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1.0  Introduction 

Hyperspectral imaging (HSI) data consisting of hundreds of spectral bands provide the unique ability to 
identify Earth surface materials based on their spectral properties (Goetz et al., 1985).  While these data can be 
analyzed using multispectral image (MSI) analysis techniques, classical MSI methods do not take full advantage of 
the spectral dimensionality of these datasets.  Geologists have been analyzing hyperspectral data since 1983 with 
excellent results (Goetz et al., 1985; Lang et al. 1987; Kruse, 1988; Crowley, 1993; Boardman and Kruse, 1994; 
Clark et al., 1996; Boardman and Huntington, 1996; Crowley and Zimbelman, 1996, Kruse et al., 1993a, 1999, 
2001, 2002, 2003).  Consequently, a broad range of hyperspectral-specific analysis techniques have been examined, 
refined, and put into operational practice (Kruse, 1988; Mazer et al., 1988; Clark et al., 1991; Clark and Swayze, 
1995; Boardman et al., 1995; Boardman, 1998; Kruse et al., 1993a, 1993b, 1999).  These methods utilize the unique 
capabilities of hyperspectral data to locate, map, and identify the materials present on the Earth’s surface.  This 
paper describes a successful geologic case history using an end-to-end approach with satellite-based (Hyperion) 
data, including data correction to apparent reflectance, use of a linear transformation to minimize noise and 
determine data dimensionality, location of the most spectrally pure pixels, extraction of endmember spectra, and 
spatial mapping of specific endmembers.  Recently, AIG has begun utilizing this approach with hyperspectral data 
of the near-shore marine environment (Kruse et al., 1997; Richardson and Kruse, 2000).  While ocean data are 
generally more complex, and some work has been done in applying HSI data to near-shore-marine problems 
(Dekker et al., 1992; Davis et al., 1993; Carder et al., 1993; Clark et al., 1997, Holasek et al, 1998; Holden and 
LeDrew, 1999; Holden et al., 1999; Hochberg and Atkinson, 2000), many of the concepts developed for geologic 
analysis are applicable to analysis of near-shore hyperspectral data.  The Hyperion case history described here for 
Buck Island, St Croix, U.S. Virgin Islands utilizes the unique capabilities of hyperspectral data to locate, map, and 
identify components of the coral reef ecosystem, assessing hyperspectral data’s capability with respect to established 
ground truth.  Use of the “standard” methods provides a viable first look at reef composition and distribution. 
Application of additional water column corrections to the hyperspectral data prior to signature extraction results in 
mapping improvements and demonstrates the requirement for extraction of bottom reflectance signatures to avoid 
mapping water depth dependencies rather than bottom composition differences. 

 
2.0  EO-1 Hyperion 

The launch of NASA’s EO-1 Hyperion sensor in November 2000 marked the establishment of spaceborne 
hyperspectral  mapping capabilities.  Hyperion is a satellite hyperspectral sensor covering the 0.4 to 2.5 micrometers 
spectral range with 242 spectral bands at approximately 10nm spectral resolution and 30m spatial resolution from a 
705km orbit (Pearlman et al., 1999).  Hyperion is a pushbroom instrument, capturing 256 spectra each with 242 
spectral bands over a 7.5Km-wide swath perpendicular to the satellite motion along an up to 160km path length.  
The system has two grating spectrometers; one visible/near infrared (VNIR) spectrometer (approximately 0.4 – 1.0 
micrometers) and one short-wave infrared (SWIR)) spectrometer (approximately 0.9 – 2.5 micrometers).  Data are 
calibrated to radiance using both pre-mission and on-orbit measurements.  Key Hyperion characteristics are 
discussed further in Green et al., 2003.   
 

Hyperion data are available for purchase from the U. S. Geological Survey (see http://eo1.usgs.gov/). To 
date, over 5000 Hyperion scenes have been acquired for a variety of disciplines.  The EO-1 Science Validation 
Team has evaluated and validated the instrument.  Selected results have been presented at team meetings (see 
http://eo1.gsfc.nasa.gov/) and also published in various venues (Asner and Green, 2001; Hubbard and Crowley, 
2001; Kruse et al., 2003; also see Ungar, 2003 for a summary along with associated papers). The instrument remains 
healthy and additional data can be requested for specific sites. 
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3.0 Analysis Methods  
Analytical Imaging and Geophysics LLC (AIG) has 

evolved a “standardized” hyperspectral data analysis methodology 
(Figure 1) that has been tested for a variety of data (Boardman et 
al, 1995; Kruse et al., 1996; Kruse et al., 2001).  These approaches 
are implemented and documented within the “Environment for 
Visualizing Images” (ENVI) software system originally developed 
by AIG scientists (now an Eastman Kodak/Research Systems Inc 
[RSI] commercial-off-the-shelf [COTS] product) (Research 
Systems Inc, 2001).  They are also described in additional detail in 
below.  This is not the only way to analyze these data, but we have 
found that it provides a consistent way to extract spectral 
information from hyperspectral data without a priori knowledge or 
requiring ground observations.  The analysis approach consists of 
the following steps:  
 

