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Abstract.

This study presents and evaluates three wind field reconstruction methods for real-time inflow characterization, with potential

applications in lidar-assisted wind turbine control. The first method applies a least-squares fit of proper orthogonal decomposition

(POD) modes to lidar measurements (POD-LSQ). The second uses inverse distance weighting (IDW) interpolation across the5

rotor plane. The third, POD-IDW, applies the POD-LSQ fit to the interpolated field. The methods are tested under semi-realistic

conditions derived from large-eddy simulations (LES), using a hub-mounted lidar sensor implemented in HAWC2 on the DTU

10 MW reference turbine. Measurements are extracted under varying inflow conditions. A rotor-effective wind speed estimate,

combined with the known vertical shear profile from LES, serves as the baseline for comparison. Reconstruction performance

is quantified using a global mean absolute error, evaluated across combinations of scan count, POD mode number, and lidar10

beam angle. Optimal parameters are selected based on the minimum error. To assess physical accuracy, reconstructions are

compared against true wind speeds, evaluating the effects of probe volume averaging, multi-distance measurement selection,

cross-contamination, and other sources of error. For optimal inputs, POD-IDW achieves the highest accuracy, reducing error

by 45.5% compared with the baseline estimation, at 5.4 times the computational cost. IDW performs similarly (44.9%) with

optimal inputs, while POD-LSQ achieves a 39.4% reduction with minimal overhead (7%). Spectral analysis shows that volume15

averaging and scanning strategies introduce low-pass filtering that attenuates high-frequency turbulence, while preserving

low-frequency content more accurately than the baseline. Reconstruction quality strongly depends on the number and spatial

distribution of lidar measurements and the number of retained POD modes. Although demonstrated under idealized conditions,

the methods show strong potential for real-time applications. Future work should integrate these reconstructions with flow-

aware controllers to evaluate fatigue load reduction, particularly at tower level.20

1 Introduction

The upscaling of wind turbines has led to increasingly large and flexible rotors. While larger rotors average out small-scale

fluctuations, they also increase sensitivity to spatio-temporal wind variability, which impacts both power production and

structural loading (Angelou and Sjöholm, 2022). To mitigate these effects, advanced control strategies are needed to enhance

performance while minimizing fatigue and extreme loads (Dong et al., 2021; Angelou and Sjöholm, 2022; Russell et al., 2024).25
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Lidar-assisted control (LAC) has emerged as a promising approach to reduce fatigue loads (Bossanyi et al., 2012; Guo

et al., 2023; Fu et al., 2023; Russell et al., 2024), extreme loads (Schlipf and Kühn, 2008), and the levelized cost of energy

(Scholbrock et al., 2016; Simley et al., 2018). Conventional LAC systems use nacelle-mounted lidars, which measure upstream

wind via Doppler sensing and enable feedforward control by anticipating turbulence (Bossanyi et al., 2012; Schlipf et al.,

2015; Simley et al., 2018). However, nacelle-mounted lidars performance is hindered by blade blockage, causing data loss and30

increased uncertainty in wind field estimation (Schlipf et al., 2018; Angelou and Sjöholm, 2022). Mounting the lidar on the

hub or spinner (hereafter hub-lidar) mitigates blockage and improves scan availability.

While hub mounting addresses the geometric source of data loss, data availability and reconstruction fidelity are also shaped

by the lidar measurement principle itself. Continuous-wave (CW) lidars measure wind speed at a single focus distance through

a range-weighted probe volume, whereas pulsed lidars use range gating to retrieve velocities at multiple distances along the35

line-of-sight (LOS) (Peña et al., 2015); however, this broader spatial coverage is typically achieved at the expense of longer

effective sampling times than CW systems (Letizia et al., 2023). Building upon the blockage mitigation provided by hub

mounting, a pulsed hub-lidar combines multi-range, longer-range measurements with improved scan availability, thereby

providing spatially distributed inflow observations that are well suited for wind-field reconstruction and subsequent LAC

feedforward control, depending on appropriate lidar configuration selection.40

Among LAC strategies, feedforward collective pitch control is the most established. It adjusts all blades simultaneously by

using REWS estimated as the averaged wind velocities measured by the lidar and projected into the longitudinal direction

(Held and Mann, 2019), improving rotor speed regulation and reducing loads (Dunne et al., 2011; Canet et al., 2021; Fu et al.,

2023). However, reliance on spatially averaged REWS becomes less valid as rotor size increases.

To address this, feedforward individual pitch control adjusts each blade independently in response to localized wind.45

Approaches include combining REWS with horizontal and vertical shear profiles (Schlipf et al., 2010; Dunne et al., 2012)

or measuring blade-level wind speeds at fixed radial and azimuthal positions (Dunne et al., 2012; Russell et al., 2024).

