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ABSTRACT:

An essential step in the characterization of surface materials using hyperspectral image analysis is image classification using
endmembers. Spectral unmixing is the best method for hyperspectral image classification. This method assumes that the pixel-to-
pixel variability in scene results from varying proportions of spectral endmembers. Spectral endmembers can be derived from the
imagery or measurements in the laboratory or field. The primary objective of this paper was to assess the ability of extracted
endmembers against some different solutions for extraction of endmembers for hyperspectral image classification. In this paper, we
compared the Pixel Purity Index (PPI) and the Sequential Maximum Angle Convex Cone (SMACC) as two popular methods of
endmember extraction with library and field spectral. We used spectral information divergence for detection desirable endmembers
from field spectral. For accuracy assessment of spectral mixture analysis and production of endmember abundance images for each
of methods, the linear spectral unmixing algorithm is used. After a comparison between the results of these methods, it has been
verified that field spectral have a better classification result in comparing with other endmember extraction methods. Also, the PPI

has reliable results as an automatic endmember extraction method in comparing.

1. INTRODUCTION

With advances of imaging sensors in these years, hyperspectral
imagery is being applied increasingly more in different
scientific fields (Chang, 2003) common problem associated
with remote sensing images is the full existence of mixed pixels,
within which more than one type of material is present. Usually,
to utilize the remote sensing images in this situation, one has to
decompose these mixed pixels into a set of simple ground cover
spectral signatures (known as endmembers) and their
corresponding proportions. This process is called spectral
unmixing, which generally involves two procedures: the first
step is to identify the endmembers which exist in the remote
sensing images (endmember collection); and the second step is
to acquire the proportion of each endmember for each pixel
(abundance estimation) (Tao, 2007). Usually, endmember
collection, the first step of spectral unmixing, is much more
challenging. Endmember collection algorithms identify the
endmembers based on the theory of convex geometry that under
the linear spectral mixture analysis, the observations from a
scene are in a simplex whose vertices correspond to the
endmembers. To determine physical endmembers, several
algorithms have been developed, such as the pixel purity index
(PPI) (Boardman, 1995), and the sequential maximum angle
convex cone (SMACC) (Gruninger, 2004). For an image cube
with N spectral bands, these algorithms attempt to find the
endmembers as spectral convexities in an N-dimensional space.

2. METHODOLOGY
2.1 Linear Spectral Unmixing

Over the past years, linear spectral mixture analysis (LSMM)
has been widely used for mixed pixel decomposition. It assumes
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that the spectral signature of an image pixel is linearly mixed by
the spectral signatures of objects present in the image (Tao,
2007).
Define X as a hyperspectral vector of a single pixel in
hyperspectral remote sensing images, and A as a reflectance
characteristic matrix composed of reflectance of each object in
each spectral band, and S as a vector composed of the
percentage of each object. So we can obtain the equation:

X = AxS 1)
If the hyperspectral remote sensing images have n bands
and m sorts of interesting objects, then X is X one vector,
A is an nm matrix, and S is a m>1 vector. In this model,
the selection of matrix A is essential to the precision of
unmixing results.

(@) The sum of percentages Si of objects of interest in
every single pixel should be 1, i.e.

35 =1 @
i=1

(b) The sum of percentages S of objects of interest in
every single pixel should be 1, i.e.
0<s <1 (i=12,..,m) 3)
Also, because the spectral of ground objects is a sort of
energy, it cannot be negative, so the elements of matrix A
should be positive, i.e.
a; 20 (4)

2.2 Endmember Extraction Methods

According to the definition in (Chang, 2003), an endmember is
an idealized pure signature for a class. Finding pure signatures
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in hyperspectral imagery is considered to be an essential and
crucial task in hyperspectral data exploitation. The best methods
for endmember collection are mentioned in this section.
2.2.1  Pixel Purity Index (PPI)
The pixel purity index (PPI) has been widely used in
hyperspectral image analysis for endmember collection due to
its publicity and availability in the Environment for Visualizing
Images (ENVI) software. This algorithm was developed by
Boardman et al. (Boardman, 1995). It is an unsupervised
algorithm as opposed to the PPI, which requires human
intervention to manually select a final set of endmembers (Envi,
2006). The PPI algorithm procedure (Chang, 2006) is as
follows:
Initialization: Apply a maximum noise fraction (MNF)
transform (Green, 1988) to reduce the dimensionality of the
dataset, and generate a set of k unit vectors called “skewers,”
{skewer J}ﬁ =1 _ N
randomly, where k is sufficiently a large
positive integer.

