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Abstract:

An area located at the Central Iranian Volcano-Sedimentary Complex is tested for
mineral mapping using the ASTER data. The L1B dataset of ASTER was calibrated
using the Internal Average Relative Reflection (IARR) method. Spectral Angle
Mapping (SAM) and Linear Spectral Unmixing (LSU) algorithms were applied to
mapping alteration minerals using the image spectra and the spectra selected from
USGS library. Spectra of the image were extracted using the "spectral end-member
selection" procedures, including minimum noise fraction (MNF), pixel purity index
(PPI) and n-dimensional visualization.

Since the kaolinite, white mica and montmorillonite share a diagnostic absorption
feature in band 6 of ASTER they were considered as one group (argillic alteration
indicators) in image analyses. The spectra of alunite and pyrophyllite are
characterized by a diagnostic absorption feature in band 5 and are evidences for
advanced argillic alteration. Finally, chlorite, epidote and calcite, showing a common
absorption feature in band 8 were selected for discriminating propylitic alteration
zone.

Linear Spectral Unmixing using the image spectra obtained reasonable results and
successfully discriminated pixels with highest proportions of alteration minerals,
around copper deposits; while the abundance values of end-members selected from
the USGS spectral library were not satisfied for output pixels. Pixels discriminated as
alteration minerals generally were corresponded to the alteration zones mapped by the
National Iranian Copper Company for Daralu deposit.

It is concluded that outputs obtained from the SAM and LSU algorithms were more
reliable when using the ASTER image spectra in comparison to using spectra from
the USGS library. Furthermore, LSU and SAM algorithms discriminated similar
regions for each alteration zone when using the image spectra.

1- Introduction:
One of the main aims of geological remote sensing has been the development of

methods for mineral mapping and rock type discrimination.The exploration geologist
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pay more attention to hydrothermally altered rocks and clay minerals because of their
potential economic importance and diagnostic spectral features as a key for their
identification via remote sensing techniques.

Many commonly used spectral analysis techniques such as Spectral Angle Mapping
and Linear Spectral Unmixing are based on the fact that remotely sensed imagery are
sampled with numerous spectral bands at narrow bandwidths (often on the order of
tens of nanometers), making it possible to construct a spectrum for each pixel in the
image. The spectrum can then be compared with the spectra of known pure materials
such as minerals, vegetation, and soil, and pixels which are similar to this spectrum
could be distinguished. Many techniques, despite their primary design for use with
hyperspectral data, can be applicable logically to multispectral data such as ASTER.
The pure materials are often referred to as endmembers. The spectra of the
endmembers primarily come from three different sources including: image derived
“pure pixels”, in situ spectroradiometric measurement, and laboratory based spectral
libraries such as, United State Geological Survey (USGS), Johns Hopkins University
(JHU) and the NASA’s Jet Propulsion Laboratory (JPL).

Spectral Angle Mapping and Linear Spectral Unmixing techniques were applied by
many researchers in remote sensing studies (Kruse et al. 1993, Boardman et al 1994,
Van Deer Meer 1995, 1996, 1999, 2001, Galvao et al 2001, Rowan et al 2003, 2006,
Qui et al 2006, Tangestani et al 2005, 2008). These algorithms were implemented
based on the comparison of a pixel spectrum with the spectra of known pure
materials.

The purpose of this paper is to employ Spectral Angle Mapping (SAM) and Linear
Spectral Unmixing (LSU) algorithms on the ASTER data to discriminating alteration
zones in the Sarduiyeh, SE Kerman Province, Iran. Analysis focus on the spatial
distribution of the main types of hydrothermally altered minerals including kaolinite,
alunite and chlorite. Image and laboratory spectra of these minerals were used to
perform algorithms.

2- Geological setting:

The study area (57 00’ - 5730’ E and 29" 00'-29" 30 N) is situated in the southern part
of Central Iranian Volcano- sedimentry complex (Uromiye- Dokhtar belt), south-
southeast of Kerman province (Fig. 1). This belt has a great potential for the
exploration of porphyry copper mineralization.

The most impressive geological feature in this area is the Eocene sequences,
consisting of andesite, andesite-basalt, basalt, rhyolite, trachyte, trachyandesite,
trachybasalt and their pyroclastics. Horizons of limestones, conglomerates and
sandstones are also exposed at the area. The Eocene sequence is intruded by Oligo—
Miocene granodiorite, quartz-diorite, diorite, monzonite, tonalite and granite plutons.
Alteration zones and copper mineralization are generally related to the hydrothermal
solutions. Hydrothermal alterations occur in both the Eocene volcanics and intrusive
plutons. Argillization, sericitization, propylitization and silification are the most
common types of hydrothermal alterations in the area (Geological Survey of Iran
1973).

