
Florida State University Libraries

Electronic Theses, Treatises and Dissertations  The Graduate School

2008

Improved Vegetation Characterization and
Freeze Statistics in a Regional Spectral
Model for the Florida Citrus Farming
Region
Yoshie Goto

Follow this and additional works at the FSU Digital Library. For more information, please contact lib-ir@fsu.edu

http://fsu.digital.flvc.org/
mailto:lib-ir@fsu.edu


 
FLORIDA STATE UNIVERSITY 

   
COLLEGE OF ARTS AND SCIENCES 

 
 
 
 
 
   

IMPROVED VEGETATION CHARACTERIZATION AND FREEZE 

STATISTICS IN A REGIONAL SPECTRAL MODEL FOR THE 

FLORIDA CITRUS FARMING REGION 

   
   
 
 
 
 
 
 
 
 

By 
   

YOSHIE GOTO 
   
   
   

A Dissertation submitted to the 
Department of Meteorology 
in partial fulfillment of the 

requirements for the degree of 
Doctor of Philosophy 

   
   
   

Degree Awarded: 
Summer Semester, 2008 

  
   

Copyright © 2008 
Yoshie Goto 

All Rights Reserved 



 ii

The members of the Committee approve the dissertation of Yoshie Goto defended on 
07/03/08.   

   
  ______________________________   

        James J. O’Brien   
            Professor Directing Dissertation 

   
    ______________________________   

        Ruby Krishnamurti   
        Outside  Committee  Member   
  

 __________________________________    

       Mark A. Bourassa  
       Committee  Member   

   
  ______________________________   

        Ming Cai   
        Committee  Member   
 

   ______________________________   
        Paul Ruscher 
        Committee  Member   
 

  ______________________________   
        Timothy LaRow   
        Committee  Member   
 
 

  
  
The  Office  of  Graduate  Studies  has  verified  and  approved  the  above  named  comm
ittee  members.   
 



 iii

ACKNOWLEDGMENTS 

 

The Center for Ocean-Atmospheric Prediction Studies receives its base funding from the 

office of Global Program, NOAA.  We also receive competitive and non-competitive 

funds from USDA through grants to University of Florida and Florida State University 

awarded to Dr. James J. O’Brien. 

 



 iv

TABLE OF CONTENTS 

List of Tables ................................................................................................................................. vi 

List of Figures ............................................................................................................................... vii 

List of Abbreviations ...................................................................................................................... x 

Abstract ......................................................................................................................................... xii 

1. INTRODUCTION ...................................................................................................................... 1 

1-1. Citrus Industry and Freezes in Florida................................................................................ 1 

1-2. Application of Climate Models to Agriculture ................................................................... 5 

1-3. Purpose of This Study......................................................................................................... 6 

2. CLIMATE MODELS ................................................................................................................. 8 

2-1. FSU/COAPS GSM and FSU/COAPS RSM....................................................................... 8 

2-2. Community Land Model..................................................................................................... 9 

2-3. Ensemble Model ............................................................................................................... 10 

3. PROBABILITY FORECAST OF FREEZES IN FLORIDA WITH THE FSU/COAPS 

MODELS ...................................................................................................................................... 12 

3-1. Freezes in Florida.............................................................................................................. 12 

3-2. Models and Data ............................................................................................................... 12 

3-3. Freeze Probability in Observations and Ensembles.......................................................... 13 

3-4. Generalized Pareto Distribution........................................................................................ 19 

3-5. Freezes in the FSU/COAPS GSM .................................................................................... 22 

3-5-1. Synoptic Patterns of Freezes in the Model and in the Reanalysis Data ................. 22 

3-5-2. The FSU/COAPS GSM and ENSO........................................................................ 31 

3-6. Discussion and Conclusion............................................................................................... 32 

4. VALIDATION OF THE FSU/COAPS RSM FOR FREEZE FORECAST ............................. 39 

4-1. Extreme Events in Observations....................................................................................... 39 

4-2. Freezes and Climate Indices ............................................................................................. 40 

4-3. Mean Residual Life Plots.................................................................................................. 43 

4-4. Distribution Analyses of ENSO Phases............................................................................ 45 

4-5. Distribution Analyses of NAO Phases.............................................................................. 49 

4-6. Discussion and Conclusion............................................................................................... 50 

5. IMPACT OF LAND SURFACE DATA ON THE REGIONAL MODEL.............................. 55 



 v

5-1. Temperature Simulations by the FSU/COAPS RSM ....................................................... 55 

5-2. Models and Data ............................................................................................................... 56 

5-3. LAI adjusted with MODIS LAI........................................................................................ 59 

5-4. New PFT and LAI Datasets .............................................................................................. 59 

5-5. Results with Tian PFT and Tian LAI................................................................................ 60 

5-6. Discussion and Conclusion............................................................................................... 61 

6. CONCLUSION......................................................................................................................... 74 

6-1. Overview........................................................................................................................... 74 

6-2. Probability of Freezes in the FSU/COAPS RSM ............................................................. 74 

6-3. Land-Surface Data for the FSU/COAPS RSM................................................................. 75 

APPENDIX................................................................................................................................... 77 

REFERENCES ............................................................................................................................. 79 

BIOGRAPHICAL SKETCH ........................................................................................................ 85 

 



 vi

LIST OF TABLES 

 

Table 1-1. Freezes in Florida ..............................................................................................3 

Table 3-1. Correlations of the numbers of days under the designated thresholds in the 

observations and the model results ....................................................................................18 

Table 5-1. List of Plant Functional Types in Community Land Model 2.0.......................65 

Table A-1. SST Monitoring Regions for ENSO Phases ....................................................78 

Table A-2. ENSO Definition by NWS and JMA...............................................................78 

Table A-3. List of Winters in Each ENSO Phase from 1987/88 through 2005/06............78 

 



 vii

LIST OF FIGURES 

 

Figure 1-1. (a) World orange production in 2004/05, (b) world orange utilization for 

processing (FAO, 2006) ......................................................................................................2 

Figure 1-2. (a) Orange production in 2004/05 by state in the U.S., (b) production of 

processing orange in 2004/05 by state (Pollack and Perez, 2007) ......................................2 

Figure 1-3. Citrus production by county during the season of 2003 and 2004 

(NASS/USDA 2005). The unit is box, where a box is equivalent to 1 3/5 bushels ............4 

Figure 3-1. Ratios of the number of days with the minimum temperature below the 

designated thresholds in each winter .................................................................................14 

Figure 3-2. Ratios of the number of days with the minimum temperature below the 

designated thresholds in each month .................................................................................16 

Figure 3-3. Mean Residual Life Plots of winter daily minimum temperature of December 

to February from 1987/88 to 2005/06 ...............................................................................21 

Figure 3-4. Composites of 500hPa height, 850hPa temperature and wind of freezes in 

Florida citrus farming area from ERA40 ..........................................................................24 

Figure 3-5. Composites of 500hPa height, 850hPa temperature and wind of freezes in 

Florida citrus farming area from the FSU/COAPS GSM with the SAS............................26 

Figure 3-6. Composites of 500hPa height, 850hPa temperature and wind of freezes in 

Florida citrus farming area from the FSU/COAPS GSM with the RAS ...........................28 

Figure 3-7. Winter climate patterns of North America in each ENSO phase....................34 

Figure 3-8. Streamlines of the FSU/COAPS GSM composites from December to 

February of ENSO phases between 1987/88 and 2005/2006 with SAS convection scheme 

at 850hPa............................................................................................................................35 

Figure 3-9. Streamlines of the FSU/COAPS GSM composites from December to 

February of ENSO phases between 1987/88 and 2005/2006 with RAS convection scheme 

at 850hPa............................................................................................................................36 

Figure 3-10. Streamlines of the FSU/COAPS GSM composites from December to 

February of ENSO phases between 1987/88 and 2005/2006 with SAS convection scheme 

at 200hPa............................................................................................................................37 

Figure 3-11. Streamlines of the FSU/COAPS GSM composites from December to 

February of ENSO phases between 1987/88 and 2005/2006 with RAS convection scheme 

at 200hPa............................................................................................................................38 

Figure 4-1. Major freezes in Florida (Attaway 1997) and NINO3 Index from 1950 

through 1997 ......................................................................................................................43 



 viii

Figure 4-2. The probability distribution function and exceedance ratio of the observed 

data in each ENSO phase...................................................................................................46 

Figure 4-3. The probability density functions of (a) SAS (b) RAS (c) the total of both of 

the convection schemes......................................................................................................47 

Figure 4-4. The exceedance ratios of (a) SAS (b) RAS (c) the total of both of the 

convection schemes ...........................................................................................................48 

Figure 4-5. MRL plots of daily minimum temperature anomalies of the observed data in 

each ENSO phase...............................................................................................................53 

Figure 4-6. MRL plots of daily minimum temperature anomalies of the model results in 

each ENSO phase...............................................................................................................53 

Figure 4-7. MRL plots of daily minimum temperature anomalies of the model results in 

each NAO phase ................................................................................................................54 

Figure 5-1. Average difference in temperature between model results and observation for 

summer (June through August) of 2000 through 2005 of temperatures............................64 

Figure 5-2. Leaf area index of MODIS observation in August 2001 and the prescribed 

data in Community Land Model 2.0 for August................................................................64 

Figure 5-3. Land use (glacier, lake, wetland, vegetated) and vegetation in each grid cell of 

CLM2 (Bonan et al. 2002) .................................................................................................65 

Figure 5-4. Differences in temperature fluctuation between the model results with new 

Leaf Area Index (LAI) modified with observed LAI and control results for June through 

August, 2000–2005............................................................................................................66 

Figure 5-5. Difference in temperature fluctuation between the model results with the new 

Leaf Area Index data from Tian et al. (2004) and control results for June through August, 

2000–2005..........................................................................................................................66 

Figure 5-6. Difference in amplitude of diurnal temperature fluctuation between the model 

results with the new Leaf Area Index data from Tian et al. (2004) and control results for 

June through August of 2000 through 2005 ......................................................................67 

Figure 5-7. Difference between the case of the new LAI and PFT from Tian et al. (2004a) 

and the control case of June through August, 2000–2005 .................................................68 

Figure 5-8. Differences of temperatures in the RSM and observation of December to 

February from 2000/01 through 2005/06...........................................................................69 

Figure 5-9. Differences in temperature fluctuation between the model results with the 

new Leaf Area Index data from Tian et al. (2004) and control results for December 

through February, 2000/01–2005/06 .................................................................................69 



 ix

Figure 5-10. Difference in amplitude of diurnal temperature fluctuation between the 

model results with the new Leaf Area Index data from Tian et al. (2004) and control 

results for December through February of 2000/01 through 2005/06 ...............................70 

Figure 5-11. August LAI values of the largest four PFT categories in the control CLM271 

Figure 5-12. August LAI values of the largest four PFT categories by Tian et al. (2004)71 

Figure 5-131. PFT in the original climatological surface LAI ..........................................72 

Figure 5-14. PFT of Tian LAI............................................................................................73 

 



LIST OF ABBREVIATIONS 

 

AMO  Atlantic Multidecadal Oscillation 

AVHRR  Advanced Very High Resolution Radiometer 

CLIVAR  CLImate VARiability and predictability

CLM2  Community Land Model 

COAPS  Center for Ocean-Atmospheric Prediction Studies 

COOP  COoperative Observation Program 

CPC  Climate Prediction Center 

DEMETER  Development of a European Multimodel Ensemble system for seasonal to 
inTERannual prediction 

ECMWF  European Centre for Medium-Range Weather Forecasts 

ENSO  El Niño and Southern Oscillation 

ERA40  ECMWF 40 Year Re-analysis 

FAO  Food and Agriculture Organization of the United Nations 

FSU  Florida State University 

FSU/COAPS GSM   Florida State University/Center for Ocean-Atmospheric Prediction Studies 
Global Spectral Model 

FSU/COAPS RSM   Florida State University/Center for Ocean-Atmospheric Prediction Studies 
Regional Spectral Model 

FVC  Fractional Vegetation Cover 

GEV  Generalized Extreme Value 

GPD  Generalized Pareto Distribution 

GSM  Global Spectral Model 

ITCZ  Intertropical Convergence Zone 

JMA  Japan Meteorological Agency 

LAI  Leaf Area Index 

MODIS  Moderate Resolution Imaging Spectroradiometer 

 x



MRL  Mean Residual Life 

NAO  North Atlantic Oscillation 

NASS  National Agricultural Statistic Service, United States Department of Agriculture 

NCAR  National Center for Atmospheric Research 

NCEP  National Centers for Environmental Prediction 

NDVI  Normalized Difference Vegetation Index 

NOAA  National Oceanic and Atmospheric Administration 

NRL  Naval Research Laboratory 

NWS  National Weather Service 

PDF  Probability Distribution Function 

PFT  Plant Functional Type 

PNA  Pacific-North American 

POT  Peaks- Over-Threshold 

RAS  Relaxed Arakawa Schubert Convection Scheme 

RISA  Regional Integrated Sciences and Assessments 

RSM  Regional Spectral Model 

SAS  Simplified Arakawa Schubert Convection Scheme 

SECC  SouthEast Climate Consortium 

SLP  Sea Level Pressure 

SO  Southern Oscillation 

SPCZ  South Pacific Convergence Zone 

SST  Sea Surface Temperature 

USDA  United States Department of Agriculture 

VCF  Vegetation Continuous Fields 

 xi



 xii

ABSTRACT 

 

This study focused on the effective use of a numerical climate model for agriculture in 

Florida, especially in the citrus farming region of the Florida peninsula, because of the impact of 

agriculture to Florida’s economy.  For the analyses of the ensemble, the climate models used in 

this study were the FSU/COAPS Global Spectral Model and FSU/COAPS Regional Spectral 

Model (FSU/COAPS RSM) coupled with a land-surface model.  The multi-convective scheme 

method and variable initial conditions were used for the ensembles. 

