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To investigate the soil moisture — precipitation feedback mechanism, RAMS 

simulations were performed with varying initial soil moisture saturation rates starting 

from a completely dry condition of 0 % to a fully saturated condition of 100 %. Analysis 

showed that with less than 20 % of initial soil moisture saturation, more than 70 % of the 

water that precipitated into the analysis domain was due to the indirect effect of soil 

moisture. This explains in part why initial soil moisture improvements for the 

southwestern United States during the summer had a limited impact on the prediction of 

precipitation. 

Finally, model simulations were performed and analyzed to demonstrate the 

sensitivity of vegetation parameters in RAMS on land surface and near-surface 

atmospheric variables in the southwestern United States. 
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CHAPTER 1 

INTRODUCTION 

1.1. Statement of Problem and Objectives 

1.1.1. Problem Definition 

Mesoscale meteorology, and especially the numerical mesoscale models, has 

progressed significantly during the last decade. Many mesoscale models with highly 

comprehensive physics are now widely in use to enhance the knowledge of mesoscale 

phenomena such as land and sea breezes, severe local storms, fronts, tropical cyclones, 

large-eddy simulation, and associated effects such as the spread of pollutants. These 

mesoscale models are being utilized more and more in operational forecasting as well, 

some as stand-alone models, others nested within synoptic scale models (Pielke and 

Pearce, 1994). 

However, these numerical models still fail to accurately predict some aspects of 

mesoscale systems, especially precipitation. To improve these deficiencies, a great 

number of modeling studies that investigate the land surface — atmosphere interaction 

have been carried out. Some have been intended to improve our knowledge of the 

physical processes while others were conducted solely to improve the model 

predictability. Several key land surface experiments were implemented to improve 

climate models by better describing land surface processes, resulting in increased 

knowledge of the feedback mechanisms between the land surface and the atmosphere. 
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such as the q-Paimer drought severity index, the atmospheric-antecedent precipitation 

index, remotely sensed soil moisture content estimates, or land surface model generated 

estimates like those of the Land Data Assimilation System (LDAS, Mitchell et al., 2000). 

Satellite remote sensing is being used increasingly to provide input parameters 

associated with land surface processes for numerical models, as for this investigation. 

However, remotely sensed soil moisture estimates need calibration and verification to be 

used directly. Rather than attempting that, this study employed remotely sensed 

precipitation data - PERSIANN (Precipitation Estimation from Remotely Sensed 

Information using Artificial Neural Networks) to assimilate soil moisture and other soil 

surface characteristics. Compared to radar or gauge observed data, satellite derived 

precipitation estimates provide a gridded data set with full coverage of a specific region. 

This is particularly appropriate for a region like the southwestern United States where 

gauge observation data is scant and high topography blockage doesn't allow radar to 

cover the whole area. 

1.1.2. Research Objectives 

The aim of this study is to investigate the impact of initial surface conditions in a 

mesoscale model on the prediction of weather and hydrology in the southwestern United 

States. The detailed objectives of this investigation are three-fold: 

(i) investigate the importance of accurate land surface state parameter assimilation 

during the initialization period. This impacts modeling of the planetary boundary layer 
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and regional atmospheric circulations. In addition, the investigation studies the short-term 

predictability of meteorology and hydrology in the southwestern United States. 

(ii) explore the effects of initial soil moisture on summer precipitation and the 

atmospheric water balance for a mesoscale atmospheric model, and in so doing, 

investigate the soil moisture - precipitation feedback mechanism for the semi-arid 

southwestern United States. 

(iii) probe the sensitivity of biophysical parameters in land surface schemes used 

in a regional atmospheric model of the semi-arid southwestern United States. 

1.2. Model Description and General Methodology 

1.2.1. RAMS 

The Regional Atmospheric Modeling System (RAMS) (Pielke, et al., 1992) 

developed by Colorado State University is a mesoscale model with a coupled 

atmospheric and land surface hydrologic component; it has the potential for hydrologic 

forecasts with model-predicted precipitation and other atmospheric conditions. RAMS 

ranked highest in a mesoscale model intercomparison study (Cox et al., 1998). In the 

study, the models were tested on specifically how well they produced forecasts in data-

sparse areas. Since RAMS ranked highest at predicting well in data-sparse areas, it was 

selected for the Southwest United States where data are insufficient due to its minimal 

precipitation and high topographic areas. The other mesoscale models used in their study 

were the Penn State-NCAR Mesoscale Model 5 (MM5), the Navy Operational Regional 

Prediction System Version 6 (NORAPS6), and the USAF Relocatable Window Model 
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(RWM). The models were evaluated by comparing forecast values with observations. 

Cox et al. concluded that the relative ranking of the models varied with parameter, but 

overall, RAMS ranked highest, followed by MM5, NORAPS6, and RWM. Dunn and 

Horel (1994a,b) also noted that many of the operational prediction models and the 

research mesoscale model of the National Meteorological Center were not accurate in 

predicting the convective precipitation in Arizona. 

For this study, RAMS version 4.3 was used (Walko and Tremback, 2(X)la,b). 

Walko and Pielke (1994) and Walko and Tremback (2001a,b) describe RAMS as an 

atmospheric model constructed around a full set of non-hydrostatic, compressible 

equations. RAMS uses the staggered Arakawa C grid and the horizontal grid uses a 

rotated polar-stereographic projection, in which the pole of the projection is rotated to an 

area near the center of the domain to minimize the distortion of the projection in the main 

area of interest. The Oz terrain-following coordinate system is used for the vertical grid 

where the top of the model domain is exactly flat and the bottom follows the terrain. It is 

equipped with a multiple grid nesting scheme which allows model equations to be solved 

simultaneously on any number of interacting computational meshes of differing spatial 

resolution. 

The prognostic equations for the numerical technique are solved using finite 

differences. To split off the terms in the equations that are responsible for the fast 

propagation of wave modes in a series of smaller timesteps, a time split scheme is used. 

A hybrid scheme - in which leapfrog differencing is used for the velocity and pressure 
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components while forward time differencing is employed for the thermodynamic 

variables - is used for time integration. 

RAMS uses several options for the lateral boundary conditions, depending on the 

specification of the form of the phase velocity. When time series of observational data are 

available, four-dimensional data assimilation using nudging can be used for model 

initialization. For the upper boundary conditions, either a rigid lid - where vertical 

velocity and its gradients are set to zero - or a semi-open boundary can be used. For the 

lower boundary conditions, the surface layer fluxes provide the main exchange of energy 

and moisture between the surface and the atmosphere. 

In RAMS, there are several types of parameterization for the horizontal and 

vertical diffusion coefficients. For the deformation-based parameterization, four basic 

options exist. Two of these are based on the Smagorinsky scheme (1963), which relates 

the mixing coefficients to the fluid strain or deformation rate. These are purely local 

schemes in which the mixing coefficients depend only on the local and current flow 

properties. The other two options diagnose mixing coefficients from a parameterized 

subgrid scale turbulent kinetic energy, which is prognosed in the model. 

For the prognostic turbulent kinetic energy case, the Mello and Yamada scheme (1974) is 

used to calculate the vertical mixing coefficients, and the local deformation scheme 

explained above is used for horizontal mixing. The Deardorff scheme (1980) is employed 

if the horizontal grid spacing is small enough that convective motions are resolvable, then 

this scheme is applied to both the horizontal and vertical directions. 



For the longwave and shortwave radiation parameterizations, RAMS has three 

options. The Mahrer and Pielke scheme (1977) is rather simple and efficient but does not 

account for clouds, while the Chen and Cotton scheme (1983) considers the amounts of 

condensates present in the simulated atmosphere but a large computational cost. Version 

4.3 also includes the two-stream radiative transfer model for the radiation scheme 

(Harrington, 1997). This two-stream radiative transfer model accounts for each form of 

condensate (cloud water, rain, pristine ice, snow, aggregates, graupel, and hail) as well as 

water vapor, and even utilizes information on ice crystal habit. 

Convective parameterization is used to vertically redistribute heat and moisture in 

a grid column when the model generates a region which is superadiabatic or convectively 

unstable and when the horizontal grid resolution is too coarse for the model to develop its 

own convective circulation. RAMS uses a modified Kuo scheme (Tremback, 1990) as a 

convective parameterization that is a modification of the generalized form of the Kuo 

scheme (1974). The Kuo-type scheme is an equilibrium scheme in which convection acts 

to consume the convective instability that is supplied by the larger scales. On all grids, 

the explicit microphysics parameterization may be activated. The parameterization of 

cumulus convection, however, is intended for use with coarse grids of 10 km or greater 

where convective currents are not resolvable, whereas on fine grids, the model can 

simulate convection explicitly and cumulus convection need not be parameterized. 

For the model simulation using observed data, RAMS requires that the data be 

analyzed for initial conditions, large scale lateral boundary tendencies, and the four-

dimensional data assimilation scheme. Atmospheric data are first collected from sources 
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such as pressure level datasets, surface observation, and sounding data. All observed 

atmospheric data are first interpolated to isentropic surfaces, then combined using a 

Barnes objective analysis scheme (1973), and finally interpolated into the model grid. 

RAMS also includes the Land Ecosystem Atmosphere Feedback model, version 2 

(LEAF-2) (Walko et al., 2000). This land-surface scheme is embedded in the model and 

represents the storage and vertical exchange of water and energy in multiple soil layers, 

including the effects of freezing and thawing soil, temporary surface water or snowcover, 

vegetation, and canopy air. To accommodate the subgrid scale heterogeneities, surface 

grid cells are divided into subgrid patches, each with a different vegetation or land 

surface type, soil textural class, and wetness index to represent natural subgrid variability 

in surface characteristics. Each patch contains separate prognosed values of energy and 

moisture in soil, vegetation, and canopy air, and exchange with the overlying atmosphere 

weighted by the fractional area of each patch. The topography and vegetation are both 

represented at I km resolution in RAMS. 

RAMS uses a four-dimensional data assimilation scheme with Newtonian 

relaxation in which the model fields can be nudged toward observation data as a 

simulation advances. The lateral boundary nudging uses the Davies scheme (1978) where 

a number of grid points in a boundary region of the coarsest grid are nudged towards the 

data analysis to introduce time-varying information into the model domain and to damp 

information propagating from the model interior toward the lateral boundary. The top 

boundary nudging is analogous to the Rayleigh friction absorbing boundary condition but 

can be used for observational data fields that are not horizontally homogeneous. This 
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following chapters. All the data were prepared according to required RAMS data input 

formats and interpolated onto RAMS grids. The initialization files contain time series of 

gridded horizontal wind, potential temperature, pressure, and total water mixing ratio 

values, analyzed from Eta reanalysis data and observation data. 

Any implementation of RAMS involves selecting parameters from among a wide 

variety of options and features in order to optimize the model according to the purpose of 

the simulation. Among the model options, the Klemp-Wilhelmson condition was chosen 

for the lateral boundary conditions in which the normal velocity component specified at 

the coarse grid lateral boundaries is effectively advected from the interior assuming a 

propagation speed. 

The RAMS atmospheric radiation parameter option offers longwave and 

shortwave radiation types that interacts with the atmosphere - including cloud and 

precipitation fluids - in addition to with the land surface. The two-stream 

parameterization developed by Harrington was used for all cases (Harrington, 1997). 

The convective parameterization was activated for both grids 1 and 2. This 

scheme is used to vertically redistribute heat and moisture in a grid column when the 

model generates a region which is superadiabatic or convectively unstable, and when the 

horizontal grid resolution is too coarse for the model to develop its own convective 

circulation. 

Various observational datasets were combined and processed with a mesoscale 

isentropic data analysis package (ISAN) of RAMS. Once the large-scale data had been 

processed, the available rawinsondes observation and surface observation data were 
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combined. A separate objective analysis was then performed on the isentropic and a 

datasets. 

Model assimilation was started at 0000 UTC 8 July, 1999 and ran for twelve 

hours using the nudging technique of RAMS imbedded with the Newtonian relaxation 

method. The actual model simulation started at 1200 UTC 8 July (5 AM Arizona local 

time) and ran for 24 hours until 0000 UTC 9 July. 

1.3. Experimental Design 

1.3.1. Study Area 

As a study area, this investigation selected the semi-arid region of the southwest 

United States, which has unique meteorological and geographical features — the desert 

and mountains, high solar radiation, and the major effect of subtropical weather systems 

like the North American Monsoon. Most of the mesoscale models are well tested and 

perform relatively well in rather plain geographical areas with simple atmospheric 

conditions such as the Mid-West and Great Plain areas of the United States. However, 

those models have performed unsuccessfully at weather forecasting — especially 

precipitation prediction - in the southwestern United States. Therefore, this region was 

chosen in an effort to improve model prediction by incorporating several modifications. 

Two nested grids were used as the model domain; Grid 1 had a dimension of 55 x 

55 grid cells, with each cell 30 km x 30 km in size. The total of Grid I was 1650 km x 

1650 km, covering Arizona, New Mexico, Colorado, Utah, Nevada, part of California, 

and the northern part of Mexico. Grid 2 had a dimension of 110 x 142 grid cells, with 
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each cell 7.5 km x 7.5 km - one sixteenth of a Grid I cell. Grid 2 was 825 km x 1065 

km and covered mainly Arizona (Figure 1.1). Vertically, both grids had the same 37 

layers starting with 100 m of the bottom layer, each adjacent upper layer stretching in the 

ratio of 1.1 with a maximum vertical stretch limit of 1000 m. The top layer reached 

20,335 m. Eight soil layers were chosen, at depths of 0.05 m, 0.10 m, 0.20 m, 0.30 m, 

0.40 m, 0.60 m, 0.80 m, and 1.20 m below the surface. 
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Figure I. I. Study area showing 2 nested grids. 
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1.3.2. Study Design 

The investigation was designed with five phases. The first study examined RAMS 

simulations initialized with surface and upper air observation files and Eta reanalysis files 

for pressure, temperature, humidity, and wind data. This test served as a control run. 

Second, to improve the RAMS prediction, a central nudging was included during the 

assimilation period and satellite-derived shortwave radiation estimates during the daytime 

period of simulation were incorporated. Third, the impact of the assimilation of satellite-

derived precipitation estimates on model prediction was studied utilizing PERSIANN 

data. Fourth, the effects of initial soil moisture on summer precipitation for short-term 

forecast were explored. Fifth, the sensitivity of the biophysical parameters in the land 

surface schemes used in the regional atmospheric model for the semi-arid Southwestern 

United States was examined. (Figure 1.2) 
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Figure L2. RAMS Simulation Design. 
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1.3.3. Data Used 

1.3.3.1. Initialization Data 

For the initialization, soil type, terrain height, sea surface temperature, vegetation 

type, temperature, pressure, humidity, wind, and precipitation data were used. Detailed 

information on these data is supplied in the following chapters. 