Despite their benefits, these methods rely on simplified inflow assumptions and do not resolve spatio-temporal structures,

which become increasingly inadequate for large rotor diameters. Thus, there is a critical need for real-time, high-fidelity wind

field reconstruction algorithms capable of resolving the spatial and temporal structures of the incoming wind, enabling more50

advanced LAC strategies and improved load mitigation across both tower and blade components.

High-fidelity reconstruction methods are therefore needed to capture the full wind field dynamics. Spectral techniques

(Dimitrov and Natarajan, 2016; Rinker, 2022; Fu et al., 2022; Guo et al., 2022), CFD-based optimization (Bauweraerts and

Meyers, 2021), and Bayesian estimation (Bauweraerts and Meyers, 2020) exist but are computationally intensive and not suited

for real-time applications. Physics-informed machine learning approaches show promise for fast inflow reconstruction (Zhang55

and Zhao, 2021a, b), but lack demonstrated scalability for utility-scale turbines.

Proper orthogonal decomposition (POD) offers a computationally efficient model reduction technique by decomposing

velocity fields into spatial modes and time-dependent coefficients that capture the flow’s temporal evolution. It has been

used in wind energy to study turbine wakes for individual flow cases (VerHulst and Meneveau, 2014; Newman et al., 2014;

Andersen et al., 2017; De Cillis et al., 2020). While early POD applications lacked predictive generality (Meneveau, 2019),60
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Andersen and Murcia Leon (2022) introduced a global POD basis by combining multiple �ow cases, allowing the basis to

span a broader parameter space and enabling consistent physical interpretation across different �ow conditions. More recently,

Céspedes Moreno et al. (2025) evaluated the performance of a global basis in reconstructing wake aerodynamics, showing that

the reconstruction error decreases and converges as more cases are included in the dataset.

Focusing now on the use of lidar measurements in combination with POD, recent studies have explored both wake characterization65

and in�ow reconstruction. In the context of wakes, Hamilton et al. (2025) applied POD to horizontal scans from nacelle-

mounted lidars to identify coherent turbulent structures experienced by a turbine operating in the wake of an upstream rotor.

For in�ow reconstruction, Sekar et al. (2022); Kidambi Sekar et al. (2022) combined SpinnerLidar measurements with POD

to estimate the incoming turbulent wind �eld. However, their approach relies on a complex and non-commercial lidar system

(Mikkelsen et al., 2013; Herges et al., 2017), and it requires prior knowledge of the in�ow, limiting its predictive capability.70

To address these limitations, Soto Sagredo et al. (2024a) proposed a least-squares �t of POD (POD-LSQ) method using hub-

lidar data to estimate modal amplitudes in real time without requiring prior �ow information. While promising, this approach

was developed using idealized Mann-generated turbulence (Mann, 1998), and its robustness under realistic in�ow conditions

remains to be demonstrated.

Interpolation offers another approach for in�ow reconstruction. Techniques such as kriging, inverse distance weighting75

(IDW), and cokriging are widely used in meteorology to estimate wind from sparse data (Luo et al., 2007; Joyner et al., 2015;

Friedland et al., 2016). Similar methods have been applied to lidar-based wind �eld reconstruction (Chu et al., 2021; Bao

et al., 2022), though they struggle to resolve unsteady 3D �ow structures due to limited coverage and assumptions. In a related

context, Beck and Kühn (2019) developed a space-time conversion method for planar long-range Doppler lidar measurements,

employing spatial interpolation as part of a temporal up-sampling framework for wind turbine wake �elds; while their focus is80

on correcting scan-inherent time shifts rather than in�ow reconstruction, the work illustrates the broader role that interpolation

schemes play in recovering wind �eld information from spatially and temporally sparse lidar data. Particularly, IDW is a widely

used interpolation technique in geosciences, environmental science, and spatial data analysis (Bokati et al., 2022), and was also

used by Soto Sagredo et al. (2024b) to reconstruct rotor-plane wind �elds using hub-lidar data. While promising for real-time

use, that study focused on idealized conditions and a single wind speed.85

This study addresses the need for robust, real-time wind �eld reconstruction under varying in�ow conditions. We evaluate

three techniques: POD-LSQ, IDW, and a hybrid POD-IDW approach, comparing them against a REWS-based baseline that

includes the vertical shear pro�le. Using LES-generated in�ow and a numerical six-beam pulsed hub-lidar, we assess reconstruction

accuracy and sensitivity to different input parameters across methods and in�ow conditions. In particular, POD-LSQ shows

promise for LAC due to its computational ef�ciency and spatial �delity.90

The paper is structured as follows: Section 2 describes the methodology, including LES in�ow, lidar setup, and reconstruction

methods. Section 3 evaluates the performance of each method across varying in�ow conditions, analyzing their sensitivity

to input parameters and measurement uncertainty to identify the optimal parameter combinations for each reconstruction

approach. Section 4 discusses implications and limitations, while section 5 concludes the paper and outlines future work.
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