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ABSTRACT

As the recent droughts have highlighted, understanding the long-term effects of

climate change on local water resources is critical for sound regional water planning.

Appreciating the effects of climate change helps policy makers prioritize the mitiga-

tion/adaptation techniques to assure adequate water supplies in a time of uncertainty.

Regional climate models that are focused on specific regions of interest are efficient

tools that help policy makers incorporate climate change in their decision-making pro-

cess. This report presents the findings of a regional climate impact study that was

carried out for the Upper Brazos River basin in west Texas. The study area in the

regional climate model was defined by performing model runs at Abilene, Amarillo,

Baylor, Childress, Lubbock, and Midland National Weather Service climate stations.

The PSU/NCAR1 mesoscale model MM5 was used to perform regional modeling.

The analysis of the magnitude of hydrologic change for the study area is vital

because

1. The Upper Brazos River is one of the main sources of water supply to the

semi-arid lands in northwest Texas.

2. Water from some regions of the Upper Brazos River subbasin is infiltrating into

the Ogallala aquifer, the major source of water supply for the High Plains of

Texas.

3. The Upper Brazos River system is representative of West Texas water resources

and can be applied to the region as a whole.

4. Little research of this kind was undertaken for the study area in past.

A GCM2 that represents the climate forcings of the northwest Texas region effi-

1Pennsylvania State University / National Center for Atmospheric Research.
2General Circulation Model.
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ciently was selected based on a careful comparison of the output from 15 GCMs. The

comparison was based on two parameters, climate uncertainty and socio-economic un-

certainty. IPCC3 scenarios A2 and B1 were chosen for this project as they represented

the mid-high and mid-low climate change scenarios, respectively. The applicability of

the regional model applied to the Upper Brazos River basin was validated by a 20-yr

historical analysis (1970 – 1990) using reanalysis data. After validating the historical

model, regional climate modeling was carried out for a period from 2030 to 2050 using

CCSM4 GCM output. The hydrologic variables were analyzed and verified by com-

paring the model output from the historical runs with the climatic and meteorologic

observations obtained from the NCDC5 and the TWDB6.

The results were analyzed to determine the key components impacting the hy-

drologic budget of the study area for historical and future time periods. Statistical

analysis of long-term trends in precipitation and temperature components from model

output were compared with observations for a historic period and projected for a fu-

ture period. Trends in evaporation and in components affecting evaporation (wind

and relative humidity) were studied.

While the comparison of historical analysis verified the adaptability of the model,

the future trends projected a decrease in the frequency and the magnitude of precip-

itation, increase in the temperature, relative humidity, and evaporation values in the

Upper Brazos River basin. Further analysis of the future trends indicated increase

in wind speed and increased scatter in wind direction. Therefore, it was concluded

that a scientifically sound methodology to conduct regional climate modeling for the

northwest Texas region was developed. The methodology used, the principles ap-

plied, and the results obtained were specific to the regional nature of study area.

3Intergovernmental Panel for Climate Change.
4Community Climate System Model.
5National Climatic Data Center.
6Texas Water Development Board.
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The sensitivity of regional climate was ascertained in every step of the research. The

importance of hydrologic variables of the water cycle was analyzed and the trends of

changes in these variables under changed climate conditions were studied.

xi



LIST OF TABLES

3.1 List of variables required by PREGRID program. . . . . . . . . . . . 61

3.2 Summary of procedure used in Method 2 of GCM comparison analysis. 94

3.3 List of input variables used in the TERRAIN program. . . . . . . . . 97

3.4 Variables listed in ERA40 VTABLES in MM5 program. . . . . . . . . 101

3.5 Input data for MM5 program. . . . . . . . . . . . . . . . . . . . . . . 102

3.6 Details of model stations used in Phase I and II analyses. . . . . . . . 104

3.7 Hydrologic variables used in Phase I and Phase II analyses. . . . . . . 117

3.8 Details of model stations in observations. . . . . . . . . . . . . . . . . 118

4.1 Dominant seasonal anomalies for Lubbock and Amarillo . . . . . . . 127

4.2 Projections of climate models in physical uncertainty scenario. . . . . 142

4.3 Projections of climate models in socio-economic uncertainty scenario. 143

4.4 Projections of climate models in physical and socio-economic uncer-

tainty scenarios . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

xii



LIST OF FIGURES

1.1 Comparison of rise in temperature since 1860. Source: IPCC, 2001 . . 3

1.2 Changing CO2 levels and corresponding risk levels. Source: (Houghton

et al., 2001) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Model predictions of the probability of CO2 overshooting. Source:

(Houghton et al., 2001) . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.4 Upper Brazos River and Upper Brazos Subbasin. . . . . . . . . . . . 11

2.1 Representation of model setup in a GCM. Source: BOM, Australia, 2002 16

2.2 SOI versus annually averaged precipitation in Texas . . . . . . . . . . 48

3.1 Representation of multiple processors in MM5. . . . . . . . . . . . . . 70

3.2 Extents covered by coarse domain of MM5 model. . . . . . . . . . . . 98

3.3 Location of model stations and extents of fine domain of MM5 model. 99

4.1 Precipitation and temperature anomalies for Amarillo County. . . . . 128

4.2 Precipitation and temperature anomalies for Lubbock County. . . . . 129

4.3 Method 1 of GCM comparison analysis: JLI Analysis . . . . . . . . . 134

4.4 Method 1 of GCM comparison analysis: Comparison of JLI and CMAP 135

4.5 Comparison of Socio-economic uncertainty results . . . . . . . . . . . 138

4.6 Contd — Comparison of Socio-economic uncertainty results . . . . . 139

4.7 Comparison of physical uncertainty results . . . . . . . . . . . . . . . 140

4.8 Sensitivity analysis: time series of monthly total precipitation . . . . 148

4.9 Sensitivity analysis: time series of monthly number of significant rain

days . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

4.10 Sensitivity analysis: sample precipitation percentile plot (Abilene) . . 152

4.11 Sensitivity analysis: monthly average temperature (K) time series . . 153

4.12 Sensitivity analysis: total monthly evaporation (in) time series . . . . 156

xiii



Texas Tech University, Spandana Tummuri, December 2008

4.13 Phase I: total monthly precipitation (in) scatterplot . . . . . . . . . . 163

4.14 Phase I: total monthly precipitation (in) time series . . . . . . . . . . 164

4.15 Phase I: monthly number of significant rain days scatterplot . . . . . 165

4.16 Phase I: time series of monthly number of significant rain days . . . . 166

4.17 Phase I: sample precipitation percentile plot (Abilene) . . . . . . . . 167

4.18 Phase I: average daily temperature (K) scatterplot . . . . . . . . . . . 168

4.19 Phase I: time series of monthly average temperature (K) . . . . . . . 169

4.20 Phase I: monthly total evaporation (in) scatterplots . . . . . . . . . . 170

4.21 Phase I: time series of monthly total evaporation (in) . . . . . . . . . 171

4.22 Phase I: resultant windspeed and wind direction for Abilene . . . . . 172

4.23 Phase I: resultant windspeed and wind direction for Amarillo . . . . . 173

4.24 Phase I: resultant windspeed and wind direction for Childress . . . . 174

4.25 Phase I: resultant windspeed and wind direction for Lubbock . . . . . 175

4.26 Phase I: resultant windspeed and wind direction for Midland and Sey-

mour . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

4.27 Phase II: time series of monthly total precipitation . . . . . . . . . . 181

4.28 Phase II: time series of monthly number of significant rain days . . . 182

4.29 Phase II: sample precipitation percentile plot (Abilene) . . . . . . . . 183

4.30 Phase II: scatterplot of daily average temperature . . . . . . . . . . . 184

4.31 Phase II: scatterplot of daily average temperature . . . . . . . . . . . 185

4.32 Phase II: time series of monthly average temperature . . . . . . . . . 186

4.33 Phase II: boxplots of monthly average temperature . . . . . . . . . . 187

4.34 Phase II: boxplots of monthly average temperature . . . . . . . . . . 188

4.35 Phase II: time series of monthly total evaporation . . . . . . . . . . . 189

4.36 Phase II: resultant windspeed and wind direction for Abilene and

Amarillo . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 190

xiv



Texas Tech University, Spandana Tummuri, December 2008

4.37 Phase II: resultant windspeed and wind direction for Childress and

Lubbock . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191

4.38 Phase II: resultant windspeed and wind direction for Midland and Sey-

mour . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 192

A.1 Comparison of physical uncertainty results . . . . . . . . . . . . . . . 218

A.2 Comparison of physical uncertainty results . . . . . . . . . . . . . . . 219

A.3 Comparison of physical uncertainty results . . . . . . . . . . . . . . . 220

B.1 Sensitivity analysis: precipitation percentile plot for Amarillo . . . . . 221

B.2 Sensitivity analysis: precipitation percentile plot for Childress . . . . 222

B.3 Sensitivity analysis: precipitation percentile plot for Lubbock . . . . . 223

B.4 Sensitivity analysis: precipitation percentile plot for Midland . . . . . 224

B.5 Sensitivity analysis: precipitation percentile plot for Seymour . . . . . 225

C.1 Phase I: average monthly relative humidity scatterplots . . . . . . . . 226

C.2 Phase I: time series of average monthly relative humidity . . . . . . . 227

C.3 Phase I: total monthly precipitation (in) scatterplot . . . . . . . . . . 228

C.4 Phase I: monthly number of significant rain days scatterplot . . . . . 229

C.5 Phase I: average daily temperature (K) scatterplot . . . . . . . . . . . 230

C.6 Phase I: monthly total evaporation (in) scatterplots . . . . . . . . . . 231

C.7 Phase I: precipitation percentile plot for Amarillo . . . . . . . . . . . 232

C.8 Phase I: precipitation percentile plot for Childress . . . . . . . . . . . 233

C.9 Phase I: precipitation percentile plot for Lubbock . . . . . . . . . . . 234

C.10 Phase I: precipitation percentile plot for Midland . . . . . . . . . . . 235

C.11 Phase I: precipitation percentile plot for Seymour . . . . . . . . . . . 236

D.1 Phase II: time series of monthly average relative humidity . . . . . . . 238

D.2 Phase II: scatterplot of daily average temperature . . . . . . . . . . . 239

D.3 Phase II: scatterplot of daily average temperature . . . . . . . . . . . 240

xv



Texas Tech University, Spandana Tummuri, December 2008

D.4 Phase II: precipitation percentile plot for Amarillo . . . . . . . . . . . 241

D.5 Phase II: precipitation percentile plot for Childress . . . . . . . . . . 242

D.6 Phase II: precipitation percentile plot for Lubbock . . . . . . . . . . . 243

D.7 Phase II: precipitation percentile plot for Midland . . . . . . . . . . . 244

D.8 Phase II: precipitation percentile plot for Seymour . . . . . . . . . . . 245

E.1 Illustration of cumulus schemes. . . . . . . . . . . . . . . . . . . . . . 247

E.2 Illustration of PBL schemes. . . . . . . . . . . . . . . . . . . . . . . . 249

xvi



CHAPTER 1

INTRODUCTION

1.1. What is climate change?

Climate modeling is an important research topic of the 21st century. Numer-

ous climatologists studied global climate change in recent years. Based on their re-

search, they suggest that global average temperature sharply increased over the past

100 years, after a gradual change lasting several centuries. This interest in climate

change motivated researchers to study the forcing factors causing climate changes

(NRC, 2002, 2005, 2006; Solomon et al., 2007). Along with natural climate varia-

tion, the changes in the long-term climatic features are dependent on atmospheric

concentrations of greenhouse gases (GHGs).

The phenomenon of climate change was predicted by Swedish chemist Svante

Arrhenius in 1894. A group of researchers in the climate modeling community believe

that, apart from the natural variability in the climate, human impact might also

affect climate (Houghton et al., 2001). Several researchers raised questions about

the importance of natural variation versus human-induced changes to the climate.

Although natural climate variation exists at significant levels, anthropogenic signals

can be clearly distinguished, as shown in Figure 1.1 illustrated by the IPCC in their

Third Assessment Report (TAR) (Houghton et al., 2001).

1.1.1 The mechanism of climate change

The Earth’s weather and climate are the result of the redistribution of heat. The

major source of heat to the surface of the earth is the sun, principally through incom-

ing visible radiation most of which is absorbed by the earth’s surface. The energy

delivered by the sun heats the earth, and the earth radiates the heat back into the

atmosphere. This radiation is redistributed by the ocean and the atmosphere, and

the excess is radiated back into space as longer-wavelength infrared radiation. Clouds
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and atmospheric gases, primarily water vapor and carbon dioxide(CO2), absorb the

infrared radiation emitted by the earth’s surface and re-emit the absorbed at much

lower temperatures. Because of this process the earth’s radiation is trapped within

the earth’s atmosphere resulting in warm temperatures required for the existence of

life-forms on the surface of earth. The process in which atmospheric gases trap the

reradiating energy is similar to the mechanism exhibited by the glass roof of a green-

house. Therefore, this process is called the greenhouse effect, and the gases are called

greenhouse gases. The average temperature at the surface of earth is in the range of

60◦F, and this temperature is maintained because of the greenhouse gases (NSF).

The greenhouse effect is essential for the existence of the human life. The only

disadvantage is that the greenhouse effect works adversely if the concentrations of the

greenhouse gases are higher or lower than the optimal levels. In the past, the increase

in CO2 was balanced by absorption of CO2 by plants and oceans. However, during

the past 100 years, because of human-induced activities, such as deforestation, the

release of CO2 has increased significantly. Furthermore, the impact of the industrial

revolution resulted in increase of greenhouse gas concentrations. The CO2 levels in the

atmosphere remained stable at the 270 ppm levels for several thousand years prior to

industrial revolution. Post-industrial revolution, the CO2 levels were at 370ppm; the

concentration of CO2 increased nearly 30 percent, and the concentration of nitrous

oxide rose about 15 percent. In the United States, burning of fossil fuels resulted in

98 percent of CO2 concentrations, 24 percent of methane emissions, and 18 percent of

nitrous oxide emissions. In 1997, the U.S. contributed to about one-fifth of the total

global greenhouse gases (EPA).

Based on current research, a peak at 475 ppm and stabilization, thereafter, at

400 ppm is generally accepted as maximum permissible CO2 levels to maintain tem-

perature level increases less than 2◦C (Figure 1.2). On a planet covered with solid

rock, the impact of CO2 emissions would have been greatly felt. However, Earth is
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Figure 1.1: Plot showing the comparison of rise in temperature since 1860. Source:

(Houghton et al., 2001)

covered by water to a large extent, and there exists a lag in the CO2 emissions and

the corresponding atmospheric warming. Therefore, if the increase follows this trend,

without any emission control policies, by 2100 CO2 concentrations on a global scale

are projected to be 30 – 150 percent higher than the present levels (EPA).

The increases in CO2 levels in the future years are measured against a stan-

dard level set based on 1990 levels. Based on studies conducted by several modeling

groups, the researchers concluded that by 2050 if the global emissions are reduced

to 50 percent of the standard level, then the CO2 levels can be maintained at 450
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Figure 1.2: Changing CO2 levels and corresponding risk levels. Source: (Houghton

et al., 2001)

ppm (Figure 1.3). However, recent studies conducted by researchers at the Hadley

Center and the center for Ecology and Hydrology suggest that the previous estimates

underestimated several positive CO2 feedback mechanisms from the earth system.

Based on the latest information, it was observed that a reduction of > 70 percent in

anthropogenic carbon emissions will be required by 2050 to limit atmospheric CO2

to 450 ppm (EPA).
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Figure 1.3: Model predictions of the probability of CO2 overshooting. Source:

(Houghton et al., 2001)

1.2. How does climate change affect human beings?

According to the National Academy of Sciences (NAS), the increase in the con-

centrations of the greenhouse gases, caused a 1◦F increase in the earth’s surface mean

temperature in the past century, and surface temperatures in the past two decades

have risen at a rate substantially greater than average for the past 100 years. The

snow cover over the northern hemisphere and the floating ice over the Arctic Ocean

have decreased. Sea levels rose 4 – 8 inches over the past century. World-wide pre-

cipitation increased about one percent with a significant increase in extreme rainfall
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events. All of the 10 warmest years of the 20th century occurred in the last 15 years

of the century. With the increase in the concentrations of greenhouse gases, scientists

predict that the mean global surface temperature could increase by 2–10◦F over next

one hundred years (NAS). Other impacts observed during the last century are melting

of the Greenland ice caps in between 1992 – 2002, loss of glaciers in Austria, the rise

in sea level in the Maldives region and islands around it, and the stress in the South

American coral population attributed to climate-change induced El Niño events.

1.3. Why should we study the climate change?

A variety of research reported in the 1990’s suggested that if the rate of increase of

atmospheric CO2 levels continued then the amount of atmospheric CO2 would double

by the beginning of the 22nd century. This change would result in an increase in mean

global temperature of 2–3◦F. The IPCC then concluded that a 60 percent reduction

in CO2 levels was required to prevent further increase in the rates of atmospheric

GHGs. Countries all over the world have adopted several policies aimed towards the

reduction of the concentration of GHGs since then (Houghton et al., 2001).

To formulate policies to regulate the emission of greenhouse gases, it is important

that the long-term effects of the increase in the concentrations of greenhouse gases be

thoroughly studied. One approach for such a study is modeling the climate change

in the future for increased levels of CO2 (and other greenhouse gases) and comparing

the results with the present climate conditions.

During the 1950s, in response to increased awareness of the potential impacts of

changes in atmospheric concentrations of greenhouse gases, policy makers increased

demand for results from climate models. In 1988, the IPCC was formed by the United

Nations Environmental Programme and the World Meteorological Organization. The

primary objective of the organization was to produce assessments of available scientific

information on climate change and to develop a scope for research in the future

(Houghton et al., 2001).
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Although climate change is a global phenomenon, the impacts of such changes

will be more regional or local in nature. Impacts could be in the form of higher or

lower temperatures, longer or shorter growing seasons, and higher or lower frequency

of droughts and hurricanes. The impacts are effective mostly on a regional scale.

It is important for impact modelers to analyze changes in the regional environment

caused by global climate change and to propose policies to accommodate for those

changes. Therefore, climate researchers are focusing their attention on impact studies

of climate variability on water resources, agriculture, and crop yield (Mearns et al.,

1995).

During the last 20 years, a trend of decreasing federal role in environmental policies

has been observed. Members of several state governments have begun developing

their own policies to reduce CO2 emissions. Climate modelers and policy makers in

states, such as California and Oregon, started looking at the climate change issue

from a statewide perspective. A Task Force on Climate Change was established by

the Houston Advanced Research Center (a consortium of Texas universities) to study

the regional impacts of climate change on Texas (North et al., 1995).

With respect to water resources, scientists determined trends of increases in pre-

cipitation, increases in rates of evaporation, and decreases in soil moisture levels

(NCDC). These changes in water levels in different phases of a hydrologic cycle re-

sult in a change in the hydrologic budget for a specific region. For this reason, global

warming and its effects on a region’s water resources is an important and much-studied

subject.

Climate modeling and its impact studies are important to the state of Texas

because of its large size. Texas is larger than most states and extends from arid/semi-

arid regions on the west to hot, humid coastal regions on the east. Owing to the size

and the variety of climate mechanisms, the policy makers ought to have a program

focusing on climate-change impact assessment and policy development. In terms
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of GHG emissions, Texas is the largest contributor among U.S. states and is at the

same level as some countries, such as United Kingdom and Italy. Another reason why

impact studies are important for Texas is the state’s vulnerability to climate change.

Because of the gentle slope and the problems related to land subsidence in the Gulf

Coast, Texas is at greater risk from sea-level rise compared to other North American

coastal areas (Norwine et al., 1995). The semi-arid conditions and the high rates

of potential evapotranspiration may impose additional stress on the state’s water

resources should climate change result in warmer, drier conditions. Especially, for

water planners and policy makers, climate modeling and the impact studies provide

a means to look into distant future while considering new construction projects.

1.4. How do we study climate change?

GCMs are used to study climate change at a global scale. These models are com-

plex, deal with numerous intricate climate mechanisms, and require large numbers

of calculations to produce results. GCMs do not generate results for regional scales

because the grid size used in GCMs is large (2◦ to 8◦ latitude by 3◦ to 10◦ longitude).

GCMs tend to parameterize or simplify most of the sub-grid scale phenomena occur-

ring at a regional scale in order to maintain conformity in the huge model structure.

GCMs provide a broad perspective of the climate change occurring at continental

scales (Houghton et al., 2001).

1.4.1 Importance of regional climate models

GCMs are not appropriate for regional or smaller scales. Therefore, for some im-

pact studies, the regional scale is more appropriate than the large scales represented

by GCMs. For example, an entire watershed for a sizable river can be contained

in one grid cell of a GCM. Therefore, methods for analyzing sub-grid cell processes

are needed. Examples in which regionalization tools can enhance the GCM informa-

tion include simulation of the spatial structure of temperature and precipitation in
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areas of complex topography and land-use distribution, the description of regional

and local atmospheric circulations, (e.g., narrow jet cores, mesoscale convective sys-

tems, sea-breeze type circulations, and tropical storms) and the representation of

processes at high-frequency temporal scales (e.g., precipitation frequency and inten-

sity distributions, surface wind variability, and monsoon front onset and transition

times). Therefore, a regional climate model (RCM) is recommended for studying cli-

mate change for sub-grid GCM scale areas or for local impact studies. The boundary

conditions and initial input values for a regional climate model are obtained from a

GCM (Houghton et al., 2001).

The importance of the contribution of this dissertation can be broadly categorized

into two different components. They are:

1. the importance of the analysis of the climate model, and

2. the importance of the analysis of the hydrology of the study area.

1.5. Study area

The proposed research project involves generating a regional climate model for

the northwest Texas region. For years, researchers have concentrated on developing

global scale models and interpolating the regional effects from the global scale. The

trend recently changed and researchers studying climate change are emphasizing re-

gional climate models or downscaling techniques for analyzing the weather systems

on a regional and local scale. The generation of a global climate model and appli-

cation of statistical and empirical downscaling for the study area were analyzed by

other researchers (Dorman, 2003). Therefore, generation of a regional climate model

would be a logical progression towards understanding the water resources system of

the study area. In addition, it was observed in the literature review that it is always

advantageous to define the water resources system of a region based on the results

from statistical/dynamical downscaling and regional climate models, rather than con-
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centrating on a single method. Therefore, if a regional climate model is generated, it

could be used in conjunction with the statistically-downscaled model to analyze the

hydrology of the study area (Hay et al., 1998; Kidson and Thomspon, 1998; Wilby

et al., 1998).

1.5.1 Geographical features of study area

The study area for this research is the Upper Brazos River basin in the northwest

Texas region. The Upper Brazos River is the part of Brazos River flowing from

northwest Texas towards the southeast to the Gulf of Mexico. The Brazos River

basin has the largest drainage area of all the basins between the Rio Grande and

the Red River in Texas. It covers an area of 42,000 square miles, about one-sixth of

the area of the state. The headwaters of the basin are defined by three major forks

— the Double Mountain Fork, South Fork, and Clear Fork. The major tributaries

to the Brazos are Yegua Creek, Bosque River, Little River, and the Navasota River.

The Brazos River is divided into three basins; the upper, central, and lower basins.

The watershed for the Upper Brazos River basin is primarily located in northwest

Texas and eastern New Mexico. The watershed covers 5,955 square miles of the Low

Rolling Plains of Texas and High Plains of Texas and New Mexico. The outlet of

the watershed is located in Baylor County, Texas, approximately one mile south from

Seymour on the main stem of the Brazos River. The geographical coordinates defining

the study area are 80◦W to 120◦W longitude and 20◦N to 45◦N latitude (BRA).

The geographical features of Texas are varied. The Panhandle region of Texas is

characterized by flat to rolling terrain for several thousands of feet. The west Texas

region is an extension of the southern Rocky Mountains. The south central Texas

features the Hill Country. The south central and eastern Texas regions are dominated

by coastal plains sloping towards the Gulf of Mexico.

In the High Plains, level plains in the south and south west change to arid flat

plains of the Trans-Pecos area and then rise into mountains. The Rolling Plains in
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the west turn to flat relatively treeless prairie and the Cross Timber country in the

east. The study area for this project is depicted in Figure 1.4 shown below.

Figure 1.4: Upper Brazos River and Upper Brazos Subbasin.

1.5.2 Water resources for study area

The water supply for the northwest Texas region (High Plains and low Rolling

Plains) comes from both surface water and groundwater. Both sources exist in scarce

quantities. The Ogallala aquifer is the principal groundwater source and a major

source of the water supply for the High Plains region. On average, aquifer is being

depleted at a rate of one to three feet per year with a small amount of recharge. The

Canadian River Municipal Water Authority is the primary supplier of most municipal
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water to the south High Plains, and the Brazos River Authority is one of the surface

water suppliers for irrigation and drinking water purposes to counties in the vicinity

of the Brazos River. Salinity issues related to the Brazos River basin prevent proper

usage of water.

The Seymour aquifer is a shallow aquifer in northwest central Texas. It is a major

source of groundwater supply for Haskell, Jones, and Knox counties. The aquifer

underlies a region of 30,000 acres and provides drinking water to surrounding rural

areas (TWRI).

There are several reasons for choosing the Upper Brazos River basin as the study

area. The climate of northwest Texas is arid or semi-arid, and the Upper Brazos River

basin is one of the main sources of water. Therefore, analysis of the magnitude and

trend of the change in the hydrologic budget for the study area is vital. Most of the

water from the Brazos River is is lost to groundwa ter, adding water to the groundwa-

ter aquifer (Ogallala aquifer) in the region. Because groundwater is the major source

of water supply for the Texas High Plains and Rolling Plains, it is important to study

the hydrologic implications and fate of the aquifer determined by climate change in

the region. Second, most of the Upper Brazos River system is unregulated; therefore,

it is rural and contains few major dams, and it is representative of the water resources

of the northwest Texas. Third, the the watershed is geographically near Texas Tech

University (Lubbock), which facilitated ease of data and information collection. Fi-

nally, it is important to study the impact of climate change on the Upper Brazos

River water resources because little research exists, and local expertise in issues of

hydrology, groundwater flow variations, soil moisture variations, vegetative cover, and

climate system could be used effectively. The analysis of the hydrologic budget for

a future time period can be used to generate information regarding the amount of

surface water available for water supply, the amount of surface water infiltrating into

the groundwater aquifers, and the amount of water flowing downstream.
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1.6. Objectives of the research

The primary objectives of the study were to 1) quantify potential impacts of

climate change on the climatic mechanisms driving the hydrologic cycle and 2) de-

termine the probability of the occurrence of hydrologically extreme situations (floods

and droughts) and normal events over a long-term period. The following tasks were

undertaken to accomplish the obbjectives

1. investigate watershed climatic processes and their interactions to improve un-

derstanding of the watershed system dynamics,

2. Develop computer models to simulate and evaluate the effects of combinations

of precipitation mechanisms, climate, and land use on temperature, evapotran-

spiration levels, precipitation levels, and other hydrologic components under

changed climate scenario(s),

3. Evaluate different GCMs and determine the most appropriate GCM used to

drive the RCM for the study area, and

4. Provide an efficient representation of the water resource system for a region

and examine the potential for movement under a variety of climate forcings by

comparing the climate information from a regional climate model (RCM) run

for a historical period and those obtained from a projected future run.

The details of the literature reviewed and articles studied on topics related to

the research objectives of this project are explained in the next chapter (Literature

Review). The methodology adopted to carry out the research, the theory behind the

methods, the details of the data sets, and the software used to run the experimental

part of the project are explained in detail in Chapter 3 (Methodology). The results

obtained from the experiments and associated conclusions are described in detail in

Chapter 4 (Results). Finally, the objectives, the methodolody, the conclusions, and
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the recommendations from this research are summarized in Chapter 5 (Conclusions

and Recommendations). Additional material is provided in the Appendices.
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CHAPTER 2

LITERATURE REVIEW

2.1. History of climate modeling

The study of climate change at a global scale is often executed using GCMs. These

models are complex, deal with a large quantity of data, and require large numbers

of calculations. GCMs are used to analyze the internal physical interactions in the

atmosphere and sea-atmosphere processes and ice-atmosphere processes. The GCMs

are used to solve the mathematical equations related to those physical processes.

The grid-cell1 size used in GCMs is too large to be of use for watershed-scale studies

(2◦ to 8◦ latitude by 3◦ to 10◦ longitude). There are several physical processes that

take place at a smaller scale that are not represented effectively. Their effects are

represented in terms of physically-based relations with the large-scale variables, by

means of a process known as parameterization. The process representing the model

setup in a GCM is shown in Figure 2.1 (Gleick, 1989; Kenyon, 1999).

Researchers tend to oversimplify the effects of some climatic mechanisms and

interpolate regional results from global scale simulations. They identify periods of

interest within GCM transient simulations and regionalize these with a higher resolu-

tion or variable resolution to provide additional spatial detail (Bengtsson et al., 1995;

Cubasch et al., 1995; Deque and Piedelievre, 1995). The general principle behind re-

gionalization techniques was to use input data from GCMs to produce more detailed

regional information. For some studies, the regional scale was more appropriate than

the large grid used by GCMs. For example, an entire watershed for a sizable river can

be contained in one grid cell of a GCM. Therefore, methods for analyzing sub-grid

cell processes are needed. Examples in which regionalization tools can enhance the

1A grid cell is the smallest computational element using in a discrete approximation of the

governing equations for complex models, such as GCMs.

15



Texas Tech University, Spandana Tummuri, December 2008

Figure 2.1: Representation of model setup in a GCM. Source: Bureau of Meteorology,

Australian Government, 2001.

GCM information include the simulation of the spatial structure of temperature and

precipitation in areas of complex topography and land-use distribution, the descrip-

tion of regional and local atmospheric circulations (e.g., narrow jet cores, mesoscale

convective systems, sea-breeze type circulations, and tropical storms) and the repre-

sentation of processes at high frequency temporal scales (e.g., precipitation frequency

and intensity distributions, surface wind variability, and monsoon front onsets and

transition times) (Houghton et al., 1996).
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Regionalization can be carried out using two different techniques. They are 1) re-

gional climate models, and 2) empirical/statistical downscaling. Empirical/statistical

downscaling techniques are not used in this research and thus are described briefly.

The basic principle of downscaling is to apply the principles of statistics to convert a

global scale model to a regional scale. Statistical downscaling is based on the assump-

tion that regional climate is composed of two factors: the large-scale climatic state

and regional/local physiographic features (for example, topography, land-sea distri-

bution and land use; (von Storch, 1995, 1999). In statistical/empirical downscaling, a

statistical model that relates large-scale climate variables (or predictors) to regional

and local variables (or predictands) is developed, and the local and regional variables

are estimated. Local and regional climate characteristics are estimated using the pre-

dictors from a GCM output as input parameters for the statistical model. Statistical

downscaling techniques were used in synoptic climatology (Baur et al., 1944; Lamb,

1972) and numerical weather prediction (Klein and Glahn, 1974). Currently, they

are used for a wide range of climate applications from historical reconstruction (Ap-

penzeller et al., 1998; Luterbacher et al., 1999) to regional climate change problems.

A number of researchers analyzed downscaling concepts, prospects, and limitations

(von Storch, 1995; Hewitson and Crane, 1996; Wilby and Wigley, 1997; Zorita and

von Storch, 1997; Gyalistras et al., 1998; Murphy, 1999).

The advantage of downscaling techniques is that they are computationally inex-

pensive. Empirical/statistical downscaling methods can easily be applied to output

from different GCM experiments. In addition, empirical downscaling methods provide

a framework for verifying the ability of physical models to efficiently represent the

empirically found links between large-scale and small-scale climatic features (Busuioc

et al., 1999; Murphy, 1999; Osborn et al., 1999; von Storch et al., 1993; Noguer, 1994).

Another advantage of the statistical methods is the possibility of tailoring the model

to given regional or local information.
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The main disadvantage of statistical modeling is that these techniques cannot

represent the systematic changes in the regional forcing conditions effectively. In ad-

dition, the basic assumption prevalent in the downscaling methods is not verifiable

— that is, the statistical relations developed for current climate conditions will hold

under the changed future forcing conditions. There is no universal systematic proce-

dure for checking the uncertainty of the statistical models. Therefore, verification of

statistical models should be carried out on a case-by-case basis.

The technique of regionalization most preferred by current researchers is genera-

tion of a regional climate model (RCM). The procedure used for developing a RCM

is similar to that used for a GCM except that the grid size is small compared to that

of a GCM. The advent of fast computers resulted in easier implementation of RCMs

for climate modeling. RCMs with comparatively small solution domains (when com-

pared with GCMs) can yield significant modification of large-scale circulations, often

leading improved simulations. Improper representation of physical relations in the

form of incorrect parameterizations is a problematic issue with GCMs. To establish

the validity of the parameterizations used in GCMs, the models need to be run us-

ing more powerful computers than those currently available. These errors caused by

parameterizations could be eliminated to a large extent using the RCM. The main

advantage of obtaining regional climate information from a GCM is the fact that in-

ternal physical consistency is maintained. The input data required for regional-scale

climate modeling are initial physical information, regional meteorological informa-

tion, and boundary conditions obtained from a GCM (Kida et al., 1991; Cocke and

LaRow, 2000; von Storch et al., 2000).

The regional scale climate modeling technique originated from numerical weather

prediction and the adoption of RCMs for study of climate change was initiated by

Dickinson et al. (1989) and Giorgi (1990). If detailed representations of physical

processes, high spatial resolutions, land-sea contrast, and land-use information are
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provided to a regional climate model, the models deliver improved simulations at the

regional scales (Giorgi, 1990; Jones et al., 1995; Walsh and McGregor, 1995).

2.2. Regionalization of climate modeling

Regional climate models act as a tool useful in improving our understanding of

climate processes, such as cloud radiation forcing, cumulus convection, and land sur-

face processes (Pan et al., 1995; Paegle et al., 1996; Dudek et al., 1996; Bosilovich

and Sun, 1999; Schar et al., 1990; Barros and Hwu, 2002). Another strong feature

of RCMs is their ability to realistically simulate regional climate features such as

orographic precipitation (Leung and Ghan, 1998; Frei et al., 2003), extreme climate

events (Mearns et al., 1995), seasonal and diurnal variations of precipitation and tem-

perature for different climate regions (Dai et al., 1999; Zhang et al., 2003), and local

climate anomalies associated with the El Niño-Southern Oscillation (ENSO) (Leung

and Coauthors, 2003b).

Regional climate models derive their boundary conditions and initial conditions

from global reanalyses or GCM simulations. Reanalysis data are gridded model fore-

cast data that have undergone some processing or are combined with other data

(observation data) to obtain the appropriate final product. The information is fed

from a global simulation to a regional model by means of one-way nesting and two-

way nesting. While the information transfer takes place from the GCM to the RCM

in one-way nesting, the transfer takes place both ways in a two-way nesting. That is,

in two-way nesting the RCM runs contemporaneously with the GCM and regularly

updates the GCM information into the RCM region. Since the inception of regional

climate modeling, the procedure was used in one direction, that is, GCM results

driving the RCM in the forward direction only — no results from the RCM were

transferred back to the GCM. The basic methodology is to use the GCM to simulate

the effect of large-scale forcings of the global climate and the RCM to (a) account for

sub-GCM grid-scale forcings (for example, complex topographical features and land
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cover inhomogeneity); and (b) enhance the simulation of atmospheric changes and

climatic variables at finer spatial scales than modeled at the GCM level.

