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ABSTRACT

Using a suite of high resolution models, the forecast skills of the superensemble
for precipitation and 2-meter temperature over the continental United States and North
America are shown. In this study, models and/or gridded fields such as the ETA, WRF-
ARW, MMS5, NDFD, several global models, and their ensemble mean are used. The
final resolution for the multimodel superensemble is at 32 km at 3-hourly temporal
intervals for temperature and % degree daily intervals for precipitation. The forecast
length is 60 hours for temperature and 5 days for precipitation.

This study utilizes an optimization for the training length (number of days) to
arrive at the best results. The period of the study includes March-September 2006. The
metrics for the forecast evaluation include the mean absolute error, rms error, bias, and
equitable threat scores. The results show a significant improvement of the multimodel

superensemble compared to its member models and their ensemble mean.



CHAPTER 1
INTRODUCTION

1.1 Background and Thesis Objectives

Temperature and precipitation patterns affect everyone on the planet. In today’s
era, computer models are used to aid in forecasting temperature and precipitation on a
daily basis across the globe. Accurate temperature forecasts play a significant role in the
energy industry across the United States. According to an American Meteorological
Society forum on weather, climate, and energy, an improvement of temperature forecasts
by one degree Fahrenheit could decrease the annual cost of electricity by one billion
dollars in the United States (Rogers 2001). From a societal standpoint, extreme
temperatures and precipitation can have life or death consequences. The 1995 heat wave
in the United States killed well over 500 people in Chicago alone (Karl and Knight 1997).
Meanwhile, floods have been rated the number one natural disaster in the United States in
terms of property damage and lives lost (USGS Facts Sheet 2000). The purpose of this
study is to apply the FSU superensemble technique to regional, high resolution
temperature and precipitation forecasts (32 km resolution for temperature, % degree
resolution for precipitation) in order to gain greater accuracy in these areas over the

standard numerical models.

1.2 Previous Work

Much work has been done with the superensemble with many atmospheric
variables since it was first developed. An experimental numerical weather prediction
system was developed to forecast several variables such as geopotential heights, winds,
surface pressure, and precipitation. Forecasts for the mean sea-level pressure, 500 hPa
heights, surface winds, 850 hPa winds, and 200 hPa winds are made on a real-time basis.
Krishnamurti et al (2003, 2001) showed generally higher skills of the superensemble for
these variables over its global member models. These global models included the GFS

(NCEP), NOGAPS (U.S. Navy), GGEM (Canadian Weather Service), JMA (Japan



Weather Service), BMRC (Australian Weather Service), and different versions of the
FSU global spectral model. Cartwright (2004) applied the superensemble method to
mesoscale models for summertime precipitation over the southeastern quadrant of the
United States with increased skill. These included models such as the Operational ETA
(now discontinued), ETA with Kain-Fritsch convection, NCAR MM5, FSL RUC,
COAMPS, and the FSU Nested Regional Spectral Model. However, little to no effort has

been given to temperature forecasting at any resolution using the superensemble.

1.3 Organization of Thesis

This thesis is divided into five chapters. Chapter 2 will discuss the history and
give a description of the superensemble. Chapter 3 will discuss the datasets used for this
study. Chapter 4 will discuss the methodology, observed temperature and precipitation
patterns during the study, and the forecast results that were obtained. Finally, chapter 5

will discuss conclusions and possible future work based on the results.



CHAPTER 2
SUPERENSEMBLE HISTORY AND DESCRIPTION

2.1 Superensemble History

The multimodel superensemble forecast method was developed in 1998 by Prof.
T.N. Krishnamurti as a way to improve Atlantic tropical cyclone forecasts. It utilizes
past forecasts from a suite of member models in an effort to correct their biases and rank
their relative strength. This method has been demonstrated to produce tropical cyclone
forecasts that are generally better than any member model for a given time (Krishnamurti
et al. 1999).

The superensemble is a way to improve upon ensemble mean forecasting. It is
important to note that ensemble mean forecasting has been proven to be an alternative to
forecasts from a single model. In the area of tropical cyclone forecasting, Goerss (2000)
combined three dynamical models into an ensemble mean and demonstrated increased
skill over the majority of single models. An ensemble means involves a straight average
of all member models, whereby all models are assigned an equal weight. In the case of
the superensemble, member models are optimally, unequally weighted according to their
relative skills.

With the success of the superensemble in tropical cyclone forecasting, the
superensemble technique was expanded to include global numerical weather prediction
and climate forecasting (Krishnamurti et al. 2000a), as well as global precipitation
forecasting (Krishnamurti et al. 2000b). The results demonstrated high skill in these
areas as well. However, this thesis will only investigate regional, high resolution

forecasting of precipitation as well as temperature.

2.2 Superensemble Description

Unlike a normal ensemble mean, the superensemble also accounts for the member

model biases as well as their relative strengths based on their good and bad past



performances. The superensemble then assigns these models higher and lower weights
accordingly utilizing a multiple linear regression technique. Such a technique attempts to
reward more skillful models with higher weights and less skillful models with lower
weights (Williford 2002).

In order to accomplish this, the superensemble methodology divides multimodel
datasets into a training phase and a forecast phase. In the training phase, the forecast
fields are regressed against the observed fields using multiple linear regression at all grid
locations along the horizontal and vertical coordinates. The linear regression technique
uses a minimization function to limit the spread between the member model forecasts and

the observed state. This minimization equation is given by

N train o
O'=) > a,(F,—F)+e, @.1)
i=1 j=1

where Fj; is the i™ model forecast out of N total models, F_U is the mean of the i forecast

over the training period “train”, O’ is the observed anomaly relative to the observed mean

over the training period, a; is the i regression coefficient, and e; is an error term. The
(Fij'F_ij) term represents the forecast anomaly for model i at time j. The a; coefficients

are determined by minimizing the summed squared error over the training period

N
E= Z sf . In the global numerical weather prediction forecasts, Krishnamurti (2000a)
i=1

has noted that the member models performances vary from location to location. This can
arise from several factors, including treatment of physics, orography, lakes, land surfaces,
boundary conditions, etc. Inaccurate modeling of these factors can lead to systematic
errors in the member models, which the superensemble attempts to correct through the
regression coefficients a;. The obtained regression weights are then used in the forecast
phase to calculate the superensemble forecast. These regression weights, which are
calculated for every gridpoint in the domain, provide a collective bias correction of the
member models. This allows a superensemble forecast to have somewhat higher skill
compared to the ensemble mean and the best member model.

The length and selection of a given training dataset is an important part of

achieving a highly skillful forecast. For tropical cyclones, previous work indicates



between 50 and 75 forecast cases are required. For Atlantic tropical cyclones,
approximately two years of previous forecast cases are used. For the realtime,
operational, global numerical weather prediction, including precipitation, approximately
65 days of previous forecasts are used as training. However, these global numerical
weather prediction forecasts are on the order of 1 degree resolution. Krishnamurti et al.
(2001) demonstrated that selecting a training dataset with poor quality can degrade the
superensemble forecasts. For the high resolution forecasts of this thesis, a range of
training days was utilized in order to provide a sensitivity study on training required for
high resolution datasets, as well as the training required for the temperature variable.

In the forecast phase of the superensemble, the superensemble forecast S(t) is
determined utilizing data gathered in the training phase as well as current member model

forecasts. S(t) is given by
N train -
SO=0+)Y. Y a/(F,—F,), (2.2)
=l j-1
where O is the observed mean over the training period and the rest of the variable are
defined the same as above. The determination of the a; coefficients comes through an
error covariance matrix that is solved using singular value decomposition (SVD) as

described in Yun and Krishnamurti (2002). Figure 2.1 shows a schematic of the

superensemble technique.

