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Abstract: Measurements taken before and after the commissioning of three wind farms reveal that
the wind speeds just upstream of each wind farm decrease relative to locations farther away after
the turbines are turned on. At a distance of two rotor diameters upstream, the average derived
relative slowdown is 3.4%; at seven to ten rotor diameters upstream, the average slowdown is 1.9%.
Reynolds-Averaged Navier-Stokes (RANS) simulations point to wind-farm-scale blockage as the
primary cause of these slowdowns. Blockage effects also cause front row turbines to produce less
energy than they each would operating in isolation. Wind energy prediction procedures in use today
ignore this effect, resulting in an overprediction bias that pervades the entire wind farm.

Keywords: blockage effects; array efficiency; wind resource assessment; turbine interaction; wake
effects; induction

1. Introduction

Fluid dynamic interaction between wind farm turbines changes the power production at each
turbine relative to what it would produce in isolation. The effect can be large and therefore must be
taken into account when estimating the energy production of a prospective wind farm. Despite all the
attention this issue has received [1], energy production assessments (EPAs) continue to use, largely
without challenge, an unsubstantiated assumption fundamental to turbine interaction calculations.
These calculations assume that a turbine can only affect turbines located downstream—any influence
on turbines upstream or laterally is almost always ignored.

In this approach to calculating turbine interaction effects, a turbine on the upstream edge of a wind
farm is impervious to the presence of the other wind farm turbines. In other words, the calculations
assume that for northerly wind directions the highlighted wind turbine on the upstream row of the
wind farm in Figure 1a will produce the same amount of energy as it would in a single row (Figure 1b),
as well as when operating in isolation (Figure 1c). The approach further assumes that the upstream row
in Figure 1a will produce at the same level as a single row of turbines in the same location (Figure 1b).

These assumptions define what we call the “wakes-only” approach to turbine interaction. Wake
effects and their impact on turbines downstream are the only means of turbine interaction in this
widely used approach. Accordingly, energy production changes due to turbine interaction are usually
called “wake losses” [2], and models used to predict array efficiency are commonly referred to as
“wake models” (Some commonly used wake models include a supplementary model targeting the
impact of two-way coupling between the wind farm and atmosphere [3–5]. In these supplementary
models, turbines still only influence conditions downstream; in turn, each turbine on the upstream

Energies 2018, 11, 1609; doi:10.3390/en11061609 www.mdpi.com/journal/energies

http://www.mdpi.com/journal/energies
http://www.mdpi.com
https://orcid.org/0000-0001-7640-8887
http://www.mdpi.com/1996-1073/11/6/1609?type=check_update&version=1
http://dx.doi.org/10.3390/en11061609
http://www.mdpi.com/journal/energies


Energies 2018, 11, 1609 2 of 20

edge of a modeled wind farm produces as if operating in isolation. Thus, this type of model also falls
within the “wakes-only” category as defined herein).
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Figure 1. Top view schematic of three wind farm/turbine configurations: (a) multi-row wind
farm; (b) single turbine row; and (c) isolated wind turbine. The symbol sizes represent rotor size.
Arrows indicate the wind direction. A single wind turbine location, highlighted in bold, is in all
three configurations.

Consistent with this approach, research on the fluid dynamic interaction between turbines has,
until recently, focused almost exclusively on wakes. For example, wakes are the only type of turbine
interaction considered in IEA Task 31, an ongoing international research collaboration to produce “best
practice guidelines for wind farm flow modeling” [6]. Likewise, array losses are due to wake effects
alone in most, if not all, treatments of the subject [7–10]. Many research articles, in fact, explicitly adopt
wakes-only assumptions, with turbines on the upstream edges of wind farms referred to and treated
as “free”, “freestream”, and/or “undisturbed” [2,6,9,11].

Yet the literature also includes indications of potential shortcomings in the wakes-only approach.
In Ebenhoch [12], wind tunnel measurements and corresponding model predictions revealed a wind
speed deficit upstream of a 105-turbine wind farm. The deficit was much larger and more far-reaching
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than could be attributed to a single turbine. The authors concluded that the observed upstream
impact reduced the “amount of kinetic energy available for power extraction” and that the wakes-only
“assumption is wrong”. As with many wind tunnel tests, the degree of applicability to full-scale is
open to debate. The hub-to-hub distances in the wind tunnel were generally tight compared to modern
wind farms (2.66 D laterally and 4 D streamwise, with D = rotor diameters), and there is also risk
that the wind tunnel walls could influence the observed blockage. That said, large-eddy simulation
results from two recent studies, [13,14], both showed significant wind speed decreases upstream of
infinitely wide, full-scale wind farms. Allaerts [13] attributed the upstream flow decelerations to
adverse pressure gradients induced by gravity waves. Wu [14] also attributed upstream deficits to
gravity waves, but also to cumulative turbine induction, with the balance between the two influences
strongly dependent on atmospheric conditions.

Other researchers have looked into whether turbine interaction can increase production from a
single row of turbines perpendicular to the flow. Nishino [15], in an extension of earlier work with tidal
turbines [16], showed Reynolds-Averaged Navier-Stokes (RANS) predictions of turbines producing up
to 5% more energy when operating in a tightly spaced row (hub-to-hub distance of 1.5 D) as compared
to when operating in isolation. In McTavish [17], wind tunnel measurements of three scaled-down
turbines revealed production increases of a similar magnitude when the hub-to-hub distance was
narrowed to 1.5 D. A flow model of the configuration yielded a similar result. Finally, Forsting [18]
presented results from RANS simulations indicating that five turbines in a row perpendicular to the
flow will outproduce the turbines in isolation by approximately 0.5% when the hub-to-hub spacing
is 3.0 D. Unlike the RANS model, a vortex model predicted turbines in this configuration to have a
negligible influence on each other for perpendicular flow. For non-perpendicular wind directions,
however, both models predicted significant production variation along the row.

