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Abstract

Weather prediction accuracy is very important given the devastating effects of extreme
weather events in recent years. Numerical weather prediction (NWP) systems are used to build
strategies to prevent catastrophic losses of human lives and the environment and have evolved
with the use of multi-model or single-model ensembles and data assimilation techniques in an
attempt to improve the forecast skill. However, these techniques require increased
computational power (thousands of CPUs) due to the number of model simulations and

ingestion of observational data from a wide variety of sources.

In this study, the combination of predictions from two state-of-the-science atmospheric
models (WRF and RAMS/ICLAMS) using Bayesian and simple linear regression techniques is
examined, and the improvement in wind speed prediction for the Northeast United States (NE
U.S.) using regression techniques is demonstrated. Retrospective simulations of seventeen
storms that affected NE U.S. during the period 2004-2013 are performed and utilized. Optimal
variances are estimated for the thirteen training storms by minimizing the root mean square
error and are applied to four out-of-sample storms (Hurricane Irene (2011), Hurricane Sandy
(2012), November 2012 winter storm and February 2013 blizzard). The results show a 20-30%
improvement in the systematic and random error of 10-m wind speed over all stations and
storms, using various storm combinations for the training dataset. This study indicates that 10
to 13 storms in the training dataset are sufficient to reduce the errors in the prediction and a

selection based on occurrence (chronological sequence) is also considered efficient.
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1. Introduction

Weather forecasting, applied to global and regional scales, has evolved with the use of
multi-model or single-model ensembles (Doblas-Reyes et al. 2005; Palmer et al. 2008; Weigel
et al. 2009; Kirtman et al. 2014), data assimilation techniques (Barker et al. 2012; Wang et al.
2013; Ancell et al. 2015) and high-resolution grid spacing (Roberts 2003; Speer et al. 2003;
Steppeler et al. 2003; Gego et al. 2005; Schwartz et al. 2009) in an attempt to improve the
forecast skill. Despite the noted improvements, inaccuracies caused by random and systematic
errors are a continuous topic for research (Krishnamurti et al. 2004; Mass et al. 2008; Ancell et
al. 2011; 2012; Delle Monache et al. 2011). The ability of numerical weather prediction (NWP)
models to accurately describe atmospheric conditions under various dynamic states is
influenced by errors caused from the implemented physical parameterizations, initial state,
boundary conditions and data availability. Atmospheric complexity and inability to handle sub-
grid scale phenomena also cause errors in the predicted meteorological variables (Libonati et al.
2008; Louka et al. 2008; Idowu and deW Rautenbach 2009). Restrictions in the resolution
cause the imperfect representation of the actual surface properties (e.g., topography, vegetation,
soil types and moisture, and sea surface temperature) which can result in significant model
error along the sharp gradients. In addition, inaccurate prediction of land surface interactions
can be disadvantageous to the NWP (Koster and Suarez 2001; Drusch and Viterbo 2007
Papadopoulos et al. 2008; Serpetzoglou et al. 2010), and approximation of the planetary
boundary layer representation can be an error source for the prediction of surface variables
(Arakawa 2004; Pleim 2007; Hu et al. 2010; Nielsen-Gammon et al. 2010; Frediani et al. 2016).

Using high spatial resolution and/or data assimilation does not always assure high

forecast accuracy, because of the important role of the input fields, initial conditions and
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inherent model uncertainties that influence the prediction. Statistical post-processing
approaches play a useful role to address this issue and contribute to the reduction of prediction
errors. Various techniques on statistical post-processing for error/bias correction have been
suggested in the literature. These techniques are based on: (1) running mean bias removal
(Stensrud and Yussouf 2003; 2005; Eckel and Mass 2005; Hacker and Rife 2007; Wilczak et al.
2006) (2) Kalman filter (KF) post-processing (Libonati et al. 2008; Miiller 2011; Homleid 1995;
Roeger et al. 2003; McCollor and Stull 2008; Rincon et al. 2010; Delle Monache et al. 2006;
2008; 2011; Djalaova et al. 2010; Kang et al. 2010) (3) Model Output Statistics (MOS) (Glahn
and Lowry 1972; Carter et al. 1989; Jacks et al. 1990; Mao et al. 1999; Wilson and Vallée 2002;
2003; Hart et al. 2004; Wilks and Hamill 2007; Glahn et al. 2009).

Combining statistical post processing techniques with NWP ensemble simulations is of
particular interest due to the ability to characterize model uncertainty and improve the predicted
variables (e.g., wind speed, temperature, humidity, etc.). Even though there is no consensus on
the adequate amount of ensemble members as well as the best way to combine them (Weigel et
al. 2010), computational cost of ensemble simulations can be a deterrent factor. The motivation
for this work has its basis on the use of a computationally efficient scheme that uses only two
NWP models and statistical post-processing techniques over a set of meteorological storms that
have common characteristics. One typical method for optimum weighting of the ensemble
members is Bayesian model averaging (BMA) that estimates each member’s contributing
weight (Raftery et al. 2005; Wilson et al. 2007; Fraley et al. 2010; Erickson et al. 2012;
Sloughter et al. 2007; 2010). In the BMA approach, the calibrated weights reflect the forecast
skill of each ensemble member over a training period (Fraley et al. 2010). Fraley et al. (2010)

implemented BMA with 86 members, which represent a relatively large number of ensemble
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members, to show how the BMA can be adapted to handle exchangeable ensemble members.
Erickson et al. (2012) ran BMA for specific weather storms including fire weather that caused
poor air quality. This test was conducted using sequential (the most recent days) and
conditional training periods (the most recent similar days), and showed that the correction of
conditional training period was better than the sequential training.

