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ABSTRACT 

 

 
 

With current computational limitations, the accuracy of high resolution precipitation 

forecasts has limited temporal and spatial resolutions.   Forecast accuracy drops dramatically 

after a 24 hour forecast.  Current operational mesoscale models run only to 48-72 hours.  

However, with the recent development of the superensemble technique, the potential to improve 

precipitation forecasts at the regional resolution exists.  The purpose of this study is to apply the 

superensemble technique to regional precipitation forecasts to generate more accurate forecasts 

pinpointing exact locations and intensities of strong precipitation systems.  This study will 

determine the skill and predictability of a regional superensemble forecast out to 60 hours. 

Precipitation results were stratified by time of day to allow detections of the diurnal 

cycle.  As expected, warm season daytime precipitation is commonly forced by convection 

which is difficult to accurately model.  Results were also stratified by lead time which reveals 

how quickly the forecasts degrade in time.  Currently, mesoscale models such as those utilized in 

the ensemble are approaching the limits of precipitation predictability.  Major synoptic regimes, 

including subtropical high, mid-latitude trough/front, and tropical cyclone, were examined to 

determine the skill of the superensemble under various synoptic conditions. Finally, different 

rainfall intensities were examined which revealed the superensemble forecast significantly 

improved the forecast at significant rainfall amounts.   

The regional superensemble consists of 12 to 60-hour daily quantitative precipitation 

forecasts from 6 models.  Five are independent operational models, and one comes from the 

physical-initialized FSU regional spectral model.  The superensemble forecasts are verified 

during the summer 2003 season over the southeastern US using a merged RFC Stage IV 

radar/gauge and satellite analyses.  Precipitation forecasts were skillful in outperforming the 

operational models at all model times.  Skill measurements that were examined include ETS, 

Bias, FAR, and POD.   
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CHAPTER 1 

INTRODUCTION 

 

 

1.1 Overview 

 
Where is it going to rain tomorrow?  This is the timeless question that faces numerical 

modelers.  In recent years, quantitative precipitation forecasts (QPF) have improved their skills 

because of increases in resolution (e.g. Black 1994).   Summertime QPFs remain a challenge 

because convective rainfall is poorly predicted (e.g., Olson et al. 1995; Stensrud et al. 2000).  

These studies speculate that the poor predictions of summer QPF is because many of the physical 

processes occur on too small scales to be resolved by operational models (Kain and Fritsch 1992; 

Stensrud and Fritsch 1994).  The resulting reliance on various parameterization schemes 

introduces error into the forecast for convective rainfall.  These parameterization schemes 

include convection, boundary layer processes, radiation, evapotranspiration, and cloud 

microphysical processes.  Numerical models have problems simulating summertime convection 

in the correct location and time because of the small scale nature of the features that act to 

initiate convection (Kain and Fritsch 1992, Stensrud and Fritsch 1994a,b, Toth et al. 1998, 

Buizza et al. 1999a).  However, with the recent development of the superensemble technique, 

summertime tropical QPFs have dramatically improved at the global model resolution 

(Krishnamurti et al. 2000).  The purpose of this study is to apply the superensemble technique to 

regional precipitation forecasts in order to generate more accurate forecasts pinpointing exact 

locations of strong precipitation systems.  This study will determine the skill and predictability of 

the high resolution superensemble forecast out to 60 hours. 



  

 

 

2

 When increasing the horizontal resolution of model forecasts, caution must be used when 

comparing the objective scores of models with different resolutions.  Even when increased 

resolution produces better resolved mesoscale structures, the increase in the possibility of space 

and temporal errors often leads to a larger root mean squared error than smoother low resolution 

model forecasts.  This is generally known as the �double penalty� problem (Anthes 1983 and 

Mass et al. 2002).   An increase in resolution often serves to penalize the model�s objective score 

because of increased �opportunity� to 1) miss the forecast and 2) forecast a miss.  Several 

techniques are used to try and circumvent the double penalty problem, such as �hedging� and 

object oriented verification.  A hedged forecast is one in which the finer scaled model forecast is 

smoothed to a lower resolution before applying the deterministic scores.  A hedged regional 

superensemble forecast is compared with the global superensemble in Chapter 4.    

 Different verification schemes have been developed to evaluate the relative improvement 

of forecast predictions even when they might suffer from the �double penalty� problem if 

traditional verification tools were used.  After all, the quality of a precipitation forecast can be 

determined by visual inspection.  Does the forecast look right?  Is it in the right place?  Does the 

forecast have the correct size, shape, mean value, and max value?  Does it have the correct 

spatial variability?  No single traditional scoring technique addresses all of these issues.  

Traditional continuous grid-point statistics typically score mean values and maximum values.  

Recent object oriented verification statistics attempt to address multiple spatial issues that cannot 

be evaluated with traditional grid-point statistics.  Section 1.4 addresses issues associated with 

various scoring procedures.  This study will rely on the combined analysis of multiple grid-point 

based scoring techniques with anticipation of future work to analyze the objectively obtained 

scoring values. 

 

1.2 Current Superensemble Applications 

 

The superensemble approach is a recent contribution to the general area of weather and 

climate forecasting and has been discussed in a series of publications (Krishnamurti et al. 1999, 

2000a, 2000b and 2001).  The novelty of this approach lies in the methodology, which differs 
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from ensemble analysis techniques used elsewhere. This method yields forecasts with 

considerable reduction in forecast error compared to the errors of the member models, the �bias-

removed� ensemble averaged forecasts, and the ensemble mean.  This technique entails the 

partition of a time line into 2 parts. One part is a �training� phase, where forecasts by a set of 

member models are compared to the observed or the analysis fields with the objective of 

developing a statistics on the least squares fit of the forecasts to the observations.   Specifically, 

observed anomalies are fit to the member model forecasts according to the following 

relationship: 

i

N

i

ijiji

train

j

FFaO ε+−=∑∑
= =1 1

)(' ,        (1.1) 

where ijF is the ith model forecast (out of N total models), ijF is the mean of the ith forecast over 

the training period (train), O´ is the observed anomaly relative to the observed mean over the 

training period (train), the ia  values represent the regression coefficients and ε i  is an error term.  

The values of ai are determined by requiring the summed squared error integrated over the 

training period E = ε i

2

i=1

N

∑ to be as small as possible.  A fit is performed for all model variables 

and at all model grid points for which reanalysis observations are available and typically yields 

close to 7 million regression parameters.  This large quantity arises from the number of transform 

grid points, vertical levels, basic variables, and the number of models.  Over all such locations, 

Krishnamurti (2000a) has noted diverse performance characteristics of the member models for 

the global forecasts.  This diversity arises from differences in: horizontal and vertical 

descretization, treatment of physics, handling of inhomogenity of land surface, orography, lakes, 

water bodies, surface physics, and boundary conditions.  All such peculiarities tend to leave their 

signature in the error distributions and hence on these weights, which may be thought of as bias 

correction weights.  The second time line part is composed of genuine model predictions, i.e. the 

forecasts of the member models.  The superensemble approach combines each of these forecasts 

according to the weights determined during the training period (train) through the following 

formulation: 

∑∑
= =

−+=
N
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where the notation is defined above except for the ia  values, which are the regression 

coefficients.  The determination of ai follows the well-known Gauss-Jordan elimination method. 

The prediction S is referred to as the �superensemble� forecast.  This forecast should be 

contrasted with the more standard anomaly forecasts known as the biased-removed ensemble 

mean ( E ) or ensemble mean ( � E ) forecasts as shown in the following relationship:  
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The distinction comes in the weighting.  Assigning all models a weight of 1/N (where N is the 

number of models) in (1.2) illustrates the connection between the forecasts, but also illustrates 

how the training period attempts to identify and highlight better model performance.   

The skill of the multi-model superensemble method significantly depends on the error 

covariance matrix, since the weights of each model are computed from a designed covariance 

matrix. One accepted method for the construction of the superensemble utilizes a least square 

minimization principle within a multiple regression of model output against observed �analysis� 

estimates.  This entails a matrix inversion that is currently solved by the Gauss-Jordan 

elimination technique.  The matrix can be ill conditioned and singular depending on the inter-

relationships of the member models of the superensemble.  A recently designed singular value 

decomposition (SVD) method can overcome this problem and remove the ill conditioning of the 

covariance matrix entirely (Yun and Krishnamurti 2002).  Early tests of this method have shown 

great skill in weather and seasonal climate forecasts compared to the Gauss-Jordan elimination 

method. 

In medium range real-time global weather forecasts, the largest skill improvements are 

seen for precipitation forecasts both regionally and globally.  Krishnamurti (2000b, 2001) has 

shown the overall skill of the superensemble is 40 to 120% higher than the precipitation forecast 

skills of the best global models.  The superensemble also exhibited major improvements in skill 

for the divergent part of the wind and the temperature distributions.  Tropical latitudes show 

major improvements in daily weather forecasts.   

Training is a major component of the superensemble forecast initiative.  Krishnamurti et 

al. (2001) have compared training with the best quality �observed� past data sets versus training 

deliberately with poorer data sets.  They have shown that forecasts are improved when higher 
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quality training data sets are deployed for the evaluation of the multi-model bias statistics.  They 

examined and proved the hypothesis that the skill during the �forecast phase� could be degraded 

if the training was executed with either a poor analysis or member forecasts.  In addition, issues 

on optimizing the number of training days have been addressed from an examination of training 

with days of high forecast skill versus training with low forecast skill, and training with the best 

available rain-rate datasets versus those from poor representations of rain.  Krishnamurti et al. 

(2001) have shown to improve the forecast skill by selectively improving the distribution of 

weights for the training phase.  

Why does the superensemble generally have higher skill compared to all participating 

multi-models and the ensemble mean?  At each location and for all variables, the ensemble mean 

assigns a weight of 1/N to all N member models.  This assignment includes the poorer-

performing models as well as the better-performing models.  As a result, assigning the same 

uniform weight of 1/N to the poorer models was noted to degrade the skill of the ensemble mean 

(Krishnamurti et al. 2001).  It is possible to remove the bias of models individually, at all 

locations and for all variables, and to perform an ensemble mean of the bias removed models.  

This also has somewhat lower skill compared to the superensemble, which carries selective 

weights distributed in space among all multi-models and for all variables.   

1.2.1 Real-time Numerical Weather Prediction Forecasts 

An experimental real-time numerical weather prediction system has been developed with 

the capability for forecasting all basic variables such as winds, temperature, surface pressure, 

geopotential heights and precipitation (Krishnamurti et al. 2001).  These are multi-analysis 

multi-model superensemble forecasts with 11 daily operational forecasts from the NCEP, 

Canadian Weather Service RPN, Australian model for the BMRC, U.S. Navy�s NOGAPS, the 

Japanese model for JMA, and different versions of the FSU global spectral model.  The 

construction of the superensemble is a post-processing of multi-model forecasts.  The 

superensemble based forecast remains a viable forecast product that is being prepared 

experimentally in real time at FSU and is currently available on a real-time basis. 

The real-time precipitation forecasts aim to provide a near real-time multi-model 

superensemble based weather forecasts over the entire globe up to 6 days in advance. Forecasts 

for the mean sea level pressure, heights at 500 hPa, surface temperature, winds (isotachs) at 
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surface, 850 hPa and 200 hPa are displayed for the globe as well as 9 different regions of the 

globe.  Apart from these dynamical variables, 5-day forecasts of the 24 hour total precipitation 

and a new 5-day accumulated flood potential forecast are also available.  Different skill scores 

computed from these data sets are also shown on the forecast page.  They are the root mean 

square (RMS) errors and systematic errors for forecasts of winds, mean sea level pressure and 

winds at 850 hPa and 200 hPa; and equitable threat scores, RMS errors, and correlation 

coefficients for the precipitation forecasts.   

The following figure, Figure 1.1, illustrates the typical superensemble based weather 

prediction skills derived from this product.  The mean RMS forecast errors of 850 hPa winds on 

day 3 of the forecast are shown for various regions of the globe, for the month of August 1998.  

The results for member models, an ensemble mean of these member models and that for the 

superensemble are presented in this figure.  Large improvements in reduction of wind forecast 

errors can be seen over the tropical belt from the superensemble.  Basically, these results convey 

what has been stated above on the performance of the superensemble.  These findings have been 

confirmed for each month since 1998 to the present time (Krishnamurti et al. 2000a). 

To assess the minimal number of models needed to improve the skill of the multi-model 

superensemble, Krishnamurti et al. (2000a) have examined the issue using 1 to 7 models.  

Results for mean global wind RMS errors at 850 hPa during August 1998 for day 3 of forecasts 

are shown in Figure 1.2.  The models are sequentially added with lower and lower skill while 

proceeding from one model to seven models.  The dashed line shows the error for the ensemble 

mean and the solid line indicates that of the superensemble.  The superensemble skill is higher 

than that of the ensemble mean for any selection of the number of ensemble members.  The skill 

of the superensemble between 4 and 7 models is small and is around 3.6 ms-1.  The ensemble 

mean error increases as more ensemble members are added beyond 3 which is due to the gradual 

addition of models with lower skill.  That rapid increase is not seen for the superensemble since 

it automatically assigns low weights to the models with low skill.  It is also worth noting that half 

the skill improvement comes from a single model for this procedure. 
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Figure 1.1 RMS error (ms
-1

) of 850 hPa winds over different parts of the globe, day 3 

forecast, August 1998 (Krishnamurti et al. 2000a). 
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Figure 1.2 Global Mean RMS error (ms
-1

) of total wind at 850 hPa during August 1998 for 

day 3 forecast (Krishnamurti et al. 2000a). 

 

A major improvement in tropical precipitation forecasts has emerged from the use of a 

TRMM-SSM/I based multi-analysis superensemble (Krishnamurti et al.  2000b).  �Multi-
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analysis� refers to different initial analyses contributing to forecasts from the same model.  The 

multi-analysis component is based on the FSUGSM initialized with TRMM and DMSP-SSM/I 

data sets via a number of rain rate algorithms.  A more detailed description of the rain rate 

algorithms can be found in Appendix D.   Five different initial analysis for each day are deployed 

that define the multianalysis component.  Those are based on different versions of rain rate 

estimated derived from TRMM and the DMSP-SSM/I satellites. These rain rate initializations of 

the different rain rate estimates follow the physical initialization procedures outlined in 

Krishnamurti et al. (1991).  A more detailed description of the physical initialization process can 

be found in Appendix B.  The differences in the analyses arise from the use of these rain rates 

within a physical initialization. The resulting initialized fields have distinct differences among 

their initial divergence, heating, moisture, and rain rate descriptions.   

Treadon (1996) examined the impact of physical initialization on the improvement of 

precipitation forecast skills using the GPI based rain rates for physical initialization.  Figure 1.3 

illustrates the correlation of rainfall (observed versus modeled) plotted against the forecast days.  

A very high nowcasting skill of the order of 0.9 is seen.  This was a feature of the physical 

initialization, also noted by Krishamurti et al. (1994).  The forecast skill degrades to 0.6 at day 1 

of the forecast, and it degrades even more by days 2 and 3 to values such as 0.5 and 0.45 

respectively.  Using the proposed superensemble approach, it is possible to improve the forecast 

skills when the TRMM-SSM/I based rain rates are used as a benchmark for the definition of the 

superensemble statistics and forecast verification.  

An example of the day 3 forecasts of the precipitation over the global tropical belt is 

illustrated in Figure 1.4 (Krishnamurti et al. 2000b).  Figure 1.4a shows the observed TMI and 

SSM/I based 24 hour rainfall estimate (mm.day-1) between 1200 UTC 14 August and 1200 UTC 

15 August 1999.  Figure 1.4b shows the 3 day forecast from the multi-analysis superensemble 

valid for the same period while Figure 1.5c shows the corresponding results from a single best 

model.  The global tropical correlation between the observed and the multi-analysis 

superensemble is 0.55 where the correlation of the best model with respect to the observed 

estimate is 0.30 for these day 3 forecasts.  This reflects a major improvement in rainfall forecasts 

over the global tropics. 
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Figure 1.3  Skill of precipitation forecasts over global tropics based on point correlation 

(Treadon 1996). 
 