Copper occurrences are numerous, some of them being exploited in the ancient time.
Mineralized veins, mostly in Eocen volcanics, are situated along the highly silicified
faults. They are mineralized by chalcopyrite, pyrite, bornite and magnetite. Veins are
mostly at Kuh-e- Bahr Aseman, Kuh-e-Hanza, and near the Godar Siah. Porphyry
copper mineralization crops out near the village of Sarmeshk, Surakhe Mar, Sin Abad
and Daralu (Geological Survey of Iran 1972).
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The study area is located in a semi-arid environment with low vegetation, so it is a
suitable test site for remote sensing studies.

Kerman®

sarduiye

Fig.1. Location of the study area

3- ASTER Data:

The Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER),
is an advanced multispectral imager that was launched on board NASA’s Terra
spacecraft in December, 1999. ASTER is a cooperative effort between NASA and
Japan. It records solar radiation in 14 spectral bands. This instrument providing
enhanced capabilities for mineral exploration, measures reflected radiation in three
bands between 0.52-0.86 um (VNIR) and in six bands from1.6 to 2.43 um (SWIR),
with 15 and 30 m resolution, respectively. In addition, emitted radiations are
measured at 90-m resolution in five bands in the 8.125-11.65 um wavelength regions
(TIR) (Yamaguchi et al.1998, ASTER User guide 2001).

The ASTER data used in this study are level 1B data acquired on Jan 01, 2005. The
images have been pre-georeferenced to UTM zone 40 North projection with WGS 84
datum. The VNIR and SWIR data were then resampled so that all 9 bands have the
same 15%15 m pixel size. A subset corresponding to the study area with 3183x3388
pixels was derived for analytical procedures.

4- Data analysis:

The VNIR- SWIR regions of L1B dataset were radiometrically normalized using the
Internal Average Relative Reflection (IARR). Spectral Angle Mapping and Linear
Spectral Unmixing algorithms were implemented on the normalized data using
spectra derived from the imagery and the spectra of alteration minerals selected from
library of the U.S Geological Survey (USGS).

Since the kaolinite, muscovite and montmorillonite show absorption features in band
6 (centered 2.2050 um) of ASTER they can not be discriminated from each other, so
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are considered as one group. The spectra of advanced argillic minerals (alunite and
pyrophyllite) are characterized by a diagnostic absorption feature in band 5 (centered
1.165 um) of ASTER. Calcite, chlorite and epidote also were considerd as one group
(propylitic alteration group) because of their absorption feature in band 8 (centered
2.330 um). Therefore we used the spectra of kaolinite, alunite and chlorite to
discriminate the alteration zones.

4-1- Endmember selection:

Spectra of the image could extract from the "spectral end-member selection"
procedure, including minimum noise fraction (MNF), pixel purity index (PPI) and n-
dimensional visualization.

4-1-1- Minimum noise fraction transformation:

The minimum noise fraction (MNF) transformation is used to determine the inherent
dimensionality of image data, to segregate noise in the data, and to reduce the
computational requirements for subsequent processing (Boardman and Kruse, 1994).
The inherent dimensionality of the data is determined by examination of the
eigenvalues and associated eigenimages. The data space is divided 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. In a common practice, MNF components with eigenvalues less
than 1 are usually excluded from the data as noise in order to improve the subsequent
spectral processing results (Qui et al. 2006).

The MNF procedure was applied on the IARR data, since the eigenvalues of all MNF
eigenimages of the data were greater than 1, so all the 9 bands were retained for
subsequent data processing.

4-1-2- Pixel purity index:

The Pixel purity index (PPI) is a means to determine automatically the relative purity
of the pixels from the higher order MNF eigenimages (Boardman, 1993; Boardman et
al., 1995). The Pixel Purity Index is computed by repeatedly projecting n-dimensional
scatter plots 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
‘pixel purity image’ is created in which the digital number (DN) of each pixel
corresponds to the number of times that pixel was recorded as extreme.

Pixel Purity Index was implemented on the MNF images. To select the most pure
pixels a 10000 projection of the scatter plot and the threshold factor of 2.5 were
applied on the data. Density slice thresholds were used to determine pixels with high
DN or pure pixels. These values were applied to computing the region of interest (ROI),
being used for n-dimensional visualization.

4-1-3- n-Dimensional endmember visualization:

N- Dimensional Visualization used in conjunction with the MNF and PPI results in
locating, identifying, and clustering the purest pixels and most extreme spectral
responses in a data set.

