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Abstract: The Hyperspectral Infrared Imager (HyspIRI) is a proposed NASA satellite 
remote sensing system combining a visible to shortwave infrared (VSWIR) imaging 
spectrometer with over 200 spectral bands between 0.38 and 2.5 μm and an 8-band thermal 
infrared (TIR) multispectral imager, both at 60 m spatial resolution. Short Wave Infrared 
(SWIR) (2.0–2.5 μm) simulation results are described here using Airborne Visible/Infrared 
Imaging Spectrometer (AVIRIS) data in preparation for the future launch. The simulated 
data were used to assess the effect of the HyspIRI 60 m spatial resolution on the ability  
to identify and map minerals at hydrothermally altered and geothermal areas. Mineral  
maps produced using these data successfully detected and mapped a wide variety of 
characteristic minerals, including jarosite, alunite, kaolinite, dickite, muscovite-illite, 
montmorillonite, pyrophyllite, calcite, buddingtonite, and hydrothermal silica. Confusion 
matrix analysis of the datasets showed overall classification accuracy ranging from 70 to 
92% for the 60 m HyspIRI simulated data relative to 15 m spatial resolution data. 
Classification accuracy was lower for similar minerals and smaller areas, which were not 
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mapped well by the simulated 60 m HyspIRI data due to blending of similar signatures and 
spectral mixing with adjacent pixels. The simulations demonstrate that HyspIRI SWIR 
data, while somewhat limited by their relatively coarse spatial resolution, should still be 
useful for mapping hydrothermal/geothermal systems, and for many other geologic 
applications requiring mineral mapping. 

Keywords: imaging spectrometry; hyperspectral; HSI; mineral mapping; HyspIRI 
simulation; spatial resolution modeling 

 

1. Introduction 

Imaging spectrometry, the simultaneous measurement of continuous spectra and images in up to 
hundreds of spectral channels or bands, is a proven technology for identifying and mapping materials 
based on their spectral signatures [1,2]. It has also become known as “Hyperspectral Imaging” or 
“HSI”. Spectral mapping using imaging spectrometer data is well established and routinely used for 
numerous applications [3-9]. Probably the most widely documented use of these data is for identifying 
and mapping specific minerals associated with hydrothermally altered rocks (rocks changed by hot 
water moving through them), which occur in active geothermal systems and relict mineralized systems 
(ore deposits) worldwide [1,9-14]. 

The Hyperspectral Infrared Imager (HyspIRI) is a proposed NASA satellite remote sensing system 
combining a visible to shortwave infrared (VSWIR) imaging spectrometer with over 200 spectral 
bands between 0.38–2.5 μm and an 8-band thermal infrared (TIR) multispectral imager [15]. The TIR 
system will have a single mid-wave infrared (MWIR) band at approximately 4 μm and seven spectral 
bands in the long-wave infrared (LWIR) between 7.3 and 12.1 μm. While HyspIRI is principally 
designed for ecosystem applications [15], it is expected that the system will have significant geologic 
capabilities as well [16]. Another hyperspectral instrument (Hyperion) has already demonstrated that 
mineral mapping from space is viable at 30 m spatial resolution, albeit with signal-to-noise (SNR) 
limitations that resulted in reduced capabilities comparable to airborne systems [11] . 

In preparation for HyspIRI, we have generated and analyzed simulated datasets using existing 
NASA imaging spectrometer data and multispectral airborne data to demonstrate HyspIRI’s suitability 
and potential for mineral mapping from space. The Airborne Visible/Infrared Imaging Spectrometer 
(AVIRIS) [17-20] at approximately 15 m spatial resolution was used to simulate the HyspIRI VSWIR 
data at 10 nm spectral resolution and 60 m spatial resolution. The MODIS/ASTER airborne simulator 
(MASTER) or MODIS airborne simulator (MAS) sensors, with 10 and 6 spectral bands respectively in 
the 8–14 μm range, provided the data for the MWIR band and the seven HyspIRI-simulated LWIR 
spectral bands. Only the SWIR mineral mapping utilizing the 2.0–2.5 μm region are described here. 