 

1.2.2 Seasonal Climate Forecasts 

The area of seasonal climate simulations has been recently addressed in atmospheric 

climate models where the sea surface temperatures and sea ice are prescribed, such as the AMIP 

data sets.  In this context, given a training period of some 8 years and a training data base from 

the ECMWF, the results exhibit improved skill compared to the member models and the 

ensemble mean (Stefanova and Krishnamurti 2001).   Preliminary work in this area 

(Krishnamurti et al. 2002) examines the difficulties involved with prediction of seasonal 

precipitation anomalies.  Most individual member models perform poorly compared to 

climatology, whereas the superensemble appears to demonstrate precipitation skills slightly 

above those of climatology.  The effectiveness of weather and seasonal climate forecasts from 

superensemble methodology has also been assessed from measures of standard skill scores such 

as correlation against observed fields, RMS errors, anomaly correlations, and the so-called Brier 

skill scores (Stefanova and Krishnamurti 2001) for climate forecasts.  

Several types of model-generated data sets were examined to address the challenge of 

seasonal prediction of precipitation over the Asian and the North American monsoon systems 

(Krishnamurti et al. 2002).  The main question asked was if there was any useful skill in 
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Figure 1.4  Day-3 rainfall forecast over the global tropical belt, 1200 UTC 15 August 1999: 

the accumulated rainfall (mm day
-1

) by (a) observation based on TRMM and DMSP-

SSM/I, (b) multianalysis superensemble and (c) a best single model (Krishnamurti et al. 

2000b). 
 

predicting seasonal anomalies (beyond those of climatology). The superensemble methodology 

is applied to the anomalies of the predicted multi-model data sets and the observed fields.  The 

superensemble based anomaly forecasts have a higher skill compared to the ensemble mean, 

bias-removed ensemble mean, and climatology.  The illustration for the seasonal correlations and 

model rainfall anomalies with respect to the observed anomalies is presented in Figures 1.5(a) 

for the Asian monsoon domain and 5(b) for the North American monsoon domain. The highest 

anomaly correlations for the seasonal precipitation forecast are generally seen for the multi-
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model superensemble, given as a heavy line in Figure 1.5(a). The remaining heavy line shows 

the results for the ensemble mean, the thinner lines depict the skill of the member models of 

AMIP1 and AMIP2.  The calculations carried out here used the cross-validation technique which 

means that all years (except the one being forecasted) were used to develop the training data 

statistics. The skill of superensemble forecasts comes partly from the forecast performance of 

multi-models and partly from the training period which uses the past collective performance of 

these multi-models. This study separated these components to assess the improvements of the 

superensemble.  The skill of the superensemble forecasts is found to be higher than that of the 

ensemble mean and has shown usefulness over the climatology.  The issue of forecasting a 

season in advance in quantitative terms still remains a challenge and demands further 

advancement in climate modeling studies.   

 

 

Figure 1.5(a) Correlation of seasonal forecasts of precipitation anomalies with respect to 

observed anomaly estimates based on Xie and Arkin (1996) from the mix of AMIPI and 

AMIPII data sets.  Heavy line at top: Superensemble.  Other heavy lone: Bias removed 

ensemble mean.  Thin lines:  Member multimodels.  Ten years of summer monsoon results 

are shown here (Krishnamurti et al. 2002). 
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Figure 1.5(b) � Same as 11 (a) but for North American  Monsoon Domain (Krishnamurti et 

al. 2002). 

  

 

1.2.3 Hurricane Forecasts 

Real time hurricane forecast is another major component of the superensemble modeling 

at Florida State University.  This approach of training, followed by multi-model real time 

forecasts for tracks and intensity, up to 5 days, provides a superior forecast from the 

superensemble.  As noted over the Atlantic Ocean basin, improvements in track forecasts are 

25% to 35% better compared to the participating operational forecast models.  Recent real-time 

tests, conducted from 1999 to 2001, showed marked skills in the forecasts of difficult storms 

such as Floyd and Lenny.  The performance of the superensemble was considerably better than 

those of the member models (Williford et al. 2002).  An example of superensemble track 

forecasts for Hurricane Lenny is shown in Figure 1.6.  The best observed track for Hurricane 

Lenny is compared to those of a few member models and the superensemble.  In these track 

forecasts, improvements for days 1, 2 and 3 of forecasts for the storm positions were noted.  A 

superensemble forecast, constructed with a suite of some of the finest global models that are 

currently available, holds great promise for the improvements in short range predictions for the 

tracks and subsequent hurricane landfalls. 
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Figure 1.6  Superensemble track forecast of Hurricane Lenny.   The predicted tracks of 

various member models, ensemble mean and superensemble are shown (Williford et al. 

2002). 

 

1.3 Current Ensemble Applications 

 

Recent mesoscale ensemble techniques have concentrated on sets of independent numerical 

weather prediction (NWP) model forecasts from independent centers.  Ebert (2001) acquired 7 

operational NWP models to examine the skill of 24 and 48 hour daily QPFs over Australia, the 

poor man�s ensemble technique.  As was noted in Ebert�s study, the use of independent models 

captures the uncertainties in both initial conditions and model formulation through differences in 

input data and forecast parameterizations of its member models.   
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Ebert�s study utilized 28 months of 24 and 48 hour model QPFs for rainfall over Australia at 

1º resolution with rain gauge observations for verification.  Probabilistic forecasts were evaluated 

using the Brier skill score and the relative operating characteristic.  The 24 hour forecasts 

showed skill for rainfall up to and exceeding 50 mm per day, but the 48 hour forecasts showed 

skill for only low rain rates and did not perform better than climatology (Ebert 2001).   

Averaging the forecasts increased the spatial extent and reduced the rain intensity as compared to 

the member models (Ebert 2001).  Deterministic forecasts were evaluated using the rms error, 

bias score, and equitable threat score.  The mean RMS error was 20% lower than the mean 

values for the member models� QPFs and was usually better than the best performing model for 

the given day (Ebert 2001).  The equitable threat scores were also improved by the ensemble 

mean because the improved rain detection outweighed the increase in the number of false alarms. 

Several other averaging alternatives were investigated to improve the deterministic forecast.  

The first technique utilized weighted averaging.  It gave the largest weights to the models with 

the better performance, determined by the prior 2 months mean RMS errors.   This averaging 

technique did not improve the mean QPF from the poor man�s ensemble (Ebert 2001).  The 

reason for this lack of improvement was felt to be the relative model variability from day to day 

which precluded an accurate determination of the weights (Ebert 2001).  The second technique 

used the ensemble median instead of the mean to determine the rain area.  This technique had 

median rain rates that were systematically too low, resulting in poor skill scores (Ebert 2001).  

The third technique used a systematic bias correction technique to transform the rain rates, a cool 

season correction of 1.1 and a warm season bias of 1.6.  The RMS errors increased relative to the 

simple ensemble mean, but the equitable threat scores improved because the rate of false alarms 

was reduced (Ebert 2001).  The fourth strategy utilized probability matching to reassign the rain 

rates in the ensemble mean using the rain rate distribution of the component QPFs.  This was the 

most successful strategy because the maximum rain rates were much higher than the member 

models, and the bias in rain area was significantly reduced (Ebert 2001).  

The Ebert (2001) study also investigated the number of member models to maximize the 

ensemble performance.  It was shown that there is an optimum number of ensemble members 

and that the performance can be degraded by adding additional less skilled QPFs to the ensemble 
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product.  Of course, different skill scores can be maximized with different sets of member 

models. 

The Ebert (2001) study revealed several conclusions important for this study.  The number 

of member models which capture a particular rain event was shown to be a good predictor of 

how well the ensemble will capture that event (Ebert 2001).  The relative cost for independent 

operational centers QPFs is low and can be done with limited computer resources.  As upgrades 

are made at various centers, the ensemble QPF will also reflect those improvements.   The poor 

man�s ensemble samples uncertainties in both the initial conditions and the model formulation 

which strengthens the overall diversification of the model forecasts and their QPF.  It is therefore 

less prone to systematic biases and errors. 

 

1.4 Current Verification Methods 

 

A quality precipitation forecast must accurately predict where rainfall exists and also the 

intensity of the rainfall event.  Many different scoring techniques exist which try and quantify the 

quality of a precipitation forecast.  One important and often initial way to assess the spatial 

quality is the �eyeball method�.  This technique is a valuable method to accurately compare the 

forecast and verification.  However, this method has several significant disadvantages as it is 

labor intensive, not quantitative and rather subjective.  Thorough discussions of the common 

scoring techniques can be found in Wilks (1995).  Many standard skill measurement methods 

will be discussed in the following sections.  

1.4.1 Standard Spatial Methods 

Continuous verification statistics measure the correspondence between the values of the 

forecasts and observations at the grid-points.  The advantages of these long-standing techniques 

include the simplicity, familiarity, and long historical records.  However, they are not very 

revealing on the true quality of the forecast.  Examples of continuous statistics include mean 

error (bias), mean absolute error, RMS error, correlation coefficient, and anomaly correlation.  

The mean error, mean absolute error, and RMS error verify the mean value and the maximum 

value between the forecast and verification.  The correlation coefficient and anomaly correlation 

measure the spatial correspondence either between the forecast pattern and the observed pattern 
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or the observed anomalies relative to climatology.  These techniques validate the forecast shape, 

location, and spatial variability. 

Categorical statistics are another type of verification methods.  They measure the 

correspondence between the forecast and the observed occurrence of events at grid-points.  The 

advantages of such techniques include the simplicity, familiarity, and relatively long historical 

records.   However, a single categorical method does not reveal the true quality of a forecast.  

Examples of categorical statistics include bias score, probability of detection, false alarm ratio, 

and equitable threat score.  This study will utilize these categorical statistics to assess the quality 

of the superensemble forecast.  Figures 1.7 and 1.8 demonstrate the essence of categorical 

statistics.  The forecasted area is classified as either a hit or a false alarm.  Those areas in the 

observation where no forecast is made is considered a miss.  All other areas where there is no 

forecast and no observations are considered to be a correct negative.  Figure 1.8 contains the 

description of the contingency table with the 4 possible categories of statistics.  They include 

hits, false alarms, misses, and correct rejections or negatives. Complete descriptions of these 

categorical statistics can be found in Appendix C. 

 

 

Figure 1.7  Demonstration of cateogorical statistics which specify the forecasted area as 

either a hit (coincides with observed location) or a false alarm.  A miss is the area where no 

forecast exists but an observation was made at that grid point. 
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1.4.2 Diagnostic Methods 

The previous verification methods concentrate on matching forecasts and observations as 

points in space and time.  Recently developed methods concentrate on matching forecasts and 

observations as continuous rain areas (CRA) so that they can be verified as separate entities 

(Ebert and McBride 2000).   Pattern matching techniques are used to translate the horizontal 

displacement between forecasted rain areas and observed rain areas.  Other precipitation features 

such as the rain volume, areal coverage, and rainfall intensity can also be verified with these 

techniques.  There are a variety of diagnostic methods.   It is suggested that this work can be 

enhanced in the future by applying a diagnostic scoring technique to the superensemble 

precipitation forecasts. 

 

 

 

Figure 1.8  Demonstration of cateogorical statistics like Figure 7, except in a table format. 

 

 

1.5 Motivation and Thesis Objectives 

 

Precipitation forecast accuracy drops dramatically after a 24 hour forecast.  Current 

operational mesoscale models only run between 48 and 84 hours.  However, with the recent 

development of the superensemble technique, precipitation forecasts have dramatically improved 

at the global model resolution.  The objective of this study is to apply the superensemble 

technique to regional precipitation forecasts to generate more accurate forecasts pinpointing 
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exact locations of strong precipitation systems.  This study will also determine the skill and 

predictability of the high resolution superensemble forecast out to 60 hours. 

Applying the superensemble technique to a set of higher resolution models has never 

been done before and is computationally expensive. Generating a superensemble forecast 

requires multiple forecasts over many days.  High resolution modeling is in and of itself very 

computationally intensive and developing a robust superensemble further amplifies this need.  It 

is hoped that the superensemble technique will provide a means to enhance warm season rainfall 

prediction with currently available research and operational forecasts.  Chapter 2 contains a 

description of the datasets used in the study, including the analysis (i.e. observations) and model 

datasets.  Chapter 3 describes the methodology used to create the superensemble forecast.  The 

results from this study can be found in Chapter 4.  Chapter 5 outlines the summary, conclusions, 

and recommendations for future work. 
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CHAPTER 2 

DATASETS 

 

 

2.1  Analysis Data 

 

2.1.1 Satellite Estimates of Precipitation 

As described in Appendix B, the physical initialization (PI) process assimilates observed 

measures of land or satellite rain rates into an atmospheric forecast model using reverse physical 

algorithms within the assimilation model.  Therefore, PI results in the perturbation of the 

divergence field, moisture profile, heating field, and surface pressure tendency (Krishnamurti et 

al. 1991).   The PI process was utilized in the initialization of the FSUGSM global model run and 

the regional run FSUNRSM.  The global model was initialized with the CALVAL SSM/I rainfall 

product, and the regional model was initialized with the GPROF/2A12 rainfall output.  Table 2.1 

summarizes the differences between each satellite algorithm.  Brief discussions of each 

algorithm are found in the following sections.   

The first satellite algorithm is the NOAA/NESDIS (National Oceanic Atmospheric 

Administration/ National Environmental Satellite, Data, and Information Service) SSMI/I 

algorithm.  The algorithm utilizes the vertically polarized radiances at 19, 22, 37 and 85 GHz and 

the horizontally polarized radiances are at 19 GHz.  The algorithm incorporates scattering and 

emission signals.  Rain over land areas is defined when the scattering algorithm identifies land 

not covered with snow, desert, or arid soils.  Rain is defined over ocean areas in the absence of 

sea ice by the presence of the scatter and emission signal.  
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Table 2.1 Brief descriptions of the satellite algorithms. 

Algorithms Satellites 

 

Channels 

 

Features 

 

CALVAL SSM/I 

Ferraro (1994) 
Ferraro (1995)  

 

DMSP F11, F13, 
F14 and F15 
SSM/I data  

 

19V, 22V, 37V, 
85V, 19H  

 

Statistical rain rate 
mapping; 
collocated radar 
versus SSM/I 
validation at Kwaj. 
and Darwin  

 

Combined 

GPROF(SSM/I) 

TRMM 2A12  

Kummerow. (1998)  
 

DMSP F11, F13, 
F14 and F15 for 
SSM/I data and 
TRMM/TMI data  

 

Combined  

 

Physical profile 
algorithm going 
from 60 0S to 60 
0N.  Vertical 
structure of 
hydrometeors. 

 

Supplemented by the NOAA/NESDIS SSM/I algorithm outside 35°S and 35ºN, this 

algorithm is a slightly modified GPROF (Goddard Profiling) algorithm applied to the TMI data.  

This physical profiled algorithm was designed with the operational goals of TRMM in mind and 

utilizes the brightness temperatures at 19, 22, 37 and 85 GHz to retrieve the vertical structure of 

various hydrometeor categories.  Incorporating several empirically determined features based on 

the Goddard Cumulus Ensemble model (Tao and Simpson 1993), the algorithm considers several 

landscape categories (land, permanent ice, water, and coast) and both liquid and frozen states of 

water.  A sophisticated radiative transfer algorithm is utilized to include both the effects of 

absorptivity and emissivity. 

The IR-based channels tend to underestimate intense rainfall events, whereas the physical 

algorithms overestimate precipitation amounts but perform better for more intense rainfall 

events. When viewing monthly estimates of precipitation amounts, the IR-based algorithms 

perform better than the physical algorithms.  For a particular severe event, the physical 



  

 

 

21

algorithms perform better than the statistical IR-base algorithms.  One of these products will also 

serve as the benchmark precipitation used for the verification process.   

To calculate the superensemble coefficients over the Gulf of Mexico and the Atlantic 

Ocean where the ground based estimates are not available, this study employs the experimental 

TRMM multi-satellite precipitation analyses (MPA-RT) dataset.  The satellite estimate is based 

on a merged microwave and calibrated infrared (IR) estimates of precipitation (Huffman et al. 

