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Abstract.

Understanding flow behavior within wind farms remains one of the central challenges in wind energy research, where

wakes play a prominent role by coupling individual machines together. In fact, turbines are frequently operated under waked

conditions, with wake effects on power production further modulated by atmospheric stability at the site. This paper investigates

the influence of wind shear and veer on the power output of a waked wind turbine. The analysis is based on field measurements5

from two aligned wind turbines operating under inflow conditions that are often strongly sheared and veered. The results

demonstrate that both shear and veer significantly affect wake characteristics and trajectory. Because isolating their individual

contributions from field data alone is challenging, dedicated computational fluid dynamics (CFD) simulations were performed,

confirming the experimental observations and enabling the effects of shear and veer to be disentangled.

The performance of several wake models was evaluated against experimental data, showing that prediction accuracy can be10

improved by explicitly accounting for shear and veer effects. This improved accuracy could be leveraged to support various

applications. To explore the potential benefits in one exemplary use case, we consider shear- and veer-enhanced models in the

context of wake-steering wind farm control. This application, however, requires real-time estimates of wind gradients, which

are not available from standard onboard anemometry. To overcome this limitation, a wind sensing technique based on blade

load measurements is employed to estimate shear and veer during operation. Furthermore, the strong correlation between these15

two quantities observed at the test site is exploited to simplify practical implementation. Wake-steering simulations indicate

that incorporating shear and veer into the control strategy can lead to improved power capture.

1 Introduction

The expansion of the wind energy sector over recent years has driven a rapid reduction in the levelized cost of energy (LCOE),

a trend that is expected to continue (Wiser et al., 2021). The pursuit of lower electricity generation costs has led to the de-20

ployment of increasingly large wind farms, in which turbines are clustered together to exploit advantages in land use, shared
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infrastructure, and coordinated operation and maintenance. As a result, wind energy research is progressively shifting its focus

from the individual turbine level toward an integrated wind farm perspective.

Wind farm flows are complex phenomena that remain the subject of active research and represent one of the key challenges

to the broader deployment of wind energy (Meyers et al., 2022). Their characteristics are tightly linked to the ones of the25

atmospheric boundary layer (ABL) at a given site, and are influenced by terrain orography, vegetation, and obstacles, as well

as by atmospheric stability. Stability conditions are further modulated by temporal patterns acting across multiple time scales

(e.g., diurnal and seasonal). These stability characteristics drive the formation of wind gradients, such as vertical wind shear

and horizontal directional veer (Stoevesandt et al., 2020), which can significantly affect the operation of wind turbines and the

evolution of the wakes that develop behind their rotors.30

This paper considers the effects of wind shear and veer on wakes at three different levels: first we try to improve the under-

standing of the underlying physics; next, we leverage this understanding to improve models of wakes; and, finally, we leverage

the improved models to improve performance in a relevant exemplary application. Sharper physical insight and better models

support the continued development of wind energy technologies and products. Specifically, enhanced modeling capabilities

can enable better wind turbine and wind farm designs, their improved operation, and more accurate energy yield and consumed35

lifetime estimations. To exemplify the potential benefits, here we apply a shear- and veer-aware model to wake-steering wind

farm control, an application where the accuracy of wake models plays a central role. The work at these three levels is guided

in this paper by three main scientific questions.

The first scientific question addressed here is: “What is the impact of wind shear and veer on the power produced by a waked

wind turbine?”40

Both wind shear and veer are complex inflow characteristics that vary with atmospheric stratification and are governed by

surface friction and Coriolis forces. A substantial body of field-based research has confirmed that these two quantities can sig-

nificantly affect the power production of modern wind turbines (Wharton and Lundquist, 2012; Vanderwende and Lundquist,

2012; Sanchez Gomez and Lundquist, 2020). These effects are observed not only for waked turbines but also for turbines

operating in free-stream conditions, as shown in Bulaevskaya et al. (2015) and Howland et al. (2020). The influence of atmo-45

spheric stability on wake development has been investigated using large-eddy simulations (LES) (Vollmer et al., 2016; Abkar

and Porté-Agel, 2015), numerical modeling (Bromm et al., 2017; Churchfield and Sirnivas, 2018), and field measurements

(Bodini et al., 2017). These studies revealed that veered inflows induce wakes whose cross sections stretch into ellipsoidal

shapes. Furthermore, Englberger and Lundquist (2020); Englberger et al. (2020) numerically investigated wake evolution un-

der veered inflow conditions, showing that stronger veer can accelerate wake recovery. Shu et al. (2020) showed that veer can50

be influenced by terrain complexity, and that its impact on the power production of utility-scale wind turbines depends on the

specific veer profile across the rotor (Gao et al., 2021, 2024).

The present paper uses an experimental dataset to evaluate the impact of wind shear and veer on the wake generated by an

upstream turbine, focusing on the resulting effects on the power producted by a downstream turbine. A dedicated measurement

campaign was conducted by eno energy systems, TUM, and ForWind on two 3.5 MW wind turbines. For the purposes of55

this study, approximately one year of high-quality measurements – including met-mast data, SCADA data, and blade load
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measurements – was collected from the non-misaligned turbines and analyzed. A distinctive feature of the test site is the

frequent occurrence of strong vertical wind shear and pronounced wind direction veer. As demonstrated in this paper, both

quantities have a measurable influence on the power production of the downstream turbine.

Due to the natural interdependence between wind shear and veer, isolating the individual impact of each quantity is chal-60

lenging in field measurements. To obtain a more phenomenological understanding of the underlying mechanisms, and to avoid

biases introduced by other effects such as complex terrain, a set of high-fidelity large-eddy simulations is performed in which

only wind shear is varied. The simulations confirm the trends observed in the field, showing that increasing wind shear leads

to a progressively larger lateral displacement of the wake toward the right when viewed in the downstream direction. Using a

recent model developed at TUM (Tamaro et al., 2024), this behavior can be at least partially explained by the presence of a65

non-zero residual lateral force acting on the rotor, which is proportional to wind shear.

This naturally leads to the second research focus of the paper, which is closely related to wind farm modeling and control

and addresses the question: “Can wind farm model predictions be improved by explicitly accounting for the effects of wind

shear and veer?”

In recent years, a wide range of wake models with increasing levels of sophistication has been developed to represent70

the complexity of turbine-to-turbine interactions in wind farms. These range from fast steady-state engineering models (Bas-

tankhah and Porté-Agel, 2014; Abkar and Porté-Agel, 2015; Blondel and Cathelain, 2020; FLORIS, 2025) and their dynamic

extensions (Becker et al., 2022; Braunbehrens et al., 2022), to mid-fidelity approaches (Jonkman and Shaler, 2021), all the way

to high-fidelity computational fluid dynamics (CFD) (Kuhn et al., 2025).

The present work focuses on fast steady-state engineering wake models, which are widely used for energy yield assessment,75

layout and operational optimization, wind farm control, and other applications requiring large numbers of flow realizations. De-

spite their relative simplicity, these models can deliver good predictive performance in many cases, particularly when calibrated

against high-fidelity simulations (Fleming et al., 2017; Doekemeijer et al., 2021) or field measurements (Howland et al., 2019;

Schreiber et al., 2020b; Braunbehrens et al., 2023). However, calibration alone cannot compensate for physical processes that

are not explicitly represented in the model formulation. To address this limitation, the present study incorporates the effects of80

wind shear and veer into an engineering wake model and demonstrates that their inclusion leads to a measurable improvement

in predictive accuracy.

Wind farm control is one of the various application areas that can substantially benefit from fast engineering models with

improved predictive accuracy (Meyers et al., 2022). Among the various strategies proposed to enhance wind farm power

production, wake steering has emerged as one of the most promising and extensively studied approaches (Fleming et al.,85

2019, 2020). Wake steering exploits the fact that a yaw-misaligned turbine deflects the wake shed by its rotor. By deliberately

offsetting the yaw orientation of upstream turbines relative to the incoming wind direction, wake impingement on downstream

turbines can be reduced, thereby increasing the overall power production of the wind plant.

Wake steering strategies are typically implemented by prescribing yaw offsets to individual turbine controllers. These off-

sets are usually computed offline and stored in lookup tables (LUTs) as functions of relevant inflow parameters, such as wind90

speed, wind direction, and turbulence intensity. Uncertainties in these quantities can also be incorporated during the optimiza-
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tion process (Simley et al., 2020; Rott et al., 2018). During operation, the LUTs are interpolated in real time to determine the

appropriate inflow-dependent yaw offsets. The computation of these offsets relies on control-oriented engineering flow mod-

els, which explicitly account for the effects of yaw misalignment on wake evolution (FLORIS, 2025; Martínez-Tossas et al.,

2019, 2021).95

As in other applications relying on engineering models, predictive accuracy can be enhanced by incorporating additional

relevant physical processes. Engineering wake models are, in fact, evolving rapidly. For example, Gebraad et al. (2016a) and

Abkar et al. (2018) proposed modifications to the Gaussian wake model to account for the effects of veered inflow. More

recently, Mohammadi et al. (2022) developed an extension of the curled-wake model that explicitly includes inflow veer.

