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Abstract 

 

Characterization of Drought in Texas 
Using NLDAS Soil Moisture Data 

 

John R. Sullivan Jr., M.S.E. 

The University of Texas at Austin, 2013 

 

Supervisor:  David R. Maidment 

 

From June to August 2011, Texas experienced the hottest summer ever recorded 

in the history of the United States, and the state suffered a water shortage that made its 

vulnerability to drought painfully plain. This disaster sparked new interest in methods of 

defining drought severity, especially with regard to the variation of soil moisture levels. 

This thesis assesses the suitability of information from the North American Land Data 

Assimilation System (NLDAS), an assemblage of land surface models forced with 

observations data, for quantifying soil moisture levels in Texas. 

The potential for combining NLDAS data with the Soil Survey Geographic 

(SSURGO) Database’s available water capacity data is explored. It is discovered that 

because NLDAS is a hydrological model and SSURGO an agricultural dataset, they 

employ different definitions of soil moisture storage. Moreover, the temporal variation of 

soil moisture levels in the SSURGO polygons cannot be inferred from NLDAS data due 

to the vastly different spatial scales of the two datasets. A relative measure of soil 

saturation from 0–100% is developed instead and determined to be a more useful 
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indicator of drought than the soil moisture level itself. Calculated solely from NLDAS 

data, it is used to map the severity of drought in Texas, with the results displayed at the 

county scale. 

The temporal variation in soil moisture storage across the state is compared with 

variations in the gravity anomaly measured by NASA’s Gravity Recovery and Climate 

Experiment (GRACE) satellites and variations in Texas surface water reservoir levels, 

both of which are physical measurements of water storage changes. This analysis 

suggests that the NLDAS data, which is derived from a land surface model, accurately 

describes subsurface moisture variations. Also, the GRACE gravity anomaly data reveals 

that during the 2011 drought, the total water storage in Texas was approximately 100 

cubic kilometers less than normal. NLDAS data indicates that more than 50% of this 

deficit was due to losses from the top one meter of the state’s soils. 
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Chapter 1: Introduction 

1.1 MOTIVATION 

Drought is a force of nature. Like hurricanes, tornadoes, earthquakes, tsunamis, 

and blizzards, and other such natural disasters, it impacts large areas often to devastating 

effect. There is a key difference, however, between drought and those other phenomena: 

drought usually long overstays its welcome. An earthquake lasts mere seconds; a 

tsunami, a few minutes; tornadoes can last hours; and hurricanes and blizzards sometimes 

last for days. Drought leaves them all in the dust, hanging around a region for weeks, or 

months, or even years. In this way it is unlike any other calamitous event in nature’s 

arsenal. 

A great deal of scientific research has gone into trying to predict when these 

disasters will strike, with more success for some events than others. Hurricanes are 

identified before they’re even worthy of being referred to as such; tropical depressions 

are monitored, and if they eventually strengthen and develop their dangerous potential, 

they are tracked and modeled constantly. Blizzards often arise with less warning but 

receive no less attention, and there is still plenty of time to sound the alarm. Although a 

tornado can descend from a storm system with little to no notice, meteorologists are able 

to identify when conditions are primed to produce the swirling funnels. Earthquake 

prediction is still in its infancy. The tremors continue to hit without warning, and, when 

they occur below the ocean, trigger tsunamis. As such, these giant, destructive waves 

cannot be predicted any better than earthquakes, but by their very nature they give 

notification of their arrival, presuming one is monitoring. And at-risk countries certainly 

are – warning systems are commonplace throughout tsunami-prone areas of the world. 
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Drought, on the other hand, is vastly more difficult to predict, for it requires the 

capability to accurately forecast precipitation and temperature over a long time period. 

This is difficult due to the variability of climate, which may have been exacerbated by 

climate change. It is unclear at present how global climate change will affect precipitation 

patterns on a long-term time scale, but the Intergovernmental Panel on Climate Change 

has agreed on general trends. In its 2007 report it predicts that certain regions will 

experience wetter climates, whereas others regions, such as the American Southwest, will 

receive less rainfall than before (IPCC, 2007), as well as increased temperatures. 

Drought is also difficult to define. A simple definition would be a long period of 

time with insufficient precipitation. But how does one define “long?” A few weeks 

without rain might be a long time in Bangladesh, while such a deficit would be entirely 

unremarkable in California’s Death Valley. In other words, drought varies by region. 

Because of this, drought is defined by its impacts as well as by its inherent 

characteristics. This, too, separates it from the other natural disasters described above. 

The National Drought Mitigation Center (NDMC) divides definitions into two categories, 

conceptual and operational1. The former deals in general terms, assisting with 

understanding the basic idea of a drought, and the NDMC offers this example: “Drought 

is a protracted period of deficient precipitation resulting in extensive damage to crops, 

resulting in loss of yield.” This definition includes both the main climactic characteristic 

of a drought (lack of precipitation) and what is frequently one of the direst impacts 

(agricultural damage). Operational drought definitions are based on scientific data and 

attempt to define when a drought begins and ends, as well as how severe it is. Numerous 

mathematical drought indices have been developed for this purpose. 

                                                
1 http://drought.unl.edu/DroughtBasics/WhatisDrought.aspx 
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These inherent limitations and hurdles in drought prediction and definition make 

the phenomenon all the more dangerous. It may not appear as calamitous as other 

disasters, but its environmental and economic impacts are often much greater. Texas and 

Oklahoma learned this firsthand during the summer of 2011, when the IPCC’s 

predictions came to catastrophic fruition. According to Texas State Climatologist John 

Nielsen-Gammon, the period of June to August 2011 in those two states was the hottest 

summer ever recorded in the history of the United States2. The state suffered from a 

record deficit of precipitation, and the heat compounded those effects. Soils, ponds, and 

supply reservoirs dried up, temperatures soared and remained high longer than many 

thought possible, and wildfires engulfed thousands of square miles. Cities in the western 

part of the state came frighteningly close to running out of water. 

The U.S. Drought Monitor3, which combines multiple drought indices, as well as 

stakeholder input, produces weekly maps rating regions from D0 (abnormally dry) to D4 

(exceptional drought). Regions can also receive no rating at all if they’re not experiencing 

a drought. Figure 1 below shows the U.S. Drought Monitor output on September 13, 

2011, during the height of the 2011 drought. At that point 100% of Texas was in drought, 

and 88% was in exceptional drought (D4). Moreover, the ‘A’ and ‘H’ labels indicate 

whether the drought is impacting agriculture or water, respectively. The plains states 

were largely affected agriculturally, while some eastern and northeastern states were 

hydrologically impacted. Texas’ dual ‘AH’ rating signifies that the drought was affecting 

both facets. Figure 2 shows a detailed view of (a) the Drought Monitor output for Texas 

on September 13, 2011, as well as (b) the output for Texas on April 23, 2013, the most 

current date for which data was available at the time this thesis was written. 

                                                
2 http://blog.chron.com/climateabyss/2011/09/a-pyric-victory 
3 http://droughtmonitor.unl.edu/DM_state.htm?TX,S 
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Figure 1: U.S. Drought Monitor output on September 13, 2011. 

 

Figure 2: U.S. Drought Monitor output for Texas on (a) September 13, 2011 and (b) 
April 23, 2013. 

(a) (b) 
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The water stress of that summer brought into painful relief the ways in which the 

state was vulnerable to drought. On June 27th, 2011 the U.S. Department of Agriculture’s 

Farm Service Agency declared 213 of the 254 counties in Texas primary natural disaster 

areas4. In April 2013, as the state is still in drought nearly two years later, the Texas 

Governor’s Office continues to update the list of counties that remain drought disaster 

areas – 201 have retained the distinction. The State Drought Preparedness Council5 needs 

to prepare appropriate recommendations as to whether a county should be added to or 

removed from this list. This has led to an increased interest in the methods available for 

quantifying drought, specifically concerning the variation of soil moisture levels. The 

average soil moisture level over a county is particularly useful, given the council’s task. 

The vast amount of data necessary to calculate such a metric is nearly impossible to 

obtain from in situ measurements due to the spatial scale, so land surface model data is 

used instead.  

1.2 ANALYSIS OVERVIEW 

This thesis analyzes the potential of information from the North American Land 

Data Assimilation System (NLDAS) – an assemblage of land surface models forced with 

gage-based precipitation observations, surface meteorology reanalyses, and shortwave 

radiation6 – for quantifying soil moisture levels. It also compares the variation through 

time in soil moisture storage across Texas with both variations in the gravity anomaly 

measured by the Gravity Recovery and Climate Experiment (GRACE) satellites and 

variations in Texas surface water reservoir levels. 

                                                
4 http://www.fsa.usda.gov/FSA/newsReleases?area=newsroom&subject=landing&topic=edn&newstype= 
   ednewsrel&type=detail&item=ed_20110628_rel_0061.html 
5 http://www.txdps.state.tx.us/dem/CouncilsCommittees/droughtCouncil/stateDroughtPrepCouncil.htm  
6 http://ldas.gsfc.nasa.gov/nldas/NLDASgoals.php 
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The Land Data Assimilation System (LDAS)7 developed by NASA and NOAA  

(of which NLDAS is an example) provides a description of the spatial and temporal 

variability of the water and energy balance of the land surface. The results are produced 

on a one-eighth degree grid (14 km) and one-hour time steps for NLDAS, and on a one-

quarter degree grid (28 km) and three-hour time steps for the Global Land Data 

Assimilation System (GLDAS). The time horizon is from 1979 to the present, and new 

information is added to the LDAS archives on a daily basis once the data acquisition and 

assimilation process carried out at the National Centers for Environmental prediction has 

been completed. 

The input to the LDAS is a set of gridded fields for surface climate, incoming 

radiation and precipitation that are based on gauge, radar and satellite observations and 

output from numerical weather prediction models. Geographic data on soil, vegetation 

and elevation are used to define the parameters of the land surface model at each grid 

point. The computations are carried out using several surface vegetation atmosphere 

transfer schemes, of which the Noah land surface model (Mitchell et al., 2004) is used in 

this research. The results include storage values such as soil moisture and snow, and 

fluxes such as evaporation, runoff, groundwater recharge and outgoing radiation, sensible 

and latent heat. In this research, the soil moisture level (kg/m2, or mm when divided by 

the density of water) in the first one meter of soil is used.  