TRAINING PHASE FORECAST PHASE

-
Multimodel —

Forecasts —
-

— Multimodel —
Forecasts —

—_—

_— ‘ _—
—_

~ Observed Analysis

—_—-
Superensemble

NO=-0=HD>-0

Figure 2.1 Schematic showing the training and forecast phases of the superensemble



The issue of how many member models are required for optimal skill of the
superensemble was addressed in Krishnamurti (2000a). Here, superensemble forecasts
were performed using between 1 and 7 models. The best performing member model was
added first, followed sequentially by the next best performing member model until finally
the worst model was added last. Figure 2.2 shows the results of the ensemble mean and
superensemble for the 850 hPa mean global wind RMS error. The errors of the ensemble
mean increase beyond 3 models due to less skillful models being added into the
ensemble. However, the errors of the superensemble do not increase in this manner due

to the bias correction and assignment of lower weights to these models.
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CHAPTER 3
DATASETS

3.1 Analysis Dataset for Temperature

A good training dataset begins with a good analysis dataset. For the temperature
portion of this study, the North American Regional Reanalysis (NARR) dataset was
employed in the superensemble training phase as well as forecast verification. The
NARR represents a major improvement to the earlier NCEP global reanalysis datasets for
both resolution and accuracy. Data is available from January 1979 to near present time at

3-hourly time steps. Its domain and topography are shown below in figure 3.1.

11111111
zzzzzzz
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77777777

5555555
1111111

uuuuuu

Figure 3.1 NARR domain and topography (scale in meters)

It employs an analysis system similar to the ETA model’s 3D-Var Data Assimilation
System (EDAS) that was operational in April 2003, although it utilizes additional
datasets for assimilation as described in Mesinger et al. (2005). It has a 32 km/45 layer
resolution. The 2-meter temperature fields from this dataset were utilized for this study
to represent the “observed” field. Mesinger et al (2005) also shows the gridded 2-meter
temperature fields to be superior to the gridded global reanalysis 2-meter temperature

fields in terms of RMS error, as shown in figure 3.2, and bias, as shown in figure 3.3.



This fact, combined with its high resolution, made the NARR dataset an ideal choice for

this study.
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Figure 3.2 Comparison of the RMS error of the first guess 2-m temperatures for the
NARR and Global Reanalysis for January 1988 (left) and July 1998 (right).
(Mesinger et al. 2005)
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Figure 3.3 Comparison of the bias of the first guess 2-m temperatures for the NARR
and Global Reanalysis for January 1988 (left) and July 1988 (right). (Mesinger et
al. 2005)



3.2 Analysis Dataset for Precipitation

For the precipitation portion of this study, the CMORPH daily 0.25 x 0.25 degree
lat/lon resolution dataset was employed in the superensemble training phase as well as
forecast verification. CMORPH represents a major improvement over previous
techniques that used microwave and infrared information. The improvement comes
through the use assembling, propagating, and morphing rainfall estimates from satellites
using passive microwave sensors. More specific details on this technique can be found in
Joyce et al (2004). Over the United States, Joyce et al. (2004) show the skill of
CMORPH, radar, and other satellite techniques that use microwave and infrared

information when compared to a rain gauge analysis as seen in figure 3.4.

RMSE Bias Score (rain area)
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Figure 3.4 RMS error and bias of rainfall estimation over the United States from
June 15 through November of 2003. The solid thick line is CMORPH, solid thin line
is radar, dotted line is MWCOMB (an ensemble mean of other satellite estimation
techniques), and other lines are blended microwave-IR techniques. From Joyce et
al. (2004)

Over the United States, radar and CMORPH analysis perform the best when compared
with the actual rain gauge measurements. However, the CMORPH analysis has superior
bias characteristics than radar over the second half of the period, which may be due to
beam blocking of the radar by the terrain in the western U.S. CMORPH outperforms the
other satellite estimation methods in almost every validation statistic except for bias
(Joyce et al. 2004). Figure 3.5 shows the distribution of daily rain rates among the rain

gauge, CMORPH, and MWCOMB.
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Figure 3.5 Daily rain rates over the United States from April-May of 2003.

At rainfall levels between 2 and 20 mm/day, all measurements detect less rainfall than
observed by the gauges. However, CMORPH has the closest estimate. Between 25 and
35 mm/day, CMORPH has a high bias while the other techniques have a low bias.
However, CMORPH is still the closest to the observed number of rainfall occurrences at
those thresholds. Beyond 45 mm/day, Joyce et al. (2004) states that the comparisons
should be viewed judiciously due to the well known tendency of objective analyses to

suppress high rainfall amounts because of the smoothing employed.

3.3 Model Datasets for Temperature

3.3.1 ETA Model

The ETA model is a hydrostatic mesoscale model that was run at NCEP with 12
km horizontal grid spacing and 50 vertical levels. The forecast length was 84 hours run
four times daily initialized at 00 UTC, 06 UTC, 12 UTC, and 18 UTC daily. The domain

is shown in figure 3.6.
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Figure 3.6 ETA domain. The plot shown is the 60-hour 2-meter temperature
forecast in degrees C from the 12 UTC March 1, 2006 run.

It uses a semi-staggered Arakawa E grid as the basis of its horizontal structure. The
topography is represented as discrete steps whose tops coincide with one of the model’s
50 vertical levels. The eta coordinate is used, which is defined according to equation 3.1a

and 3.1b.

N o T

Pet (3.1a)
_Pxlzlon

P (00, (3.1b)

In these equations, p is pressure, and the subscripts rf, s, and t refer to the reference
pressure, the model surface, and the model top, which is 50 hPa. The eta coordinate’s
advantage over the commonly used sigma coordinate becomes apparent over steep terrain
where problems arise in the pressure gradient force computation using the sigma
coordinate. These result in advection and diffusion errors, which are reduced using the
eta coordinate (Chuang and Manikin 2001). Figure 3.7 shows a schematic of the eta

coordinate system and topography representation in the model.
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Figure 3.7 Eta coordinate system and topography. Points 1 and 2 are raised and
lowered respectively to the .9 eta surface and point 3 is raised to the .8 eta surface.

The model uses the Eta Data Assimilation Scheme (EDAS), which is a 3DVAR
technique. Boundary conditions for the model are provided by 6 hour old GFS model
forecasts. The model also uses the Betts and Miller (1986) convective parameterization
scheme further modified by Janjic (1994). The 2-meter temperatures for the model are
calculated using the ETA post processor. A bulk layer parameterization of the surface-
layer consistent with the Mellor-Yamada Level 2.0 model is utilized in the model. Using
the Mellor-Yamada Level 2.0 model, Lobocki (1993) derived an equation for the surface
layer relating the potential temperature, , between two levels, z1 and z2 as given by
equation 3.2

Bz,)-8(z)) = %‘I’U(zis 2;.L)
(3.2)

where L = Monin-Obukhov scale, = constant coefficients, and x = von Karman

constant. The functions and  are integrated forms of similarity functions for

dimensionless differences of the quantity U or  across the layer z1 to z2. Specifically,

Z
@, (21,22, L) = 0,00) [ Z) + w5 (62) + i (Gy)]
' (3.3)
where 1s a constant, , and . For 2-meter temperatures, the height

z1 refers to the 2-meter level, and the height z2 refers to values in the first eta layer above

ground.
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3.3.2 WRF-ARW Model

This study also used the WRF-ARW model that is regularly run at NCAR. It was
configured to run at 22 km resolution with initialization of boundary conditions from a 40
km resolution ETA. The forecast length is 72 hours run twice daily at 00 UTC and 12
UTC. It uses WRF-var data assimilation, which is a 3DV AR data assimilation scheme.

The domain is shown in figure 3.8.