The similarity or difference between training and out-of-sample conditions can affect
the results of statistical post-processing methods that accompany training algorithms. Although
statistical post-processing methods correct the errors over general cases, specific storms may
not be improved when the training period does not consider similar patterns with the target
storms. In other words, if the training dataset reflects the characteristics of the target storm, the
modeled field may be improved more efficiently. Especially for high wind speed weather
storms, distinguishing the mean atmospheric conditions and using a training scheme with a
dataset fitted to similar weather conditions can be a critical factor for the success of the error
correction. Our reference to extreme storms includes tropical storms, heavy precipitation
associated with floods, blizzards with strong sustained winds, and seasonal thunderstorms.

The main objective of this study is to improve surface wind speed prediction under
extreme weather conditions, as it is strongly correlated with negative effects in civil
infrastructure, power grid and the environment. To this end, the combination of wind speed
predictions from two atmospheric models using a Bayesian Linear Regression (BLR) approach
is explored, and the potential to improve wind speed prediction against single model
simulations and Simple Linear Regression (SLR) techniques is demonstrated. The combination
of two atmospheric modeling systems with simple bias correction techniques serves two

purposes: minimizes computational cost since only two model members are being employed
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and determines the value added by Bayesian regression in a deterministic framework. An
additional goal of this work is to assess the efficient length for the training period in
chronological and non-chronological sequences, which will be important in the operational
application of the described methodology. The work presented here will support the operational
prediction of power outages in NE U.S. that are strongly influenced by wind severity (Wanik et
al. 2015; He et al. 2016). Currently, the power outage modeling system is operating with
meteorological inputs from the WRF model (Wanik et al. 2015). Section 2 describes the model
configuration and data used, section 3 presents the methodology for SLR and BLR and section

4 includes discussion of the results. Conclusions and future work are summarized in section 5.

2. Models and data

a. Atmospheric modeling systems

Two mesoscale meteorological modeling systems are implemented to simulate the
selected storms. The Weather Research and Forecasting model (WRF-ARW version 3.4.1;
referred to as WRF) (Skamarock et al. 2008) and the Regional Atmospheric Modeling
System/Integrated Community Limited Area Modeling System (RAMS/ICLAMS; referred to
as ICLAMS) (Cotton et al. 2003; Solomos et al. 2011; Kushta et al. 2014). ICLAMS is an
integrated air quality and chemical weather modeling system based on RAMSv6 (Pielke et al.
1992; Cotton et al. 2003) that directly couples meteorological fields with air quality
components, and includes gaseous, aqueous, aerosol phase chemistry and partitioning of cloud
condensation nuclei (CCN), giant cloud condensation nuclei (GCCN), and ice nuclei (IN) as
predictive quantities (atmospheric chemistry and feedback processes are not included in the

ICLAMS simulations for this work).
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Both models have three nested domains covering the Northeast U.S. with horizontal
grid spacing of 18 km (outer domain), 6 km (inner-intermediate domain) and 2 km. The third
gridded domain is the focus area in this work (Fig. 1a, b). To initialize the two models, the
National Centers for Environmental Prediction (NCEP) Global Forecast System (1° x 1°, 6-
hourly intervals) analyses (NCEP/NOAA, 2007) and the Final Analysis (1° x 1°, 6-hourly
intervals) data (NCEP/NOAA, 2000) are used for WRF and ICLAMS respectively.
Configuration details for both WRF and ICLAMS are summarized in Table 1.

The storms that comprise the training and validation datasets are selected after a k-
mean clustering analysis of sea level pressure, 2-m temperature and 10-m wind speed from the
European Centre for Medium-Range Weather Forecasts (ECMWEF) Interim Re-Analysis (ERA-
Interim: Simmons et al. 2007) for 80 storms that affected the power network in NE U.S. (from
20 outages to > 15,000 outages) and span the period 2004-2013 (Maria Frediani, personal
communication, 2015). A subset of seventeen storms is selected, which belong to two clusters
representing winter and late summer/fall season storms with strong winds and intense pressure
gradients. The selected storms include three major storms for NE U.S.: Hurricane Irene (2011),
Hurricane Sandy (2012) and the 8-9 February (2013) blizzard. General information about the
storms is included in Table 2.

b. Observations

The Automated Surface Observing System (ASOS) observation datasets at the
National Centers for Environmental Prediction (NCEP) are used for model evaluation and also
for the implementation of error optimization (SLR and BLR). The ASOS generally provides
minute-by-minute observations and generate the Meteorological Terminal Aviation Routine

Weather Report (METAR) and Aviation Selected Special Weather (SPECI) report. ASOS is

7
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installed at more than 900 airports across the United States, and the data from 80 stations over
the Northeast U.S. are used in this study (Fig. 1c). The wind speed at observational locations
are matched with the modeled wind speed using bilinear interpolation (nested grid at 2 km x 2

km grid spacing).

