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ABSTRACT

This work aims to apply spectral image processing techniques that have been used often to process
hyperspectral data to analyze multispectral ASTER (Advanced Spaceborne Thermal Emission and
Reflection Radiometer) and Landsat 8 data for mapping uranium-bearing siliceous rocks within El-
Missikat granite. These techniques succeeded effectively in recognition of the same features at El-Eradiya
and Gattar granites. Siliceous materials (siliceous sinter), as used here, is a spectral group of SiO, minerals
including opal, chalcedony and cristobalite derived from hydrothermal fluids and/or the decomposition of
granite. The spectral identification of such minerals depend mainly on the uses a hydration absorption
feature that characterize some hydrated silica at wavelength region of 2.2-to 2.4-um.

The effectiveness of the hyperspectral analysis techniques used to compare a pixel spectrum with the
spectra of known pure materials, extracted from the spectral end member selection procedures, including
minimum noise fraction (MNF), pixel purity index (PPI) and n-dimensional visualization. Among those
of the spectral analysis algorithms employed, spectral angle mapping (SAM) and matched filtering (MF)
produced accurate classifications that were close to the ground reference data. The hyperspectral
analysis of an ASTER and Landsat 8 dataset covering the studied areas, has successfully effective in
detecting lithological units than traditional multispectral analysis procedures.

Field validation and laboratory investigation were carried out to prove and support the results
obtained from ASTER and Landsat 8 processing. These results succeeded to delineate additional sites
of siliceous materials that could be a promising areas to host the uranium mineralization.

INTRODUCTION

Although, uranium as a valuable metal can-
not be detected directly by any remote sensor,
the presence of minerals which form in asso-
ciation with this valuable metal can be located
based on their spectral signatures. A group of
minerals which occur in the alteration zones
associated with uranium deposits, generical-
ly referred as iron oxides, clay minerals, and
siliceous materials have diagnostic spectral

signatures mostly in the visible-near infrared
and shortwave infrared portions of the elec-
tromagnetic spectrum. These signatures can
be used to locate sites most favorable to the
occurrence of deposits, saving the mineral in-
dustry a great deal of time and costs in their
exploration programs (Sabins, 1999).

The geological mapping and mineral ex-
ploration is one of the primary tasks of remote
sensing. It provides a solution to overcome the
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difficulties and limitation in inaccessible re-
gions. Recently, remote sensing satellite data
are commonly used for lithological mapping,
structural analysis and mineral exploration
around the world (Mars and Rowan 2006;
Zhang et al. 2007; Pour and Hashim 2014
& 2015; Pournamdaryet al. 2014a & 2014b;
Amer et al. 2016; Guha and Kumar 2016; Pour
et al. 2017; Eldosouky et al. 2017; Noda and
Yamaguchi 2017).

Imaging spectrometry technology is es-
pecially welcomed by many earth scientists
because it is sensitive to the physical and
chemical properties of materials, making it
possible to identify the mineral constituents
of the surface within the instantaneous-field-
of-view (IFOV), (Chabrillat et al., 2000).

As a matter of fact, there is no univer-
sal agreement currently on the minimum
number of bands beyond which a dataset can
be called hyperspectral, although it is often
assumed that hyperspectral data should con-
tain bands with relatively narrow (<10nm)
and often continuous bandwidths in the vis-
ible and near infrared (VNIR) spectral regions
(Baltsavia, 2002). Some of the hyperspectral
techniques were not specifically devised for
processing hyperspectral images (Green et al.,
1988), and in many respects, are simply an ex-
tension of the techniques that were originally
used for multispectral data. For these reasons,
many of hyperspectral techniques can be ap-
plicable logically to multispectral data sets
such as the present dataset of ASTER and
Landsat 8 (Research Systems, Inc., 2002).

The main target of this paper is to employ
spectral image processing techniques that have
been used often to process hyperspectral data
to analyze multispectral ASTER and Landsat
8 data for the purpose of spectrally mapping
uranium-bearing siliceous rocks within El-
Missikat granite, hoping that these techniques
will succeed effectively in recognition the
same features at El-Eradiya and Gattar gran-
ites. To achieve this goal, the nature and
composition of siliceous materials that host
the uranium mineralization at El-Missikat
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granite must be considered. The following
section will be introduce the previous descrip-
tion of these siliceous materials that occupied
El-Missikat shear zone and mainly confined
to the mineralization of uranium. The spectral
image analysis techniques applied to the AS-
TER and Landsat 8 dataset of El-Missikat
area, to characterized and delineate the sili-
ceous materials, are explained and the results
are described.