2. Approach and Methods 

The airborne datasets were geocorrected and coregistered to construct the full simulated VSWIR-TIR 
HyspIRI datasets using orthorectified Advanced Spaceborne Thermal Emission and Reflection 
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Spectrometer (ASTER) data [21] as a geographic base. For the SWIR, AVIRIS data were converted to 
apparent reflectance using “ACORN”, a MODTRAN atmospheric-model-based radiance to reflectance 
correction [22,23] and spectrally resampled using the proposed HyspIRI 10 nm spectral resolution [15,20]. 
They were then spatially registered to the orthorectified ASTER data using ground control points 
(GCPs), Delaunay Triangulation, and Nearest Neighbor resampling. Spatial resampling of the 15 m 
data to the 60 m HyspIRI spatial resolution was accomplished using pixel aggregation (pixel 
averaging). The 60 m spatial resolution simulated-HyspIRI data were finally resized to the same image 
size as the 15 m geocorrected data using integer pixel replication to allow direct digital comparison of 
the two spatial resolutions. No attempt was made to simulate HyspIRI SNR response, as the proposed 
HyspIRI response of approximately 400:1 in the SWIR is substantially similar to the performance of 
AVIRIS datasets used for these simulations (~400:1 or better in the SWIR for 1995 onward) [18,20]. 
The results described here assume that HyspIRI SNR projections will be met. 

A standardized analysis approach was used on each dataset to extract a few diagnostic image 
spectra and map their spatial locations [24]. This consists of reduction of the spectral dimensions using 
the Minimum Noise Fraction (MNF) Transformation [25,26], spatial reduction using the Pixel Purity 
Index (PPI) [27], and n-Dimensional scatterplotting to extract “endmembers” [28]. Endmembers 
consist of those spectra that can be combined in a linear mixing fashion to explain every spectral 
signature in the data. Mineral mapping matches these spectra to every pixel spectrum, estimating their 
abundances, and validating that the result is a valid mixture of the desired spectrum and the 
background (MTMF) [29]. The results are presented as color-coded image maps of the most abundant 
mineral per pixel. While multiple minerals do occur at many pixels (as mixtures), only the simplified 
mineral maps are shown here for comparison of 15 m versus 60 m mineral mapping. 

3. Results and Discussion 

Our HyspIRI simulations span a variety of sites—both active geothermal and fossil hydrothermal 
systems. These include hydrothermal alteration at Cuprite, Nevada and Fish Lake Valley, Nevada; and 
geothermal systems at Steamboat Springs, Nevada, Long Valley, California, and Yellowstone National 
Park, Wyoming. We summarize selected results for Cuprite, Nevada; Steamboat Springs, Nevada; and 
Yellowstone, Wyoming here. 

3.1. Cuprite, NV, Site (Fossil Hydrothermal System) 

The Cuprite mining district is located approximately 65 km (40 mi) south of Tonopah, Nevada. It 
consists of two spatially and temporally separate low-sulfur epithermal acid-sulfate systems separated 
by US Highway 95 [30]. Host rocks include Tertiary-age volcanic ash flow/air fall tuffs, flows, 
sedimentary conglomerates and sandstones and Cambrian-age carbonates, quartzites, siltstones (west 
side only). Abrams et al. [31] mapped three alteration zones (1) Argillized (kaolinite and/or 
montmorillonite); (2) Opalized (opal, variable alunite and kaolinite); and (3) Silicified (hydrothermal 
quartz ± calcite). 

Cuprite AVIRIS data collected 20 September 2006 at approximately 15 m spatial resolution were 
atmospherically corrected to reflectance, spectrally resampled to the HyspIRI wavelength response, 
geocorrected to ASTER data at 15 m resolution, and spatially resampled to 60 m as described above. 
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Visual comparisons were made between the original AVIRIS data and the 15 m spectrally resampled 
HyspIRI-simulated data of spectral signatures from areas of known composition and there were no 
discernable spectral differences. Endmember spectra were then extracted from the HyspIRI-simulated 
imaging spectrometer data at 15 m and 60 m spatial resolution using the MNF, PPI, n-D Visualizer 
approach. Extracted mineral spectra were compared with a spectral library developed by the USGS [32] 
for identification of minerals. The endmember spectra shown in Figure 1 are typical for those seen in 
epithermal ore deposits, representative of a fossilized hydrothermal system. These include kaolinite, 
dickite, alunite, buddingtonite, muscovite-illite, and hydrothermal silica. The calcite signatures are 
typical of those seen in unaltered limestones. Note the small differences between the 15 m and 60 m 
endmembers in Figure 1, caused by spectral mixing in the 60 m endmembers. The 15 m SWIR 
endmembers were used to perform mixture-tuned-matched-filtering (MTMF) mapping of the 
spectrally predominant mineral for each pixel in both the 15 m and 60 m HyspIRI-simulated data. The 
same matched filter (MF) cutoffs and MF/Infeasibility ratios were used to produce both images. 
Mapping at both resolutions resulted in visually similar mineral maps (the 15 m simulation is 
essentially identical to native AVIRIS data and results—not shown). The main difference is that some 
of the areas of specific minerals in the 15 m data are not present (or reduced in size) in the 60 m data 
because of dilution of pixel signatures by spectral mixing (Figures 2 and 3). 