3. Methodology

Two statistical post-processing methods, the Simple Linear Regression (SLR) and
Bayesian Linear Regression (BLR) are applied for error correction of the modeled wind speed.
Thirteen storms are used for the training dataset, and four storms for the out-of-sample
application (validation). The first application uses a chronological sequence to select the storms
for the training dataset. The second application uses all possible combinations of the thirteen
storms to compose the training dataset, regardless of the date of occurrence. The two regression
methods are described in sections 3a and b; section 3c presents details on the training scheme

and section 3d includes information about data processing and statistical metrics.

a. Simple Linear Regression (SLR)

The SLR model consists of the mean and variance function (Weisberg 2005), defined

as follows:

E(Y|X =x) = By + i1 1)

Intercept 3, is the value of E(Y|X = x) when x equals zero, and the slope f; is the rate of
change in E(Y|X = x) for a unit change in X, respectively. The unknown parameters S, and
B, are estimated from the modeled-observed wind speed pairs given the independent and

dependent variable vector, X and Y.
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In this study, the SLR model with a single predictor (wind speed at 10m) is developed
for WRF and ICLAMS separately. To evaluate the estimators, storms are selected to arrange the
training datasets first, and each estimator S, and f; is calculated from the training storms by
the ordinary least squares (OLS) method as follows:

- - )
=) (- D=7/ ) (1~ 07
i=1 i=1
[?0 =y- 313? (3)
where X, y are the averages of modeled values x and observed values y in the training
datasets. Since a linear relationship between observed and modeled wind speed exists, this
relationship points towards the possibility of model prediction correction (Sweeney et al. 2013).
The SLR method is developed for each station because the linear relationship is spatially
variable (station to station) and the spatial error heterogeneity must be preserved in the results.
Therefore, the SLR analysis is implemented for each station (total of 80 stations) by the OLS

method, and overall the final SLR model for WRF and ICLAMS is given as:

Y station m = Po, station m + B1, station mXstation m 4)
where [?0, station m» ,@1_ station m are the estimators of station m evaluated from the
training dataset, and Xg;qtion m 1S the predictor of the station m from the WRF or ICLAMS
out-of-sample storms. ¥ ¢;qrion m 1S the final product of the SLR model for station m.

b. Bayesian Linear Regression (BLR)

BLR is implemented as a new approach to improve WRF and ICLAMS 10-m wind
speed fields. Bayesian statistics are based on Bayes’ theorem that deals with uncertainty of
unknown parameters, and the parameters are basically inferred to probabilistic forms from the

observed data under the Bayesian framework (Chu and Zhao 2011). The Bayesian formula to
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infer the unknown parameter vector 6 is thus governed by:

_p19)p(6) ()
p@ly) = 0

where p(6@|y) is the posterior probability density function (PDF) of 6 given the observed
data information y, p(y|6) is the likelihood function, p(8) is the prior PDF for the
unknown parameter vector of 6, and p(y) is the PDF of the observation vector y.
Considering the continuous case for the Bayes’ theorem, Eq. (5) is formulated as follows:

p(y16)p(6) (6)
fp(16) p(6)do

p(6ly) =

In this study, two controlled variables produced from WRF and ICLAMS are used in
the BLR, so the normal linear model is regarded as a normal multiple regression form defined

by two predictor variables. In vector form, the normal multiple regression equation is defined

by:

y=pX+e (7)
where: y is a n X 1 vector of observations; X is a n X p matrix of independent variables
incorporating the unit matrix of the first column for the intercepts SB,; B isa p x 1 vector of
regression coefficients (B,, Bi, pB2); and the error term is ¢ ~ N(0,16?) with the

unknown dispersion parameter o2. After considering the elements of the parameter vector 6 =

[Bo, B1, B2, 2], Eq. (6) becomes:

p(Bo, B, B2, Uzb’) 8

_ pW1Bo, B1, B2, 5¥)p(Bo, Br, B2, 02)
ffffp(ywo:ﬁpﬁz:Uz)P(ﬁo:ﬁpﬁz:Uz)dﬁodﬁ1dﬁzd a2

It is assumed that the posterior probability distribution is in the same family as the

10
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prior probability distribution and prior information of o2 can be inferred. The posterior mean
of B can be calculated by Eq. (9) (Cattin et al. 1983; Zellner 1996; O’Hagan 2004; Sorensen

and Gianola 2002; Walter et al. 2007; Walter and Augustin 2010):

i @0 . C))
B=1h|= (XTX+ V) (XTy + Vi up)
B
Obs 1 X X1
A I e i o 0]
= . X =1. . . Vﬁ =10 of 0 Upg = H1
: : ) i
Obsy 1 Xnyrr  *nicrams 0 0 o 2

where: y is the matrix of 10-m observed wind speed for n time steps; X is the matrix of WRF

and ICLAMS wind speed for n time steps; Vj is a diagonal matrix including three prior
variances which correspond to each element of S; and pp is a prior mean matrix. It is

assumed a priori that the best model will be a simple unbiased average of the two simulations,

