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Spatial-Spectral Preprocessing Prior to Endmember
Identification and Unmixing of Remotely Sensed

Hyperspectral Data
Gabriel Martín and Antonio Plaza, Senior Member, IEEE

Abstract—Spectral unmixing amounts at estimating the abun-
dance of pure spectral signatures (called endmembers) in each
mixed pixel of a hyperspectral image, where mixed pixels arise
due to insufficient spatial resolution and other phenomena. A chal-
lenging problem is how to automatically identify endmembers, as
the presence of mixed pixels generally prevents the localization
of pure spectral signatures in transition areas between different
land-cover classes. A possible strategy to address this problem is to
guide the endmember identification process to spatially homoge-
neous areas, expected to contain the purest signatures available in
the scene. For this purpose, several spatial preprocessing methods
have been used prior to endmember identification. However,
the preprocessing methods developed thus far only exploit the
spatial information and relegate the use of spectral information
to the subsequent endmember identification stage. In this paper,
we develop a new spatial-spectral preprocessing (SSPP) module
which can be used prior to endmember identification and spectral
unmixing. The method first derives a spatial homogeneity index
for each pixel in the hyperspectral image. This index is relatively
insensitive to the noise present in the data. At the same time, it
performs unsupervised clustering to identify a set of clusters in
spectral space. Finally, it fuses spatial and spectral information
by selecting a subset of spatially homogeneous and spectrally pure
pixels from each cluster. These pixels constitute the new set of
candidates for endmember identification. An innovative contri-
bution of this paper is the combination of spatial and spectral
information at the preprocessing stage. Another contribution is
the combination, for the first time in the literature, of prepro-
cessing techniques with endmember identification algorithms that
do not assume the presence of pure signatures in the scene. An
experimental comparison of the proposed method in combination
with different endmember identification techniques is conducted
using both synthetic and real hyperspectral data collected by the
Airborne Visible Infra-Red Imaging Spectrometer (AVIRIS). Our
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experiments indicate that endmember identification techniques
(with and without the pure signature assumption) can greatly ben-
efit from the proposed preprocessing approach, which considers
both spatial and spectral information.

Index Terms—Hyperspectral imaging, spectralmixture analysis,
endmember identification algorithms (EIAs), spatial-spectral pre-
processing (SSPP).

I. INTRODUCTION

S PECTRALmixture analysis (also called spectral unmixing
[1]) has been an alluring exploitation goal from the earliest

days of hyperspectral remote sensing [2] to our days [3], [4]. No
matter the spatial resolution, the spectral signatures collected in
natural environments are invariably a mixture of the signatures
of the various materials found within the spatial extent of the
ground instantaneous field view of the imaging instrument [5].
The availability of hyperspectral imagers with a number of spec-
tral bands that exceeds the number of spectral mixture compo-
nents [6] has allowed to cast the unmixing problem in terms of
an over-determined system of equations in which, given a set
of pure spectral signatures (called endmembers), the actual un-
mixing to determine apparent pixel abundance fractions can be
defined in terms of a numerical inversion process [7]. Spectral
unmixing has been a very active research area in recent years,
since it faces important challenges [8]–[10].
Linear spectral unmixing [11] is a standard technique for

spectral mixture analysis that infers a set of pure spectral
signatures, called endmembers [12], [13], and the fractions of
these endmembers, called abundances [14], in each pixel of
the scene. This model assumes that the spectra collected by the
imaging spectrometer can be expressed in the form of a linear
combination of endmembers, weighted by their corresponding
abundances. Because each observed spectral signal is the result
of an actual mixing process, it is expected that the driving abun-
dances satisfy two constraints, i.e., they should be non-negative
[15], and the sum of abundances for a given pixel should be
unity [16]. Although the linear model has practical advantages,
such as ease of implementation and flexibility in different
applications [17], nonlinear unmixing describes mixed spectra
(in physical [18], [19], or statistical [20] sense) by assuming
that part of the source radiation is multiply scattered before
being collected at the sensor. The distinction between linear
and nonlinear unmixing has been widely studied in recent
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years. In this work, we focus on linear spectral unmixing due
to its simplicity and ease of implementation [21], [22].
Over the few years, many endmember identification algo-

rithms (EIAs) have been developed for automatic or semi-au-
tomatic extraction of pure spectral components from the image
scene. This stage is crucial for the subsequent abundance es-
timation (unmixing) step. A majority of algorithms have been
designed under the pure signature assumption, i.e., they assume
that the remotely sensed data contain one pure observation for
each distinct material present in the scene. Perhaps due to their
ease of computation and clear conceptual meaning, these are the
most widely used class of algorithms for endmember identifica-
tion, with a plethora of algorithms designed under this assump-
tion (see [23]–[48], among several others). Although these algo-
rithms have been successful when pure signatures are present in
the data, given the available spatial resolution of state-of-the-art
imaging spectrometers and the presence of the mixture phenom-
enon at different scales (even at microscopic levels), in some
cases the pure signature assumption may not be valid. To ad-
dress this issue, several EIAs have been developed without as-
suming the presence of pure signatures in the input data. These
methods aim at generating virtual endmembers [49] (not neces-
sarily present in the set comprised by input data samples) and
generally adopt a searching strategy that relies on the calcula-
tion of the simplex with minimum volume that encompasses all
mixed pixel observations in the hyperspectral data [50]–[55].
Most of the EIAs discussed so far rely on the exploitation of