The consistency of information transfer from the driving fields at the lateral

boundaries is maintained by means of a relaxation method in a buffer zone adja-

cent to the lateral boundaries (Jones et al., 1995; Hong et al., 1998) of the climate

model. The “big brother experiment” (BBE) is a methodology for testing the changes

in downscaling abilities of a RCM with changes in domain size, location of the do-

main, resolution jump, and update frequency of the boundary conditions (Denis et al.,

2001). There are different opinions expressed on whether or not one-way information

transfer reduces the credibility of regional climate simulations. There are also dif-

ferent opinions on the size of regional climate model compared to its driving GCM

(Jones et al., 1995; McGregor, 1997). A recently developed approach to ensure con-

sistency between the host GCM and RCM was to employ broad-scale forcing in the

RCM (Kida et al., 1991; von Storch et al., 2000). Based on a few studies, it was con-

cluded that a GCM with higher spatial resolution provided more realistic boundary

conditions to a RCM (Duffy et al., 2006; Pope and Stratton, 2002). Another recent

development of regional climate modeling was the implementation of variable resolu-

tion global models to input boundary conditions to RCMs (Deque and Piedelievre,

1995; McGregor et al., 2002; Caian and Geleyn, 1997). Emphasis should be given

to the process of choosing a GCM that provides realistic control simulations over

the entire model domain. It is also important to define the RCM domain such that

lateral boundaries are provided over areas with lesser GCM biases such as misplaced

large-scale features (for example, jet stream and intertropical convergence zone, and

erroneous moisture transport) (Rojas and Seth, 2003; Seth and Rojas, 2003).

There are several RCMs currently in use that deal with a variety of downscal-

ing techniques. Most of the models are grid point models with the exception of the

regional spectral model (RSM). The models consist of a variety of time integration
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schemes such as the split explicit schemes and semi-implicit schemes. Some climate

models such as DARLAM (McGregor and Walsh, 1994) and Canadian Regional Cli-

mate Model (CRCM) (Caya and Laprise, 1999) employ semi-Lagrangian integration

and permit longer time steps. Most RCMs are formulated using hydrostatic2 equa-

tions, but a few RCMs such as MM5, CRCM, and RAMS include non-hydrostatic

terms and permit better representation of the convection schemes (Liston and Pielke,

2000). The general horizontal resolutions used in RCMs are in the range of 30 km to

100 km. The RCMs are capable of providing high resolutions (of an order of 10 km

to 20 km or less) and long-term simulations. Some research groups succeeded in per-

forming multi-year simulations at 10 km to 20 km resolution (Leung and Coauthors,

2003a,b; Christensen et al., 1998), but there is a lack of systematic analysis of the

model vertical resolutions.

2.2.1 Limitations of regional climate models

There are two main limitations associated with use of RCMs. Firstly, the efficiency

of a RCM depends largely on the effectiveness of the driving GCM. Because the RCM

relies on GCM results for its input data, systematic errors present in the global model

would be carried into the regional model. GCM outputs are not generated at the high

temporal frequency (6-hourly or higher) required for a RCM. Therefore, care should

be taken while adopting GCM output as a boundary condition for a RCM. An error

is also produced because of the lack of two-way interaction (feedback) between the

RCM and the GCM. Appropriate selection of parameterizations, model domain size

and resolution, techniques for assimilation of large-scale meteorological conditions,

and internal variability resulting from the non-linear dynamics not associated with

the boundary forcing (Mearns et al., 1999; Giorgi and Mearns, 1991; Ji and Vernekar,

2A hydrostatic model is developed based on the assumption that the horizontal scale is large

compared to the vertical scale, such that the vertical pressure gradient may be given as the product

of density times the gravitational acceleration
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1997) is necessary for an ideal RCM run. Secondly, RCM simulations can be com-

putationally demanding if the grid size is small and the resolution of the model is

high. This limitation controlled the length of computation in several models. This

drawback could be overcome by choosing an appropriate grid-size for the model or

by using a higher-performance computational platform.

In general, the computational performance of a RCM is improved when it is driven

by the reanalysis data (developed from observation data) than when it is driven by a

GCM (Mo et al., 1997; Rojas and Seth, 2003). Therefore, it is pertinent to evaluate

a RCM using realistic reanalysis data before it is embedded into a GCM. It is also

important that climate simulations be performed with boundary conditions provided

by host GCM simulations for at least 10 years. Correct representation of the complex

land-atmosphere interactions is critical towards obtaining realistic simulation of global

and regional energy and water cycles. Although the land surface models used in RCMs

were originally developed for GCMs, because of their fine spatial resolutions RCMs

can represent land surface processes with greater precision than the driving GCM

(Paegle et al., 1996; Giorgi et al., 1996; Bosilovich and Sun, 1999; Schar et al., 1990;

Barros and Hwu, 2002; Pal and Eltahir, 2001, 2002, 2003). RCMs results are in better

agreement with observations than the results produced by the GCM driving fields

because of improved resolution of regional orography and land-surface conditions;

however that does not mean that the RCM biases are negligible compared to that

of the driving GCM (Laprise et al., 2000; Achberger et al., 2003). Therefore, it is

important to reduce RCM bias through better understanding and implementation of

model physics and land surface schemes while using a RCM.

Recently developed RCMs use higher spatial resolutions compared to those de-

veloped in the past. Higher resolutions generally result in better results. But with

increasing grid resolution, RCMs become sensitive to internal/external forcings rep-

resented by model parameterizations (Nobre et al., 2001). Therefore, it is important
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to decide the appropriate grid resolution and parameterizations of a RCM. When

reanalysis data are used to drive a RCM with 50 km resolution, the model generates

temperature biases generally within 2◦C, and precipitation biases within about 50

percent of observation respectively (see Houghton et al. (2001, p.601). RCMs are

better at adding information to climate statistics rather than to daily weather events

(Denis et al., 2001). Research oriented towards reducing systematic errors in both

GCMs and RCMs and understanding natural climate variability will increase regional

climate predictability.

In TAR (2001), the researchers at IPCC state that RCMs were capable of repro-

ducing monthly to seasonal mean climate and interannual variability when driven by

good boundary forcings. With the increased resolutions of the RCMs, more research

should be concentrated on understanding the models’ abilities to reproduce climate

variability at temporal scales with lengths of one day or less. This statement is es-

pecially applicable to the precipitation information. Though current RCMs produce

more realistic information about precipitation events (Frei et al., 2003; Christensen

and Christensen, 2003; Wang et al., 2003; Huntingford et al., 2003), they are still

inadequate for estimating daily precipitation intensity variations (Dai et al., 1999).

In impact modeling, RCMs are used to downscale transient GCMs rather than equi-

librium GCMs. Current research is directed toward the examination of RCMs for

longer durations, higher spatial resolution (Christensen et al., 1998), and ensemble

RCM simulations (Leung et al., 2004).

2.2.2 Challenges in regional climate modeling

The treatment of cloud processes at grid and sub-grid scales is an important

challenge in regional climate modeling (Leung and Wigmosta, 1999; Wang et al.,

2003; Pal and Eltahir, 2001). There are contradicting opinions among the climate

researchers about maintaining the uniformity of parameterizations between the GCM

and the RCM. Researchers have concluded that large-scale circulation reproduced by
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RCM and GCM are in good agreement whether or not they share the same physical

processes. At this point, it is difficult to determine whether differences between

RCM results and GCM results exist because of the parameterizations or the regional

forcings.

RCM results are sensitive to model configurations such as domain choice, resolu-

tions, cloud radiation mechanisms, and surface-atmosphere interactions. Therefore,

it is important for a regional climate model to be appropriately customized with re-

spect to the study area of concern (Mearns et al., 1999). In the United States, several

studies were conducted in reference to RCM customization. Giorgi et al. (1993) first

developed a lateral-boundary-conditions (LBC) assimilation scheme to accommodate

more realistic simulations over large domains. Seth and Giorgi (1998) stated that

using small domains in models resulted in spurious LBC dynamic effects and caused

the RCM to generate unrealistic responses to internal forcings. Liang et al. (2001)

demonstrated that RCM performance depends on the accuracy of the driving LBCs

within the buffer zones. Juang and Hong (2001) showed that the impacts of domain

size and LBC errors are negligible for a regional spectral model where large-scale

waves are preserved throughout the domain. When the LBC relaxation technique is

used, large-scale waves are generated from the dynamic relaxation of LBCs within

the narrow-edge buffer zones.

The existing reanalysis data contain large inconsistencies over the oceans and near

the tropics because of the lack of observation data in those regions. The problem is

complicated by the fact that most of the RCM buffer zones are located in those regions

(Liang et al., 2001). If reanalysis data is used, the dynamic relaxation of erroneous

LBC results in unrealistic climate simulations by RCMs. This error can be avoided

if a nudging technique is used. In nudging process, the model solution is gently

forced toward gridded fields and observations. However, if the driving GCM contains

regional circulation biases over the inner domain, the LBC relaxation would provide
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better results compared to the nudging technique. It is important to objectively

analyze whether poor RCM performance was caused by unrealistic model physics or

by LBC errors contained in the reanalyses data. Reanalysis data sets vary depending

on the climate regime and geographic location.

The ability of RCMs to produce realistic regional climate information when the

boundary conditions are taken from a GCM simulation with known and hidden bias

is still being argued. It is important to observe if dynamic downscaling adds valuable

information or merely adds spatial detail to pre-existing bias, and therefore, renders

the results useless or of limited use. Errors are propagated in dynamic downscaling

from GCM bias, limitations in model physics, model numerics, and nesting techniques.

These problems are prevalent in both GCMs and RCMs, but they are more relevant

to RCMs because downscaled simulations are used as input by other models for

impact studies, mitigation analysis, and seasonal trends prediction. Because RCMs

are important dynamic downscaling tools and because society is more vulnerable to

extreme events than mean events, future studies in regional climate modeling will

require testing of the model’s ability to reproduce extreme events.

2.2.3 Regional climate modeling studies

Several regional climate modelers conducted numerous downscaling studies using

different RCMs. The number of downscaling techniques used, the types of RCMs

used, and the scope of the projects are numerous and varied. Describing each and

every instance is a task beyond the scope of this literature review. The few reports

that marked milestones in the study of regional climate modeling and constitute a

scope similar to one in this study are discussed here.

Giorgi et al. (1998) conducted one of the first RCM studies over the Central Plains

of United States (Missouri, Iowa, Nebraska, and Kansas regions). The climate change

obtained by doubling CO2 concentrations was used for agricultural impact assessment

studies.
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Mearns et al. (1999) stated that long-term continuous RCM simulations offer sev-

eral advantages over ensembles of short simulations including minimal effect from

atmospheric spinup, better equilibrium between the regional climate and surface hy-

drologic cycle, appropriate representation of internal model climatology, and better

detection of systematic model physics deficiencies.

Vidale et al. (2003) analyzed the predictability and uncertainty in an RCM using

multiyear simulations over Europe to estimate the ability of a RCM in reproducing

the natural interannual variability on monthly and seasonal time scales. The re-

searchers concluded that the RCM skillfully represented the interannual variability in

precipitation and surface temperature, whereas the predictability was influenced by

seasonal and regional changes.

RCM studies were used in impact assessment research (Thomson et al., 2002;

Bergstrom et al., 2001; Wood et al., 2004). In these studies, RCMs were coupled

with other component models. Regional climate modelers began coupling atmo-

spheric models with other climate-process models such as hydrologic, ocean, sea-ice,

chemistry/aerosol, and land-biosphere models. Studies were conducted where several

RCMs were coupled with elaborate surface hydrology schemes such as river-routing

(Leung et al., 1996; Arnell and Reynard, 1996) coupling with an ocean model (Doscher

et al., 2002), and coupling with sea-ice models. Based on a detailed analysis of the

results from these studies, it was concluded that RCMs can be effectively used to

perform regional climate impact studies.

Mearns et al. (2003) developed an RCM for the southeastern United States using

RCM RegCM2 for a five-year long control run and 2 × CO2 future projection scenar-

ios. The model was driven using the CSIRO Mk 2 GCM, and model results were used

for agricultural impact assessment. The maximum and minimum temperature biases

were smaller in the RegCM2 compared to the GCM, and positive biases of summer

precipitation were larger in RegCM2 compared to the GCM. The seasonal distribution
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of the precipitation and temperature biases were analyzed in detail, and the results

provided significant information for regional agricultural impact assessment.

Some researchers performed thorough analyses of the merits and demerits of down-

scaling techniques and modeling impact techniques. They concluded that the ideal

method to define the regional water resource system is to execute the analysis using

both statistical downscaling and the regional climate modeling techniques (Houghton

et al., 2001; Wilby et al., 1998).

2.2.4 Regional climate modeling impact studies

Several researchers used RCM techniques to define the water resources system for

a region. Details of the few cases whose methodology was similar to the one proposed

in this project are presented below.

Bultot et al. (1998) developed a regional climate model for a watershed in Belgium

to observe the effect of CO2 doubling on evaporation and soil moisture. A conceptual

hydrologic model developed by the Royal Meteorological Institute of Belgium was

adopted to formulate the water balance by estimating daily hydrologic variables for

the watershed. The variables analyzed by means of the hydrologic model were precip-

itation, evapotranspiration, interception, soil moisture content of both saturated and

unsaturated zones, and plant water content. The potential evapotranspiration in-

creased in all seasons. The authors did not report changes in streamflow as predicted

by the simulation, but indicated that soil moisture levels decreased during spring,

summer, and fall.

Arnell and Reynard (1996) studied the impacts of climate change on river flows

in Great Britain. The climate change scenarios were obtained from the UK Climate

Change Impacts Review Group (CCIRG) for equilibrium and doubled CO2 GCM

simulations. These climate change scenarios were used to adjust the parameters

of a hydrologic model generated from observed climatic and hydrologic data for 21

basins. A suite of models designed to calculate evapotranspiration, soil moisture, and
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snowmelt conditions were coupled with a conceptual daily rainfall-runoff model to

evaluate streamflow. The results from the equilibrium and doubled CO2 scenarios

indicated that both potential evapotranspiration (PET) and actual evapotranspira-

tion (AET) would increase because of warmer temperatures and increased rainfall.

The greatest percent change in runoff would occur in basins with the lowest runoff

coefficient while the greatest volume change in runoff would occur in the wettest

basins.

Regional climate models were used extensively to analyze the sensitivity of mod-

eled regional climate to changes in surface forcings (Giorgi and Shields, 1999; Giorgi

et al., 1997; Copeland et al., 1996) and compare model physics (Giorgi et al., 1997;

Wang, 1995). Sensitivity to physical parameterization, parameter values, grid and do-

main size (Seth and Giorgi, 1998), and boundary forcing were vastly analyzed using

RCM Modular Modeling System (MM5).

The most recent development in regional climate modeling was the RCM inter-

comparison project carried out to determine different or common model strengths

and weaknesses. These studies are results of joint efforts by different climate groups,

such as the Modeling European Regional Climate Understanding and Reducing Er-

rors (MERCURE) over Europe (Christensen et al., 1997), Project to Intercompare

Regional Climate Simulation (PIRCS) over the United States (Takle and co authors,

1999), Regional Model Intercomparison Project (RMIP) over Asia (Fu, 2003), and In-

ternational Research Institute/Applied Research Centers (IRI/ARCS) regional model

intercomparison (ARCMIP). These studies revealed that regional-scale systems sim-

ulated by better models were in good agreement with observations, but there existed

significant disagreement among models based on regional and seasonal variations.

Because of several modeling limitations, the results of the intercomparison studies

were different from those expected. Only a few regions with limited modeling were

involved in the comparison studies and most of the participating models were not
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developed independently. Because each model was run using different input variables

and modeling assumptions, the results generated were not comparable. The cause for

the differences between the results was not reported. The modelers did not examine

the strengths and weaknesses of individual physics parameterization schemes. The

magnitude of the intercomparison studies was a limitation in itself.

A similar effort comprised that initiated by the Prediction of Regional Uncertain-

ties for Defining EuropeaN Climate change risks and Effects (PRUDENCE) project.

Over 20 European research groups participated in the project with the intention to

address and reduce deficiencies in projecting climate change, to quantify the uncer-

tainties in predicting future climate and its impacts, and to understand the impact

of adapting and mitigating climate change effects. In this project, eight RCMs were

driven using boundary conditions from two GCMs to produce regional simulations of

current and future climates for Europe.

2.3. MM5 modeling system overview

The regional climate modeling in this study was carried out using the fifth-

version NCAR/Pennsylvania State Mesoscale Model (MM5). MM5 model is a limited-

area, nonhydrostatic, terrain-following, sigma-coordinate model developed to pre-

dict mesoscale and regional scale atmospheric circulation. The first version of the

mesoscale model was developed in the late 1970s (Anthes and Chang, 1978). The

model is supported by several pre- and post-processing programs, which are referred

to collectively as the MM5 modeling system. It is freely distributed and supported by

the Mesoscale prediction group in the Mesoscale and Microscale Meteorology (MMM)

Division at NCAR.

The code of MM5 is extensive, consisting of around 200 subroutines, and the pro-

gram is portable among several computational platforms. The model was initially

written in standard FORTRAN 77, but additional subroutines were developed using

FORTRAN 90. The version of MM5 used in this study was coupled with the Noah
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land surface model (LSM) developed by the National Centers for Environmental Pre-

diction (NCEP). This model consists of four soil layers and predictive equations for

soil temperatures, soil moisture, snow cover, and canopy water. It makes use of high-

resolution vegetation and soil data available from the United States Geological Survey

(USGS) and vegetation fraction information derived from satellite.

The interactions between the climatic and hydrologic processes occuring in the at-

mosphere and biosphere for a given region are represented using LSMs. The exchange

of surface water and energy fluxes, radiation fluxes, momentum, heat and material

fluxes are simulated in the LSMs. The following benefits can be achieved using an

LSM in a MM5 simulation:

1. Inclusion of albedo term for the determination of reflected shortwave radiation,

2. Estimation of evapotranspiration (latent heat flux) from soil and vegetation

canopy,

3. Calculation of surface sensible heat flux and upward longwave radiation values

using ground or skin temperature, and

4. Observation of impact of snow on the surface heat budgets.

Using LSM in conjunction with MM5 enables the modeler to better represent land

surface processes. Therefore, using the LSM for regional model is considered to be

one of the important requirements of regional modeling. The LSM model and the

other pre- and post-processors used in this study are described in detail in Chapter

3.

MM5 was used for mesoscale modeling during the initial stages of its development.

Since that time, MM5 has undergone many changes that render it useful for broader

modeling purposes. The changes included 1) multiple nesting capabilities, 2) nonhy-

drostatic dynamics, 3) multitasking capabilities on shared and distributed memory

machines, 4) four-dimensional data assimilation capabilities, and additional physics
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options (Grell et al., 1994). Although MM5 was originally developed for short-term

simulation, changes such as updating of lower boundary conditions (sea surface tem-

perature and sea ice), inclusion of land surface processes, and others important for

long-term simulation, render it suitable for long-term climate modeling. To assure

better performance of MM5 for long-term simulations, it is necessary to update lat-

eral and boundary conditions from global reanalysis or GCMs every 6 hours, and to

use a large buffer zone to ensure efficient transfer of lateral boundary conditions to

the inner domain3.

Several research groups used MM5 to execute regional climate modeling studies

for varied purposes. MM5 was used as a mesoscale model for short-term climate

modeling and also as an RCM for long-term climate simulation. MM5 was used

to analyze regional climatic patterns of several locations all over the world, United

States (Liang et al., 2006; Qian et al., 2004), Australia (Pitman and Narisma, 2003),

Korea (Kim et al., 2004), Pan-Arctic (Wei et al., 2002), and within the United States

(eastern United States (Hogrefe et al., 2004), southeast United States (Mearns et al.,

2003), northwest and western United States (Leung and Ghan, 1999a; Leung and

Coauthors, 2003a; Leung et al., 2004; Duffy et al., 2006; Leung and Wigmosta, 1999)

and central United States (Giorgi et al., 1998). While collecting information for this

literature review, it was observed that there are not many regional climate models

developed for the south central United States (Texas, Oklahoma, Arkansas, and New

Mexico), which served as an additional incentive to simulate a regional climate model

for this region.

2.3.1 Regional climate modeling efforts using MM5

Several climate modelers used MM5 as an RCM in their studies. MM5 was used

as a RCM for sensitivity analysis, climate projection, statistical analysis, and impact

studies. A few of the efforts with scopes similar to this research are examined below.

3Personal communication with Ms. Lai-Yung Ruby Leung in September, 2006
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Liang et al. (2006) used the climate version of MM5 to analyze the precipitation

annual cycle for the period of 1982 – 2002 for the entire United States. The regional

model was driven by the NCEP and Department of Energy (DOE) in their second

Atmospheric Model Intercomparison Project (AMIP II) reanalysis data. The purpose

of the study was to determine the capability of a RCM to reproduce the observed

annual cycle of U.S. precipitation and to represent the causes of the climatology

biases. Several sensitivity tests were conducted by varying the LBCs and physics

representations in the regional model. The model produced better simulation results

for the northwest where orographic forcing dominated most of the year; for the Mid-

west where mesoscale convective complexes exist in summer; and in the central Great

Plains where lower-level jet and rainfall peaks occur in summer.

The results from the regional model simulation contained less bias compared to

the results of the driving reanalyses. This determination confirmed that the RCM is

an efficient dynamic downscaling tool. The model’s ability was masked by existing

LBC errors; for example, a winter dry bias was observed in the Gulf regions as a

result of LBC errors at the south and east buffer zones. Deficiencies in model physics

resulted in regional bias. Bias during the summer dry seasons was observed in the

North American monsoon region and along the east coast of the U.S. This bias oc-

cured because of the usage of the Grell convective scheme instead of the Kain-Fritsch

cumulus scheme. However, usage of the Kain-Fristch scheme resulted in excessive

rainfall over the Atlantic ocean but large deficits over Midwest. The fall dry biases

over the Mississippi River basin, commonly observed in all the existing global and

regional models, were not explained in this study. The new cloud-radiation inter-

action scheme implemented in the study was essential in determining precipitation

distribution and regional water recycling.

Leung et al. (2004) conducted a regional climate modeling study for the west-

ern United States using the Pennsylvania State/NCAR Mesoscale Model (MM5).
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The project was funded by the U.S. DOE Accelerated Climate Prediction Initiative.

Long-term regional climate simulations were executed to demonstrate climate change

impacts on water resources in the western U.S. The regional climate model comprised

two domains — a coarse domain with a resolution of 120 km, and a nested domain

with a 40 km spatial resolution, and 23 vertical pressure levels. Two sets of simulations

were performed with the regional climate model using the NCEP/NCAR (1980 – 2000)

and European Center for Medium Range Forecast (ECMWF) (1980 – 1993) reanal-

yses. The Parallel Climate Model (PCM) climate model (1995 – 2100) was used as

the GCM to drive the regional climate model analysis. Climate sensitivity studies

were executed using the PCM climate model. The model simulation was executed for

the Business-As-Usual (BAU) scenario for greenhouse gases and sulfate for a future

period (2040 – 2060) to demonstrate mid-century effects of greenhouse warming. The

model simulations were evaluated using a dataset of gridded surface precipitation and

temperature developed at the University of Washington. Monthly precipitation and

temperatures were compared over the Columbia River and Sacramento-San Joaquin

(SSJ) River basins using observations, RCM simulations, and reanalysis data.

Based on detailed evaluation of the comparisons, the ECMWF reanalyses and

regional climate simulations driven by the ECMWF compare more favorably with

observations than those driven by NCEP/NCAR reanalyses. The spatial distribution

of precipitation and surface temperature over the study area were captured more real-

istically when the RCM was driven by the ECMWF reanalyses. When the RCM was

driven by NCEP/NCAR reanalyses, the precipitation estimated using the RCM was

greater during the winter season. Analysis of NCEP/NCAR reanalyses resulted in a

seasonal cycle with strong peaks in spring or early summer. These peaks were not

identified in the observations. The comparisons of mean summer and winter precipi-

tation as represented by the PCM simulation and the PCM-driven RCM simulation

revealed that the GCM downscaled model presented more realistic results compared
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to the GCM results. The PCM-simulated precipitation followed the observed seasonal

cycle of precipitation remarkably well for both study basins. The downscaled precip-

itation was greater than the PCM-simulated precipitation during the cold season at

SSJ. The strong orographic nature of the SSJ region resulted in the reduction of the

simulated precipitation levels.

Results from surface temperature simulation using the RCM compared well when

RCM was driven by both NCEP/NCAR and ECMWF reanalyses; both the simula-

tions were 1◦C warmer than the observations in the two river basins. The seasonal

variation of temperature was well within the range depicted by the observations for

the two basins for the global PCM simulations and regional simulations using PCM.

Based on the results, the authors concluded that downscaling provides better es-

timates of the hydrologic impacts in mountainous regions and that climate change

would significantly impact the hydrologic cycle in western U.S. by the mid-twenty-first

century.

Duffy et al. (2006) analyzed present and future climate simulations in the west-

ern United States using four nested RCMs. The objectives were to 1) observe how

different RCM/GCM combinations simulated present, and future climate and 2) to

observe the regional climate responses to increased atmospheric greenhouse gases.

The simulations for regional models Mesoscale Atmospheric Simulation (MAS) and

RegCM2 were driven by Hadley Center Model (HadCM2) GCM. The simulations

for regional models RSM and PNNL/MM5 were driven by the global climate model

PCM. Different geographical domains, different greenhouse gas scenarios for future

climate simulations, and different lateral boundary conditions were used in the four

RCMs within the western United States. RCM results for the present climate were

compared with observations and with the results of GCM used to represent lateral

boundary conditions to the regional model. For simulations of future climate, results

from each RCM were compared with other RCM results and GCM results.
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After detailed analysis of the results, it was observed that the results of each RCM

closely followed those of the driving GCM in both present and future climates. In

terms of adding spatiotemporal detail to climate change projections from dynamic

downscaling, the authors observed inconsistent evidence of the benefits. Results from

the four simulations were greater than observed values of spatially-averaged-monthly-

mean-wintertime precipitation. The precipitation bias in RCM results were similar

to the bias in the driving GCM. These results are consistent with the findings of

Coquard et al. (2004), which implied that global climate models tend to overestimate

precipitation in the western United States. The model results compared well in terms

of the representation of near surface temperature increases, but did not represent the

spatial pattern of this increase. Precipitation responses were positive in the places

where they were statistically significant. However, in many regions, the responses

were not statistically significant compared to the interannual variability.

Leung and Ghan (1999a) adopted the model nesting approach to study the re-

gional climate over the pacific northwest. The NCAR Community Climate Model

(CCM3) was used as the GCM to simulate the control run and also to provide ini-

tial and boundary conditions to the nested RCM. The hydrostatic version of MM5

was used for regional scale simulations. The specific features of this model was the

usage of subgrid parameterizations of orographic precipitations and vegetation cover.

The seven-year climatologies generated by the GCM and the RCM were compared

on the basis of the large-scale spatial patterns and regional means. Bias in GCM

affected RCM simulations but precipitation, surface temperature, and snow cover

at local scales were simulated well by the RCM. The agreement in the comparison

of model simulations with observations proved that the model well-represented the

precipitation and temperature variations in the study area.

Leung and Ghan (1999b) described the large-scale and mesoscale features of the

greenhouse climate signals simulated by the same experimental setup used by Leung
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and Ghan (1999a) for a 2 × CO2 scenario. The analyses represent a strong seasonal

variability in the large-scale circulations. They observed an average warming of 2◦C

and an increase in the precipitation depths over the Pacific Northwest and a decrease

in the depths over California. Because of the modeled changes in temperature, snow

cover was reduced significantly (50 percent) and resulted in a consequent reduction

in seasonal runoff. Surface temperature, rainfall, snowfall, snow cover, and runoff

signals were strongly dependent on surface elevations.

Bromwich et al. (2003) employed the Polar Mesoscale Model MM5 to examine the

El Niño-Southern Oscillation (ENSO) modulation of the Antarctic climate for the pe-

riod July 1996 – June 1999. The results from the study indicated that the ENSO mod-

ulation for this period was stronger than for the mean modulation from 1979 – 1999,

because of an eastward shift and enhancement of convection in the tropical Pacific

Ocean. The Polar MM5 simulations were in agreement with observational data, and

the simulated precipitation closely followed the European Centre for Medium-Range

Weather Forecasts Tropical Ocean-Global Atmosphere precipitation trends over the

study period. Based on results obtained from this study (Bromwich et al., 2003), it

was concluded that the Polar MM5 captured ENSO-related atmospheric variability

efficiently, and therefore, Polar MM5 is a useful tool for future climate studies.

Bright and Mullen (2002) investigated the sensitivity of numerical simulation

to the choice of planetary boundary layer (PBL) turbulence parameterization us-

ing MM5. The evolution of the daytime PBL is important to the development of

Arizona convection. For the numerical models to appropriately forecast this convec-

tion, the PBL must be simulated using the correct parameterizations. The four MM5

PBL parameterizations tested are Blackadar, Burk-Thompson, Eta, and medium-

range forecast (MRF) schemes. In general Blackadar and MRF planetary boundary

schemes performed well compared to the Burk-Thompson and Eta schemes.
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Gochis et al. (2002) analyzed the sensitivity of the North American Monsoon Sys-

tem (NAMS) to convective parameterization of thermodynamic and circulation char-

acteristics, stability profiles, and precipitation. MM5 was used to test the convective

parameterization schemes of Betts-Miller-Janjic, Kain-Fritsch, and Grell. The model

results obtained using different schemes were compared with surface climate station

observations and seven radiosonde sites in Mexico and the southwestern United States.

MM5 simulations using different convection schemes resulted in widely different re-

gional climates (modeled precipitation, surface climate, and atmospheric stability

during the North American Monsoon). Several intersimulation differences at the low-

level circulation patterns were observed. None of the convection schemes modeled in

MM5 simulations resulted in a uniform representation of observations in the model

domain. Among the convective schemes, the Kain-Fritsch scheme generated signifi-

cantly better estimates of surface and upper air verification error statistics.

McCaa and Bretherton (2004) conducted a similar study analyzing the impact

of parameterizations on simulations of cloud-topped marine boundary layers when

investigated using MM5. The boundary conditions for the three-month MM5 simula-

tions of northeast and southeast Pacific during June-August 1987 were provided using

the time-varying ECMWF analyses. Runs using four PBLs (Blackadar, MRF, Burk-

Thompson, and Gayno-Seaman schemes) parameterizations already implemented in

MM5 were compared with runs using new parameterizations of a boundary layer tur-

bulence (Grenier-Bretherton GB01) scheme and shallow cumulus convection (ShCu).

All the schemes represented cool and dry bias in the near-surface air and larger sur-

face turbulent fluxes than observed fluxes. Analysis of southeast Pacific simulations

resulted in the conclusion that the ShCu scheme can accurately represent subtropical

boundary layer cloud regime.

Kim et al. (2004) carried out regional impact assessment study of the effects

of Phyllostachys’ habitation on the climate of Korea. Dynamic downscaling was
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carried out using MM5 for a future greenhouse gas (GHG) emissions scenario (SRES

A2) formulated by the IPCC (Nakicenovic and Swart, 2000). The lateral boundary

conditions for the regional climate model were derived from the Max-Planck Institute

for Meteorology GCM (ECHAM4) simulation (Roeckner et al., 2003). The systematic

differences in the determination of cold bias in surface air temperature impaired the

effectiveness of the dataset for impact studies. Based on the results from the study,

adequate information related to daily mean temperature variations was obtained but

data related to systematic precipitation variations was not available.

Leung (2003) conducted regional simulations of aerosol properties, direct radiative

forcing, and aerosol climatic effects over China. They then compared results from the

simulations with observed aerosol characteristics and climatic data from regional ob-

servations. The climate simulations were performed using the regional climate model

MM5, which captured the spatial distribution and seasonal pattern of temperature

and precipitation. Aerosol concentrations provided to the regional model were ob-

tained from a global tracer-transport model. The study was concentrated on the East

China and Sichuan basin regions. The results of this study supported the hypothe-

sis that observed temperature trends during latter decades of the twentieth century,

especially the cooling trends over the Sichuan basin and some parts of East China

are at least partly related to the cooling induced by increasing atmospheric aerosol

loadings over the region.

Pitman et al. (2004) studied the impact of changes in land cover on the climate of

southwest Australia; they used three high-resolution mesoscale model configurations

forced at the boundaries to simulate (for each model) five July climates for both

natural and current land cover. In all simulations, the models were initialized with

boundary conditions taken from the NCEP Global Data Assimilation System analysis

(Kalnay and Coauthors, 1996). A total of 10 simulations were performed for each of

MM5, Leaf-2 Regional Atmospheric Modeling System (LRAMS), and General Energy
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and Mass Transfer RAMS (GEMRAMS) consisting of boundary conditions from five

different Julys (1986, 1988, 1989, 1990, and 1994). The study showed that land cover

change resulted in 50 percent of the observed warming. Following the land cover

change, every simulation reproduced a reduction in rainfall over southwest Australia

and an increase in rainfall inland that matched the observations well. The results

indicated that rainfall over southwest Australia may be reverted to its long-term

average amount by means of large-scale reforestation, a policy option within the

control of local government.

Wei et al. (2002) conducted a 1-year simulation from October 1985 – September

1986 in the Pan-Arctic region using MM5 that constituted the NCAR LSM and a sim-

ple thermodynamic sea ice model. NCEP-NCAR reanalysis data were used to provide

boundary conditions to the regional model. The model simulation was concentrated

on investigating the atmospheric circulation, temperature, surface radiation fluxes,

precipitation, and runoff changes. The model simulated precipitation and tempera-

ture variations well. However, the model exhibited summer dry bias in precipitation

levels and a decrease in annual runoff when compared to observed levels. Further anal-

ysis of precipitation and surface air temperatures indicated a need for improvements

in analytical methodology for evapotranspiration and precipitation values.

Using the regional scale analyses obtained from Leung and Ghan (1999a) and

Leung and Ghan (1999b), Leung and Wigmosta (1999) studied potential impacts of

climate change on water resources in the Pacific Northwest. They used a hydrologic

model, Distributed Hydrology Soil Vegetation Model (DHSVM) to study the impacts

of climate change over two mountainous watersheds in Pacific Northwest. The hydro-

logic model was driven by surface temperature, precipitation, surface pressure, surface

humidity, and wind simulated by the RCM for control and 2 × CO2 cases. The two

watersheds were the American River and the Middle Fork Flathead watersheds, where

the runoff was mostly snowmelt dominated.
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The climate changes were substantial over the American River. The modeled

snowpack was reduced about 60 percent, which was attributable to increased regional

temperatures. This reduction in snowpack resulted in the change of the timing of

streamflow. The results showed higher chances of wintertime flooding and reduced

water supply during summer. The changes observed in the Middle Fork Flathead

region were a snowpack reduction of 18 percent and negligible changes in the seasonal

pattern of streamflow. The study highlighted the highly specific regional nature of the

impacts of climate change on water resources. It was also noticed that the impacts

were temperature-driven rather than precipitation-driven. Combinations of GCM

driven RCMs and hydrological models were used by Leung and Ghan (1999b) to study

the effect of ENSO atmospheric variations on the water resources of the Columbia

River basin in the Pacific Northwest region.

2.4. Climate modeling emission scenarios

The basic premise of climate modeling is that climate change will occur as a

result of natural and anthropogenic increases in greenhouse gas levels. The increase

in greenhouse gases was represented in different ways during different stages of climate

modeling. The three stages of climate modeling are described below.

2.4.1 Stage 1 of climate modeling

Until 10 – 15 years ago, climate modelers used climate models to analyze two sce-

narios, 1 × CO2 and 2 × CO2. The limitation of the processing power of computers

and an incomplete understanding of the climate necessitated this coarse representa-

tion.

2.4.2 Stage 2 of climate modeling

In 1992, IPCC (Houghton et al., 2001) released emission scenarios to be used for

driving global circulation models to develop climate change scenarios. They developed
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six scenarios designated IS92 a – f for the Business-As-Usual (BAU) case. Business-

As-Usual meant that the greenhouse emissions were represented using existing trends

without any amendments. The IS92 a – f scenarios were the first set of global emission

scenarios to provide estimates for all the greenhouse gases.