Figure 1. Left: SWIR endmembers for the full Cuprite-Goldfield HyspIRI 15 m simulated 
dataset. Right: SWIR endmembers for the full Cuprite-Goldfield dataset at HyspIRI 60 m 
spatial resolution. There are some small differences between the endmember spectra 
caused by spectral mixing at the 60 m resolution. Most apparent of these in the 60 m 
resolution data are (1) a shift of the main feature for “buddingtonite” towards 2.16 μm 
caused by mixing with alunite; (2) shallowing of the 2.16 μm band for “dickite” to appear 
more similar to kaolinite; (3) disappearance of the jarosite endmember at 60 m resolution;  
(4) contamination of the broad 2.25 silica feature with other smaller features near 2.3 μm; 
and (5) loss of sharpness of the kaolinite doublet at 2.16 and 2.2 μm. 
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Figure 2. Left: SWIR mineral map for the full Cuprite-Goldfield 15 m spatial resolution 
scene generated from Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) data by 
geocorrecting to ASTER and spectrally resampling to HyspIRI spectrally response.  
Right: SWIR mineral map for the full Cuprite-Goldfield HyspIRI 60 m simulated dataset.  
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Figure 3. Left: Zoomed portion of the 15 m spatial mineral map over the Cuprite Mining 
District. Endmember spectra used and colors match Figure 1 (Left). Image base is 
approximately 10 km, north is to the top. Right: Zoomed portion of the 60 m  
HyspIRI-simulated mineral map over the Cuprite Mining District. Endmember spectra used 
and colors match Figure 1 (Left). Image base is approximately 10 km, north is to the top. 

  

Accuracy assessment comparing the capability of the 60 m HyspIRI-simulated SWIR data to map 
the specific minerals identified at Cuprite, Nevada, as compared to the 15 m HyspIRI spectrally 
resampled data was conducted using a confusion matrix approach [33] for the subset shown in Figure 3. 
The SWIR mineral mapping results shown in Figure 3 were directly compared on a pixel-by-pixel 
basis using the 15 m mineral map as the “ground truth” (Table 1). 

Overall accuracy of the 60 m classification as compared to the 15 m classification is estimated at 
approximately 81%. The calculated Kappa Coefficient, however, which assesses classification 
performance relative to chance, is only 0.46, falling into the generally accepted “Fair Agreement” 
category for the Kappa Coefficient statistic [34,35]. An examination of the diagonals of the confusion 
matrix shows accuracies ranging from approximately 24–85%. The best match is for kaolinite 
(however, see note about errors of commission below), while the worst match is for buddingtonite. It 
appears that most of the errors are probably attributable to spectral mixing as indicated by 
classification problems between similar minerals (e.g., kaolinite, dickite, and alunite; two types of 
alunite; two types of muscovite). The low score for buddingtonite is also probably caused by spectral 
mixing, as the buddingtonite exposures are typically small, and while well-resolved at 15 m spatial 
resolution 60 m HyspIRI-simulated pixels likely contain multiple minerals. The confusion matrix 
further shows that the there is a fairly even split of errors of commission versus omission, though 
errors for certain minerals (kaolinite, muscovite#2) are dominated by errors of commission. The 
producer accuracy (probability that the classifier has correctly labeled a pixel as a specific mineral 
given that the ground truth image pixel is that mineral) validate that HyspIRI should be able to map 
mineralogy at 60 m spatial resolution. The user accuracy (probability that the specific mineral has been 
correctly mapped given that the pixel has been classified as a specific mineral) is significantly lower 
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for several of the minerals (e.g., kaolinite, muscovite#1, alunite#2, buddingtonite), again indicating 
confusion at 60 m resolution between similar minerals caused by spectral mixing. It does appear from 
the classification images (Figures 2 and 3) and the confusion matrix (Table 1) that the HyspIRI sensor 
would do a reasonably good job of mapping the spatial distribution of hydrothermal alteration at the 
Cuprite, Nevada site. There is some loss of detail at the 60 m scale compared to the 15 m scale, 
however, the overall mineralogy and patterns are preserved and the simulated HyspIRI data can be 
used to generate a system model. 