2003).   It combines the following products:  NOAA/NWS/CPC merged 4 km geostationary 

satellite IR brightness temperature data, NAVY/FNMOC Satellite Data Records (SDRs) SSM/I 

brightness temperature, and TRMM real-time 2A12RT estimates of precipitation based on 

GPROF computations on TMI data.  The combined precipitation estimate is then mapped on a 

global 0.25 x 0.25 degree resolution map.  Figure 2.1 contains the original domain and resolution 

of the Huffman estimates valid at 00Z September 3, 2003. Complete details on the algorithms 

can be found at Huffman et. al (2003).  A recent study (Katsanos et al. 2004) outlines the 

verification results for the MPA-RT precipitation estimates over the central and eastern 

Mediterranean.  The satellite estimates were verified against 73 gauge observations.  Their 

results show unbiased results for the low and medium precipitation thresholds.  However, at high 

accumulation thresholds, the satellite estimates overestimate the rain events, especially during 

the dry period of the year.   Overall, the error characteristic of the MPA-RT precipitation 

estimates are lower than the expected error of the superensemble forecast. 

 

Figure 2.1 Twelve hour accumulation of Huffman satellite precipitation estimates (mm) 

valid at 00Z September 3, 2003. 

 



  

 

 

22

2.1.2 Ground-based Estimates of Precipitation 

To generate the coefficients for the superensemble forecast, observations of precipitation 

are needed to verify the performance of the member models.  During a training period, 

comparisons are made between each of the member models and the precipitation observations at 

each grid point.  Accuracy of the precipitation estimates is paramount.  In this study, the River 

Forecast Center (RFC) Stage IV Quantitative Precipitation Estimates (QPE) were used wherever 

possible over the study domain. 

 The calculations which generate the Stage IV QPE are produced from a multi-tiered 

process.  During the stage I process, National Weather Service WSR-88D radars generate hourly 

digital precipitation (HDP) products.   Many offices utilize the standard Z-R relationship 

(300R1.4), but some offices which are located at lower latitudes utilize a more tropical Z-R 

relationship (300R1.2).  The chosen Z-R relationship may also depend on the season or weather 

system.   This initial HDP product is mapped onto a 4 x 4 km polar stereographic grid for the 

particular region.  The stage II dataset consists of this initial stage I data which has undergone 

bias-adjustment from a regional rain gauge network.  The stage III data product is a compilation 

of the stage II data from regional networks composited onto a 4 km grid that has been adjusted 

for radar inconsistencies.   The final product, stage IV, is a national composite of the regional 

stage III datasets.    The stage IV data comes from the regional hourly and 6-hourly multi-sensor 

precipitation analyses produced by the 12 RFCs.  Sources of error for these precipitation 

estimates may result from partial beam filling, beam overshooting, beam blockage, uncertain Z-

R relationship, hail, ground returns from anomalous propagation, ground clutter and ground 

clutter suppression.  Manual quality control is performed at the RFCs on the final product.   

Overall, the error characteristic of the stage IV precipitation estimates are lower than the 

expected error of the superensemble forecast. 

2.2  Model Data 

 
2.2.1 FSUNRSM 

The first regional model used in this study is the Florida State University Nested Regional 

Spectral Model (FSUNRSM) (Cocke 1998).  Appendix A contains the outline of the FSUNRSM.   
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Figure 2.2  Six hour accumulation of Stage IV precipitation estimates (mm) valid at 00Z 

September 3, 2003. 

 

The regional model was designed to be compatible with the FSUGSM and share the same 

vertical structure and physics.  Regional fields are composed of a base field, from the FSUGSM, 

plus a higher resolution perturbation field.  The regional perturbation basis functions are π 

periodic and satisfy a free-slip boundary condition.  The perturbation method is similar to that 

used at NCEP (Juang and Kanamitsu 1994) and ECMWF (Hoyer 1987). A relaxation scheme is 

applied to absorb buildup of boundary perturbations to ensure that the lateral boundary of the 

regional model approaches the global model result.  A perturbation orography is incorporated in 

the FSUNRSM allowing a more detailed orography than the global base field.  In a similar 

technique to the physical initialization within the FSUGSM, the FSUNRSM incorporates a 

separate physical initialization process within the regional run.   

The basic procedure begins with the global run, and the output of the global model is 

spectrally transformed to a regional grid every 3 hours.  The spectral transformation of the global 

output reduces error by eliminating the need for horizontal interpolation.  At each time step, the 

regional perturbations from the regional simulation are added to the global fields.  The global 

time tendencies are obtained by an inverse semi-implicit algorithm and are used to calculate the 

regional perturbation time tendencies.  They are then spectrally analyzed are used to calculate the 

next time step perturbations using a semi-implicit time integration scheme. 
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Several notable differences exist between the FSUNRSM, NCEP RSM, and ECMWF 

SLAM regional spectral models.  The FSUNRSM utilizes a spectrally rotatable Mercator map 

projection, which allows the use of the FSU global model�s dynamics code.  The FSUNRSM 

uses a simple boundary relaxation method which does not blend any variables of tendencies at 

the lateral boundaries.  As previously mentioned, an inverse semi-implicit algorithm is utilized to 

obtain the global model tendencies on the regional grid, instead of just a simple temporal finite 

difference method. 

The FSUNRSM is a hydrostatic model and incorporates the same physics and vertical 

structure as the FSU Global Spectral Model (as discussed in Appendix A).   The regional domain 

is obtained by identifying a sub-domain using a direct spectral transformation from a model 

domain.  The Figure 2.3 shows the original domain of the FSUNRSM ran for this study.  It is a 

much larger domain than the final study area of this project which facilitated the removal of 

extraneous boundary errors. 

 

 

Figure 2.3 Original domain of the FSUNRSM. 
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2.2.2 Operational Meso ETA 

The Meso Eta model is a hydrostatic model with a horizontal grid spacing of 

approximately 29 km and 50 vertical levels, with layer depths that range from 20 m in the 

planetary boundary layer to 2 km at 50 mb.  The semi-staggered Arakawa E grid is the basis of 

the model's horizontal structure.  The model topography is represented as discrete steps whose 

tops coincide exactly with one of the model's 50 vertical layer interfaces.  The Meso Eta model 

employs a convective parameterization scheme developed by Betts and Miller (1986) and further 

refined by Janjic (1994).  The primary objective of the parameterization scheme is to ensure that 

the local vertical temperature and moisture structures, which in nature are strongly constrained 

by convection, be realistic in the model (Betts 1986).  The model system utilizes a 3DVAR data 

assimilation technique known as the Eta Data Assimilation System (EDAS). 

The convective parameterization scheme (Betts-Miller-Janjic) is a convective adjustment 

scheme.  The occurrence of convection depends on the cloud layer moisture and the convective 

available potential energy (CAPE).  Convective initiation depends on the value of CAPE for 

parcels in the lowest 200 mb of a sounding.  The type of initiated convection depends on 

moisture availability in the layer.  For instance, if CAPE exceeds the threshold and deep 

tropospheric moisture exists, the scheme initiates deep convection and induces a deep convective 

adjustment from the LCL to the level of neutral buoyancy.  Shallow convection is initiated either 

when the cloud layer moisture is insufficient or if the CAPE layer is too shallow.  With either 

mode of convection, the scheme adjusts the grid-point environment toward a sub-saturated, 

predefined temperature and dew point profile.  In Figure 2.4, the shaded area shows the original 

model domain of the operational Eta forecast.  

2.2.3 Experimental Eta with Kain-Fritsch Convection 

The experimental Eta model is generated by the NSSL.  The configuration of the 

experimental version differs from the operational Eta from NCEP in the following 3 ways: 

1) It contains the Kain-Fritsch convective parameterization scheme (Kain et al. 2002) in 

place of the operational Betts-Miller-Janjic scheme (Janjic 1994). 

2) It uses a fourth order horizontal diffusion that utilizes a 90% reduction in the 

diffusion coefficient. 



  

 

 

26

 

Figure 2.4 Original domain of the operational Eta model. 

 

3) It is run over a smaller domain than the operational Eta due to financial constraints. 

These changes favor the development of smaller scale, higher amplitude circulations and features 

over corresponding operational forecasts.  For example, the fourth order diffusion scheme 

reduces the amount of damping that the model imposes on the meso-alpha scale of atmospheric 

circulations. 

 The critical component of the Kain-Fritsch convection scheme is the cloud model.  It has 

three basic components:  a trigger function, a one-dimensional entraining/detraining plume 

model, and a downdraft model.  Vertical velocity resolved to the grid influences the trigger 

function that converts the vertical velocity value to a potential temperature perturbation.   

The mass flux used in this scheme is a simple cloud model which attempts to depict the vertical 

distributions of mass in a column.  It uses a simple parcel theory to model the vertical 

development of convection.  When lower tropospheric parcels reach their level of free 

convection and continue to rise for a significant distance (~4km), deep convection is allowed to 

occur.  If parcels reach their level of free convection and are unable to rise high enough for deep 

convection, shallow convection is activated suppressing precipitation activation.  Adjustments 

for convection utilize simple models of updrafts, downdrafts (for deep convection), and local 
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compensating vertical motions.  In Figure 2.5, the shaded area defines the original model domain 

for the experiment Eta model simulations. 

 

 

Figure 2.5 Original domain of the experimental Eta model utilizing the Kain-Fritsch 

convection scheme. 

 

2.2.4 NCAR MM5  

Real-time mesoscale model weather forecasts using the non-hydrostatic Penn 

State/NCAR mesoscale model (MM5) are being produced once-daily by NCAR. The model grid 

spacing is set at 32 km.  The model is initialized using the NCEP early Eta model forecast fields 

available at 25 mb vertical increments. Boundary conditions also are provided by the Eta model 

forecast at 6 hour intervals. One of the major differences between this version of MM5 and the  

Eta model is that MM5 uses a Kain-Fritsch convective parameterization scheme that was 

developed specifically for mesoscale modeling. The scheme includes the effects of downdrafts  

and has been shown to organize convection owing to downdraft processes.  In Figure 2.6, the 

shaded area defines the original domain of the NCAR MM5 model simulations. 

2.2.5  FSL RUC 

The Rapid Update Cycle (RUC) model is an experimental real-time product from Forecast 

Systems Laboratory.  It is a 40 km resolution model produced out to a 48 hour forecast.   The  
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Figure 2.6 Original domain of the NCAR MM5 model. 

 

RUC has 40 vertical levels and uses a generalized vertical coordinate configured as a hybrid 

isentropic-sigma coordinate in both the analysis and the model.  Multiple data sets are 

assimilated into the RUC model including:  high-resolution ascent-descent aircraft reports, ship 

reports, GOES and SSM/I integrated precipitable water retrievals, GOES high density cloud drift 

winds, boundary layer (915 MHz) profiler winds and Radio Acoustic Sounding System (RASS) 

temperatures.  The model utilizes an Arakawa-C staggered horizontal grid without any vertical 

staggering.  The real-time forecast model utilizes the same parameterization found in the 

NCAR/Penn State mesoscale MM5 model system.  Explicit microphysics are used with five 

hydrometeor species, including cloud water, rain water, snow, ice and graupel.  To improve 

forecasts of low-level conditions, the model system includes a 6 layer soil/vegetation/snow 

model.   The convective parameterization scheme found in the model is a version of the Grell 

(1993) convective scheme.  Boundary conditions are provided by the early Eta run output at 3 

hour intervals.  A more complete description of the RUC forecast model can be found in Bleck 

and Benjamin (1993).  In Figure 2.7, the shaded area defines the original model domain of the 

RUC forecasts. 
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Figure 2.7 Original domain of the RUC model. 

 

2.2.6 COAMPS 

The Coupled Ocean/Atmosphere Mesoscale Prediction System (COAMPS) is the Navy's 

mesoscale prediction system. It was developed by the Marine Meteorology Division of the Naval 

Research Lab (NRL-MRY) and is implemented at the Fleet Numerical Meteorological and 

Oceanographic Center (FNMOC) to provide analyses and forecasts of mesoscale phenomena 

such as coastal winds, fronts, squalls, and other organized convection.  It is a non-hydrostatic 

terrain following sigma coordinate mesoscale model completely described by Hodur (1997).  

The FNMOC version of the system uses a message passing interface and 2 dimensional domain 

decomposition techniques to achieve parallelism.  The grid spacing is defined by a fixed 3:1 

ratio. Full model physics are utilized for the operational code.  The operational resolution is      

27 km.  COAMPS model forecasts are made at the 1200 UTC cycle for 48 hour forecasts.   In 

Figure 2.8, the shaded area identifies the model domain of the COAMPS forecasts. 
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Figure 2.8 Original domain of the COAMPS model. 
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CHAPTER 3 

METHODOLOGY 

 

 

 

The initial step in creating a superensemble forecast is gathering the set of member model 

forecasts.  As described in Chapter 2, these member models will consist of 6 regional models.  

Their forecasts are essential components in developing large datasets which will develop the 

superensemble statistics during the training period.  The observed rain rates, as described in 

Chapter 2, make up the additional verification dataset used in the training period to create the 

superensemble statistics.  In this chapter, the process of creating the superensemble forecast will 

be discussed in detail.  

3.1  Ensemble Members 

 

A superensemble forecast requires a large database to serve as the training period.  In this 

study, ensemble members are constructed from the availability of a variety of real-time 

experimental and operational mesoscale models:  Operational Eta, Kain-Fritsch experimental 

Eta, NCAR MM5, FSL RUC, NRL COAMPS.   One additional regional model was added to the 

dataset, the regional spectral model developed at Florida State University (Cocke 1993).     

To generate the FSUNRSM, the FSUGSM is run for each case day with Ferraro PI.  The 

training period for the generation of the superensemble statistics consists of 60 training days.  

The FSUGSM run serves as the base field for the regional run.  The FSUNRSM is then run with 

the regional model physical initialization (PI) process utilizing the TRMM 2A12 rainfall 

estimates to generate a 72 hour forecast for each training day.  Because of the relaxation 

conditions performed on the regional model at the boundaries, the FSUNRSM is run over a 
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larger domain so that the superensemble forecast can be made on the "non-relaxed" portion of 

the regional domain.  The PI process assimilates observed measures of land or satellite rain rates 

into an atmospheric forecast model using reverse physical algorithms within the assimilation 

model.  Therefore, PI results in the perturbation of the divergence field, moisture profile, heating 

field, and surface pressure tendency (Krishnamurti et al. 1991).  A detailed description of PI can 

be found in Appendix B. 

The following Table 3.1 contains a list of the 6 member models, the source of their 

output, their relative resolutions, and the length of their available forecasts.  Nearly each model is 

run at a different resolution.  In this study, all models were interpolated to a common grid of 

43km resolution.  Six member models were available up to the 48 hour forecasts, and only 3 

where available for the 60 hour forecast.  The superensemble technique requires all models to be 

interpolated to a uniform grid at identical resolutions. 

 

       Table 3.1  Summary of member models, resolutions, and forecast length. 

Member Models Source Resolution Forecast Length

Operational Eta NCEP 22 km 84 hours 

Eta with KF NSSL 55 km 60 hours 

MM5 NCAR 30 km 48 hours 

RUC FSL 55 km 48 hours 

COAMPS FNMOC 27 km 48 hours 

FSUNRSM FSU 43 km 72 hours 

 

The computation of the superensemble forecast requires a training and forecast phase 

with all member models and observations available.  Figure 3.1 describes an outline for this 

procedure.  This study will utilize approximately 360 different 60 hour forecasts from the multi-
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model forecasts.  Using the 360 multi-model forecasts, which includes the 1 FSUNRSM and 5 

current operational models for 60 forecast days, and the best estimate of the respective observed 

rainfall estimation, a simple linear multiple regression is computed to determine the statistical 

weights.  Each of these weights describes the model biases at each geographical location, each 

vertical level, each variable, and for each participating model. 

 

 

Figure 3.1  Flowchart diagram describing the process for generating a superensemble 

forecast.  The vertical dotted line denotes the time t=0; the area to the left denotes the 

training phase where a large number of forecast experiments are carried out, and the area 

to the right denotes the forecast phase. 

 

 

3.2   Verification Dataset 

 

 To calculate the superensemble forecast, the member models forecasts must be validated 

against an observational dataset.  It is imperative that this observation dataset be a high quality 

dataset because the member models weights are determined by the member models forecasts and 

their accuracy related to the observations.  For this study, the desired domain covers not only the 

conterminous United States but the surrounding water bodies of the Gulf of Mexico and the near 
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Atlantic Ocean.  Therefore, the best quality observation dataset was found to be the RFC Stage 

IV quality controlled radar/gauge merged with a combined TRMM-SSM/I satellite rain rate 

retrieval.  The merged dataset consists of the RFC Stage IV rain rates where they are available 

and the satellite estimates where the Stage IV rain rates are missing.  These missing values are 

most commonly found over the water bodies where radars and rain gages are not available.  