Severe freezes impacting agriculture in Florida were associated with some major climate 

patterns, such as El Niño and Southern Oscillation (ENSO) and North Atlantic Oscillation 

(NAO).  In the first part of this study, seasonal ensemble integrations of the regional model were 

examined for the tendencies of freezes in the Florida peninsula during each ENSO or NAO phase 

is examined.  Mean excess values of minimum temperatures from thresholds on the basis of the 

Generalized Pareto Distribution (GPD), which represents the extreme data in a dataset, were 

used to analyze the freezes in the regional model.  According to some previous studies, El Niño 

winters obtain fewer freezes than the other ENSO phases.  Although the ensemble comprised 

only 19 winters, the ensemble found variability patterns in minimum temperatures in each 

climate phase similar to the findings in the previous studies which were based on the observed 

data. 

The FSU/COAPS RSM was coupled with Community Land Model 2.0 (CLM2), to 

represent the land-surface conditions.  Although the coupling improved the temperature forecast 

of the RSM, it still has a cold bias and simulates smaller diurnal temperature changes than 

actually occur in southern Florida.  Among the prescribed surface data, Leaf Area Index (LAI) 

for southern Florida in the CLM2 is lower than those observed by MODIS (Moderate Resolution 

Imaging Spectroradiometer).  In the first experiment of this part, the sensitivity of the 

temperature forecast to the LAI in the climate models was investigated, by modifying the LAI 

data in the CLM2 based on the monthly MODIS observations.  In the second experiment, newly 

created prescribed datasets of LAI and plant functional types for the CLM2 based on the MODIS 

observations were applied to the RSM.  The substitution increased the diurnal temperature 

change in southern Florida slightly but almost consistently. 
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CHAPTER 1 

INTRODUCTION 

 

1-1. Citrus Industry and Freezes in Florida 

Citrus fruits are produced all over the world, but Brazil, China and the U.S. were 

the three leading countries in the world citrus market during the 2004/05 season, and in 

orange production, the U.S. was the second largest producer following Brazil (FAO 2006) 

(Figure 1-1(a)).  Especially in processed citrus, such as orange juice, Brazil and the U.S. 

almost dominated the world production during that time, supplying 55% and 29% of the 

world’s total production, respectively (FAO 2006) (Figure1-1(b)).  In the U.S., the two 

major states producing citrus fruits are Florida and California, but each state’s industry 

has different characteristics.  While most of the oranges from California are sold as fresh 

oranges, the oranges from Florida are mostly consumed as processed oranges; 92% of the 

American processed oranges were from Florida in 2004/05 (Pollack and Perez 2007) 

(Figure 1-2).  Accordingly, about a quarter of the world’s orange juice production is from 

Florida.  Although its market price is affected by many factors, citrus production in 

Florida affects the world citrus market because of its large share. 

 Like other agricultural products, the citrus fruits are vulnerable to climate and 

weather events, such as hurricanes and freezes.  Although both hurricanes and freezes can 

impact citrus fruits, while a hurricane only affects the area close to the center of the 

hurricane, a freeze can damage crops in a larger area (Attaway 1999).  Table 1-1 is the 

list of the severe freezes after 1835 in Florida selected by Attaway (1997).  Those 

selected freezes caused serious damage to citrus fruits in Florida, although the citrus-

producing area shifted to the south as the freezes in the northern part of Florida destroyed 

the citrus trees and citrus business.  Attaway (1997) classified those freezes into three 

categories: impact freezes, near impact freezes, and others.  The impact freezes are those 

that caused major relocations of citrus orchards to the south, and the near impact freezes 

are those that caused severe damage, but did not enhance relocation of the citrus industry 

in Florida.  Some relocations of the industry occurred in the 19th century, but relatively 

recent freezes in the 1980s also prompted citrus farmers in Florida to move.  In 2004, 

citrus-producing counties were mainly located in central and southern Florida 
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Figure 1-1 (a) World orange production in 2004/05, (b) world orange utilization for 
processing (FAO, 2006) 
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Figure 1-2 (a) Orange production in 2004/05 by state in the U.S., (b) production of 
processing orange in 2004/05 by state (Pollack and Perez, 2007) 
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(NASS 2005) (Figure 1-3).  Despite those gradual relocations, freezes are considered one 

of the major concerns affecting citrus fruits in Florida, as well as hurricanes and cankers.  

More details of the freezes in Florida are shown in Chapter 3 and Chapter 4. 

 Due to the importance of winter agriculture in Florida, several researchers have 

studied the risk of winter climate to agriculture in Florida in the past.  Miller and Glantz 

(1988) analyzed the economic competitiveness of Florida citrus in the world citrus 

Table 1-1 Freezes in Florida# 

February 1835* 
January 1886+ 
December 1894* 
February 8-9, 1895* 
February 1899+ 
February 1917 
December 1934+ 
January 1940+ 
February 1947 
December 1962* 
January 31, 1966 
January 8-11, 1970 
January 20-22, 1971 
February, 1971 
January 1977+ 
January 12-14, 1981+ 
January 11-12, 1982+ 
December 24-25, 1983* 
January 20-22, 1985* 
January 1986 
February 1989 
December 1989* 
December 1995 
January 8-9, 1996 
February 5-6, 1996 
February 15, 1996 
March 9-10, 1996 
 

* Impact freezes 

+ Near impact freezes 

# Attaway (1997) 
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industry and showed that Brazil had increased their export of frozen orange juice while 

Florida was suffering from four influential freezes in the 1980s.  Miller and Downton 

(1993) investigated how the risk of tree-killing freezes in Florida affected some investors’ 

decisions of planting citrus, because replanted trees may be killed before they give 

enough profit, just as in 1989.  Some of the owners moved their orchards to the south, 

where there is much less risk of freezes, although the initial cost for moving the orchards 

is much higher than replanting trees. 

 The mechanisms of the cold cases in Florida also have been an important topic.  

Synoptically, the major cold events occurred because of the cold advection behind a cold 

front and the following radiative cooling (Attaway 1997).  The winter climate in Florida 

is also known to be highly connected to major climate patterns, such as El Niño and 

Southern Oscillation (ENSO).  Martsolf (2001) showed that severe freezes tended to 

occur during ENSO neutral years.  Other previous studies indicated that the southeastern 

U.S. usually has more precipitation and lower average temperature in El Niño winters 

 1,000,000 --

9,999,999
100,000 --

999,999

10,000,000 --

24,999,999
25,000,000 

and above

Below

100,000

 
 

 
 
Figure 1-3 Citrus production by county during the season of 2003 and 2004 

(NASS/USDA 2005). The unit is box, where a box is equivalent to 1 3/5 bushels. 
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compared to the other phases of ENSO (Douglas and Englehart 1981, Gershunov and 

Barnett 1998, Hansen et al. 1999, Higgins et al. 2002, Kiladis and Diaz 1989).  

According to Higgins et al. (2002), the southeastern U.S. tends to have southeasterly 

wind with warm and humid air during El Niño winters.  Because a strong radiative 

cooling event happens only when no or little cloud cover exists and El Niño winters are 

likely to have more cloud cover, we can assume that severe freezes are likely to be seen 

more frequently during the other ENSO phases.  Other major large-scale climate patterns 

were also investigated with the climate characteristics in the southeastern U.S., although 

many of them have longer time scales and the impacts are less significant than those of 

ENSO. 

For farmers in the region prone to have climate-related damage, climate 

prediction can be a useful tool for better management of their products.  Those 

predictions can assist the farmers to estimate their yields or warn them about damage by 

climate or weather in advance, if the accuracy of the models is reasonable. 

 

1-2. Application of Climate Models to Agriculture 

 Applications of climate information for agriculture have been used for a long time, 

and some projects based on numerical models and ensemble models have been 

implemented for agricultural use in these days.  The Regional Integrated Sciences and 

Assessments (RISA) program by NOAA supports eight regional teams in the U.S., 

enhancing the application of climate information in each region for the decision-making 

of fisheries, water, wildfire, and agriculture sectors (Climate Program Office 2007).  The 

SouthEast Climate Consortium (SECC)1 is a member of the RISA program and supports 

farmers in the southeastern U.S. in using climate information for planning their planting 

schedules and yield estimates (SECC 2004, Hoogenboom et al. 2007).  Their information 

is mainly based on the statistical analyses, but atmospheric numerical models are also 

important tools for agricultural planning.  For example, Baigorria et al. (2007) applied 

outputs of a regional spectral model to the CERES-Maize dynamic crop model to 

estimate yields of maize at 3 stations in the southeastern U.S.  Shin et al. (2006) applied 

the regional spectral model outputs to predict peanuts yield in the southeastern U.S. 

                                                 
1 SECC AgClimate http://www.agclimate.org/ 
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For agricultural use, outputs from atmospheric models are often applied to crop 

models, which require atmospheric elements and detailed soil information.  The 

atmospheric models are expected to predict the required weather elements reasonably for 

an accurate crop-yield estimate, and minimum and maximum temperatures are some of 

the most critical elements for the estimation.  The Florida State University / Center for 

Ocean-Atmospheric Prediction Studies Regional Spectral Model (FSU/COAPS RSM) 

coupled to the Community Land Model (CLM2) had a cold bias in the Florida peninsula.  

In the first part of this study, summer temperature simulations of the FSU/COAPS RSM 

in the Florida citrus farming region improved because of a change in the prescribed land-

surface data in the model. 

Meanwhile, ensemble techniques have become common for numerical weather 

prediction, and also they are useful for practical applications, such as crop forecast and 

infectious disease prevention (Palmer et al. 2004).  Challinor et al. (2005) implemented a 

multi-model ensemble system to forecast crop yielding as a part of the European Centre 

for Medium-Range Weather Forecasts’ (ECMWF) Development of a European 

Multimodel Ensemble system for seasonal to inTERannual prediction (DEMETER) 

project (Palmer et al. 2004).  The economic value of probabilistic forecasts is another 

important topic of ensemble forecast, and effective use of the ensemble techniques has 

been discussed by many researchers (e.g., Richardson 2000, Palmer 2002).  Ensemble 

methods can be important tools for agricultural applications of climate prediction.  In this 

study, ensemble models are employed to estimate freeze probability in the Florida citrus 

farming regions. 

For extreme event forecasts, the rareness of observed data is often the bottleneck 

which prevents us from analyzing the observed data statistically.  The ensemble forecast 

is a method artificially creating possible cases with slight differences in the initial 

conditions or physical processes.  If those models are assumed to be able to capture the 

real physical processes reasonably, those ensemble members can help us obtain more 

extreme cases and it may be even possible to obtain an adequate number of data for a 

statistical analysis. 

 

1-3. Purpose of This Study 



 7

The objective of this study is to support the citrus farming region in Florida, 

validating the FSU/COAPS RSM for the freeze probability prediction in this region and 

improving temperature prediction of the FSU/COAPS RSM.  The study mainly focused 

on central and southern Florida as the Florida citrus farming region.   

In the first part of this study, the ensembles of the FSU/COAPS RSM were 

verified using the Generalized Pareto Distribution (GPD) to predict freeze probability 

forecasts in winter.  The GPD is a distribution representing an extreme part of a dataset, 

which often does not follow the distribution of the main part of the dataset.  One of the 

difficulties in predicting rare events is collecting many observed cases to validate the 

model statistically.  In the earlier part of this section, the ensemble was used to predict a 

real ratio of freezes in each year using the FSU/COAPS RSM.  Then, in the latter part of 

this section, the ensemble data were accumulated based on large scale climate patterns, 

such as ENSO and North Atlantic Oscillation (NAO), to obtain enough cases to analyze 

the ensemble statistically.  The results were verified on the basis of the climate phase.  In 

the second part, prescribed land-surface data for the CLM2, which was coupled with the 

FSU/COAPS RSM, were replaced with new datasets to improve temperature forecasts of 

the Florida peninsula, which had a cold bias in the FSU/COAPS RSM. 

In Chapter 2, the climate models used for this study, the Florida State University / 

Center for Ocean-Atmospheric Prediction Studies Global Spectral Model (FSU/COAPS 

GSM) and FSU/COAPS RSM are described as well as the land surface model, CLM2, 

coupled with the climate models.  Use of ensemble techniques in previous studies is also 

briefly reviewed.  In Chapter 3, probability seasonal freeze forecasts with ensembles of 

the FSU/COAPS RSM are shown, as well as reproducibility of freezes in the 

FSU/COAPS GSM.  In Chapter 4, the FSU/COAPS RSM for freeze forecasts in Florida 

is evaluated using the GPD based on the climate indices instead of the year-to-year basis.  

In Chapter 5, in order to improve its temperature forecast in Florida, the prescribed land-

surface dataset of the CLM2 is replaced with a new land-surface dataset by Tian et al. 

(2004a) derived from the MODIS data.  Chapter 6 is the conclusion. 
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CHAPTER 2  

CLIMATE MODELS 

 

2-1. FSU/COAPS GSM and FSU/COAPS RSM 

 The atmospheric climate models used for this study are the FSU/COAPS GSM 

and FSU/COAPS RSM.  The FSU/COAPS GSM was developed by Cocke and LaRow 

(2000) and it has a resolution of approximately 1.875° (T63) and 17 vertical levels.  The 

FSU/COAPS RSM is nested within the FSU/COAPS GSM and its resolution is 

approximately 20 km and its domain is the southeastern U.S. of 23°N to 33°N and 76°W 

to 92°W.  The FSU/COAPS RSM was originally used by Cocke (1998) for the purpose 

of tropical weather simulations, particularly for hurricane forecasts.  The details of the 

model were shown by Cocke and LaRow (2000).  Both of the models used in this study 

are coupled with a land-surface model, CLM2 from NCAR, to calculate the surface 

conditions more accurately. 

The initial conditions are based on the ECMWF reanalysis data (Uppala et al. 

