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Abstract. A numerical experiment is carried out investigating the magnitude of biases
in ground-based lidar measurements in complex flow conditions. Biases assessed include
those arising from flow curvature and from the interaction of turbulence with the wind field
reconstruction (WFR) algorithms used by a WindCube lidars and anemometers. RANS-CFD
and WRF-LES simulations were performed for the Perdigao Field Experiment site for a range of
atmospheric conditions. Virtual anemometer and lidar data were generated for four locations:
two near exposed ridge tops and two in low-speed regions in the valley. The LES data at
these four locations show that the scalar inflation terms (the relation between scalar and
vector averaged wind speed) for virtual lidar and virtual cups agree very well with predictions
using perturbation theory. While the lidar errors vary greatly with location and height, the
contribution from the flow curvature tends to be larger than the differences arising from scalar
inflation. For one lidar/mast pair near the ridge top, comparisons between simulations and
measurements are carried out for a resonant mountain wave event on June 14", 2017, and for the
whole duration of the Perdigdo campaign for winds perpendicular to the ridges. The lidar error
during the mountain wave, a period of strong stability and low inversion height, is significantly
larger than the campaign average. The sensitivity of the lidar error to atmospheric stability is
confirmed by the RANS simulations, which suggests strong sensitivity of flow curvature error
to stability conditions and to the shape of the wind speed profile near the top of the boundary
layer.

1. Introduction
The wind flow in complex terrain can be difficult to simulate and to measure. Drastic changes
in flow topology can occur due to interactions between atmospheric stability, the wind velocity
profile, and the terrain. Some conditions can lead to separated flow regimes including cold
pooling or recirculation zones, while others produce accelerated downdrafts in the lee of the
terrain features [1]. Lidar wind field reconstruction algorithms (WFRs) assume homogeneous
flow, but this assumption is broken in complex terrain due to flow curvature and vertical velocity
differences at the different beams. Furthermore, both lidar and anemometer WFRs are sensitive
to the Reynolds stresses and flow inclination.

The theory of lidar measurement errors in complex terrain has been explored in detail in [2]
and [3]. Advancements have been made in the use of computational fluid dynamics (CFD) to
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Figure 1. Perdigao site layout noting the location of the Enercon 82-m hub height turbine and
profiling lidars: CU_-WC49 (WindCube V1), LeoWC, and CU_WC68 (both WindCube v2).

model the flow above profiling lidar and apply corrections to the lidar data [4] [5]. Generally,
these codes solve the Reynolds Averaged Navier-Stokes equations (RANS) and predict lidar
WER errors compared to the speed directly above the lidar. In moderately complex flows, these
models show good skill and are commercially available and increasingly used for wind energy
resource assessment. However, the upper performance envelope of these techniques is not well
established. At highly complex sites, interactions between atmospheric stability (at the surface
or higher up), the velocity profile, and the terrain can lead to drastic changes in flow topology.
By examining correction skill at extreme sites, with different CFD approaches, we can learn
more about the limits of applicability for wind energy applications and clarify opportunities for
refinement.

We consider as a case study the Perdigao Field Experiment of 2016-2017 (Figure 1). Data
collected from a WindCube V2 profiling lidar and a 100-m meteorological met mast equipped
with ultrasonic sensors are compared against profiling lidar WFR errors predicted by a WREF-
LES virtual lidar and by a commercial, RANS-based CFD. At LeoWC and three additional
locations, we also quantify several sources of uncertainty in detail: (1) biases associated
with scalar inflation (2) uncertainties arising from applying fixed flow curvature corrections
to temporally changing flows, and (3) sensitivity of the simulations to boundary layer height,
stability, and the input wind profile.

2. Methodology

2.1. RANS CFD simulation

RANS simulations are carried out with the DNV-CFD model, a customised version of the
STAR-CCM+ CFD software. The model solves the steady-state RANS equations, using the
k-¢ model for turbulence closure, with a modified set of constants [6]. DNV-CFD accounts
for thermal stratification both within and above the boundary layer [6], [7]. This is done by
including buoyancy effects in the vertical momentum equation and in the turbulence model,
using a shallow Boussinesq formulation [8]. Stable and unstable surface conditions are modelled
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with different approaches as described in [6] and [9]. The effect of the Coriolis force and
the associated development of an Ekman spiral are also modelled. Where appropriate, the
DNV-CFD model includes the Svensson resistive canopy model [10] designed to reproduce the
turbulence generation and aerodynamic drag associated with forestry. Inputs to the canopy
model include tree height, drag coefficient, and foliage density.