El-Missikat uranium prospect area is
located at the northern part of Gabal (G.)
El-Missikat. The latter is considered as the
northwestern part of an elliptical shape plu-
ton comprising G. El-Missikat in the north-
west, G. Ria El-Garra in the east and G. El-
Giddami in the south (EI Zalaky, 2007), (Fig.
1). This pluton roughly shows elongation in
NNW-SSE direction, nearly parallel to the
Red Sea and geographically bounded by long.
33° 21" 4.7" to 33° 29' 19.3" E and lat. 26°
24'3.8" to 26°29' 58.6"N.

GEOLOGICAL SETTING

The Nuclear Materials Authority pro-
grams led to the discovery of some uranium
mineralization related to the so-called Young-
er Granites (YG, 550-590 Ma), in the Eastern
Desert of Egypt. These post-tectonic younger
granites of Egypt represent the magmatic
activity marking the end of the cratonization
process of the Pan-African Orogeny (El-Gaby
et al., 1988). The younger granite plutons
are affected by post-magmatic deuteric and
hydrothermal alterations associated in many
places by rare metal mineralizations (Hunting
1967, Bugrov et al. 1973, Sabet et al., 1973).
Some of these plutons are hosts of uranium
mineralization in the Eastern Desert of
Egypt. Three of them, namely EIl-Missikat
(Bakhit, 1978), El-Erediya (El-Kassas, 1974)
and G. Gattar (Salman et al., 1990) plutons,
the mineralizations considered as uranium
vein-type (Hussien et al., 1986 and Roz, 1994)
that structurally controlled by faults and their
feather joints.
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Fig.1:Geological map of Gabal El-Missikat area and its main uranium prospect (After

Abou Deif, 1985 and El Zalaky, 2007)

Widespread ~ silicification, hematitiza-
tion, kaolinization and sericitization, as well
as other alterations, accompany the uranium
mineralization. Uranium is concentrated in
the center of the mineralized faults and frac-
tures together with jasper (in El-Erediya) or
black silica and jasperoid veins (in El-Missi-
kat) while in Gattar the uranium mineraliza-
tion is confined to strong hematitization and to
a lesser extent to quartz and jasperoid veins
especially at the northern part of the pluton.
Pitchblende is the primary mineral which suf-
fered intensive oxidation and probably leach-
ing, relics protected by silica was recorded in
the three localities with different habit and
concentration.

Regarding El-Missikat area, the granite of
G. El-Missikat is essentially composed of alka-
li feldspars, quartz, and sodic plagioclase, with
very subordinate amounts of biotite, sphene,
apatite, zircon and opaque minerals. Iron ox-
ides occur as clots of hematite and limonite.
Silicification, sericitization, and kaolinization
are also common. Across the northwestern
slope of G. El-Missikat, an ENE trending
shear zone extends southwestwards within the
older granite and north-eastwards in G. El-

Garra (Fig.1). This shear zone is defined by
a complicated system of siliceous veins which
have a general ENE trend. The granite be-
tween the siliceous veins is highly brecciated,
silicified and altered. Besides widespread si-
licification, sericitization and kaolinization are
also common. Other siliceous veins also oc-
cur in several parts of G. El-Missikat and G.
El-Garra, some with radiometric anomalies.
Visible uranium minerals were recorded in
this shear zone (Hussien et al., 1986 and Abou
Dief, 1992).

Field observations revealed that uranium
mineralization as well as high radioactivity are
associated with the siliceous veins within
and branching from the shear zone. These
types of siliceous material can be distin-
guished into three types, namely light-colored
silica, black silica and jasperized silica. The
light-colored silica is micro- to cryptocrys-
talline while the latter two types are crypto-
crystalline to amorphous. The black colored
silica shows the maximum radioactivity and
considered as the main host of the uranium
minerals that distribute randomly within the
silica (Fig.2). The jasperized silica has a deep
to rose color, shows moderate radioactivity
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mineralization
associated with the siliceous materials

Fig.2:Uranium (yellow)

and also contains a concentration of uranium
minerals, less than the black one. Brecciation
is very common in which both black and jas-
perized silica contain sub-angular fragments
of granite and light-colored silica (Fig.3).