2005).  Although Cocke and LaRow (2000) coupled the FSU/COAPS GSM to the Max 

Planck global ocean model, the GSM and RSM used in this study employ observed 

weekly SST data by Reynolds et al. (2002).  The physical schemes used in both the GSM 

and the RSM are described by Cocke and LaRow (2000).  The FSU/COAPS RSM 

employed a semi-implicit leapfrog time-integration scheme (Cocke and LaRow 2000) 

and a Mercator projection was used. 

 Cocke and LaRow (2000) showed that the FSU/COAPS GSM coupled with the 

ocean model could reproduce characteristics of ENSO patterns and the Intertropical 

Convergence Zone (ITCZ) and South Pacific Convergence Zone (SPCZ) reasonably well.  

Because the weekly observed SST data, which obviously represent more precise ocean 

surface conditions, were used in this study, the GSM is assumed to be able to reproduce 

those characteristics.  Petraitis (2006) showed that FSU/COAPS GSM reasonably 

captured the dependence of precipitation on ENSO events, corresponding to the previous 

studies on observed precipitations.   

Cocke and LaRow (2000) showed that the RSM model had a surface cold bias 

during the night because of a lack of a deep soil temperature reservoir.  However, 
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according to Cocke et al. (2007), the same version of the FSU/COAPS RSM predicted 

reasonable precipitation characteristics for each ENSO phase investigated by Gershunov 

and Barnett (1998).  Gershunov and Barnett (1998) found that heavy rain in the 

southeastern U.S. occurs more often during El Niño phases than during neutral phases, 

and heavy rain also occurs less often during La Niña phases.  Because the RSM was 

nested from the GSM – and the FSU/COAPS GSM can capture the characteristics of 

ENSO (Cocke and LaRow 2000) – it was expected to capture similar tendencies, but 

Cocke et al. (2007) showed that the FSU/COAPS RSM reproduced precipitation better 

than the FSU/COAPS GSM for the boreal winter season.  The precipitation forecast skill 

of the RSM was highest in strong ENSO years. 

Downscaling from a global climate model is a common method to obtain outputs 

with a high resolution, which crop models need.  Statistical downscaling and dynamical 

downscaling are the two major downscaling techniques.  Statistical downscaling is 

applied to outputs of a global model based on the statistical analyses of previous results 

from the global model and its corresponding observations.  On the other hand, the 

dynamical downscaling uses a regional numerical model inputting outputs from a global 

model, and results with a higher resolution are calculated based on the dynamical 

physical processes.  Both methods have merits and demerits, but dynamical downscaling 

can reproduce extreme events in the model, while statistical downscaling can only 

reproduce phenomena occurring often in the observation (Palmer et al. 2004).  In addition, 

atmospheric elements from numerical models are consistent, while the statistical method 

does not guarantee its consistency in all atmospheric elements because those atmospheric 

elements are downscaled individually (Lim et al. 2007).  Capturing extreme events 

properly and keeping consistency of all atmospheric elements are necessary for 

agricultural use.  Therefore, this study adopts the dynamical downscaling method using 

the FSU/COAPS RSM nested from the FSU/COAPS GSM. 

  

2-2. Community Land Model 

The Community Land Model (CLM2) is an upgraded version of National Center 

for Atmospheric Research (NCAR) land surface model (LSM1) also developed by 

NCAR to be coupled with their climate model, the Community Climate Model (Bonan et 
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al. 2002).  These land-surface models consider more detailed land-surface processes than 

atmospheric climate models with climatological land surface conditions.  In the CLM2, 

the land surface of each grid cell is divided into five categories:  glacier, lake, wetland, 

urban, or vegetated.  The vegetated surface is categorized up to 4 out of 16 plant 

functional types (PFTs), which are based on various data by both field observations and 

satellite observations (Bonan et al. 2002).  The CLM2 showed improvements in both 

surface temperature and precipitation from NCAR LSM1 for their climate model 

changing transpiration and hydrologic cycle in the model. 

This study used global and regional climate models coupled with CLM2 by Shin 

et al. (2005, 2006) and both of the models were improved with the addition of the CLM2.  

According to Shin et al. (2005), a cold bias and a wet bias in the FSU/COAPS GSM 

without CLM2 were mitigated by the coupling to CLM2, and the improved model 

showed better representation of evaporation.  These climate models are being used for 

crop forecast of peanuts in the southeastern U.S., which requires skillful temperature and 

precipitation forecasts (Shin et al. 2006). 

 The details of the CLM2 are described in Chapter 5. 

 

2-3. Ensemble Model 

Ensemble models have been used for both short-term forecasts and climate 

forecasts to reduce uncertainty.  Those ensemble methods can be divided into two 

categories:  ensembles of different initial conditions and ensembles of different models.  

Ensembles of different initial conditions are calculated using members with different 

starting times or members with small perturbations added to the control (e.g. Toth and 

Kalnay 1993).  Ensembles of different models are calculated using different numerical 

models, often from different institutes.  For example, the DEMETER project by ECMWF 

(Palmer et al. 2004) and superensemble by Krishnamurti et al. (2000a, 2000b) are in this 

category.  The superensemble method by Krishnamurti et al. (2000a) adds weights to 

each model used for the multi-model ensemble based on the multiple regression method.  

Those multi-model approaches give better results mainly due to the higher variability 

(Palmer et al. 2004).  Palmer et al. (2004) showed that multi-model ensembles were 

successful also for climate simulations, which this study is dealing with. 
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The multi-convective scheme ensemble developed by LaRow et al. (2005) can be 

used as a proxy for the multi-model method changing convective parameterization 

schemes.  This study employs the multi-convective scheme ensemble technique by 

LaRow et al. (2005) to calculate freeze probability.  Their results suggest that the multi-

convective scheme can easily have similar effects to those of the multi-model method.  

Shin et al. (2003) investigated impacts of convective schemes and resolutions on the 

FSU/COAPS RSM for seasonal precipitation forecasts.  Although they had a limited 

number of cases and they admitted that further study was necessary to prove it, the 

precipitation forecasts by the Relaxed Arakawa-Schubert (RAS) scheme showed great 

sensitivity to model resolution. 

  The multi-convective parameterization has almost the same effect as multi-

model ensemble which mitigates the uncertainty by using different models.  Also, the 

different initial conditions can reduce the uncertainty in the model.  Following the 

method of LaRow et al. (2005) and Shin et al. (2005), the ensemble in this study has 20 

members with 10 different initial dates and 2 different convection schemes.  The 

convection schemes chosen for this research are the RAS developed by the Naval 

Research Laboratory (NRL) (Hogan and Rosmond 1991), and the SAS developed by the 

National Centers for Environmental Prediction (NCEP) for their operational Medium-

Range Forecast model (Pan and Wu 1994).  According to Shin et al. (2005), the SAS by 

NCEP captured occurrence of precipitation in winter the best when the threshold is low 

(2.5mm/day), while the RAS by NRL did best in summer. 
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CHAPTER 3  

PROBABILITY FORECAST OF FREEZES IN FLORIDA WITH THE FSU/COAPS 

MODELS 

 

3-1. Freezes in Florida 

As mentioned in Chapter 1, freezes in Florida are a major cause of crop and tree 

damage, but weather and climate predictions in winter help farmers in the region mitigate 

the damage.  Because of the serious impact on agriculture in the past, many researchers 

became interested in the winter climate in Florida.  Waylen (1988) statistically analyzed 

freezing events in central and southern Florida for horticultural risk evaluation.  

Easterling (2002) showed that the western U.S. tended to have longer frost seasons for 

the 1948-99 period, but the southeastern U.S. did not have a shift of cold extreme 

temperatures during the same period.  Attaway (1997) investigated details of how past 

freezes affected the citrus industry in Florida. 

Synoptically, many severe freezes in the past occurred due to radiation cooling 

after a cold front passed (Attaway 1997), and this suggests that dryness in the region can 

raise the possibility of severe freezes, because radiation cooling intensifies when dry air 

is present.  Rogers and Rohli (1991) investigated a linkage between freezes damaging 

citrus in Florida and anticyclones in the Great Plains.  They divided freezes into 

“advective” freezes and “radiation” freezes based on the characteristics of the freezes, 

and they found that an advective freeze is often associated with a cold anticyclone in the 

Great Plains moving to Texas.  ENSO is also considered an important factor impacting 

winter climate in the southeastern U.S.  More details on freezes and winter climate in the 

southeastern U.S. and Florida, especially on the relations between the winter climate and 

major large-scale climate patterns, are illustrated in the next chapter. 

 

3-2. Models and Data 

 In this section, winter ensemble results of the FSU/COAPS RSM from 1987/88 to 

2005/06 are analyzed.  The integration periods of the ensembles were from October to 

March, and only the results of December through February were used as the data in the 

freeze seasons for the analysis.  The ensemble employed both the SAS and RAS 
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convection schemes, and each convection scheme had 10 members for each winter.  The 

FSU/COAPS RSM was nested within the FSU/COAPS GSM as explained in the 

previous chapter.  The details of the models were shown in Chapter 2. 

Daily minimum temperature data of the National Weather Service (NWS) 

COoperative Observation Program (COOP)
1
 in the Florida citrus farming region from 

1987/88 through 2005/06 were used.  The COOP stations in Florida chosen were in the 

counties that produced more than 1 million boxes of citrus in the 2003/04 season based 

on the data by National Agricultural Statistic Service, where a box is equivalent to 1 3/5 

bushels or about 0.056m
3
.  Anomalies of the observations were obtained using daily 

climatological normals from 1971 through 2000 of the selected stations obtained from 

National Climatic Data Center (NCDC)
2
. 

For the FSU/COAPS RSM, grid points between 26ºN and 29ºN on the Florida 

peninsula were chosen as the citrus farming area corresponding to the selected counties 

for the observed temperature data.  The spatial-averaged temperatures in the selected area 

were used for the estimation of freeze probability. 

 

3-3. Freeze Probability in Observations and Ensembles 

In this section, ratios of minimum temperatures below designated thresholds were 

considered in order to investigate the possibility of freeze forecasts by the ensembles of 

the FSU/COAPS RSM.  Because the modeled results and the observations were not 

exactly at the same locations and no bias correction was applied, different thresholds 

were used to compare the ratios of the minimum temperatures below the thresholds.  For 

the figures shown here, 2˚C and 5˚C for the observed data, and 0˚C and 2˚C for the model 

results were selected. 

Figure 3-1 and Figure 3-2 show the ratios of days with minimum temperatures 

below designated thresholds for both the observed data and the RSM results.  The 

corresponding correlations between the ratios of the observed temperatures and the 

ensemble results are shown in Table 3-1.  The results with each convective scheme show 

different year-to-year tendencies, while the ranges of the freeze ratios are almost similar 

                                                 
1 NWS COoperative Observation Program http://www.weather.gov/om/coop/ 
2 http://www.ncdc.noaa.gov/oa/climate/normals/usnormalsprods.html#CLIM84 
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Figure 3-1 Ratios of the number of days with the minimum temperature below the 

designated thresholds in each winter. (a) observation threshold (2˚C) and model 

threshold (0˚C), (b) observation threshold (5˚C) and model threshold (0˚C). The red 

bars are those of the observed data and the blue bars are those of the model results. 
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(Figure 3-1 - continued) (c) observation threshold (2˚C) and model threshold (2˚C), (d) 

observation threshold (5˚C) and model threshold (2˚C). 
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Figure 3-2 Ratios of the number of days with the minimum temperature below the 

designated thresholds in each month. (a) observation threshold (2˚C) and model 

threshold (0˚C), (b) observation threshold (5˚C) and model threshold (0˚C). The red 

bars are those of the observed data and the blue bars are those of the model results. 
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(Figure 3-2 - continued) (c) observation threshold (2˚C) and model threshold (2˚C), (d) 

observation threshold (5˚C) and model threshold (2˚C). 
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and less various compared to the observed data.  According to the figures showing the 

year-to-year differences between the observed results and the model results, none of the 

comparisons show a high correlation in any month or any winter (Table 3-1).  Although 

the highest correlation (0.48) was obtained for the seasonal ratio of the RAS with a 

threshold of 5˚C for the observation and 2˚C for the model results, Figure 3-1 shows that 

the difference between the SAS and RAS is not essential and the relatively high 

correlation was obtained only due to the relatively small differences in each winter. 

In the next section, the Generalized Pareto Distribution (GPD), which represents a 

distribution of extreme parts of datasets, was employed to choose appropriate thresholds 

for both the observed data and the ensemble results. 

 

Table 3-1 

Correlations of the numbers of days under the designated thresholds in the 

observations and the model results. (a) correlations of each month by total of the SAS 

and RAS and (b) correlation of each season by each convection scheme. 

 

(a) 

 Threshold    Month 

Observation Ensemble December January February 

2 0 -0.085 -0.078 -0.113 

2 2 -0.098  0.052  0.006 

5 0  0.026  0.080  0.159 

5 2 -0.062  0.250  0.126 

 

(b) 

 Threshold    Convection Scheme 

Observation Ensemble SAS RAS Total 

2 0 -0.243 -0.141 -0.237 

2 2 -0.141  0.175  0.028 

5 0 -0.083  0.082  0.008 

5 2 -0.055  0.485  0.276 
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3-4. Generalized Pareto Distribution 

In Florida, the freezes are considered extreme events even in winter because of its 

relatively warmer climate than that in most other states of the U.S.  The extreme parts of 

datasets often do not follow the distribution function of the main parts of the datasets.  

The GPD theory is derived from the Generalized Extreme Value (GEV) theory, which 

considers the most extreme value of each interval, a “block maximum” (Coles 2001).  

The GEV describes distributions of those maximum values, but those values can possibly 

include less extreme values than the others and also possibly fail to include some values 

which are larger than some of the maxima.  The GPD is analogous to the GEV theory, 

but the GPD takes all data above a certain threshold from the whole dataset and it is 

likely to extract more of the extreme data, because the GEV takes only the largest value 

in each interval, while the GPD can take all the extreme data above or below a certain 

threshold (Coles 2001).  Davison and Smith (1990) introduced the GPD to describe 

distributions of exceedances from high thresholds and showed its usefulness for applied 

science. 