1.3.3.2. Validation Data 

Shortwave surface radiation budget data, unedited local climatological data, 

radiosonde data. Eta forecast data, Arizona meteorological network data, and PERSIANN 

rainfall estimate data were used for the validation. Further information on these data is 

supplied in the Data Type and Sources section of each subsequent chapter. 

1.4. Organization of Dissertation 

The rest of this dissertation is organized as follows: 

In the next sections, the numerical model used in this investigation is described 

together with the methodology explaining the experimental design and including the 

study area and simulation arrangement. 

In Chapter 2, the control run is explained. The model is initialized for the control 

run with pressure, temperature, wind, and moisture data from surface and upper 

atmosphere observation data, and other staiidard models' reanalysis data. These data are 

incorporated only at the boundaries of the model domain without any assimilation within 

the internal area of the domain. For the control run, the model is initialized with constant 

soil moisture throughout the whole domain. 
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In Chapter 3, the shortwave surface radiation budget data are incorporated during 

the daytime period and the observation data and reanalysis data are assimilated within the 

central area of the domain at 4 hours intervals for the 12 hours of the assimilation period 

to investigate the impact of added information on the model simulation. The model is still 

initialized with constant soil moisture throughout the domain. 

In Chapter 4, the satellite derived precipitation estimate PERSIANN data are 

assimilated directly into the model's land surface scheme for every model time step 

during the 12 hours of the assimilation period to investigate the impact of accurate initial 

surface conditions on model performance. In this way, the soil state is conditioned 

according to the assimilated precipitation. 

In Chapter 5, the sensitivity of initial soil moisture saturation on the subsequent 

precipitation, and the resultant atmospheric water balance was investigated by initializing 

the model simulation with different constant soil moisture starting from completely dry 

(0% soil moisture saturation) to completely saturated (100% soil moisture) varying at 

20% intervals. The soil moisture - precipitation feedback mechanism in the Southwestern 

United States is also investigated. 

In Chapter 6, the sensitivity of the vegetation parameter is investigated by 

experiments with the vegetation displacement height, vegetation roughness length, 

minimum leaf area index, fraction vegetation cover, and stomatal resistance of 

vegetation. The model is initialized with the same conditions as for the control run, 

except for the changes in vegetation parameters, and their impact on the selected surface 

and atmosphere parameters are analyzed. 
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CHAPTER 2 

CONTROL RUN 

Abstract 

A mesoscale numerical model, RAMS, was used to simulate the weather and 

hydrology of the Southwestern United States in order to investigate the short term 

predictability of the model during the summer time, RAMS has its own land surface 

scheme coupled as a sub-model. Eta reanalysis data, surface observation data, and upper 

air sounding data were used for initialization. It was found that there were false spatial 

distributions of cloudiness in the model prediction. The simulation underpredicted 

precipitation over southwestern Arizona and showed an excessive precipitation pattern 

over the northeastern region of Arizona, especially the Four-Comer area. This 

precipitation bias was also responsible for biases in surface fluxes such as soil moisture 

and evapotranspiration. 

2.1. Introduction 

Some of the previous research using RAMS was performed to study the impact of 

land surface moisture variability on shallow convective clouds and precipitation and 

argued that a land surface moisture discontinuity that generates mesoscale circulations 

can significantly affect the timing and onset of clouds and the intensity and distribution of 

precipitation (Chen and Avissar, 1994; Avissar and Liu, 1996). However, these studies 

were configured with an idealized checkerboard style simulation domain and not with the 
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The investigation of this chapter studied the general performance of RAMS in the 

semi-arid southwest United States and served as the control mn case for the comparison 

with the studies of later chapters. 

2.2. Data Type and Sources 

2.2.1. Initialization Data 

• Soil type 

The typical soil type selected for this study was a sandy clay loam. The heterogeneity 

of soil type was not considered in this study, but will be considered in future research. 

The main characteristics of sandy clay loam are shown in Table 2.1. 

Table 2.1. Characteristics of the sandy clay loam soil type adopted for the study (LEAF-2). 

Saturation moisture potential (*P,), saturation volumetric moisture content (t],), saturation soil hydraulic 

conductivity dry soil density (p,),dry soil volumetric heat capacity (Pc,,), dry soil thermal diffusivity 

(fC,), b is an exponent in the function that relates soil water potential and water content. These values are 

from U.S. Department of Agriculture soil textural classes and were set within RAMS as defaults. 

Soil property Value 

% -0.299 m 

n. 0.420 m'/m-' 

K„. 0.544 m/day 

Ps 1600 kg/m' 

Pep 1177x10^ J/m^/k 

K 2.15x10-^ mVs 

b 7.12 
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Figure 2.1. Topography of the region; Grid I showing the resolution of 30 km x 30 km. 
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• Vegetation type data 

The vegetation type data for initializing each grid were also the standard files 

prepared for RAMS, similar to the terrain height data. 

• Temperature, Pressure, Humidity, and Wind 

- Eta Reanaiysis data 

Eta Reanaiysis data files were acquired from the National Center for 

Environmental Prediction (NCEP) Eta 3D, SF data, which can be obtained from the Data 

Support Section of the Scientific Computing Division of the National Center for 

Atmospheric Research (NCAR/SCD/DSS ds609.2 dataset). These data are NCEP 32 km 

/45 level Eta model output for GCIP (Global Energy and Water Cycle Experiment 

(GEWEX) Continental Scale International Project). They provide 3 hourly pressure level 

data for the standard horizontal output grid of Advance Weather Interactive Processing 

System, AWIPS Grid 212. This output grid is defined on a Lambert Conformal projection 

with 40 km resolution and a grid dimension of 185x129. The domain covers most of 

North America and the surrounding oceans, including the 48 contiguous United States, 

the southern half of Canada, and the northern half of Mexico. Three-dimensional (3-D) 

output is provided for about 25 constant pressure surfaces from 1000 mb to 25 mb, at 

intervals of 50 mb, with 25 mb intervals added in the lowest 2.0 km and at the tropopause 

jet level. AWIP3D files are for 3-D atmospheric fields of wind velocity, temperature, 

humidity, and cloud water, and AWIPSF files are for 2-D surface, subsurface, or near 

surface Helds. (http://dss.ucar.edU/datasets/ds609.2/) 

http://dss.ucar.edU/datasets/ds609.2/


• Eta reanalysis and forecasting data 

Eta Reanalysis and forecasting data files were acquired from NCEP as described 

in the above initialization data section. For the validation of soil moisture and soil 

temperature, the reanalysis data were used while the forecasting data were used for 

comparison of 2m-high temperature and precipitation. 

• Shortwave Surface Radiation Budget data 

The data are Surface Radiation Budget (SRB) parameters from the National 

Environmental Satellite, Data, and Information Service (NESDIS) of National Oceanic 

and Atmospheric Administration (NOAA). These data are produced at the University of 

Maryland to develop and validate an operational model for deriving surface and top of 

the atmosphere shortwave radiative fluxes from Geostationary Operational 

Environmental Satellites {GOES-8). Instantaneous, hourly, daily, and monthly mean 

information on surface downwelling shortwave, top of the atmosphere downwelling and 

upwelling radiative fluxes, photosynthetically active radiation (PAR), cloud amount, and 

surface skin temperature are provided for an area bounded by 70° -125° W longitude and 

25° -50° N latitude in 0.5 degree resolution. Shortwave SRB data was used to validate 

instantaneous shortwave radiation and instantaneous cloud cover. 

(http://metosrv2.umd.edu/~srb/gcip/gcipsrb.htm) 

http://metosrv2.umd.edu/~srb/gcip/gcipsrb.htm
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• Unedited local climatological data 

Unedited local climatological data were downloaded from the National Climate 

Data Center (NCDC) of NOAA. This product consists of unedited hourly, daily, and 

monthly summaries of precipitation, temperature, humidity, wind, and pressure data for 

over 700 United States locations. This data was compared with model generated 2m-high 

temperature, 2m-high relative humidity, and precipitation. 

(http://ols.ncdc.noaa.gov/cgi-bin/nndc/) 

• Weather information data 

The weather information data were supplied by the Colorado Basin River 

Forecast Center (CBRFC) of the National Weather Service of NOAA. The data have 6 

hourly precipitation and temperature observations from the United States Geological 

Survey (USGS) stations within the area of the CBRFC. Weather information data was 

used to validate model outputs of 2m-high temperature and precipitation. 

(http://www.cbrfc.gov/. personal communications) 

• Radiosonde database 

The radiosonde database accessed were produced jointly by the Forecast Systems 

Laboratory (FSL) and NCDC of NOAA. NCDC provides data to FSL and FSL combines 

it with all available North American GTS observations. FSL does extensive gross error 

and hydrostatic consistency checks. FSL output data contain pressure, height. 

http://ols.ncdc.noaa.gov/cgi-bin/nndc/
http://www.cbrfc.gov/
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temperature, dewpoint temperature, and wind data at surface and several pressure levels. 

(http://raob.fsl.noaa.gov/) 

2.3. Methodology and Procedures 

The control run was initialized with Eta reanalysis file data, upper air rawinsondes 

observation data, and surface observation data only. All these data were prepared 

according to required RAMS data input formats and interpolated onto RAMS grids. 

Hence, the simulation was initialized with the initialization files, which were generated in 

advance as described in chapter 1 . The initialization files contain time series of gridded 

horizontal wind, potential temperature, pressure, and total water mixing ratio values, 

analyzed from Eta reanalysis data and observation data. 

Any implementation of RAMS involves selecting parameters from among a wide 

variety of options and features in order to optimize the model according to the purpose 

the simulation. Among the model options, the Klemp-Wilhelmson condition was chosen 

for the lateral boundary conditions in which the normal velocity component specified at 

the coarse grid lateral boundaries are effectively advected from the interior assuming a 

propagation speed. 

The RAMS atmospheric radiation parameter option offers longwave and 

shortwave radiation types that interact with the atmosphere, including cloud and 

precipitation fluids, in addition to the land surface. For this study, the two-stream 

parameterization developed by Harrington was used (Harrington, 1997). 

http://raob.fsl.noaa.gov/
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The convective parameterization was activated for both Grids 1 and 2. This 

scheme is used to vertically redistribute heat and moisture in a grid column when the 

model generates a region which is superadiabatic or convectively unstable, and when the 

horizontal grid resolution is too coarse for the model to develop its own convective 

circulation. RAMS recommends activating the convective parameterization for a 

horizontal grid size of around 20 km or greater, and specified that at resolutions between 

about 2 and 20 km, there is no adequate convective adjustment scheme. After several 

experiments for Grid 2, which has a horizontal resolution of 7.5 km, it was decided that 

the activation of the scheme for Grid 2 was the better choice since this option generated a 

more reasonable amount of convective precipitation. 

For the number of subgrid patches used in the RAMS submodel LEAF-2, four 

patches were assigned to allow more land surface areas in order to model temperature and 

moisture content of individual, varied subgrids within the same grid cell. 

Various observational datasets were combined and processed with a mesoscale 

isentropic data analysis package (IS AN) of RAMS. The first step in the analysis 

procedure was to access the available gridded dataset. These data were accessed for the 

area of interest and interpolated onto the RAMS polar-stereographic grids, creating a 

polar-stereographic/pressure coordinate dataset. Then, these data were interpolated 

vertically to both the isentropic vertical coordinate and the terrain-following, a 

coordinate. Once the large-scale data had been processed, the available rawinsondes 

observation and surface observation data were obtained. A separate objective analysis 

was then performed on the isentropic and a datasets. For the control run, only the lateral 
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boundary nudging and top boundary nudging for above the height of 16 km were 

activated. 

Model assimilation was started at 0000 UTC time on July S"*, 1999 and ran for 

twelve hours using the nudging technique of RAMS imbedded with the Newtonian 

relaxation method. The actual model simulation started at 1200 UTC time on July S*** (5 

AM Arizona local time) and ran for 24 hours until July 9"* 0000 UTC (Figure 1.2). 

2.4. Results and Discussions 

2.4.1. Downward Surface Shortwave Radiation 

RAMS-generated downward surface shortwave radiation showed that it depicted 

the general distribution pattern reasonably well for some parts (Figure 2.2). However, one 

of the critical failures of RAMS was its variation from the values of the cloud area to that 

of the clear sky area. While the SRB data demonstrated that the change were rather 

gradual, the RAMS output showed that it either presented the values of clouded sky 

around 100 W/m" or those of clear sky at about 1000 W/m". Another significant 

discrepancy was that RAMS generated the shortwave radiation value of a cloudy sky for 

a large section of southeastern Arizona, the Mexico border, and part of Baja California. 

This became apparent when the RAMS cloud distribution patterns were compared to 

SRB cloud cover patterns. 
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2.4.2. Cloud Cover Pattern 

RAMS generated incorrect cloud patterns (Figure 2.3), which in turn manifested 

as an inaccurate surface shortwave radiation distribution pattern. Since clouds play a 

critical role in the radiative processes of both the atmosphere and the land surface, this 

inability of RAMS to generate accurate cloud distribution patterns is an important 

hindrance for overall climate predictability. 

2.4.3. Soil Moisture and Soil Temperature 

Since there were no soil moisture and soil temperature observation data available 

for these study dates and region, RAMS simulations were compared to the analysis data 

obtained from other models. Since Eta Reanalysis Hie data were used as initialization 

data, RAMS soil moisture and soil temperature output were compared to Eta Reanalysis 

data. The RAMS soil moisture pattern displayed a large disparity to the Eta reanalysis file 

data (Figure 2.4). At the end of the 12-hour initialization period - July 8"' 1200 UTC -

RAMS soil moisture contents were excessive primarily for the Four Comers area and the 

border area of Nevada, California, Utah, and Arizona. This reflects RAMS atmospheric 

model precipitation distribution pattern. The general pattern of soil temperature 

distribution of RAMS is similar to Eta reanalysis data (Figure 2.5). RAMS results, 

however, exhibited rather higher temperatures than did the Eta reanalysis data, since the 

RAMS results were drier than those of the Eta reanalysis. 
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Figure 2.4, Soil moisture distribution pattern at the end of the initialization period, July 8"' 1200 UTC 1999; 

(a) RAMS soil moisture output at a depth of 7.5cm, (b) Eta Reanalysis soil moisture average between 0 and 10 

depths. 