Along these lines, this work demonstrates that explicitly incorporating wind shear and veer into a control-oriented engineer-100

ing wake model improves its predictive accuracy by capturing their effects on wake displacement and skewing. It is reasonable

to expect that such improved modeling accuracy could translate into enhanced performance of a wake-steering controller syn-

thesized from a shear- and veer-aware wake model. While a field-based validation of this concept was not feasible within the

scope of the present study, shear- and veer-aware power-boosting wake steering is investigated through simulations. The results

indicate that the improved models have the potential to enhance control performance.105

However, the idea of including inflow gradients in wind farm control – although appealing for its potential to improve wake

modeling accuracy – requires the ability to estimate these quantities during operation. This consideration leads to the third and

final question investigated in the present paper:“How can shear and veer be estimated in the field?”. In fact, standard wind

turbines are generally equipped with onboard anemometry that is unable to resolve wind gradients across the rotor disk.

Here we address this problem by using “the rotor as a sensor” (Kim et al., 2023), a technique that estimates inflow conditions110

from SCADA data and measured blade loads. Although this method is able to measure both shear and veer (Bertelè et al., 2024),

to simplify the implementation, in the present work only vertical shear is estimated from turbine operational data, while veer

is inferred from the strong correlation observed between these two quantities at the investigated site.

The paper is organized as follows. Section 2 describes the field experimental campaign. The test site and the main statistics

of the measured wind are presented in Sect. 2.1 and Sect. 2.2, respectively, while the effects of wind shear and veer on115

a downstream turbine are investigated in Sect. 2.3. Section 3 introduces the models adopted in this work, which include a

high-fidelity LES model (Sect. 3.1), an analytical model of the shear-induced lateral force responsible for wake displacement

(Sect. 3.2 and 3.3), and shear- and veer-aware wake models (Sect. 3.4) that – for control applications – are informed by a

wind estimator of the inflow conditions being encountered. Section 4 presents the results, first discussing model tuning and

sensitivity in Sects. 4.1 and 4.2, followed by Sects. 4.3 and 4.4 that analyze the accuracy of the different models against120

field measurements; the potential benefits of the enhanced models for wake-steering control are assessed through numerical

simulations in Sect. 4.5. Finally, Sect. 5 summarizes the main findings and key takeaways.
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2 Free field experiments

2.1 Test site and measurement setup

The test site is located in northern Germany, approximately 10 Km inland from the Baltic Sea, with prevailing southwesterly125

winds. Two wind turbines that are frequently aligned with the dominant wind direction were selected from a larger cluster

to investigate wake effects on the downstream turbine in terms of power production and structural loads. Both turbines have

a rated power of 3.5 MW and a rotor diameter of 126 m, with hub heights of 117 m for the upstream turbine (WT1) and

137 m for the downstream turbine (WT2). The inter-turbine spacing is approximately 336 m, corresponding to about 2.7 rotor

diameters D.130

To enable accurate inflow characterization, a meteorological mast was installed 300 m northwest of WT1. The mast was

equipped with wind cup anemometers and wind vanes at approximately hub height and near the lower tip height of WT1.

This configuration allows for the estimation of vertical wind shear and directional veer, which cannot be resolved using stan-

dard pointwise onboard anemometry. To assess loading conditions under waked and non-waked operation and to support the

validation of wind sensing techniques, the blades of both turbines were instrumented with strain gauges at the blade roots. A135

satellite image of the test site is shown in Fig. 1a. The local wind rose, shown in Fig. 1b, is characterized by a predominance

of southwesterly winds, occurring mostly at wind speeds below the rated value of 11.3 ms−1 for both turbines.

Figure 1. Aerial view (© ESRI) (a) and wind rose (b) of the experimental test site.

During the measurement campaign, 12 months of data were collected between December 2019 and December 2020, in-

cluding SCADA records, met-mast measurements, and blade load data. All results presented in this paper refer to non-yawed

operating conditions; therefore, data corresponding to upstream turbine yaw misalignments exceeding 5◦ were excluded. The140

remaining data were aggregated into 10-minute averaged samples. Operating conditions unsuitable for the analysis – such as

curtailment, turbine shutdowns, incomplete bins, or sensor unavailability – were also discarded.
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Furthermore, only waked conditions, in which WT1 partially or fully wakes WT2, were considered. This required restricting

the wind direction to the range 180◦–260◦. After applying all filtering criteria, the final dataset comprised 3,378 samples,

corresponding to approximately 23 days of continuous measurements.145

2.2 Analysis of the wind characteristics

A preliminary analysis of the met-mast data is performed to highlight key characteristics of the test site. Reference wind speed,

wind direction, and turbulence intensity are computed using the met-mast instrumentation located at hub height. Turbulence

intensity is calculated from the wind speed recordings sampled at 50 Hz.

Vertical wind shear is estimated by fitting a power-law profile to the two wind speed measurements available from the met150

mast, according to

αmm =
log(UHH/ULB)

log(zHH/zLB)
, (1)

where UHH and ULB denote the wind speeds measured at hub height (HH) and near the lower blade tip (LB), respectively. The

resulting shear exponent is denoted by α, with the subscript mm indicating that it is derived from met-mast measurements. The

horizontal wind direction veer is computed as155

∆θ =
θHH − θLB
zHH − zLB

D, (2)

where θHH and θLB are the wind directions measured at HH and LB, respectively. The quantity ∆θ represents the variation in

wind direction over the lower half of the rotor, linearly extrapolated to the full rotor diameter. A positive value of ∆θ indicates

that the wind direction rotates clockwise with increasing altitude above the terrain – as viewed from above.

It is well known that the vertical distribution of wind direction cannot, in general, be accurately represented by a linear160

profile, as it depends in a complex manner on atmospheric stability conditions. Consequently, the presence of veer in the lower

part of the rotor does not necessarily imply veer over the upper part, nor that the veer profile is linear (Gao et al., 2021).

Nevertheless, this simplified metric is used throughout the paper as an indicator of veering conditions at the test site, consistent

with previous studies (Murphy et al., 2020; Englberger and Lundquist, 2020; Gomez and Lundquist, 2020).

To illustrate the relationship between shear and veer for winds originating from the southwest, a bivariate histogram is165

generated and shown in Fig. 2. The data are further grouped into wind-shear bins of width 0.1, and both the median wind veer

and the corresponding interquartile ranges are displayed. A clear correlation between these two quantities emerges, particularly

for shear values between 0.1 and 0.45. More stable atmospheric conditions generally lead to higher values of both shear and

veer, as well as lower turbulence intensity (TI), which is omitted here for brevity. Overall, the wind field is characterized

by frequent occurrences of high wind shear and by a long positive tail in the distribution of wind veers, consistent with the170

Northern Hemisphere Ekman spiral (Holton, 2004) under stable conditions. These results are considered sufficient to support

the discussion presented in the paper; a more detailed description of the wind-gradient characteristics at this site can be found

in Appendix A.

As shown in Sect. 4.4, the relationship between shear and veer can be leveraged to reduce the prediction error of wake

models and to limit the number of inflow variables required when developing shear- and veer-aware wake-steering strategies.175
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Figure 2. Relationship between met-mast-measured power-law shear exponent α and veer ∆θ across the turbine rotor diameter, for south-

westerly winds. The black solid line indicates the median wind veer, while the shaded area around it the interquartile range. White areas

represent bins with null counts.

2.3 Analysis of SCADA data

A first analysis of the collected dataset aims to demonstrate the overall effect of vertical wind shear on the power production

of the downstream turbine. This is done by examining the power output of WT2, normalized by the power generated by WT1.

Excessive misalignments caused by poor wind-vane calibration on WT1 are removed from the dataset, as described in Sect. 2.1.

For simplicity, the symbol α will hereafter denote the met-mast wind shear (instead of αmm).180

Figure 3 shows the power deficit of WT2 as a function of met-mast wind direction at hub height, grouped into bins of

increasing wind-shear magnitude. Each subplot includes the corresponding fitted Gaussian curve, while the shaded areas rep-

resent the 95% confidence intervals – derived by bootstrapping the data 1,000 times – of both the fitted curve and the location

of its minimum.

Using power ratios to estimate wake position has both advantages and limitations. A clear advantage is that this quantity can185

be readily computed from SCADA datasets and predicted by wind-farm engineering flow models. Moreover, turbine power

inherently reflects inflow conditions across the entire rotor area, making it an integral measure. However, it is important to

recall that, although power ratios have been used in previous studies (Vollmer et al., 2016; Schottler et al., 2017), they remain

an indirect method for characterizing the inflow at a downstream turbine, and therefore cannot fully capture the complex wake

structure.190
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Figure 3. Power ratio P2/P1 plotted as a function of met-mast wind direction, binned for increasing vertical wind shears. Shaded areas

represent the 95% confidence intervals of both the fitted curve and the location of its minimum. Vertical dashed lines indicate the direction

for which the two turbines are geometrically aligned.

Figure 3 illustrates that the wake of WT1 undergoes a lateral displacement as the wind shear increases. As α increases, the

position of the wake minimum clearly shifts toward lower wind directions, corresponding to a wake deflection to the right

when viewed downstream. A crucial point, however, is that this displacement reflects the combined influence of wind shear

and wind-direction veer, given the correlation shown in Fig. 2. To disentangle these effects, additional analyses are performed.