1. correction for atmospheric effects using an atmospheric model 
“ACORN” (AIG, 2001)  

2. spectral compression, noise suppression, and dimensionality 
reduction using the Minimum Noise Fraction (MNF) 
transformation (Green et al., 1988; Boardman, 1993),  

3. determination of endmembers using geometric methods (Pixel Purity Index – “PPI”) (Boardman et al., 
1995) 

4. extraction of endmember spectra using n-dimensional scatter plotting (Boardman et al., 1995) 
5. identification of endmember spectra using visual inspection, automated identification, and spectral library 

comparisons (Kruse and Lefkoff, 1993; Kruse et al., 1993a) 
6. production of mineral maps using a variety of mapping methods.  The “Spectral Angle Mapper” (SAM) 

produces maps of the spectrally predominant mineral for each pixel by comparing the angle between the 
image spectra and reference spectra in n-dimensional vector space (Kruse et al., 1993b).  “Mixture-Tuned-
Matched-Filtering” (MTMF) is basically a partial linear spectral unmixing procedure (Boardman, 1998). 

 
3.1 ACORN Atmospheric Correction to Apparent Reflectance 

One of the most critical steps in most imaging spectrometer data analysis strategies is to convert the data to 
reflectance, principally so that individual image spectra can be compared directly with laboratory or field data for 
identification and verification.  Remote sensing measurements of the Earth's surface are strongly influenced by the 
atmosphere.  Both scattering and absorption by gases and particulates affect the amount and wavelengths of light 
reaching the sensors.  Absorption by atmospheric gases is dominated by water vapor with smaller contributions from 
carbon dioxide, ozone, and other gases (Gao and Goetz, 1990).  Strong atmospheric water absorption bands make 
the atmosphere opaque in many regions (for example the 1.4 and 1.9 micrometer regions) and only small 
atmospheric windows are available for terrestrial remote sensing. 

Ideally, imaging spectrometer data should be calibrated to absolute reflectance using onboard calibration.  Onboard 
calibration, however, is difficult and typically not available.  In its absence, one method that comes close to 
achieving this goal is a radiative transfer model-based technique ACORN (AIG, 2001). Currently used for correction 
of both airborne and satellite hyperspectral data, ACORN is a commercially-available, enhanced atmospheric 
model-based software that uses licensed MODTRAN4 technology.  ACORN requires input of data parameters such 
as the acquisition date and time, the latitude and longitude of the scene, and the average elevation, along with 
atmospheric model parameters (AIG, 2001).  The output of the procedure is high quality surface reflectance data 
produced without ground measurements.  This method makes it possible to quantitatively derive physical parameters 
and analyze data from different regions and different times without a priori knowledge.  It also makes possible 
comparison and analysis of imaging spectrometry data acquired by different instruments and comparison to field and 
laboratory spectral measurements or to spectra generated using theoretical models. 

While ACORN works well over land and may form the starting point for atmospheric correction of near-
shore-marine remote sensing data, unfortunately there are a number of other factors not taken into account by this 
model.  These include corrections for sun glint and multiple scattering at the air/ocean interface and by the water 

 
Figure 1:  AIG Hyperspectral Analysis Scheme. 

Note the “hourglass” shape, which 
schematically represents the reduction of 
the hyperspectral data to just a few key 
spectra at the “neck” and then expansion 
back to spectral maps of the full dataset. 



column itself (Holden and LeDrew, 2001).  Several researchers are working on improved model-based corrections 
that will account for these factors (Gao et al, 2000; Goodman et al., 2003).  The results presented here using only 
ACORN demonstrate that considerable spectral mapping of corals is possible, however, even using the simple 
correction.  We also present some mapping results with additional simple mathematical and model-based 
corrections, though we expect that refined/specialized models will improve the mapping results even further. 

3.2 MNF Transformation 
A “Minimum Noise Fraction” (MNF) Transform is used to reduce the number of spectral dimensions to be 

analyzed.  The MNF transformation is a linear transformation related to principal components that orders the data 
according to signal-to-noise-ratio (Green et al., 1988).  It can be used to determine the inherent dimensionality of the 
data, to segregate noise in the data, and to reduce the computational requirements for subsequent processing (Green 
et al., 1988; Boardman and Kruse, 1994). The MNF transformation can be used to partition the data space into two 
parts:  one associated with large eigenvalues and coherent eigenimages, and a second with near-unity eigenvalues 
and noise-dominated images.  By using only the coherent portions in subsequent processing, the noise is separated 
from the data, thus improving spectral processing results. 
 
