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ABSTRACT
The Weather Research and Forecasting (WRF) Model has been extensively used for wind energy applications, and current releases include a scheme that can be applied to examine the effects of wind turbine
arrays on the atmospheric flow and electricity generation from wind turbines. Herein we present a highresolution simulation using two different wind farm parameterizations: 1) the ‘‘Fitch’’ parameterization that is
included in WRF releases and 2) the recently developed Explicit Wake Parameterization (EWP) scheme. We
compare the schemes using a single yearlong simulation for a domain centered on the highest density of
current turbine deployments in the contiguous United States (Iowa). Pairwise analyses are applied to diagnose the downstream wake effects and impact of wind turbine arrays on near-surface climate conditions. On
average, use of the EWP scheme results in small-magnitude wake effects within wind farm arrays and faster
recovery of full WT array wakes. This in turn leads to smaller impacts on near-surface climate variables and
reduced array–array interactions, which at a systemwide scale lead to summertime capacity factors (i.e., the
electrical power produced relative to nameplate installed capacity) that are 2%–3% higher than those from
the more commonly applied Fitch parameterization. It is currently not possible to make recommendations
with regard to which wind farm parameterization exhibits higher fidelity or to draw inferences with regard to
whether the relative performance may vary with prevailing climate conditions and/or wind turbine deployment configuration. However, the sensitivities documented herein to the wind farm parameterization are of
sufficient magnitude to potentially influence wind turbine array siting decisions. Thus, our research findings
imply high value in undertaking combined long-term high-fidelity observational studies in support of model
validation and verification.

1. Introduction
Wind turbines (WT) generate electricity by extracting
kinetic energy from the atmospheric flow and converting
that mechanical energy into electric energy. Behind
each WT and behind clusters of WT (i.e., downstream of
WT arrays) the flow exhibits a ‘‘wake’’ characterized by
lower mean velocity and increased turbulence intensity
(Barthelmie et al. 2013; Wu and Porté-Agel 2013). The
velocity deficit downstream of WT [i.e., the reduction of
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wind speed relative to what would be present in the
absence of WT (the freestream)] is of greatest magnitude directly behind WT. As the downstream distance
increases, the wake expands vertically and horizontally, higher momentum air is drawn into the wake, and
at sufficient distances downstream the wind profile recovers to be equal to that in undisturbed conditions
(Barthelmie and Pryor 2013).
Utility-scale WT deployments currently supply over 6%
of U.S. electricity demand (National Renewable Energy
Laboratory 2015). In 2008, the National Renewable
Energy Laboratory outlined a feasibility study of 20%
wind power supply delivered to the U.S. electrical grid
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by 2030 (National Renewable Energy Laboratory 2008).
An updated feasibility study (Wind Vision) indicated
35% penetration of the U.S. national electricity supply
was possible by 2050 (National Renewable Energy
Laboratory 2015). These projections indicate installed
wind energy capacity would need to grow from the
current installed capacity of 84 GW (2017) to approximately 113 GW by 2020, 224 GW by 2030, and 404 GW
by 2050 (National Renewable Energy Laboratory 2015).
The research in this paper is designed to quantify the
impact of large WT arrays on downstream conditions
and thus to lay ground work for research to examine
whether expansion of WT deployments proposed in the
national feasibility studies may result in substantial WT
array–array interactions where downstream WT arrays
experience lower resource magnitudes due to disruption
of the flow by upstream WT, and/or inadvertent climate
modification at the local scale due to the increase in
atmospheric turbulence.
A number of previous studies have 1) examined inadvertent climate impacts from WT arrays, 2) sought to
derive limits on systemwide extraction of kinetic energy,
or 3) explored ways to optimize wind farm layouts
to minimize array–array interactions. Initial numerical
work in this field employed a range of tools of varying
complexity (including roughness blocks) to represent
the momentum drag imposed by WT and found significant and far reaching climate impacts (e.g., Baidya Roy
2011; Baidya Roy et al. 2004; Barrie and Kirk-Davidoff
2010; Fiedler and Bukovsky 2011; Keith et al. 2004;
Wang and Prinn 2010). More recent work that has used
limited-area regional models [e.g., the Weather Research
and Forecasting (WRF) Model; Skamarock et al. 2008]
has employed more realistic and explicit wind farm parameterizations and has generally found more modest
impacts on the atmosphere (e.g., Cervarich et al. 2013;
Fitch et al. 2013, 2012; Pryor et al. 2018a,c; Vautard et al.
2014; Wang et al. 2019; Xia et al. 2017) except when
unrealistically high WT densities over very large areas
are postulated to examine theoretical limits on kinetic
energy extraction (Miller et al. 2015). The most commonly used explicit wind farm parameterization was
developed by A. Fitch (Fitch et al. 2012) (see detailed
description in section 2). Wind turbine wakes from this
parameterization have been shown to be sensitive to the
model configuration employed (especially the vertical
resolution) (Fitch et al. 2012; Lee and Lundquist 2017)
and to exhibit a positive bias in wake intensity (Lee
and Lundquist 2017). A previous analysis using this
wind farm parameterization found changes in nearsurface temperatures near WT arrays arose primarily
via changes in the sensible heat flux and that the addition of turbulent kinetic energy over the wind farm
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also contributed to near-surface warming, while the
momentum sink component led to cooling downstream (Xia et al. 2019).
Observational studies of far-field wind turbine wakes
have also been conducted using in situ and ground-based
remote sensing measurement techniques (e.g., Baidya
Roy and Traiteur 2010; Rajewski et al. 2013; Smith et al.
2013) and data from satellite-based radiometers (e.g.,
Harris et al. 2014; Zhou et al. 2012). The latter studies
are constrained to include only cloud-free conditions
and have tended to show larger impacts on near-surface
temperatures close to wind turbine arrays.
Here, we extend the literature by conducting and
analyzing a high-resolution WRF simulation using two
different wind farm parameterizations: 1) the Fitch
parameterization (Fitch et al. 2012) that is included in
WRF releases and 2) the recently developed Explicit
Wake Parameterization (EWP) scheme (Volker et al.
2015). Our objective is to quantify differences in wind
farm wakes generated in the two schemes (Fig. 1) and
the implications for downstream climate impacts and
the systemwide efficiency of electrical power production. The model domain over which these WT parameterizations are applied is shown in Fig. 2 (note that there
are four domains in this simulation: domain 1 is the
parent nest and domain 2 contains no WT; domains 3 and
4 operate the Fitch and EWP schemes, respectively).

