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ABSTRACT

This study compares the predictability of surface wind components by linear statistical downscaling using
data from both observations and comprehensive models [regional climate models (RCM) and NCEP-2 re-
analysis] in three domains: North America (NAM), Europe-Mediterranean Basin (EMB), and East Asia
(EAS). A particular emphasis is placed on predictive anisotropy, a phenomenon referring to unequal pre-
dictability of surface wind components in different directions. Simulated predictability by comprehensive
models is generally close to that found in observations in flat regions of NAM and EMB, but it is over-
estimated relative to observations in mountainous terrain. Simulated predictability in EAS shows different
structures. In particular, there are regions in EAS where predictability simulated by RCMs is lower than that
in observations. Overestimation of predictability by comprehensive models tends to occur in regions of low
predictability in observations and can be attributed to small-scale physical processes not resolved by com-
prehensive models. An idealized mathematical model is used to characterize the predictability of wind
components. It is found that the signal strength along the direction of minimum predictability is the dominant
control on the strength of predictive anisotropy. The biases in the model representation of the statistical
relationship between free-tropospheric circulation and surface winds are interpreted in terms of inadequate
simulation of small-scale processes in regional and global models, and the primary cause of predictive an-
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isotropy is attributed to such small-scale processes.

1. Introduction

Surface winds are a climatic field of importance in
economic and societal sectors including air quality, ag-
riculture, and transport. Global climate models (GCMs)
can effectively model large-scale processes (e.g., from
synoptic to planetary scales). However, their coarse
resolution (typically on the order of 100km; Church
et al. 2013) limits their skill in modeling surface winds as
they do not resolve the smaller microscale to mesoscale
processes that also influence surface winds. One ap-
proach to predicting surface winds is through statistical
downscaling (SD) in which a transfer function (TF) is
built based on statistical relationships between station-
based surface data and large-scale climate fields in
the free troposphere. This study focuses on statistical
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downscaling of surface wind components because, be-
sides wind speed, the direction of wind is also important.
For example, studying the transport of airborne sub-
stances requires knowledge of the wind vector.

A few previous studies (van der Kamp et al. 2012;
Monahan 2012; Culver and Monahan 2013; Sun and
Monahan 2013) have shown that SD predictions of wind
components are generally better than those of wind
speed. These studies have also shown that the pre-
dictability of surface wind components by SD with linear
TFs is often characterized by predictive anisotropy (i.e.,
variation of predictability of surface wind components
with directions of projection). Salameh et al. (2009)
found that only one of the zonal # and meridional v wind
components at stations located in the valleys of French
Alps was predicted well using statistical prediction
with a generalized additive model as the transfer func-
tion. Other studies used linear SD to predict surface
wind components projected onto compass directions
from 0° to 360° at 10° intervals. For example, van der
Kamp et al. (2012) and Culver and Monahan (2013)
applied linear SD to predict surface wind components in
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western and central Canada; Monahan (2012) and Sun
and Monahan (2013) studied the prediction of sea sur-
face winds by linear SD. These studies found that the
predictability of surface wind components by linear SD
generally varies with directions of projection in the re-
gions they considered. Mao and Monahan (2017) further
investigated the predictability of surface wind components
by linear SD at a large number of land stations across the
globe and found that predictive anisotropy is a common
feature. Mao and Monahan (2018) showed that predictive
anisotropy is not an artifact of the use of a linear SD but is
also found using nonlinear regression models.

In general, previous studies have shown that the best or
worst predicted wind component is not always the con-
ventional zonal or meridional wind component, and
knowledge of the predictability of these two components
alone is not sufficient to assess the potential utility of
statistical downscaling at a station. It is necessary to know
the predictability of surface wind components projected
onto directions from 0° to 180° (as the projection along
0 is the negative of that along 180° + #). A question of
interest is what limits predictability by SD along certain
directions of projections. Salameh et al. (2009) attributed
the unequal predictability of zonal and meridional wind
components at the location they considered to the ori-
entation of the mountain valley, as the across-valley wind
component is characterized by local variability un-
explained by large-scale climate fields. Van der Kamp
et al. (2012) and Culver and Monahan (2013) found
similar topographically oriented predictive anisotropy in
the western cordillera of North America, and Mao and
Monahan (2017) showed that low predictability and
strong predictive anisotropy tend to be associated with
regions marked by surface heterogeneity, such as moun-
tainous and coastal regions. These previous studies sug-
gest that topography plays a role in limiting predictability
of surface wind components along certain directions.
However, topography does not seem to be the only factor
determining predictive anisotropy of surface wind com-
ponents, as some locations are found with maximum
predictability aligned across valley rather than along
valley (van der Kamp et al. 2012; Culver and Monahan
2013), and evident predictive anisotropy can also occur in
regions with relatively flat terrain, as shown in Mao and
Monahan (2017), and over the oceans (Monahan 2012;
Sun and Monahan 2013). Mao and Monahan (2017)
showed that the surface wind components of highest
predictability tend to be those of highest variability and
with distributions closest to Gaussian and that poor pre-
dictability is generally associated with wind components
characterized by relatively weak variability and non-
Gaussian distribution. It appears that no single factor
determines predictive anisotropy.
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The goal of this study is to further investigate factors
determining predictive anisotropy in order to further de-
velop insight regarding the relationship between large-
scale free-tropospheric flow and surface winds as a basis
for improving physically based prediction methods, such
as regional climate models (RCMs). To this end, we
compare how well the predictability of surface wind
components can be simulated by a range of different
physically based comprehensive models (i.e., different
regional climate models and a global reanalysis) in three
regions: North America (NAM), Europe-Mediterranean
Basin (EMB), and East Asia (EAS), with an emphasis on
predictive anisotropy. RCMs are a form of dynamical
downscaling in which physical processes are simulated at
finer scales than by GCMs. Dynamical downscaling is an
alternative to statistical downscaling, and one of the mo-
tivations of this study is to assess how well RCMs can
represent the observed characteristics of the relationship
between free-tropospheric flow and surface winds. In this
regard, the accuracy of simulated predictability metrics,
such as predictive anisotropy, can be used as an indication
of how well RCMs can model physical processes related to
the relationship between the large-scale free-tropospheric
flow and surface winds. In this way, simulations by RCMs
can be used to provide some understanding of the origin
of predictive anisotropy. Determining the circumstances
in which comprehensive models can or cannot reproduce
this statistical relationship provides further understanding
of its physical controls.