WRF—ARW Domain

8ra0S: COLAAGES 2007-05-08-21:43

Figure 3.8 WRF-ARW domain. The plot shown is the 60-hour 2-meter temperature
forecast in degrees C from the 12 UTC March 1, 2006 run.

It uses a terrain following, hydrostatic-pressure vertical coordinate defined by equation

2.1a and 2.10b.

1 = (ph—pht)/Y (2.1a)
M = phs—pht (2.1b)

where ph is the hydrostatic component of pressure, and phs and pht are values along the
surface and top boundaries, respectively (Skamarock et al. 2005). Unlike the eta
coordinate system used in the ETA model, this coordinate system is the traditional sigma
coordinate system used in many hydrostatic models. Figure 3.9 shows a schematic of the

sigma coordinate system.
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Figure 3.9 Sigma coordinate system. Unlike the eta coordinate, the sigma
coordinate is terrain following.

The 2-meter temperatures for the model are calculated using the WRF-RIP post
processor. The post processor uses a rough approximation of similarity theory. If the air
temperature at the lowest model layer is warmer than the ground temperature, then the 2-
meter temperature is set to be the lowest model layer temperature. If the air temperature
at the lowest model layer is colder than the ground temperature, then the 2-meter
temperature is equal to the average of the lowest model layer temperature and ground
temperature. This is significantly different and more simplistic than the ETA post
processor, and the skill scores suffer as will be shown later.
3.3.3 National Digital Forecast Database

This study also used the National Digital Forecast Database (NDFD) produced by
the National Weather Service. Although this is not automated forecast model, the output
is produced on a very high resolution 5 km grid that is compatible for use in the
superensemble. The forecast length for 2-meter temperature is 60 hours at 3-hourly time
steps and 156 hours at 6-hourly time steps. The NDFD is a compilation of forecasts from
all of the National Weather Service Weather Forecast Offices across the United States.
For each weather element at each forecast time step, the individual grids from the 117
WEOs across the continental United States are entered into the NDFD. These grids do

not overlap except for at a narrow boundary (Glahn and Ruth 2003). Figure 3.10 shows
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the domain of the NDFD, while figure 3.11 shows the locations and shapes of the 117
WEFOs.

NOFD Domain
80 hour NDFD forecast initialized March 1, 2008
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Figure 3.10 NDFD domain. The plot shown is the 60-hour 2-meter temperature
forecast in degrees C from a starting point of 12 UTC March 1, 2006.
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Figure 3.11 The locations and shapes of the 117 WFOs across the continental United
States that make up the NDFD.

Careful attention is given to minimizing any discontinuities of individual WFO forecasts
with each other at their boundaries. Collaboration on the forecasts is carried out on three
levels: NCEP and WFO, WFO and WFO, and a final automated quality control check of
the mosaic NDFD (Glahn and Ruth 2003).
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NCEP’s Hydrometeorological Prediction Center (HPC) provides digital guidance
in space and time to individual WFOs. HPC forecasters also analyze the NDFD to see if
any forecasts may need to be changed. If they feel a forecast may need updating, then
they can initiate collaboration with the affected WFO(s). Collaboration with HPC can
also be initiated by the WFOs. This collaboration helps to ensure a more accurate NDFD
product.

WEQOs also collaborate with each other. Forecast grids at a WFO are sent to
neighboring WFOs for simultaneous viewing. This allows for the discussion of the
forecast amongst neighboring WFOs to ensure boundary consistency.

Finally, the forecasts are automatically checked by software at the NDFD central
server. If a discontinuity greater than an agreed upon threshold is found, then the
affected WFOs are automatically notified and have the chance to modify their forecasts
in order to make them more compatible with the surrounding WFOs. HPC also has the
opportunity to view the forecasts and make suggestions at this stage (Glahn and Ruth

2003). This new forecasting process of preparing the NDFD is shown in figure 3.12.

New Forecasting Process
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Figure 3.12 The process of creating the NDFD. From Glahn and Ruth (2003).
3.4 Statistical Datasets for Temperature

Superensemble temperature forecasts were also compared to NCEP’s operational
Model Output Statistics (MOS) product at 6 stations across the country. MOS is an

objective technique which determines a statistical relationship between variables forecast
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by a numerical model and the predictand at a given forecast hour (Glahn and Lowry
1972). There are currently three versions of MOS in operation: NGM MOS, ETA MOS,
and GFS MOS. In the GFS and ETA versions of MOS, the statistical equations are
developed using multiple linear regression through forward selection. Equations are
developed for two phases of the year: warm and cold. The warm phase is defined to run
from April 1 to September 30, and the cold phase runs from October 1 to March 31. The
NGM and ETA MOS are available two times per day at 00 UTC and 12 UTC, while the
GFS MOS is available four times per day at 00 UTC, 06 UTC, 12 UTC, and 18 UTC.
NGM MOS provides a 60 hour forecast of several variables, including 2-meter
temperature, at 3 hourly time steps, while ETA and GFS MOS provide forecasts out to 72
hours at 3 hourly time steps. When compared to raw model output of 2-meter

temperature, MOS exhibits a lower mean absolute error (MAE), as shown in figure 3.13.
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Figure 3.13 Comparison of NGM MOS, GFS MOS, and GFS Direct Model Output
of 2-meter temperature from the 00 UTC cycle of the 2002-2003 cool season. Note
the MOS improvement over the raw model output. From Dallavalle (2004).

3.5 Model Datasets for Precipitation

3.5.1 Mesoscale Models
Two mesoscale models were included in the precipitation portion of this study:

the WRF-ARW and the NCAR MMS5. The WRF-ARW model was already described
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above. The NCAR MMS is a non-hydrostatic model run twice daily at 00 UTC and 12
UTC at NCAR. The model grid spacing is 30 km, and it produces forecasts out to 48

hours. The domain is shown below in figure 3.14.

MMS Domain
48 hour MM5 forecast initialized July 4, 2005
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Figure 3.14 NCAR MMS domain. The plot shown is the 48 hour accumulated
precipitation (mm) from the 12 UTC run initialized on July 4, 2005.

The model was initialized with the early ETA model fields from NCEP. The ETA model
also provides boundary conditions at 6-hour intervals. This MMS5 used a Kain-Fritsch
convective parameterization scheme that was developed specifically for mesoscale
modeling. This scheme includes the effects of downdrafts and has been shown to
organize convection owing to downdraft processes.
3.5.2 Global Models

Five global models were included as well for this study. Table 3.1 lists these
models as well as some of their characteristics, including horizontal and vertical
resolutions, various physical parameterization schemes, and the land surface schemes.
Overall, there is a strong diversity in these operational models in terms of these
characteristics. Some of the global operational centers are using more advanced versions
of these models presently. However, table 3.1 lists the model configurations that were

available at the time of this study.
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Table 3.1 Description of the global models used for precipitation.

