
 

 

ABSTRACT 

 

D‟AIUTO, CHRISTOPHER JUSTIN. Passive Microwave Remote Sensing of North 

Carolina Soil Moisture for Hydrologic Assessment and Forecasting. (Under the direction of 

Dr. Jeffrey White.) 

 

 

Soil moisture data aid understanding and modeling of regional and global water cycles, 

ecosystem productivity, and processes linking water, energy, and C cycles; they can improve: 

weather and climate forecasts, flood prediction, drought monitoring, estimation of CO2 

uptake by vegetation; and are applied in construction and irrigation planning. However, most 

ground-based soil moisture monitoring systems are limited in extent and density, and it is not 

feasible to install enough sensors to adequately model soil moisture spatially over large areas. 

Taking advantage of the dielectric properties of soil, NASA's Advanced Microwave Sensing 

Radiometer for the Earth Observing System (AMSR-E) aboard the Aqua satellite is a passive 

microwave instrument yielding global microwave brightness temperatures that are processed 

to estimate soil moisture. We examined selected AMSR-E data for spatial and temporal 

correlation and for correlation with data from North Carolina's in-situ soil moisture network, 

ECONet, to determine the data's utility for statewide estimation. Spatial correlation of 

AMSR-E soil moisture was strong (e.g., semivariogram nugget and sill, 37.9 and 903 cm
6
 

cm
-6

, respectively; nugget:sill=0.054; range=617 040 m: R
2
=0.98),  but values and temporal 

variability were low compared to that of ECONet data on all dates examined. 

Semivariograms indicated that ECONet data had relatively weak spatial correlation (mean 

semivariogram parameters: nugget=0.006, sill=0.014, nugget:sill=0.435, range=413 000 m,  



 

 

r
2
=0.50), likely due to the distance between monitoring sites (9 198 to 557 000 m), thus 

limiting their utility in statewide soil moisture estimation via interpolation (kriging). The 

ECONet‟s spatial correlation did improve with longer time scales. The average daily, 

seasonal, and annual nugget:sill were 0.52, 0.13, and 0.05, respectively. No relationship 

between statewide ECONet θ was found with a single soil physical property, e.g. texture, 

moisture potential and porosity. Neither was ECONet θ correlated with statewide AMSR-E 

(r
2
<0.07). Site-specific correlations of θ values from ECONet stations and their 

corresponding AMSR-E θ cells showed improved correlation across seasonal and annual 

time scales with r
2
between 0 and 0.52. Ascending and descending AMSR-E θ had similar 

means and standard deviations. The correlation between them had r
2
>0.55, with higher 

correlation on wet days. The algorithm used to estimate θ from AMSR-E Tb has been poorly 

documented in the literature and in online metadata.  We examined the relationship between 

AMSR-E soil moisture and Tb and found AMSR-E θ is weakly correlated to its brightness 

temperature (Tb) and less correlated to its polarization ratio (PR) (r
2
=0.27 and 0.13 on 

average across polarization, respectively), which is the dynamic parameter actually used in 

estimating θ. ECONet θ and Tb had an average r
2
=0.02. On wet days ECONet θ was more 

correlated to Tb and PR than AMSR-E θ. We conclude the AMSR-E algorithm does little to 

improve estimation of θ, and cannot be used on the regional scale in North Carolina for θ 

interpolation. 
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The Fields They Flow 

Beyond angles in the eye, 

Yonder upon yonder 

Past town after dead town 

Sprawling city to empty industry 

From arctic to subtropic 

The fields flow so far, 

Searching every corner 

Every mountain 

Every clime to find 

The one who would pine 

For their endlessness 

Of numerous crops 

Varieties both common and unique. 

More often than not the fields’ 

Endlessness has matched the search 
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For its caretaker. 

Is the tillage too intense? 

Densities too high? 

Microbes lacking diversity? 

Ubiquitous is their denial, 

Yield decreasing after each 

Comes, stays, goes. 

Extents shrink to scales 

Desiring more and more 

The hoe of one concerned 

Or the scythe of one interested. 

If there be no direction from one who can see 

The fields for their unending 

Work and promise 

Then for a worker for whom to yield 

And benefit, a companion unafraid to lay hands 

Upon the earth and take what it gives 

With all its structure and fertility and stalk 

Year after year, 

Only needing gentle tending—a harvest, 

Desiring a season of bounty. 
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CHAPTER I: ECONET SPATIAL CORRELATION 

 

Introduction 

The goal of this research was to improve statewide monitoring and forecasting of 

volumetric soil moisture (θ) across North Carolina (NC). Once regional soil moisture 

relationships are determined, the State Climate Office might be able to create and regularly 

release statewide maps of daily soil moisture for a diverse clientele, free of charge. 

Soil moisture data aid understanding and modeling of regional and global water 

cycles, ecosystem productivity, and processes linking water, energy, and C cycles; they can 

improve: weather and climate forecasts, flood prediction, drought monitoring, estimation of 

CO2 uptake by vegetation; and are applied in construction planning and irrigation scheduling. 

The value of soil moisture data is derived from linking them to areal conditions. The State 

Climate Office (SCO) of North Carolina currently collects θ data at one depth (20 cm) from 

36 stations via its near real-time statewide Environment and Climate Observing Network 

(ECONet)(Fig.1). These stations are across the state‟s 843 km width (measured from Cape 

Hatteras Lighthouse to the Tennessee state-line at Apalachia Lake). ECONet θ data have 

been collected since 1998. The SCO‟s goal is to have one ECONet site in each of the 100 

countiesacross the state. Even when this goal is reached, it will still be desirable to estimate 

soil moisture levels at locations between the stations.  Typically this would be done by 

interpolating the station values. This research aims to examine the feasibility of that approach 

using the current network of ECONet stations. 

ECONet θ data have been applied only on a local scale for storm response and water 

availability, but have not been analyzed for potential spatial correlation or other relationships 
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among sampling sites. If ECONet θ data are spatially correlated, it may be possible to 

interpolate them to estimate θ at locations between the ECONet sites. The spatial and 

temporal relationships between these point measurements have not been studied for the 

efficacy of interpolating soil moisture across North Carolina. 

Using geographic information systems (GIS), geostatistics, and other techniques to 

analyze spatial relationships, a better understanding of soil moisture variability across the 

state can be had (Entin et al., 2000; Mohanty et al., 2000; Liu, 2001; Western et al., 2002). 

Precedent has already been set by the State of Oklahoma‟s world premier soil monitoring 

network, the Mesonet (Illston et al., 2008). With 116 stations, the OK Mesonet records soil 

moisture at four depths every half hour (Brotzge& Richardson, 2003). The soils in NC are far 

more diverse than those of OK however. In addition, the NC ECONet has far fewer sites, and 

characterizing θ across this heterogeneous state becomes much more problematic. The 

Mesonet takes daily, weekly, and monthly averages and interpolates them into near real-time 

statewide soil moisture maps available for free on-line. There has also been similar soil 

moisture interpolation done in Scotland taking point values to a 1-km grid in a total area half 

the size of NC (Gimona and Birnie, 2002). 

Spatial correlation of θ is mainly a function of climate and soil characteristics (Western at 

al., 2004). At small spatial extents, soil moisture responds to variations in vegetation (Qui et 

al. 2001), soil properties (Famiglietti et al. 1998), radiation (Western et al. 1999), 

topographically driven variations in lateral flow (Dunne & Black 1970), and precipitation. At 

the kilometer scale, spatial distribution of precipitation will be a defining property, along 

with influences from soil texture, regional geology, and vegetation community.  
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On a regional scale, θ is controlled primarily by atmospheric processes, e.g. 

precipitation and evapotranspiration (Vinnikov et al., 1996; Robock et al., 1998; Entin et al., 

2000). Comparing different climatic regions, θ will substantially vary with climatic 

differences in average precipitation (Western et al., 2002).  Humidity, temperature, and 

radiation are secondary controls on this scale by regulating the evapotranspiration process. 

Seasonal change and topography are factors that change the spatial correlation predictably in 

time and space. At extents larger than 10 km, the range of correlation has been shown to be 

between 400 and 800 km using ground-based θ networks, and increased with larger spatial 

extents and larger distances between points (Vinnikov et al., 1996; Entin et al., 2000). Spatial 

variability has also been found to be higher under dryer θ conditions compared to wet (Bosch 

et al, 2003).  

Variability of θ within the annual time scale is dominated by seasonal affects (Woods 

et al. 2001). This is controlled by the changing balance between precipitation and 

evapotranspiration from deciduous plants and their fluctuating leaf area. 

 Scale characteristics must be kept in mind when considering any spatially variable 

property. This is important for informing us as to how reliable using ECONet  θ can be at this 

time. In general, the apparent range of correlation increases with increasing spacing, extent, 

or support (Western & Boschl, 1999). Spacing is the distance between observations. Extent is 

the total area or coverage of the observations. Support is the volume or scale at which the 

observation is taken. The apparent variance of a population increases with increasing extent, 

does not change with spacing, and decreases with increasing support. Few in situ networks 

are dense or extensive enough to estimate the correlation with satellite θ with a good deal of 

accuracy given the area of the satellite footprint (Cosh et al., 2006).  
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Successful kriging and semivariogram analysis also require an adequate number of 

sites space appropriately to the scale of spatial correlation of interest. To calculate a soil 

parameter‟s spatial correlation over a region 150 to 200 observations are suggested to 

increase the reliability of the variogram (Webster and Oliver, 1992). The fewer observations 

there are, the wider the confidence intervals of the variability with the lag distance.  

Understanding the climatic context of θ in North Carolina is beneficial to using and 

interpreting the data. North Carolina has an average of 126 clear days per year, 117 partly 

cloudy days, and 122 cloudy days, while 120 days have measurable rain fall (http://www.nc-

climate.ncsu.edu/climate/ncclimate.html; Last accessed: 10 Sept 2011). Normally, summer 

sees the greatest precipitation, July being the wettest month. Among the seasons, summer 

rain is also the most variable. Autumn has the least rain, with November being the driest 

month. It is also important to note that NC has three distinct physiographic regions, the 

Mountains, Piedmont, and Coastal Plain, which give the state a highly diverse climate. The 

southwest of NC, where the South Carolina Piedmont meets the Brevard Fault line, is the 

rainiest part of the state and the eastern U.S., with >2.3 m a year. The driest area of the state 

is around Asheville with 0.95 m a year. The rest of the state receives about 1to 1.4 m a year. 

Average annual snowfall varies from 2.5 cm on the coast to 25 cm in the northern Piedmont 

and 0.4 to 1.3 min the mountains.  

Humidity is important to understanding θ by moderating the drying cycle. When 

humidity is high, evaporation slows down, and vice versa. The average relative humidity is 

generally the highest in the winter and lowest in the spring. The lowest is in the southern 

Piedmont at 65%, and highest is along the coast, averaging 75%. The higher mountains do 

http://www.nc-climate.ncsu.edu/climate/ncclimate.html
http://www.nc-climate.ncsu.edu/climate/ncclimate.html
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have less actual moisture, but with the lower temperatures, relative humidities are about the 

same as elsewhere. 

Temperature varies widely among seasons and locations. The hottest areas are around 

the interior of the Coastal Plain, with average daily highs in midsummer exceeding 33˚C. At 

the same time the high mountains will be at an average high of 20˚C. Likewise, the 

mountains experience the coldest temperatures during winter. Temperature changes the most 

rapidly in the autumn, when within the span of a month the temperature drops to within 15˚C 

of the winter low. 

Across the three physiographic regions, NC has 300 soil series in 16 soil systems 

(Daniels et al., 1999).  It contains three soil temperature regimes: temperate, mesic, and 

frigid. Udic and Aquic are the two major soil moisture regimes present. The Coastal Plain 

has 45% of the state‟s area, and 16 ECONet stations are located here. The landscape is flat to 

rolling between sea level and 200 m in elevation. Soil parent materials here are mostly sandy 

to clayey unconsolidated marine and fluvial deposits. There are also large tracts of organic 

soils. Soil development in the Coastal Plain was largely influenced by the original sediments 

and drainage class. 

The Piedmont is the central part of the state. From rolling to hilly, it occupies 39% of 

the state (Daniels et al., 1999). Elevations are between 90 and 460 m. Some of the oldest 

soils on earth can be found on stable hilltops here. These soils formed largely from igneous, 

metamorphic and sedimentary rocks. Eleven ECONet sites are found here. 

The Mountains occupy 16 % of the state (Daniels et al., 1999). Elevations range from 

460 m at the Brevard Fault to 2037 m at Mount Mitchell. These are the highest soils east of 
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South Dakota. Topography, temperature, and bedrock composition are the major soil forming 

factors. Nine ECONet stations are located here. 

One of our primary objectives was to assess spatiotemporal relationships among 

statewide θ observations to understand how correlated they are. One hypothesis was that soil 

moisture is well correlated across North Carolina. If point observations of soil moisture do 

reflect conditions on a larger scale, then we can interpolate the data to estimate θ at 

unsampled locations. To do this θ was analyzed on daily, monthly, seasonal, and annual time 

scales, beginning with relatively dry and wet days and months across the state. We 

hypothesized that spatial correlation of θ would be stronger on dry days compared to wet 

days. This was because θ of different textured soils differ more at wilting point and at air dry 

than at saturation and field capacity. For example, Pan (2010) analyzed soil physical 

properties at 27 ECONet stations located in the Piedmont and Coastal Plain and found that 

the coefficients of variation for total porosity, field capacity, wilting point, and air-dry were 

0.13, 0.32, 0.4, and 0.5, respectively. The greater variation among dry soils than wet soils 

would lead to larger semivariances within semivariogram pairs, thus greater spatial 

correlation presuming similar nugget variances. Soil physical properties at the ECONet sites 

were also examined for correlation to θ on the statewide scale.  