A dataset Z, extreme values of a dataset X, meeting GPD can be fit to Equation 3-

1, where ξ is a shape parameter, σ is a scale parameter, and μ is a standard location of the 

fitted function (Coles 2001). 
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For this analysis, the logarithmic version of the GPD (Equation 3-2) was used to simplify 

the model, assuming that the threshold to extract z from the original dataset X is large.  
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The distribution can be divided into three categories based on the sign of the shape 

parameter. 

 Determination of thresholds is very important in this theory, because only extreme 

values of the dataset have to be chosen.  According to Coles (2001), two methods are 

known for threshold determination of the GPD, and they are relatively subjective.  The 

first method uses a Mean Residual Life (MRL) plot expressed in Equation 3-3, where nu 
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is the number of data below the threshold u.  The value of MRL represents the mean of 

the excesses of each data above the threshold from the thresholds.  Thresholds can be 

found where the gradient of the line in the following plot is flat. 
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  Equation 3-3 

In this method, if the dataset follows the Gaussian distribution, when the data are not in 

the extreme part of the dataset, the value of y decreases as the threshold u increases.  

However, an extreme part of datasets, a tail of the datasets, usually does not follow the 

Gaussian distribution and starts to show a more flat gradient, which means that the data in 

this segment, the average of the distances from the threshold to the data, do not depend 

on the distribution of the main part of the data.  In this study, the data in the segment of 

this linear gradient are defined as extreme data. 

The other method to determine thresholds changes modified parameters of σ and ξ 

in Equation 3-2, and it finds the threshold with the highest value in the near-constant 

values.  When the maximum side of extreme values is taken, theoretically, any value 

above the determined value by those two methods can be a threshold, although the 

smallest value for the maximum extremes is ideal for the threshold to keep as many 

extreme data as possible.  In this chapter, the former method is used to determine the 

thresholds of the observed data and the ensemble results. 

According to the MRL plots of the observed data and the model results, as well as 

the comparison of the freeze ratios under the designated thresholds (Figure 3-1), Figure 

3-3 indicates that 2˚C and 0˚C are appropriate for the thresholds of the observations and 

the ensemble, respectively.  According to Figure 3-1, 2˚C and 0˚C are appropriate for the 

thresholds because those thresholds give almost similar ratios of the freezes in the region.  

These thresholds are possible values within the range of extreme data based on Figure 3-3.  

Even though the thresholds might be appropriate to separate extreme values from the rest 

of the dataset, the results show that the ratios of freezes are not accurate, when it is shown 

year by year. 

One of the possible reasons for the poor performance of the freeze probability in 

the FSU/COAPS RSM is that the number of data in each season is significantly different 
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(a) 

 
(b) 

 
Figure 3-3 Mean Residual Life Plots of winter daily minimum temperature of 

December to February from 1987/88 to 2005/06. (a) is the graph of the observed data 

and (b) is that of the ensemble. 
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for the observations and the ensembles.  While the observed data in a winter season has 

90 days, an ensemble in a winter essentially has 90 days times 10 members for each 

convection scheme or 20 members for the total of the two schemes.  In general, more data 

make the distribution smoother and statistically more meaningful, but especially for the 

observed data, it is difficult to obtain enough extreme cases to make the distribution 

smooth.  Possibly due to the difficulty of comparing the observed extreme data and those 

in the ensemble results, the comparisons do not show a good correlation or high accuracy.  

In the next chapter, the simulations are compared based on each phase of major climate 

patterns in order to obtain more data for extreme temperatures. 

 

3-5. Freezes in the FSU/COAPS GSM 

The FSU/COAPS RSM of the southeastern U.S. is used to forecast frequencies of 

freezes in the Florida citrus farming area in the previous section, but the results did not 

show a reasonable forecast.  In this section, the performance of the FSU/COAPS GSM on 

freeze representations in Florida is shown to investigate if the modeled cold cases chosen 

in the previous section could really capture the same synoptic phenomena as the 

observations did.  In the regional model, freezing events are defined mainly based on the 

minimum temperature in the grid cells of interest.  On the other hand, according to 

previous studies, the freezing events in the global model should have a similar synoptic 

pattern, and the cold events can be determined by the synoptic scale phenomena.  In this 

section, synoptic patterns of freezes in the global model are compared with those by 

reanalysis data.  The thresholds of 2˚C for the observed data and 0˚C for the ensembles 

which are chosen in the previous section were also employed in this section. 

 

3-5-1. Synoptic Patterns of Freezes in the Model and in the Reanalysis Data 

The synoptic composites of the cold days in the ECMWF 40 Year Re-analysis 

(ERA40)
3
 (Figure 3-4) and those in the corresponding global model outputs (Figure 3-5 

and Figure 3-6) are compared to show that the cold temperature cases selected in the 

regional model are reasonable as freezing events.  For the comparisons, the geopotential 

height at 500 hPa and the temperature and the wind at 850 hPa are used.  As mentioned 

                                                 
3 http://data.ecmwf.int/data/ 
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earlier, freezes in the Florida peninsula tend to occur after the passage of a cold front 

associated with northeasterly winds and also following radiation cooling (Attaway 1997).  

When the characteristics of the troughs, such as the depths and axis, in the FSU/COAPS 

GSM and the ERA40 are almost the same, the captured freezes in the model can be 

assumed to be caused by the similar synoptic phenomena. 

For the ERA40 synoptic patterns, the same averages of daily minimum 

temperatures at 18 COOP stations in Florida during winter, December to February, are 

used to select cold events in Florida.  Those 18 stations selected were in the citrus 

farming counties in Florida as shown in the previous chapter.  Because the ERA40 has 

data only from September 1957 to August 2002 and the ensemble of the models has data 

from 1987 through 2005, the composites of the synoptic patterns by the ERA40 are taken 

between 1987 and 2002.  Although the observed minimum temperatures were divided by 

midnights of the local time and the occurrence times were not available, the ERA40 was 

based on the UTC time system and the data at 12 UTC were used for the composites.  

Day 0 is defined as the day with the lowest minimum temperature in each event and 

Figure 3-4 (a) and (b) show the composite patterns of those cold days from Day -3 to Day 

2. 

In the FSU/COAPS RSM ensembles, the minimum temperature results of the 

previous 24 hours at 12 UTC in the region between 26˚N and 29˚N over the Florida 

peninsula were averaged and used to select cold events.  As used in the previous sections, 

the winter ensembles of the FSU/COAPS RSM between October and March from 

1987/88 through 2005/06 were applied for the calculation of the freezes.  The synoptic 

geopotential height patterns of 500 hPa at 12 UTC on the selected cold days were taken 

from the corresponding member in the FSU/COAPS GSM.  The composites are 

separately calculated for two different convection schemes, the SAS and RAS.  As shown 

in Chapter 2, each convection scheme has 10 ensemble members in this study.  Figure 3-

5 and Figure 3-6 are the composite patterns of those cold days from Day -3 to Day 2 by 

the FSU/COAPS GSM with the SAS and RAS, respectively. 

As commonly known, the observed cold events are associated with an 

approaching and deepening trough at 500 hPa and also northwesterly wind at lower levels 

(Figure 3-4).  The ERA40 data show that the strongest northwesterly wind at 850 hPa to 
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Figure 3-4 (a) Composites of 500 hPa height of freezes in the Florida citrus farming 

area from ERA40.  The threshold of the minimum temperature is 2˚C. 
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(Figure 3-4 - continued) (b) Composites of 850 hPa temperature and wind of freezes in 

the Florida citrus farming area from ERA40.  The threshold of the minimum 

temperature is 2˚C. 
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Figure 3-5 (a) Composites of 500 hPa height of freezes in the Florida citrus farming 

area from the FSU/COAPS GSM with the SAS convection scheme.  The threshold of 

the minimum temperature is 0˚C. 
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(Figure 3-5 - continued) (b) Composites of 850 hPa temperature and wind of freezes in 

the Florida citrus farming area from the FSU/COAPS GSM with the SAS convection 

scheme.  The threshold of the minimum temperature is 0˚C. 
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Figure 3-6 (a) Composites of 500 hPa height of freezes in the Florida citrus farming 

area from the FSU/COAPS GSM with the RAS convection scheme.  The threshold of 

the minimum temperature is 0˚C. 

 



 29

 
(Figure 3-6 - continued)  (b) Composites of 850 hPa temperature and wind of freezes 

in the Florida citrus farming area from the FSU/COAPS GSM with the RAS 

convection scheme.  The threshold of the minimum temperature is 0˚C. 
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the Florida peninsula and the deepest trough at 500 hPa appeared on Day -1, the previous 

day of the coldest day at the surface (Figure 3-4).  This could be because of the time 

difference between the UTC for the ERA40 and the Eastern Standard Time for the 

observed data, which is 5 hours behind the UTC.  The occurrences of the observed 

minimum temperatures were all assumed in the morning to simplify the calculation, 

although it could happen in the afternoon. 

In the global models, the synoptic patterns of the selected cold cases also showed 

similar patterns as those of the ERA40 (Figure 3-4, Figure 3-5 and Figure 3-6).  The 

difference of the deepness of the troughs on Day 0 might be because of the difference of 

the period for the daily minimum temperatures, and Day -1 in ERA40 nearly corresponds 

to Day 0 in both of the convection schemes of the FSU/COAPS GSM.  Also, both model 

and observation composites show that there is a ridge in the western U.S., while the cold 

events were present in the southeastern U.S.  This ridge at 500 hPa and the corresponding 

northwesterly winds at 850 hPa can be considered to be analogous to the high pressure 

system over the Great Plains as shown by Rogers and Rohli (1991).  Day -1 in the 

ERA40 composites has a trough with an axis from northeastern Canada to the west of the 

Florida peninsula, and this synoptic pattern corresponds well to Day 0 in the models.  

Both the model results of Day -1 and the reanalysis pattern of Day 0 have the 5700 m line 

over the central to southern part of the peninsula, which is similar to Day -2 and -1 in the 

ERA40 composites.  The previous days of the coldest day, Day -1 in the GSM and Day 0 

in the ERA40, also show similar patterns with a trough from the Great Lakes to the 

middle of the Gulf of Mexico.  While the trough in the east was deepening, the ridge in 

the western U.S. was also developing, but the developing and the dissolving of the ridge 

occurred a day earlier than those of the trough in the east.  The axis of the trough and 

ridges were almost the same for both models and ERA40.  Those results support that the 

selected freezes from the model were reasonable for the freezes in the regional model.  

The results also suggest that the linkage between the GSM and the RSM is reasonable to 

predict freezes in the model. 
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3-5-2. The FSU/COAPS GSM and ENSO 

 As shown in Chapter 2, in Petraitis (2006) and Cocke et al. (2007), the 

FSU/COAPS GSM showed a reasonable reproduction of precipitation characteristics 

based on ENSO phases in the southeastern U.S., although the amount of the precipitation 

tended to be larger than observed precipitation.  In this section, the performance of the 

FSU/COAPS GSM was verified based on the ENSO phases. 

 The same ensemble with the previous section was used for the analysis and the 

results between December and February from 1987/88 through 2005/06 were used here.  

The ENSO phases are determined based on the definition by the Japan Meteorological 

Agency, and Table A-3 in Appendix A shows the list of each phase for this section.  

According to Higgins et al. (2002) (Figure 3-7), the typical jet patterns over the U.S. are 

dependent on the ENSO phases.  The wind streamlines of the GSM at 850 hPa (Figure 3-

8, Figure 3-9) and 200 hPa (Figure 3-10, Figure 3-11) are compared with the jet patterns 

in Figure 3-7.  Although the jets usually appear at around 200 hPa, the graphs of 850 hPa 

are also shown here.  During an El Niño phase, Figure 3-7 shows that the polar jet is 

shifted to the north and the Pacific jet stream is relatively flat compared to the other 

phases.  In both Figure 3-10 and Figure 3-11, the polar jet is shifted to the north, and due 

to the smaller anticyclonic wind off the west coast of the U.S., the wind pattern over the 

Pacific at 850 hPa in Figure 3-8 and Figure 3-9 takes a more southern path than during 

the other phases.  During La Niña winters, the Pacific jet steers toward the north as it 

comes close to North America and the polar jet reaches south of the Great Lakes in both 

the study by Higgins et al. (2002) and the FSU/COAPS GSM.  The characteristics of the 

jets during neutral phases by Higgins et al. (2002) did not appear as clearly as the other 

phases in the global models, but the most crowded arrows appeared to the south of the 

Great Lakes. 

Figure 3-8 (f) and Figure 3-9 (f) show the difference of wind patterns at 850 hPa 

between El Niño and La Niña phases, and Figure 3-10 (f) and Figure 3-11 (f) show those 

at 200 hPa.  In both SAS and RAS cases, El Niño phase has a stronger low pressure 

system over the northeastern Pacific, which is analogous to the investigation by Higgins 

et al. (2002).  That difference of the jet paths also corresponds to the difference of wind 

direction in the mid-latitude eastern Pacific.  Over the southeastern U.S., the difference of 
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the wind pattern of El Niño winters and La Niña winters shows a cyclonic pattern (Figure 

3-8, Figure 3-9, Figure 3-10, Figure 3-11).  This pattern in the region implies an upward 

motion over the Gulf of Mexico.  It also implies that the southeastern U.S. is likely to be 

wet during El Niño, which was reported by previous studies based on the observed data.  

Considering the results above, the FSU/COAPS GSM can capture the characteristics of 

winters of each ENSO phase over North America reasonably. 