The author explained that this crypto-
crystalline to amorphous silica (black and
jasperoid silica) is similar in characters to
the opalized silica, that formed during hot
water circulates in the subsurface and dis-
solves silica from the host rock, in terms of
it is dominantly consisted of amorphous SiO,
(with a variable quantity of water), and a minor
quantity of crystalline tridymite and quartz.
Disordered structure of this material is a con-

Fig.3:Breciéte granite and white silica
within the jasperoied silica veins
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sequence of its genesis. Fast transition from
liquid to solid state enables the existence of
the dominant amorphous state (Boskovski et
al., 2015). These mineral identifications have
been confirmed in the field, optical transmis-
sion microscopy and with XRD (Attawiya,
1983). It is well known that Opal occur in a
variety of species as opal-C (disordered cris-
tobalite), opal-CT (disordered cristobalite
and tridymite) and opal-A (amorphous opal)
(Graetsch, 1994).

MATERIALS AND METHODS

Numerous geospatial data encompass-

ing ASTER, OLI Landsat 8 satellite data,
and other ancillary geological data such as
geological maps are used in this study. The
advanced space-borne thermal emission and
reflection radiometer (ASTER) was launched
onboard NASA’s Terra spacecraft in Decem-
ber 1999. It covers a wide spectral region
with 14 bands from the visible to the thermal
infrared with high spatial, spectral and radio-
metric resolution. An additional backward-
looking near infrared band provides stereo
coverage. The spatial resolution varies with
wavelength: 15 m in the visible and near-in-
frared (VNIR), 30 m in the shortwave infra-
red (SWIR), and 90 m in thermal infrared
(TIR). The minimum revisits time interval
over any given site is 16 days. Each ASTER
scene covers an area of about 60 x 60 km.
ASTER LIT product is a registered radiance
at sensor data. So, several pre-processing
techniques were applied on subset data cov-
ering the study areas to be suitable for further
image processing techniques. These pre-pro-
cessing techniques include cross-talk correc-
tion of ASTER-SWIR bands, layer stacking
of VNIR-SWIR bands and corrected to sur-
face reflectance using QUick Atmospheric
Correction (QUAC). The OLI Landsat 8 data
was selected because it has a number of bands
greater than the Enhancement Thematic Map-
per (ETM) (11 bands), also its relatively small
ground resolution (30*30 m), moreover it has
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high signal-to-noise radiometer performance,
allowing 16-bit quantification of data. The
following Table (Table 1) describe the char-
acteristic feature of the remote sensing data set
that used during this study.

These tools were used in the current study
to characterize and map the uranium-bearing
siliceous materials by applying the minimum
noise fraction (MNF), pixel purity index (PPI)
and n-dimensional visualization. Different
type of spectral analysis algorithms em-
ployed, spectral angle mapping (SAM) and
matched filtering (MF) to eliminate the simi-
lar probable sites of mineralization by using
ENVI 5.3 and ArcGIS 10.5 software. The
field verification and laboratory examination
of selected samples are very important step
to verify the detected promising radioactive
anomalies.

RESULT AND DISCUSSION

The possibility to construct a spectrum for
each pixel in the image is commonly based on
the fact that remotely sensed imagery is sam-
pled with numerous spectral bands at narrow
band widths. The spectra of the endmembers
can be extracted from image derived “pure
pixels”(Qiu et al., 2006). Therefore, this work
aim to extract the end-members derived from
the image using pixel purity index and n-di-
mensional visualization procedures for the
subsequent analyses that led to discriminate
the siliceous materials (veins) that associated
with the uranium mineralization.
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To effectively extract endmembers from
high dimensional remote sensing data such
ASTER and Landsat 8, it is often necessary
to decrease the dimensionality of the original
data and segregated the noise. This is often
achieved by applying a minimum noise frac-
tion (MNF) transformation to the high dimen-
sional data (Elnagdy and Abdelsalam, 2006).

Once the inherent dimensionality of the
image data is determined using the MNF
transform, endmembers can then be derived
by using pixel purity index and n-dimen-
sional visualization techniques from the high-
er-order MNF Eigen images. These endmem-
bers can be compared subsequently with the
remote sensing data to determine the surface
materials of each pixel by employing one
of the spectral analysis algorithms, such as
Spectral Angle Mapper (SAM), and Matched
Filtering (MF). Spectral Angle Mapping and
Matched filtering techniques were applied by
many researchers in remote sensing studies
(Boardman and Kruse 1994, Van Der Meer
and De Jong, 2001, Rowan et al., 2003, Qui et
al., 2006, Daryani, et al., 2015 and Akbari, et
al., 2015). The techniques used in ASTER
and Landsat 8 data processing are described
below.