Finally, Mitraszewski [19] observed production variation along the unwaked edges of the Horns
Rev 1 wind farm. Variation along unwaked perimeter turbines was consistently evident regardless
of the wind direction, with turbines at the ends of the edges producing more than the turbines in the
middle of those edges. A RANS simulation of a single wind direction at Horns Rev 1 yielded production
variation along the unwaked edges resembling the observed variation [20]. Owner-operators of many
wind farms have also reported seeing production variation among unwaked perimeter turbines similar
to that observed at Horns Rev [21]. The authors of [19] attributed the production variation to Coriolis
effects and in turn surmised that the variation represented a redistribution of energy at the wind farm
rather than a net loss or gain.

Despite the emerging evidence of extra-wake turbine interaction, the wakes-only approach
remains well-entrenched within EPA practices. A shift away from this approach may require more
evidence—particularly from real wind farms—and moreover, a consensus understanding of how these
interactions affect wind farm energy production.

Assuming turbine interaction is limited to wake effects makes accounting for the interaction more
straightforward and less computationally expensive. It lets energy production modelers avoid, or
at least greatly simplify, calculations of the two-way coupling that occurs between wind farm and
atmosphere. Further, the wakes-only approach has led to the widespread adoption of parabolic wind
farm flow models (i.e., wake models) with their concomitant advantages in computation speed. Thus,
the wakes-only assumption clearly offers convenience; the empirical and physical justification for its
use, however, is less clear. In fact, the authors are not aware of any direct evidence substantiating this
long-held assumption.

In the absence of substantiation, there is heightened risk that EPAs are neglecting influences that
have a material impact on wind farm energy production. This could potentially lead to bias in energy
production estimates and less-efficient wind farm designs. The aim of this research is to investigate the
validity of the wakes-only assumption and explore the consequences should the assumption prove to
be false. To this end, we focus on wind speed measurements and RANS simulations at three large wind
farms. The paper provides the details of these analyses and discusses the results. After highlighting
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the implications of the findings, we recommend changes to currently accepted practices for estimating
wind farm production.

2. Measurements

The three wind farm projects at the center of this investigation are located onshore and consist
of modern wind turbines with rotor diameters in excess of 80 m. The projects also share a rare
combination of three features that together offer insight into the upstream influence of a wind farm:

• At least one meteorological mast located just upstream of the wind farm for the prevailing wind
direction (e.g., Mast P in Figure 2).

• At least one additional mast located much farther upstream or lateral to the wind farm for the
prevailing wind direction (e.g., Mast R in Figure 2).

• The masts have been taking wind speed and direction measurements concurrently before and
after the wind farm commercial operation date (COD).

We refer to Mast P in Figure 2 as a “perimeter mast” and Mast R as a “reference mast”. The objective of
the data analysis is to determine whether and to what degree the wind speed relationship between the
perimeter and reference masts changes after COD for wind directions where the masts are not waked.
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The first step is to split each series of 10 min records into a before-COD and an after-COD time
series. We then segment the analysis by mast pair, each with one perimeter mast and one reference
mast. For each pair we successively apply several filters to the before-COD and after-COD time series:

• Filter for wind direction—Define a 30◦ wind direction sector where the two masts are not waked.
Select records where the mean wind direction at the perimeter mast is within the chosen sector.
Remove records for which the perimeter mast record immediately before or after has a mean
wind direction outside the sector of interest—this reduces the risk of a turbine wake affecting a
mast during any part of a selected 10 min record.
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• Filter for wind speed—Select records where the mean wind speed at the perimeter mast is between
5 m/s and 9 m/s, where most of the turbines are expected to operate on the plateau of the
turbine’s thrust coefficient (Ct) curve.

• Filter for turbine availability—Select records where at least 90% of the wind farm turbines are
available. In addition, remove records where the turbines closest to the perimeter mast are offline.
This filter does not apply to the before-COD time series.

• Filter for concurrency—Select records where both the perimeter mast and the reference mast have a
valid wind speed value.

From the filtered time series we calculate the following metric:

∆UP,R =

(
UP/UR

)
a f ter(

UP/UR
)

be f ore
− 1 . (1)

U is the mean of the wind speed time series. ∆UP,R is the relative change in the mean wind speed
ratio between perimeter mast P and reference mast R after the turbines are turned on. ∆UP,R and the
analysis behind this metric are designed to gauge the upstream influence of a wind farm. Negative
values correspond to the wind farm reducing perimeter mast wind speeds relative to the reference
mast; positive values indicate the opposite.

Additional analysis can indicate whether a computed value of ∆UP,R reflects a statistically
significant change in the wind speed relationship between the perimeter and reference mast. To this
end, we conduct a Mann-Whitney U Test [22] on the before and after UP/UR filtered data (i.e., on the
time series of wind speed ratios). A p-value of less than 0.05 provides good evidence that the wind
speed relationship between the two masts has changed after COD. The test, of course, says nothing of
the cause(s) of the change. And while the presence of the wind farm may be the most salient difference
between the before and after time periods, it is not necessarily the only relevant difference. We discuss
the potential influences on ∆UP,R in the Results section.

3. Modeling

We ran steady-state RANS simulations at each wind farm using STAR-CCM+ [23], a general-
purpose physics simulation software package best known for computational fluid dynamics modeling.
Within STAR-CCM+, we customized a model for simulating the atmosphere at wind farm scale [24,25].
The model uses standard k-ε for turbulence closure and a shallow Boussinesq formulation to represent
buoyancy effects [26]. The domain is six-sided, with a ground boundary, a top boundary, two inflow
boundaries, and two outflow boundaries. At the ground, the model uses a standard wall function
modified to account for roughness. The top is a slip wall set to a constant potential temperature.
The inflow boundary layer profiles of velocity, potential temperature, and turbulence quantities derive
from a combination of similarity theories and precursor simulations [24]. The inflow profiles also
include a capping inversion with a maximum potential temperature gradient of +10 K/km, starting
at approximately 1000 m above ground level. The free atmosphere above is stably stratified with a
vertical potential temperature gradient of +3.3 K/km. To represent stability variations within the
atmospheric boundary layer, we run and then combine two sets of simulations, one to represent stable
conditions near the ground and the other to represent unstable/neutral conditions. The accuracy of
this modeling approach, with respect to predicting the freestream (i.e., turbine-free) spatial variation of
wind speed over terrain, has been quantified through comparisons with mast measurements at more
than a hundred wind farms, including three separate multi-site blind tests, where the RANS model
has performed very well relative to other flow models. For this study, we extended this model to also
simulate the presence of wind turbines.