The simulation accuracy of an RCM depends on a
number of factors, including the accurate representation
of boundary conditions, the accuracy of driving data, the
size of the domain, and the proper parameterization of
physical processes (Rummukainen 2010). We only con-
sider simulations from RCMs driven by observationally
constrained reanalysis boundary conditions. Although
local-scale dynamics near the land surface generally
cannot be modeled with good skill by reanalysis (He et al.
2010), large-scale features in the free troposphere are
well represented by reanalysis products. Therefore, free-
tropospheric climate fields from reanalysis are generally
considered reliable boundary conditions (although they
do have limitations due to observational constraints and
the accuracy of the assimilation models; e.g., Parker
2016). By using reanalysis-driven RCMs, we can focus the
discussion of the simulation of predictive anisotropy on
physical processes described by regional models rather
than considering the potential systematic bias inherent in
the driving GCMs.

Neither RCMs nor reanalyses can be regarded as
perfect representations of point observations. The dif-
ference between point measurements (as in observa-
tions) and averages over the scale of a grid box (as
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FIG. 1. The locations of the 2109 land stations used for statistical prediction of surface winds. The domains of
NAM (557 stations), EMB (595 stations), and EAS (715 stations) are outlined. Stations in the three domains are
classified into four groups according to local topography and proximity to water.

in models) is another reason for differences between
simulated and observed statistical relationships between
free-tropospheric flow and surface winds. Our analysis
is not able to distinguish between model biases and
the difference between point and spatially averaged
quantities. Irrespective of the source of difference, this
characterization is useful from the perspective of de-
termining the utility of the RCMs as tools for dynamical
downscaling.

We also further elaborate a mathematical model of di-
rectional predictability introduced in Mao and Monahan
(2017) based on an idealized partitioning of surface wind
components into large-scale ‘‘signal” and small-scale
“noise.” The idealized model provides a conceptually
organizing perspective on the controls of the statistical
predictability of surface wind components. We only con-
sider linear statistical prediction in this study because the
results of Mao and Monahan (2018) show that the pre-
dictive skill resulting from nonlinear regression—based
TFs is not very different from linear TFs. Finally, while
Mao and Monahan (2018) considered statistical pre-
diction of both daily and monthly averaged surface winds,
we focus on daily averaged data quantities in this study, as
the time period of the RCM simulations considered in this
study may not be long enough to give robust results of
statistical prediction using monthly averaged data.

This paper is organized as follows: Section 2 presents
the data considered and methods used in the compari-
son of observed and modeled features of statistical

prediction. Section 3 introduces the idealized mathe-
matical model used as a conceptual framework for un-
derstanding controls on surface predictability. Section 4
compares the structures of statistical prediction in ob-
servations and comprehensive models. Inferences based
on this comparison are discussed in section 5, and con-
clusions are given in section 6.

2. Data and methods

Mao and Monahan (2017) studied the characteristics
of the linear predictability of surface wind components at
2109 land stations across the globe, most of which are
concentrated in the middle latitudes of the Northern
Hemisphere. In this study, we consider statistical pre-
dictions of surface wind components at a subset of these
stations consisting of 557 stations in NAM, 595 stations in
EMB, and 715 stations in EAS. These regions are chosen
based on the availability of RCM simulations, and be-
cause they have higher station densities than other areas
of the Northern Hemisphere (Fig. 1). To assess the con-
nection between surface heterogeneity and characteris-
tics of predictability of surface wind components, we
classify these stations according to two categories: 1)
whether the station is in a mountainous region or in flat
terrain (denoted “Mt” or ‘“‘plain’’) and 2) whether the
station is adjacent to water or inland (denoted coast and
land). These two categories result in the four groups of
stations illustrated in Fig. 1. The classification of station
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locations as mountain or plain is based on the maximum
elevation within 0.2° from the station location. If the
maximum elevation is larger than 1000 m, the station is
classified as a mountain station; otherwise, it is a plain
station. The radius of 0.2° is chosen to ensure that the
classification is based on local terrain. The elevation data
used for the classification are 1 arc-min global relief data
from the ETOPO1 Global Relief Model (Amante and
Eakins 2009; downloaded from https://www.ngdc.noaa.gov/
mgg/global/global.html). Coastal stations are classified using
the coastline data provided by the Mapping Toolbox of
MATLAB (MathWorks 2016). If the location of a sta-
tion is within the range of 30 km from the nearest coastal
boundary, the station is classified as coastal. In such lo-
cations, the surface winds are likely to be influenced by
the land-water contrast since sea breezes commonly
extend inland as far as 30 km (Oke 2002).