LDAS results are made available as grids where all variables are stored for the 

whole spatial domain for a single time step, but that method makes it very difficult to 

access the time history of a single variable at a single geographic location. To meet this 

need, NASA Goddard8 is reconfiguring data for some variables in the LDAS database 

                                                
7 http://ldas.gsfc.nasa.gov/ 
8 http://commons.esipfed.org/node/1174 
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into “data rods” that provide a time series from 1979 to present of a particular variable at 

a particular grid point. This study makes use of data rods and grids of Noah surface one-

meter soil moisture storage at about 4,000 locations across Texas. 

GRACE gravity anomaly data can be accessed from the Center for Space 

Research9 at The University of Texas at Austin. Texas continually monitors the levels of 

reservoirs and lakes across the state, and this data is provided by the state. The time 

variation of these two datasets was compared to the total soil moisture storage in the top 

one meter of Texas soils for the past ten years. 

1.3 OBJECTIVES 

The research questions are: 

• Can the time variation of soil moisture at NLDAS points be used to infer 

the time variation of soil moisture level in polygons of the Soil Survey 

Geographic Database soil coverage? 

• Can a measure of soil saturation from 0-100% be defined from the 

NLDAS soil moisture data, and is this a more useful indicator of drought 

than the soil moisture level itself? 

• Are counties an appropriate spatial scale for summarizing at the state level 

the average amount of soil moisture from NLDAS points? 

• What is the most effective statistical method by which to infer the degree 

of severity of current drought conditions compared to the historical 

dataset? 

• How does the time variation of NLDAS soil moisture data compare to the 

time variation of GRACE data and Texas reservoir levels? 

                                                
9 http://www.csr.utexas.edu 
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1.4 CHAPTER OUTLINE 

Chapter two of this thesis provides necessary background information about 

projects and data services critical to the study of drought in the state of Texas. Included in 

this chapter are the various drought indices used in Texas, the North American Land Data 

Assimilation System, the U.S. Department of Agriculture’s Soil Survey Geographic 

Database, and NASA’s Gravity Recovery and Climate Experiment. 

Chapter three discusses the author’s process of mapping the extent and severity of 

drought across Texas based on soil moisture data. This includes the methodology, 

technical analysis, and final results. 

Chapter four presents an examination of the time history of NLDAS soil moisture 

dataset. The various methods for accessing data are discussed, and the best statistical 

method by which to compare current conditions to historical data is investigated. 

Chapter five offers a comparison of NLDAS soil moisture data with GRACE 

gravity anomaly data and Texas surface water reservoir levels. An analysis of the water 

lost during the 2011 drought and the sources of this deficit is also presented. 

Finally, chapter six presents conclusions regarding what has been learned. 
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Chapter 2: Background 

2.1 TEXAS DROUGHT INDICES 

Texas currently employs six different drought indices to analyze and understand 

the status of drought across the state10, all of which are compiled by the Texas Water 

Development Board (TWDB): the Palmer Drought Severity Index (PDSI), Crop Moisture 

Index (CMI), Standardized Precipitation Index (SPI), Keetch-Byram Drought Index 

(KBDI), Reservoir Storage Index (RSI), and Texas Streamflow Index (SFI). The latter 

two are specific to Texas and computed by the TWDB. Table 1 displays a summary of 

the approximate value ranges, usage contexts, and primary analysis parameters of these 

six indices. 

The Palmer Drought Severity Index (PDSI) measures the moisture deficit at a 

location (Palmer, 1965). It is based on the idea that drought can best be represented and 

quantified as the difference between the amount of precipitation an area receives and the 

amount required “for the near-normal operation of the established economy” (Palmer, 

1965). The index Palmer developed derives from the calculation and weighting of these 

departures, and because it takes into account the disparate water precipitation needs of 

different areas, the index allows for direct comparison of drought between different 

locations, both geographic and temporal. It is one of the most popular indices in use 

across the United States, as it is applicable to a multitude of situations (Hayes, 2013). 

                                                
10 http://www.twdb.state.tx.us/apps/droughtinfo/default.aspx 
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Table 1: Comparison of the six drought indices employed by the state of Texas; the 
usage context is according to the Texas Water Development Board’s 
Drought Information Summary (TWDB, 2013) 

Name Approximate 
Value Range Usage Context Primary Analysis Parameter(s) 

PDSI -4.0 to +4.0 General, hydrologic Overall moisture deficit 

CMI -3.0 to +3.0 Short-term, meteorological Total precipitation, mean 
temperature, and value from 
previous week 

SPI -2.0 to +2.0 Precipitation Precipitation deficit compared to 
historical data 

KBDI  0 to 800 Fire risk Mean annual precipitation, dry-
bulb temperature, and previous 
24-hour rainfall 

RSI  0 to 100% Water supply Current reservoir level, reservoir 
conservation storage 

SFI  0 to 100 
(percentile) 

Streamflow Current and past mean daily flow 
rates 

 

The PDSI has significant limitations, however. The values Palmer uses to 

quantify drought are arbitrary, ranging from approximately -4.0 to 4.0, and were chosen 

based on the study of central Iowa and western Kansas that Palmer used to develop the 

index (Alley, 1984; Karl and Knight, 1985). Also, Alley (1984) and Karl and Knight 

(1985) point out that runoff is poorly considered; the PDSI fails to account for the lag 

between precipitation and the resulting runoff, and the model does not consider runoff 

until the soil layers have reached saturation. This leads to an underestimation of runoff 

(Hayes, 2013). Moreover, although the PDSI is intended to monitor drought as it relates 
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to agriculture, it fails in correctly representing the impacts of long-term droughts (McKee 

et al., 1995).  

Palmer (1968) also created the Crop Moisture Index (CMI). It is based on 

methods used in the PDSI calculations, but the CMI was intended to represent moisture 

conditions on shorter timescales than the PDSI, which considers long-term moisture 

deficits or surpluses (Palmer, 1968). It compares crop conditions on a weekly basis, 

utilizing a meteorological approach that considers total precipitation and average 

temperature for each week (Hayes, 2013). The CMI is not well suited to employment as a 

tool for monitoring long-term droughts, however, because the speed with which it 

responds to short-term changes can be misleading with regard to long-term conditions. 

Moreover, each agricultural growing season starts with a CMI value of zero even if other 

indices suggest that a region is still suffering from a drought that began in a previous 

year. This limits the index’s utility to within a growing season (Hayes, 2013). 

A lack of precipitation affects water resources on different time scales. Soil 

moisture is affected more quickly than reservoir storage, for example. The Standardized 

Precipitation Index (SPI) was created to account for these contrasting time scales (McKee 

et al., 1993), and unlike Palmer’s indices, which take into account many aspects of the 

water balance, SPI only considers precipitation. Using the long-term record for a specific 

location, SPI is calculated by differencing the precipitation for a specified time period 

from the mean, and then dividing that by the standard deviation. Both the mean and 

standard deviation are determined from historical data. The time periods used are usually 

3, 6, 12, 24, and 48 months, listed by McKee et al. (1993) as “arbitrary by typical time 

scales for precipitation deficits.” The past data is fit to a probability distribution, and then 

transformed to a normal distribution such that the mean is zero (Edwards and McKee, 

1997). Because it is normally distributed, SPI is applicable to periods that are abnormally 
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wet as well as abnormally dry. Positive values correspond to precipitation amounts 

greater than the mean and negative to less than the mean (Hayes, 2013). A drought is 

viewed to have ended when the SPI transitions from negative to positive, i.e. the 

precipitation has returned to at least the historical mean value.  

While SPI focuses on precipitation, the Keetch-Byram Drought Index (KBDI) 

was designed to assess the current fire potential and assist fire control operations. Keetch 

and Byram (1968) established that soil dryness was closely related to difficult fire 

suppression, so the drought index they developed is a number that represents the 

cumulative moisture deficiency resulting from evapotranspiration and (a lack of) 

precipitation. The index relates to flammability of organic material on the ground and 

seeks to determine how much precipitation is required for the soil to return to field 

capacity. KBDI ranges from 0 to 800 (where 800 is the most severe drought possible), 

which corresponds to a moisture depth of 0 to 8 inches of water in the soil layer; 

regardless of location, the index assumes that the soil is saturated once it reaches 8 inches 

of water (which would produce an index value of zero, or no moisture deficiency). For a 

given region, the mean annual precipitation, dry-bulb temperature, and total rainfall for 

the past 24 hours are needed to calculate the KBDI (Keetch and Byram, 1968). 

The two indices specific to Texas are the Reservoir Storage Index (RSI) and 

Texas Streamflow Index (SFI). Storage data from 109 water supply reservoirs and lakes 

is collected daily and used to calculate the RSI, which is a percentage comparing the 

combined reservoir storage in an area to the conservation storage (TWDB, 2013). The 

conservation storage is the amount of water present when the reservoir is considered 

full11. Thus, for a given region, the RSI simply describes how much water is present in 

                                                
11 http://waterdatafortexas.org/reservoirs/glossary 
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the reservoirs as a percentage. Texas defines reservoirs to be at normal or high capacity 

when they are at least 70% full. Table 2 displays RSI values and their corresponding 

severity (as well as SFI values, discussed below). 

 

Table 2: Quantitative index values and their corresponding qualitative severity 
rankings for the Reservoir Storage and Texas Streamflow indices according 
to the Texas Water Development Board’s Drought Information Summary 
(TWDB, 2013) 

RSI, Percent Full (%) SFI, Average Index Value 
(Percentile) Severity 

0 – 10 < 5 Exceptionally Low 

10 – 20 5 – 10 Extremely Low 

20 – 40 10 – 15 Severely Low 

40 – 60 15 – 20 Moderately Low 

60 – 70 20 – 30 Abnormally Low 

≥ 70 ≥ 30 Normal to High 

 

One flaw of the RSI is that it gives no indication of how current conditions fit into 

an historical context. It’s conceivable that a reservoir could be at 50% capacity, which 

would seem to indicate at least a moderate lack of water, but rarely exceed 60% of its 

conservation storage even during wet periods, suggesting that the current conditions are 

not abnormal or indicative of a drought. It is impossible to determine this information 

solely from the RSI. The Texas Relative Reservoir Storage Index (RRSI) was created to 

provide this historical comparison. Based on data starting in 1990, the RRSI compares 
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the current storage to historical storages for the same month (TWDB, 2013), attempting 

to indicate whether the current storage exceeds or falls short of normal historical 

conditions. The end-of-month storage value for each month is used. The values are 

separated by month and ranked according to magnitude. A percentile can then be 

calculated for the current storage based on where it falls relative to the historical dataset 

for the given month. A value between 0 and 100, the percentile indicates what percent of 

the values within a numerical distribution is less than the value being analyzed. Thus, 

RRSI values above 50% indicate that current storage is above the historical median, and 

vice versa. Although the RRSI is a more robust index than the RSI, due to its 

consideration of historical context, it is not yet one of the primary indices used by the 

state of Texas. 