 

Materials and Methods 

Data Sources 

To determine the spatial and temporal correlation of θ across NC, we used data from 

the SCO‟s ECONet (Fig.1). The ECONet is a series of weather monitoring stations that 

measure air and soil temperature, wind speed, rainfall, relative humidity, evapotranspiration, 
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barometric pressure, radiation, and θ. Starting in 1998 with three stations, they have 

expanded to 36 stations currently measuring soil moisture (Table 1).  

 

Data Characteristics 

At the ECONet stations, soil moisture is measured using ML2xTheta probes (Delta-T 

Devices, England) at 20-cm depth (State Climate Office, 2005). The volumetric measurement 

is based on the dielectric constant of water. The probe is made to measure θ between 0 to 1 

m³m
-
³. The error is within 0.01 m³m

-
³. Soil moisture is measured in near real-time, with 60 

readings an hour averaged to one hourly value. The SCO then offers daily and monthly 

averaged data by online data request with many delivery and format options. In the Piedmont 

and Coastal Plain the soils surrounding these sensors have been characterized with respect to 

physical properties and soil series (Pan, 2010).  

Recent research on ECONet θ data quality (Pan, 2010) found that throughout its data 

history, there were stations that had more than half the year with either missing or failed data 

quality. The most prominent data quality recommendation was to first verify that soil 

moisture readings were within their physical bounds, i.e., that the maximum θ does not 

exceed soil porosity and that the minimum is ≥ 0. Based on comparing θ values to site-

specific soil porosities, data quality was found to be particularly bad before 2005 because of 

impossible values and missing data. Three stations maintained poor quality through 2009: 

Durham, High Point, and Siler City (DURH, HIGH, SILR). These were excluded from our 

analyses. 
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Study Interval and Dates 

Based on station number and data quality considerations, we chose to use data 

from2007 through 2009. The lower bound could go back to 1998, but there are fewer stations 

available for analysis and the poorer the data quality the earlier one goes. Also, the AMSR-E 

data, which will be used in another research objective, are largely available beginning in 

2004. There were 31 ECONet stations at the start of 2007, and two were removed from study 

because of poor data quality (HIGH & SILR), leaving 29 stations for analysis. Quality 

control flags were not reviewed because of the time it would take to review each value at 

each station on each date. 

We began by examining the difference in spatial correlation between wet and dry 

days across the ECONet. We hypothesized that spatial correlation of θ would be stronger on 

wet days compared to dry days. It has been shown that across NC‟s Piedmont and Coastal 

Plain, across soil textures, field capacity water content is more uniform than air dried. More 

variation when soils are air dried, on dry days, means spatial correlation should increase 

relative to wet days due to the greater semivariances (Pan, 2010). To do this, we started by 

looking at precipitation records from the State Climate Office (Fig.2) and determining the 

months of highest and lowest rainfall. These were September 2008, and May and November 

2009 for wet months, and November 2007, June 2008, and February 2009 for dry months.  

NC‟s Storm Event Database (http://www.nc-

climate.ncsu.edu/monitoring/events.htmlverified 20 Sept. 2011) was used to find large 

precipitation events that might have covered the whole state.  We expected such an event to 

provide a short period of relatively, uniformly saturated or high θ across the state. Tropical 
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Storm Hanna in September 2008 was the only storm found in the study period that generally 

went over the state, east to west. 

Daily-averaged ECONet θ data were then used to find specific wet and dry days 

within the wet and dry months noted. These were chosen considering representative sites, 

peaks of wet and dry, and uniformity across the state. The SCO provided a subset of stations 

that represent average conditions for the state‟s three physiographic regions. These were: 

Waynesville (WAYN) and Fletcher (FLET) in the Mountains; High Point (HIGH), Rocky 

Mount (ROCK),and Jackson Springs (JACK) in the Piedmont; and Plymouth (PLYM), 

Aurora (AURO), and Castle Hayne (CAST) in the Coastal Plain. Their daily averaged θ data 

were reviewed for peak dry and wet days within the high and low precipitation months. The 

most coincident peaks of wet and dry conditions for all eight stations were chosen as the 

representative dates. The wet dates were 6 Sept. 2008, 18 and 19May 2009, and 12 Nov. 

2009. The dry dates were 14 Nov. 2007, 18 June 2008, and 17 Feb. 2009.  This task was 

inherently difficult in that what happens on the coast is not generally occurring in the 

mountains, and vice versa. The dates, therefore were an average of the wettest/driest days for 

most stations, and erred toward the date when most stations had received a generally 

statewide rainfall or dry period. 

 

The Semivariogram 

In order to quantify spatial correlation, the semivariogram is used (Fig.3). It is a graph 

of the semivariance, i.e., half the average variance between all pairs of points a selected lag 

distance hi apart, as a function of hi. Practically, the semivariance is calculated for pairs of 

points that lie within a range of lag distances, the bin, which results in a corresponding range 
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of semivariances. These so-called semivariance clouds are plotted and modeled via 

regression to produce the semivariogram model.  

Conceptually the semivariogram tells us at what distances values are more alike, i.e., 

more correlated (low semivariance) and at what distance the semivariance reaches or 

approaches the population variance. This semivariance plateau is called the sill. The distance 

at which the sill occurs, i.e., where the variance between points approximates the sample 

variance is called the range of spatial correlation. The nugget is the semivariance 

extrapolated to a lag distance h = 0. In theory the nugget should be zero; that it often is not is 

due to experimental error and spatial correlation at scales smaller than the shortest sampled 

lag distance. The degree of spatial correlation is indicated by the nugget:sill (N:S) ratio, 

which tells us what proportion of the population variance is non-spatial.  The smaller the 

nugget:sill, the greater the degree of spatial correlation; 1- (nugget/sill) is the proportion of 

variance attributable to spatial correlation. When a semivariogram has a nugget:sill> 0.75, it 

is essentially all nugget effect and we considered it to have weak spatial correlation. When 

the nugget:sill was between 0.75 and 0.25 we considered to have moderate correlation, and 

strong when N:S < 0.25.  When the spatial dependence was considered to be moderate or 

strong, an effective range was computed. For spherical, exponential, and Gaussian models 

the effective range was calculated by multiplying the best-fit model's range parameter by 1.0, 

3.0, or 1.73 respectively (Gamma Design Software, 2002). 

 

Analytical Software 

We used the geostatistical software GS+ 9 (Gamma Design, Plainwell, MI) to 

generate semivariograms. The max lag between the farthest two ECONet stations was 633 
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km. The active lag distance used was 257,400 m, keeping with a convention to limit 

consideration to approximately half the maximum lag in the data, which removes noise at 

greater distances and to keep a minimum of 10 pairs in the first lag class. This resulted in a 

reasonable number of points with which to assess spatial correlation. A half-max lag (205 

km) and an active lag of 34 km were used for the spatial correlation of soil physical 

properties, which were collected from a subset of ECONet stations used for the soil moisture 

analysis. The first lag classes contained 11 pairs. 

Excel 2007 (Microsoft Corporation, Santa Rosa, CA) was used to compile SCO data. 

SAS 9.2 (SAS, Cary, NC) was used for statistical characterization. Descriptive statistics were 

obtained using the PROC REG. Coefficients of determination and significance were 

determined using the PROC MIXED. 

 

Results and Discussion 

 

ECONet Spatial Correlation 

Basic descriptive statistics for ECONet daily average θ on the dates chosen for 

analysis are shown in Table 2. Daily mean θ on wet days was always wetter than for dry 

days. The variability of θ was similar for wet and dry days. We first conducted 

semivariography of statewide ECONet θ using these daily averages (Table 3). On the daily 

scale, spatial correlation varied from weak to strong. Of the dates examined, 14 Nov. 2007, a 

dry day, exhibited the strongest spatial correlation with a nugget:sill of 0.02, i.e., 98% spatial 

correlation (Fig.4). The semivariograms displaying the next most well defined spatial 

correlation were for 18 and 19 May 2009 (wet days). All other models exhibited spatial 
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correlation < 77%. Two of the dry dates (18 June 2008; 17 Feb. 2009) had no spatial 

correlation, showing linear models. The latter is plotted in Fig.5. The semivariogram is all 

nugget effect. Looking for uniform conditions across this regional scale on a single day was 

inherently fallible. Variability in θ conditions on these days might have obscured any distinct 

differences between wet and dry conditions since not every station across the state on a given 

day was uniformly wet or dry. On the dates selected, a given ECONet station was either at 

peak wetness, still wetting, or already drying, depending on the time interval of the rain 

event.  

Longer time scales (months, Table 4; seasons, Table 6; and years, Table 8) were then 

examined to see whether spatial correlation was different for longer time scales. Fig.6 and 

Fig.7 show the semivariograms for the most spatially correlated dry and wet months, Nov. 

2007 and May 2009, with nugget:sill of 0.085 and 0.092, respectively (Table 5). The sill in 

wet months was, on average, greater than in dry months. This may have been due to more 

variable θ during wet periods leading to greater semivariance within pairs. However, the 

range of correlation, was on average, greater for wet months than dry months, indicating that 

similarly wet soil moisture conditions existed over greater distances than during dry months. 

Seasonal ECONet θ also had poor semivariograms while their nugget:sill were low (Table 6). 

Summer 2007, a very dry season, showed a semivariogram with a defined sill (Fig.8) and a 

nugget:sill of 0.05. Its sill was less variable than in the daily semivariograms (Fig.4, Fig.5). 

Among the time periods examined, the yearly (Table 7) data generally had the strongest 

spatial correlation (Table 7). Fig.9 is the semivariogram for 2009 which had a nugget:sill of 

0.094. Spatial correlation was found, on average, to increase with the time scale: the average 

daily nugget:sill was 0.52 versus 0.13 for the monthly average, and 0.054 for the annual 
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average. Daily and monthly-averaged θ had more variability in their spatial correlation 

ranges in wet periods than in dry periods. This supports our hypothesis that spatial 

correlation would be stronger on dry days than wet days. Presuming moisture at or near 

saturation on wet days, greater variability on a wet days would imply greater differences 

among the soils‟ saturated water holding capacity (i.e., porosity) and field capacity, 

compared to that for dryer soil, i.e., at or near wilting point or air dry. Less variability on dry 

days shows that θ is more uniform across soil types, on a regional scale, when dry. 

 

ECONet Soil Physical Properties 

Daily ECONet θ for select wet and dry days was regressed with soil physical 

properties for 27 ECONet stations within the Piedmont and Coastal plain (Table 9). θ was not 

correlated with porosity and clay content. Sand content had weak to moderate correlation 

with soil moisture on all but one date, 6 Sept. 2008, a wet day.  Soil moisture was weakly 

correlated with field capacity on two of the four wet days and moderately correlated on one 

of the three dry days.  Soil moisture was weakly correlated with the wilting point only one 

day, a dry one. No single soil parameter explained the majority of variation in θ on a regional 

scale. Of the soil properties examined, sand content had the strongest correlation with θ (r
2 

=0.34).This corroborates the hypotheses that soil moisture on the regional scale is not driven 

by any single soil physical property, as is expected on the macro and field scales (Vinnikov 

et al., 1996). All of the soil physical properties examined exhibited strong spatial correlation 

with nugget:sill ≤ 0.16 (Table 10) for moderately to well-fit semivariograms with r
2
 ranging 

from 0.69 to 0.93. These well-resolved semivariograms were remarkably generated using 
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have 24 observations. Wilting point and porosity had the best spherical models. Fig.10 shows 

the semivariogram of wilting point with a nugget:sill = 0. 03. 

 

Conclusions 

 

The generally poor spatial correlation of daily, statewide ECONet θ indicates that 

interpolating it to estimate θ at locations between current ECONet stations is not warranted 

except, perhaps, on the occasional days when θ does exhibit spatial correlation. However, the 

lack of apparent spatial correlation was likely due in part to the relatively low number of 

ECONet sites available and the relatively large distances between them. That said, soil 

physical properties from even fewer ECONet stations had reasonably well defined and 

modeled semivariograms which exhibited substantial spatial variability.  This indicates that 

the lack of spatial variability exhibited by θ was real and not due solely to the limited number 

of sites. As the network grows and becomes denser, the resulting larger datasets will need to 

be examined to determine whether stronger spatial correlation is evident, increasing the 

likelihood that interpolation would yield reasonable θ estimates. We can expect the range of 

correlation to decrease as spacing is decreased (Western et al., 2002). This is because as the 

smallest distance between any two points is made even smaller, smaller scale variation is 

introduced. Assuming the initial ECONet stations accurately represented the variability 

within their extent, adding more stations between the existing ones would not change the 

variance. Statewide spatial correlation did improve with longer time scales, which is 

reasonable given that these longer time scales integrate a highly spatially and temporally 
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variable parameter, θ. No single soil physical parameter explained the majority of variation 

in θ across the piedmont and coastal plain regions. The next objective of this research was 

to investigate whether NASA‟s Advanced Microwave Scanning Radiometer (AMSR-E), 

which estimates θ at greater spatial intensity than the current ECONet, can be used with 

ECONet data to improve estimation of θ statewide. 