Figure 3.2 is a 3 panel diagram showing a comparison (mm) of the merged rain product, the RFC 

Stage IV rain rates, and the Huffman satellite rain rates for June 23, 2003 at 18Z. 

 

3.3   Cross Validation and Training Length 

 

 As demonstrated in Figure 3.1, two phases are required for generating a superensemble 

forecast.  The first phase is called the training phase where all the member models are compared 

with the observation dataset for a certain length of forecast days, the training period.  During this 

time, the model�s regression coefficients are determined at each grid point for each forecast time.  

An important dimension of the superensemble forecast is the length of the training period.  For 

how many forecast days must the statistics be calculated to render the best quality and most 

stable superensemble forecast?  In this study, it was determined that 45 days training was 

optimal.  Figure 3.3 demonstrates the Equitable Threat Scores (ETS) for the 24 hour forecast at 

various rainfall thresholds for 30 days training, 45 days training and 59 days training.  Clearly, 

the ETS for the 24 hour forecast was maximized at the various thresholds by utilizing a training 

period of 45 days.  Similar results were obtained for the other forecast times. 

 For this study, the availability of the real-time operational regional models was extremely 

limited.  Therefore, only 60 days were available for both phases, the training and forecast phases, 

within the summer season of 2003.  This resulted in the need to utilize cross-validation to create 

the superensemble forecast.  For example, on the very first forecast day of June 12, 2003, the 

training days that were used to generate the statistical weights were the 45 days following June 

12, 2003.  For any particular forecast day, other days in the member model dataset were utilized 

to generate the statistical weights needed for the superensemble forecast.  It should be noted that 

this would not be necessary for a real-time implementation of a regional superensemble where 

the previous 45 days forecasts would be available.  To create a relatively larger dataset of  
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Figure 3.2   Three panel comparison (mm) between the 6 hour merged rain product (A), 

the RFC Stage IV rain rates (B), and the Huffman satellite rain rates (C) valid on June 23, 

2003 at 18Z. 
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Figure 3.3   Comparison of the Equitable Threat Scores (ETS) for the 24 hour forecasts 

with 30 days training (30 TRN), 45 days training (45 TRN), and 59 days training (59 TRN). 
 

 

superensemble forecasts, it was necessary to utilize cross-validation to create 60 days of 

superensemble forecasts.  A more thorough examination of cross-validation can be found in 

Wilks (1995). 

 

3.4   Superensemble Forecast 

 

The superensemble technique uses a regular multiple regression method to obtain the 

regression coefficients for each ensemble forecast at each grid point for each forecast time.  It is 

a method that combines individual forecasts from a group of models to produce an optimal 

ensemble forecast.  The following equation describes how the superensemble prediction is 

created at a given grid point: 
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where S(t) is a superensemble prediction for day t, O  is a time mean of the observed state, ia is a 

weight for model i, i is the model index, the summation is over N, the number of models, iF  is a 
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time mean of the prediction by model i, and )(tFi  is a prediction by model i. The weights are 

computed at each grid point by minimizing the following function: 

∑
=
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2))()((      (3.2) 

where O(t) is an observed state, t is time, and the summation is over the length of the training 

period.  The observed state and the minimization are only available during the training phase.  

Due to the possibility of a singularity in the covariance matrix, constraints were placed on the 

possible value of the weights.  The absolute value of the weights could not be greater than 3.0, 

which suggests that no single model could be worth more weight than one-half of the number of 

models in the study.  Weights outside the boundary of the constraint were most often observed 

during the 00 UTC and the 60-hour forecast time because of the fewer number of available 

member models which increased the instability in the covariance matrix. 

 As mentioned in Chapter 2, the verification dataset, consisting of the Stage IV and the 

MPA-RT precipitation estimates, can contain errors in their observations.  However, the 

magnitude of these errors are much lower than the magnitude of the expected error of the 

precipitation forecast from any of the member models or the superensemble. 

In an effort to evaluate the skill of the superensemble forecast as compared to simpler 

forecasts, several other compilation forecasts were created with the member models and 

observations.  They include the following:  bias removed ensemble mean, simple ensemble 

mean, persistence, and season mean.   

Part of the skill of the superensemble technique can be attributed to the removal of the 

model bias.  Therefore, a multi-model bias removed ensemble mean was created to evaluate the 

skill of this simpler ensemble mean to that of the superensemble.  A multi-model bias removed 

ensemble is given by the following: 
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    (3.3) 

By comparing equation 3.3 and 3.1, the superensemble scales the individual model forecast 

contribution according to their relative performance during the training period through assigning 
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mathematical weights to them.  The superensemble prediction can be rewritten in a form that 

resembles an ensemble of modified unbiased forecasts iFs  as 

               ∑
=

=
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where OFFNaFs iiii +−= )( . 

 The simple ensemble mean is the straightforward ensemble of the member models 

without removing their bias.  The formula for computing the simple ensemble mean is given by 

the following: 
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     (3.5) 

where iF  is the ith forecast and n is the number of models in the ensemble. 

 The persistence forecast was created by utilizing the available observations prior to the 

start time of the model forecast.  For example, the model initialization time was 12Z.  A 

persistence forecast was created by taking the 12Z observed rainfall and creating a future 

forecast which contained the 12Z rainfall at all the future 12Z forecast times.  The previous 00Z 

rainfall was inserted into the future 00Z forecast times to complete the 12 hour rainfall 

accumulations that make up a complete forecast out to 60 hours.  The inherent differences 

between rainfall characteristics of 00Z and 12Z suggest that a comprehensive persistence 

forecast should be made up of past rainfall from these two different observation times. 

 The last simple forecast was created by calculating the season average of all the observed 

rainfall amounts to create a seasonal mean rainfall.  This might be associated with the 

climatology or expected summer rainfall amount.  The superensemble and member model 

forecasts can then be compared to this simple climatological average rainfall forecast, the season 

mean. 
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CHAPTER 4 

RESULTS 

 

 

The primary goal of this study is to evaluate the skill of the superensemble forecast as 

compared to the operational and experimental mesoscale models.  This chapter will begin with a 

discussion of the skill scores used to objectively quantify the proficiency of the superensemble 

forecast.  The second section analyzes the relative skill of the superensemble forecast under the 

influence of major synoptic regimes.  The sensitivity of the superensemble forecast on the 

member model selection is discussed in section 3.  A comparison between the mesoscale 

superensemble and the global superensemble is made in section 4.  The final section addresses 

the predictability nature of the diurnal cycle of the superensemble forecast.  

4.1 Skill Scores 

4.1.1 Equitable Threat Scores 

In an effort to determine the skill of the superensemble forecast, several different 

measures of skill are examined to quantify the ability of the superensemble forecast compared to 

the member models.  The equitable threat score (ETS) is a popular measure which calculates the 

fraction of forecast events that were correctly predicted, accounting for hits associated with 

random chance.  The ETS is often used in the verification of precipitation forecasts because it 

�equitability� allows scores to be compared more fairly across different regimes.  In Figure 4.1, 

the ETS is shown for the 12-hour forecasts (left panel) and the 24-hour forecasts (right panel) of 

the superensemble forecast (SUP), the simple ensemble mean (EMN), the bias-corrected mean 

(BCE), season mean (MEAN), simple persistence (PERS), and 6 member models (MEM 1-6).   

At 12 hours, the superensemble performs better than the member models and the simple 

ensembles at all precipitation thresholds except at .2 mm and 10 mm.  At .2 mm, the member 5 
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model forecast performs slightly better.  However, the skill levels for member 5 drop quickly and 

approach zero at precipitation thresholds greater than 10 mm.  At 10 mm, member 3 outperforms 

the others, but all other thresholds have lower skills than the superensemble forecast.  At 24 

hours, the ETS magnitudes are slightly lower than at 12 hours, but the superensemble forecast 

outperforms all the member and simple ensemble forecasts.  At the lowest thresholds, again 

member 5 is the second best skilled model.   However, this model�s scores are zero at all 

thresholds greater than 10 mm. 
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Figure 4.1 The ETS for the 12-hour (left panel) and 24-hour (right panel) forecasts from 

the superensemble (SUP), simple ensemble mean (EMN), bias-corrected mean (BCE), 

season mean (MEAN), simple persistence (PERS), and 6 member models (MEM 1-6). 

 

 

 In Figure 4.2, the 36 and 48-hour ETS are shown for the superensemble forecast, simple 

ensemble, and member forecasts.  At both model times and all precipitation thresholds, the 

superensemble outperforms all other forecasts.  Again, the member 5 forecast performs well at 

the low precipitation thresholds but notably under-performs at the significant precipitation 

thresholds.  It should also be noted that when qualitatively comparing the forecasts for 00 UTC 

(left panels, 12 and 36-hour forecasts) to the 12UTC (right panels, 24 and 48-hour forecasts), the 

12 UTC forecasts behave as a linear decreasing function while the 00 UTC forecasts have a more 

notable decrease in skill at the medium threshold range.  This may suggest the relative difficulty 

in the superensemble capturing the medium and upper range of the precipitation values at the 00 

UTC hour.  In the afternoon (00 UTC), much more convectively driven precipitation develops 

increasing the aerial coverage of both heavy and light precipitation.  Light precipitation may 
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cover a relatively large area which the models may accurately forecast.  This would increase the 

POD, and in turn, raise the ETS.  However, small pinpoint locations of heavy precipitation are 

invariably under-predicted or forecasted in the wrong location.  These missed forecasts lower the 

ETS for the medium to upper precipitation thresholds.   
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Figure 4.2 The ETS for the 36-hour (left panel) and 48-hour (right panel) forecasts, as in 

Figure 4.1. 

 
 

 In Figure 4.3, the ETS are shown for the 60-hour forecasts from the superensemble, 

simple ensemble means, and member forecasts.  Only 3 member models were available for the 

60-hour forecast time.  This lack of member model diversity greatly affects the ability of the 

superensemble to enhance the precipitation forecast.  There is relatively small improvement at 

the light precipitation thresholds by the superensemble technique.  Overall however, there is 

marginal skill at the precipitation thresholds less than 5 mm.  At greater thresholds, neither the 

superensemble nor the other forecasts show adequate skill at predicting the precipitation location 

and intensity.  It should be noted that the 72-hour forecasts were also examined, but only 2 

member models were available.  The superensemble technique cannot properly be applied with 

only 2 member models; therefore, the study will only examine up to the 60-hour forecast time. 
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Figure 4.3 The ETS for 60-hour forecasts from the superensemble (SUP), simple ensemble 

mean (EMN), bias-corrected mean (BCE), season mean (MEAN), simple persistence 

(PERS), and 3 member models (MEM 1-3). 
 

 

 

4.1.2 False Alarm Ratio 

The second skill score to be considered is the false alarm ratio (FAR), which answers the 

question of how many  predicted "yes" events actually did not occur (i.e., were false alarms).  In 

Figure 4.4, the FAR values are shown for the 12 and 24-hour forecasts from the superensemble, 

simple ensembles, and member forecasts.  This skill score captures the strength of the 

superensemble technique.  Most of the member models tend to overestimate light to medium 

levels of precipitation.  The superensemble technique removes these model biases and applies a 

higher relative weight to the more accurate member models.  The technique removes many false 

alarms, which causes the superensemble to have a dramatically low FAR.  As seen with the ETS, 

member 5 competes with the superensemble forecast at the lowest threshold values.  At the 

precipitation threshold of 25 mm and higher, the FAR for member 5 cannot be computed because 

this member model does not forecast heavy precipitation events.  When qualitatively comparing 

the scores between the 12 and 24-hour forecast, the superensemble�s FAR starts to notably 

increase at the higher thresholds for the 24-hour forecast.  Again, this indicates the influence of 

the diurnal cycle of precipitation and model prediction.  At the afternoon time (00 UTC, left 

panel of figure 4.4), a greater amount of isolated heavy precipitation is occurring so the 

opportunity for the models, including the superensemble, to properly make the forecast is better.  
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This would cause the FAR to remain low even at the higher thresholds.  However, at the morning 

time (12 UTC, right panel of Figure 4.4), less isolated heavy precipitation is occurring so the 

forecasts tend to overestimate precipitation amounts which, in turn, increases the FAR. 
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Figure 4.4 The FAR for 12(left panel) and 24-hour (right panel) forecast from the 

superensemble(SUP), simple ensemble mean (EMN), bias-corrected mean (BCE), season 

mean (MEAN), simple persistence forecast (PERS), and 6 member models (MEM 1-6).   

 

In Figure 4.5, the FAR values are shown for the 36 and 48-hour forecasts from the 

superensemble, simple ensemble and member model�s forecasts.  Again, the superensemble 

outperforms the simple ensembles and member model forecasts for the 36 and 48-hour forecast 

at all but the lightest precipitation threshold.  The member 5 forecasts have a slightly lower FAR 

value at the 0.2 mm threshold, but the FAR values are notably higher than the superensemble at 

heavier precipitation thresholds and nonexistent at heavy precipitation. As previously discussed, 

a similar diurnal differentiation at the highest precipitation thresholds can be seen.  

In Figure 4.6, the FAR are shown for the 60-hour forecasts.  Once again, only 3 member 

forecasts are available for the 60-hour forecast.  The FAR values rapidly increase at the higher 

rainfall thresholds.  The superensemble technique still consistently decreases the FAR rate from 

the simple ensemble and member forecasts at all precipitation thresholds. 

4.1.3 BIAS 

The Bias or frequency bias describes how well the �yes� forecast events correspond to 

the �yes� observations.  It measures the ratio of the frequency of forecast events to the frequency  
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Figure 4.5 The FAR for 36-hour (left panel) and 48-hour (right panel) forecasts.  Same as 

Figure 4.4. 
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Figure 4.6 The FAR for the 60-hour forecasts  from the superensemble (SUP), simple 

ensemble mean (EMN), bias-corrected mean (BCE), season mean (MEAN), simple 

persistence forecast (PERS), and 3 member models (MEM 1-3).   

 

of observed events.  Values higher than 1 imply the model overestimates the precipitation 

thresholds; numbers lower than 1 suggest the forecast underestimates the precipitation amount.  

Bias values closes to the value of �1� are the best.  In Figure 4.7, the bias values are shown for 

the 12 and 24-hour forecasts.  Those forecasts that have a bias value closest to �1� are estimating 

precipitation amounts closest to the observations.  All the models tend to overestimate the lowest 

precipitation thresholds and underestimate the highest thresholds.   In fact, several of the member 
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models significantly overestimate precipitation amounts because their bias values are higher than 

3 which is off the graph of Figure 4.7. At the higher thresholds, members 1, 2, and persistence 

are the only forecasts which overestimate the precipitation amounts.  The superensemble forecast 

performs quite well when considering the performance over all thresholds at both forecast times.  

Similarly, the other forecast times can be shown to have a similar performance by the 

superensemble and the member model forecasts. 
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Figure 4.7 The Bias values for 12 hour (left panel) and 24 hour (right panel) forecasts from 

the superensemble (SUP), simple ensemble mean (EMN), bias-corrected mean (BCE), 

season mean (MEAN), simple persistence (PERS), and 6 member models (MEM 1-6).   

 

4.1.4 True Skill Statistic 

The true skill statistic (TSS) is also known as the Hanssen and Kuipers discriminant or 

the Peirces�s skill score.  It assesses how well the forecast separates the �yes� events from the 

�no� events.  Its values range from -1 to 1 with a perfect score being 1 and no skill being a 0.  

The benefits of the scoring method is that is uses all the elements in the contingency table.  

However, for rare events like precipitation, the TSS is unduly weighted by the probability of 

detection (POD).  This overall dependence on the POD term can be seen when comparing the 

POD curves and the TSS curves for the member models and superensemble forecast.  The 

following figure, Figure 4.8, shows the TSS values for the 12-hour (left panel) and 24 hour (right 

panel) forecasts from the superensemble, simple ensemble mean, bias-controlled ensemble mean, 

simple season mean, persistence, and the 6 member model forecasts.  The superensemble 
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forecast has the highest TSS at the lowest precipitation threshold and is among the best at the 

other precipitation thresholds as well.    