The Texas Streamflow Index utilizes 29 daily gauging stations across the state, 

which measure flow rate, to analyze drought by comparing the current 30-day moving 

average discharge to the 30-day averages for that day of the year over the entire historical 

record (TWDB, 2013). To do this, a 30-day moving average flow is calculated from all 

available historical mean daily flow rate data at each station. This is done for every day 

within every year of the past record. These averages are then segregated by day of the 

year, and percentile flow rates are calculated. This produces a separate statistic table for 

each day in the calendar year. To compare present flow to historical, the percentile for the 

current day’s 30-day average flow is determined using the statistic table calculated for 

that specific day of the year. SFI results are often presented based on climatic regions. 

This is done by averaging the percentile results determined for each station within a given 

region. 

Although the percentile is on a scale of one hundred, because of the nature of 

streamflow, what would typically be considered a fairly low percentile can actually 
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correspond to normal conditions. Texas defines the severity of current streamflow based 

on average SFI values (percentiles) as follows: an index value less than 5 indicates 

exceptionally low flow; 5 to 10, extremely low; 10 to 15, severely low; 15 to 20, 

moderately low; 20 to 30, abnormally low; and greater than 30 corresponds to normal or 

high flow (TWDB, 2013). 

The drought indices discussed above all employ different numerical systems to 

describe drought severity. A PDSI value of 2.0, for example, indicates a very different 

drought situation from a KBDI of the same value. To clarify the differences, Figure 3 

displays the output for April 28, 2013 of each of the six main indices described above. 

The graphics were created by the Texas Water Development Board, and they display the 

results for each of the ten different climatic regions defined by the agency. It is important 

to note that each map utilizes a different color scale, so they cannot be compared directly. 

Still, the differences in time scale between the PDSI and CMI are evident, with 

the PDSI showing at least mild drought across the state, while the CMI considers most of 

the state to be experiencing normal conditions. This is likely due to recent rainfall, since 

CMI operates on a short-term time scale. PDSI, on the other hand, considers longer-term 

conditions. The SPI indicates less than normal precipitation for much of the state. There 

is elevated fire risk in the western portion of the state and average or low in the east, 

according to the KBDI. The RSI suggests that surface water supply is low in the west and 

normal or high in the east, while is largely low throughout the state. If there is any trend 

consistent between all indices, it might be a lower severity of conditions in the eastern 

part of the state, though a quantitative analysis would be necessary to determine this 

definitively. 
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Figure 3: Outputs of the six main drought indices employed by the state of Texas (the 
Palmer Drought Severity Index, Crop Moisture Index, Standardized 
Precipitation Index, Keetch-Byram Drought Index, Reservoir Storage Index, 
and Texas Streamflow Index) for April 28, 2013; graphics created by the 
Texas Water Development Board 
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2.2 NORTH AMERICAN LAND DATA ASSIMILATION SYSTEM 

The concept of a land data assimilation system (LDAS) originated from a desire 

to obtain data describing important earth-surface characteristics, such as evaporation and 

soil moisture, at the continental scale (Chen et al., 1996). Since it is not feasible to 

measure these data observationally, the information must originate from four-dimensional 

data assimilation (4DDA) systems and land surface models (LSM) (Chen et al., 1996). 

The four dimensions are space (made up of three dimensions, of course) and time. 3DDA 

systems are run for discrete amounts of time, whereas in 4DDA systems the background 

states are spatially and temporally continuous. They are maintained via a geophysical 

land surface model, and it is into this background data that spatially distributed 

observational data are assimilated (Mitchell et al., 2004). In other words, the land data 

assimilation system combines observations, which are often temporally and spatially 

varied, with the output of a regularly meshed LSM (Mitchell et al., 2004). As such, the 

land surface model is critical. 

The National Centers for Environmental Prediction (NCEP) began testing an 

LSM developed at Oregon State University (OSU) in the early 1990s (Ek et al., 2003). It 

was computationally basic at that time, but, starting in 1996, NOAA GAPP/GCIP 

sponsored a number of initiatives (Chen et al. (1996), Koren et al. (1999), and Mitchell et 

al. (2002), among many others) that iteratively improved the land surface physics over 

time and resulted in the OSU LSM being renamed as the Noah LSM (Ek et al., 2003). 

The Noah name pays homage to the organizations involved in its creation: the National 

Centers for Environmental Prediction, Oregon State University, the Air Force, and the 

National Weather Service Hydrology Lab.  

The North American Land Data Assimilation System (NLDAS) project creates an 

LDAS specifically for North America. It is operated on a real-time and retrospective 
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basis using the Noah LSM, as well as three other LSMs (Mosaic, SAC-SMA, and VIC), 

running in parallel (Mitchell et al., 2004; Rui, 2013). It utilizes the same hourly land 

surface forcing for each model and outputs on an hourly basis to a one-eighth degree grid 

covering the continental United States (Mitchell et al., 2004). NLDAS output includes 

numerous hydrological parameters, one of which is soil moisture for multiple depths. The 

soil moisture output from the Noah model served as the source of the soil moisture data 

used in the research described in this paper. 

2.3 SOIL SURVEY GEOGRAPHIC DATABASE 

The Soil Survey Geographic (SSURGO) Database is administered and made 

available by the Natural Resources Conservation Service (NRCS), an arm of the United 

States Department of Agriculture. It serves countrywide soil data, which is the synthesis 

of county level soil surveys. This soil data was gathered by the National Cooperative Soil 

Survey from physical surveys of the land in each county (Soil Survey Staff, 2013). The 

data is available in both tables and maps. The latter is divided into map units that separate 

soils based on distinct properties, such as available water capacity, the property used in 

the research discussed in this paper (Soil Survey Staff, 2013).  

The data can be accessed from SSURGO’s Soil Data Mart website12. It can then 

be processed using the Soil Data Viewer13, a tool distributed by the NRCS. This tool was 

developed as an extension to ESRI’s ArcMap software to facilitate the creation of soil-

based thematic maps. The soil survey attribute database that supports the spatial soil data 

distributed by the Soil Data Mart is complex, and users can find it difficult to cull from it 

the specific data desired. The Soil Data Viewer solves this problem by acting as an 

interface between the user and the database. Displayed as connected polygons, the soil 
                                                
12 http://soildatamart.nrcs.usda.gov 
13 http://soils.usda.gov/sdv 
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maps contain numerous types of information about the soil. The Soil Data Viewer 

focuses on a single type for the map as a whole and displays that information so that the 

user does not need to go through the process of querying the database and then linking 

processed data to spatial data. 

2.4 GRAVITY RECOVERY AND CLIMATE EXPERIMENT 

The Gravity Recovery and Climate Experiment (GRACE) is a NASA mission 

begun in 2002 that consists of two identical satellites orbiting the Earth approximately 

220 km apart from one another and approximately 500 km above the surface (Tapley et 

al., 2004a). The mission’s purpose is to measure and map the global gravity field by 

tracking the inter-satellite range changes (Tapley et al., 2004a), as this reflects changes in 

the Earth’s gravity field (Tapley et al., 2005). Each satellite is equipped with a 

microwave ranging system that allows the distance between the two satellites to be 

continuously monitored, as well as GPS receivers and attitude monitors (Tapley et al., 

2005). The gravity field is not measured directly, however; instead this collection of data 

is used to calculate gravity estimates that serve as corrections to a background gravity 

model (Tapley et al., 2004a).  

A key motivation behind the GRACE project’s inception is the ability to measure 

the mass distribution and flux of water across the globe based on the effects it has on the 

Earth’s gravity field (Tapley et al., 2004b). The results analyzed by Tapley et al. (2004b) 

verified that this was possible. The gravity field variability measured was indeed largely 

due to hydrological variations, e.g. the movement of surface and sub-surface water. This 

discovery was critical, for it indicated that GRACE data could be compared to other 

measures of hydrologic data, such as LSM outputs, and could also assist hydrologists in 

connecting processes at vastly different length scales (Tapley et al., 2004b). 
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Chapter 3: Soil Moisture Mapping of Drought Severity 

3.1 OVERVIEW 

A soil moisture-based drought definition requires both the amount of moisture 

present in a given soil depth and the amount that could potentially exist there. The North 

American Land Data Assimilation System (NLDAS) provides continuously updated soil 

moisture data, while the Soil Survey Geographic (SSURGO) Database defines various 

soil properties, including available water capacity. Moreover, NLDAS operates on a 

climate-scale grid, whereas the SSURGO database works on a finer scale; there are often 

hundreds of SSURGO polygons within each NLDAS one-eighth degree quad. With these 

temporal and spatial considerations in mind, the authors investigated whether NLDAS 

data could be downscaled to the SSURGO polygons and synthesized with available water 

capacity data to create a new way of expressing drought status. Travis County, Texas was 

chosen as a test case. 

3.2 DATA ACCESS 

3.2.1 North American Land Data Assimilation System 

NLDAS publishes output files in one-hour time steps for the NOAH land surface 

model. These files include data in a one-eighth degree grid (14 km) covering the 

continental United States and contain numerous types of land surface data as separate 

variables. For a single time step, there is one value per variable for each one-eighth 

degree quad across the spatial domain. The variable used in this research is the soil 

moisture content, in kg/m2, for a depth of 0-100 cm. When divided by the density of 

water, this value is converted to the equivalent depth of water (in millimeters) contained 

in that quad’s top meter of soils. The output files are available from an FTP server14 that 

                                                
14 http://www.emc.ncep.noaa.gov/mmb/nldas 
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is updated daily. It was found that for a given day the hourly soil moisture values vary 

from the 12PM (UTC) value by between 0.2 and 0.5% on average. Because this 

difference is insignificant, this research used the 12PM (UTC) output file for each day 

that NLDAS data were accessed. 