3.3 Pixel Purity Index (PPI) 

Based on MNF results, the lower order MNF bands are usually set aside and the higher order bands 
selected for further processing.  These are used in the “Pixel Purity Index” (PPI), processing designed to locate the 
most spectrally extreme (unique or different or “pure”) pixels (Boardman et al., 1995).  The most spectrally pure 
pixels typically correspond to mixing endmembers.  The PPI is computed by repeatedly projecting n-dimensional 
scatterplots onto a random unit vector.  The extreme pixels in each projection are recorded and the total number of 
times each pixel is marked as extreme is noted.  A PPI image is created in which the digital number of each pixel 
corresponds to the number of times that pixel was recorded as extreme.  A histogram of these images shows the 
distribution of “hits” by the PPI.  A threshold is interactively selected using the histogram and used to select only the 
purest pixels in order to keep the number of pixels to be analyzed to a minimum.  These pixels are used as input to 
an interactive visualization procedure for separation of specific endmembers. 
 
3.4 n-Dimensional Visualization 

Spectra can be thought of as points in an n-dimensional scatterplot, where n is the number of bands 
(Boardman, 1993; Boardman et al., 1995).  The coordinates of the points in n-space consist of “n” values that are 
simply the spectral reflectance values in each band for a given pixel.  The distribution of these points in n-space can 
be used to estimate the number of spectral endmembers and their pure spectral signatures, and provides an intuitive 
means to understand the spectral characteristics of materials.  In two dimensions, if only two endmembers mix, then 
the mixed pixels will fall in a line in the histogram.  The pure endmembers will fall at the two ends of the mixing 
line.  If three endmembers mix, then the mixed pixels will fall inside a triangle, four inside a tetrahedron, and so on.  
Mixtures of endmembers "fill in" between the endmembers.  All mixed spectra are "interior" to the pure 
endmembers, inside the simplex formed by the endmember vertices, because all the abundances are positive and 
sum to unity. This "convex set" of mixed pixels can be used to determine how many endmembers are present and to 
estimate their spectra. 
 

In practice, the thresholded pixels from the MNF images are loaded into an n-dimensional scatterplot and 
rotated in real time on the computer screen until “points” or extremities on the scatterplot are exposed.  These 
projections are “painted” using Region-of-Interest (ROI) definition procedures and then rotated again in 3 or more 
dimensions (3 or more bands) to determine if their signatures are unique in the MNF data.  Once a set of unique 
pixels are defined, then each separate projection on the scatterplot (corresponding to a pure endmember) is exported 
to a ROI in the image.  Mean spectra are then extracted for each ROI to act as endmembers for spectral mapping. 
 
3.5 Spectral Identification 

Spectral identification of the endmembers extracted using the n-dimensional scatterplotting is based on a 
combination of visual inspection of spectral plots and manual/automated comparison to spectral libraries (Clark et 
al., 1990, Kruse and Lefkoff, 1993, Kruse et al., 1993a).  Spectra are visually examined to identify key spectral 
features locations, depths, and shapes, and these are compared against application-specific spectral libraries. 
Automated methods that compare overall spectral shape and specific features are also applied to determine candidate 
materials and to produce mathematical comparisons.  Once names have been assigned to individual endmember 
spectra, then these can be passed forward to the spectral/spatial mapping algorithms. 



 
3.6 Spectral Angle Mapper (SAM) Classification 

The Spectral Angle Mapper (SAM) is an automated method for comparing image spectra to individual 
spectra (Boardman, Unpublished data; Kruse et al., 1993b).  The algorithm determines the similarity between two 
spectra by calculating the “spectral angle” between them, treating them as vectors in a space with dimensionality 
equal to the number of bands.  Because this method uses only the vector “direction” of the spectra and not their 
vector “length”, the method is insensitive to illumination.  The result of the SAM classification is a color-coded 
image showing the best SAM match at each pixel.  Additionally, rule images are calculated that show the actual 
angular distance (in radians) between each spectrum in the image and each reference or endmember spectrum. 
Darker pixels in the rule images represent smaller spectral angles and thus spectra that are more similar to the 
endmember spectra.  For the purposes of display, the dark pixels are inverted, so that the best matches appear bright.  
These images present a good first cut of the spatial distribution of spectrally unique materials. 
 
3.7 Mixture-Tuned-Matched Filtering (MTMF) Mapping 

While the SAM algorithm does provide a means of identifying and spatially mapping materials, it only 
picks the best match to a given spectrum.  Matched filtering (MF), based on well-known signal processing 
methodologies, maximizes the response of a known endmember and suppresses the response of the composite 
unknown background (Chen and Reed, 1987; Stocker et al., 1990; Yu et al., 1993; Harsanyi and Chang, 1994).  MF 
also provides a rapid means of detecting specific minerals based on matches to specific library or image endmember 
spectra, again, however, it fails to consider spectral mixing.  Matched filter results are presented as gray-scale 
images with values from 0 to 1.0, which provide a means of estimating relative degree of match to the reference 
spectrum (where 1.0 is a perfect match).  Earth surfaces, however, are rarely composed of a single uniform material, 
thus it is usually necessary to consider mixture modeling to determine what materials cause a particular spectral 
“signature” in imaging spectrometer data.  Mixture -Tuned-Matched-Filtering (MTMF) utilizes the MF theory above, 
but also includes a simple additive linear mixing model to estimate the abundances of the materials measured by the 
hyperspectral sensor (Boardman, 1998).  Two dimensional scatterplotting of the MF score versus the MTMF 
Infeasibility score can be used to produce color-coded maps for materials occurring above specific abundance 
thresholds. Individual grayscale MF images can be used to show material abundances. 
 