Model Resolution Cumulus Param. PEL and Surface Radiation Land Surface Processes
Horizontal | Vertical Physics
BMRC | T239 29 Levels [ Kuo 1974 Stability  dependent | Radiative transfer | 1.Gravity ~ Wave  drag
upto 10hPa constatnt  flux  layer | (Schwarzkopf and Fels | parameterization
(Menin-Obukhov 1991) 2 Interactive Soil Moisture
similarity theoty) (Edwards and Slingo, | (bucket Type)
1996) 3. Land Albedo climatology
JMA T319 40 levels up | Prognostic Arakawa | Mellor Yamada Level | short wave (every hour ) | Simple Biosphere Model
to 0.4 hPa Schubert Cum. | 2, Monin-Obukhov | infraved (3 hourly), (SiB)
Param. (1974) similarity theory Gravity Wave drag
NCEP | T253 42 sigma | Pan and Wu (1994), | PBL  (Troen and | Long wawve computation | Gravity wave drag
levels up to |based on Arakawa | Mahrt 1986), | every 3 hours, short wave | SST: 3 day running mean
0.27 hPa Schubert as | roughness length by | every howr Schwarzkopf | Analysis
simplified by Grell | (Chamock, 1953) and | and Fels (1991). | Snow cover from NESDIS
(1993} Monin Obukhov | Harshvardhan et al (1989)
similarity theory
NEL T239 24 sigma | Relaxed Arakawa | After ECMWEF’s | Harshvardhan et al (1989) | Gravity wave drag (Palmer
levels up to 1 | Schubert (RAS) vertical mixing et al 1986)
hPa. 5 sigma | (Meorthi and Svarez, | parameterization SS8T .US Navy
levels below | 1992) (Louis et al 1982) Sfc Ice cover %age : NAVICE
850 hPa flux param. (Louis center weekly analysis
1979)
RPN T199 28 n levels [Kuo  type deep | 5fc layer based on | Solar and IR radiation | Gravity WaVE drag,
up to 10 hPa | convection scheme Monin-Obukhow interactive with water | Prediction of sfe
similarity theory vapor, CO; Oz  and | temperature  over  land
clouds (force-restore method)

In addition to the diverse resolutions and model physics, these global models also

have diverse data assimilation schemes. While all the models use roughly the same

surface based observations, the satellite observations used are different. NCEP and NRL

use the satellite based datasets in their 3DV AR data assimilation system. JMA
implemented 4DV AR in their global model starting in March 2005. RPN also has
4DVAR. On October 31, 2006, RPN made major changes to their model which included

increased horizontal and vertical resolution, improved physical parameterization,

improved condensation and precipitation, improved model physics, and a more

sophisticated ISBA (Interactions Soil Biosphere Atmosphere) surface scheme. They also

made an improvement of 40% in the efficiency of their 4DV AR data assimilation.

BMRC is still using a IDVAR in their global model, but plans are being made to change

to 3DVAR.
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CHAPTER 4
METHODOLOGY AND RESULTS

4.1 Methodology

4.1.1 Temperature

For temperature, the three gridded temperature forecast datasets (mesoETA,
WRF-ARW, NDFD) were re-gridded from their original horizontal resolutions to a
resolution of 32 km to match the analysis field resolution of the NARR. The re-gridding
was done using bi-linear interpolation in the GrADS software package. This allows for a
one to one comparison of the error results. The NDFD domain was utilized since that
domain represented the least common denominator amongst the datasets. (See Figure
3.10 shown earlier.) Once the three forecast datasets were re-gridded, an ensemble mean
of those was calculated and also included as a member model to the superensemble,
making a total of 4 member models used. The time period studied for temperature was
the spring months of 2006, March, April, and May. Three separate superensemble runs
were done for each day available during this period with each run utilizing a different
number of training days. Either 80, 110, or 140 days was used in order to help determine
the optimum number of training days. Each run consisted of a 2-meter temperature
forecast out to 60 hours at 3-hourly time steps at a 32 km resolution. For March 2006, a
training period ending on February 28 was used. For April 2006, a training period ending
March 31 was used. For May 2006, a training period ending April 30 was used. It is also
important to note that the training period was only updated once per month at the end of
each month and not on a daily basis. However, this did not appear to affect the quality of
the results in the latter half of each month, as will be shown later. Each forecast hour was
trained with member model data from that same forecast hour only. For instance, the
hour 3 forecast was trained with hour 3 member forecasts only, hour 24 with hour 24
member model data, hour 60 with hour 60, etc. Also, any day in the training phase or
forecast phase that did not have all member models present was excluded.

In addition to the three models and their ensemble mean that were used, the

NGM, ETA, and GFS MOS datasets were obtained for six stations across the U.S.:
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Tallahassee, FL, Baltimore, MD, Hibbing, MN, Lincoln, NE, Fresno, CA, and Lovelock,
NV. These stations were chosen for their differing geographical locations across the
country, as well as for an attempt to study the skill of the superensemble for different
regions using actual station data versus the model re-analysis data of the NARR.

Three skill statistics were calculated, including the mean error (bias), mean
absolute error (MAE), root mean square error (RMSE). A frequency check of how many
forecasts from each model had the lowest MAE was also completed. Equations for the

bias, MAE, and RMSE are given below in equations 4.1, 4.2, and 4.3.

il
Mean Error = %E(Ff ~ L)
=1 (4.1)
(4.2)
1 il
FMSE = JEZ (F -
= 4.3)

In these equations, N is the number of gridpoints, F is the forecast value, and O is the
observed value. The mean error statistic answers the question, “What is the average
forecast error?” However, it does not measure the magnitude of the errors, and it is
possible to get a perfect score and still have a poor forecast if there are compensating
errors in either direction. The MAE answers the question, “What is the average
magnitude of the forecast errors?” However, it does not indicate the direction of the
errors. The RMS error also answers the question, “What is the average magnitude of the
forecast errors?” However, unlike MAE, it puts greater emphasize on larger errors.
4.2.2 Precipitation

For precipitation, the five gridded global model precipitation forecasts shown in
table 3.1 were re-gridded from their original horizontal resolutions to a resolution of %
degrees to match the analysis field resolution of the CMORPH. Similar to temperature,
this allows for a one to one comparison of the error results. A domain centered over the

United States and Mexico was utilized, as shown below in figure 4.1.
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Figure 4.1 FSU Superensemble domain. The plot shown is the day 5 precipitation
(mm) forecast from the 12 UTC run initialized on August 1, 2006.

Once the five forecast datasets were re-gridded, an ensemble mean was calculated
for skill score comparisons later. However, unlike temperature, it was not included as a
member model for the superensemble. In addition to the five global models, two
mesoscale models were also used for comparison of skill, the NCAR MM5 and NCAR
WRF-ARW. These models were re-gridded to % degree horizontal resolution from their
original horizontal resolutions as well. The time period studied for precipitation was
June-September of 2006. The number of training days was set to 65 days during this
period. However, during the month of September, seven runs per day were done,
utilizing 65, 80, 95, 110, 125, 140, and 150 days of training in order to help determine the
optimum number of training days to use. Each run consisted of a 24 hour accumulated
precipitation forecast out to 5 days at ¥4 degree resolution. For June 2006, a training
period ending on May 31 was used. For July 2006, a training period ending on June 30
was used. For August 2006, a training period ending on July 31 was used. For
September 2006, a training period ending on August 31 was used. Like temperature, it is
important to note that the training period was only updated once per month at the end of
each month and not on a daily basis. However, this did not appear to affect the quality of
the results in the latter half of each month, as will be shown later. Also, any day in the

training phase or forecast phase that did not have all member models present was
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excluded. The skill score statistic used to validate the results was the equitable threat

score (ETS), which is given below in equation 4.4.

(4.4)
The ETS statistic answers the question, “How well did the forecast "yes" events
correspond to the observed "yes" events accounting for hits due to chance?” It measures
the fraction of observed and/or forecast events that were correctly predicted, and also
adjusts for any hits that may have been random chance. The ETS is often used in the
verification of rainfall in NWP models because its "equitability" allows scores to be

compared more fairly across different regimes.

4.2 Results

4.2.1 Spring 2006 Weather Pattern

The March 2006 weather pattern was dominated by troughing centered along the
west coast, ridging centered in the Mississippi Valley, and troughing just off the east
coast, as shown below in figure 4.2. As expected with this kind of upper level pattern,
temperatures were generally near or below the 30 year climatological normals in the
western U.S. and above the 30 year climatological normals in the central part of the
country (figure 4.3). Along the east coast, temperatures were at near the normals.
According to the National Climatic Data Center, March 2006 was the 37" warmest on
record out for the U.S. as a whole dating back to 1895. The preliminary national average
temperature was 6.7°C, or 0.8°C above the long term mean. Temperatures ranked
warmer than average for 23 states and colder than average for only California (figure

4.4).
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Figure 4.2 March 2006 500 mb heights and height anomalies. Note the negative
anomalies near the west coast and just off the east coast, indicating troughing, and
the positive anomalies in the center part of the country, indicating ridging.