spectral information alone. However, one of the distinguishing
properties of remotely sensed data is the multivariate informa-
tion coupled with a two-dimensional (pictorial) representation
amenable to image interpretation. Subsequently, EIAs can ben-
efit from an integrated framework in which both the spectral
information and the spatial arrangement of pixel vectors are
taken into account. Techniques designed under this assumption
include the automatic morphological endmember extraction
(AMEE) [56], spatial-spectral endmember extraction (SSEE)
[57], spatial preprocessing (SPP) using a sliding-window ap-
proach [58], and a region-based spatial preprocessing (RBSPP)
[59]. The first two approaches are EIAs themselves, while
the latter two approaches are preprocessing modules that can
be applied prior to any other EIA. Although such approaches
have been shown in previous work to be quite effective in
spectral unmixing [52]–[62], their performance is generally
sensitive to high noise conditions. Further, these approaches
treat the spatial and the spectral information separately (for
instance, the preprocessing modules mostly exploit spatial
information while spectral information is relegated to the
subsequent endmember identification stage). In this regard,
one of our main research questions in this work is whether the
joint exploitation of both sources of information (spatial and
spectral) at the preprocessing level can be beneficial in order
to avoid discarding important information for the subsequent
endmember identification and spectral unmixing tasks.
To address this issue, in this work we develop a joint spa-

tial-spectral preprocessing (SSPP)module which integrates spa-

tial and spectral information at the preprocessing level. The
method first derives a spatial homogeneity index for each pixel
in the hyperspectral image. This index is relatively insensitive
to the noise present in the data. On the other hand, it performs
a spectral-based unsupervised clustering coupled with spectral
purity indexing to identify a subset of spatially homogeneous
and spectrally pure pixels from the scene. These pixels consti-
tute the new set of endmember candidates. The method is very
efficient in computational terms and its application in combi-
nation with an EIA does not increase the computational com-
plexity of the latter. This is due to the fact that the SSPP module
discards those pixels which are not sufficiently homogeneous
(in spatial sense) or pure (in spectral sense), thus substantially
reducing the pool of candidates that the EIA needs to evaluate
when selecting the endmembers.
The remainder of the paper is organized as follows. Section II

describes related work, including a set of spectral and spatial-
spectral EIAs considered in this work (with and without the pure
signature assumption). Section III describes the newly proposed
method in step-by-step fashion. Section IV provides an experi-
mental comparison of the proposed method with other prepro-
cessing strategies using synthetic hyperspectral data. Section V
evaluates the proposed approach using real hyperspectral data
collected by the Airborne Visible Infra-Red Imaging Spectrom-
eter (AVIRIS) [6]. The combination of preprocessing techniques
with EIAs designed without the pure signature assumption rep-
resents another innovative contribution of this paper, which re-
veals that these algorithms can particularly benefit from the use
of spatial information to find the most relevant directions in
which virtual endmembers should be located in the data cloud.
Finally Section VI concludes the paper with some remarks and
hints at plausible future research.

II. RELATED WORK

Let be a -dimensional pixel vector of the hyperspectral
image, where is the total number of spectral bands. Under the
linear mixture model assumption, we can express the pixel
as follows:

(1)

where denotes the spectral signature of the -th endmember,
denotes the abundance of endmember at the considered

pixel, is a noise vector, and is the number of endmem-
bers, which can be automatically estimated using techniques
such as the virtual dimensionality (VD) [63] and the hyperspec-
tral signal identification by minimum error (HySime) [64] con-
cepts. The abundances are generally subject to the abundance
sum-to-one constraint (ASC) and the abundance non-negativity
constraint (ANC):

(2)
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Expression (1) can also be written in compact matrix form as

(3)

where is a hyperspectral image made up of pixel
vectors in total, defined as .

is a matrix containing
the signatures of the endmembers present in the pixel.

is a matrix containing the fractional
abundances, and models additive noise. Several
EIAs have been adopted in the literature to estimate the matrix
of endmembers by assuming the presence or absence of
pure signatures in the original hyperspectral data.
In the following, we briefly describe the techniques selected

in this work for comparative purposes. These comprise three
spectral-based EIAs which assume the presence of pure signa-
tures in the data, called orthogonal subspace projection (OSP)
[23], N-FINDR [28] and vertex component analysis (VCA)
[31]; two EIAs designed without the pure signature assumption,
called minimum volume simplex analysis (MVSA) [52], and
simplex identification via split augmented Lagrangian (SISAL)
[53]; two spatial-spectral EIAs (AMEE [56], SSEE [57]); and
two spatial preprocessing techniques (SPP [58] and RBSPP
[59]). While the selection of algorithms for performance com-
parison is subjective, it is our desire to make our selection as
representative as possible. In this regard, the main reasons for
our algorithm selection in this work can be summarized as
follows:
1) OSP, N-FINDR and VCA algorithms represent a class of
convex geometry-based and techniques which have been
very successful in endmember extraction with the pure sig-
nature assumption.

2) MVSA and SISAL are two representative techniques of
minimum volume enclosing algorithms, which is the most
succesful technique for the identification of endmembers
without the pure signature assumption.

3) AMEE and SSEE are two of few algorithms designed to
consider simultaneously the spectral and spatial informa-
tion in the search for endmembers.

4) SPP and RBSPP are spatial preprocessing algorithms prior
to endmember extraction available in the literature. These
techniques will be compared in this work with our newly
developed SSPP method.