4.0  Geologic Example – N. Death Valley, California/Nevada 

A site in northern Death Valley, California and Nevada, at the extreme northern end of Death Valley 
National Park was used to demonstrate and validate Hyperion data using existing geologic analysis methods (Kruse 
et al., 2001, 2002, 2003).   The geology consists principally of a Jurassic-age intrusion exhibiting quart-sericite-
pyrite hydrothermal alteration (Wrucke et al., 1984; Kruse, 1988).  This site has been used as a test area for imaging 
spectrometers since 1983 (Kruse, 1988; Kruse et al., 1993a, 2003), thus considerable previous remote sensing 
information as well as ground truth exist for the area.  Analysis results from this site serve to act as a guide to state-
of-the-art processing of hyperspectral data for geologic applications. 
 

Processing conducted on the northern Death Valley Hyperion data followed the standard AIG approach as 
described above: correction to apparent reflectance using “ACORN”, spectral/spatial compression using the MNF 
transformation and PPI, determination of endmembers using geometric methods, spectral identification, and 
production of mineral maps using SAM and MTMF.  A true color Hyperion image is shown for reference in Figure 
2A.  An endmember library (Figure 2B) defined using the n-dimensional visualization procedure was used with the 
Spectral Angle Mapper algorithm to produce a classified mineral map from reflectance-corrected Hyperion data 
(Figure 2C).  This color-coded image presents the spectrally predominant mineral in each pixel as a distinct color.  
Mixture-Tuned Matched Filtering was also used to produce Hyperion mineral maps for the northern Death Valley 
site.  Minerals identified using the Hyperion data by comparison to a spectral library and previously verified by X-
Ray Diffraction include calcite, dolomite, muscovite (3 varieties), silica, and zeolite (Kruse, 1988, 2003).  The 
Hyperion endmember library defined using the n-dimensional visualization procedure above was used in the 
unmixing process and abundance estimates were made for each mineral.  These results can be presented in several 
ways.  First, a set of gray-scale images stretched from 0 to 50% (black to white) provides a means of estimating 
relative mineral abundances.  Selected results are shown in Figure 3A and 3B.  Secondly, color composite images 
(not shown) can be used to highlight specific minerals and mineral assemblages.  Pure colors in these images 
represent areas where the mineralogy is relatively pure.  Mixed colors indicate spectral mixing, with the resultant 
colors indicating how much mixing is taking place and the relative contributions of each endmember.  Finally, color-
coded mineral maps can be formed by selecting the mineral with the highest abundance in each pixel (Figure 3C). 



     
 
Figure 2: A. Northern Death Valley Hyperion true color image (Left).  B. Endmember spectra extracted using the n-

dimensional scatterplotting approach (Center).  C. SAM results (Right).  The SAM image is color coded 
as follows:  red=calcite, yellow=dolomite, green=muscovite#1, blue=muscovite#2, brown=muscovite#3, 
cyan=zeolite, purple=silica. 

 
 
 
 

      
 
Figure 3: Northern Death Valley Hyperion MTMF results (MF score) presented as grayscale images (left and 

center).  Brightness in grayscale images represents abundance, with brighter pixels corresponding to 
higher abundances.  A. Left image is the calcite abundance image. B. Center image is the muscovite#1 
abundance image.  C. Combined MTMF mineral mapping results are shown on the right. Color-coded 
pixels representing specific minerals are overlain on Hyperion band 31 (0.66 micrometers).  Color coding 
is as follows: red=calcite, yellow=dolomite, green=muscovite#1, blue=muscovite#2, brown=muscovite#3, 
cyan=zeolite, purple=silica.  Minerals were identified by comparison to a spectral library. 



Figures 2 and 3 above demonstrate Hyperion’s utility for mapping specific earth-surface materials 
(minerals) using AIG’s standardized hyperspectral analysis methods.  In this case, the data allow separation and 
identification of several very similar spectral signatures based on absorption features near 2.2 – 2.3 micrometers.  
Comparison to airborne hyperspectral data indicates that Hyperion performs with approximately 80-95% accuracy 
with respect to mineral maps produced using the same approach and verified utilizing field mapping and ground-
based spectral measurements (Kruse et al., 2002, 2003).  This provides the baseline against which to test 
hyperspectral mapping of the near-shore marine environment. 
 