The data for each hour is published as a file in the GRIB format, a type not 

supported by ArcGIS. As a result, the file must first be converted to an ArcGIS-supported 

format so that it can be opened in the mapping software. The THREDDS project15 

(Thematic Realtime Distributed Data Services) is a server for storing and accessing 

gridded data. THREDDS was installed at the Center for Research in Water Resources and 

used to convert the NLDAS output files, in the GRIB format, to the NetCDF file format. 

When data is downloaded from the FTP server it is added to an LDM (Local Data 

Manager) server. The LDM includes the file system that THREDDS is programmed to 

access. Data can be queried from the THREDDS server using a number of web services, 

such as a Web Coverage Service or NetCDF Subset Service request. The server then 

converts the data from its native format to numerous other formats, in this case NetCDF 

(this is explained in greater detail in a later section). 

THREDDS is useful for converting many files at once. When only converting a 

single file, however, a freely downloadable program called Degrib16 is often more 

efficient. As shown in Figure 4, the user enters the location of the folder containing the 

GRIB file into the “Path” box and then selects the file of interest. This brings up a list of 

the variables included in the file. Once the user selects the desired variable, he or she 

specifies an output location in the “OUTPUT Filename” box, chooses the “NetCDF” file 

type, and clicks the “Generate” button. A NetCDF file is output to the specified location. 

                                                
15 http://www.unidata.ucar.edu/projects/THREDDS 
16 http://www.nws.noaa.gov/mdl/degrib 
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Figure 4: Example of Degrib program, used to convert GRIB files to the NetCDF file 
format 

3.2.2 Soil Survey Geographic Database 

For this project, SSURGO data was initially obtained from Michael Dangermond 

at ESRI. He received the entire SSURGO database directly from NRCS and clipped that 

to Travis County. Later in the project, he also provided SSURGO data for all of Texas. 

This statewide data was ultimately not used, but his provision of it was particularly useful 

at the time because the Soil Data Viewer does not have a process in place for accessing 

multiple counties at once. In order to acquire SSURGO data for the entire state of Texas, 

a user would need to download the data for each county individually; this is inefficient 

and would take a vast amount of time. 

SSURGO data was obtained from Mr. Dangermond for Travis County, Texas for 

available water capacity from 0-100 cm. In order to facilitate the eventual combination of 
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this data with NLDAS information, the SSURGO polygon data was intersected in 

ArcMap with the 30 quads from the NLDAS one-eighth degree dataset that intersect 

Travis County. The polygons were then dissolved by available water capacity value. 

Dissolve is an ArcGIS tool that combines any features with the same value into a single 

feature. This process yielded a dataset that had one polygon for each capacity value 

within each quad. The result of this process is shown in Figure 5. Areas with a storage 

value of 0 cm, corresponding to bright red on the map, are bodies of water. The available 

water capacity of the first 100 cm of soil generally falls in the range of 1-20 cm, with an 

average value of 12.0 cm and a standard deviation of 6.17 cm. Only 25 of the 1,204 

polygons in Travis County exceed 20 cm. The map’s color scale reflects this, 

transitioning at 2.5 cm intervals from red (less storage) to blue (more storage). The last 

interval accounts for the few values greater than 20 cm. 
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Figure 5: Map of SSURGO available water capacity data for the 30 one-eighth degree 
NLDAS quads that intersect Travis County, Texas, USA; the black line 
identifies the county boundary 

3.2.3 State Soil Geographic Database 

The State Soil Geographic (STATSGO) Database data, now known as the U.S. 

General Soil Map, was also used in this project. It was useful once the project’s analysis 

transitioned to the entire state of Texas because it provides the same available water 

capacity information as the SSURGO dataset but is easier to work with. This is because it 

is at a much coarser scale, thus containing far fewer features over the state of Texas than 

the SSURGO dataset, and because the data for an entire state can be downloaded with a 

single query rather than requiring downloads on a county-by-county basis, as with 
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SSURGO. It was used to calculate the total available soil water storage across all of 

Texas (this will be discussed later in this thesis). As can be seen in Figure 6, STATSGO’s 

available water capacity data is also more continuous across the state than SSURGO 

(Figure 7), which has abrupt variations that likely don’t actually exist in the land surface. 
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Figure 6: STATSGO available water capacity data for 0-100 cm across Texas 

 

Figure 7: SSURGO available water capacity data for 0-100 cm across Texas 
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3.3 SYNTHESIS OF NLDAS AND SSURGO DATA 

3.3.1 Initial Methodology 

There are many SSURGO soil polygons within each quad, so it was necessary to 

determine the best method by which to apportion the NLDAS current water storage data 

to the SSURGO polygons. It was resolved that the data should be apportioned on the 

basis of a volume ratio. The NLDAS current water storage (CWS) value (in kg/m2) was 

divided by the density of water (1000 kg/m3) and multiplied by the area of the quad to 

produce a current water storage volume (m3): 

!"#$%  !"#   !" !!

!"""   !" !!
∗ 𝐴𝑟𝑒𝑎!"#$ = 𝑁𝐿𝐷𝐴𝑆  𝑉𝑜𝑙𝑢𝑚𝑒!"#$    𝑚!  (1) 

The total available water capacity (AWC) volume of each SSUGO soil polygon was 

calculated (i.e. the available water capacity, in meters, multiplied by the area of that 

polygon, in square meters) and these values were summed, yielding the total available 

water capacity of the quad: 

[𝐴𝑊𝐶!"#$%"& 𝑚 ∗ 𝐴𝑟𝑒𝑎!"#$%"& 𝑚!
!"#$ ] = 𝐴𝑊𝐶  𝑉𝑜𝑙𝑢𝑚𝑒!"#$    𝑚!  (2) 

The current water storage volume was then divided by the available water capacity 

volume, which produced a ratio that indicated the amount of the available water capacity 

that was presently occupied: 

!"#$%  !"#$%&!"#$   !!

!"#  !"#$%&!"#$   !! = %  𝑓𝑢𝑙𝑙 (3) 

Multiplying each available water capacity value by this ratio produces the current water 

storage as defined by NLDAS. As can be seen in Figure 8, a geoprocessing model was 

created to run this analysis automatically. 
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Figure 8: Initial geoprocessing model for the combination of the SSURGO and 
NLDAS datasets 

A significant problem was encountered with this method. In many cases, the 

NLDAS current water storage values exceeded the values of available water capacity 

from SSURGO. Initially, this was understood not to be physically possible, as available 

water capacity was believed to be the maximum value of current water storage. The 

problem lay in the two datasets’ definition of available water capacity. 

3.3.2 Definition of Available Water Capacity 

Available water capacity is not simply the total moisture content for a given soil 

depth, as could be reasonably expected. Two key parameters in soil moisture 

characterization are field capacity and wilting point. The field capacity of a soil is the 

amount of moisture it can hold after it has been completely saturated and then allowed to 

drain freely. The draining requirement separates field capacity from porosity and ensures 

that the former will always be less than the latter, as porosity is the amount of water a soil 

can hold at saturation. The wilting point is the amount of soil moisture at which plants 

begin to wilt and die. SSURGO defines available water capacity as “the amount of water 



 29 

that the soil…can store that is available to plants” (SSURGO Metadata and Columns 

Report), i.e., it is the magnitude of the difference between the field capacity and wilting 

point. The low point of available water capacity is thus not zero soil moisture but the 

lowest moisture content at which plants are able to withdraw water from the soil. 

The plot shown in Figure 9 is from the NRCS’ Soil Quality Indicators document 

(USDA, 2008), and it provides an explanation of available water capacity. In the figure, it 

is the magnitude of the distance between the lines representing field capacity and wilting 

point. There is still water in the soil below the wilting point, but it is unavailable to plants 

and is therefore not included in the available water capacity. It is certainly possible for 

the actual soil moisture content to be less than the wilting point – indeed this occurs 

frequently during extreme droughts – but available water capacity was defined from an 

agricultural viewpoint and thus does not take that moisture into account; if the plants are 

dying it matters only that there’s insufficient water, not how much less there is than the 

limit. 
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Figure 9: Plot of relationship between soil moisture and texture; illustrates that 
available water capacity is the magnitude of the difference between a soil’s 
field capacity and its wilting point (USDA, 2008) 

The NLDAS model provides the volumetric soil moisture content. This ranges 

from residual water content to porosity. According to Fredlund and Xing (1994), residual 

water content is “the water content where a large suction change is required to remove 

additional water from the soil.” This definition is vague, but it suffices to understand that 

residual water content is typically near zero and is therefore less than the wilting point. 

Porosity is greater than a soil’s field capacity, for it is the maximum moisture a soil can 

contain. As such, the NLDAS and SSURGO datasets are not directly compatible, as they 

do not employ the same limits in their soil moisture definitions. NLDAS uses a 

hydrological definition of how much moisture a soil can hold, while SSURGO is based 

on an agricultural definition (available water capacity). To compare the current soil 

moisture value from NLDAS with the SSURGO available water capacity values, 
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therefore, the wilting point must be subtracted from the NLDAS current moisture value. 

This then places that soil moisture value between the soil’s wilting point and its porosity, 

rather than between zero and porosity as it originally was in NLDAS. Since SSURGO’s 

upper bound is field capacity, not porosity, the NLDAS value could still exceed the 

available water capacity during very wet periods, but this is uncommon; rarely do the 

soils contain that amount of moisture. 

When this new methodology was applied, however, NLDAS current water storage 

values still exceeded the SSURGO available water capacity in certain areas. This 

occurred more frequently than can be explained by the differences between the two 

different upper bounds (field capacity and porosity), especially considering that the 

county was experiencing a drought during the timeframe from which the data was 

accessed. It was determined that this discrepancy was instead possibly due, at least in 

part, to the differences in the ages of the two datasets. The datasets containing the soil 

parameters (e.g. field capacity and wilting point) on which the NLDAS model is based 

are approximately 20 years old, whereas the SSURGO data is more current. This could 

result in a significant inconsistency between the SSURGO-defined soil properties and 

those used by NLDAS. Regardless of the cause, though, it was clear that the NLDAS 

current water storage, even once the wilting point is subtracted, cannot be directly 

compared with the SSURGO available water capacity data. 

3.3.3 Soil Wetness Index 

A solution to this compatibility problem was suggested by Matthew Rodell of 

NASA wherein the NLDAS data is used only to obtain a sense of whether the soil is 

“dry” or “wet.” This assessment can then be applied to the SSURGO data to obtain a 

value of the actual current storage. As an example, if NLDAS ranges from 10-50 cm and 
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SSURGO from 20-40, and the current NLDAS reading is 15, then it can be said that the 

soil is rather “dry” and that the current moisture content (based on the SSURGO data) is 

just above 20. A quantitative way to describe this is to define a soil wetness index (SWI) 

using NLDAS soil parameters: 

 
𝑆𝑊𝐼 =    !"#!!"