0
0.5
0.5

implying a mean vector of ug = . Certainty about that assumption is defined by the size

of the prior variances (g?). To rely more on the data to inform the final model, the prior
variances are made much larger. In an extreme case, as the prior variances go to infinity,
Bayesian posterior estimates will match the OLS estimates. As the prior variances get smaller,
the results will shrink toward the a priori assumptions. Shrinkage of this type will allow the
model to be more robust in the presence of outliers and other strange and influential data. In
order to develop BLR using Eq. (9), optimal prior variances are searched with the matrix
representing the prior mean (ug). The final BLR model based on WRF and ICLAMS is

formulated as follows:

11
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Ystation m = ﬁo, station m + ﬁl, station mXWRF, station m (10)

+ B2, station mXicLams, station m

where  Bo, station m 1S the intercept of the BLR equation, B; station m and
[?2, station m denote the regression coefficients for the two predictor variables
Xwrr, station m a0 Xpams/icLams, station m fOr station m. Y station m 1S the adjusted
10-m wind speed field for station m using the BLR method.
c. Training scheme

The regression coefficients for SLR and BLR can be estimated using a variety of
training datasets. To investigate the sensitivity of the results to training period length, a
variation in the number of storms as well as a change in the chronological order of the training
dataset are examined. For instance, in the case of using one storm for the training dataset, SLR
is implemented for each station, and then the number of storms is gradually increased to make
different combinations. Among the seventeen storms, thirteen storms from 2004 to 2011 are
selected as training storms and the other four storms are used for out-of-sample
applications/validations, respectively. The four storms represent significant storms over the
Northeast U.S. during 2011 to 2013: Hurricane Irene (2011), Hurricane Sandy (2012),
November 2012 storm (affected by Hurricane Sandy) and February 2013 blizzard (maximum
1-hour wind speed from 80 inland stations: 21, 25, 22, 24 m/s for Irene, Sandy, November 2012
storm and February 2013 blizzard).

In the first approach, an increasing number of storms in chronological order are
employed. The second approach consists of training datasets composed of all possible
combinations of the thirteen storms to analyze the behavior of R?, RMSE, BIAS and CRMSE

in conformity with changes in combinations. Each quantity of combination using different

12
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number of storms can be calculated by n!/(r! (n —r)!) which represents the number of -
combinations from a given set of n elements (r is an integer; and 1 <r <13, n = 13).
Specifically, in the case of using a single storm, thirteen individual storms constitute the
training dataset and, in the case of using two storms, seventy eight training datasets are required
(Table 3). The experiments for all possible combinations (with a total of 8191 training datasets,
Table 3) are implemented for each observation station for SLR and BLR.

The BLR approach for the first application has three phases (Fig. 2): (1) Random
selection of 10,000 prior variance sets (Vp, Eq. 9) within the interval [10°%°, 1]. Each variance
set (out of the 10,000) is used to estimate 8 (Eq. 9) for each station using all training storms.
The estimated £ is applied to individual storms of the training dataset to compute the global
RMSE for each storm and each station (Phase 1 in Fig.2). (2) The RMSE that corresponds to
each variance set is summed over all k storms (Phase 2 in Fig.2). (3) The optimal prior
variances that corresponded to the minimum summation of the RMSE from phase 2, are used
for the calculation of the final S for each station which is then applied to out-of-sample storms
(Phase 3 in Fig. 2).

The BLR procedure demands a relatively longer computation time than SLR since it
incorporates a phase to sample 10,000 prior variance sets. To reduce the computational time for
BLR experiments related to all possible storm combinations, it is necessary to use fewer
random samples of variance sets, instead of the previous 10,000. The variation of the RMSE
from all cases, employing one up to thirteen storms for the training dataset, is analyzed to
determine the reasonable number of prior variance samples that would reduce the
computational cost and succeed in minimizing the RMSE similar to the 10,000 variance sets.

RMSE variability with increasing sample size is quantified by calculating the

13
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normalized difference of RMSE (NDiff) from the final minimized RMSE of all 10,000 samples.

The normalized difference of RMSE is calculated as follows:

[min(2£€1=1RMSEstorm n, i)r15j510:000]_ _min (Z%:l RMSEstorm n, i) (11)
i€j i€10000 X

NDiff = -
ff ie%}(l)loo(zﬁzl RMSEstorm n, i)

100%

where: i is the number of variance sets in the range of 1 and 10000; j is the number
of variance sets to be used for reduction of the computational cost in the range of 1
and 10000; k is the number of storms.

