
Journal of Applied Science Research 2(4): 232-238, 2006
© 2006, INSInet Publication

Corresponding Author: A.H. El-Nahry, National Authority For Remote Sensing and Space Sciences, Cairo, Egypt

232

Processing and Analyzing Advanced Hyperspectral Imagery 
Data for Identifying Clay Minerals .A Case Study

A.H. El-Nahry and U. Altinbas

National Authority For Remote Sensing and Space Sciences, Cairo, Egypt.

Abstract: Spectral analyses as one of the most advanced remote sensing techniques were used to identify
mineralogy of the clay fractions in South Port Said plain, Egypt. Different spectral processes have been used
to execute the prospective spectral analyses. These processes include 1-The reflectance calibration of
Hyperspectral data belonging to the studied area, 2- Using the Minimum Noise Fraction (MNF)
transformation.3-Creating the pixel purity index (PPI) which used as a mean of finding the most “spectrally
pure”, extreme, pixel in hyperspectral images. Making conjunction between the Minimum Noise Fraction
Transform (MNF) and Pixel Purity Index (PPI) tools  through 3–D visualization offered capabilities to locate,
identify and cluster the purest pixels and most extreme spectral responses  in a data set. To identify the clay
minerals  of the studied area the extracted unknown spectra of the purest pixels was matched to pre-defined
(library) spectra providing score with respect to the library spectra. Three methods namely, Spectral Feature
Fitting (SFF),Spectral Angle Mapper (SAM) and Binary Encoding (BE) were used to produce score between
0 and 1, where the value of 1 equal a perfect match showing exactly the mineral type. In the investigated area
four clay minerals  could be identified i.e. Vermiculite, Kaolinite, Montmorillinite and Illite recording different
scores related to their abundance in the soils. In order to check the validity and accuracy of the obtained results,
X ray diffraction analysis  was applied on surface soil samples covering the same locations of the signature end-
members that derived from hyperspectral image. Highly correlated and significant results were obtained using
the two approaches (spectral signatures and x-ray diffraction).
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INTRODUCTION

South Port Said plain occupies a considerable portion
of the eastern fringe of Nile Delta. The investigated area
is located between 30O 53' 22" and 31O 01' 29" N latitudes
and between 32O 15' 19" and 32O 18' 22” E longitudes.
This  plain represents the most important part  of Port Said
Governorate, the second harbor of Egypt. The current
work deals  with subset of this  plain to identify mineralogy
of the clay fractions for realizing the philosophy of remote
sensing which based on identifying the objects or natural
resources on the earth throughout different sensors
without physical contact. Among the most significant and
recent breakthroughs in remote sensing is the
development of hyperspectral sensors  and the software to
analyze the resulting image data. A short time ago, only
spectral remote sensing experts had access to
hyperspectral images and the software tools necessary to
take advantage of them. During the past decade, though,
hyperspectral image analysis  has matured into one of the
most powerful and fastest-growing technologies in the
field of remote sensing[1]. A hyperspectral image is one in
which the reflectance from each pixel is  measured at
many narrow, contiguous wavelength intervals. Such an
image provides detailed spectral signatures for every

pixel. These signatures often provide enough information
to identify and quantify the material(s) existing within the
pixels. A user could, for instance, employ a hyperspectral
image to locate and quantify different types  of building
materials or minerals that might be present within an area
of interest or even within a single pixel[2].

The main objective of the current work is to
recognize the dominant and predominant clay minerals of
South Port Said plain soils, using the high advanced
remote sensing techniques of hyperspectral data.

MATERIALS AND METHODS

Digital image processing: Digital image processing using
ENVI  4.2  software  included  the  following  processes:
-Calibration hyperspectral image to reflectance.
Atmospheric and radiometric correction according to
Filtering[3] using the adaptive filters to reduce noise by
smoothing while preserving sharp edges.- Stretching with
mean DN of 127 with the data values of 3 standard
deviations set to 0 and 255.-Geometric correction using
corresponding ground control points.- Image projection
using Universal Transverse Mercator (UTM) - Processing
of the pixel data where Minimum Noise Fraction (MNF)
and Pixel Purity Index (PPI) were extracted with the aid
of ENVI tools. The Hyperion space-borne satellite image
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dated to May 2001 was used .The obtained hyperspectral
image has the following specifications, Table 1.