 

3-6. Discussion and Conclusion 

In this chapter, the ratios of cold cases in the ensembles were compared to verify 

freeze forecasts of the FSU/COAPS RSM.  Although the global model reproduced 

characteristics of ENSO phases, the regional model could not obtain yearly winter freeze 

occurrence ratios reasonably.  The selected freeze cases in the model captured similar 

synoptic-scale patterns as the observed patterns, but predictions of yearly freeze 

probability or yearly freeze count are not appropriate in these models.  A few different 

thresholds were selected for both the observed data and model results.  Additionally, the 

thresholds determined by the GPD method with almost the same number of cold cases for 

the observation and the model results did not show a high year-to-year correlation, even 

though the average synoptic patterns of these cold cases in the FSU/COAPS GSM 

captured similar synoptic patterns over North America. 

For the determination of the thresholds, the GPD is considered in this chapter to 

extract the extreme parts of the datasets.  Although freezes follow physical processes, 

their occurrences are not frequent and the values are too extreme.  This tends to result in 

averaging out the rare events or in these events being ignored due to their high impact on 

the main part of the dataset.  In this study, although the freezes in the citrus farming 

region are considered, the temperature thresholds of citrus damage in the model are 

essentially ignored to simplify the study.  In theory, the threshold can be chosen from 

anywhere above (below) the transition for the maximum (minimum) extremes of a 

dataset.  Then, if the damaging temperature in the model is within the extreme data, the 

damaging temperature also should be able to be used in the model. 

While the same synoptic patterns were chosen for the cold days, the probability of 

freezes in the model did not show a reasonable skill.  One of the major difficulties in 
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forecasting extreme weather is its rareness in the observation.  Because the freezes 

observed in the region of interest occurred with a small chance in each winter with 90 

days, it is also reasonable not to observe many freezes even when the large-scale climate 

pattern of the season was favorable for freezes.  In the next chapter, the behaviors of the 

cold extremes are investigated on the phase-to-phase basis, not on the year-to-year basis, 

which was chosen in this chapter in order to obtain enough observed freezes in the 

statistics.  
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Figure 3-7 Winter climate patterns of North America in each ENSO phase. (Higgins et al. 

2002)
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Figure 3-8 (a) Streamlines of the FSU/COAPS GSM composites from December to 

February of El Niño phases between 1987/88 and 2005/2006 with SAS convection 

scheme at 850 hPa, and (b) and (c) are the same as (a) but of La Niña phases and ENSO 

neutral phases.  (d) The same as (a) but of the difference of winds between El Niño and 

neutral phases shown with wind vectors, and (e) and (f) are the same as (d) but of the 

difference between La Niña and neutral phases.
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Figure 3-9 (a) Streamlines of the FSU/COAPS GSM composites from December to 

February of El Niño phases between 1987/88 and 2005/2006 with RAS convection 

scheme at 850 hPa, and (b) and (c) are the same as (a) but of La Niña phases and ENSO 

neutral phases.  (d) The same as (a) but of the difference of winds between El Niño and 

neutral phases shown with wind vectors, and (e) and (f) are the same as (d) but of the 

difference between La Niña and neutral phases. 
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Figure 3-10 (a) Streamlines of the FSU/COAPS GSM composites from December to 

February of El Niño phases between 1987/88 and 2005/2006 with SAS convection 

scheme at 200 hPa, and (b) and (c) are the same as (a) but of La Niña phases and ENSO 

neutral phases.  (d) The same as (a) but of the difference of winds between El Niño and 

neutral phases shown with wind vectors, and (e) and (f) are the same as (d) but of the 

difference between La Niña and neutral phases. 
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Figure 3-11 (a) Streamlines of the FSU/COAPS GSM composites from December to 

February of El Niño phases between 1987/88 and 2005/2006 with RAS convection 

scheme at 200 hPa, and (b) and (c) are the same as (a) but of La Niña phases and ENSO 

neutral phases.  (d) The same as (a) but of the difference of winds between El Niño and 

neutral phases shown with wind vectors, and (e) and (f) are the same as (d) but of the 

difference between La Niña and neutral phases. 
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CHAPTER 4 

VALIDATION OF THE FSU/COAPS RSM FOR FREEZE FORECAST 

 

4-1. Extreme Events in Observations 

Ensemble techniques are applied to both operational and experimental forecasts 

now, but their use for extreme events is still limited.  Palmer (2002) stated that the 

implementation of ensemble techniques is appropriate for extreme event forecasts, citing 

the case of a severe storm in Europe in 1999, which some members predicted the storm, 

but neither control nor mean results could.  This result suggests that the model can 

capture rare cases, if the model is reasonable.  On the other hand, this result also suggests 

that even with the same large-scale atmospheric pattern which is favorable for the 

extreme case, the observed case could possibly be a non-extreme case.  Therefore, the 

common methods to verify atmospheric models, such as root mean square errors, 

correlation between observation and model results, or biases of the surface temperatures 

and precipitation, cannot be applied to extreme events, because of the rare occurrence in 

the dataset, as shown in Chapter 3.  However, the major purpose of predicting those 

extreme events is to alert people properly in advance, not to predict the exact number of 

the freezes.  The verification of climate ensembles should be focused on the probability 

of the occurrence under a similar large-scale pattern, and also the ensemble technique is 

suitable, when the case of interest is not likely to occur frequently enough to be captured 

in a control run. 

In this chapter, the ensemble results are compared with observations using a 

distribution representing extreme parts of datasets to avoid the problem attributed to the 

rare occurrence of freezes.  Ensembles can artificially create more cases with a very 

slight difference in the initial conditions or physical schemes, and once the number of 

extreme data becomes larger, the occurrence ratio of extreme cases is expected to be 

more stable.  They can obtain more statistically realistic probabilities of extreme cases in 

the model, if the model performance is reasonable.  On the other hand, the observations 

can have only much fewer extreme cases in each unit of time than those in the 

corresponding ensemble.  That may result in that the observed data look rougher and they 

are highly likely not to be similar to the ensemble distribution. 
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Ensembles of the FSU/COAPS Climate Models are examined on capturing the 

tendencies of freezes using Mean Residual Life (MRL) plots based on the Generalized 

Pareto Distribution (GPD), the distribution of extreme parts of a dataset.  For the 

verification, the observations and ensembles in each climate phase were accumulated to 

focus on the distributions in each phase rather than the skill of each winter.  In this 

chapter, the characteristics of freezes in different climate phases are analyzed based on 

the previous studies with observed data, and the climate patterns for the analyses were 

selected based on reliable previous studies.  The same ensemble results and observed data 

shown in Chapter 3 were basically used. 

 

4-2. Freezes and Climate Indices 

As shown in the previous chapters, the studies on winter climate as well as freezes 

in Florida have been conducted by many researchers from different aspects due to its 

importance for the economy in Florida.  Some synoptic studies were shown in the 

previous chapter, but connections between the winter climate in Florida or the 

southeastern U.S. and major climate patterns, such as ENSO, NAO and Pacific-North 

American (PNA), are also useful for the region. 

According to Higgins et al. (2002), the subtropical jet on North America tends to 

shift more to the south during El Niño winters than that during neutral winters (Figure 3-

7, Higgins et al. 2002).  According to their study, the shifted jet brings more precipitation 

in the southeastern U.S., while the subtropical jet is likely to shift to the north during La 

Niña winters, which results in drier winters in that region.  Other studies showed that 

observed data indicated that the southeastern U.S. and particularly Florida tend to obtain 

more precipitation in winter under El Niño conditions (Douglas and Englehart 1981, 

Gershunov and Barnett 1998, Hansen et al. 1999, Higgins et al. 2002, Kiladis and Diaz 

1989).  Douglas and Englehart (1981) suggested that winter precipitation in Florida is 

associated with the warm central equatorial Pacific, which is nearly identical to an El 

Niño event.  Gershunov and Barnett (1998) investigated connections between ENSO and 

wintertime extreme rainfalls and temperature frequencies in the U.S using both 

observations and an atmospheric numerical model.  In their study, the southeastern region 

except central and southern Florida showed an increase in precipitation during El Niño 
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winters and the southeastern U.S. showed a decrease in precipitation during La Niña 

winters, although central and southern Florida does not show significantly large rainfalls 

in El Niño winters.  Corresponding to the wet climate, which is assumed to increase 

cloud cover, in El Niño winters, the temperatures in the region are likely to be colder than 

the average (Hansen et al. 1999, Kiladis and Diaz 1989, Ropelewski and Halpert 1986, 

Sittel 1994).  Kiladis and Diaz (1989) showed that connections between the Southern 

Oscillation (SO) and climates in the world.  According to their study, when the SO is on, 

almost equivalent to an El Niño phase, the southeastern U.S. had more precipitation and 

colder temperature than normal.  Ropelewski and Halpert (1986) revealed that winter 

temperature during El Niño winters tended to be lower than average in the southeastern 

U.S., although they did not find a connection between ENSO and the winter precipitation 

in the same region.  Hansen et al. (1999) showed that, during El Niño winters, rainfall 

was higher than normal, and solar radiation and maximum temperature were lower than 

normal in Florida.  Their study, however, concluded that minimum annual temperatures, 

numbers of days with freezing temperatures, and degree-days below 0˚C were not 

significantly correlated with the yearly ENSO index. 

Some previous studies also found that connections with ENSO and winter 

vegetation or crop yields in the southeastern U.S.  In the southeastern U.S., corn yields 

were higher in La Niña years, and the crop value anomalies of peanuts, tomatoes and 

soybeans are correlated with the quarterly SST of 150˚W to 90˚W and 4˚N to 4˚S 

(Hansen et al. 1998).  Hansen et al. (1999) investigated ENSO’s impact on the winter 

vegetable production particularly in Florida, and they found that the yields of tomatoes, 

bell peppers, sweet corn, and snap beans were lower in El Niño winters.  Using the 

AVHRR NDVI from 1989 to 1999, Peters et al. (2003) showed that the Florida region 

had higher winter vegetation during both ENSO cold and warm phases compared to the 

ENSO neutral phases.  Their results, at least, do not contradict other previous studies 

which stated that the southeastern region has more precipitation in El Niño winters and 

warmer in La Niña winters (e.g., Higgins et al. 2002). 

Connections between extreme cold events in the southeastern U.S. and ENSO 

have also been investigated.  Hansen et al. (1999) stated that extremely cold temperature 

cases in southern Florida are dependent on frontal systems rather than ENSO, although 
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ENSO affects mean temperature in the region.  On the other hand, Martsolf (2001) found 

that extremely cold events in winters between 1980/81 and 1999/2000 occurred mainly in 

the ENSO neutral years, which are in neither El Niño nor La Niña, suggesting that ENSO 

affects the severe freezes in Florida.  Plotting the past severe freezes in Florida selected 

by Attaway (1997), as shown by the stars in Figure 4-1, and the NINO3 Index by Climate 

Prediction Center (CPC), reveals that the major freezes between 1950 and 1997 mainly 

occurred when the index was negative.  These previous studies indicate that ENSO 

affects precipitation and may affect the mean temperatures and freezes.  Although some 

of the results seem to be contradictory, those differences were possibly due to the 

differences of the definitions and thresholds.  Considering Figure 4-1 and those studies 

above, in this study, ENSO phases are assumed to affect occurrences of freezes in Florida. 

As mentioned briefly in the previous chapters, some studies have shown a link 

between winter climate in Florida and the atmospheric or oceanic patterns in the North 

Atlantic.  Some researchers also analyzed connections between the freezes and other 

major climate patterns, such as the PNA connection, the NAO.  According to Downton 

and Miller (1993), mean temperature in winter is influenced by the PNA patterns and the 

NAO, but only slightly by the SO, although PNA patterns are often related to ENSO.  

Leathers et al. (1991) showed that PNA-positive phases are negatively correlated with 

temperatures in the southeastern U.S.  According to their study, during positive PNA 

phases, troughs tended to appear in the east-central North Pacific, ridges in the western 

U.S. and troughs again over the eastern U.S.  In general, a trough over the eastern U.S. 

can bring a cold advection to the southeastern U.S. and the PNA patterns can be 

considered a factor affecting temperatures in the southeastern U.S., although Leathers et 

al. (1991) was mostly about average temperatures in the region. 

As mentioned above, according to Downton and Miller (1993), the NAO was 

correlated with mean winter temperatures in Florida.  On the impact from the North 

Atlantic, Dickson and Namias (1976) found that when the southeastern U.S. in winter 

was significantly cold because of a cold polar air mass, the western Atlantic was often 

slightly cooler than normal.  Enfield et al. (2001) also showed that more rain was 

observed around Florida while the Atlantic Multidecadal Oscillation (AMO) Index, 

which represents mean North Atlantic SST anomalies, was positive.  Enfield and Mestas-
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Nuñez (1999) showed that the SST anomaly over the Atlantic is associated with upper-

level patterns similar to the NAO.  These results imply a possibility of connection 

between winter climate in Florida and the SST or atmospheric patterns over the Atlantic.  

In this study, the NAO was selected as one of the climate patterns over the North Atlantic 

to investigate an impact by the condition of the North Atlantic. 

In this chapter, spatially averaged anomalies from the model results are mainly 

used for the analyses.  Smoothed averages of daily ensemble data were used as the 

climatologies of the model. 