The model includes a module to extract flow curvature correction (FCC) factors for vertical
profilers. For any solved flow condition, the FCC is calculated as: FCC = Vg /Vyee, where Vg,
is the horizontal wind speed directly above the device, and V.. is the remote sensor-measured
wind speed. FCC values are computed identically from the LES.

To test the FCC sensitivity, RANS simulations were carried out for the cases shown in Table
1, and the wind speed and potential temperature profiles shown in Figure 2. These cases include
neutral (Case 1 and 3) and stable surface stability (L = 78 m, Cases 2, 4-7), and a range of
inversion heights. Cases 1-4 use either high speed (HS) or low speed (LS) wind profiles, as
typical for wind resource assessment CFD applications. Cases 5-7 have a pronounced low level
jet (LLJ) profile. Cases 5-7 attempt to mimic the stable case modeled with the LES (as in [11]).
All simulations target a wind direction of 215°.

The RANS simulations are solved on a domain spanning 38 km x 38 km x 17 km, centered
at LeoWC. The terrain and tree height data for the central part of the domain were sourced
from DTU [12], and had a combination of high resolution lidar scan, and 10 m resolution data.
Further out, terrain data was sourced from SRTM [13], and roughness data from the ESRI 2020
10m resolution database [14]. The model was meshed with variable resolution. The horizontal
resolution is 10-m within a 1 km radius from LeoWC, progressively coarsened to 25, 50, 100 m
at radii of 4.5, 5.5 and 7.5 km from LeoWC, and to 200 m further out. Vertically, the first cell
height is 2 m above the ground, with coarsening resolution through a prism layer made of 51
elements with a target thickness of 1800 m. Above the prism layer, a polyhedral mesh with a
resolution of 200 m is used.

Table 1. RANS CFD cases configuration

Case no. Surface stability Inversion height [m] Wind speed profile

1 Neutral 1350 HS std
2 Stable 500 HS std
3 Neutral 1050 LS std
4 Stable 500 LS std
5 Stable 500 LLJ
6 Stable 400 LLJ
7 Stable 300 LLJ

2.2. Large-eddy simulation

The WRF-LES simulation follows the validated simulation of the case study of [11]. We follow
the configurations therein, updated to WRFv4.3 and outputting 1-Hz data on which to run the
virtual lidar model of [15]. The WRF-LES uses five WRF [16] nests from mesoscale down to
LES scale (10 m horizontal grid spacing). The outer three nests are initialized on 13 June 2017,
18:00 UTC and allowed to spin up for 9 hours until 14 June 03:00. Next, the inner two LES
are started and allowed to spin up for another 25 minutes, using a cell-perturbation method to
speed up the generation of fine-scale turbulence. Usable LES data are between 14 June 2017,
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Figure 2. Inflow potential temperature and wind speed profiles for cases in RANS CFD

03:25 UTC to 05:15 UTC. These winds are southwesterly, just before dawn, configured as stable
(L = 78 m). 1-Hz velocity time series are collected at points along the WindCube V2 profiling
lidar’s beam trajectories at each of the four locations. These data are projected onto the beams
and combined via a range-weighting function to replicate the lidar observation system [15]. 1-Hz
velocity time series are also collected at collocated, virtual 220-m met masts centered above each
virtual lidar.

2.83. Wind statistics from the LES

The virtual measurements are reconstructed into 1-Hz and 10-minute horizontal wind speeds
following scalar, vector, and hybrid averaging of the WFR for the virtual lidars, and scalar and
vector WFR for virtual masts at the center point of each measurement height[15]. Resulting
profiles at the various locations are shown in Figure 4. For each virtual cup and lidar beam

location, the Reynolds stresses are computed and tilt-corrected following methods described in
[17].

2.8.1. Virtual anemometer scalar inflation For lidar and anemometer scalar averages, the time-
average of the 1 Hz reconstructions generates a bias relative to vector averages as a consequence
of Jensen’s inequality:

P(E[X]) < E[¢p(X)] (1)

for all convex functions ¢ [18]. The ls or Euclidian norm of the u- and v-components of the wind
is a convex function; therefore, it is expected that scalar averages should always overestimate
the corresponding vector averages. For wind measurements, this overestimation is called scalar
inflation.

An estimate of the scalar inflation term has been derived previously using 2°9 order Taylor
series expansion [19]. To simplify the derivation for complex flows, we apply a 2" order
perturbation method proposed in [20].