Table 1. Confusion matrix for Cuprite, Nevada, 15 m versus 60 m HyspIRI simulation.  
Overall Accuracy = (1533947/1905364) 80.5068%. Kappa Coefficient = 0.4627. 

 Ground Truth          

Class Unclass Alun#1 Calcite Kaolinite Musc#1 Silica Dickite Alun#2 Budding. Musc#2 Total 

Unclass 84.01 16.52 24.99 5.83 32.64 11.25 22.85 42.74 51.74 19.22 74.82 

Alun#1 0.52 63.83 0.02 0.91 1.07 0.44 2.71 8.21 2.54 0.21 1.98 

Calcite 0.63 0.02 66.58 0.01 0.55 0.09 0.09 0.02 0.56 0.35 1.80 

Kaolinite 2.42 3.36 0.22 84.84 2.85 11.50 5.03 10.53 4.01 0.93 3.58 

Musc#1 4.20 2.42 5.63 0.73 57.25 1.78 3.56 1.75 9.35 0.44 6.19 

Silica 0.89 0.22 0.14 0.13 0.34 67.63 0.14 2.41 1.52 0.28 1.53 

Dickite 0.45 1.67 0.00 4.21 0.51 0.01 53.93 0.16 0.14 0.72 0.86 

Alun#2 1.35 9.03 0.05 1.16 0.64 6.50 0.32 32.47 0.84 0.19 2.08 

Budding. 0.09 0.51 0.06 0.29 0.16 0.01 0.06 0.21 24.11 0.04 0.16 

Musc#2 5.43 2.42 2.31 1.90 3.99 0.79 11.31 1.49 5.20 77.62 7.01 

Total 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

 

Class Commission Omission Prod. Acc. User Acc.       

 Percent Percent Percent Percent       

Unclass 5.28 15.97 84.03 94.72       

Alun#1 34.91 36.17 63.83 65.09       

Calcite 31.27 33.42 66.58 68.73       

Kaol 73.24 15.16 84.84 26.76       

Musc#1 61.56 42.75 57.25 38.44       

Silica 54.59 32.37 67.63 45.41       

Dickite 58.42 46.07 53.93 41.58       

Alun#2 69.22 67.53 32.47 30.78       

Budding. 65.21 75.89 24.11 34.79       

Musc#2 71.08 22.38 77.62 28.92       

3.2. Steamboat, NV, Site (Active Geothermal System) 

The Steamboat Springs hydrothermal system is described as a present-day equivalent of epithermal 
gold-silver deposits [36,37]. This geothermal system, located just south of Reno, Nevada is associated 
with four rhyolite domes. Thermal activity may be as old as 1.1 Ma, and has probably been continuous 
for at least the past 0.1 m.y [38]. Numerous wells have been drilled at Steamboat for geothermal 
energy and to obtain hot water for local resort facilities. The principal surface mineralogy at Steamboat 
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consists of chalcedonic sinter deposits. Until approximately 1988, dark siliceous muds were also being 
deposited in the active springs and acid-leached opaline residues. Geothermal production has resulted 
in a drop in the water levels and subsequent cessation of surface deposition. Kaolinite, and alunite 
occur in solfatarically altered granodiorite and basaltic andesite in the western part of the area [39-43]. 
Significant concentrations of precious metals and related pathfinder elements occur in the Steamboat 
Springs sinter deposits, as chemical sediments in spring vents, and as veins at depth [44]. Gold was 
detected at the 1–2 ppm level along with anomalous Ag and As concentrations in analysis of samples 
from several drill holes, and small amounts of Hg has been mined from a mercury mine at Steamboat [45]. 
Deep drilling at Steamboat shows vein and alteration patterns that are indistinguishable from those of 
many epithermal ore deposits, containing adularia, illite, montmorillonite, and chlorite-group minerals 
as well as kaolinite, chalcedony, calcite, and quartz. Both stibnite and cinnabar are present near the 
surface, however, ore-grade concentrations of metals appear to be absent both in the near surface 
deposits and in the veins at depth. The Steamboat site currently produces approximately 100 
megawatts of electricity from several geothermal power plants. Extensive hydrothermal alteration, and 
fumaroles and hot ground still present at a number of locations have been mapped by the authors using 
airborne VSWIR and TIR sensors [46-48] and digital temperature probes on the ground (Coolbaugh, 
unpublished data, 2006). 