A. EIAs Designed Under the Pure Signature Assumption

These algorithms assume the presence in the original hy-
perspectral image of at least one pure pixel per endmember,
meaning that there is at least one pixel containing for each
endmember being a vertex of the simplex encompassed by the
data. Although this assumption enables the design of efficient
algorithms from a computational point of view, it also imposes
a requisite that may not hold in most real analysis scenarios.
One of the most widely used algorithms designed under the

pure signature assumption is N-FINDR [28], which looks for
the set of pixels with the largest possible volume by inflating a
simplex inside the data. After a dimensionality reduction of the

original hyperspectral image from to , where the prin-
cipal component transform [65] can be used for this purpose,
the procedure begins with a random initial selection of pixels
from the original image, which results in an initial endmember
matrix . Every pixel in the image is evaluated in order to re-
fine the estimate of endmembers, looking for the set of pixels
that maximizes the volume of the simplex defined by selected
endmembers and calculated as follows:

(4)

For every pixel the corresponding volume is checked if this
pixel replaces one of the endmember positions in matrix .
If the replacement results in a an increase of volume, the pixel
replaces the endmember. This procedure is repeated until there
are no more endmember replacements.
Another widely used approach is the OSP [23], which starts

by selecting the pixel vector with maximum length in the scene
as the first endmember. Then, it looks for the pixel vector with
the maximum absolute projection in the space orthogonal to
the space linearly spanned by the initial pixel, and labels that
pixel as the second endmember. A third endmember is found by
applying an orthogonal subspace projector [23] to the original
image, where the signature that has the maximum orthogonal
projection in the space orthogonal to the space linearly spanned
by the first two endmembers. This procedure is repeated until
the number of endmembers, , has been reached [66].
The VCA algorithm [31] also makes use of the concept of

orthogonal subspace projections. However, as opposed to the
OSP algorithm, VCA exploits the fact that the endmembers are
the vertices of a simplex, and that the affine transformation of a
simplex is also a simplex [31]. As a result, VCA uses a positive
cone, which projected on an appropriately chosen hyperplane
gives a simplex with vertices corresponding to the endmembers.
After projecting the data onto the selected hyperplane, the VCA
projects all image pixels to a random direction and uses the pixel
with the largest projection as the first endmember. The other
endmembers are identified in sequence by iteratively projecting
the data onto a direction orthogonal to the subspace spanned by
the endmembers already determined. The new endmember is
then selected as the pixel corresponding to the extreme projec-
tion, and the procedure is repeated until a set of endmembers
is found.

B. EIAs Designed Without the Pure Signature Assumption

Most of the techniques in this category adopt a minimum
volume strategy aimed at finding the endmember matrix by
minimizing the volume of the simplex defined by its columns
and containing the endmembers. This is a non-convex optimiza-
tion problem much harder than those considered in the previous
subsection in which the endmembers are assumed to belong to
the input hyperspectral image.
Craig’s seminal work [50] established the concepts regarding

the algorithms of minimum volume type. The MVSA [52] al-
gorithm implements a robust version of the minimum volume
concept. The robustness is introduced by allowing the ANC to
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Fig. 1. Block diagram illustrating our spatial-spectral preprocessing (SSPP) method.

be violated. These violations are weighted using a soft constraint
given by the hinge loss function ( if and
if ). After reducing the dimensionality of the input data
from to , MVSA aims at solving the following optimiza-
tion problem:

(5)

(6)

where and are column vectors of ones of
sizes and , respectively, with being any
set of linearly independent spectral vectors taken from the hy-
perspectral data set , and is a regularization parameter. Here,
maximizing is equivalent to minimizing .
The SISAL algorithm also intends to find the simplex that

embraces the data cloud as tightly as possible as a sequence
of convex optimization problems [53]. A necessary condition
for SISAL (and also for MVSA) to yield good estimates is the
presence in the data set of a sufficient number of pixel vectors
on each facet of the simplex set. This condition is very likely
to fail in highly mixed scenarios, in which both MVSA and
SISAL generate virtual endmembers, i.e., not necessarily asso-
ciated to physically meaningful spectral signatures of true ma-
terials. However, we believe that a suitable preprocessing can
enhance the performance of these algorithms by removing those
pixels which are clearly outliers or away from the facets.

C. EIAs Combining the Spatial and the Spectral Information

Few techniques for endmember identification have been de-
signed to exploit simultaneously the spatial and the spectral in-
formation available in the hyperspectral data. The AMEE algo-
rithm [56] runs on the full data cube with no dimensional re-
duction, and begins by searching spatial neighborhoods around
each pixel vector in the image for the most spectrally pure and

mostly highly mixed pixels. This task is performed by using ex-
tended mathematical morphology operators [67] of dilation and
erosion, where dilation selects the most spectrally pure pixel in
a local neighborhood around each pixel vector and erosion se-
lects the most highly mixed pixel in the same neighborhood.
Each spectrally pure pixel is then assigned an eccentricity value,
which is calculated as the spectral angle [7], [16] between the
most spectrally pure and mostly highly mixed pixel for each
given spatial neighborhood. This process is repeated iteratively
for larger spatial neighborhoods up to a maximum size that is
pre-determined. At each iteration the eccentricity values of the
selected pixels are updated. The final endmember set is ob-
tained by applying a threshold to the resulting grayscale eccen-
tricity image, which results in a large set of endmember can-
didates. The final endmembers are extracted after applying the
OSP method to the set of candidates in order to derive a final
set of spectrally distinct endmembers, where the number of end-
members to be found is an input parameter to the OSP algorithm.
On the other hand, the SSEE algorithm [57] uses spatial con-