 

Recommendations for Future Research 

 

The spacing between θ sampling points needs to be reduced by installing more 

ECONet stations. We recommend examining correlation of θ with other parameters like 

precipitation and evapotranspiration, for which data are available from many more stations 

(~12,000).  If soil moisture is correlated with either or both of these, as we expect it will be 

depending on the temporal windows chosen to represent them all, co-kriging θ with them 

should improve estimation. Instead of using single days to understand differences in spatial 

correlation between wet and dry conditions, intermediate states of the wetting-drying cycle 

might be utilized. We hypothesize this period of days between rain events will be more 

spatially uniform across the state.   
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Table 1. Environment and Observing Network (ECONet) station name, starting date, 

county, and elevation. Stations not used in analyses are in italics. 

 

Station Name Start Date County Elevation 

    --m-- 

AURO Pamlico Aquaculture Field Lab 14-Sep-2000 Beaufort 1 

BEAR Bearwallow Mountain 29-Jul-2000 Henderson 1286 

BOON Boone - ASU Stn 20-Sep-2005 Watauga 992 

BUCK Buckland Elementary 20-Sep-2006 Gates 8 

BURN Burnsville Tower 18-Dec-2008 Yancy 824 

CAST Horticultural Crops Res Stn 25-Aug-1999 New Hanover 13 

CLA2 DAQ Clayton Profiler 2-Aug-2003 Johnston 76 

CLAY Central Crops Research Station 11-Nov-1999 Johnston 107 

CLIN Horticultural Crops Research Stn 29-Jan-2000 Sampson 51 

DURH North Durham Water Reclamation Facility 3-Mar-2009 Durham 101 

FLET Mtn Horticultural Crops Res Stn 30-Aug-1999 Henderson 630 

FRYI Frying Pan Mountain 16-Nov-2004 Haywood 1622 

GOLD Cherry Research Station 5-Apr-2002 Wayne 24 

HAML Hamlet Tower 27-Nov-2007 Richmond 102 

HIGH UNCG - Lindale Farm Stn 11-Apr-2002 Guilford 277 

JACK Sandhills Research Station 4-Oct-1999 Montgomery 191 

KINS Cunningham Research Station 2-May-2000 Lenoir 29 

LAKE Lake Wheeler Rd Field Lab 24-Oct-1998 Wake 116 

LAUR Upper Mountain Research Stn 18-Apr-2000 Ashe 917 

LEWS Peanut Belt Research Station 21-Nov-1998 Bertie 19 

LILE NC Electric Cooperative Anson Peaking Plant 18-May-2007 Anson 139 

MITC Mount Mitchell State Park 21-Jul-2008 Yancey 1890 

NCAT NC A&T SU Research Farm 24-Feb-2006 Guilford 241 

OXFO Oxford Tobacco Research Stn 8-Oct-1999 Granville 152 

PLYM Tidewater Research Station 29-Nov-2004 Washington 6 

REED Reedy Creek Field Laboratory 14-Oct-1998 Wake 128 

REID Upper Piedmont Research Stn 19-May-1999 Rockingham 262 

ROCK Upper Coastal Plain Res Stn 8-Dec-1999 Edgecombe 27 

SALI Piedmont Research Station 17-Sep-1999 Rowan 214 

SILR Siler City Airport 14-Nov-2000 Chatham 187 

TAYL Taylorsville Tower 6-Nov-2008 Alexander 356 

WAYN Mountain Research Station 7-Nov-1999 Haywood 840 

WHIT Border Belt Tobacco Res Stn 18-Feb-1999 Columbus 27 

WILD Williamsdale Field Lab 25-Sep-2008 Duplin 17 

WILL Highway Patrol Comm Station 13-Jul-2000 Martin 22 

WINE Wayah Bald Mountain 25-Jun-2002 Macon 1667 
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Table 2. Summary statistics for ECONet volumetric moisture content (θ) on select, representative wet and dry days, 2007 

through 2009. 

Condition & 

Date N † Mean‡ Std Dev‡ Minimum † Maximum‡ CV † 

  ---------------- cm
3
 cm

-3
---------------- % 

Wet       

6 Sept. 2008 29 0.32 0.11 0.11 0.65 34 

18 May 2009 29 0.30 0.10 0.12 0.49 34 

19 May 2009 29 0.29 0.09 0.12 0.46 32 

12 Nov. 2009 28 0.35 0.11 0.17 0.57 31 

Mean 29 A 0.32 A 0.10 A 0.13 A 0.55 A 33 A 

Dry       

14 Nov. 2007 28 0.25 0.08 0.12 0.42 33 

18 June 2008 29 0.23 0.08 0.09 0.38 36 

17 Feb. 2009 29 0.28 0.09 0.13 0.45 31 

Mean 29 A  0.25 B 0.08 B 0.11 A 0.42 B 33 A 
†condition means values within column followed by the same letter are not significantly different at p <0.05 

‡ condition means values within column followed by different letters are significantly different at a p <0.05 

Averages italicized. 
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Table 3. Semivariogram model parameters for spatial correlation of ECONet volumetric soil moisture content (θ) on select, 

representative wet and dry days, 2007 through 2009. 

Condition & 

Date 

Active 

Lag 

Lag 

Class Best-Fit Model r
2
† Nugget † Sill‡ Range † 

Nugget: 

Sill † 

 ------m------   ---cm
6
 cm

-6
--- ---m---  

Wet         

6 Sept. 2008 257400 32175 Gaussian 0 0.003 0.013 5,543 0.231 

18 May 2009 " " Gaussian 0.68 0.005 0.010 144,799 0.510 

19 May 2009 " " Gaussian 0.65 0.004 0.009 180,999 0.444 

12 Nov. 2009 " " Linear 0 0.010 0.015 238,567 0.668 

Mean    0.33 A 0.003 A 0.011 A 87,910 A 0.317 A 

Dry         

14 Nov. 2007 " " Exponential 0.67 0.000 0.007 166,800 0.023 

18 June 2008 " " Linear 0.19 0.006 0.006 239,257 0.925 

17 Feb. 2009 " " Linear 0 0.007 0.008 239,257 0.853 

Mean    0.29 A 0.002 A 0.007 B 142,119 A 0.316 A 
† condition means values within column followed by the same letter are not significantly different at p <0.05 
‡ condition means values within column followed by different letters are significantly different at a p <0.05 

Averages italicized. 
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Table 4. Summary statistics for ECONet volumetric soil moisture content (θ)  on select, representative wet and dry months 

containing the select, representative wet and dry days, 2007 through 2009. 

Condition & 

Date N † Mean † Std Dev‡ 

Minimum 

† 

Maximum 

† CV † 

  ---------------- cm3 cm
-3

---------------- % 

Wet       

Sept. 2008 29 0.29 0.10 0.13 0.52 33 

May 2009 29 0.27 0.09 0.13 0.46 34 

Nov. 2009 28 0.30 0.09 0.15 0.46 30 

Mean 29 A 0.29 A 0.09 A 0.14 A 0.48 A 0.33 A 

Dry       

Nov. 2007 28 0.26 0.08 0.12 0.42 33 

June 2008 29 0.23 0.08 0.11 0.38 34 

Feb. 2009 29 0.29 0.08 0.14 0.46 29 

Mean 29 A 0.26 A 0.08 B 0.12 A 0.42 A 32 A 
† condition means values within column followed by the same letter are not significantly different at p <0.05 

‡ condition means values within column followed by different letters are significantly different at a p <0.001 

Averages italicized. 
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Table 5. Semivariogram model parameters for spatial correlation of ECONet volumetric soil moisture content (θ) for months 

containing select, representative wet and dry days containing the select, representative wet and dry days, 2007 through 2009. 

Condition & 

Date 

Active 

Lag 

Lag 

Class 

Best Fit 

Model r
2
 † Nugget † Sill † Range † 

Nugget: 

Sill † 

 ------m------   --- cm
6
 cm

-6
--- ---m---  

Wet         

Sept. 2008 257400 32175 Gaussian 0 0.003 0.010 5,716 0.028 

May 2009 " " Exponential 0.67 0.001 0.009 229,500 0.092 

Nov. 2009 " " Exponential 0.50 0.005 0.015 1,182,000 0.358 

Mean    0.39 A 0.003 A 0.012 A 472,405 A 0.243 A 

Dry         

 Nov. 2007 " " Exponential 0.7 0.001 0.007 204,000 0.085 

June 2008 " " Exponential 0.25 0.001 0.006 60,300 0.101 

Feb. 2009 " " Exponential 0 0.001 0.007 17,400 0.134 

Mean    0.32 A 0.001 A 0.007 A 93,900 A 0.107 A 
† condition means values within column followed by the same letter are not significantly different at p <0.05 

Averages italicized. 
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Table 6. Semivariogram model parameters for spatial correlation of ECONet volumetric soil moisture content (θ) for seasons 

containing the select, representative wet and dry days, 2007 through 2009. 

Date 

Active 

Lag 

Lag 

Class 

Best Fit 

Model r
2
 Nugget Sill Range 

Nugget:

Sill 

 ------m------   --- cm
6
cm

-6
--- ---m---  

2007         

Winter 278,454 27,845 Linear 0.141 0.009 0.011 265,377 0.79 

Spring " " Exponential 0.546 0.001 0.008 52,200 0.08 

Summer " " Spherical 0.604 0.000 0.005 58,600 0.05 

Fall " " Exponential 0.507 0.003 0.014 1,833,000 0.21 

2008         

Winter " " Spherical 0.216 0.000 0.007 41,400 0.05 

Spring " " Spherical 0.204 0.000 0.007 35,300 0.01 

Summer " " Spherical 0.164 0.000 0.006 38,100 0.06 

Fall " " Spherical 0.338 0.000 0.008 46,800 0.00 

2009         

Winter " " Exponential 0.234 0.001 0.007 73,500 0.19 

Spring " " Exponential 0.584 0.003 0.013 693,900 0.23 

Summer " " Gaussian 0.563 0.006 0.029 908,287 0.21 

Fall " " Gaussian 0.577 0.005 0.035 909,673 0.13 
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Table 7. Summary statistics for ECONet volumetric soil moisture content (θ) for the 

three study years containing the select, representative wet and dry days, 2007 through 

2009. 

 

 

 

 

 

 

 

  

Year N Mean Std Dev Minimum Maximum CV 

  ---------------- cm3 cm
-3

---------------- % 

2007 29 0.29 0.10 0.13 0.52 0.30 

2008 29 0.27 0.10 0.13 0.46 0.27 

2009 28 0.30 0.09 0.15 0.46 0.28 
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Table 8. Semivariogram model parameters for spatial correlation of ECONet 

volumetric soil moisture content (θ) for the three study years, 2007 through 2009. 

Date 

Active 

Lag 

Lag 

Class 

Best Fit 

Model r
2
 Nugget Sill Range 

Nugget: 

Sill 

 ------m------   --- cm
6
cm

-6
--- ---m---  

2007 278454 27845 Exponential 0.43 0.000 0.006 54,900 0.044 

2008 " " Spherical 0.37 0.000 0.006 44,200 0.025 

2009 " " Spherical 0.74 0.001 0.010 127,300 0.094 
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Table 9. Simple linear regression of significant soil properties versus ECONet 

volumetric soil moisture content (θ) on select, representative wet and dry days, 2007 

through 2009; n = 24. 

  Soil Properties 

Condition & 

Date Porosity† 

Clay 

Content † 

Sand 

Content † 

Field 

Capacity † 

Wilting 

Point † 

 -------------------------------- r
2
 ---------------------------------- 

Wet      

6 Sept. 2008 0.06 0.04 0.04 0.04 0.03 

18 May 2009 0.00 0.02 0.28** 0.20* 0.07 

19 May 2009 0.00 0.03 0.31** 0.21* 0.07 

12 Nov. 2009 0.00 0.16 0.34** 0.15 0.11 

Mean 0.02 A 0.06 A 0.24 A 0.15 A 0.07 A 

Dry      

14 Nov. 2007 0.00 0.05 0.32** 0.15 0.11 

18 June 2008 0.02 0.04 0.18* 0.07 0.08 

17 Feb. 2009 0.02 0.15 0.34** 0.31** 0.18* 

Mean 0.01 A 0.08 A 0.28 A 0.18 A 0.12 A 
* Significant at the 0.05 probability level. 

** Significant at the 0.01 probability level. 

† condition means values within column followed by the same letter are not significantly different at p <0.05 
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Table 10. Semivariogram model parameters for spatial correlation of ECONet soil physical properties for 24 stations 

in the Piedmont and Coastal Plain. 

Variable 

Active 

Lag 

Lag 

Class 

Best Fit 

Model r
2
 Nugget Sill Range N:S 

 ------m------   --- %--- ---m---  

Clay 

Content 204,991 34,000 Gaussian 0.85 0.500 166 58,717 0.00 
 

Sand 

Content " " Gaussian 0.93 1.000 320 61,661 0.00 

     

 

--- cm
3
cm

-3
---   

Porosity " " Spherical 0.89 0.001 0.005 111,100 0.16 
 

Field 

Capacity " " Gaussian 0.69 0.000 0.008 61,834 0.00 
 

Wilting 

Point " " Spherical 0.90 0.000 0.002 95,900 0.03 
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Fig.1. North Carolina ECONet stations, physiographic regions, and county boundaries. 

