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ABSTRACT

Bare ground exposure is an important indicator of rangeland health in semi-arid ecosystems. As such,
numerous studies have attempted to detect bare ground exposure using a variety of remote sensing
platforms and image processing techniques with varying levels of success. This paper describes a study
that investigates the potential of various techniques, indices, and algorithms (NDVI, Angle indices, SMA,
and SAM) to accurately detect bare ground exposure within semi-arid rangelands of southeastern Idaho.
Results indicate that while each technique may function well where bare ground is common (>50%), none
of the techniques tested appear suitable in areas where bare ground exposure rarely exceeds 35% save for
the Angle at near infrared (ANIR index which may be able to detect bare ground with as little as 10%
exposure.
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INTRODUCTION

The degree of bare ground exposure has a major influence on rangeland ecological function (Whitford et
al. 1998, Pyke et al. 2002, O’Brien et al. 2003, Hunt et al. 2003, Booth and Tueller 2003) and when
determining rangeland health, bare ground exposure is frequently a primary indicator. In a joint
collaboration between the USDI-BLM, USGS, USDA-NRCS, and USDA-ARS, 17 indicators of
rangeland health were identified (Pellant 1996, Pyke et al 2002) and a subsequent USDA-ARS study
(O’Brien et al. 2003) noted that 11 of the 17 indicators and a majority of indicators used by others
(Williams and Kepner 2002) dealt with bare ground exposure. The degree of bare ground exposure
affects the ecological attributes of soil/site stability, hydrological function, and biotic integrity (Savory
1999, Booth and Tueller 2003) and has been linked with both decreased vegetation production and
biodiversity (Daubenmire 1959), increased soil erosion (Morgan 1986, Okin and Reheis 2001), and
increased water run-off (Kincaid and Williams 1966, Branson and Shown 1970). Furthermore, bare
ground contributes to increased amounts of particulate matter suspended in the air, through dust storms,
that can consist of herbicides, pesticides, and large particulates that have detrimental health effects on
humans and the environment (DeFries and Townshend 1994, Griffin et al. 2001, Okin and Reheis 2001).
Since the degree of bare ground exposure is such an important indicator or rangeland health, accurate bare
ground modeling provides important data to objectively assess rangelands (Whitford et al. 1998, O’Brien
et al. 2000, Booth and Tueller 2003, Hunt et al. 2003) and improve the management and stewardship of
these important ecosystems.

Remote sensing provides an opportunity to monitor rangelands, and specifically bare NAground
exposure, at landscape scales and continuous extents with multi-temporal capabilities (Booth and Tueller
2003). Although previous studies recognize the importance of bare ground detection and modeling--and
acknowledge the need for bare ground monitoring--there are a lack of studies focusing solely on bare
ground detection thresholds, limitations, and reliability using remote sensing (Booth and Tueller 2003,
Palmer and Fortescue 2003, Washington-Allen et al. 2006, Gokhale and Weber 2006). One difficulty in
remote sensing of rangelands is the frequency of spectral mixing present within each pixel (Weber 2006).

This study investigates the suitability and limitations of bare ground detection with multispectral remote
sensing data. The hypothesis of this study is that bare ground’s unique spectral signal in the visible to
shortwave infrared portions of the electromagnetic spectrum coupled with Spectral Mixture Analysis
(SMA) and Spectral Angle Mapper (SAM) can be used to accurately discriminate and quantify bare
ground exposure where bare ground is relatively rare (< 50% exposure). This hypothesis is tested through
development of SMA and SAM techniques to discriminate bare ground using Satellite Pour I'Observation
de la Terre 5 (SPOT 5) and Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) multispectral remote sensing data and various accuracy assessment techniques.

METHODS

Study Area

The O’Neal Ecological Reserve, is located in sagebrush-steppe rangelands of southeastern Idaho, and is
approximately 30 km south of Pocatello (Figure 1). This 50 ha site, located along the Portneuf River,
contains sagebrush-steppe upland areas upon lava benches. Adjacent to the O’Neal Ecological Reserve is
a USDI BLM grazing allotment called the Rocks. The soils within the study area are a McCarey-
McCarey Variant complex that is shallow and well drained. The O’Neal study area averages <0.38 m of
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precipitation annually with the majority falling as winter snow. The O’Neal study area is relatively flat
with little relief and has an elevation of approximately 1400 m (1401-1430 m). The dominant plant
species is Mountain Big Sagebrush (Artemesia tridentata) with various native and non-native grasses
including bluebunch wheatgrass (Pseudoroegneria spicata), Indian rice grass (Oryzopsis hymenoides),
and Needle-and-Thread (Stipa comata).
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Figure 1. Location and general characteristics of the O'Neal Ecological Reserve study site.