2.3.1 Influence of vertical wind shear195

An analysis similar to the previous one is carried out here, selecting only data for which the wind veer lies within the range

−4◦ <∆θ <+4◦. This restriction is applied to help disentangle the effects of veer and shear on wake displacements, while

still ensuring a sufficient number of data points for statistical significance.

The behavior in Fig. 4 mirrors that of Fig. 3, albeit with slightly smaller wake deflections. This reduction is consistently

reproduced across different wind-speed bins and data-averaging intervals, and is here attributed solely to the influence of a200

sheared inflow. Such shear-induced wake shifts have previously been highlighted in CFD studies by several authors (Fleming

et al., 2014a; Vollmer et al., 2016; Gebraad et al., 2016b; Bromm et al., 2017). Proposed mechanisms include the advection of

a counter-rotating, sheared wake and the interaction of this sheared wake with the ground. As shown later in Sect. 3.2, here we

develop an alternative explanation based on a lateral force component proportional to wind shear. Within the present analysis,

however, power-ratio data alone do not allow us to determine which mechanism is dominant.205
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Figure 4. Power ratio P2/P1 plotted as a function of met-mast wind direction, for wind veers limited to −4◦ <∆θ <+4◦, binned for

increasing vertical wind shear. Shaded areas represent the 95% confidence intervals of both the fitted curve and the location of its minimum.

Vertical dashed lines indicate the direction for which the two turbines are geometrically aligned.

2.3.2 Influence of directional wind veer

A similar approach to that used in Sect. 2.3.1 is applied here to isolate the impact of wind veer. To this end, only data with

vertical wind shears in the range 0.25< α < 0.4 are considered. The results, shown in Fig. 5, indicate that wind veer induces

a shift of the maximum power deficit toward lower wind directions, i.e. toward the right when looking downstream.

A positive wind-direction veer indeed has the effect of skewing the wake clockwise when viewed downstream (Vollmer210

et al., 2016), as schematically illustrated in Fig. 6. Because the downstream turbine is approximately 20 m (about 0.16 D) taller

than the upstream turbine, its inflow is primarily influenced by the portion of the wake originating from the upper part of the

rotor of WT1. Under positively veered inflow conditions, this leads to the downstream turbine experiencing a wake displaced

toward the right when looking downstream.

2.3.3 Combined effects of shear and veer215

So far, the analysis has focused on investigating the influence of shear and veer individually, showing qualitatively that each

parameter contributes to displacing the wake released by WT1 toward the right when viewed downstream (although it is

important to recall that the apparent deflection caused by veer is due to the different hub heights of the turbines, a peculiar

characteristic of this test cluster). To provide a more comprehensive overview of these combined effects, the experimental data
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Figure 5. Power ratio P2/P1 plotted as a function of met-mast wind direction, for vertical wind shears limited to 0.25< α< 0.4, binned

for increasing veer. Shaded areas represent the 95% confidence intervals of both the fitted curve and the location of its minimum. Vertical

dashed lines indicate the direction for which the two turbines are geometrically aligned.

are now binned simultaneously according to both shear and veer. Overlapping windows are applied between adjacent bins to220

ensure a sufficient number of samples in each group. The wind-shear bins, defined in terms of the shear-law exponent, have

a width of 0.1, with bin centers spaced 0.025 apart. Wind veer is binned using 10◦-wide windows, with centers spaced 2.5◦

apart.

For each two-dimensional bin, the position of the wake centerline is estimated by fitting the power-deficit data with a

Gaussian curve. The turbine separation and the wind direction corresponding to turbine alignment are computed from their225

GPS coordinates. The wind-direction offset with respect to the line passing through the turbines is then converted into a lateral

displacement using

∆ywc,fit =−r1-2 sin(θwc,fit − θ1-2)/D, (3)

where r1-2 is the distance between the turbines (336 m), θwc,fit is the wind direction corresponding to the minimum of the

fitted Gaussian (i.e. the wake centerline), and θ1-2 is the wind direction for which the turbines are aligned (approximately230

228◦). Because the deviations between θwc,fit and θ1-2 are small, variations in the term cos(θwc,fit− θ1-2) are neglected. Under

the present sign convention, a positive value of ∆ywc,fit corresponds to a wake displacement toward the right when viewed

downstream.
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Figure 6. Sketch illustrating the effect of a positive wind veer on the wake interaction between turbines with different hub heights. A positive

veer causes the wake to be stretched into an ellipsoid that rotates clockwise when viewed downstream, resulting in the downstream turbine –

being taller – intersecting the upper, laterally shifted portion of the upstream wake. The resulting impact on its power production is equivalent

to a wake displacement toward the right when looking downstream.

The results are shown in Fig. 7. Only data points for which the confidence interval is smaller than 0.05 D are displayed. The

plot confirms the trends discussed in the previous sections. When shear and veer occur simultaneously – which is expected in235

practice, given their correlation shown in Sect. 2.2 – the combined effect can lead, in extreme cases, to very significant wake

displacements, reaching values of roughly 0.3 D. The magnitude of these wake shifts is large, especially considering that the

turbine spacing is only 2.7 D.

Figure 7 shows that, even in the absence of veer, variations in shear alone can displace the wake centerline by up to approxi-

mately 0.06 D. Using the FLORIS framework described in Sect. 3.4, it was found that an equivalent displacement is produced240

by a relatively modest +13.0◦ yaw misalignment under a representative turbulence intensity of 10%. Since Fig. 7 shows that

much larger displacements can occur for higher combinations of shear and veer, it is reasonable to expect that neglecting wake

shifts induced by these atmospheric parameters would be detrimental to the accuracy of any assessment of power output (and

possibly even of turbine loads).

The findings of this section clearly highlight the significant impact of wind gradients on the power production of the down-245

stream turbine. Similar trends were observed when using alternative normalization approaches – namely, replacing the power
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Figure 7. Wake displacement ∆ywc,fit as function of met-mast shear α and veer ∆θ.

ratio with the ratio of wind speeds measured by the onboard anemometers, or by normalizing the downstream power using

the met-mast wind speed. Clearly, lateral wake displacement represents only one of the mechanisms through which shear and

veer influence a downstream turbine. Other effects – such as changes in wake recovery, wake turbulence, and the differences in

structural loading associated with a skewed versus a straight wake – are also important. However, a comprehensive assessment250

of these additional impacts lies beyond the scope of the present work and is left for future research.

3 Models

3.1 High-fidelity CFD model

High fidelity CFD analyses are conducted to investigate some open questions arising from the results presented so far, namely:

– Because shear and veer simultaneously influence wake position, it is generally not possible to isolate the effect of each255

parameter alone from free-field experiments.

– It remains unclear whether the findings reported in Sect. 2.3.1 are partly or entirely influenced by other effects such as

complex terrain, vegetation, or unaccounted turbine operating conditions.

– The power ratio P2/P1 provides only an indirect representation of the wake and does not capture its detailed structure.

CFD simulations, by contrast, offer direct visualization of the flow field and therefore enable a more comprehensive260

assessment of wake development.
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In addition, high-fidelity CFD simulations can be used to verify and validate the predictions of simplified engineering models.

Simulations are performed using a TUM-modified version of NREL’s large-eddy simulation with actuator line model (LES-

ALM) Simulator fOr Wind Farm Applications (SOWFA) (Fleming et al., 2014a; Wang et al., 2019). The incompressible solver

is based on a finite-volume formulation and uses a standard Smagorinsky model to treat subgrid scales, with a constant of 0.13265

(Sagaut, 2006).

The LES Cartesian mesh comprises approximately 14.5 million cells and includes 4 refinement levels. The smallest cells

measure 1 m and are located in correspondence with the rotor.

Unsteady tests are run with TurbSim-generated turbulent winds (TurbSim, 2023), which are injected into the domain using

the OpenFOAM (Greenshields, 2018) “timeVaryingMappedFixedValue” boundary conditions. Inflows are characterized by a270

turbulence intensity TI= 3%, a hub height freestream wind speed U∞ = 8.5 ms−1, and values of the power-law shear coeffi-

cient equal to [0,0.2,0.4,0.6]. Each LES-ALM simulation is run for 950 seconds. The first 300 seconds are considered as the

initial transient, and hence they are discarded.

Simulations are conducted on a modified version of the IEA 3.35 MW reference wind turbine (RWT) (Bortolotti et al.,

2019), whose main parameters are summarized in Table 1.275

Table 1. Main specifications of the IEA 3.35 MW RWT.