 

4-3. Mean Residual Life Plots 

As briefly mentioned in the previous chapter, the GPD represents a distribution of 

data over a designated threshold.  The data near the maximum or minimum in a dataset 

 

Figure 4-1 Major freezes in Florida (Attaway 1997) and NINO3 Index from 1950 
through 1997. 
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often do not follow the distribution function of the main part of the dataset.  When a 

dataset Z consisting of z1, z2, …, zn follows the GPD, the distribution is expressed as 

equation 4-1, where ξ  is a shape parameter, σ  is a scale parameter, and u is a threshold 

of the fitted function (Coles 2001). 
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Because the threshold divides the extreme part from the rest of the dataset, threshold 

determination is crucial for the analysis.  The MRL plot, which is derived from the 

expected value of the GPD, is often used for the threshold determination, showing a 

relation between thresholds and the mean of the excesses from the thresholds.  The 

expected value of the mean excess value is expressed as equation 4-2.  When the value of 

u can be a threshold for the GPD, the gradient against u in the extreme side is linear, 

where 
0uσ is a scale parameter at a threshold u0. 
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For the maximum side of a dataset, an MRL plot is expressed as equation 4-3, which 

shows mean excesses against thresholds, where nu is the number of the data above the 

threshold (Coles 2001). 
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For the distribution of temperatures, the mean excesses are expected to decrease as u 

increases, while the data are in the main part of the dataset.  However, if the upper tail of 

the dataset follows the GPD, the gradient of the MRL lines can behave differently.  This 

means that for the data in this segment, the average of the distances from the threshold to 

the data depend less on the distribution of the main part of the data.  In this study, the 

same idea was applied to the lowest of minimum temperatures.  In this case, the mean 

excess values also constantly decrease as the threshold increases, while the data follow 

the distribution of the main part of the temperature dataset.  Then, when the thresholds 

become small enough for the GPD, the line appears to become more linear. 
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4-4. Distribution Analyses of ENSO Phases 

The ENSO categorization method by the Japan Meteorological Agency 

(Appendix A) was used to determine ENSO phases in this study.  They define that an El 

Niño phase occurs when the anomaly of the NINO 3.4 Index from the 5-month running 

mean is higher than 0.5, and a La Niña phase is when it is below -0.5.  In the period for 

the observation, from 1950/51 through 2005/06, there were 14 El Niño, 13 La Niña, and 

29 neutral winters, while in the available period for the ensemble, from 1987/88 through 

2005/06, there were 4 El Niño, 4 La Niña, and 11 neutral winters.  The list of the ENSO 

phases from 1987/88 to 2005/06 is shown in Table A-3. 

The probability distribution function (PDF) of the observed winter data from 

1950/51 through 2005/06 shows that the peak of the minimum temperature is lower for 

the El Niño phase and higher for the La Niña phase, but characteristics in the lowest 

extreme part of the data are not clear (Figure 4-2 (a)).  However, the exceedance ratios of 

the same observed data show that the El Niño phase tended to observe fewer cold days 

than the other phases (Figure 4-2 (b)).  In general, an exceedance ratio shows a ratio of 

the number of data above a threshold against the number of all of the data, but in this case, 

the ratios below the thresholds were used to focus on the minimum part of the dataset.  

Although this difference is not likely to be significant enough to satisfy a statistical test, it 

is at least consistent with the previous studies based on the observed data shown in the 

previous section. 

Figure 4-3 and Figure 4-4 show the PDFs and exceedance ratios of the ensemble 

of the same period, respectively.  The PDFs did not have a significant difference between 

ENSO phases, but the SAS had a clearer distribution difference that the peak of the 

minimum temperature is lower than the other phases.  The exceedance ratio also showed 

that the SAS has a clearer similarity with the observed results compared to the 

exceedance graph of the RAS.  However, the exceedance graphs of both the SAS and 

RAS showed that the averages of the minimum temperatures in the model during El Niño 

winters were lower than those of the other phases, and that is consistent with the observed 

data. 

Figure 4-5 shows the MRL plots of daily minimum temperature anomalies in the 

observations and the model results in each ENSO phase. For the calculation of the 
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Figure 4-2 (a) The probability distribution function of the observed data in each ENSO 
phase, and (b) the exceedance ratio of the same data from -6ºC to 4ºC. 
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Figure 4-3 The probability density functions of (a) SAS (b) RAS (c) the total of both 
of the convection schemes. 
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Figure 4-4 The exceedance ratios of (a) SAS (b) RAS (c) the total of both of the 

convection schemes. 
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ensembles, the member with the largest distance from the ensemble mean was omitted to 

prevent including the members that were too extreme.  For the observation, the 95% 

confidence lines were added to show the variability of the mean excess.  The thin lines of 

the model results of each convection scheme are MRLs of each year and the bold lines 

are those of the whole periods.  The model results show that each ENSO phase obtained 

different distributions of the cold minimum temperatures.  While the El Niño winter has a 

gentle slope, the other phases captured clearer transition to the extremes near -6ºC in the 

model.  The results of the observed data show consistent tendencies with the model 

results based on the mean values and the confidence lines, although the observed data do 

not have as many data as the model results (Figure 4-5).  The confidence lines in the 

observation suggest that the extremely cold temperatures were less variable in the El 

Niño winters.  The observed data also show that the El Niño winters had less variable 

winters than in the other two ENSO phases.  For both the observed and ensemble results, 

the mean excess lines of the La Niña and ENSO neutral winters have curves near -10ºC 

for the observations and -6ºC for the model, while the lines in El Niño do not show such a 

significant curve.  Although the curving points are different, the plots of the observation 

and the model show the similar characteristics in the extreme part of the distributions.  If 

the fluctuations in the extreme part of the minimum temperatures are correlated with the 

likeliness of severe freezes, these results are consistent with the previous analyses from 

observation. 

The ranges of the confidence lines could be large due to a small amount of data as 

well as the variability of data, but the numbers of freezes in both the observations and the 

model during the El Niño winters are fewer than or as many as those in the other phases.  

Then, the small range during the El Niño winters is due to the lower variability in the 

observations.  Figure 4-6 shows the results of the two convection schemes separately and 

they have similar tendencies, especially in the contrast between the El Niño and the other 

phases. 

 

4-5. Distribution Analyses of NAO Phases 

The NAO phases were categorized by the monthly NAO Index defined by the 

CPC.  The NAO Index is the difference of 500hPa heights between the mid-latitude and 
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polar region of the North Atlantic, and when the index is positive, the height over the 

mid-latitude is higher.  The NAO was almost always in the negative phase during the 

winters from 1950 to 1980, and it was in the positive phase after 19801.  Because of the 

availability of the ensembles, the winters were divided into three categories in order to 

compare the observations and the model results following the ENSO classification.  An 

NAO positive winter is defined as a winter with the 3-month average of the NAO index 

above 0.5, a negative winter is below -0.5, and the rest of the winters are NAO neutral 

winters.  The observed data period, from 1950/51 to 2005/06, has 13 positive, 29 neutral, 

and 14 negative winters, while the model results have 9 positive winters, 9 neutral 

winters, and 1 negative winter. 

Figure 4-8 shows the MRL plots of minimum temperatures during each phase of 

the NAO, although negative phases cannot be compared due to the lack of data in the 

model.  The results of both the observation and model indicate that during the positive 

winters, there were a larger spread and a larger threshold range with a relatively linear 

gradient in the cold side of the thresholds than that in the NAO neutral winters.  If the 

slightly cooler SST over the North Atlantic in Dickson and Namias (1976) corresponds to 

the NAO neutral phase, the clearer transition of the distribution to the GPD of the neutral 

phase is consistent with their finding that cold air from the polar region tended to reach 

the southeastern U.S., when the Atlantic seaboard was slightly cooler.  However, this 

analysis requires a longer period of data for both the observation and the ensemble to 

confirm the results due to NAO’s long timescale. 

 

4-6. Discussion and Conclusion 

In this study, the MRL plots were used for the analyses of extreme events to avoid 

the problems of the threshold determination and lack of enough occurrences in each 

winter.  The thresholds of observed freezes impacting crops at specific locations cannot 

be directly applied to the models, because models can only obtain the representing 

temperatures of the grid cells, not those of the exact location of the freeze.  Instead of 

                                                 
1 CPC Monitoring Weather and Climate 
http://www.cpc.noaa.gov/products/precip/CWlink/pna/JFM_season_nao_index.shtml 
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specifying certain thresholds determining severe freezes, the behaviors in the tail were 

analyzed, assuming that the freeze occurrences are governed by the behavior in the tail. 

Another problem of the model verification is that both the observation and the 

model need enough freezes to examine.  Because extreme cold events, clearly, do not 

occur often, they may not appear in the 90 days of a winter, even if the climate patterns 

are favorable.  Even when they occur, the number of the phenomena in a winter might not 

be enough to obtain a statistically meaningful ratio.  On the other hand, an ensemble 

essentially has many more days in a winter than observations, when all members of the 

ensemble are accumulated, and more reasonable statistics of the phenomenon in the 

model compared to the observations can be obtained.  Therefore, the data were 

accumulated for each climate phase, not each season, to obtain enough events in a unit of 

time.  Analyzing the accumulated model results based on the climate phases, which were 

supported by the previous studies, helps to reduce this difficulty, although those climate 

phases have to be chosen carefully.  If the purpose of forecasts is to warn people in 

advance rather than to predict the actual count of the year, reasonable sensitivities to 

those climate patterns are meaningful.  As long as the model can capture the 

characteristics of each phase, the forecasts in the long term can benefit its users. 

In this study, the SST conditions were assumed to be steady during each climate 

phase.  However, real SST conditions are not steady during each phase and those various 

SST conditions in each climate phase possibly affected freeze occurrences.  

Categorization of each climate phase should consider the variation in each phase.  Also, 

the long-term trend in the observed data was not considered in this study, because of the 

difficulty of keeping enough data for the observation. 

For a better probability forecast with ensembles, the distribution analyses for 

combinations of the climate patterns may be effective, but they require longer and more 

detailed observation data.  The results can be applied to forecasts only when the SST 

patterns can be forecasted with reasonable accuracy, because this study used ensembles 

with the observed SST.  Additionally, the verification method in this study needs to be 

improved because of the subjective definition of extremes.  In future work, a more 

objective method should be considered. 
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In this chapter, the extreme part of the observed minimum temperatures in the 

Florida citrus farming region and ensembles of the FSU/COAPS RSM in the 

corresponding region were investigated using the GPD based on the climate indices.  The 

comparison of the MRL plots, derived from the GPD, of the observed data and the 

ensembles showed that the extremely low temperatures were more likely to occur during 

the ENSO neutral or La Niña winters, not during the El Niño winters.  The model results 

divided by the NAO phases were also investigated, and the MRL plots of the positive and 

neutral phases showed the similar characteristics to the observations.  These similarities 

suggest that the FSU/COAPS RSM can capture tendencies of the freezes in winters, if 

provided with accurate global SST information. 

 



 53

 

 

 

 

 

 

 

 

 

 

Figure 4-5 MRL plots of daily minimum temperature anomalies: observation (left) and 
model results (right: SAS+RAS). The observed data between 1950/51 and 2005/06 and 
the ensemble of 9 members between 1987/88 and 2005/06 are used. The bold lines in the 
observations show the mean excesses, and the thin lines are their 95% confidence lines. 
Those of the model results are mean excess values of each year and the thick lines are 
those of whole periods. 

 

 

 

 

 

 

Figure 4-6 The same as Figure 4-5, but those of model results (left SAS, right: RAS). 

Observation Ensemble results (SAS+RAS) 

Ensemble results (SAS) Ensemble results (RAS) 
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Figure 4-7 Same as Figure 4-5, but of NAO phases. 

Observation Ensemble results (SAS+RAS) 
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CHAPTER 5  

IMPACT OF LAND SURFACE DATA ON THE REGIONAL MODEL 

 

5-1. Temperature Simulations by the FSU/COAPS RSM 

As mentioned in Chapter 1, temperature forecasts are crucial for farmers and crop 

model users to estimate their crop yields and plan their schedules.  Crop models to 

estimate yields usually require detailed temperature and other weather elements, and the 

FSU/COAPS GSM and RSM have been used for crop estimation in the southeastern U.S. 

through the SECC (e.g. Baigorria et al. 2007, Shin et al. 2006). 

Although the prediction skills of the weather elements are important for the 

application to crop models, the FSU/COAPS GSM originally had cold biases in predicted 

temperatures in the eastern U.S. (Shin et al. 2005).  They coupled the FSU/COAPS GSM 

with the National Center for Atmospheric Research (NCAR) Community Land Model 2.0 

(CLM2) to simulate more realistic surface conditions.  Cold biases of maximum 

temperature in summer of the eastern U.S. in the FSU/COAPS GSM were reduced by the 

coupling with the CLM2 due to reduced latent heat flux and increased sensible heat flux, 

although the coupling did not improve minimum temperature prediction (Shin et al. 

2005). 

The FSU/COAPS RSM originally had cold biases in predicted temperatures in the 

Florida peninsula, which corresponds to the cold bias region in the global model.  The 

RSM was also coupled to the CLM2 to improve its prediction skill (Shin et al. 2006).  

For the RSM, although the coupling cleared the cold bias of the minimum temperatures 

in Georgia, Alabama and Florida, it reduced the cold bias of the maximum temperatures 

only in Georgia and Alabama, not in Florida (Shin et al. 2006).  The different effects to 

the minimum and maximum temperatures resulted in smaller diurnal amplitudes in 

Florida, while the other regions kept more realistic diurnal ranges.  In short, although the 

coupling with the land-surface model improved the atmospheric models mostly, further 

improvement was necessary in Florida.  Figure 5-1 (a) to (c) show the difference of 

minimum temperatures between observations and results by the FSU/COAPS RSM 

during June, July and August from 2000 through 2005.  The observed temperatures used 

in the figure are interpolated grid data of the National Weather Service (NWS) 
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Figure 5-1  Average difference in temperature between model results and observation 
for summer (June through August) of 2000 through 2005 of (a) amplitude of diurnal 
temperature fluctuation (°C), (b) minimum temperature  (°C), (c) maximum 
temperature (°C). 
 

 (a)                                                                              (b) 

 

Figure 5-2  Leaf area index of MODIS observation in August 2001 (left) and the 
prescribed data in Community Land Model 2.0 for August. 
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COoperative Observation Program (COOP)1.  The model simulated higher minimum 

temperatures and lower maximum temperatures than those being observed, producing 

smaller diurnal ranges of temperatures. 

Among many important aspects affecting surface temperatures, the prescribed 

climatological Leaf Area Index (LAI) in the CLM2 was lower than the observations by 

MODerate resolution Imaging Spectroradiometer (MODIS) in the Florida peninsula 

(Figure 5-2).  The vegetation data including LAI, representing leaf area per unit ground, 

in the model can impact its temperature calculation changing the heat balance and 

evapotranspiration of the land surface.  Estimation of those land-surface data is an 

important aspect in the modeling, but it is also a difficult aspect in the modeling because 

of its limitation of accurate observation. 