Fieldwork: A reconnaissance survey was made
throughout the investigated area in order to gain an
appreciation of the broad soil patterns, according to the
obtained spectra end-members.-GPS Garmin12XL was
used in the field to recognize the accurate locations of the
end-members for soil sampling.-Four surface soil samples
were collected for X-ray diffractional analyses, which
managed to cover the major soils , developed on the
different end-members that extracted from the
hyperspectral image.

Using USGS Spectral Library (Minerals): Used spectra
(spectral library) were measured on a custom-modified,
computer-controlled Beckman spectrometer at the USGS
Denver Spectroscopy Lab. U.S.A. Wavelength accuracy
is on the order of 0.0005 micron (0.5 nm) in the near-IR
and 0.0002 micron (0.2 nm) in the visible light[4].

X-ray diffractional analyses: Separation of the clay
fraction was considered after applying the primary
pretreatments  described by[5] .The separated clays were
X-rayed  in  three  treatments, 1- Ca saturated, air dried,
2-Ca-saturated glycolated and 3- K-saturated at 25oC for
all samples, meanwhile sample No. (1) was heated at
300oC-520oC using Ca-saturated treatment besides the
aforementioned treatments.

X-ray diffraction patterns were obtained using a
Philips .W. (1060/100) X- ray diffractometer with Cu k-a
radiation and iron filter. Reorganization of clay minerals
is determined following the essential principals provided
by[6-8].

RESULTS AND DISCUSSION

Many obstacles i.e. atmospheric and environmental
conditions are still facing the accurate identification of
land resources through their effects on the accuracy of
measured spectra. This  tool of spectral analyses is  no t
foolproof in all cases. It is meant to be used as a starting
point to put scientists on the right track towards
identifying the materials  in an image scene. Used properly
spectral analyses tools  and with a good spectral library, it
can provide excellent suggestions for identification of
surface objects on the land. Spectral analyses  were
executed to recognize the clay minerals  of South Port Said
soils passing through the following processes.

Calibration of the Hyperspectral image: A reflectance
calibration was required for Hyperspectral data to
compare image spectra to library reflectance spectra and
to run some routines of Minimum Noise Fraction (MNF)
and Pixel Purity Index (PPI)[9].

Display of color composite Hyperspectral image: Color
composite Hyperspectral image was displayed using 

Fig. 1: Shows the false color composite bands 183,193
and 205.

Fig. 2: Mnimum noise fraction.

bands combination of 183,193 and 205 (RGB – false
color) as shown in Fig. 1.

Minimum Noise Fraction: The minimum noise fraction
(MNF) transformation was used to determine the inherent
dimensionality of image data, to segregate noise in the
data and to reduce the computational requirements for
subsequent processing[ 1 0 ]. It is used as a preparatory
transformation to put most of the interesting information
into just a few spectral bands and to order those bands
from most interesting to least interesting. Two cascaded
Principal Components transformations have been
implemented in the current work, the first transformation,
based on an estimated noise covariance matrix,
decorrelates and rescales the noise in the data. This first
step resu lts in transformed data in which the noise has
unit variance and no band-to-band correlations. The
second step is a Standard Principal Components
transformation of the noise-whitened data. For the
purposes of further spectral processing, the inherent
dimensionality of the data is  determined by examination
of the final eigenvalues and the associated images. The
data space could be divided into two parts: one part
associated with large eigenvalues and coherent
eigenimages and a complementary part with near-unity
eigenvalues and noise – dominated images. By using only
the coherent portions, the noise was separated from the
data, thus improving spectral processing results. The 
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Fig. 3: MNF band 1.
Fig. 4: MNF band 20.

decreasing eigenvalue with increasing MNF band as
shown in the eigenvalue plot as in Fig. 2-4 show how
noise is segregated in the higher number MNF bands and
it is  noted that there is  a decrease in spatial coherency
with increasing MNF Band number .