2.4.4.2in-IIigh Temperature 

To investigate surface fluxes without observed sensible and latent heat fluxed 

data, or evapotranspiration and near surface temperature data, model 2m-high relative 

humidity and 2m-high temperature were compared to the observed relative humidity and 

temperature data, and the Eta forecast data. The observed temperature data was from 

weather information data supplied by CBRFC. Since they were point station data, they 

needed to be interpolated into a gridded domain. In so doing, the observed temperature 

figure showed somewhat averaged values. Nevertheless, the distribution pattern of 2m-

high temperature from RAMS was overall similar to that of observed data, except for the 

Four Comers area (Figure 2.6). Overall, the pattern closely followed the topography 

(Figure 2.1) with the high elevation regions of the northeastern section of the model 

domain displaying low temperatures and the low elevation area of the southern semi-

desert area showing high temperatures. This topographic effect was also evident in soil 

temperature (Figure 2.5), which closely connected with near surface temperature. In 

addition, RAMS results were superior to the forecast of the Eta model (Figure 2.6c), 

which was initialized at the same time as the RAMS simulation. Even though the basic 

pattern was similar, the Eta model generally overestimated the 2m-high temperature. 
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2.4.5. Time Series Plots 

When 2m-high temperature and 2m-high relative moisture were displayed in time 

series at the selected observation stations — Tucson Arizona and Las Vegas Nevada, the 

discrepancies were obvious (Figure 2.7). Especially for the Tucson location time series, 

the RAMS results showed little variation of values throughout the simulation period 

showing little diurnal changes, while observations revealed a clear diurnal cycle. In 

Figure 2.6, the dotted lines with circles are the observed values from unedited local 

climatologicai data from NCDC and the solid lines are for RAMS simulation results. The 

discrepancy is the result of spurious clouds from the cloud cover time series. The 

RAMS-generated spurious clouds covered most of the daytime period over the southern 

border of Arizona including Tucson. The time series for the Las Vegas station also 

showed how the RAMS model run produced false clouds during the assimilation period. 

However Las Vegas temperatures were less affected than those in Tucson since the 

clouds occurred at night. 
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2.4.6. Precipitation 

Precipitation simulated by RAMS differs from observed precipitation (Figure 

2.8). The observed precipitation data was from weather information data supplied by the 

CBRFC and as point station data, which was interpolated into the gridded domain. After 

interpolation, the observed precipitation displayed somewhat averaged values. For the 

first 12-hour period the RAMS simulated prediction (July S"' 12(X) UTC ~ July 9"^ 0(XX) 

UTC), the intensity of Las Vegas storms were underestimated and a rain-core was 

shifted to the northeast. In addition, RAMS overestimated precipitation over the Four 

Comers area (Figure 2.8-a). The RAMS prediction for the second 12-hour period (July 9"^ 

(XXX) UTC ~ July 9"^ 12CX) UTC) was even worse and overestimated rainfall in general. 

Overall, during the whole prediction period, the RAMS model overestimated 

precipitation for the region north of 34° N and underestimated precipitation over southern 

Arizona. However, these RAMS results were far superior to those of the Eta model 

forecast, which predicted basically very little precipitation for the whole domain and 

specifically almost no rainfall for all of Arizona (Figure 2.8-e,f). These Eta forecast 

results confirm the results of Dunn and Horel (1994a, b) in which the Eta model also 

failed to generate any precipitation in Arizona when compared to 1990 SWAMP data. 

Figure 2.7 shows how the RAMS simulation by and large dispersed precipitation over the 

long time spans with minute amounts of rainfall. As mentioned previously in the 

validation data section, model output is volume averages on a horizontal grids, whereas 

the observations are point station values that may in reality differ considerably from the 
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important consequences for the radiative processes. The radiation budget influences both 

atmospheric and land surface energy and water budgets. There were, however, significant 

disparities in the spatial distribution of cloudiness in RAMS simulations. In turn, this 

poor performance of RAMS in developing accurate cloud patterns resulted in not only 

false moisture and energy distributions in the atmosphere but also spurious distributions 

of heat fluxes and moisture fluxes at the surface. 

• RAMS precipitation bias 

Even though the simulations reproduced the main features of precipitation, due to 

the systematic biases of the RAMS model, the control run underpredicted precipitation 

over southwestern Arizona and produced an excessive precipitation pattern over the 

northeastern region of Arizona, especially the Four-Comers area. This precipitation bias 

was also responsible for biases in surface fluxes such as soil moisture and 

evapotranspiration, which were inferred through 2m-high relative humidity. 
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One of the concerns from the control run was that the spurious cloud development 

prohibited the downward shortwave radiation from reaching the land surface and 

consequently altered the intensity and distribution of the surface fluxes of energy and 

moisture. There are, however, still many areas that are not fully understood in cloud 

microphysics and the current convective parameterization schemes are rather far from the 

accurate realization of the complete physical phenomenon. Research has attempted to 

assimilate cloud data estimated from satellite observation into the atmosphere model 

(Yucel et al., 2002). Instead of trying to improve cloud parameterization or accurately 

assimilate cloud amount and distribution in the atmosphere, however, efforts were made 

to improve the initial land surface state variables by making corrections at the surface 

since this study was focused on land surface - atmosphere interaction. 

To simulate the atmospheric conditions closer to the observations and the Eta 

reanalysis data during the assimilation period, the central nudging option was selected to 

activate domain-wide nudging. By this option, the atmospheric model solution is relaxed 

toward the analyzed data during the time integration, not only at the lateral boundary as 

in the case of the control run, but also for the central region of the model domain. In 

RAMS, this four-dimensional data assimilation is accomplished by Newtonian relaxation 

(nudging). The strength of the nudging is given by (/ -m)/1, where i is an initialization 

file data value at a particular location, m is the corresponding model value, and f is a user-

specified relaxation time scale. 
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3.2. Data Type and Sources 

3.2.1. Initialization Data 

• Soil type 

• Terrain heigiit data 

• Sea surface temperature data 

• Vegetation type data 

• Temperature, Pressure, Humidity, and Wind 

Eta Reanalysis data 

Surface observation data 

Upper air rawinsondes observation data 

• Shortwave Surface Radiation Budget data 

These are all the same as for the control run explained in Chapter 2. Details of the 

initialization dataset are in Section 2.2.1. 

3.2.2. Validation Data 

• Eta reanalysis and forecasting data 

Eta Reanalysis and forecasting data Hies were acquired from NCEP as described 

for the initialization data in Section 2.2.1. These forecasting data were used for the 

comparison of 2m high temperature and precipitation. 

• Shortwave Surface Radiation Budget data 

• Unedited local climatological data 



• Weather information data 

• Radiosonde database 

These are all the same as the control run explained in Chapter 2. Details of the 

validation dataset are in Section 2.2.2. 

• Arizona Meteorological Network data 

Meteorological data and weather information from the Arizona Meteorological 

Network (AZMET) was also used for validation. AZMET meteorological data are 

collected from a network of automated weather stations located in both rural and urban 

production settings in southern and central Arizona. The data include temperature, 

humidity, solar radiation, wind, and precipitation. For this study, hourly summaries were 

used since they contain hourly means and totals for all weather parameters monitored or 

calculated by AZMET. The shortwave radiation data of A2^MET was compared with 

RAMS model output. (http://ag.arizona.edu/azmetA) 

3.3. Methodology 

The semi-arid region of the Southwestern United States, the same as for the 

control run, was used again. Model assimilation was started at 0000 UTC July S"', 1999 

and ran for twelve hours until 1200 UTC July 8"' using the nudging technique of RAMS 

imbedded with the Newtonian relaxation method. The actual model simulation started at 

1200 UTC July 8"* (5 AM Arizona local time) and ran for 24 hours until 1200 UTC July 

9"', 1999 (Figure 1.2). This is also the same as for the control run. 

http://ag.arizona.edu/azmetA
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To improve the initial land surface state variables, corrections were made at the 

surface. Among the state variables, downward shortwave radiation values were adjusted 

by assimilating the shortwave SRB data. Because of time constraints, this was done 

during the prediction period. Since it was not possible to utilized the shortwave SRB data 

effectively during the initialization period, the shortwave SRB data was assimilated 

during the prediction period, 1400 UTC to 0100 UTC, or 7 am to 6 pm LST (Figure 1.2). 

For this time period, the instantaneous surface downward shortwave radiation at the 

nominal time (UTC) of satellite observation was assimilated directly into the RAMS land 

surface scheme submodel LEAF-2. These shortwave SRB instantaneous flux data were 

obtained hourly at 0.5 ° x 0.5 ° resolution, and processed into a RAMS input data format 

to fit into the RAMS polar stereographic projection and model domain grids. Whenever 

LEAF-2 read shortwave radiation data, the values calculated from the atmospheric 

model were discarded and the assimilated shortwave SRB data were used instead. Since 

all instantaneous surface flux data were provided on an hourly basis, the frequency of 

radiation tendency update was set to 3600 seconds (1 hour). 

For the central nudging option, the relaxation time scale of 14,400 seconds (4 

hours) was found to be most adequate for this investigation based on the preliminary 

experiments with the time scale range of 2 to 4 hours. This central nudging was 

implemented only during the 12 hours of the initialization period and it was turned off for 

the duration of the prediction period (Figure 1.2). Other nudging parameters were kept 

the same as the control run. Except for these two modiflcations, the shortwave SRB and 

the central nudging, all other parameter options were kept the same as for the control run. 
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Figure 3,1, Time series of atmospheric downward shortwave radiation at Phoenix and Tucson; (a) and (b) show improvements 

with shortwave SRB data assimilation, (c) and (d) show further improvements with central nudging incorporation. 
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nudging options incorporated. 



73 

3.4.4. Time Series Plots 

• Las Vegas location 

In the time series plots for the Las Vegas station (Figure 3.4-a), the RAMS 

simulation results didn't improve much with the assimilation of shortwave SRB data 

alone, compared to the control run (Figure 2.7-b). On the other hand, when both 

shortwave SRB data and central nudging were incorporated (Figure 3.4-b), there were 

sizeable improvements for both the assimilation period and the prediction period in 2m-

high temperature and 2m-high relative humidity. The temporal distribution of 

precipitation, however, still didn't fit well with observations. With the higher cloud cover, 

the run incorporating both options showed increased precipitation but not necessarily 

with the correct intensity or temporal distribution. 

• Phoenix location 

In Phoenix, all the cases showed enhancements, and the run that incorporated both 

shortwave and central nudging showed slightly better results during the later part of the 

assimilation period (Figure 3.4-d). And yet, there were still discrepancies in precipitation 

estimation. The RAMS simulation still failed to generate accurate cloud patterns when 

the additional options were incorporated. 
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Figure 3.4. Time series plots of temperature at 2m, relative humidity at 2m, hourly precipitation, and cloud cover at Las 

Vegas; (a) shortwave SRB data assimilation only, (b) both shortwave SRB data and central nudging incorporated; the 
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Figure 3.4 (continued). Time series plots of temperature at 2m, relative humidity at 2m, hourly precipitation, and cloud 

cover at Phoenix; (c) shortwave SRB data assimilation only, (d) both shortwave SRB data and central nudging 
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Figure 3.4 (continued). Time series plots of temperature at 2m, relative humidity at 2m, houriy precipitation, and cloud 
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Figure 3.5. 12-hour accumulative precipitation spatial distribution pattern for shortwave SRB data assimilation only; 

(a) for July 9 0000 UTC, 1999, (b) for July 9 1200 UTC, 1999. 
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Figure 3,5 (continued). 12-hour accumulative precipitation spatial distribution pattern for central nudging incorporation 

only; (c) for July 9 0000 UTC, 1999, (d) for July 9 1200 UTC, 1999. 
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The precipitation distribution pattern when both options were incorporated 

(Figure 3.5-e,f) resembled the pattern when only central nudging was included, but 

displayed a different intensity. 

3.5. Conclusions 

• Impact of shortwave SRB data and central nudging assimilation 

With the addition of realistic surface downward shortwave radiation and the 

improvement of atmospheric state variables for the central model fields during the 

assimilation period, the RAMS model resulted a slight enhancement of near surface 

temperature and moisture distribution. However, it still performed poorly or improved 

only marginally for the precipitation prediction. This showed that forecasting warm 

season precipitation systems over the semi-arid southwestern United States remains a 

difficult problem for the tested mesoscale numerical weather prediction using RAMS. 

In their study on short term mesoscale ensembles over the Southwestern United States 

during the monsoon, Bright et al. (2001) found out that during the monsoon season, weak 

synoptic forcing and sparse observation data produce uncertainty in the initial analysis 

and subsequent model forecast. They argued that complex terrain and mesoscale features, 

such as convergence from thunderstorm outflow boundaries, force vertical motion at 

scales that the model cannot explicitly resolve. However, grid resolvable vertical velocity 

is the main component of the cumulus parameterization schemes (Kain and Fritsch, 1993). 
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CHAPTER 4 

PERSIANN PRECIPITATION ESTIMATE ASSIMILATION 

Abstract 

To improve the performance of RAMS simulations, satellite-derived precipitation 

estimates were Incorporated. The PERSIANN precipitation estimates were assimilated 

into RAMS' own land surface scheme LEAF-2 during the 12 hours of the initialization 

period. More simulations were performed with the additional incorporation of shortwave 

SRB data and a central nudging option. The simulations that assimilated PERSIANN 

precipitation estimates yielded a more realistic soil moisture distribution and exhibited 

improvements in 2m-high relative humidity and 2m-high temperature. The precipitation 

predictions were better than those of simulations without the PERSIANN assimilation, 

especially in terms of the horizontal spatial pattern and precipitation intensity up to 12 

hours. Nonetheless, there were still incorrect predictions of the location and intensity of 

rainfall in most of the simulations executed. 

4.1. Introduction 

To start atmospheric models more accurately, many attempts were made to have 

truthful initial soil moisture. With the lack of observed soil moisture content information, 

the measurements of indexes that contain soil moisture information have been utilized 

instead. Among them, the normalized difference vegetation index (NDVI) measures 

vegetation health, through which root zone soil moisture can be indirectly measured. The 
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q-Palmer drought severity index is calculated as function of the difference between actual 

rainfall and normal rainfall and can be regarded as an assessment of depletion of soil 

moisture. The atmospheric-antecedent precipitation Index depicts the effects of previous 

rainfall in wetting the soil and subsequent logarithmically decreasing natural 

evapotranspiration on soil moisture (Houser, 1996). Currently, there are on-going efforts 

to derive land surface parameters using satellites (microwave. Radar; e.g. AQUA). 