Data Value

Wind class IEC 3A

Control Variable speed, collective pitch

Rated electrical power 3.35 MW

Hub height 110.0 m

Rotor diameter 130.0 m

Rotor cone angle 0.0◦

Nacelle uptilt angle 0.0◦

3.2 Shear-induced lateral force model

Classical models of wake deflection explain the lateral shift of a wake as caused by a lateral force component exerted on the

flow by the rotor (Jiménez et al., 2010). When a rotor is misaligned with respect to the wind, this force mainly arises from the

lateral projection of the thrust force T . Building on this concept, the additional contribution of the side (rotor-in-plane) force

S can be included, leading to a revised expression of Eq. (20) of Jiménez et al. (2010), which quantifies the initial wake skew280

angle relative to the incoming inflow:

χ0 =
1

2
(CT sinγ−CS cosγ) , (4)
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where γ is the misalignment angle, CT = T/(qA) and CS = S/(qA) are respectively the thrust and side-force coefficients,

where q = 0.5ρU2
∞ is the dynamic pressure, ρ the air density, and A the rotor swept area. Equation (4) shows that, even for

zero misalignment, the skew angle can differ from zero – and the wake is laterally displaced – if a side force is present, i.e.285

χ0 ̸= 0 when γ = 0◦ and CS ̸= 0. It should be noted that the expression in Eq. (20) of Jiménez et al. (2010) differs from that in

Eq. (4) by a factor of cos2 γ, due to a different definition of the thrust and side-force coefficients.

Vertical wind shear can indeed induce a non-zero lateral force on the rotor even in the absence of misalignment. This

effect arises from the broken symmetry introduced by rotor rotation. In fact, when a blade travels from left to right (looking

downstream) in the upper half of the rotor, it experiences a different velocity triangle than when it moves from right to left in290

the lower half, due to the variation of the rotor-normal inflow velocity with height. As a result, the rotor-in-plane lateral force

generated in the upper half of the rotor does not exactly balance that produced in the lower half, leading to a net residual lateral

force acting in the plane of the rotor. A similar effect on the velocity triangles is induced by wind veer; in this case, however,

it arises from variations in inflow direction rather than in wind speed.

In the spirit of developing a simple and fast correction for engineering wake models, we seek an analytical expression for295

the shear-induced lateral force. To this end, we employ the model developed by Tamaro et al. (2024), which derives analytical

expressions for the thrust and power of a misaligned wind turbine. The model is based on classical blade element momentum

(BEM) theory and describes the streamtube generated by a misaligned rotor, obtaining the lateral sidewash by considering the

rotor as a lifting wing operating at an angle of attack given by the misalignment angle. The resulting thrust and aerodynamic

power are computed by integrating the normal and tangential sectional forces along the blade span and over a full rotor300

revolution. To obtain analytical force expressions, spanwise-equivalent values of the lift slope CL,α and drag coefficient CD

are introduced, which can be approximated by evaluating the actual spanwise-varying quantities at two-thirds of the blade span

(Tamaro et al., 2024).

The details of the model are not provided here as they are not relevant for the present work. However, by projecting the

tangential forces at blade sections in the horizontal direction, integration along the blade span and over a rotor revolution305

readily gives the lateral force S, positive toward the right when looking downstream. Using the results in Tamaro et al. (2024),

the axial induction factor a0 and the thrust coefficient CT are computed by solving the following set of coupled equations

1− a0 =
1+

√
1−CT − 1

16C
2
T sin2 γ

2
(
1+ 1

16CT sin2 γ
) , (5a)

CT =
σ

2

(
(CD +CL,α)λcosγ(1− a0)−CL,αβ

(
sin2 γ+

2

3
λ2
)

− k

(
(CD +CL,α)sinγ cosγ(1− a0)−

2

3
CL,αβλsinγ

)
− k2

4
CL,αβ sin

2 γ

)
, (5b)310

where σ is the rotor solidity, k is the vertical shear linear coefficient, λ is the tip speed ratio, and β is the pitch angle. In contrast

to Tamaro et al. (2024), the present results neglect rotor tilt for simplicity. As explained in Sect. 3.3 of Tamaro et al. (2024),

these equations can be solved while accounting for the turbine control strategy when yawing away from the wind.
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Once a0 and CT have been computed from Eq. (5), the side force coefficient CS is obtained as

CS =
σ

2

(
−CDλsinγ−CL,αβ sinγ cosγ(1− a0)315

− k

(
CL,α cos

2 γ(1− a0)
2 − 3

4
CD sin2 γ− 1

3
CL,αβ(1− a0)λcosγ

)
− k2

4
CL,αβ sinγ cosγ(1− a0)

)
. (6)

It is interesting to observe that – as expected – the lateral force coefficient CS depends on the shear coefficient k, and that Cs

remains non-zero even for a null misalignment angle γ, and in fact

CSγ=0◦ =−k σ
2
CL,α(1− a0)

(
1− a0 −

1

3
βλ

)
. (7)

For small pitch angles β, CS becomes increasingly negative as the shear coefficient k increases. Since S is the force on the320

rotor, the force exerted on the flow is directed toward the right when looking downstream, which implies that the wake is

deflected to the right in agreement with Eq. (4) and the findings discussed in Sect. 2.

3.3 Shear-induced lateral displacement

This section addresses whether the shear-induced lateral force derived above can explain the observed lateral wake displace-

ment. We first assess the accuracy of the force predicted by the analytical model by comparing it with the force obtained from325

the CFD simulations. For the model predictions, the values σ = 0.0418, CL,α = 4.75 rad−1, and CD = 0.004 were used in

Eqs. (5) and (6). The force from the CFD simulations was computed by numerically integrating the lateral aerodynamic force

along the span of the three blades and subsequently averaging it over the final 10 rotor revolutions.

The results are shown in Fig. 8a, which reports the lateral force coefficient CS as a function of the shear exponent α. A good

agreement is observed between the model predictions and the CFD results, although discrepancies increase at higher shear330

values. This behavior is likely attributable to the use of a linear shear coefficient k in the analytical model, as opposed to the

logarithmic velocity profile prescribed in the CFD simulations. Overall, CS is zero in the absence of shear and increases in

magnitude with increasing shear, giving rise to the lateral force discussed in the previous section.

To provide a more quantitative assessment of the wake displacements predicted by the model, the lateral displacement of the

wake centerline, ∆ywc, is computed by integrating the skew angle χ in the downstream direction according to Jiménez et al.335

(2010):

χ(x) =
1

2

CT sinγ−CS cosγ

1+ ξx/D
, (8a)

∆ywc(x) =

x∫

0

tan(χ(x′))dx′, (8b)

where x denotes the downstream distance from the turbine, ξ = 0.075 is the linear wake expansion coefficient, and x′ is a

dummy integration variable. In the present case, since the misalignment angle γ is zero, the lateral wake displacement is solely340

induced by the lateral force coefficient CS .
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Figure 8. Comparison between the lateral force coefficient CS obtained from LES (red solid line) and from the analytical model (blue dashed

line) for increasing shear exponents α (a). Comparison of wake centerline displacements ∆ywc as a function of downstream distance for

various shear exponents α (b). Centerline displacements obtained integrating the skew angle via Eq. (8) using LES-based CS are shown

as dashed lines, while displacements calculated by minimizing UREWS,2 are shown as solid lines. Shaded regions indicate 95% confidence

intervals.

The wake displacement in the CFD simulations is determined using the following procedure. First, longitudinal wind ve-

locity fields are extracted at several downstream locations between 1 and 7 D. For each downstream plane, the normalized

rotor-equivalent wind speed, UREWS,2, of a virtual downstream turbine located at hub height is computed. This calculation is

repeated for different lateral positions of the virtual turbine, and the wake centerline location is identified as the lateral position345

corresponding to the minimum value of UREWS,2. The minimum is determined by fitting a Gaussian function to the UREWS,2

distribution.

Figure 8b shows a comparison between the lateral displacements predicted by integrating Eq. (8), using theCS obtained from

LES simulations, and those calculated by minimising UREWS,2. Lateral displacements are shown as a function of downstream

distance, for increasing shear exponents.350

Several conclusions can be drawn from the figure:

– The LES simulations confirm the general trend observed in the field experiments, with the wake centerline shifting to

the right in the presence of vertical shear.
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– The wake displacement ∆ywc estimated from the lateral force coefficient CS using Eq. (8) agrees reasonably well with

that obtained from UREWS,2, particularly for low shear values and in the near to mid wake. This indicates that CS can355

be used as a practical estimator of shear-induced wake displacement.

– In the far wake and for α > 0.4, the CFD simulations predict larger lateral displacements than those obtained from the

model. This discrepancy is partly attributable to the emergence of complex wake structures at high shear levels, which

are not captured by the simplified model. Additional limitations arise from the assumption of a linear wake expansion

and from the use of a single, rotor-averaged lateral force coefficient, whereas in reality CS varies across the rotor disk.360

– Visual inspection of the flow field (not shown here for brevity) reveals that wake rotation convects the vertical shear

downstream, rotating it counter-clockwise and transporting low-momentum flow from the lower part of the rotor toward

the right. This effect is particularly evident in the near wake, gradually weakening as the wake becomes fully developed

and the influence of shear diminishes, eventually disappearing. Although its influence on the estimated wake displace-

ment appears limited in the present case, its modeling and quantitative assessment represent promising directions for365

future research.