Pixel purity index: The Pixel Purity Index (PPI) function
finds the most spectrally pure or “extreme” pixels in
multispectral and hyperspectral data [10,11]. These
correspond to the materials  with spectra that combine
linearly to produce all of the spectra in the image. The PPI
was computed by using projections of n-dimensional
scatter plots to 2-D space and marking the extreme pixels
in each projection. The extreme pixels in each projection
were recorded and the total number of times each pixel is
marked as extreme was noted. The output is an image (the
PPI Image) in which the Digital Number (DN) of each
pixel in the image corresponds to the number of times that
pixel was recorded as extreme. Thus bright pixels in the

Fig. 5: Flow chart of the Pixel Purity Index Procedures.

Fig.6: PPI index.

image show the spatial location of spectral endmembers.
Image thresholds were used to select several thous and
pixels  for further analysis, thus significantly reducing the

         (Fig 7)   (Fig 8)

Fig. 7: PPI map.
Fig. 8: ROI.
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Fig.9: n-Dimensional Visualization

Fig.10: Classes of the selected spectra.

Table 1: Specifications of the Hyperion space-borne satellite image.
Specifications Performance measurements
Wavelength Range (nm) 400 - 2500
GSD = 30+/-1m 29.88 m
Spectral Resolution (nm) 10
No. Spectral Bands 220
Radiometric Calibration <6%

number of pixels to be examined. Figure 5 shows
flowchart that summarize the use of PPI. Pixel purity
index (PPI) as shown in Fig. 6 indicated the total extreme
pixels  for the studied area whereas 5212 pixels were
recorded throughout iteration No. equal to 5000 times
with pixels  threshold of 3 .The following single band
images as seen in Fig. 7 represent the PPI where the
extreme (purest) pixels have the white color. It is noticed
that the extreme pixels  occupied the region of interests as
shown in Fig. 8.

n-Dimensional Visualization and extracted
endmember spectra: The n-D Visualization was
conjunction with the Minimum Noise Fraction Transform
(MNF) and Pixel Purity Index (PPI) tools to locate,
identify and cluster the purest pixels and most extreme 

spectral responses  in a data set. When spectral signatures
are recorded properly and curve shape is accurate they can

Fig. 11(a): ID of Kaolinite.

Fig. 11(b):

Fig. 11(c): ID of Illite

Fig. 11(d): ID of Montmorillonite.
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Table 2: Weighting methods and mineral type/score of the extracted spectra.
Spectra class Weighting Method (Score 0-1.0)

-----------------------------------------------------------------------------------------------------------------------------------------------
SAM SFF BE
---------------------------------------- ---------------------------------------- ----------------------------------------
Mineral type Score Mineral type Score Mineral type Score

1 - 0 Kaolinite 0.944 Kaolinite 0.833
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
2 - 0 Vermiculite 0.833 Vermiculite 0.667
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
3 - 0 Illite 1.000 Illite 0.883
----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
4 - 0 Montmorillonite 0.667 Montmorillonite 0.500

Fig. 12:  X-ray diffraction of the clay Fractions-sample
No.1 (0-4 cm) with 

Ca++, K+& Ca+++Glyc. at 25OC.

Fig. 13: X-ray diffraction of the clay fractions-sample
No.1 (0-4 cm) with Ca++ at 300OC.

be used for remote sensing applications[12]. Spectra can be
thought of as points in dimensional scatter plot, where n

Fig. 14: X-ray diffraction of the clay fractions-sample
No.1 (0-4 cm) with Ca++ at 520OC.

Fig. 15: X-ray diffraction of the clay fractions-sample
No.2 (0-6 cm) with Ca++ K+& Ca+++Glyc at
25OC.

is number of bands[11]. The coordinates of the points in n-
space consists of “n” values that are simply the spectral 
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Fig. 16: X-ray diffraction of the clay fractions-sample
No.3 (0-5 cm) with Ca++, K+& Ca+++Glyc at
25OC.

Fig. 17: X-ray diffraction of the clay fractions-sample
No.4 (0-7 cm) with Ca++, K+& Ca+++Glyc at
25OC.

radiance or reflectance values in each band for a given
pixel. The distribution of these points in n-space used to
estimate the number of spectral endmembers (four
highlighted segmentations) as shown in Fig. 9 producing
four pure spectral signatures, which have been extracted
and plotted in n-D visualizer plot representing the selected
endmembers, Fig. 10.