While these indirect indexes can serve as initial state forcing data for atmospheric 

models, land surface models are capable of providing initial land surface conditions. 

Among them, the GCIP Land Data Assimilation System (LDAS) is an uncoupled land 

surface simulation system. It uses three physically-based land surface models driven by 

common surface forcing anchored by observation-based precipitation and solar insolation 

data (Mitchell et al., 2000). The LDAS method is viable with the assumption that suitably 

reliable and reasonably dense observed precipitation data is available. LDAS uses gage 

and radar merged data for precipitation forcing. 

Several experiments have attempted to assimilate observed precipitation data 

(Zupanski and Mesinger, 1995; Zou and Kuo, 1996; Xiao et al., 2000). While these 

investigations assimilated 3-hour or 12-hour accumulated precipitation into numerical 

models, Peng and Zou (2001) tried to assimilated hourly multi-sensor rainfall data into a 

mesoscale model to improve the quantitative prediction forecasts. 

To more accurately assimilate initial soil moisture conditions, this study used 

PERSL\NN precipitation estimates with RAMS. PERSIANN estimates were assimilated 

directly into the RAMS land surface submodel LEAF-2. PERSIANN (Hsu et al. 1997, 
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research, which was done in an uncoupled mode (e.g. LDAS). The advantage of using a 

coupled mode is that data may be incorporated into a model simulation that is already 

running, rather than having to completely restart an atmospheric simulation with the data 

previously obtained by a land surface model, which was run separately. In coupled mode, 

the actual interactions between land surface and atmosphere can be realized. Furthermore, 

it provides more accurate time-varying soil moisture to catch immediate evaporation 

evolution and realistic surface heat flux variations as surface boundary conditions. As 

noted by Chen and Dudhia (2001), having soil moisture varying with time is important 

for capturing even the short-term evolution of evaporation. Another advantage of coupled 

models is that they use the same model resolution and configuration for both land surface 

schemes and the atmosphere model. 

4.2. Data Type and Sources 

4.2.1. Initialization Data 

• Soil Type 

• Terrain height data 

• Sea surface temperature data 

• Vegetation type data 

• Temperature, Pressure, Humidity, and Wind 

- Eta Reanalysis data 

- Surface observation data 

- Upper air rawinsondes observation data 
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These are all detailed in Section 2.2.1. 

• Precipitation 

PERSIANN rainfall estimate data from the University of Arizona were used for 

the assimilation of precipitation. The data used have a spatial resolution of 0.25 ° x 0.25 ° 

and a temporal resolution of half an hour. PERSIANN estimates precipitation from 

GOES-IR. The essential algorithm is founded on a neural network and can easily 

accommodated relevant information as it becomes available. 

4.2.2. Validation Data 

• Shortwave Surface Radiation Budget data 

• Unedited local climatological data 

• Radiosonde database 

These are all detailed in Section 2.2.2. 

• Arizona Meteorological Network data 

These data are explained in Section 3.2.2. 

• PERSIANN rainfall estimate data 
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4.3. Methodology 

The RAMS model used LEAF-2 to perform high-quality spatial and temporal 

assimilations of surface parameters with PERSIANN precipitation data sets. By 

assimilating precipitation data into the land surface scheme of the model, not only soil 

moisture but also other water and energy budget parameters were calculated according to 

PERSIANN rainfall distribution to describe the transfer of moisture and heat in detail. 

First, the PERSIANN precipitation estimate data were processed into the RAMS 

grid format of polar stereographic projection. The 0.25 ° x 0.25 ° resolution of 

PERSIANN data were in the same order of magnitude as RAMS Grid I resolution, 30 km. 

Then, the PERSIANN half-hourly rainfall amounts were evenly distributed into each time 

step of 60 seconds, so that the 30 minute accumulation of precipitation would be the same 

as the PERSIANN half hourly data. At every time step of the assimilation period of 12 

hours, LEAF-2 read the precipitation data, the RAMS-generated climatologically 

calculated rainfall values were discarded, and prescribed PERSIANN precipitation 

estimates were used. In LEAF-2, total surface precipitation, total internal energy of 

surface precipitation and total added depth of surface precipitation falling at each time 

step of the assimilation period were calculated according to the adjusted PERSIANN 

rainfall estimate data. 

In this investigation, PERSIANN data were incorporated in two modes. One is 

PERSIANN assimilation only and another is PERSIANN assimilation together with 

shortwave SRB data and central nudging incorporation. 
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4.4. Results and Discussion 

4.4.1. Impacts of PERSIANN Precipitation on Soil Moisture 

First of all, by assimilating remotely sensed estimates of precipitation, it was 

possible to provide initial conditions of soil moisture distribution that were more accurate 

than those of model spin-up alone (Figure 4.1). Results showed that the PERSIANN 

estimate-generated soil moisture distribution was significantly different from that of the 

coupled model's own climatologic results without PERSIANN assimilation, and 

moreover it produced a more reasonable soil moisture patterns. 

4.4.2.12-Hourly Accumulated Precipitation 

• Assimilation of PERSIANN precipitation only 

The main features of the precipitation distribution patterns were captured in 

RAMS simulations with PERSIANN precipitation estimates assimilation. Generally, the 

patterns were similar to that of the control run (Figure 2.8a, b) but the intensity was 

different. RAMS with PERSIANN overestimated precipitation in northern Arizona (north 

of 34° N) (Figure 4.2-b) compared to the control run and underestimated precipitation for 

southern Arizona (Figure 4.2-d). For the first 12 hours (July 8, 1200 UTC - July 9, (XKK) 

UTC, Figure 4.2-a), the precipitation distribution pattern showed that most of the 

precipitation fell in the border area of California, Nevada, Utah, and Arizona, which is 

similar to PERSIANN estimates (Figure 4.3-a, 4.3-c) and observation data (Figure 2.8-b, 

2.8-d). 
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Figure 4.2, 12-hour accumulative precipitation spatial distribution pattern with PERSIANN data assimilation for July 9 

0000, 1999; (a) RAMS simulation with PERSIANN estimates, (b) the difference compared to the RAMS simulation 

without PERSIANN data (with PERSIANN - without PERSIANN). 
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Figure 4.2 (continued), 12-hour accumulative precipitation spatial distribution pattern with PERSIANN data 

assimilation for July 9 1200,1999; (c) RAMS simulation with PERSIANN estimates, (d) the difference compared to 

the RAMS simulation without PERSIANN data (with PERSIANN - without PERSIANN). 
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Figure 4.3 (continued), 12-hour accumulative precipitation spatial distribution pattern for July 9 I 2(X), 1999; 

(c) PERSIANN estimates, (d) RAMS simulation with PERSIANN, shortwave SRB data, and central nudging 

assimilation. 
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After the PERSIANN assimilation, RAMS was able to forecast the location of the 

Las Vegas storm rain core correctly compared to the control run in which the rain core 

was shifted northeastward. When the Las Vegas storm was compared to PERSL\NN 

estimates and observations, the RAMS-generated precipitation amount was larger than 

the PERSL\NN estimates (29.59 mm; Figure 4.3-a) but smaller than observations (76.81 

mm; Figure 2.8-b). For precipitation over the Four-Comers area, the spatial coverage of 

overestimation was reduced, but the intensity was increased south of Four-Comers. For 

the next 12 hours (July 9, 0000 UTC - July 9, 1200 UTC, Figure 4.2-c, d), the simulations 

still overestimated precipitation for the northern part of Arizona and underestimated it for 

the semi-arid southwestem part. The primary improvement was capture of the rainfall 

globule near the mid-westem section of Arizona, 35° N and 114° W, even though the 

intensity and exact location was a little off from observations. 

• PERSIANN estimates, shortwave SRB and central nudging option 

assimilation 

When shortwave SRB data and the central nudging option were applied in 

addition to the PERSL\NN data assimilation, RAMS generally simulate a distribution 

pattem similar to the PERSIANN precipitation estimates alone (Figure 4.3), but with 

intensity significantly higher. For the first 12 hours (July 8, 1200 UTC - July 9,0000 

UTC, Figure 4.3-b), over the Four-Comers area, the control run and the assimilation of 

PERSIANN data only, overestimated rainfall. However, when all three options were 

assimilated, this overestimation disappeared and more precipitation was generated over 
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the semi-arid southwestern Arizona. For the next 12 hours (July 9,0000 UTC - July 9, 

1200 UTC, Figure 4.3-d), the overestimation of rainfall in northern Arizona was reduced 

and more precipitation was predicted over the southern part of Arizona. However, with 

all three options assimilated, RAMS missed the observed rainfall, which was forecast 

with only the PERSIANN data assimilation over mid-western Arizona. Note that the 

PERSIANN precipitation estimate itself also missed this rainfall. 

4.4.3. Time Series Plots 

• Las Vegas location 

As shown in the time series plots in Figure 4.4-a for Las Vegas, the assimilation 

of precipitation data greatly improved the near surface heat fluxes and 

evapotranspiration for the 12 hour assimilation period; the results closely follow the 

observed 2m-high temperature and 2m-high relative humidity compared to those of the 

control run. However, after the end of the assimilation period with PERSIANN 

precipitation data, both temperature and relative humidity showed a departure from 

observations (Figure 4.4-a). The RAMS simulation was further improved with the 

PERSIANN estimates assimilated in addition to the shortwave SRB data and central 

nudging option (Figure 4.4-b). RAMS was able to reproduce the 2m-high temperature 

and 2m-high relative humidity to a great degree almost until night fell again. However, 

there was little improvement for the precipitation estimation and RAMS never 

reproduced the peak intensity of the July 8, 1999 Las Vegas storm. Both runs dispersed 

precipitation over longer periods of time. 
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Figure 4,4. Time series plots of temperature at 2m, relative humidity at 2m, hourly precipitation, and cloud cover at Las Vegas; 

(a) PERSIANN data assimilation on the top of control run, (b) PERSIANN data assimilation in addition to both shortwave 

SRB data and central nudging incorporated. Dotted lines with circles represent observations and solid lines represent the 

RAMS results; for cloud cover, the observation unit is fraction and the RAMS unit is mm liquid equivalent. 
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Figure 4,4 (continued). Time series plots of temperature at 2m, relative humidity at 2m, hourly precipitation, and cloud cover 

at Phoenix; (c) PERSIANN data assimilation on the top of control run, (d) PBRSIANN data assimilation in addition to both 

shortwave SRB data and central nudging incorporated. Doited lines with circles represent observations and solid lines 

represent the RAMS results; for cloud cover, the observation unit is fraction and the RAMS unit is mm liquid equivalent. 
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Figure 4.4 (continued). Time series plots of temperature at 2m, relative humidity at 2m, hourly precipitation, and cloud cover 

at Tucson; (e) PERSIANN data assimilation on the top of control run, (0 PERSIANN data assimilation in addition to both 

shortwave SRB data and central nudging incorporated. Dotted lines with circles represent observations and solid lines 

represent the RAMS results; for cloud cover, the observation unit is fraction and the RAMS unit is mm liquid equivalent. 
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4.4.4. Atmospheric Downward Shortwave Radiation 

• Phoenix location 

These results can be explained when atmospheric downward shortwave radiation 

was analyzed in time series curves (Figure 4.5). As shown in Figure 4.5-a for Phoenix, 

when only shortwave SRB was incorporated (purple open triangle) or only the 

PERSIANN data (red open circle), RAMS marginally improved the short wave radiation 

variations with time compared to the control run. However, with both the PERSIANN 

data and shortwave SRB incorporated (blue open circle), RAMS depicted the shortwave 

radiation time series excellently - the result was comparable to both shortwave SRB data 

and the Arizona Meteorological Network (AZMET) data. When PERSIANN, shortwave 

SRB, and central nudging were all incorporated (Figure 4.5-c), there was little 

improvement from that with PERSIANN and shortwave SRB options (blue open circle). 

However, incorporation of shortwave SRB and the central nudging option without the 

PERSIANN assimilation (purple open triangle) also improved the results. 

• Tucson location 

At the Tucson station location (Figure 4.5-b), on the other hand , the shortwave 

SRB data incorporation alone couldn't improve the model results (purple open triangle). 

With only the assimilation of PERSIANN estimates data, it again barely improved the 

results (blue open circle). As seen in Figure 4.5-d, with the shortwave SRB data and 

central nudging options together with the PERSIANN data assimilation, the result was 

significantly enhanced. However, since RAMS over-cleared the cloud over the southern 
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end of Arizona, the results show the time variation of clear sky shortwave radiation 

with a nice parabola shape compared to the observations that, several hours earlier, 

displayed a decrease of shortwave radiation. The run with shortwave SRB data and 

central nudging included but without PERSIANN data assimilation also showed similar 

behavior with a slightly higher peak radiation value (Figure 4.5-d; purple open triangle). 

These results imply that not only the surface state variables (soil moisture, soil 

temperature etc.), but also, and sometimes more importantly, the atmospheric conditions 

(in this example, solar insolation) should be initialized with accuracy at the same time. 

4.4.5. SkewT-LogP Plots 

The assimilation of surface precipitation improved the near surface temperature 

and moisture distribution patterns, but it only slightly improved the vertical protlle of 

temperature, and the improvement for the moisture profile was marginal. In general 

RAMS still failed to predict the vertical distribution of moisture as it can be seen in 

skewT-logP plots. The skewT-logP plots (Figure 4.6) show that the RAMS results had 

negative energy regions at the lower level of atmosphere even though the magnitude was 

decreased compared to the control run (Figure 2.9). Due to this negative energy, 

convection was inhibited, the surface layer energy could not be released, and inversion 

layers were created. These inversion layers might be due to subsidence in which parcels 

of air sink adiabatically, drying and warming in the process while creating a cap. The air 

in this negative energy region is also depicted as dry around the 700mb level in the 

skewT- logP plots of 0000 and 1200 UTC July 9'**. The lack of the strong dynamical 
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Rgure 4.6. SkewT-LogT plots for Tucson (PERSIANN, shortwave SRB, central 
nudging); blue lines are for the observed soundings and red lines are for the RAMS 
results. 
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forcing that can overcome the negative energy seemed to prevent convection from 

developing in RAMS simulations. Also, RAMS did not portray the dry air that prevailed 

around the 400mb level, especially for (XKX) UTC, July 9'*^. 

To simulate shallow convective cumulus explicitly with reasonable accuracy, high 

horizontal grid resolution (ideally smaller than I km) is necessary. However, the 

resolution of Grid 2 was 7.5 km. Due to computational burdens, though, simulations of 

shallow convection over this mesoscale domain using three or more finer nested grids 

were not possible at this time. In addition, higher vertical grid resolution of low 

atmosphere might have also improved the results. 