This chapter intended to investigate the importance of prescribed land-surface 

data for summer temperature simulations in the FSU/COAPS RSM coupled to CLM2.  In 

the first experiment, the prescribed LAI was replaced with the dataset adjusted by the 

LAI of each summer observed by MODIS.  In the second experiment, the LAI and Plant 

Functional Types (PFT), vegetation types of the land, in the CLM2 were replaced with 

new LAI and PFT reported by Tian et al. (2004a) (referred to below as Tian LAI and 

Tian PFT), and their effects in the FSU/COAPS RSM were investigated. 

 

5-2. Models and Data 

In this chapter, the FSU/COAPS RSM coupled to the CLM2 was used as 

described in Chapter 1.  Unlike the other chapters, the experiments in this chapter used 

only control runs of the RSM and did not use ensembles.  The SAS was chosen as the 

convection scheme for the experiments in this chapter.  As explained previously, the 

FSU/COAPS RSM was nested within the FSU/COAPS GSM and the initial conditions 

and prescribed data for those models were the same as in Chapter 2, otherwise they are 

specified.  The calculation domain was also the southeastern U.S. as in other chapters, but 

mainly summer periods in southern Florida were focused in this chapter. 

According to Bonan et al. (2002), each grid cell of the CLM2 consists of four 

land-surface categories, such as glacier, lake, wetland, and vegetated area, and vegetation 

                                                 
1 NWS COoperative Observation Program http://www.weather.gov/om/coop/ 
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was only assumed in the vegetated areas (Figure 5-3, Bonan et al. 2002).  The vegetated 

area in a grid cell is also divided among four out of 16 PFT categories (Table 5-1) 

representing the four major vegetation types in the grid cell.  The LAI data in the CLM2 

represent the value of each selected PFT in the grid cell (Bonan et al. 2002) (Figure 5-3).  

In the CLM2, the monthly LAI and other monthly vegetation-related data are changed on 

the basis of snow-depth data from the atmospheric models.  Some of those land-surface 

conditions are stored as monthly climatological data derived from both satellite and field 

observations, and the monthly LAI and other monthly vegetation-related data are 

temporally interpolated to daily data for the calculation (Bonan et al. 2002). 

The original prescribed LAI data in the CLM2 were obtained from field data and 

NDVI (Normalized Difference Vegetation Index) by satellite data from the AVHRR 

(Advanced Very High Resolution Radiometer).  The NDVI is defined as a ratio of the 

difference of visible light and near infrared against the total amount of visible and 

infrared reaching the surface, and the NDVI data were derived from visible and near 

infrared (channel 1 and 2) of the AVHRR.  Where NIR is a reflectance of near infrared 

and VIS is that of visible short waves, the NDVI is represented as the following:  

( )
( )VISNIR

VISNIR
NDVI

+
−

=        Eq. 5-1 

Since short waves are absorbed well by chlorophyll in vegetation, when land is vegetated 

with green biomass, the value of the NDVI is likely to be larger because of a smaller VIS.  

Although the NDVI is a useful method to determine vegetation on the surface, there are 

some limitations for the AVHRR LAI. 

The newer sensor, MODIS is on two satellites named Terra and Aqua, which 

launched in December 1999 and May 2002, respectively, while the AVHRR LAI are 

available from 1981 through 1991.  The data from MODIS were converted to LAI by 

Myneni et al. (2002)2 using the method developed by Knyazikhin et al. (1998b).  One of 

the main characteristics of the MODIS LAI is its three-dimensional observation, while 

the AVHRR could allow the NDVI to have only one-dimensional information 

(Knyazikhin et al. 1998b).  Although we may have to wait until we have a comparable 

                                                 
2 available from http://cliveg.bu.edu/modismisr/ 
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Table 5-1  List of Plant Functional Types in Community Land Model 2.0* 

 

Plant functional type 

  1 Needleleaf evergreen tree, temperate 
  2 Needleleaf evergreen tree, boreal 
  3 Needleleaf deciduous tree, boreal 
  4 Broadleaf evergreen tree, tropical 
  5 Broadleaf evergreen tree, temperate 
  6 Broadleaf deciduous tree, tropical 
  7 Broadleaf deciduous tree, temperate 
  8 Broadleaf deciduous tree, boreal 
  9 Broadleaf evergreen shrub, temperate 
10 Broadleaf deciduous shrub, temperate 
11 Broadleaf deciduous shrub, boreal 
12 C3 arctic grass 
13 C3 grass 
14 C4 grass 
15 Crop1 
16 Crop2 

 

*(Bonan et al., 2004) 

 
 

 

Figure 5-3  Land use (glacier, lake, wetland, vegetated) and vegetation in each grid cell 
of CLM2 (Bonan et al. 2002) 
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number of data for complete comparison, more detailed representations of land surfaces 

are expected for MODIS consisting of 36 channels. 

According to Knyazikhin et al. (1998a) and Knyazikhin et al. (1998b), values of 

LAI in a unit area for MODIS are defined as the following: 

( )drru
YX

LAI
V

L

ss

∫⋅
=

1
   Eq.5-2 

where V is the domain of interest, Xs and Ys are horizontal and vertical dimensions of V, 

respectively, uL is the leaf area per unit volume, and r(x,y,z) is the location.  As 

mentioned earlier, MODIS can capture three-dimensional conditions on the surface, and 

LAI also can include vertical information.  Knyazikhin et al. (1998b) divided all 

vegetation areas into six categories; grasses and cereal crops, shrubs, broadleaf crops, 

savannas, broadleaf forests, and needle forests.  Each plant type was assigned to different 

combinations of assumptions and thresholds to best represent the category.  In the model, 

in all categories except for grasses and cereal crops, the three-dimensional method is used 

for the estimation of LAI.  As the LAI is a vertically accumulated leaf area in a unit area, 

the observed LAI by MODIS is expected to show more realistic values. 

The CLM2 was developed mainly for global models, but the FSU/COAPS RSM 

is a regional model, which requires higher resolution than the global models.  Although 

they might not be intended for a finer-grid model, the surface data are theoretically 

available for the 20-km grid model, because the prescribed LAI are stored as 1-km-

resolution data.  At least for the FSU/COAPS RSM, the coupling with the CLM2 

improved the temperature forecasts as shown earlier. 

The temperature grid data used as observed data here were interpolated surface-

station data, which do not consider landscape or surface conditions at each station.  

Because temperature values are strongly affected by their land surface and their 

landscape, the difference between maximum and minimum temperatures, this study 

focuses on diurnal temperature amplitudes as an index for comparison of model results 

and observations.  The land-surface datasets were changed only for the RSM to examine 

the differences attributed to the changes in the RSM, and those land-surface datasets for 

the GSM were unchanged.  The integration periods were the warm seasons (March to 

September) of 2000 through 2005, and results of June, July, and August were used for the 
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comparisons.  In the latter part of this chapter, the winter months (December, January and 

February) of the cold seasons (October to March) from 2000/01 to 2005/06 were also 

calculated. 

 

5-3. LAI adjusted with MODIS LAI 

For the first experiment, the climatological monthly LAI in the CLM2 was 

adjusted with the monthly MODIS-observed LAI.  Although LAI data of all four PFT 

categories are separately required for the CLM2, the MODIS observations have only 

accumulated LAI values for each grid.  The accumulated LAI values of the CLM2 were 

also calculated for each land-surface category, and differences between the LAI in the 

CLM2 and the MODIS LAI were calculated.  These differences of LAI in each grid cell 

were divided among four selected categories based on the PFT percentages, and those 

divided differences were added to the LAI values of the corresponding PFT categories in 

the grid cell.  The simulation period was only for the warm season and no snow depth 

was assumed in the domain because of the season and the domain considered here. 

Figure 5-4 shows that the adjusted LAI slightly increased the amplitude of the 

diurnal temperature change in southern Florida.  Although both minimum and maximum 

temperatures became lower than the control results, the difference between the daily 

maximum and minimum temperature became larger (Figure 5-4).  The graphs show that 

the average of the minimum temperatures in southern Florida was lower than the control 

cases, and the lower minimum temperature caused a larger diurnal temperature range in 

the region.  The lower temperature in southern Florida corresponds to the area with the 

higher LAI values.  However, these results are not significant enough to use as the 

evidence of effects of LAI, because of the small number of cases. 

 

5-4. New PFT and LAI Datasets 

For the second experiment, the original PFT and LAI datasets were replaced with 

Tian PFT and Tian LAI by Tian et al. (2004a).  Tian LAI was developed as a new 

prescribed LAI dataset for the CLM2 from the MODIS LAI along with Tian PFT also 

derived from the MODIS data and fraction of bare soil.  Because of the limited 

availability of the MODIS data, the LAI data are based on the MODIS LAI from 2000, 
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Figure 5-4  Difference in (a) amplitude of diurnal temperature fluctuation between the 
model results with new Leaf Area Index (LAI) modified with observed LAI and control 
results for June through August, 2000–2005, (b) the same as (a) but difference in 
minimum temperature, and (c) the same as (a) but difference in maximum temperature.  
The amplitude of diurnal temperature change is slightly higher (and therefore closer to 
observed values) in (b) and (c) than in the control case. 

 

Figure 5-5  Difference in (a) amplitude of diurnal temperature fluctuation between the 
model results with the new Leaf Area Index data from Tian et al. (2004) and control 
results for June through August, 2000–2005, (b) the same as (a) but difference in 
minimum temperature, and (c) the same as (a) but difference in maximum temperature.  
The amplitude in southern Florida is greater (and therefore closer to observed values) in 
(b) and (c) than in (a). 
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Figure 5-6  Difference in amplitude of diurnal temperature fluctuation between the model 
results with the new Leaf Area Index data from Tian et al. (2004) and control results for June 
through August of (a) 2000, (b) 2001, (c) 2002, (d) 2003, (e) 2004, and (f) 2005.  The 
differences between the experimental results and the control results have similar patterns 
except in 2002. 

 



 64

2001, and January through June of 2003.  Tian LAI in warm season tended to show 

higher values in southern Florida, for example in August of Figure 5-11 and Figure 5-12. 

Tian PFT, the corresponding new PFT, was based on the MODIS 1-km PFT 

dataset and the International Geosphere-Biosphere Programme (IGBP) land cover maps.  

The MODIS 1-km PFT with 7 categories was converted to 15 categories in order to meet 

the format of the CLM2 (Tian et al. 2004a).  Based on the six categories by Knyazikhin 

et al. (1998b), vegetation types are divided into 16 PFTs, which are the same as the 

original PFTs in CLM2 (Figure 5-14).  One of the major differences between the original 

PFT dataset and the new dataset is that the new PFT included information of Fractional 

Vegetation Cover (FVC), which the original data did not.  The FVC data represent ratios 

of tree or herbaceous covers.  They used the MODIS 500m collection 3 Global 

Vegetation Continuous Fields (VCF) from 2000 to 2001 (DeFries et al. 1999) to create 

the FVC data for the new PFT.  In the new dataset, each 1-km grid cell has only one PFT, 

while more than one PFT could be assigned in each pixel in the original dataset, although 

those pixels are accumulated for a designated grid size in the model.  Another important 

aspect is that a tree area in the original PFT is assigned as grass or crop when no leaf area 

from the tree is observed in that month, while the new dataset considers it as bare soil.  

The results with Tian LAI and Tian PFT show a better representation of albedo for a 

global model (Tian et al. 2004a). 

 

5-5. Results with Tian PFT and Tian LAI 

Figure 5-5 shows that application of Tian LAI to the CLM2 increased the diurnal 

temperature range of the Florida peninsula.  This case also decreased minimum 

temperatures, but the maximum temperature did not show a significant difference (Figure 

5-5 (b) (c)).  The difference of the experimental results and the control cases in diurnal 

temperature range showed a similar pattern for all cases except for 2002 (Figure 5-6 (a)-

(e)).  The increase of diurnal change was not large enough to cancel the bias in the 

control results, but the almost consistent results suggest that Tian LAI and Tian PFT can 

produce larger daily temperature amplitudes of the model simulations than the control 

cases.  In the case of 2002, both the control and experiment cases had relatively larger 

precipitation in southern Florida compared to the other years (not shown).  Although the 
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case of 2002 showed less advection precipitation in southern Florida than the original 

case, a smaller amount of low level cloud was also obtained, which could cause smaller 

daily amplitude of temperature than the control case (not shown). 

In addition to those summer cases, winters of 2000/01 to 2005/06 were also 

simulated with Tian PFT and Tian LAI.  The new land-surface datasets need to represent 

the land conditions better than or as good as the previous dataset throughout the year, if 

the original dataset is to be replaced with the new dataset.  The original average of the 

FSU/COAPS RSM winter results from 2000/01 through 2005/06 show that both the 

maximum and minimum temperatures have cold biases in the region, but because of the 

colder bias of the maximum temperature, the diurnal amplitudes are also smaller than the 

observed values (Figure 5-8).  The averaged winter results (Figure 5-9) obtained almost a 

similar tendency to that of the effect in summer, but the results in the individual year 

(Figure 5-10) indicate the effect is not as consistent as the summer cases.  Although the 

LAI does not vary in winter as much as it does in summer, it can affect the temperature in 

the region because of the relatively warm climate in the region of interest (Figure 5-10). 

 

5-6. Discussion and Conclusion 

In the CLM2, physical variables in the vegetated area are expressed as 

combinations of variables in vegetation canopies and variables of ground.  Among those 

land-surface elements in the vegetation canopy, the LAI affects absorption of solar 

energy, latent-heat flux, sensible-heat flux, water-vapor flux, and transpiration on the 

vegetated land (Olsen et al. 2004).  Unlike in the original PFT data of the CLM2, Tian 

PFT has more trees and shrubs in the southernmost part of the Florida peninsula (Figure 

5-13, Figure 5-14).  Also, as mentioned earlier, the MODIS LAI included three-

dimensional vegetation information which the original LAI by the AVHRR did not have 

(Knyazikhin et al. 1998b), and it allows Tian LAI to represent more detailed vegetation. 