2. Materials and methods
a. Wind farm parameterization schemes
The wind farm parameterizations employed herein
were both developed for inclusion within the WRF
Model (Skamarock et al. 2008). This limited-area model
has been widely used and evaluated within both the
climate science (e.g., Gao et al. 2012; Mearns et al. 2012;
Sun et al. 2016; Wang and Kotamarthi 2014) and wind
energy communities (e.g., Draxl et al. 2014; Hahmann
et al. 2015; Pryor and Hahmann 2019; Pryor et al.
2018a,b). The wind farm parameterizations used in this
limited-area modeling context are not designed to represent the wakes from individual WT but rather to describe the cumulative drag imposed on the mean flow by
all WT within a model grid cell. In both wind farm
schemes presented herein (see schematic in Fig. 1), the
drag force imposed by the WT is determined from the
thrust coefficient, which is a function of WT type and
the wind speed. This force is only applied to model
levels containing the turbine blades (i.e., over the
rotor-swept area) and leads to a velocity deficit profile
and thus shear within the wind profile. A WT specific
power curve is applied to generate an estimate of gross
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FIG. 1. Simple schematic showing the key features and major differences of the Fitch and
EWP schemes.

electrical power production as a function of incident
wind speed (Fig. 3b).
The primary difference between EWP and Fitch
wind farm parameterizations is that while the Fitch
scheme applies additional turbulent kinetic energy
(TKE) to all model grid cells that intersect the turbine rotor, the EWP scheme parameterizes the unresolved wake expansion within the grid cell due
to enhanced turbulence. Additional TKE in both
schemes is introduced from the modified wind speed
profile due to the WT wake(s). These differences can
be further illustrated using the following simplified
budget for TKE:
›e
5 Ps 1 Pb 1 Pt 2 T 2  ,
›t

(1)

where ›e/›t is the rate of change of TKE in a given grid
cell, T is TKE transport (advection by the mean flow,
turbulent transport, and the divergence of the pressure
correlation), Ps is production from the vertical shear in
the horizontal velocity, Pb is production or destruction

related to buoyancy forces, Pt is TKE induced by the
turbine rotor, and  is the dissipation.
In the Fitch parameterization (Fitch et al. 2012; Fitch
2016), TKE induced by the turbine rotor is described as
the fraction of kinetic energy extracted by the WT that is
not converted into electrical power {shown as Eq. (2)
below, from Fitch et al. [2012, their Eq. (12)]}:
›TKEijk
›t

5

0:5Ntij CTKE (jVjijk )jVj3ijk Aijk
zk11 2 zk

,

(2)

where ›TKE/›t is the rate of change of TKE in a grid
cell i, j at a vertical level k resulting from the action of
WT, Nt is the number of wind turbines per square meter,
CTKE is the fraction of energy converted into TKE
(described by the difference in the wind turbine
thrust and power coefficients), zk is height at model
level k, V is the horizontal wind speed (from the
components u and y), and Aijk is the cross-sectional
rotor area [A 5 (p/4)D2, where D is the diameter of
the turbine blades].
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FIG. 2. Model domain configuration used for this simulation. The outer domain (domain 1; gray box) has a
resolution of 12 km, and the three identical inner-nest domains [i.e., domain 2 (contains no WT), domain 3 (operates the Fitch wind farm parameterization), and domain 4 (operates the EWP wind farm parameterization)],
defined by the elevation overlay, are 4 km. The 4-km grid cells in Iowa that contain one or more WT at the end of
2014 are shown in red. The wind farm cluster denoted by the green markers is the Pomeroy and Pocahontas Prairie
wind farms. The cyan marker is the grid cell from Missouri that is used to characterize the background flow climate.
The black markers are the 256 randomly selected background grid cells used in analyses of the regional climate impact.

In EWP (Volker et al. 2015), the WT are not treated as
an active source of TKE. Instead any added TKE resulting from the action of the WT derives solely from
shear production (i.e., is the result of the vertical shear).
The increase in gridcell average turbulence resulting
from WT is instead treated by inclusion in the scheme
of within gridcell expansion of the wake in the vertical
direction using a subgrid turbulence diffusion equation, which in turn determines a gridcell-averaged force
added back to the model flow equation. The turbulence
diffusion equation is represented as
u0

›
›2
›2
(u0 2 u^) 5 K 2 (u0 2 u^) 1 K 2 (u0 2 u^) ,
›x
›z
›y

(3)

where u0 2 u^ describes the expansion of the velocity
deficit behind the turbine, u0 5 ju(h, t)j is the advection
velocity at hub height, u^(x) is the unresolved velocity in

the streamwise direction x in the wake of the turbine,
and K is a turbulence diffusion coefficient. Crucial to the
effective thrust force is the definition of the effective
length scale s that determines the wake expansion
[Volker et al. 2015; their Eq. (7)]:
s2 5

2K
x 1 s20 .
u0

(4)

The initial length scale s0 is not known a priori but
scales with the wind turbine rotor length. Analyses of
varying the length scale over the range from s0 5 D/2
to s0 5 D led to a best fit to downstream wind speeds
for s0 5 0.85D based on a wind farm comprising Vestas
V80 2-MW WT in the North Sea (Horns Rev I; Volker
et al. 2015). We acknowledge the appropriate value
for s0 may differ from that of Volker et al. (2015) but
note that 1) relatively little sensitivity was observed for
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FIG. 3. (a) Monthly Weibull distribution fits to 10-min wind speeds for the third model layer
(;100 m AGL) from the inner-domain subregion over Iowa from d02 that is operated without
WT. The parameters of the Weibull distributions were derived from the 10-min output using
maximum likelihood methods (Pryor et al. 2004). (b) Power and thrust curve for a GE 1.5-MW
WT that dominates WT deployed in the Pomeroy wind farm cluster (see details in Table 1).

s0 5 0.75D–0.95D [i.e., the wind speed deficit relative
to the freestream varied by , 1% for downstream
distances of up to 5 km; see Fig. 4 of Volker et al.
(2015)] and that 2) in Iowa more than 50% of the
WT used in the present study have a hub height and
rotor diameter that is close to the Horns Rev I wind
turbines, which have a hub height of 70 m and rotor
diameter of 80 m.
A further key difference between the two parameterizations pertains to the way in which the drag is applied in the vertical coordinate. In the Fitch scheme the
application in the z coordinate means that the wake
center is ‘‘lofted’’ from the WT hub height (HH).
Another minor difference in the two schemes pertains to
the allocation of geolocated WT to individual WRF grid
cells. In work presented herein, the EWP scheme has
been modified to use the gridcell allocation as applied
in Fitch.
Our a priori expectation is that wind farm wakes will
exhibit different near-field intensity and downstream
propagation due to the fundamental differences in the
two schemes described above. We further hypothesize
that use of the Fitch scheme would induce stronger neararray effects than EWP because of the inclusion in EWP
of the within-gridcell wake expansion. Also, based on
prior numerical research (Pryor et al. 2018a), we anticipate

that wind farm wakes will be of greater magnitude and
have most significant impact on near-surface climate
during the summer season irrespective of the wind farm
parameterization used.