4.5. Conclusions 

In general, this investigation showed that the assimilation of precipitation derived 

from remotely sensed data was effective in improving the hydrological cycle and 

atmospheric energetics compare to the RAMS model simulation alone without the 

assimilation. On the whole, improvements can be attributed to changes in surface fluxes 

induced by the inclusion of more realistic soil moisture. The regions that assimilated 

with PERSIANN precipitation estimates to yield realistic initial soil moisture exhibited 

improvements in 2m-high relative humidity and 2m-high temperature due to more 

reasonable surface heat fluxes in the land surface-atmosphere. 

Precipitation predictions when RAMS was assimilated with PERSIANN rainfall 

estimates were better than those generated without them, especially in terms of the 

horizontal spatial pattern and precipitation intensity up to 12 hours. The fact that the 
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atmospheric forecasting, especially precipitation, without also meeting other atmospheric 

conditions such as cloud fields. 
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CHAPTER 5 

FEEDBACK MECHANISM OF SOIL MOISTURE - PRECIPITATION 

Abstract 

The soil moisture - precipitation feedback mechanism was investigated with 

RAMS simulations. They were performed with varying initial soil moisture saturation 

rates starting from a completely dry condition of 0 % to a fully saturated condition of 100 

%. Other simulation conditions were the same as those of the control run (see Chapter 2). 

Results showed that to develop more than 30 % precipitation recycling during the 

summertime in Arizona, the average initial soil moisture saturation should be higher than 

40 %. For precipitation efficiency, the highest number was achieved also with an initial 

soil moisture saturation of 40 %. With an initial soil moisture of less than 20 %, more 

than 70 % of the water that precipitated into the analysis domain was due to the indirect 

effect of soil moisture. Therefore, the impact of improvements in the initial soil moisture 

within the model domain had limited impact on the prediction of precipitation (see 

Chapter 4). 

5.1. Introduction 

From the previous investigation of the influence of the assimilation of the 

precipitation estimates from the remotely sensed data, it was shown that its impact was 

not significant for improving the prediction of precipitation in the Southwestern of United 

State. Therefore, the reason why the improvements in the initial soil moisture content and 
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modeling studies and some observational studies show that there is a strong feedback 

relationship between soil moisture and precipitation (Rowntree and Bolton, 1983; Yeh et 

al., 1984; Beljaars et al., 1996; Giorgi et al., 1996; Findell and Eltahir, 1997). However, 

other research shows that enhanced precipitation over wet soil is, for the most part, 

originated from non-local moisture sources supplied by atmospheric advection and not 

from direct local evapotranspiration (Schiir et al., 1999). Still other investigations 

demonstrate that the comparative importance between moisture advection and local 

evapotranspiration, and the relative dominance between the land the surface condition 

and the atmospheric condition, over future precipitation all depends on the geographic 

region (Trenberth, 1999; Findell and Eltahir, 2001). 

This research used a regional atmospheric model to assess the impact of the initial 

soil moisture content on subsequent precipitation in the Southwestern United States 

during the summertime. Additionally, the soil moisture and precipitation feedback 

mechanism in this study region was explored to examine whether there exists a direct 

feedback process, or an indirect process by which the moisture is advected from remote 

region. 

5.2. Data Type and Sources 

5.2.1. Initialization Data 

• Soil type 

• Terrain height data 

• Sea surface temperature data 
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5.3.3. Initial Soil Moisture Experiments 

A sensitivity analysis of summer precipitation with different initial soil moisture 

contents was performed. For each simulation, the constant initial soil moisture was 

prescribed for the whole domain. The experiments were carried out so that they include 

extreme conditions. For the control run, a completely dry soil condition was selected and 

initial soil moisture saturation was set to 0 %. At the other extreme, a fully saturated soil 

moisture condition was specified and 100 % was given as the initial soil moisture 

saturation. In between, 20%, 40%, 60%, and 80% saturation of soil moisture were 

selected as initial conditions. 

Each simulation was started at 0000 UTC July S"' 1999 and run for 36 hours until 

1200 UTC July 9'*' 1999. Satellite-obtained shortwave SRB data, central nudging, and 

PERSIANN precipitation estimates were not incorporated. The initial and boundary 

conditions were exactly the same as the control run (see Chapter 2) except for the 

different initial soil moisture conditions. 

5.3.4. Water Budget Analysis 

The atmospheric water budget analysis was carried out for 2100 UTC July S"* 

1999 (2pm PST, near the warmest time of day). To calculate the water mass balance, a 

representative volume that reaches the top of the atmosphere above the rectangular sub-

domain, which barely encompasses the state of Arizona, was selected. Within this 

representative volume, total evapotranspiration (ET) that is entering into the 

representative volume of atmosphere from the land surface and total precipitation (P) that 
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is failing out of the volume was calculated. In addition, vertically integrated horizontal 

moisture fluxes entering into (I) the representative volume and leaving out (O) from the 

volume through the lateral boundaries of the volume were calculated. The difference of 

water mass entering and leaving the volume is the change in water mass (dW/dt) within 

the volume and which should be the same as the change in the total precipitable water 

within the domain. 

There might be discrepancies due to the approximations used during the integration for 

values such as air density, disregard of the diffusive exchange at the boundary of 

representative volume or other reasons. 

• Derivation of each term 

Evapotranspiration (EP) 

where p is density (kg/m^) and qx is surface latent heat flux (kg/kg m/s); both can be 

obtained directly from RAMS output. Total evapotranspiration was achieved by 

integrating over the selected domain area to rendered the unit of total evapotranspiration 

as kg/s. 

Precipitation (P) 

dW/dt = ET - P + I - O (1) 

EP = \p  q^^clA 
A 

A 
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where p is the total precipitation rate of large-scale and convective precipitation (mm/hr); 

this value is acquired directly from RAMS output. Total precipitation was obtained by 

integrating the precipitation rate over the selected domain area and the unit was converted 

into kg/s. 

Vertically integrated horizontal moisture fluxes (I and O) 

lorO = {^dA 
i « 

where q is specific humidity (kg/kg), V is the horizontal wind component (m/s); u is for 

the X direction, v is for the y direction, and a is specific volume (volume per unit mass 

m^/kg). Total horizontal moisture fluxes were obtained by integrating over the vertical 

area normal to the horizontal wind direction and render the unit as kg/s. 

For the specific humidity q, RAMS output of water vapor mixing ratio (g/kg) was 

utilized through the relationship between the specific humidity and the water vapor 

mixing ratio, 

r 
"=177 

where r is the water vapor mixing ratio. This relationship can be derived from the 

definition of each; the water vapor mixing ratio being the mass of water vapor per unit 

mass of dry air and the specific humidity being the mass of water vapor per unit mass of 

moist air. Since the mass of moist air (A/m) is the sum of the mass of dry air (M^) and the 

mass of water vapor (A/v ); 
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M,. _ M .  _  M J M ,  
H 

M„, l + r 

For the specific volume a, RAMS-generated outputs of pressure P (mb), water 

vapor mixing ratio r (g/kg), and temperature T (K) were used. The equation of state for 

moist air is 

Pa = RT 

Through the approximate relation of the gas constant for moist air R and the gas constant 

of dry air Rj (2.87 mb/K m^/kg), 

/? = (l + 0.6lr)/?j 

and inserting this value of R into the equation of state for moist air 

Pa = {{+0.6 lr )RjT  

We now get 

I P 
a (l+0.61r)/?^r 

The directional wind components were directly obtained from RAMS output. 

5.3.5. Soil Moisture and Precipitation Feedback Mechanism Analysis 

The feedback processes between initial soil moisture and subsequent precipitation 

were investigated by analyzing the precipitation recycling ratios and precipitation 

efficiencies. There exist several different definitions regarding these parameters among 
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Figure 5.1, The ratio of 12 hour accumulative convective rainfall to 12 hour accumulative total precipitation for July 8"' 1200 -

9"' 0000 UTC 1999; (a) the control run with an initial soil moisture 0%, (b) 20 % initial soil moisture saturation. 
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Figure 5.1 (continued). The ratio of 12 hour accumulative convective rainfall to 12 hour accumulative total precipitation for 

July 8"' 1200 - 9"' 0000 UTC 1999; (c) 40% initial soil moisture saturation, (d) 60 % initial soil moisture saturation. 
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Figure 5.1 (conlinued). The ratio of 12 hour accumulative convective rainfall to 12 hour accumulative total precipitation for 

July 8"' 1200 - 9"' (KXK) UTC 1999; (e) 80% initial soil moisture saturation, (0 100 % initial soil moisture saturation. 
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Figure 5,2, The ratio of 12 hour accumulative convective rainfall to 12 hour accumulative total precipitation for July 9"' 0000 -

9"" 1200 UTC 1999; (a) the control run with an initial soil moisture 0%, (b) 20 % initial soil moisture saturation. 
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Figure 5.2 (continued). The ratio of 12 hour accumulative convective rainfall to 12 hour accumulative total precipitation for 

July 9"' 0000 - 9"' 1200 UTC 1999; (c) 40% initial soil moisture saturation, (d) 60 % initial soil moisture saturation. 
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Figure 5.2 (continued). The ratio of 12 hour accumulative convective rainfall to 12 hour accumulative total precipitation for 

July 9"* 0000 - 9"' 1200 UTC 1999; (e) 80% initial soil moisture saturation, (0 100 % initial soil moisture saturation. 
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ET = p{(ET-P + I-0) + P + 0} 

p = ET / (ET +1) 

From the definition of the precipitation efficiency %, which depicts the 

proportionality of water falling as subsequent precipitation in relation to the total influx 

of moisture into the representative volume summing evapotranspiration and influx 

through the lateral boundaries, x can be directly calculated. 

P = x(ET + I) (4) 

X = P / (ET + I) 

To investigate the contribution of each source region of moisture - that is, by 

evapotranspiration from within the domain (local) or through atmospheric advection from 

outside of the domain (non-local) - further computation was carried out. Setting equation 

(4) as the condition for the control run, a parallel equation can be written for the 

simulation with the resultant water balance budget due to perturbation of the initial soil 

moisture. 

P' = X'(Er + I') 

In equations (6) through (I I), the primes indicate variables of the perturbation 

experiments. To find out how much of the change in precipitation resulted from an initial 

soil moisture variation, the derivation can be started with the difference between the 

variables of the control run and that of the sensitivity experiments, 

AP = P'-P (7) 

AX=X'-X 

(9) 
AET = ET' - ET 
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5.4. Results and Discussions 

5.4.1. Convective Precipitation vs. Total Precipitation 

As explained earlier, analysis of the proportion of precipitation by convective 

parameterization out of the total precipitation was plotted (Figure 5.1 and 5.2). For each 

figure, (a) represents the control run with an initial soil moisture of 0%, (b) 20%, (c) 40%, 

(d) 60%, (e) 80%, and (f) represents 100 % initial soil moisture saturation. For all the 

simulations, the ratio of convective rainfall over total rainfall is mostly over 90 % within 

Arizona for the 12-hour period of 1200 UTC July 8'*^ to 0000 UTC July 9'** 1999 (Figure 

5.1). Large scale precipitation was mainly concentrated as rainfall precipitated across a 

diagonal from Utah, passing Nevada, and continuing to the southern tip of California and 

the southeastern border of Arizona and Mexico. The ratio of convective rainfall over total 

rainfall is mostly 0% over these areas and matches the cloud cover pattern plots detailed 

in previous chapters. In contrast, most of the precipitation for the last 12 hours of the 

simulation period, from 0000 UTC July 9"^ to 1200 UTC July 9"' 1999, was 

predominantly large scale precipitation for the whole domain area of Grid 2, except for 

the northwestern comer of the domain. This justifies the selection of the formula, 

estimation procedures and the time as explained in the previous section. 

5.4.2. The water balance budget 

According to the derivations in Section 5.3.4, the water balance budget analysis 

was performed. The change in water mass within the volume (dW/dt) was compared to 

the change rate of precipitable water within the volume {dPW/dt). Here, the change rate 
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of precipitable water within the volume was an averaged value obtained by calculating 

precipitable water change over time for the period from three hours before the selected 

time (2100 UTC July S'** 1999) to three hours after it. 

As shown in Table 5.1, the figures were not exactly the same because of 

discrepancies between changes in water mass within the volume calculated from the 

water balance budget (dW/dt) and the change rate of precipitable water within the volume 

calculated from vertically integrated total precipitable water (dPW/dt). In general, dPW/dt 

is less than dW/dt. This is because dW/dt is an instantaneous change of flux while dPW/dt 

is the time-averaged value over the period; the instantaneous change rate of precipitable 

water could not be obtained from RAMS. In spite of these discrepancies, all values were 

on the same order of magnitude and the trend of change from the different initial soil 

moisture values were relatively similar. This justifies the water balance budget analysis 

method applied in this study and also the following analyses. 

Table 5.1. Water balance budget analysis 

Initial 
Soil Moisture 

ET P I O dW/dt dPW/dt 

0% 14.345 9.771 100.276 90.727 14.123 7.419 

20% 17.253 10.447 99.754 91.692 14.868 9.675 

40% 35.738 17.052 98.095 90.991 25.790 20.748 

60% 50317 14.079 97.912 94.291 40.059 32.137 

80% 50.765 15.181 97.539 95.265 37.858 32.202 

100% 45.458 13.695 96.842 97.054 31J51 27.212 

*A11 units are million kg/s. 
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According to the derivations in Section 5.3.5, the computation of direct and 

indirect contribution of precipitation within the selected domain were carried out. The 

domain selected to investigate the soil moisture and precipitation feedback encompasses 

the state of Arizona. The analyses are tabulated in Table 5.2. 

5.4.3. Evapotranspiration 

The water balance analysis within the selected domain showed that 

evapotranspiration was enhanced as the initial soil moisture was increased. The analysis 

time selected was 2pm (1400 PST), near the warmest time of the day, and all the 

calculated values were instantaneous fluxes. As shown in Figure 5.3, there were boosts of 

evapotranspiration past the soil moisture saturation of 20% and another enhancement 

after 40% of saturation. Over 60%, the evapotranspiration was not amplified significantly. 

It reached its highest value of 50.765 million kg/s at 80% saturation but decreased to 

45.458 million kg/s with the 100% of saturation. This may be a result of the decrease in 

the gradient of vapor pressure between the surface and near surface atmosphere when the 

initial soil moisture is fully saturated. 
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Table 5.2. Water balance and soil moisture - precipitation feedback analysis. 