Field Data Collection

Sample points (h=150) were randomly generated using Hawth’s tools in ESRI’s ArcMap GIS software.
Field data were collected between 18 June 2007 and 16 July 2007 and due to technical difficulties, three
sample points were not collected, leaving 147 for subsequent analysis (Figure 3). Sample points were
navigated to using a Trimble GeoXH GPS receiver (+/- 0.30 m @ 95% CI after post-processing using
Trimble H-star technology). Once at the pre-designated sample point, a 10 m x 10 m plot was centered
over each point with the edges of the plot aligned in the cardinal directions. Percent cover estimates were
made for each 100 m? plot using the point-intercept method (Herrick, et al 2005). Two 10 m line
transects were positioned perpendicular to each other and crossing at plot center (i.e., the 5.0m mark of
each line transect). Observations of cover type were made every 0.20 m along each 10 m transect,
beginning at 0.10 m and ending at 9.90 m (n = 50 points for each line and n = 100 points for each plot).
The first layer of canopy observed from nadir at each observation point was recorded as either: bare
ground, rock (>75 mm), litter, dead herbaceous material, standing dead woody material, live herbaceous
species, or live shrub. Rock that was < 75 mm was recorded as bare ground. While the focus of this
study was the detection of bare ground, ground-cover types other than bare ground were recorded to
better understand the spectral dynamics within each pixel.
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Image Acquisition and Pre-processing

Multispectral satellite imagery was collected over the study area on June 17" and June 29", 2007. This
range of dates temporally coincided with ground sampling efforts during that year. SPOT 5 was acquired
on June 29" which collects data in four spectral bands from the visible (545nm band center) through the
near-infrared (NIR, 840nm band center) and short-wave infrared (SWIR, 1665nm band center) regions of
the electromagnetic spectrum. The green, red, and NIR bands have a spatial resolution of 10 m while the
SWIR band has a spatial resolution of 20 m (note: the SWIR band was resampled by SPOT image
corporation to 10 m prior to delivery). ASTER imagery was acquired on June 17" which collects data in
14 spectral bands from the visible (560nm band center) to the thermal infrared (TIR, 11300nm band
center for band 14). The spatial resolution of ASTER images vary by band: 15 m for all (3) visible and
NIR bands, 30 m for all (6) SWIR bands, and 90 m for all (5) TIR bands. The SWIR bands were
resampled to 15 m to match the resolution of the VNIR bands using ESRI’s ArcGIS software and nearest
neighbor resampling algorithm. The TIR bands were not used in this study.

SPOT 5 and ASTER data were delivered as level 1A and 1B (radiometrically corrected), respectively.
SPOT 5 data were processed to reflectance by performing an atmospheric correction using the Cos(t)
image-based absolute correction method (Chavez 1988) in Idrisi Andes software (Clark Labs, Worcester,
MA). ASTER data were converted to radiance at the sensor using published conversion coefficients
(Abrams et al. 1999). The radiance data was then converted to top of atmosphere (TOA) reflectance
(using mean solar exoatmospheric irradiance (ESUN) for each band as reported by Thome et al. (2001)
and the standard Landsat TOA equation from the Landsat 7 Science Data Users Handbook (Williams
1998). All imagery was geo-rectified to the study area and co-registered using ESRI’s ArcMap and
national agricultural imagery program aerial photography (2004) with 1 mpp resolution as well as high
resolution aerial imagery (2005) with 0.05 mpp resolution with an absolute accuracy of +/- 0.015m based
upon surveyed ground control points. Nearest neighbor resampling was used in all cases and the RMSE
was 3.15 and 4.44 for the SPOT and ASTER imagery, respectively.

Image Processing

Normalized Difference Vegetation Index

The Normalized Difference Vegetation Index (NDVI) was calculated using both SPOT and ASTER
datasets and the respective NDVI results were regressed against in situ bare ground measurements to
determine the level of agreement between known bare ground exposure and vegetation index values.
Vegetation indices have been previously correlated to bare ground exposure in semi-arid environments
(McMurtrey et al. 1993) suggesting this simple technique has merit and for this reason was included in
this study.