b. WRF Model simulation
WRF has been extensively used within the climate
community and wind energy industry. Version 3.8.1 is
used here for a domain centered on the U.S. midwestern
state of Iowa (Fig. 2). Iowa has the highest density of WT
installed capacity of any state in the United States, and
in 2014 had an installed capacity of over 5200 MW
and thus an average installed capacity density of over
36 kW km22. To directly compare the two WT parameterization schemes, three identical inner domains (resolved at 4 km) (no WT, WT Fitch, and WT EWP) are
within the same coarser domain (12 km) run with no WT
parameterization operating (Fig. 2). We apply the WT
parameterization schemes in a yearlong simulation
conducted for realistic WT densities that represent actual WT deployments. In an important advance over
our past research (Pryor et al. 2018c) all inner domains
that cover the same area and differ only in terms of
whether a/which wind farm parameterization is employed are computed simultaneously within the identical outer domain. This minimizes potential impacts from
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stochastic effects that may occur in independent simulations. The WT locations within Iowa as of the end of
2014 (Diffendorfer et al. 2015a,b; red symbols in Fig. 2)
and WT type are used herein. As in previous research
(Pryor et al. 2018a), the 20 most frequently used WT
types were parameterized explicitly using the manufacturers’ power and thrust curves while the remainder used
average power curves curve scaled to the rated capacity
for each WT. This gives a total of 3181 WT (98.9% of the
total WT in Iowa) in the model domain. The outer
model domain resolution of 12 km has 150 3 150 grid
cells. The nested 4-km domain comprises 246 3 204 grid
cells, and all three inner domains are operated without
use of a cumulus scheme. This nested domain resolution
captures atmospheric conditions over Iowa and surrounding midwestern states at high resolution and is also
at a scale appropriate for operation of the WT parameterizations. There are 41 vertical levels up to a model
top of 50 hPa; 18 of these levels are in the lowest 1 km of
the atmosphere to suitably capture the PBL and the
level of the atmosphere through which the WT rotor
sweeps. WRF employs a sigma-level coordinate system, and thus the levels are not equidistant from the
ground across the entire domain. However, as an example, in the wind farm cluster from which wake profiles are presented here, there are 10 levels in the
lowest 370 m of the atmosphere (see profiles presented
in section 3b).
The lateral boundary conditions are updated every 6 h
from the ERA-Interim reanalysis data (Dee et al. 2011).
Real-Time Global SST analyses (Reynolds and Chelton
2010) provide initial conditions for the Great Lakes and
are updated daily. The key physics settings include the
Eta Model microphysics scheme (Rogers et al. 2001),
the Rapid Radiative Transfer scheme for longwave radiation (Mlawer et al. 1997) and the Dudhia scheme for
shortwave radiation (Dudhia 1989), the revised Monin–
Obhukov similarity scheme for the surface layer physics
(Jiménez et al. 2012), the Noah land surface model
(Chen and Dudhia 2001; Ek et al. 2003), and the Mellor–
Yamada–Nakanishi–Niino PBL scheme (Nakanishi and
Niino 2006); the Kain–Fritsch cumulus parameterization is used in the outer domain (Kain and Fritsch 1993).
The simulation presented herein starts with a month
of spinup in November 2007, and output is presented
here for the period 1 December 2007–1 December
2008. The year 2008 was selected because it is representative of the contemporary climate of the eastern
United States. After a moderate La Niña in the first
half of the year, ENSO-neutral conditions developed by
July–August. In the continental United States, air temperature was only 0.18C above the twentieth-century
(1901–2000) mean (Pryor et al. 2018a).
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Dynamic variables such as wind speed, along with
generated power, are output and analyzed at 10 min
intervals. Thermodynamic variables such as nearsurface temperature, specific humidity, and sensible
and latent heat are output once per hour.

c. Analysis
A comparison of the performance of the two wind
farm parameterizations can be conducted for any arbitrary ‘‘wind climate’’ or near-surface conditions since it
is the relative behavior of the two schemes that is of
interest. Nevertheless, description of the specific atmospheric conditions provides context for the results presented herein, and an evaluation relative to the ERA5
reanalysis was undertaken (Copernicus Climate Change
Service 2017; Hersbach and Dee 2016; Hoffmann et al.
2019). This reanalysis product was selected because it is
unprecedented in terms of the data assimilated, represents the state of the art in terms of reanalysis model,
and has output available at high spatial resolution. Note
also that ERA5 is derived from the same ‘‘family’’ of
models that generates the ERA-Interim output used to
supply the lateral boundary conditions. Use of a reanalysis product for the simulation evaluation means
that all points in the simulation domain are given equal
weighting. For the near-surface atmospheric properties (air temperature and specific humidity at 2 m,
along with sensible and latent heat fluxes), the evaluation relative to ERA5 and the effects from wind
turbine operation focuses on the four climatological
seasons: winter (December–February: DJF), spring
(March–April: MAM), summer (June–August: JJA),
and autumn (fall) (September–November: SON).
Given the importance of the wind regime to wind
turbine wakes additional evaluation measures were
employed. The WRF simulation of the flow conditions
and electrical power production is evaluated using output from a high-resolution reanalysis product and in situ
electrical power production estimates from operating
wind farms. Evaluation of wind regimes from model
simulations is particularly challenging in the context of
wind energy relevant research due to the relative lack of
publicly available wind observations above 10 m above
ground level (AGL) and the high spatiotemporal variability of wind speeds (Pryor and Hahmann 2019).
Evaluation of wind speeds from the inner domain operated without a wind farm parameterization operating
is thus performed relative to output from the ERA5
dataset. The horizontal resolution of the ERA5 reanalysis is 30 km and key output variables include the
U and V components of the wind at 10 and 100 m AGL.
For the comparison with ERA5, the WRF Model output
from the inner (4 km) domain is coarsened in both the
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TABLE 1. Description of the wind farms in the Pomeroy study area (shown by the green dots in Fig. 2); RC 5 total wind farm rated
capacity, IC 5 installed WT capacity, HH 5 hub height, and D 5 rotor diameter.
Project name

No. WT

Total RC (MW)

IC of WT (MW)

WT model

WT HH (m)

WT D (m)

Year online

Pocahontas Prairie
Pomeroy (Expansion)
Pomeroy III
Pomeroy II
Pomeroy I

40
13
39
49
82

80
29.9
58.5
73.5
123

2
2.3
1.5
1.5
1.5

G90–2.0
SWT-2.3–101
GE1.5–77
GE1.5–77
GE1.5–77

100
80
80
80
80

90
101
77
77
77

2012
2011
2008
2007
2007

time and space domains to match the resolution of
ERA5. Thus, the 10-min output is first sampled once per
hour for comparison with wind speeds at 10 m and once
every 6 h for comparison at 100 m prior to averaging the
results to the seasonal level. For the spatial remapping,
the WRF output is averaged in each ERA5 grid cell. The
resulting mean seasonal flow fields and near-surface
climate variables from WRF (remapped to ERA5) and
ERA5 are compared using Taylor diagrams that describe the ratio of the spatial standard deviations, the
spatial correlation, and the root-mean-square deviation
(Taylor 2001).
A further evaluation of the WRF output is performed
by contextualizing gross capacity factors (CF) from the
two wind farm parameterizations within estimated net
CF for each calendar month in 2014–16 derived using
net generation data as supplied in Energy Information
Administration EIA-923 reports available from the
U.S. Department of Energy (U.S. Energy Information
Administration 2000) and total statewide installed capacity as reported in annual reports from the American
Wind Energy Association (AWEA 2014, 2015, 2016).
Note that net CF are computed only from wind farms
that reported data for each calendar month of the given
year to avoid biases due to commissioning of new wind
farm arrays during the calendar year under consideration. It is important to note that gross CF are not
equivalent to observed net CF for many reasons elaborated below. Comparison of the net and gross CF is used
here to evaluate the degree to which the gross CF are
plausible and whether they reflect the seasonal cycle of
power production and thus wind regimes. Gross CF
exceed observed net CF from operating wind farms
because they assume 100% WT availability (i.e., no
downtime for maintenance or curtailment of production) and neglect WT interactions within a grid cell (i.e.,
all WT in a WRF gridcell experience the same wind
speed profile). These sources are estimated to reduce
power production in the United States by ,4% (curtailment) (Pryor et al. 2018b), ,2% (operations and maintenance) (Carroll et al. 2017), and #5% (within wind
farm wakes) (Staid et al. 2018). Thus, the discrepancy
between net and gross CF varies in time and space, but