straints to improve the relative spectral contrast of endmember
spectra that have minimal unique spectral information, thus im-
proving the potential for these subtle, yet potentially important
endmembers, to be selected. With SSEE, the spatial character-
istics of image pixels are used to increase the relative spec-
tral contrast between spectrally similar, but spatially indepen-
dent endmembers. This approach searches an image with a local
search window centered around each pixel vector and comprises
four steps [57]. First, the singular value decomposition (SVD)
transform [65] is applied to determine a set of eigenvectors that
describe most of the spectral variance in the window or parti-
tion. Second, the entire image data are projected onto the previ-
ously extracted eigenvectors to determine a set of candidate end-
member pixels. Then, spatial constraints are used to combine
and average spectrally similar candidate endmember pixels by
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testing, for each candidate pixel vector, which other pixel vec-
tors are sufficiently similar in spectral sense. Instead of using a
manual procedure as recommended by the authors in [57], we
have used the OSP technique in order to derive a final set of
spectrally distinct endmembers, where the number of endmem-
bers to be derived is an input parameter to the OSP algorithm.

D. Techniques for Spatial Preprocessing

As opposed to the EIAs described in previous subsections, an-
other type of algorithms have been designed to include the spa-
tial information at the preprocessing level, without the need to
modify the EIA. One of such techniques is the SPP [58], which
serves as a preprocessing module which can be combined with
existing spectral-based EIAs. The method estimates, for each
input pixel vector, a scalar factor which is intimately related to
the spatial similarity between the pixel and its spatial neighbors,
and then uses this scalar factor to spatially weight the spectral
information associated to the pixel. The idea behind the SPP is
to center each spectral feature in the data cloud around its mean
value, and then shift each feature straight towards the centroid
of the data cloud. The shift is proportional to a similarity mea-
sure calculated using both the spatial neighborhood around the
pixel under consideration and the spectral information associ-
ated to the pixel, but without averaging the spectral signature
of the pixel. The correction is performed so that pixels located
in spatially homogeneous areas are expected to have a smaller
displacement with regards to their original location in the data
cloud than pure pixels surrounded by spectrally distinct sub-
stances. Resulting from the above operation, a modified simplex
is formed, using not only spectral but also spatial information.
The modified simplex serves as a guide for a subsequent com-
petitive endmember identification process, which can be con-
ducted using a classic EIA.
On the other hand, the RBSPP [59] also uses spatial informa-

tion as a guide to exploit spectral information more effectively
by adequately exploiting spatial context in adaptive fashion.
This approach first adaptively searches for the most spectrally
pure regions (understood as groups of several contiguous pixel
vectors with similar spectral content) by using a hybrid proce-
dure that combines unsupervised clustering and orthogonal sub-
space projection concepts. Then the method performs unsuper-
vised clustering using the ISODATA algorithm [65], and finally
applies the OSP algorithm to the mean spectra of the resulting
regions in order to find a set of spatially representative regions
with associated spectra which are both spectrally pure and or-
thogonal between them. A spectral-based EIA can now be ap-
plied to the pixels in the resulting spatially connected regions to
produce the final endmembers.

III. SPATIAL-SPECTRAL PREPROCESSING (SSPP) METHOD

In this section we describe the considered SSPP approach. As
shown by the flowchart in Fig. 1, the proposed method consists
of four steps that can be summarized as follows:
1) Multi-scale Gaussian filtering. This step takes as input
the original hyperspectral image and an input pa-
rameter controlling the spatial smoothing, and returns

Fig. 2. Synthetic images used in experiments, where spatial patterns were gen-
erated using fractals.

a spatially filtered hyperspectral image . To per-
form this step, we apply Gaussian filtering to each
of the spectral bands of the original hyperspectral
image. For the sake of notation, let us now denote by

the -dimen-
sional pixel vector at spatial coordinates of the
original hyperspectral image . Here, we have simply
included the spatial localization of pixel vectors into
the formulation presented in (1). With this notation in
mind, in which different pixel vectors are identified ac-
cording to their spatial localization in the scene, (7) shows
the pixel-level operation that we apply for performing
Gaussian filtering of the -th spectral band of the hyper-
spectral image, with :

(7)

where denotes the number of rows and denotes the
number of columns of the original hyperspectral image .
This operation is applied to all the bands in the original
hyperspectral image, producing a filtered version . It
should be noted that higher values lead to more spatial
smoothing. As a result, controls the relevance of the spa-
tial context for a given pixel. The lower the value, the
higher the importance of the closest neighbors.

2) Spatial homogeneity calculation. This step takes as input
the spatially filtered hyperspectral image obtained in
the previous step and produces a spatial homogeneity index
for each pixel in the original image . To perform this
step, we calculate the root mean square error (RMSE) [7]
between the original hyperspectral image and the filtered
image. Equation (8) indicates the pixel-level operation that
we use to calculate the RMSE between the pixel
in the original image , and the pixel at the same spatial
coordinates, , in the filtered image :

(8)

Note that, the lower the RMSE, the higher the similarity
between a pixel in the original image and its neighbours.
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Fig. 3. Block diagram describing our procedure for generating synthetic hyperspectral images.

Quite opposite, the higher the RMSE, the lower the simi-
larity of the pixel in the original image with regards to its
neighbours. As a result, the RMSE in (8) can be used to
define a spatial homogeneity index for each pixel
in the original hyperspectral image .