We use simple actuator disks to represent the turbines. The disk volumes comprise cubic mesh
cells with edge lengths equal to 5% of the rotor diameter (20 cells across the rotor diameter and 5 cells
across the disk thickness). The axial and tangential body forces applied to the cells ultimately derive
from manufacturer-provided curves for power and thrust coefficient (Ct). These curves are nominally
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functions of so-called freestream wind speed (U∞), or more specifically, the horizontal component
of the hub-height wind speed at the turbine location absent the presence of that turbine. Unlike in
most engineering wake models, this quantity cannot readily be determined within a RANS simulation
because of the upstream influence of the actuator disks. So, we reformulate the curves to be functions
of a different quantity, one that can be determined from within a RANS simulation and, in addition,
better represents the influence of the local flow on power and thrust.

Rotor thrust and power are functions of the turbine geometry, the rotor speed, and of course
the wind—specifically, the air density and velocity vector distribution across the rotor face. For a
given simulated turbine, we represent this velocity distribution with a single value: the average axial
velocity over the rotor’s swept area (Udisk). When converting power and Ct curves to functions of
Udisk, we follow a procedure similar to that described in [27]. The procedure involves running a
series of single-turbine simulations, each corresponding to a different hub-height wind speed. In these
simulations, the U∞ values are known, and actuator disk forces are thereby set according to curves
specified as functions of U∞. After each simulation finishes, we record Udisk. The outcome of this
procedure is a set of curves (power, Ct, and rotor speed) specified as functions of Udisk.

Before applying this model to the three onshore wind farms in this study, we ran a suite of
verification and validation calculations focused on wind farm flows; included among these were
simulations of the Horns Rev 1 wind farm. Model predictions of the row-by-row production variation
at Horns Rev agree reasonably well with observations as shown in Figure 3. The measured results are
sensitive to the details of the data filtering, so even though the RANS-predicted normalized powers are
consistently 1–3% below the mean observed values, the gap closes considerably when comparing with
the observations reported in [28] and reverses when comparing with the observations reported in [2].
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Figure 3. Row-by-row energy production at the Horns Rev 1 wind farm normalized by the energy
production of the westernmost north-south row (Row 1). The values correspond to wind directions
between 255◦ and 285◦ (westerly flow). The observations were filtered to a nominal freestream wind
speed range of 7.5–8.5 m/s as inferred from the unwaked wind turbines. The RANS-simulations
corresponded to a freestream wind speed of 8.3 m/s. The error bars represent standard deviations.

We also compared results from the RANS model with observations of the production variation
along the unwaked edges of Horns Rev 1 (Figure 4). The turbines at the far corners of the upstream
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perimeter produce more than those in the middle of the string, according to both observations and
the RANS predictions. Unlike the predicted results, however, the observed production pattern has
a pronounced skew, with turbines on the northwest end of the string producing more than those on
the southeast end. The authors of [19,20] attributed the skew to the Coriolis effect and the related
Ekman Spiral. Both effects are included in the RANS model, though the Ekman Spiral prescribed at
the inlet of the domain may understate the actual mean direction variation with height at Horns Rev 1
for southwest flows (the modeled wind direction shifts +1.6◦ from the bottom of the rotor swept area
to the top). Looking past the skew, the overall magnitude of the predicted production variation along
this string of turbines is generally consistent with the observations.
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Figure 4. Observed and RANS-predicted power production pattern at the Horns Rev 1 wind farm
normalized by the mean of the distribution. The values correspond to the 10◦ wind direction sector
centered on 208◦ (southwesterly flow). The observations were filtered to a nominal freestream wind
speed range of 4–12.5 m/s as inferred from the unwaked wind turbines. The RANS-simulations
corresponded to a freestream wind speed of 8.3 m/s. The error bars represent standard deviations.

Blockage effects arise from the two-way interaction that occurs between wind farm and
atmosphere—we selected the modeling approach for this investigation accordingly. Of course,
the RANS model does not directly simulate all aspects of this interaction. For example, the model
bypasses details of the complex interplay between atmospheric turbulence and each three-bladed
turbine, representing them instead with two-equation turbulence modeling, actuator disks, and
one-dimensional turbine performance curves. The omitted details can have a significant impact on
the near wake (within 2D downstream of the turbine), as well as on energy production over short
time periods or within narrow wind direction sectors. These details appear to be less important,
however, when it comes to predicting the far wake [29] or production over longer temporal and wider
directional scales [28]. Their importance to this investigation may be even smaller. Not only do the
results correspond to long time periods and wide direction ranges, but they also focus on blockage
effects, which are far less turbulence-affected than wakes. Moreover, validation presented herein
corroborates the model as a useful full-field complement to the point observations in this study.

The RANS simulations run at the three onshore wind farms targeted wind speeds and directions
consistent with the filters used in the measured data analysis. Thus, the simulated turbines generally
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operated on the plateaus of their respective Ct curves, where a turbine’s influence on wind speeds
upstream will be at a maximum.

To further mimic the data analysis, we ran two sets of simulations at each wind farm: one set
with actuator disks to represent conditions after COD (wind farm simulations) and one without to
represent conditions before COD (freestream simulations). The wind farm and freestream simulations
share identical boundary conditions and meshes, so differences between the two sets of predicted
flow fields are due to the presence of the modeled turbines alone. Each wind farm is small relative
to the simulation domain, with the lateral and top boundaries at least 15 km from any turbine, thus
mitigating the risk of any artificially induced blockage effects.

We also selected a few turbines at each wind farm to simulate in isolation. Combining the
isolated-turbine and freestream results, we can accurately estimate for each simulated condition the
power production of any wind farm turbine were it to be simulated in isolation. We can then quantify
how the wind farm changes the energy production of each of its turbines relative to solitary operation.