these factors are likely to be on the order of a few percent (i.e., in the absence of other errors, if estimated
gross CF is 40%, net CF are likely to be in the range of
30%–36%). Further, internal climate variability induces
considerable intra and interannual variability in wind
speeds and thus electrical power production (and CF).
A recent analysis of the variability in gross annual
energy production (AEP) across the eastern United
States indicated that over Iowa the 25th–75th-percentile
range of AEP estimated using modeled wind speeds
and an average WT power curve is approximately
3%–5% of the median value (Pryor et al. 2018b).
Thus, while some of the intra- and interannual variability in statewide net CF reported herein may reflect
errors/omissions in the EIA-923 reports, variability
of the wind climate provides an additional important
caveat to comparison of modeled gross CF for the
climate of 2008 and net CF for 2014–16 computed as
described above.
The effects of WT arrays on electrical power output
(expressed as CF) and atmospheric conditions at the
local to regional scale are quantified using pairwise
(in time and space) comparison of output from the domains in which the wind parameterizations are operational (d03 for Fitch and d04 for EWP) versus the
domain with no WT operating (d02). The characterization of the downstream recovery distances for wind farm
wakes is illustrated using examples drawn from a large
multiarray (i.e., multiple wind farm) area in Iowa. This
study area located in west-central Iowa (referred to
herein as the Pomeroy study area) actually comprises
five developments that are described in Table 1. To examine the degree to which wind farm effects on nearsurface climate properties are expressed at the local or
regional scale, the impact on grid cells containing WT
(shown in red in Fig. 2) is compared with mean pairwise
differences in an equal number of randomly selected
background grid cells located at least six grid cells from
the closest WT (shown in black in Fig. 2).
A two-sample t test is applied to test the statistical
significance of mean pairwise differences in each variable in each grid cell for each season and each of the two
wind farm parameterizations versus the no-WT output.
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This statistical test is applied to test the hypothesis that
samples of hourly near-surface air temperature, specific
humidity, and sensible and latent heat fluxes or 10-min
wind speeds from the Fitch or EWP domains and those
from the no-WT domain derive from Gaussian distributions with equal means and equal (but unknown)
variances. A significance level a of 0.01 is employed to
detect statistical significance. For each field (season,
variable, and wind farm parameterization) the statistical
test is applied 246 3 204 (i.e., 50 184) times. This leads
to substantial familywise error rates (or alternatively
stated a high probability of false discovery) (Wilks
2011). Hence, the results are corrected for multiplicity
by ranking the p values from each of the grid cell (where
j 5 1 is allocated to the smallest p value and k is the total
number of grid cells) and then selecting as statistically
significant only those for which the following condition
is realized (Wilks 2011):
j
pj # a.
k

(5)

Empirical quantile–quantile plots are used to examine
the probability distributions of near-surface climate
variables from d02 versus d03 and d04 in grid cells with
WT and those from the background grid cells.

3. Results
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TABLE 2. Gross capacity factors (CF) as computed from the
domains employing the Fitch and EWP wind farm parameterizations by month and season for all WT in Iowa. Also shown are
the net CF derived for each calendar month in 2014–16 derived
using net generation data as supplied in EIA-923 reports available from the U.S. Department of Energy Energy Information
Administration (U.S. Energy Information Administration 2000)
and total statewide installed capacity from American Wind
Energy Association annual reports (AWEA 2014, 2015, 2016).

Calendar month
Dec (2007)
Jan (2008)
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Season
DJF
MAM
JJA
SON

Gross CF from
simulation

Net CF from observed
electrical power
generation and installed
capacity

Fitch

EWP

2014

2015

2016

41.8
53.9
40.9
43.8
55.5
50.6
39.6
31.5
38.0
41.8
50.8
54.1

44.9
57.1
43.6
46.1
56.3
52.2
41.5
33.8
41.1
44.3
52.8
56.6

34.1
48.1
38.0
45.0
47.3
32.8
27.6
23.8
13.9
25.6
37.0
50.8

38.7
42.9
41.4
39.0
39.2
38.0
22.1
18.3
23.0
31.1
37.4
45.8

47.8
37.6
45.4
42
52.4
28.9
29.3
21.3
17.1
34.4
37.3
42.8

42.1
48.7
36.7
50.5

44.9
50.3
39.6
52.9

a. 2008 conditions as simulated by WRF
Consistent with the observed seasonality of estimated
net CF shown in Table 2, there are marked intra-annual
(seasonal) simulated wind speeds over the inner domain (d02) operated without the effects of WT (Figs. 3a
and 4). The seasonal cycle is characterized by stronger
wind speeds in spring/fall, with more moderate speeds in
winter months, and calmer summer months. The mean
wind speed (Fig. 4) also illustrates that even for a relatively flat state such as Iowa (see Fig. 2 for elevation), the
effects of topography are still present. Such effects are
evident when comparing the elevation in Fig. 2 with the
seasonal wind speed in Fig. 4, which shows areas of wind
speed variability associated with up/downslope winds
across terrain and/or valleys. This adds to the complexity
in diagnosing and characterizing wind farm wakes. Thus,
herein wind farm wakes are characterized using a velocity deficit computed pairwise in time and space between output from domain 2 (the no-WT domain, d02)
and output from the domains in which Fitch and EWP
wind farm parameterizations are operating (d03 and
d04, respectively).
The wind regimes during 2008 from WRF over the
inner domain (d02) is positively biased relative to ERA5.

The seasonal mean wind speeds from WRF at nominal
heights of 100 and 10 m AGL are positively biased for all
seasons, irrespective of whether the WRF output is remapped to the ERA5 grid (Fig. 4a). The Taylor diagram
indicates that mean spatial fields of wind speeds from
ERA5 and WRF exhibit positive spatial correlations in
all seasons and similar ratio of spatial standard deviations (Fig. 4b), although when WRF is remapped
to the resolution of ERA5, the spatial variability
appears to be underestimated in output at both 10
and 100 m. The discrepancies between the ERA5 reanalysis output and WRF also vary seasonally. The
bias in the mean wind speed is larger in summer
(Fig. 4), consistent with the greatest discrepancy between gross CF and net estimated observed CF during
this season (Table 2). This seasonality in differences
between WRF and ERA5 output may reflect differences in the stability climate, given that the lateral
boundary conditions are supplied from a reanalysis
dataset and thus should represent the synoptic scale
with substantial fidelity.
An important caveat to the apparent overestimation
of 100 m AGL wind speeds in the WRF simulations
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presented here is that if the mean wind speed from WRF
output over Iowa at 100 m AGL is extrapolated to 80 m
using the logarithmic wind profile and a surface roughness length of 0.1 m, the estimate of 7.9 m s21 exhibits relatively good agreement with estimates of the
annual mean wind speed at 80 m over Iowa [data produced
by AWS Truepower LLC (2010) for U.S. Department of
Energy] of approximately 7.5 m s21, whereas the domainaveraged mean wind speed at 80 m AGL derived in the
same way from ERA5 is 5.9 m s21. Thus, some fraction
of the discrepancy evident in Fig. 4a may also be attributable to negative bias in ERA5. Negative bias in
ERA5 wind speeds close to 100 m AGL has also been
reported in previous research comparisons relative
to WRF (Pryor et al. 2020) and in situ observations
(A. Hahmann, Technical University of Denmark, 2019,
personal communication). ERA5 wind speeds are less
negatively biased than MERRA-2 over Sweden but are
still negatively biased relative to wind speed estimates
derived from wind turbine power production data
(Olauson 2018). Over the North Sea, ERA5 wind speeds
also exhibit a negative bias in the mean relative to observations (Kalverla et al. 2019). However, it is also
possible that the difference in wind regimes is a function
of positive bias in the WRF simulations. Evidence of
positive bias in wind speeds in high-resolution simulations with WRF have also been reported at locations
over northern Europe (even offshore) and have been
shown to vary with the PBL scheme applied in the
model (Draxl et al. 2014; Hahmann et al. 2015; Pryor
and Hahmann 2019). These biases are of great importance to estimation of wind resources and provide an
important context for the wake behaviors described
here. However, the differences between wind farm
wakes as represented in simulations with EWP and Fitch
should be relatively insensitive to biases in the inflow wind
speed from WRF.
For the other simulated atmospheric variables analyzed herein, as shown in Fig. 4c, the spatial patterns
of near-surface air temperature and specific humidity
(derived for ERA5 from the 2-m dewpoint temperature and surface pressure) are generally in good agreement in all seasons [spatial correlations of . 0.8 except
for specific humidity in summer (0.58)]. In general, the
output from WRF exhibits higher spatial variability
(sWRF/sERA . 1). There is considerably less good
agreement for the two surface energy fluxes, particularly
during summer. ERA5 exhibits much higher summertime sensible heat fluxes than latent heat fluxes over the
entire WRF inner domain, while the converse is true of
WRF. This may be partly attributable to a reported
positive bias in ERA5 soil moisture relative to satellite
observations (by a factor of .2) that has recently been