Lastly, we compare the wake displacements measured in the field experiments – primarily attributed to wind shear – with

those predicted by the LES simulations. In the numerical analysis, the virtual downstream turbine is sampled at a height of

0.16 D above the upstream hub height, thereby preserving the geometric proportions of the free-field experiments. The results

are presented in Fig. 9.370

While the general trend of increasing wake displacement with shear exponent is consistent between experiments and LES, the

field measurements exhibit larger displacements than those predicted by the simulations, particularly at higher shear exponents.

Several factors may contribute to these discrepancies:

– The LES simulations are performed on a reference IEA 3.35 MW wind turbine, which differs from the turbine used in

the field experiments.375

– In the field experiments, it is not possible to fully disentangle the respective contributions of shear and veer. As a result,

the experimentally observed wake displacements are likely larger than those predicted by the LES simulations, which

account for shear effects only.

– Low shear conditions in the field experiments are often associated with higher turbulence intensities, thereby increasing

the uncertainty in the wake displacement estimates.380

– Residual yaw misalignments of both the upstream and downstream turbines may still influence the measured wake

displacements.

– Terrain-induced effects, such as hills and vegetation, are not represented in the LES simulations and may further affect

wake behavior.
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Figure 9. Non-dimensional lateral wake displacement, ∆ywc/D, as a function of the shear exponent α. Predictions based on LES-derived

CS , obtained by integrating the skew angle using Eq. (8), are shown by the blue dashed line; LES results are shown by the red solid line;

field measurements for −4◦ <∆θ <+4◦ are indicated by asterisks and the interpolating solid black line.

Despite these discrepancies, the LES simulations corroborate the general trend observed in the field experiments, namely a385

rightward shift of the wake centerline in the presence of wind shear.

3.4 Wake models

A numerical replica of the test site was implemented using the FLORIS framework (FLORIS, 2025). The turbine power curve

was provided by the manufacturer, while the turbine locations – expressed in UTM coordinates – were obtained from GPS

measurements. A brief overview of the wake models used in this study is presented below.390

Since all considered models are based on a Gaussian formulation, the discussion focuses only on the terms governing the

representation of wind veer and shear. Readers are referred to the original publications for full implementation details. Although

more advanced wake models exist in the literature, the present work concentrates on non-misaligned inflow conditions and a

simple two-turbine configuration. Under these conditions, the standard Gaussian model is adopted due to its simplicity and

computational efficiency.395

3.4.1 Baseline wake model

The Gauss-Legacy model included within the FLORIS framework is used here as the baseline wake model (Annoni et al.,

2018). This model originates from a series of studies, including Bastankhah and Porté-Agel (2014, 2016), Abkar and Porté-
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Agel (2015), and Niayifar and Porté-Agel (2016), among others. In this formulation, the effect of wind veer is incorporated by

applying a rotation factor to the Gaussian wake distribution (see Eq. 10 in the original publication).400

The longitudinal wind speed within the wake is expressed as

u(x,y,z)

U∞
= 1−C(x)e−(ℓy(y−∆ywc)

2−2ℓyz(y−∆ywc)(z−zHH)+ℓz(z−zHH)2), (9a)

ℓy =
cos2ψ

2σ2
y

+
sin2ψ

2σ2
z

, (9b)

ℓyz =− sin2ψ

4σ2
y

+
sin2ψ

4σ2
z

, (9c)

ℓz =
sin2ψ

2σ2
y

+
cos2ψ

2σ2
z

, (9d)405

where C(x) denotes the maximum velocity deficit, which depends on the downstream distance x from the rotor, the thrust

coefficient, and the turbulence intensity. The term inside the exponential of Eq. (9a) defines the shape of the Gaussian distri-

bution, centered at the hub height zHH and laterally displaced by ∆ywc. The parameters ℓy , ℓyz , and ℓz describe the rotation of

the elliptical contours, which in the present model is prescribed by the veer-dependent angle ψ. Notice that the model assumes

a constant rotation of the wake across its entire length.410

The effect of vertical shear is limited to a modification of the background inflow profile and therefore does not directly

influence either the wake deficit or the wake deflection.

The lateral wake displacement in zero yaw conditions is modeled by the two parameters ad and bd through the expression:

∆ywc(x) = ad + bdx. (10)

The Gauss-legacy model further depend on the parameters Ngauss,α, Ngauss,β , Ka, Kb, which govern the evolution of the415

wake velocity deficit and the extension of the near wake. These parameters are not modified nor reformulated in the following,

and therefore the interested reader is referred to Annoni et al. (2018) and the underlying wake formulations for a more precise

description of their role in the governing model equations.

3.4.2 Abkar veer wake model

In Abkar et al. (2018), a model is proposed that relates the skewness of the wake both to the intensity of the incoming wind420

veer and to the downstream distance from the rotor. The lateral displacement of the wake is defined as

∆ywc(x,z) = ad +(bd +tan(θ(z)− θHH))x, (11)

where θ(z) is the incoming wind direction at height z. This formulation enables the representation of arbitrary veer profiles

across the rotor disk, following an approach analogous to that of Gebraad et al. (2016a).

This formulation has been incorporated into the present FLORIS implementation as a modification of the baseline model425

described in Sect. 3.4.1 and is hereafter referred to as the Abkar veer (AV) model.

19

https://doi.org/10.5194/wes-2026-93
Preprint. Discussion started: 29 June 2026
c© Author(s) 2026. CC BY 4.0 License.



The difference between the baseline and the AV models can be summarised as follows: the baseline model assumes that the

veer-induced wake rotation ψ is uniform throughout the entire wake, whereas in the AV model the wake skew varies linearly

with downstream distance from the rotor. The angle ψ that must be applied in the baseline model to reproduce the same wake

rotation predicted by the AV model can be obtained through straightforward algebraic manipulation:430

ψ ≈ arctan(x∆θ/D), (12)

where ∆θ is the difference in wind direction across the rotor.

It is worth noting that the AV model does not rotate the two-dimensional Gaussian function. Instead, it stretches the wake

laterally in the y direction. Consequently, whereas wind veer does not alter the lengths of the principal axes of the elliptical

wake contours in the baseline Gaussian model, it does modify them in the AV model. As a consequence, the veer-induced skew435

is much more pronounced in the AV model than in the baseline one. More details on the differences between the models are

provided in Appendix B.

3.4.3 Augmented Abkar veer model

This new model variant is designed to incorporate the influence of wind shear on the lateral wake displacement observed

in Sect. 2.3 and Sect. 3.2. We achieve this by “augmenting” the AV model described in Sect. 3.4.2, such that the deflection440

parameter ad of Eq. (10) – which dictates the initial lateral shift of the wake – follows a shear-dependent linear relationship:

ad(α) = (M1α+M2)D. (13)

The constants M1 and M2 are determined experimentally, as described in Sect. 4.4. Since this variant is a modification of the

AV model, it is indicated in the following with the label AVaugm.

3.4.4 Augmented Abkar veer model with veer correlated to met-mast shear445

The aim of this second model variant is to assess whether the observed correlation between wind shear and wind veer can

be used to reduce the number of inflow parameters required by the wake model. Reducing the number of necessary inflow

parameters clearly simplifies model usage.

To explore this possibility, a relationship between shear and veer is derived from Fig. 2, where a second-order polynomial

fit yields the following expression for wind veer as a function of shear:450

∆θ(αmm) = 33.73α2
mm +19.75αmm − 2.36. (14)

The subscript (·)mm indicates that shear and veer are obtained from met mast measurements.

Clearly, this relationship is site-specific, and developing a more universally applicable model lies beyond the scope of

the present work. The expression can be incorporated into any of the previously presented wake models without requiring

modifications to their underlying formulations. The augmented AV model employing the veer predicted by Eq. (14) is denoted455

AVaugm,∆θ(αmm) in the remainder of the paper.
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3.4.5 Augmented Abkar veer model with veer correlated to observed shear

If a veer-shear-aware model is to be used in a control environment, these inflow parameters must be estimated in real time

during turbine operation. The solution just described in Sect. 3.4.4 is not directly suitable for this purpose, as met masts are not

routinely installed at wind farms and – even when they are – their measurements are not co-located with the turbines.460

To provide this capability, we rely on the “rotor as a sensor”, a technique that infers aerodynamic inflow characteristics

from operational SCADA data and blade-load measurements. Over the years, a variety of wind-sensing approaches have been

developed, ranging from estimating the rotor-effective wind speed (REWS) via the torque-balance equation (Ma et al., 1995), to

more advanced estimators capable of predicting wind direction and shear across the rotor disk (Kim et al., 2023). In Schreiber

et al. (2020a), out-of-plane bending moments are used to estimate the local wind speed experienced by each blade, yielding465

both vertical and horizontal shear estimates. Another approach – first proposed by Bottasso and Riboldi (2014) and further

developed in Bertelè and Bottasso (2020); Bertelè et al. (2021) – uses blade-load harmonics to estimate vertical and horizontal

shear as well as wind tilt and yaw misalignment.

In this work, we employ the wind estimator presented and validated in Kim et al. (2023), which uses a feed-forward neural

network (NN) to map blade-load harmonics into wind-state estimates. Notably, if a turbine is already equipped with blade-load470

sensors, this estimator can be deployed without any additional hardware, and therefore comes at no additional cost.