Minimum Noise Fraction (MNF)
Transform

The MNF transform is composed of two
consecutive  principal component (PC)
transforms (Green et al., 1988). The first PC

Table 1: The characteristic feature of the remote sensing data used in this work

Satellite Level Scene ID. Covered Area
LCO8_L1TP_175041_2017060
landsats w0 420170616 01 T1 Gadtar pluton
LCOS8S_L1TP_174042_2017081 El-Missikat and El-
fandsaes v 620170825 01 T1 Eradiya plutons.
AST_L1T_0030310200608351 El-Missikat and El-
ASTER Ast-rr 9 20150513120945 26196 Eradiya plutons.
ASTER AST_L1T AST_L1T_0030310200608351 Gattarpluton

0_20150513120937_117085
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transform focuses on whitening noise by
decorrelating and rescaling the noise in the
data, producing data in which the noise has
unit variance and no band-to-band correla-
tions (Green et al., 1988). The transformed
noise whitened data are then subjected to a
second standard PC transform, giving rise
to final outputs that are not correlated and are
arranged in terms of decreasing information
content (Research Systems, Inc., 2002). The
eigenvalues of the output MNF eigenimages
of the ASTER and Landsat 8 data of ElI-
Missikat area are displayed on Figure 4 and
extracted to improve the subsequent spec-
tral processing results, MNF components with
eigenvalues less than 1 are usually excluded
from the data as noise since eigenimages with
near-unity eigenvalues are normally noise-
dominated (Jensen, 2005).

The MNF transform applied to the both
ASTER and Landsat 8 data achieved a rea-
sonable separation of coherent signal from
complementary noise, therefore the MNF
transformed eigenimages were employed and
coupled with pixel purity index and n-dimen-
sional visualization techniques to facilitate
the extraction of the endmembers.

Pixel Purity Index

Most pixels often contain varying propor-
tions of different materials of more than one
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type of the surface materials, so the identifying
of endmember pixels whose spectra are ex-
treme (or spectrally pure) is not a simple task,
especially in high-dimension image datasets.
The extraction of endmembers often has to be
based on rigorous mathematical algorithms,
such as pixel purity index.

Pixel purity index (PPI) is a means to de-
termine the relative purity of the pixels from
the higher order MNF eigenimages using the
convex geometry argument (Boardman, 1993;
Boardman et al., 1995). PPI image is formed
by repeatedly projecting n-dimensional scat-
ter plots of the MNF images onto a random
unit vector, so the pixel value corresponds to
the total number of times that the pixel was
judged as “extreme” (i.e., falling onto the
ends of the unit vector) in all projections. Fi-
nally, the brighter the pixel in the PPI image
the higher the relative purity because it was
more frequently recorded as being a spectrally
extreme pixel. 10,000-projection of the scatter
plot and a threshold factor of 2.5 is applied to
the PPI image to select the purest PPI pixels
(EXELISVIS ENVI, 2015). The PPI is per-
formed on the MNF components extracted
from both ASTER and Landsat-8 bands cover-
ing El-Missikat area. The image of PPI of
El-Missikat area reveals that the land surface
with mixed materials appear as dark (low PPI)
while the area of pure material appears as high
bright pixel in PPI image (Fig.5).

MNF of Bl Missikat ASTER data
T T

MNP Eigenvalue Percent
1064118 56.40%

437073 79.56%

100.00%

40l

20f—

MNF of EI Missikat area (Landsat 8)
T T

MNP Eigenvalue Percent
194500 145.83%
L o 244372 68.48% -

L s |
% © £l

Fig.4:The MNF

eigenvalues plot of
Landsat-8 (right) data of El-Missikat area

1
4
MNF Sandsr

the eigenimages of ASTER (left) and
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Fig.5:Pixel Purity Index (PPI) map of El-Missikat ASTER (left) and Landsat8

(right) MNF images

N-Dimensional Visualization and
Endmember Extraction

Jensen 2005 suggested an interactive tool
for endmembers identification using n-dimen-
sional visualizer. This tool depends mainly
on the plotting the DN of pixels of the MNF
coherent images on orthogonal axes and the
DN of each pixel in the coherent image is
plotted as a discrete point. This creates a data
cloud in the n-dimensional space in which the
mixed pixels are plotted in the interior of
this data cloud whereas the more pure pixels
are located at the edges of the data cloud and
could be taken as endmember (Kruse, 1997).
Usually, the number of endmembers that can
be extracted is equal to the number of the
MNF components image plus one (Board-
man, 1993).