reported for the upper central plains of North America
and locations in Europe (Piles et al. 2019).
Wind roses for a representative grid cell located in
Missouri (see cyan marker in Fig. 2 for location), indicate important seasonality in prevailing wind direction
(Fig. 5). Given the locations of major WT arrays in Iowa
is highly irregular, there is marked seasonality in the
potential for array–array interactions. While flow is
generally oriented along an east–west axis in winter, the
wind rose is illustrative of predominantly southwest flow
in summer (Fig. 5). In the fall, flow is predominantly
from the west, and greater variability prevails in spring
months. The wind roses indicate that distant from WT
arrays the impact from even the dense WT deployments
in Iowa is very modest. In winter months, there is negligible difference between no WT and either Fitch or
EWP (Figs. 5a,b). The fraction of winds from an easterly
direction is roughly 0.5%–1% greater in EWP than in
Fitch; otherwise the wind regime is identical. During
summer months, however, there is a difference in the
frequency of winds from the prevailing southwesterly
direction between the two cases. EWP shows a 0.5%
increase in frequency of southwest winds relative to
Fitch (Figs. 5h,i).

b. Wind farm wakes as simulated using EWP
and Fitch
Figure 6 shows the seasonal mean wind speed difference (at approximately 100 m AGL) computed from
gridcell-specific pairwise differences in wind speeds
from d03 and d04 versus the domain in which no wind
farm parameterization is included (d02). As shown,
while the average impact on wind speed has a maximum
value in any individual grid cell of 20.7 m s21, the largest
impacts on wind speed are observed in the summer
months. Further, there is a systematic bias of more intense near-field wind farm wakes from the Fitch parameterization (Fig. 6). The seasonality in the wake
intensity and downstream propagation is a complex
function of 1) seasonality in wind speeds and thus the
thrust coefficient (Fig. 3b) that dictate the initial wake
generation, and 2) seasonality in wind directions that
dictate the potential for wakes to propagate over nearby
WT arrays (Fig. 5). It is further dictated by wake recovery rates that are determined by the stability conditions and ambient turbulence intensity that control the
rate at which momentum can be transferred into the
wake to reduce the velocity deficit. The more intense
wakes during summer are likely dominated by the former effect—that a greater frequency of lower wind
speeds (Fig. 3a) means the WT are generally operating
with higher thrust coefficients (Fig. 3b) that generate
more intense wakes. During winter the probability
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FIG. 4. (a) WRF wind speed evaluated against ERA5 reanalyses for each season as labeled to the upper left of the groups of four plots.
The top two plots of a group show the seasonal mean wind speed at 100 m, and the bottom two plots show 10-m wind speed for WRF at the
original resolution (left two plots) and remapped to the ERA5 resolution (right two plots), with ERA5 wind speed contoured. Above each
plot is a single value indicating the spatially averaged mean wind speed for the entire domain (the slash in the right-hand plots separates
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distribution of wind speeds is shifted right indicating
generally lower thrust coefficients (Fig. 3). This effect is
partially offset by the fact that stable conditions and low
turbulence intensity, which retard vertical momentum
transport, are more common in winter. In spring and
fall, when the wind speeds are higher (Fig. 3a), the WT
operate more efficiently (thrust coefficient is lower
Fig. 3b), and thus weaker wakes are generated and
propagated downstream. In summer there is some evidence of statistically significant perturbations to the flow
climate distant from wind farms with patches of increased and decreased wind speed throughout in the
inner domain (Fig. 6). These are not evident in other
seasons. This effect may potentially be the result of
enhanced vertical coupling and momentum transfer,
due in part to the change in sensible heat and TKE
introduced by the WT parameterization and mixed
away downstream by the PBL scheme. This, however,
requires further quantification over longer time scales,
because if such an effect were operating, we would
expect to see domainwide feedback during winter
months, when wind farm wakes are similar to those
manifest in summer.
To further illustrate the differences in near-array
wake characteristics and the downstream propagation
and recovery we present composite vertical profiles
from the Pomeroy cluster of wind farm arrays (shown by
green symbols in Fig. 2). Most previous analyses that
have presented downstream profiles of velocity deficit
downstream of WT arrays have focused on idealized
cases (Miller et al. 2015) or wind farms with a single WT
height deployed in a regular array (Volker et al. 2015).
The Pomeroy area of Iowa comprises five different
projects (Table 1) and thus reflects a more typical situation where multiple arrays are developed within relatively close proximity. In this analysis pairwise profiles of
wind speeds from d02 and d03 or d04 are used to compute
velocity deficits [i.e., y d(x, y, z, t) 5 WS(x, y, z, t)d03 minus
WS(x, y, z, t)d02, where x and y are the gridcell locations,
z is the vertical level, and t is the time stamp of that
10-min period]. The resulting data sample is used to
compute the median and interquartile range of those
individual velocity deficit values at each x, y, z position.
This analysis is presented for two transects, one crossing
the western side of the wind farm cluster and thus
traversing the densest part of the array, and the other
over the eastern portion of the wind farm cluster
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(Figs. 7 and 8). Along the western transect the density
of installed capacity is ;4 MW km22 (275 MW is deployed in arrays that cover a total area of 66.5 km2). The
eastern portion of the development (Pocahontas Prairie
Project) is sparser and more irregular. The total installed
capacity is 80 MW over a highly irregular polygon with
an approximate area of .30 km2. The density of installed capacity along the eastern transect is less than
one-half that on the western transect. As indicated by
Fig. 2 and shown in Fig. 9, there are major WT arrays
located to the south and west of the Pomeroy cluster;
therefore, the northerly sector was selected for these
illustrative case studies to reduce disruptions on the inflow wind profile from other upstream arrays.
Illustrative composite profiles showing the median
and interquartile range of all 169 cases of northerly
airflow (i.e., wind direction of 3558–58) during which the
total power produced by this cluster was 50%–75% of
the total rated capacity according to both EWP and
Fitch are given in Figs. 7 and 8. On both transects the
freestream flow in one grid cell upwind (i.e., 4 km) of the
wind farm location (first profile in Figs. 7a and 8a) is
virtually identical in d02 (no WT), d03 (Fitch), and d04
(EWP). For the transect through the higher installed
capacity (the western transect) across the rotor plane
(approximately 41.5–118.5 m AGL) the median absolute velocity deficit in the WT grid cells operating the
Fitch scheme exhibit values of up to 3.5 m s21, whereas
those from EWP are , 2.5 m s21. The velocity deficit for
the upper 25% of these wake cases exceeds 6 m s21 in
simulations with Fitch but is below 4 m s21 in EWP
(Figs. 7a,b). On the eastern transect the velocity deficits
are much lower (Fig. 8) and the median absolute velocity
deficits within the wind farm are less than 2.5 m s21 in
Fitch and less than 1.5 m s21 for EWP. These differences
within the grid cells that cover the wind farms is a direct
result of the different physical formulations of wind farm
parameterizations and specifically the within-gridcell
treatment of wake expansion in EWP. This effect is
less pronounced in the downstream grid cells, where the
addition of TKE in the Fitch scheme enhances the wake
expansion and recovery. The downstream distance at
which the wake is no longer discernible is defined as the
distance at which the median velocity deficit at every
point in the profile is , 0.2 m s21. This is approximately
seven downstream grid cells (24–28 km from the edge of
the array) for the western transect and 6 (20–24 km) for