5.0 Application to Coral Reef Mapping 

Extensive research has been conducted evaluating coral reefs and related marine environments.  Recently, 
much attention and activity have been focused on coral reefs as dynamic ecosystems, and the common conclusion 
reached in these studies is that they are deteriorating world-wide (Dustan, 1977; Antonius, 1981; Dustan and Halas, 
1987; Edmunds, 1991; Porter and Meier, 1992; Bischof, 1997; Bruckner and Bruckner, 1998; Cervino and Smith, 
1997; Kuta and Richardson, 1996).  Remote sensing technology has emerged as a tool for performing large-scale 
coral reef evaluations and monitoring.  While multispectral, aircraft- and satellite-based observations have been 
available for some time (eg: Lyzenga, 1978, 1981; Biña, et. al., 1979; Jupp et a., 1985; Jupp, 1986; Kuchler, et. al., 
1988; Bierwirth et al., 1993, Mumby et al.,1998a), only recently have reef-scale, long-duration studies been 
performed (Dunston and Halas, 1997).  These examples illustrate the high potential of spectral remote sensing for 
coral reef mapping and monitoring, but also point out the requirements for higher spectral and spatial resolution. 
Hyperspectral data in particular offer high potential for characterizing and mapping coral reefs because of their 
capability to identify and map individual reef components based on their detailed spectral signatures (Clark et al., 
1997, Holasek et al, 1998; Holden and LeDrew, 1999; Hochberg and Atkinson, 2000).  Holden et al. (1999) show 
that a high spectral resolution in situ spectral library can be developed to differentiate between various coral types as 
well as bleached coral substrate.  Hyperspectral remote sensing has also shown significant promise in distinguishing 
coral species and reef health.  Holden and LeDrew (1998a) demonstrate differentiation between healthy and non-
healthy corals based on their high resolution spectral signatures. Myers et al. (1999) describe how optical spectra can 
be used to differentiate between pigmented and bleached coral and between coral and macroalgae. Recent 
hyperspectral studies have demonstrated mapping of spectral differences attributable to bottom reflectance of corals 
and other substrates (Clark et al., 1997, 2000; Holasek et al., 1998; Andréfouët et al., 2003; Joyce and Phinn, 2003) 
 

Most researchers also note, however, the significant effect of the water column on remotely sensed signals 
of coral reefs (Lyzenga, 1981; Maritorena, 1994; Mobley et al., 1993; Mumby et al., 1998b; Holden and LeDrew, 
1998b, 2001, 2002).  Several of the above works and other related publications demonstrate that the wavelength-
specific nature of attenuation caused by the water should be removed using correction algorithms that are based on 
correction for depth and water optical attenuation and scattering, a correction to “remove the water” from the 
spectral signature (Dunstan, 1985; Pratt et al., 1997; Mumby et al., 1998b; Holden et al, 1999; Holden and LeDrew 
2002).  Such a model would treat the coral reef as a Lambertian lower boundary at a specified depth and perform 
corrections for the ocean/atmosphere interface, marine aerosol conditions, and light attenuation by seawater.  
Several models exist (eg: Hydrolite), or are under development to perform such corrections, however, these are 
generally designed for analysis and modeling of single spectra not for full-image, per-pixel correction of 
hyperspectral data. Limited examples are available of the application of water column corrections to field or 
modeled spectra (Young et al, 1995; Clark et al., 2000; Holden and LeDrew, 2000, 2001, 2002; Kutser et al., 2003; 
Mobley et al., 2003) or directly to hyperspectral data (Gao et al., 2000; Goodman and Ustin, 2002; Goodman et al., 
2003). 

The research described here shows results from analysis of hyperspectral (Hyperion) data for a site in the 
U.S. Virgin Islands both with and without water column corrections applied on a per-pixel basis.  The baseline 
analysis uses a “standard” atmospheric correction and analysis methods described above for geologic applications. 
Refinements of the analysis using a first cut empirical water column correction based on comparison of field and 
Hyperion spectra are also described, along with a application of a prototype per-pixel radiative transfer model-based 
water column correction. 



5.1 Buck Island, USVI Site 
Buck Island Reef National Monument, including and surrounding Buck Island approximately two miles off 

the north shore of St. Croix, was established in 1961.  The island has white coral beaches and extends to an elevation 
of approximately 100m.  An elkhorn barrier reef extends around approximately two thirds of the island.  Benthic 
habitat mapping for an approximately 23 square km area around Buck Island, USVI was completed by NOAA and 
the National Park Service during 1999-2000 using conventional color aerial photography. (Kendall et al., 2001) and 
on-line at (http://www.csc.noaa.gov/crs/bhm/buck_is.html ). This was part of a pilot project designed to test benthic 
mapping methods (see http://biogeo.nos.noaa.gov/benthicmap/caribbean/manual.shtml).   Benthic habitats were 
visually interpreted on scanned orthorectified aerial photographs using a standardized classification scheme based on 
visual perception of color, tone, textures, and geographic context of features (Finkbeiner et al., 2001).  Digital data 
are available from NOAA (http://biogeo.nos.noaa.gov/products/benthic/htm/data.htm).   

A rasterized compilation of the NOAA mapping results produced for this study for the Buck Island site is 
shown in Figure 4.  These results are used as the baseline to evaluate and validate Hyperion mapping for the Buck 
Island site. Additional supporting data available for the Buck Island site include bathymetric soundings (R. Warner, 
personal communication 2002) and Digital Elevation Models (DEM).  The bathymetric data used in this study were 
obtained from NOAA as irregularly spaced X-Y-Z measurements with positions in Latitude/Longitude and 
soundings in meters. The data were gridded to a regular 30m pixel size to match the Hyperion data and projected to 
WGS84 map coordinates (Figure 5). The DEM data used were from standard USGS 7.5 minute (1:24,000 scale) 
quadrangles, mosaicked to cover the Buck Island site and merged with the bathymetry (Figure 5). The DEMs were 
also used to generate a “land” mask for use in the Hyperion processing. 

