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ABSTRACT 

 

We have developed a method that can effectively identify 

and map the distribution and semi-quantitative abundance of 

minerals in a volcanic terrain using NASA’s spaceborne 

spectral instruments. Our method synergistically combines 

spatially extensive but spectrally low-resolution Landsat 

multispectral imageries with spatially narrow but spectrally 

high-resolution Hyperion hyperspectral imageries. This 

approach profits from the advantages of the two types of 

data while compensating the disadvantages, leading to 

retrievals of reasonably detailed mineralogical information 

within a practical processing timeframe. We mapped the 

mineralogy of the Altiplano-Puna volcanic province in the 

Central Andes and detected ferric iron minerals, alunite, and 

kaolinite. This contributes to the ongoing efforts to better 

understand the Altiplano-Puna region for scientific and 

industrial purposes, as well as a demonstration for analysis 

of other planetary surfaces using similar datasets.   

 

Index Terms— remote sensing, Atacama, Hyperion, 

Landsat, mineralogy, visible-near infrared spectroscopy 

 

1. INTRODUCTION 

 

Multispectral and hyperspectral remote sensing imageries 

are an important component in the analysis of planetary 

surfaces, natural or man-made [1]. Spectral imageries from 

airborne or spaceborne instruments can map minerals and/or 

geology of bare areas with substantially larger spatial and 

temporal coverage than traditional field-based methods. 

This is an exceptional advantage in geosciences, and the 

combination of spectral imagery analysis and field-based 

studies presents a thorough approach in solving outstanding 

problems.  

We developed a strategic mineral mapping method 

using spaceborne multispectral and hyperspectral imageries. 

The synergistic combination of the two types of imagery 

allowed an effective analysis of the mineralogic diversity of 

a region in South America known as the Altiplano-Puna 

volcanic complex [2].  

 

2. ALTIPLANO-PUNA VOLCANIC COMPLEX 

 

Our study area covers the western boundary of the 

Altiplano-Puna volcanic complex (APVC) in the Central 

Andes, from 21°30’ S, 67°00’ W to 24°30’ S, 69°00’ W 

(Figure 1a). A series of silicic volcanic eruptions in the past 

~10 million years has shaped the Altiplano-Puna province 

(ca. 70,000 km2), and due to arid climate, many volcanic 

features, such as ignimbrites and domes, are well preserved 

Figure 1. (a) True color Landsat imagery (radiance in 

bands 4, 3, and 2 as red, green, and blue, respectively) of 

the Altiplano-Puna volcanic complex. (b) DCS image of 

Landsat reflectance where red, green, and blue colors 

were assigned as reflectance in Landsat OLI bands 7, 6, 

and 4, respectively. White rectangles are footprints of 

selected Hyperion images. Arrow points to the Carcanal 

Volcano area which is presented in Figure 3.  



[2]. A gigantic partial melt zone, at 4-30 km depth, is 

postulated as the source of this massive volcanism, which in 

turn keeps this province volcanically active today [2]. For 

these reasons, the APVC has been a rare and unique place 

on Earth for volcanology, geophysics, geochemistry, 

planetary science, and a number of other fields in Earth 

sciences.  

 

3. DATA: LANDSAT 8 OLI AND EO-1 HYPERION 

 

We used NASA’s multispectral imager, Landsat 8 

Operational Land Imager (OLI), and hyperspectral imager, 

Earth Observing 1 (EO-1) Hyperion, which are both part of 

NASA’s Earth observing fleet of satellites [3]. Landsat 8 

OLI and EO-1 Hyperion offer a complementary set of 

advantages and disadvantages.  

 

3.1. Landsat 8 OLI 

 

Landsat 8 began operations in 2013 and is currently the 

latest satellite of the Landsat series [3]. The OLI sensor 

possesses 9 spectral bands in the visible to near-infrared 

range (VNIR, 0.4–2.5 µm; Figure 2). Landsat 8 also carries 

the Thermal Infrared Sensor (TIRS) which has 2 spectral 

bands in the thermal infrared range (8–15 µm). Both sensors 

operate in the push-broom imaging method and have a 

spatial resolution of 30 m/pixel (after resampling from 100 

m/pixel for TIRS).  

Bands 1-7 of Landsat 8 OLI level 2 reflectance data 

were used in this study as they are the relevant bands for 

mineralogical analysis; this data is available on U.S. 

Geological Survey (USGS) Earth Explorer.  

 

3.2. EO-1 Hyperion 

 

The EO-1 satellite operated from 2000 to 2017 with two 

instruments onboard, Advanced Land Imager (ALI) and 

Hyperion. The EO-1 mission was mainly intended as a 

technology demonstration. It was placed in the same orbit as 

Landsat 8 and a group of other NASA satellites dedicated to 

observing the land surface [3].  

Hyperion contained 220 spectral bands in the 0.4–2.5 

µm wavelength range (Figure 2), and it had a spatial 

resolution of 30 m/pixel. Hyperion products are long, 

narrow strips of hyperspectral cubes with standard scene 

width and length of 7.7 km and 42 km, respectively. (Figure 

1). This makes Hyperion complementary to Landsat 8 OLI 

which has lower spectral resolution but much greater spatial 

coverage.  