Angle Index
Roberts et al. (1993) noted that non-photosynthetic vegetation (NPV; i.e., litter) and bare ground may not

be separable using multispectral sensors because of cellulose absorption within the bandwidths employed
by multispectral sensors (van Leeuwen and Huete 1996). However, recent developments of two angle
indices, the Angle at Near-Infrared (ANIR) and the Shortwave Angle Slope Index (SASI) offer some
promise for discriminating NPV from soil by exploiting the information contained within multispectral
imagery and uncovering band relationships between bands instead of relying solely upon reflectance data
(Khanna et al. 2007). The ANIR index was calculated using SPOT 5 data following methods described in
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Khanna et al. (2007). SASI could not be calculated with SPOT 5 data as its SWIR band does not extend
out to 2200nm as required for this index. However, the SASI was determined using ASTER imagery.
Calculation of these indices was performed using ESRI’s ArcMap and resulting values at each field
sample location were extracted to a database table for statistical analysis and comparison with ground
truth values.

Spectral Mixture Analysis

Using RSI’s ENVI, the Minimum Noise Fraction (MNF) transformation was performed using SPOT 5
imagery as a data reduction technique to uncover data dimensionality and segregate noise in the data
(Boardman and Kruse 1994). Since MNF bands were required for further image analysis using spectral
mixture analysis, this step was used to determine if all MNF bands (based upon dimensionality) were
required for future processing and analysis.

In order to preserve full data dimensionality, four output MNF layers were used to match the number of
bands in the SPOT 5 imagery. The MNF transformation used the shift difference method (Ifarraguerri
and Chang 2000) for calculation of noise statistics. This method uses local pixel variance to estimate
noise. The results of the MNF transformation were then used for additional spectral mixture analysis
(SMA) processing with the next step being an investigation of pixel purity.

By randomly and repeatedly projecting scatter plots of the four MNF bands in n-Dimensions (in this case
4-dimensions), the pixel purity index (PPI) counts the number of times that each pixel is marked as a
possible pure end-member at the extreme end of each projected vector. A threshold value of 3.0 was
chosen to specify the minimum number of pixels that were marked at the ends of each projected vector.
The number of iterations performed was 25,000 and a PPl image was created from this process in which
an individual pixel’s value represented the number of times that pixel was chosen as a possible pure end-
member pixel. The maximum number of pixels used by the n-Dimensional Visualizer (n-DV) was set at
10,000. This allowed for visualization of the best PPI pixels but did not encumber the visualization
process with too many pixels.

SMA or Linear Spectral Un-mixing assumes a mixed pixel can be modeled as a linear combination of
spectrally pure end-members. To determine the composition of a mixed pixel requires the pixel to be
broken down into its fractional proportion relative to each target end-member (Roberts et al. 1993, Settle
and Drake 1993, Adams et al. 1995). Based upon these assumptions, the bare ground end-members
derived from the PPI and n-DV were used to partially un-mix the SPOT 5 imagery into a fractional bare
ground exposure layer. The SMA results were then regressed against ground truth data for evaluation.

Spectral Angle Mapper (SAM) classifies imagery by calculating the angle between each pixel to the end-
member spectral vectors in n-dimensional space (where n = number of bands). Smaller angles represent
better matches with the target end-member spectra (Kruse et al. 1993) and the best match is considered
the most probable identification of that pixel. The bare ground end-members derived from PPI and n-DV
were used for SAM classification. The results of this classification were regressed against ground truth
data for evaluation.
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Error Assessment
Since no classification was performed using NDVI, the accuracy of this approach was estimated using
linear regression analysis to calculate correlation between NDVI values and known bare ground exposure.

The bare ground models derived from angle indices produced a classified layer of bare ground/non-bare
ground by applying the threshold values described by Khanna et al. 2007. Producer accuracy was then
calculated from the classified model.

To determine the ability of both SMA and SAM classifiers to accurately detect bare ground exposure in
semi-arid rangelands using multispectral imagery, linear regression analyses were evaluated with
particular attention given to the resulting coefficient of determination (R?).

RESULTS AND DISCUSSION

Field data collection

Only ten percent of all 2007 field samples (n = 14) had >50 % exposed bare ground while 77% of these
samples (n = 113) had bare ground exposure <=35 %. Based upon the research presented by others
(Booth and Tueller 2003, Palmer and Fortescue 2003, Washington-Allen et al. 2006, Gokhale and Weber
2006) the majority of field training sites collected for this study had target levels below the suggested
minimum threshold for reliable detection. However, the previous studies did not apply spectral un-
mixing techniques (e.g., Gokhale and Weber [2006] used the maximum-likelihood classifier) which may
be capable of improving target detection threshold levels.