AVIRIS data acquired 22 July 1995 at approximately 15 m spatial resolution were atmospherically 
corrected to reflectance, spectrally resampled to HyspIRI spectral resolution, geocorrected to 
orthorectified ASTER data, and spatially resampled to 60 m resolution as previously described. 
Endmember spectra were extracted from the Steamboat Springs, NV HyspIRI-simulated imaging 
spectrometer data at 15 m spatial resolution, again using the MNF, PPI, n-D Visualizer approach 
described above [24]. Extracted 15 m mineral spectra were compared with the USGS spectral library 
for identification of minerals. The endmember spectra shown in Figure 4 (Left) are typical for those 
seen in both epithermal ore deposits (representative of a fossilized hydrothermal system) and in active 
geothermal systems. These include kaolinite, alunite, muscovite-illite, and hydrothermal silica (Figure 4, 
Left). Pyrophyllite is also seen in an area outside the Steamboat Springs system. The 15 m SWIR 
endmembers were used to perform mixture-tuned-matched-filtering (MTMF) mapping of the 
spectrally predominant mineral for each pixel in both the 15 m and 60 m HyspIRI-simulated data 
(Figure 4, Right). The same matched filter (MF) cutoffs and MF/Infeasibility ratios were used to 
produce both images. Mapping at both resolutions resulted in visually similar mineral maps). Similar 
to Cuprite, but more dramatic because of some of the smaller mineral exposures, the main difference is 
that some of the areas of specific minerals in the 15 m data are not present (or reduced in size) in the 
60 m data, because of dilution of pixel signatures by spectral mixing (Figure 4, Right). 

Accuracy assessment was also performed for the Steamboat, Nevada 60 m simulated HyspIRI data, 
comparing the capability to map specific minerals with respect to the 15 m HyspIRI spectrally 
resampled data using the confusion matrix approach [33]. The SWIR mineral mapping results shown 
in Figure 4 were directly compared on a pixel-by-pixel basis using the 15 m mineral map as the 
“ground truth” (Table 2). 
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Figure 4. Left: SWIR mineral endmember spectra extracted from the 15 m spatial 
resolution, HyspIRI-simulated imaging spectrometer data. Right: Comparison of SWIR 
mineral mapping using 15 m simulated HyspIRI data (Top) and 60 m simulated HyspIRI 
data (Bottom). 

  

Overall accuracy of the 60 m classification as compared to the 15 m classification is estimated at 
approximately 92%. The calculated Kappa Coefficient, which assesses classification performance 
relative to chance, is 0.69, falling at the upper limit of the generally accepted “Good Agreement” 
category for the Kappa Coefficient statistic [34,35]. An examination of the diagonals of the confusion 
matrix shows accuracies ranging from approximately 15–80%. The best match is for green vegetation, 
the best mineral match is for silica, which is the main mineral present at the Steamboat Springs site (in 
the form of siliceous sinter). The worst mineral matches are for the two kaolinite classes, probably 
because the exposures of kaolinite were small with respect to the 60 m pixel and thus were confused 
with other minerals (or not identified as kaolinite—see errors of omission below) due to spectral 
mixing. It is obvious from comparing the two images in Figure 4 that there is a net loss of classified 
pixels for all of the classes except green vegetation and silica between the 15 m- and 60 m-classified 
images. This is despite the fact that identical processing and analysis procedures were used on both 
datasets. Again, it appears that most of the errors are probably attributable to spectral mixing. For this 
site, however, most of the errors are attributable to pixels classified as a specific mineral on the 15 m 
data being unclassified on the 60 m data (errors of omission). Accordingly, it can be seen from the 
confusion matrix that the errors of commission are relatively small, while the errors of omission are 
quite large (as pixels previously classified as a specific mineral in the 15 m data are unclassified in the 
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60 m data). This results in improved users accuracy values and an improved overall classification 
accuracy compared to what was seen at the Cuprite, Nevada site. For the Steamboat Springs, Nevada 
site, it appears from the classification images (Figure 4) and the confusion matrix (Table 2) that the 
HyspIRI sensor would generally do a good job of mapping the hydrothermal silica alteration at the 
Cuprite, Nevada site. It is clear, however, that occurrences of other minerals are not as well mapped 
and that there is some significant loss of detail at the 60 m scale compared to the 15 m scale. Again, 
however, the overall mineralogy and patterns are preserved and the simulated HyspIRI data can be 
used to map the geothermal system. 