The stations in the mountains hadn’t had soil characterization. 
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Fig.2. Monthly average precipitation in North Carolina, 2007 through 2009. Red and 

blue circles indicate months containing the dry and wet days, respectively, used in the 

analysis. 
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Fig.3. Model semivariogram. 
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Fig.4. Semivariogram of statewide ECONet volumetric soil moisture content (θ) for 14 

Nov. 2007, a dry day; nugget:sill = 0.023. 
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Fig.5. Semivariogram of statewide ECONet volumetric soil moisture content (θ) for 17 

Feb 2009, a dry day; nugget:sill = 0.853. 
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Fig.6. Semivariogram of statewide ECONet volumetric soil moisture content (θ) for 

Nov. 2007, a dry month; nugget:sill = 0.085. 
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Fig.7. Semivariogram of statewide ECONet volumetric soil moisture content (θ) for 

May 2009, a wet month; nugget:sill = 0.092. 
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Fig.8. Semivariogram of statewide ECONet volumetric soil moisture content (θ) for 

summer 2007, a dry season; nugget:sill = 0.05. 
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Fig.9. Semivariogram of 2009 annual average statewide ECONet volumetric soil 

moisture content (θ); nugget:sill = 0.094. 
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Fig.10. Semivariogram of Wilting Point soil values for ECONet stations in the Piedmont 

and Coastal Plain; nugget:sill =0.03. 
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CHAPTER II: CORRELATIONS BETWEEN AMSR-E AND ECONET 

 

 

Introduction 

 

Due to the relatively limited spatial correlation of daily θ from North Carolina‟s 

Environment and Climate Observing Network (ECONet), interpolating θ across the state 

appears unjustified. Thus, we compared the ECONet data to remotely-sensed soil moisture 

data in hopes of improving statewide estimation.  We used the soil moisture data product 

from NASA‟s passive Advanced Microwave Scanning Radiometer for the Earth Observing 

System (AMSR-E). AMSR-E is one instrument onboard the Aqua satellite. With two passes 

over North Carolina daily from an altitude of 705 km, AMSR-E detects microwaves emitted 

from the earth‟s surface. It then uses an algorithm to derive θ, averaged over 209 cells across 

NC. The cells are 25 km by 25 km. If ECONet and AMSR-E θ are correlated, it should be 

possible to use AMSR-E to estimate θ between ECONet stations. Relating point scale 

measurements to areal soil moisture is a promising possibility that has been studied by 

Vachaud et al. (1985), Kachanoski & de Jong (1988), and Grayson & Western (1998). 

Western et al. (2002) stated, “it is obvious that future work should focus on combining these 

two data sources to exploit their complementary features”. Ground data is more easily 

calibrated and controlled but is limited in NC by the number of ECONet sites across the 

state‟s 843 km width, from Cape Hatteras Lighthouse to the Tennessee state-line at 

Apalachia Lake. To be practical, such an approach requires that there be a predictable, time-

stable relationship between point values and the spatial mean (Western et al., 2002). Site 
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characterization for most of the ECONet stations has been accomplished (Pan et al., 2010). 

There is AMSR-E θ coverage for the entire state, but the spatial averaging within individual 

cells might smooth small-scale variability to the point that is not well-represented by the cell 

mean. Of all AMSR-E‟s products, such as snow-water equivalents, sea ice concentration, 

ocean water vapor and temperature, precipitation and atmospheric cloud water, θ has been 

said to be the hardest to validate (Shibata et al., 2003).  

The microwave signal AMSR-E detects is based on dielectric properties of soil texture, 

surface roughness, vegetative cover, and atmospheric water. These parameters must be 

modeled accurately for the θ estimate to correlate with in-situ measurements. Since surface 

roughness and vegetative cover change through time, this data could also be simultaneously 

retrieved by the Moderate Resolution Imaging Spectroradiometer (MODIS) that is also on 

board Aqua. Vegetative water content is estimated by AMSR-E, but not used to predict θ. It 

is believed that atmospheric effects will introduce only small biases to the retrieval (Njoku et 

al., 2003), and are therefore negligible. Njoku cautioned that the dynamic ranges of θ and 

vegetation averaged over a large scale (38 km for 10.65 GHz) will be less than at in situ point 

locations due to the spatial smoothing and less frequent temporal sampling (Njoku et al., 

2003). Looking at global volumetric moisture percentages, AMSR-E θ ranged from 0 to 20% 

(Sahoo et al., http://gest.umbc.edu/student_opp/2004_gssp_reports/AlokSahoo.pdf 

verified 30 June 2011). Local and regional variability must be considered, because it is 

unlikely that a single point measurement will provide a quantitative representation of the 

average conditions over the footprint. Point-measured θ, whether averaged over an area or 

http://gest.umbc.edu/student_opp/2004_gssp_reports/AlokSahoo.pdf%20verified%2030%20June%202011
http://gest.umbc.edu/student_opp/2004_gssp_reports/AlokSahoo.pdf%20verified%2030%20June%202011
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using independently, often exhibits similar temporal trends as remotely sensed data (Njoku et 

al., 2003). 

AMSR-E and ECONet are sensed at different soil depths which will likely introduce 

error into their correlation. Previous research indicates that the sensing depth of a passive 

microwave is one tenth its wavelength (Wilheit, 1978). This would mean AMSR-E senses 

the top 2.8 mm while ECONet sensors are at 20-cm depth (ECONet Management Plan). In 

the upper 50 cm of soil, θ is most strongly influenced by fluxes in the active root zone and 

the atmosphere and is more variable than at greater depth (Western et al., 2002). During 

drying cycles, θ in the 0- to 1-cm depth is lower than at the 3- to 6-cm depth (Bosch et al, 

2003). This trend is reversed with precipitation. The surface layer also has higher variability 

(σ =13%) than the subsurface (σ =6%) on average. Desert areas might pose unique problems 

to θ retrieval. One desert study found AMSR-E values to be overly moist during dry 

conditions (Shibata et al., 2003). Comparisons can be made using either the day- or night-

time AMSR-E flyover. Either pass can be used but differences between the soil surface 

temperature and vegetation temperature may disrupt AMSR-E θ retrieval (Njoku et al., 

2003). The descending pass, which flies over during the night, was recommended for this 

reason. 

Direct correlation of AMSR-E θ to in-situ measurements hasn‟t been well quantified. 

Studies have shown AMSR-E θ has a small range of values, did not detect sudden increases 

in θ, and over estimated θ in hot and dry locations when compared to in situ measurements 

(Sahoo et al.,ams.confex.com/ams/pdfpapers/102114.pdf, verified 6 June 2011). Averaging 

daily values from less than a month, correlation coefficients for AMSR-E versus in-situ θ 



 

 

 

39 

 

data were as high as 0.78 for an average of 10 stations in Arizona. It was noted that AMSR-E 

had lower values than NASA‟s Global Land Data Assimilation System and Land Information 

System (GLAD/LIS) models, and particularly low variation in the summer (Sahoo et al., 

http://gest.umbc.edu/student_opp/2004_gssp_reports/AlokSahoo.pdf, verified 30 June 

2011). The only comparisons done in the Southeast found that AMSR-E had low variation 

and a dry bias (Jackson et al., 2007b). The mean relative difference of in-situ, Theta-probe 

measurements characterized θ with good accuracy within four out of six AMSR-E‟s Equal 

Area Scalable Earth (EASE) grid cells (Bosch et al, 2003). This was done with 49 probes 

spaced 8 to 10 km apart in 6 EASE-grid cells in Georgia.  

Research has been done to correct AMSR-E θ retrievals so that they correlate better 

with in situ measurements. Limaye et al. (2004, 2006) developed the Optimal Deconvolution 

Techniques to increase the accuracy of the antenna temperature readings by resampling 

inherent observation overlap due to averaging observations at a coarser resolution than they 

were sampled in, which leads to smoothing of data boundaries. Choi and Jacobs (2008) 

employed Common Land Models, like the Regional Statistics Method that reduces 

measurement error by taking the Common Land model population mean and adding to it its 

standard deviation times the difference of the daily θ observation and its monthly sample 

mean divided by the daily θ’s standard deviation. This is in order to increase the temporal 

variability of AMSR-E‟s θ readings that did not reflect the variability of in situ 

measurements.  

Our objectives included determining how daily AMSR-E θ relate to the ECONet 

measurements and thus to gauge the potential of AMSR-E passive microwave radiometry to 

http://gest.umbc.edu/student_opp/2004_gssp_reports/AlokSahoo.pdf
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improve spatiotemporal estimation of statewide θ. We hypothesized that AMSR-E θ across 

North Carolina are spatially correlated. We hypothesized that AMSR-E and ECONet θ are 

correlated. If these hypotheses are true, it should be possible to use AMSR-E θ with ECONet 

θ to estimate statewide θ and create daily θ maps. We also examined the relationship between 

ascending and descending AMSR-E passes. We wanted to test the assertion that the 

descending pass was more accurate. We hypothesized its θ would be more variable, and more 

correlated to in-situ observations. Lastly, we examined relationships between AMSR-E and 

ECONet θ on daily, monthly, seasonal, and annual time scales.  

 

Materials and Methods 

 

Data Sources 

AMSR-E is one instrument on the Aqua satellite. Aqua‟s mission is to gain more 

understanding about Earth‟s water cycle in all its forms: ice, snow, ocean water, atmospheric 

water, soil moisture, etc. These datasets are global in scale, so the information can be applied 

beyond NC if warranted. AMSR-E data are available without cost via a variety of data 

products and data pulls from the National Snow and Ice Data Center (NSIDC) in Boulder, 

CO. The ascending passes were used for all AMSR-E θ comparisons unless otherwise noted. 

ECONet data was obtained from the NC State Climate Office. 
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Data Characteristics 

AMSR-E estimates soil moisture by sensing the microwaves emitted by, at most, the 

surficial 2.8 mm of soil. It records these as brightness temperature (Tb). Because of the 

contrast between the dielectric properties of water versus soil solids, the strength of the 

microwave, (i.e., the brightness temperature, Tb) is a function of θ. AMSR-E passes over NC 

every other day with a statewide view using either the ascending or descending pass. The 

instantaneous field of view of the 10.65 GHz antenna is 51 x 30 km (across track X along 

track), but data are sampled at an interval of 10.1 X 9 km (along-track X cross track), and 

averaged to a 38 km footprint. It is then averaged again and served in a standardized global 

cylindrical Equal-Area Scalable Earth Grid (EASE-grid) with 25- km by 25-km cells.  The 

state contains 209 such cells. In theory, θ is sensed with an accuracy of 0.06 cm cm
-3

 in low 

vegetation conditions. Large water bodies, high vegetation biomass, and changes in 

topography all negatively affect accuracy of estimation of θ via passive microwave 

radiometry. This is a possible area of error considering NC‟s large amount of vegetative 

cover. 

It‟s not predictable which EASE-grid cells ECONet sites fall into according to 

reported latitudes and longitudes. The latitude and longitude in the L2B datasets are not 

coincident with the L3 cell‟s centroid location, but offset by about (-0.04663˚, 0.01534˚). We 

choose to use L2B data because L3 data does not allow you to access the EASE Grid cell 

locations through HDFView (see below), nor by subsetting in ArcMap. HDFView does not 

have a “Find” function, so visual scanning for the points nearest the ECONet sites is 

necessary, or copying the data out and querying in Access. However, since the EASE-grid 
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Lat/Long are not in the center of the cell, the wrong cells may be selected if chosen by 

nearest distance (Fig.11). Validation will be needed when using this data with in-situ data. 

We examined the temporal correlations of ECONet θ with AMSR-E θ from the 

individual cells that contained each ECONet stations to see if their variability through time 

was similar. We started with the representative sites suggested by the SCO. Of these, FLET 

is near Asheville which has higher potential of radio frequency interference (RFI), so it was 

eliminated. Taking into account potential for observation distortion in the mountains due to 

topography, WAYN was not ideal. ROCK is mostly viable except that the Tar River 

Reservoir, while not much larger than the river itself, is in the footprint. Then additional 

representative sites were selected using the added criteria of being two AMSRE cells away 

from relatively large bodies of open water (Njoku et al., 2003). CLIN was the best ECONet 

station in the state as far as geographic location, being distant from the ocean, mountains, 

large cities, and reservoirs and having one of the better data histories. Needing more than one 

ideal site for the comparison however, we began the analysis on temporal correlation using 

CLIN, OXFO, ROCK, and WAYN. 

 

Study Interval and Dates 

Based on station number and data quality considerations, we chose to use data from 

2007 through 2009. The lower bound could go back to 1998, but there are fewer stations 

available for analysis the further back in time one goes, and the poorer the data quality 

becomes. Also, the AMSR-E data, which will be used in another research objective, are 

largely available beginning in 2004. There were 31 ECONet stations at the start of 2007, and 
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two were removed from study because of poor data quality (HIGH & SILR), leaving 29 

stations for analysis. Quality control flags were not reviewed because of the time it would 

take to review each value at each station on each date. 