4. Results

This section presents field observations and RANS simulations for three onshore wind farms.
When depicting each wind farm, we rotate the coordinate system to obscure the project’s identity. The
wind directions discussed herein are relative to these adjusted coordinate systems. In all three cases,
we filtered the measured data to a 30◦ sector centered on 0◦. The simulations ran in 10◦ wind direction
increments, and from the resulting set of solutions we derived averaged quantities for the 30◦ sector.

Wind-farm-induced mean wind speed changes, as predicted by RANS, have much sharper
spatial gradients downstream of the front row turbines than upstream. In turn, predictions at points
upstream of the front row are much less sensitive to wind direction as compared to points downstream.
Simulating in 10◦ direction increments, consequently, is more than sufficient to evaluate upstream
wind speed changes in this study. In fact, throwing out every other simulation, leaving just a 20◦

increment, has a negligible impact on the results reported herein. Further, when computing the
integrated average of the RANS results over a 30◦ sector, there is no need for additional weighting to
account for wind direction uncertainty. Gaumond [28] showed how the use of additional weighting
significantly improved predictions of waked turbine production over 5◦ wind direction sectors, but
the weighting had virtually no effect on the results for a 30◦ sector—the same is true in this study.

4.1. Wind Farm A

Wind Farm A has 87 turbines organized into east-west rows. The average hub-to-hub distance
between neighboring turbines within a row is 3.2 D. The average distance between rows is 20 D.
The terrain is simple with turbine base elevations all within 20 m of each other. The land cover consists
of short grass, which the model represents with an aerodynamic roughness length (z0) of 0.01 m.
Figure 5 depicts the outline of the turbine layout as well as the locations of six masts. Masts P1 and P2
are respectively 10 D and 2 D upstream of the nearest turbine; they are considered perimeter masts
in this analysis. The other four masts are much farther away and are considered reference masts.
All of the masts have been recording wind data concurrently for just over a year before COD and after
COD—with the exception of Mast R2, which only has 8 months of after-COD data.

For each of the perimeter-reference mast pairs, both the measurements and RANS results indicate
that the perimeter mast wind speeds slow relative to the reference mast wind speeds after the turbines
are turned on. As shown in Figure 6, the observed slowdowns at the perimeter masts are sensitive
to the choice of reference mast. This sensitivity suggests that additional factors, other than the wind
farm, may be influencing measured ∆UP,R for individual mast pairs. RANS predicts the impact of the
wind farm on the reference mast wind speeds to be small (−0.16% to −0.36% relative to freestream),
and thus the ∆UP,R predictions vary little with reference mast. On average, RANS underpredicts the
observed slowdowns at P1 and P2, but captures the trend between the two masts reasonably well.
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Figure 5. Wind Farm A and its influence on nearby flow at turbine hub height. The colors represent
the predicted percent change in wind speed relative to freestream conditions for the 30◦ wind direction
sector centered on 0◦ (northerly flow). Each color level corresponds to a range of 1.0%. The tick marks
on the border of the plot correspond to a distance increment of 2 km.

The measurement heights above ground level varied from mast to mast in the Wind Farm A
analysis: the P2 and R1 measurements were at hub height (H); the rest were at a height of 0.7 H (these
masts did not have hub-height sensors). With the exception of Mast R2, the before-COD and after-COD
time series are each a year long, reducing the risk of seasonal shear variations affecting the results.
Nevertheless, we repeated the data analysis for measurements taken at a common set of heights, i.e.,
0.7 H. As expected, the results changed little: ∆UP1,R1−R4 decreased slightly to −1.8% and ∆UP2,R1−R4

increased a bit to −3.3%. ∆UP2,R2 changed by just −0.2%. There was only 4 months of before-COD
data for the 0.7 H sensor at Mast P2; this is one of the reasons why we used the hub-height sensors at
P2 and R1 for the main analysis.

To further investigate the shorter after-COD time series at Mast R2, we also reran the data analysis
using the same range of dates for the before and after time series, offset by one year. The impact of this
change across all mast pairs, including those involving Mast R2, was minimal. Therefore, it does not
appear as if the shorter after-COD time series at Mast R2 significantly affects the results.

Wind-farm-scale blockage is evident in all the RANS simulations. As can be seen in Figure 5,
blockage slows approaching flow over a large area upstream of Wind Farm A; this effect is the result
of two-way coupling between the wind turbine array and the atmosphere. A local, turbine-scale
blockage effect, more commonly referred to as turbine induction, also contributes to the upstream
slowdown, though the impact is largely limited to within a few rotor diameters of each turbine. Thus,
while turbine-scale blockage from any individual turbine has little impact on wind speed at Mast P1,
its impact on Mast P2 is not insignificant, according to the RANS results. When simulated in isolation,
the turbine closest to Mast P2 decreases the predicted P2 wind speed by 1.2% relative to freestream for
the sector of interest. When simulating the full wind farm, the predicted wind speed decrease at Mast
P2 relative to freestream is 3.4%. Thus, the simulations suggest that wind-farm-scale blockage is the
primary contributor to the observed slowdowns at Masts P1 and P2.
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Figure 6. Measured and predicted ∆UP,R values at Wind Farm A. The left plot (a) shows results from
Mast P1, and the right plot (b) shows results for Mast P2. The narrow bars on each plot correspond to
individual perimeter-reference mast pairs. The wide bars are averages over the four reference masts.
The “S” or “N” below each measured result denotes whether or not (S or N) ∆UP,R reflects a statistically
significant change in the wind speed relationship between masts Px and Rx. A red “S” denotes a
p-value below 2 × 10−6. The black error bars represent the standard error of measured ∆UP,R.

4.2. Wind Farm B

Wind Farm B has more than 80 turbines roughly organized into east-west rows. The average
hub-to-hub distance between neighboring turbines is 3 D. Between the rows the average distance is
10 D. The terrain is moderately complex with turbine base elevations varying over a 90 m range and
terrain slopes mostly between 0 and 4 degrees. The land cover on site is a mix of cropland and short
shrubs, which we represent in the simulations with roughness lengths of 0.05 m and 0.1 m. Figure 7
depicts the outline of the turbine layout as well as the locations of five masts.
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Figure 7. Wind Farm B and its influence on nearby flow at turbine hub height. The colors represent the
predicted percent change in wind speed relative to freestream conditions for the 30◦ wind direction
sector centered on 0◦ (northerly flow). Each color level corresponds to a range of 1.0%. The tick marks
on the border of the plot correspond to a distance increment of 2 km.