Table 2. Confusion matrix for Steamboat Springs, Nevada, 15 m versus 60 m HyspIRI 
simulation. Overall Accuracy = (278492/302217) 92.1497%. Kappa Coefficient = 0.6859. 

 Ground Truth         
Class Unclass Alunite Silica Mus/Ill Kaol#1 Pyroph G. Veg D. Veg Kaol#2 Total 
Unclass 98.02 55.35 20.06 75.08 83.11 58.39 18.77 60.21 77.21 88.43 
Alunite 0.20 44.58 0.00 0.20 0.07 0.13 0.00 0.01 0.00 1.30 
Silica 0.19 0.01 79.73 0.00 0.00 0.00 0.00 0.19 0.00 1.31 
Mus/Ill 0.08 0.04 0.00 24.56 0.83 0.00 0.00 0.00 0.00 0.28 
Kaol#1 0.03 0.00 0.00 0.08 15.15 0.00 0.00 0.00 1.33 0.10 
Pyroph 0.03 0.01 0.00 0.00 0.00 41.49 0.00 0.00 0.00 0.13 
G. Veg 0.95 0.00 0.14 0.00 0.00 0.00 80.41 4.77 0.00 7.03 
D. Veg 0.48 0.00 0.02 0.08 0.00 0.00 0.82 34.82 0.00 1.38 
Kaol#2 0.01 0.00 0.05 0.00 0.83 0.00 0.00 0.00 21.46 0.05 
Total 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

 
Class Commission Omission Prod. Acc. User Acc.       
 Percent Percent Percent Percent       
Unclass 6.76 1.98 98.02 93.24       
Alunite 13.34 55.42 44.58 86.66       
Silica 12.63 20.27 79.73 87.37       
Mus/Ill 25.96 75.44 24.56 74.04       
Kaol#1 28.29 84.85 15.15 71.71       
Pyroph 19.00 58.51 41.49 81.00       
G. Veg 13.18 19.59 80.41 86.82       
D. Veg 33.93 65.18 34.82 66.07       
Kaol#2 32.64 78.54 21.46 67.36       

3.3. Yellowstone, WY Site (Active Geothermal System) 

Yellowstone National Park covers nearly 3,500 square miles in the northwest corner of Wyoming 
and contains the largest concentration of geothermal features in the world [49]. The park has around 
100 hot springs groups, totaling over 10,000 individual thermal features [50]. Yellowstone has been 
the site of extensive volcanism throughout the Cenozoic [51], with the geyser basins underlain entirely 
by Quaternary-age rhyolitic rocks [52]. Regional fault systems and the Yellowstone Caldera control 



Remote Sens. 2011, 3              
 

 

1594

the distribution of thermal features [53,54]. The entire area has been extensively glaciated, and many 
of the springs and geysers issue from stream and glacial sediments derived from the rhyolites [55]. 

Figure 5. Left: False color composite (color infrared or CIR) image of a portion of 
Yellowstone National Park. Yellowstone Lake can be used for location purposes. The large 
image base is two orthorectified ASTER images at 15 m spatial resolution. The ASTER 
image base is approximately 60 km. Also shown are 6 AVIRIS flightlines from 1997 
orthorectified and overlain on the ASTER data for flightline location purposes. The 
Firehole River area 1996 AVIRIS subset described in the following sections (which fell 
along the same flightlines as the 1997 data) is outlined and labeled. Right: False color 
composite (color infrared or CIR) 1996 AVIRIS image of the Firehole River area. Each 
AVIRIS Image base in the left mosaic and the AVIRIS image base in the right image is 
approximately 10 km. North is to the top. 

   

Yellowstone contains numerous active examples of several types of hot springs–alkaline-type 
(Upper, Midway, and Lower Geyser Basins. referred to here as the “Firehole River area”), travertine 
(Mammoth Hot Springs), acidic types (Mud Volcano area) and mixed types (Norris Geyser Basin). 
AVIRIS data were acquired for portions of Yellowstone National park during 1996, 1997, and 1998 
(Figure 5). Only selected results from 1996 data of the Firehole River area (Figure 6) are shown here. 
The Upper, Midway, and Lower Geyser Basins of Yellowstone National Park occur along the Firehole 
River in the west central part of the park (Figure 5). The Upper Basin, containing over 150 hot springs 
and geysers, extends approximately 5 km northwest from Old Faithful along both sides of the river [56]. 
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The large majority of thermal features have high flow, alkaline-composition waters, many of which 
commonly discharge directly into the river. Some acid-dominated systems occur along the fringes of 
the basin, characterized by low flow and minimal deposition of sinter and sulfur. Midway Basin occurs 
downstream along the Firehole River and contains approximately 30 springs with predominantly 
alkaline chemistry, including the largest single hot spring in the world, the Grand Prismatic Spring, 
which is more than 100 m across. The Lower Geyser Basin is the largest of all of the Yellowstone 
geyser areas, characterized by large, deep hot springs and alkaline geysers covering an area of 
approximately 40 km2. As in the Upper Geyser Basin, surrounding slopes and ridges characteristically 
have acid springs, mud pots, and fumaroles; some of the acid features, however, occur in close 
proximity to alkaline hot springs [50]. 