Hyperion radiance data available on USGS Earth 

Explorer were converted to reflectance using the ENVI 

FLASSH module [5] and further cleaned using a custom-

made algorithm [6] prior to detailed analysis.   

 

4. MAPPING METHOD 

 

We have developed a workflow that strategically utilizes the 

advantages of Landsat and Hyperion data. First, Landsat 

reflectance multispectral cubes are used to make 

decorrelation stretch (DCS) images [7]. The DCS technique 

makes false-colored maps showing spectral variabilities 

corresponding to variation in colors.  

Next, using the Landsat DCS map as a guide, a few 

Hyperion images are selected for detailed analysis, and we 

additionally subset smaller areas of significant interests. 

This selection process is based on the distribution of spectral 

variability in the Landsat DCS map, Hyperion data quality, 

and geographic relevance to past geological field 

expeditions [8].  

Then, the selected Hyperion imageries are processed to 

retrieve main mineral classes in the following manner: 1) 

data is transformed, and its dimensionality is reduced using 

the Minimum Noise Fraction (MNF) technique [9]. The 

subset of MNF bands with the least amount of noise is used 

in Inverse MNF to reobtain hyperspectral cubes with 

substantially reduced amount of noise; 2) Pixel Purity Index 

[9] is computed, and pixels with potential endmember 

spectra are identified. The number of potential endmember 

spectra is reduced upon manual inspection to a manageable 

number (maximum of 20); and 3) pixels in the scene 

matching the selected endmember spectra are identified 

using the Spectral Angle Mapper (SAM) technique [9]. 

Redundant SAM classes are merged and irrelevant SAM 

classes (e.g., shadows) are omitted upon manual inspection.  

Figure 2. VNIR atmospheric transmittance, Landsat band 

widths (long vertical stripes), and selected Hyperion 

spectral range (short vertical lines). Transmittance is 

computed with MODerate resolution atmospheric 

TRANsmission (MODTRAN) for one-way US standard 

1976 model [4]. Numbers at the bottom of vertical stripes 

indicate Landsat band numbers (band 8 is a panchromatic 

detector and not included). The red, green, and blue 

shades of the Landsat bands correspond to the actual 

wavelengths of red, green, and blue colors (center 

wavelengths 0.654, 0.562, and 0.482 µm), respectively. 

Hyperion covers the full 0.4–2.5 µm range, however, only 

the bands useable for this study are shown. 



After the above mineral classification procedure, the 

presence of specific minerals are speculated based on 

evidences assembled from the examination of spectral 

features in SAM endmember spectra, distribution of SAM 

classes, and existing geological/mineralogical information. 

Spectral band depth indices targeting the detection of the 

specific minerals are then computed [10] to further 

characterize the mineralogy of the scene.  

The Landsat DCS map, Hyperion SAM class map, and 

Hyperion band depth index map are compared, and links 

between Landsat and Hyperion datasets are established.  

 

5. RESULTS 

 

Landsat DCS map of the nearly full span of the Altiplano-

Puna volcanic complex revealed the scope of spectral 

variabilities existing in this region (Figure 1b). Our 

workflow process identified Carcanal Volcano and its 

vicinity as a potential region of interest for more detailed 

analysis using Hyperion data.  

For the Carcanal area, we identified likely endmember 

spectra (Figures 4a and 4b) from Hyperion data which were 

then used to make a classification map (Figure 3c). Initially, 

no mineral group was assigned to each class. We examined 

the endmember spectra and identified spectral bands at 0.86, 

2.165, and 2.22 µm. The band at 0.86 µm signifies the 

presence of ferric iron minerals, especially hematite; the 

band at 2.165 µm and 2.22 µm indicate kaolinite group 

and/or alunite [10]. With this inference, we labeled each 

class with minerals (including mineral groups) or other land 

surface types (e.g., snow and less altered volcanic flows) 

and observed consistency with a similar previous study [11].  

For the three identified bands, we computed band depth 

indices BD860_2, BD2165, and MIN2200 (minimum of 

BD2165 and BD2210) where BD stands for “band depth” 

and the numbers correspond to center wavelengths of the 

Figure 3 (a) Landsat true color imagery of Carcanal Volcano (22°3’ S, 68°21’ W). (b) Landsat DCS image of Carcanal 

Volcano (zoom-in of Figure 1b). (c) Classification map produced using Hyperion hyperspectral imagery. The labeled 

minerals in the legend key are interpretations based on endmember spectra (Figure 4a). (d) Map of band depth index 

BD860_2 computed using Hyperion. (e) Map of band depth index BD2165 computed using Hyperion. (f) Map of band 

depth index MIN2200 computed using Hyperion. (g) False color RGB composite imagery of the combination of the three 

band depth indices where red, green, and blue are assigned BD860_2, BD2165, and MIN2200, respectively. Arrows point 

to the location of sampling during a field campaign (Figure 4c and 4d).  



bands. Figures 3d-3f show the magnitude and distribution of 

the three band depth indices, and Figure 3g shows the 

combination of the three parameters as a red, green, and 

blue (RGB) composite.  