N-Dimensional visualization was applied on the MNF images to extract pure pixels.
After pure pixels were found the spectra of them were determined. Five major types
of endmembers were extracted. These spectra could be derived from IARR images
based on the spatial locations or can be taken from MNF images by inversing the



MNF plots to the spectra. The extracted spectra were used as reference for subsequent
processing.

4-2- Spectral Angle Mapper:

The Spectral Angle Mapper (SAM) developed by Kruse et al. (1993) is a physically-
based spectral classification that evaluates similarity between image and endmember
spectra. This algorithm determines spectral similarity between the two spectra by
calculating the angle between them. Smaller angles represent closer matches to the
reference spectrum. The result is a classification image and a rule image for each
endmember. Darker pixels in the rule images represent smaller spectral angles, and
thus spectra that are more similar to the reference spectrum.

Spectral Angle Mapping algorithm was implemented on the ASTER IARR dataset
using the image spectra and the spectra of diagnostic alteration minerals including
kaolinite, alunite and chlorite, selected from the USGS spectral library. Density slice
thresholds were used to empirically determine those areas that most closely match the
reference spectrum.

Spectral Angle Mapping algorithm implements on the IARR data using the image and
the USGS spectra discriminated similar areas corresponded into the alteration zones
around copper deposits. However, using the USGS spectra showed higher angles
relative to the image spectra. Figure 2 display discriminated areas derived from the
SAM algorithm by using image spectra.
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Fig 2-Areas discriminate with Spectral Angle appe using image spectra

4-3-Linear Spectral Unmixing:

Linear spectral unmixing is sub-pixel method which determines relative abundances
of materials that are depicted in multi- or hyper-spectral imagery based on the
materials spectral characteristics. The reflectance at each pixel of the image is
assumed to be a linear combination of the reflectance of each material (or
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endmember) present within the pixel. Sub-pixel analysis methods can be used to
calculate the quantity of target materials in each pixel of an image. The results of
spectral unmixing appear as a series of gray-scale images, one for each endmember,
plus a root-mean-square (RMS) error image. Higher abundances (and higher errors for
the RMS error image) are represented by brighter pixels. The unmixing results should
have a data range (representing endmember abundance) from 0-1. However, negative
values and values greater than one are possible (Van Deer Meer 1995, 1996, 1999,
2001).

Spectral unmixing results are highly dependent on the input endmembers and
changing the endmembers changes the results. A major problem in a spectral
unmixing is the selection of the endmember that best represent the spectral
dimensionality and spectral variability of the image data. The RMA error image can
be used to select additional endmember or to repositioning endmember in subsequent
analysis. To produce values lower than one an iterative procedure proposed to reach
to an optimum spectral characterization of the image data through optimization
criteria applied to the RMS error estimates assuming the use of derived image
endmembers (Van Deer Meer 1999).

Linear Spectral Unmixing algorithm implemented on the ASTER IARR dataset and
due to abundances greater than one it iterate for 4 times to reach abundances lower
than one. This was performed by investigating RMS error and gray scale images and
determinating the area which has high error. Since in this method all of the
endmembers must be chosen, all endmembers of the image were selected.

The discriminated area was similar to the area determined by SAM algorithm,
corresponds to the alteration zones around copper deposits. However, the numbers of
pixels known as alunite are lower in LSU images (Figure 3). This method is also
useful for determining the abundance of each matter in the pixel.

Implementing LSU by the use of USGS spectra couldn’t discriminate the interested
areas. This may be due to the wrong selection of the endmembers, because this
algorithm 1is highly dependent on the input endmembers, and changing the
endmembers changes the results.

T R
ixing using image spectra
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5- Summary and conclusion:

This paper has investigated the SAM and LSU algorithms for mapping alteration
zones using ASTER data. ASTER data provide not only improved spatial and
radiometric resolutions, but also much more spectral information when compared to
the traditional multi spectral remote sensing data such as Landsat TM/ETM".

SAM and LSU were implemented based on the comparison of pixel spectrum with the
spectra of known pure materials or endmembers. The endmembers were supplied
from the USGS spectral library and the image spectra in this study. The image spectra
were extracted from the "spectral end-member selection" procedures, including
minimum noise fraction (MNF), pixel purity index (PPI) and n-dimensional
visualization.

Implementing Spectral Angle Mapping with the image spectra and the USGS
resampled spectra represent similar areas corresponding to the alteration zones around
copper deposits. Spectra derived from the ASTER imagery are more reliable than the
library spectra.

Iterative Linear Spectral Unmixing using image spectra obtained reasonable results
and successfully discriminated pixels with highest proportions of alteration minerals,
while the output abundance values for endmembers selected from the USGS spectral
library were not satisfied.
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