Several changes took place in terms of policies in climate change and therefore,

in 1994, IPCC conducted a re-evaluation of the IS92 scenarios. The 1994 IPCC

evaluation of IS92 scenarios revealed that there was no scenario among the six IS92

scenarios that best represented the income gap between the developed and the de-

veloping countries. Furthermore, several changes took place after the development of

IS92 scenarios in terms of understanding GHG emissions and corresponding climate

impacts. The IS92 scenarios used estimates of climate for the base year 1990. In 1996,

actual observations from 1990 existed. Therefore, 1990 was no longer a forecast year

because climate observations existed. There were some groundbreaking observations

about the SO2 emissions; SO2 was being considered as important to climate change

as all the other greenhouse gases combined (except CO2). Because environmental

policies were set forth by all countries, SO2 concentrations declined and were not

distributed uniformly over the globe (as was proposed in IS92 scenarios). SO2 was

distributed in the form of thin strips over eastern United States and Europe. Narrow

strips of SO2 were also observed in the western United States over California. The

IS92 scenarios did not include legislative changes, such as the Amendments of the

Clean Air Act in U.S. or the Second European Sulphur Protocol. Restructuring in

Europe and the newly formed independent states of the former Soviet Union affected

regional economic activity, which in turn resulted in reductions in CO2 emissions

unforeseen in the IS92 scenarios (Houghton et al., 2001).

2.4.3 Stage 3 of climate modeling

IPCC representatives conducted a plenary session in Mexico City in September

1996 to find answers to the questions posed in the 1994 evaluation of IS92 scenarios.
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In this session, IPCC decided to develop a new set of emission scenarios. The report

describing the methodology and the formulation of these new scenarios is the Special

Report on Emission Scenarios (SRES) (Nakicenovic and Swart, 2000).

The new set of emissions scenarios is intended for use in future IPCC assessments

and by wider scientific and policymaking communities that analyze the effects of fu-

ture GHG emissions, to develop mitigation/adaptation measures and policies. The

new scenarios also contain information required to better assess climate-change im-

pacts and vulnerabilities, adaptation strategies, and policies (the level of economic

activity, rates of technological advancements, and demographic developments in dif-

ferent world regions). Emissions of GHGs and SO2 are the most important inputs

for effectively modeling future climate patterns with simple climate models as well as

with complex GCMs.

IPCC proposed four major SRES emission scenarios. The details of the scenarios

proposed by the SRES emissions scenarios are presented using four different story-

lines. These storylines differ in their explanation of how global regions interact, new

technologies diffuse, regional economic activities evolve, local and regional environ-

ments are protected, and has demographic structures changed. The characteristics

differentiating the storylines include various political, social, cultural, and educa-

tional conditions (e.g., type of governance, social structure, and educational level).

All four SRES emission scenarios represented by the individual storylines are treated

as equally viable (Nakicenovic and Swart, 2000).

1. The A1 storyline and scenario family depicts a future world of low popula-

tion growth, rapid economic growth, and rapid introduction of new and more

efficient technologies. This scenario projects a more interactive society with

convergence among regions, increased cultural and social interactions, and sub-

stantial reduction in per capita income gap between the developed and the

developing countries.
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2. The A2 storyline and scenario family portrays a heterogeneous world. This

storyline projects more self-reliance, preservation of local identities, and high

population growth. In this scenario, economic development is primarily region-

ally oriented. Per capita economic growth and technological changes are more

fragmented and slower than in other storylines.

3. The B1 scenario family describes a convergent world with a low population

growth. Similar to the population growth in the A1 storyline, the global pop-

ulation peaks in mid-century and declines thereafter. This storyline projects

rapid change in economic structure, shifts toward a service and information

based economy, reduction in material intensity, and introduction of robust,

resource-efficient technologies. Importance is given to global solutions for eco-

nomic, social, and environmental sustainability. The storyline concentrates on

improved equity but without additional climate initiatives.

4. The B2 storyline and scenario family describes a world in which local solutions

are provided to economic, social, and environmental sustainability. It depicts

a world with moderate population growth, moderate levels of economic devel-

opment, and a more diversified technological change compared to B1 and A1

storylines. The focus is more on regional and local levels.

2.5. Climate of Texas

A GCM is used to develop the initial and lateral boundary conditions of a RCM.

GCMs are developed at continental or multi-continental scales. Regional models

are developed for regional scales. Therefore, it is important to choose a GCM that

optimally represents the continental scale features of the region of interest. The first

step in this process is to understand the large-scale climatic features defining the

regional climate of the study area. The dependency of regional climate of a given

region on a large-scale climatic feature is known as Teleconnection. Teleconnection
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represents the relation between climate anomalies of two different regions that are

largely apart. Once the large-scale features are identified, several GCMs are analyzed

to observe their representation of the large-scale features and the appropriate one is

selected.

Regional climatic events, such as winter storms, cold-air outbreaks, hurricanes,

and drought are thought to be caused by large-scale atmospheric circulation patterns,

such as the ENSO, the North Atlantic Oscillation (NAO), and the Pacific Decadal

Oscillation (PDO). A few researchers (Bradbury et al., 2002a,b; Hartley and Ke-

ables, 1998) investigated New England climate and the effect of global teleconnection

patterns on their variability. Several other researchers concentrated on large-scale

teleconnections related to the ENSO, the NAO, and the PDO on large study areas

comprising most of U.S. (Rogers, 1984, 1990; Thompson and Wallace, 2001; Hur-

rell and van Loon, 1997; Kunkel and Angel, 1999; Barlow et al., 2001; Trenberth

and Caron, 2000). Therefore, it is important to analyze the atmospheric circulation

patterns affecting the study area of interest and observe the representation of the

atmospheric circulation patterns by different GCMs.

The climate of Texas is controlled by the radiation balance and the flow of weather

into Texas from the neighboring regions. The continental and regional-scale of interest

examined here were

1. Pacific tropical storms (Jet Stream), and

2. Atmospheric moisture from the Gulf of Mexico in the east

2.5.1 Pacific tropical storms

El Niño is a disruption in the ocean atmosphere system that causes important

weather systems around the globe. Under normal conditions, relatively high atmo-

spheric pressure on the eastern Pacific Ocean compared to the western Pacific Ocean

result the trade winds blowing towards the west across the tropical Pacific Ocean.
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These winds result in the build up of warmer surface water in the west. Upwelling

replaces the warm surface water resulted from the winds with cold water from the

depths of ocean. The trade winds push the water further towards the west causing

an increase in the altitude of water in the western pacific compared to the eastern

region. The surface waters in the west undergo evaporation to water vapor which

rises and then condenses and form clouds. These clouds result in wet weather in the

west of the Pacific Ocean. While the air rises in the west, the moist air from east

rushes in to fill in the empty space left by the warm air and results in rain in the west.

This cycle strengthens the trade winds, and the process begins all over again. During

some point of this cycle, the air pressure gradient declines because of the southern

oscillation. The southeast trade winds weaken and allow the warmer surface water

that was moving westward to drift eastward along the equator and then southward

towards the Peruvian coast. This abnormal scenario is called the El Niño. El Niño

occurs with a frequency of three to five years. During an intense period of El Niño,

the southeast trade winds shift direction and change into equatorial westerlies. This

phenomenon is known as ENSO. La Niña means just the opposite of El Niño. La Niña

refers to a stage with exceptionally strong winds and low sea surface temperatures

in the central and eastern tropical Pacific. The effect of El Niño events and climatic

variations in the equatorial Pacific region is extremely strong and is well documented

in literature. The effect of El Niño events on other regions on the globe is termed as

Teleconnections. Teleconnections in climate modeling world means that the weather

anomalies at one region could be related to climatic variations at a remote location

(Cane, 2005).

The teleconnections caused by ENSO result in heavy rainfall in the central Pacific,

southeastern regions of South America, and equatorial eastern Africa. ENSO also

results in below average rainfall over the Papua, New Guinea, northern, eastern, and

central Australia, Indian and southeast African continents, and northeastern South
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America. Studies were conducted by several research groups to understand the effect

of the ENSO related teleconnections on the North American climate change patterns.

A few of the studies are discussed in detail below.

The effect of ENSO on the intraseasonal variance of surface air temperature of the

Pacific North American sector was studied by a research group at NOAA-Cooperative

Institute for Research in Environmental Sciences (CIRES) climate diagnostics cen-

ter. Study results indicated a decreasing trend of intraseasonal temperature variance

during an El Niño period and increasing trends during a La Niña period. The change

in variance comprised both altered skewness and a change in high and low extremes.

The results are consistent with several other studies, suggesting an increased occur-

rence of blocking along the west coast of North America during the El Niño period

resulting in less storm activity and less occurrence of warm and cold air over the

eastern regions.

The impact of ENSO-related climate changes on crop yields in the U.S. was studied

by a consortium consisting of the Center for Ocean Atmospheric Prediction Studies,

Florida State University and the Southeast Research and Extension Center, and the

University of Arkansas. Records of thermal and precipitation data for historical pe-

riods for selected stations across U.S. were composited into warm, cold, and neutral

phases of ENSO. These scenarios were used to simulate yields of seven field crops

using the AEPIC biophysical model for a one-year period coincident with the max-

imum SST anomalies in the equatorial Pacific. A sensitivity analysis of the results

indicated that ENSO-related yields are sensitive to changes in properties character-

izing the statistical precipitation distribution and occurrence. The crop yields of the

U.S.’s High Plains indicated the highest sensitivity and the southeast U.S. showed

lesser sensitivity. The detailed study of the ENSO-related yield deviations and their

sensitivity to monthly frequency and occurrence of ENSO-related precipitation indi-

cated that the analysis of predicted changes in temporal and spatial variability in the

46



Texas Tech University, Spandana Tummuri, December 2008

precipitation forecasts would be beneficial for agricultural applications (Cane, 2001).

Extreme events such as hurricanes and droughts and so forth are a part of the

natural climatic variability of Texas. These variabilities exist even in absence of global

climate change. The external influences such as the ENSO cycle in the Pacific Ocean

also have an impact on the drought/flood cycle of Texas. A La Niña event results

in a decrease in the precipitation levels of the region. The impact of these events

on Texas can be emphasized by the fact that a drought (1988) in Houston (when

rainfall was half of its annual average) coincided with an occurrence of La Niña. The

Southern oscillation index is determined from the monthly or seasonal variations in

the air pressure difference between the Darwin and Tahiti regions in South Pacific.

Sustained negative values of SOi often indicate the occurence of El Niño. A rough

scatterplot of the raw data for the southern oscillation index (SOI) and the annually

averaged precipitation in Texas is presented in Figure 2.2 (North et al., 1995).

2.5.2 Gulf of Mexico

The seasonal climate of Texas is comprised of two influences: the passage of

frontal systems from the north and west, and the moist air blowing inland from

the Gulf of Mexico. The proximity to the coast primarily influences the seasonal

climate of Texas. It acts as a moisture source to the region and modulates the

seasonal and daily cycles. The atmospheric systems that define the seasonal and

diurnal variations in temperature and precipitation vary by their seasonal position in

Texas. Sea surface temperatures and surface winds associated with the Gulf of Mexico

moderate temperature extremes. During the spring and fall seasons the influence is

attributable to passage of the frontal systems generally moving from the west to the

east. The fronts are positioned in the north-easterly direction. The moist air is carried

northward from the Gulf with the advancing front wedging under warmer moist air.

This movement results in frontal precipitation lead to severe weather. In winter, the

fluctuations are mostly caused by the cold, dry, Canadian air blowing from the north.
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Figure 2.2: Southern Osciallation Index versus annually averaged precipitation in

Texas. Source: (North et al., 1995).

The proximity of Texas to the Chihuahuan Desert results in periods of prolonged

below-average rainfall. The Chihuahuan Desert air mass contracts and expands with

respect to the migration and the strength of the large-scale subtropical ridge of high

pressure that envelopes the earth around the equatorial region. The strength and ex-

istence of the ridge depends on the occurrence of El Niño and volcanic eruption. Texas

experiences drought with an intermittent frequency. The High Plains are the most

vulnerable regions because of their proximity to the Chihuahuan Desert. Especially
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during the winter, the intrusions of dry polar air are frequent, and the return flow

of the moist Gulf air above the shallow polar air mass does not extend enough into

the region to produce appreciable rainfall. The regions affected by the drought are

determined by the location of the subtropical ridge over the southern United States.

Other teleconnection patterns such as the Pacific/North American teleconnection

pattern (PNA) and the Pacific Decadal Oscillation (PDO) exist in this region but

no strong link to climate in Texas was observed. Therefore, it is important to select

the driving GCM that represents the large-scale features impacting the study area

correctly.

2.6. GCM selection

GCM output data were used to drive the RCM in the modeling phase of this

project. The GCM selection is carried out by means of two comparison methodologies.

The methodologies are listed below.

1. The representation of jet stream movement over the United States by several

GCMs was compared with the real time representations of jet stream movement.

2. Comparison of the magnitude of climate variables (surface temperature, precip-

itation, radiation, wind, and relative humidity) generated by different GCMs

for different emission scenarios.

The methodology used to execute the comparison analysis is explained in detail

in Chapter 3 of this study. The purpose of executing the first methodology of GCM

comparison analysis was to study the effect of the movement of jet stream on the

climate change in Texas as projected by different GCMs. This methodology is based

on research conducted by Bradbury et al. (2002a). The representation of latitudinal

location of the jet stream by the GCMs was compared with the real time observations.

The variation in the climate of Texas with the movement in the jet stream was studied

by comparing the Jet Latitude Index (JLI) for several climate models. The second
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method in the comparison analysis of the GCMs was to compare GCMs with one

another to observe the projected changes over the study area (in terms of surface

temperature, precipitation, radiation and relative humidity) that would be expected

based on the current and future uncertainty. Both the methods are described in detail

in the next chapter. The procedure adopted for conducting the two-phased regional

climate model runs is also explained in detail in Chapter 3.
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CHAPTER 3

METHODOLOGY

3.1. Phase 1 and Phase II analysis

The regional climate modeling was executed in two phases. The first phase dealt

with running the RCM for a historical time period to assess the model’s adaptability

to the conditions defined by the study area. The RCM was run for a 20-year historical

period (1970 – 1990) using gridded meteorological data and the results compared to

observations available for the study area. The second phase involved running the

RCM with a GCM selected by means of a GCM comparison analysis. In this second

phase, the model was run using GCM output data for a 20-year future period (2035 –

2055). Based on the conclusions derived from the historical comparisons, the future

climate prediction for the future period was explained. The following steps were

performed to accomplish the analysis.

1. Selection of a RCM

2. Description of data types used to run RCM

3. Detailed description of the selected RCM and its specifications

4. Selection of reanalysis data set for Phase I analysis

5. Selection of GCM for Phase II analysis

6. Sensitivity analysis for the RCM model

7. Performing the Phase I RCM run using Reanalysis data

8. Performing Phase II RCM using GCM data

9. Description of output from RCM runs and observations

10. Description of hydrologic analysis of the output from RCM runs
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3.2. Selection of a RCM

Local climate change is heavily influenced by regional features that cannot be

captured using global climate models with coarse resolution. The ideal scenario would

be to introduce the regional level of detail into a GCM and decrease the grid spacing

from 200 km to 50 km. That type of model would represent the global and local

climatic transactions better and represent changes in the regional hydrologic balance

caused by global climate change, but computing facilities are not advanced to the

extent where that kind of model could be run in plausible time limits. Therefore,

RCMs are developed, which are run for smaller domains compared to GCMs, run

with higher resolutions, and run for shorter periods of time (20 years or so). There

are several RCMs available that could be used to perform regional modeling for this

project. They are HADRM3, RegCM3, RCSM, MM5, WRF, PRECIS, CRCM, RSM,

and others. The two factors that are most important to regional climate modeling

process are 1) a RCM that is representative of the study area, and 2) a suitable source

of input data to the RCM.

An appropriate RCM whose physical setup was suitable for climate modeling in

arid and semi-arid regions was chosen. During the review of the professional literature,

RCMs used in impact studies of similar regions were identified. The review focused

on impact studies conducted for the western/south-western United States.

Phase I of the program plan developed by North American Regional Climate

Change Assessment Program (NARCCAP) was aimed at testing several RCM sim-

ulations under similar modeling conditions. The main purpose of this test was to

compare RCM performance. All RCMs were driven by NCEP reanalysis data on their

boundaries. The different RCMs used in this analysis were RSM, CRCM, HADRM3,

RegCM3, ISU-MM5, PNNL-MM5, and WRF. The domain used for this study cov-

ered the entire United States; included in the final output were the RCM + NCEP

run results for the northwest Texas region by different RCM runs. A preliminary
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analysis of the results indicated that the climate versions of MM5 model (ISU-MM5)

and the WRF model represented the climate of northwest Texas better than RSM,

HADRM3, CRCM, and RegCM3.

When the research for selection of RCM for this study was being conducted, WRF

was in its developing stages. At that point of time, the model’s availability was limited

to model developers and selected researchers. Because of the development status of

the model and limited user support, the WRF model was not used for this project

(Wang et al., 2005). The ISU-MM5 model was examined to establish its suitability

as a regional climate model for this project.

The literature review revealed that the climate version of MM5 model was used in

several regional climate modeling studies especially those focused on western portions

of the United States. The climate version of MM5 model was recommended for long-

term regional modeling, and therefore, it was found suitable for this research. The

source code for MM5 model was freely available. A well-supported user’s group is

available to support MM5 usage and performance. Because of these advantages, the

climate version of MM5 model was selected as the RCM for this project.

3.3. Description of data types used to run the RCM

An important prerequisite for dynamic downscaling or regional modeling is the

availability of input and boundary conditions for the modeling period. The lateral

boundary conditions must be provided for the entire model integration period. The

input data for the RCM can be supplied from three different sources.

1. Observational data: raw or processed data that is based on real-time measure-

ments of meteorological data.

2. Reanalysis data: gridded model forecast data that has undergone some process-

ing or is combined with other data (observation data) to obtain the appropriate

final product.
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3. Model data: data generated by climate models initialized with observational

data and other model-generated gridded data.

While the preliminary analysis resulted in the selection of an RCM, testing of the

RCM using historical climate data was required. The testing was necessary to con-

firm the model’s ability to represent local climatology effectively. This confirmation

was achieved by conducting a historical run and comparing the model results with

historical observations.

To perform a historical run, three forms of input data can be used. Ideally,

observations are the perfect representations of “ground truth”, but all the variables

required to initiate a regional model may or may not be collected in the observations.

The observational data should be processed and modified so that it could be used for

regional modeling. Because observations are not available for future periods, the RCM

can be initiated using observed data for only historical and current periods. When

the RCM is initialized by observations, the model simulates the regional climatology

for future periods and, therefore, is independent from “ground truth”.

Owing to the inherent limitations of the observation data, it was realized that

reanalysis data were the best form of data available for initializing a regional model

for a historical period. Reanalysis data are prepared by running a 3-D forecasting

model initialized with observation data, analyzing the results, and interpolating the

observed data for temperature, windspeed, and pressure onto a system of output grids.

The output generated on the grids would be many unobservable climate variables at 6-

hourly, daily, and monthly time-steps. Several researchers performed the above steps

and prepared different sets of reanalysis data. Instead of processing observations

to gridded reanalysis data, it is easier to use reanalysis data generated by other

researchers.

Therefore, reanalysis data are used to initiate the historical model runs for this

project. For obvious reasons, observation data and reanalysis data cannot be used to
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initialize a regional model for future period. Model data are the only viable alterna-

tive; therefore, model-generated data were used as the input for future periods.

3.3.1 RCM modeling requirements

There are certain modeling requirements that must be fulfilled to ensure effective

performance of regional climate models. These requirements are listed below.

1. To observe statistical variability in climatic features, the model runs should be

performed for periods longer than ten years. Periods less than 10-years provide

an erratic and incomplete representation of climate. A model run conducted

for a 20- or 30-year period is considered to be ideal for regional modeling.

2. Lateral boundary conditions should be furnished at frequent intervals in order

to maintain the relationship between the driving model providing the input data

and the regional model. Lateral boundary conditions supplied once every six

hours is recommended as an ideal scenario.

3. Regional modeling for impact studies requires a precise description of surface

features. It is recommended that the MM5 run be performed using LSM op-

tion. The LSM option requires additional input data that represent the surface

features pertinent to a hydrologic system. LSM model details are explained in

Section 3.4.2 of this chapter.

3.4. Detailed description of the selected RCM and its specifications

3.4.1 MM5 modeling system

The fifth-generation PSU-NCAR mesoscale model MM5 was used to carry out

the regional climate studies in this project. The model is distributed freely and is

updated regularly with user-contributed programs. The unique features offered by

MM5 include 1) multiple nest capability, 2) non-hydrostatic dynamics, 3) portability
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to a wider range of computing platforms, 4) several physics options, and 5) four-

dimensional data assimilation capability.

Although MM5 was originally developed for short-term simulation, it has gone

through many changes over the years such as updating of lower boundary conditions

(sea surface temperature and sea ice) and inclusion of land surface processes and so

forth that make it suitable for long-term climate simulation. The standard version of

MM5 is suitable for climate modeling. However, while running climate simulations, it

is appropriate to prepare lateral and lower boundary conditions from global reanalysis

or GCMs every six hours. Also, if a relatively large domain is used, it is recommended

that the coarse and fine domain be separated by a wide buffer zone. A wide buffer

zone ensures optimal condition for the transmission of lateral boundary conditions

from a coarse domain to fine domain (Grell et al., 1994).

The most important aspect of MM5 is the model grid configuration. The hor-

izontal grid comprises latitude and longitude intersections. The vertical grid com-

prises pressure levels. In general, meteorological gridded data are available on normal

pressure levels, terrain-following sigma levels (sigma value varies from 1 to 0), and

hybrid-isentropic levels (sigma levels at surface and isentropic levels at higher levels).

Sigma levels area calculated using the atmoshperic and the top of the model pressure

data.

The vertical components of model input data are available on normal pressure

surfaces. Prior to the modeling stage, one of the pre-processing programs is used to

convert the pressure level data to half-sigma level data. The vertical coordinate or the

half-sigma level in the MM5 model is a terrain-following level. The half-sigma levels

closer to the model surface follow the geographical terrain. The intermediate levels

flatten as the pressure decreases from the model surface toward the user-specified

model upper boundary. The half-sigma levels at model top (zero pressure) are flat.

Input data must be available at minimum of 18 pressure levels (requisite levels: sur-
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face, 1000, 850, 700, 500, 400, 300, 250, 200, 150, 100 mb) to perform a model run for

impact studies. The number of model generated half-sigma levels for impact studies

should be between 35 and 50.

Terrestrial and isobaric meteorological data are horizontally interpolated from a

latitude-longitude grid to a mesoscale, rectangular domain on a Mercator, Lambert

Conformal, or Polar Stereographic projection. The modeling system is builtin with a

choice of these map projections to represent the horizontal grid. Lambert Conformal

is suitable for mid-latitudes, Polar Stereographic for high latitudes, and Mercator

for low latitudes. The x and y directions of the projections in the model do not

correspond to the geographic west-east and north-south except for the Mercator pro-

jection. Therefore, the model output for u and v components need to be rotated from

model projections to earth coordinates before comparing with observations.

The center points of the model grid are referred to as cross points, and the corner

points are referred to as dot points. All the variables are defined at cross points, but

eastward and northward wind vectors are collocated at the corners. The preproces-

sors in the model perform the necessary interpolations to wind variables to assure

consistency with the grid.

The information from the input data is transformed from the driving source to

the regional climate model by means of domains. There are two kinds of domains,

mother domains and nested domains. The nested domains reside inside the mother

domains, and a nested domain could be a mother domain and nested domain at the

same time. The multiple-nesting capability of the program allows up to nine domains

to exist at the same time and maintain complete interaction between one another.

One-way nesting means that the data transfer takes place only in one direction from a

coarse domain to a nest. Two-way nesting means that a nest’s input from the coarse

mesh comes via its boundaries, while the feedback to the coarse mesh also occurs over

the nest interior. The parent-to-nest ratio for two-way nesting is always 3:1.
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The regional model requires initial and lateral boundary conditions. The model

should have specified values for temperature, pressure, horizontal winds, moisture

fields, and optionally have microphysical fields (cloud) at the model boundaries. The

input data specify the behavior of the outer rows and columns of the model grid. The

next four sets of rows and columns are relaxed towards the boundary values with a

relaxation constant that decreases linearly away from the boundary. The input data

are thus transferred to the rest of the model by means of a smoothing term. This

procedure is highly recommended for coarse meshs. Fields without boundary values

(some moisture variables) are specified zero on inflow and zero-gradient on outflow

boundaries. The coarse or mother domain receives the initial values from an input

file containing meteorological and terrain fields at a high resolution. The finer grid

is defined as a time-dependent nest where the boundary conditions are supplied by

the mother domain. The transfer of data from mother to nested domain can occur

only when the mother domain and the nest domain are initialized simultaneously. If

a nested domain is initialized at a start time different from that of the coarse domain,

there will be an incongruency between the coarse and nested domain boundary vari-

ables. The coarse grid in a two-way nested model is updated with the output from

the finer grid at each time-step at the coincident point.

The MM5 modeling system is comprised of several pre- and post-processors: TER-

RAIN, REGRID, RAWINS, LITTLE-R, INTERPF, and INTERPB. These programs

are explained in detail in the following sub-sections of this chapter.

3.4.1.1 TERRAIN

The TERRAIN program starts a complete forecast simulation in the MM5 model-

ing system. The main function of the TERRAIN program is to set up coarse and fine

grids. The program provides terrestrial data for the model area. This program hor-

izontally interpolates the terrain elevation and vegetation data available at latitude

and longitude intersections onto the mesoscale domains. The terrestrial data fields
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generated are then used by REGRID, and later by MM5. The TERRAIN program

also computes a few constant-value fields required by the modeling system: latitude

and longitude, map scale factors, and coriolis parameter. When the LSM option is

used, the TERRAIN program generates additional fields such as soil types, vegetation

fraction, and annual deep soil temperature (Grell et al., 1994).

The data available as input to the TERRAIN program includes terrain elevation,

land-use/vegetation, land-water mask, soil types, vegetation fraction, and deep soil

temperature. Most data are available from USGS at six different resolutions: 1

degree, 30, 10, 5, and 2 minutes, and 30 seconds. The coarse domain is defined by

specifying the central latitude, the central longitude, domain size (number of grid sizes

in each direction), and the grid distance. The fine domain is defined by specifying

the location of the grid point in its mother domain, mother domain ID, domain size,

and grid distance. The nest is defined such that it is 5 coarse grid points away from

the coarse domain boundary. This distance is necessary to ensure that enough data

points are available for nest interface adjustment. The TERRAIN program creates

TERRAIN-DOMAINn files (one for each domain) after a successful run. These files

will be used by the MM5 program while performing the run.

3.4.1.2 REGRID

The REGRID program is run after completion of the TERRAIN run. The purpose

of the REGRID run is to read archived gridded meteorological analyses and forecasts

on pressure levels. The program interpolates those analyses from native grid and map

projection to the user-specified horizontal grid and map projection. The REGRID

program handles pressure-level and surface level analyses. Two-dimensional inter-

polation is performed on these levels. Other types of levels such as constant height

surfaces, isentropic levels, model sigma, and eta levels are not handled. The program

reads gridded-meteorological input data, TERRAIN input values, and creates output

files later used by RAWINS, LITTLE-R, or INTERPF programs.
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The procedure used in the REGRID program is split into two major steps: 1)

data input (reading the original meteorological analyses) and 2) interpolation to the

MM5 grid. The data-input task is handled by the PREGRID sub-program, and the

interpolation to the MM5 grid is handled by the REGRIDDER sub-program. This

division separates the data-specific and generally messy task of data-reading from the

more general task of interpolation. In this way, the user can either use the PREGRID

sub-program to prepare input data or use their own programs to prepare input data

and thereby avoid the PREGRID step. Communication between the PREGRID and

the REGRIDDER sub-programs is carried out by means of intermediate files written

out by PREGRID sub-program.

3.4.1.3 PREGRID

The PREGRID sub-program is written as an open-ended program to enable flex-

ibility to the users. The modelers can use the PREGRID sub-program to prepare

input datasets or instead write their own programs to generate input datasets. The

PREGRID sub-program requires proper links to the location of gridded meteorolog-

ical analyses files. The sub-program accepts input data in GRIB format only. Input

data in any other format should be converted to GRIB format by the user. The

PREGRID run requires VTABLES, which direct the PREGRID sub-program to lo-

cate/select the appropriate input files in the GRIB-formatted gridded meteorological

data. In general, when GRIB-formatted meteorological data files are prepared, each

variable in the file is associated with a unique GRIB code. These code numbers can-

not be made part of the PREGRID sub-program because different sources of input

data use different codes. VTABLE is the file that connects the codes in the GRIB

formatted data to the variable name in the PREGRID sub-program. Therefore, each

data source has a unique VTABLE. The PREGRID sub-program contains predefined

VTABLES for most common input data sources. If the GRIB codes used in a data

source are known, the VTABLES can be easily written by the modeler.
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Table 3.1: List of variables required by PREGRID program.

Variable Usage Description

T * Air Temperature (K)

U * Grid-relative u-component of the horizontal wind (m s−1)

V * Grid-relative v-component of the horizontal wind (m s−1)

RH * Relative humidity (%)

HGT * Geopotential height (GPM)

PMSL * Sea-level pressure (Pa)

SST * Sea-surface Temperature or Skin Temperature (K)

SNOWCOVER Binary flag for presence (1.0) / absence (0.0) of snow on ground

SOILT010 L Ground temperature of a layer below ground (K)

SOILT040 L Ground temperature of a layer below ground (K)

SOILT100 L Ground temperature of a layer below ground (K)

SOILT200 L Ground temperature of a layer below ground (K)

SOILT400 L Ground temperature of a layer below ground (K)

SOILM010 L Soil moisture of a layer below ground (fraction)

SOILM040 L Soil moisture of a layer below ground (fraction)

SOILM100 L Soil moisture of a layer below ground (fraction)

SOILM200 L Soil moisture of a layer below ground (fraction)

SOILM400 L Soil moisture of a layer below ground (fraction)

WEASD Water equivalent of accumulated snow cover depth (kg m−2)

LANDSEA L Binary flag for land (1.0) / water (0.0) masking

SOILHGT L Terrain elevation of input data set), in meters

SPECHUMD Specific Humidity

Variable Description

SEAICE L Binary flag for the presence (1.0) / the absence (0.0) of sea ice

DWEPT Dewpoint (K)

DEPR Dewpoint Depression (K)

VAPP Vapor Pressure (Pa)

GEOPT Geopotential (m2/s2)

* = required; L = required for LSM option

Using the PREGRID sub-program, input variables from the meteorological data

are written to intermediate files in the form of two-dimensional horizontal (pressure

level or surface) record slabs of data. Each slab contains data for a single variable at

a single horizontal location and a vertical level. Any number of horizontal slabs may

be written to a single file. The data in all the slabs does not have to be from the

same source, but they should all be written at the same time stamp. The order of

slabs in a file does not matter. The minimum required variables by the PREGRID

sub-program are listed below in Table 3.1.
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The PREGRID sub-program has an inbuilt functionality to generate relative hu-

midity if specific humidity is specified in the input files. If relative humidity is not

stored as part of the meteorological data, the user may either compute it manually

using specific humidity values or use the PREGRID functionality to compute it.

3.4.1.4 REGRIDDER

The REGRIDDER sub-program is in a model-specific format and cannot be ma-

nipulated easily by the user. It is run after the successful completion of the PREGRID

run and reads intermediate data slabs written by PREGRID sub-program, compiles

the data, and interpolates data for any missing/user-specified pressure levels. The

REGRIDDER sub-program expects to find the following variables in the intermediate

files generated by the PREGRID sub-program: temperature, horizontal wind compo-

nents, relative humidity, height of pressure levels, sea-level pressure, sea-surface tem-

perature, and snow-cover data. The REGRIDDER sub-program also reads terrain,

land-use, and map projection information from the TERRAIN output files. If input

data needs to be interpolated from pressure levels available in the meteorological data

to other desired levels, it can be achieved using the REGRIDDER program. The RE-

GRIDDER sub-program generates an output file, REGRID-DOMAINn, which con-

tains data at all time periods for a single domain and is written out in a format that

is compatible with other pre-processors using the file. The output from the REGRID

program is ready to be used by the LITTLE-R, the RAWINS, and the INTERPF

programs depending on whether objective analysis is desired (LITTLE-R, RAWINS)

or not (INTERPF).

3.4.1.5 LITTLE-R and RAWINS

These programs are used to improve meteorological analyses (first guess) on the

mesoscale grid by incorporating information from observations or model analysis

data for objective analysis. As objective analysis is not the goal of this project,
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the LITTLE-R and the RAWINs programs are not used. Therefore, these programs

are not discussed in further detail.

3.4.1.6 INTERPF

The INTERPF program handles the data manipulation required to transfer in-

formation from the REGRID, LITTLE-R, and RAWINS programs to the mesoscale

model MM5. This pre-processor performs vertical interpolation, diagnostic compu-

tation, and data-reformatting. INTERPF reads the output data from REGRID,

RAWINS, and LITTLE-R programs and transforms variables on pressure surfaces

to terrain following sigma surfaces. INTERPF generates three different binary out-

put files: MMINPUT DOMAINn, BDYOUT DOMAINn, and LOWBDY DOMAINn.

The MMINPUT DOMAINn file contains time-dependent 3D and 2D fields such as

wind, temperature, moisture, and pressure. The BDYOUT-DOMAINn file contains

information for the lateral boundaries of the 3D fields. The LOWBDY DOMAINn

file contains either daily means, or time-varying surface temperature fields (surface

air temperature and sea surface temperature) and optionally sea-ice and snow-cover

fields.

3.4.1.7 MM5

MM5 program in the MM5 modeling system performs the regional climate or

mesoscale modeling. The two input files used to specify model parameters in MM5

program are CONFIGURE.USER and MM5.DECK. While CONFIGURE.USER pri-

marily supplies model physics and parameterization related details, the MM5.DECK

provides model configuration and model run related details.

The atmospheric phenomena in the areas surrounding the study area are rep-

resented in the model by means of parameterizations. For each atmospheric phe-

nomenon, several parameterization schemes were developed by different climate mod-

elers. The parameterizations are available in the form of several physics options in
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the MM5 program. These physics options are means to represent the atmospheric

phenomena in the modeling environment. Details of important physics options are

provided below.

1. Cumulus schemes: These schemes are used to represent the cloud schemes spe-

cific to the study area. MM5 is compatible with several cumulus schemes.

They are Anthes-Kuo, Grell, Arakawa Schubert, Fristch-Chappell, Kain-Fristch,

Betts-Miller, and Kain-Fristch 2. Each of the above listed cloud schemes are

suitable for different model grid sizes and different study-area locations. It

is important to select the appropriate cumulus scheme to represent the cloud

mechanisms of the study area. If the selection of a particular cloud scheme is

justified with well-published research and appropriate results for other users,

then that cloud scheme can be used. Generally, appropriate schemes are deter-

mined by means of sensitivity studies conducted for short periods of time prior

to the long-term climate modeling. The cumulus scheme for this project was

determined by means of sensitivity studies (Section 3.8).

2. Planetary boundary layer schemes: For a realistic representation of climate me-

chanics in study area, another important input to the MM5 program, is the

planetary boundary layer (PBL) representation. This scheme is used to define

the vertical resolution of the model domain. The options available in MM5

program are in the form of Bulk PBL, high-resolution Blackadar PBL, Burk

Thompson PBL, Eta PBL, MRF PBL, Gayno-Seaman PBL, and Pleim-Chang

PBL. Sensitivity studies are normally conducted prior to long-term model runs

to determine the suitable planetary boundary layer scheme. In this case, based

on an extensive literature review, it was realized that MRF PBL scheme was

most commonly used in regional models developed for arid, semi-arid regions,

and especially for those that run with the LSM option. Based on this informa-

tion, the MRF PBL scheme was selected as the PBL option for this project.
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3. Explicit moisture schemes: These schemes are used to represent the convection

mechanism of the study area in the modeling environment. The different forms

in which the explicit moisture schemes could be represented in MM5 are dry,

stable precipitation, warm rain, simple ice (Dudhia), mixed-phase (Reisner 1),

Goddard microphysics, Reisner Graupel (Reisner 2), and Schultz microphysics.