Masts P3 and P4 are respectively 10 D and 7 D from the nearest turbine downstream; they are
considered perimeter masts in this analysis. The other three masts are farther away and more lateral to



Energies 2018, 11, 1609 11 of 20

the wind farm; these masts are reference masts. All of the masts took hub-height wind measurements
concurrently for more than a year before COD and after COD.

For five of the six perimeter-reference mast pairs, the measured perimeter mast wind speeds
decrease relative to the reference mast wind speeds after the turbines are turned on (see Figure 8).
RANS predicts such slowdowns for all six mast pairs. The observed slowdowns at the perimeter masts
are sensitive to the choice of reference mast. As at Wind Farm A, we suspect that factors other than the
wind farm contribute to this sensitivity. RANS predicts the reference mast wind speeds to change just
a few tenths of a percent relative to freestream after COD (−0.21% for R5, −0.61% for R6, and −0.35%
for R7), and thus the ∆UPx,Rx predictions are less sensitive to the choice of reference mast.
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The average measured ∆UP,R is a lot more negative for Mast P3 (Figure 8a) as compared to Mast
P4 (Figure 8b)—despite P3 being farther from the wind farm and only 5 D away from P4. RANS
predicts, on average, a much smaller difference between the two perimeter masts, with ∆UP3,R5−R7

= −1.8% and ∆UP4,R5−R7 = −1.7%. If we average over both the perimeter masts, the predicted wind
speed change is closer to the observed change (−1.7% vs. −2.1%, respectively).

Wind-farm-scale blockage is evident in all the RANS simulations. The color contours in Figure 7
depict how, on average, blockage effectively slows approaching flow from the north. Single-turbine
simulations indicate that induction from any individual turbine has a negligible impact on the wind
speeds at P3 and P4. However, taken together the turbines create a wind-farm-scale blockage that
appears to extend far upstream of the wind farm and is responsible for the observed slowdowns at the
perimeter masts.

4.3. Wind Farm C

Wind Farm C has 100 turbines roughly organized into east-west rows. The average hub-to-hub
distance between neighboring turbines is 3 D. The average distance between rows is 13 D. The terrain
is simple with turbine base elevations all within 21 m of each other, and the land cover comprises
short grass (z0 = 0.01 m). Figure 9 depicts the outline of the turbine layout along with the locations of
three masts. Masts P5 and P6 are each just 2 D away from the nearest turbine downstream; they are
considered perimeter masts in this analysis. Mast R8 is 11 D from the nearest turbine and is considered
a reference mast.
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The period of concurrent data for these masts is notably smaller than what we have at the other
two wind farms. Before COD there are 6 months of concurrent data; after COD there are 5 months.
All the measurements used in the analysis were taken at approximately the same height above ground
(0.7 H), thus mitigating the potential impact of seasonal shear variation on the results. In addition,
the ground is extremely flat in the area around and between the masts, which reduces the risk of
meteorological differences between the two time series affecting the results.
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Figure 9. Wind Farm C and its influence on nearby flow at turbine hub height. The colors represent the
predicted percent change in wind speed relative to freestream conditions for the 30◦ wind direction
sector centered on 0◦ (northerly flow). Each color level corresponds to a range of 1.0%. The tick marks
on the border of the plot correspond to a distance increment of 2 km.

Measured and predicted wind speeds at Mast P5 and Mast P6 decrease relative to Mast R8 wind
speeds after the turbines are turned on (see Figure 10). According to the RANS results, the wind farm
also causes R8 wind speeds to decrease—by 1.3%. The distance between Mast R8 and the wind farm
(11 D upstream) is similar to that of P1 at Wind Farm A (10 D upstream) and P3 at Wind Farm B (10 D
upstream), locations where observations and RANS results indicate significant after-COD slowdowns
relative to the reference masts. Thus, if Mast R8 were farther from Wind Farm C, the measured ∆UP,R8

values would likely be even more negative than what we see in Figure 10.
Once again, wind-farm-scale blockage is evident in all RANS simulations. In Figure 9, blockage

can be seen slowing flow as it approaches Wind Farm C from the north. According to single-turbine
simulations, induction from the turbine closest to each perimeter mast decreases the wind speed by 1.2%
at Mast P5 and 1.5% at Mast P6 compared to freestream conditions. When simulating the full wind farm,
the predicted P5 and P6 after-COD slowdowns relative to freestream are 3.7% and 4.5%, respectively.
Thus, the simulations indicate that both turbine-scale and wind-farm-scale blockage contribute to the
observed slowdowns at P5 and P6, with wind-farm-scale blockage making the larger contribution.

Across all the perimeter-reference pairs in this study, the average measured ∆UP,R for perimeter
masts 2 D upstream of a wind farm is −3.4%; for the perimeter masts 7–10 D upstream, the average
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measured ∆UP,R is −1.9%. By comparison, the RANS-predicted values are −3.0% and −1.4%,
respectively. If we instead bin the mast pairs by wind farm, the average predicted ∆UP,R values
are also reasonably consistent with, though somewhat less pronounced than, the averaged measured
values: −2.6% measured vs. −2.0% predicted at Wind Farm A; −2.1% vs. −1.7% at B; and −3.3% vs.
−2.9% at C.Energies 2018, 11, x FOR PEER REVIEW    13 of 20 
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Figure 10. Measured and predicted ∆UP,R values for each perimeter-reference mast pair at Wind Farm
C. The red “S” below each measured result denotes that ∆UP,R reflects a statistically significant change
in the wind speed relationship between Px and R8—with a p-value below 2 × 10−6. The black error
bars represent the standard error of measured ∆UP,R.