The LAI adjusted with the MODIS observation data in the first experiment 

produced a slight change in the diurnal temperature ranges.  However, as shown in Figure 

5-5 and Figure 5-6 of the second experiment, Tian PFT and Tian LAI almost always 

increased diurnal temperature amplitudes in southern Florida, which indicates that the 

new datasets can reduce the systematic bias of the model in the region of interest. 
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Figure 5-7 shows that Tian LAI and Tian PFT raised both the longwave radiation 

flux toward the surface and the sensible heat in central Florida, but reduced the lonwave 

radiation flux in southern Florida.  The figures suggest that the temperature change in 

southern Florida was due to the lower minimum temperature by the less latent-heat flux, 

and that in central Florida was due to the higher maximum temperature by the greater 

sensible-heat flux, although the tendency of the greater temperature changes appeared 

similar on the whole peninsula. 

In southern Florida, the minimum temperature and the diurnal ranges showed the 

similar tendencies in both the first and second experiments.  Those similarities imply that 

LAI made the minimum temperatures in the area lower, absorbing more energy in the 

plants and resulting in lower infrared flux in southern Florida.  On the other hand, the 

sensible-heat flux in central Florida tended to be higher than the control results.  The 

lower sensible-heat flux corresponds directly to the minimum temperature and the 

temperature difference. 

According to Tian et al. (2004b), Tian PFT and Tian LAI were applied to a global 

model, NCAR Community Atmosphere Model (CAM2) to investigat the impact of their 

land-surface data to the global model outputs.  Although their study was on a global 

model, their analysis on the results in the Amazon region (10°S-0°, 70°-50°W) and the 

Congo basin (10°S-5°S, 10°-30°E) can be analogous to our results in southern Florida 

because of its increase in the value of LAI.  Their study did not mention minimum or 

maximum temperature, but the surface air temperature decreased in both of the domains, 

which is likely to be consistent with our results because of the lower minimum 

temperatures in our experiment.  In the Amazon region, their experiment showed that the 

canopy evapotranspiration was raised and the ground evaporation decreased drastically 

by the new datasets.  Then the higher LAI lead higher canopy conductance and higher 

exchange of energy with the atmosphere because of the increased surface losing moisture.  

That results in more available energy for canopy evapotranspiration and less available 

energy for ground evaporation. 

In order to reveal the importance of PFT, Barlage and Zeng (2004) replaced the 

PFT in the CLM2 with the new PFT data derived from the FVC data to apply a more 

realistic ratio of bare soil coverage in the CLM2 to a global model.  Although their study 
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with a T42-resolution global model showed only a slight difference of the soil coverage 

in the eastern U.S., the particular region of interest in our study, the differences can be 

more significant for the regional model with a finer resolution, considering the significant 

differences in other regions. 

Although the results of the winter cases with Tian PFT and Tian LAI did not 

show consistent characteristics, the datasets indicated that at least they do not worsen the 

temperature predictions.  Then Tian PFT and Tian LAI can be applicable for both warm 

and cold seasons. 

In this chapter, the importance of vegetation information in a land-surface model 

was investigated using the FSU/COAPS RSM coupled with the CLM2.  The summer 

cases from 2000 to 2005 were mainly investigated as well as the winter cases from 

2000/01 to 2005/06.  The observed LAI from MODIS was applied to investigate the 

influence of LAI in the first experiment.  For the second experiment, Tian LAI and Tian 

PFT based on the MODIS satellite data replaced the original LAI and PFT datasets in the 

CLM2.  Although the results of the first experiment did not show a significant difference, 

the cases with Tian PFT and Tian LAI data showed an increase in the diurnal amplitude 

of temperatures.  The results of the temperature forecast with Tian PFT and LAI suggest 

that the new data can produce more realistic vegetation conditions in regional models.  

The results of the experiments reveal the importance of vegetation information in land-

surface models for regional atmospheric models, and the new land-surface datasets by 

Tian et al. (2004a) are appropriate to improve summer land-surface simulations for 

regional models as well as global models.  The results of the winter cases show that the 

new land-surface datasets are applicable for both warm and cold seasons. 
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     (a)                                                                                    (b) 

 

Figure 5-7  Difference between the case of the new LAI and PFT from Tian et al. (2004a) 
and the control case for June though August, 2000–2005:  (a) the experimental results 
minus control results for infrared flux toward the surface, (b) the same, for sensible heat 
flux.  The increase in infrared flux toward the surface corresponds to the increase of the 
diurnal temperature amplitude. 
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Figure 5-8  Differences of temperatures in the RSM and observation of December to 
February from 2000/01 through 2005/06. The unit is ˚C.  

 

 

 

Figure 5-9  Differences in (a) amplitude of diurnal temperature fluctuation between the 
model results with the new Leaf Area Index data from Tian et al. (2004) and control 
results for December through February, 2000/01–2005/06, (b) the same as (a), but 
difference in minimum temperature, and (c) the same as (a), but difference in maximum 
temperature.  The unit is ˚C. 

 

 

(a)                                                        (b)                                                     (c)

(a)                                                      (b)                                                      (c)
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Figure 5-10  Difference in amplitude of diurnal temperature fluctuation between the 
model results with the new Leaf Area Index data from Tian et al. (2004) and control 
results for December through February of (a) 2000/01, (b) 2001/02, (c) 2002/03, (d) 
2003/04, (e) 2004/05, and (f) 2005/06. 

(a)                                                        (b)                                                      (c)

(d)                                                      (e)                                                       (f)
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(d) 

Figure 5-11  August LAI values of the largest four 
PFT categories in the control CLM2 (a) 
corresponding to the largest percentage of PFT, 
(b) the second, (c) the third, (d) the fourth. 

 
 
  

(a) (c)(b)

Fig. LAI values of the largest 
four PFT categories by Tian et 
al. (2004) (a) corresponding to 
the largest percentage of PFT, 
(b) the second, (c) the third, 
(d) the fourth

(a) (b) (c)

(d) 
Figure 5-12  August LAI values of the largest four PFT 
categories by Tian et al. (2004) (a) corresponding to the 
largest percentage of PFT, (b) the second, (c) the third, 

(d) the fourth. 

(a) (b) (c)

(d) 
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Figure 5-13  PFT in the original climatological surface LAI. (a) corresponding to the 
largest percentage of PFT, (b) the second, (c) the third, (d) the fourth. 
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Figure 5-14  The same as Figure 5-13, but of Tian LAI. 
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CHAPTER 6  

CONCLUSION 

 

6-1. Overview 

The U.S. is one of the major producers of citrus fruits in the world, and Florida is the 

largest citrus producer in the U.S.  Because of its large share in the world, the citrus production 

in Florida can affect the world citrus market.  In this study, the effective use of a climate model 

for the citrus farming region in the Florida agriculture area is focused.  In the first part, 

ensembles of the FSU/COAPS GSM and RSM were used to verify freeze probability forecast in 

Florida.  In the second part, some of the prescribed land surface data in the FSU/COAPS RSM 

were replaced with new datasets derived based on the data from the MODIS to improve the 

temperature forecast in the RSM. 

In this study, the FSU/COAPS GSM and RSM are used for freeze probability in the 

winter cases from 1987/88 to 2005/06 in the Florida citrus farming region.  Both the global and 

regional models have 10 members each for the ensembles with 2 different convection schemes.  

The ensembles were calculated from October to March and the results between December and 

February were analyzed.  Because the SST dataset used in this study is weekly observed data, the 

atmospheric impacts from the ocean patterns in the ensemble results are assumed to be 

comparable to those in the observed data.  

 

6-2. Probability of Freezes in the FSU/COAPS RSM 

  In chapter 3, the probability of freezes in the FSU/COAPS RSM was examined year to 

year.  However, the results show that the freeze probability in the model does not have a 

reasonable skill to predict winter freezes for each year.  For the comparison, some different 

thresholds for the observed data and the ensemble model were chosen.  The Generalized Pareto 

Distribution was applied to the threshold determination, but the probabilities in the ensembles 

were not well correlated with the observed freeze ratios during each winter.  However, the 

FSU/COAPS GSM showed that the selected freeze cases could capture the characteristics of 

large-scale patterns associated with freezing events in the Florida peninsula.  The low correlation 

of the freeze probability in the model and the observed data can be because of the rareness of 

freeze events, especially in the observed data.  The freezes are accumulated based on major 
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climate phases in order to obtain a more statistically meaningful number of cases in each 

category. 

In chapter 4, the freeze probabilities in the ensembles were analyzed based on the major 

climate patterns.  Severe freezes impacting agriculture in Florida were associated with some 

major climate patterns, such as ENSO and NAO.  In this study, I examined whether seasonal 

ensemble integrations of the FSU/COAPS RSM could capture the tendencies of freezes in the 

Florida peninsula during ENSO or NAO phases.  Mean excess values of minimum temperatures 

from thresholds on the basis of the GPD were used to analyze the freezes.  The GPD represents 

extreme parts of distributions, which usually show different behaviors from those of the majority 

of the dataset.  According to previous studies, freezes are less likely to occur during El Niño 

winters.  Other previous studies also show that the sea surface conditions of the Atlantic and the 

climate patterns over the Atlantic can affect climate in the southeastern U.S.  Although 

ensembles of only 19 winters were simulated, the ensemble found similar variability patterns in 

minimum temperatures in each climate phase to the findings in the previous studies based on the 

observed data. 

If a climate model can produce a reasonable sensitivity of freeze events to each climate 

phase, the freeze probability in the ensembles by the model may be able to capture a reasonable 

freeze possibility.  Because the main purpose of freeze forecasts is to warn people in the region 

prone to have freezes, not to predict the exact number of freezes, the freeze forecast can be 

beneficial for the users concerning about freezes. 

 

6-3. Land-Surface Data for the FSU/COAPS RSM 

The FSU/COAPS RSM was coupled with a land-surface model, CLM2, to represent the 

land surface conditions more precisely.  Although the coupling improved the temperature 

forecast of the RSM, it still has a cold bias and simulates smaller diurnal temperature changes 

than actually occurs in southern Florida.  Among the prescribed surface data, LAI for southern 

Florida in the CLM2 is lower than those observed by MODIS.  In the first experiment, we 

investigated the sensitivity of the temperature forecast to the LAI in the climate models, 

modifying the LAI data in the CLM2 based on the monthly MODIS observations.  In the second 

experiment, a newly created prescribed datasets of LAI and plant functional types for the CLM2 
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based on the MODIS observations was applied to the RSM.  The substitution improved the 

temperature simulations slightly and almost consistently. 
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APPENDIX A 

ENSO INDICES 

 

Several ENSO indices with slightly different definitions are used in the world to indicate 

ENSO for different purposes and targets.  Basically, those indices are divided into two groups: 

sea level pressure (SLP) based indices and SST based indices.  The SLP-based indices are 

determined by the difference of SLP in Darwin, Australia and Tahiti (Trenberth 1984).  Those 

SLP-based indices emphasize the atmospheric oscillation in the South Pacific, while the SST-

based indices emphasize the oceanic oscillation of the equatorial Pacific. 

Many climate studies often use the SST-based indices in five regions of the equatorial 

Pacific (Table A-1).  In September 2003, the U.S. National Weather Service began defining El 

Niño and La Niña phases based on SST of the NINO 3.4 region (Table A-2).  In March 2006, the 

Japan Meteorological Agency (JMA) changed their definition of ENSO phases to SST condition 

in the NINO 3 region from the slightly smaller region which they used before (JMA 2006).  

Trenberth (1997) suggested that the former version of JMA’s definition with minor changes was 

appropriate for ENSO categorization, and he recommended the change of the region to NINO 3.4 

and the change of the threshold from 0.5°C to 0.4°C.  His study also mentioned that World 

Climate Research Programme’s CLImate VARiability and predictability (CLIVAR) does not 

need to have an official universal definition for ENSO phases, because those definitions can 

depend on the regions of interest. 

Some previous studies on the connection between the winter climate in the southeastern 

U.S. and ENSO chose ENSO categories similar to JMA’s old definition (Hansen et al. 1998, 

Martsolf 2001).  In this study, an SST based NINO 3 index is mainly used to investigate 

connections between ENSO and freeze events in Florida for convenience, and also ENSO phases 

categorized by JMA were applied if not specified. 
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Table A-1 SST Monitoring Regions for ENSO Phases 

 Latitude Longitude 

NINO 1+2 EQ-10°S 90°W-80°W 

NINO 3 5°N-5°S 150°W-90°W 

NINO 4 5°N-5°S 160°E-150°W 

NINO 3.4 5°N-5°S 170°W-120°W 

NINO West 15°N-EQ 130°E-150°E 

 
 

Table A-2 ENSO Definition by NWS and JMA 

 Region Normal Months for 
running mean 

NWS NINO 3.4 1971-2000 3 

JMA (until February, 2006) 4°N-4°S, 150°W-90°W 1961-1990 5  

JMA (since March, 2006) NINO 3 sliding 30-year mean 5 

 
* For all three cases, when the anomaly is higher than 0.5°C for more than 6 months, it is El 
Niño, and when the anomaly is lower than -0.5°C for more than 6 months, it is La Niña. 
 

Table A-3 List of Winters in Each ENSO Phase from 1987/88 through 2005/06 

Phase Year 

El Niño 1987/88, 1991/92, 1997/98, 2002/03 

La Niña 1988/89, 1995/96, 1998/99, 1999/00 

Neutral 
1989/1990, 1990/91, 1992/93, 1993/94, 1994/95, 1996/97,                

2000/01, 2001/02, 2003/04, 2004/05, 2005/06 
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