The RCM simulations in this study are chosen
according to available time coverage and resolution
from existing runs in the Coordinated Regional Climate
Downscaling Experiment (CORDEX) project as well as
the North American Regional Climate Change Assess-
ment Program (NARCCAP). One of the purposes of
the CORDEX project is to provide a quality-controlled
dataset of downscaled information as a model evalua-
tion framework (Giorgi et al. 2009). The NARCCAP
project is currently the most comprehensive regional
climate-modeling project for climate change impact studies
in North America (Mearns et al. 2009). Longer-duration
simulations can lead to more robust statistical results, and
higher resolution can potentially contribute to modeling the
local-scale physical processes with higher accuracy. All
RCM simulations used in this study are at least 19 years
long. The horizontal resolution of all RCMs in this study is
50km or finer. Table 1 summarizes the basic information for
all datasets used in this study. More detailed information
specific to the RCMs is shown in Table 2.

a. Predictands and predictors

The statistical predictands in this study are surface wind
components (from observations, a reanalysis product,
and RCM simulations) projected onto directions varying
from 0° to 360° at a 10° interval. The wind component
projected onto direction 6 is expressed as

U(6) = usin(0) +vcos(), 1)

where u and v are the zonal and meridional coordinates,
respectively, and 6 is measured clockwise from the
north. There are a total of 36 surface wind components
at each location of interest, but only 18 of these are
distinct because U(6) = —U(0 + 180°).
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For observation-based prediction analysis, zonal and
meridional wind components are derived from the
original hourly wind speed w and direction ¢ measured
hourly at 10 m above the ground during a 2-min period
ending at the beginning of the hour:

u=—wsin(¢) and 2)
v=—wcos(¢). 3)

Wind directions in Egs. (2) and (3) refer to where the
wind comes from, measured clockwise from north. Ob-
servational data of w and ¢ from global weather stations,
from 1 January 1980 to 31 December 2012, are obtained
using the WeatherData function of Mathematica 9.0
(Wolfram 2016). This dataset includes a wide range of
data sources. Chief among the data sources are the
National Weather Service of the National Oceanic and
Atmospheric Administration (NOAA), the U.S. Na-
tional Climatic Data Center (NCDC; now the National
Centers for Environmental Information (NCEI)], and
the Citizen Weather Observer program. All stations
used in this study have network membership in the
NCDC, and around 85% of all stations used in this study
also belong to the climate observation network of the
World Meteorological Organization. Only stations with
fewer than 10% missing data for the period under con-
sideration are considered. For prediction using output
from RCMs, u and v are the model output fields of
eastward near-surface wind and northward near-surface
wind, respectively. For prediction using reanalysis sur-
face winds, u and v are the eastward wind and northward
wind at 10 m from NCEP-2 reanalysis data (Kanamitsu
et al. 2002). A range of different reanalysis products
exist. We choose to analyze the somewhat older NCEP-
2 reanalysis rather than a more recent product because it
(or a comparable product) is used to drive the RCM
simulations being considered.

To compare prediction results between observations
and model products, we wish to obtain values of model
fields at locations nearest to the observational stations
considered in this study. Since the location of an obser-
vational station generally will not correspond exactly to a
point in RCM or reanalysis grids, we need to estimate
values of u and v at each station location from the model
output. Two methods to estimate u and v at station lo-
cations based on gridpoint values are considered. The first
one simply takes u and v at the grid point nearest to the
station. The second representation is based on inverse
distance weighting. Specifically, a group of neighboring
points surrounding a station are identified, and the rep-
resentation of u and v at the station is the weighted av-
erage of u and v at these grid points:


https://www.ngdc.noaa.gov/mgg/global/global.html
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TABLE 1. Summary information for each data type considered in this study.
Spatial Temporal
Data type Labels Source Region available resolution resolution Period

Observation OBS WeatherData function of Global land Hourly 1 Jan 1980-
Mathematica 9.0 31 Dec 2012

Reanalysis  NCEP-2 http://www.esrl.noaa.gov/psd/ Global region Surface: ~200km; Daily 1 Jan 1980-
500 hPa: 2.5° X 2.5° 31 Dec 2012

RCMs NAl http://climate-modelling.canada.ca/ North America 25km Daily 1 Jan 1989-
climatemodeldata/canrcm/CanRCM4/ 31 Dec 2009

NA2 http://www.narccap.ucar.edu North America 50km 3-hourly 1 Jan 1980-
31 Dec 2000

EUR1  http://cordex.org/data-access/esgf/ Europe 12.5km Daily 1 Jan 1980-
31 Dec 2010

EUR2  http://climate-modelling.canada.ca/ Europe 25km Daily 1 Jan 1989—
climatemodeldata/canrcm/CanRCM4/ 31 Dec 2009

EAS1 http://cordex-ea.climate.go.kr/cordex/ East Asia 50km Daily 1 Jan 1989-
download.do 31 Dec 2008

EAS2 http://cordex-ea.climate.go.kr/cordex/ East Asia 50 km Daily 1 Jan 1989—
download.do 31 Dec 2008
N the grid resolution, while station data are point measure-
z x,d; ments. In particular, the model fields will not include local

— 1 . .y . .

Xstation ) (4) variability on scales smaller than the grid resolution. Be-

where x stands for u or v, N is the number of neigh-
boring grid points, and d; is the inverse square of the
distance between each grid point and the station loca-
tion. In this study, we use weighted averages with N = 8.
The number of neighboring grid points N = 8 is chosen
based on empirical tests that show no evident difference
in values of u and v by Eq. (4) for N = 8. Moreover, the
difference in results between the first and second rep-
resentation is small and does not change the final results
(not shown). Note that both representations still po-
tentially suffer from biases resulting from the fact that
gridpoint values represent spatial averages on the order of

sides the problem of grid resolution, variability of surface
winds caused by change of local environment over time
(e.g., vegetation growth) is not accounted for by compre-
hensive models.