Ten and eight endmembers extracted auto-
matically from both ASTER and Landsat 8 of
El-Missikat data respectively could be identi-
fied. These endmembers are corresponding to
the surface materials (different rock types) at
El-Missikat area such as younger granite, older
granite, metavolcanic, amphibolites, siliceous
materials that occupied the uranium shear
zone, kaolinite alteration and other different
rock types according to the extracted end-

members (Fig.6). Some of these endmem-
bers were probably assigned to the rock type
depend on the previous mapping of this area
(Abou Dief, 1992 and El Zalaky, 2007) while
the other considered as undefined types.

Spectral Angle Mapper (SAM)

Spectral Angle Mapping (SAM) technique
suggested by Kruse et al. (1993), is a super-
vised classification depends on the angles
between image pixel spectra and training
data (ROIs) spectra or library spectra (extract-
ed endmembers in this case). The algorithm
determines the similarity between two spec-
tra by calculating the spectral angle between
them. SAM compares the angle between
the endmember spectrum vector and each
pixel spectrum vector in n-dimension space.
Smaller angles represent closer matches to
the reference spectrum. Pixels further away
than the specified maximum angle threshold
in radians are not classified. The pixel with
smaller spectral angle appears darker indicat-
ing a higher match to that specific reference
spectrum (Research Systems, Inc. 2002; Jen-
sen, 2005). In order to extract thematic infor-
mation from the ASTER and Landsat 8 images
of the studied areas, it is often necessary to
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Endmembers Spectra collected form EI Missikat A ILK data
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Fig.6:The spectral curves of the ez)niiracted endmembers of ASTER

data (A) and Landsat 8 data (B)

compare individually each unclassified pixel
of the image with the image-derived reference
spectra (endmembers) extracted from El-Mis-
sikat data and then determine which reference
spectrum most closely resembles the spectral
characteristics of the pixel. The result is a
classification image and a rule image for each
endmember. The SAM classification images
of both ASTER and Landsat 8 data are suc-
cessfully delineate different rock types of
El-Missikat areas in addition to recognize
the siliceous materials that appear in red and
yellow color respectively (Fig.7 A & B). The
endmember corresponding to the siliceous ma-

terials was specially provided in the field (Fig.
8 & 9) and will be used as reference spectral
for the subsequent hyperspectral techniques
and to recognize the same features in Gattar
and El-Eradiya granites.

By applying the SAM algorithm on the
ASTER and Landsat 8 dataset of both Gattar
and El-Eradiya areas, setting the maximum
angle (radians) area equal (0.5), using only
the selective endmember that characterized
the siliceous materials to create a gray-scale
rule image corresponding to the similarity
between the reference endmember and to the
target area. The pixels with smaller spectral
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Fig.7: Results of applying SAM supervised classification technique using ASTER data

(A) and Landsat 8 data, (B) to delineate the siliceous materials (veins),byred and yellow

color respectively, EI-Missikat shear zone

o

invaded EM1551kat

Fig.8:Silicified Zone
mineralized shear zone

angle appear darker indicating a higher match
to that siliceous materials endmember.

The threshold anomaly of the SAM im-
age can be generated by using density slice in
ENVI software with confidence range from
97 to 95% (mean plus three times standard de-
viation or mean plus two times the standard
deviation). The result displayed overlaid on
the RGB color composite image 864 and 753

o e 2 3 - - N
Fig. 9:Silicified zone extended to upper part
of El-Missikat mineralized shear zone

of both ASTER and Landsat 8 data respec-
tively (Figs.10 and 11). It’s found that the
SAM image can successfully define the sili-
ceous materials zones within Gattar pluton at
southwestern part of G. Umm Disi and some
localities at G. Abou Al Hasan Al Ahmer that
marked by circles in both image (Fig.10 A and
B). While in El-Eradiya granites, zones of
siliceous materials appear by red color (left
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Fig.10: RGB images show the results of applying SAM technique using ASTER data
(A) and Landsat 8 data, (B) to delineate the siliceous materials (veins), Gattar granite

Fig.11: RGB images show the results of applying SAM technique using ASTER data (A)
and Landsat 8 data, (B) to delineate the siliceous materials (veins), El-Eradiya granite
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image) and yellow color (right image) at the
central part of the pluton and around the ura-
nium prospect area of El-Eradiya in addition
to locality at the extreme north eastern part of
the pluton.