The moisture scheme suitable for the study area is determined either by means of

sensitivity studies or by referring to other regional studies performed in regions

similar to the study area. A simple ice moisture scheme was selected for this

project as that was the most recommended option to represent the climate

conditions of the study area and its surroundings.

4. Radiation Schemes: This physics option defines the complex atmospheric radi-

ation processes and the longwave and shortwave interactions. Several options

to represent the radiation dynamics are no radiation, simple cooling radiation,

cloud radiation scheme, CCM2 radiation scheme, and RRTM longwave radia-

tion. Based on the literature review, the cloud radiation scheme was the most

recommended alternative and was chosen for this project.

5. Surface Schemes (ISOIL for LSM option): The surface scheme furnishes in-

formation required to perform a regional model run in conjunction with LSM

option. The surface scheme provides details of the vertical resolution of the

surface features such as soil (temperature and moisture), snow, and vegeta-

tion. Surface schemes can be represented as the Blackadar scheme, five-layer

soil model, Noah land-surface model, and the Pleim Xiu Land-surface model.

The Noah LSM option is used for this project. As mentioned in Chapter 2,

running a RCM using the LSM option has become one of the essential steps of

regional modeling. LSM option specifications are explained in further detail in

Section 3.4.1.8.
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6. Miscellaneous: A bucket moisture scheme model is used to maintain the mois-

ture budget in soil moisture levels. The soil moisture can be initialized using

either the information available in LANDUSE.TBL or the soil moisture input

as part of the Noah LSM input. A snow cover switch is used to represent snow-

cover in the model. The polar mods option is used to better represent Antarctic

conditions if required in modeling.

The physics options or parameterization options are important features used in

defining the model structure. The userguide for the MM5 modeling system provides

a detailed description of the theory behind the usage of each of the physics options.

Those details are presented in Appendix E.

Details regarding the physics options, lateral boundary conditions, model nesting,

interactions of parameterizations, number of model domains, number of model grids,

model grid sizes, number of vertical half sigma levels, model run times, model time

step, latitude and longitude values, LSM options, and other details related to the

model run are provided in the CONFIGURE.USER and MM5.DECK files of MM5

program.

3.4.2 Land surface model (LSM) option

The LSM option is used to better represent the interactions between the biosphere

and the atmosphere. One of the important steps to ensure correct representation of

regional features in impact modeling is to run the MM5 regional model using the

LSM option. In version 3.6 of the MM5 model, the Oregon State University/NCEP

Eta Land-Surface Model was updated to the Noah LSM. Additional inputs should

be provided to the MM5 model to run it in conjunction with the Noah LSM model.

They are listed as follows.

1. TERRAIN: In addition to the regular terrestrial information, the TERRAIN

program requires an annual-mean deep soil temperature adjusted to model ter-
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rain elevation, a monthly climatological vegetation fraction, a dominant soil

type, and a dominant vegetation type in each grid cell.

2. REGRID: When the LSM option is used, the PREGRID sub-program in the

REGRID program expects additional input in the form of soil moisture, soil

temperature at various depths, water-equivalent snow depth, sea ice, and op-

tionally, both canopy moisture and soil-water content. Two additional types

of input can be specified in the REGRIDDER function of the REGRID pro-

gram. They are the 1-degree global maximum snow albedo, and the 0.15-degree

monthly climatological (snow-free) albedo.

3. MM5: To use the Noah LSM, set ISOIL=2 in CONFIGURE.USER prior to

compilation. IBLTYP=4 or 5 (the Eta or MRF PBL) must be used for now

because they are the only ones coupled to the LSM. The details of the soil

levels at which input soil temperature and moisture data are available should

be specified in CONFIGURE.USER.

3.4.3 MM5 model runs

The first step in performing regional climate modeling is providing the appropriate

input data and running the TERRAIN program. The outputs from the TERRAIN

program (TERRAIN-DOMAINn) and the gridded meteorological data from a selected

source are used to run the REGRID (comprised of PREGRID and REGRIDDER sub-

programs) program. The output from the REGRID program (REGRID-DOMAINn)

is used as input to the INTERPF program and output files MMINPUT-DOMAINn,

LOWBDY-DOMAINn, and BDYOUT-DOMAINn are generated. The final step is to

run the MM5 program.

One of the robust features of the MM5 modeling system is its ability to run

both in a single and multiple (parallel) processor environment. The lengthy runs

required by regional modeling impose a high demand on computing abilities of the
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machine used. Increased memory and performance from scalable parallel machines

will support higher resolution studies over larger domains. The MM5 program used

for this project was setup in a distributed memory parallel computing system. The

CONFIGURE.USER program, when executed in a parallel environment, generates

an executable MM5.MPP. The MM5.DECK program is executed to generate an

MMLIF file. The output files from TERRAIN (TERRAIN-DOMAINn), INTERPF

(MMINPUT-DOMAINn, LOWBDY-DOMAINn, and BDYOUT-DOMAINn), and

MM5 (MM5.MPP, MMLIF) are used to perform the final model run.

3.4.3.1 Computing facilities

The High Performance Computing Center (HPCC) at Texas Tech University was

established in 1999 to promote research and teaching on campus through integrating

leading-edge high performance computing and visualization for faculty, staff, and

students. HPCC has computational resources, which include several linux clusters

and a grid computing environment. One of the clusters, Hrothgar, is a Dell cluster

of 64 dual 3.2GHz Xeons and 64 2.33GHz dual quad-core Xeons. It has a total of

1TB of memory and 12TB of shared storage. Regional modeling for this project was

entirely carried out on the Hrothgar cluster. The DM-parallel version of MM5 was

set up on Hrothgar and runs were performed using 8 nodes. While each user has

access to several different queues to submit batch jobs, a quad core parallel processor

queue is the most efficient of all. To assure fair access to all users, the HPCC set

a 48-hour limitation on the quad core queue. Run executions are prioritized based

on submission times. From the start of job submission, a user has 48 hours time

to complete his job. If the run does not get completed within 48 hours, the job is

automatically terminated (HPCC).

Model runs are conducted using the MM5 program with MPP option (distributed

memory). The input files are supplied, and run lengths and location to write output

files are specified. A batch script is used to submit jobs to the quad core parallel queue.
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Using the quad cores and 8 parallel processors at a time, a 24-hour simulation can be

completed in 10 minutes (approximately). The same simulation was completed in 50

minutes (approximately) using a single processor. Therefore, the parallel processor

server is setup to perform close linear scaling. The run times are specific to each run

and vary depending on input data types, input conditions, computational facilities,

and the output requirements.

3.4.3.2 MM5 model output

When a normal MM5 simulation is performed using a single processor, the graph-

ical version of output is written to the file, MMOUT-DOMAINn. Individual output

files are written for each domain depending on the number of domains used. The

information in the MMOUT-DOMAINn file can be visualized using several post-

processor graphical aids that are available in the MM5-suite. When MM5 simulation

is performed using multiple (parallel) processors, time series output for surface vari-

ables is generated along with the MMOUT-DOMAINn files. If a time series output is

desired and so specified in the input files, the time series output is written to several

RSL files. The number of RSL files created will be equal to the number of processors

used. The output corresponding to a latitude and longitude combination is written

to an RSL file associated with the processor for that latitude/longitude location. An

example of this phenomenon is depicted in Figure 3.1 shown below. If the latitude

and longitude at which the time series output is desired happens to be in the area

where processor 2 are performing the calculations, the time series will be written to

RSL.OUT.0002.

While MMOUT-DOMAINn can be used to view graphically the changes in dif-

ferent variables over the entire model domain, the time series output is of utmost

relevance to accomplishing the objectives set for this project. If MMOUT files were

used to generate output, the wind variables would have to be rotated from model

coordinates to earth coordinates before comparing them with observational winds.
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Figure 3.1: Representation of multiple processors in MM5.

The time series output generates wind values that are rotated to earth coordinates,

sparing the user the additional conversion step. Although a limited number of vari-

ables are written to the time series output, the variables that are pertinent to this

project are all available in the time series output. The time series output are written

at the latitude/longitude cross points. The latitudes and longitudes where output is

desired can be specified in the MM5 program input files. The list of surface variables

written out in the time series output is provided below.
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1. Forecast time in minutes (xtime)

2. Nth time series (time-step)

3. J and I locations of the time series (its and jts)

4. 2-m or lowest sigma level temperature in Kelvin (t-sfc)

5. 2-m or lowest sigma level mixing ratio (kg/kg) (q-sfc)

6. 10-m or lowest-sigma level winds (m/sec), rotated to earth coordinates (u-sfc,

v-sfc)

7. Reference p* (unit cb, or 10*hPa) (pstar)

8. Perturbation pressure at the lowest-sigma level (unit Pa) (pp-sfc)

9. Accumulative convective precipitation (cm) (rainc)

10. Non-convective precipitation (cm) (rainnc)

11. Column-integrated cloud water (mm) (clw)

12. Surface downward long-wave and short-wave radiation (W/m2) (glw, gsw)

13. Surface sensible and latent heat (latent heat of vaporization) flux (W/m2) (hfx,

qfx)

14. Ground or skin temperature (if ISOIL = 2) temperature in Kelvin (t-ground)

3.4.3.3 Restart runs

Another important aspect of output generation in the MM5 program is the “restart

option”. The MM5 program has a restart option that can be used to perform long

periods of runs or when the model ends abruptly or when the program blows up at

certain time. As a part of the output generation process, restart files are written
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out at user-specified intervals. The last restart file generated towards the end of the

run time of a given run can be used to restart the model for the subsequent run. For

example, if a model run for a period of one year is desired, the run could be performed

in four small chunks of three-month runs instead of running the program for the entire

year. The model is run for the first three months; the restart file written at the end

of the first three months is used to initialize the run for next three months, and so

on. This option is helpful when climate simulations are performed for a period of

20 – 30 yrs. If a computing facility with unlimited memory and uninterrupted access

is available, a model can be run for the entire period without using a restart option.

Technical difficulties, server shutdowns, or input data discrepancies and might cause

the run to stop abruptly. If a restart option is used, the model could be restarted at

around the time the run ended instead of starting all over again. In addition to that,

if a long run without restart option is simulated, the output files generated from such

an MM5 run are so huge that the computing facilities of the HPCC are not sufficient

to store those files1.

3.4.3.4 MM5toGrADs

MM5toGrADs is one of the post-processor utilities available as a part of the MM5

modeling suite. This graphical utility can be used to convert MM5 output to data

that can be displayed using a graphical viewer. The advantage of this utility is that

it does not need additional libraries to run and it allows the user to create plots

interactively. The MM5toGrADs utility was used to view the output file generated

from the REGRIDDER program. The utility converts the output file REGRID-

DOMAINn to a readable header/subheader format, which the user can check if the

REGRIDDER program is reading all the input variables correctly (correct units,

correct variables, appropriate cross and dot locations). The MM5toGrADS program

was also used to visualize the graphical representation of output variables in MMOUT-

1Personal Communication with Ms. Cindy Bruyere, MM5 user group in January, 2006.
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DOMAINn files (MM5).

There are several utility programs and post processors available as part of the

MM5 modeling suite. Only those utilities with functionalities that are relevant to

this project were used during modeling. While each utility program has a specific

purpose and use, details of the utilities not used in this project are not discussed.

3.4.3.5 Long-term runs

There are different schools of thoughts on the methodology of conducting long-

term climate simulations. When information was sought via the MM5 user groups,

conflicting opinions were received regarding the methodology used to perform long-

term simulations. Different authorities were contacted and their proposed method-

ology was analyzed in detail. Based on the discussions, a 20-year climate simulation

required for this research could be performed using the following options.

1. The basic premise of this option is that a continuous 20-yr simulation is to

be performed using several restart options. The model is initiated using the

MMINPUT-DOMAINn file for the first year and the simulation is continued

for the 20-year period using restart option. The MMINPUT-DOMAINn for

the first time period is used for all the subsequent runs. The lateral boundary

conditions are supplied once every 6 hours2.

2. Another methodology proposed is to run the model in small chunks (few days

to months at a time) using frequent reinitialization. The idea is to reinitialize

the model once every few days to keep the relationship between RCM and GCM

intact. This methodology is more practical for weather forecasting because the

periods of interest are short. For people working on weather forecasting, the

2Personal Communication with Ms. Lai-Yung Ruby Leung, Climate Physics Laboratory Fellow

at Pacific Northwest National Laboratory, in September 2006.
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primary concern is to retain the large-scale oscillations that are obtained from

the driving GCM.

3. The third option is to perform the 20-yr simulation as several independent small

runs without using spectral nudging or restart options. The theory supporting

this option is that error generation/propagation happens quickly as the run

starts, the transmissions slow down after an elapse of time and pick back up

again. So by means of trial and error test runs, as one figures out the ideal run

time the initial and later parts of the output can be overlapped. The overlapped

portions can be discarded later and the intermediate output can be retained. If

this method is followed, then several short period runs instead of one long-term

run is justifiable. In this option, the model is reinitialized frequently so the

RCM is not allowed to drift and the error transmission is kept to minimum,

but it is difficult to determine the optimal run-length to achieve the optimum

results3.

Depending on the purpose of modeling, each user chooses the run methodology

that most suits their purpose. Some researchers conduct sensitivity studies to deter-

mine the option that produced results similar to the observations to select the correct

methodology. For this project, Option 1 was determined to be the most appropriate

methodology.

The justification for using Option 1 is that for regional models using the LSM

option, reinitialization is not a viable alternative because LSMs take a long time

to fully spin up (equilibrate) the soil moisture and soil temperature profiles. Post

initialization, the LSM processes take some time to stabilize; so by not reinitializing

the model frequently, the LSM is allowed to stabilize. The time scales for soil moisture

accumulation and soil temperature adjustment at the 1- or 2-meter depth are on the

3Personal Communication with Mr. Rick Steed, Researcher at University of Washington, in

September 2006.
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order of months. If the model is reinitialized every few days, the LSM will never spin

up.

However, by not reinitializing the model frequently, the regional model is allowed

to drift away from the GCM. Analysis nudging is a suggested solution to reduce the

drifting of the RCM from the lateral boundary conditions. The nudging coefficients

used in the MM5 program are unnecessarily strong, and it is recommended to avoid

all forms of nudging as far as possible.

In this case, it is acceptable to allow the RCM drift way from the GCM because

the main purpose of climate modeling is observing long-term trends and averages

in variables, not testing the ability of the RCM to represent a given day as it is in

GCM. Using a large buffer between the mother domain and the nested domain helps in

better transmission of information between the GCM and the RCM. Also, maintaining

enough overlap between each restart run helps in the reduction of error propagation.

These precautionary measures were used to minimize the error propagation.

3.4.3.6 Errors and fixes

The following errors were frequently encountered during the model run process.

The reasons for the errors and the solutions to the problems are explained in detail.

1. CFL > 1, NUMBER OF ITERATIONS IN CONVAD EXCEEDS 20: The cause

for this error was either a strong convection in input data or instabilities/small

problems with input data. If there was a strong convection in input data, it

may not have been resolved within the given time step. Reducing the timestep

of the run helps the model handle the instabilities. This error was encountered

several times during the course of model runs. The problem was solved by using

a time step less than 90 seconds for the short period where the error occurred.

2. The time series output is not written after 9999.9 minutes: Unless otherwise

specified, the MM5 program is set to write time series output for 9999 minutes

75



Texas Tech University, Spandana Tummuri, December 2008

only. If output for more than 9999 minutes is desired, the 987 fortran format

in domain/io/outts.F file should be changed to represent the requisite value.

3. SVLAST set to TRUE: If SVLAST is set to TRUE, restart file for the last

restart time step is saved. This step is recommended from a file-management

point of view because it only generates one requisite restart file for the last

restart time step instead of several restart files for multiple intermediate restart

time steps. However, the SVLAST set to TRUE results in a restart file named

as “r-00000”. When this file is used in the subsequent run, the 00000 file is not

recognized as the program expects the restart file to represent the exact time at

which they were written. If SVLAST is set to FALSE, the restart file written

out at the restart time step has the time stamp associated with the file making

it easily recognizable in the subsequent run. Therefore, even though it results in

several files, the only way to perform restart runs successfully is to set SVLAST

= FALSE and then manually delete the intermediate restart files that are not

required.

4. IMOIAV set to zero: For initiating a soil moisture scheme, MM5 has three differ-

ent options (0, 1, and 2) available. The bucket soil moisture scheme (IMOIAV)

keeps a budget of soil moisture by allowing the moisture to vary with time in

conjunction with the changes in precipitation and evaporation rates. Setting

IMOIAV = 0 leaves the soil moisture scheme uninitialized. The soil moisture

can be initialized using LANDUSE.TBL (IMOIAV = 1) or using soil moisture

input data for Noah LSM model (IMOIAV = 2). Even though soil moisture was

available both in LANDUSE.TBL and Noah LSM input data, setting IMOIAV

equal to either 1 or 2 did not result in a successful run. The reason for this has

not been determined so far. Therefore, as per the recommendation of the MM5

model support group, IMOIAV was set to zero.
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3.5. Selection of reanalysis data for Phase I analysis

After finalizing the RCM model, the next step was to select the appropriate reanal-

ysis data to perform the Phase I analysis for the project. The MM5 website provides

details of several reanalysis datasets that were generated by different research groups.

All reanalysis datasets are available in formats that are compatible with MM5 in-

put requirements. The reanalysis data sets are freely available on the MM5 website

upon requesting permission to access the data. The datasets were distributed by the

Data Support Section (DSS) of the Computational and Information Systems Labo-

ratory (CISL) at the National Center for Atmospheric Research (NCAR). NCAR is

supported by grants from the National Science Foundation. Its budget is 150 – 200

million dollars/year. The data could be obtained from this archive by submitting a

request for computing services at NCAR. A data-access account for 20 GAUs (general

accounting units) for a period of 3-years was granted free of charge. The reanalysis

data was transferred from the Mass Storage Structure (MSS) maintained by DSS.

It was important to select the reanalysis dataset that was most suitable for the

study area and the modeling requirements of this project. A few of the factors used in

determining the suitability are 1) the reanalysis domain must extend over the study

area, 2) the reanalysis data must be available for the period of interest (1970 – 1990),

3) the reanalysis data format must be compatible with the input formats required by

MM5, and, 4) all the input variables required by MM5 program and the LSM model

should be available in the reanalysis dataset. The comparison of different datasets

and the basis for selecting the reanalysis dataset are explained in the following section.

3.5.1 Basis for selection of reanalysis data set for study area

There are several sources of gridded meteorological analysis data available to ini-

tialize the RCM in Phase 1. The sources that are applicable to the RCM used in this

project (MM5) and the study area are listed below (MM5).
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1. NCEP GDAS

2. NCEP/NCAR Reanalysis

3. NCEP Eta

4. ECMWF Reanalysis

5. MRF/AVN final analysis

6. ERA 15

7. ERA 40

NCEP GDAS: The NCEP GDAS (Global Data Assimilation System) analysis as

archived at NCAR is the most commonly preferred option for analyses. Analyses are

available every 12 hours. Data are archived on a 2.5◦ × 2.5◦ latitude/longitude grid.

Data are available from the mid-1970’s and are periodically updated. Through March

1997, data are in ON84 format. Beginning in April 1997, data are in GRIB format.

These data are archived on the DSS server as ds083.0 series.

NCEP/NCAR Reanalysis: This data set is a global analysis of data beginning

in 1948 using a single analysis system for the entire dataset. Analyses are available

every six hours. Data are archived on a 2.5◦ × 2.5◦ latitude/longitude grid and a

gaussian grid (1.9◦ latitude, 2.5◦ longitude). Data are archived on the DSS server as

ds090.0 series.

NCEP Eta: The NCEP Eta is a regional analysis and forecast dataset for North

America. The real-time Eta analyses and forecasts starting from 1995 are stored on

the DSS server as ds609.2 series, and they are periodically updated.

NARR: The North America Regional Reanalysis (NARR) dataset was computed

at NCEP, and the reanalysis data are available for the period 1979 – 2003. The highest

resolution output is generated at an interval of 32 km spatially and every three hours
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temporally. NCEP has plans to extend the NARR dataset for periods after 2003

and update the dataset periodically. The NARR datasets are archived at NCAR and

NCDC websites.

ERA15: The ECMWF Reanalysis is a global analysis of 15 years of data. Archives

are from Jan 1979 through Dec 1993. Data are archived on a 2.5◦ × 2.5◦ lati-

tude/longitude grid, in GRIB format.

ERA40: The ECMWF Reanalysis is a global analysis of 40 years of data. Archives

are from Sep 1957 through Aug 2002. Data are archived on a 2.5◦ × 2.5◦ lati-

tude/longitude grid, in GRIB format.

The NCEP GDAS, NCEP Eta, ERA 15, and NARR analyses are archived for

a short period of time and were not available for the entire period of interest for

this project (1970 – 1990). Therefore, these datasets were dropped from further con-

sideration. Reanalysis data generated by NCEP/NCAR and ECMWF experiments

consisted of data for long periods of time and were considered for further analysis.

The gridded meteorological data were obtained from NCEP/NCAR reanalysis

data source (ds090.0 series). The data files were downloaded from the DSS server

after seeking special permission from NCAR. After downloading the entire dataset,

it was realized that the files had some missing data points and data inconsistencies.

The data files were saved on gaussian grids and had to be transformed to normal

latitude/longitude grids before use. The sea surface temperatures (SSTs) were not

stored as part of ds090.0 series but were to be obtained from a different source, ds277.0

series. The NCEP OI (ds277.0) is a weekly and monthly 1×1 global analysis dataset

that is available for the period 1981 – 2006. Two limitations of using this dataset as

a source for SSTs were the short period of record and the coarse (weekly) frequency.

Because of these limitations, the NCEP/NCAR dataset was not used as a source for

gridded meteorological data.
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The ERA 40 reanalysis was used as the source for the gridded meteorological data

to run the MM5 in Phase I of this research. Special permission was obtained from

NCAR to access the ERA 40 data archived on the DSS server. ERA 40 is available

in the form of two series ds118.0 and ds118.1. Series ds118.0 is a compilation of

2.5◦ latitude-longitude gridded surface and the single level analysis from ECMWF.

This dataset contains 11 variables on 23 pressure surfaces and on an equally spaced

global 2.5◦ latitude-longitude grid. All variables are reported four times a day for

the period 1957 – 2002. All the files in the dataset are pure binary files, and each

file stores data for one month. The data variables stored in series ds118.0 files are

listed as follows: air temperature, cloud amount/frequency, dew point temperature,

evaporation, ice extent, precipitation amount, sea level pressure, shortwave radiation

soil moisture/water content, soil temperature, surface winds, and thermal infrared

wind stress. Series ds118.1 contains the ERA 40 2.5◦ latitude-longitude gridded upper

air analysis on pressure surfaces from ECMWF. The files in series ds118.1 are stored

at the same frequency and in the same format as series ds118.0. The variables stored

in these files are air temperature, boundary layer winds, convergence/divergence,

humidity, tropospheric ozone, upper level winds, vertical wind motion, and vorticity.

The u and v variables are stored as separated files.

ERA 40 data was compatible with the input requirements of REGRID program.

There were no discrepancies in the data storing procedure or in the data availability

within the files. All these files were downloaded succesfully and used for the Phase I

analysis.

3.6. Selection of GCM data for Phase II analysis

Unlike the limited number of reanalysis datasets available for Phase I analysis,

the GCM data for Phase II analysis was available at several data sources developed

by different climate groups. Because most of the reanalysis datasets contain gridded

meteorological data based on observations and most of the reanalysis experiments
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were performed on domains in the U.S., the ability of reanalysis datasets to represent

the study area was easily assessed by comparing them with observations. Because

GCM data cannot be compared with observations, the principles applied in selection

of reanalysis data could not be applied for the GCM selection.

Therefore, the first step was to determine the suitability of a GCM for usage in

the Phase II analysis. GCMs are run on global scales and the output from a GCM

is model-generated data. Because GCMs only represent continental-scale features, it

would not be appropriate to compare the GCM output with local and regional level

climate variations to determine suitability. GCMs should be tested on their ability to

represent continental scale features impacting the climate of the study area. In order

to perform this test, first it is important to determine the global scale atmospheric

processes impacting the climate of the study area. The determination of atmospheric

process impacting the study area is explained in Section 2.5 in Chapter 2 and Section

3.6.1 below. Once determined, those global scale features are simulated by different

GCMs and the GCMs that result in the most realistic simulations of the global scale

features and are considered for selection. This methodology is explained in Section

3.6.2.3 below.

Another technique of selecting GCMs is to compare them with other GCMs and

observe the performance of GCMs in a comparative environment. This comparison

analysis is explained in Section 3.6.2.4 below. Therefore, the selection of GCM for

Phase II of this research is based on two different methods of GCM selection tech-

niques as explained above.

3.6.1 Basis for GCM selection for study area

On conducting a detailed review of the literature available, it was observed that

the jet streams exercised considerable impact on the climate of northwest Texas. The

general conclusion is that El Niño (La Niña) years resulted in increased (decreased)

precipitation levels and decreased (increased) temperature levels for United States.
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The sensitivity and conformity of northwest Texas climate to this phenomenon was

tested by conducting a sensitivity analysis as explained below.

A study of the impact of El Niño - Southern Oscillation (ENSO) on Texas climate

was conducted. The main focus of the study was to understand the sensitivity of

northwest Texas climate to ENSO-related teleconnections before proceeding to the

comparison analysis of GCM-generated jet stream movement with actual jet stream

movement. The variations in average temperature and precipitation anomalies during

El Niño and La Niña years have been analyzed.

The climate data for Lubbock and Amarillo regions were gathered. The surface

daily data for precipitation, maximum, and minimum temperature were obtained

from the NOAA data source. A continuous record of daily data existed for the period

1911 – 2006 for Lubbock and for the 0period 1948 – 2006 for Amarillo. The daily data

were first converted to monthly data by calculating the monthly averages and later

the monthly values were manipulated to represent seasonal (spring, summer, fall, and

winter) variations. Seasonal precipitation and temperature anomalies for each year

were calculated by subtracting the seasonal average for the entire period of record

from that year’s seasonal averages.

These seasonal temperature and precipitation anomalies were sorted into El Niño

and La Niña years by comparing the seasonal anomalies with ENSO climate indices.

Climate indices (or time series) are generated by several research groups, and they

are freely distributed by National Oceanic and Atmospheric Administration (NOAA).

The climate indices are formulated in an attempt to characterize and understand

the various climate mechanisms that culminate in our daily weather. The Bivariate

ENSO Time series (BEST) were chosen for the comparison analysis. The BEST values

were calculated from combining a standardized Southern Oscillation Index (SOI) and

a standardized Niño3.4 sea surface temperature (SST) time series. These climate

indices were available for a period of 1873 – 2003. Because there are no ENSO time
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series available for the time period 2003 – 2006, the daily data values for this period

were ignored for Lubbock and Amarillo regions.

The ENSO indices (time series) were available at monthly frequencies. For each

year, seasonal averages of the time series were manually calculated for the four (spring,

summer, fall, and winter) seasons. A seasonal climate index value greater than 0.4

implied an El Niño season and an index value less than -0.4 implied a La Niña season.

The index values between 0.4 and -0.4 indicated a neutral season (neither El Niño

nor La Niña).

The seasonal precipitation and temperature anomalies were compared with sea-

sonal climate indices, and the seasons were sorted into El Niño, La Niña, and neutral

seasons. For example, if the climate index (0.5) for summer of 1993 indicated an El

Niño season (index is greater 0.4 therefore El Niño), the precipitation anomaly for

that summer contributed to El Niño anomaly. The average of El Niño, La Niña, and

neutral seasonal anomalies for all years in the period of record was calculated. The

increasing/decreasing trends in average anomalies of precipitation and temperature

for the entire period of record were plotted. The trends in precipitation anomalies

were studied to verify if the variations conformed with those expected from the impact

of a jet streams.

The summary tables and results are provided in Chapter 4. The results of the

sensitivity studies confirmed a pronounced influence of jet streams on the climate of

northwest Texas as reported in literature.

Another basis of selecting a GCM is the comparison of its ability to represent the

climate variables for a given period of time with that of other GCMs. The climate

variables that impact the hydrologic cycle were determined, and the magnitude for

each of these variables as predicted by several GCMs was compared. The climate

models are sorted into those that predicted high, low, and moderate ranges of values

for the variables and the model that predicted moderate ranges was selected.
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3.6.2 GCM selection methodology

Once the basis for selection of GCM is determined, the GCM selection is carried

out by means of two comparison methodologies. The methodologies are listed below.

1. The representation of jet stream movement over the United States by several

GCMs was compared with the real time representations of jet stream movement.

2. The comparison of the magnitude of climate variables generated by different

GCMs for different emission scenarios were analyzed for surface temperature,

precipitation, radiation, wind, and relative humidity.

3.6.2.1 Data collection

Data collection was the first stage of the comparison analysis and was common

to both methodologies. The climate simulations from 23 GCMs were obtained from

data sources established by different modeling groups, co-researchers, and the Earth

System Grid (ESG) data source (ESG). ESG is sponsored by the U.S. Department

of Energy (DOE) Office of Science. The primary objective of ESG is to provide

climate researchers access to the details of global climate models. Daily output from

historical simulations and future projections of surface temperature, precipitation,

relative humidity, wind, and radiation were collected to carry out the comparison

analysis.

The data files at these sources were stored in the NetCDF (.nc) format. These files

were accessed using the Grid Analysis and Display System (GrADS) software package.

GrADS is freely available software that can be used for easy access, manipulation,

and graphical visualization of climate data. The input data for GrADS has to be in

the binary, GRIB, NetCDF, or HDF-SDS format.

All of the GCMs that had complete data published on the sources were selected.

Several research groups that had provided GCM data did not make daily data avail-

able. Because daily data are required to force the RCM boundary conditions, these
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climate models were dropped from further consideration. As a next step of refine-

ment in analysis, the number of models being examined was chosen based on two

additional criteria: first, whether the models had adequate resolution (at least 3◦) to

drive a regional model, and second, whether the models were well documented in the

literature. These two criteria enabled the elimination of the following models: GISS

AOM, GISS E-R, GISS E-H, GFDL R30, CGCM3, INMCM, IAP-FGOAL, IPSL,

MRI-CGCM 2, and HADgem. Based on the three criteria listed above, the following

GCMs were selected for the GCM comparison analysis for the study area:

1. PCM

2. CCSM 3.0

3. HaDCM3

4. CSIRO Mk3

5. ECHAM5

6. GFDL 2.1

7. MIROC (CCSR)

3.6.2.2 Description of GCMs

Details of the above-listed GCMs are described below. The description contains

of salient features pertaining to the atmospheric and the oceanic components of the

model.

1. Parallel Climate Model (PCM)

The Parallel Climate model was developed as a joint venture of DOE, NCAR,

Los Alamos National Laboratory (LANL), the Naval Postgraduate School (NPG),

and the U.S. Army Corps of Engineers’ Cold Regions Research and Engineering
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Lab (CRREL). It is a coupled model of the NCAR Community Climate Model

version 3, the LANL Parallel Ocean model, and a sea ice model from the Naval

Postgraduate School developed in a massively parallel computer environment.

The atmospheric component of PCM is a parallel version of the NCAR Com-

munity Climate Model version 3 (CCM3). This model has a state-of-the-art

atmospheric component that includes the latest versions of radiation, boundary

physics, and precipitation physics. The ocean component of the climate model

has a grid resolution of 2/3◦ latitude × 2/3◦ longitude and increased latitudinal

resolution of 1/2◦ near equator (Bettge et al., 2001).

2. Community Climate System Model (CCSM 3.0)

CCSM is a coupled climate model composed of four separate models simulating

the earth’s atmosphere, ocean, land surface, and sea-ice. It has one central

coupler component. The CCSM project was a cooperative effort of several

climate researchers and was supported by the NSF, NCAR, DOE, and the

National Air and Space Administration (NASA). The atmospheric model is the

Community Atmosphere Model (CAM), a global atmospheric GCM developed

from the NCAR CCM3. The model grid has a horizontal resolution of 128

longitudinal by 64 latitudinal points with 26 vertical levels. The oceanic model

is an extension of the Parallel Ocean Program (POP) Version 1.4.3 developed by

Los Alamos National Laboratory (LANL). POP grids in CCSM are displaced-

pole grids, centered at Greenland, with a horizontal resolution of 1◦ latitude ×

3.6◦ longitude with 40 vertical levels (Vertenstein et al., 2004).

3. Hadley Center Climate Model (HaDCM3)

HaDCM3 is a coupled atmosphere-ocean general circulation model (AOGCM)

developed by the Hadley Center at the Meteorology Office, UK. The atmo-

sphere component of this climate model has 19 vertical levels and a horizontal
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resolution of 2.5◦ latitude × 3.75◦ longitude. The model has 96 × 73 grid cells

covering the entire world. The oceanic component of HaDCM3 has 20 vertical

levels with a horizontal resolution of 1.25◦ latitude × 1.25◦ longitude. At this

fine oceanic resolution, the climate model can effectively represent important

details in the oceanic current structure (HADCM3).

4. CSIRO Mk 3.0 Climate System Model

The CSIRO Mk 3.0 climate model developed by CSIRO atmospheric research

group in Australia represents four major components of the climate system;

– atmosphere, land surface, ocean, and sea-ice. The atmospheric component

of this climate model was developed in-house. The atmospheric component of

the Mk 3.0 model has a horizontal spectral resolution of T63 (1.875◦ latitude

× 1.875◦ longitude) with 18 vertical levels. The ocean model is based on the

Geophysical Fluid Dynamics Lab (GFDL) MOM2 code. It was specifically

configured to couple with the atmospheric model. The oceanic component of

this climate model has a horizontal spectral resolution of T632 (1.875◦ latitude

× 0.9375◦ longitude) with 31 vertical levels (Gordon et al., 2003).

5. ECHAM 5

ECHAM5 is a fifth-generation atmospheric general circulation model developed

at the Max Planck Institute of Meteorology (MPIM). It is a coupled model

consisting of atmospheric, oceanic, and land surface components. ECHAM5

is a GCM of the atmosphere with spectral dynamics and a flux-form, semi-

lagrangian transport scheme for water vapor, cloud water, cloud ice, and tracers.

The model has a horizontal resolution of 2.8125◦ latitude × 2.8125◦ longitude

and vertical resolution of 31 layers (Roeckner et al., 2003).

6. GFDL 2.1

The GFDL CM 2.1 is a coupled atmosphere, land, and ocean model. This
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climate model was developed by the Geophysical Fluid Dynamics Lab. GFDL

2.1 is a grid point model with a horizontal resolution of 2◦ latitude × 2.5◦

longitude for atmosphere and land components. The ocean component has a

horizontal resolution of 1◦ latitude × 1◦ longitude. The vertical resolution of

the atmospheric and oceanic components is 24 layers (GFDL).

7. MIROC (CCSR)

The Model for Interdisciplinary Research on Climate (MIROC) is a coupled

general circulation model consisting of five components: atmosphere, land, sea

ice, river, and ocean. The atmospheric component of the climate model is

the CCSR/NIES/FRCGC AGCM version 5.7. The horizontal resolution of

the atmospheric component is 2.8125◦ latitude × 2.8125◦ longitude and the

vertical resolution consists of 20 layers. The oceanic component of the climate

model is the CCSR Ocean Component Model (COCO) version 3.4. The oceanic

component has a horizontal resolution of 1.4065◦ latitude × 0.56◦ longitude with

43 vertical layers (MIROC, 2002).