We began by examining the difference in spatial correlation between wet and dry 

days across the ECONet. We hypothesized that spatial correlation of θ would be stronger on 

wet days compared to dry days. Is has been shown that field capacity water content is more 

uniform than air-dry water content across NC‟s Piedmont and Coastal Plain, across soil 

textures (Pan, 2010). To do this, we started by looking at precipitation records from the State 

Climate Office (Fig.2) and determining the months of highest and lowest rainfall. These were 

September 2008, and May and November 2009 for wet months, and November 2007, June 

2008, and February 2009 for dry months.  

NC‟s Storm Event Database (http://www.nc-

climate.ncsu.edu/monitoring/events.htmlverified 20 Sept. 2011) was used to find large 

precipitation events that might have covered the whole state.  We expected such an event to 

provide a short period of relatively, uniformly saturated or high θ across the state. Tropical 

Storm Hanna in September 2008 was the only storm found in the study period that generally 

traversed the state, east to west. 

Daily-averaged ECONet θ data were then used to find specific wet and dry days 

within the wet and dry months noted. These were chosen considering representative sites, 

peaks of wet and dry, and uniformity across the state. The SCO provided a subset of stations 

that represent average conditions for the state‟s three physiographic regions. These were: 

Waynesville (WAYN) and Fletcher (FLET) in the Mountains; High Point (HIGH), Rocky 
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Mount (ROCK), and Jackson Springs (JACK) in the Piedmont; and Plymouth (PLYM), 

Aurora (AURO), and Castle Hayne (CAST) in the Coastal Plain. Their daily averaged θ data 

were reviewed for peak dry and wet days within the high and low precipitation months. The 

most coincident peaks of wet and dry conditions for all eight stations were chosen as the 

representative dates. The wet dates were 6 Sept. 2008, 18 and 19 May 2009, and 12 Nov. 

2009. The dry dates were 14 Nov. 2007, 18 June 2008, and 17 Feb. 2009.  This task was 

inherently difficult in that what happens on the coast is not generally occurring in the 

mountains, and vice versa. The dates, therefore were an average of the wettest/driest days for 

most stations, and erred toward the date when most stations had received a generally 

statewide rainfall or dry period. 

 

Analytical Software 

The AMSR-E θ data come in hierarchical data files (.hdf) and require special 

procedures to view and manipulate. Using grid georeferencing, we subset the data to select 

only the grid cells covering NC. So-called Level 3 data, which include the θ estimates in 

EASE grid cells, were viewed in ArcGIS 9.3.1 (ESRI, Redlands, CA). This was an inefficient 

program to analyze multiple .hdf files, since several steps were required to access and view θ.  

L2B data are also averaged into the EASE grid, but are stored in a table format. They 

can be loaded into ArcMap by adding them as XY data. Using L2B also requires less 

memory (L2B: 1 MB; L3: 63 MB). HDFView 2.6.1 (HDF Group, Champaign, IL) was used 

to view these data, copy tables, and other limited options. Both data types and programs were 

used to analyze AMSR-E θ data. 
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An R script was used in Linux to pull L3 θ for specific cell locations that were 

coincident with ECONet as well as for all cells that covered the entire state. This is the most 

efficient program to subset these data, although issues arose with the extracted cell locations 

not matching locations reported in HDView and ArcMap. GS+ 9 (Gamma Design, Plainwell, 

MI) was used to generate semivariograms across NC. Excel 2007 (Microsoft Corporation, 

Santa Rosa, CA) was used to compile climate θ data and perform Student‟s t-Tests. SAS 9.2 

(SAS, Cary, NC) was used for statistical characterization. Descriptive statistics were obtained 

using PROC REG. Coefficients of determination and significance were determined using the 

PROC CORR. 

 

Results and Discussion 

 

AMSR-E Spatial Correlation 

 Descriptive statistics for daily, ascending AMSR-E θ for the 209 NC cells on the 

same wet and dry days used in the ECONet analyses are summarized in Table 11. AMSR-E θ 

was lower and less variable than ECONet θ (Table 2).  Semivariograms of AMSR-E θ were 

well modeled (r
2
 = 0.89 – 0.99; Table 12) and showed very strong spatial correlation that 

ranged from 90 to 99% of the total variability (nugget:sill from 0.0004 to 0.02, respectively). 

Fig.12 shows one semivariogram that demonstrates the strong spatial correlation of AMSR-E 

θ. The nugget is very low with a well-defined sill. In contrast to the ECONet θ 

semivariogram, AMSR-E had upwards of 183 data points on the study days, leading to the 

first lag classes having more than 50 pairs. Some of the semivariograms do not even arrive at 
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a sill at half the maximum lag distance (Fig.13), indicating that the population variance may 

occur at a distance farther than the maximum lag. This may be due to spatial averaging into 

the EASE grid. 

 Descriptive statistics for daily, descending AMSR-E θ are summarized in Table 13. 

There was no difference between descending and ascending AMSR-E θ means or standard 

deviations as was expected from the literature. Descending data had higher maximum values 

of θ averaged by moisture condition, wet and dry (215 vs. 189 respectively; p-value <0.01). 

Its spatial correlation strength was very similar to the ascending, nugget:sill being between 

0.02 and 0.11 (Table 14). Wet and dry days had different mean correlation ranges, 365 vs. 

328 km, respectively (p-value <0.05).The r
2
s of the simple linear regression between 

ascending and descending pass θ ranged from 0.55 to 0.90 (Table 15). Fig.14 shows the 

strongest correlation found between the passes, which occurred on a wet day. A dry date 

shows how the majority of ascending passes θ were lower than descending pass θ (Fig.15). 

This may be controlled by the θ algorithm.  

 Since the ECONet has far fewer observations than the AMSR-E‟s 209 cells across the 

state, ascending pass θ from the 29 AMSR-E cells corresponding to the ECONet sites was 

tested to see if having the same number of sites as available from the ECONet affected the 

characterization of the spatial correlation. The hypothesis was that the correlation would 

decrease. All days studied had a nugget:sill < 0.09 (Table 16), and most were much lower, 

making it on par with the statewide spatial correlation of both ascending and descending 

data. When using 29 observations, the average range of spatial correlation of ascending-pass 
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θ across moisture condition greatly decreased from 607 km to 117 km (p-value <0.001).Fig. 

16 shows the best modeled semivariogram from a wet day (17 May 2009) with nugget:sill = 

0.00 and an r
2
 = 0.88. Fig. 17 shows the semivariogram of a well modeled dry day 

(nugget:sill = 0.00, r
2
 = 0.86). 

 

Statewide Simple Linear Regression of ECONet and AMSR-E θ 

Comparing the statewide ECONet and AMSR-E θ datasets was difficult due to not 

having complete, statewide AMSR-E data passes on the majority of the previously chosen 

ECONet study days, or only partial data over the state. In these cases, AMSR-E data from the 

day before and/or after were compared to the study days used for the ECONet (Table 17). 

The one exception was 17 Feb. 2010 when the same day was available. AMSR-E θ from the 

29 cells containing the ECONet stations were directly regressed with ECONet θ. Daily 

averaged data were used for both (L3 AMSR-E data). We found no correlation of ECONet θ 

with AMSR-E in any date pairs. Fig.18 shows the best simple linear regression, which had an 

r
2
=0.07. While disappointing relative to the objectives of this research, the lack of correlation 

may be due to several factors. For example, the ECONet θ are point observations at 20-cm 

depth and AMSR-E senses surficial (0 – 2.8 mm) θ integrated over large-area cells. However, 

one reason we chose to study wet and dry days was that we expected that differences 

between these depths would be minimized on wet and dry days. Comparisons of the 

coefficients of variation (CV) showed lower overall variability in the AMSR-E versus 

ECONet data. Part of this was likely due to the large AMSR-E Tb sensing footprint and the 

averaging of data into the individual EASE grid cells.  The sensing is de facto averaging, the 
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latter explicit averaging, both of which would reduce variability as a corollary to the central 

limit theorem: the variability of the average of subsample averages is less than the variability 

of the entire sample. 

 
Site-Specific Temporal Correlation 

Unexpected data issues were found when looking at the REID ECONet station 

(Fig.19). For as many as six months in 2008, the station repeated soil moisture values 

regardless of rainfall and drying. Since the θ values were in normal bounds these false data 

were not flagged. Data sets must be examined for unexpected data problems like this which 

are not being corrected, removed, or flagged via current ECONet quality assurance/quality 

control measures.  

Table 18 shows the temporal correlations of AMSR-E and ECONet θ for all of 2008 

and by season starting with January to March as winter at select, individual ECONet sites. 

The r
2
s for 2008 were lower than most seasons. Seasonal coefficients of determination 

ranged from 0.01to 0.52, a large improvement compared to the relationships of AMSR-E and 

ECONet θ statewide on individual dates. The regression of ECONet and AMSR-E θ for 

winter, 2008 is (r
2
= 0.44), shown in Fig.20. This model did not improve with removal of 

extreme ECONet values (not shown). It had seemed the model had another trend that was 

being pulled down by extreme ECONet values. These were removed but the linear regression 

did not improve. ECONet θ showed clearly defined wetting and drying cycles which at CLIN 

in 2008 varied by as much as 0.21 cm
3
 cm

-3
 (Fig.21, Fig.22). AMSR-E θ was much less 

variable with a range of only 0.08 cm
3
 cm

-3
(p-value <0.05). Secondly, AMSR-E θ were very 
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low (0.10- 0.18 cm
3
 cm

-3
) compared to ECONet θ (0.15-0.38 cm

3
 cm

-3
), and lower than 

physically expected over many substantial rain events that would have saturated all soil 

within the cell. AMSR-E θ means, minimums, and maximums were all different than 

ECONet θ with  p-values less than 0.01 over all of 2008 at these five sites. Their CV „s 

however were not different during 2008. Fig.23 shows daily θ for spring 2008 for OXFO and 

the AMSR-E cell containing it. The ECONet data exhibited dynamic moisture release, while 

the AMSR-E data showed very little variation and very low magnitude relative to ECONet θ. 

 

Conclusions 

 

AMSR-E θ cannot be used with ECONet θ to interpolate θ since they are not 

correlated on a statewide scale. AMSR-E‟s algorithm appears inaccurate and imprecise at 

estimating θ and needs refining and validation. This was demonstrated in AMSR-E‟s low θ 

estimates and damped variation with respect to ECONet. Site-specific comparisons over 

seasonal and annual time scales did improve correlation between AMSR-E and ECONet θ 

compared to statewide observations over daily, seasonal, and annual time scales. AMSR-E θ 

displayed strong spatial correlation using all 209 cells across NC. This might be due in part 

to the “drop-in-the bucket” processing which averages the multiple raw data returns within 

an EASE grid cell to determine the cell‟s θ. There was also good agreement between 

ascending and descending spatial correlation. Their θ estimates however were more similar 

during wet than dry periods. Even when AMSR-E data were limited to the 29 cells 

containing the ECONet sites, semivariography still captured substantial spatial correlation. 
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Recommendations for Future Research 

 

ECONet data still need further data quality assessment and filtering standards such as 

flagging repeating values and eliminating values that exceed physical limits determined via 

analysis of soil porosity, which determines maximum saturated volumetric water content. 

Spatial correlation of soil moisture across the state should be studied again when the ECONet 

has more stations and remote sensing algorithms improve. Given that only a limited number 

of “wet” and “dry” dates were examined, the temporal and spatial correlation should be 

examined for different dates and when more sites become available. The AMSR-E θ 

algorithm needs to be adjusted to better capture the variability of θ wetting and drying cycles. 
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Table 11. Summary statistics for statewide ascending AMSR-E volumetric soil moisture 

content (θ) on select, representative wet and dry days, 2007 through 2009. 

Condition & 

Date N † Mean † Std Dev † 

Minimum 

† Maximum † CV † 

  -------------------cm
3
 cm

-3
------------------- % 

Wet       

5 Sept. 2008 195 0.129 0.021 0.031 0.195 16 

7 Sept. 2008 205 0.143 0.018 0.077 0.218 13 

17 May 2009 183 0.135 0.026 0.01 0.18 19 

19 May 2009 201 0.151 0.019 0.081 0.201 13 

11 Nov. 2009 184 0.130 0.026 0.026 0.173 20 

13 Nov. 2009 209 0.139 0.018 0.064 0.196 13 

Mean 196 A 0.138 A 0.021 A 0.048 A 0.194 A 16 A 

Dry       

13 Nov. 2007 206 0.128 0.016 0.053 0.17 13 

15 Nov. 2007 208 0.132 0.028 0.009 0.175 21 

17 June 2008 206 0.138 0.017 0.074 0.191 12 

19 June 2008 207 0.139 0.021 0.074 0.204 15 

17 Feb. 2009 186 0.122 0.021 0.082 0.174 17 

Mean 203 A 0.132 A 0.021 A 0.058 A 0.183 A 16 A 
† condition means values within column followed by the same letter are not significantly different at p <0.05 

Averages italicized. 

 

 



 

 

 

52 

 

Table 12. Semivariogram model parameters for spatial correlation of statewide ascending AMSR-E volumetric soil 

moisture content (θ) on select, representative wet and dry days, 2007 through 2009. 