NDVI
NDV/1 has poor correlation with bare ground exposure as the coefficient of determination (R?) was only
0.187. The use of NDVI to classify bare ground was not explored further.

Angle Indices

As the amount of bare ground exposure increases, both ANIR and SASI indices were expected to increase
(Khanna et al 2007). In this study, the ANIR values derived from SPOT5 imagery (2.91 to 3.13) follow
this trend as do the ANIR (2.03-2.57) and SASI (-0.085 to 0.017) values derived from ASTER imagery,
although only marginally in all cases. Khanna et al (2007) classified every pixel with an ANIR value of
2.4 or higher and a SASI value of -0.01 and higher as “soil, residue and low-leaf area index vegetation.”
Using SPOT5 ANIR values classified all ground truth sites (n=147) as bare ground sites including those
where no bare ground was found in the field (n=15, or approximately 10% of all sample sites). Using
ASTER ANIR values resulted in seven sites known to have no bare ground exposure classified as a bare
ground site, while the majority of known non-bare ground sites were correctly classified (53%; Table 1).
It is interesting that when bare ground exposure exceeds 10%, the ASTER ANIR classification improved
steadily.
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Table 1. Distribution of classified pixels in the bare ground model produced using the ANIR index (ASTER
imagery) and threshold values suggested by Khanna et al (2007)

Known bare ground exposure

0 10 20 30 40
Bare ground class 0.47 0.76 0.80 0.50a 0.50a
Non-bare ground class 0.53 0.24 0.20 0.50a 0.50a

a. These results based upon sample size of one.

Similar to the SPOT5 ANIR classification, the classification using ASTER SASI values classified all
(n=147) ground truth sites as a bare ground area. As a result, both SPOT5 ANIR and ASTER SASI
classifications were considered unreliable as they grossly overestimated bare ground exposure at the
O’Neal study area.

Spectral Mixture Analysis

Visual examination of the four resulting MNF bands did not demonstrate noticeable degradation of image
guality for any of the MNF bands suggesting that a spatial coherence threshold was not reached (Figure 2)
with either the multispectral SPOT 5 or ASTER imagery and these data could not be further reduced.
Therefore, all four MNF bands were selected as input bands for further image processing.
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Figure 2. Example of spatial coherence threshold testing with ENVI software (SPOT 5 data is shown in this
illustration).

End-member Selection

The results from pixel purity index (PPI) analysis were used in the n-Dimensional Visualizer (n-DV) to
retrieve end-members. The n-DV plots the pixels as a scatter plot (pixel cloud) that can be viewed and
rotated in minimum noise fraction (MNF) space with the number of dimensions being equal to the
number of MNF bands used (e.g., four in the case of SPOT imagery). The purest pixels plot at the
corners of the scatter plot and form candidate end-members. However, none of the candidate end-
member pixels coincided with areas where field data was available and as a result, these candidate end-
members could not be validated directly. To validate these pixels as bare ground end-members, the
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spectral signatures of the candidate end-members were extracted and compared to reflectance signatures
of known bare ground pixels within the study area. As a result, the spectral signatures for the candidate
end-members were accepted and a spectral mixture analysis classification completed.

Regressions between spectral mixture analysis models of bare ground exposure and known percent bare
ground revealed weak coefficients of determination when using either SPOT (R? = 0.243) or ASTER
imagery (R* = 0.179) (Figures 3 and 4)
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Figure 3. Regression between SMA scores for bare ground training sites and known bare ground exposure
using SPOT satellite imagery.
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Figure 4. Regression between SMA scores for bare ground training sites and known bare ground exposure
using ASTER satellite imagery.

Spectral Angle Mapper

The resulting relationship between SAM scores of bare ground and known bare ground exposure were
very low (R? = 0.133). No further exploration into the use of SAM was conducted (figure 5).
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Figure 5. Regression between SAM scores for bare ground training sites and known bare ground exposure
using SPOT satellite imagery.

CONCLUSIONS

This study provides an exploration into the potential of various indices and sub-pixel analyses to detect
and reliably classify bare ground exposure in semi-arid rangelands using two common multispectral
platforms (SPOT 5 and ASTER), where bare ground is relatively rare (<35%). The results of these
explorations suggest that none of the techniques tested (NDVI, SASI, SMA, and SAM) have the potential
to provide an accurate model of bare ground save for the ANIR index.

The ANIR index was calculated using ASTER imagery (SPOT 5 imagery cannot support this index) and
results suggest that bare ground may be detectable at levels as low as 10% exposure. Further research is
required to verify this possibility.
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