The GCMs listed above were used to perform GCM comparison analysis using

the two different methods. Eight GCMs were short-listed for Method I of GCM

comparison analysis and seven for short-listed for Method II comparison analysis.

After performing Method I one of the climate models was dropped from further

consideration and, therefore, it was not used for Method II comparison.

3.6.2.3 Method I of GCM comparison analysis for GCM selection

The first method of the GCM comparison analysis was based on a methodology

developed by a climate researcher Mr. James Bradbury. The details of Bradbury’s re-

search and the methodology used to conduct the analysis for this project are provided

as follows.
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Bradbury et al., (2002a) conducted a study on the New England (NE) region to

understand the primary climate mechanisms controlling the intraseasonal and mul-

tiannual winter season climate change in New England. Although these researchers

concluded that significant teleconnections existed between the NE climate and the

NAO and PNA indices, the mechanism behind these links is unclear because of the

proximity of NE to the centers of actions for NAO and PNA. In an attempt to char-

acterize the NE regional atmospheric flow so as to better understand the dominant

mechanisms driving the winter climate clearly, Bradbury et al., (2002a) developed

two regional indices – the Trough Axis Index (TAI) and the Trough Intensity Index

(TII). The U.S. east coast, forming a boundary between the cold U.S. continent and a

warm ocean, and the meriodional sea surface temperature shift at the northern edge

of Gulf Stream, which define the geographic mean location of the east coast trough.

The factors controlling the intraseasonal to interannual variability in the longitude

and character of this trough are not clearly defined. The indices were developed to

understand the relationship between the trough variability and the regional SSTs and

large-scale atmospheric circulation patterns.

The modelers computed monthly TAI data using the mean longitudinal position

of the mid-tropospheric east coast pressure trough and determined the upper level

divergence and convergence, baroclinic instability, and cyclone activity. The east

coast trough is located typically near 75◦W longitude; however, the mean monthly

position of the trough can occur in between 40◦W to 100◦W. The grid to calculate

TAI data extends from 120◦W to 39◦W longitudes and 40◦N to 47.5◦N latitudes.

The TAI index was calculated by averaging the longitudinal positions of minimum

500 hectopascal (hPa) pressure heights observed at four latitudinal steps with 2.5◦

increments within the grid range. Monthly values of the TAI index could not be

computed during periods when a singular regional trough was not defined clearly.

If, for a month, the minimum pressure height observed at any latitude (from 40◦N
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to 47.5◦N) was at the domain boundary that month was not considered. An index

value was not assigned to a given month if a minimum pressure level observed at any

latitude was greater than 20◦ east or west of the minimum pressure level observed

at any other latitude. TII is an estimate of wave amplitude at 42.5◦N. The index

is the mean difference between 500-hPa heights (Hi) at the center of the trough and

500-hpa heights from 12 grid points east and west of the trough center. The authors

concluded that TAI and TII represent important features in regional midtropospheric

flow. These features were related significantly to NE winter precipitation and winter

temperature. Improved modeling of northeastern winter climate variability resulted

from use of correlation between TAI and TII indices and regional and hemispheric

scale climate indices.

The principles used to generate the TAI and TII indices and their gridded data

could be applied to analyze similar synoptic scale climates in other regions of United

States. Bradbury et al., (2002b) state that although few regional climate studies

adopted such techniques, additional studies focused on this geographical region would

result in better understanding of the relationship between upper air climate patterns

and regional surface climate variability. The authors also state that the simple and

generic format of these indices make them useful for efficiently analyzing the ability

of GCMs to represent the upper air climate patterns.

Another important index used to relate upper air patterns and regional climate is

the JLI. The JLI was developed by Bradbury et al., (2002b) to understand the seasonal

variation of the latitudinal location of the polar front. JLI was developed initially

for the New England region. JLI represents the monthly mean position of the polar

front jet based on 200 mb zonal winds. The location of the polar front is determined

from the latitude of maximum zonal winds in the 20◦N to 60◦N range. The JLI is

equal to the average latitude of maximum zonal winds in between longitudes ranging

from 65◦W to 80◦W. Applying the same logic used for the TAI determination, JLI
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was not assigned to all the months because the singular regional jet was not clearly

identifiable in the index domain for some months. The isolation of the months with

more than one apparent jet was carried out by rejecting data points for the months

where the maximum zonal wind velocity observed at any longitude (from 65◦W to

80◦W) was identified at the vertical domain boundary. For any given month, the

index value was not assigned if the observed maximum zonal wind velocity at one

longitude was greater than 12◦ north or south from the maximum zonal wind velocity

observed at any other longitude. As with TAI, these automated screening procedures

were proven to be effective at removing most months lacking a clearly distinct jet

or having more than one predominant jet within the index domain. Months with

unclear or indistinct jets or months with more than one jet within the index domain

were eliminated efficiently using automated screening procedures.

A JLI similar to the one generated for the NE was developed by Bradbury for

the northwest Texas region. The TX-JLI was determined for a domain comprised

of 20◦N – 60◦N, and 97.5◦W – 105◦W. The comparison study was carried out for nine

GCMs datasets and the NCEP reanalysis dataset. Based on the initial elimina-

tion process explained in Section 3.6.2.1, GCMS PCM, GFDL, CCSM, HaDCM3,

ECHAM5, CSIRO, CGCM3, GISS, and MIROC were selected for this analysis.

The latitudinal location of the 200-hpa maximum u-wind (as projected by different

GCMs) was analyzed for four longitudes (97.5◦W, 100◦W, 103◦W, and 105◦W) for a

period of 10 years (1980 – 1990). GCM data was input into the JLI model developed

by Bradbury and the output was analyzed to determine the jet stream representation

of each GCM.

A detailed discussion of results and conclusions from this study is provided in

the Chapter 4. Trends generated by climate models GFDL, HaDCM3, and CCSM

compared well with the trends generated using NCEP reanalysis data. These cli-

mate models represented continental and regional scale features (jet streams) better
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than other models. Based on the results obtained from Method 1 analysis, GFDL,

HaDCM3, and CCSM climate models were short-listed to input boundary conditions

to the RCM.

3.6.2.4 Method 2 of GCM comparison analysis for GCM selection

The procedure adopted in Method 2 of the GCM comparison analysis was to

analyze the range of projected changes represented by several GCMs over the study

area (in terms of surface temperature, precipitation, radiation, and relative humidity)

based on the current uncertainty in climate sensitivity. In this method, the GCM

evaluation for the study area was carried out using the process described below.

The GCM comparison was carried out for three 30-year periods: historical (1960 –

1990), near future (2035 – 2065), and far future (2070 – 2100). Most of the datasets

for climate models contained records of climate variables starting from year 1860

and ending at 2100. Most of the data files contained monthly values, but for some

variables, such as minimum and maximum temperature in some climate models, data

were available on daily basis. These daily values were converted to monthly values.

The changes in climate variables are erratic for a 10-year period whereas a 30-year

period generally represents the trends effectively. Because the purpose of the project

was to observe statistical trends/changes in climate, which is defined as the mean

weather that occurs over a sufficiently long time period (generally a minimum of 30

years) and does not include interannual variability, GCM data analysis was conducted

for a 30-year period.

The uncertainty in climate sensitivity was represented by means of climate sce-

narios developed by the IPCC. For the historical period, CMIP’s “20th Century

Climate in Coupled Model” or 20C3M scenarios were used. The 20C3M datasets

represent each modeling group’s best efforts to represent observed climate over the

past century (Houghton et al., 2001). The preparation of the 20C3M scenario include

forcings from anthropogenic emissions of greenhouse gases, aerosols, reactive species,
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changes in solar output, particulate emissions from volcanic eruptions, changes in tro-

pospheric ozone and water vapor, stratospheric ozone, and other influences required

to provide a complete picture of climate over the last century. Future simulations

were forced by the IPCC Special Report on Emission Scenarios (Nakicenovic and

Swart, 2000) business-as-usual mid-high (A2), and mid-low (B1) emissions scenarios.

These scenarios were chosen because they represented the widest range of future emis-

sion scenarios available from all seven GCMs chosen for analysis. All of the SRES

scenarios describe internally consistent pathways of future societal development and

corresponding greenhouse gas emissions with atmospheric CO2 concentrations reach-

ing approximately 550 ppm (B1) and 830 ppm (A2). These are non-intervention or

business-as-usual scenarios, which do not include any policies to reduce greenhouse

gas emissions in order to slow climate change. In reality, emissions could fall well

below these levels. However, neither of these scenarios cover the higher end of the

range of emissions that would be expected if current-day rates of growth were extrap-

olated through the end of the century. They are best seen as mid-high and mid-low

scenarios of the change in climate that might be expected over the coming century.

Climate variables of interest for further study included precipitation, radiation,

relative humidity, maximum surface temperature, and minimum surface temperature.

Therefore, the comparison analysis was carried out for the climate variables listed.

The datasets for these climate variables for all climate models were obtained from

the ESG data source.

The study area was set to be a grid spaced over northwestern states in U.S. The

grid coordinates were 80◦W – 120◦W longitudes and 20◦N – 45◦N latitudes. These

grid coordinates represented the study area well.

The study was initially conducted for all four seasons, summer, fall, winter, and

spring. It was noticed that the values for fall and spring represented merely a tran-

sition between summer and winter months and did not represent any specific trends.

93



Texas Tech University, Spandana Tummuri, December 2008

Table 3.2: Summary of procedure used in Method 2 of GCM comparison analysis.

Climate models PCM, CCSM, CSIRO, GFDL, HaDCM3, MIROC, ECHAM5

Time periods Hist (1960 – 1990), Future1 (2035 – 2065), Future2 (2070 – 2090)

Scenarios SRES A2, SRES B1

Variables Precipitation, Radiation, Rel. Humidity, Max.and Min.Temperature

Seasons Winter, Summer

The final analysis concentrates on winter (DJF) and summer (JJA) months only. The

analysis is summarized in Table 3.2.

The details of the results and conclusions of GCM comparison analysis are sum-

marized in Chapter 4. Based on the results obtained in Method 2, GCMs GFDL,

CCSM, PCM, and HADCM3 were selected to provide input data for the RCM.

3.6.2.5 Selection of GCM from method 1 and method 2 comparison analysis

Based on the two methods used in GCM comparison analysis, climate models

CCSM, GFDL, and HaDCM3 were determined to be the most appropriate sources of

input data for the regional model. Any of the three selected GCMs could be selected

to provide input data in Phase II analysis for future period.

The GFDL model represented maximum and minimum variations in the projec-

tions and performed better compared to the other two GCMs in the two methods of

GCM comparison analysis. Therefore, GFDL GCM data were considered for data

provision and was analyzed further. The GFDL GCM data were explored to con-

firm the completeness in data availability. While most of the input climate data were

available at 6-hour time steps, the soil data required for LSM option was not available

for the entire period of proposed future run. Therefore, the GFDL data were dropped

from further consideration (GFDL).
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CCSM was the second best model and therefore, was checked for data availability.

All the input data variables required for a regional climate model run were available

in CCSM GCM output (Vertenstein et al., 2004). Therefore, this model was selected

as the source of input data for the regional model.

3.7. Input data for Phase I and Phase II analyses

The input data variables commonly used in Phase I and Phase II analysis are

described in this section. Except for the REGRID program, most of the information

provided in the other programs (TERRAIN, INTERPF, and MM5) was commonly

applicable for the two phases of the project.

3.7.1 TERRAIN input data

The study area was represented in MM5 by means of two domains: a mother

domain and a nested domain. A one-way nesting option was used in both phases of

the project. The coarse domain extended from 90◦W – 110◦W longitude and from

25◦N – 40◦N latitude. The nested domain was located over 30◦N – 36◦N latitude and

96◦W – 104◦W longitude. The coarse and fine domains are represented in Figure 3.2

and Figure 3.3. The coarse domain was divided into 55 × 73 grids (latitude ×

longitude) with a grid distance of 30 km in each direction. The fine domain was

divided into 66 × 88 grids (latitude × longitude) with a grid spacing of 10 km in each

direction. The central latitude for the entire study area was 33◦ N and the central

longitude was 100◦W. All variables defined in the TERRAIN program are tabulated

below in Table 3.3.

3.7.2 REGRID input data

Methodology of supplying input data to REGRID program and the usage of PRE-

GRID and REGRIDDER programs are different for Phase I and Phase II of the

project.
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3.7.2.1 Input data for PREGRID program in Phase I

The PREGRID.CSH file in PREGRID sub-program was used to generate inter-

mediate files. Gridded meteorological data obtained from ERA 40 data were available

as two different files (one for all scalar variables and another one for vector u, v vari-

ables). Links to the file locations containing 3-dimensional, soil, snow, and sea surface

temperature information were provided in PREGRID.CSH. Information related to the

starting and ending times of the input data was specified in this file. Links referring

to the ERA 40 VTABLES were specified in PREGRID.CSH. Tabulated below in

Table 3.4 are the details listed in ERA 40 VTABLES.
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Table 3.3: List of input variables used in the TERRAIN program.

No. Input Variable Name Value

1 Central Latitude PHIC 33

2 Central Longitude XLONC -100

3 Map Projection IPROJ Lambert Conformal

4 Number of Domains MAXNES 2

5 Y - Grid dimension for Domain 1 NESTIX 55

6 Y - Grid dimension for Domain 2 NESTIX 67

7 X - Grid dimension for Domain 1 NESTJX 73

8 X - Grid dimension for Domain 2 NESTJX 88

9 Grid distance for Domain 1 DIS 30(km)

10 Grid distance for Domain 2 DIS 10(km)

11 Start grid point I of nest in mother domain NESTI 15

12 Start grid point J of nest in mother domain NESTJ 21

13 Terrain data resolution for mother domain NTYPE 3 (10 min land-use)

14 Terrain data resolution for nested domain NTYPE 4 (5 min land-use)

15 Nest type NSTTYP 1 (One way nest)

16 Use LSM Option LSMDATA TRUE

17 Vegetation type for LSM option VEGTYPE 1 (24 category USGS)

3.7.2.2 Input data for PREGRID program in Phase II

The PREGRID sub-program was not used to generate CCSM GCM input files

in Phase II. The intermediate files were generated by means of special conversion

programs developed specifically for this project. A list of variables similar to that

listed in the ERA 40 Vtable was used to prepare the input dataset. A detailed

explanation of the CCSM GCM conversion procedure is provided in Section 3.7.6.
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Figure 3.2: Extents covered by coarse domain of MM5 model.

3.7.2.3 REGRIDDER input data for Phases I and II

The input provided to the REGRIDDER sub-program was common for both

phases. Once the intermediate files were generated by the PREGRID program (Phase

I) and the conversion program (Phase II), the location of these files was specified in

the REGRIDDER sub-program. The details of input data start and end times were

provided. Details of the REGRIDDER sub-program input data are listed below.
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Figure 3.3: Location of model stations and extents of fine domain of MM5 model.

1. Input data time interval: 21600 (minutes),

2. Ptop(Pa): The top lid of the first guess pressure data to process (10000 Pa).

3. New levels (Pa): Pressure levels to which the user would like to have the first-

guess fields interpolated (99000, 98000, 95000, 92500, 90000, 85000, 82500,

77500, 75000, 72500, 67500, 65000, 62500, 57500, 55000, 52500, 45000, 42500,

40000, 37500, 35000, 30000, 27500, 25000, 20000, 17500, 15000, 12500).

99



Texas Tech University, Spandana Tummuri, December 2008

4. Root: Location of the root directory of the grid data intermediate files 3d,

SOIL, SNOW, and SST.

5. Constants fullname: The LSM inputs consisting of the ALMX file (file con-

taining albedo information) and the SIVT file (file containing soil height and

landsea information) are constant files applicable to all time periods. These

files are available as part of the REGRID program. The location of these files

is specified in this option.

6. Terrain filename: Location of the TERRAIN program output files.

3.7.3 INTERPF input data

Information provided to the INTERPF program is common to both phases. The

most important contribution of the INTERPF program is the conversion of the pres-

sure level data to half-sigma levels. The number of half-sigma levels desired and

their values were listed in the INTERPF program. The half-sigma levels used in this

project are listed below.

Values of half-sigma levels: 1.00, 0.99, 0.98, 0.97, 0.96, 0.94, 0.92, 0.90, 0.88, 0.86,

0.84, 0.82, 0.80, 0.78, 0.76, 0.74, 0.72, 0.70, 0.68, 0.64, 0.60, 0.58, 0.54, 0.50, 0.48,

0.44, 0.40, 0.38, 0.34, 0.30, 0.28, 0.20, 0.16, 0.12, 0.08, 0.04, 0.00.
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Table 3.4: Variables listed in ERA40 VTABLES in MM5 program.

GRIBCode Level Code REGRID NAME Units Description

130 100 T K Temperature

131 100 U m s−1 U wind

132 100 V m s−1 V wind

157 100 RH m s−1 Relative Humidity

129 100 HGT m Height

167 1 T K 2-m surface Temperature

168 1 DEWPT K 2-m dewpoint Temperature

165 1 U m s−1 10-m surface U wind

166 1 V m s−1 10-m surface V wind

151 1 PMSL m s−1 Sea-level Pressure

141 1 WEASD kg m−2 equivalent of snow depth

139 112 SKINTEMP K Skin Temperature

39 112 SOILT007 K T from 0 – 7 cm

40 112 SOILT028 K T from 7 – 28 cm

41 112 SOILT100 K T from 28 – 100 cm

42 112 SOILT255 K T from 100 – 255 cm

139 112 SOILM007 K Soil Moisture from 0 – 7 cm

170 112 SOILM028 K Soil Moisture from 7 – 28 cm

183 112 SOILM100 K Soil Moisture from 28 – 100 cm

236 112 SOILM255 K Soil Moisture from 100 – 255 cm

31 1 SEAICE 0/1 Flag Ice Flag
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Table 3.5: Input data for MM5 program.

No. Input Variable Name Value

1 Number of vertical levels MKX 37

2 Explicit Moisture Scheme IMPHYS 4 (simple

ice moisture scheme)

3 Cumulus Scheme ICUPA 8 (Kain Fritsch 2)

4 Planetary Boundary Layer IBLTYP 5 (MRF Scheme)

Scheme

5 Radiation cooling FRAD 2 (Cloud Radiation Scheme)

of atmosphere

6 Polar Model IPOLAR 0 ( Not used)

7 Multi layer soil temperature ISOIL 2 (Noah LSM)

model

8 Shallow convection scheme ISHALLO 0 (No shallow convection)

9 Number of processors PROCMIN-NS 0

in NS direction

10 Number of processors PROCMIN-EW 8

in EW direction

11 Model forecast length in minutes TIMAX Variable

for each run

12 Model Time step in minutes TISTEP 90 (minutes)

13 Whether the given run is IFREST TRUE/FALSE

restart/normal run

14 Time at which restart run is to be IXTIMR Variable

started

15 Save data for restart option IFSAVE TRUE

16 Save last file or multiple SVLAST FALSE

files for restart

17 How frequently to save data SAVFRQ 10080 (minutes)

18 Should model generate time IFTSOUT TRUE

series output?

Continued on Next Page. . .
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Table 3.5 – Continued

No. Input Variable Name Value

19 Latitude and Longitude of TSLAT See table

output locations TSLON below

20 Transmission of boundary IBOUDY 3 (relaxation)

conditions to nest technique

21 Are Sea surface Temperature values ISSTVAR 1 (varying)

varying in time

22 Bucket soil moisture scheme IMOIAV 0 (not used)

23 Default soil layers expected for ISTLYR 7, 28,100,255 for Phase 1

Soil temperature in LSM model 10,40,100,200 for Phase 2

24 Default soil layers expected for ISLMYR 7, 28,100,255 for Phase 1

Soil moisture in LSM model 10,200 for Phase 2

25 Snow and background albedo RDMAXALB TRUE

RDBRDALB (ALMX file in REGRID)

26 Start time of domain or XSTNES 0 for both domains

domain initiation

27 domain termination XENNES = TIMAX for both domains

28 Source of nested domain input IOVERW 1 (Read from domain 1

3.7.4 MM5 input data

Apart from repeating some of the data variables declared in the TERRAIN pro-

gram, the additional information shown in Table 3.5 is provided in the CONFIG-

URE.USER and the MM5.DECK files of MM5 program.

3.7.4.1 Model stations

The MM5 program generates model outputs at any number of user-specified loca-

tions. For this project, six locations were specified by means of latitude and longitude

values. The six model stations and the corresponding latitude and longitude values
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Table 3.6: Details of model stations used in Phase I and II analyses.

No. Station County Latitude Longitude

1 Abilene Taylor 32.45 -99.72

2 Amarillo Potter 35.22 -101.82

3 Childress Childress 34.42 -100.24

4 Lubbock Lubbock 33.59 -101.89

5 Midland Midland 32.02 -102.09

6 Seymour Baylor 33.6 -99.22

are listed in Table 3.6. The model stations were selected such that they covered the

extent of the Upper Brazos River basin and also had good observation data available

at the respective meteorological stations.

3.7.5 Model run details

Another input variable that is common for both phases of the research is the model

run information. The INTERPF program in MM5 has a capability of generating

output data for six months at a time. Therefore, the input data generation for the

entire 40-year period (20 years for phase I and 20 years for phase II) was carried out

in six-month increments. The MM5 program was also run in six-month increments.

Although the MM5 program has a capability of reading multiple input files (multiple

sets of six-month files) from INTERPF, this option was not used. The output files

generated for a run longer than six-months were huge (approximately 35 GB) and

difficult to manage. Because restart files were written once every four days, a run

longer than six months generated several restart files, which had resulted in frequent

server crashes during trial runs. Once a run was completed, only the restart files for

the last timestep were retained and the restart files corresponding to all intermediate

timesteps were deleted. After every run, restart-data cleanup had to be undertaken
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in order to use the available computing resources efficiently.

A six-month model time computation required around 28 hours and performing

longer than 28-hour runs resulted in frequent data server crashes because of the heavy

loads on the server. The job submission queue had a 48-hour limitation per user per

run to assure fair usage for all users. A one-year or longer period run took more

than 48 hours for completion and the run would automatically stop because of this

limitation (HPCC).

Although the GCM comparison analysis was performed for 30-year historic and

future periods, the Phase I and Phase II analysis was limited to a 20-year period.

Because of the MM5 setup complications, error handling, computational space lim-

itations, personnel, and time limitations, a 60-year simulation (30 years for Phase I

and 30 years for Phase II) was not a viable option. Upon communicating with climate

modeling experts and referring to several published articles, it was determined that

a 20-year run was sufficient to observe and analyze long-term trends in climate fluc-

tuations for impact studies. Therefore, a 20-year period was chosen for each Phase I

and Phase II analysis.

3.7.6 CCSM-GCM data preparation

All GCM output files available on the ESG server were stored in NetCDF (.nc)

format. Because the REGRID program in MM5 modeling system was programmed

to accept only GRIB-formatted data, the GCM data in NetCDF format had to be

converted to GRIB-formatted data. Even though NetCDF is a commonly used data

format, there are not many programs readily available to perform the conversion

process. By means of personal communication with several users on the MM5 users

group, it was realized that most users prepared their own programs to perform the

conversion when required. Different users needed the combination of NetCDF data

and MM5 model for different purposes and therefore most of the user-generated pro-

grams could not be adopted to perform the conversion for this project. The program
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developed by one of the researchers (Mr. Bret Anderson) was based on a framework

similar to the one used in this project.

Following the methodology used in Mr. Anderson’s program, a series of programs

were developed for this project. The details of the programs generated to convert

NetCDF data to GRIB-formatted data are provided below.

The programs to convert the NetCDF data to GRIB-formatted data were writ-

ten using a computing language NCL. NCL is a product of the Computational and

Information Systems laboratory (CISL) at NCAR. It is a free interpreted language

designed specifically for scientific data processing and visualization. NCL has unique

capabilities to read and write NetCDF formatted files and comes with several built-

in functions and procedures for processing and manipulating data. It can be used

specifically to modify climate data.

As explained in Section 3.6.2.5 above, GCM output data from the CCSM climate

model were used to provide initial and lateral boundary conditions for the future run

in Phase II analysis of this project. The purpose of developing a data manipulation

program was to convert NetCDF formatted CCSM data files to GRIB-formatted

input data files that can be easily read by the REGRIDDER sub-program. The

primary reason for using the data manipulation program instead of the PREGRID

sub-program is that the PREGRID sub-program decodes the GRIB-formatted data

and reads the desired variables by means of GRIB codes specified in VTABLES.

When preparing any GCM data, the GCM data modelers commonly generated the

output in GRIB format. If the data were saved in a different format, they usually

provided GRIB conversion codes. CCSM model output data was stored in NetCDF

format and the GRIB conversion codes were not available. The second reason is the

data comparability; although CCSM output contained all variables required for RCM,

the format of variables available in output files and the format of variables required

in VTABLES was not comparable (different units, single variable represented by
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means of two different variables etc). Therefore, manipulation of CCSM output data

variables was required to permit use by the REGRIDDER sub-program.

VTABLES are used to supply the most crucial information to the PREGRID sub-

program — a list of files that are needed for the MM5 model run. A decision was made

that the PREGRID sub-program and the associated VTABLES would not be used

while converting the CCSM data from NetCDF format to GRIB format. The data

conversion program was written such that it reproduced the functionality represented

by the PREGRID program in conjunction with the Vtable. A Vtable that contained

all the required variables was selected and the conversion program was written based

on the input variables listed in the Vtable. Therefore, the first step of generating the

data manipulation program was selection of a Vtable as a basis for the conversion

process. While most of the VTABLES available in the PREGRID program list a

similar set of input files, the Vtable chosen for this conversion process was based on

the NNRP Vtable.

Once the Vtable was selected, the conversion program was written to convert

each climate variable listed in the Vtable. In general, the most common input data

variables that must be provided to perform a successful climate model run are the

following.

1. Three-dimensional variables

(a) Temperature (K)

(b) U-wind (m/sec)

(c) V-wind (m/sec)

(d) Specific humidity (%)

(e) Height (m)

(f) Relative Humidity (%)

2. Two-dimensional variables
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(a) 2m Surface Temperature (K)

(b) 2m U-wind (m/sec)

(c) 2m V-wind (m/sec)

(d) 2m Relative Humidity (%)

(e) Surface Pressure (Pa)

(f) Geopotential Height (m)

(g) Water equivalent of accumulated Snow depth (kg/m2)

(h) Skin Temperature or Sea surface Temperature (SST) (K)

(i) Sea level pressure (Pa)

3. LSM variables

(a) Sea/Land flag

(b) Ice flag

(c) Terrain field of source analysis (m)

(d) Soil temperature at 10, 40, 100, and 200 m ground levels

(e) Soil Moisture at 10 and 200 m ground levels

The conversion procedure was different for three-dimensional, two-dimensional,

and LSM variables because of the differences in their data format.

3.7.6.1 Three-dimensional variables

Each output file for three-dimensional variables contained data for a period of

one month. The output data were available for all latitude/longitude combinations

and at 26 hybrid isentrophic vertical levels. Data on hybrid isentropic levels were

converted to pressure levels because the REGRIDDER sub-program reads data on
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pressure levels only. An NCL function specifically written to perform the above

conversion (hybrid isentropic to pressure levels) was used to execute the conversion

process. Because impact studies require data on more than 35 pressure levels, the

data from 26 hybrid isentropic levels were interpolated onto the required number of

pressure levels using the same NCL function. As explained in Section 3.4.1.3, the

REGRIDDER program required input data in the form of horizontal slabs, one slab

for every six hours. Therefore, a FORTRAN program was written in conjunction

with the NCL program to convert the data for a given month to individual record

slab files. One file was written every 6 hours, and it contained input data for that

time stamp in the form of a record slab.

3.7.6.2 Two-dimensional variables

Each file for two-dimensional output from the CCSM GCM model contained data

for 10 years. The conversion of two-dimensional variables was simple compared to

that of three-dimensional variables because two-dimensional variables did not have

any pressure level data. The combination of NCL and FORTRAN program was used

to write out individual files with record slabs at the 6-hourly time stamp.

1. Water equivalent of accumulated snow depth: The water equivalent of accu-

mulated snow depth variable was available in the form of two separate files

SNOWHICE (snow depth on sea surface) and SNOWHLND (snow depth on

land). The values in these two files were added to obtain water equivalent of

accumulated of snow depth at all locations (SNOWHICE was zero on land and

SNOWHLND was zero on sea surface) in the study area.

2. Relative humidity: Relative humidity was one of the requisite input variables

listed in the VTABLES and it was not available as a CCSM output variable.

Relative humidity was calculated using specific humidity, sea level pressure, and

temperature values. A part of the FORTRAN program was a process written
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to calculate relative humidity using specific humidity, sea level pressure, and

temperature.

3. 2-m surface variables: 2-m surface temperature, 2-m specific humidity, 2-m u

and v winds were listed in the Vtable required data list. These values represent

the temperature and the u and v wind at the model surface (1000 mb pres-

sure level). These values were not available in the CCSM output on the ESG

server. Upon contacting the CCSM modeling group, it was established that

these variables were not written out while generating the GCM output. The

REGRIDDER sub-program has a simple fix for this problem. If no external

surface variables are provided, the REGRIDDER sub-program uses the bottom

most model pressure level data (992.5 mb in this case) as an approximation for

surface data (1000 mb).

3.7.6.3 LSM variables

The LSM variables required for a successful model run are listed in Section 3.7.6.

The sea/land binaries and ice flags were available as two separate CCSM output files

and the values were common for all time steps. The terrain field for source analysis

consisted of constant values and was commonly applicable for all time steps. This

file was available as a part of the REGRIDDER sub-program files. Soil temperature

at ten different ground levels was available on a monthly time-step (the value used

representing the middle-of-month). As per the requirements of regional modeling,

six-hour soil temperature values were interpolated from the monthly values. Also,

soil temperature values at requisite levels (10, 40, 100, and 200 cm) were interpolated

using the values at given levels. In similar manner, soil moisture values were interpo-

lated at six-hour time steps and 10 and 200 cm ground levels. Finally, a FORTRAN

program and a NCL program were used to generate individual files containing record

slabs for each of the soil variables.

110



Texas Tech University, Spandana Tummuri, December 2008

Examples of programs written to complete the CCSM-GCM conversion from

NetCDF to the GRIB format are provided in Appendix F. Appendix F contains

files representing a two-dimensional variable conversion, a three-dimensional variable

conversion, and a soil-variable conversion programs.

As a general principle, the input files were sorted into four different groups for

the REGRIDDER sub-program. Those groups are FILE, SOIL, SNOW, and SST.

The FILE group contains all the three-dimensional and two-dimensional sea level

pressure (to determine relative humidity) variables, the SOIL group contains the

soil files (temperature and moisture at different levels), the SST group contains sea

surface temperature values, and the SNOW group contains the water-equivalent-of-

accumulated-snow-depth values. Once individual record slabs were prepared for all

variables, they were distributed into four groups by means of simple FORTRAN

program. This distribution was more of a data management requirement than a

software-specific requirement, and therefore was not a compulsory step.

3.7.6.4 Leap-year data

Leap years were not accounted for when the CCSM GCM output was generated.

In the CCSM output, all Februarys in leap years contain data for 28 days. However,

the MM5 model expects leap-year data in the input files to be inclusive of data for

February 29th. The 20-year future run period contained five leap years – 2036, 2040,

2044, 2048, and 2052. Data for February 29th was prepared manually by interpolating

the data for February 28th and March 1st of each of those years.

Once the converted files were read using REGRIDDER program, the rest of the

steps (INTERPF, MM5) were common for both Phase I and II analyses.

3.8. Sensitivity studies

Model physics are the most important input variables that impact the MM5 model

run. For a realistic representation of study area in a regional climate model, it is
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necessary to define region-specific model physics options. Model physics for a regional

climate model set up in a given region can be determined in two ways 1) by referring to

research conducted by other modelers for the same region and analyzing their results

and conclusions, or 2) by performing sensitivity studies, comparing the performance

of different physics options, and analyzing their impact on the model results. While

most of the physics options used in the MM5 program have one commonly preferred

alternative, the cumulus scheme has several preferred alternatives. Therefore, the

selections of radiation scheme, LSM scheme, PBL type, and the moisture scheme

for this model were based on the literature review, the MM5 model support group

recommendations, and published information. The cumulus scheme selection was

based on sensitivity analysis performed as explained below.

The cumulus scheme is a region-specific and project scope-specific parameteriza-

tion scheme. While all the eight cumulus schemes available with the MM5 modeling

system are equally suitable, the Grell (Grell, 1993), Kain-Fristch, and Kain-Fristch

2 (Kain, 2004) are the most commonly used cumulus schemes for regional models in

the western United States. It was recommended by the MM5 support group that

the selection between these three schemes be based on careful sensitivity analysis of

the model using the three schemes. A sensitivity analysis was performed for a pe-

riod of one year (1971) using the Grell, Kain-Fristch, and Kain-Fristch 2 cumulus

schemes. The resulting trends in precipitation and temperature levels were compared

with those exhibited by the observations to determine the cumulus scheme that rep-

resents the “ground truth” better. The results obtained from the sensitivity analysis

are presented in Chapter 4.

The Kain-Fristch scheme resulted in several crashes, frequent restarts, and abrupt

stops; therefore, the model runs using this option did not progress smoothly. The

models run with the Grell (Grell, 1993) and Kain-Fristch 2 (Kain, 2004) schemes

generated comparable results but runs with the Kain-Fristch 2 scheme compared
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better with observations than those from the Grell scheme. Therefore, the Kain-

Fristch 2 scheme was used to represent the cumulus parameterizations in the MM5

model.

3.9. Phase I analysis and Phase II analysis

Using the TERRAIN, the REGRID, the INTERPF, and the MM5 programs in

the MM5 modeling suite, the Phase I and Phase II runs were performed. All the

input variables listed in Section 3.7 and those determined by means of sensitivity

studies were used. The runs were performed in a parallel processor environment on

HPCC. The output files generated from all the runs were compiled for data analysis

and results generation.

3.10. Analysis variables

The primary aim of the regional modeling was to observe the impact of climate

change on regional water resources of the study area. In order to achieve this goal,

it is important to determine the major drivers of the hydrologic cycle in the study

area. Of all the climatic variables that were computed in the regional modeling, the

following variables were relevant to this project from the hydrologic perspective.

1. Precipitation (Spatial and Temporal)

2. Temperature

3. Evaporation

4. Wind (Speed and Direction)

5. Relative Humidity

6. Radiation
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For each of the hydrologic variables listed above, the contribution of the variable

to the process of maintaining a hydrologic mass balance was determined. The sta-

tistical parameters of the variable that provides the best representation of the net

contribution were explored. Long-term trends in these statistical parameters were

determined using model data and observation data for the entire period of record.

The trends in the statistical parameters on a daily, seasonal, and annual time-scale

were populated for a final comparison.

1. Precipitation: The spatial and temporal distributions in a region’s precipitation

are the most important components of the hydrologic budget. Broadly speak-

ing, changes in precipitation result from changes in precipitation frequency and

precipitation intensity. Different statistical parameters associated with the pre-

cipitation variable are described below in detail.

(a) Precipitation Quartiles: The frequency in precipitation is defined by es-

timating the proportions of daily precipitation in ten precipitation per-

centiles or class intervals on a seasonal and yearly time scale. Quartiles

are good indicators of the spread of the precipitation amount for a given

region.

(b) Total Precipitation: The mean and standard deviation of total precipita-

tion are straight-forward but important statistical parameters. These pa-

rameters characterize the spatial distribution of precipitation in the study

area. The increase in the value of mean precipitation for a given region

indicates the increase in its dominance on the hydrologic budget and vice-

versa.