Condition & 

Date 

Active 

Lag 

Lag 

Class 

Best-Fit 

Model r
2
† Nugget † Sill † Range † N:S † 

 ------- m ------   cm
3
 cm

-3
 m  

Wet         

5 Sept. 2008 405947 27063 Spherical 0.99 21 612 458,900 0.03 

7 Sept. 2008 " " Spherical 0.89 28 370 232,700 0.08 

17 May 2009 " " Spherical 0.99 30 1650 908,900 0.02 

19 May 2009 " " Exponential 0.99 14 435 404,100 0.03 

11 Nov. 2009 " " Gaussian 0.99 83 1177 522,213 0.07 

13 Nov. 2009 " " Exponential 0.98 38 391 482,700 0.10 

Mean    0.97 A 36 A 773 A 501,586 A 0.05 A 

Dry         

13 Nov. 2007 " " Exponential 0.98 18 347 674,100 0.05 

15 Nov. 2007 " " Gaussian 0.99 102 1554 586,299 0.07 

17 June 2008 " " Spherical 0.98 52 506 782,800 0.10 

19 June 2008 " " Exponential 0.99 28 650 716,700 0.04 

17 Feb. 2009 " " Gaussian 0.98 1 2112 902,572 0.01 

Mean    0.99 A 40 A 1034 A 732,494 A 0.05 A 
† condition means values within column followed by the same letter are not significantly different at p <0.05 

Averages italicized. 
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Table 13. Summary statistics for descending AMSR-E volumetric soil moisture content (θ) on select, representative 

wet and dry days, 2007 through 2009. 

Condition & 

Date N † Mean †  Std Dev † Minimum † Maximum † CV † 

  -------------------cm
3
 cm

-3
------------------- % 

Wet       

5 Sept. 2008 197 0.136 0.021 0.032 0.230 15 

7 Sept. 2008 186 0.138 0.019 0.064 0.239 14 

19 May 2009 185 0.148 0.024 0.048 0.249 16 

11Nov.2009 157 0.121 0.024 0.031 0.197 20 

13 Nov. 2009 198 0.136 0.016 0.058 0.200 12 

Mean 185 A 136 A 0.021 A 0.047 A 0.223 A 15 A 

Dry       

13 Nov. 2007 199 0.126 0.023 0.011 0.197 18 

15 Nov. 2007 204 0.127 0.020 0.053 0.186 16 

17 June 2008 200 0.136 0.025 0.010 0.215 18 

19 June 2008 185 0.131 0.019 0.079 0.218 15 

Mean 197 A 0.130 A 0.022 A 0.038 A 0.204 A 17 A 
† condition means values within column followed by the same letter are not significantly different at p <0.05 

Averages italicized. 
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Table 14. Semivariogram model parameters for spatial correlation of statewide descending AMSR-E volumetric soil 

moisture content (θ) on select, representative wet and dry days, 2007 through 2009. 

Condition & 

Date 

Active 

Lag 

Lag 

Class 

Best-Fit 

Model r
2
‡ Nugget‡ Sill‡ Range‡ N:S‡ 

 ------- m ------   cm
3
 cm

-3
 m  

Wet         

5 Sept. 2008 405947 27063 Spherical 0.94 37 461 204,200 0.08 

7 Sept. 2008 " " Spherical 0.87 31 435 263,500 0.07 

19 May 2009 " " Spherical 0.90 56 683 222,300 0.08 

11 Nov. 2009† " " Gaussian 0.96 218 2546 875,725 0.09 

13 Nov. 2009 " " Exponential 0.95 12 284 261,300 0.04 

Mean    0.92 A 34 A 466 A 365,405 A 0.07 A 

Dry         

13 Nov. 2007 " " Exponential 0.98 12 635 408,300 0.02 

15 Nov. 2007 " " Spherical 0.98 42 478 370,300 0.09 

17 June 2008 " " Spherical 0.96 78 680 294,400 0.11 

19 June 2008 " " Spherical 0.91 46 420 240,200 0.11 

Mean    0.96 A 45 A 553 A 328,300 A 0.08 A 
† Omitted from average Sill and Nugget 

‡condition means values within column followed by the same letter are not significantly different at p <0.05 

Averages italicized. 
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Table 15. Simple linear regression of ascending and descending AMSR-E volumetric 

soil moisture content (θ). 

Condition & Date r
2
† 

Wet  

5 Sept. 2008 0.63*** 

7 Sept. 2008 0.90*** 

19 May 2009 0.74*** 

11 Nov. 2009 0.61*** 

13 Nov. 2009 0.80*** 

Mean 0.74 

Dry  

13 Nov. 2007 0.56*** 

15 Nov. 2007 0.68*** 

17 June 2008 0.55*** 

19 June 2008 0.84*** 

Mean 0.66 
* Significant at the 0.05 probability level. 

** Significant at the 0.01 probability level. 

*** Significant at the 0.001 probability level. 

† condition means values within column followed by the same letter are not significantly different at p <0.05 

Averages italicized. 
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Table 16. Semivariogram model parameters for spatial correlation of ascending AMSR-E volumetric soil moisture 

content (θ) over 29 ECONet stations on select, representative wet and dry days, 2007 through 2009. 

Condition & 

Date 

Active 

Lag 

Lag 

Class 

Best-Fit 

Model r
2
 † Nugget † Sill † Range † N:S † 

 ------- m ------   cm
3
 cm

-3
 m  

Wet         

5 Sept. 2008 155073 28000 Gaussian 0.83 0.1 125 65,991 0.00 

7 Sept. 2008 " " Gaussian 0.80 0.1 93 78,635 0.00 

17 May 2009 " " Gaussian 0.88 1 540 104,443 0.00 

19 May 2009 " " Gaussian 0.81 20 219 95,955 0.09 

11 Nov. 2009 " " Gaussian 0.82 0.1 267 81,753 0.00 

13 Nov. 2009 " " Gaussian 0.74 0.1 123 72,227 0.00 

    0.81 A 3.6 A 228 A 83,167 A 0.02 A 

Dry         

13 Nov. 2007 " " Gaussian 0.81 0.1 128 83,312 0.00 

15 Nov. 2007 " " Gaussian 0.88 0.1 205 80,807 0.00 

17 June 2008 " " Spherical 0.86 0.1 68 83,700 0.00 

19 June 2008 " " Spherical 0.91 2.6 177 283,500 0.01 

17 Feb. 2009 " " Gaussian 0.96 12.4 236 252,187 0.05 

    0.88 A 3.1 A 163 A 156,717 A 0.01 A 
† condition means values within column followed by the same letter are not significantly different at p <0.05 
Averages italicized.
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Table 17. Simple linear regression of statewide, daily ECONet θ versus AMSR-E θ in 

the 29 grid cells containing the ECONet stations. Not all dates coincide because a single 

AMSR-E pass only has a full state view every other day. 

ECONet Date & Condition AMSR-E Date r
2
 

Wet   

6 Sept. 2008 5 Sept. 2008 0.01 

6 Sept. 2008 7 Sept. 2008 0.00 

18 May 2009 17 May 2009 0.04 

18 May 2009 19 May 2009 0.00 

12 Nov. 2009 11 Nov. 2009 0.01 

12 Nov. 2009 13 Nov. 2009 0.00 

Dry   

14 Nov. 2007 13 Nov. 2007 0.01 

14 Nov. 2007 15 Nov. 2007 0.00 

18 June 2008 17 June 2008 0.07 

18 June 2008 19 June 2008 0.00 

17 Feb. 2009 17 Feb. 2009 0.00 
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Table 18. Coefficients of determination (r
2
) of site-specific ECONet volumetric soil 

moisture content (θ) versus AMSR-E θ from the grid cell containing the ECONet 

station over seasons and year of 2008. These sites were chosen because their locations 

were assumed to be optimal for θ retrieval, while representing the states three 

physiographic regions.  

Time 

Range 

Wayne 

(WAYN) 

Oxford 

(OXFO) 

Clinton 

(CLIN) 

Rockingham 

(ROCK) 

Winter 0.02 0.02 0.44*** 0.04 

Spring 0.50*** 0.13** 0.46*** 0.09* 

Summer 0.08 0.11** 0.52*** 0.19** 

Fall  0.04 0.05 0.13** 0.01 

2008 0.21*** 0.05*** 0.25*** 0.00 
* Significant at the 0.05 probability level. 

** Significant at the 0.01 probability level. 

*** Significant at the 0.001 probability level. 

 



 

 

 

59 

 

 
Fig.11. Spatial offset of AMSR-E L3 data (cell centroid) and AMSR-E L2B data. Inset 

map shows AMSR-E L3 volumetric soil moisture content (θ) as interpolated into the 

Equal-Area Scalable Earth (EASE) grid. Red bounded area on inset map is shown 

behind at larger scale. 
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Fig.12. Semivariogram of statewide, ascending AMSR-E volumetric soil moisture 

content (θ) on 7 Sept. 2008, a wet day; nugget:sill=0.08; r
2
 = 0.89, range = 233 km. 
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Fig.13. Semivariogram of statewide AMSR-E volumetric soil moisture content (θ) on 17 

June 2008, a dry day; nugget:sill=0.10; r2 = 0.98, range = 783 km. 
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Fig.14. Simple linear regression of AMSR-E volumetric soil moisture content (θ) from 

ascending and descending passes, 7 Sept. 2008, a wet day; r
2
=0.90, p < 0.001. 
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Fig.15. Simple liner regression of AMSR-E volumetric soil moisture content (θ) from 

ascending and descending passes, 15 Nov. 2007, a dry day; r
2
=0.68, p < 0.001. 
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Fig. 16. Semivariogram of ascending AMSR-E volumetric soil moisture content (θ) for 

the 29 cells containing the ECONet stations on 17 May. 2009, a wet day; 

nugget:sill=0.00; r
2
 = 0.88, range = 104 km. 
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Fig. 17. Semivariogram of ascending AMSR-E volumetric soil moisture content (θ) for 

29 cells containing the ECONet stations on 17 June. 2008, a dry day; nugget:sill=0.00; r
2
 

= 0.86, range = 84 km. 
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Fig.18. Simple linear regression of AMSR-E volumetric soil moisture content (θ) versus 

ECONet θ on 17 and 18 June 2008, respectively, a dry period; r
2
=0.07, p = 0.18. 

0.000

0.020

0.040

0.060

0.080

0.100

0.120

0.140

0.160

0.180

0 0.1 0.2 0.3 0.4

A
M

S
R

-E
 θ

(c
m

3
c

m
-3

)

ECONet θ (cm3 cm-3)



 

 

 

67 

 

 

Fig.19. Daily ECONet volumetric soil moisture content (θ) at the Reidsville, NC station 

and for the AMSR-E cell containing it for 2008. Linear regression of the two had r
2
=0.0. 
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Fig.20. Simple linear regression of AMSR-E volumetric soil moisture content (θ) from 

the grid cell containing the Clinton ECONet station versus Clinton ECONet θ, winter 

2008, n=64; r
2
=0.44, p<0.001. 
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Fig.21. Daily volumetric soil moisture content (θ) from ECONet station at Clinton, NC 

and from the AMSR-E grid cell containing the Clinton station, winter into spring 2008. 
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Fig.22. Daily volumetric soil moisture content (θ) from ECONet station at Clinton, NC 

and from the AMSR-E grid cell containing the Clinton station, 2008. Linear regression 

of the two had r
2
 = 0.25, p = <0.001, n = 258. 
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Fig.23. Daily ECONet volumetric soil moisture content (θ) at the Oxford, NC station 

and for the AMSR-E cell containing it for spring 2008. Linear regression of the two had 

r
2
=0.13, p <0.001, n =66. 
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CHAPTER III: AMSR-E SOIL MOISTURE ALGOITHM 

EVALUATION 

 

 

Introduction 

The lack of spatial and temporal correlation between North Carolina‟s Environment and 

Climate Observing Network (ECONet) and NASA‟s Advanced Microwave Scanning 

Radiometer for the Earth Observing System (AMSR-E) soil moisture (θ) estimates may be 

due to the grossly different areas (point vs. large cell) and depths (20 vs.<2.8 mm) sampled,. 

The accuracy and precision of the algorithm used to estimate θ however is also in question. 

There has been little validation of the AMSR-E θ algorithm, which estimates θ as a function 

of AMSR-E brightness temperature (Tb) and other parameters. Currently, the National Snow 

and Ice Data Center 

(NSIDC)(http://nsidc.org/data/docs/daac/ae_land_l2b_soil_moisture.gd.html, verified 31 

May 2011), which serves the data, describes the algorithm as follows: 

“The soil moisture algorithm uses Polarization Ratios (PR), which are sometimes 

called normalized polarization differences of the AMSR-E channel brightness 

temperatures (Tbs). PR is the difference between the vertical and horizontal Tbs at a 

given frequency divided by their sum. This effectively eliminates or reduces surface 

temperature effects, which is necessary since no dynamic ancillary surface 

temperature data are input to the algorithm. The algorithm first computes a 

vegetation/roughness parameter g using PR 10.65GHz and PR 18.7 GHz, plus three 

empirical coefficients. Soil moisture is then computed using departures of PR 10.65 

GHz from a baseline value, plus four additional coefficients. The baseline values for 

http://nsidc.org/data/docs/daac/ae_land_l2b_soil_moisture.gd.html
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PR 10.65GHz are based on monthly minima at each grid cell over an annual cycle. 

AMSR-E/Aqua L2A Global Swath Spatially-Resampled Tbs (Tb) are used as input 

to calculating soil moisture variables. Static input databases are used for surface 

classification and to identify valid grid points for retrieval. Surface topography data 

are derived from the United States Geological Survey (USGS) GTOPO30 global 

digital elevation model. Horizontal grid spacing is 30 arc seconds. Preprocessing of 

these data enables screening out points over ocean, mountains, and areas where the 

topographic variability within a grid cell is likely to degrade geophysical retrievals. 