 

6. DISCUSSION AND CONCLUSIONS 

 

Landsat DCS map showed considerable information 

regarding spectral variability over a large spatial extent. The 

DCS technique is an automatic and fast process but only 

capable of showing quantities from 3 variables. It is thus a 

well-suited technique to apply to Landsat multispectral 

imageries which have large spatial extent but low spectral 

resolution. We expect the Landsat/DCS combination to be 

particularly useful in a broad-scale, survey-type analysis 

spanning the entire study area.  

The extensive analysis conducted with Hyperion 

hyperspectral imagery at Carcanal Volcano was able to 

retrieve mineralogical information from reflectance spectra. 

The endmember identification, classification mapping, and 

spectral feature examination collectively led to the selection 

of candidate minerals. Then, the computation of band depth 

indices revealed the semi-quantitative abundance and 

geographical distribution of primary minerals expected to be 

Figure 4. (a) Hyperion reflectance spectra of endmembers of the classes 2–6 shown in Figure 3c. Vertical stripes and dashed 

lines indicate the wavelength ranges and center wavelengths, respectively, used for the computation of the band depth indices 

BD860_2, BD2165, and MIN2200. The labeled minerals in the legend key are interpretations. (b) Comparison of Landsat 

and Hyperion reflectance spectra (medians) for each of the classes from Figure 3c. (c) Comparison of laboratory-acquired 

reflectance spectra of samples collected in the field to Landsat and Hyperion reflectance spectra (3×3 pixel mean) of the 

sampling location indicated in Figure 3 (Landsat and Hyperion spectra for Carcanal 2 sample are not available). (d) 

Photographs of the Carcanal 1 and Carcanal 2 samples. Hyperion spectra is discontinuous due to masking of irrelevant 

bands. Class 1 from Figure 3c is snow and not shown in (a) and (b). The red, green, and blue vertical stripes in (c) and (d) 

correspond to Landsat 2.2, 1.61, and 0.56 µm bands used for DCS (Figure 1b and 3b). 



present in the study area. This targeted, in-depth analysis is 

appropriate for Hyperion which has a high spectral 

resolution but small spatial coverage.  

From prior geological field expeditions [8], there are 

two samples (Figure 4d) collected at this location (indicated 

by an arrow in Figure 3). Reflectance spectra of the samples 

were acquired with a point spectrometer ASD Fieldspec 4 at 

CRPG (Figure 4c). The laboratory-acquired spectra of 

Carcanal samples served as a means to confirm inferences 

made with Landsat and Hyperion imageries. The spectral 

shape of Carcanal 1 sample (Figure 4c) matches that of the 

Landsat and Hyperion spectra (magnitude is generally 

different due to extensive difference in spatial scales of the 

samples compared to a pixel in orbital imageries). 

Importantly, the spectrum of Carcanal 1 sample and the 

Hyperion spectrum shows the band at 0.86 µm which is an 

indicator of ferric iron minerals. The spectrum of Carcanal 2 

sample also shows an evident band at 0.86 µm but also at 

the 2.165–2.2 µm region (other apparent bands are not 

analyzed here due to irrelevance to orbital data). For such, 

the Carcanal 2 sample likely contains alunite or kaolinite. 

Visual inspection of the samples (Figure 4d) confirms that 

the Carcanal 1 sample is dominantly brown in color, 

indicative of ferric iron minerals, and the Carcanal 2 sample 

has brown and gray portions in which the gray portions are 

likely alunite or kaolinite. The Carcanal 2 sample was not 

taken from an exposed surface in the field and thus no 

orbital spectra are available. However, we can predict that 

this sample likely corresponds to either “Class 3: Alunite + 

Hematite” or “Class 5: Alunite + Hematite + Kaolinite” 

based on the similarity of the spectral shape and the 

presence of bands at 0.86 µm and the 2.165–2.2 µm region 

(Figure 4a and 4b).  

Furthermore, the match between the Landsat and 

Hyperion spectra for the defined classes (Figure 4b) is 

markedly consistent, and the spatial correspondence of the 

Landsat DCS colors (Figure 3b) and the classes defined in 

Hyperion imagery (Figure 3c) is also high. These 

agreements point toward the establishment of a link between 

Landsat and Hyperion data connecting the mineralogical 

information retrieved with in-depth analysis of Hyperion 

data to spatially extensive but mineralogically incomplete 

picture painted by the Landsat DCS map. With such a link, 

we can more confidently extrapolate the mineralogical 

information obtained with Hyperion data in one area to 

other parts of the study area where Hyperion data (and 

samples) are not available.  

We believe that our mineral mapping method becomes 

particularly useful for studying field sites with difficult 

conditions to conduct field geology (as the case for the 

Altiplano-Puna province and alike) and surfaces of other 

Solar System bodies. Our subsequent research will examine 

more targeted areas with Hyperion data and strengthen the 

Landsat-Hyperion link.  
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