!"!!"
  (4) 

where CWS is the current water storage from NLDAS, WP is the wilting point, and FC is 

the field capacity. This calculation produces a value between 0 and 1 for each quad, 

essentially a percentage. 

In order to carry out this calculation, the wilting point and field capacity must be 

obtained. Although they are not used in NLDAS’ definition of soil moisture storage, they 

are included as parameters in the NLDAS Noah model. Wilting point and field capacity 

are defined for every one-eighth degree quad across the country based on a soil class 

assigned on a per-quad basis. There is a STATSGO soil class assigned to each one-eighth 

degree quad within the NLDAS model. This soil class, numbered 1 through 19, is 

associated with certain values of soil parameters, including wilting point and field 

capacity. David Mocko provided a table with these soil parameter values, shown in Table 

3. To obtain the soil class value for each quad, a soil texture class grid is available from 

the NLDAS website17 that enumerates this information. The quads that intersected Travis 

County were then culled from this grid, and soil parameters were joined to each quad 

based on the soil class associated with that quad. 
  

                                                
17 http://ldas.gsfc.nasa.gov/nldas/NLDASsoils.php, file named TXDM1_01.GRD 
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Table 3: STATSGO soil texture classes used in the NLDAS model for the top 1 m of 
soil 

Soil Class Wilting Point (cm) Field Capacity (cm) Description 

1 1.0 23.6 Sand 

2 2.8 38.3 Loamy Sand 

3 4.7 38.3 Sandy Loam 

4 8.4 36.0 Silt Loam 

5 8.4 38.3 Silt 

6 6.6 32.9 Loam 

7 6.7 31.4 Sandy Clay loam 

8 12.0 38.7 Silty Clay Loam 

9 10.3 38.2 Clay Loam 

10 10.0 33.8 Sandy Clay 

11 12.6 40.4 Silty Clay 

12 13.8 41.2 Clay 

13 6.6 32.9 Organic Material 

14 0.0 0.0 Water 

15 0.6 17.0 Bedrock 

16 2.8 28.3 Other (Land-Ice) 

17 3.0 45.4 Playa 

18 0.6 17.0 Lava 

19 1.0 23.6 White Sand 
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With the NLDAS soil parameters acquired, it was now possible to calculate a soil 

wetness index for each quad. The map in Figure 10 shows the NLDAS soil wetness index 

for February 11, 2012, for the 30 quads that intersect Travis County. 

 

 

Figure 10: NLDAS-defined Soil Wetness Index (%) on February 11, 2012 for the 30 
one-eighth degree quads intersecting Travis County 

3.4 DROUGHT MAPPING IN TRAVIS COUNTY 

SWI is based exclusively on NLDAS data. To synthesize NLDAS data with 

SSURGO and obtain the current water storage depth (a physical amount, rather than only 

a percentage), the soil wetness index can be applied to SSURGO’s available water 

capacity values. Since available water capacity describes a maximum amount of soil 
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moisture, the soil wetness index simply indicates what percent of this potential storage is 

currently occupied. 

In some places around the border of Travis County, however, the SSURGO 

dataset displays significantly different values for available water capacity within the 

county compared to the point directly across the border in the adjacent county. Many 

instances of these discrepancies can be seen in Figure 5, such as the change from yellow 

to blue along the southwest border and, even more significantly, orange to dark blue in 

the middle of the northern border. Such distinct changes are incongruous with the reality 

of the landscape; the lines separating counties are a result of differences in the soil 

mapping process, and ideally there should not be such noticeable changes at the county 

boundaries. One group of soil scientists would map the soils within one county’s borders 

while different soil scientists in an adjacent county would do the same, perhaps at a 

different time, but the results from two counties would not necessarily be reconciled so 

that their mapping agreed at the border where the two counties met. Unfortunately, this is 

difficult to correct because it would require a process to reconcile discrepancies in the 

soil mapping across the entire state. 

These differences in available water capacity values are significant because they 

demonstrate that accurately mapping drought at the scale of the SSURGO polygons is 

difficult. Instead of translating the larger-scale NLDAS model data down to SSURGO’s 

geospatial scale, the SSURGO data was scaled up. The USGS 12-digit HUC (hydrologic 

unit code) watershed boundaries were chosen for this synthesis. They exist at a suitable 

scale, much less resolution than the soil polygons but still greater than the NLDAS 

output. The average area of the HUC12 watersheds over the study area is 107.6 km2, 

while NLDAS’ one-eighth degree quads have an average area of 166.5 km2, resulting in 

a 65% downscale. The average available water capacity value of the SSURGO polygons 
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within each HUC12 watershed was computed, and the result is shown in Figure 11. As 

should be expected, the HUC12 capacity values follow a pattern similar to that exhibited 

by the polygons. Capacity is less in the western part of the county where the arid Texas 

Hill Country is located and increases towards the eastern portion as the landscape 

changes and the climate becomes wetter. 

 

 

Figure 11: Map of average values of SSURGO available water capacity for each USGS 
HUC12 watershed boundary 
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A similar process can be applied to the soil wetness index. Once the calculation is 

completed for each quad, the data can be scaled down to the HUC12 watersheds by 

computing the average SWI value within each watershed. 

Figure 12 displays the soil wetness index on February 11, 2012 for each of the 

HUC12 watersheds intersecting Travis County. Consistent with the SWI values shown on 

the quads in Figure 10, the greatest soil moisture is in the center of the county, with 

smaller values in the southeast and fairly even distribution in the west. These wetness 

percentages were then applied to the average available water capacity values calculated 

for the HUC12 watersheds. SWI indicates the percent of the potential storage that is 

currently occupied, so multiplying the SWI by the available water capacity values yields 

the physical depth of current storage in centimeters (the same units as the available water 

capacity). These results are shown in Figure 13. 
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Figure 12: NLDAS-defined Soil Wetness Index (%) on February 11, 2012 for the 
USGS HUC12 watersheds that overlay the area defined by the 30 quads that 
intersect Travis County 



 39 

 

Figure 13: Current water storage (in cm) on February 11, 2012 for each USGS HUC12 
watershed overlaying Travis County and surrounding area 

This analysis conducted in Travis County was critical because it proved that 

NLDAS data is not well suited to determining the time variation of soil moisture in 

SSURGO polygons. There is a fundamental disconnect between the two datasets that 

results from their definitions of how much water can be contained in soils. Moreover, it 

was found that a relative measure of soil saturation from 0 – 100% can be defined from 

the NLDAS soil moisture data. At this point, the analysis was expanded from Travis 

County to include the entire state of Texas. 
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3.5 EXPANSION OF ANALYSIS TO STATE LEVEL 

As far as drought is concerned, determining the absolute level of soil moisture is 

superfluous, as it is not a useful way to depict drought severity. The SWI itself could be 

employed as a drought index that focuses exclusively on soil moisture, facilitating the 

creation of a statewide drought status map. As evidenced by the numerous indices 

currently in use by the state of Texas, a percentage such as the SWI may be more 

meaningful than a physical soil moisture level because in one number it describes how 

much moisture is present compared to how much could exist in the soil. The absolute soil 

moisture level details only how much is present. 

A number of additional considerations were necessary to analyze the statewide 

drought status using the soil wetness index. The USGS HUC12 watersheds were an 

appropriate scale for Travis County given the small size of that area, but this scale was 

determined to be too fine for statewide use. The SWI was displayed on a county basis 

instead. This scale is more appropriate for the spatial extent (county versus state), is the 

most useful for state planning agencies, and is also a scale easily recognized and 

understood by the public, unlike the HUC12 watersheds. 

Also, the NLDAS soil moisture parameters (field capacity and wilting point) had 

to be obtained for every one-eighth degree quad across the state. There are over 4,000 

NLDAS quads across the state of Texas, compared to 30 in Travis County. Because of 

the larger scale of this analysis, the process needed to be automated. The file 

“NLDASmask_UMDunified.asc” was downloaded from the NLDAS website18. It has the 

row, column, latitude, and longitude of every NLDAS grid point, or quad centroid, across 

the country. The geographic extent of Texas is from 93o31’W to 106o39’W and from 

25o50’N to 36o30’N. The file was imported into Microsoft Excel, and all points that were 
                                                
18 http://ldas.gsfc.nasa.gov/nldas/NLDASspecs.php 
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outside those ranges were deleted. The file then contained grid points forming a 

rectangular area, the limits of which were the geographic extents of Texas. Figure 14 

displays this area, with the NLDAS grid point and geographic coordinates of the corners. 

 

 

 

Figure 14: Map of Texas overlaid by the NLDAS grid points that intersect the state, 
with the grid and geographic coordinates of the extents 

To ascertain the soil class of each grid point, the STATSGO soil class table and 

“TXDM1_01.GRD” grid file described earlier were used again. The nationwide grid was 

culled to the geographic extents of Texas determined above. The data was then converted 

from a grid into a series of three columns: (1) NLDAS row value, (2) NLDAS column 

(92, 148) 
(36.438, -106.563) 

(92, 252) 
(36.438, -93.563) 

(8, 148) 
(25.938, -106.563) 

(8, 252) 
(25.938, -93.563) 
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value, and (3) STATSGO soil class. Three additional columns were then added: porosity, 

field capacity, and wilting point. The “vlookup” function in Microsoft Excel was used to 

obtain those three parameters for each grid point by referencing the values from the 

STATSGO soil class table (Table 3) based on the soil class associated with each point. 

This data was then joined with the grid described in the previous paragraph based on 

NLDAS row and column values, resulting in a table that had the geographic coordinates 

and soil moisture parameters for each NLDAS grid point across Texas. There are a total 

of 8,925 grid points, but a small portion is displayed in Table 4 for clarification of the 

data obtained for the analysis process. 