The vertical shear exponent estimated from met-mast data (αmm) is compared with the value obtained from the wind observer

(αobs) in Figs. 10a and 10b. As shown in Fig. 10a, the two estimates exhibit reasonably good agreement. A time history is shown

in Fig. 10b, demonstrating that the observer is able to capture the general trend, including the diurnal cycle, of the wind shear.

Fitting a second-order polynomial to the observed shear, yields the following site-specific expression for wind veer as a475

function of shear:

∆θ(αobs) = 28.88α2
obs +14.64αobs − 0.52. (15)

The subscript (·)obs indicates that shear and veer are obtained from the “rotor as a sensor” wind observer. The augmented AV

model employing the veer predicted by Eq. (15) is denoted AVaugm,∆θ(αobs) in the remainder of the paper.

3.4.6 Summary of models480

These various models and variants are shown in Table 2 and will be benchmarked against the experimental dataset in Sect. 4.3.

4 Results

4.1 Tuning of engineering wake model

A tuning of the wake-model parameters is now carried out. The procedure used to calibrate the model coefficients follows

the approach first introduced in Bottasso et al. (2014); Schreiber et al. (2020b) and later extended in Braunbehrens et al.485

(2022), in which the tuning variables are transformed into a set of orthogonal parameters via singular value decomposition
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Figure 10. Comparison of vertical wind shear estimated from met-mast data (αmm) and by the “rotor as a sensor” wind observer (αobs)

(Kim et al., 2023): correlation (a) and time history (b).

Table 2. Overview of the main features of the wake models and their variants considered in this study.

Wake model/variant Veer-related wake skewing ad Veer input N. of model inputs

baseline Uniform Constant ∆θmm 5

AV Progressive Constant ∆θmm 5

AVaugm Progressive ad(αmm) ∆θmm 5

AVaugm,∆θ(αmm) Progressive ad(αmm) ∆θ(αmm) 4

AVaugm,∆θ(αobs) Progressive ad(αobs) ∆θ(αobs) 4
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(SVD). The optimization problem is solved in this orthogonal space, and the solution is subsequently mapped back onto the

original parameter space. This technique makes it possible to identify the parameters that primarily influence the quality of the

predictions, while discarding those that are unobservable from the dataset and would otherwise render the problem ill-posed.

For a detailed discussion of the method, the interested reader is referred to Schreiber et al. (2020b) and Bottasso et al. (2014).490

In the present work, this tuning method is employed to determine the wake parameters that yield the best agreement between

model predictions and experimental data, in terms of the WT2 power output.

Since all models discussed above are based on the same Gaussian formulation, the parameters requiring calibration are

identical, namely Ngauss,α, Ngauss,β , Ka, Kb, ad, and bd. Their initial values are set to the default ones.

Given the 2-turbine configuration of the test field, the parameters ad and bd of Eq. (10) effectively convey the same informa-495

tion. This is because the parameter bd, which governs the downstream evolution of the lateral wake displacement, requires at

least two distinct measurement locations for proper identification. For this reason, bd is not observable in the present setup and

is therefore omitted in the remainder of the paper.

In principle, it is not possible to tune the individual wake parameters independently, as their effects are correlated and the

SVD transformation produces tuning variables that are linear combinations of the original parameters. However, it was found500

that the parameter ad exhibits only weak correlation with the other four tunable parameters Ngauss,α, Ngauss,β , Ka, and Kb,

which govern the evolution of the wake velocity deficit and the extent of the near-wake region. Based on this observation, these

four parameters are tuned once for the baseline model and subsequently kept fixed for all other models, thereby simplifying

both the analysis and the comparison among models.

This procedure produced values of Ngauss,α, Ngauss,β , Ka, and Kb that remain very close to their default settings. The505

tuning of the baseline model further resulted in ad =−0.10, representing the average wake displacement across all shear and

veer conditions, as this model cannot account for displacement variations driven by these inflow characteristics.

4.2 Sensitivity to wind speed and wind direction estimates

The sensitivity of FLORIS outputs to different wind-speed and wind-direction estimates used as reference ambient conditions

is assessed in this section using only the baseline wake model. Results remain consistent when the additional models presented510

in Sect. 3.4 are also employed, but are not shown here for brevity.

Results are presented by comparing the measured and simulated power of both wind turbines using the median absolute

deviation (MAD), which provides a robust measure of prediction error. For improved interpretability, the MAD is normalized

with respect to the median power output of each turbine.

The first analysis investigates the use of different measurements for the ambient wind speed. It is essential that the reference515

wind speed accurately represents the undisturbed inflow to the upstream turbine. Since the generated power is sensitive to the

incoming wind speed, any mismatch between the reference value and the true inflow inevitably affects the predictive accuracy

of the model. FLORIS predictions obtained using three different reference wind speeds are compared: the met-mast wind speed

at hub height UHH, the wind speed from the WT1 nacelle-mounted anemometer Unac,1, and UREWS,1, derived from the power
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of WT1 as described in Schreiber et al. (2020a). The reference wind direction and turbulence intensity are taken from the520

met-mast sensors at hub height, while nacelle orientations are provided by SCADA data.

The results of this comparison are shown in Fig. 11a, which reports the normalized MAD between FLORIS predictions

and the field-measured power. The numbers above the bars indicate percent changes relative to predictions based on met-mast

measurements. A Pearson-correlation analysis (not shown for brevity) was carried out to detect discrepancies between the

modeled and experimental power curves of each turbine; coefficients exceeded 0.95 for all wind-speed estimates considered.525

Predictions for the upstream turbine show substantial improvement when Unac,1 is used as the reference wind speed, with a

reduction in MAD of approximately 33% relative to the met-mast case. This improvement is likely due to the met-mast not

being co-located with WT1. The best agreement between predicted and measured power is achieved when UREWS,1 is used,

which is expected since the REWS indirectly reflects the power produced by the upstream turbine. The figure further shows that

the REWS also enhances predictions of the power of the downstream turbine. Overall, this analysis indicates that the REWS530

of WT1 provides the most accurate approximation of the cluster inflow wind speed, consistent with observations in Murphy

et al. (2020). For this reason, this quantity is adopted as the FLORIS reference wind speed in the remainder of the paper.
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Figure 11. Normalized MAD between predicted and measured power for both turbines and different reference wind speed (a) and wind

direction (b) estimations. The quantities above the bars indicate percent MAD variation with respect to the predictions performed with UHH

(a) or θHH (b) as reference.
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Similarly, Fig. 11b compares FLORIS predictions based on two different estimates of the reference wind direction. The first

is obtained from the wind vane on the met-mast at hub height (θHH), and the second from the sum of the nacelle position and

the wind vane installed on the nacelle of WT1 (θnac,1).535

For the upstream turbine, both indicators yield very similar performance. Differences in the measured wind direction affect

the simulated power of WT1 by altering its misalignment. The power of WT1 does not vary significantly as long as the

misalignment remains small, which explains the similar MADs obtained from the two measurements. The situation differs for

the downstream turbine, where FLORIS predictions of the relative wake position with respect to WT2 are highly sensitive to the

wind direction. In this case, the met-mast provides more accurate estimates of the upstream wind direction. This is attributed540

to the frequent drifts and recalibrations of both yaw and nacelle-mounted wind-vane sensors, which are difficult to detect and

correct (Simley et al., 2021; Fleming et al., 2014b). Moreover, the nacelle wind vane is affected by the wake generated by the

upstream turbine itself (Mittelmeier and Kühn, 2018) and influenced by shear and veer (Howland et al., 2020; Hulsman et al.,

2022), potentially introducing additional biases. For all these reasons, the met-mast is used as the reference wind-direction

source in the remainder of the paper.545

4.3 Comparison between baseline and Abkar veer models

The main objective of this section is to investigate whether model-plant mismatches can be reduced by using a wind-farm

model that incorporates the effects of shear and veer presented in the previous sections. This is done by comparing mismatches

between measured and simulated power of WT2.

Before comparing all models described in Sect. 3.4, it is useful to begin with a comparison of only the baseline and AV550

models. To examine the importance of including a veer-dependent wake skewing, model-plant mismatches on the downstream

turbine are compared in Fig. 12, and are binned as functions of shear (panel a) and veer (panel b). Results are expressed in

terms of normalized MAD, consistent with the previous section. The inputs for wind shear and veer are calculated from the

met-mast. The uncertainty bands represent the 95% confidence interval of the MAD and are computed through bootstrapping.

It can be seen that, in the higher ranges of shear and veer, the AV model leads to improved performance in comparison to the555

baseline model. The improvement is more pronounced when examining errors as a function of wind veer, which is consistent

with the fact that the AV model is specifically designed to predict a veer-induced wake skewing. The improvement observed as

a function of wind shear follows from the correlation between shear and veer.

The results obtained so far indicate that a model capable of progressively skewing a wake under veering conditions provides

a better match to the experimental results. The next section builds on these findings by comparing the remaining model variants560

described in Sect. 3.4.

4.4 Comparison of augmented models

The main goal of this section is to compare the remaining models listed in Table 2 to identify possible further reductions in

model-plant mismatches.
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Figure 12. Normalized MAD and 95% confidence intervals (shaded areas) for the baseline wake model (solid blue line) and AV wake model

(dashed red line), reported as functions of wind shear (a) and veer (b).