3) Spectral clustering. In parallel to the first two steps, we
perform a spectral-based unsupervised clustering of the
original hyperspectral image. This step takes as input the
original hyperspectral image and a parameter control-
ling the number of clusters, and returns a set of clusters
in which the original image is partitioned. For this pur-
pose, we use the spectral-based unsupervised ISODATA
algorithm [65]. The algorithm is applied to a transformed
version of the original image obtained using the principal
components transformation (PCT) [68], where the number
of components retained after computing the PCT was set
to the number of endmembers in the input data, , esti-
mated using a consensus between the VD concept [63] and
HySime [64]. For the ISODATA algorithm, the minimum
number of classes was set to and the maximum number
of classes was set to , which empirically resulted in good
results according to our tests (similar results were obtained
using the well-known -means clustering algorithm [65]).
Resulting from this step, a number of clusters (comprised
between and ) are identified in the original hyperspec-
tral image .

4) Fusion of spatial and spectral information. This step takes
as input the spatial homogeneity index calculated in step 2
and the clusters calculated in step 3, and returns a subset
of pixels in the original hyperspectral image which will
be used for endmember identification purposes. Additional
input parameters to this step are and , explained after-
wards. The main purpose of this step is to combine the
spatial and the spectral information obtained in the pre-
vious steps. For each cluster in the spectral classification

map, a subset of spatially homogeneous pixels are selected.
Parameter defines the percentage of pixels
that will be selected per cluster. For selection, pixels are
ranked according to increasing values of their spatial ho-
mogeneity as calculated in the previous step. Themain pur-
pose of ranking pixels based on their spatial homogeneity
is to ultimately select those pixels with are both spatially
homogeneous and spectrally pure in nature in the subse-
quent endmember identification step. This is because our
assumption is that it is more likely to find endmembers
in spatially homogeneous areas of the scene. Optionally,
a procedure to retain only the most spectrally pure pixels
in each cluster can be performed by a spectral purity index
calculation similar to the one conducted by the well-known
pixel purity index (PPI) algorithm [24]. For this operation
we calculate the first components (obtained using the
PCT) and then compute the maxima and minima projec-
tion values by means of a dot product computation, using
the first principal components as the directions for which
we identify the pixels with maxima and minima projection
values. The pixels with maxima and minima projection are
assigned a weight of 1. The weight of the mean value be-
tween the maxima and minima projection value is 0. We
also apply a threshold value so that the weights lower than
that threshold are assigned the value 0. The spectral purity
index for a given pixel will be the sum of all the weights
for that pixel over the first principal components. Pa-
rameter defines the percentage of pixels that
will be retained per cluster due to their associated spec-
tral purity counters after ranking pixels according to in-
creasing values of their spectral purity. Although we have
experimentally tested that this spectral purity index cal-
culation reduces the computational complexity of the pro-
posed preprocessing method, this is in fact an optional step
which mainly affects computational performance as the
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Fig. 4. USGS library signatures (top) and fractional abundance distributions (bottom) considered for generating the simulated hyperspectral scene labeled as
“Fractal 1” in experiments.

Fig. 5. Gaussian filtering of the synthetic hyperspectral image “Fractal 1” in
Fig. 4 using different values of parameter .

subsequent endmember extraction step can already filter
out those pixels which are not sufficiently pure in spec-
tral terms. Only the pixels retained by the aforementioned

spatial homogeneity and spectral purity-based steps will be
considered as endmember candidates.

Finally, endmember extraction is applied to the pixels re-
tained after the procedure above. The outcome of the process is
a set of endmembers and their corresponding fractional abun-
dance maps (one per endmember). In the following section we
conduct an experimental validation of the proposed SSPP with
regards to other preprocessing strategies in combination with
several different EIAs, using synthetic hyperspectral data sets.
It should be noted that a Matlab implementation for SSPP, as
well as for other spatial preprocessing methods such as SPP
and RBSPP, is available online.1 Our Matlab implementations
of several different EIAs with the pure pixel assumption are
also available online.2 Finally, the original implementations for
VCA,3 MVSA4 and SISAL5 are available online from the algo-
rithm developers.

1http://www.umbc.edu/rssipl/people/aplaza/preprocessing.zip.
2http://www.umbc.edu/rssipl/people/aplaza/codes.zip.
3http://www.lx.it.pt/~bioucas/code/demo_vca.zip.
4http://www.lx.it.pt/~bioucas/code/mvsa_demo.zip.
5http://www.lx.it.pt/~bioucas/code/sisal_demo.zip.
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Fig. 6. Performance of SSPP with the simulated hyperspectral scene labeled as “Fractal 1”. (a) Spectral clustering of the image. (b)–(d) Outcome of calculating
the RMSE between the original synthetic image and the images obtained after Gaussian filtering in Fig. 5. (e)–(i) Spatial homogeneity scores for different SNR
values. (j)–(n) Pixels retained by the spatial homogeneity-based step in the fusion stage after considering different values of . (o)–(s) Pixels retained by the spectral
purity-based step in the fusion stage after considering different values of . (a) Spectral clustering. (b) . (c) . (d) .
(e) . (f) . (g) . (h) . (i) . (j) . (k) . (l) . (m) . (n) .
(o) . (p) . (q) . (r) . (s) .