(c) Number of significant rain days: While any day with a non-zero rainfall

is termed as a wet day, any day with a rainfall amount greater than 0.05

inches is termed a significant rain day. The impact of a rain day may or
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may not be felt by the hydrologic cycle but the impact of a significant rain

on the hydrologic cycle is pronounced. Significant rain days is another

form of presenting the temporal distribution of precipitation. The amount

of precipitation during significant rain days determines magnitude and the

number of significant rain days defines frequency.

2. Temperature: Temperature is another important input variable to the hydro-

logic cycle. The statistical parameters of temperature that are important for

this project are the maximum, minimum, and average temperature on a seasonal

and monthly time scale. Because temperature is a daily input to hydrologic cy-

cle, the trends in the inter-diurnal range would be useful for understanding the

impact of climate on temperature.

3. Evaporation: The magnitude of water resources in a hydrologic cycle is highly

impacted by the evaporation rates in the study area. Because this is a highly

region-specific component, the impact of evaporation is carefully ascertained

and then included in the analysis. A distribution of the mean and the standard

deviation of evaporation rates is a good statistic to comprehend long-term trends

in evaporation rates.

4. Relative Humidity: Though it may not be a direct contributor to the hydrologic

cycle, relative humidity is an important factor affecting the precipitation and

evapotranspiration rates of a given region. Mean and standard deviation of the

distribution of relative humidity are important statistics to establish the impact

of relative humidity on the hydrologic cycle.

5. Surface Winds: Surface winds affect evapotranspiration variables in the hydro-

logic cycle. Therefore, it is important to observe the trends in surface winds,

which could then be further analyzed to understand/determine the trends in

evaporation values.
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The analysis procedure is described in detail in Table 3.7. The following assump-

tions were used in the process of the analysis.

1. Seasonal variation represents winter (DJF), spring (MAM), summer (JJA), and

fall (SON). For winter season, the December values of the previous year run

would be considered as part of current year run.

2. Variables were chosen based on their availability in model output and also the

availability of observations.

3. The model output was generated for every 0.5 minutes. These values were

converted to daily values; then the daily values were converted to monthly and

seasonal values. Daily values were recorded but were not plotted and analyzed.

4. Significant rain is rainfall greater than 0.05 inches.

5. Wet day is any day that receives a non-zero precipitation.

6. Number of wet days (and not significant days) was used for calculating total

precipitation.

7. Model values were generated for numerous 10 × 10 km grids. A single model

value was considered representative of a 10 × 10 km grid.

8. Observations may or may not be collected at the exact latitude and longitude

where the model output was generated. Even if they were few degrees apart, it

was assumed that observations and model data could be compared as long as

they belonged to the same station.

9. Standard deviation was calculated for variables that were available on a daily

time step.
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Table 3.7: Hydrologic variables used in Phase I and Phase II analyses.

Variable Sub-Variable Statistic Frequency

Precipitation (in) Total Precipitation Mean Seasonal

Total Precipitation Mean Monthly

No. of Wet Days Mean Seasonal, Monthly

No. of Significant Rain Days Mean Seasonal, Monthly

Precipitation Quartiles Percentiles Seasonal, Monthly

Temperature (K) Average Temperature Mean Seasonal, Monthly

Maximum Temperature Mean Seasonal, Monthly

Minimum Temperature Mean Seasonal, Monthly

Wind (m/sec and Deg) Resultant Wind speed Mean Seasonal, Monthly

Resultant Wind Direction Mean Seasonal, Monthly

Evaporation (in/day) Evaporation Mean Seasonal, Monthly

Relative Humidity (%) Relative Humidity Mean Seasonal, Monthly

3.10.1 Observations

The historical real-time climate data were obtained from National Climatic Data

center (NCDC) archives. NCDC is one of the most comprehensive sources of weather

data. The weather data archived at NCDC are obtained from National Weather Ser-

vice (NWS), Military Services, Federal Aviation Administration, U.S. Coast Guard,

and several other voluntary observers/organizations. NCDC personnel have archived

data for more than 150 years and the archives are updated regularly with new data.

The historical observations for the project study area were available at the climate

data online (CDO) repository. These data are freely available when requested for

educational, governmental, and research purposes (access is free for .gov, .mil, .edu

servers). Daily surface data were available for around 19,000 meteorological stations in

U.S. The period of record and number of meteorological elements varied from station

to station and therefore each station was carefully checked for the completeness in

data availability. In general, stations with WBAN IDs had more meteorological data

recorded than stations with COOP IDs (CDO).
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The cities/counties selected for analysis are listed in Table 3.6 in Section 3.7.4.1.

Only one meteorological station per county was chosen to obtain observations for

comparison study. Each of these counties contained several meteorological stations

but preference was given to stations that had WBAN IDs and the greatest record of

available data. A detailed list of selected meteorological stations and the correspond-

ing counties is presented in Table 3.8 below.

Table 3.8: Details of model stations in observations.

Station Name County COOP ID WBAN ID Period of Record

Abilene Regional Airport Abilene 410016 13962 1948 – 2007

Amarillo Potter 410211 23047 1948 – 2007

Childress Municipal Airport Childress 411698 23007 1948 – 2007

Lubbock International Airport Lubbock 415411 23042 1911 – 2007

Midland International Airport Midland 415890 23023 1948 – 2007

Seymour Baylor 418221 99999 1905 – 2006

The Seymour station in Baylor County did not have a WBAN ID and the dataset

contained less variables compared to other stations. It was still selected for analysis;

because in Baylor County, the Upper Brazos River transitioned into the Lower Bra-

zos River. The county was located on one of the outer boundaries of the model. It

represented a strategic location in the study area and was included in analysis. Amar-

illo had two meteorological stations, one in Potter County and the other in Randall

County. The meteorological station for Amarillo in Potter County was selected as it

contained observations for a greater period of record than the other station.

Although several meteorological variables were available in the CDO repository,

only a few variables were relevant to this project. The details of the selected variables

are discussed below.
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1. PRCP: This variable represents the precipitation reading for 24 hours ending

at the time of observation. The units of measurement are hundredths of inches.

2. RWND: This variable represents the resultant daily wind speed in tenths of

a mile per hour (TL). Wind data has been collected since 1984 for all the

meteorological stations listed above. Therefore, wind comparisons were carried

out for the period 1984 – 1990.

3. RDIR: This component represents the resultant wind direction. Data values

are expressed in the form of whole degrees (DW). The wind data were collected

beginning in 1984 for all the listed meteorological stations listed. The wind

direction represents the direction from which wind is blowing. The FORTRAN

program used by NCDC to determine the resultant wind speed and wind direc-

tion is provided in Appendix D.

4. TAVG: The daily mean temperature in whole degrees Fahrenheit.

5. TMAX: It is the daily maximum temperature reading for a 24-hour period

ending at the time of observation. The units of measurement for this variable

are in whole degree fahrenheit.

6. TMIN: It is the daily minimum temperature reading for a 24-hour period ending

at the time of observation. The variable is expressed in whole degree fahrenheit.

7. MNRH: This variable represents the minimum relative humidity. For most

stations, relative humidity was collected since 1955 for the stations used in this

project, the variable was available since 1984. The variable is reported in whole

percentages.

8. MXRH: The maximum relative humidity is expressed in whole percentages. For

most stations, the variable was collected since 1955, but for the stations listed
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in Table 3.8, maximum relative humidity is available from 1984. The average

relative humidity was determined by averaging the maximum and minimum

relative humidity values for a given instant.

Variables 1 through 6 listed above were used directly without any manipulations

to their values listed CDO data reports. With the exception of unit conversions,

no other data manipulation was performed on these variables.

9. Evaporation: Evaporation was not available in the CDO repository. Evapo-

ration data were obtained from the TWDB data site. TWDB provided lake

evaporation values that were calculated based on the daily pan evaporation

data collected by NWS, TWDB, and NCDC. The state of Texas was divided

into several quadrangles and evaporation calculations were carried out for each

quadrangle. Each quadrangle accounted for a square covered by 1 degree lati-

tude and 1 degree longitude as that was the smallest practical area that could be

used for evaporation calculations. The daily pan evaporation values were con-

verted to monthly reservoir evaporation rates by applying the evaporation pan

coefficients. The TWDB site lists the monthly lake evaporation rates. Because

pan evaporation values were required for this project, the monthly reservoir

evaporation rates were converted back to pan evaporation values using the pan

coefficients.

3.10.2 Description of model output variables

Unlike the observations, the climate variables available in the MM5 model output

required manipulation before they could be used for comparison analysis and results

generation. Provided below is an explanation of how each variable was transformed

from its available format to the project-specific format.

1. Precipitation: The MM5 model generated cumulative values of convective and

non-convective precipitation separately. The model generated precipitation val-
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ues for every 0.5 minutes. First, the cumulative convective and non-convective

precipitation values were added to obtain total precipitation amount. Next, the

total cumulative precipitation value at the end of a day was subtracted from

that corresponding to the start of the day, to determine total incremental pre-

cipitation amount for the day. Finally the precipitation values in centimeters

were converted to inches for comparison with observations. Thus, the daily

total precipitation amount was used to generate different statistical parameters

for hydrologic analysis.

2. Temperature: Surface temperature values were generated on 0.5-minute incre-

ments in the model output. All the values for a given day were used to determine

average, maximum, and minimum daily temperature. Calculated daily temper-

atures were used to perform calculations on monthly and seasonal time scales.

3. Surface winds: The time series output rotated the u and v wind components

from model projection to earth coordinates. The methodology used by NCDC

to calculate resultant wind direction and wind speed was described in detail in

a FORTRAN program provided by NCDC. The same methodology was used to

estimate resultant model wind speed and resultant model wind direction. The

FORTRAN program is provided in Appendix G.

4. Relative humidity: Relative humidity was not computed as part of the MM5

model output and was manually calculated using MM5 output variables. Mixing

ratio (factor), surface pressure (Pa), reference pressure (10 × hPa), and surface

temperature (K) variables from the MM5 output were used to estimate relative

humidity,

Relative humidity =
Mixing ratio × 100

Saturation mixing ratio
. (3.10.1)
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While mixing ratio is obtained from the MM5 model output, the saturation

mixing ratio is determined using the formula shown below,

Saturation mixing ratio = rs =
0.622 × es

P − es

, (3.10.2)

where,

es = saturation pressure

P (hPa) = [Surface pressure (hPa) + Reference pressure (hPa)].

saturation pressure = es = 6.112 × exp[
17.67 × T

T + 243.5
], (3.10.3)

where,

T = surface temperature (◦C).

The surface pressure, reference pressure, and surface temperature were con-

verted to requisite units so they could be used in the above equations. Thus

the relative humidity was determined using Equations 3.10.1 through 3.10.3.

5. Evaporation: Potential evaporation was not a direct output from MM5 model.

It was represented by means of the variable latent heat of flux. The latent heat

of flux is sum of three types of evaporation contributions: 1) direct evaporation

from bare soil (Edir), 2) evaporation of precipitation intercepted by the vege-

tation canopy (Ec), and 3) transpiration from the vegetation canopy and roots

(Et) (Godfrey et al., 2005).

Evaporation was calculated using

Evaporation (mm/d) =
Latent heat of flux

Latent heat of vaporization × density of water
.

(3.10.4)
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Model latent heat of flux in watt/m2 was converted to latent heat of flux in

MJ/m2d

Density of water = 1000 kg/m3

Latent heat of vaporization = 2.45 MJ/kg

3.11. Conversion of MM5 model output to Excel format

The output from the MM5 program is written in simple ASCII formatted data

files. The ASCII files consist of horizontal lines of data written in 0.5 increments of

time in ascending order. Although eight processors were used to perform the model

runs, the latitude and longitude locations were coincident with places where four

processors were performing runs. Therefore, four ASCII RSL files were generated

for each run (six months). The ASCII files were transformed into a format that

enabled data manipulation and data analysis. Each ASCII file was around 200 MB

(megabytes); the data files corresponding to all latitudes and longitudes for a given

year were approximately 1600 MB (4×2×200 = 1600 MB). A database program that

could handle such huge file sizes had to be used for data analysis. A Sequel server

(SQL) program was used to perform data analysis. First, the ASCII files for the two

six-month runs for a year were combined to obtain data files for a year. Then the

four output files (corresponding to four processors) were separated into six files based

on the latitude and longitude values such that each file corresponded to the model

station represented by the latitude and longitude combination. Statistical analyses

were performed using several in-built functionalities available in SQL program and

different model statistics required for hydrologic analysis were generated. A Microsoft

Excel program was used to organize and summarize the statistical analyses and to

generate the results. The R-project software was used to plot the results.
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3.11.1 Comparison of model output and observation variables

In the Phase I analysis, the model variables calculated using the SQL and Excel

programs were compared with the observations. For Phase II analysis, the trends in

model output variables for the future run were compared with those generated for

historical runs. The results and conclusions are discussed in Chapter 4.
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CHAPTER 4

RESULTS

The purpose of this project is to run regional climate models for historical and

future time periods using reanalysis and GCM model data, respectively. These runs

were referred to as Phase I and Phase II runs. The purpose of the Phase I model runs

was to establish the validity of the regional climate model by conducting a historical

model run and comparing model results with historical observations. The purpose

of the Phase II model runs was to develop future projections of climate variables

impacting the hydrologic cycle.

One of the first steps of performing a regional climate model run for a future

period was the selection of a GCM to provide the input and boundary details. The

process of selection of a GCM representing the study area was based on two methods

explained in Section 3.6.2. The methods can be briefly summarized as follows.

1. Method 1: This methodology dealt with the comparison study of the repro-

ducibility of the movement of the jet stream by different GCMs, at a location

on the regular path of the jet stream, which is closest to the study area.

2. Method 2: The second method dealt with the inter-comparison of different

GCM predictions for temperature, relative humidity, radiation, and precipita-

tion variables.

The teleconnection driven by the El Niño/La Niña cycles of the Pacific front was

used to compare different GCMs’ ability to represent global scale features. Before

proceeding to Method 1 of the GCM comparison analysis, a sensitivity analysis was

conducted to validate the impact of jet stream on Texas climatology. The results

of the sensitivity analysis conducted to determine the nature of the impact of jet

streams on Texas climatology are summarized in Section 4.1. The results of the two
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methods of GCM selection are presented in Section 4.2. The process of selecting the

model-driving GCM using these results is also explained in Section 4.2.

The results of the sensitivity analysis conducted to determine the most suitable

model physics options for Phase I and Phase II regional climate model runs are

explained in Section 4.3. The sensitivity analysis was conducted for a representative

period of one-year (1971) and for three different cumulus schemes: Grell, Kain-Fristch,

and Kain-Fristch 2.

The results of the Phase I regional climate modeling, which involved comparison

of regional model results for a historical period with the observations for the same

period, are provided in Section 4.4. Phase I analysis was conducted for the period

1970 – 1990. The results of Phase I model runs are discussed in Section 4.4. Finally,

the model future projections of trends in different climate variables (temperature,

relative humidity, wind, evaporation, and precipitation) from the phase II analysis

are discussed in Section 4.5.

4.1. Sensitivity analysis of influence of jet streams

The sensitivity of Texas climatology to the movement of the continental jet stream

was determined by observing changes in precipitation and temperature during El

Niño, La Niña, and neutral seasons. The detailed methodology involved in the anal-

ysis procedure is explained in Section 3.6.1.

Average seasonal anomalies in precipitation, maximum temperature, and mini-

mum temperature were sorted into seasons impacted by El Niño, La Niña, and neutral

(neither El Niño nor La Niña) cycles. Table 4.1 shown below represents the average

seasonal anomalies in precipitation, maximum, and minimum temperature for the

periods 1948 – 2003 for Amarillo and 1911 – 2003 for Lubbock counties, respectively.

A positive anomaly in a seasonal value implied that the seasonal average precipita-

tion for that season was greater than the seasonal average for the entire period of

record and a negative anomaly implied the reverse. The positive anomalies and neg-

126



Texas Tech University, Spandana Tummuri, December 2008

ative anomalies for each season were added separately and the net difference of the

individual totals (total positive and total negative) was calculated to determine the

dominating trend. The dominant anomalies are listed in Table 4.1. The tabulated

anomalies for Lubbock and Amarillo regions are represented graphically in Figure 4.1

and Figure 4.2.

Table 4.1: Dominant positive and negative anomalies in Lubbock and Amarillo coun-

ties.

Season Lubbock Amarillo

El Niño La Niña Neutral El Niño La Niña Neutral

Precipitation Anomalies

Spring 2.15 -0.73 1.73 0.73 -0.38 1.19

Summer -0.36 -0.62 0.44 -0.7 0.09 1.43

Fall 1.41 0.50 0.32 -0.58 0.31 0.66

Winter 0.34 0.52 0.68 0.55 0.43 0.35

Maximum Temperature Anomalies

Spring -2.11 0.69 0.04 -1.51 1.29 1.29

Summer -0.35 0.13 -0.19 -0.28 0.21 0.52

Fall -0.96 1.26 0.67 -1.39 -0.13 -0.29

Winter -0.71 0.31 -0.18 -1.03 0.48 -1.38

Minimum Temperature Anomalies

Spring 0.45 1.30 0.16 -0.20 0.71 0.91

Summer 0.39 -0.26 0.19 -0.69 0.33 -0.36

Fall 0.46 0.27 0.06 0.5 0.95 -0.58

Winter 0.12 -0.2 -0.09 0.22 -0.02 0.11
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Max Temperature Anomaly Fluctuations for Amarillo
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Figure 4.1: Precipitation and temperature anomalies for Amarillo County.
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Figure 4.2: Precipitation and temperature anomalies for Lubbock County.
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4.1.1 Conclusions of sensitivity analysis of jet streams

A detailed analysis of the trends in precipitation anomalies resulted in the follow-

ing conclusions. For Amarillo County, the negligible values of precipitation anomalies

for most of the seasons indicated a scattered and weak representation of the influence

of El Niño and La Niña cycles. Most of the years for Amarillo fell in the neutral

category, which is evident by the strong presence of anomalies in neutral years. For

Lubbock County, the precipitation anomalies showed an increasing (decreasing) trend

in El Niño (La Niña) periods.

A thorough analysis of the results for maximum and minimum temperature anoma-

lies resulted in the following conclusions. During El Niño years, the maximum temper-

ature anomalies followed a decreasing trend and during La Niña years they represented

an increasing trend. These trends were strongly represented by both Lubbock and

Amarillo counties. The minimum temperature anomalies followed a similar trend

(decreasing during El Niño and increasing during La Niña) for both Amarillo and

Lubbock counties. However, most values for Lubbock County ranged from small to

negligible.

The results from this study were in agreement with the general conclusion that

El Niño (La Niña) year resulted in increased (decreased) precipitation levels and

decreased (increased) temperature levels for the southwestern United States. Based

on the results of this sensitivity analysis, it was established that the continental

movement of jet stream is one of the global scale features influencing the climate of

the study area. Therefore, the applicability of a GCM to the study area could be

based on the observation of the ability of the GCM to reproduce the movement of jet

streams during a given period of time.

The conclusions drawn based on this sensitivity analysis are important contribu-

tors to the validation of Method 1 of the GCM comparison analysis. The results also

confirmed the conclusions drawn from the literature review of the influence of polar
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front jet streams on Texas climatology.

4.2. GCM comparison analysis

The GCM selection for driving phase II analysis is based on the results obtained

from two different methods of GCM comparison analysis.

1. Method 1: The first method dealt with the study of the reproducibility of the

movement of jet streams at a location that is on the regular path of the jet

stream.

2. Method 2: The second method dealt with the comparison of different GCM

predictions for variables temperature, relative humidity, radiation, and precipi-

tation.

4.2.1 Method 1 of GCM comparison analysis

The main purpose of Method 1 of the GCM comparison analysis was to select

a GCM that well represented global-scale features in the study area. Once it was

determined that the polar front jet stream influenced the climate of Texas, the ability

of GCMs to represent the location of polar front jet stream location near study area

and as close to the actual locations as possible was tested to select a GCM that

was most representative of the study area climatology. Based on the methodology

developed by Bradbury Bradbury et al., (2002a), a Jet Latitude Index (JLI) analysis

was conducted for Texas to determine the seasonal variation of the latitudinal location

of the polar front jet. As explained in Section 2.6, a Jet Latitude Index is an index

that represents the monthly mean location of the polar front jet stream by means of

200 mb zonal winds. The location of the polar front jet stream is recognized as the

region with maximum values of 200 mb zonal wind speeds. JLI values were estimated

for nine general circulation models short-listed based on the initial analysis explained

in Section 3.6.2.1. The actual location of the polar front jet was represented using the
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NCEP reanalysis dataset and actual observations from CMAP (CPC merged analysis

of precipitation). The JLIs were calculated using the 200 mb zonal wind data for

nine GCMs (CGCM3, HaDCM3, GFDL, CCSM, PCM, GISS, MIROC, CSIRO, and

ECHAM5), and the NCEP reanalysis dataset.

The plot comparing the monthly variation of the latitudinal location of the polar

front jet stream is shown in Figure 4.3. Referring to this figure it was observed that

of the eight GCMs, the CGCM3, HaDCM3, GFDL, CCSM, and the PCM climate

models illustrated trends similar to the NCEP reanalysis trend. Further research

on each of the five climate models revealed that CGCM3 consisted of a coarser grid

size compared to the rest of the climate models. Therefore, model CGCM3 was

not considered for further analysis. Based on the results of Method 1 of the GCM

comparison analysis, climate models CCSM, GFDL, and HaDCM3 were selected for

further consideration.

Spatial correlation analysis was performed using the TX-JLI values and precipi-

tation values from the CPC merged analysis of precipitation (CMAP) for the period

of 1979 – 2001. Represented in Figure 4.4 are the monthly spatial correlation pat-

terns between the TX-JLI and CPC merged analysis of precipitation (CMAP). The

purpose of the correlation analysis was to understand the relationship between JLI

and the changes in regional precipitation. No strong correlation patterns were ob-

served over Texas but, in general, there was a decrease in precipitation levels when

the TX-JLI was further north and visa versa (orange indicates less precipitation and

purple indicates more precipitation). In terms of seasonal variation, the precipitation

values and the JLI demonstrated better correlation for the spring (MAM), and fall

(SON) seasons compared to the summer (JJA) and winter (DJF) seasons. The fact

that the spatial correlation patterns between the precipitation levels and the JLIs

were better demonstrated for the spring and fall seasons was considered, and Fig-

ure 4.3 was further analyzed to observe the behavior of the climate models for these
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seasons. Climate models CCSM and GFDL followed the observed (renalaysis) trends

well during the spring and fall seasons.

Based on the results of the Method 1 of GCM comparison analysis, CCSM, GFDL,

PCM, and HaDCM3 were selected. The GCMs selected in the Method 1 analysis

would be coupled with those selected in Method 2 to determine the final choice for

the GCM.
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Figure 4.3: Method 1 of GCM comparison analysis: comparison of JLI generated by

different models.
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Figure 4.4: Method 1 of GCM comparison analysis: correlation map between JLI and

CMAP.
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4.2.2 Method 2 of GCM comparison analysis

The primary goal of Method 2 of the GCM comparison analysis was to determine

the comparative ability of different GCMs in projecting the trends in climate variables

such as temperature, relative humidity, radiation, and precipitation. The capability

of a GCM to best represent the current and future climate cannot be ascertained

by comparing GCM projections of climate variables with observations for the same

variables. The reason for this limitation is the large-scale approximation of parameter-

izations by the GCMs. Furthermore, GCM grids are larger than the grids represented

by the observations. The observations are assumed to represent the climate variables

over a small region comprised of the area around the meteorological station whereas

the climate variables in GCM outputs are representative of the corresponding GCM

grid size. The trends of the projections of climate variables from a GCM cannot be

tied down to “ground truth”, and therefore the ability of a GCM to represent a given

regional climate cannot be validated by comparing GCM output with observations.

However, the projections from different climate models can be collectively analyzed,

and the range of projections for a given variable can be determined. The mean trend

of the range of projections can be better represented by selecting climate models that

predict the bounding trends of the range rather than those that defined the center of

the range. The logic behind this statement is the following that if GCMs representing

bounding trends (higher and lower projections) are selected, then average projections

would be represented as well. The procedure explained in Section 3.6.2.4 was used to

execute Method 2 of GCM comparison analysis. The procedure used for generating

results is explained below.

For the analysis, the range of potential climate changes scenarios was established

by means of two major sources of uncertainty: 1) socio-economic uncertainty as repre-

sented by the difference between a higher (A2) and lower (B1) emission scenario, and

2) physical uncertainty in the climate system caused by different seasonal influences
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for the emissions scenarios.

For both uncertainties, the trends in projected changes were defined as the dif-

ference between either average far-future (2070 – 2100) and average historical (1960 –

1990) projections or average far-future (2070 – 2100) and average historical (1960 –

1990) projections. The monthly projections of climate variables collected during the

data analysis phase were averaged for historical, near-future, and far-future periods.

This procedure was carried out for GCM runs performed using A2 and B1 scenar-

ios. The socio-economic uncertainty is estimated as the difference of the projections

in the A2 and B1 scenarios. The physical or climatic uncertainty is determined by

plotting the seasonal variations in projections for all climate variables. The effects of

socio-economic uncertainty are presented in Figure 4.5 and Figure 4.6. The difference

between projected changes caused by the higher (A2) and the lower (B1) emission

scenarios are highlighted in these figures. The effects of physical or climate uncer-

tainty are presented in Figure 4.7 where the projected changes in climate variables

were plotted for the summer and winter seasons. In the case of physical uncertainty,

separate plots were prepared for A2 and B1 scenarios. Within each scenario, sepa-

rate plots were prepared for the summer and winter seasons. Sample plots for the

A2 scenario and summer months are shown in Figure 4.7. Plots for the A2-winter,

B1-summer, and B1-winter scenarios are provided in Appendix A.
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Figure 4.5: Comparison of Socio-economic uncertainty represented by different

GCMs.
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Figure 4.6: Contd — Comparison of Socio-economic uncertainty represented by dif-

ferent GCMs.

139



Texas Tech University, Spandana Tummuri, December 2008

Figure 4.7: Comparison of physical uncertainty represented by different GCMs.
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Based on the trends depicted in these plots, the climate models that represented

the highest and the lowest projected changes in climate variables were listed. The

qualification of “highest”and “lowest”change was carried out by picking the climate

model(s) that projected three times greater or lower change compared to the other

models. For temperature, radiation, and precipitation, positive values indicated a

positive change in projections and negative values represented a negative change.

However, for relative humidities, a negative value represented a positive change be-

cause the general impact on relative humidities was reduction in the quantities. If

the differences between far-future and historical projections were greater than those

between near-future and historical projections, such a trend was recognized as an

increasing trend and vice-versa. These results indicated that the general outcome of

changing climate were increases in the quantities of temperature, precipitation, and

radiation levels and decreases in relative humidity.

The results of projected changes by climate models under the physical uncertainty

scenario are shown in Table 4.2. The analysis was carried out separately for summer

and winter seasons. The table lists details of the climate variables, and the climate

model(s) predicting maximum and minimum changes for that variable during summer

and winter seasons. The details of a similar analysis of changes driven by the socio-

economic uncertainty are shown in Table 4.3.

Using the results listed in Table 4.2, and Table 4.3, the count of the number of

times a climate model represented a change (either maximum or minimum variability)

was recorded. These values are reported in columns two and three of Table 4.4 sepa-

rately for physical and socio-economic uncertainty scenarios. Then a count of number

of times a climate model predicted an increasing trend and a decreasing trend in both

socio-economic and physical uncertainty scenario was evaluated. Columns four and

five in Table 4.4 represent the results of this analysis. Based on the count of number of

times a climate model predicted kind of change, (columns one and two in Table 4.4),
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Table 4.2: Projections of climate models in physical uncertainty scenario.

Variable Scene Winter Summer Variation

Relative A2 HaDCM3, ECHAM5 HaDCM3, CSIRO High

Humidity GFDL, MIROC PCM, CSIRO CCSM Low

B1 HaDCM3, MIROC HaDCM3 High

GFDL, CCSM, PCM GFDL, CCSM Low

Radiation A2 CCSM GFDL, HaDCM3 High

GFDL, HaDCM3 CCSM, PCM Low

MIROC

B1 GFDL GFDL High

PCM, CCSM PCM, CCSM Low

CSIRO

Maximum A2 MIROC, CCSM GFDL, MIROC High

Temperature ECHAM5 HaDCM3

PCM, GFDL PCM, CSIRO Low

B1 PCM GFDL, MIROC High

HaDCM3

GFDL, HaDCM3 PCM Low

ECHAM5

Minimum A2 MIROC, ECHAM5 MIROC, GFDL High

Temperature HaDCM3

PCM PCM Low

B1 MIROC, ECHAM5 MIROC, GFDL High

HaDCM3

PCM, CCSM, GFDL PCM Low

Precipitation A2 GFDL, HaDCM3 PCM, CCSM High

CCSM, CSIRO GFDL, MIROC Low

MIROC HaDCM3

B1 CCSM, CSIRO PCM, CCSM High

PCM, GFDL GFDL, MIROC Low

HaDCM3

it was established that climate projections by models CSIRO Mk2 and ECHAM5 were

within the range of projections from the other models. Because projections from these

models did not add any additional information that was not available from the other

models, these models were eliminated from the pool of prospects. This reduced the

number of models considered for further analysis from seven to five.

Further evaluation of the number of times a climate model represented increasing

and decreasing trends (columns four and five in Table 4.4) in the climate forcings

revealed that climate models PCM, CCSM, HaDCM3, GFDL, and MIROC repro-

duced strong variations. These models were considered for further analysis. Of these
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Table 4.3: Projections of climate models in socio-economic uncertainty scenario.

Variable Winter Summer Projection

Relative PCM CCSM High

Humidity CCSM, CSIRO HaDCM3, CSIRO Low

Radiation CCSM, CSIRO HaDCM3, CCSM High

PCM, MIROC PCM, GFDL Low

GFDL, HaDCM3 MIROC

Maximum CCSM, CSIRO GFDL, MIROC High

Temperature HaDCM3

PCM, MIROC PCM, CSIRO Low

HaDCM3

Minimum CCSM, CSIRO CCSM, MIROC High

Temperature HaDCM3, GFDL GFDL, HaDCM3

PCM ECHAM5 Low

Precipitation PCM, HaDCM3 CCSM High

CCSM, CSIRO GFDL, MIROC Low

MIROC

five climate models, MIROC did not provide any additional information that was

not provided by other model projections. Therefore, the climate model MIROC was

dropped from the list. The characteristics exhibited by climate model GFDL were

the strongest of all and the maximum and minimum ranges of climate variables were

well represented by this model. Therefore, first preference was given to the climate

model GFDL. Because both the PCM and CCSM models were developed by groups

affiliated to NCAR (MM5), it was expected that the physical nature of these models

would be similar to the physical representation of the regional climate model. There-

fore, second preference was given to these two models. The HaDCM3 climate model
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Table 4.4: Count of projections of climate models in physical and socio-economic

uncertainty scenarios.

Climate Physical Socio-Economic High Low

Model Uncertainty Uncertainty Projections Projections

GFDL 18 6 11 13

PCM 16 7 5 18

CCSM 14 9 13 10

HaDCM3 15 7 8 14

MIROC 13 6 10 9

CSIRO 5 6 8 3

ECHAM5 5 1 5 1

was the last one on the list and therefore was given the third preference.

4.2.3 Conclusions of GCM comparison analysis

Combining the results from the Method 1 and Method 2 of the GCM comparison

analysis, it was concluded that GCMs GFDL, CCSM, PCM, and HaDCM3 well rep-

resented the climatology and the parameterizations of the study area. Any of these

GCMs could be used to drive a regional climate model run for the study area and

regions with similar climatology in areas surrounding the study area.

Each of the above-selected climate models was analyzed separately to determine

the viability of using it for a Phase II regional climate model run. The individual

model selection and analysis procedure is explained in detail in Section 3.6.2.2. Based

on the ease of availability, simplicity in conversion procedure, and data compatibility

between RCM (MM5) and GCM, the climate model CCSM was selected as the GCM

to drive the regional climate model in Phase II of regional climate modeling.
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4.3. Sensitivity analysis

The first step of the regional climate modeling process was a sensitivity analysis

for a representative period of one year (1971). The primary goal of the analysis was to

select the most effective physics option to represent a realistic cumulus scheme in the

regional climate model. A secondary goal was to conduct an initial flaw test to identify

any major indiscrepancies in the run procedure. While most of the physics options

were adopted based on literature review and model users’ recommendations (Section

3.4.1.7), cumulus schemes were selected by means of a sensitivity analysis. The Grell

(GC), Kain-Fristch (KF), and Kain -Fristch 2 (KF2) are the most commonly used

cumulus schemes for regional modeling studies focused on the western United States.

Therefore, the sensitivity analysis was conducted using the three schemes. The initial

flaw analysis would help establish the viability of performing model runs using the

MM5 mode.

A one-year model run was performed using ERA40 reanalysis data for year 1971

and the run was repeated three times using the Grell, Kain-Fristch, and Kain-Fristch

2 schemes. There was no particular reason for selecting year 1971 other than the

availability of observations to compare the model results with. The runs performed

using the Grell and Kain-Fristch 2 schemes were successful and resulted in model

output that was analyzed further. Multiple attempts at performing runs using the

Kain-Fristch scheme were unsuccessful. The model runs stopped abruptly several

times during the one-year run period and the reason for the failure could not be de-

termined. Based on the model performance, the Kain-Fristch scheme was dropped

from further consideration. The results obtained from model runs using the Grell

Cumulus scheme and the Kain-Fristch 2 scheme were analyzed and compared with

observations for the same year. The comparison analysis was carried out for six model

stations, Abilene, Amarillo, Childress, Lubbock, Midland, and Seymour. Meteoro-

logical observations for temperature, precipitation, and evaporation were available
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for these six stations for 1971. Radiation, relative humidity, and wind data were not

available for year 1971 and the model output for these variables was not analyzed.

The results of the comparison analysis of each variable are discussed below.

The model output for the fine domain was used for the analysis because the

resolution (30 km) of the fine domain is better than that of the coarse domain (90

km). The model output for the fine domain was generated at an interval of 0.5

minutes. This 0.5-minute output was converted into daily values, and the daily values

were later converted into monthly totals or monthly averages as appropriate for the

analysis. Owing to the flexibility in manipulating the model data, the model output

values were converted to a format in which the observations were available.

4.3.1 Analysis of hydrologic variables

Precipitation: The comparative analysis of precipitation variables was carried

out using three different statistics. The first statistic was the seasonal variation of

monthly values of total precipitation. Daily precipitation values were calculated from

the model output at 0.5-minute increments, and the daily precipitation for all the days

of that month was added to calculate the total monthly precipitation. The time series

plot of total monthly precipitation for 1971 is presented in Figure 4.8. A comparison

of output from models driven by the Grell, and the Kain-Fristch 2 schemes, and

the observations is presented in Figure 4.8. The output was presented in a seasonal

pattern starting with winter months and ending with fall months. The first three

months, December, January, and February represented the winter season; March,

April, and May represent the spring season; June, July, and August represented the

summer season and September, October, and November represented the fall season.

All time series plots generated for the results of the sensitivity analysis, and the Phase

I and Phase II analyses start with December values.

The trends in precipitation values from observations and model results are dis-

played in Figure 4.8. The general trends in observations and model results using both
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schemes were similar for the six model stations analyzed. The total precipitation val-

ues obtained from observations and those projected by the two model runs were in

good agreement during the winter and spring seasons. When compared with observa-

tions for summer and fall seasons (months 7 – 12), the models projected higher values

of total precipitation. These results validate one of the major generalizations of re-

gional climate model projections; when compared with the observations, the climate

models tend to over-predict trends in precipitation values.