 

 

 

Figure 4:  Compilation of NOAA Benthic Habitat Mapping results for Buck Island Reef National Monument, St. 
Croix, USVI (From NOAA dig ital data). Black areas represent unclassified pixels. 

 



 
Figure 5:  Combined NOAA bathymetry and USGS digital elevation for the Buck Island site. 

 

5.2 Buck Island Hyperion – Standard Mapping Results 
Hyperion data were acquired for a 7.5 x 165km strip crossing Buck Island Reef National Monument on 21 

January 2002 as a target-of-opportunity (Scene ID:  EO10030482002021111KP, Level 1B-1).  While much of the 
data were cloud covered, the Buck Island area was essentially cloud-free.  A small subset of Hyperion Data for the 
area surrounding Buck Island was cut out of the larger dataset for further processing (Figure 6). 

 

Figure 6:  A. True color composite of Hyperion bands 31, 20, and 10 (0.66, 0.55, 0.45 micrometers) (RGB) showing 
Buck Island and surrounding reefs (left).  B. Selected Hyperion endmember spectra for Buck Island USVI 
(Right). 



As described for the geologic example above, the Hyperion data were used to extract representative 
spectral endmembers for mapping (Figure 6B).  The data were corrected to apparent reflectance using ACORN (no 
water column correction was applied) and the corrected data were analyzed using the standardized geologic 
approach.  The MNF procedure was used to reduce the spatial dimensionality of the data.  The PPI procedure further 
reduced the dimensionality by selecting those spectra most likely to be pure endmembers.  Figure 6B shows selected 
endmember spectra extracted from the data.   “Best Fit” benthic habitat names and colors simi lar to those shown in 
Figure 4 were assigned to the spectra based on their locations and similarity to spatial patterns in NOAA mapping 
results (Figure 4).  The “Land” spectrum in the plot is reversed to black for display purposes.  
 

These spectra, representing the relatively “pure” occurrences of specific materials (at the Hyperion 30m 
spatial scale), were used to map the Buck Island site based on spectral signatures extracted directly from the 
Hyperion data.  Figure 7 shows the combined results of SAM analysis using these endmembers on the Hyperion 
data.  Again,  “Best Fit” benthic habitat names assigned to the spectra above were used to define class names.  
Visual comparison of the SAM mapped classes in Figure 7 to the NOAA classes in Figure 4 illustrates some spatial 
correspondence between hyperspectral mapping results and “ground truth” as well as the detailed character of 
hyperspectral mapping of the near-shore environment based on spectral properties.  It is apparent that some classes 
are mapped quite accurately.  Other classes, however, are not well mapped using the hyperspectral data and there are 
some apparent correlations to depth that are not seen in the NOAA map.  This points out drawbacks in the 
classification scheme as well as the hyperspectral method.  The fact that the two approaches map different 
parameters is an important difference stemming from human observation of spectral/spatial associations on the 
aerial photographs versus the automatic hyperspectral mapping of bottom composition based solely on spectral 
properties in the Hyperion data. For example, a “Patch Reef” environment is an interpreted combination of corals 
and sand in the aerial photographs, whereas the hyperspectral data individually and separately map the coral and 
sand units at the 30m Hyperion pixel scale. 
 

 
 
 

Figure 7.  Spectral Angle Mapper (SAM) Hyperion analysis results using endmember spectra shown in Figure 6B.  
“Best Fit” benthic habitat names and colors similar to those shown in Figure 4 were assigned based on 
similarity to spatial patterns in NOAA mapping results (Figure 4).  Black areas represent unclassified 
and/or hardbottom/uncolonized pavement.  Note apparent depth dependence of some units when compared 
to bathymetry shown in Figure 5.  Also note that not all classes mapped by NOAA were identified in the 
HSI data. 



Figure 8 further shows the capabilities of the hyperspectral data to map and quantify individual ecosystem 
components. The MTMF procedure was used on the ACORN-corrected (non-water-column corrected) Hyperion 
data with the same set of endmembers shown in Figure 6 to map the distribution and abundance of specific 
components. The individual distribution of a “sand” unit, a “Seagrass – Patchy 10-30%” and one of the coral units is 
shown. 
 

    
 

Figure 8.  MTMF (MF Score) results for the “Sand #1”, “Seagrass – Patchy 10-30%”, and “Linear Reef #1” classes 
showing calculated abundances as color-coded images with 0-100% coded from black to white.  A. Left 
image is “Sand #1”, B. center image is “Seagrass Patchy 10-30%”, C. right image is “Linear Reef #1” 
abundance. 