The average performance of the superensemble forecast can be explained by the overall 

dependence of TSS calculations on the POD.  Figure 4.9 contains the POD curves for the 12-

hour forecasts from the superensemble and member models.  The superensemble forecast has 

among the highest POD at most of the precipitation thresholds.  The relatively average 

superensemble performance can be expected since much of the overestimation of precipitation 

has been removed.  This was demonstrated by the dramatic drop in FAR by the superensemble 

technique.  Since the superensemble technique dramatically removes excess precipitation in its 

forecast, scoring techniques like TSS and POD will show lower results for the superensemble 

while they reward forecasts which tend to overestimate precipitation magnitude and location.  

Similar results can be shown for the other model forecast times. 
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Figure 4.8 The TSS values for 12 (left panel) and 24-hour (right panel) forecasts from the 

superensemble (SUP), simple ensemble mean (EMN), bias-corrected mean (BCE), season 

mean (MEAN), simple persistence (PERS), and 6 member models (MEM 1-6).   

 

4.2 Synoptic Regimes 

 
 To determine general weather regimes, where the superensemble forecast performs better 

or worse, upper level and surface maps where examined over the forecast season.  Three broad 

categories where created to group significant synoptic conditions together.  The days with 
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Figure 4.9 The POD values for the 12-hour forecast from for the superensemble (SUP), 

simple ensemble mean (EMN), bias-corrected mean (BCE), season mean (MEAN), simple 

persistence (PERS), and 6 member models (MEM 1-6).   

 

 

multiple consecutive occurrences of a single dominant synoptic feature were chosen in each 

category.  Each category will be fully discussed as well as the superensemble forecasts skill 

scores. 

4.2.1 Subtropical Ridge 

Ten days were found to demonstrate a significant subtropical ridge in the model domain 

which strongly influenced the isolated precipitation pattern.  Table 4.1 contains a listing of these 

days, a description and location of the subtropical ridge, and the 24-hour forecast superensemble 

forecast skill scores for 10 mm of precipitation.  These skill scores include the equitable threat 

score, model bias, and the true skill statistic.  The best scores and the worse scores for this 

synoptic subcategory are highlighted.  The ETS for this subcategory is 0.045.  This low value 

helps demonstrate the general difficulty in the superensemble forecast capturing the precipitation 

in the model domain while under the synoptic forcing of a subtropical ridge.  The bias score of 

0.766 is somewhat misleading due to one extremely large bias score for August 26, 2003.  If that 

value is omitted from the average bias calculation, then the average bias score would be 0.419 
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which indicates the difficulty in the superensemble forecast in capturing the intensity of the 

weakly forced precipitation.   

 

Table 4.1  Subtropical Ridge days, weather description, and 24 hour equitable threat scores                    

(ETS), bias scores (BIAS) and true skill statistics (TSS) for 10 mm of precipitation. 
 

24 hr Skill Scores  
          10 mm 

Julian Day Calendar 
Day 

Weather Conditions 

ETS BIAS TSS 

227 8/15/03 Subtropical ridge with small 
tropical depression over TX  

0.000 0.134 0.000 

232 8/20/03 Subtropical ridge with shallow 
stationary front across TN,KY 

0.000 0.655 0.000 

233 8/21/03 Subtropical ridge with shallow 
stationary front across TN,KY 

0.034 0.298 0.044 

234 8/22/03 Subtropical ridge  0.037 0.470 0.053 

235 8/23/03 Subtropical ridge 0.000 0.208 0.000 

236 8/24/03 Subtropical ridge 0.102 0.472 0.137 

237 8/25/03 Subtropical ridge with upper level 
jet over northern tier 

0.176 0.500 0.225 

238 8/26/03 Subtropical ridge with little activity 0.002 3.880 0.000 

239 8/27/03 Subtropical ridge with little activity 0.004 0.276 0.000 

240 8/28/03 Subtropical ridge with weak 
stationary front to west of domain 

0.099 0.765 0.160 

  AVERAGE 0.045 0.766 
(.419) 

0.062 

 

 

 
 To facilitate a proper discussion of the ability of the superensemble technique to forecast 

this type of precipitation, a description will follow for the highest and lowest scoring events.  The 

lowest scoring event, in all three categories, was for August 15, 2003.  In Figure 4.10, the Eta 

analysis maps are found for August 16, 2003 at 12 UTC which is the valid time for the 24-hour 

forecast issued on August 15, 2003.  The top left panel is the 850 mb temperature, winds, and 

heights.  The top right panel is the 300 mb temperature, winds, and heights.  The bottom left 

panel is the surface pressure and thickness, and the bottom right panel is the relative 

humidity/lifted index chart depicting two fields: integrated relative humidity from 850 to 500 mb 

(in color contours) and lifted index (in white line contours).  In Figure 4.11, the Eta analysis 

maps are shown for August 26, 2003, which is the valid time for the 24-hour forecast on August 
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25, 2003.  Significant differences can be seen in the upper level top right panel where on August 

26 the upper level jet stream is confined to the upper tier of states.  As a result, the upper level 

support for significant surface convection is kept to that geographic area.  This is further 

supported by Figure 4.12 which shows the severe weather reports for these two days.   For 

August 16, the severe weather reports are relatively scattered throughout the central and southern 

Atlantic coast states.   On August 26, the severe weather reports are primarily confined to one 

area in the mid-Atlantic region.  The superensemble forecast performs better on those days 

where the forcing for significant convection is isolated and not disbursed throughout the 

southeastern United States. 

 

 

 

Figure 4.10  Eta analysis valid at 12 UTC August 16, 2003.  The top left panel is the 850mb 

temperature, winds, and heights; the top right panel is the 300 mb temperature, winds, and 

heights; the bottom left panel is the surface pressure and thickness; the bottom right panel 

is the relative humidity/lifted index chart depicting two fields: integrated relative humidity 

from 850 to 500 mb (color contours) and lifted index (white line contours). 
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Figure 4.11  Eta analysis valid at 12 UTC August 26, 2003.  Same as Figure 4.10. 

 

 

 

 
 

Figure 4.12  Comparison between the preliminary severe weather reports from the Storm 

Prediction Center on August 16, 2003 (left panel) and August 26, 2003 (right panel). 

 

The Figures 4.13 and 4.14 depict the observed rain rates (in left panels) and the superensemble 

forecast (in right panels) for the two forecast days of August 16 and August 26, 2003.  Both days 

have relatively little precipitation, but the superensemble forecast performs notably better on 

August 26 because of the isolated upper level support which forces a more narrow band of 

convection along the Great Lakes. 
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Figure 4.13  Comparison between (A) the observations (mm) and (B) the superensemble 

forecast (mm) for the 24-hour forecast valid August 16, 2003 at 12 UTC. 

 

 

Figure 4.14  Similar to Figure 4.15 except valid August 26, 2003 at 12 UTC. 

 

The superensemble forecast performs better than the member models for low and high rainfall 

thresholds.  The ETS scores are shown in Figure 4.15 for the 48-hour forecast for all of the 10 

tropical ridge days.  The superensemble forecast has the highest scores for the lowest 
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precipitation thresholds of 0.2, 1 and 2 mm and also the very highest thresholds of 35 and 50 

mm.  However, all of the scores are relatively low and show minimal skill at all thresholds.  The 

other forecast times show similar skill when compared to the member models.  
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Figure 4.15  The ETS for the 48-hour forecast for the 10 specified ridge days for SUP 

(superensemble), EMN (simple ensemble mean), BCE (bias removed ensemble mean), 

MEAN (seasonal mean), PERS (persistence), and MEM 1-6 (6 member models). 

 

 

 In Figure 4.16, the TSS is shown for the superensemble forecasts for all model times over 

the 10 ridge days.  As previously shown, there is a notable higher skill level at all model times 

for the low rain thresholds, and relatively little to no skill for heavier rain.  This suggests that the 

model forecasts have relatively no skill at forecasting the exact location of significant rain 

events.  The lighter and broader rain categories are easier to forecast.   The highest scoring model 

times are for the 12 and 36-hour forecast for the lightest precipitation thresholds whereas the 

highest scoring times for the heaviest thresholds occur at the later forecast time of 48-hours.  

These results may indicate the influence of the diurnal cycle and predictability of the diurnal 

cycle of summer rainfall, which will be discussed in a later section. 
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Figure 4.16  The TSS for the 12, 24, 36, 48 and 60-hour superensemble forecasts for the 10 

ridge days. 

 

 

It is important to consider how the member models contribute to a poor forecast for the 

superensemble.  The following figure, Figure 4.17, shows the ETS for 24-hour forecast valid 

August 16, 2003 at 12 UTC.  Most of the member models perform better than the superensemble 

forecast at the medium precipitation thresholds.  Little skill is seen for any model at significant 

rainfall levels.  Figure 4.18 contains the contours for the observations, superensemble and all 

member model�s forecast for the 24-hour forecast valid August 16, 2003 at 12 UTC.  The higher 

scoring precipitation forecasts result from the operational Eta and the COAMPS member models.  

Both of these forecasts seem to capture the significant precipitation seen along the Texan Gulf 

Coast, while the superensemble forecast misses this feature entirely.  This may be due to the fact 

that most of the member models overestimate precipitation  over the Gulf and Gulf Coast, and 

the superensemble technique tends to minimize the forecast in these areas.  All in all, the 

member models tend to disagree on the exact nature of the precipitation over the south east 

which causes the superensemble forecast to be rather scattered and insignificant in this area.  In 

turn, the superensemble scores rather poorly where medium rainfall intensities were actually 

observed. 
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Figure 4.17  The ETS for the 24-hour forecast from the superensemble (SUP) and 6 

member models (MEM 1-6) valid August 16, 2003 at 12 UTC. 

 

4.2.2 Mid-latitude Trough/Front 

Fourteen days were found to have significant synoptic forcing due to the presence of mid-

latitude trough.  Table 4.2 gives the dates, weather conditions and 24-hour skill scores for 10 mm 

precipitation threshold.  As was done in the previous section, both the best and worse performing 

days will be discussed.  The skill scores are relatively inconsistent with widely ranging ETS 

values. The average value is 0.163 which is roughly equivalent to the entire forecast period 

average.  This suggests that the superensemble forecast performs similarly or these mid-latitude 

trough/frontal forcing days as it does on average for the entire summer season. 

The highest scoring day was for June 23, 2003, and the lowest scoring 24-hour ETS was for 

September 2, 2003.  Similar to Figure 4.10, Figure 4.19 shows the Eta analysis valid at 12 UTC 

on June 24, 2003.  The dominant feature seen in the diagram is the upper level trough which has 

dug southward over the southwestern United States.  This serves to force precipitation well west 

of our model domain and provides strong upper level convergence over our domain. This 

enhances sinking motion over the southeast United States thus inhibiting most precipitation.  In 

fact, this is quickly apparent in the visible satellite image shown in Figure 4.20 which is valid at 

1415 UTC on June 24, 2003.  Most of the model domain has no precipitation and clear skies.   
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Figure 4.18 Comparison between the (A) observations, (B) superensemble, (C) operational 

Eta, (D) Eta-KF, (E) NCAR MM5, (F) FSUNRSM with TRMM PI, (G) RUC, and (F) 

COAMPS member models forecasts (mm) for the 24-hour forecast valid on  

August 16, 2003 at 12 UTC. 
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Table 4.2  Mid-latitude trough/front days, weather discussion, and 24-hour ETS, BIAS, and 

TSS for 10 mm of precipitation. 
 

24 hr Skill Scores 
10 mm 

Julian 
Day 

Calendar 
Day 

Weather Conditions 

ETS BIAS TSS 

171 6/20/03 Upper level low over OH 0.120 0.306 0.141 

173 6/22/03 Upper level low off VA coast 0.141 0.268 0.160 

174 6/23/03 Upper level low of ME coast 0.446 0.527 0.476 

175 6/24/03 Upper level trough/jet west of 
domain 

0.221 0.407 0.257 

213 8/01/03 Upper and surface low over WI 0.117 0.844 0.193 

218 8/06/03 Upper level low over PA 0.224 0.432 0.266 

219 8/07/03 Upper level trough over KY 0.164 0.503 0.214 

220 8/08/03 Deep upper level trough to TN 0.149 0.421 0.187 

221 8/09/03 Weakening upper level trough to 
GA 

0.141 0.651 0.206 

222 8/10/03 Weakening upper level trough to 
AL 

0.045 0.423 0.062 

242 8/30/03 Strong upper level front over Great 
Lakes with surface stationary front 

0.045 0.622 0.262 

243 8/31/03 Strong upper level front over Great 
Lakes with surface stationary front 

0.189 0.723 0.308 

244 9/01/03 Strong upper level front over Great 
Lakes with surface stationary front 

0.250 0.776 0.358 

245 9/02/03 Strong upper level front over Great 
Lakes with surface stationary front 

0.027 0.435 0.038 

  AVERAGE 0.163 0.524 0.223 

 

 

This type of weather event scores very highly.  For the September 3, 2003 case, a very strong 

frontal zone of precipitation is evident in Figure 4.21, which is a visible satellite image valid at 

1415Z.  This frontal system is entering into its dissipation stage which adds to the difficulty of 

the superensemble capturing the forecast accurately.  These events are typically not well 

forecasted in advance. 

As for the skill scores, the superensemble forecast performs better than the member 

models, particularly for low rainfall thresholds.  The ETS are shown in Figure 4.22 for the 24-

hour forecast for all of the 14 mid-latitude trough/frontal forcing days.  The superensemble  
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Figure 4.19  Eta analysis valid at 12 UTC  June 24, 2003.  Same as Figure 4.10. 

 

 

Figure 4.20  UCAR visible satellite image at 1415 UTC June 24, 2003. 
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Figure 4.21 UCAR visible satellite image at 1415 UTC September 3, 2003. 
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Figure 4.22  ETS for 24-hour forecast for 14 specified trough/front days from the SUP 

(superensemble), EMN (simple ensemble mean), BCE (bias removed ensemble mean), 

MEAN (seasonal mean), PERS (persistence), MEM 1-6  

(6 member models). 
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forecast has the highest scores for the low to middle precipitation thresholds.  The member 

model 3 performs relatively better than the superensemble at the higher thresholds, yet it has 

marginally poor skills at the lower precipitation thresholds.  Overall, the shape of the curve is 

similar to total forecast days average as shown previously.  Skill drops quickly as the 

precipitation threshold increases.  The other forecast times show relatively similar skill when 

compared to the member models. 

In Figure 4.23, the superensemble forecasts are shown for (A) 12, (B) 24, (C) 36, (D) 48, 

and (E) 60-hour forecasts for September 2, 2003.  The color shaded contours are the 

superensemble forecast (mm) and the black contours are the radar/gage/satellite observations in 

the same contouring intervals (2,4,6,10,15,20,30,40).  Even though this day has relatively low 

scores for the 24-hour forecast, the ability of the superensemble to capture the essence of the 

precipitation pattern is still noteworthy.  However, the diurnal variability of the intensity of the 

stationary front is qualitatively evident in the intensity and organization of the precipitation 

pattern in the 12, 24, 36 and 48-hour forecasts and observations.  In the overnight and morning 

hours (i.e. the 24 and 48-hour periods), the stationary front nearly dissipates.  During the late 

afternoon and evening hours (i.e. 12 and 36-hour forecasts), the front regains its intensity and 

organization.  These interesting diurnal characteristics and the ability of the superensemble to 

capture their variability will be discussed in a later section. 

4.2.3 Tropical Cyclone 

A short forecast period limits the availability of tropical cyclone case days.  The days that 

were available can be found in Table 4.3, which includes Tropical Storm Bill and Hurricane 

Claudette.  Those days that are missing are a result of missing member models or missing 

observation files.  To be included in the study dataset, all forecasts and observations must be 

available.  The skill scores for the 10 mm precipitation threshold at the 24-hour forecast are also 

given in Table 4.3.  The skill scores are notably higher than the previous two synoptic sub-

categories.  Again, there are relatively few available forecasts which may affect the reliability of 

this comparison.  However, the ability of the superensemble technique to enhance the member 

models forecasts is impressive and will be discussed in detail in this section. 
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Figure 4.23  Contours for (A) 12, (B) 24, (C) 36, (D) 48, and (E) 60-hour forecasts for 

September 2, 2003.  The shaded contours are the superensemble forecast (mm) and the 

radar/gage/satellite observations (mm) are the black contours in a similar contour interval 

(2,10,20,30,40). 
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Table 4.3  Tropical cyclone days, weather description, and 24-hour ETS, BIAS, and TSS 

for 10 mm of precipitation. 