The AVIRIS data of Yellowstone analyzed here for the Firehole River site were acquired 6 August 
1996 at approximately 15 m spatial resolution. They were atmospherically corrected to reflectance, 
spectrally resampled to HyspIRI spectral resolution, geocorrected to orthorectified ASTER data, and 
spatially resampled to 60 m resolution as previously described. The standardized hyperspectral data 
analysis procedures were followed for the Firehole River area on simulated HyspIRI SWIR data only 
(2.0–2.5 μm) at both 15 m and 60 m spatial resolution. 

Figure 6. Left: SWIR spectral endmembers for the 1996 Firehole River 15 m HyspIRI 
spectrally resampled AVIRIS data. Center: 15 m mixture-tuned-matched-filtering 
(MTMF) spectral mapping results for the spectral endmembers shown on the left. 
Right: 60 m MTMF spectral mapping results for 60 m HyspIRI-simulated data. Image 
base is approximately 10 km. North is to the top. 
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The SWIR data were MNF transformed, the PPI was run to find potential endmembers, and  
n-Dimensional visualization was used to extract specific endmembers at 15 m spatial resolution (Figure 6, 
Left). Extracted 15 m mineral spectra were compared with the USGS spectral library for identification. 
The mineralogy determined was simple, principally hydrothermal silica and kaolinite. Both dry and 
green vegetation were also present. Several additional vegetation endmembers were also extracted (not 
shown). The 15 m SWIR endmembers were again used to perform mixture-tuned-matched-filtering 
(MTMF) mapping of the spectrally predominant mineral (or vegetation) for each pixel for the 15 m 
and 60 m HyspIRI-simulated data (Figure 6, Right). 

The SWIR mineral mapping generally confirms the alkaline nature of the Firehole River area hot 
springs/geothermal system, as the principal mineral deposited is silica (sinter). There are also a few 
small areas of acid sulfate alteration, as evidenced by the occurrence of kaolinite in a few spots. The  
60 m resolution simulated HyspIRI data mapped similar minerals and distributions to the 15 m data, 
with some loss of detail. These simulated data, while somewhat limited by low spatial resolution, 
appear adequate for mapping large geothermal systems such as Yellowstone. There are, however, other 
significant minerals at this site and at other sites in Yellowstone that have been previously mapped 
using approximately 2 to 6 m spatial resolution AVIRIS [14]. These unfortunately cannot be easily 
mapped using imaging spectrometry at the 15 and 60 m scales. 

Accuracy assessment was also performed comparing the capability of the 60 m HyspIRI-simulated 
SWIR data to map the specific minerals identified at Yellowstone, Wyoming. The 60 m HyspIRI-simulated 
data were compared to the 15 m HyspIRI spectrally resampled data again using the confusion matrix 
approach [33]. The SWIR mineral mapping results shown above in Figure 6 were directly compared 
on a pixel-by-pixel basis using the 15 m mineral map as the “ground truth” (Table 3). 

Table 3. Confusion matrix for Yellowstone, Wyoming, 15 m versus 60 m HyspIRI 
simulation. Overall Accuracy = (542160/775992) 69.8667%. Kappa Coefficient = 0.3441. 