IV. EXPERIMENTS WITH SYNTHETIC DATA

A database of five 100 100-pixel synthetic hyperspectral
scenes has been created using fractals to generate distinct spatial
patterns. Several natural objects can be approximated by fractals
to a certain degree, including clouds, mountain ranges, coast-
lines, vegetables, etc. thus providing a baseline for simulating
spatial patterns often found in nature. In this work, we used frac-
tals to simulate linear mixtures of a set of endmember signatures
randomly selected from a spectral library compiled by the U.S.
Geological Survey (USGS)6 andmade up of a total of 420 signa-
tures. Fig. 2 displays the five fractal images used in the simula-
tions. These images are further divided into a number of clusters

6http://speclab.cr.usgs.gov/spectral-lib.htm.

using the -means algorithm [69], where the number of clusters
extracted from the five fractal images was always larger than
the number of endmember signatures, fixed in our experiments
to . The abundance proportions in the regions associated
to each cluster have been set so that pixels closer to the border
of the region are more heavily mixed, while the pixels located
at the center of the region are more spectrally pure in nature (the
images does not contain any completely pure pixels, a situation
often encountered in real-world analysis scenarios). Zero-mean
Gaussian noise was added to the synthetic scenes in different
signal to noise ratios (SNRs)—from 30:1 to 110:1—to simulate
contributions from ambient and instrumental sources, following
the procedure described in [23].
Fig. 3 illustrates the procedure for generating one of the syn-

thetic hyperspectral scenes (labeled as “Fractal 1” in Fig. 2).
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Fig. 7. Errors measured for various endmember extraction algorithms after reconstructing the AVIRIS Cuprite scene.

Fig. 4 shows the spectra of the USGS signatures and the abun-
dance maps associated to each reference USGS signature in the
“Fractal 1” synthetic scene. The fractional abundances in each
pixel of the scene are positive and add up to unity, ensuring that
all pixel instances in the synthetic fractal image strictly adhere
to a fully constrained linear mixture model [14]. The database
of synthetic scenes is available online.7 In order to illustrate the
performance of the proposed method, we show the individual

7http://www.umbc.edu/rssipl/people/aplaza/fractals.zip.

outcome of each processing step of SSPP for the “Fractal 1”
synthetic image. Fig. 5 shows the outcome of applying Gaussian
filtering with different values of for the synthetic image sim-
ulated with SNR 70:1. Fig. 6(a) shows the outcome of the
unsupervised clustering procedure with ISODATA for the same
synthetic image. Fig. 6(b)–(d) respectively show the outcome
of calculating the RMSE between the original image and the
images obtained after Gaussian filtering in Fig. 5. Fig. 6(e)–(i)
respectively show the spatial homogeneity images obtained for
the synthetic image with SNR values ranging between 30:1 and
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TABLE I
AVERAGE SPECTRAL ANGLE SCORES (IN DEGREES) BETWEEN THE USGS MINERAL SPECTRA AND THEIR CORRESPONDING ENDMEMBER PIXELS PRODUCED BY
SEVERAL ENDMEMBER IDENTIFICATION ALGORITHMS ACROSS THE FIVE SYNTHETIC SCENES IN FIG. 2. THE MINIMUM VALUES OF SPECTRAL ANGLE FOR EACH

SPECIFIC SIGNAL TO NOISE RATIO (SNR) VALUE ARE OUTLINED IN BOLD

110:1. As shown by Fig. 6(e)–(i), the spatial homogeneity calcu-
lation is quite robust in the presence of noise. Fig. 6(j)–(n) show
the pixels selected after the spatial-spectral fusion stage consid-
ering values of ranging from 50 to 90. Finally, Fig. 6(o)–(s)
show the pixels selected after applying the optional spectral pu-
rity index calculation considering values of ranging from 50
to 90.
Two different metrics have been used to compare the per-

formance of endmember extraction algorithms in the synthetic
fractal scenes. The first metric is the spectral angle [7] between
each extracted endmember and the set of available USGS
ground-truth spectral signatures. The lowest the spectral angle,
the better the results. The second metric used in this work is
the RMSE between the original and the reconstructed version
of the hyperspectral scene, where the reconstructed version is
generated using the endmembers obtained by different EIAs
and their corresponding abundances, estimated using a fully
constrained linear model [58]. Table I shows the average
spectral angle scores (in degrees) between the reference USGS
mineral spectra and their corresponding endmember pixels pro-
duced by several endmember extraction algorithms, across the
five synthetic scenes in Fig. 2. As a result, each value reported
in Table I corresponds to the average spectral angle obtained
after processing the five considered scenes with the same SNR
(five different SNR values, ranging from 30:1 to 110:1, are
reported in the table). In all cases, the input parameters of the

different EIAs tested have been carefully optimized so that the
best performance observed for each method after a wide range
of values for each parameter is reported. For the proposed
SSPP, we carefully optimized the parameter settings for each
considered scene, using values of in the interval [1.0, 3.0]
with step-wise increase of 0.2, values of in the interval
[30, 90] with step-wise increase of 10, and values of in the
interval [30,90] with step-wise increase of 10. We empirically
observed that values of , , and generally
provided good results in most cases. Finally, the number of
endmembers was estimated in all cases using HySime (which
was generally in consensus with the value of estimated by the
VD concept).
As shown by Table I, the combination of the proposed

SSPP method with spectral-based EIAs with the pure signature
assumption (N-FINDR, OSP and VCA) generally provides
the best results (lower spectral angles) when the SNR is very
low (30:1). This indicates robustness of the proposed approach
in high noise conditions. As the SNR increases, the results
obtained by SSPP are always comparable to those provided
by other preprocessing methods such as SPP or RBSPP. It is
also clear from Table I that the EIAs without the pure signature
assumption (MVSA and SISAL) provide the worst spectral
angle scores when the noise is very high. This is expected, as
these algorithms calculate the simplex of minimum volume
enclosing all observations and, thus, are sensitive to noise.
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TABLE II
AVERAGE ERROR SCORES AFTER RECONSTRUCTING THE FIVE SYNTHETIC SCENES IN FIG. 2 USING THE ENDMEMBERS IDENTIFIED BY SEVERAL ALGORITHMS.