Departure from Normal Temperature (F)
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Figure 4.3 March 2006 temperature anomalies across the U.S. compared to the
1961-1990 normals, courtesy of the High Plains Regional Climate Center

March 2006 Statewide Ranks

National Climatic Data Conter NESDISNOAA

Figure 4.4 March 2006 statewide temperature ranks using 1971-2000 normals,
courtesy of NCDC
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Precipitation anomalies across the country were highly variable in March 2006, except
for along the east coast where generally below normal precipitation was dominant (figure
4.5). According to the National Climatic Data Center, March had near average
precipitation on the national level, ranking 47th driest since 1895. However, March was
the driest on record for five eastern states, and twelve other eastern states were well
below normal in precipitation. Eighteen states were wetter than average, including one

state, Utah, with well above normal precipitation (figure 4.6).
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Figure 4.5 March 2006 precipitation anomalies across the U.S. compared to the
1961-1990 normals, courtesy of the High Plains Regional Climate Center

March 2006 Statewide Ranks
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Figure 4.6 March 2006 statewide precipitation ranks using 1971-2000 normals,
courtesy of NCDC

The April 2006 weather pattern was dominated by weak troughing along both
coasts of the U.S. and ridging in between (figure 4.7). Height anomalies were generally

positive for much of the country, and temperatures were at record levels (figure 4.8).
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According to the National Climatic Data Center, April 2006 was the warmest April on
record for the U.S. dating back to 1895. The preliminary nationally averaged temperature
was 13.6°C, which was 2.5°C above the 1901-2000 mean. All states were near or above
their long-term means. Temperatures were the warmest on record for two states, Texas

and Oklahoma, and above to much above normal for nearly all other states (figure 4.9).
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Figure 4.7 As in figure 4.2 but for April.
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Figure 4.8 As in figure 4.3 but for April.
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Figure 4.9 As in figure 4.4 but for April

The precipitation anomaly map for April is shown below in figure 4.10. The west-central
U.S. was generally above normal, while the northwestern, southwestern, and eastern
Rockies were generally below normal. According to the National Climatic Data Center,
April 2006 had near average precipitation nationally, ranking 45th wettest since 1895.
Four western states had much above normal rainfall, while Colorado saw much below

normal rainfall (figure 4.11).
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Figure 4.10 As in figure 4.5 but for April
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Figure 4.11 As in figure 4.6 but for April

The May 2006 weather pattern was dominated by ridging in the western U.S. and
troughing in the eastern U.S., as shown below in figure 4.12. As expected with this kind
of upper level pattern, temperature were generally at or above the 30 year climatological
normals in the western U.S. and at or below the 30 year climatological normals in the
eastern U.S (figure 4.13). According to the National Climatic Data Center, May 2006
was the fifth warmest May on record nationally since 1895. The preliminary nationally
averaged temperature was 17.6°C, which was 1.5°C above the 1901-2000 mean for the
month of May. Statewide temperatures ranked below normal in four states in the eastern

U.S. and much above normal throughout all of the southwestern U.S. (figure 4.14).
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Figure 4.12 As in figure 4.2 but for May.
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Figure 4.13 As in figure 4.3 but for May
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Figure 4.14 As in figure 4.4 but for May

The precipitation anomaly map for May is shown below in figure 4.15. Much of the
country featured below normal precipitation, with some notable exceptions in New
England, the Great Lakes region, and the California coast. According to the National
Climatic Data Center, May 2006 ranked 17th driest in the 1895-2006 record. Nebraska
and Towa received well below normal precipitation, while several New England states

received well above normal precipitation (figure 4.16).
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Figure 4.15 As in figure 4.5 but for May
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Figure 4.16 As in figure 4.6 but for May

4.2.2 Spring 2006 Temperature Forecast Results

In this section, the superensemble temperature forecast results are displayed.
Daily temperature forecasts were made out to 60 hours at 3-hourly time steps during the
spring months of March, April, and May of 2006. The figures that follow below show
the mean absolute error (mae), root mean square error (rmse), and mean error (bias) of
the member models as well as the superensemble for all days available. There were 29
days missing during this three month period, either due to corrupted member model data

or a lack of member model availability for that particular day, leaving 63 days available.
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March 2006 Mean Absolute Temperature Error
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Figure 4.17 MAE for temperature in degrees Celsius for the member models and
superensemble for March 2006

RMSE for Temperature for March 2006
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Figure 4.18 As in figure 4.17 but for RMSE

Mean Error (Bias) for Temperature for March 2006
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Figure 4.19 As in figure 4.17 but for bias
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Figure 4.20 As in figure 4.17 but for April
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Figure 4.21 As in figure 4.20 but for RMSE
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Figure 4.22 As in figure 4.20 but for bias
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May 2006 Mean Absolute Temperature Error
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Figure 4.23 As in figure 4.17 but for May

RMSE for Temperature for May 2006
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Figure 4.24 As in figure 4.23 but for RMSE

Mean Error (Bias) for Temperature for May 2006
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Figure 4.25 As in figure 4.23 but for bias
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Bias in Degrees Celcius
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Spring 2006 Mean Absolute Temperature Error
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Figure 4.26 As in figure 4.17 but for Spring

RMSE for Temperature for Spring 2006
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Figure 4.27 As in figure 4.26 but for RMSE

Mean Error (Bias) for Temperature for Spring 2006
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Figure 4.28 As in figure 4.26 but for bias
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Figure 4.29 The number of days during March, April, and May for each forecast
hour that each member model and the superensemble had the lowest MAE. The
superensemble consistently had the lowest MAE during every forecast hour for the

time period studied. There were 63 days available for study.
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Figure 4.30 The total number of forecasts during March, April, and May that each

member model and the superensemble had the lowest MAE. The time step was not
considered here, which means there were 63 days * 20 forecasts/day = 1260 forecasts

available. The superensemble had the lowest MAE in 1183 forecasts, or 93.9% of

the time.
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These figures clearly show the superensemble having superior MAE and RMSE
statistics as well as very strong bias scores, both from month to month and overall. The
WRF-ARW experienced a consistent cold bias throughout the entire forecast period,
which was most prevalent during the afternoon and evening hours of the forecast, i.e.
hours 6, 9, 12, 30, 33, 36, 54, 57, and 60. The ETA exhibited very little bias. However,
its other error MAE and RMSE scores exhibited considerably higher error than those of
the superensemble. The NDFD exhibited a very systematic, sinusoidal bias of being too
warm overall during the daylight hours and too cold overall during the nighttime hours.
This is consistent with over predicting the magnitude of the regular diurnal cycle. The
ENSM was a blend of these biases with a slightly better MAE and RMSE score overall
than the other member models, although the superensemble was still lower. The NDFD
MAE and RMS errors were surprisingly high, considering that the human forecasters
who create the NDFD use the ETA model as part of their guidance, which showed lesser
errors than that of the NDFD. This was not an expected result, and it prompted further
investigation into possible causes for this result.