the spatially averaged mean wind speed for the original resolution and for the remapped resolution). (b) Taylor diagram of seasonal mean
wind speed at 100 (solid circles) and 10 (open circles) m. (c) Taylor diagram of seasonal mean air temperature at 2 m (squares), latent heat
(diamonds), sensible heat (stars), and specific humidity at 2 m (circles) from WRF and ERA5.
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FIG. 5. Seasonal wind roses of all 10-min wind speed and direction for a grid cell located in Missouri (see cyan marker in Fig. 2 for
location) for ;100 m AGL (i.e., close to typical WT HH). The roses are grouped by season [(a)–(c) December 2007–February 2008, etc.]
and show the wind regime from the (left) no-WT, (center) Fitch, and (right) EWP domains.
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FIG. 6. Seasonal (by row) mean pairwise difference in wind speed at ;100 m AGL (third model layer, close
to the mean WT HH) for all grid cells in the inner nest (4 km) in simulations using (a),(c),(e),(g) Fitch and
(b),(d),(f),(h) EWP vs d02 (no WT). The magenta dots represent grid cells in Iowa that contain WT.
Differences are only shown for grid cells for which a two-sample t test indicated that the mean values derived
from samples from the wind parameterization domain and the no-WT domain were significantly different.
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FIG. 7. Vertical profiles of the median and interquartile range of velocity
deficit [D-WS, where the pairwise values are computed as WS(x, y, z) from
d03 or d04 minus WS(x, y, z) from d02] for a western transect over the
Pomeroy wind farm site (Table 1). The horizontal dotted line represents
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the eastern transect in simulations with both EWP and
Fitch (Figs. 7 and 8). At every intervening downstream
distance, however, the wake velocity deficit is smaller in
the simulations with EWP. The third feature that is evident from these profiles is the lofting of the wake center
from the WT HH due to the vertical allocation of the
drag within the Fitch scheme. This effect is even more
pronounced in the downstream grid cells. A final difference between the two schemes is that there is an increase in wind speed at the lowest model level in the
domain with Fitch relative to the no-WT domain. As
shown below, this acceleration of flow in the lowest
model layers in Fitch relative to EWP has implications
for the near-surface climate impacts.
As further illustration of the difference in wake
characteristics and downstream propagation in simulations with Fitch and EWP, Fig. 9 shows horizontal planes
of velocity deficit from the third model layer (;100 m
AGL) in the vicinity of the Pomeroy WT clusters. The
velocity deficits for each of the 169 northerly cases are
normalized to the wind speeds in each grid cell from the
no-WT domain (d02) for the same time stamp and grid
location. Thus, the velocity deficit is normalized, where a
value of 20.05 indicates the wind speed is an average of
5% lower in the d03 or d04 output than in the output
from d02. On the western transect in the southernmost
grid cell located within the WT array the mean normalized velocity deficit is 20%, while in EWP it is 13.6%.
Consistent with depictions in Figs. 7 and 8, this analysis
shows the higher intensity of the wakes from simulations
with Fitch and indeed suggests that if a deficit magnitude
of 5% is used to indicate the edge of the wake or the
separation of wind arrays necessary to have ‘‘minimal’’
wind theft, this separation distance is shorter in the domain with EWP. For this case study it is achieved after
two grid cells downstream from the edge of WT array
in the western transect in EWP and three in Fitch.
However, if a different criterion is used, for example, a
recovery of the wakes such that the mean velocity deficit
is ,2%, both schemes indicate the recovery is at five
downstream grid cells. Thus, the downstream recovery
distance and the implications for optimal locations of
new deployments in the shadow of existing development
is highly dependent on the acceptable level of wind theft

and the prevailing wind climate (frequency of power
producing wind speeds from a specific wind direction).
Differences in TKE from the two wind farm parameterizations for the transect over western Pomeroy
(Fig. 10) indicate the following: 1) TKE is greatly enhanced over the wind farm in all model levels shown in
simulations with Fitch because of the production of
TKE from the action of WTs (consistent with the discussion in section 2). 2) In grid cells containing WTs,
TKE is reduced in the lower model layers in the EWP
scheme as a result of the extraction of kinetic energy but
is slightly enhanced above the WT rotor plane because
of the increase in shear. 3) With increasing downstream
distance, the TKE profiles from the two schemes become increasingly similar. Both show a weak region of
enhanced TKE elevated from the wind turbine upper
rotor tip and decreased TKE closer to the surface.

c. Systemwide efficiency
The differences in wake effects illustrated in section 3b
have implications for array–array interactions and thus
power generation across individual wind farm clusters
and indeed the entire system of WT in Iowa. The accumulated annual power production over all WT in Iowa is
over 1 TWh higher in the domain with EWP than from
the domain in which Fitch was operating (Fig. 11). Thus,
the EWP scheme implies lower array–array interactions
that result in a systemwide increase in total annual
power production of 5%. The impact on the systemwide efficiency of electrical power generation, as expressed using monthly and seasonal gross CF, indicates
higher values in all calendar months and all seasons
in the domain with EWP operating (Table 2). During
summer months, when the mean wind speed (WS)
differences (Fig. 6) are largest, the enhancement of
systemwide efficiency in EWP relative to Fitch results
in CFs that are consistently 2%–3% higher than those
from Fitch.
The actual cumulative total number of TW h of electricity generation from WT in Iowa during 2014 as reported by the U.S. Energy Information Administration
(2015) was approximately 16.3 TW h. Simulated gross
total number of TW h of electricity generation from the
WT in Iowa deployed during 2014 but for the wind

the WT hub height, and the horizontal lines above and below it indicate the
rotor-swept area. The vertical coordinate used to display the profiles of
velocity deficit from EWP and Fitch has been slightly offset (by 62 m) from
the actual gridcell level to aid legibility. The values above each plot show
the centroid of the grid cell (latitude/longitude) and the distance upstream
or downstream of the wind farm.
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FIG. 8. As in Fig. 7, but for the Pocahontas Prairie wind farm transect.
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FIG. 9. Mean normalized (fractional) velocity deficit {i.e., [WS(x, y, 3)d03 2 WS(x, y, 3)d02]/WS(x, y, 3)d02} at the
wind farm cluster for (a) Fitch and (b) EWP from the third model layer (;100 m AGL). The mean is derived from
fractional velocity deficits in 169 northerly wind cases used for the vertical profiles in Figs. 7 and 8. The installed
capacity (IC) in each 4-km grid cell is shown by the magenta circles that scale in diameter with increasing IC.