Factors other than the wind farm could potentially influence measured ∆UP,R. Measurement
inconsistency is a possible influence. If, for example, a wind speed sensor degraded during the
after-COD period, it would affect the related ∆UP,R values. We mitigate this risk using EPA best
practices for checking and cleaning measured data.

Sampling error could also contribute to differences between the means of the before and after
data. This possibility adds uncertainty to the measured values for individual mast pairs, though the
level of uncertainty is generally less than the signal we are measuring. A one-tailed Mann-Whitney
analysis shows that 12 of the 16 mast pairs have a p-value below 0.05, indicating that the corresponding
∆UP,R values reflect a statistically significant after-COD change to the perimeter-reference wind
speed relationship. The four p-values above 0.05 correspond to ∆UP,R values close to 0%, including
the one mast pair with a positive ∆UP,R. We cannot statistically rule out the possibility that the
perimeter-reference wind speed relationship stays the same after COD for these four mast pairs.
Of the 12 statistically significant results, 10 of them had p-values below 2 × 10−6, indicating extremely
high confidence that the perimeter-reference wind speed relationship changed after COD—this set
of 10 mast pairs includes all six of the perimeter masts in this study. Thus, the statistical analysis,
in conjunction with the consistently negative ∆UP,R values, offers strong evidence that during the
measurement periods the wind speeds at the perimeter masts decrease relative to wind speeds farther
away after the turbines are turned on.

Meteorological differences between the before and after data periods are another potential
influence on ∆UP,R. The wind speed relationship between two mast locations can be sensitive to
the background meteorological conditions—to stable vs. unstable flows, for example [24]. Thus, if
the overlying meteorology is significantly different between the before-COD and after-COD periods,
it could cause ∆UP,R to deviate from 0.0%, even if the turbines are never turned on. Using multiple
reference masts in varied locations can help mitigate this risk—as can using long before and after time
series. We do both in this study. Of the 16 mast pairs, 12 have one year of concurrent wind speed
measurements before COD as well as after COD. For the reasons discussed earlier in this section,
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the shorter time series at the other four mast pairs are unlikely to make the corresponding results
significantly more vulnerable to before vs. after meteorological differences.

To better understand the remaining risk of non-wind-farm-related factors affecting ∆UP,R,
we conducted an additional analysis designed to further mitigate unsought influences. In this
analysis, instead of ∆UP,R, we calculate ∆UP,PssR, replacing the reference mast data with semi-synthetic
data at the perimeter mast. The before-COD PssR data are real perimeter mast measurements; the
after-COD PssR wind speed data are synthetic, meaning the records derive from measurements taken
at other places and times. In this case, we scale the after-COD reference mast data using linear
coefficients derived from before-COD data binned by wind direction and time of day—with daytime
and night-time used roughly to differentiate unstable vs. stable surface conditions (at these inland
sites, which are far from any large bodies of water, daytime records mostly correspond to unstable
surface conditions, and night-time records mostly correspond to stable surface conditions). The new
synthetic wind speed data represent a rough estimate of what the perimeter mast data would be if the
wind farm was not built. The ∆UP,PssR values derived from these data are more negative on average
than the ∆UP,R values (−3.3% vs. −2.5%, respectively), and once again, 15 out of the 16 ∆UP,PssR
values are negative (∆UP1,P1ssR1 is the outlier). Of course, using synthetic data carries its own set of
uncertainties, and we cannot reasonably claim that the approach fully controls for unsought influences.
Nevertheless, the ∆UP,PssR results are reasonably consistent with ∆UP,R and do not uncover any red
flags in the primary data analysis.

Notwithstanding all the mitigating steps and extra analysis, we cannot rule out that some of these
factors (statistical uncertainty, measurement inconsistency, year over year meteorological differences)
could still potentially affect the result for an individual mast pair. We actually suspect that they
do—given, for example, the sensitivity of the results to reference mast in Figure 6. These factors,
however, are very unlikely to produce a persistent negative bias across multiple wind farms and a large
set of mast pairs. Measured ∆UP,R is negative for 15 of the 16 mast pairs (20 of 21 if we include the
additional measurement heights at Wind Farm A). We have no reason to believe any of these factors
could so consistently reduce perimeter mast wind speeds relative to reference mast wind speeds, after
the wind farms begin operation. We do, however, have reason to believe that the wind farms could
cause such consistently observed slowdowns. Separate wind tunnel and LES studies have shown such
an effect [12–14], and the RANS results herein, which absolutely isolate wind farm impact, include
upstream slowdowns that are reasonably consistent with average measured ∆UP,R, whether binned
by distance upstream or by wind farm. We therefore conclude that the presence of the wind farms is
very likely the primary cause behind the significant wind speed reductions observed at the perimeter
masts after COD. We are not aware of any other plausible explanation for the results.

5. Implications

These findings have several implications, which build upon each other towards the main
conclusion of this paper: Widely used procedures for estimating wind farm energy production likely
contain significant overprediction bias. We briefly list the implications here and then follow with the
details and reasoning behind each:

1. Wind speeds at upstream perimeter masts are lower than freestream
2. Lower mast wind speeds mean the individual turbines just downstream produce less energy

than current EPA practices would estimate
3. The group of turbines on the upstream perimeter of a wind farm also produce less than EPA

practices would estimate
4. Prediction bias on the upstream perimeter pervades the wind farm
5. The magnitude of the overprediction bias in the wakes-only approach to turbine interaction can

be significant
6. Power curves are probably an additional source of bias
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5.1. Perimeter Mast Wind Speeds Are Lower than Freestream

The measurements show that wind speeds near the upstream perimeter of a wind farm decrease
relative to locations farther away after the turbines are turned on. Understanding how these wind
speeds change relative to freestream conditions requires additional considerations. It is very unlikely
that the wind farm causes perimeter mast wind speeds to increase relative to freestream. To be
consistent with observations, this would mean larger increases at the reference masts and imply
that the wind farm’s influence intensifies with distance from the wind farm—an implausible set of
circumstances. Much more likely, the wind farm causes wind speeds at the perimeter masts to decrease
relative to freestream conditions. This conclusion has a credible physical explanation (i.e., blockage
effects) and is consistent with the RANS results, which predict near-perimeter slowdowns relative to
freestream well in excess of what can be attributed to individual turbine induction.