The predictors in the study consist of free-tropospheric
meteorological fields: temperature 7, geopotential height
Z, zonal wind U, and meridional wind V at 500 hPa. Fol-
lowing the approach used in Mao and Monahan (2017), the
four predictor fields are chosen from a domain of 40° X 40°
centered on each station. Previous studies (Monahan 2012;
Culver and Monahan 2013) have shown that the correla-
tion structures between surface wind vectors and large-
scale free-tropospheric climate variables are often spread
across a large area surrounding a station, such that the grid

TABLE 2. Details of RCMs considered in this study.

Driving

Labels reanalysis Regional models Modeling Group Project References

NAl ECMWF ERA- Canadian Regional Climate Canadian Centre for Climate CORDEX von Salzen et al. (2013)
Interim Model 4 (CanRCM4) Modelling and Analysis (CCCma)

NA2 NCEP-2 Weather Research and Pacific Northwest National NARCCAP Mearns et al. (2007;

Forecasting (WRF) Model Laboratory, United States updated 2014)

EUR1 ECMWF ERA- Rossby Center Regional Swedish Meteorological and CORDEX Strandberg et al. (2015)
Interim Atmospheric Model (RCA4)  Hydrological Institute (SMHI)

EUR2 ECMWF ERA- CanRCM4 CCCma CORDEX von Salzen et al. (2013)
Interim

EAS1 ECMWF ERA- HadGEM3-RA National Institute of Meteorological CORDEX Davies et al. (2005)
Interim Research (NIMR), South Korea

EAS2 NCEP-2 WRF Model Seoul National University CORDEX  Skamarock et al. (2005)

(SNU), South Korea
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points with high correlation aloft are often not directly
above the surface station.

For the prediction of observational data and reanalysis
surface fields, the four predictor fields are from the NCEP-2
reanalysis product. Previous studies have shown that
the difference among different reanalyses is generally
not substantial for the large-scale, free-tropospheric
flow (e.g., Culver and Monahan 2013). Since the reso-
lution at which tropospheric variables are available
from the NCEP-2 reanalysis is 2.5° X 2.5°, each predictor
domain contains 256 grid points. For prediction of
RCM surface fields, the four predictor fields are taken
from the output of the corresponding RCMs in a do-
main of 40° X 40° centered on the station. Since the
resolution of RCMs is generally much finer than that of
the NCEP-2 reanalysis, we subsample the RCM fields
to keep those points that are closest to each of the 256
grid points in the domain of the NCEP-2 reanalysis.

b. Prediction of surface wind components

The time period of the observations and the re-
analysis product is from 1 January 1980 to 31 De-
cember 2012. The available time period for RCMs
is generally shorter: approximately 20 years for
most of the RCMs used in this study (Table 1). We
divide data into seasons of June—August (JJA) and
December-February (DJF). The minimum sample
size for multiple linear regression based on a com-
prehensive study by Green (1991) is 50 + 8m (where
m is the number of predictors). Accordingly, we
should have at least Nyyypie = 82 data points for each
regression model as m =4 in this study. While the
data size of daily averaged RCM output for a given
season with 20 years of data is much larger than the
threshold of 82 data points [i.e., approximately
Naaity = 20yr X (3 X 30)daysyr '], the size is sub-
threshold for the monthly averaged RCM output
for a given season, Npontiy = 20yr X 3months yro L
As a robust statistical fit may not be achieved for
monthly data, we only consider daily averaged pre-
diction for the analysis in this study.

Statistical prediction presented in this study follows
the approach of Mao and Monahan (2017). There is no
prior way to determine the locations of grid points with
high correlation in the predictor domain; structures of
predictability vary from station to station. To determine
predictability in a straightforward way that can be gen-
eralized for all stations, we fit a regression model using
the four predictors (T}, Z;;, U, and Vj;) at each grid
point (i, ) in the domain and compute the average of the
top 2% of the squared correlation coefficient values.
Predictability obtained in this way decreases with a
larger number of chosen grid points, but empirical
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experiment shows that the results are not strongly sen-
sitive to including up to 5% of the grid points in the
average.

Before carrying out the regression fits, we remove the
individual seasonal cycles of the predictands U(#) and
predictors (T}, Z;;, U;, and V;) at each grid point (i, j) in
the domain of prediction using least squares to estimate
the coefficients B of the harmonic fit

Y (t) = B, + B, cos(wt) + B, sin(wt) + B, cos(2wt)

+ B, sin(2wt) + B, cos(3wt) + B sin(3wt),  (5)

where w =27/P with P =365 days for daily averaged
time series (after removing data of 29 February for
convenience), and Y,() is the estimated seasonal cycle
for the variable under consideration. The deseason-
alized time series of Tj;, Z;;, Uy;, and V;; are then scaled
by their individual standard deviations in order to
obtain standardized predictors. Including a larger
number of harmonics in the seasonal cycle has es-
sentially no effect on the resulting regression models.
To minimize the influence of any remaining season-
ality on the statistical relationship, regression models
are fit separately for the DJF and JJA seasons. The
vector set of standardized predictors at each grid point
(i, j) (denoted X)) is used to predict deseasonalized
U(6) (denoted Uij) by a multiple linear regression
model:

U@O)=U;+e,=X,B, +¢,, (6)

where B;; is the vector of model parameters, and g;; is
the regression model error. Statistical predictability
is assessed using leave-one-year-out cross validation.
Specifically, for each year of data, the regression
model parameters are estimated using data from the
rest of the years available in the data. The resulting
predictability at each grid point (i, j) is measured by
squared correlation Rl-zl-,

R3(8) = corr[U(6), U, (6))". (7

A single measure of predictability across the predictor
domain is then computed, denoted II:

11(6) = (R3(6)) - ®)

The average calculated in Eq. (8) is taken over the
four grid points with the largest values of R%j(e) within
the predictor domain (corresponding to approximately
2% of the grid points in the domain). Predictive an-
isotropy is then measured by
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_ min(II)

(I max(IT)’

)
where min(IT) and max(II) are respectively the minimum
and maximum I1(0) over the 36 values of 6. In other words,
min(IT) and max(IT) represent respectively the worst and
best predictability of surface wind components projected
onto directions from 0° to 360°. Values of «(II) range be-
tween 0 and 1, such that smaller «(IT) indicates a stronger
degree of anisotropy of predictability, and a value of @ = 1
indicates perfectly isotropic predictability. The quantities
min(IT), max(IT), and a(IT) are the metrics of predictability
of surface wind components considered in this study.