PPI1 Calculation: For each Skeweri, all the data sample vectors

are projected onto the skewer to find sample vectors at its
extreme positions and form the last set for this

. skewer; ,
particular I, denoted bysextfema(Skewerl)

kewer

. Even though a

. S . . S skewer . | .
different I generates a different set ex"ema( J) L it

is very likely that some sample vectors may appear in more than

one set. An indicator functions of a set Sl (r) by:

1 (r) = 1, if reS
o, if res 5)
and
Neei (1) =2 Is,.... (skewer® )" (6)
J

where Nee: (r) is defined as the PPI score of sample vector?

Candidate Selection: Find the PPI scores NPPI(r) for all the
sample vectors defined in initialization section.
Endmember Collection: Let be a threshold value set for the PPI

score. Collect all the sample vectors with Nep (r) > t .
The pixels resulting from the algorithm above are usually input
to ENVI’s “L-dimensional visualization tool” which is an
additional tool of the PPI algorithm that allows manual
selection of a final set of endmembers (Envi, 2006).

2.2.2 SMACC

The sequential maximum angle convex cone (SMACC) is one
of the newest methods for finding spectral endmembers and
their abundances throughout hyperspectral images. This
algorithm was developed by Gruninger et al. (Gruninger, 2004).
SMACC uses a convex cone model (known as Residual
Minimization) with these constraints to identify image
endmember spectrally. Extreme points are used to determine a
convex cone, which defines the first endmember. A constrained
oblique projection is then applied to the existing cone to derive
the next endmember (Envi, 2006). The cone is increased to
include the new endmember. The process is repeated until a
projection derives an endmember that already exists within the
convex cone (to a specified tolerance) or until the specified

number of endmembers is found. In other words, SMACC first
finds the brightest pixel in the image; then it finds the pixel
most different from the brightest. Then, it finds the pixel most
different from the first two.

The process is repeated until SMACC finds a pixel already
accounted for in the group of the previously found pixels, or
until it finds a specified number of endmembers. The spectral of
pixels that SMACC finds become the endmembers of the
resulting spectral library. Endmembers derived from SMACC
are unique, a one-to-one correspondence does not exist between
the number of materials in an image and the number of
endmembers. SMACC derives endmembers from pixels in an
image. Each pixel may contain only one material, or it may
contain a high percentage of a single material with unique
combinations of other materials. Each material identified in an
image is described by a subset spanning its spectral variability.
The SMACC provides an endmember basis that defines each of
these material subsets and provides abundance images for
determining the fractions of the total spectrally integrated
radiance, or reflectance of a pixel contributed by each resulting
endmember. Mathematically, SMACC uses the following
convex cone expansion for each pixel spectrum (endmember),
defined as:

Hci)= Y R(c k)AK, j)
k (7)

where: i is the pixel index, j and k are the endmember indices
from 1 to the expansion length (N), R is a matrix that contains
the endmember spectral as columns, c is the spectral channel
index, A is a matrix that contains the fractional abundance of
each endmember j in each endmember k for each pixel
(Gruninger, 2004).

The 2D matrix representation of a spectral image is factored
into a convex 2D basis (a span of a vector space) times a matrix
of positive coefficients. In the image matrix (R), the row
elements represent individual pixels, and each column
represents the spectrum of that pixel. The coefficients in A are
the fractional contributions or abundances of the essential
members of the original matrix. The basis forms an n-D convex
cone within its subset. The convex cone of the data is the set of
all favorable linear combinations of the data vectors, while the
convex hull is the set of all weighted averages of the data. The
factor matrices are then determined sequentially. At each step, a
new convex cone is formed by adding the selected vector from
the original matrix that lies furthest from the cone defined by
the existing basis (Envi, 2006).