Sand and clay fraction are derived from a 1 degree x 1 degree latitude/longitude 

global soil type database that estimates soil dielectric properties as a function of soil 

moisture content. A mask of permanent ice and snow is used to screen out these 

areas over land. Vegetation type is derived from the USGS 1 km global land cover 

characteristics database. These data estimate the dependence of vegetation type on 

the model coefficient that relates vegetation water content to vegetation opacity. 

Finally, precipitable water and surface air temperature are derived from National 

Center for Environmental Prediction (NCEP) or European Centre for Medium-

Range Weather Forecasts (ECMWF) global reanalysis climatologies, or from real-

time forecast model outputs. These data are used for estimating atmospheric 

contributions in the geophysical retrieval algorithm” (Njoku, 1999). 

 

Correspondence with Dr. Njoku via the NSIDC revealed up-to-date, previously 

unpublished information about the algorithm: 



 

 

 

74 

 

 

"In the implementation of the AMSR-E algorithm for Aqua/AMSR-E processing we 

made a decision, after reviewing the complexities with the MSFC SIPS [Marshall 

Space Flight Center Science Investigator-Led Processing System], not to use any 

dynamic (real-time forecast) ancillary data sets from outside sources such as 

ECMWF or NCEP. We also decided to use an AMSR-E algorithm embedded in our 

code to determine a rain flag for our use based solely on AMSR-E brightness 

temperature data, rather than rely on any outside source of precipitation ancillary 

data. Since the land parameter algorithm used 10.65 GHz data primarily for the soil 

moisture retrieval, and influence of atmospheric moisture variability at that 

frequency on soil moisture retrieval was minimal, we did not use any external 

ancillary data for atmospheric correction. Finally, we used a polarization ratio 

algorithm that did not require any external surface air temperature information. The 

summary of all this is to say that in the final implementation we did not use any 

NCEP databases or models in the AMSR-E land algorithm" (Dr. Njoku quoted in 

NSIDC e-mail, June 1, 2011). 

 

Our understanding of the algorithm is that it uses temporally and spatially variable 

AMSR-E Tbs from the 10.65 GHz frequency, as well as ancillary data that are spatially 

variable but temporally static (Table 19).  Having looked into the actual program code of the 

AMSR-E soil moisture algorithm (NSIDC) and conversed with Dr. Njoku, it seems there are 

two dynamic variables: Tb and the monthly minimum PR. The global soil types data consists 
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of clay and sand fractions over a 1˚ by 1˚ area. In NC, there are three different clay amounts, 

and five sand amounts.  

Given that the accuracy and precision of the AMSR-E θ algorithm is unknown, we 

decided to examine the relationship between AMSR-E θ and the 10.65GHz Tb, both vertical 

and horizontal polarizations and also the PR, since these are the main inputs for the 

estimation. This might indicate the extent to which the algorithm estimates soil moisture via 

model parameters other than Tb, as well as indicate whether and how model fidelity to Tb 

changes over time and space. The spatial correlation of both vertical and horizontal Tb was 

also determined. ECONet θ was related to these parameters to see if they correlate better than 

did the AMSR-E θ product. We also characterized the relationship between AMSR-E θ and 

PR on the individual cell level to determine what parameters (static vs. dynamic) may be 

controlling variability.  

 

Materials/Methods 

Data Sources 

The AMSR-E Tb is remotely sensed from NASA‟s Aqua satellite and AMSR-E θ is 

derived from Tb. AMSR-E data are available without cost via a variety of data products and 

data pulls from the National Snow and Ice Data Center (NSIDC) in Boulder, CO. ECONet 

data was obtained from the NC State Climate Office. 
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Data Characteristics 

AMSR-E estimates soil moisture by sensing the microwaves emitted by the surficial 

2.8 mm of soil. It records these as brightness temperature (Tb). Because of the contrast 

between the dielectric properties of water versus soil solids, the strength of the microwave, 

(i.e., Tb) is a function of θ. AMSR-E passes over NC every other day with a statewide view 

when using one pass, either the ascending or descending. The PR corrects for surface-

vegetation temperature differences and is calculated as (Tbv – Tbh)(Tbv + Tbh)
-1 

(Njoku et al., 

2003, 2006; AMSR Algorithm), where Tbv = vertical brightness temperature and Tbh = 

horizontal brightness temperature. PR is calculated using a moving window of a month‟s 

Tb‟s over an annual cycle for each cell. 

At 10.65 GHz the data are sampled at mean spatial resolution of 38 km. They are then 

averaged and served in a standardized global Equal-Area Scalable Earth Grid (EASE-grid) 

with 25- by 25-km cells.  The state contains 209 such cells. In theory, θ is sensed with an 

accuracy of 0.06 cm
3
cm

-3
 in low vegetation conditions. Large water bodies, high vegetation 

biomass, and changes in topography all negatively affect accuracy of estimation of θ via 

passive microwave radiometry. 

To correct for these interferences, an algorithm that incorporates parameters for soil 

texture, vegetation, surface roughness, and quality checks is used to estimate θ from the raw 

Tb data. The data are also flagged for ice, permafrost, snow, precipitation, radio frequency 

interference, and vegetation density. Level 2A Tb data are resampled to the 38 km footprint 

of the 10.65 GHz frequency. Then in Level 2B, PR is determined at this resolution 

(amsre_l2main θ algorithm source code). PR is used in place of a single Tb polarization to 
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effectively normalize the surface temperature, leaving a quantity that is dependent primarily 

on soil moisture and vegetation. As frequency increases, the PR becomes more dependent on 

vegetation and roughness and less on soil moisture. Other ancillary data like soil texture, 

vegetation type, topography, and land-water layer are applied to the cells in the same step as 

the monthly minimum PR. Following this, PR‟s are averaged into the EASE grid. Then θ is 

estimated. Lastly quality control flags are put in place.  

For most analyses, we looked at nine study days used previously to look at effects of 

wetness by choosing relatively wet and dry days. The wet days were 5 Sept 2008, 17 and 19 

May 2009, and 13 Nov. 2009. The dry days were 13 and 15 Nov. 2007, 17 and 19 June 2009, 

17 Feb. 2009.  

 

Analytical Software 

DownLoadThemAll 2.0.7 (Nils Maier, Federico Parodi, Stefano Verna), an 

application for Firefox, was used to download multiple L2B data files from NSIDC‟s EOS 

Data Pool (http://nsidc.org/data/data_pool/index.html, verified 16 Nov. 2011). HDFView 

2.6.1 (HDF Group, Champaign, IL) was used to copy L2B horizontal and vertical Tb and θ 

data. These were then loaded into Access 2007 (Microsoft Corporation, Santa Rosa, CA) and 

queried by ECONet station latitude and longitude for statewide comparison. Excel 2007 

(Microsoft Corporation, Santa Rosa, CA) was used to compile climate θ data and perform 

Student‟s t-tests. We used the geostatistical software GS+ 9 (Gamma Design, Plainwell, MI) 

to generate semivariograms. SAS 9.2 (SAS, Cary, NC) was used for statistical 

https://addons.mozilla.org/en-US/firefox/user/105689/
https://addons.mozilla.org/en-US/firefox/user/130/
https://addons.mozilla.org/en-US/firefox/user/118438/
http://nsidc.org/data/data_pool/index.html
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characterization. Descriptive statistics were obtained using the PROC REG. Coefficients of 

determination and significance were determined using the PROC CORR. 

 

Results and Discussion 

 

AMSR-E θ, Brightness Temperature, and Polarization Ratio 

Table 20 and Table 21 show summary statistics for both vertical and horizontal Tb on 

the wet and dry dates studied, as well as their coefficients of determination (r
2
) of their 

correlation with AMSR-E θ in NC‟s 209 cells. For both polarizations, Tb means, ranges, and 

standard deviations for wet and dry days were similar. Two dry days (15 Nov. 2007 and 17 

Feb 2009) had higher minimum values and ranges that were about one third lower than for all 

other days. These days have been drier than the rest considering that higher minimum values 

mean less water attenuating the microwave intensity. Horizontal Tb mean and minimums 

were lower than vertical (p-values <0.001 and <0.05, respectively). Vertical Tb range and 

standard deviation were lower than horizontal (p <0.001). On average, CVs for vertical Tb 

were about half those of horizontal Tb (4vs. 7%; p <0.001). This was mostly due to 

horizontal Tb having higher standard deviation. Within a polarization, there was little or no 

difference in CV between wet and dry days.  

The r
2
 for correlations of Tb with AMSR-E θ ranged from 0.04 to 0.56 (Table 20 and 

Table 21). Fig.24 shows one such regression. Within either polarization, there were no 

significant differences of these correlations between wet and dry days. Neither was there a 

difference of correlation between the two polarizations. AMSR-E θ was somewhat more 
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strongly correlated to PR than horizontal Tb (p <0.01), on average, given either polarization 

or moisture condition (Table 22). PR and vertical Tb‟s regressions with AMSR-E θ did not 

differ significantly between polarizations. Fig.25 shows the best linear regression of PR with 

AMSR-E θ with an r
2
 of 0.58, while the average r

2 
was 0.33. They demonstrate that PR 

doesn‟t explain the majority of variation in θ, even though it is the only dynamic variable in 

the θ algorithm.  

On average and across polarization, the spatial correlation of Tb was somewhat 

stronger for dry days than wet days with an average nugget:sill of 0.04 and 0.20 (i.e., 

proportion of variability that was spatial was 96 and 80%) respectively (Tables 23 and 24). 

The average sill was different (p-value <0.001) between polarizations with 6074 for vertical 

and 17,072 for horizontal. The max lag was 8.08˚. Lag classes had between 340 to 350 pairs. 

 

ECONet θ, Brightness Temperature, and Polarization Ratio 

Brightness temperature, in either polarization and condition explained less than 10% 

of the variability in ECONet θ (Table 25). ECONet was also poorly (r
2
<0.12) correlated to 

AMSR-E θ. These r
2
s differ from Table 17 because they were taken from Level 3 data 

instead of Level 2b. This difference lies in their differing EASE-grid cell coordinates (Figure 

11). It was also poorly correlated to PR (r
2
< 0.07). There were no significant differences 

between ECONet θ with PR verses ECONet θ either Tbs. Neither were there differences 

between a given parameter‟s correlations on wet and dry day. 

Fig.26 shows ECONet θ regressed with Tb on 17 and 18 May 2009, a wet period. The 

three points in the left side correspond to the AURO, CAST, and PLYM stations. They are 
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within the average range of the ECONet data, but appear to be outliers in the range of Tb. 

When removed, the r
2
 from 17/18 May 2009 increased from 0.1 to 0.14. Likewise the r

2
 on 

19 May 2009 increased from 0.56 to 0.79. These three stations are the closest ECONet 

stations to the coastline, and are near the mouths of major rivers (the Neuse, Cape Fear, and 

Tar-Pam, respectively). On some dates BUCK also had a very low Tb. It is also coastal and 

near the Roanoke River. In the statewide view of NC in Figure 15, the coastal plain values 

(Plymouth, Aurora) can be seen to be the driest in the state. These often appeared to be the 

driest stations, even when we knew there had been rain. This may have been due to higher 

percentages of sand content in the outer coastal plain as part of the global soil particle 

database ancillary data file. In the θ algorithm, it may be that these cells‟ dielectric properties 

are greatly lowered from reality. Dr. Njoku was unaware of this effect and did not speculate 

on its cause.   

 

Cell–Specific AMSR-E θ and Polarization Ratio Comparison 

 Simple linear regressions of AMSR-E θ versus PR in individual cells (corresponding 

to the locations of ECONet stations to simplify identification) over nine wet and dry days are 

shown in Table 26. Some sites had less than nine observations due to missing data. Seven of 

the 12 site-cells investigated showed less than 50% of θ‟s variability being due to PR. In the 

mountains, one station, WAYN, had a moderate r
2 

(0.60). In the Piedmont, OXFO had the 

only strong correlation (r
2
=0.75). The Coastal Plain had one strong and one moderate r

2 

(PLYM, r
2
=0.76; AURO, r

2
=0.65). When all the site-cell date values are plotted together, 

values from cells in clustered generally by region (Fig.27). Cells near the outer Coastal Plain 
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(PLYM, AURO) had the largest range and greatest PR (0.03-0.06) and the lowest average θ 

(0.1 cm
3
 cm

-3
). Cells in the inner Coastal Plain and in the Piedmont grouped together with 

average θ of 0.13 cm
3
 cm

-3 
and PR between 0.01 and 0.02. The Mountains had the tightest 

cluster with the highest θ (0.16 cm
3
 cm

-3
on average) and lowest PR (≤ 0.01) values. We 

would expect θ across all regions to have similar variability given the extreme wet and dry 

days selected, not to represent different, static ranges of θ each. Even considering the very 

different soil textures by region, more θ variability within each region is expected. We 

hypothesize that the static variables, such as soil texture, are dominating the estimation of θ, 

and therefore not approximating the variability we‟d expect to see in θ. The grouping of PR 

values geographically may be due to either a factor in the radiative transfer theory 

(differences in vegetation biomass by regions?) or the minimum monthly PR equation. 