3. Idealized model of predictability

We use an idealized model to provide a conceptual
framework for the controls on the characteristics of pre-
dictability of surface wind components. The idealized
model, which extends a similar model in Mao and
Monahan (2017), is based on the assumption that surface
wind variability can be partitioned into distinct predictive
signal and noise contributions when using large-scale free-
tropospheric climate variables for statistical prediction. By
definition, the signal refers to the part of surface winds
perfectly predicted by the large-scale flow, and the noise
refers to the part of surface winds originating from small-
scale processes and cannot be explained by large-scale
predictors. The decomposition implies that the signal
and noise are uncorrelated. The least squares linear

MONAHAN 895

regression prediction and residual are uncorrelated by
construction; this model assigns specific physical in-
terpretations to the linear regression prediction (i.e., the
large-scale signal) and residual (i.e., the local noise). A
wind vector can be expressed in terms of the components
and v in an arbitrary orthogonal basis (&;, €;):

a(ty=a(t)+a (1) and

u(n) =v,() +9,(1),

(10)

where the subscripts s and n respectively denote
signal and noise. There is complete freedom to
choose the orientation of the basis vectors in this
decomposition; they do not need to align with the
zonal and meridional directions. The wind compo-
nent projected onto direction 6 (with 6 measured
clockwise away from é;) is

Uu®)=U/0)+U,(0), 11)
where U,(0) = i, sin(0) + v, cos(0) and U, (6) = ii,, sin(6)
+ v, cos(f). The predictability of surface wind compo-
nents I1(0) is then measured by the squared correlation
coefficient

cov?(U,U,)

2 .. S—
corr (U, U) var(U) var(U )

(12)

It follows that

var(v,) sin?(0) + var(ii ) cos*(6) + cov(i , v, ) sin(26)

11(0) =

We define

= \\]2;((%)) and (13)
_ var(i)
 var(a) (14)

The quantities n and ¢ represent the fractions of
variance of surface wind components projected onto é;
and ¢; that can be explained by the large-scale pre-
dictors; in other words, they respectively represent the
fraction of predictive signal strength of ©(¢) and #(¢). As
by construction, cov(i, ) = cov(i, ¥5) + cov(i,, U,),
and using the definition of the correlation coefficient

p(x, y) = cov(x, y)/\ /var(x) var(y), we obtain
n¢+p,v/ (1 =) -0,

p(it, D) = p, (15)

[var(v,) + var(v,)] sin®(0) + [var(z) + var(z,)] cos?(0) + [cov(ii,, V) + cov(ii,, v, )] sin(26)’

where p, = p(i,, ¥5) and p, = p(i,, U,). It follows that
we can express 11(f) in any direction in terms of the
signal strength along é; and ¢; (i.e., {, ), the anisotropy
of variability of surface wind components projected

onto directions of the coordinates y = \/var(v)/var(it),

and correlations p and p,:

1y sin(0) + ¢ % cos?(6) + p,\/n¢ sin(26)

11(6) = (16)

y sin’() +% cos?(8) + p(ii, v) sin(26)

The constraint that 0 =TI(#) =1 follows as each of
the squared wind component correlations p?(i, v),
p*(iy, ¥y), and p?(ii,, U,) fall between 0 and 1. This
model reduces to the form of that in Mao and Monahan
(2017) if p(u, ) =0 and var(u,) = var(v,). While the



896

JOURNAL OF APPLIED METEOROLOGY AND CLIMATOLOGY

VOLUME 57

NA1  NA2 NCEP

NAM Mi&Coast A ¥ Q
MtgLand A * ®
JJA Plain&Coast A * ]
4ib o Plain&Land A\ e @)
= -02°%L0 01 g 0.1 9.0 01
=5 6+ 02 g3 . pat—21 02 02 §EP 01 02
? i " 04 min(I1 ’ 0 g ey
S | eI 08 (11) it ﬂ‘“ 05 max(l'[) ; et e Q(H)
E 06 2.2 e 06 D AN Y- B S 06
S 07 el  fdeRR AN 07 j LT 07
Z B Bl O L8 \
(7] ‘;0‘8 : H : a 1.6 \08 s 4 L6 08
e ’ . e 6%, hY R e
5 . 1 . . el e N
i 09 . Ay 08 S -y 12, 4 0.9
5 \0.85 A N 05 Py Lo 095
.6 OE.
§ ; “loss b S 099
& \ P B e 0.2 WS TTIA B S IR
= ; { : L.: | 2R 18 | ] ;
o 0206 $°° 4 18 23 26 {0206 OB 14 1.8 22 26