For example, if 2 storms and 20 variance sets are used to calculate NDiff:

: 2 | — : 2 .
NDLff _ [{g%g(zn=1 RMSEstorm n, l)] ier&l&o(Zn:l RMSEstorm n, L)

; 2
min —1 RMSE i
iElOOOO(Zn_l storm n, l)

X 100%

All cases commonly display that the normalized difference of RMSE values are
decreased near the 20 variance sets (Fig. 3). Thus, 20 samples are identified as a proper sample
size for prior variance sets and are used to implement BLR for the all-storm combinations.

d. Data processing and statistical metrics

The first 6 hours are regarded as the model spin-up time and are discarded from the
analysis. The missing and zero values for 10-m wind speed observations are not included in the
modeled-observed pairs. Five statistical metrics that offer complementary views on the model
and regression performances are used. To evaluate the impact of regression techniques on the
10-m modeled wind speed, the metrics are calculated for raw WRF, raw ICLAMS, WRFsr,
ICLAMSsir and BLR. The five statistical metrics used in this study are: coefficient of

determination (R?), root mean square error (RMSE), mean bias (BIAS), centered root mean

14
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square error (CRMSE; Murphy 1988; Taylor 2001; Delle Monache et al. 2011), and skill score

(SS) which are determined as follows:

[ T (12)

R2 :I NEXvX-Y) - QGnX)&EnY) I

[J [NZnX2 = Cn XN I Y2 = V)7
1 (13)

RMSE = \/NZ(X _vy?
. (14)
BIAS = NZ(X -Y)

(15)

1 _ _
CRMSE = jNZ[(x _X) = (Y D)2

N
where: the modeled value is represented by X, the observed wind speed by Y, N is the total
number of data points, and X and Y are the modeled and observed wind speed averages over
the N values used in the calculations. RMSE is used to evaluate model performances and the
crucial objective function aiming to mitigate errors for the BLR approach. CRMSE is a
measure of the random component of RMSE, while the systematic component is represented by
the BIAS.

To measure the relative improvement of the regression techniques, the Skill Score (SS)
with regards to RMSE and R? (e.g., Wilks 1995; Libonati et al. 2008; Idowu and deW
Rautenbach 2009; Delle Monache et al. 2011) is calculated. An example of the SS calculation is
shown in Eq. (16) and (17):

RMSE;qw — RMSEs r/BLR

s _ (16)
RMSE = RMSE, .,

X 100%
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(17)

R2 _ R2
SSRZ _ SLR/BLR raw % 100%

2
R raw

Eqg. (16) and Eq. (17) estimate the relative improvement of the SLR and BLR approaches
versus raw-WRF and raw-ICLAMS predictions. Positive values of SSgy sz and SSgz indicate

that the suggested regression method improves the raw model outputs.
4. Results and discussion
a. Chronologically-ordered storm combinations for the training dataset

The variation of R?, RMSE, BIAS and CRMSE (Figs. 4 and 5) for each out-of-sample
storm shows an increase (R?)/decrease (RMSE, BIAS and CRMSE) when the number of
storms of the training dataset increases. All three models (WRFscr (triangles), ICLAMSsir
(squares) and BLR (circles)) exhibit poor performance indicated by low R? and high RMSE,
BIAS and CRMSE when employing one storm for training, which denotes that one historical
storm is not sufficient to improve wind speed predictions of future storms. The statistical
metrics progressively improve with increasing number of storms in the training dataset, and the
trend reaches a plateau after eight to ten storms to an almost constant value. This is indicative
of the number of storms that will be efficient and effective for correcting the modeled wind
speed error. BLR is consistently performing better across all storm cases with the only
exception of the November 2012 storm, where BLR and ICLAMSs.r share comparable
performances. 95% bootstrapped confidence intervals are included for all statistical metrics and
out-of-sample storms (shown in Figs. 4,5). Non-overlapping bootstrapped intervals show that
results are significantly different when looking at the RMSE for Irene and Sandy, for the

maximum number of storms in the training dataset. For the latest two out-of-sample storms,
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ICLAMSs_r and BLR are not significantly different in terms of the RMSE.

The mean bias is almost entirely removed for most out-of-sample storms with all
models being successful (Fig. 5). The mean bias of raw model outputs for the four storms is in
the range of -1.0 m/s and 0.5 m/s. At least 5 storms are required for the success of bias removal
by SLR and BLR (Fig. 5). Hurricane Sandy wind speed exhibits a positive bias even with the
inclusion of 13 storms in the training dataset and BLR has higher bias than WRF or ICLAMS.
This is attributed to the fact that model predictions of Sandy exhibit distinctly different error
characteristics than the other storms in the database. To explore this behavior further, Hurricane
Irene was included in the training dataset (14 storms instead of 13) as the storm closest in
character to Hurricane Sandy. Sandy, November 2012 storm and February 2013 blizzard are
kept as the out-of-sample storms and the results did not show significant differences (not shown
here). The average RMSE for Sandy changed only by 0.01 m/s and the spatial distribution was
not significantly affected. The case of Sandy shows that the mean bias can be reduced when the
available number of training storms increases. Bias removal is consistent with the systematic
error removal that is an expected outcome of regression techniques. The random component of
RMSE, denoted by centered RMSE (CRMSE), has a decreasing trend for all storms as the
number of training storms increase (Fig. 5). For both RMSE and CRMSE, BLR results are

more successful than SLR, with the exception of November 2012 storm (as previously noted).