24 hr Skill Scores  

        10 mm 

Julian 

Day 

Calendar 

Day 

Weather Conditions 

ETS BIAS TSS 

181 6/30/03 Peak intensity of Tropical Storm Bill 

and landfall over LA 

0.343 0.496 0.387 

183 7/02/03 Extra-tropical Low over TN/VA 0.219 0.396 0.255 

185 7/04/03 Merged with frontal system 0.312 0.486 0.359 

195 7/14/03 A strengthening Hurricane Claudette 0.315 0.770 0.425 

196 7/15/03 A weakened Tropical Storm 

Claudette at landfall over TX 

0.280 0.484 0.328 

  AVERAGE 0.294 0.526 0.351 

 

 

The forecast for July 2, 2003 has the lowest tropical system score in Table 4.3.  Over July 

2 and 3, Tropical Storm Bill weakened and became an extra-tropical low over the United States.  

In Figure 4.24, the sequence of satellite and surface maps are shown every 12 UTC for July 2 

through July 4, 2003.  These diagrams demonstrate the location and transition of the tropical 

system into an extra-tropical low.   At the initial time (A), the storm appears as an intense extra-

tropical cyclone with the classic �comma� shape.  By the final time (D), most of the original 

system has moved offshore and only a rainband structure is visible over the southeast coast.  In 

Figure 4.25, the comparison between the observations (A) and the superensemble forecast (B) 

for the 12-hour forecast (00 UTC July 3, 2003) is shown.  The superensemble tends to 

overestimate the middle level of the precipitation thresholds.  This is evident by noting the 

location of the small scale precipitation convective cells in the observation panel and the more 

homogeneous rainfall field of the superensemble.  However, the superensemble does pinpoint the 

intense precipitation over North Carolina.  These relative skills are surprisingly evident in Figure 

4.26 which shows the average ETS for the 12-hour forecasts from the superensemble, simple 

ensembles, and member models.   The ETS are highest at the lightest and also at the heaviest 
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Figure 4.24  Combination Satellite/Radar/Surface map for July 2, 2003 at 12 UTC (A), July 

3 at 00 UTC (B), July 3 at 12 UTC (C), and July 4 at 00 UTC (D). 

 

 

rainfall thresholds.  The lowest ETS for the superensemble are surprisingly found at the mid-

range of precipitation thresholds of 10 to 25 mm.  The superensemble seemingly pinpoints the 

location of the most intense precipitation. 

For the 24-hour forecast, Figure 4.27 shows the comparison between the 24 hour 

observations and superensemble forecast.   At this time, the extra-tropical cyclone has moved off 

the coast.  The superensemble locates the majority of the cyclone in the same relative position as 

the observations.  The ETS values for all of the tropical cyclone 24-hour forecasts are shown in 

Figure 4.28, and again, the superensemble performs better than expected at higher range 

precipitation thresholds.    

 

(A) (B) 

(C) (D) 
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Figure 4.25 Comparison between the (A) observation and (B) superensemble forecast (mm) 

for the 12-hour forecast valid at 00 UTC July 3, 2003. 
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Figure 4.26 The ETS for the 12-hour forecast for the 5 specified tropical days for SUP 

(superensemble), EMN (simple ensemble mean), BCE (bias removed ensemble mean), 

MEAN (seasonal mean), PERS (persistence), MEM 1- 6 (6 member models). 

 



  

 

 

64

 

 
Figure 4.27 Comparison between the observation (A) and the superensemble (B) for the 24-

hour forecast (mm) valid at 12 UTC July 3, 2003. 
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Figure 4.28 The ETS for the 24-hour forecast for the 5 specified tropical days (same as 

Figure 4.22). 

 

The best performing day for the tropical days was June 30, 2003, when Tropical Storm 

Bill was at peak intensity and made landfall over Louisiana.  The ETS values for all the 24-hour 

forecasts from the superensemble and all member models forecasts can be seen in Figure 4.29.  

The ETS are very high for the superensemble forecast at medium precipitation thresholds.  To 
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visually inspect the characteristics of these forecasts, Figure 4.30 contains the observations and 

the 24-hour forecasts from the superensemble and all 6 member models.   The forecast captures 

the general structure of Tropical Storm Bill, especially the asymmetrical region of the heaviest 

region of precipitation.  However, the forecast does underestimate the intense precipitation and 

overestimates the aerial coverage of the light precipitation.  In fact, all of the member models 

significantly overestimate the lightest precipitation threshold.  Most of the member models 

significantly underestimate the heaviest precipitation.  The NCAR MM5 is a notable exception, 

as that model has a very high bias towards heavy rain.  None of the member models outperform 

the superensemble. The superensemble tends toward improving the member model forecasts by 

significantly reducing the overestimation of light rain and adding a significant rain forecast that 

most of the member models miss.  A single member model forecast tends to either overestimate 

(i.e. too wet) or underestimate (i.e. too dry) both the light and heavy rain.  The superensemble 

technique combines the most accurate components of each member model into a single improved 

forecast. 
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Figure 4.29  ETS for 24-hour forecast from the superensemble (SUP) and 6 member 

models (MEM 1-6) valid at 12 UTC July 1, 2003. 
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Figure 4.30  Comparison between the (A) observations, (B) superensemble, (C) operational 

Eta, (D) Eta-KF, (E) NCAR MM5, (F) FSUNRSM with TRMM PI, (G) RUC, and (F) 

COAMPS forecasts (mm) for 24-hour forecast valid at 12 UTC July 1, 2003. 
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4.3 Sensitivity to Member Model Selection 

For this study, 6 independent member models were selected to compose the member suite 

necessary for the superensemble technique.  However, 9 models were prepared for use in the 

study.  This section will address the reason for the selection of the 6 member models. 

This work began with a total of 9 possible member models.  Five of them originate from 

independent operational and research facilities throughout the United States, such as the Eta from 

NCEP, experimental Eta from NSSL, RUC from FSL, MM5 from NCAR, and COAMPS from 

NRL.  Four others were created with the FSUNRSM.  Three were generated by the use of 3 

different rainfall rates in the physical initialization process.  The PI process is fully discussed in 

Appendix B.  The final FSUNRSM member was generated without any PI as a control run. The 

four FSUNRSM with PI runs can be summarized by the following: 

1) CALVAL SSM/I  by Ferraro (1994) 

2) OLSON SSM/I by Olson et al. (1990) 

3) COMBINED GPROF-SSM/I-TRMM 2A12 by Kummerow (1998) 

4) No PI. 

These different rainfall estimations are fully discussed in Appendix E. 

As mentioned in Chapter 1, recent ensemble studies have shown the need for a diversity of 

ensemble members for mesoscale ensemble studies (Ebert 2001).  Likewise, one would expect 

that the superensemble forecasting technique is highly dependent on the member model 

selection.  A comparison study was conducted to see the effect of choosing different sets of 

member models on the quality of the superensemble forecast. 

To examine the impact of differences in member models, 3 sets of different suites of  

models were utilized to create 3 different superensemble forecasts.  The list below summarizes 

the differences between the 3 superensemble forecasts: 

1) 6 members:  Eta, Experimental Eta, MM5, RUC, COAMPS, FSUNRSM with TRMM PI 

2) 4 diverse members:  Eta, Experimental Eta, MM5, RUC 

3) 4 similar members:  FSUNRSM with no PI, FSUNRSM with Ferraro PI, FSUNRSM 

with Olson PI, FSUNRSM with TRMM PI. 

The first model suite contains the maximum amount of independent model predictions.  

The second model suite utilizes 4 of the better scoring forecasts that also demonstrate wide 
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diversity in their respective precipitation forecasts.  Finally, the third set uses only FSUNRSM 

simulations with differences in the initial conditions to make up the suite of 4 member models.  

The FSUNRSM with different PI simulations generate very similar forecasts.  As suggested by 

Ebert (2001), an ensemble with only the FSUNRSM member models would have an inferior 

forecast than an ensemble with diverse member models.  This is because ensemble suites with a 

variety of member models samples uncertainties in both the initial conditions and the model 

formulation which strengthens the overall diversification of the model forecasts and their QPF.  

In Figure 4.31, the ETS and TSS are shown for the 12-hour superensemble forecasts for the 3 

different member model suites.  The model suite that contains the similar FSUNRSM 

simulations scores lower than those model suites which contain diversity in their precipitation 

forecasts.  In fact, minimal differences exist between the 6 member and 4 diverse member 

superensemble forecasts.  This is also evident in Figure 4.32 which compares the forecasts on 

July 2, 2003, between the 3 different superensemble forecasts and the 12 hour observations.  

Minimal differences can be seen between the diverse 6 member and 4 member forecasts.  

However, the 4 FSUNRSM member superensemble forecast fails to capture a significant portion 

of the precipitation that must not have been forecasted by the FSUNRSM.  Similar results were 

found for the other model times.   The slightly higher ETS at the heaviest rain thresholds and 

TSS at the lightest thresholds suggested the use of the 6 member model ensemble suite which 

would yield an ultimately better superensemble forecast. 
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Figure 4.31 The ETS (left panel) and TSS (right panel) for the 12-hour superensemble 

forecasts from 3 different suites of  member models:  6 diverse members (6mem), 4 diverse 

members (4good), 4 FSUNRSM members (4bad). 
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Figure 4.32 Comparison (in mm) between the (A) observations and 3 different 

superensemble forecasts for July 2, 2003:  (B) 6 diverse members, (C) 4 diverse members 

and (D) 4 FSUNRSM members. 

 

 

4.4 Resolution Comparison 
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In this study, the superensemble technique is applied to current operational mesoscale 

models in an attempt to increase the summer precipitation forecast accuracy.  This approach has 

been shown to be valuable when increasing the skill at the global modeling resolution.  A higher 

resolution mesoscale superensemble should then provide a better estimate of local precipitation 

than the global superensemble.  Therefore, a hypothesis can then be suggested for the mesoscale 

superensemble to outperform the global superensemble.  This section will address this issue.   

If mesoscale models are run at finer resolutions, incorporating finer mesoscale features 

and dynamics, then the model performance should improve.  Previous studies have shown this is 

not necessarily the case.  Brooks et al. (1992) cautioned that increasing the resolution might not 

produce an improvement in convective forecasts because of the natural predictability limits of 

fine scale phenomena and the incomplete data sampling for model initialization.  The 

enhancement however is often seen in the realistic nature of the convective forecasts.   Mass et 

al. (2002) note that even though the objectively scored accuracy measures may not improve, the 

realistic nature of the simulated features may be better. 

Traditional grid point skill scores can be increased by performing verification on longer 

forecast periods.  For example, a 24-hour forecast will score better than 4 separate 6 hour 

forecasts.  Timing errors are lost when skill scores are evaluated over longer time periods (Gallus 

2002).  Similarly, skill scores are also impacted by the spatial resolution of the verifying 

analysis.  Just as a longer time period for forecast evaluation improves the skill scores, a coarser 

verifying grid will reduce the impact of small scale spatial errors (Gallus 2002).  In fact, Gallus 

(2002) showed that if ETS where compared between models with different horizontal grid 

spacings, the tendency is for the ETS to be lower for the model with the finest resolution, when 

verification is performed on each of the model�s native grid. 

To compare the scores of the regional and the global superensemble, 12 forecast days 

were chosen in late August and early September.  These forecast days were selected because of 

the limited global superensemble availability from August 15 to September 15, 2003, in 24 hour 

increment forecasts.  The following Table 4.4 describes the compared dates and broad weather 

regimes. 
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Since the global and regional models are created at different resolutions, the regional 

superensemble must be verified on the coarser verifying grid to match the resolution of the 

global superensemble.  The global superensemble is at 1° resolution every 24 hours; therefore  

 

Table 4.4  Available dates for the global and regional superensemble intercomparison for 

subtropical ridge days, mid-latitude trough, or front days and transition days. 

 

Subtropical Ridge Mid-latitude Trough/Front Transition 

233     8/21/03   242      8/30/03 239   8/27/03 

234     8/22/03 244      9/1/03 240   8/28/03 

235     8/23/03 245      9/2/03 241   8/29/03 

236     8/24/03   

237     8/25/03   

238     8/26/03   

 

the resolution of the regional superensemble was changed to a 24-hour forecast at 1° resolution 

by utilizing a simple box averaging technique.   

In Figure 4.33, the ETS and BIAS values are shown for the 24-hour accumulated forecast 

for the 12 days shown in Table 4.4 for the regional superensemble and the global superensemble 

at 111 km resolution.  When comparing the ETS of the regional superensemble at 111 km 

resolution to the 43 km scores, the regional superensemble ETS are notably higher when the 

scores are computed over a longer time scale and coarser grid.  The regional superensemble 

outperforms the global superensemble at the lower precipitation thresholds.  At the heavier 

thresholds, the global superensemble has a higher ETS.  The BIAS values, shown in right panel, 

are also extremely high for the global superensemble at these same thresholds.  The high BIAS 

values suggest the global superensemble is over-predicting the heavy rainfall events, while the 

regional superensemble is under-predicting them.  This under-prediction is a result of the 

hedging of the forecast to a coarser resolution.  Heavy precipitation amounts are averaged out of 

the forecast when the resolution is lowered. 

Similarly, Figure 4.34 displays the ETS and BIAS values for the 48-hour forecasts of the 

regional superensemble and the global superensemble at 111 km resolution.  Once again, the 
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regional superensemble outperforms the global superensemble at the lighter precipitation 

thresholds.  The global superensemble�s higher skill at the heavy precipitation thresholds is due 

to the over-prediction of these heavy rain events.  The extraordinarily high Bias values, shown in 
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Figure 4.33 The average ETS (left panel) and BIAS (right panel) for the 24-hour forecast 

from the regional and global superensemble at 111 km resolution for the 12 specified days 

(shown in Table 4.4). 
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Figure 4.34 The average ETS (left panel) and BIAS (right panel) for the 48-hour forecasts 

(same as Figure 4.33). 

 

the right panel, confirm the over-prediction by the global superensemble at the heavy 

precipitation thresholds. 

These encouraging results suggest the regional superensemble does create a more skillful 

forecast than the global superensemble, at both 24 and 48-hours.  As a demonstration of the 
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relative differences in their forecasts, Figure 4.35 shows a comparison of the 24-hour forecast 

from the regional and the global superensemble for September 1, 2003, and the corresponding 

24-hour accumulated observations.  These figures are the interpolated forecasts and observations 

at 111 km resolution.  Some of the higher resolution precipitation features are unable to be seen 

due to the interpolation necessary to compare with the global model.  However, the regional 

superensemble still agrees well with the observed precipitation pattern.  In this region and 

forecast time, the global model superensemble forecast tends to significantly overestimate both 

the light and heaviest precipitation amounts. 
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Figure 4.35 Comparison between (A) observations, (B) global superensemble, and (C) 

regional superensemble (mm) for the 24-hour forecast valid September 2, 2003 at 12 UTC. 

4.5 Diurnal Change and Predictability 

 
Much documentation can be found on the diurnal variability of precipitation over the 

United States (Wallace 1975; Schwartz and Bosart 1979; Balling 1985; Easterling and Robinson 

1985; Englehart and Douglas 1985; Riley et al. 1987; Landin and Bosart 1989; Tucker 1993; 

Higgings et al. 1996).  These studies have shown a maximum in precipitation during the late 

afternoon over the southeastern United States during the warm season.  Several physical 

mechanisms have been proposed to account for this strong diurnal cycle in rainfall.  Wallace 

(1975) proposed a variety of physical causes including coastal land and sea breeze circulations, 

the solar heating over sloped terrain, and daily fluctuations in the frictional drag of the planetary 

boundary layer.  All of these may induce diurnal changes in the low-level convergence which 

ultimately affects the afternoon convection maximum.  The Florida peninsula offers a prime 

example of a very effective afternoon sea-breeze convergence which contributes to convective 

rainfall (Burpee 1979; Schwarts and Bosart 1979). 

A more recent study (Dai et al. 1997) advocates the diurnal cycle in precipitation is not 

well captured in models.  That study analyzed the ability of a regional climate model to simulate 

summer precipitation over the United States using different cumulus parameterization schemes.  