The perturbation method derives the scalar inflation for arbitrary sensor geometries via: (a)
measurement probe representation using SO(3) rotation matrices; (b) flow representation using
Reynolds decomposition and SO(3) rotation for inclined flows; (c) WFR using Moore-Penrose
pseudo-inverse matrix, and (4) the lo norm. This method yields a general form:

'

—_— 3
2 N
sin? § = Uvector Z {Pﬁj O Tij sin” 6 (2)

ij=1

U + 5 S
scalar — Ywector
2 Uvector 2 Uvector
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Figure 3. (a) LeoWC lidar observations using vector WFR on June 14" 2017. (b) 100 m met
mast and LeoWC wind velocity profiles during June 14*" mountain wave event. Note that the
vector WFR (dashed line) closely matches scalar WFR.

o2
where ‘U’ H is the squared norm of the turbulent components measured along each beam

transformed to the Cartesian reference frame, v;; is the scalar inflation weighting matrix derived
for the specific measurement and flow geometry, and o is the Hadamard (element-wise) product
of the two matrices. The final term can be expressed equivalently:

7ijsin? @ = 75 * sin? 0 + cov(;;, sin? ) (3)
This relationship demonstrates that covariance between the scalar inflation terms is mediated

by the covariance between each Reynolds stress and op;,.. Entering the Reynolds stresses, inflow
angles, and covariances into Equation 2, we predict the scalar inflation using:

B 1 3 cos? 0y 0 sin@y cost,
Uscalar = Uvyector + 2[]7 0 1 0 O Tij sin2 0 (4)
veetor ;=1 | |sinfycosf, 0  sin®6,

where 0, is the inflow angle at the measurement point, 7;; are the tilt-corrected Reynolds stresses,
and 6 is the angle between the time-averaged wind direction and that of the 1-Hz fluctuation:

0 = tan™'[(vp = V)/(up — U)] ()

2.8.2. Virtual lidar scalar inflation For the virtual lidar, the scalar inflation term is computed
using the Reynolds stresses and inflow angles computed from virtual anemometers at the beam
locations. Non-diagonal Reynolds stresses and cross-terms between beams are dropped, yielding
the form:
1 4 3
Uscalar = Uvector + 55— Z Z {'Yij,L O Tij,L Sin2 9L:| (6)
8Uvecto7" =1 |ij=1

where L is each LOS beam, ;5 1, is a function of ¢, the lidar opening angle, 6, and 6., the flow
inclination and azimuth angles as shown in [20].

2.4. Campaign Measurement Data

An identical dataset is created from measurements collected by the LeoWC WindCube V2 and
the co-located 100 m met mast during the Perdigao experiment. This data is used to evaluate
the skill of the CFD and LES predictions of lidar error, and it is shown in Figures 3 (a) and

(b).
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Figure 4. June 14*" 2017 LES averages of wind speed for uncorrected virtual lidar and virtual
masts, with scalar and vector WFR
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Figure 5. LES and CFD corrections compared to observed biases at LeoWC for the entire
measurement campaign, and for the June 14*" mountain wave event.

3. Results

3.1. CFD, LES, and Observed Lidar Correction Factors

The lidar correction factors for the LeoWC instrument have been extracted from the LES and
RANS simulations. They are compared to observed lidar biases in Figure 5.

Some interesting trends emerge from the RANS cases. Lowering of the inversion height (Case
1t0 2, 3 to4, and 5 to 7) leads to an increase in the FCC. Keeping the same inversion height,
but going from neutral to stable surface conditions while also reducing the wind speed (Case 1
to 3 and 2 to 4), causes a reduction in the FCC. It is not entirely clear which of the two causes
dominates. With HS and LS profiles, the FCC tends to reduce with height, while a LLJ profile
significantly increases FCC values with height.

The general increase in FCC in Cases 3-7 is directly linked with the magnitude of the mountain
waves developing from the double ridges of the Perdigao site. The cross section of the vertical
velocity in Figure 6 shows that Case 7 generates strong resonant waves. These waves lead to
variation of the upflow angle across the lidar circle. In the resonant Case 7, the RANS CFD
predicts that the lidar underestimates the wind speed by more than 20% at the height of 200 m.
Case 3 (Neutral, BL = 1050 m, low speed) models the long-term correction for the 215° wind
direction very well.

Virtual lidar 10-minute average wind speed biases averaged over the entire LES simulation
period from each location are shown in Figure 7. The LES estimates biases of 11%-15% at
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Figure 6. Cross section of vertical velocity along a plane through LeoWC, perpendicular to
the main ridges. Results from the RANS simulations for the configurations 3, 4, 5 and 7.
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Figure 7. Uncorrected virtual lidar wind speed biases compared to virtual met masts. Both
the lidar and anemometer speeds are reconstructed with the indicated WFR type.

the LeoWC site. This overestimation of the real lidar error by the LES indicates that the
model exaggerates the curvature of the flow. In [11], the authors note that the wavelength
of the mountain waves in the LES (1220 m) is 13% smaller than that observed by the long-
range scanning lidars and other instruments (1410 m). A 13% reduction in wavelength induces
a 13% increase in the local slope of a sinusoidal waveform via its derivative. This sensitivity
demonstrates how changes in the wavelength and position of a mountain wave can modulate
lidar measurement error. The relative change in correction factor with altitude is captured well
by the LES, indicating that the change in curvature with altitude between 40 m and 100 m is
well-modeled.