 

Table 4: Example section of the table containing the soil parameters for every 
NLDAS grid point across Texas 

Lat. Long. Row Column Soil 
Class 

Wilting Point 
(cm) 

Field Capacity 
(cm) 

26.188 -99.438 10 205 6 6.6 32.9 

26.188 -99.313 10 206 12 13.8 41.2 

26.188 -99.188 10 207 12 13.8 41.2 

26.188 -99.063 10 208 12 13.8 41.2 

26.188 -98.938 10 209 12 13.8 41.2 

26.188 -98.813 10 210 12 13.8 41.2 

26.188 -98.688 10 211 4 8.4 36.0 

26.188 -98.563 10 212 4 8.4 36.0 

26.188 -98.438 10 213 11 12.6 40.4 
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These data were imported into ArcGIS using the “Display X-Y Coordinates” 

functionality. The grid, originally rectangular and including areas outside of Texas, was 

culled to contain only the NLDAS grid points located within Texas using the “Select by 

Location” function (a polygon feature class of the state of Texas was used for this 

process). This selection was then exported to a new point feature class, and the result can 

be seen in Figure 15. 

 

 

Figure 15: Map of the NLDAS grid points that intersect Texas 

With the NLDAS soil parameters obtained for all of Texas, an ArcGIS 

geoprocessing model was created to calculate the soil wetness index across the state 
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(Figure 16). The model takes as input an NLDAS NetCDF file. The original NLDAS file 

in the GRIB file format is converted to a NetCDF file using either the THREDDS-based 

process detailed earlier, useful for converting many files at once, or the Degrib program, 

which is better suited to converting one file at a time. 

 

 

Figure 16: The geoprocessing model developed to map the soil wetness index onto 
Texas counties 

The “Make NetCDF Raster Layer” tool in ArcGIS is used to convert the NetCDF 

file to a raster layer. A raster value is then assigned to each NLDAS soil parameter point 

using the “Extract Values to Points” tool. A field for current water storage is added to the 

point feature class, and the current water storage is calculated by dividing the raster 

values by the density of water (1000 kg/m3) to convert them to centimeters. A second 

field is then added, this one for the soil wetness index. That is calculated using Equation 

4, shown earlier in this report, making use of the field capacity and wilting point 

parameters, which are fields in the point feature class. That feature is then converted to a 
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raster and the “Zonal Statistics as Table” tool, in combination with a feature class of 

Texas county boundaries, is used to calculate the average soil wetness index over each 

county. That table is joined to the counties feature class based on county number, and the 

“Calculate Field” tool is used to set the county soil wetness index equal to the average 

soil wetness index value. The join is then removed. The “Date” field in the counties 

feature class is updated with the date of the input NLDAS file. Finally, the counties 

feature class is copied to a new feature class for the specific analysis date. 

When the model was initially run, some of the point features would receive raster 

values of ‘9999,’ indicating no data. It was found that the extent of the NLDAS output 

raster was actually smaller than the soil parameters point feature class; the feature class 

contained points over the ocean, but the raster does not extend out across Texas’ 

southeastern shore. To fix this, a new point feature class of soil parameters was created 

by selecting the grid points that did not have raster values of ‘9999’ and exporting that 

selection. With that done, a map of soil wetness index across Texas was produced using 

data from August 23, 2011, during the height of the Summer 2011 drought. Going 

forward, the soil wetness index would be aggregated on a county basis, but this first map, 

shown in Figure 17, instead simply output to the NLDAS one-eighth degree quads. 
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Figure 17: Map of Texas soil wetness index for August 23, 2011 

Occasionally, and more frequently during extreme droughts, the current water 

storage is less than the wilting point, resulting in a negative soil wetness index value. 

This is indicated by the red areas in the above figure. It was decided that the map should 

instead display a value of zero, regardless of the magnitude of the negative SWI value, 

because negative moisture values would be difficult to explain to map users. Removing 

the use of the wilting point and field capacity parameters would have solved this 

problem. As it is defined as the amount of soil moisture content at which plants begin to 

die, however, and since many state agencies will be interested in how the drought is 

affecting agriculture, wilting point is an important parameter of which to be aware. The 

fundamental problem is that the analysis relies on forcing the results of a hydrological 
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model (NLDAS) to conform to the strictures of an agricultural parameter (available water 

capacity). It is unsurprising that this resulted in some issues. 

With the geoprocessing model finalized, the soil wetness index could be mapped 

across the state. A number of examples of these final results are shown below. Figure 18 

includes the raw NLDAS raster data from April 25, 2013 and then Figure 19 displays the 

soil wetness index calculated from that NLDAS data mapped onto each county. It’s 

important to note that the although the colors used are similar, the values assigned to each 

color are different because Figure 18 displays NLDAS output in millimeters and Figure 

19 displays the SWI as a percent. Figure 20 illustrates the progression of the drought of 

2011, showing eight soil wetness index maps for the first of each month from July of 

2011 to February of 2012. The improvement in soil moisture, and thus in the state’s 

drought status, is clearly portrayed by the soil wetness index, with some areas that were 

at soil wetness index values of 10-20% during the drought reaching values of 80-90% by 

February of 2012.  
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Figure 18: Data for April 25, 2013 displayed as the NLDAS raster output in millimeters 

 

Figure 19: Data for April 25, 2013 displayed as the soil wetness index for each county 
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Figure 20: Soil wetness index for the 1st of each month from July 2011 to Feb 2012 
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Chapter 4: Investigation of Time History of NLDAS Soil Moisture Data 

4.1 DATA RODS 

As previously discussed, NLDAS output is available as grid files containing every 

variable for the entire spatial domain for a single time step. This method of data 

distribution is well suited to the analysis of spatial changes across that time step, but what 

if a user wants to access the time history of a single variable at a single geographic 

location? The current method makes this very difficult, requiring the user to download 

the output files for every time step desired and then to process the files such that the 

extraneous variables and spatial data is discarded. To facilitate easier access to historical 

time series, NASA has reconfigured the data for some variables in the NLDAS database 

into “data rods,” which provide a time series of a particular variable’s values at a 

particular grid point on an hourly basis from 1979 to present. Instead of a large area for a 

single point in time, it describes a large time series for a single point in space. Figure 21 

illustrates this concept, with each map layer representing an NLDAS output file for a 

single time step, while the red lines represent the data in these new “data rods,” reaching 

across many times steps at one location. 

 



 51 

 

Figure 21: Illustration of the “data rods” concept; the dates shown are purely for 
example – the maps could represent any time steps within NLDAS’ 33-year 
history from 1979 to present 

2012	  
 

2011	  
 

2010	  
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4.2 ACCESSING DATA 

This web service is a critical development in the availability of NLDAS data, for 

it obviates the need to access and process the GRIB files. Now the soil moisture data can 

be viewed directly. The data is available as an HTTP GET web service, wherein the user 

specifies within the URL both the start and end dates and the point location, either as 

NLDAS grid point row and column values or as geographic coordinates (in which case 

the service will use the closest NLDAS grid point). Figure 22 shows example URLs for 

the period from January 1, 1979 to December 31, 2012 at the point with geographic 

coordinates (30.3125, -97.8125) and NLDAS grid point coordinates (42, 217). 

 

 

Figure 22: Example URL requests from the NLDAS soil moisture HTTP GET service 
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The output includes metadata such as the variable, units, start and end times, 

geographic and NLDAS grid coordinates, and the total length of the requested historical 

record. The data is then displayed with columns for an index, date, hour, and the value, in 

this case soil moisture content from 0-100 cm. Figure 23 shows what the website looks 

like when the data has been accessed properly. 

 

 

Figure 23: Example of website output from NLDAS soil moisture HTTP GET service 

There is also a web feature service (WFS) of Noah data that has been registered19 

with the Consortium of Universities for the Advancement of Hydrologic Science, Inc.’s 

(CUAHSI) Hydrologic Information System (HIS). It contains five variables: total 

                                                
19 http://hiscentral.cuahsi.org/pub_network.aspx?n=274 
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evapotranspiration, potential evaporation rate, surface runoff (non-infiltrating), and soil 

moisture for 0-100 and 0-10 cm. Eventually this data will be available in WaterML, a 

standard for the transmission of water data, but for now it must be accessed via the WFS 

or manually processed as text from the website. 

Using the HTTP GET soil moisture service, data was accessed for a point chosen 

at random within Travis County, Texas. It is located just northwest of the city of Austin 

(Figure 24) and has the geographic coordinates of (30.3125, -97.8125). The data was 

converted to centimeters and a time-series plot was compiled for the entire record. The 

actual moisture depth was used instead of the SWI because when working exclusively 

with variation over time, it is less important to utilize a percentage, i.e., to ascertain both 

the current water storage and the available capacity. The variation trend will appear the 

same if only current storage is used; it will simply have a different magnitude. The time-

series plot is displayed in Figure 25, and it makes evident that the 2011 drought resulted 

in lower moisture levels than at any other time in the 33-year historical record for this 

location. 
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Figure 24: Location of the NLDAS point within Travis County for which soil moisture 
data was accessed 

 

Figure 25: Time-series plot of soil moisture (cm) data accessed from NASA’s data rods 
web service for the top 1 m of soil from January 1, 1979 through April 4, 
2013 at a point in Travis County, Texas 
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4.3 STATISTICAL ANALYSIS OF SOIL MOISTURE TIME HISTORY 

This new functionality was used to conduct a statistical analysis of historical soil 

moisture content data. In order for a drought index to have meaning, it must incorporate 

the severity of a given value compared to the historical record. Until this point, the 

project succeeded in mapping current soil moisture data using the soil wetness index, but 

there was no method by which to understand the significance of current conditions. 

Without a statistical comparison, it is impossible to discern, for instance, whether a low 

soil wetness index value indicates drought, or if soil moisture content is simply 

perennially low in that region. The examination of historical data allows for such a 

determination to be made. 

Thus, the problem was how best to analyze and represent the significance of 

current data compared to historical data. Two methods were investigated. In the first, the 

probability density function (PDF) and cumulative density function (CDF) would be 

computed. Since the CDF shows the distribution of each value of soil wetness index over 

the historical record for the specified point within Travis County, it thus allows for 

current soil wetness values to be understood in a historical context. From this plot, the 

percentile of the current data can be determined. A percentile describes what percentage 

of the values within a dataset are less than a given value, i.e., if a value falls within the 

40th percentile, then it is greater than 39% of the other values and less than 60%. 

As an example, this method was carried out using data from September 28, 2012. 