Through their look at a long time series of precipitation observations, they determined that 

summer precipitation has a relatively low year-to-year variability than other season�s 

precipitation (Dai et al. 1997).  Dai et al. suggest that this stems from the weaker influence of 

large-scale dynamics and greater importance of local effects on the diurnal cycle of precipitation.  

One important aspect of this study is the examination of the diurnal cycle in the mesoscale 

superensemble.  The higher resolution mesoscale superensemble has a greater ability to capture 

the local effects which are shown to be more important on the diurnal cycle than large scale 

dynamics. 

The regional superensemble forecasts are available every 12 hours due to limited 

availability of some of the member models.  This study will examine how the ETS varies over 

the forecast times, 12 to 60 hours, and between GMT times 00 UTC to 12 UTC.  In Figure 4.36, 
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the fluctuations in the ETS are shown for the available forecast times at 2 different precipitation 

thresholds (10 and 25 mm) for all forecast days and the significant weather regimes days shown 

in Tables 4.1 (Ridge Days), 4.2 (Trough Days), and 4.3 (Tropical Days).  Since the model is 

initialized at 12 UTC, the 12, 36, and 60-hour forecasts are for forecasts valid at 00 UTC, and the 

24 and 48-hour forecasts are valid at 12 UTC. 
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Figure 4.36  ETS fluctuations in forecast times, 12 to 60 hours, for (A) 10 mm and  

(B) 25 mm.  Error bars reflect the 95% confidence interval for each contour. 
The first diagram, Figure 4.36 (A), depicts the fluctuations in ETS for 10 mm of 

precipitation for the 4 forecast groups.  The 95% confidence interval error bars are also presented 

for each forecast group.  The error bar width reflects the two quantities inherent to the 

calculation of the confidence interval:  number of observations and spread of the data.  The 

tropical cyclone forecast group (TROPICAL in Figure 4.36) has the largest error bars because of 

the limited size of the dataset.  The smallest error bars are for the entire forecast group (ALL 

DAYS in Figure 4.36).  Again, this reflects the large quantity of forecast days available for their 

calculation.  

Keeping in mind the relative widths of the confidence interval, examining different 

forecast groups reveals the predictability of each type of weather regime.  The first group of days 

comes from the average ETS for all forecast days (ALL DAYS).  As one examines the 

fluctuations between 00 UTC and 12 UTC, a pattern quickly immerges.  After a possible spin-up 

in forecast accuracy, one would expect a linear decrease in forecast skill.  However, there is a 

marked increase in relative skill at both 24 and 48 hours, which are 12 UTC forecasts.  The skills 

for 12, 36, and 60 hours, 00 UTC forecasts, are relatively lower in comparison to the 12 UTC 

forecasts.  Comparison between the different weather regimes reveals the lowest scoring group 

of days to be the subtropical ridge days.  Even with the ridge days, a surprising fluctuation 

between the 00 UTC and 12 UTC forecast can still be seen.  The higher scores are found at the 

seemingly more predictable forecast times valid at 12 UTC.  The trough days have slightly 

higher ETS than all forecast days together, and they have similar diurnal variations.  The highest 

ETS are found for the tropical cyclone group, which have already been shown to be well 

predicted by the superensemble forecast.  The forecast skill increases slightly for the 24-hour 

forecast valid at 12 UTC, but decreases rapidly after the 24-hour forecast.  This supports the 

premise that tropical cylones are difficult to accurately forecast after 12 hours. 

For the higher rainfall threshold, 25 mm, the diurnal variations are still evident.  Skill 

levels tend to be lower for the forecast groups other than the tropical cyclone group.  The error 

bars are larger for the tropical cyclone group which reflects the small sampling size as well as the 

wider range in observed values.  The skill for the tropical cyclone days is still higher than the 

other groups of forecast days.  The tropical cyclone ETS decrease rapidly with forecast length, 
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which again suggests the difficulty in longer forecast periods.  All forecast groups tend to decay 

uniformly at 60 hours to an extremely low ETS reflecting the inability of the superensemble to 

accurately predict the location of the strongest precipitation at long forecast times. 

All in all, the superensemble forecast is notably better than the current state of the art 

mesoscale models.  However, the performance of the superensemble is undoubtedly tied to the 

member model performance.  After all, a member model must forecast precipitation at a grid-

point for the superensemble to be able to forecast precipitation.  Even though their performances 

are connected, the member model forecasts do not typically outperform the superensemble.  The 

superensemble tends toward improving the member model forecasts by significantly reducing 

the overestimation of light rain and adding a significant rain forecast that most of the member 

models miss.  A single member model forecast tends to either overestimate (i.e. too wet) or 

underestimate (i.e. too dry) both the light and heavy rain.  The superensemble technique 

combines the most accurate components of each member model into a single improved forecast. 
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CHAPTER 5 

SUMMARY AND CONCLUDING REMARKS 

 

 

 

This study has evaluated the short range mesoscale superensemble precipitation forecast 

for the Southeast United States over the warm season.  Real-time operational and research 

mesoscale model forecasts were utilized to create the first mesoscale superensemble forecast in 

an effort to better predict summertime rainfall. 

Five independent operational and research mesoscale models were gathered from the top 

NWP facilities across the United States: NCEP, NCAR, NRL, FSL, and NSSL.  These multi-

models serve as the foundation for the needed variations in initial conditions and 

parameterization schemes to capture the spread in possible precipitation forecasts.  The study 

also began with the generation of 4 additional precipitation forecasts from various rain rate 

retrieval algorithms used in the PI process of the FSUNRSM. 

Different compilations of member models were assessed to determine the best set of 

member models for the most accurate superensemble forecast.   Various training period lengths 

were examined to find the best length of training days for the most accurate superensemble 

forecast.  A regional mesoscale superensemble forecast was then created through the compilation 

of the mesoscale model forecasts.   

 Precipitation forecasts were evaluated through deterministic verification techniques 

including equitable threat score, bias, probability of detection, false alarm ratio, and true skill 

statistic.  To evaluate the effectiveness of the superensemble technique under certain types of 

weather conditions, the forecast/training period was separated into 3 different synoptic regimes. 
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The mesoscale superensemble resolution was interpolated to 111 km resolution to 

compare with the global superensemble precipitation forecast.  This was done to determine 

whether or not the expense of creating a regional mesoscale superensemble forecast was 

warranted in a future real-time application.  This study determined that the regional 

superensemble does, in fact, outperform the global superensemble for this limited area and 

limited season application. 

The superensemble skill score fluctuations between 00 UTC and 12 UTC were examined 

to assess the predictability nature of the diurnal cycle of precipitation patterns in this season and 

domain.  These results reveal a slight increase in forecast predictability for the precipitation 

pattern at 12 UTC versus 00 UTC. 

Based upon the results generated by this study, the following conclusions can be made: 

• After evaluation of the ETS with different member model sets, 6 member models were 

found to create the best superensemble forecast:  operational Eta, Eta with KF, NCAR 

MM5, FSL RUC, NRL COAMPS, FSUNRSM with TRMM PI.   Four member models 

that included only variations of the FSUNRSM were found to have very low skill scores. 

This suggests a spectrum of cumulus parameterization and model physics is needed for a 

robust superensemble forecast.  

• Sensitivity tests reveal that 45 days training maximize the superensemble forecast 

performance. 

• The superensemble forecast has the highest ETS over all member model and simple 

ensemble forecasts. 

• The superensemble forecast removes excess precipitation in its forecast which 

dramatically improves the FAR. 

• Through examination of the BIAS scores, all models tend to overestimate the lowest 

precipitation thresholds and underestimate the highest thresholds.  The superensemble 

forecast minimizes these error trends.   
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• Since the superensemble technique dramatically removes excess precipitation in its 

forecast, the superensemble�s TSS and POD are sometimes lower than those model 

forecasts which overestimate rainfall coverage. 

• To evaluate the skill of the superensemble forecast under different weather regimes, the 

forecast period was separated into 3 different categories.  In general, forecast skills were 

lowest under the influence of a subtropical ridge.   Mid-latitude trough/front forcings 

slightly improved skill scores above the season average.  The most improved synoptic 

regime was the tropical cyclone. 

• Superensemble performance was found to be tied to member model performance.  When 

the member models forecast are widely spread, the superensemble forecasts a broader, 

weaker precipitation amount.  When all the member models agree on a center of 

convective activity (i.e. a tropical cyclone), the superensemble maximizes its skill scores 

by removing excess precipitation and pinpointing the convective center. 

• In general, the member model forecasts are unable outperform the superensemble.  In 

fact, the superensemble tends toward improving the member model forecasts by 

significantly reducing the overestimation of light rain and pinpointing the significant rain 

forecast.  A single member model forecast tends to either overestimate (i.e. too wet) or 

underestimate (i.e. too dry) both the light and heavy rain.  The superensemble technique 

combines the most accurate components of each member model into a single improved 

forecast. 

• If no member model predicts rainfall at a grid point, then the superensemble is unable to 

predict any precipitation at that grid point. 

• When the regional superensemble is hedged to 111 km, the regional superensemble 

performs better than global superensemble for this model domain and forecast period. 

• Examination of the diurnal predictability of the precipitation forecasts reveal an increase 

in relative skill at 24 and 48 hours, which are 12Z forecasts. 

Future work: 
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• The mesoscale regional superensemble should be run in an operational real-time 

application over the US to evaluate performance over multiple seasons. 

• Other variables, including surface temperature and winds, should be evaluated to 

determine the benefits of the superensemble technique. 

• Other superensemble techniques should be utilized.  The current technique has the 

disadvantage of poor handling of singularities in the error covariance matrices.  Other 

sophisticated methods like singular value decomposition (SVD), empirical orthogonal 

functions (EOF) may improve the superensemble solution and generate a better forecast. 

• Probabilistic scoring should be evaluated to determine the impact of the superensemble 

technique on probabilistic precipitation forecasts. 

• Other verification techniques, including object-oriented verification, should be used on 

the precipitation forecasts to evaluate the nature of the superensemble forecast 

improvement. 

Impact of work: 

• The regional mesoscale superensemble forecast was shown to be the most skillful 

forecast when compared to the state of the art operational mesoscale models.   

• This technique has the potential of increasing forecast accuracy for a multitude of 

economic applications which rely on accurate rainfall prediction. 
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APPENDIX A 

OUTLINE OF THE FSUNRSM 

 

 

The following is an outline of the Florida State University Nested Regional Spectral Model 

(FSUNRSM). 

1. Independent variables: (x, y, σ, t) 

2. Dependent variables:  vorticity, divergence, surface pressure, vertical velocity, 

temperature and humidity. 

3. Horizontal resolution:  .38961 degrees 

4. Vertical resolution:  14 layers between roughly 50 and 1000 hPa. 

5. Semi-implicit time differencing scheme. 

6. Envelope orograph (Wallace et al. 1983). 

7. Centered difference in the vertical for all variables except humidity which is handled by 

an upstream differencing scheme. 

8. Fourth-order horizontal diffusion (Kanamitsu et al. 1983). 

9. Kuo-type cumulus parameterization (Kuo 1965, 1974; Krishnamurti et al. 1983).  

10. Shallow convection (Tiedtke 1984). 

11. Dry convective adjustment. 

12. Large scale condensation (Kanamitsu 1975). 

13. Surface fluxes via similarity theory (Businger et al. 1971). 

14. Vertical distribution of fluxes utilizing diffusive formulation where the exchange 

coefficients are functions of the Richardson number (Louis 1979). 

15. Long and short-wave radiative fluxes based on a band model (Harshvardhan and Corsetti 

1984; Lacis and Hansen 1974). 

16. Diurnal cycle with respect to the radiative processes. 
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17. Parameterization of low, middle and high clouds based on threshold relative humidity for 

radiative transfer calculations. 

18. Surface energy balance coupled with similarity theory (Krishnamurti et al. 1991). 

19. Non-linear normal model initialization � 5 vertical modes (Kitade 1983). 

20. Physical initialization (Krishnamurti et al. 1991). 



  

 

 

84

 

APPENDIX B 

PHYSICAL INITIALIZATION 

 

 

The physical initialization (PI) process assimilates satellite-based, surface rain rate 

estimations into FSUGSM and FSUNRSM (Krishnamurti et al. 1984).   During the PI process 

the surface moisture flux, the apparent moisture sink, the surface pressure, and the vertical 

distributions of humidity, mass divergence, and convective heating are ``spun-up'' consistent 

with the model physics and the observed rain rates (Krishnamurti et al. 1997).  To achieve this, 

reverse physical algorithms are used.  These algorithms include a reverse similarity algorithm, a 

reverse cumulus parameterization algorithm, and an algorithm which restructures the vertical 

humidity distribution. 

At every time step and at every rain location, physical initialization passes the observed 

interpolated rainfall rates via a number of reverse algorithms.  The following components of 

physical initialization are used in this study: 

1. The reverse similarity makes use of the vertically integrated equations for the apparent 

moisture sink, following Yanai et al.(1973).  It provides an evolving field of evaporation 

consistent with the imposed rain rates.  Finally, the constant flux layer moisture field is 

derived consistent with the evaporation using the reverse similarity algorithm (Krishnamurti 

et al. 1991).  The moisture data is assimilated by the model assuring consistency of the 

forward model's constant flux layer with the observed rain rates. 

2. The FSU modified Kuo reverse cumulus parameterization scheme developed by 

Krishnamurti et al. (1991) is used in this study.  Given rainfall distributions derived from 

satellite rain rate algorithms, the reverse algorithms augment the humidity, heating, 

divergence and surface pressure tendencies consistent with the imposed precipitation rates 

and the nudged large scale fields of vorticity and temperature. 
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Physical initialization is an important element of this multi-analysis study.  Because of the 

different initial rain rates from the different satellite based algorithms, the use of physical 

initialization within the data assimilation of the FSUNRSM produces sufficiently different 

analysis.  Therefore, each separate forecast from each different rain rate can be tagged as distinct 

members of the regional multi-analysis superensemble. 

 

B.1 Reverse Physical Algorithms 

 

The reverse physical algorithms are the heart of the PI.  It involves a reverse similarity 

theory, a reverse cumulus parameterization, and an OLR matching technique.  These processes 

will be described in detail following Krishnamurti et al. (1991, 1993). 

B.1.1 Reverse Similarity Theory 

Utilizing the reverse similarity algorithm, the surface evaporative fluxes are obtained 

from the sum of the apparent moisture sink and the observed rain rate, while the surface sensible 

heat fluxes are obtained from a knowledge of the apparent heat source and the net radiative 

heating.  This process was first proposed by Yanai et al. (1973) and comes from the vertically 

integrated equations for the apparent heat source 1Q  and the apparent moisture sink 2Q .  The 

similarity theory (Businger et al. 1971; Chang 1987) utilizes the Yanai fluxes of sensible and 

latent heat at the top of the constant flux layer to solve for the unknown potential temperature 

and moisture variable.  After this assimilation procedure, the resulting surface flux tends to then 

exhibit consistency with the observed rainrates. 

The similarity fluxes of momentum, heat, and moisture can be expressed respectively by 

the relations (Chang 1978); 

 2

2 1( ) ,m mF C U Uρ= −  (B.1) 

 2 1 2 1( )( ),H p HF c C U Uρ θ θ= − −  (B.2) 

 2 1 2 1( )( ) ,q qF C U U q q GWρ= − −  (B.3) 

where the similarity exchange coefficients are given as follows: 
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(a) For stable and neutral cases: 0BRi >  
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 1.7 .q HC C=  (B.6) 

(b) For the unstable cases, 0BRi <  
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 1.7 .q HC C=  (B.9) 

Here, MC , HC , and qC are the exchange coefficients of momentum, heat, and moisture, 

respectively.  *U is the characteristic friction velocity, *θ the scaling potential temperature, 

GW the ground wetness, and k the von Karman constant.  The subscripts 1 and 2 represent the 

bottom and top of the constant flux layers, respectively.  Z denotes the height of the surface 

layer, U the wind, θ the potential temperature, and q the specific humidity.  BRi is the bulk 

Richardson number which has the following definition: 

 2 1 2 1

2

2 1

( )( )
.