The primary cause of this result is likely due to the verification method employed
in this study. This study used the NARR 2-meter temperatures as the “observed” for both
the training and verification phases. While the NARR has the advantage of being a fully
gridded dataset with temperature values at every gridpoint in the domain, the
disadvantage is that the NARR is still a computer re-analysis, and as such it does not
always represent the real temperature data from individual observing stations across the
United States. The National Weather Service publishes verification of the NDFD using
1222 observing sites across the U.S. While one disadvantage over the NARR is that the
entire grid cannot be verified using that method, the advantage is that the verification
method does employ actual station observations. MAE and bias of the NDFD were
compared using the NWS verification method and verification using the NARR. Results
are shown below for each forecast hour in figures 4.30 through 4.33. In addition, six
stations were chosen across the country to study the verification patterns of all the models
plus the NWS Model Output Statistics (MOS) product discussed earlier in Chapter 3.
Real data from those stations was taken for comparison to the NARR gridpoints where

those stations are located.
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Spring 2006, NARR NDFD vs NWS NDFD Verification

—s—MDFD_NARR
—m— NDFD_NWYS

Mean Absolute Error in Degrees

3 b 9 12 18 1w\ 21 2 ;30 33 3/ 32 42 45 48 41 54 &7 6D

Forecast Hour

Figure 4.31 Comparison of MAE of the NDFD using the NARR grid as the
“observed” and using the NWS station data from 1222 sites as the “observed”.
NARR verification shows a higher MAE at all forecast hours except hour 51.

Difference of NARR and NWS NDFD MAE's (NARR - NWS) for Spring 2006
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Figure 4.32 Similar to figure 4.30, except the MAE’s were subtracted (NARR-
NWS). Note the steady decline in the difference between MAE’s as the forecast
hour increases.
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Spring 2006, NARR vs NWS Bias Scores for NDFD for Temperature
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Figure 4.33 Comparison of bias of the NDFD using the NARR grid as the
“observed” and using the NWS station data from 1222 sites as the ‘“observed”.
NARR verification shows a higher bias during all daytime forecast hours and shows
a lower bias during all the nighttime forecast hours when compared to the NWS
verification. Forecasts started at 12 UTC so hour 3 would be valid at 15 UTC, etc.

Difference in NARR and NWS NDFD Bias Score for Spring 2006 (NARR-NWS) for Temperature
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Figure 4.34 Similar to figure 4.32, except the biases were subtracted (NARR-NWS).
This further illustrates the sinusoidal, persistent daytime/nighttime differences in
verification techniques.
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These charts show that while the MAE values do converge in the later forecast hours, the
bias values exhibit very systematic differences. These differences in biases are likely
caused by differences in the treatment of the diurnal cycle. The NARR re-analysis itself
may have some systematic bias in the diurnal cycle, as evidenced by being too high
during the daytime hours and too low during the overnight hours, suggesting an overall
over prediction in magnitude when compared to actual station observations.

Further investigation into the differences in the NARR analysis vs actual station
data was done by utilizing temperature data from six different stations across the United
States: Tallahassee, FL; Baltimore, MD; Hibbing, MN; Lincoln, NE; Fresno, CA; and
Lovelock, NV. A single forecast hour was chosen at random for each of the stations. For
this forecast hour, all member models, the superensemble, the NWS MOS products, and
the NARR were all compared to the reported station temperatures during the period using
both MAE and bias. Results for the six stations are shown in the following figures. In all
of the plots, the superensemble is the middle, purple bar. All bars to the left of the
superensemble were included as member models, while all bars to the right were not
included in the superensemble as member models. Three different ensemble means were
calculated and shown in addition to the superensemble: the ensemble mean of the
original member models (also a member model, shown immediately left of the
superensemble), the ensemble mean of the MOS guidance (shown as the third bar from
the right in the left plot...fourth bar from the right in the right plot), and the ensemble
mean of all models and MOS shown except superensemble and NARR (shown as the

second bar from the right in the left plot...third bar from the right in the right plot).
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Forecast Hour 60 MAE for Tallahassee, FL Using NARR Temperatures Forecast Hour 60 MAE for Tallahassee, FL Using Actual Temperatures
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Figure 4.35 The 60 hour forecast MAE results for Tallahassee, FL. from both the NARR dataset (left graph) and the station
data (right graph).

Forecast Hour 60 Mean Error (Bias) for Tallahassee, FL Using NARR Temperatures Forecast Hour 60 Mean Error (Bias) for Tallahassee, FL using Actual Temperatures
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Figure 4.36 The 60 hour forecast bias results for Tallahassee, FL from both the NARR dataset (left graph) and the station data
(right graph).
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Forecast Hour 42 MAE for Baltimore, MD Using NARR Temperatures Forecast Hour 42 MAE for Baltimore, MD using Real Temperatures
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Figure 4.37 The 42 hour forecast MAE results for Baltimore, MD from both the NARR dataset (left graph) and the station
data (right graph).

Forecast Hour 42 Mean Error (Bias) for Baltimore, MD Using NARR Temperatures Forecast Hour 42 Mean Error (Bias) for Baltimore, MD using Actual Temperatures
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Figure 4.38 The 42 hour forecast bias results for Baltimore, MD from both the NARR dataset (left graph) and the station data
(right graph).
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Forecast Hour 24 MAE for Hibbing, MN Using NARR Temperatures
Forecast Hour 24 MAE for Hibbing, MN Using Actual Temperatures
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Figure 4.39 The 24 hour forecast MAE for Hibbing, MN from both the NARR dataset (left graph) and the station data (right
graph).

Forecast Hour 24 Mean Error (Bias) for Hibbing, MN Using NARR Temperatures
Forecast Hour 24 Mean Error (Bias) for Hibbing, MN Using Actual Temperatures
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Figure 4.40 The 24 hour forecast bias for Hibbing, MN from both the NARR dataset (left graph) and the station data (right
graph).
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Forecast Hour 33 MAE for Lincoln, NE Using NARR Temperatures Forecast Hour 33 MAE for Lincoln, NE Using Actual Temperatures
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Figure 4.41 The 33 hour forecast MAE for Lincoln, NE from both the NARR dataset (left graph) and the station data (right
graph).

Forecast Hour 33 Mean Error (Bias) for Lincoln, NE Using NARR Temperatures Forecast Hour 33 Mean Error (Bias) for Lincoln, NE for Actual Temperatures
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Figure 4.42 The 33 hour forecast bias for Lincoln, NE from both the NARR dataset (left graph) and the station data (right
graph).
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Forecast Hour 57 MAE for Fresno, CA Using NARR Temperatures Forecast Hour 57 MAE for Fresno, CA Using Actual Temperatures
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Figure 4.43 The 57 hour forecast MAE for Fresno, CA from both the NARR dataset (left graph) and the station data (right
graph).
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Figure 4.44 The 57 hour bias for Fresno, CA from both the NARR dataset (left graph) and the station data (right graph).
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Figure 4.45 The 51 hour MAE for Lovelock, NV from both the NARR dataset (left graph) and the station data (right graph).
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Forecast Hour 57 Mean Error (Bias) for Lovelock, NV Using Actual Temperatures
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Figure 4.46 The 51 hour bias for Lovelock, NV from both the NARR dataset (left graph) and the station data (right graph).
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There are several things to note from each of these cases. In every case, the MAE in
general was lower for all models using the NARR as the observed dataset. For the MOS,
the scores were also lower in every case using the NARR, except for Tallahassee, where
using the actual station temperature produced a lower MAE for the MOS. Since the
MOS uses a form of bias correction to the raw model output using actual station
information, it is interesting that in most cases studied, the actual station temperature data
produced a higher MAE than the model derived re-analysis data of the NARR. It was
expected that the MOS would exhibit a lower MAE using the actual station data since
that data is used for its bias correction. Instead, a lower MAE was obtained using NARR
data. The model error statistics performed as expected. Using the NARR produced
lower a MAE for the models, and this was expected since the NARR is a re-analysis that
uses some model information. With the exception of Tallahassee, the NDFD also
exhibited a lower MAE using the NARR. For Tallahassee, the NDFD MAE was
significantly lower using the actual station data, which could indicate that forecasters
there have a good handle on local conditions at TLH. The superensemble skill is tied
heavily to the bias of the NARR when compared to the real station data. While the
superensemble performed very well for the individual stations studied using the NARR
analysis (lowest or second lowest MAE amongst its member models in every case), its
performance was mixed when using the station data. When the NARR bias is closer to
zero such as in the case of Hibbing, Lincoln, and Lovelock, then the superensemble
performance using the station data is very good. When the NARR has a significant bias
such as in the case of Fresno, then the superensemble does rather poorly when compared
to the station data. However, it is important to note that the superensemble did very well
for Fresno when using the NARR to verify. This behavior in verification scores is likely
due to the fact that the superensemble used the NARR data as the “observed” during its
training phase, and thus it indirectly inherits whatever biases that the NARR may contain.
A final superensemble experiment was done with temperature to look at how
sensitive the results are to the number of training days used. In all of the above figures,
110 days of training were used in the superensemble. In the following three figures of

