty only slightly shift the AEP distribution, so the NPV and 

LCOE are barely affected. In contrast, when the flow model uncertainty changes by ±2% (Figure 10), NPV reacts much more 330 

strongly, and LCOE is also more sensitive than in the wind measurement case. 
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Figure 9: Sensitivity of P50, P90, NPV and LCOE to ±2% measurement uncertainty in wind speed, by deployment scenarios 

 

Figure 10: Sensitivity of P50, P90, NPV and LCOE to ±2% flow-model uncertainty in wind speed by deployment scenarios 335 
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4. Discussion 

Several methodological limitations restrict the external validity of these findings. First, the comparison is not based on a side-

by-side field experiment: LiDAR data from Clausthal are combined with literature-based uncertainty parameters from different 

sites, set-ups and processing methods. Therefore, the results rely on conservative assumptions. Second, the energy-yield model 

uses a simplified WAsP-type flow framework and an assumed reduction in flow-model uncertainty (8% → 5%) based on 340 

literature reviews, that has not been experimentally verified. AEP uncertainty, thus, remains approximate. Third, the 

uncertainty analysis focuses only on random wind-speed and wind-direction components linked to LiDAR and UAVs, 

excluding other key sources (e.g. long-term correction, interannual variability, wake and power-curve uncertainty), making 

the very low residual uncertainty in UAV_4 optimistic.  

Moreover, the cost-benefit analysis is based on illustrative campaign costs with estimated expenditure components for a 345 

specific project and a simplified feed-in-tariff-based finance model, without detailed subsidies, power purchase agreements 

(PPAs), or merchant price risk. Finally, non-monetised benefits and practical considerations that may strongly influence 

technology choice are not quantified in this work. The conclusions are therefore directional and comparative, not universal. 

5. Conclusion 

The study systematically compares vertical profiling LiDAR and fixed-wing UAV deployments for WRA in flow‑distorting, 350 

low complexity terrain, linking measurement and flow model uncertainties to AEP distributions and financial metrics for a 

representative onshore farm at Clausthal, Germany. The literature review shows that once systematic biases are calibrated, 

residual random measurement uncertainties at this site for both technologies cluster around ±0.4-0.5m/s and ±7–10°. 

The energy-yield modelling and cost-benefit analysis highlight the advantages of the UAV configurations in the wind 

measurement. Across the four deployment scenarios, LiDAR_1 → LiDAR_2 → UAV_2 → UAV_4, the median P50 increases 355 

slightly while P90 improves by 1.4-3.3%, reflecting a progressive narrowing of the AEP uncertainty distribution. the P90/P50 

ratio approaches unity, indicating a progressively tighter and more bankable yield estimate. These improvements translate into 

NPV gains of up to ~18% and LCOE reductions of ~3.5% relative to the LiDAR_1 (Base case).  

Taken together, the results answer well the research question. For the Clausthal case, the techno-economic advantage of UAV-

based deployments over vertical profiling LiDAR lies less in superior sensor accuracy and more in reducing reliance on flow 360 

models through improved direct spatial coverage. This is reinforced by the sensitivity analysis, in which LIDAR-based 

scenarios show substantially greater exposure to flow-model perturbations in both AEP and financial metrics. 

For other onshore projects in flow-distorting terrain, however, measurement and extrapolation strategies that work well at one 

site may perform very differently at another. The flexibility of fixed-wing UAV deployments can offer a structural advantage 

for tailoring WRA campaigns. The implication is not that UAVs universally outperform vertical profiling LiDARs, but in 365 

moderate-to-high complex terrain, repositionable instruments that directly capture spatial variability provide a more robust 

basis for AEP estimation and investment decisions. 
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