So far, results from the regression techniques are discussed without mentioning the
“raw” atmospheric model performance. The correlation increases to 0.6-0.8 and the RMSE
decreases to 1.7-2.0 m/s, for the different out-of-sample storms. Distribution of weights [beta
coefficients, Eqg. (9)] given at NWP models in the BLR approach (including 13 storms in the

training dataset) shows a slight “preference” towards the ICLAMS model (Fig. 6). These beta
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values give the optimal RMSE in the training and are subsequently applied to all out-of-sample
storms but vary for each station. To put things in perspective, statistical metrics employing the

raw model outputs are presented using the skill score (SS).

The skill score (SS; the relative improvement in percent for a given metric), grouped
by storm and raw model output, indicates improvement by BLR compared to SLR (Table 4),
marked by increased SS values for BLR versus raw model outputs for all storms. This indicates
that the BLR approach has been successful in improving the RMSE and R? statistical metrics
for wind speed compared to raw model outputs. Additionally, the RMSE and R? are analyzed
for each model normalized by BLR, in order to identify how BLR performs over the other
methods. Normalized RMSE values greater than one indicate that BLR performs better (all
normalized RMSE values are greater than one with the exception of November 2012 storm and
ICLAMSgsir; Table 5). Inversely, normalized R? smaller than one, demonstrates that BLR
outperforms the other model results in the out-of-sample storms. These normalized RMSE
and R? values listed in Table 5, show the same patterns in terms of the BLR performance.
Normalized metrics indicate that BLR improves the wind speed statistical metrics for Irene,
Sandy and the February 2013 storm. ICLAMSs_r performs as close, if not better, than BLR for
the November 2012 storm. The results from the normalized metrics are consistent with the

conclusions from the confidence intervals discussed previously.

Finally, the spatial distribution of RMSE was analyzed, with thirteen storms as training
dataset for all out-of-sample storms (Fig. 7). In each plot, colored circles represent the RMSE
value calculated using obervations at each station location. All suggested regression methods in
this study sucessfully reduce the RMSE of the raw WRF and raw ICLAMS for almost all

stations and storms. The RMSE in raw model outputs ranges between 1.6 and 3.5 m/s, whereas
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using regression techniques, a large number of stations show decreased values within a range of
1.0 to 2.5 m/s (more abundance of lower range RMSE values). Overall, BLR is shown to be an
effective method to reduce RMSE for the stations of our case study, with highest reductions in
the range of 17%-32% when compared to raw model outputs. More details on the timeseries
and RMSE values for individual stations are provided in Table S1 and Figs. S1-S4 pf the
supplement. In addition, spatial distrbution of BIAS and CRMSE is provided in Figs. S5 and

S6 of the supplement, for a more detailed view of the BLR efficiency at the station level.
b. All-storm combinations for the training dataset

In this section, the training dataset comprises of all possible storm combinations while
increasing the number of storms. The intention of this test is to define the sensitivity of BLR
and SLR results to a random combination of storm sequences and denote the confidence that
can be placed in the BLR method if a convergence in the results is achieved. The results
showing 25th, 50th, 75th percentiles (horizontal bars), minimum and maximum (error bars)
(Fig. 8 and 9) are similar to the chronologically ordered selection of training storms in the sense
that the bias is almost entirely removed in most cases, and RMSE and CRMSE are decreased
with the addition of storms in the training dataset. The variability of all metrics is clearly
reduced by adding more storms in the training dataset (box whiskers plots in Fig. 8 and 9).
Even at the combination of six or seven storms (largest number of combinations=1716, Table 3),
the distribution is narrow. BLR starts with a relatively narrow width distribution compared to
the other models, having higher R? values and lower RMSE and CRMSE. For example, using a
single training storm in the case of Irene (Fig. 8), statistical metrics for BLR exhibit the
following ranges: R?=[0.73, 0.78], RMSE=[1.91, 2.17] (m/s) and CRMSE=[1.91, 2.10] (m/s).

These ranges are narrower than those of WRFsr (R?=[0.59, 0.74], RMSE=[2.07, 2.59] (m/s)
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and CRMSE=[2.07, 2.52] (m/s)) and ICLAMSsr (R?=[0.65, 0.72], RMSE= [2.19, 2.92] (m/s)
and CRMSE=[2.16, 2.79] (m/s)). In addition, the median values corresponding to BLR (RZ:
0.76, RMSE: 2.05 m/s and CRMSE: 1.98 m/s) indicate statistically significant improvements
when compared to the WRFsir (R% 0.68, RMSE: 2.28 m/s and CRMSE: 2.26 m/s) and

ICLAMSsir (R?: 0.68, RMSE: 2.32 m/s and CRMSE: 2.31 m/s).

When the lowest possible RMSE is selected (minimum RMSE in the 12 storm
combinations, Fig. 8 and 9) and used for the calculation of BLR weighting factors for the out-
of-sample application, there is no significant change in the average RMSE over all stations,
neither in the spatial distribution of RMSE (not shown). The results from combining all
possible storm sequences denotes a convergence in the wind prediction improvements by both
chronological and all-combinations approach, giving confidence on the performance of the

proposed BLR technique.