climate of 2008 as derived from simulations with Fitch
and EWP are 20.1 and 21.1 TW h, respectively (Fig. 11).
This difference is due to interannual variability in the
wind climate and also exclusion of power losses due to
factors such as electrical losses, operations and maintenance, and near-wake effects, and to the biases in wind
speeds described in section 3a. Although all calendar
months exhibit higher simulated gross power production
from EWP than Fitch, the discrepancies are unevenly
distributed across the simulation period. This is illustrated in Fig. 11, which shows the accumulated gross
electrical power production, accumulated power difference and accumulated difference rate from Fitch
and EWP as a function of day of the simulation. The
largest differences in gross daily power production
from WT in Iowa is observed in December 2007 and
January 2008, and it is minimized in April 2008. This is
consistent with the operation of WT [i.e., highest
mean wind speeds (Fig. 3a) mean the WT are operating most efficiently], and thus the thrust coefficients
are lower and the wake effects from both parameterizations are smaller.

d. Impacts from WT array on near-surface climate
variables
Consistent with previous research using the Fitch
wind farm parameterization over the Midwest (Pryor
et al. 2018a), the impact from WT on local and regional
temperature at 2 m AGL from both wind farm schemes

is modest. Close to WT arrays, 2 m AGL temperature is
generally enhanced in winter and fall in output from the
Fitch wind farm parameterization (Fig. 12). There are
also some remote effects during summer. Impacts on
near-surface temperatures are much more modest in
simulations with EWP. The effects are not completely
symmetric about zero and generally are of largest
magnitude close to WT arrays. Areas with nonzero differences are widely spatially distributed across the domain in summer, which may indicate the presence of
stochastic effects arising from numerical uncertainty.
These areas may also represent compensating effects
throughout the model domain caused by changes in
turbulence levels and PBL dynamics. Alternative explanations invoking chaos seeding (Hacker et al.
2017) can likely be discounted since such perturbations would begin at t 5 0 and grow throughout the
simulation time period. If such random perturbation
from noise were to have occurred, the result for spring
months (Figs. 12g,h) would show large model noise,
but here we find no such effect. Indeed, the climate
impact for spring months is generally less than 0.05 K
in both EWP and Fitch.
The maximum mean temperature differences (d03 or
d04 minus d02) in any grid cell from both the Fitch
and EWP schemes range between 20.68 and 10.57 K
(Fitch) and 20.53 and 10.65 K (EWP) and occurs in
June–August. This temperature difference tends to
occur in the vicinity of larger WT arrays in Iowa, while

Unauthenticated | Downloaded 01/09/23 04:16 AM UTC

350

JOURNAL OF APPLIED METEOROLOGY AND CLIMATOLOGY

VOLUME 59

FIG. 10. As in Fig. 7, but for the difference in TKE in the two wind farm parameterizations relative to the
no-WT output [D-TKE, where the pairwise values are computed as TKE(x, y, z) from d03 or d04 minus
TKE(x, y, z) from d02].
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FIG. 11. Accumulated daily wind generation in TWh for Fitch
(blue) and EWP (red) over the simulation period derived using all
10-min power output for each scheme from the 4-km inner nest.
The accumulated difference in wind generated electricity is shown
in black. The difference in power accumulation rate (GW h day21)
for each month is shown along the top axis.

the smaller WT arrays show smaller climate impacts.
Pairwise comparison between the no-WT and Fitch
domains shows that the temperature in and near large
WT arrays tends on average to be warmer than in the
no-WT case, consistent with previous research (Xia
et al. 2019). This warming effect is of smaller magnitude and/or of opposite sign in the domain with EWP.
Temperature differences in the present study are similar to estimates derived from land surface temperature data derived from Moderate Resolution Imaging
Spectroradiometer (MODIS) on the Terra and Aqua
satellites (Harris et al. 2014), but they are of smaller
magnitude in part because MODIS data are confined
to cloud-free conditions.
Empirical quantile–quantile (EQQ) plots of 2 m
AGL temperature from Fitch and EWP versus no WT
indicate warming of the coldest hours in grid cells
containing WT particularly in winter and summer
when either wind farm parameterization is employed
(Fig. 13). The magnitude of this effect is larger in Fitch
but consistent across both wind farm schemes in
winter likely from enhancement of mixing in the lower
atmosphere and entrainment of warmer air from aloft.
The amplification of near-surface warming in simulations with the Fitch scheme relative to EWP appears
to be that the stronger low-level shear in Fitch (see
Figs. 7 and 8) is associated with enhanced nocturnal
mixing and suppression of near-surface cooling. The
larger magnitude of this effect in Fitch during the
winter months (Fig. 13) and the greater spatial scale of
effects is consistent with the more intense wakes and
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acceleration of flow close the ground (Figs. 7 and 8). In
the background grid cells, the EQQ plots indicate
virtually no difference between the output from d03
and d04 and that from d02, indicating that the effects
from WT on near-surface air temperature is localized
to the grid cells that contain WT.
Similar spatial maps of the mean pairwise temperature perturbations from Fitch and EWP for other
near-surface climate properties—sensible heat (SH),
latent heat (LH), and specific humidity (Q)—are
given in Figs. 14–16. Cumulative density function
(CDF) plots of the mean pairwise differences (d03 or
d04 vs d02) for each grid cell are shown by season in
Fig. 17. The largest magnitude impact from WT arrays
on Q is observed for both wind farm parameterizations in the summer months. Consistent with stronger
near-surface warming in Fitch, grid cells with enhancement of Q exhibit slightly higher magnitudes
in simulations with Fitch. Accordingly, in summer
where air temperature at 2 m is warmer in Fitch, there
is generally a small increase in Q downstream of
WT (Fig. 16e). Spring is the season of maximum domainwide LH exchange (data from d02 without the
action of WT; see Fig. 17c), while the SH flux is
highest in summer (Fig. 17b). The perturbations in
both LH and SH due to WT arrays, however, are
of largest magnitude in summer for both schemes.
Again, the perturbations are of slightly smaller magnitude in simulations with EWP. The median and
mean perturbations from all grid cells in d03 and d04
for all seasons is , j0.01j W m22. The samples of
gridcell pairwise differences for all three parameters
exhibit values that are symmetric around zero and all
CDF curves cross zero at or very close to the 50th
percentile, thus for both schemes the aggregated impact of WT arrays in Iowa has very little impact on the
spatially averaged near-surface climate.
The mean gridcell differences between the domains
with the WT parameterizations and the no-WT domain all indicate the effects on these thermodynamic
variables are most pronounced during summer, with
the spring months also showing some moderate impact. The latter is likely the result of feedback from the
domainwide difference in 2-m temperature observed
during those months. Even during summer, WT impact on SH and LH tends to be fairly modest compared
to the domainwide mean energy fluxes (Fig. 17), although the upper and lowest one percent of grid
cells exhibit perturbations in excess of 27 W m22.
Figures 14e,f and 15e,f indicate that the differences are
not localized to grid cells containing WT, or those
adjacent cells, but are domainwide, and are not spatially coherent. For specific humidity (Fig. 16), the
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FIG. 12. Similar to Fig. 6, but for difference in air temperature at 2 m AGL for each grid cell within the inner
domain (4 km). The difference is calculated for all simulated hourly values of air temperature over each
season. The black dots represent grid cells that contain WT in Iowa.

Unauthenticated | Downloaded 01/09/23 04:16 AM UTC

MARCH 2020

353

SHEPHERD ET AL.