3.2. WFR Mismatch
When validating lidar corrections using real data, cup anemometers using scalar WFR are often
used as the ground truth reference (see [2] and [21]). The WindCube V2 is configured by default



The Science of Making Torque from Wind (TORQUE 2024) IOP Publishing
Journal of Physics: Conference Series 2767 (2024) 052062 doi:10.1088/1742-6596/2767/5/052062

CuU_wc49 CU_WwcCe8 EnerconWC | LeoWC

200 l 1} 1

| I N
B/ /] /)

Vector

50

-10 0 10 -10 -5 0 5 -1 -05 0 0.50.4 0 0.4 0.8
error, %
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FCC. Indicated WFR is for the virtual lidar, and all are compared to anemometer scalar WFR.
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Figure 9. Virtual mast scalar inflation compared to predictions from perturbation theory and
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to use scalar WFR. RANS-based lidar corrections can be understood as vector-like quantities,
as they use converged vector components to estimate curvature and speed-up factors. The
application of vector-like correction factors to scalar instruments creates an additional error
shown in Figure 8. This mismatch explains some of the overestimation seen in [21]. As found in
[15], the 2:3 hybridization of scalar and vector WFR in the WindCube v2.1 effectively reduces
the systematic scalar inflation error between lidar and cup anemometers.

3.3. Scalar Inflation Perturbation Theory

Predictions from perturbation theory agree very closely with the scalar inflation terms from the
LES virtual masts and lidars. Figure 9 shows the scalar inflation terms for the mast computed
with Equation 4 ("ReSTO”) and 0.5 % 0g/Upector ("WdVar”) as proposed in [19]. Figure 10
shows the ReSTO and WdVar predictions for the lidar where oy is computed using the 1 Hz
lidar wind direction. In both Figures, the error bars are computed using the residual standard
error from a linear fit between the predictions and the LES scalar inflation terms.

4. Discussion and Conclusions

We present a new model of scalar wind reconstruction errors using perturbation theory which
is tested in an LES case with complex terrain. This model extends existing sensor error models
[19, 22] to include the effects of complex flows, Reynolds stresses, and wind direction variance.
These eight variables are treated simultaneously via the covariance between the Reynolds stresses
and the wind direction fluctuation. Sensitivities may remain in anemometers or lidars due to flow
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distortion from devices themselves, or other component sensitivities. These sensitivities could
be identified as deviations from the idealized behavior demonstrated in the LES instruments.

When estimating sources of measurement sensitivity for device characterization or
classification (see [23]), covariance between sensitive variables is often derived empirically
between all pairs of candidate variables, and highly correlated variables are eliminated via
a documented rubric. The scalar inflation term shows that measurement sensitivities to the
Reynolds stresses should be estimated together, weighted according to the sensor measurement
geometry (7;;), and their covariance computed with sin? @ rather than directly against one
another. If further sensor sensitivities exist to Reynolds stresses, such as anemometer over-
speeding or remote sensor volume averaging, these should be estimated in addition to the scalar
inflation term.

Using the LES and CFD simulations, we have shown that the strongest driver for the flow
curvature part of the lidar correction factor is not surface stability, but rather the stability
conditions at the top and above the boundary layer. The inversion height and the presence
of a LLJ can have a large impact on whether or not a mountain wave regime develops. This
in turn affects the change in upflow angle across the lidar beams, and thus the flow curvature
correction. For sites with frequent occurrence of very low inversions and LLJs, this suggests
that to accurately capture the magnitude of the correction factor, a model should account for
the effect of buoyancy in the vertical momentum equation. Without this, the model will not
able to simulate mountain waves.

The observed differences between the CFD cases, the LES, and the observations indicate
that lidar correction factors can be improved by modeling a wider range of conditions. Perdigao
observations allow refinement of the input conditions for LES and RANS. Further developing this
feedback loop between observations and modeling in order to better correct lidar measurements
and to refine flow models of wind resources is a clear next step. The challenge will be to assess,
for a given site, representative conditions to model and which measurements, perhaps beyond
the typical lidar or met mast, could enable this refinement process. Both predicting scalar
inflation in instruments and modeling flow curvature demonstrate the importance of treating
linked parameters simultaneously.
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