Matched Filtering (MF)

Matched Filtering is a spectral technique
that originally developed to compute the abun-
dance of rare targets and to provide a rapid
means of detection specific minerals based on
their matching to the endmember reflectance
spectra (Kruse, 1997 and Shippert, 2003). It
also maximized the response of a known end-
member and suppresses the response of the
mixed unknown background (Harsanyi and
Chang, 1994 and Kruse, 1997).

The result of applying MF technique on
the data covering the investigated area is a
gray scale images where the bright pixels
represent a perfect match and good similarity
to the siliceous endmember spectral reference.
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The bright pixel converted to color slice de-
pend on the threshold of confidence used in
SAM technique. Figures (12 & 13) delineate
and highlight the siliceous materials better
than SAM technique at the same localities
previously mentioned in both Gattar and El-
Eradiya granite.

All the data images extracted from the dif-
ferent hyperspectral analysis ware proved
during the field work to achieve ground truth
for this technique. The field observation re-
vealed that most of these siliceous materials
have a relatively higher in radioactivity
than the surrounding rocks types especially
when they intruded the granites. No visible
uranium mineralization was recorded but the
collected samples of the siliceous materials
itself and the wall-rocks alteration adjacent
to the siliceous materials at the southwest-
ern part of G. Umm Disi showed a relatively
high in redioactivity for all different kind of
alteration such as kaolinization and partially

And

e Bt psere W TSR TS

.
B ssicesum veine o e

[ siiceoss Veins

Fig.12: RGB images show the results of applying MF technique using ASTER data
(A) and Landsat 8 data, (B) to delineate the siliceous materials (veins), Gattar granite
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episyenitization (Figs.14 ,15 and 16). Most  scanning electron microscope (ESEM) that
of the siliceous materials that delineated at revealed the presence of uranium mineraliza-
El-Eradiya granite are located at zones of high  tion occurs as very fine inclusions invading
and rugged topography and can’t be reached  and filling the vugs and microfracture in both
easily while few zones are in the level of the  the siliceous materials and kaolinitized zone
wadi and not represent a significant area for  at the southernwestern part of Gabal Umm
uranium mineralization (Fig.17). The samples  Disi that recognized by remote sensing anal-
of the siliceous materials and their adjacent ysis (Fig.18).

rocks are examined under environmental

316000
B2 Uranium Shaar Zone

316000 0 . 20090
Unanln Shiar Zzne 1 jowan s vy
.%_ . E————
Siiceous Veins.

B s2ceous Veine Conmnam Srenr WIS TheA UM e 28N oo ByTeT YT YU M ow 38

Fig.13:RGB images show the results of applying MF technique using ASTER and (A)
and Landsat 8 data, (B) to delineate the siliceous materials (veins), El-Eradiya granite

= it e L HET

Fig.15:Kaolinitized alteration affecting the

Fig.14:Siliceous materials intruded to the
granite southwestern part of Gabal Umm Disi  granite southwestern part of Gabal Umm Disi
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Fig.16:Partially episyenitized
Southern part of Gattar pluton

granite,
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Fig.17:Siliceous materials intruded to El-
Eradiya granite
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Fig.18:EDX and BSE image showing uranium mineralization (bright tone)
associated with siliceous materials (A) and kaolinite alteration, (B) southwestern
part of Gabal Umm Disi

CONCLUSION AND
RECOMMENDATION

The improved spatial and spectral charac-
teristics of multi spectral ASTER and Land-
sat 8 data have allowed the use of hyper-
spectral digital image processing techniques.
Hyperspectral analysis of these data covering
the study areas has resulted in significant

improvement of the hydrothermal alteration
(siliceous materials) mapping of these areas.

Also, it can be evaluated the applicability
of ASTER and Landsat-8 data for obtaining
geological information on hydrothermal al-
teration (siliceous veins) associated with ura-
nium deposits, with selected image-process-
ing methods.
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The hyperspectral techniques significant-
ly yielded spectral information that allowed
identification of new localities of siliceous
materials in both Gattar and El-Eradiya plu-
ton and become useful in the exploration of
uranium mineralization.

Finally, this study concludes that hyper-
spectral analysis of ASTER and Landsat-8
image using reference spectra are a stable
and reproducible technique for mapping si-
liceous materials (veins) as hydrothermal al-
teration products in arid areas such as the
study area.

This study suggests that collecting field
reflectance spectra of the siliceous materi-
als and alteration zones to create a laboratory
spectral endmembers of field samples. The
collected spectra can be used for ASTER and
Landsat-8 image classification.
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