Matching unknown spectra to library spectra: Spectral

analyses and consequently clay minerals identification
could be obtained by matching the unknown spectra that
extracted from 3-D visualizer to pre-defined (library)
spectra providing score with respect to the library
spectra [13]. Three weighting methods i.e. Spectral Feature
Fitting (SFF), Spectral Angle Mapper (SAM) and/or
Binary Encoding (BE) have been used to identify mineral
type producing score between 0 and 1, where the value of
1 equaling a perfect match. As it  is  known, some minerals
are similar in one wavelength range, yet very different in
another range. For best results, wavelength range that
contains the diagnostic absorption features was used to
distinguish among minerals.

The output of the Spectral Analyst is a ranked score
or weighted score for each of the materials  in the input
spectral library as shown in table 1. The highest score
indicates the closest match and indicates higher
confidence in the spectral similarity where Illite and
Kaolinite, scored high values of 1.0 and 0.944 while
Vermiculite and Montmorillonite scored values of 0.833
and 0.667 respectively using SFF weighting method .
Same clay minerals  recorded scores of 0.833, 0.833
0.667and 0.500 using BE weighting method. On the other
hand SAM method did not recognize any kind of clay
minerals (zero score) These obtained results indicate the
dominancy and identification (ID) of these minerals  in the
selected classes as shown in Fig. 11a-d. 

In order to check the validity and accuracy of the
obtained results that belonging to spectral signatures, X
ray diffraction analysis  was required. The obtained results
using X-ray indicated that clay fraction consists  mainly of
Illite and Kaolinite as dominant clay minerals  followed
by, vermiculite and montmorillinite besides other
accompanied and less amounted minerals.

Basically, the clay minerals  which are found in the
studied area are the products  of the transformation and
decomposition of biotite, muscovite and feldspars resulted
from the parent material of the Upper Nile highlands.
These sediments have been transported to the Egyptian
soils by River Nile since Late Pleistocene.

A- Illite: Illite as 2:1 layer clay mineral was recorded in
the X-ray curve all time at 10 Ao Peak. Illite is  a
widespread mineral in South Port Said soils. It may be
formed by the alteration of mica minerals. Illite was found
as a dominant clay mineral using derived spectral
signature that confirmed by X-ray analysis 

B- Kaolinite: It is identified as 1:1 clay mineral by the
strong diffraction peaks at 7.13 Ao at 25oC with K-
saturation. These peaks disappeared only after heating to
520oC. The presence of Kaolinite confirms  the
hydromorphic condition of soils and its inheritance from
parent materials. Kaolinite may be formed by the
weathering of K- feldspars (Orthoclase) and Na feldspars
(Plagioclase) from magmatic and metamorphic rocks in
the Ethiopian highlands (Nile resources) or by a
hydrothermal attack of acid solutions on feldspars and
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micas. Kaolinite also may be formed by silicification of
hydrargillite by silicic acid solutions[13].

C- Vermiculite: Vermiculite as 2:1 clay Mg-rich mineral
was identified by the presence of the 14.86 Ao peak with
Ca-saturation and glycerination with is  shifted to 10.04 Ao

after Ca- saturation and heating to 520o C . The presence
of this  mineral is  explained on the premise that Mg-
affected conditions simulate its formation either through
digenesis  or through neogenesis. This  mineral is  not
widespread as Illite. It may be formed by hydrothermal
action on biotite in a Magnesuim – rich environment.
After erosion, the mineral is found in the clay fraction of
fluviatile sediments. Vermiculite was found in little
amount comparing with Illite and Kaolinite in the study
area.

D-Montmorillonite: This  2:1 lattice resulted from
hydrothermal alteration of volcanic ashes. The extreme
thinness and flexibility of the flake shaped particles
account for plasticity of this mineral.

Montmorillonite mineral show 17-21 Ao peak .The
mineral of this group consists of unit layers formed by
one Al (Mg, Fe, Zn. Cr, Li) – OH Octahedra sheet and
with two Si(Al, Fe)-O tetrahedral sheet. The pattern
indicates the basal reflection at about 14.96 Ao for Ca-
saturated samples which expanded to 17.65 Ao upon
glycerol salvation with a second basal reflection. The
basal reflections collapsed to 9.92 Ao upon Ca-saturation
and heating for 4 hrs. at 520o C. 
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