For the full vertical level 
Initial 

Soil Moisture ET P I O I-O X ET/P 

0% 14.345 9.771 100.276 90727 9.549 0.125 0.085 1.468 
20% 17.253 10.447 99.754 91.692 8.062 0.147 0.089 1.651 
40% 35.738 17.052 98.095 90.991 7.104 0.267 0.127 2.096 
60% 50.517 14.079 97.912 94.291 3.621 0.340 0.095 3.588 
80% 50.765 15.181 97.539 95.265 2.274 0.342 0.102 3.344 
100% 45.458 13.695 96.842 97.054 -0.212 0.319 0.096 3.319 

Initial 
Soil Moisture AET AP AI Ax Direct Indirect Direct% Indirect% 

0% 
20% 2.908 0.676 -0.522 0.004 0.213 0.463 31.5 68.5 
40% 21.393 7.281 -2.181 0.042 2.448 4.833 33.6 66.4 
60% 36.172 4.308 -2.364 0.010 3.207 I.IOI 74.4 25.6 
80% 36.420 5.410 -2737 0.017 3.448 1.962 63.7 36.3 
100% 31.113 3.924 -3.434 0.011 2.664 1.260 67.9 32.1 

For lower level less than 3000m above ground 
Initial 

Soil Moisture ET P I O I-O P X ET/P 

0% 14.345 9.771 69.045 73.623 -4.578 0.172 0.117 1.468 
20% 17.253 10.447 67706 75.158 -7.452 0.203 0.123 1.651 
40% 35738 17.052 63.966 73.110 -9.144 0.358 0.171 2.096 
60% 50.517 14.079 64.469 76.196 -11727 0.439 0.122 3.588 
80% 50.765 15.181 63794 77.189 -13.395 0.443 0.133 3.344 
100% 45.458 13.695 62.973 79.583 -16.610 0.419 0.126 3.319 

Initial 
Soil Moisture AET AP AI Ax Direct Indirect Direct% Indirect% 

0% 
20% 2.908 0.676 -1.339 0.006 0.193 0.483 28.5 71.5 
40% 21J93 7.281 -5.079 0.054 2.790 4.491 38.3 61.7 
60% 36.172 4.308 -4.576 0.005 3.869 0.439 89.8 10.2 
80% 36.420 5.410 -5.251 0.015 4.130 1.280 76.3 23.7 
100% 31.113 3.924 -6.072 0.009 3.163 0.761 80.6 19.4 

*The units of ET, P, I, and O are million kg/s; p, x, and E/P are unitless. 
*All calculations were carried out 21 hours (at 2100 UTC July 8"*) after the start (at (XXX) 
UTC July S"') of model simulation. 
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Figure 5.3 (continued). Total evapotranspiration within the selected water balance domain at July 8"' 2100 UTC, 1999; 

(c) 40% initial soil moisture saturation, (d) 60% initial soil moisture saturation. 
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Figure 5.3 (continued). Total evapotranspiration within the selected water balance domain at July 8"' 2100 UTC, 1999; 

(e) 80% initial soil moisture saturation, (0 100% initial soil moisture saturation. 
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5.4.4 Precipitation 

Precipitation changes within the domain of the water balance analysis due to the 

increase of the initial soil moisture conditions revealed that the highest precipitation was 

achieved with the initial soil moisture saturation rate of 40% and the rainfall generally 

decreased as the soil moisture content increased over 40%. This shows that the higher 

initial soil moisture conditions do not necessarily enhance future precipitation within the 

model domain (Figure 5.4). Precipitation requires an adequate amount of initial soil 

moisture - not too little and not too much. This depends on factors such as atmospheric 

conditions, region, time, season and so on. Another noticeable trend was that the change 

rate of precipitation as a result of the change in initial soil moisture was not as fast as the 

change rate of evapotranspiration showing how soil moisture directly affects 

evapotranspiration while its effect on precipitation is indirect. 

5.4.5. Vertically Integrated Moisture Fluxes Across Lateral Boundaries of Domain 

Vertically integrated moisture fluxes through the lateral boundaries of the analysis 

domain were calculated and total input entering the domain and total output leaving 

the domain was computed as detailed in Section 5.3.4. Interestingly, the total input was 

monotonically diminished as the initial soil moisture saturation increased while the 

output increased again monotonously as the initial soil moisture saturation increase. It 

could be that there is a higher gradient to supply moisture from the outside of the domain 

into the lower humidity area to establish equilibrium with less initial moisture available 

within the model domain, while a lesser amount of moisture is allowed to leave from the 
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Figure 5.4. Total precipitation within the selected water balance domain; (a) the control run with an initial soil 

moisture of 0%, (b) 20% initial soil moisture saturation. 
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Figure 5.4 (continued). Total precipitation within the selected water balance domain; (c) 40% initial soil moisture 

saturation, (d) 60% initial soil moisture saturation. 
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inside region of lower moisture. Therefore, the overall input of moisture from the outside 

of the selected domain was highest with the lowest initial soil moisture condition (Figure 

5.5). 

Another computation was carried out to examine the atmosphere at less than 3000 

m, which is approximately 700 mb pressure level. The moisture source that has the 

greatest effects on precipitation over this region is the moisture which is primarily 

advected at an atmospheric level less than 700 mb. With the integration of the lower 

levels, the general trends in input and output across the boundaries were the same except 

that there existed a net moisture loss to the outside of the selected analysis domain 

compared to the case of integration of the full vertical level. This variation with different 

initial soil moisture conditions was displayed clearly with the plots of the vertically 

integrated moisture flux differences compared to the control run at 0% saturation (Figure 

5.6). There was little difference in the lateral moisture flux between 0% and 20% initial 

soil moisture. The difference was greater at 40% and became significant past 60% initial 

soil moisture. 
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Figure 5.5. Vertically integrated lateral moisture tluxes for the integration of the full vertical atmospheric level within 

the selected water balance domain; (a) the control run with an initial soil moisture of 0%, (b) 20% initial soil moisture 

saturation. 
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5.4.6. Change rate of precipitable water 

As shown in Table 5.1, the change rate of precipitable water displayed an increase 

after the 40% soil moisture saturation and reached its highest value when the soil 

moisture saturation reached 80%. Figure 5.7 shows how the change rate of precipitable 

water closely follows the evapotranspiration pattern in Figure 5.3. Table 5.1 also shows 

that the trend of evapotranspiration was the factor that had the greatest impact on the 

change rate of precipitable water. Whether this effect holds also for the subsequent 

precipitation was investigated next. 

5.4.7. Precipitation Efficiency Analysis and Precipitation Recycling 

The lowest precipitation efficiency was recorded when precipitation was also the 

lowest, at 0% initial soil moisture saturation. The highest efficiency was achieved with 

the initial soil moisture saturation of 40% (Figure 5.8-a) when precipitation was also the 

highest (Table 5.2). With 60% or higher initial soil moisture saturation, the precipitation 

efficiency decreased almost back to that of lower soil moisture saturation. Only the 

computation with the lower atmospheric level revealed the same trend with the higher 

precipitation efficiency. This also explained that the primary source of moisture is the 

moisture that resides at the level less than 700 mb pressure level. 

For full vertical integration of moisture fluxes, the precipitation recycling rate P 

was the lowest with the 0% initial soil moisture saturation where the evapotranspiration 

was the lowest and the moisture influx was the highest. The precipitation recycling 

reached the highest value at 80% soil moisture saturation when the evapotranspiration 
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Figure 5. 7,  Change rate of precipilable water within the selected water balance domain at July 8"' 2I(X) UTC, 1999; 

(c) 40% initial soil moisture saturation, (d) 60% initial soil moisture saturation. 
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was also the highest. While the precipitation recycling rate (3 was higher than 0.3 when 

the initial soil moisture was over 60%, and more than 0.25 when it was over 40%, it 

decreased significantly to less than 0.2, when the initial soil moisture saturation was less 

than 20% (Figure 5.8-b). These results imply that for a higher precipitation recycling rate, 

the average initial soil moisture saturation should be higher than 40%. At 40%, the 

analysis showed the most precipitation and the highest precipitation efHciency in the 

selected area, the state of Arizona during the summertime. For the precipitation efficiency 

analysis with only the lower vertical level, the value of P was amplified in general, 

implying more precipitation recycling at the lower level. To develop more than 30% 

recycling, an initial soil moisture saturation level of above 40% was required and for 20% 

recycling, 20% initial soil moisture saturation was needed. 

5.4.8. Analysis of the Soil Moisture - Precipitation Feedback Mechanisms 

Following the derivations of the previous section, the moisture sources for 

changes of precipitation were investigated by calculating the direct and indirect 

contributions of moisture. With the full vertical integration of moisture fluxes across the 

boundaries of the analysis domain, the direct effects of soil moisture on the subsequent 

precipitation was less than 35%. When the initial soil moisture was less than 40%, this is 

derived mainly from the extra evapotranspiration from the wet soil within the domain. 

Above an initial soil moisture saturation of 60%, subsequent precipitation was more than 

double (from 33.6% to 74.4%), then decreased slightly as the initial soil moisture kept 

increasing (Figure 5.9-a). More than 65% of the moisture source was derived indirectly. 
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drawing precipitated moisture from atmospheric advection outside the analysis domain, 

when the initial soil moisture was less than 40%. For vertical integration of moisture flux 

at the lower atmospheric levels, it showed clear amplification of the results bipolarizing 

the values. That is, the direct effect of soil moisture was further diminished for the case of 

initial soil moisture saturation of 20%, from 31.5% to 28.5%, while the direct effects for 

the higher initial soil moisture conditions were amplified to a further degree (e.g. from 

74.4% to 89.8% for the initial soil moisture saturation of 60%; Figure 5.9-b). With less 

than 20% initial soil moisture saturation, more than 70% of the moisture sources that 

precipitated into the analysis domain were due to the indirect effects of soil moisture. 

This explains why improvements in the initial soil moisture within the model domain, the 

Southwestern United States during the summertime, had limited impact on the prediction 

of precipitation in the previous chapter. For at least the Southwestern United States July 

case, the sensitivity of the initial soil moisture was not that significant. 

The commonly used ratio of evapotranspiration over precipitation (ET/P) was the 

highest with an initial soil moisture of 60% (Table 5.2) as the analysis of soil moisture -

precipitation feedback showed the highest direct soil moisture effect at that level and the 

lowest when the initial states of soil was completely dry. At an initial soil moisture of 

60%, neither evapotranspiration nor precipitation recorded the highest value, but the ratio 

of these two gave the highest value. This indicates that the ratio is a good indicator of the 

relationship between soil moisture, evapotranspiration and precipitation, even though the 

exact contribution of direct and indirect effects of soil moisture cannot be determined. 
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advection from outside of the region, yet the local soil moisture regulates the 

precipitation efficiency, with which the advected water precipitates. Therefore, with very 

dry soil moisture condition and weak synoptic forcing of this region during the summer 

time, the improvement only in the initial soil moisture condition might improve near 

surface relative humidity and temperature but would provide merely limited enhancement 

of short-term precipitation predictability. 

This investigation demonstrated that the soil moisture - precipitation feedback 

mechanism shows substantial variations depending on the model, region, and season 

under consideration. As confirmed by this study with a short-term time scale and for the 

region of the semi-arid Southwestern United States (specifically the state of Arizona), 

there are other timescales (short-term, seasonal, annual, inter-annual) and geographic 

regions in which moisture and energy fluxes are basically independent of the initial soil 

moisture condition. As investigated in Chapter 4 with PERSIANN precipitation estimates 

assimilation in this study area during the summer time, even with the realistic initial soil 

moisture distribution, the intermittent wet soil moisture conditions due to the isolated rain 

events within an otherwise usually dry region would induce only slight direct effects on 

the subsequent precipitation. 
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CHAPTER 6 

VEGETATION PARAMETER SENSITIVITY ANALYSIS 

Abstract 

Model simulations were carried out to study the sensitivity of the vegetation 

parameters of RAMS on land surface and near-surface atmospheric variables in the 

Southwestern United States. All RAMS simulation conditions were the same as for the 

control run (see Chapter 2) except for perturbations in the selected vegetation parameters. 

The influence of alterations of the fractional vegetation cover was substantial and the 

impact of changes in minimum stomatal resistance was also rather signiHcant. The 

pattern from changes in vegetation roughness length was irregular and did not show any 

general trends. The effect of perturbations of the leaf area index was noticeable for the 

short grass area and changes in displacement height resulted in a variation pattern that 

was rather erratic. 

6.1. Introduction 

Vegetation plays a significant role in both energy and momentum budgets at the 

surface. LEAF-2 presently uses the Biosphere-Atmosphere Transfer Scheme (BATS), 

(Dickinson, et al., 1986) vegetation classes to define many of its parameters, although the 

physical processes represented in BATS are not utilized. The vegetation parameters 

employed from BATS consist of albedo, emissivity, leaf area index, fractional coverage, 

roughness length, and displacement height. Among these parameters, the vegetation leaf 
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Table 6.1. LEAF-2 Biophysical parameters by landuse class number. 