DJF
T -028%l 01 02 . |01 g2 02 BLE0 01 o>
g B 29 04 min(II) BT T2 max(II) ks T2 0a a(II)
= e BT 0.5 | 24" T _05 24 05
E 22— faed T 08 201 fagin 06 2.0+ 285 0.6
R O G I S o N e ) ol T I s e e
R e s SN 4.8 i - g e AL VA
g ey * R X b\ 3 16 O o i E i 16 s
2 U T ‘ Pl g R ) AT e N
B .0 4 kot N \08 P N 089 PR I S i R AN 08
© L] LFTAGE TN 0.95 \ 095
B AT R, T as. A
= f Ag*f:ﬁ- AR e :
'g e\ VIR Oy . %) i j0es 4 . 089
g LR s ez B Y | ¢ i laz T bt
50206 O 14 18 b2 b6 206 JBS 14 18 22 26

FIG. 2. Taylor diagrams showing the comparison of predictability of surface wind components obtained from observations with those sim-
ulated by models (i.e., RCMs NA1, NA2, and NCEP-2 reanalysis; see Table 1) for groups of stations classified by their terrains in NAM.

parameters 1, {, vy, p, and p, are distinct in the model,
their observed distributions are not necessarily
independent.

4. Results

In this section, we present the findings related to the
comparison of metrics of predictability min(IT), max(IT),
and «(IT) simulated by comprehensive models (i.e.,
RCMs and reanalysis) with those from observations in
the NAM, EMB, and EAS regions.

a. Overview of comprehensive models (RCMs and
reanalysis) versus observation

The relationship between metrics of predictability
from comprehensive models and observations can be
summarized in Taylor diagrams, a graphical tool to as-
sess how closely spatially distributed modeled results
match observations by quantifying the spatial correla-
tion between the model and observations, the centered
root-mean-square difference, and the spatial standard
deviation of observation and model-based fields. To
facilitate comparison among different regions, seasons,
and terrain types using Taylor diagrams, all fields are

normalized by the spatial standard deviation of the
corresponding observational fields.

Several overall patterns can be seen from Figs. 2—4. The
difference between mountainous and plain terrain is
more evident than the difference between coast and land
regions in NAM and EMB, especially in terms of com-
parison of modeled and observed min(IT). In NAM and
EMB, modeled predictive structures in the plain regions
are closer to observations than in the mountainous re-
gion. These systematic patterns between terrain types are
less evident in EAS than the other two domains. In
general, the differences in predictive structure resulting
from various models for different terrain groups are
largest for min(IT) among the three predictability metrics.
The pattern of seasonal difference is generally not clear;
in general, seasonal differences are more evident for
min(IT) in mountainous regions. Model differences be-
tween the two RCMs in each domain are small in general,
and no one RCM considered is systematically better than
the other in any of the domains considered.

b. Models versus observations in NAM and EMB

Maps of the spatial distribution of metrics of pre-
dictability for the season of JJA are shown in Figs. 5-7
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F1G. 3. As in Fig. 2, but in EMB.

to highlight the regional differences. As maps for the
season of DJF are very similar to those of JJA, similar
conclusions can also be drawn for DJF (see Figs. S1-
S3 in the online supplemental material; hereinafter
supplemental figures will have a leading S in their
number). The comparison of predictability metrics
resulting from comprehensive models and observa-
tions is quantified using the ratio M/O, where M refers
to the values of min(IT), max(II), and «(IT) simulated
by comprehensive models, and O refers to the corre-
sponding values from observations.

The relationships between metrics of predictability
and topography are similar in NAM and EMB. In these
two domains, stations in the mountainous regions (i.e.,
western NAM and southern EMB) are more likely to
have low predictability and strong predictive anisotropy,
whereas predictability for stations in the plain region
is generally good with weak predictive anisotropy. The
values of all three metrics simulated by both RCMs
and reanalysis tend to be higher than observations
in regions characterized by mountainous terrain,

while simulated metrics by comprehensive models are
generally in reasonable agreement with observations in
plain regions. The contrast between the plain and
mountainous regions is more pronounced for the com-
parison of min(IT) than max(IT), which suggests that
min(IT) is more influenced by small-scale physical pro-
cesses, such as those associated with complex terrain,
which are not resolved by RCMs. Accordingly, the
contrast between the good simulation skills of «(IT) in
plain regions and its overestimate in complex terrain
suggests that small-scale physical processes not resolved
by RCMs and reanalysis contribute to predictive an-
isotropy. Specifically, the predictability of surface wind
components projected onto some directions is limited by
small-scale physical processes resulting in low min(IT) and
strong predictive anisotropy (i.e., small «) in reality. As
these small-scale physical processes are not captured by
comprehensive models, we see higher min(IT) and thereby
weaker predictive anisotropy simulated by comprehensive
models. However, these unresolved small-scale processes
are not the only control on anisotropy. For example, the
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FIG. 4. As in Fig. 2, but in EAS.

relatively strong observed predictive anisotropy and small
predictability over the southeastern United States are
captured in both RCMs and the reanalysis.

c. Anomalous predictive structures in EAS

In general, the patterns of simulated min(IT), max(IT),
and «(IT) by RCMs and reanalysis simulated in EAS are
different from those in NAM and EMB, although the EAS
domain also shows some connection between the terrain
and observed metrics of predictability. For example,
mountainous terrain is common in central Asia, and this
region is generally characterized by low predictability and
strong predictive anisotropy in observations. On the other
hand, there are more stations with higher observed max(IT)
and weaker predictive anisotropy in northeast China and
most of Japan, where the terrain is relatively flat.

However, there is no systematic contrast in values of
M/O between mountainous and plain regions in EAS as
in NAM and EMB. There is a distinct contrast between
the region west of roughly 90°E where simulated values
of min(IT), max(II), and «(II) by the two RCMs are
significantly lower than observations, and the region east
of 90°E where large values of M/O>1 are common.