5.2. Lower Mast Wind Speeds Mean Nearby Turbines Will Underproduce Compared to Expectations

If one were to place a wind turbine at any of the perimeter mast locations, it would produce less
than it would if the wind farm downstream was not present. The observed and predicted slowdowns
also have implications for the energy production of the wind farm itself. The slowdowns induced
7–10 D upstream of the wind farms (masts P1, P3, and P4) imply that the turbines downstream of
the front row of a wind farm may have a similar impact on wind conditions at the front row—as the
distance between these two sets of turbines is often around 7–10 D. This would cause the front row
turbines to produce less than they would if the turbines downstream were not there. We can draw
stronger conclusions from slowdowns observed closer to the wind farms.

Single-turbine RANS simulations run back-to-back with full wind farm simulations (same wind
conditions, domain, and mesh) indicate that the turbines a few rotor diameters downstream of masts
P2, P5, and P6 will produce less energy than they would operating in isolation. It is not possible to
confirm this finding with a similar experiment in the field; however, the presented observations are
sufficient to conclude that current EPA practices will overestimate the production of these turbines.
We know this because of the way that turbine power performance is measured. The measurement
campaign typically involves a turbine on the perimeter of a wind farm and a hub-height mast 2–4 D
upstream of the turbine in the prevailing wind direction [30]. Wind speed and power measurements
are taken concurrently and processed to create a power curve, with turbine power a tabular function of
wind speed. The wind industry has obtained measured power curves from the perimeters of hundreds
of wind farms, including Wind Farms A and C where masts P2, P5, and P6 supplied wind speed data
to power performance tests (PPTs).

When estimating the energy production of an unwaked turbine, a typical EPA will take the
freestream wind resource (i.e., the horizontal wind speed distribution at hub height absent the presence
of the wind farm) and apply it to the turbine power curve. If we were to follow the same approach
and apply the P2 freestream resource for northerly flows to the tested turbine’s measured power curve,
we would likely overestimate the energy production—because, as we have shown, Mast P2 wind
speeds are lower than freestream for northerly flows when the wind farm is operating. Studies indicate
that power curves used in EPAs are on average generally consistent with, and no less energetic than,
measured curves [31–35]. Thus, slowdowns evident 2–4 D upstream of a wind farm translate to an
overprediction bias in the energy estimate for nearby turbines.

5.3. The Group of Turbines on the Upstream Perimeter Will Underproduce Compared to Expectations

These wind-farm-induced slowdowns are not limited to the perimeter masts, nor is the associated
overprediction bias limited discontinuously to one or two nearby turbines. The observed production
pattern at Horns Rev 1 reveals a coherent and generally continuous variation in energy production
along the upstream edges of the project (Figure 4), a pattern consistent with observations at many
other wind farms [21]. RANS simulations indicate that wind-farm-scale blockage diverts flow away
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from the central turbines on the upstream edge(s) of a wind farm. Some of this flow travels laterally
towards turbines closer to the sides of the wind farm, accounting for at least some of the observed
production variation. The rest of the diverted flow, however, passes over and around the simulated
wind farm, resulting in a net production loss ([36] and [37] contain observational trends consistent
with this finding). In fact, the RANS results indicate that nearly every turbine along the upstream rows
of Wind Farms A–C and Horns Rev 1 produces less energy than it would in isolation. The wakes-only
approach, in contrast, assumes that front row turbines, collectively and individually, produce the same
amount of energy as they would operating in isolation. Therefore, current EPA practices overestimate
energy production for the group of turbines on the upstream perimeter of a wind farm.

5.4. Prediction Bias on the Upstream Perimeter Pervades the Wind Farm

Because of the way turbine interaction models are designed and validated, prediction bias for
upstream perimeter turbines extends to the entire wind farm. The wind energy community validates
these models against, and tunes them to, observations like those presented in Figure 3, where energy
production is normalized by an upstream perimeter row or turbine. Validation across many wind
farms indicate that, on average, the most commonly used models predict the row-by-row production
variation with reasonable accuracy and, critical to this discussion, without bias relative to the upstream
row [2,5,38]. Thus, if wind-farm-scale blockage causes an upstream row of turbines to underproduce
isolated operation by 1%, then EPA approaches that ignore blockage—that is, nearly all of them—will
on average overpredict energy production for the entire wind farm by the same 1%.

5.5. The Wakes-Only Prediction Bias Can Be Large

The RANS results indicate this bias can be much greater than 1%. To estimate the bias, we adjust
the RANS-predicted power at each wind farm turbine to represent the power that would be predicted
using the wakes-only approach. The adjustments increase predicted wind farm power production,
but maintain the pattern of production in such a way that, for example, the predicted row-by-row
variation in Figure 3 would stay the same. The details of the adjustment procedure are as follows:

1. For each unwaked turbine, replace the RANS-predicted turbine power from the wind farm
simulation (P) with the turbine power corresponding to its simulation in isolation (PI).

2. Calculate a scaling factor equal to the factor by which Step 1 increases the total predicted power
of the unwaked, waking turbines. Unwaked, non-waking turbines, such as those on the eastern
end of Wind Farm A (Figure 5), are not included in the calculation of this factor.

3. For each waked turbine, apply the scaling factor to the RANS-predicted power, P, in order to
preserve the original power relationship between the waked turbines and the unwaked turbines
waking them.

The outcome of this procedure is a new set of power values, PWO, representing an estimate of
what a wakes-only-type model would predict for each wind farm turbine. We can then calculate the
wakes-only prediction bias using the following formula:

Bias = ∑ PWO − ∑ P
∑ P

, (2)

where ∑ P is the sum of the RANS-predicted power for each wind farm turbine, and ∑ PWO is the sum
of the turbine powers converted to represent wakes-only predictions. Using similar concepts, we can
also calculate the neglected loss as a fraction of ideal power generation and compare with the total
turbine interaction loss, LTI :

LTI =
∑ PI − ∑ P

∑ PI
, (3)

LTI,WO =
∑ PI − ∑ PWO

∑ PI
, (4)
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LTI,N = LTI − LTI,WO , (5)

where ∑ PI is ideal power generation for the wind farm (i.e., the sum of each turbine producing as if
operating in isolation). LTI,WO is the wind farm turbine interaction loss as would be calculated using a
wakes-only model, and LTI,N is the portion of the turbine interaction loss neglected by such a model.
The array efficiency, ηA, is 1 − LTI .