( )
B

g Z Z
Ri

U U

θ θ

θ

− −
≡

−
 (B.10) 

Following the analysis of Louis (1979), the formula for the momentum is expressed by 
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and for the heat and moisture by 
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The roughness length 0Z is defined as  
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 8 2

0 0.15 0.2 10 (2368.0 18.42 )Z h
− = + × +   (B.13) 

over the land areas following Manobianco (1989), where h is the elevation.  Charnock�s formula 

(1955) is utilized over oceans where the following definition is applied 
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For the unstable case, the objective function is defined as 
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where the value of 2θ  can be obtained by maximizing F .  The Newton-Rhapson iteration 

approach provides the final approximate value of 2θ  after several iterations. 

For the stable case, equation (B.5) may be rewritten as 

 2 24.7 (9.4 ) 1 0,B BRi A Ri+ − + =  (B.16) 

where, 
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The signs of both roots of equation (B.17) are positive, however, the larger root is beyond the 

physical limits of BRi .  Therefore, the smaller root is the solution which should be used to obtain 

2θ  from equation (B.10).  Here, the influence of the change of θ  is ignored. 

Once 2θ  is obtained, HC  and qC  can be computed using equations, (B.15), (B.16), (B.17), and 

(B.18).  Finally, 2q can then be calculated from equation (B.13). 

B.1.2 Reverse Cumulus Parameterization 

 The purpose of the reverse cumulus parameterization scheme is to reanalyze the vertical 

distribution of specific humidity to insure the rainfall implied by the cumulus parameterization 

algorithm matches the given observed rainfall rates.  This reverse parameterization is designed 

for the modified Kuo convection scheme. 
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 The modified Kuo scheme employs parameters b  and η , where b is a moistening 

parameter and η  is a mesoscale convergence parameter.  The total moistening and rainfall rates 

can be expressed by the following equations: 

 (1 ) ,LM I bη= +  (B.18) 

and 

 (1 )(1 ).LR I bη= + −  (B.19) 

 In the reverse Kuo scheme, the specific humidity q  is modified based on the following 

relation, 
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Here, mq is the modified specific humidity and R  is the observed rain rate.  Tσ  and Bσ  denote a 

sigma surface at the cloud top and cloud base, respectively.  The remaining variable definitions 

at the cloud top and cloud base, respectively.  The remaining variable definitions can be found in 

the table of symbols.  The moisture supply with respect to the modified specific humidity 

matches the observed rainfall R  which is given by, 

 .
B

T

s mp q
d R

g

σ

σ
σ σ

σ

∂
− =

∂∫ &  (B.21) 

 
1 1

.
B B

T T
mq d qd

g g

σ σ

σ σ
σ σ=∫ ∫  (B.22) 

 This rainfall matching procedure still has some limitations.  For example, if the moisture 

supply, LI , is zero or negative in a region where 0R > , this method would not work.  

Furthermore, since this method does not allow mq  to exceed the saturation specific humidity sq , 

an exact math is not possible in regions of excessive rainfall. 

 The reverse cumulus parameterization is only applied to the tropical latitudes between 

30°S and 30°N.  Beyond these latitudes, a smooth transition to the control values is performed.  

A more detailed description of this method can be found in Krishnamurti et al. (1991 and 1993). 
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B.1.3 Outgoing Longwave Radiation Matching 

 Since the humidity measurements above the 500 hPa surface from the conventional 

radiosonde are generally quite unreliable, the vertical humidity distribution above this surface 

must be restructured in some manner.  To solve this problem, a simple OLR matching algorithm 

between the model-calculated OLR and its satellite-based observations was proposed by 

Krishnamurti et al. (1991).  According to this algorithm, the initial humidity analysis in the upper 

troposphere is constrained to the matching of the OLR. 

 OLR matching is accomplished by using a local structure function for the moisture 

variable which is defined using the parameter ε .  An optimal value of ε  can be determined by 

minimizing the local difference between the satellite-OLR and the model-OLR.  An iteration 

method with the bisection procedure is utilized to carry out this procedure. 

 1(1 )l lq q ε−= +  (B.23) 

where l denotes the iteration number.  For 0l = , 0q  is the given analysis of specific humidity q .  

Let M SATOLR OLRδ = − , where the subscript M denotes the model based value and SAT a 

satellite based value.  A 10 W/m2 tolerance value is assigned for | |δ , that is, if | |δ < 10 W/m2, 

the iteration is terminated. 

 If 1 2 0l lδ δ− −⋅ > , then 

 1 2 ,l lF F− −=  

 1 10.01 ,l l lR Fε − −= ⋅ ⋅  

and 

 1(1 ).l l lq q ε−= +  (B.24) 

On the other hand, if 1 2 0l lδ δ− −⋅ < , then 

1 20.5 ,l lF F− −=  

1 10.01 ,l l lR Fε − −= ⋅ ⋅  

and 

 1(1 ).l l lq q ε−= +  (B.25) 
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Here, 
11 ll SAT MR OLR OLR

−− = − , which is the residue at the end of the iteration 1l − , and an initial 

value of the convergence factor F  is set to 1.0.  This procedure usually exhibits a rapid 

convergence in roughly 4 scans (Krishnamurti et al. 1991). 

 

 

B.2 Newtonian Relaxation 

 
During a pre-integration phase corresponding to day �1 to day 0, the physical 

initialization process is carried out using a Newtonian relaxation process, also called nudging 

(Hoke and Anthes 1976). 

 The vorticity, divergence, and pressure tendency equations are subjected to the relaxation 

for which the spectral equations take the following form: 

 0( , ) ( , ) ( ),
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m m ml
l l l

A
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∂
= + ⋅ −

∂
 (B.26) 

where N  represents the relaxation coefficient, 0m

lA  a specified future value to which the 

Newtonian relaxation is aimed, and ( , )m

lF A t is the forcing term of the equations of variable m

lA .  

The integrations are carried out in two steps where the tendencies for the normal forcing term 

m

lF  are carried out first.  In the next step, the Newtonian term is expressed in a finite difference 

form which follows: 
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or 
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Here, * ( )m

lA t t+ ∆  denotes a predicted value of m

lA  at time ( )t t+ ∆  prior to the Newtonian 

relaxation.  From the equations above, the variable m

lA  achieves a solution that falls between the 

model and observed value during the Newtonian relaxation.  If N  is too large, the model state 

will not be in primitive equation balance, and if N  is too small, there will be little impact on the 

evolution of the model state during the assimilation. 
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 The relaxation coefficient values employed are as follows:  4 11 10N s− −= ×  for the 

vorticity,  5 15 10N s− −= ×  for the divergence, and 4 11 10N s− −= ×  for the surface pressure.  A 

lower value of N  for the divergence is used to permit the impact of the PI.  The divergence field 

evolves strongly from the imposed heating and prescribed rain rates and is weakly relaxed in the 

analysis. 

 The assimilation process for the humidity fields is produces by different methods.  This 

method consists of the following three steps: 

(i) The humidity field at the lowest level of the model is constructed from the reverse 

similarity theory.  During the preintegration phase, the predicted humidity field at this 

level is relaxed to these values.  For the surface layer, 5 15 10N s− −= × . 

(ii) The vertical redistribution of the humidity field is performed by the reverse cumulus 

parameterization.  Above the constant flux layer, the humidity field does not undergo 

Newtonian relaxation. 

(iii) Above the 500 hPa surface, the humidity analysis is based on the OLR matching 

algorithm. 
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APPENDIX C 

 

DETERMINISTIC SKILL MEASUREMENTS 

 

 
 
 

Deterministic skill measurements gauge the correspondence between the forecast and the 

observed occurrence of events at grid-points.  The advantages of such techniques include the 

simplicity, familiarity, and relatively long historical records.   However, a single categorical 

method is not revealing on the true quality of a forecast.  Examples of categorical statistics 

include bias score, probability of detection, false alarm ratio, and equitable threat score.  This 

study will utilize these categorical statistics to assess the quality of the superensemble forecast.  

The forecasted area is categorized as either a hit or a false alarm.  Those areas in the observation 

where no forecast is made is considered a miss.  The bias score (BIAS) measures the ratio of the 

forecasted area to the observed area.  It gives a good measure of the comparison of the size of the 

forecasted area compared to the size of the observed area.  It is given by the following formula: 

misseshits

sfalsealarmhits
BIAS

+

+
=     (C.1) 

The probability of detection (POD) can be interpreted as the proportion of correctly forecasted 

area to all the forecasted area (correct and incorrect).    The POD assesses whether observed 

precipitation was forecasted.  A perfect score would be 1.  It is given by the following: 

misseshits

hits
POD

+
=      (C.2) 

The false alarm ratio (FAR) assesses whether forecasted precipitation was actually observed.  It 

is the ratio of false alarms to false alarms plus hits.  It is given by the following: 

sfalsealarmhits

sfalsealarm
FAR

+
=     (C.3) 
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Another means for evaluating precipitation forecasts is a standard skill score called the 

equitable threat score (ETS).  It is frequently used to assess the skill of rainfall forecasts above 

certain predefined thresholds of intensity of rain.  The equitable threat score is defined by the 

expression  

r

r

ACBA

AA
EQTS

−++

−
=     (C.4) 

where rA  denotes the expected number of correct forecasts above the selected threshold.  A 

contingency table partitions the precipitation forecasts into four mutually exclusive and 

collective exhaustive categories where A denotes the number of locations with both the forecast 

and verification greater than the preassigned threshold; B denotes the number of locations which 

are at or above the threshold and verify at or below 'false alarms'; C denotes the number of 

locations which are forecasted below but are verified at or above the threshold (the misses); and 

D denotes the cases where both the forecasts and the verifications are below the threshold.  The 

variable rA  denotes where the yes/no's for the forecast are independent of the yes/no's for the 

verification, and is defined by  

)(

))((

DCBA

CABA
Ar

+++

++
=     (C.5) 
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APPENDIX D 

SATTELLITE RAIN RATE ALGORITHMS 

 

 

 

Several different satellite algorithms which estimate precipitation are utilized in this 

study.  Three algorithms are used in the PI process for model initialization.  The final satellite 

algorithm is used in conjunction with the RFC Stage IV data for the validation dataset.  This 

combination of surface gage/radar and satellite serves as the benchmark observation.  The 

algorithms utilize different combinations of satellites and satellite channels to estimation 

precipitation amounts.  Table D-1 summarizes the differences between the satellite algorithms.  

In general, the IR-based channels tend to underestimate intense rainfall events.  The physical 

algorithms overestimate precipitation amounts but perform better for more intense rainfall 

events.  When viewing monthly estimates of precipitation amounts, the IR-based algorithms 

perform better than the physical algorithms.  For a particular severe event, the physical 

algorithms perform better than the statistical IR-based algorithms.  The following sections 

describe each rain rate retrieval algorithm. 

 

D.1 Ferraro 

 

The Ferraro rainfall retrieval algorithm (Ferraro and Marks, 1995) utilizes the DMSP 

SSM/I and is calibrates against ground-based radar measurements.  This is the NOAA/NESDIS 

(National Oceanic Atmospheric Administration/ National Environmental Satellite, Data, and 

Information Service) SSMI/I algorithm.  The algorithm utilizes the vertically polarized radiances  



  

 

 

95

 

Table D-1.  Brief descriptions of satellite algorithms. 

Algorithms Satellites 

 

Channels 

 

Features 

 

CALVAL SSM/I 

Ferraro (1994) 
Ferraro (1995)  

 

DMSP F11, F13, F14 
and F15 SSM/I data  

 

19V, 22V, 37V, 85V, 
19H  

 

Statistical rain rate 
mapping; collocated 
radar versus SSM/I 
validation at Kwaj. 
and Darwin  

Combined 

GPROF(SSM/I) 

TRMM 2A12  

Kummerow. (1998)  
 

DMSP F11, F13, F14 
and F15 for SSM/I 
data and TRMM/TMI 
data  

 

Combined  

 

Physical profile 
algorithm going from 
60 0S to 60 0N.  
Vertical structure of 
hydrometeors. 

Olson SSM/I 

Olson et al. (1990) 
DMSP F11, F13, F14, 
and F15  SSM/I data 

TB 19V, 22V, 37V, 
37H, 85H 

Statistical rain map 
algorithm with surface 
based rain rate 
estimates. 

Huffman (MPA-RT) 

Huffman et al. (2003) 
DMSP F11, F13, F14 
and F15 for SSM/I 
data and TRMM/TMI 
data  
  

Combined  
 

Merged microwave 
and calibrated infrared 
(IR) estimates of 
precipitation 

 

 

at 19, 22, 37 and 85GHz and the horizontally polarized radiances at 19GHz.  The algorithm 

incorporates scattering and emission signals.  The following describes each of these algorithms:  

Scattering Algorithm:  Estimations of land-based precipitation systems can only be made with 

the scattering technique.  The scatter index (SI) is defined as the following:     

 

I. VVVVL TBTBTBTBSI 85

2

222219 00575.0775.144.09.451 −+−−=

VVVVW TBTBTBTBSI 85

2

222219 00504.0439.272.04.174 −−++−=  

where TB denotes brightness temperature (K), and the subscripts refer to the 

appropriate SSM/I channel. 
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II. Emission Algorithms:  Over water, atmospheric liquid water (Q) can be retrieved 

using any of the SSM/I window channels.  The 19 GHz channel is best suited for 

such measurements at it is the least sensitive to scattering.  After the contributions 

from water vapor are removed using the 22 GHz channel, the algorithm utilized 

by Ferraro and Mark (1994) to retrieve Q is described by the following: 

)]290ln(405.0850.2)290[ln(723.6 221919 VV TBTBQ −−−−−=  

As mentioned previously, this rainfall retrieval method is calibrated against ground radar 

measurements.  This is a difficult procedure in time and space.  However, a binned approach 

where both measurements are grouped in 1 mm/hr rain rate bins will provide a much more 

accurate set of measurements for utilization in the derivation of coefficients for rain rate 

retrieval.   Representative SSM/I predictors can then be generated as a function of rain rate over 

both land and water.  Both linear and non-linear rain rate retrieval equations were developed.  It 

was found  the non-linear relationships to be more accurate.  The linear regression is in the form 

baSSMIR += where SSMI represents both the SI and 19Q , while the non-linear is in the form 

baSIR = for the scattering index, )exp( 19bQaR = for the cloud liquid water algorithm.  The 

results of the best regression coefficients (a and b) can be found in detail in Ferraro and Marks 

(1995). 

 

D.2 Olson 

 

Following Berg et al. (1998), this statistical rain map algorithm regresses the brightness 

temperatures from the SSM/I with surface radar based estimates of rain rates (Olson et al., 1990).  

This algorithm makes use of the following vertically polarized radiation and related brightness 

temperatures at 19, 22, and 37GHz and the horizontally polarized radiation at 37 and 85GHz.  To 

make a clear distinction between land and ocean, separate statistical regressions are employed.  
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D.3 GPROF/2A12 

 

Supplemented by the NOAA/NESDIS SSM/I algorithm outside 35°S and 35ºN, this 

algorithm is a slightly modified GPROF (Goddard Profiling) algorithm applied to the TMI data 

(Kummerow et al., 1996 and 2000).  This physical profiled algorithm was designed with the 

operational goals of TRMM in mind and utilizes the brightness temperatures at 19, 22, 37 and 

85GHz to retrieve the vertical structure of various hydrometeor categories.  Incorporating several 

empirically determined features based on the Goddard Cumulus Ensemble model (Tao and 

Simpson, 1993), the algorithm considers several landscape categories (land, permanent ice, 

water, and coast) and both liquid and frozen states of water.  A sophisticated radiative transfer 

algorithm is utilized to include both the effects of absorptivity and emissivity. 

 

D.4  HUFFMAN 

 
The Huffman precipitation estimate is also known as the experimental TRMM multi-

satellite precipitation analyses (MPA-RT) dataset.  The satellite estimate is based on a merged 

microwave and calibrated infrared (IR) estimates of precipitation (Huffman et al. 2003).  It 

combines the following products:  NOAA/NWS/CPC merged 4 km geostationary satellite IR 

brightness temperature data, NAVY/FNMOC Satellite Data Records (SDRs) SSM/I brightness 

temperature, and TRMM real-time 2A12RT estimates of precipitation based on GPROF 

computations on TMI resolution map.  Complete details on the algorithms which generate this 

satellite product can be found at Huffman et al. (2003). 
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