Among all three domains considered, the region west of
90°E in EAS is the only region where extensive un-
derestimation of min(II), max(Il), and aIl from RCMs
is observed. The area north of 45°N and west of 90°E in
EAS is particularly notable as this area is characterized
in observations and the reanalysis product by relatively
high predictability and nearly isotropic directional pre-
dictability, while predictability simulated by the RCMs
is low and highly anisotropic in this area. The contrast of
the underestimation and overestimation for areas di-
vided by 90°E is a systematic bias of the regional dy-
namic downscaling models used in the two RCMs in this
region. The reason of this bias is unclear, but its absence
in the (global) reanalysis product suggests that one
possible reason could be that upstream information of
the background flow outside the model domain is not
properly represented by the RCMs.

5. Discussion

As in the previous section, we will focus on JJA results
as the seasonal differences between predictability met-
rics simulated by comprehensive models and from
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FIG. 5. (top) Observed daily min(IT) for JJA data in NAM, EMB, and EAS, respectively. The remaining rows show the comparison of
predictability metrics derived from observations with those derived from the two RCM models and NCEP-2 reanalysis in terms of M/O.
The color scale is logarithmic. Stations with black outlines are in mountainous regions and those without are in plain regions.

observations are not substantial. Furthermore, only the
difference between mountainous and plain terrain is dis-
cussed as there is no clear contrast between coastal and
inland stations as discussed in section 4. Finally, we only
present the analysis in NAM. The analyses of EMB and
EAS (east of 90°E) are presented in the supplementary
material, and conclusions similar to NAM can also be
drawn from the analysis in these two regions, although
some patterns in EAS show variations from NAM and
EMB possibly because of anomalous predictive structures

found in EAS as discussed in the following subsections.
The anomalous region west of 90°E in EAS is not included
in the following analysis since the underestimation of
simulated metrics of predictability by RCMs in this region
is a regionally specific systematic bias of the RCMs.

a. Inferences from overestimation by RCMs and
reanalysis

As shown in Figs. 5-7, overestimation of min(IT),
max(IT), and «(IT) is commonly observed in simulations
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by RCMs and reanalysis. Figure 8 further explores the
overestimation of predictability metrics by comprehen-
sive models by showing the relationships between M/O
and observed metrics of predictability, considering both
directional and magnitude information.

Figure 8 shows that the ratio of M/O generally exceeds 1
for smaller values of observed predictability metrics and
tends to approach 1 as values of predictability metrics in-
crease. That is, in general overestimates of simulated

predictability metrics are found in regions where these
quantities are small in observations. However, in EAS,
when the corresponding observed predictability metrics is
relatively large (Figs. S4 and S5), M/O is generally smaller
than 1, indicating underestimation of metrics simulated by
models. One possible reason of this anomalous structure is
that the division by 90°E is approximate, and there are still
some variant stations with relatively large underestimates
of predictability metrics to the east of 90°E. The last
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column in Fig. 8 shows that the predominant value of
€max(m/o(m)] * €min(r) 18 1 for both mountainous and plain
terrains, indicating that the largest overestimation of pre-
dictability by comprehensive models tends to occur along
the direction of min(IT) at most stations. This pattern is
evident in all three domains considered.

The general pattern shown in Fig. 8 indicates that
when surface winds are influenced mainly by small-scale

physical processes (i.e., resulting in the low predictability
of surface wind components), simulated surface wind
predictability by comprehensive models tends to be in-
flated. In contrast, when surface winds are dominated by
large-scale processes, the predictability of observed and
simulated surface wind components by comprehensive
models is approximately the same. Moreover, small values
of observed min(IT) are more likely to be overpredicted
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FIG. 8. Estimated probability density functions of log(M/O) conditioned on observed values of predictability metrics [(left) min(IT),
(second column) max(I1), and (third column) «(IT)] for results obtained from the two RCMs and NCEP-2 reanalysis in NAM for JJA.
Filled contours are obtained by using data from all stations in the region; red and green contours are obtained by stations only from
mountainous and plain regions, respectively. (right) Histogram of the dot product of the unit vectors in the directions of minimum
predictability and maximum M/O for both mountainous and plain stations.

than small values of max(Il), indicating that min(IT) is
more influenced by small-scale physical processes than
max(IT). Pronounced artificial weakening of predictive
anisotropy simulated by comprehensive models generally
occurs when observed predictive anisotropy is strong,
which is an indication of poor predictability in at least
one direction of projection of surface wind components.
From the pattern of overestimation of predictability
metrics, we can infer that 1) comprehensive models
(i.e., both RCMs and reanalysis) do a poor job in re-
solving the small-scale physical processes influencing
surface wind variability that are weakly connected to
free-tropospheric flow and 2) these small-scale physical
processes contribute to predictive anisotropy. It should
be noted that while these inferences are based on pat-
terns shown by most stations, there are exceptions. We
can find stations that are both characterized by strong
observed predictive anisotropy and well represented by

RCMs. The predictive structures in these locations
(e.g., the southeast United States) are apparently not
associated with unresolved small-scale variability.

b. Inferences from the idealized mathematical model

Metrics of predictability can be related to the quan-
tities m, £, v, and p in the idealized mathematical models.
Figures 9-11 show the estimated probability density
function of predictability metrics given various quanti-
ties from the idealized mathematical models. Overall,
the relationships are similar for both observations and
comprehensive models, despite the unresolved physical
processes in comprehensive models resulting in a dif-
ferent small- and/or large-scale decomposition from
observations and occupying different regions of ideal-
ized model “‘parameter space.”