6. Conclusions

In this study, a simple linear regression (SLR) and a Bayesian linear regression (BLR)
are introduced as post prediction error correction techniques, to improve modeled 10-m wind
speed of storms that exhibit high wind speed occurrences. Both simple and Bayesian linear
regressions rely on the training dataset and the appropriate selection of storms with similar
weather characteristics. A selection of seventeen storms in total are used to study the efficiency
of the two methods in reducing the wind speed systematic and random errors for station
locations in Northeast United States (NE U.S.). Thirteen storms constitute the training dataset
and four high impact storms (two hurricanes, one blizzard and one nor’easter) are used for the

out-of-sample applications.
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Both SLR and BLR reduce systematic and random errors for most out-of-sample storms.
The statistical metrics and spatial distribution of root mean square error (RMSE) indicate that
BLR is more successful in the surface wind speed error correction as it takes into account wind
predictions from two atmospheric modeling systems. Such result is promising because the two-
model application reduces the computational cost associated with multi-model or single-model

ensemble forecasts without compromising the accuracy of the wind speed error reduction.

The selection of storms in the training dataset does not depend on the chronological
sequence of storm occurrence but mostly on their abundance. The randomized experiment
shows a good convergence of wind speed forecast improvements for all possible storm
combinations, increasing the confidence in the proposed BLR technique. A suggestion that
applies to the specific type of weather storms included in this work, is that ten to thirteen storms
in the training dataset are sufficient to reduce the errors in the prediction by 20-30% for all
stations compared to raw model outputs (Table 4) and up to 60% for individual stations (Fig. S7
in the supplement). A selection based on occurrence (chronological sequence) is also
considered sufficient. This conclusion allows for planning of real-time operational wind speed

error correction using the BLR technique.

Overall, this study has demonstrated that the application of two regression methods can
improve the surface wind speed prediction from single and dual-model simulations. The dual-
model combination of the BLR approach is more skillful and merits further investigation.
Future extensions of this work include distribution of optimized BLR coefficients to each grid
point of the model domain to improve the modeled wind speed for all locations. Furthermore,
beta-testing will be expanded to an operational set-up in the NE U.S. region, where the real-

time wind speed prediction of a storm using the two-modeling system will be corrected based
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on historic storms included in the training dataset. This will be accomplished by running
operationally both numerical weather prediction (NWP) models (WRF and RAMS/ICLAMS)
daily with a 5-day forecast window (WRF is currently operational). The current practice of
identifying a potential future storm by consulting the in-house NWP as well as other
operational forecasts (e.g., National Weather Service (NWS), National Centers for
Environmental Prediction (NCEP)), will be implemented, in which event, BLR will be applied

to provide optimal dual-model wind speed predictions.
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FIGURE LIST
Figure 1. Model domains: (a) WRF and (b) RAMS/ICLAMS; (c) NCEP/NWS/NOAA stations

over the NE U.S. (black circles) and elevation (m).
Figure 2. A schematic diagram of the Bayesian Linear Regression (BLR) approach.

Figure 3. RMSE normalized difference using different sample sizes for the BLR training

datasets.

Figure 4. Chronological storm sequence experiment: R? and RMSE (m/s) variation by
increasing the number of training storms for WRF SLR (triangles), ICLAMS SLR (squares),
BLR (circles). The 95% bootstrap confidence intervals are indicated by the error bars for WRF

SLR (blue), ICLAMS SLR (red), BLR (purple).
Figure 5. As in Fig. 4, but for BIAS (m/s) and CRMSE (m/s).

Figure 6. Cumulative distribution function (CDF) of the beta coefficients at 80 stations when
including 13 storms in the training dataset (BLR = p0+31-WRF+p2:ICLAMS).
Figure 7. Spatial distribution of RMSE for the chronologically-ordered training dataset

application.

Figure 8. Randomized storm sequence experiment: R? and RMSE (m/s) spread behavior
related to the number of storms in the training dataset for WRF SLR (blue), ICLAMS SLR

(red), BLR (purple).

Figure 9. As in Fig. 8, but for BIAS (m/s) and CRMSE (m/s).
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738  TABLE 1. WRF and ICLAMS configuration.

739

WRF

ICLAMS

Grid structure

3 grids
Horizontal: 18-6-2 km
Vertical: 27 levels (Piwp = 50 hPa)

3 grids
Horizontal: 18-6-2 km
Vertical: 50 levels (Pwp = 60 hPa),

Horizontal grid scheme

Arakawa C grid

Arakawa C grid

Nesting

2-way hesting

2-way nesting 1435

Initial Conditions

NCEP GFS (1° x 1°, 6-hour)

NCEP FNL (1° x 1°, 6-hour)
744

Cumulus scheme (per grid)

Grell 3D scheme (Grell and
Devenyi 2002) on the parent and
second grids; no parameterization
on the third grid

Kain-Fritsch cummulus
parameterization on the parent and
second grids; no parameterization

on the third grid

Cloud microphysics

Thompson et al. (2008) scheme

Warm rain processes; Five ice
condensate species; Two-moment
bulk scheme (Walko et al. 1995;
Meyers et al. 1997); Explicit cloud
droplet activation scheme (Nenes
and Seinfeld, 2003; Fountoukis and
Nenes, 2005) with prescribed
aerosols.