LEAF-2 Biophysical paramclers by landu.se clas-s number 

Data bioparameters 

albedo lemissi lai I dlai I vfrac I dvfrac I zo I zdisp 1 rtdp I dsmax LEAF-2 Class 
BATS LSPs Class Description 

0.14 0.99 0.0 0.0 0.00 0.00 0.00 0.1 0.0 0 Qcean 
0.14 0.99 0.0 0.0 0.00 0.00 0.00 0.1 0.0 0.002 1 Lakes, rivers, streams (inland water) 
0.40 0.82 0.0 0.0 0.00 0.00 0.01 0.1 0.0 0.002 2 Ice cap/glacier 
0.10 0.97 6.0 1.0 0.80 0.10 1.00 15.0 1.5 0.002 3 Evergreen needleleaf tree 
0.10 0.95 6.0 5.0 0.80 0.30 1.00 20.0 1.5 0.002 4 Deciduous needleleaf tree 
0.20 0.95 6.0 5.0 0.80 0.30 0.80 15.0 2.0 0.002 5 Deciduous broadleaf tree 
0.15 0.95 6.0 1.0 0.90 0.50 2.00 20.0 1.5 0.002 6 Evergreen broadleaf tree 
0.26 0.96 2.0 1.5 0.80 0.10 0.02 0.2 1.0 0.010 7 Short grass 

0.16 0.96 6.0 5.5 0.80 0.30 0.10 1.0 1.0 0.010 8 Tall grass 
0.30 0.86 0.0 0.0 0.00 0.00 0.05 0.1 1.0 0.002 9 Desert 
0.25 0.96 6.0 5.5 0.10 0.10 0.10 0.5 1.0 0.002 10 Semi-desert 
0.20 0.95 6.0 5.5 0.60 0.20 0.04 0.1 1.0 0.020 11 Tundra 
0.10 0.97 6.0 1.0 0.80 0.20 0.10 1.0 1.0 0.002 12 Evergreen shrub 
0.20 0.97 6.0 5.0 0.80 0.30 0.10 1.0 1.0 0.002 13 Deciduous shrub 
0.15 0.96 6.0 3.0 0.80 0.20 0.80 20.0 2.0 0.002 14 Mixed woodland 
0.20 0.95 6.0 5.5 0.85 0.60 0.06 0.7 1.0 0.010 15 Crop/mixed farming 
0.18 0.95 6.0 5.5 0.80 0.60 0.06 0.7 1.0 0.002 16 Irrigated crop 
0.12 0.98 6.0 5.5 0.80 0.40 0.03 1.0 1.0 0.002 17 Bog or marsh 

LDAS LPSs, but emissivitv based on above 

0.06 0.97 6.0 1.0 0.80 0.10 0.98 10.2 1.0 0.002 18 Evergreen needleleaf forest 
0.08 0.95 6.0 1.0 0.90 0.50 2.21 20.7 1.2 0.002 19 Evergreen broadleaf forest 
0.06 0.95 6.0 5.0 0.80 0.30 0.92 9.2 1.0 0.002 20 Deciduous needleleaf forest 
0.09 0.95 6.0 5.0 0.80 0.30 0.91 7.2 1.2 0.002 21 Deciduous broadleaf forest 
0.07 0.9^ 6.0 3.1 0.80 0.21 0.87 6.5 1.1 0.002 22 Mixed cover 

0.08 0.96 5.7 2.3 0.80 0.17 0.83 7.4 1.0 0.002 23 Woodland 
0.18 0.96 5.0 4.0 0.80 0.20 0.51 3.6 1.0 0.010 24 Wooded grassland 
0.10 0.97 5.1 3.7 0.63 0.19 0.14 1.4 0.7 0.002 25 Closed shrubland 

0.12 0.97 6.0 5.4 0.22 0.12 0.08 0.2 0.6 0.002 26 Open shrubland 
0.11 0.96 2.6 2.0 0.73 0.11 0.04 0.2 0.7 0.010 27 Grassland 
0.10 0.95 6.0 5.2 0.84 0.55 0.11 0.2 0.7 0.010 28 Cropland 

0.16 0.86 0.7 0.6 0.07 0.03 0.05 0.2 0.5 0.002 29 Bare ground 

0.15 0.90 4.8 3.6 0.74 0.31 0.80 1.1 0.8 0.002 30 Urban and built up 
albedo : Vegetation albedo. 
emiss : Emissivity. 
lai: Maximum vegetation leaf area index. 
dlai; Difference between maximum and minimum vegetation leaf area index. 
vfrac: Maximum fractional vegetation cover. 
dvfrac: Difference between maximum fractional vegetation cover and cover at temperature of 269°K. 
zo: Roughness length (m). 
zdisp; Displacement height (m). 
rtdp: Depth of the rooting zone soil layer (m). 
dsmax; Maximum stomatal conductance (m/s). 
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the mean wind speed at heights of interest. Wind effects were calculated on 

evapotranspiration and the rate of transfer of moisture from vegetation to the atmosphere. 

On a range of space scales, surface roughness also determines the exchange of 

momentum between the atmosphere and the land surface. The model presupposes a 

certain roughness for each land cover and vegetation type in its land cover data set. 

Higher roughness areas will have weaker winds, whereas lower roughness areas will 

generally experience rather stronger winds. The magnitude of these speed variations 

depends on the nature and height of the roughness elements and on the distances between 

roughness changes, but these variations are not easily predicted. 

The Leaf Area Index (LAI) defines an important structural property of the plant 

canopy by providing how much surface area is covered by the one sided leaf area of 

green foliage relative to total land surface and is related to functional process rates of 

energy and mass exchange. LAI has been used extensively as a satellite-derived 

parameter for calculation of surface photosynthesis, evapotranspiration, and annual net 

primary production. These products are vital in calculating terrestrial energy, water cycle 

processes, carbon, and the biogeochemistry of vegetation. 

Fractional vegetation cover, ranging from 0 to 1 (bare to 100% cover), helps to 

determine the partitioning of available energy at the surface into sensible and latent heat 

fluxes as well as acting as a shielding factor for surface soil layers. It is a critical 

parameter in deciding the quantity of transpiration at the surface, as opposed to 

evaporation from the soil. When combined with information on vegetation structure, it 
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decides the spatial variability of surface roughness, canopy interception, and other 

parameters. 

Transpiration is a biophysical process and different types of vegetation react in 

different ways to evaporative demand. In the transpiration parameterization, this is 

emulated by the minimum stomatal resistance, which regulates the flow of water out of 

the plants leaves. The higher the resistance, the less water is allowed to leave the plant. 

Crops and grasses tend to have stomatal resistances ranging from 25 ~ 300 s/m, while the 

stomatal resistances of trees can range from 500 ~ 2000 s/m (Monteith, 1976). Stomatal 

resistance is a function of leaf area index, solar radiation, water-stress on the surface 

resistance, vapor pressure deficit, and air temperature. 

6.2. Data Type and Sources 

6.2.1. Initialization Data 

• Soil type 

• Terrain height data 

• Sea surface temperature data 

• Vegetation type data 

• Temperature, Pressure, Humidity, and Wind 

Eta Reanalysis data 

Surface observation data 

Upper air rawinsondes observation data 

These are all the same as the control run (see Section 2.2.1). 



158 

6.3. Methodology 

How much further the model simulation would improve by vegetation parameters 

was investigated by sensitivity analysis. For the each sensitivity analysis, one vegetation 

parameter was perturbed from the LEAF-2 default value; especially the values for semi-

desert and bare ground were adjusted. In this study, RAMS simulation with PESIANN 

precipitation estimate assimilation was the control run. 

For the sensitivity of vegetation fractional cover, the semi-desert class was 

increased to a value of 0.5 from the 0.1 default value and from 0.07 to 0.1 for the bare 

ground class. 

Minimum stomatal resistance is defined as the maximum stomatal conductance in 

LEAF-2, which is the reciprocal of the minimum stomatal resistance. However, the 

maximum stomatal conductance values were set too low in LEAF-2 compared to BATS, 

and would suppress transpiration from vegetation. Therefore, the perturbation values 

were set 2.5 time higher than the LEAF-2 default values which to give the same 

minimum stomatal resistance values as BATS. For example, 0.002 m/s was increased to 

0.005 m/s. 

For roughness length sensitivity, the LEAF-2 default values were tripled for the 

semi-desert class, to 0.3 m from 0.1 m, and doubled for of the rest of the classes. 

The leaf area index values of three vegetation classes were increased for the 

sensitivity test of the leaf area index. The LEAF-2 default values of these three classes 

were set significantly lower than those of other classes. Hence, for the short grass class, it 
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was increased to 4.0 from 2.0; for grassland, from 2.6 to 4.0; and for bare ground, from 

0.7 to l.O. 

Finally, the displacement height parameter was tested by doubling the default 

values of LEAF-2. 

These perturbations are summarized in Table 6.2. As a preliminary investigation, 

RAMS was run first with only the Grid 1, the 30 km x 30 km resolution. Then full 2-grid 

nesting simulations were performed with the parameters whose perturbations resulted in 

sizeable impacts in the preliminary study. Each result was compared with that of the 

control case. 

6.4. Results and Discussion 

As shown in Figure 6.1, the primary RAMS vegetation class for the study area is 

semi-desert. The other three most common classes are short grass, evergreen needleleaf 

tree, and deciduous broadleaf tree. According to this vegetation this vegetation class 

Table 6.2. Parameter perturbations of sensitivity analysis. 

Control Default Perturbation 
vfrac LEAF-2 default semi-desert: 0.1 

bare ground: 0.07 
semi-desert: 0.5 
bare ground: 0.1 

dsmax LEAF-2 default 2.5 * (LEAF-2 default) 
Zo LEAF-2 default 

semi-desert: 0.1 
2 * (LEAF-2 default) 
semi-desert: 0.3 

dial LEAF-2 default short grass : 2.0 
grass land: 2.6 
bare ground: 10.7 

short grass : 4.0 
grass land: 4.0 
bare ground; 1.0 

zdisp LEAF-2 default 2 * (LEAF-2 default) 
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distribution, the major part of the study area has less than 0.1 fractional vegetation cover 

and the rest have values of around 0.8 for most of northern Mexico, the middle parts of 

Arizona and California, and most of Colorado. The vegetation leaf area index distribution 

shows that most of these have a value near 6.0, except for some regions where the value 

is less than 5.0, especially for the area of deciduous broadleaf tree. 

6.4.1. One-Grid Preliminary Study 

For the Grid 1 preliminary study, every simulation with vegetation parameter 

perturbation was performed with the PERSLANN assimilation. The control run was a 

simulation with only the PERSIANN precipitation assimilation and without any 

biophysical parameter perturbations. 

6.4.1.1. Impacts on Latent Heat Flux 

The impacts of the perturbation of each parameter were analyzed with several 

energy and moisture variables. Figure 6.2 shows the simulation results for the latent heat 

flux differences, which were derived by subtracting the value of the control run from that 

of each parameter perturbations. The results from July S'** 1800 UTC 1999 (6 hours after 

the initiation of RAMS forecasting) are used as examples. 

The influence of the alteration of fractional vegetation cover was substantial as 

revealed in the resultant changes of latent heat flux. The latent heat fluxes were decreased 

for the drier part of the semi-desert regions due to faster evapotranspiration with 

increased fractional vegetation cover, while the rest of the area experienced an increase of 
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was changed by increasing its value for the semi-desert class and the bare ground, most 

of the area experienced an increase in sensible heat fluxes, particularly for the fractional 

vegetation cover perturbed semi-desert area. On the other hand, the area with high 

vegetation fraction - the deciduous broadleaf tree and short grass regions, showed a 

decrease. 

As a result of decreased minimum stomatal resistance, the sensible heat flux 

pattern showed a general trend of reduction, since more energy was spent on transpiration 

due to the increase in stomatal conductance, especially for the region of high soil 

moisture content. 

Compared to the irregularity of latent heat flux distribution, the majority of the 

area underwent a modest increase of sensible heat flux when the vegetation roughness 

was increased. It seems that with increased roughness, the wind grew weaker and the rate 

of transfer of moisture from vegetation to the atmosphere decreased. Therefore, more 

energy was distributed into sensible heat while the change in evapotranspiration was still 

erratic. 

The results for the leaf area index perturbation also showed a decrease in sensible 

heat flux for the short grass region. Generally, the increased leaf area index enabled more 

evapotranspiration, therefore generating higher latent heat flux and less sensible heat flux. 

However, the overall changes were not that signiflcant. 

Again, the change due to displacement height variation was minor. With the 

distribution of vegetation class for the Southwestern United States, ±e impact of 

displacement height was not signiflcant. 
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6.4.1.3. Impacts on 2m-High Temperature 

Changes of the near surface atmospheric condition can also be affected by 

vegetation parameter perturbations. When the 2m-high temperature simulations were 

compared, the run with the perturbation of fractional vegetation cover showed an increase 

in temperature for the semi-desert area and most of the other areas, although there was a 

lesser degree of increase for the higher soil moisture area (Figure 6.4). 

In response to the decreased minimum stomatal resistance, the 2m-high 

temperature decreased, especially in the high soil moisture content regions. This was due 

to the cooling effect from the additional moisture provided by increased stomatal 

conductance. 

When vegetation roughness length was changed, the 2m-high temperature 

increased slightly. As explained in the previous section, the increase of vegetation 

roughness length resulted in a higher sensible heat flux, which was reflected in higher 

temperatures at 2m-hight. 

In general, reduced 2m-high temperature was portrayed along the short grass 

regions when the leaf area index was increased for the region. It was cooled down due to 

the further supply of moisture from the region of increased leaf area index. 

The variation of displacement height again caused a small change in 2m-high 

temperature throughout the domain and the change distribution was erratic. 
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Figure 6.4.2m-High Temperature differences 
for each parameter perturbation compared to 
the control; 
(a) fractional vegetation cover, 
(b) minimum stomatal resistance, 
(c) roughness length, 
(d) leaf area index, 
(e) displacement height. 
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Figure 6.5. 2m Relative Humidity differences 
for each parameter perturbation compared to 
the control; 
(a) fractional vegetation cover, 
(b) minimum stomatal resistance, 
(c) roughness length, 
(d) leaf area index, 
(e) displacement height. 
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well as the two selected biophysical parameters; fractional vegetation cover and 

minimum stomatal resistance. 

For the first case, only the fractional vegetation cover was altered. For the second 

case, only the minimum stomatal resistance was varied. For the third case, both 

parameters were changed simultaneously. All three simulations had both vegetation 

parameter perturbation and PERSIANN assimilation compared to each control case in 

this chapter, which were the simulations only with vegetation parameter perturbations of 

three cases without the PERSIANN data assimilation. 

6.4.2.1. Impacts on Latent Heat Flux for the Selected Locations 

As shown in Figure 6.6, the time series of latent heat flux at selected station 

locations displayed that the additional PERSIANN assimilation on the top of vegetation 

parameter variation exerted its impacts mainly during the daytime period. In Las Vegas, 

all three tested cases showed that the latent heat flux was less than that of the control case 

during daytime period - up to 250 W/m~. While the addition of PERSIANN assimilation 

displayed slight increases of latent heat flux in Phoenix, it showed almost no difference at 

all in Tucson. That was due to the cloud distribution, which was still present over 

southeastern Arizona and the Mexico border area. 

Figure 6.7 shows the pattern of negligible differences over that region. The latent 

heat flux difference pattern showed that the fractional vegetation cover was the dominant 

parameter between the fractional vegetation cover and minimum stomatal resistance. This 

explains why more attention should be placed on the selection of accurate values of 
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Figure 6.6. Latent heat flux time series for the variation of vegetation parameters; 
vfrac is firactional cover, dsmax is minimum stomatal resistance, both is for both 
parameters at the same time, control is for no variation; (a) Las Vegas, (b) 
Phoenix, (c) Tucson. 
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vegetation fractional cover for the region than the choice of correct values of minimum 

stomatal resistance for the individual vegetations. 