The comparison of the projections by the Grell and Kain-Fristch 2 scheme indi-

cated that the precipitation values obtained using the Kain-Fristch 2 scheme compared

better with the observations than those obtained using the Grell scheme. In other

words, the Kain-Fristch 2 scheme resulted in more moderate overprediction unlike

the Grell scheme. Another statistic analyzed from the precipitation output was the

number of significant rain days. A siginificant rain day was considered to be any day

with greater than 0.05 inches of precipitation. A count of number of such days in a

given month was determined from observation data and from Grell and Kain-Fristch

2 driven model data. The results of the comparison are shown in Figure 4.9. Similar

to the trends observed in total precipitation time series, it was noticed that model

runs for different convection schemes resulted in a greater number of significant days

during the summer and fall months than the observation analysis. Of the two cumulus

schemes analyzed, the Grell scheme resulted in higher values than the Kain-Fristch

2 scheme. Therfore, the results obtained using the Kain-Fristch 2 scheme compared

better with the observations than those obtained using the Grell scheme.
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Figure 4.8: Sensitivity analysis: time series of monthly total precipitation (in); run

year = 1971; for Grell cumulus scheme and Kain-Fristch 2 convection scheme; months

start from December = 1, January = 2,— and November = 12).
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The last statistic used to analyze the precipitation results was the precipitation

percentile distribution. Precipitation percentiles were calculated for each month using

the model and observation precipitation data. The monthly values were then grouped

into seasons (winter, spring, summer, and fall) and the corresponding seasonal aver-

ages of percentiles were plotted. Figure 4.10 is a sample percentile plot for Abilene.

The percentile trends were similar for all the model stations. Because no additional

information was available from the precipitation percentiles for other model stations,

the percentile analysis results for the rest of the stations are provided in Appendix

B. The results from the precipitation percentile analysis once again confirmed the

conclusions derived while analyzing the other two statistics. The precipitation per-

centiles from observations, Grell, and Kain-Fristch 2 driven model runs agreed well

for winter and spring seasons and the model values were higher than observations for

summer and fall seasons.

Temperature: The temperature output from the sensitivity analysis was analyzed

by calculating the average temperature using maximum and minimum temperature

values for each day. The daily averages were used to determine monthly average tem-

perature. The time series plot of monthly average temperature for different months as

projected by model runs and as recorded by the observations is shown in Figure 4.11.

It was noted that, the seasonal trends and values of average temperature were similar

for model and observations. Comparison of model results for the Grell run and the

Kain-Fristch 2 run resulted in the conclusion that the temperature values obtained

for the Grell scheme driven model run were similar to those obtained for the Kain-

Fristch 2 driven model run. To validate this deduction, scatterplots were generated

using model data and observation data.

Kendall’s tau rank correlation coefficient is a non-parametric statistic. It is used

to ascertain the degree of correspondence or correlation between two variables and

to assess the significance of such correlation. A coefficient value of one indicates
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perfect correlation and a coefficient value of negative one represents lack of correlation.

Kendall’s tau analysis was performed to examine the correlation between observations

and model results and within the two model results. Kendall’s tau analysis was

performed using the 7200 daily records corresponding to the 20-year run period. While

the Grell and Kain-Fristch 2 model correlation test resulted in a tau value of 0.75

(p-value < 2.2e-16), the test for relationship between the Grell scheme driven model

and observations and the Kain-Fristch 2 driven model and observations resulted in a

Kendall’s tau of 0.9 (p-value < 2.2e-16). The results from the Kendall’s tau analysis

indicated that good correlation existed between the observations and model results

using GC and KF2 schemes. Results generated using KF2 scheme compared better

with observations than those generated using GC scheme. Time series of monthly

average temperature were also generate to compare the performance of the GC and

KF2 schemes. The time series plot generated using the sensitivity run results is shown

in Figure 4.11. The trends generated by GC scheme and KF2 scheme compare well

with the observations. It was realized that both the Grell and Kain-Fristch 2 schemes

resulted in similar projections for the temperature variable. Therefore, as per the

time series of the temperature variable, either of the convection schemes could be

used for further analysis.
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Figure 4.9: Sensitivity analysis: time series of monthly number of significant rain days;

run year = 1971, for Grell cumulus scheme and Kain-Fristch 2 convection scheme;

significant rain = rainfall > 0.05 inches; months start from December = 1, January

= 2,— and November = 12.
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Figure 4.10: Sensitivity analysis: sample precipitation percentile plot; run year =

1971, for Grell cumulus scheme and Kain-Fristch 2 convection scheme.
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Figure 4.11: Sensitivity analysis: monthly average temperature (K) time series; run

year = 1971; for Grell cumulus scheme and Kain-Fristch 2 convection scheme; months

start from December = 1, January = 2,— and November = 12.

153



Texas Tech University, Spandana Tummuri, December 2008

Evaporation: Evaporation was the last hydrologic variable analyzed in the sensi-

tivity analysis. Evaporation is not a direct output variable of the MM5 model. The

latent heat of vaporization from the model results and the evaporation observations

provided by TWDB were converted to the required format following the procedure

explained in Sections 3.10.1 and 3.10.2. The total evaporation that occured during a

month is calculated and shown in Figure 4.12. It was observed that the evaporation

trends determined using model data (for both the Grell and Kain-Fristch 2 schemes)

agreed well with the trends in observations for all stations. Both the seasonal trends

and actual values were appropriately reproduced by the models. The results for Grell

and Kain-Fristch 2 scheme were similar. In terms of evaporation, either Grell or the

Kain-Fristch 2 scheme can be used to represent the convection scheme.

The analysis included the review of all primary drivers of the hydrologic cycle

and therefore understanding the trends in these variables is relevant to this sensi-

tivity analysis. Information related to trends in other hydrologic components such

as relative humidity, wind, and radiation would be helpful in better understanding

of climatic fluctuations. Although model output contained information related to

those variables, the observation data for year 1971 did not contain any of those vari-

ables. Therefore, the trends projected by these variables could not be analyzed and

compared with observations.

4.3.2 Conclusions of sensitivity analysis

After a detailed analysis of the results obtained for precipitation, temperature,

and evaporation variables, it was concluded that for temperature and evaporation

variables both the Grell and Kain-Fristch 2 schemes generated trends similar to those

of observations. The evaporation trends from model runs compared well with those

generated by the observations. For temperature, both the seasonal trend and the

temperature values of the observations were well represented by the model results.

For precipitation, the results obtained using the Kain-Fristch 2 scheme compared
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better to the observations than those obtained using the Grell scheme. The Grell

scheme resulted in greater and more extreme precipitation values compared to the

Kain-Fristch 2 scheme. Although overprediction cannot be avoided, a cumulus scheme

with moderate overprediction was selected over one with extreme overprediction.

Based on this analysis, it was concluded that the Kain-Fristch 2 scheme was more

representative of the cumulus parameterization scheme and was chosen for Phase I

and Phase II model runs. No flaws were observed during the model runs and few

minor modeling indiscrepancies were clarified and solved with the help of the MM5

user support.
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Figure 4.12: Sensitivity analysis: total monthly evaporation (in) time series; run year

= 1971; for Grell cumulus scheme and Kain-Fristch 2 convection scheme; months

start from December = 1, January = 2,— and November = 12.

156



Texas Tech University, Spandana Tummuri, December 2008

4.4. Phase I analysis

The Phase I analysis of this project dealt with the long-term regional climate

model run for a 20-year historical period. The purpose of the Phase I analysis was to

compare model results for a historical period with observations for the same period

and validate the ability of the model to reproduce observational climate fluctuations.

The 20-year runs were conducted for the period from 1970 – 1990, and the models

were run for 60 days to accomplish this task. The availability of observations was

the primary driving force for selecting this time period for the Phase I analysis. The

only requirement was that the selected time period had to be in a historic period so

that contrasts could be drawn between historical and future runs (Phase II analysis).

The principles used in the run procedure were similar to those used in the sensitivity

analysis and are explained in Section 4.3 of this Chapter.

The model-historic run was conducted using ERA40 reanalysis data. The output

variables analyzed in Phase I analysis were precipitation, temperature, evaporation,

relative humidity, and wind. The output was generated in six-month chunks and

each six-month run had output variables written out at 0.5-minute time increments.

Details of the run procedure and output generation are explained in Section 3.7. The

output obtained at 0.5-minute intervals was processed to obtain the variables required

for analysis. The processed output for all the 20 years was compiled to calculate 20-

year averages for each variable. Similar manipulations were conducted for the 20

years of observations. Temperature, precipitation, and evaporation observations were

available for the entire run period (1970 – 1990). Wind and relative humidity were

available for period 1984 – 1990. Therefore, temperature, precipitation, and evapo-

ration observations were averages of 20-year data and wind and relative humidity

observations were averages of seven-year data.
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4.4.1 Analysis of hydrologic variables

The results of the analysis of the variables are provided in the figures shown on

the following pages. The interpretation of the output results follows.

As explained in Section 4.3, the three statistics used to analyze precipitation data

were total precipitation, number of significant rain days, and precipitation percentile

distributions. The monthly total precipitation was calculated as the sum of the

amount of precipitation that occurred in all the days during a month. The monthly

total precipitations for each year were added to obtain the average total monthly

precipitation for the 20-year period. Total monthly precipitation was plotted in two

different formats: as scatterplots and as time series plots. The scatterplots are de-

picted in Figure 4.13. Based on the scatterplot results, it was observed that the

model results and observations correlated reasonably well. The R-squared error was

computed for the scatterplot data. An R-square value of 0 indicated poor correlation

between the model results and observations and an R-squared value of 1 indicated

strong correlation. The R-squared values of the observations versus model results

ranged from 0.66 for Seymour to 0.92 for Midland and an average of 0.8 for other

model stations.

The time series of the monthly averages of total precipitation were plotted to un-

derstand seasonal variation. The time series plots started with December values and

ended with November values. The December values for previous year were grouped

with the January and February values to represent winter values. The time series

plots are presented in Figure 4.14. From the analysis of the time series, it was noted

that the model trends of seasonal variations compared well with the trends in obser-

vation values. Both sources indicated lower precipitation values in winter and spring

seasons and higher precipitation values in summer and fall months. During winter

and spring, the total precipitation values were similar for model and observation data

but the model over-predicted the values during summer and fall seasons.
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The next statistic analyzed was the number of significant rain days. The scat-

terplot comparing significant rain days generated by model runs and observations is

shown in Figure 4.15. The relation was similar for all model stations, and the R-

squared values ranged from 0.6 to 0.8. The time series plots for significant rain days

are shown in Figure 4.16. Similar to the trends shown in the total precipitation plots,

the significant rain days projected by the model compared well with observations for

winter and spring seasons. The model results for significant rain days were greater

than observations during summer and fall seasons.

Precipitation percentiles were calculated using observation and model data at 5-

percentile intervals. To reduce the number of percentile plots to be analyzed, the

percentiles for each season were grouped and plotted as shown in Figure 4.17. The

percentile distributions were similar for all model stations. Therefore, sample plots

for one station (Abilene) were developed. The plots for other stations did not provide

any additional information that was different from the information provided by the

one represented in the report. Therefore, the information from the plots was included

in analysis, and the plots for other stations were presented in Appendix C. Based on

the trends represented in Figure 4.17, it was concluded that the percentiles for model

and observation values compared well for all seasons.

As a result of the preceding analyses, it was concluded that the model results

compared well with the observations. The spatial and temporal distribution of obser-

vations were captured by model runs. The model over-predicted precipitation during

the summer and fall seasons. The results and conclusions were similar for all model

stations.

Temperature was analyzed by means of scatterplots, time series plots (graphic),

and Kendall’s tau correlation analysis (statistic). For both model and observations,

the average daily temperature values were calculated using maximum and minimum

temperature values. The daily temperature values for each year were combined for the
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20-year period to estimate the 20-year daily average temperature. The 20-year average

of daily average temperatures for model and observations were represented by means

of scatterplots. The scatterplots are shown in Figure 4.18. Kendall’s tau correlation

analysis was performed on these daily average temperatures. The average value of

Kendall’s tau was 0.78 (p-value < 2.2e-16) for all stations indicating a good correlation

between observations and model results. Based on the results of the scatterplots and

Kendall’s correlation analysis, it was concluded that the model and observation daily

temperature distributions compared well. The daily average temperature values for a

given month were used to calculate the monthly average temperature. The seasonal

time series of the 20-year averages of monthly temperature were plotted as shown in

Figure 4.19. Both the seasonal trends and the magnitudes of observed temperature

distributions were well represented by the model results.

Based on the overall analysis of temperature variable, it was concluded that the

model reproduced seasonal patterns of observations. High ranges of Kendall’s correla-

tion coefficients indicated good correlation between the model data and observations.

The model-predicted magnitude of temperature compared well with the observed

magnitude.

Evaporation is not a direct output of the regional model. It was derived using the

procedure explained in Section 3.10. The observations for the evaporation variable

were formatted so they could be compared with the model output. Evaporation

was analyzed by means of scatterplots and time series plots. The scatterplots for

the evaporation variable are shown in Figure 4.20. It was observed that significant

correlation existed between the model output and observations. The R-squared values

for all the stations were in the range of 0.97. Total monthly evaporation values

were calculated and plotted as a time series (Figure 4.21). The time series depicted

significant similarity between the observations and model data in terms of seasonal

variation and magnitude.
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Relative humidity was readily available as part of the meteorological observation

dataset. It was only available for the period of 1984–1990. Relative humidity is

not recorded at the Seymour and Midland stations. The model relative humidity

was calculated using saturated vapor pressure, mixing ratio, reference pressure, and

surface pressure values from model output. The details of the relative humidity

formulation are provided in Section 3.10.

Scatterplots and time series were generated using relative humidity data from

models and observations. The scatterplots are presented in Figure C.1 in the Ap-

pendix. The scatterplot did not indicate a significant relation between the two vari-

ables. Computed R-squared values were in the range of 0.01. Monthly relative hu-

midity values were averaged for the 20-year period and were plotted as a time series

(Figure C.2). The time series plots captured the seasonal variation of relative humid-

ity well. The magnitude of values calculated by the regional model was slightly less

compared to that of the observations. Based on the analysis, it was concluded that

the model did not replicate the magnitude of relative humidity values, but the range

of values and the seasonal variation were reasonably reproduced.

Wind data were generated by the model in the form of u-wind and v-wind vari-

ables. The wind data available in the meteorological observation dataset was pre-

sented in the form of resultant windspeed and resultant wind direction. A program

used to convert u and v winds to resultant wind speed and direction was obtained

from NCDC. The procedure explained in the software program files was used to con-

vert the model u and v wind to resultant wind speed and wind direction. The wind

plots are presented in Figure 4.22 through Figure 4.26, one for each station. The

wind plots represent wind speed and direction in the same plot area.

Upon detailed analysis of the comparison of model and observation resultant wind

direction and speed, it was concluded that the wind results from observations and

model output matched well both in terms of resultant wind speed and direction. The
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direction shown in the plots represent the “to” direction, that is, the direction to

which the wind was blowing. The wind directions of the observations and model

output match well. The magnitude of the wind speed was also in close range for both

model and observation datasets. Based on these results, it was concluded that the

model performed well in terms of representing the wind variable.

4.4.2 Conclusions of Phase I analysis

The regional climate model generated results for precipitation, temperature, evap-

oration, wind, and relative humidity variables that compare well with observations

from the period 1970 – 1990. The seasonal trends in all these variables were well

captured. The model slightly over-predicted summer and fall precipitation values.

The temperature values for all the seasons were represented well by the model re-

sults. The over-prediction of the precipitation variable is a common occurrence in

regional climate modeling. The evaporation and wind variables were well represented

by the model. The relative humidity trends were well captured but the model values

were less than the observations. Overall, the purpose of the regional climate model

calibration process was to ensure the model represented the trends in the regional

climate. In most cases, the climate model reproduced the values of variables listed in

the observation dataset. At best, the range of model values for each analysis variable

would be within the range of those available in the observations dataset.
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Figure 4.13: Phase I: total monthly precipitation (in) scatterplot; comparison of

model-historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure 4.14: Phase I: total monthly precipitation (in) time series; comparison of

model-historical (1970 – 1990) and observation (1970 – 1990) output; months start

from December = 1, January = 2,— and November = 12.

164



Texas Tech University, Spandana Tummuri, December 2008

0 2 4 6 8 10 12

0

2

4

6

8

10

12

AbObs

A
bM

od

Abilene Significant Rain Days

0 2 4 6 8 10 12

0

2

4

6

8

10

12

AmObs

A
m

M
od

Amarillo Significant Rain Days

0 2 4 6 8 10 12

0

2

4

6

8

10

12

ChObs

C
hM

od

Childress Significant Rain Days

0 2 4 6 8 10 12

0

2

4

6

8

10

12

LuObs

Lu
M

od

Lubbock Significant Rain Days

Figure 4.15: Phase I: monthly number of significant rain days scatterplot; comparison

of model-historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure 4.16: Phase I: time series of monthly number of significant rain days; compar-

ison of model-historical (1970 – 1990) and observation (1970 – 1990) output; months

start from December = 1, January = 2,— and November = 12.
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Figure 4.17: Phase I: sample precipitation percentile plot; comparison of model-

historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure 4.18: Phase I: average daily temperature (K) scatterplot; comparison of model-

historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure 4.19: Phase I: time series of monthly average temperature (K); comparison

of model-historical (1970 – 1990) and observation (1970 – 1990) output; months start

from December = 1, January = 2,— and November = 12.
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Figure 4.20: Phase I: monthly total evaporation (in) scatterplots; comparison of

model-historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure 4.21: Phase I: time series of monthly total evaporation (in); comparison of

model-historical (1970 – 1990) and observation (1970 – 1990) output; months start

from December = 1, January = 2,— and November = 12.
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Figure 4.22: Phase I: monthly average resultant windspeed (m/sec) and resultant

wind direction (deg); comparison of model-historical (1970 – 1990) and observation

(1984 – 1990) output. 172
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Figure 4.23: Phase I: monthly average resultant windspeed (m/sec) and resultant

wind direction (deg); comparison of model-historical (1970 – 1990) and observation

(1984 – 1990) output.
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Figure 4.24: Phase I: monthly average resultant windspeed (m/sec) and resultant

wind direction (deg); comparison of model-historical (1970 – 1990) and observation

(1984 – 1990) output.
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Figure 4.25: Phase I: monthly average resultant windspeed (m/sec) and resultant

wind direction (deg); comparison of model-historical (1970 – 1990) and observation

(1984 – 1990) output.
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Figure 4.26: Phase I: monthly average resultant windspeed (m/sec) and resultant

wind direction (deg); comparison of model-historical (1970 – 1990) and observation

(1984 – 1990) output.
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4.5. Phase II analysis

The purpose of Phase II analysis was to perform a model run for a future time

period using GCM model output data and to determine the projections in different

climatic variables. The changes in the projected variables would be compared with

those obtained in the model-historical run to interpret the statistical trends and

changes in hydrological variables caused by the influences of climate change.

The Phase II analysis was performed for a 20-year future time period (2035 –

2055). The model setup of the regional climate model that was validated in the

Phase I analysis was used to conduct Phase II analysis. CCSM GCM data were used

to provide input and boundary data values. The procedure used for performing model

runs, generating output data, and interpreting the output data was similar to that

used for sensitivity analysis and Phase I analysis. The Phase II run was referred to

as the model-future run in the output plots.

The climate variables analyzed in the data analysis step were precipitation, tem-

perature, evaporation, relative humidity, and wind variables. The statistical and

mathematical principles used in the data analysis step were similar to those used in

sensitivity analysis and Phase I analysis and are not repeated here.

4.5.1 Analysis of hydrologic variables

The 20-year averages of total monthly precipitation values were plotted in the form

of time series. The total precipitation for the model-future run, the model-historic

run, and the observations were presented on the same plot. These comparisons are

presented in Figure 4.27. The results were similar for all study stations. For winter

and spring seasons, the precipitation values generated by the model-future run were

similar to those generated by the model-historic runs and the observations. For

summer and fall seasons, the projected values from the future runs were low compared

to both model-historic run values and observation values.

The monthly total number of significant rain days for each model station were
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plotted as time series plots. The time series plots for this statistic are provided in

Figure 4.28. The trends observed in this statistic were similar to those observed in the

total precipitation values. The model-future values were similar to observations and

model-historic values for winter and spring seasons. The model-future values were

lower compared to model-historic values and observations during summer and fall

seasons. Similar conclusions were drawn while analyzing the precipitation percentile

distributions. A sample percentile distribution for Abilene County is presented in

Figure 4.29. The percentile plots for other stations are provided in Appendix D.

Based on the overall analysis of these three statistics, it was concluded that the

climate model indicated a decrease in the precipitation quantities for summer and

fall seasons in the future period when compared to the historic period.

The 20-year averages of daily average temperature values were calculated and plot-

ted for model-future, model-historic, and observation data sets. Scatterplots were

generated to compare relations between model-future and model-historic data and

model-future and observation data. The scatterplot comparing model-future and ob-

servations is depicted in Figure 4.30. It was noticed that correlation existed between

model-future and observation datasets with an average Kendall’s tau value of 0.89

(p-value < 2.2e-16) for all stations. A similar scatterplot prepared for model-future

and model-historic datasets is shown in Figure 4.31. The Kendall’s tau value com-

paring these variables was in the range of 0.75 – 0.79 for all stations. Time series

plots were prepared using 20-year averages of monthly average temperature as shown

in Figure 4.32. The trends in the time series plots indicated that; although the

model-future run captured seasonal trends in temperature values well, the predicted

temperatures were slightly greater than the model-historic values. The temperature

values for model-future run were also more than those obtained from observations. To

better understand the relation between temperatures values for observations, model-

historic run, and model-future run, box plots were generated for these three datasets.

178



Texas Tech University, Spandana Tummuri, December 2008

The box plots are shown in Figure 4.33 and Figure 4.34. Analysis of box plots in-

dicated that the range of values in observations compared well with model-historic

data but were less than model-future values.

The time series plots comparing the evaporation variables for observation, model-

historic, and model-future datasets are provided in Figure 4.35. A detailed analysis

of the results indicated that the seasonal variation in the evaporation variables was

represented by the future model. The magnitude of the evaporation values for the

future run was slightly greater than the observations and model-historic values.

The relative humidity values calculated from the model-future, model-historic,

and observation data variables were plotted as time series. The time series plots

are shown in Appendix D (Figure D.1). Based on the trends depicted in the plots,

it was concluded that then model-future run resulted in relative humidity values of

magnitude less than the magnitude of model-historic and observation values. The

seasonal trends of the variable for all three runs compared well.

The resultant windspeed and wind direction calculated using the u and v wind

values obtained in model-future run were plotted in Figure 4.36 through Figure 4.38.

It was observed that the resultant speeds of model-future run values were greater in

magnitude than those obtained for observations and model-historic values. The wind

direction was more scattered and spread out for model-future run values than that

depicted by model-historic and observation values.

4.5.2 Conclusions of Phase II analysis

A thorough analysis of the trends in the variables resulted in the following over-

all conclusions. A change in climate was initiated by means of SRES A2 scenario,

CCSM GCM data, and MM5 regional climate model. The changes in the trends of

the hydrologic variables temperature, precipitation, evaporation, relative humidity,

and wind were studied. The model-future run projected lower values of precipitation

in summer and fall seasons. The model-future run resulted in higher values of av-
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erage temperature when compared with model-historic runs and observations. The

future projections also indicated higher values of evaporation, lower values of relative

humidity, increased levels of wind speeds, and large scatter in the wind direction.
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Figure 4.27: Phase II: time series of monthly total precipitation (in); comparison of

model-future (2035 – 2065), model-historical (1970 – 1990), and observations (1970 –

1990) data; months start from December = 1, January = 2,— and November = 12.

181



Texas Tech University, Spandana Tummuri, December 2008

0 2 4 6 8 10 12

0
2
4
6
8

10
12

No. of Significant Rain days for Abilene

Months

N
o.

 o
f D

ay
s

0 2 4 6 8 10 12

0
2
4
6
8

10
12

No. of Significant Rain days for Amarillo

Months

N
o.

 o
f D

ay
s

0 2 4 6 8 10 12

0
2
4
6
8

10
12

No. of Significant Rain days for Childress

Months

N
o.

 o
f D

ay
s

0 2 4 6 8 10 12

0
2
4
6
8

10
12

No. of Significant Rain days for Lubbock

Months

N
o.

 o
f D

ay
s

0 2 4 6 8 10 12

0
2
4
6
8

10
12

No. of Significant Rain days for Midland

Months

N
o.

 o
f D

ay
s

0 2 4 6 8 10 12

0
2
4
6
8

10
12

No. of Significant Rain days for Seymour

Months

N
o.

 o
f D

ay
s

Figure 4.28: Phase II: time series of monthly number of significant rain days; compar-

ison of model-future (2035 – 2065), model-historical (1970 – 1990), and observations

(1970 – 1990) data; months start from December = 1, January = 2, — and November

= 12; significant rain = rain > 0.05 in.
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Figure 4.29: Phase II: sample precipitation percentile plot;comparison of model-future

(2035 – 2065), model-historical (1970 – 1990), and observations (1970 – 1990) data.

183



Texas Tech University, Spandana Tummuri, December 2008

270 280 290 300 310 320

270

280

290

300

310

320

Observations

M
od

el
−

F
ut

ur
e

Avg. Temp Scatter Plot for Abilene

270 280 290 300 310 320

270

280

290

300

310

320

Observations

M
od

el
−

F
ut

ur
e

Avg. Temp Scatter Plot for Amarillo

270 280 290 300 310 320

270

280

290

300

310

320

Observations

M
od

el
−

F
ut

ur
e

Avg. Temp Scatter Plot for Childress

270 280 290 300 310 320

270

280

290

300

310

320

Observations

M
od

el
−

F
ut

ur
e

Avg. Temp Scatter Plot for Lubbock

Figure 4.30: Phase II: scatterplot of daily average temperature and value of Kendall’s

tau test; comparison of model-future (2035 – 2065) and observations (1970 – 1990)

data; months start from December = 1, January = 2,— and November = 12.
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Figure 4.31: Phase II: scatterplot of daily average temperature and value of Kendall’s

tau test; comparison of model-future (2035 – 2065) and model-historical (1970 – 1990)

data; months start from December = 1, January = 2,— and November = 12.
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Figure 4.32: Phase II: time series of monthly average temperature; comparison of

model-future (2035 – 2065), model-historical (1970 – 1990), and observations (1970 –

1990) data; months start from December = 1, January = 2,— and November = 12.
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Figure 4.33: Phase II: box plots of monthly average temperature; comparison of

model-future (2035 – 2065), model-historical (1970 – 1990), and observations (1970 –

1990) data.
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Figure 4.34: Phase II: box plots of monthly average temperature; comparison of

model-future (2035 – 2065), model-historical (1970 – 1990), and observations (1970 –

1990) data.
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Figure 4.35: Phase II: time series of monthly total evaporation (in); comparison of

model-future (2035 – 2065), model-historical (1970 – 1990), and observations (1970 –

1990) data; months start from December = 1, January = 2,— and November = 12.
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Figure 4.36: Phase II: monthly average resultant windspeed (m/sec) and resul-

tant wind direction (deg); comparison of model-future (2035 – 2065), model-historical

(1970 – 1990), and observations (1984 – 1990) data.
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Figure 4.37: Phase II: monthly average resultant windspeed (m/sec) and resul-

tant wind direction (deg); comparison of model-future (2035 – 2065), model-historical

(1970 – 1990), and observations (1984 – 1990) data.
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Figure 4.38: Phase II: monthly average resultant windspeed (m/sec) and resul-

tant wind direction (deg); comparison of model-future (2035 – 2065), model-historical

(1970 – 1990), and observations (1984 – 1990) data.
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CHAPTER 5

SUMMARY AND CONCLUSIONS

A detailed description of the objectives of the research, the summary of method-

ology used in this research, the conclusions derived from the results, and the recom-

mendations for future work is presented in the paragraphs below.

5.1. Summary

The main purpose of this research project was to develop a regional climate model

for the northwest Texas region. The study area chosen for this research was the Upper

Brazos River basin in the northwest Texas region. For years, researchers concentrated

on developing global scale models and interpolating regional effects from the global

scale. Researchers studying climate change currently use regional climate models or

other downscaling techniques to analyze regional and local climate systems. The

generation of a global climate model and the application of statistical and empirical

downscaling for the study area was completed by Dorman (2003). Therefore, the

generation of a regional climate model is a logical step in understanding the water

resources system of the study area.

The analysis of the magnitude hydrologic change for the study area is vital because

1. The Upper Brazos River is one of the main sources of water supply to the

semi-arid lands in northwest Texas.

2. Water from some regions in the Upper Brazos River subbasin is infiltrating into

the Ogallala aquifer, the major source of water supply for the High Plains of

Texas.

3. The Upper Brazos River system is representative of the West Texas water re-

sources and can be applied to the region as a whole.
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4. Little research of this kind was undertaken for the study area.

The primary objectives were to 1) quantify potential impacts of climate change

on the climatic mechanisms driving the hydrologic cycle and 2) determine the prob-

ability of the occurrence of hydrologically extreme situations (floods and droughts)

and normal events on a long-term period. The following tasks were undertaken to

accomplish the obbjectives

1. investigate watershed climatic processes and their interactions to improve un-

derstanding of watershed system dynamics,

2. Develop computer models to simulate and evaluate the effects of combinations

of precipitation mechanism, climate, and land use on temperature, evapotran-

spiration levels, precipitation levels, and other hydrologic components under

changed climate scenario(s),

3. Evaluate different GCMs and determine the most appropriate GCM used to

drive the RCM for the study area, and

4. Provide an efficient representation of the water resource system for a region

and examine the potential for movement under a variety of climate forcings by

comparing the climate information from a regional climate model (RCM) run

for a historical period and those obtained from a projected future run.

The watershed system dynamics were analyzed by conducting a detailed study of

the types of large-scale climate patterns (teleconnections) affecting the study area.

The hydrologic variables that are important for better understanding a climate change

induced hydrologic cycle were identified. The impact of the teleconnections affect-

ing the study area on these hydrologic variables was quantified. The sensitivity of

the changes in magnitude and direction of hydrologic variables to the impact was

established.
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A regional climate model was setup for the study area using the MM5 modeling

system. The GCMs needed to drive the regional climate model were selected by

comparing the performance of several GCMs by means of Method 1 and Method 2

GCM comparison analyses. A sensitivity analysis was conducted to determine the

appropriate combination of RCM, GCM, precipitation mechanism, and land-use type.

A historical model run was performed for a 20-year period (1970 – 1990) and the

historical model was validated by comparing the model results with the observations.

A future model run was performed for a 20-year period (2035 – 2055) to determine

the range of projections in hydrologic variables. Finally, the trends and projections

of the historical and the future runs were compared and analyzed.

5.2. Conclusions

Based on the results obtained in different stages of this research, the following

general conclusions can be drawn.

1. The Phase I analysis was conducted to test the RCM’s ability to perform re-

gional climate modeling for the study area. Using MM5 as the climate model

and ERA 40 reanalysis data as the source for initial and boundary conditions,

the model was run for a 20-year historic period (1970 – 1990), and the results

were compared with the observations. The comparison analysis was carried

out for the following hydrologic variables: precipitation, temperature, evapo-

ration, relative humidity, and wind (speed and direction). The model results

compared well with the observations for all the hydrologic variables analyzed.

The trends in precipitation, temperature, evaporation, relative humidity, and

wind variables compared well with the trends for these variables generated by

the observations. Based on the results obtained in Phase I analysis, it was con-

cluded that MM5 model can be used to perform regional climate modeling for

northwest Texas regions around the study area with similar climatology.
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2. A sensitivity analysis was conducted as part of the Phase I analysis to test the

reproducibility of the atmospheric convection in the model parameterization

process. Three different convection schemes were tested. They were Grell,

Kain-Fristch, and Kain-Fristch 2 schemes. The results from the sensitivity

analysis indicated that the Kain-Fristch 2 scheme represented the atmospheric

convection physics better than the other schemes.

3. A sensitivity study was conducted to determine the impact of the large-scale

atmospheric teleconnections on the climate of Texas. The changes in the pre-

cipitation and temperature anomalies were observed during El Niño and La

Niña periods to understand and ascertain the impact of movement of polar jet

stream on the climate of Texas. The results from this study were in agreement

with the general conclusion that El Niño (La Niña) year resulted in increased

(decreased) precipitation levels and decreased (increased) temperature levels for

the southwestern United States. Based on the results of this sensitivity anal-

ysis, it was established that the continental movement of jet stream is one of

the global scale features influencing the climate of the study area. Therefore,

the applicability of a GCM to the study area could be based on the observation

of the ability of the GCM to reproduce the movement of jet streams during a

given period of time.

4. A GCM comparison analysis was conducted to select a GCM that was rep-

resentative of the regional climatology. Comparative analysis was carried out

for eight GCMs using the Method 1 and seven GCMs using Method 2 GCM

comparison analyses. Based on the results obtained in Method 1 and Method 2

analyses, GCMs GFDL, CCSM, PCM, and HaDCM3 were selected to provide

input and boundary information to the RCM set up in the study area. Based

on the ease of data availability, data portability, ease of data conversion, and

availability of output variables, CCSM was selected as the most representative
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GCM to provide input and boundary conditions for a regional model run for a

future period.

5. The Phase II analysis of the project dealt with a regional climate model run for

a 20-year future period (2035 – 2055). The input and boundary conditions of

the future run were driven by the output from the CCSM climate model. The

changes in the nature of the hydrologic variables that play a key role in the

regional hydrologic cycle were studied. The hydrologic variables analyzed were

precipitation, temperature, evaporation, relative humidity, and wind (speed and

direction). Based on the results obtained from the Phase II analysis, it was

concluded that during the summer and fall seasons the precipitation values

generated by the model-future run were less than those generated by the model-

historic run and observations. The projected temperature values obtained from

the model-future run were greater than those obtained from model-historic run

and observations. The projected evaporation values for model-future run were

greater than those obtained from both model-historic run and the observations.

The future projections of relative humidity values were less compared to model-

historic values and observations. The wind speeds from the model-future run

were greater than those generated by the model-historic run and the observation

values. The future projections of wind direction were more scattered than those

representing model-historic run and the observations.

Observing the trends in climate variables generated during the Phase II anaylsis

for future period (2035-2055), it was concluded that under the climate-change scenario

examined temperature is likely to increase during summer months, precipitation is

likely to decrease spatially and temporally (intensity and frequency). Potential evap-

oration may increase and relative humidity is likely to decrease. Observing the impact

of climate variables on components of hydrologic cycle was not a part of the study,

but it should be examined using hydrologic models of the Upper Brazos River basin to
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determine what might happen should the changed climate scenario occur in the study

area. The methodology developed in this research can be used a tool to accomplish

that goal.

Therefore, based on the results, it was be concluded that a scientifically sound

methodology to conduct regional climate modeling for the northwest Texas region

was developed. The methodology used, the principles applied, and the results ob-

tained were specific to the regional nature of study area. The sensitivity of regional

climate was ascertained and analyzed in every step of the research. The importance

of hydrologic variables of the water cycle was analyzed, and the trends of changes in

these variables under changed climate conditions were observed.

It is impportant for regional water planners to quantify the impact of climate

change on the surface water sources and ground water sources. Because of the in-

terdependencies of these sources, the fate of one resource would determine or impact

the fate of the other resource. This issue is pertinent to the study area because of

the arid/semi arid climate conditions. The methodology developed in this study and

the results obtained in this analysis could be used to assess the impact of change in

climate variables on the components of the hydrologic cycle. The next step would

be to establish the relation between the changes in ground water and surface water

quantities so as to plan and undertake the mitigation or adaptation measures.

5.3. Recommendations

The following recommendations were suggested based on the understanding of the

modeling procedure of the research project.

1. The impact of climate change on primary hydrologic variables such as precip-

itation, temperature, evapotranspiration, relative humidity, and wind can be

understood from the results obtained for historical and future runs. These

results can be used to drive a regional-hydrologic model and thus refine the un-
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derstanding of the impact of climate change on secondary hydrologic variables

such as streamflow, runoff, evapotranspiration, and soil moisture levels.