The coefficients M1 and M2 of the AVaugm model are tuned through the optimization framework described in Sect. 4.1.565

This leads to the following expressions for the term ad in Eq. (13):

ad(αmm) = (−0.36αmm +0.064)D, (16a)

ad(αobs) = (−0.31αmm +0.035)D. (16b)

Results are shown in Fig. 13. In addition to the AV model, the figure includes the augmented AVaugm model, which incorpo-

rates the shear-dependent wake displacement of Eq. (16). The other models included are AVaugm,∆θ(αmm) and AVaugm,∆θ(αobs),570

which differ only in the technique used for wind-shear estimation. The latter approach represents a configuration that does not

require a met-mast installation, and therefore is the only practically usable one in a realistic controls application.

Results are expressed as differences between the normalized MAD and the corresponding value of the baseline model, to

highlight differences among the models and to offset the influence of an inflow-dependent model-plant mismatch (which can

still be observed in Fig. 12).575

The first observation is that AVaugm generally performs better than all other models. Given the dependency between shear

and wake displacement already discussed, this increase in accuracy is expected. The improvement is more pronounced for

moderate-to-high wind shears, which is the range specifically targeted by the model. Another reason for the superior accuracy
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Figure 13. Comparison among the different wake models errors, expressed with respect to the baseline model as ∆MAD=

MADmodel −MADbaseline, and normalized using WT2 median power. Results are plotted as functions of wind shear (a), and wind veer (b).

of AVaugm is that both AVaugm,∆θ(αmm) and AVaugm,∆θ(αobs) are simplified variants of this model and require only four inflow

inputs instead of five.580

For low shears and low veers, all models provide very similar results, leading to nearly overlapping curves. These conditions

are typically associated with higher turbulence intensities, which result in higher MAD for all models (these results are omitted

here for brevity, but are shown in Fig. 12).

Another noteworthy point is that the AVaugm,∆θ(αmm) model yields consistent improvements with respect to the baseline

model and even outperforms the AV model, except for very high shear values. This indicates that, for the site under consid-585

eration, the relationship between shear and veer can be exploited to reduce the required equipment, without significant losses

in predictive accuracy. However, this relationship may depend on the site and on the wind direction, and therefore an accurate

assessment of wind gradients remains necessary.

As mentioned at the beginning of the paper, measuring either wind shear or wind veer poses a challenge and cannot be

achieved using the standard equipment installed on wind turbines. Typically, instruments such as LiDARs or met-masts are590

required, increasing cost and complexity. In the case of met-masts, the lack of co-location with wind turbines presents additional

difficulties, especially for large wind farms. An alternative is provided by wind-sensing technologies that rely on on-board

sensors to determine the wind characteristics impinging on the rotor.

This solution is represented by the AVaugm,∆θ(αobs) model. From the figure, it can be seen that the wind estimator provides a

viable alternative to a met-mast. More specifically, for medium-low wind shears (0.1< α < 0.2), the use of the wind estimator595
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slightly improves predictions. This finding may indicate that lower shears (often associated with higher turbulence intensities)

are better captured by the wind estimator than by the met-mast, possibly because of the rotor-effective nature of the estimator.

For very high wind shears (α > 0.45), the wind estimator also performs better than the met-mast, while in the medium

range (0.2< α < 0.3) no noticeable differences appear. In the range of high shear (0.32< α < 0.42), the met-mast performs

better than the observer. When mismatches are binned by wind veer, both the mast and the observer behave similarly for low to600

moderate veers, after which errors naturally increase due to the simplified interpolation ∆θ(α). It is worth noting that, for higher

wind veers, the wind estimator performs better than the met-mast, which may again be due to the fact that a rotor-effective

shear correlates better with a rotor-effective wind veer.

Overall, the results indicate that the “rotor as a sensor” wind estimator can improve accuracy with respect to both the baseline

and the AV wake model. For the test site under consideration, a wind estimator can provide a wind-shear input during operation605

without significant loss of accuracy in comparison to a nearby met-mast measurement.

4.5 Considerations on wake steering strategies

The purpose of this section is to discuss the impact of the wake models presented in Sects. 4.3 and 4.4 on wake-steering

strategies. A key limitation of the present analysis is that it was not possible to evaluate the real-world effects of each strategy

in the field. Therefore, all conclusions are based exclusively on optimal offset angles and simulated power differences among610

the models.

For each model considered, optimal LUTs are calculated using the robust approach described by Simley et al. (2020), which

maximizes the expected power production under wind-direction and yaw-position uncertainties:

γ∗(x̂) = argmax
γ
E[P (x̂,γ)], (17)

where x̂ represents the inflow variables of the optimization, and E[·] indicates the expected value. The optimization is per-615

formed for three of the models analyzed in Sect. 4.4: the baseline model, the AVaugm model, and the AVaugm,∆θ(αobs) model.

This selection enables a comparison among the baseline condition, a model that includes the effects of both wind shear and

veer (with five inflow inputs), and a model that relies solely on rotor-observed shear.

The vector x̂ depends on the wake model: x̂= θ,U,α,TI,∆θ for the baseline and AVaugm models, and x̂= θ,U,α,TI

for the AVaugm,∆θ(αobs) model. Details on the implementation can be found in Simley et al. (2020) and are omitted here for620

brevity. The uncertainties are kept at their original values, namely 4.95◦ and 1.75◦ for wind-direction and yaw-misalignment,

respectively.

The resulting LUTs are shown in Figs. 14a and 14b for two wind-shear values, illustrating the differences induced by the

various modeling approaches. As expected, for the baseline model the switching point at which the optimal offset changes sign

remains constant, whereas it shifts for the other models.625

Percentage power gains relative to greedy operation are evaluated for each optimal LUT using the same dataset used in

Sect. 4.3. Results are calculated for wind-direction bins of 2◦ and are shown in Fig. 14c (low α) and Fig. 14d (high α). For
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Figure 14. Optimized wind turbine misalignment for the different models, for U = 8 ms−1, TI = 10%, and ∆θ = 5◦, for the shear values

α= 0.1 (a) and α= 0.3 (b). A vertical line is drawn at 228.0◦, corresponding to the wind direction for which the two wind turbines are

aligned. Increase in power gains with respect to the baseline model, shown as a function of inflow wind direction for low (c) and high (d)

wind shear.

clarity, only the difference between the power gain of each augmented model, Gmodel, and the baseline power gain, Gbaseline,

is reported.

It is important to highlight that the performance of the LUTs is evaluated using the FLORIS model equipped with the630

AVaugm model. Since the calculation of the baseline LUT does not account for the effects of shear and veer, lower power gains

are expected for this model than for the other ones. This is confirmed by the results, as the augmented models consistently out-

perform the baseline. The comparison underscores the effect of “wrong-way steering” caused by inaccurate ambient-condition

modeling, which in this case leads to approximately 2% lower gains in the region of full wake overlap.

Notably, AVaugm and AVaugm,∆θ(αobs) yield essentially identical results, although the former requires five inflow parameters635

instead of four. In practice, this means that the additional on-site infrastructure required for such measurements could be

avoided by relying on a “rotor as a sensor” wind estimator. Wind-sensing strategies that exploit the relationship between wind

shear and veer may therefore offer performance improvements while requiring only limited supplementary investment (null,

when blade loads are already installed for other reasons).

Overall, the results indicate that, at least from a theoretical perspective, wake-steering strategies may increase energy capture640

when the underlying wake model correctly accounts for the influence of wind shear and veer. The observed gain is primarily

associated with the avoidance of steering in an incorrect direction, an effect likely to become even more relevant in wind farms
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with larger turbine spacing than the very short distance of the present setup. Potential implications for structural loads should

also be considered.

As noted earlier, the main limitation of the present analysis is that the LUTs have not been tested in the field. As a result,645

these findings should be regarded as qualitative rather than quantitative, and further experimental validation is required.

5 Conclusions

In this paper, experimental results from a two-turbine cluster were analysed with the goal of investigating the influence of wind

shear and veer on the power loss of the downstream turbine. This was enabled by the particularly stable atmospheric conditions

at the site, which resulted in a wide range of shear and veer values. Even for non-misaligned turbines, it was shown that an650

increase in either wind shear or veer causes a displacement of the wake toward the right when looking downstream. For wind

veer, this observed displacement is only apparent and arises from the different hub heights of the two turbines, because the

physical effect of veer is to skew the wake rather than to laterally shift it.

To validate and isolate the effect of shear, LES simulations were conducted. These simulations corroborated the experimental

findings by showing similar trends in wake displacement, although with smaller magnitudes than those observed in the field.655

The physical mechanism responsible for shear-induced wake displacement is not yet fully understood and has been attributed in

the literature to the advection of low-velocity wake regions into higher-velocity flow due to wake rotation, as well as interactions

between the wake and the ground. In the present study, by using a BEM-based model, it is shown that wake displacement is

consistent with a residual lateral force acting on the rotor as a function of wind shear. This explanation is considered sufficient

for the scope of this work, although further investigations are needed to fully understand the interplay between residual forces660

and wake development.