 Ground Truth     
Class Unclass Kaolinite Silica Grn Veg Dry Veg Total 
Unclass 76.89 49.41 12.86 35.44 51.63 68.03 
Kaolinite 1.12 19.15 0.36 0.45 1.03 1.11 
Silica 0.93 3.18 69.17 2.34 1.41 2.84 
Grn Veg 5.62 5.61 8.76 56.01 3.06 9.82 
Dry Veg 15.44 22.65 8.85 5.77 42.66 18.20 
Total 100.00 100.00 100.00 100.00 100.00 100.00 
Class Commission Omission Prod. Acc. User Acc.   
 Percent Percent Percent Percent   
Unclass 15.93 23.11 76.89 84.07   
Kaolinite 92.49 80.85 19.15 7.51   
Silcia 39.09 30.83 69.17 60.91   
Grn Veg 49.33 43.99 56.01 50.67   
Dry Veg 67.65 57.34 42.66 32.35   
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Overall accuracy of the 60 m classification as compared to the 15 m classification for Yellowstone, 
Wyoming is estimated at approximately 70%. The calculated Kappa Coefficient, however, which 
assesses classification performance relative to chance, is only 0.34, falling into the generally accepted 
“Poor Agreement” category for the Kappa Coefficient statistic [34,35]. An examination of the 
diagonals of the confusion matrix shows accuracies ranging from approximately 19–69%. As seen for 
Steamboat Springs, Nevada, the best mapping results are for silica, which is nearly ubiquitous at the 
hot springs sites throughout Yellowstone in the form of large surface distributions of siliceous sinter. 
The worst mineral match is for the kaolinite class, which again occurs only as relatively small patches 
in the 15 m mineral map image. In the 60 m HyspIRI-simulated data the kaolinite exposures are small 
with respect to the 60 m pixel and thus were confused with other minerals and mostly dry vegetation 
(errors of commission), or not mapped at all (errors of omission) due to spectral mixing. The confusion 
matrix further shows that there is a fairly even split of errors of commission versus omission—both of 
which are high for most classes. The producer and user accuracies are both lower for the Yellowstone 
case than for the other two sites studied here. The kaolinite class in particular shows very poor 
classification accuracy. For the Yellowstone, Wyoming site, it appears from the classification images 
(Figure 6) and the confusion matrix (Table 3) that the HyspIRI sensor would perform adequately for 
mapping the hydrothermal silica alteration and vegetation at Yellowstone, however, there is significant 
loss of detail at the 60 m scale for kaolinite compared to the 15 m scale. Again, however, the overall 
mineralogy and patterns are preserved (particularly for hydrothermal silica), and the simulated HyspIRI 
data can be used to identify the main mineral (silica) and spatially map the geothermal system. 

4. Conclusions 

Five simulated HyspIRI datasets consisting were generated of VNIR-SWIR reflectance and LWIR 
temperature/emissivity at 60 m spatial resolution using existing NASA airborne data (AVIRIS and 
MASTER). Analysis of the SWIR data only for the Cuprite, Nevada simulated HyspIRI dataset 
indicates that the proposed HyspIRI SWIR spectral response is essentially the same as AVIRIS, which 
has repeatedly demonstrated superior mineral mapping capabilities. Thus, HyspIRI-resampled AVIRIS 
data preserve key spectral information. MTMF mineral maps produced for three of the simulated 
datasets (Cuprite, Nevada; Steamboat Springs, Nevada; and Yellowstone, Wyoming) using the SWIR 
(2.0–2.5 μm) region only at both 15 m and 60 m spatial resolution successfully detected and mapped a 
wide variety of characteristic minerals, including jarosite, alunite, kaolinite, dickite, muscovite-illite, 
montmorillonite, pyrophyllite, calcite, buddingtonite, and hydrothermal silica at several fossil and 
active hydrothermal systems. Confusion matrix analyses of the datasets shows overall classification 
accuracy ranging from 70 to 92% for the 60 m HyspIRI simulated data relative to 15 m airborne 
spectrally resampled data. Errors of commission and omission provide insight to the causes of 
misclassification, clearly pointing towards scale dependent spectral mixing as the cause of most errors. 
Similar minerals and smaller areas of alteration are not mapped well by the simulated 60 m HyspIRI 
data due to spectral mixing with adjacent pixels. 

These results demonstrate that HyspIRI data, while somewhat limited by their relatively coarse  
(60 m) spatial resolution, should be useful for mapping geologic materials associated with geothermal 
systems and ore deposits (fossil hydrothermal systems). Mineral mixing at the proposed 60 m spatial 
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resolution does, however, complicate quantitative determination of surface mineralogy and will 
probably limit detection of some occurrences and detail observed using the airborne data. In addition, 
these results indicate that HyspIRI data should be useful for many other geologic applications 
requiring spectral data for mineral mapping. 

Availability of Simulated Data 

These simulated HyspIRI data will soon be made available for download via FTP. For additional 
information contact the corresponding author at fakruse@nps.edu.  
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