 

Conclusions 

 

AMSR-E θ was weakly correlated to its Tb across the state, somewhat more strongly 

on wet versus dry days. Brightness temperature was more spatially correlated on drier than 

wetter days, and had spatial correlation similar to that of AMSR-E θ. Brightness temperature 

had greaterranges of spatial correlation on wet days, whereas that for AMSR-Eθ showed no 

trend. The fact that AMSR-E θ was more correlated to Tb than PR on average is surprising 

since θ is derived from the PR, showing that other algorithm parameters may be more 

influential in estimating Tb. Considering that AMSR-E θ, Tb and PR were poorly correlated 

to ECONet θ implies that they cannot be used in aiding θ estimation. Based on the 
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correlations of ECONet θ with AMSR-E θ and PR, the AMSR-E θ algorithm did little to 

improve θ estimation relative to Tb alone. Lastly, the static variables in the θ algorithm must 

be more controlling of the θ estimation than just Tb or PR since we saw relatively static 

AMSR-E θ values through time for any given cell. The relationship between AMSR-E PR 

and θ for a given cell appear geographically controlled and grouped. 

 

Recommendations for Future Research 

 

Use of dynamic vegetation indices rather than the static vegetation type database could 

account for seasonal vegetation changes that would likely affect estimation of θ via 

microwave radiometry, as the accuracy and precision of θ estimation via passive microwave 

radiometry generally decreases as vegetation biomass increases. Vegetation characteristics 

such as type and biomass can be estimated from vegetation indices based on data from the 

Moderate Resolution Imaging Spectroradiometer (MODIS), also aboard Aqua. An AMSR-E 

θ estimation algorithm incorporating a vegetation index might improve estimation. Spatial 

correlation of PR should be quantified, although it is likely to be similar to Tb and AMSR-E 

θ. Temporal correlation of Tb with AMSR-E and ECONet θ might also be studied. The 

longitudinal relationship between AMSR-E θ and PR at new locations and additional dates to 

see if the spatial clustering holds true. Clustering might also be compared to location and 

type of clay/sand classification that the AMSR-E θ estimation algorithm uses. Estimation of 

statewide θ might be improved by incorporating auxiliary parameters like precipitation and 
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evapotranspiration, which are monitored much more intensively (n ≈ 12,000) than are 

ECONet and AMSR-E θ. 
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Table 19. Static and dynamic variables in the ASMR-E soil moisture algorithm. 

Parameter Data Source 

Static   

Topography Database U.S. Geological Survey EROS Data Center 

GTOPO30 global digital elevation model 

Permanent Ice and Snow Database 

 

Data layer by Al Chang (NASA Goddard 

Space Flight Center) 

Soil Type (Sand and Clay Fractions) 1°x1° lat-long global soil type 

database (Webb et al., 1992) 

Vegetation Type  U.S. Geological Survey 1 km Global Land 

Cover Characteristics Database 

Dynamic  

Level 2A Brightness Temperatures 

 

From raw observations 

 

Minimum Monthly PR Database Based on monthly minimum over the annual 

cycle; created on the fly 
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Table 20. AMSR-E vertical brightness temperature (Tbv) summary statistics and r
2 
for correlation with AMSR-E 

volumetric soil moisture content (θ) on select, representative wet and dry days, 2007 through 2009. 

Condition & 

Date N† Min.† Max.† Range † Mean † Std Dev † CV † r
2
 † 

  ----------------------------K--------------------------- %  

Wet         

5 Sept. 2008 330 220 291 71 282 10 3.6 0.20*** 

17 May 2009 305 215 285 71 273 9 3.4 0.44*** 

19 May 2009 341 207 285 78 276 12 4.3 0.32*** 

13 Nov. 2009 356 206 280 74 269 12 4.4 0.32*** 

Mean 333 A 212 A 285 A 73 A 275 A 11 A 3.9 A 0.32 A 

Dry         

13 Nov. 2007 349 209 284 76 275 11 4.1 0.37*** 

15 Nov. 2007 353 231 281 50 267 8 3.2 0.46*** 

17 June 2008 351 215 296 81 287 12 4.1 0.10*** 

19 June 2008 344 212 293 81 284 12 4.1 0.04*** 

17 Feb. 2009 322 221 275 53 268 6 2.1 0.07*** 

Mean 344 A 218 A 286 A 68 A 276 A 10 A 3.5 A 0.21 A 
* Significant at the 0.05 probability level. 

** Significant at the 0.01 probability level. 

*** Significant at the 0.001 probability level. 

† condition means values within column followed by the same letter are not significantly different at p <0.05 

Averages italicized.



 

 

 

86 

 

 

Table 21. AMSR-E horizontal brightness temperature (Tbh) summary statistics and r
2 

for its correlation with AMSR-

E volumetric soil moisture content (θ) on select, representative wet and dry days, 2007 through 2009. 

Condition & 

Date N † Min. † Max. † Range † Mean † Std Dev † CV † r
2
† 

  -----------------------K------------------------ %  

Wet         

5 Sept. 2008 330 167 287 121 275 17 6.1 0.21*** 

17 May 2009 305 159 279 120 264 16 5.9 0.50*** 

19 May 2009 341 148 278 130 266 20 7.7 0.33*** 

13 Nov. 2009 356 149 274 126 258 20 7.7 0.32*** 

Mean 333 A 156 A 280 A 124 A 266 A 18 A 6.8 A 0.34 A 

Dry         

13 Nov. 2007 349 150 279 129 266 19 7.2 0.45*** 

15 Nov. 2007 353 196 275 79 258 13 5 0.56*** 

17 June 2008 351 153 291 138 277 20 7.3 0.15*** 

19 June 2008 344 151 288 138 275 20 7.4 0.06*** 

17 Feb. 2009 322 176 269 93 260 10 3.7 0.13*** 

Mean 344 A 165 A 280 A 115 A 267 A 16 A 6.1 A 0.27 A 
* Significant at the 0.05 probability level. 

** Significant at the 0.01 probability level. 

*** Significant at the 0.001 probability level. 

† condition means values within column followed by the same letter are not significantly different at p <0.05 
Averages italicized. 
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Table 22. Simple linear regression of statewide AMSR-E volumetric soil moisture 

content (θ) versus polarization ratio (PR) on select, representative wet and dry days, 

2007 through 2009. 

Condition & Date r
2
 † 

Wet  

5 Sept. 2008 0.21*** 

17 May 2009 0.47*** 

19 May 2009 0.35*** 

13 Nov. 2009 0.34*** 

Mean 0.34 A 

Dry  

13 Nov. 2007 0.51*** 

15 Nov. 2007 0.58*** 

17 June 2008 0.21*** 

19 June 2008 0.10*** 

17 Feb. 2009 0.18*** 

Mean 0.32 A 
* Significant at the 0.05 probability level. 

** Significant at the 0.01 probability level. 

*** Significant at the 0.001 probability level. 

† condition means values within column followed by the same letter are not significantly different at p <0.05 

Averages italicized. 
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Table 23. Semivariogram model parameters for spatial correlation of statewide (mean n=339) AMSR-E vertical 

brightness temperature (Tbv) on select, representative wet and dry days, 2007 through 2009. 

Condition & 

Date 

Active 

Lag 

Lag 

Class 

Best Fit 

Model r
2
 † Nugget † Sill † Range † N:S † 

 ---degrees---   ---- K
2
 K

-2
 ---- degrees  

Wet         

5 Sept. 2008 2 0.294 Exponential 0.99 2590 6465 5.6 0.401 

17 May 2009 “ “ Spherical 0.99 1950 5669 3.7 0.344 

19 May 2009 “ “ Spherical 0.99 10 7385 2.0 0.001 

13 Nov. 2009 “ “ Spherical 0.99 10 5850 2.0 0.002 

Mean    0.99 A 1140 A 6342 A 3.3 A 0.187 A 

Dry         

13 Nov. 2007 2 0.294 Spherical 0.99 10 7372 1.8 0.001 

15 Nov. 2007 “ “ Exponential 0.97 110 4297 2.3 0.026 

17 June 2008 “ “ Gaussian 0.99 770 7350 1.3 0.105 

19 June 2008 “ “ Gaussian 0.99 740 8013 1.3 0.092 

17 Feb. 2009 “ “ Spherical 0.62 1 2267 0.37 0.000 

Mean    0.96 A 326 A 5860 A 1.4 A 0.045 A 
† condition means values within column followed by the same letter are not significantly different at p <0.05 

Averages italicized.
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Table 24. Semivariogram model parameters for spatial correlation of statewide (mean n=339) AMSR-E horizontal 

brightness temperature (Tbh) on select, representative wet and dry days, 2007 through 2009. 

Condition & 

Date 

Active 

Lag 

Lag 

Class 

Best Fit 

Model r
2
† Nugget† Sill† Range † N:S† 

 ---degrees---   ----- K
2
 K

-2
 ----- degrees  

Wet         

5 Sept. 2008 2 0.294 Exponential 0.99 8500 18510 5.3 0.459 

17 May 2009 " " Exponential 0.97 6280 17750 9.4 0.354 

19 May 2009 2.3 " Spherical 0.99 10 22600 2.3 0.000 

13 Nov. 2009 2 " Spherical 0.99 10 17860 1.9 0.001 

Mean    0.99 A 3700 A 19180A 4.7 A 0.204 A 

Dry         

13 Nov. 2007 2 0.294 Spherical 0.99 10 19070 1.7 0.001 

15 Nov. 2007 " " Exponential 0.95 10 8803 1.3 0.001 

17 June 2008 " " Gaussian 0.99 2080 20130 1.3 0.103 

19 June 2008 " " Gaussian 0.99 2160 22210 1.3 0.097 

17 Feb. 2009 " " Spherical 0.38 10 6717 0.34 0.001 

Mean    0.86 A 854 A 15386A 1.2 A 0.041 A 

† condition means values within column followed by the same letter are not significantly different at p <0.05 

Averages italicized. 
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Table 25. Simple linear regression of ECONet volumetric soil moisture content (θ) 

versus AMSR-E brightness temperature (Tb), PR, and θ. 

Condition & 

ECONet Date 

AMSR-E Date Vertical 

Tb † 

Horizontal 

Tb † 

AMSR-E θ 

† 

PR † 

  -------------------------------r
2
------------------------------ 

Wet      

   6 Sept. 2008 
 

5 Sept. 2008 0.000 0.000 0.024 0.001 

18 May 2009 17 May 2009 0.100* 0.090 0.042 0.072* 

19 May 2009 19 May 2009 0.046*** 0.051*** 0.000 0.052*** 

12 Nov. 2009 13 Nov. 2009 0.015 0.018*** 0.000 0.019 

Mean 
 0.040 A 0.040 A 0.017 A 0.036 A 

Dry      

14 Nov. 2007 13 Nov. 2007 0.001 0.003*** 0.012 0.010 

14 Nov. 2007 15 Nov. 2007 0.000 0.004*** 0.019 0.018*** 

18 June 2008 17 June 2008 0.000 0.004 0.116 0.006 

18 June 2008 19 June 2008 0.004 0.005 0.014 0.014 

17 Feb. 2009 17 Feb. 2009 0.008 0.006*** 0.012 0.003 

Mean 
 0.003 A 0.004 A 0.034 A 0.010 A 

* Significant at the 0.05 probability level. 

** Significant at the 0.01 probability level. 

*** Significant at the 0.001 probability level. 

† condition means values within column followed by the same letter are not significantly different at p <0.05 
Averages italicized. 
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Table 26. Simple linear regression of AMSR-E volumetric soil moisture content (θ) and 

polarization ratio (PR) for single cells over ECONet sites by physiographic region on 

select, representative wet and dry days (n= 5 -9), 2007 through 2009. These sites were 

chosen as the most representative of their regions’ θ and for their good data history. 

AMSR-E Cell‟s ECONet 

Site and Region 
n r

2 
† 

Mountains   

BEAR 8 0.08 

BOON 6 0.00 

WAYN 5 0.60 

WINE 8 0.06 

Mean  0.16A 
Piedmont   

LAKE 9 0.26 

OXFO 9 0.75 

REED 9 0.03 

SALI 9 0.05 

Mean  0.27A 
Coastal Plain   

AURO 8 0.65 

CLIN 9 0.10 

PLYM 8 0.76 

ROCK 9 0.08 

Mean  0.40A 
† condition means values within column followed by the same letter are not significantly different at p <0.05  
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Fig.24. Simple linear regression of statewide (n = 356) AMSR-E volumetric soil 

moisture content (θ) versus AMSR-E vertical brightness temperature (Tbv), 13 Nov. 

2009, a wet day; r
2
=0.32, p < 0.001. 
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Fig.25. Simple linear regression of statewide (n = 353) AMSR-E volumetric soil 

moisture content (θ) versus AMSR-E polarization ratio (PR), 15 Nov. 2007, a dry day; 

r
2
=0.58, p < 0.001. 
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Fig.26. Simple linear regression of statewide (n = 29) ECONet volumetric soil moisture 

content (θ) versus AMSR-E vertical brightness temperature (Tbv) in the cell containing 

each station, 17 and 18 May 2009; r
2
=0.10, p < 0.05. 
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Fig.27. AMSR-E polarization ratio (PR) plotted against its volumetric soil moisture content (θ) for specific cells across 

North Carolina, sampled on nine days between 2007-2009. 
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