FIG. 13. Empirical quantile–quantile plots of the seasonal difference [(a) DJF, (b) MAM, (c) JJA, and (d) SON] in air temperature at
2 m AGL. For each four-plot group, the top two plots are for grid cells with WT and the bottom two plots for grid cells containing no WT,
for Fitch (left two plots) and EWP (right two plots). Refer to Fig. 2 for the location of WT grid cells and the locations of the randomly
selected background (no WT) grid cells.

differences between the two WT parameterizations
are of largest magnitude in summer months (Fig. 17)
with larger magnitude impacts (of up to 0.55 g kg21)
from the Fitch wind farm parameterization. This maximum gridcell mean perturbation of Q represents a 5%
difference on the domainwide average specific humidity
at 2 m AGL.
The differences in near-surface climate impacts from
WT arrays from the Fitch and EWP schemes are consistent with, and are the result of, three key differences
in these wind farm parameterizations: 1) the relative
speed-up in near-surface winds as simulated by Fitch,
2) differences in the mechanisms by which low-level
TKE is modified and thus the feedback to PBL dynamics, and 3) the intensity of the vertical wind shear
downstream of WT arrays.

4. Discussion and conclusions
The objective of this study was to provide a first assessment of the impacts of the two different wind farm
parameterization schemes available for use with WRF
in terms of the implications for 1) the magnitude, intensity, and downstream manifestations of wind farm
wakes; 2) systemwide efficiency of power production
from dense but irregularly spaced actual wind farm
developments; and 3) local to regional climate effects
from WT arrays. There are four major findings of this
research:
1) Wind turbine array wakes are generally strongest in
summer months, but winter also shows the presence
of persistent velocity deficits downstream of major
wind farm arrays.
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FIG. 14. As in Fig. 12, but for differences in sensible heat flux (SH), computed as the output from d03 or d04
minus d02; thus, positive values indicate higher SH in the domains in which the wind farm parameterizations are
operating.

Unauthenticated | Downloaded 01/09/23 04:16 AM UTC

MARCH 2020

355

SHEPHERD ET AL.

FIG. 15. As in Fig. 14, but for differences in latent heat flux (LH).
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FIG. 16. As in Fig. 14, but for differences in specific humidity at 2 m. Positive values indicate higher near-surface
specific humidity in the domains in which the wind farm parameterizations are operating.
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FIG. 17. Cumulative density function (From first to 99th percentile) of mean pairwise differences [d02 vs d03
(Fitch) or d04 (EWP)] for each grid cell in the inner domain of (a) specific humidity Q at 2 m AGL, (b) SH, and
(c) LH in the inner domain (4 km). The labels at the topic of each frame show the domainwide seasonal mean value
for each variable in output from domain 2 (DJF/MAM/JJA/SON) where no WT were operating.

2) The velocity deficits within and downstream of WT
arrays are systematically of larger magnitude when
the Fitch wind farm parameterization is used.
Vertical and horizontal profiles of velocity deficits
from a major cluster of wind farms show larger
magnitude velocity deficits within the wind farms.
For the WT cluster examined herein there is evidence for a faster downstream wake recovery
to , 5% of the ‘‘freestream’’ wind speed when
the EWP wind farm parameterization is used than
when the Fitch scheme is applied.
3) The overall systemwide efficiency in terms of power
production is shown to be 2%–3% higher when the
EWP scheme is used. This is due to the smaller
magnitude velocity deficits within major wind farm
clusters and faster downstream wake recovery in
this scheme.
4) Both wind farm parameterization schemes show
climate impact from the operation of WT in Iowa,
but these are of modest magnitude and generally
confined to summer months. Consistent with the
weaker wakes from WT arrays, the downstream
effects on near-surface climate properties are also

more modest when the EWP scheme is used. Further,
consistent with previous research using only the Fitch
scheme (Pryor et al. 2018a), even for the relatively
high WT installed capacity densities in Iowa, have
little impact beyond the grid cells in which WT are
deployed and the lack spatial coherence that would
imply substantial impact on regional climate.
This study thus illustrates the sensitivity arising from
the choice of wind farm parameterization used. It is
thus a contribution to a topic that has not been explored
to any great detail in the literature and is an extension of
work presented in Fitch et al. (2013) that compared use
of an explicit wind farm parameterization with use of
enhanced roughness blocks. The key sensitivities arising
from the operation of each wind farm parameterization are compared and summarized in a flow diagram
(Fig. 18). In the absence of field validation experiments,
it is not possible to assert which wind farm parameterization is optimal for use on land or what length scale
should be applied in the EWP scheme for a specific
modeling context. It is worthy of note that the differences in the wind farm parameterizations in terms of
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FIG. 18. Flow diagram summarizing the key simulation differences arising from the operation of the Fitch (blue) and EWP
(red) WT parameterization schemes.

wake intensity are most marked within and near to WT
arrays and that at greater downstream distances the
schemes produce relatively similar results in terms of the
vertical profiles and magnitudes of the velocity deficits.
There are a number of reasons why this is the case,
the within-gridcell diffusion of the wakes in the EWP
scheme plays a major role in dictating the initial magnitude of the velocity deficits, while the addition of TKE
in the Fitch scheme has a more profound impact on the
downstream recovery.
It is important to reiterate that it is not currently
possible to differentiate the relative skill (or fidelity) of
the two wind farm parameterizations. Thus, no recommendation can be made about when or where either
scheme is more appropriate. However, this work does
illustrate the need for large-scale field experiments to be
conducted in a range of climate/environmental settings
for a range of wind turbine deployment strategies. The
importance of differences in wake magnitudes from the
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two wind farm schemes can be demonstrated as follows:
Using a conservative estimate of price paid by MW h of
$25, if realized, an additional 1 TW h of annual electricity production from WT in Iowa would equate to
an annual revenue of $25 million. Further, the short
downwind distances for wake recovery to 5% of the
freestream indicated by use of the EWP scheme might
make some sites in the shadow of existing wind farm
arrays viable for development.
There are some important caveats to our findings. We
selected to run the simulation as a continuous integration (as is commonly done within the atmospheric science community) without reinitialization every few days
(as proposed by Lo et al. 2008) to reduce model drift.
This may have negatively impacted the fidelity of the
simulations relative to reanalysis output but should have
minimal impact on the comparison of the two wind farm
parameterizations. Model evaluation against ERA5 reanalysis data indicates that wind speeds from WRF are
positively biased against this reanalysis product, but
exhibit similar spatial patterns, as expected a priori due
to the use of reanalysis lateral boundary conditions. The
positive bias in wind speeds within the WT rotor plane
leads to a positive bias in gross CF, particularly in the
summer months. It is important to recall that the wind
farm schemes applied herein are not designed to describe wakes from individual WT but rather the cumulative impact from multiple WT on the flow field. Use
of a 4-km grid resolution is intended to reduce the
number of WT in individual grid cells relative to most
previous research and thus reduce the error introduced
by assuming all WT within a specific grid cell experience
the same inflow wind profile. Nevertheless, the computational and storage demands for these high-resolution,
regional-scale simulations for a whole year are considerable and there may be limited benefits to finer horizontal and vertical resolution. The length scale used
within EWP requires tuning based on the particular WT
type. While a large majority of WT in Iowa have similar
characteristics to the WT used in Volker et al. (2015)
(including the Pomeroy WT used for wake analyses), it
is possible that some of the differences between the
Fitch and EWP schemes presented herein could be
reconciled by use of a different length scale. In the absence of wake data to quantify this length scale and the
actual observed wakes for Iowa WT, it would be premature to make recommendations with regard to which
wind farm parameterization exhibits superior fidelity.
Future research should focus on detailed analyses of
other areas with major wind farm developments in order
to evaluate the importance of regional climate to differences in the wind farm parameterizations, include analyses of the resolution dependence of the two schemes,
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and include longer duration simulations to examine the
degree to which our findings are robust to interannual
variability in wind climates (Pryor et al. 2018b).
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