The soil wetness index was calculated for all data points, and then the PDF and CDF 

were computed. These are shown in Figure 26 and Figure 27, respectively. The soil 

wetness index on that date is 53%. To determine what percentile this falls within, one 

locates the value on the x-axis, draws a line directly up to the CDF curve, and then finds 

the corresponding value on the y-axis. In this case, 53% falls approximately at the 30th 
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percentile, meaning that it exceeds 30% of the values over the 33-year dataset. The red 

arrows in Figure 27 illustrate this process. 

 

 

Figure 26: Probability density function for soil wetness index from 1979 through 2012 
for a point in Travis County 

 

Figure 27: Cumulative density function for soil moisture content data from 1979 
through 2012 for a point in Travis County 
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In this case the soil wetness index did not match the soil moisture percentile. This 

means that the soil wetness index by itself is not a good metric for evaluating drought 

status. One could see the value of 52.5% and assume that the county is not particularly 

saturated but also not terribly dry either. But when the soil wetness index is combined 

with the statistical analysis of the historical record, it becomes clear that in reality 52.5% 

wetness is less moisture than has been present in the soils for 70% of the time from 1979 

to present. This provides a more complete understanding of the current moisture content. 

There is a significant problem with this method, however. Soil moisture varies 

over the course of the year due to changes in precipitation patterns, yet the PDF/CDF 

method fails to incorporate this seasonal variability when comparing current values to 

historical. In that method, the current data is compared to the entire dataset, regardless of 

time of year. The moisture level in January is typically different from the level in August, 

at the height of summer, and this is fairly consistent across years. The analysis method 

should therefore take this into account. 

Although there are many ways to incorporate this consideration of seasonality, 

one method is to calculate the mean value for each day of the year and plot the results. In 

this case, since the data spans from 1979 to present, there were 33 data values for each 

day of the year. The daily average soil moisture is represented by the blue line in Figure 

28 below. For comparison purposes, the NLDAS data for 2011, 2012, and 2013 was 

plotted as well, and these are represented by the red, green, and purple lines, respectively. 

Although the overall change is small, the seasonality can be seen in the average soil 

moisture values. There is a distinct low point during August and September. Also, it is 

clear that 2011 was substantially below the mean. Unfortunately, the data thus far in 2013 

indicate that soil moisture levels have been below the levels seen for the same times in 

2011.  
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Figure 28: Soil moisture for the top 1 m at a point in Travis County; plots shown are 
daily average from 1979-2012 and daily values for 2011, 2012, and 2013 
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Chapter 5: Determining a Water Balance for Texas 

5.1 OVERVIEW 

Dr. Byron D. Tapley of the University of Texas at Austin, along with numerous 

other scientists, is working on a project that uses NASA’s GRACE satellites, which take 

measurements of Earth’s gravity field, to measure the total mass flux of water across 

certain regions over time (Tapley et al., 2004b). Changes in the gravity field indicate 

whether the area of study has lost or gained mass, and because such large changes in a 

region’s mass are largely due to the movement of water, the change in the gravity field 

can be used to measure the mass flux of water in the region. 

In this way, GRACE facilitates the construction of a “water balance” for Texas. 

Before the GRACE project there was no way to measure the overall change in water 

storage statewide, an item of special interest given the 2011 drought and the desire to 

know the ways in which different water systems were affected. The reservoir storage 

across the state can be measured, and indeed it is continuously monitored, but it was 

previously not known conclusively what portion of the total change in state water storage 

that particular system represented. This was deduced using GRACE data. 

Moreover, the reservoir system did not account for all water storage lost during 

the drought, of course – much of it was in the subsurface. But how substantial was the 

subsurface water storage lost? How did it compare to the changes in overall and reservoir 

storage? These questions could be answered using the NLDAS soil moisture data. 

Additionally, the GRACE data corroborated the time history trend of the soil data. It 

showed that the changes in soil moisture storage followed a similar trend to the overall 

changes in water storage across the state. 
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5.2 ANALYSIS 

Data was downloaded from The University of Texas at Austin’s Center for Space 

Research20 (CSR) and used to create the plot shown in Figure 29, which displays the total 

moisture surplus or deficit over the state of Texas from 2003 to 2012. The 2011 drought 

is clearly evident in the plot. Indeed, it was determined from this data that during that 

drought the state of Texas lost approximately 100 cubic kilometers of water storage, a 

volume equivalent to 70 times the volume of Lake Travis, the major reservoir near 

Austin. A similar plot was made that looks at total reservoir storage in Texas for the same 

time period. Shown in Figure 30, it matches up well with the trend of Figure 29. 
  

                                                
20 http://www.csr.utexas.edu 
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Figure 29: Water volume gains and losses (km3) calculated from GRACE gravity 
anomaly data for 2003 to 2013 

 

Figure 30: Total water storage (km3) in Texas reservoirs from 2003 to 2013; dotted line 
represents the mean 

 

Figure 31: Total moisture storage (km3) in the top 1 m of Texas soils on the 1st and 
15th of each month from 2003 to 2013; dotted line represents the mean 
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Given the usefulness of these plots in understanding the effects of the 2011 

drought on the state water balance, the author sought to create a similar plot for soil 

moisture over the same time period. This is shown in Figure 31, which depicts the total 

soil moisture storage in the top one meter of soils across Texas for the 1st and 15th of each 

month from January 2003 to April 2013. 

In order to create this plot, the total soil moisture volume for each time step had to 

be calculated. This involved multiplying the raster value of each NLDAS quad (a depth) 

by the area of that quad (an area), yielding a volume, and then summing these values. The 

quad area varies with latitude because the quad size is defined using degrees rather than 

meters or miles. In this analysis, however, the variations were assumed to be minimal 

enough such that the average quad area (found to be 164.5 km2) could be used instead. 

Thus, to calculate the total moisture storage for each time step, the soil moisture values 

for all quads were summed and then multiplied by the average quad area. 

First, the required NLDAS data had to be obtained. The HTTP GET soil moisture 

service was not well suited to this task, as the output for the entire spatial extent of Texas 

was needed. Data was instead obtained from GRIB files accessed from the NLDAS FTP 

site. A Python script was written to download the data for 12PM UTC for the 1st and 15th 

day of each month. These files were then loaded onto the LDM server so that they could 

be converted to the NetCDF file format using the THREDDS server. All files were 

placed within a certain folder (specified in an XML file that THREDDS references to 

determine where to look for data files). In addition to converting individual files, 

THREDDS contains the functionality to aggregate all the GRIB files within a folder into 

a single NetCDF file. This feature was used here. This aggregated file is then accessed 

using a number of different service requests, including Web Coverage Service and 

NetCDF Subset Service, shown in Figure 32. 
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Figure 32: Example of THREDDS server access options for aggregated NetCDF file 

A NetCDF Subset Service request was used in this case. This type of request 

offers a web interface (Figure 33) wherein the user can select the variable(s), spatial 

extent, and time range that he or she would like included in the aggregated NetCDF file. 

In this case, “Soil_moisture_content” was selected. There is no way to specify layer 

depth, so all layers are included in the output (this can be chosen later during processing 

using the Dimension Values option in ArcGIS). The layer depth values shown in Figure 

33 are in cm and correspond to the midpoint of that layer, e.g. 5.0 indicates the layer from 

0 – 10 cm, 25.0 is for 0 – 50 cm, 50.0 is for 0 – 100 cm, and so forth. Although it is not 

shown in the figure, the spatial extent was limited to the degrees of latitude and longitude 

that bound the state of Texas. This was useful because it meant that the data for the rest 

of the country, extraneous in this case, was omitted, thereby reducing file size. When all 

fields have been filled out, the user clicks a “Submit” button at the bottom of the website 

(not shown) and the file is downloaded. 
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Figure 33: Example of NetCDF Subset Service request for aggregated NetCDF file 

With the aggregated NetCDF file obtained, a geoprocessing model was created to 

carry out the calculations (Figure 34). First, a feature class of Texas was added as a 

“mask” (this is specified in the Modelbuilder window under Model > Model Properties > 

Environments tab > Raster Analysis (checked) > Values > Raster Analysis), so that the 

model’s output was limited to the spatial extent of Texas (the actual shape of Texas, not 

just the rectangular lat/long boundaries). The model then takes the aggregated NetCDF 

file as input to the “Make NetCDF Raster Layer” tool, which specifies the time step and 
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soil moisture layer under the Dimension Values option and then creates a raster layer of 

the relevant values. The “Plus” tool is used next. Its function is either to sum the values 

of two rasters or to add a user-entered value to all cells of one raster. The latter option is 

used in this case. A value of zero is added so that, in combination with the raster analysis 

mask, it functions as a way to limit the raster’s spatial area to that of Texas. Without the 

raster analysis mask it would simply create a copy of the original raster, but the mask 

limits the output to Texas. The “Zonal Statistics as Table” tool is then used to sum the 

raster values and output the result to a (one-row) table. “Add Field” and “Calculate Field” 

add a date field to the table and enter the current date, respectively. Finally, “Append” 

writes the data to separate table. 

 

 

Figure 34: Geoprocessing model for calculating the total soil moisture storage across 
Texas for a single time step 
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This tool needed to be run many times – once for the 1st and 15th of every month 

from 2003 to 2013 – so it was exported to a script in the Python programming language21, 

an option included in ArcGIS’ Modelbuilder. A “for” loop was constructed to 

automatically iterate over the required dates. At the end of each iteration, the “Append” 

tool adds the data calculated for that time step to a new line in the output table, making 

the final result a single table with a different row for each time step. This was brought 

into Microsoft Excel, and each total moisture depth was multiplied by the average area of 

the one-eighth degree quads in Texas (as described above), yielding the total moisture 

storage volume for each time step. It is this data that is plotted in Figure 31. 

A visual comparison of Figure 29, Figure 30, and Figure 31 suggests that the 

GRACE data accurately reflects the timing of the actual changes in water storage over 

time across Texas. The data for all three figures is in cubic kilometers, and they are 

aligned to allow for easy comparison. The plot of soil moisture volume has a great deal of 

fluctuation, of course, but this is due in large part to the time steps that were plotted. The 

plot would be smoother if the monthly average were plotted instead of the values for the 

1st and 15th of each month, as this would reduce the impact of values that immediately 

follow precipitation events, which are frequently much greater than the monthly average. 

Nevertheless, it is clear that the changes in soil moisture storage parallel the changes in 

both overall and reservoir storage. 

Additionally, all three variable pairings are strongly correlated. The GRACE and 

soil moisture data have the strongest correlation with an R2 value of 0.76. Comparing the 

GRACE data to the reservoir data yields an R2 value of 0.60. Finally, an R2 value of 0.38 

                                                
21 http://www.python.org 
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is associated with the soil moisture and reservoir data pairing, less than the previous two 

but still an adequate correlation. 