MAE, RMSE, and bias, the number of training days was varied between 80 and 140 days
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to see if there was any noticeable difference in skill. Very little difference was found, as

illustrated in the following figures.

MAE of Superensembles with Varying Numbers of Training Days for Spring 2006
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Figure 4.47 MAE for temperature in degrees Celsius for the superensemble at 80,
110, and 140 days of training for March, April, and May 2006

RMSE of Superensembles with Varying Numbers of Training Days for Spring 2006
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Figure 4.48 As in figure 4.47 but for RMSE
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Bias of Superensembles with Varying Numbers of Training Days for Spring 2006
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Figure 4.49 As in figure 4.47 but for bias

There is a slight tendency for the 140 day superensemble to perform best at later forecast
hours, and a slight tendency for the 80 day superensemble to perform best at the earlier
forecast hours. However, the improvement is on the order of hundredths of a degree in
either direction, which makes it seem rather insignificant.
4.2.3 June, July, August, September Weather Pattern

The June 2006 weather pattern was dominated by ridging in the western U.S. and
near Bermuda and weak troughing on the east coast and out into the Pacific Ocean (figure
4.49). As expected with this kind of upper level pattern, temperatures were generally
above to much above the 30 year climatological normals in the western half of the U.S.
and near the 30 year climatological normals in the eastern U.S (figure 4.50). According
to the National Climatic Data Center, June 2006 was the second warmest June in the
1895-2006 record. The preliminary nationally averaged temperature was 22.1°C, which
was 1.4°C above the 1901-2000 June mean. Temperatures ranked much above average

for 13 states and below average for 5 states (figure 4.51).
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Figure 4.50 As in figure 4.2 but for June
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Figure 4.51 As in figure 4.3 but for June
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The precipitation anomaly map for June is shown below in figure 4.52. Precipitation
across the country was generally above normal in the eastern, southwestern, and
northwestern U.S. and near to below normal elsewhere. According to the National
Climatic Data Center, June had well below normal precipitation for the country as a
whole, ranking 25" driest sense 1895. However, by region, the northeastern U.S. had its

second wettest June on record (figure 4.53).
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Figure 4.53 As in figure 4.5 but for June
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Figure 4.54 As in figure 4.6 but for June
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The July 2006 weather pattern was dominated by a large ridge centered in the
Rocky Mountains. Heights at 500 mb were at or above normal throughout the entire
United States as shown below in figure 4.54. This produced record or near record
warmth over much of the country during the month (figure 4.55). According to the
National Climatic Data Center, July 2006 was the second warmest July in the 1895-2006
record. The preliminary nationally averaged temperature was 25.1°C. The record
warmest July was set in 1936, with an average temperature of 25.3°C for the nation.
Temperatures ranked above normal in the contiguous U.S. in all states except four, and

Wyoming experience its warmest July on record (figure 4.56).
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Figure 4.55 As in figure 4.2 but for July
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Figure 4.56 As in figure 4.3 but for July
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July 2006 Statewide Ranks
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Figure 4.57 As in figure 4.4 but for July

The precipitation anomaly map for July is shown below in figure 4.58. Precipitation
anomalies across the country were variable. The southwestern and northeastern
quadrants of the country were generally above normal, while the northern tier states were
generally below to much below normal. According to the National Climatic Data Center,
July had below-average precipitation nationally, ranking as the 26th driest July in the
1895-2006 record. An average of 66 mm fell over the contiguous U.S. in July, 8 mm

below the 20th century mean for the month (figure 4.59).
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Figure 4.58 As in figure 4.5 but for July
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July 2006 Statewide Ranks
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Figure 4.59 As in figure 4.6 but for July

The August 2006 weather pattern was dominated by ridging in the central part of
the country and troughing off the east coast near Newfoundland, as shown in figure 4.60.
As expected with this kind of pattern, above normal temperatures dominated in the
middle and eastern part of the country, with below normal temperatures in the extreme
northeastern part of the country in association with the mean trough near there. The
western states generally had near normal temperatures. The temperature anomaly map is
shown in figure 4.61. According to the National Climatic Data Center, August 2006 was
the 11th warmest August in the 1895-2006 record. The preliminary nationally averaged
temperature was 23.6°C. The record warmest August was set in 1983, with an average
temperature of 24.3°C for the nation. Fourteen states were much-warmer-than-normal.
North Carolina experienced its second warmest August on record, while Maine and New
Mexico both were the only two states that were cooler-than-normal for the month. The

statewide rankings for August 2006 are shown in figure 4.62.
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Figure 4.60 As in figure 4.2 but for August
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Figure 4.61 As in figure 4.3 but for August

August 2006 Statewide Ranks

National Climatic Dats CanterNESDISNOAA

Figure 4.62 As in figure 4.4 but for August

The precipitation anomaly map for August is shown below in figure 4.63. The far
western part of the country was below normal, while the central part of the country was
above normal. New Mexico experienced its wettest August on record since 1895. The
eastern part of the country was generally near normal, with the exception of Maryland.

According to the National Climatic Data Center, August 2006 ranked as the 17th wettest
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August in the 1895-2006 record. An average 75 mm fell over the contiguous U.S. in
August, which is 10 mm above the 20th century mean for the month. The statewide
precipitation rankings are shown in figure 4.64.
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Figure 4.63 As in figure 4.5 but for August
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Figure 4.64 As in figure 4.6 but for August

The September 2006 weather pattern was dominated by ridging off the west coast
of the U.S. and troughing centered in the Mississippi Valley as shown in figure 4.65.
Temperatures were generally below normal across most of the country, with the
exception of the Pacific Northwest states, where slightly above normal temperatures were
present. The temperature anomaly map for September 2006 is shown in figure 4.66.

According to the National Climatic Data Center, September 2006 was the 31st coolest
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September in the 1895-2006 record. The preliminary nationally averaged temperature

was 18.2°C. Temperatures ranked above normal in only five states, with the remaining

states in the contiguous U.S. near or below normal for the month. The statewide rankings

are shown in figure 4.66.
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Figure 4.65 As in figure 4.2 but for September
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Figure 4.66 As in figure 4.3 but for September
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Figure 4.67 As in figure 4.4 but for September
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The precipitation anomaly map for September 2006 is shown in figure 4.68.
Precipitation anomalies across the country were highly variable. The west coast
generally had below normal precipitation, while the Ohio Valley generally had above
normal precipitation. The rest of the country saw a mix of below normal, near normal,
and above normal precipitation. According to the National Climatic Data Center,
September 2006 had above-average precipitation nationally, ranking as the 37th wettest
September in the 1895-2006 record. An average of 68 mm fell over the contiguous U.S.
in September, 5 mm above the 20th century mean for the month. One state, Kentucky,
had its wettest September on record. Figure 4.69 shows the statewide ranking of
precipitation for the month.
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Figure 4.68 As in figure 4.5 but for September
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Figure 4.69 As in figure 4.6 but for September
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4.2.4 June, July, August, September 2006 Precipitation Forecast Results

In this section, the superensemble precipitation forecast results are displayed.
Daily precipitation forecasts were made out to 5 days at 24-hour time steps during the
months of June, July, August, and September of 2006. There were 9 days missing during
the 4 month period, either due to corrupted member model data or a lack of member
model availability for that particular day, leaving 113 days available for this study. The
figures that follow show the equitable threat score (ETS) of the member models as well
as the ensemble mean and superensemble for each forecast period for all days available

using the domain shown previously in figure 4.1.