6.4.2.2. Impacts on Sensible Heat Flux 

The sensible heat flux time series revealed that only the Phoenix location among 

the selected three stations showed measurable changes responding to the additional 

PERSIANN assimilation on the top of the variation of vegetation fractional cover and 

minimum stomatal resistance (Figure 6.8). At Phoenix, with PERSIANN assimilation and 

the increase of fractional cover for the semi-desert class, the sensible heat flux tended to 

increase while it decreased with PERSIANN assimilation and the decrease of minimum 

stomatal resistance. The reason might be that in response to the increased fractional 

vegetation cover, a faster transpiration rate consumed available moisture more rapidly 

and the additional energy is used to heat the atmosphere to increase the sensible heat flux. 

In contrast, with the result of increased maximum stomatai conductance, more moisture 

could be supplied from the vegetation for longer periods so that more energy was 

consumed for transpiration and decreased the energy partitioning to the sensible heat flux. 

With the cloud cover over Tucson, the sensible heat flux remained near zero for all 

simulations and it was evident in the sensible heat flux difference pattern (Figure 6.9). 

With the increase of vegetation factional cover, the sensible heat flux was generally 

enhanced, especially along the semi-arid region where it became relatively drier (Figure 

6.9-a). On the other hand, the sensible heat flux decreased with the reduction of the 

minimum stomatal resistance since it U-anspired more moisture compared to the control. 
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Figure 6.8. Sensible heat flux time series for the variation of vegetation 
parameters; vfrac is fractional cover, dsmax is minimum stomatai resistance, both 
is for both parameters at the same time, control is for no variation; (a) Las Vegas, 
(b) Phoenix, (c) Tucson. 
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Figure 6.9. Sensible heat flux differences after variation of the vegetation 
parameters compared to the control; 
(a) for fractional cover, 
(b) for minimum stomatal resistance, 
(c) for both parameters at the same time. 
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The cloud effects were particularly noticeable showing, minimal changes in sensible heat 

fluxes when both parameters were allowed to vary simultaneously (Figure 6.9-c). The 

sensible heat flux distribution pattern also showed that the vegetation factional cover is 

more sensitive than minimum stomatal resistance. 

6.4.2.3. Impacts on Precipitation 

When the impacts of the additional PERSIANN assimilation on the top of 

vegetation parameter variation were studied, improvements over the control cases were 

shown. For the first 12 hour forecast period of all three tested cases (Figure 6.10), the 

accumulated precipitation between latitude 35° N and 38° N varied in the right direction 

by reducing the overestimated rainfall of the control run and increasing the 

underestimated the rainfall of the control run. In addition, as a response to the addition of 

the PERSIANN assimilation, there was enhanced precipitation near the Arizona — 

California state border making it closer to the observed precipitation, however RAMS 

still could not generate reasonable rainfall in southern Arizona below 34° N when the 

minimum stomatal resistance variation was included. 

For the next 12 hour forecast period (Figure 6.11), precipitation was still overestimated 

over several areas for all three cases. However, one noticeable improvement was that all 

three tested cases captured the precipitation of the mid-westem region of Arizona near 

35° N and 114° W, which was missed in the control runs. Additionally, the precipitation 

overestimation near the northeastern section of Arizona was reduced when the 

PERSIANN assimilation was added to the variation of vegetation fractional cover. 
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Rgure 6.10. 12-hour total precipitation differences after variation of the 

vegetation parameters compared to the control at July 9,0000 UTC 1999; 

(a) for fractional cover, 

(b) for minimum stomatal resistance, 

(c) for both parameters at the same time. 
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6.5. Conclusions 

The accurate representation of the vegetation classes and their parameters, such as 

vegetation fractional coverage, stomatal resistance, and leaf area index in numerical 

models is critical to the weather and climate forecasts (Pielke, 2001). Several experiments 

to investigate the sensitivity of RAMS to the leaf area index were performed for the 

central United States by Lu et al. (2001). They found that the impact on surface 

temperature, surface moisture, and convective precipitation was significant after typical 

inter-annual changes of the leaf are index. In the investigation of this chapter, the 

sensitivity of several biophysical parameters of RAMS to the semi-arid southwestern 

United States was executed. 

The influence of the alteration of the fractional vegetation coverage was 

substantial and the impact due to the change of the minimum stomatal resistance was 

rather significant also. The resultant pattern due to changes of vegetation roughness 

length was irregular and did not show any general trends. The effect of the perturbation 

of the leaf area index was noticeable for the short grass area and there were also changes 

in the results of change of displacement height but its variation pattern was rather erratic. 

Due to the result of changes in the surface energy balance 2m-high temperature 

and 2m-high relative humidity also changed. Biophysical parameter perturbation changed 

the partitioning between latent heat flux and sensible heat flux and in doing so, controlled 

whether a region warmed or cooled. When the impacts of the additional PERSIANN 

assimilation on the top of vegetation parameter variation were studied, it showed fiirther 

improvements and better precipitation forecasting. This investigation showed that more 
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attention should be placed on the selection of accurate values for vegetation fractional 

coverage for the region than on correct values for minimum stomatal resistance for the 

individual vegetations. 
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CHAPTER 7 

SUIVIMARY AND CONCLUSIONS 

7.1. Summary 

The aim of this study was to investigate the impact of initial surface conditions in 

mesoscale modeling on the prediction of weather and hydrology in the Southwestern 

United States. The detailed objectives of this investigation were three-fold: 

(i) investigate the importance of accurate land surface state parameter assimilation 

during the initialization period, which has impacts on the planetary boundary layer 

structure and regional atmospheric circulation, and to study the short-term predictability 

of meteorology and hydrology in the Southwestern United States. 

(ii) explore the effects of initial soil moisture on summer precipitation and the 

atmospheric water balance with a mesoscale atmospheric model, and in so doing, 

investigate the soil moisture-precipitation feedback mechanism in the semi-arid 

Southwestern United States. 

(iii) probe the sensitivity of biophysical parameters in land surface schemes used 

in regional atmospheric models on the semi-arid Southwestern United States. 

The investigation was designed in five steps. The first study examined RAMS 

simulations initialized with surface and upper air observation Hies and Eta reanalysis files 

for pressure, temperature, humidity, and wind data. This test served as a control run. 

Second, to improve the RAMS prediction, the effect of central nudging during the 
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assimilation period and the incorporation of satellite-derived shortwave radiation 

estimates during the daytime period of simulation were investigated. Third, the impact of 

the assimilation of satellite-derived precipitation estimates on model prediction was 

studied utilizing PERSIANN data. Fourth, the effects of initial soil moisture on summer 

precipitation for short-term forecasts were explored. Fifth, the sensitivity of biophysical 

parameters in land surface schemes used in a regional atmospheric model on the semi-

arid Southwestern United States was tested. 

• Control Run 

The results of the control run showed that the RAMS convective parameterization 

scheme does not accurately represent local shallow convective cumulus cloud cover, 

which is affected by local land surface characteristics. In general, when compared to 

observed sounding data, RAMS failed to closely depict the vertical profile, especially for 

the lower atmosphere. Ln skewT-logP plots, the RAMS results depicted an inversion layer. 

At the lower atmosphere, there existed a negative energy so that convection was inhibited. 

This might be due to subsidence, by which parcels of air sink adiabatically, drying and 

warming in the process while creating a cap. This dry air aloft at the 700mb level and the 

weak dynamical forcing to overcome the negative energy seemed to inhibit convective 

development in RAMS simulations. RAMS failed to portray the dry air that prevails 

around the 4C)0mb level. This poor performance of RAMS may be in part the result of the 

inadequacy of RAMS to resolve several important features. Among the critical factors are 

the radiative responses to variations of the spatial and temporal distribution of clouds. 
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The changes in cloud amount and optical properties have important consequences for the 

radiative processes. This radiation budget influences both atmospheric and land surface 

energy and water budgets. There were, however, significant disparities in the spatial 

distribution of cloudiness in RAMS simulations. In turn, this poor performance of RAMS 

in developing accurate cloud patterns resulted in not only false moisture and energy 

distribution in the atmosphere but also spurious distribution of heat fluxes and moisture 

fluxes at the surface. 

Even though the simulations reproduced the main features of precipitation, due to the 

systematic model biases of the RAMS simulation relative to the observations, the control 

run underpredicted precipitation over southwestern Arizona and excessive precipitation 

over the northeastern region of Arizona, especially the Four-Comers area. This 

precipitation bias was also responsible for biases in surface tluxes such as soil moisture 

and evapotranspiration, which were inferred through 2m-high relative humidity. 

• Shortwave SRB data and central nudging 

With the addition of a realistic surface downward shortwave radiation adjustment 

and the improvement of atmospheric state variables for the central model flelds during 

the assimilation period, the RAMS model simulated the near surface temperature and 

moisture distributions somewhat more accurately. However, RAMS still performed 

poorly or improved only marginally for precipitation prediction. Therefore, forecasting 

warm season precipitation systems over the semi-arid Southwestern United States 
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remains a difficult problem for tested mesoscale numerical weather prediction using 

RAMS. 

• PERSIANN precipitation estimates assimilation 

In general, this investigation showed that the assimilation of precipitation derived 

from remotely sensed data was effective in improving simulations of the hydrological 

cycle and atmospheric energetics compared to RAMS model simulations without the 

assimilation. On the whole, improvements can be attributed to the changes in the surface 

fluxes induced by the inclusion of presumably more realistic soil moisture. The regions 

that assimilated PERSIANN precipitation estimates to yield realistic initial soil moisture 

exhibited improvements in 2m-high relative humidity and 2m-high temperature due to 

more reasonable surface heat fluxes in the land surface-atmosphere. 

Precipitation predictions with PERSIANN rainfall estimates assimilated were 

better than model generated estimates without them, especially in terms of the horizontal 

spatial pattern and precipitation intensity up to 12 hours. The fact that the improvements 

in precipitation forecasts hold for short lead times may reflect that small-scale processes 

are inherently less predictable and the improvements in precipitation forecasting cannot 

be accomplished without the improvement of convective parameterization to provide a 

better heating field to support the winds and large scale convergence. Apparently, the 

assimilation of surface precipitation improved the horizontal latent heat pattern, but it did 

not directly improve the vertical heating pattern. That was the reason why the simulated 

precipitation in response to realistic initial soil moisture distribution was rather 
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induced only indirect effects on subsequent precipitation in this region during the summer 

time. Through this indirect soil moisture effect, the moisture is derived from atmospheric 

advection from outside of the region, yet the local soil moisture regulates the 

precipitation efficiency with which the advected water precipitates. Therefore, with a 

very dry soil moisture condition and weak synoptic forcing in this region during the 

summer time, improvement only in the initial soil moisture condition might improve near 

surface relative humidity and temperature but would provide merely limited enhancement 

of short-term precipitation predictability. 

This investigation demonstrated that the soil moisture-precipitation feedback 

mechanism showed substantial variations depending on the model, region, and season 

under consideration. As confirmed by this study with a short-term time scale and for the 

semi-arid southwestern United States (specifically state of Arizona), there exist 

timescales (short-term, seasonal, annual, inter-annual) and geographic regions in which 

moisture and energy fluxes are basically independent of initial soil moisture conditions. 

As investigated in Chapter 4, with PERSIANN precipitation estimates assimilated during 

the summer time, even with realistic initial soil moisture distribution, the intermittent wet 

soil moisture conditions due to isolated rain events within an otherwise usually dry region 

induce only a slight direct effect on subsequent precipitation. 

• Vegetation parameter sensitivity analysis 

In the last chapter, the sensitivity of several biophysical parameters was tested 

with RAMS and the semi-arid study area. The influence of the alteration of fractional 
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Prediction improvements using the three techniques were limited for the 

southwestern summer environment, which is mostly atmospheric, control rather than land 

surface control. The soil moisture-precipitation feedback shows that in study area, 

precipitation efficiency is low, and the major moisture source for precipitation is from 

advection (>70%). Change of soil moisture distribution only cause a short period of low-

level temperature and moisture variations that is not strong enough to directly induce 

deep convective storms. 

In addition, to improve initial conditions of atmosphere and land surface, 

vegetation parameters especially the fractional vegetation cover and the stomatal 

resistance can also affect the model predictions of temperature, humidity, and even 

precipitation through the atmosphere - land surface interaction. 

7.3. Future Directions 

This investigation revealed that accurate convective parameterization and cloud 

microphysics schemes employed in mesoscale modeling are very important. RAMS can 

be tested with convective parameterization schemes other than the default modified Kuo 

scheme. However, a convective parameterization scheme that works well in one model 

for a certain case does not necessarily work well for other atmospheric models and/or for 

other cases. Several test simulations were performed using the well-known and well-

tested Kain-Fritsch parameterization scheme (1993) in RAMS for the Southwestern 

United States for the same experiment period. It generated more precipitation compared 

to the RAMS default modified Kuo scheme but produced too much rainfall. 
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Sea surface temperature is another potential parameter that can have impacts on 

better model prediction. In their work on the sensitivity of quantitative precipitation 

forecasts produced by RAMS to the accuracy of sea surface temperature. Pastor et al. 

(2001) showed that a change of 4°C to 5°C around 25°C doubled peak precipitation, 

while a change of 2°C around 23°C only caused a 20% increase. In this dissertation, the 

sea surface temperature data for initializing each grid were the standard files prepared for 

RAMS. Analysis showed that, especially for the Gulf of California, sea surface 

temperature was ~ 2—3° C lower than satellite observed data. Therefore, it would be 

worthwhile to investigate whether an improvement in sea surface temperature would 

generate better results. 

As it was revealed in this investigation, the assimilation of PERSIANN 

precipitation estimates into the land surface scheme had a limited impact on the 

improvement of precipitation predictability. Therefore, an enhancement in model vertical 

and horizontal atmospheric moisture distribution should be considered, especially the 

moisture at low levels over southern and southwestern Arizona. For example, this task 

can be accomplished by assimilating precipitable water into the model along with the 

precipitation data assimilation. More accurate distribution patterns of atmospheric water 

would also improve cloud distribution in the model; inaccuracy of cloud prediction was 

major failure of RAMS. 

Based on their study of mesoscale convective systems in central Arizona, 

McCollum et al. (1995) concluded that the operational sounding and surface observation 

network in Arizona does not identify crucial mesoscale circulations and thermodynamic 
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gradients, which is part of the cause of severe weather over central Arizona. Therefore, 

more precise low-level thermodynamic data such as improved satellite sounding would 

enhance model prediction with improved relationships between characteristics identified 

by the synoptic-scale observation network and the convective weather episodes. 

Assimilation of satellite-retrieved soundings generated by the Defense Meteorological 

Satellite Program (DMSP) and/or the Television and Infrared Observation Satellite 

Operational Vertical Sounder (TOYS) into RAMS would be a worthwhile investigation. 
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