3. EXPERIMENTAL RESULT

The image data to be used for experiments is the Cuprite
AVIRIS image scene, which was collected over the Cuprite
mining district, Nevada, in 1997. The data cube consists of 50
spectral bands in the visible, near-IR, and shortwave-IR regions
of the spectrum with 20 meter GSD. For this study, we use 50
SWIR bands over a 56 square kilometer area, corresponding to
a 400x350x50 data cube. This scene is well understood
mineralogically, where field spectral provide the precise spatial
locations of bright pixels that correspond to the four minerals,
alunite, buddingtonite, calcite, and kaolinite. Their spectral
signatures are shown in Figure 1. We used the laboratory
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reflectance spectral of the known minerals are publicly available
at USGS spectral library and a reference image for comparing
results in our experiments.

3.1 Accuracy Assessment of Endmember Extraction
Methods

In this experiment, the PPl and SMACC were implemented for
the image scene in the Environment for Visualizing Images
(ENVI) 4.3 software system developed by Research Systems,
Inc. We set the number of iterations in PPl parameters to
10000, and the threshold factor to 1. We select individual pixels
falling into the corners of the data cloud and use those pixel
signatures as the final endmember set. For collecting
endmembers using SMACC algorithm, we set coalesce
redundant endmember to 0.1 and unmixing constraint to
“positive only. Also, we use the mean spectral of field spectral
for comparison of results.

We found about 20 endmembers for PPl and SMACC, but we
could not assess the accuracy of all endmember because we had
only four fields spectral. We measured the spectral similarity
between detected endmember spectral and reference spectral.
Then we selected four endmembers as the most similar spectral
signature to reference endmember spectral. In this case, we
observed that PPI results are better than SMACC result because
of the more significant spectral angle between detected
endmembers and reference endmembers for SMACC. On the
other hand, the smaller spectral angle in two methods for field
spectral in comparison with spectral library means the better
accuracy for field spectral as ground truth.
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Figure 1. Extracted endmember Comparison using PPI and
SMACC methods by library and field spectral.

3.2 Accuracy Assessment of Spectral Unmixing

In this experiment, a comparative study is conducted to see how
many differences are between abundance images for each of
endmember collection methods and their accuracy for solving
spectral mixture. Abundance images for all methods are shown
in Figure 2.

Field Data PPI SMACC

Spectral Library

Figure 2. Abundance images for each of methods (a) alunite, (b)
budding unite, (c) calcite, (d) kaolinite, and (e) error.
Also, table 1 tabulates the accuracy of classification for each of
the methods. In this case, we observed that Field Spectral and
SMACC have the best result for the spectral mixture. Also, they
have the smallest commission (Com.) and omission (Omi.)
errors for all classes. On the other hand, for all methods, calcite
has the smallest error that means the better solution for spectral
mixture analysis with this endmember because of its spectral
signature that is different in comparison with other endmember
spectral signatures as it is shown in Figure 1. Also,
buddingtonite has the most significant error because of its
spectral signature similarity to alunite and kaolinite spectral
signatures. Also, kaolinite and alunite have the most mixed
pixel in each other because of their spectral signature similarity.

Table 1. The overall accuracy of classification

Field Spectral | Spectral library | PPI SMACC

Overal
accuracy

97.8 96.0 93.1 97.1

4. CONCLUSION

This paper presents comparative results for linear spectral
unmixing via four endmember collection methods. Two
standard endmember extraction algorithms: PPl and SMACC
are compared. They are alternative methods to find endmember
spectral signature that do not require any assumptions about the
data or knowledge of the number of endmembers. For
comparing results, Field Spectral and library Spectral are used.

The two above methods with spectral library and Field Spectral
are used to collect endmembers and have been applied to
cuprite AVIRIS data, which has become a test image for
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endmember extraction assessment due to available ground truth.
Quantitative results obtained by these methods on four minerals
that can be found prominently and in pure form in the test site.
Linear spectral unmixing has implemented for achieving
abundance images for each of methods and calculating accuracy
of spectral mixture analysis. Collected endmembers are used for
analyzing spectral mixture and compared abundance images for
computing spectral mixture accuracy in each of methods.
Experiment 1 presents the best result for Field Spectral as
ground truth in comparing with spectral library and PPI as an
endmember extraction method. Also, experiment 2 present that
spectral library endmembers have a reliable result for unmixing
of hyperspectral images with prior knowledge about the area.
However, endmember spectral signatures similarity is a
limitation for achieving better results.
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