5.3 Empirical Water Column Correction Hyperion Results 
While the results using the standard atmospheric correction and hyperspectral analysis methods as above 

were moderately successful, it is clear that further corrections for the water column are required to allow improved 
and quantitative mapping of coral reef ecosystems.  One method that has shown promise is a simplistic empirical 
correction described by Goodman and Ustin (2002).  This approach uses measured bottom spectra and their 
corresponding surface-leaving reflectance spectra measured by a hyperspectral instrument at various depths along 
with bathymetry to estimate correction coefficients for the hyperspectral data.  Goodman and Ustin (2002) 
demonstrated both the linear case where: 
 

REST(?)=(RHSI(?)*A(?))+(Z*B(?))+C(?) 

 

And two non-linear (exponential) correction functions where either: 

 

REST(?)=(RHSI(?)*A(?))*(e (Z*B(?)) 

or 

REST(?)=C+(RHSI(?)*A(?))*(e (Z*B(?)). 

 

Where REST(?) is the estimated bottom reflectance with wavelength, RHSI(?) is the hyperspectral surface leaving 
reflectance calculated using a standard atmospheric model, Z is the depth from bathymetric per-pixel measurements, 
and A, B, and C are estimated coefficients based on minimizing the error between multiple field measurements and 
their corresponding estimated HSI bottom reflectances.  While accepted radiative transfer theory for water column 
effects dictates that the water column should behave exponentially in accordance with Beer’s Law (Holden and 
LeDrew, 2001 give a good overview of water column optical properties), Goodman and Ustin (2002) concluded that 
at least for their case (Kaneohe, Hawaii) that the linear function performed substantially the same as the exponential 
function.   



For the Buck Island example, we used bottom-measured field spectra of Buck Island sands provided by 
Holden and LeDrew (2001, 2002) (Figure 9A).  ACORN-corrected Hyperion sand spectra (Figure 9B) were selected 
based on NOAA mapping (Figure 4) for areas at various depths determined from the per-pixe l gridded NOAA 
bathymetry described above and shown in Figure 5.  Minimization of both the linear and non-linear equations 
described above was attempted, and again, the linear model produced the smallest estimation errors.  Figure 10A 
shows the estimated coefficients over the 0.45 – 0.68 micrometer range, while Figure 10B shows the corrected 
spectra for the various depths.  Note that the estimates at wavelengths longer than about 0.64 micrometers have 
unacceptably high errors. 

 

Figure 9: A. (Left) ASD Field sand spectra measured by Holden and LeDrew (2001). Average spectrum is black 
with one standard deviation below (red) and above (green). B. (Right) Hyperion “sand” surface-leaving 
reflectance spectra extracted from ACORN reflectance-corrected data for various depths. 

 

 

Figure 10: A. (Left) Empirical water-column correction linear coefficients. B. (Right) Figure 9B water-column 
corrected Hyperion “sand” bottom reflectance spectra for various depths. 

Application of the linear equation and coefficients to the ACORN-corrected Hyperion data on a per-pixel 
basis results in a water-column -corrected (bottom reflectance) hyperspectral data cube.  Display of a “true color” 
composite image shows the general effect of the correction (Figure 11A).  It is easy to see that the sand areas are 
normalized to nearly the same appearance (cyan color), while the live coral areas appear green.  Analysis of the full 
dataset using the AIG analysis methods (MNF, PPI, n-D Visualization, MTMF mapping) produces what appear to 
be improved material composition (sand and coral) and abundance images (Figures 11A and 11B), however, these 
don’t necessarily correspond as well as the uncorrected (water-leaving reflectance) results to the NOAA benthic 
classes.  In effect, the water-column correction has improved the compositional mapping by normalizing out depth 
effects.   Specifically, what was mapped as a sand unit and a low abundance seagrass unit using the water-leaving 
reflectance are consolidated to one sand class by the empirical water column correction.  Further examination of 
both results shows the correspondence of the uncorrected classes to depth differences shown in the bathymetry 
(Figure 5). 



    

Figure 11.  MTMF (MF Score) results calculated from the empirical-water-column -corrected Hyperion data for the 
“Sand” and “Linear Reef #1” classes showing calculated abundances as color-coded images with 0-100% 
coded from black to white.  A. left image is water-column -corrected true color image, B. center image is 
water-column -corrected “Sand” abundance, C. right image is water-column -corrected “Linear Reef #1” 
abundance. 

 

In summary, implementation of an accurate water column correction appears critical to bottom composition 
mapping using hyperspectral data.  The empirical linear correction “works” to some extent and demonstrates the 
concept. What may apparently be sand mapped at different depths without the correction appears as one material 
after correction.  While other classes of materials can be mapped, spectra for these materials, however, don’t appear 
“reasonable” leading to the conclusion that a more advanced correction is required.  The two exponential models 
were also evaluated, but produced poorer estimates than simple linear model. 

 

5.4 Model-Based Water Column Correction Hyperion Results 
Several radiative-transfer-based correction 

algorithms are under development for hyperspectral data 
(Gao et al., 2000; Acharya et al., 2002; Goodman and Ustin, 
2003).  The goal of these is generally to perform 
atmospheric correction, correct for air-sea interface effects, 
and to correct for the water column in support of hands-off  
(no a priori measurements required) littoral-zone 
quantitative remote sensing. 
 