THE MINIMUM VALUES OF ERROR FOR EACH SPECIFIC SIGNAL TO NOISE RATIO (SNR) VALUE ARE OUTLINED IN THE TABLE IN BOLD TYPEFACE

However, Table I reveals that the use of preprocessing methods
can be greatly beneficial for such algorithms. In particular, the
proposed SSPP (in combination with EIAs without the pure
signature assumption) yields the best results when the SNR
is very high (110:1). As a result, we can conclude that SSPP
has the potential to improve EIAs (with and without the pure
signature assumption) in different noise conditions. Since SSPP
discards those pixels which are not relevant to the endmember
identification process, the search conducted by such algorithms
is more efficient because it is performed only using those pixels
located in spatially homogeneous and spectrally pure regions.
On the other hand, Table II shows the RMSE scores

(measured across the five synthetic scenes in Fig. 2) after
reconstructing the scenes using the endmembers extracted by
several EIAs. Again, each value reported in the table corre-
sponds to the RMSE obtained after reconstructing five different
scenes but simulated with the same SNR. In all cases, we derive
endmembers using different EIAs and then estimate their

fractional abundances in the original hyperspectral image using
fully constrained linear spectral unmixing [14]. Then, we re-
construct the original image using the derived endmembers and
fractional abundances, and measure the error with regards to
the original hyperspectral scene using RMSE. Table II indicates
that the MVSA and SISAL (without any preprocessing) provide
the best overall results (lower RMSE values) across all tested
methods, regardless of the considered SNR in the simulation.
This is a consequence of the fact that these algorithms generate

virtual endmembers, intended to perfectly enclose all other
observations in the data. Resulting from their virtual nature,
these endmembers could be far away from the true endmem-
bers and still provide low RMSE reconstruction errors. From
this perspective, the application of preprocessing methods
such as SSPP does not significantly affect the performance of
these two algorithms in terms of RMSE. However, it is very
important to emphasize that the virtual endmembers generated
by MVSA and SISAL may be unrealistic or far away from the
true endmembers used in the image simulations. In this regard,
our previous experiments in Table I (using the spectral angle as
the similarity criterion) indicated that SSPP has the potential
to improve the similarity of the identified endmembers with
regards to the reference signatures used for the construction of
the hyperspectral scenes. At the same time, the endmembers
derived after using SSPP for preprocessing can produce very
low RMSE scores in Table II. This is a very important feature
as it reveals that preprocessing can assist MVSA and SISAL
to produce virtual endmembers which are more realistic in
nature, thus overcoming one of the main limitations of such
algorithms.
In summary, the comparison based on the two considered

quantitative performance metrics (spectral angle and RMSE) re-
veals that both metrics should be evaluated together in order to
obtain an indication of the overall performance of the proposed
SSPP coupled with EIAs. Sometimes the application of spa-
tial preprocessing methods prior to endmember identification
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TABLE III
SPECTRAL ANGLE SCORES (IN DEGREES) BETWEEN USGS MINERAL SPECTRA AND THEIR CORRESPONDING ENDMEMBERS EXTRACTED BY SEVERAL

ENDMEMBER IDENTIFICATION ALGORITHMS FROM THE AVIRIS CUPRITE SCENE

reduces the spectral purity of the selected endmembers (since
preprocessing guides the EIA to find endmembers in spatially
homogeneous areas). However, in most cases the endmembers
identified in spatially homogeneous areas lead to lower errors
when using spectral unmixing to reconstruct the original hyper-
spectral image, thus indicating that such endmembers are more
spatially representative (even if their spectral purity may not
be as high as that of the endmembers extracted using the EIAs
without preprocessing). Although the results obtained with syn-
thetic hyperspectral scenes are very encouraging, further ex-
periments with a real hyperspectral scene are conducted in the
following section in order to fully substantiate the advantages
that can be gained by using preprocessing methods prior to end-
member identification and spectral unmixing.

V. EXPERIMENTS WITH REAL DATA

In this experiment we use the well-known AVIRIS Cuprite
data set, available online in reflectance units8 after atmospheric
correction. This scene has been widely used to validate the
performance of endmember extraction algorithms. The portion
used in experiments corresponds to a 350 350-pixel subset
of the sector labeled as f970619t01p02_r02_sc03.a.rfl in the
online data. The scene comprises 224 spectral bands between
0.4 and 2.5 m, with full width at half maximum of 10 nm and

8http://aviris.jpl.nasa.gov/html/aviris.freedata.html.