Although the trend has proven to be consistent, the magnitudes of the changes 

leave questions remaining. As stated above, at the peak of the 2011 drought there was 

approximately 100 km3 less water stored across the state compared to normal. It can be 

seen from consulting the reservoir storage plot that approximately 9 km3 were lost from 

the lake and reservoir system, and the soil moisture plot indicates a loss of 51 km3. This 

leaves 40 km3 of water storage loss unaccounted for. That is a large quantity of water that 

will require further research in order to be definitively explained, but there are a number 

of potential sources that were not included in this analysis that could be responsible for 

this substantial flux. One potential source is the water lost from the state’s river network. 

With increased temperatures and dry soils, the rivers likely relinquished more water than 

usual to evaporation and infiltration. The subsurface is another probable source. The soil 

moisture analysis discussed in this thesis and shown in Figure 31 deals only with 

moisture in the top one meter of soil – the soil closest to the surface. There is additional 

moisture below that, however, both in soils and in larger groundwater storage systems, 

such as aquifers. Given that over 50 km3 was lost from the top one meter, the subsurface 

likely accounted for a considerably large portion of this unaccounted water storage loss 

than the river network. Still, additional research would be required to confirm this. 

   



 69 

Chapter 6: Conclusion 

Driven by the devastating effects of the drought of 2011 and the resulting interest 

in new drought analysis methodologies, this research explored the potential of using soil 

moisture data from the North American Land Data Assimilation System to quantify 

drought. The author sought to determine whether the time variation of NLDAS soil 

moisture data could be used to infer the time variation of soil moisture level in polygons 

of the SSURGO coverage. This was found not to be viable. SSURGO and NLDAS 

employ different definitions of moisture storage. SSURGO, which is an agricultural 

dataset, describes the soils’ available water capacity. This parameter is the range of 

moisture values between the field capacity and the wilting point, the upper and lower 

bounds, respectively. A soil’s field capacity is the amount of moisture it can contain 

within a certain depth once the soil has been fully saturated and then allowed to drain 

freely. A soil might be at field capacity a day or two after a heavy rain, for instance. The 

wilting point is the amount of moisture at which plants in that soil no longer have access 

to enough water and begin to die. 

NLDAS, on the other hand, is based on a hydrological definition. It describes the 

total amount of moisture contained in soils. By its very definition, field capacity is not the 

maximum amount of moisture a soil can contain, unless no moisture is lost when the soil 

is freely drained. The maximum is the amount in the soil when it is fully saturated, a 

parameter known as porosity. Likewise, wilting point is not the minimum. Although it 

would not be enough to sustain plant life, there can certainly be moisture quantities less 

than the wilting point. Technically the minimum would be zero, but this is very rarely the 

case; there is typically some amount of moisture in soils, even if it is immeasurable. This 

is known as the residual water content. 
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As a result of these varying moisture storage definitions, it was found that 

SSURGO and NLDAS data cannot be directly combined. Even if they did utilize the 

same moisture storage definition, however, their combination would be hindered by the 

scale at which the two datasets operate. SSURGO exists at an agricultural scale. That is, 

each data value, defined via spatial polygons, covers a relatively small area compared to 

each NLDAS data value, which is valid for a one-eighth degree quad. There are often 

hundreds of SSURGO polygons within a quad. It is therefore inappropriate to use the 

NLDAS value to describe the specific conditions in each polygon. The NLDAS value is 

assigned at a large scale compared to SSURGO and is meant to reflect the prevailing 

conditions over a one-eighth degree quadrangular area. It would thus be inaccurate to 

assume that that value is correct for every polygon within the quad’s range. 

Additionally, inconsistencies were found within the SSURGO soil coverage that 

call into question the accuracy of the available water capacity data. Frequently, the 

dataset describes one value on one side of a county border and a significantly different 

value on the other side. These changes are unlikely to represent reality. While the lines 

separating counties are sometimes based on changes in the natural landscape, more often 

they are a manmade construct and therefore should not experience such drastic changes 

in soil properties. The inconsistencies are likely a result of differences in the soil mapping 

process. To accommodate these errors when conducting county-level analysis, the 

SSURGO available water capacity values were summarized by computing the value 

within each of the USGS’ HUC12 watershed delineations. 

Although NLDAS data cannot be used to infer the variation of soil moisture in the 

SSURGO polygons, another goal of the research was to ascertain whether a measure of 

soil saturation from 0-100% could be defined from the NLDAS soil moisture data. This 

was aspect was a success, and this relative saturation measure was named the soil 
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wetness index. Relying on field capacity and wilting point, this calculation determines 

what percent of the NLDAS-defined available water capacity is occupied at a given time. 

A geoprocessing model was created to calculate the SWI across Texas from an input 

NLDAS GRIB file and summarize the output onto counties. The county scale was chosen 

for this analysis because it is a more appropriate size than the HUC12 watersheds. When 

a statewide map is shown, the HUC12s are too small to be easily differentiated. Also, 

counties are those are the delineations used for decision-making in Texas, and they are 

easily recognized and understood by the public. 

The soil wetness index was mapped across the state. It was initially suggested 

that, similar to the analysis for Travis County, the SWI be used to determine the physical 

moisture level using SSURGO or STATSGO data. Ultimately though, the SWI itself was 

found to be a more useful conceptualization of the drought status than the soil moisture 

level. Unlike a moisture depth, a percentage describes how much moisture is present as 

well as how much could potentially exist in the soils. It was therefore mapped on its own 

rather than combining it with available water capacity data. 

In order to obtain a complete picture of the drought status, however, a percentage 

is still insufficient information. The historical context needs to be understood as well. An 

SWI of 20% might seem to indicate severe drought, but this is only the case if the soils 

are typically contain more moisture than that. If 20% is the mean, then the area is not in 

severe drought. As such, the author sought to determine the most effective statistical 

method by which to infer the degree of severity of current drought conditions compared 

to the historical dataset. A new NLDAS “data rods” web service was used to obtain the 

historical information. For a single point, the entire 33-year history of the dataset can be 

accessed using an HTTP GET request. This is vastly faster and easier than downloading 
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the GRIB file for every time step and then processing the files to discard the unnecessary 

information, i.e., the data for areas other than Texas. 

One method of using this data to provide an historical context for current 

conditions is to generate the probability density function and cumulative density function 

for the given time series. This allows for the percentile of current conditions to be 

determined. The percentile describes the percent of data values that are less than the 

current value. This method fails to account for seasonality, however, which is an 

important consideration when studying soil moisture. A second method is to calculate the 

mean soil moisture value for each day of the year and then compare current conditions to 

this dataset. This was carried out for a location in Travis County, and it was found that 

the drought of 2011 resulted in soil moisture values that were significantly less than the 

mean daily values for the 33-year NLDAS dataset. 

It was also important to determine whether the NLDAS data accurately reflected 

the variation in the total soil moisture storage across the state. These changes were 

compared to the changes in overall Texas water storage (based on data from the GRACE 

mission) and the changes in storage of the state’s reservoirs for 2003 to 2013. These three 

time series were plotted, and it is clear that the general timing and magnitude of the 

variations is similar for all three variables. A visual examination of the data was 

conclusive enough for the purposes of this thesis because the author was seeking only 

verify that the trends were not drastically different. To quantitatively prove the 

similarities would require statistical analysis methods beyond the scope of this thesis. It 

was found, though, that the three variables are strongly correlated. 

Finally, an analysis was conducted as to the origins of the water storage lost 

during the drought of 2011. According to GRACE data, the drought resulted in a water 

storage deficit across Texas of approximately 100 km3 compared to normal. During the 
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same timeframe, 9 km3 of storage were lost from Texas reservoirs and 51 km3 from the 

top one meter of soils. This leaves 40 km3 of lost water storage unaccounted for. It was 

hypothesized that this resulted from losses in the river network and subsurface below one 

meter, but further research is necessary to verify this. 
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Appendix: List of Acronyms 

4DDA Four-Dimensional Data Assimilation 

CDF Cumulative Density Function 

CMI Crop Moisture Index 

CSR Center for Space Research 

CUAHSI Consortium of Universities for the Advancement of Hydrologic Science, 

Inc. 

CWS Current Water Storage 

FC Field Capacity 

FTP File Transfer Protocol 

GAPP GEWEX America Prediction Project 

GCIP GEWEX Continental-Scale International Project 

GEWEX  Global Energy and Water Cycle Experiment 

GIS Geographic Information System 

GLDAS Global Land Data Assimilation System 

GRACE Gravity Recovery and Climate Experiment 

GRIB General Regularly-distributed Information in Binary form 

HIS Hydrologic Information System 

HTTP Hypertext Transfer Protocol 

HUC Hydrologic Unit Code 

IPCC Intergovernmental Panel on Climate Change 

KBDI Keetch-Byram Drought Index 

LDAS Land Data Assimilation System 

LDM Local Data Manager 
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LSM Land Surface Model 

NASA National Aeronautics and Space Administration 

NCEP National Centers for Environmental Prediction 

NDMC National Drought Mitigation Center 

NetCDF Network Common Data Form 

NLDAS North American Land Data Assimilation System 

NOAA National Oceanic and Atmospheric Administration 

Noah National Centers for Environmental Prediction (NCEP), Oregon State 

University, Air Force, Hydrology Lab – NWS 

NRCS Natural Resources Conservation Service 

NWS National Weather Service 

OSU Oregon State University 

PDF Probability Density Function 

PDSI Palmer Drought Severity Index 

RRSI Relative Reservoir Storage Index 

RSI Reservoir Storage Index 

SAC-SMA Sacramento Soil Moisture Accounting 

SFI Texas Streamflow Index 

SPI Standardized Precipitation Index 

SSURGO Soil Survey Geographic 

STATSGO State Soil Geographic 

SWI Soil Wetness Index 

THREDDS Thematic Realtime Environmental Distributed Data Services 

TWDB Texas Water Development Board 

URL Uniform Resource Locator 
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USDA United States Department of Agriculture 

USGS United States Geological Survey 

UTC Coordinated Universal Time 

VIC Variable Infiltration Capacity 

WaterML Water Markup Language 

WFS Web Feature Service 

WP Wilting Point 

XML eXtensible Markup Language 
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