Planetary boundary layer

Yonsei scheme (Hong et al. 2006)

Mellor- Yamada scheme (1982)

Boundary Conditions

SST (NCEP GFS); topography
(USGS GTOPO30, 30”); land
cover (USGS, 307); soil texture
(FAO, 5’; North-America
STATSGO, 30”)

SST daily; NDVI (USGS, 30”);
topography (NASA SRTM90 v4.1,
3™); land cover (USGS OGE, 307);

soil texture (FAO, 27)

Radiation

Goddard for short wave radiation
(Chou and Suarez 1994); RRTM
for long wave radiation (Mlawer et
al. 1997)

RRTM for short/long wave
radiation (Mlawer et al. 1997)

Land surface

WRF NOAH (Tewari et al. 2004)

LEAF-3 (Walko et al., 2000)
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756

TABLE 2. Storm type and date (the duration of all simulations was 61h).

Storms Model start date and time Storm type
Nov 5% 2004 4 Nov 2004 1800 UTC Wind storm
Dec 1% 2004 30 Nov 2004 1200 UTC Wind storm
Apr 1-31 2005 1 Apr 2005 1800 UTC Rain/Wind storm
Oct 16" 2005 15 Oct 2005 1800 UTC Wind storm
Oct 24-25" 2005 24 Oct 2005 1800 UTC Nor’easter
Jan 14-15" 2006 14 Jan 2006 0000 UTC Rain/Snow/Wind storm
Jan 18" 2006 17 Jan 2006 0000 UTC High wind storm
Feb 1712006 16 Feb 2006 1800 UTC High wind storm

Apr 15-16" 2007
Jan 6-8™ 2009
Mar 12-15% 2010
Dec 26-27" 2010
Jan 11-121 2011
Aug 2812011
Oct 29" 2012
Nov 7t 2012
Feb 8-9™ 2013

14 Apr 2007 1800 UTC
7 Jan 2009 0000 UTC
13 Mar 2010 0000 UTC
25 Dec 2010 1800 UTC
11 Jan 2011 1800 UTC
28 Aug 2011 0000 UTC
28 Oct 2012 1800 UTC
7 Nov 2012 0600 UTC
8 Feb 2013 0000 UTC

Nor’easter
Ice Storm/Wind storm
Heavy rain/High wind storm
Blizzard
Heavy Snow storm
Hurricane (Irene)
Hurricane (Sandy)
Nor’easter
Blizzard

(Source: NOAA, Significant Weather Events Archive; http://www.erh.noaa.gov/okx/stormtotals.html)
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757

758

759

TABLE 3. Number of possible storm sequence combinations for the training datasets.

Number of storms (r)

Number of r-combinations

OCo~NooThwWwNE

10
1
12
13

All possible combinations

13
78
286
715
1287
1716
1716
1287
715
286
78
13
1
8191

38



760  TABLE 4. Skill score (%) evaluated by RMSE and R? of WRFsir, ICLAMSsir and BLR with

7617 Ne =13 (Ne: Number of storms in the training dataset).

SSruse (%0) 58 g2(%0)
Storm WRFsr  BLR  ICLAMSx BLR WRFsir BLR ICLAMSs = BLR
VS. VS. VS. VS. VS. VS. VS. VS.
WRFaw WRFaw ICLAMS,aw ICLAMS;aw WRFaw WRFaw ICLAMS;aw ICLAMS,aw
Irene 204 246 9.2 17.1 12.0 157 8.0 145
Sandy 166 220 15.1 18.3 21.0 327 16.7 237
7 Nov. 244 319 21.9 217 27.0 473 255 255
2012 : : : : : : : :
89Feh.  n9 313 15.0 18.0 20.0 335 18.8 228
2013
762
763
764
765
766
767
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768  TABLE 5. Normalized RMSE and R? by the relevant metrics for BLR with N, = 13.

RMSE normalized by BLR R? normalized by BLR
Storm WRFE.q, ICLAMS,,, WRFg,  ICLAMSsy WRFE.q, ICLAMS,,, WRFsy,  ICLAMSsz
BLR BLR BLR BLR BLR BLR BLR BLR
lrene  1.33 1.21 1.06 1.10 0.86 0.87 0.97 0.94
Sandy  1.28 1.22 1.07 1.04 0.75 0.81 0.91 0.94
7
Nov. ) 47 1.28 111 1.00 0.68 0.80 0.86 1.00
o015 . . . . . . . .
8-9
Feb. 1.46 1.22 1.12 1.04 0.75 0.81 0.90 0.97
2013
769
770
771
772
773
774
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786  Figure 1. Model domains: (a) WRF and (b) RAMS/ICLAMS; (c) NCEP/NWS/NOAA stations

787  over the NE U.S. (black circles) and elevation (m).
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Figure 2. A schematic diagram of the Bayesian Linear Regression (BLR) approach.
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840 Figure 9. As in Fig. 8, but for BIAS (m/s) and CRMSE (m/s).
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