Although related to the neglect of blockage effects, LTI,N should not be confused with blockage
loss. In general, it is difficult, if not impossible, to precisely divide the energy reduction due to turbine
interaction into blockage loss and wake loss. Both wakes and blockage change the wind speed at the
rotor face of an interior turbine and parsing their respective impacts is not straightforward. Even a
well-validated wakes-only model cannot reliably isolate the wake loss. This is because, as indicated
above, wakes-only models are tuned and validated to accurately predict the row-by-row variation
of power production, and since part of the observed variation is due to row-by-row variation in the
blockage loss, wakes-only flow models indirectly account for some of the impact of blockage. Of
course, these models still completely neglect the impact of blockage on front row turbines and thereby
underestimate the overall power production level.

Figure 11 summarizes the RANS-predicted turbine interaction losses at the three onshore wind
farms while highlighting the portion neglected by the wakes-only approach; it also reports the
related energy production prediction bias. The blue bars (ηA) represent the RANS-predicted array
efficiency; blue plus red (ηA + LTI,N , or 1 − LTI,WO) is the array efficiency as would be predicted by a
wakes-only model.
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Figure 11. Turbine interaction loss and wakes-only prediction bias at three onshore wind farms (A, B,
and C) as derived from RANS simulations of the 30◦ sector centered on 0◦. LTI,WO is the turbine
interaction loss as would be predicted using the wakes-only approach. LTI,N is the neglected portion of
the total turbine interaction loss, and Bias is the resulting energy prediction bias. The values correspond
to the wind farm turbines operating on the plateaus of their respective Ct curves.

According to the RANS results, the wakes-only approach can neglect a significant fraction of the
turbine interaction loss, resulting in a substantial energy prediction bias. That said, the loss and bias
levels shown in Figure 11 correspond to the simulated conditions only. The simulated wind speeds
generally put each turbine on the plateau of the Ct curve and below the knee of the power curve, where
the impact of blockage on wind speed is at a high and power is most sensitive to wind speed. Bias
related to blockage will be lower at higher wind speeds; it will also likely vary with wind direction.
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Wake losses are similarly sensitive to wind speed, but integrated over all conditions, they have a
material impact on the production of most wind farms and must be accounted for in EPAs—as they
routinely are. Likewise, extra-wake turbine interaction probably impacts overall energy production to
a material degree at many wind farms, if not most of them, and therefore, these effects must also be
accounted for.

5.6. Bias in Power Curves

For a given freestream wind resource, accurate prediction of a turbine’s energy production
requires: (1) a power curve that faithfully represents the turbine’s production when operating in
isolation and (2) an accurate estimate of how that production changes when the other wind farm
turbines are present. This paper focuses on the second requirement; however, blockage may also
represent a bias in the first. Power curves used in EPAs are invariably assumed to be functions of
freestream wind speed, but to the extent that these curves are influenced by and are consistent with
PPT curves, this assumption is very likely false. The results from Wind Farms A and C, as well as lidar
measurements from eight offshore wind farms reported in [39], clearly show that the wind speeds at
a PPT mast are lower than freestream. The measured curves should be corrected to account for the
impact of local blockage from the tested turbine on the PPT mast, as well as for any influence of the
wind farm on the wind speed relationship between the PPT mast and the rotor face. The objective is a
curve that can accurately predict the production of an isolated turbine operating in a known set of
freestream conditions. The power curves currently used in EPAs will likely on average overpredict
this production, as these curves are clearly connected to measured curves [31–35], which currently do
not include the above-recommended corrections [30].

6. Conclusions

Field observations at three wind farms reveal significant wind speed reductions upstream of
each project. The primary cause behind these reductions is very likely the presence of the wind farms
themselves. Correspondingly, RANS solutions, which are in reasonable agreement with measurements,
consistently exhibit wind-farm-scale and turbine-scale blockage slowing upstream flow as it approaches
each wind farm. The magnitude and spatial reach of the measured and simulated slowdowns call into
question widely used assumptions regarding the upstream influence of wind turbines. These findings,
in turn, indicate that energy assessment procedures used throughout the wind energy community
likely contain a material overprediction bias.

The results point to two sources of bias: power curves and turbine interaction models. This paper
focuses on bias in the wakes-only approach to turbine interaction, which assumes that the turbines on
the upstream row of a wind farm produce energy as if each one is operating in isolation. In actuality,
these turbines, as a group, very likely underproduce isolated operation—and the related prediction
bias extends to the entire wind farm. An analysis of numerical simulation results indicates that the
wakes-only approach can neglect a substantial fraction of the total turbine interaction loss—over a
quarter of the loss in the cases presented herein. As a result, wakes-only-type models will generally
overpredict wind farm energy production.

Wind-farm-scale blockage is at the root of this bias. Compared with wakes, these blockage effects,
and the gradual wind speed changes associated with them, resist direct observation. Nevertheless, a
growing collection of evidence—wind tunnel measurements, patterns of turbine production, and now
the results herein—points to the pronounced influence of these effects.

When new findings challenge the status quo, the strength of evidence behind the existing approach
must be considered before making a change. In the case of the wakes-only approach to turbine
interaction, we do not have supporting evidence. Some may yet be found: There remain large
gaps in the available empirical record, and as future studies fill these gaps, the suitability of the
wakes-only approach will no doubt become more clear. In the meantime, however, the balance
between the evidence contravening this approach (strong) and the evidence supporting it (weak, if
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any) is now so one-sided that its continued use is difficult to justify. The wakes-only approach likely
neglects important influences on wind farm energy production and should be replaced. A switch to a
more complete approach—supported with well-validated prediction methods—will reduce bias and
uncertainty in energy production assessments and likely lead to more efficient wind farm designs.
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