Day 1 Equitable Threat Score, June-September 2006, North American Region
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Figure 4.70 Equitable Threat Score for the Day 1 precipitation forecast during the
June-September period

Day 2 Equitable Threat Score, June-September 2006, North American Region
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Figure 4.71 Equitable Threat Score for the Day 2 precipitation forecast during the
June-September period
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Day 3 Equitable Threat Score, June-September 2006, North American Region
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Figure 4.72 Equitable Threat Score for the Day 3 precipitation forecast during the
June-September period

Day 4 Equitable Threat Score, June-September 2006, North American Region
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Figure 4.73 Equitable Threat Score for the Day 4 precipitation forecast during the
June-September period
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Day 5 Equitable Threat Score, June-September 2006, North American Region

Threshold (mm)

Figure 4.74 Equitable Threat Score for the Day 5 precipitation forecast during the
June-September period

At the 2 mm/day threshold (includes all precipitation 2 mm/day and greater), the
superensemble shows the greatest skill throughout all five days. The same goes for the 5
mm/day threshold. At heavier thresholds of 10 mm/day and 25 mm/day, the
superensemble results are also good, although all models have very low skill beyond the
25 mm/day threshold. The superensemble also exhibits superior skill over the ensemble
mean at the trace amount threshold of 0.2 mm/day. As an example, figures 4.74 and 4.75
below show the remarkable consistency of the improvement of the superensemble over
the member models at the 2 mm/day threshold for the day 1 forecast.

Day 1 Equitable Threat Score, 2 mm Threshold, June-September 2006, North American Region

——hmrc

——jma

—n
—ncep
—enn
—sup_BSdays

105 9 1317 21 2529 33 I 41 45 49 53 57 61 65 69 73 77 01 ©5 B9 93 97 101105109 113
Day

Figure 4.75 Equitable Threat Score for the 2 mm/day threshold for Day 1
precipitation forecasts during the June-September period
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Figure 4.76 Number of times all models had the highest equitable threat score for
the 2 mm/day threshold for Day 1 precipitation forecasts during the June-
September period

It is important to note that all of the member models in this superensemble were
downscaled global models. Their resolution was downscaled to % x %4 degree so that the
superensemble also output forecasts at the same %4 x %4 degree resolution. The
downscaling occurred from an original resolution of 1 degree for each model. The skill
of these downscaled, high resolution global models was compared with two mesoscale
models: the MMS and WRF-ARW, as described in chapter 3. The MMS5 mesoscale
model only produces a 2 day forecast, so only forecasts up to 2 days could be compared.
One month of mesoscale model data (August) was obtained for the comparison. The
domain of these mesoscale models was also smaller than the original domain used for the
superensemble runs, so the domain had to be altered to match the WRF-ARW domain

shown in figure 3.8, the smallest domain. ETS scores for days 1 and 2 are shown below.
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Day 1 Equitable Threat Score, August 2006, WRF-ARW Domain
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Figure 4.77 Equitable Threat Score for the Day 1 precipitation forecast during the
August period for WRF-ARW domain with mesoscale models added to chart

Day 2 Equitable Threat Score, August 2006, WRF-ARW Domain
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Figure 4.78 Equitable Threat Score for the Day 2 precipitation forecast during the
August period for WRF-ARW domain with mesoscale models added to chart
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These charts would suggest that the skill of these two mesoscale models at high
resolutions is actually less than the skill of most of the global model precipitation output
downscaled to the same high resolution. These mesoscale models were not added to the
superensemble as member models, but rather they are shown for comparison purposes.
With the domain changing somewhat from the larger domain used before, as well as the
time period of the forecast changing (August vs June-September previously), the skills of
all models changed somewhat as compared to the other ETS plots for days 1 and 2.
However, the superensemble still shows high skill, with a peak in skill relative to the
member models and ensemble mean now occurring at the 5 mm/day threshold rather than
the 2 mm/day threshold seen in the larger domain.

Finally, a sensitivity experiment on the number of training days was run for high
resolution precipitation. In all of the figures above, the superensemble output shown was
run using 65 days of training. In order to see what affect the number of training days
might have on high resolution runs, a range of runs was done for September, utilizing 65,
80, 95, 110, 125, 140, and 150 days of training. The figures below show the equitable
threat score results. Very little difference in skill was noted between 65 and 150 days of

training. The small changes between runs were negligible in either direction.

Day 1 Equitable Threat Scores for September 2006 Using Different Numbers of Training Days
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Figure 4.79 Day 1 Equitable Threat Score for the superensemble at 65, 80, 95, 110,
125, 140 and 150 days of training for September 2006
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Day 2 Equitable Threat Scores for September 2006 Using Different Numbers of Training Days
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Figure 4.80 Day 2 Equitable Threat Score for the superensemble at 65, 80, 95, 110,
125, 140 and 150 days of training for September 2006

Day 3 Equitable Threat Scores for September Using Different Numbers of Training Days
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Figure 4.81 Day 3 Equitable Threat Score for the superensemble at 65, 80, 95, 110,
125, 140 and 150 days of training for September 2006

64



Day 4 Equitable Threat Scores for September 2006 Using Different Numbers of Training Days
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Figure 4.82 Day 4 Equitable Threat Score for the superensemble at 65, 80, 95, 110,
125, 140 and 150 days of training for September 2006

Day 5 Equitable Threat Scores for September 2006 Using Different Numbers of Training Days
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Figure 4.83 Day 5 Equitable Threat Score for the superensemble at 65, 80, 95, 110,
125, 140 and 150 days of training for September 2006
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CHAPTER 5
CONCLUSIONS AND FUTURE WORK

5.1 Conclusions

This study has evaluated mesoscale superensemble forecasts of temperature and
precipitation across the United States and North America. Real time operational and
research mesoscale model forecasts were used to create the mesoscale superensemble
forecasts for temperature in an effort to better predict daily temperatures at 3-hourly time
spans. The average improvement in mean absolute error over all 60 hours was 0.20
degrees Celsius, or 0.36°F. Based on the information researched in Chapter 1 that stated
a 1 billion dollar savings in electricity costs per year in the United States for every 1°F
improvement in temperature forecasts, this could theoretically save 360 million dollars
per year in electricity costs if the improvement was consistent throughout the entire year
and it was shown to improve as much on the actual station temperatures as it does on the
NARR dataset temperatures. Precipitation forecasts also showed consistently high
equitable threat scores throughout the forecast period. With floods rated as the number
one natural disaster in the United States in terms of property damage and lives lost, these
improved precipitation forecasts would help to provided better warning of impending

danger.

5.2 Future Work

Future work should include expanding the runs to include an entire year to see if
the same consistency in improvement can be demonstrated from season to season. Also,
a database of stations and actual station temperatures should be collected and used as
training for specific station by station superensemble forecasts instead of superensemble
forecasts on a full grid using computer re-analysis data. If the temperature improvement
can be shown to be valid on actual station temperatures using station temperature
training, then significant economic savings in the weather-sensitive industries could be

gained using the FSU superensemble.
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