We focus on the orthogonal coordinates aligned along
and across the direction of minimum predictability at
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each station, denoted (éminar)> €minary)- While the di-
rections of max(Il) and min(IT) are rarely exactly per-
pendicular to each other, the direction of max(II) is often
close to the direction perpendicular to min(IT) (Mao and
Monahan 2017). With this choice of basis, ¢ and 7 [Egs.
(13) and (14)] represent the fractions of predictive signal
strength along the direction of minimum and (approxi-
mately) maximum predictability, respectively.

Figure 9 shows that predictive anisotropy tends to be
weakened with stronger predictive signal strength and
that ¢, the fraction of predictive signal along the di-
rection of min(II), has a much stronger control on the
strength of predictive anisotropy than that along the
direction of max(II). This result provides more evidence
that the strength of predictive anisotropy is mostly
controlled by the variation of min(IT).

Figure 10 shows that values of min(IT) tend to be lower
as vy increases or decreases away from a value of one and
that the largest values of min(IT) generally correspond to
vy =1. The association between low min(IT) and y>1
suggests that low minimum directional predictability and
strong anisotropy of surface wind component variability
may be linked to each other by some common small-
scale physical processes that can influence both. In con-
trast, there is generally no pattern between 7y and
max(II). Finally, the pattern between «(IT) and vy is

similar to that between min(IT) and vy, which is consistent
with the findings from Mao and Monahan (2017) that
there is a positive correlation between «(II) and the
anisotropy of variability of surface wind components.

Finally, Fig. 11 shows that there is a negative re-
lationship between min(Il) and |p|, consistent with the
existence of some common small-scale physical pro-
cesses that can influence both. Like the relationship
between predictability metrics and vy, there is no pattern
associated with the relationship between max(Il) and
|p|, but the relationship between a(IT) and |p| is similar
to that between min(II) and |p|.

Among all controls considered, the relationships be-
tween a(IT) and 7 as well as «(IT) and ¢ are the same
across all three domains, but the relationships between
predictability metrics and the other two wind vector
statistics (y and p) are much weaker in EAS than the
other two regions (Figs. S17, S18, S22, and S23). The fact
that ¢ has the strongest relationship with predictive an-
isotropy is robust across all domains.

In general, the plots of probability density functions of
predictability metrics conditioned on statistical measures
from the idealized model are similar in both plain and
mountainous terrain, which suggests that the small-scale
physical processes influencing the predictability of sur-
face winds are found in locations other than those
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red and green contours are obtained using stations in mountainous and plain regions, respectively.

characterized by topographic complexity. However, it
should be noted that there are locations where RCMs are
able to model relatively strong predictive anisotropy in
observation with good skill, which is a clear indication
that small-scale physical processes are not responsible
for predictive anisotropy at these locations. The results
of this study cannot identify the origin of the small-scale
physical processes that primarily limit the predictability
of surface wind components. Such an investigation is an
interesting direction of future research.

6. Conclusions

We have compared characteristics of predictability of
surface wind components by linear statistical predic-
tion using both station-based observational data and
output from various comprehensive models (RCMs and

NCEP-2 reanalysis) in three domains: North America
(557 stations), Europe-Mediterranean Basin (595 sta-
tions), and East Asia (715 stations). We divided data
into four groups according to two categories of terrain:
1) stations adjacent to large water bodies (coastal) or
land stations and 2) in mountainous or plain areas. In
NAM and EMB, the characteristics of predictability
from the use of comprehensive models in plain regions
are generally close to those of observations, while
mountainous regions are dominated by overestimation
of predictability metrics in simulations. In contrast, the
difference between mountainous and plain terrains is
not obvious in EAS where overestimation of pre-
dictability is commonly observed east of 90°E regardless
of terrain, and the area west of 90°E is dominated by
underestimates in RCMs (a pattern that is not observed
in the reanalysis). There is no systematic pattern of
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characteristics of predictability associated with inland
and coastal stations.

Comparison of the minimum and maximum directional
predictability, as well as the predictive anisotropy, from
observations and simulations by comprehensive models
indicates that RCMs cannot resolve small-scale physical
processes primarily responsible for limiting the pre-
dictability of surface wind components. However, there
are exceptions; that is, strong predictive anisotropy in ob-
servations can be captured well by RCMs at some stations,
indicating that small-scale processes are not responsible for
predictive anisotropy at these locations. Interpreting pre-
dictability metrics using an idealized mathematical model
indicates that variability of min(IT) is more influenced
by small-scale physical processes than that of max(IT).
Moreover, the anisotropy of fluctuations of surface wind
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FIG. 11. As in Fig. 10, but conditioned on |p|.

components and the correlation between surface wind
components appear to be linked to variability of min(IT)
by some small-scale physical processes.

The important overall conclusions following the re-
sults in this study are that the strength of predictive
anisotropy is robustly controlled by the variation of
min(IT). That is, anisotropic prediction occurs because
some directions are particularly poorly predicted, not
because some are particularly well predicted. More-
over, small-scale processes, which are weakly influ-
enced by the tropospheric flow, are the major
contributing factor to predictive anisotropy, but they
are not the only factor. However, the origin of such
small-scale processes is not clear.

Comprehensive models on the scale of RCMs and
the reanalysis used in this study do not capture the
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small-scale processes that can limit predictability and
cause predictive anisotropy. One area of future study is
to more precisely identify the scale of the missing small-
scale physical processes in RCMs, which may enhance
the utility of the RCMs as tools for dynamic downscal-
ing. Small-scale processes related to local terrain are
generally not well represented in most comprehensive
models because of oversimplification of terrain. By
simulating metrics of predictability of surface wind
components using mesoscale models with varying spa-
tial resolutions, we can determine how small the model
resolution needs to be in order to capture the physical
processes related to local features. Special attention is
evidently needed to study the physical processes related
to local wind systems in EAS and their representations
in RCMs.
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