The Acharya et al. (2002) correction (Figure 12) 
was applied to the Buck Island Hyperion data by Steve 
Adler-Golden of Spectral Science Inc. as a test case for this 
algorithm.  The data were first atmospherically corrected to 
surface reflectance using “FLAASH-LZ”, a littoral zone 
version of the Fast Line-of-sight Atmospheric Analysis of 
Spectral Hypercubes (FLAASH) atmospheric correction 
code (Matthew et al., 2000).  Surface glint and foam 
components were derived using a spectral unmixing 
approach and removed by subtraction. This method then 
assumes uniform bottom characteristics and iteratively and 
simultaneously estimates water depth and bottom 
reflectance using a 3-D backward-propagation Direct 
Monte-Carlo Simulation (DSMC) radiative transport 
algorithm (Richtsmeier et al., 2001).  The outputs are an 
estimated depth (bathymetry) image and a data cube of 
hyperspectral bottom reflectances (Acharya et al., 2002). 
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Figure 12:  Flow chart for water and bottom 

property retrievals (From Acharya et 
al., 2002. Used with permission.) 

 
 



The Hyperion bottom reflectance data were analyzed following the previously described AIG analysis 
methods (MNF, PPI, n-D Visualization, MTMF mapping).  This again produces a selection of endmember spectra, a 
bottom composition map, and abundance images for each endmember material (Figure 13). Results generated using 
this approach appear similar to those obtained using the empirically corrected Hyperion data (though somewhat 
noisier and less spatially coherent). Again, the sand unit and a low abundance seagrass unit mapped using the water-
leaving reflectance are consolidated to one sand class by the model-based water column correction (Figures 13A and 
13B).  One noted problem, however, was that not all depth dependencies were removed, particularly at greater 
depths.  This can be seen principally in the “sand” abundance map, which clearly still has depth dependencies when 
compared to the NOAA bathymetry (Figure 5).  Also, comparison of the bathymetry map generated from the 
Hyperion data to the measured bathymetry reveals that the depth algorithm is only accurate at depths shallower than 
about 6m. 

     

Figure 13.  MTMF (MF Score) results calculated from the water-column -model-corrected Hyperion data for the 
“Sand” and “Linear Reef #1” classes showing calculated abundances as color-coded images with 0-100% 
coded from black to white.  A. left image is water-column -corrected true color image, B. center image is 
water-column -corrected “Sand” abundance, C. right image is water-column -corrected “Linear Reef #1” 
abundance. 

In summary, a prototype model-based method for atmospheric correction, removal of sea-surface effects, 
and water-column correction of hyperspectral data demonstrates that hands-off calculation of bottom reflectance 
may be possible without supplemental field information.  While demonstrating the potential, limitations imposed on 
the current model by incomplete knowledge of bottom reflectance properties result in unacceptably large errors of 
depth estimation and thus water depth corrections.  Refinements to the method utilizing a simulation database of 
bottom reflectance properties are planned and may improve model performance (Achayara et al., 2002).    

6.0 Discussion and Conclusions  
This case study using Hyperion data to map coral ecosystems at Buck Island National Monument 

demonstrates the viability of methods originally developed for analysis of geologic targets for analysis of littoral-
zone hyperspectral data.   Standard processing of Hyperion data for the Buck Island site produces useful bottom 
composition information for benthic habitat mapping, however, limitations are apparent.  Hyperion habitat maps are 
different from those produced using conventional methods.  Hyperion produces detailed composition maps 
(including abundance), while classic benthic habitat maps rely on aggregation of diverse materials by analysts.  
While there is some correspondence of these basic Hyperion mapping results to published benthic habitat maps, 
depth dependencies are apparent. Spectral “ground truth” at Hyperion scales is required for verification of 
similarities/differences. 
 

Use of a linear Empirical Water Column Correction improves mapping for some units.  Materials with the 
same composition, but at different depths are consolidated after the water colu mn correction.  This approach, 
however, requires bathymetry and field spectra and thus is not applicable to areas without supporting ground 
information. Further study of empirical water column corrections is justified, but their reliance on in-situ 
measure ments imposes significant limitations. 
 

A prototype radiative transfer model-based correction for littoral zone hyperspectral data removes the 
requirements for supporting data by simultaneously calculating the bottom reflectance and bathymetry.  Hyperion 



mapping results demonstrate that the corrected data can be used for successful extraction of bottom composition 
corrected for depth effects.  The current assumption of bottom uniformity, however, imposes limitations on the 
approach and unacceptable errors in bathymetry estimation.  Refinement of the algorithm is possible and in 
progress, but will require establishment of a simulation database of common bottom materials. 
 

These analyses show that hyperspectral separation and mapping of distinct near-shore bottom 
characteristics is possible. The mapping results, however, are not exactly what scientist are used to receiving. Thus 
HSI data for mapping littoral scenes should be assessed not according to how well they can reproduce the 
conventional mapping process, but in terms of what additional information they can provide. 
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