Different methods for estimating inflow inputs to an engineering wake model were investigated. The analysis shows that

a rotor-effective wind speed is the most reliable indicator of the inflow wind speed, and that the met-mast provides the most

accurate indicator of the inflow wind direction. However, the met-mast is adequate for the present small test site as it is close to

the turbines, but it may become insufficient for larger wind farms, where alternative methodologies – such as consensus-based665

(Annoni et al., 2019) or wind-farm-scale flow estimators – may be required.

It was shown that wind veer should be accounted for within engineering wake models. Its effect is to progressively skew

the wake as it moves downstream, and incorporating this effect leads to improved accuracy in power predictions. In addition,

a shear-dependent displacement of the wake toward the right was identified, and incorporating this phenomenon into the wake

model further reduced model-plant mismatch.670

The challenge posed by the lack of inflow-gradient measurements in standard wind-turbine instrumentation was also dis-

cussed. Wind-sensing techniques were shown to be suitable candidates for estimating vertical shear, thereby enabling the

inclusion of these potentially important effects within wake-steering strategies. Wind sensing can also estimate veer (Bertelè

et al., 2024), although this capability was not considered here. The analysis further showed that, for the present test site, the
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correlation between wind shear and wind veer can be exploited to reduce the number of inflow inputs required by a wind-farm675

model while still reducing model-plant mismatch relative to the baseline model.

Optimal LUTs for power maximization were generated for several of the wake models considered. The results show that

neglecting the impact of shear and veer on the wake can lead to wrong-way steering in the region close to full wake overlap,

thereby reducing the effectiveness of wake-steering strategies. However, since it was not possible to validate the optimal LUTs

in the field, these findings remain theoretical and require further experimental confirmation.680

Finally, the analysis presented here relies exclusively on non-misaligned operating conditions in the free-field experiments.

As a result, the conclusions may differ when yaw offsets are considered in a full-scale setup.

Appendix A: Wind characteristics

The discussion regarding the relationship between wind shear and veer in Sect. 2.2 is here complemented by presenting his-

tograms of both quantities. The distributions of shear and veer for south-westerly winds recorded during the campaign are685

shown in Fig. A1, together with their median values. As already noted in the paper, a broad range of atmospheric conditions

occurred during the experiment, including relatively high wind-shear values. The distribution of wind veer is positively skewed,

which is consistent with expectations given the location of the test site.
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Figure A1. Frequency distributions of the met-mast measurements: vertical shears (a) and wind veers (b). Vertical lines correspond to median

values.
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To further characterize the relationship between veer and shear, the distributions shown in Fig. A1 were categorized accord-

ing to bins of increasing wind-shear values. This analysis reveals the dependency of wind veer on shear at the site (Fig. A2).690

For increasing wind shears, the corresponding median values of ∆θ tend to increase, which is compatible with more stable

atmospheric conditions for those wind regimes. Moreover, as wind shear increases (that is, for more stable stratification), the

positive tail of the veer distribution becomes longer, indicating a wider range of possible veering conditions.
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Figure A2. Frequency distribution of wind veers, binned for increasing wind shears.

Appendix B: Wake stretching

For the AV model, the wake deficit of Eq. (9a) becomes:695

u(x,y,z)

U∞
= 1−C(x)e−((y+xtan(∆θ/D(z−zHH))−∆ywc)

2/2σ2
y+(z−zHH)2/2σ2

z). (B1)

32

https://doi.org/10.5194/wes-2026-93
Preprint. Discussion started: 29 June 2026
c© Author(s) 2026. CC BY 4.0 License.



By applying a small-angle approximation and neglecting zHH and ∆ywc, the parameters ℓy , ℓyz , and ℓz that govern the shape

of the ellipses can be obtained by comparing Eq. (9a) and Eq. (B1). This yields:

ℓy =
1

2σ2
y

, (B2a)

ℓyz =−x∆θ/D
2σ2

y

, (B2b)700

ℓz =

(
(x∆θ/D)2

σ2
z

σ2
y

+1

)
1

2σ2
z

. (B2c)

It is instructive to compare the semi-axes of the original Gaussian model (equal to σy and σz) with those of the AV model, in

order to quantify the “stretching” of the wake as a function of the incoming wind veer for the test site under consideration. The

lengths of the major and minor semi-axes are given by:

σ2
AVy =

1

2(ℓy cos2ψ+2ℓyz cosψ sinψ+ ℓz sin
2ψ)

, (B3a)705

σ2
AVz =

1

2(ℓz cos2ψ− 2ℓyz cosψ sinψ+ ℓy sin
2ψ)

, (B3b)

with:

ψ =
1

2
arctan

(
2ℓyz
ℓy − ℓz

)
. (B4)

This comparison is performed for varying wind-veer values for the test site under investigation. Results are shown in Fig. B1

and are consistent with the findings of Sect. 4.3: for low wind veer, the behaviour of the models is very similar, whereas the710

difference in wake shape increases with increasing veer.

Appendix C: Nomenclature and abbreviations

A Rotor disk area

a0 Axial induction factor (0P, constant over the rotor disk)

ad Gaussian model wake deflection: initial offset715

bd Gaussian model wake deflection: slope coefficient

C Maximum velocity deficit in Gaussian wake model

CD Drag coefficient

CL,α Slope of the lift coefficient

CS Lateral force coefficient720

CT Thrust coefficient

D Rotor diameter

Gmodel Model power gain

Gbaseline Baseline power gain
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Figure B1. Ratio between the major and minor semi-axes of the AV model and the baseline model, calculated for the test site under

consideration and for different wind veers.

k Vertical shear linear coefficient725

Ka,b Coefficients defining relationship between turbulence intensity and width of the Gaussian wake

ℓy Baseline model coefficient defining the lateral wake expansion

ℓyz Baseline model coefficient defining the coupling between lateral and vertical wake expansion

ℓz Baseline model coefficient defining the vertical wake expansion

M1 Wake displacement coefficient proportional to shear730

M2 Wake displacement constant coefficient

Ngauss,α Gaussian model parameter linking turbulence intensity to far-wake onset

Ngauss,β Gaussian model parameter linking induction factor to far-wake onset

pp Exponent of the cosine power law

P1 Power output of upstream turbines735

P2 Power output of downstream turbines

Pgreedy Power output of the baseline (“greedy”) case

Pwfc Power output of the wake-steering controlled case

q Dynamic pressure

r1-2 Distance between upstream and downstream turbines740

S Lateral force, positive when pointing to the right looking downstream

u Local longitudinal wind speed in the wake

U Wind speed
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U∞ Undisturbed wind speed

UHH Wind speed measured at hub height by the met-mast745

Unac,1 Wind speed measured by the nacelle-mounted anemometer of WT1

UREWS,1 Rotor-effective wind speed of WT1

UREWS,2 Rotor-effective wind speed of the virtual downstream turbine

x Downstream coordinate in the wind-farm reference frame

x′ Dummy integration variable750

y Lateral (cross-stream) coordinate in the wind-farm reference frame

z Vertical coordinate in the wind-farm reference frame

α Wind shear exponent

αmm Wind shear exponent measured by the met-mast755

αobs Wind shear exponent estimated by the wind observer

β Blade pitch angle

γ Yaw misalignment angle

γ∗ Optimal yaw misalignment

∆E Increase in total energy production relative to the greedy case760

∆ywc Wake centerline lateral displacement

∆θ Wind veer across the entire rotor

θ Wind direction

θ1-2 Relative wind direction between WT1 and WT2

θHH Wind direction measured at hub height by the met-mast765

θnac,1 Wind direction estimated from WT1 nacelle sensors

θwc,fit Fitted wake centerline wind direction

λ Tip-speed ratio

ξ Linear wake expansion coefficient

ρ Air density770

σy Standard deviation defining wake width in the lateral direction

σz Standard deviation defining wake width in the vertical direction

χ Skew angle of the wake

χ0 Initial skew angle

ψ Rotation angle of the Gaussian wake ellipse775

x̂ Vector of inflow variables used in the optimization process
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ABL Atmospheric boundary layer

AV Abkar veer model780

AVaugm Augmented Abkar veer model

AVaugm,∆θ(αmm) Augmented Abkar veer model with veer correlated to met-mast shear

AVaugm,∆θ(αobs) Augmented Abkar veer model with veer correlated to wind-observer shear

BEM Blade element momentum

CFD Computational fluid dynamics785

FLORIS FLOw Redirection and Induction in Steady State

GPS Global positioning system

HH Hub height

IEC International Electrotechnical Commission

IEA International Energy Agency790

LCOE Levelized cost of energy

LES Large eddy simulation

LB Lower blade

LiDAR Light detection and ranging

LUT Look-up table795

MAD Median absolute deviation

MM Met-mast or meteorological mast

NN Neural network

NREL National Renewable Energy Laboratory

REWS Rotor-effective wind speed800

RMSE Root mean square error

SOWFA Simulator for Wind Farm Applications

SVD Singular value decomposition

TI Turbulence intensity

TUM Technical University of Munich805

UTM Universal transverse mercator

WT1 Upstream wind turbine

WT2 Downstream wind turbine
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