spatial resolution of 20 meters per pixel. Prior to the analysis,
several bands were removed due to water absorption and low
SNR in those bands, leaving a total of 192 reflectance channels
to be used in the experiments. The Cuprite site is well under-
stood mineralogically [70], and has several exposed minerals
of interest included in the USGS spectral library. A few se-
lected spectra from the USGS library, corresponding to highly
representative minerals in the Cuprite mining district, are used
in this work to substantiate endmember signature purity.
Table III tabulates the spectral angle scores (in degrees)

obtained after comparing the USGS library spectra of alunite,
buddingtonite, calcite, kaolinite and muscovite, with the corre-
sponding endmembers extracted by different algorithms from
the AVIRIS Cuprite scene. As in the case of synthetic image
experiments, the input parameters of the different EIAs tested
have been carefully optimized so that the best performance for
each method is reported in Table III. For the proposed SSPP,
we also optimized the parameter settings using values of
in the interval [1.0,3.0] with step-wise increase of 0.2, values
of in the interval [30,90] with step-wise increase of 10, and
values of in the interval [30,90] with step-wise increase of
10. The best performance results (reported on Table III) were
obtained using values of , , and . It
should be noted that Table III only displays the smallest spectral
angle scores of all endmembers with respect to each USGS
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TABLE IV
PROCESSING TIMES (IN SECONDS) MEASURED IN A DESKTOP PC WITH INTEL CORE I7 920 CPU AT 2.67 GHZ WITH 4 GB OF RAM

signature for each algorithm. For reference, the mean spectral
angle values across all five USGS signatures is also reported
in Table III. The number of endmembers to be extracted was
set to in all experiments after the consensus reached
between the HySime and VD concepts. As shown by Table III,
the use of SSPP improved the quality of the endmembers
provided by EIAs with the pure signature assumption such
as VCA, and also the endmembers derived by EIAs without
the pure signature assumption such as MVSA and SISAL. In
this experiment, however, the best performance (in terms of
spectral angle) was obtained by EIAs including both spatial
and spectral information, such as the AMEE or SSEE.
On the other hand, Fig. 7 shows the error maps obtained after

reconstructing the AVIRIS Cuprite scene using end-
members extracted by different EIAs. Fig. 7 reveals that the
endmembers provided by AMEE and SSEE cannot be used to
reconstruct the original hyperspectral image with low RMSE.
This indicates that the AVIRIS Cuprite image does not contain
spectrally pure signatures of some of the considered minerals,
as indicated by the much better reconstruction results provided
by EIAs without the pure signature assumption such as MVSA
and SISAL. Again, the use of SSPP for preprocessing increases
slightly the RMSE obtained by these algorithms, but as we ob-
served in Table III this has also the potential to provide more
realistic endmembers (in terms of spectral angle) for those al-

gorithms. Hence, a joint evaluation of the two considered per-
formance metrics (spectral angle and reconstruction error) indi-
cates that preprocessing using SSPP can significantly improve
the performance of EIAs without the pure signature assump-
tion. As shown by Fig. 7, SSPP also provides the lowest recon-
struction error scores as compared with the other preprocessing
schemes when applied to the EIAs designed under the pure sig-
nature assumption (N-FINDR, OSP and VCA).
To conclude this section, we note that the application of SSPP

does not increase the computational complexity of the overall
endmember identification stage. This is because the SSPP acts
as a pixel selection module that discards a significant number
of endmember candidates (prior to the application of an EIA)
using both spatial and spectral information. Hence, the pro-
posed SSPP has the potential to significantly reduce the time
needed by EIAs to conduct the endmember searching process
(see Table IV, which reports the results obtained for the AVIRIS
Cuprite scene using and for the proposed SSPP).
Even if the SSPP is slightly more complex than the other two
preprocessing frameworks considered in this work (SPP and
RBSPP), it can significantly accelerate the endmember identi-
fication process by discarding a higher number of pixels, thus
resulting in good overall processing times in Table IV. This is
particularly the case for MVSA, which could significantly re-
duce its extremely high complexity when combined with the
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SSPP, mainly due to the significant reduction in the number of
pixel candidates considered by the algorithm after spatial-spec-
tral preprocessing.

VI. CONCLUSIONS AND FUTURE RESEARCH

In this paper, we have developed a new spatial-spectral pre-
processing method which can be used prior to endmember iden-
tification and spectral unmixing of remotely sensed hyperspec-
tral images. It considers spatial and spectral information simul-
taneously and fuses both sources of information at the prepro-
cessing level. According to our experimentation with both syn-
thetic and real hyperspectral scenes, the proposed method ex-
hibits the potential to improve the endmembers identified by al-
gorithms designed with and without the pure signature assump-
tion. Moreover, the proposed spatial-spectral preprocessing can
be combined (as a separate module) with any endmember iden-
tification algorithm without the need to modify such algorithm,
and it does not increase (but often reduce) its computational
complexity. In the case of endmember identification algorithms
which are computationally very expensive, the proposed pre-
processing allows for the application of these methods to real
hyperspectral scenes in computationally tractable fashion.
A possible limitation of the proposed approach is that, under

the current spectral-spatial formulation, there might be cases in
which the selection of anomalous endmembers could be penal-
ized. This is expected, as our main assumption in this work is
that endmembers are more likely to be located in spatially ho-
mogeneous areas rather than in transition areas. In order to ad-
dress this issue, we have suggested in previous work the def-
inition of a second filter specially designed to look for anom-
alies [58]. Another practical solution is to use an anomaly de-
tection algorithm in combination with the proposed approach,
and then evaluate the signature purity of the extracted pixels.
Additional experiments should also comprise a more detailed
experimentation with real hyperspectral scenes with reference
(ground-truth) information. Other endmember identification al-
gorithms should also be combined with the proposed prepro-
cessing in order to substantiate its potential to improve other
spectral unmixing techniques.
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