2. The future run was conducted for the A2 climate scenario, which represented the

mid-high variations in climate variables. The same procedure could be repeated

using SRES A1B and SRES B1 scenarios to observe the trends in variables when

forced by mid-average and mid-low climate change scenarios, respectively.

3. Similar analysis could be performed using different GCMs to drive future models

to develop a better understanding of the range of projections estimated by

climate models.

4. A run similar to the one performed in Phase II analysis for a future period could

be conducted for a far future period (e.g., 2070 – 2090) to better understand the

sensitivity of hydrologic variables to the change in climate for a far-future period.

5. While analyzing the results for the Phase I and Phase II analysis it was realized

that performing a model control run with no change in the CO2 quantities in the

future period would be useful in understanding the changes in climate variables

because of changed climate scenario.
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GCM COMPARISON ANALYSIS RESULTS

Figure A.1: Comparison of physical uncertainty represented by different GCMs.
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Figure A.2: Comparison of physical uncertainty represented by different GCMs.
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Figure A.3: Comparison of physical uncertainty represented by different GCMs.
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Figure B.1: Sensitivity analysis: sample precipitation percentile plot; run year =

1971; comparison of GC and KF2 schemes with observations.

221



Texas Tech University, Spandana Tummuri, December 2008

0 20 40 60 80 100

0.0

0.2

0.4

0.6

0.8

1.0

Percentiles

P
(in

)

Winter Precip Percentiles for ChildressWinter Precip Percentiles for Childress

0 20 40 60 80 100

0.0

0.2

0.4

0.6

0.8

1.0

Percentiles

P
(in

)

Spring Precip Percentiles for ChildressSpring Precip Percentiles for Childress

0 20 40 60 80 100

0.0

0.2

0.4

0.6

0.8

1.0

Percentiles

P
(in

)

Summer Prec Percentiles for ChildressSummer Prec Percentiles for Childress

0 20 40 60 80 100

0.0

0.2

0.4

0.6

0.8

1.0

Percentiles

P
(in

)
Fall Precip Percentiles for ChildressFall Precip Percentiles for Childress

Figure B.2: Sensitivity analysis: sample precipitation percentile plot; run year =

1971; comparison of GC and KF2 schemes with observations.
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Figure B.3: Sensitivity analysis: sample precipitation percentile plot; run year =

1971; comparison of GC and KF2 schemes with observations.
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Figure B.4: Sensitivity analysis: sample precipitation percentile plot; run year =

1971; comparison of GC and KF2 schemes with observations.
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Figure B.5: Sensitivity analysis: sample precipitation percentile plot; run year =

1971; comparison of GC and KF2 schemes with observations.
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Figure C.1: Phase I: average monthly relative humidity scatterplots; comparison of

model-historical (1970 – 1990) and observation (1984 – 1990) output.
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Figure C.2: Phase I: time series of average monthly relative humidity; comparison

of model-historical (1970 – 1990) and observation (1984 – 1990) output; months start

from December = 1, January = 2,— and November = 12.

227



Texas Tech University, Spandana Tummuri, December 2008

0 1 2 3 4 5 6

0

1

2

3

4

5

6

MiObs

M
iM

od

Midland Total Precipitation (Inches)

0 1 2 3 4 5 6

0

1

2

3

4

5

6

SeObs

S
eM

od

Seymour Total Precipitation (Inches)

Figure C.3: PhaseI: total monthly precipitation (in) scatterplot; comparison of model-

historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure C.4: Phase I: monthly number of significant rain days scatterplot; comparison

of model-historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure C.5: Phase I: average daily temperature (K) scatterplot; comparison of model-

historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure C.6: Phase I: monthly total evaporation (in) scatterplots; comparison of

model-historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure C.7: Phase I: sample precipitation percentile plot; comparison of model-

historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure C.8: Phase I: sample precipitation percentile plot; comparison of model-

historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure C.9: Phase I: sample precipitation percentile plot; comparison of model-

historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure C.10: Phase I: sample precipitation percentile plot; comparison of model-

historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure C.11: Phase I: sample precipitation percentile plot; comparison of model-

historical (1970 – 1990) and observation (1970 – 1990) output.
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Figure D.1: Phase II: time series of monthly average relative humidity; comparison of

model-future (2035 – 2065), model-historical (1970 – 1990), and observations (1984 –

1990) data; months start from December = 1, January = 2, — and November =

12.
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Figure D.2: Phase II: scatterplot of daily average temperature and value of Kendall’s

tau test; comparison of model-future (2035 – 2065) and observations (1970 – 1990)

data; months start from December = 1, January = 2,— and November = 12.
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Figure D.3: Phase II: scatterplot of daily average temperature and value of Kendall’s

tau test; comparison of model-future (2035 – 2065) and model-historical (1970 – 1990)

data; months start from December = 1, January = 2,— and November = 12.
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Figure D.4: Phase II: sample precipitation percentile plot; comparison of model-future

(2035 – 2065), model-historical (1970 – 1990), and observations (1970 – 1990) data.
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Figure D.5: Phase II: sample precipitation percentile plot; comparison of model-future

(2035 – 2065), model-historical (1970 – 1990), and observations (1970 – 1990) data.
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Figure D.6: Phase II: sample precipitation percentile plot; comparison of model-future

(2035 – 2065), model-historical (1970 – 1990), and observations (1970 – 1990) data.
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Figure D.7: Phase II: sample precipitation percentile plot; comparison of model-future

(2035 – 2065), model-historical (1970 – 1990), and observations (1970 – 1990) data.
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Figure D.8: Phase II: sample precipitation percentile plot; comparison of model-future

(2035 – 2065), model-historical (1970 – 1990), and observations (1970 – 1990) data.
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APPENDIX E

MM5 MODEL PHYSICS OPTIONS

The information provided in this Appendix is obtained from the MM5 user’s guide.

Cumulus Parameterizations (ICUPA)

1. None - Use no cumulus parametrization at grid sizes < 5 – 10 km.

2. Anthes-Kuo - Based on moisture convergence, mostly applicable to larger grid

sizes > 30 km. Tends to produce much convective rainfall, less resolved-scale precip,

specified heating profile, moistening dependent upon relative humidity.

3. Grell - Based on rate of destabilization or quasi-equilibrium, simple single-cloud

scheme with updraft and downdraft fluxes and compensating motion determining

heating/moistening profile. Useful for smaller grid sizes 10 – 30 km, tends to allow

a balance between resolved scale rainfall and convective rainfall. Shear effects on

precipitation efficiency are considered. See Grell et al. Grell (1993).

4. Arakawa-Schubert - Multi-cloud scheme that is otherwise like Grell scheme.

Based on a cloud population, allowing for entrainment into updrafts and allows for

downdrafts. Suitable for larger scales, > 30 km grid sizes, possibly expensive com-

pared to other schemes. Shear effects on precipitation efficiency are considered. Also

see Grell et al. Grell (1993).

5. Fritsch-Chappell - Based on relaxation to a profile due to updraft, downdraft

and subsidence region properties. The convective mass flux removes 50 percent of

available buoyant energy in the relaxation time. Fixed entrainment rate. Suitable

for 20-30 km scales due to single-cloud assumption and local subsidence. See Fritsch

and Chappell (1980) for details. This scheme predicts both updraft and downdraft

properties and also detrains cloud and precipitation. Shear effects on precipitation

efficiency are also considered.

6. Kain-Fritsch - Similar to Fritsch-Chappell, but using a sophisticated cloud-
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Figure E.1: Illustration of cumulus schemes.

mixing scheme to determine entrainment/detrainment, and removing all available

buoyant energy in the relaxation time. See Kain and Fritsch (1993) for details. This

scheme predicts both updraft and downdraft properties and also detrains cloud and

precipitation. Shear effects on precipitation efficiency are also considered.

7. Betts-Miller - Based on relaxation adjustment to a reference post-convective

thermodynamic profile over a given period. This scheme is suitable for > 30 km, but

no explicit downdraft, so may not be suitable for severe convection. See Betts (1986),

Betts and Miller (1986), Betts and Miller (1993) and Janjic (1994) for details.
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8. Kain-Fritsch 2 - A new version of Kain-Fritsch that includes shallow convection.

This is similar to one that is being run in test mode in the Eta model (Kain 2002).

Handles non-precipitating clouds. Assumed to have strong entrainment and small

radius, no downdrafts, and uniform clouds. Based on Grell and Arakawa-Schubert

schemes. Equilibrium assumption between cloud strength and sub-grid (PBL) forcing.

PBL Schemes (IBLTYP) and Diffusion

0. None - No surface layer, unrealistic in real-data simulations.

1. Bulk PBL - Suitable for coarse vertical resolution in boundary layer, e.g. >

250 m vertical grid sizes. Two stability regimes.

2. High-resolution Blackadar PBL - Suitable for high resolution PBL, e.g. 5

layers in lowest km, surface layer < 100 m thick. Four stability regimes, including

free convective mixed layer. Uses split time steps for stability.

3. Burk-Thompson PBL - Suitable for coarse and high-resolution PBL. Predicts

turbulent kinetic energy for use in vertical mixing, based on Mellor-Yamada formulas.

This is the only PBL option that does not call the SLAB scheme, as it has its own

force-restore ground temperature prediction

4. Eta PBL - This is the Mellor-Yamada scheme as used in the Eta model. It

predicts TKE and has local vertical mixing. The scheme calls the SLAB routine or

the LSM for surface temperature and has to use ISOIL = 1 or 2 (not 0) because of

its long time step. Its cost is between the MRFPBL and HIRPBL schemes. Before

SLAB or the LSM the scheme calculates exchange coefficients using similarity theory,

and after SLAB/LSM it calculates vertical fluxes with an implicit diffusion scheme.

5. MRF PBL - or Hong-Pan PBL, suitable for high-resolution in PBL (as for

Blackadar scheme). Efficient scheme based on Troen-Mahrt representation of coun-

tergradient term and K profile in the well mixed PBL, as implemented in the NCEP

MRF model. This scheme either calls the SLAB routine or the LSM and should have

ISOIL = 1 or 2. Vertical diffusion uses an implicit scheme to allow longer time steps.
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Figure E.2: Illustration of PBL schemes.

6. Gayno-Seaman PBL - This is also based on Mellor-Yamada TKE prediction.

It is distinguished from others by the use of liquid-water potential temperature as a

conserved variable, allowing the PBL to operate more accurately in saturated condi-

tions. Its cost is comparable with the Blackadar scheme’s because it uses split time

steps.

7. Pleim-Chang PBL - This scheme only works with ISOIL=3. The PBL scheme
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is a derivative of the Blackadar PBL scheme called the Asymmetric Convective Model,

using a variation on Blackadar’s non-local vertical mixing.

Explicit Moisture Schemes (IMPHYS)

1. Dry - No moisture prediction. Zero water vapor.

2. Stable Precip - Nonconvective precipitation. Large scale saturation removed

and rained out immediately. No rain evaporation or explicit cloud prediction.

3. Warm Rain - Cloud and rain water fields predicted explicitly with microphysical

processes. No ice phase processes.

4. Simple Ice (Dudhia) - Adds ice phase processes to above without adding mem-

ory. No supercooled water and immediate melting of snow below freezing level. This

also can be run with a look-up table (MPHYSTBL=1) version for efficiency.

5. Mixed-Phase (Reisner 1) - Adds supercooled water to above and allows for

slow melting of snow. Memory added for cloud ice and snow. No graupel or rim-

ing processes. Since version 3.7 an optimized version of this code is also available

(MPHYSTBL=2). This also can be run with a look-up table (MPHYSTBL=1) ver-

sion for efficiency.

6. Goddard microphysics - Includes additional equation for prediction of graupel.

Suitable for cloud-resolving models. Scheme was updated for Version 3.5 to include

graupel or hail properties.

7. Reisner graupel (Reisner 2) - Based on mixed-phase scheme but adding graupel

and ice number concentration prediction equations. Also suitable for cloud-resolving

models. Scheme was updated significantly between Version 3.4 and 3.5, and again

between 3.5 and 3.6. 3.6 also has a capability for calling the scheme less frequently

than every time-step, but this is not standard and requires code editing to implement.

8. Schultz microphysics - A highly efficient and simplified scheme (based on

Schultz 1995 with some further changes), designed for running fast and being easy to

tune for real-time forecast systems. It contains ice and graupel/hail processes.
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APPENDIX F

FILES FOR CONVERTING CCSM DATA TO GRIB FORMAT

2d Variables conversion

;******************************\\

; Convert skin temperature (SST) from NetCDF format to

;regrid intermediate format\\

;*****************************\newline

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/gsn\_code.ncl’’\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/gsn\_csm.ncl’’\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/contributed.ncl’’\\

external SUBS ’’/home/stummuri/CCSM/codefiles/test2.so’’\\

;******************************\\

begin\\

;******************************\\

; file handling\\

;******************************\\

fn =’’/home/stummuri/extras/DATA/55-02/TS-55-12.nc’’\\

in = addfile(fn, ’’r’’)\\

;*****************************\\

; read lat/lon and get their sizes\\

;*****************************\\

lat = in-$>$ lat\\

lon = in-$>$ lon\\

time = in-$>$ time\\

ts = in-$>$ TS\\

nlat = dimsizes(lat)\\
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nlon = dimsizes(lon)\\

ntime = dimsizes(time)\\

nlev = 1\\

;***************************\\

; output binary files\\

;***************************\\

datesec = in- $>$ datesec\\

date = in- $>$ date\\

pnew = (/201300.0/)\\

do j = 0, ntime-1\\

datesec1=datesec(j)\\

date1=date(j)\\

SUBS::test2(ts(j,:,:),pnew,datesec1,date1,nlon,nlat,6)\\

end do\\

end\\

*************************\\

Fortran Stub for 2d files\\

*************************\\

C NCLFORTSTART\\

SUBROUTINE TEST2 (X,P,DS,DT,NLON,NLAT,N)\\

INTEGER NLAT,NLON,DS,DT,H,M,S,N\\

REAL X(NLON,NLAT),P\\

C NCLEND\\

INTEGER I,J,K,L\\

CHARACTER DESC(7)*46,FIELD(7)*9,UNITS(7)*25\\

CHARACTER*8 DTT\\

CHARACTER*4 A\\
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CHARACTER*2 HH,MM,SS\\

CHARACTER*13 B\\

CHARACTER*24 C\\

CHARACTER CVAR(7)*5\\

DATA FIELD/’T ’,’U ’,’V ’,\\

\& ’HGT ’,’WEASD ’,’SKINTEMP’,\\

\& ’PMSL ’/\\

C 1 2 3

4\\

C 123456789012345678901234567890

12345678901234567890\\

DATA DESC/’Surface Temperature ’,\\

\& ’Surface U ’,\\

\& ’Surface V ’,\\

\& ’Height ’,\\

\& ’Water equivalent snow depth ’,\\

\& ’Skin Temperature ’,\\

\& ’Mean Sea Level Pressure ’/\\

DATA UNITS/’ K ’,\\

\& ’ m s{-1} ’,\\

\& ’ m s{-1} ’,\\

\& ’ m ’,\\

\& ’ kg m{-2} ’,\\

\& ’ K ’,\\

\& ’ Pa ’/\\

DATA CVAR/’TEMP:’,\\

\& ’UWND:’,\\
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\& ’VWND:’,\\

\& ’HGHT:’,\\

\& ’WESD:’,\\

\& ’SSTF:’,\\

\& ’PMSL:’/\\

if(p.eq.6)pnew=200100.0\\

write(dtt,5)dt\\

5 format(i8)\\

h=ds/3600\\

xh=1.*h\\

m=(ds-h*3600)/60\\

s=ds-h*3600-m*60\\

write(a,10)h\\

10 format(i2)\\

hh=a(1:2)\\

if(hh(1:1).eq.’ ’) hh(1:1)=’0’\\

write(a,10)m\\

mm=a(1:2)\\

if(mm(1:1).eq.’ ’) mm(1:1)=’0’\\

write(a,10)s\\

ss=a(1:2)\\

if(ss(1:1).eq.’ ’) ss(1:1)=’0’\\

b=dtt(1:4)//’-’//dtt(5:6)//’-’//dtt(7:8)//’\_’//hh\\

c=b//’:’//mm//’:’//ss\\

* write(0,*)c,xh\\

if(n.ne.6)then\\

open(1,file=CVAR(N)//b,form=’unformatted’,
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status=’unknown’)\\

else\\

open(1,file=’SST\_FILE:’//b,form=’unformatted’,

status=’unknown’)\\

endif\\

write(0,*)’Writing Variable ’, DESC(N)\\

write(1)3\\

write(1)c,1.,FIELD(N),UNITS(N),

DESC(N),P,NLON,NLAT,0\\

write(1)-88.9277353523,0.,1.40625,1.40625\\

50 write(1)((X(JJ,II),JJ=1,NLON),II=1,NLAT)\\

RETURN\\

END\\

3d Variables conversion

;************************\\

; convert temperature from NetCDF format to

;regrid intermediate format (3d variable)\\

;*************************\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/

csm/gsn\_code.ncl’’\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/

csm/gsn\_csm.ncl’’\\

external SUBS ’’/home/stummuri/CCSM/codefiles/test3t.so’’\\

;*************************\\

begin\\

;*************************\\

; file handling\\
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;*************************\\

fn1 =’’/home/stummuri/extras/DATA/55-02/T-55-12.nc’’

; define filename\\

in1 = addfile(fn1,’’r’’) ; open NetCDF file\\

fn2 =’’/home/stummuri/extras/DATA/55-02/PS-55-12.nc’’\\

in2 = addfile(fn2,’’r’’)\\

fn3 =’’/home/stummuri/extras/DATA/55-02/PHIS-55-12.nc’’\\

in3 = addfile(fn3,’’r’’)\\

;***************************\\

; read lat/lon and get their sizes\\

;****************************\\

lat = in1-$>$ lat\\

lon = in1-$>$ lon\\

time = in1-$>$ time\\

lev = in1-$>$ lev\\

t = in1-$>$ T\\

nlat = dimsizes(lat)\\

nlon = dimsizes(lon)\\

ntime = dimsizes(time)\\

nlev = dimsizes(lev) \\

;************************\\

; read needed variables required for

vertical interpolation\\

;*************************\\

P0 = 1000. ; reference pressure (in mb for vinth2p)\\

256



Texas Tech University, Spandana Tummuri, December 2008

hyam = in1-$>$ hyam ; get a coefficients\\

hybm = in1-$>$ hybm ; get b coefficients\\

PS = in2-$>$ PS ; get surface pressuret\\

PHIS = in3-$>$ PHIS(0,:,:); get surface GPH\\

;*************************\\

; define input and output strings\\

;*************************\\

short\_name = (/’’T’’/)\\

interp\_var = (/’’T’’/)\\

interp = (/2/) ; 2=log,1=linear\\

varflg = (/1/)

; Integer flag: =1 if the field being

;interpolated is temperature; =-1 \\

; for geopotential height; =0 for any other variable\\

nlev = dimsizes(hyam)\\

tbot=t(:,nlev-1,:,:) ; get the lowest level temperature\\

;**********************\\

; create pressure array to interpolate to\\

;***********************\\

pnew = (/5., 10., 33., 64., 100., 140., 190., 255., 330., \\\

415., 500., 600., 700., 800., 875., 940., 980., 1000./)\\

nlev = dimsizes(pnew)\\

;printVarSummary(tbot)\\

;*************************\\

; interp to pressure levels\\

;**************************\\

lev\_array = new((/ntime,nlev,nlat,nlon/),float)\\
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lev\_array(:,:,:,:) = vinth2p\_ecmwf(t,hyam,hybm,

pnew,PS,interp,P0,1,

True,varflg,tbot,PHIS)\\

;****************************\\

; output binary files\\

;****************************\\

datesec = in1-$>$datesec\\

date = in1-$>$date\\

pnew = pnew*100.\\

do j = 0, ntime-1\\

datesec1=datesec(j)\\

date1=date(j)\\

SUBS::test3t(3,lev\_array(j,:,:,:),pnew,256,128,

datesec1,date1)\\

end do\\

end\\

******************************\\

Fortran Stub for 3d files\\

******************************\\

C NCLFORTSTART\\

SUBROUTINE TEST3T (N,X,P,NLON,NLAT,DS,DT)\\

INTEGER NLAT,NLON,DS,DT,H,M,S,N\\

REAL X(NLON,NLAT,18),P(18)\\

C NCLEND\\

INTEGER I,J,K,L\\

CHARACTER DESC(5)*46,FIELD(5)*9,UNITS(5)*25\\

CHARACTER*8 DTT\\
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CHARACTER*4 A\\

CHARACTER*2 HH,MM,SS\\

CHARACTER*13 B\\

CHARACTER*24 C\\

CHARACTER CVAR(5)*5\\

DATA FIELD/’U ’,’V ’,’T ’,\\

\& ’HGT ’,’SPECHUMD’/\\

C 1 2 3

4\\

C 123456789012345678901234567890

12345678901234567890\\

DATA DESC/’U ’,\\

\& ’V ’,\\

\& ’Temperature ’,\\

\& ’Height ’,\\

\& ’Specific Humidity ’/\\

DATA UNITS/’ m s{-1} ’,\\

\& ’ m s{-1} ’,\\

\& ’ K ’,\\

\& ’ m ’,\\

\& ’ kg kg{-1} ’/\\

cc if(p.eq.6)pnew=200100.0\\

write(dtt,5)dt\\

5 format(i8)\\

h=ds/3600\\

xh=1.*h\\

m=(ds-h*3600)/60\\
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s=ds-h*3600-m*60\\

write(a,10)h\\

10 format(i2)\\

hh=a(1:2)\\

if(hh(1:1).eq.’ ’) hh(1:1)=’0’\\

write(a,10)m\\

mm=a(1:2)\\

if(mm(1:1).eq.’ ’) mm(1:1)=’0’\\

write(a,10)s\\

ss=a(1:2)\\

if(ss(1:1).eq.’ ’) ss(1:1)=’0’\\

b=dtt(1:4)//’-’//dtt(5:6)//’-’//dtt(7:8)//’\_’//hh\\

c=b//’:’//mm//’:’//ss\\

* write(0,*)c,xh\\

open(1,file=’TEMP:’//b,form=’unformatted’,

status=’unknown’)\\

write(0,*)’Writing Variable ’, DESC(N),NLON,NLAT\\

do 50 i=18,1,-1\\

write(1)3\\

write(1)c,1.,FIELD(N),UNITS(N),DESC(N),P(i),

NLON,NLAT,0\\

write(1)-88.9277353523,0.,1.40625,1.40625\\

50 write(1)((X(JJ,II,i),JJ=1,NLON),II=1,NLAT)\\

RETURN\\

END\\

****************************\\

;Soil Conversion Files\\
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;***************************\\

;Interpolate soil levels from those specified in

CLM data to those\\

required by MM5 and also convert from meters to cms\\

; soil level 10 cm\\

;****************************\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/gsn\_code.ncl’’\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/gsn\_csm.ncl’’\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/contributed.ncl’’\\

;*****************************\\

begin\\

;*****************************\\

fn1 =’’/home/stummuri/extras/DATA/55-01/TSOI-55.nc’’\\

in1 = addfile(fn1, ’’r’’)\\

lat = in1-$>$lat\\

lon = in1-$>$lon\\

time = in1-$>$time\\

levsoi = in1-$>$levsoi\\

TSOI = in1-$>$TSOI\\

nlat = dimsizes(lat)\\

mlon = dimsizes(lon)\\

ntime = dimsizes(time)\\

nlevsoi = dimsizes(levsoi)\\

lNew =(/ 10 /)\\

lNew@units = ’’centimeters’’\\

lNew!0 = ’’levsoi’’\\

printVarSummary(lNew)\\
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x = linint1\_Wrap ((levsoi*100), TSOI(time:,lat:,lon:,levsoi:),

False, lNew, 0)\\

x!0 = ’’time’’\\

x!1 = ’’lat’’\\

x!2 = ’’lon’’\\

x!3 = ’’levsoi’’\\

x@units = ’’K’’\\

printVarSummary(x)\\

filo=’’/home/stummuri/extras/DATA/55-01/TSOI-2055-10.nc’’\\

fo=addfile(filo,’’c’’)\\

copy\_VarAtts(in1,fo)\\

fo-$>$SOILT010 = x\\

end\\

;**********************\\

; Interpolate daily soil @ 10m variables from monthly variables\\

;***********************\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/gsn\_code.ncl’’\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/gsn\_csm.ncl’’\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/

csm/contributed.ncl’’\\

;************************\\

begin\\

;************************\\

; file handling\\

;************************\\

fn =’’/home/stummuri/extras/DATA/55-01/TSOI-2055-10.nc’’\\

in = addfile(fn, ’’r’’)\\
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;*************************\\

; read lat/lon and get their sizes\\

;*************************\\

lat = in-$>$lat\\

lon = in-$>$lon\\

time = in-$>$time\\

levsoi = in-$>$levsoi\\

SOILT010 = in-$>$SOILT010\\

printVarSummary(SOILT010)\\

nlat = dimsizes(lat)\\

mlon = dimsizes(lon)\\

ntime = dimsizes(time)\\

nlevsoi = dimsizes(levsoi) \\

;*************************\\

; output binary files\\

;*************************\\

xDay = clmMon2clmDay(SOILT010, 0, 0)\\

printVarSummary(xDay)\\

filo=’’/home/stummuri/extras/DATA/55-01/

TSOI-2055-10-daily.nc’’\\

fo=addfile(filo,’’c’’)\\

fo-$>$SOILT010 = xDay\\

end\\

;**************************\\

; convert daily soil @ 10cm variables to 6-hourly values\\

;***************************\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/gsn\_code.ncl’’\\
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load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/gsn\_csm.ncl’’\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/

csm/contributed.ncl’’\\

;****************************\\

begin\\

;****************************\\

fn =’’/home/stummuri/extras/DATA/55-01/

TSOI-2055-10-daily.nc’’\\

in = addfile(fn, ’’r’’)\\

lat = in-$>$lat\\

lon = in-$>$lon\\

day = in-$>$day\\

levsoi = in-$>$levsoi\\

SOILT010 = in-$>$SOILT010\\

nlat = dimsizes(lat)\\

mlon = dimsizes(lon)\\

nday = dimsizes(day)\\

nlevsoi = dimsizes(levsoi) \\

opt = (/0, 5/)\\

y = linmsg(SOILT010(levsoi:,lat:,lon:,day:),opt)\\

x6hr = new ( (/nlevsoi, nlat, mlon,4*365/),

typeof(SOILT010) )\\

x6hr(:,:,:,::4) =(/y/)\\

x6hr = linmsg(x6hr , 1)\\

x6hr!0 = ’’levsoi’’\\

x6hr!1 = ’’lat’’\\

x6hr!2 = ’’lon’’\\
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x6hr!3 = ’’time’’\\

opt = (/0,5/)\\

z = linmsg(x6hr(time:,levsoi:,lat:,lon:),opt)\\

z!0 = ’’time’’\\

z!1 = ’’levsoi’’\\

z!2 = ’’lat’’\\

z!3 = ’’lon’’\\

time = fspan(67525,67889.75, 4*365)\\

time!0 = ’’time’’\\

time@units = ’’hour of day’’\\

x6hr\&time = time\\

;printVarSummary(y)\\

;printVarSummary(x6hr)\\

;printVarSummary(z)\\

;printVarSummary(time)\\

filo=’’/home/stummuri/extras/DATA/55-01/

TSOI-2055-10-hourly.nc’’\\

fo=addfile(filo,’’c’’)\\

fo-$>$SOILT010 = z\\

fo-$>$lat = lat\\

fo-$>$lon = lon\\

fo-$>$levsoi = levsoi\\

fo-$>$time = time\\

end\\

;***********************\\

; Add datesec and date fields to 6-hourly soil data \\

(post ncks step to cut data for each month) \\
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;************************\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/gsn\_code.ncl’’\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/gsn\_csm.ncl’’\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/

csm/contributed.ncl’’\\

;*************************\\

begin\\

;**************************\\

fn1 =’’/home/stummuri/extras/DATA/55-02/

TSOI-2055-10-hourly-dec.nc’’\\

in1 = addfile(fn1, ’’r’’)\\

fn2 = ’’/home/stummuri/extras/DATA/55-02/PS-55-12.nc’’\\

in2 = addfile(fn2, ’’r’’)\\

lat = in1-$>$lat\\

lon = in1-$>$lon\\

time = in1-$>$time\\

levsoi = in1-$>$levsoi\\

SOILT010 = in1-$>$SOILT010\\

date = in2-$>$date\\

datesec = in2-$>$datesec\\

printVarSummary(datesec)\\

printVarSummary(date)\\

nlat = dimsizes(lat)\\

mlon = dimsizes(lon)\\

ntime = dimsizes(time)\\

nlevsoi = dimsizes(levsoi)\\

ndatesec = dimsizes(datesec)\\
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ndate = dimsizes(date) \\

filo =’’/home/stummuri/extras/DATA/55-02/

TSOI-2055-10-hourly-dec-2.nc’’\\

fo = addfile(filo,’’c’’)\\

fo-$>$SOILT010 = SOILT010\\

fo-$>$lat = lat\\

fo-$>$lon = lon\\

fo-$>$levsoi = levsoi \\

fo-$>$time = time\\

fo-$>$datesec = datesec\\

fo-$>$date = date\\

end\\

;*************************\\

; convert monthly files of 6-hourly soil variables from \\

NetCDF to regrid intermediate format\\

;**************************\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/gsn\_code.ncl’’\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/csm/gsn\_csm.ncl’’\\

load ’’\$NCARG\_ROOT/lib/ncarg/nclscripts/

csm/contributed.ncl’’\\

external SUBS ’’/home/stummuri/CCSM/codefiles/test510.so’’\\

;***************************\\

begin\\

;***************************\\

fn =’’/home/stummuri/extras/DATA/55-02/

TSOI-2055-10-hourly-dec-2.nc’’\\

in = addfile(fn, ’’r’’)\\
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lat = in-$>$lat\\

lon = in-$>$lon\\

time = in-$>$time\\

levsoi = in-$>$levsoi\\

SOILT010 = in-$>$SOILT010\\

datesec = in-$>$datesec\\

date = in-$>$date\\

nlat = dimsizes(lat)\\

nlon = dimsizes(lon)\\

ntime = dimsizes(time)\\

nlevsoi = 1 \\

printVarSummary(levsoi) \\

pnew =(/201300.0/) \\

do m = 0, ntime-1\\

do n = 0, nlevsoi-1 \\

datesec1 = datesec(m)\\

date1 = date(m)\\

SUBS::test510(SOILT010(m,n,:,:),

pnew,datesec1,date1,nlon,nlat,1)\\

end do\\

end do\\

end\\

**********************\\
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PROGRAM TO DETERMINE WIND SPEED AND DIRECTION

The program shown below was provided by NCDC as a basis for conversion of

model windspeed and wind direction similar to those provided on the NCDC server.

IONO = mfgetv (WKSP(1:3), 3, ’mtr\_edit.wind\_spd’)\\

IF (WKSP(1:3) .NE. ’ ’) THEN\\

IF (WKSP(3:3) .EQ. ’ ’) then\\

READ (WKSP(1:2), FMT=’(F2.0)’) RN1\\

ELSEIF (WKSP(2:3) .EQ. ’ ’) THEN\\

READ (WKSP(1:1), FMT=’(F1.0)’) RN1\\

ELSE\\

READ (WKSP(1:3), FMT=’(F3.0)’) RN1\\

END IF\\

IONO = mfgetv (WKSP, 3, ’mtr\_edit.wind\_dir’)\\

IF (WKSP(1:3) .EQ. ’VRB’ .OR. \\

\& WKSP(1:3) .EQ. ’000’) THEN\\

HR\_WS(C\_HR) = 0 Convert to MPH\\

HR\_WD(C\_HR) = 0 Convert TO RADIANS \\

ELSE\\\

HR\_WS(C\_HR) = RN1 * 1.151 Convert to MPH\\

READ (WKSP(1:3), FMT=’(F3.0)’) RN1\\

HR\_WD(C\_HR) = (RN1+180)*(3.14156/180)

Convert TO RADIANS\\

END IF\\

H\_WIND\_CT = H\_WIND\_CT + 1\\

ELSE\\
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END IF\\

IF (H\_WIND\_CT+H\_VWIND\_CT .GE. 21) THEN\\

CALL R\_WIND (H\_WIND\_CT, HR\_WD,

HR\_WS, WKSP(1:2), WKS2)\\

READ (WKSP(1:2), FMT=’(F2.0)’) RN1\\

DY\_RWD(C\_DAY) = RN1\\

READ (WKS2, FMT=’(F5.1)’) DY\_RWS(C\_DAY)\\

MO\_RW\_CT = MO\_RW\_CT + 1\\

ELSE\\

DY\_RWD(C\_DAY) = -9.9\\

END IF\\

c****************************************************\\

c**** ROUTINE TO CALCULATE RESULTANT WIND DIR, AND SPEED\\

C**** N\_RWD = NO OF RWIND OBS\\

C**** RRDD = ARRAY OF RWIND DIRECTION\\

C**** RWND = ARRAY OF RWIND SPEEDS\\

C**** RWDIR = RW DIRECTION\\

C**** RWSPD = RWINDSPEED\\

c*******************************************************\\

SUBROUTINE R\_WIND (N\_RWD, RRDD, RWND, RWDIR, RWSPD)\\

IMPLICIT NONE\\

REAL*8 RRDD(31), RWND(31), R\_DIR, R\_SPD, TOTRX, TOTRY\\

INTEGER X, WI1, WI2, N\_RWD\\

CHARACTER*2 RWDIR\\

CHARACTER*5 RWSPD, WC1\\

TOTRX = 0.0\\

TOTRY = 0.0\\
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X = 1\\

DO WHILE (X .LE. N\_RWD)\\

TOTRX = (RWND(X)*(DSIN(RRDD(X)))) + TOTRX

TOT X \& Y COOR.\\

TOTRY = (RWND(X)*(DCOS(RRDD(X)))) + TOTRY\\

X = X + 1\\

END DO\\

R\_DIR = DATAN(TOTRX/TOTRY) AVG R\_WIND DIR\\

R\_DIR = R\_DIR / (3.14156/180) convert

radians back to degrees\\

IF ((TOTRX*TOTRY) .LT. 0) THEN\\

IF (TOTRX .LT. 0) THEN\\

R\_DIR = 180 + R\_DIR\\

ELSE\\

R\_DIR = 360 + R\_DIR\\

END IF\\

ELSE\\

IF (TOTRX .GT. 0) R\_DIR = 180 + R\_DIR\\

END IF\\

R\_SPD = (((TOTRX**2) + (TOTRY**2)) / N\_RWD**2)**.5\\

IF (R\_DIR .LT. 5 .AND. R\_SPD .NE. 0) R\_DIR = 360\\

IF (R\_SPD .LT. 0.05) THEN\\

WRITE (RWSPD, FMT=’(F5.1)’) R\_SPD \\

IF (RWSPD(3:3) .EQ. ’ ’) RWSPD(3:3) = ’0’\\

RWDIR = ’ ’\\

ELSE\\

WRITE (WC1, FMT=’(F4.0)’) R\_DIR\\
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READ (WC1, 10) WI1, WI2\\

10 FORMAT (I2, I1)\\

IF (WI2 .GT. 4) THEN\\

WI1 = WI1 + 1\\

END IF\\

WRITE (RWDIR, FMT=’(I2)’) WI1\\

WRITE (RWSPD, FMT=’(F5.1)’) R\_SPD\\

IF (RWSPD(3:3) .EQ. ’ ’) RWSPD(3:3) = ’0’\\

END IF\\

END\\

c********************************************************\\
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