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Abstract—Hyperspectral image processing represents a valu-
able tool for remote sensing of the Earth. This fact has led to
the inclusion of hyperspectral sensors in different airborne and
satellite missions for Earth observation. However, one of the
main drawbacks encountered when dealing with hyperspectral
images is the huge amount of data to be processed, in particular,
when advanced analysis techniques such as spectral unmixing
are used. The main contribution of this letter is the introduction
of a novel preprocessing (PP) module, called SE2PP, which is
based on the integration of spatial and spectral information. The
proposed approach can be combined with existing algorithms for
endmember extraction, reducing the computational complexity of
those algorithms while providing similar figures of accuracy. The
key idea behind SE2PP is to identify and select a reduced set
of pixels in the hyperspectral image, so that there is no need to
process a large amount of them to get accurate spectral unmixing
results. Compared to previous approaches based on similar spatial
and spatial–spectral PP strategies, SE2PP clearly outperforms
their results in terms of accuracy and computation speed, as it is
demonstrated with artificial and real hyperspectral images.

Index Terms—Endmember extraction, hyperspectral imaging,
linear spectral unmixing, NFINDR, orthogonal subspace projec-
tion (OSP), region-based spatial preprocessing (RBSPP), SPP,
spatial–spectral PP (SSPP), vertex component analysis (VCA).

I. INTRODUCTION

L INEAR spectral unmixing is a very important tool for
analyzing the content of remotely sensed hyperspectral

images [1]. It is based on the idea that each pixel vector r =

[r1, r2, . . . , rN ]
T

in a hyperspectral image R composed by N
spectral bands can be represented as a linear combination of p
spectrally pure constituent spectra or endmembers ei weighted
by their corresponding abundance fractions ai that quantify the
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proportion of each endmember in the pixel under inspection as
follows:

r =

p∑

i=1

ai × ei + ε (1)

where ε represents a source of additive noise inherent to the
sensing process. One of the most challenging tasks within
the whole process of unmixing a hyperspectral image is the
extraction of its endmembers. This is because of two main
reasons. First, the extraction of a set of accurate endmembers is
critical for the proper unmixing of the hyperspectral image un-
der analysis. Second, the extraction process generally demands
a formidable computational effort which becomes prohibitive
for applications under real-time constraints.

In order to improve the performance of the aforementioned
endmember extraction step, different algorithms that not only
take into account the spectral characteristics of the hyperspec-
tral image to be unmixed but also benefit from the inherent
spatial correlation between pixels in spatially adjacent regions
have been recently uncovered in the scientific literature. These
algorithms can be classified into two groups. The first one is
constituted by those approaches which incorporate the spatial
information of the targeted image to the extraction process
itself, such as the automatic morphological endmember ex-
traction [2] and the spatial–spectral endmember extraction [3]
approaches. The second group is composed by the algorithms
in which the spatial information is exploited at a preprocessing
(PP) stage that modifies the hyperspectral image prior to the ex-
traction, such as the spatial PP (SPP) [4], the region-based SPP
(RBSPP) [5], and the spatial–spectral PP (SSPP) [6] algorithms.
As it can be noticed, the main difference between both groups
is that, while the approaches categorized in the first one are
endmember extraction algorithms themselves, the algorithms
in the second group can be simply combined with existing
extraction algorithms in order to compute the endmembers of
an image. This introduces several advantages, including the fact
that there is no need to modify the extraction algorithm in order
to include spatial information.

More concretely, the RBSPP and the SSPP algorithms have
demonstrated to offer not only proper levels of extraction
accuracy but also a reduced computational cost when combined
with classical endmember extraction algorithms. This is due
to the fact that, prior to the extraction, both PP stages select
a subset of pixels from the input image that are more likely
to be the sought-after endmembers. However, these algorithms
suffer, at least, from the following three drawbacks.

First, they are based on guiding the endmember extrac-
tion process to spatially large homogeneous areas expected to
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contain the purest signatures available in the scene. Although
this strategy leads to obtaining a successful set of endmembers
for many hyperspectral images, it also tends to obviate small
targets or anomalous areas that may be present in the image.
In addition, they may also guide the subsequent extraction
algorithm to homogenously mixed areas, which do not contain
pure pixels.

Second, when combined with computationally competitive
endmember extraction approaches such as the vertex compo-
nent analysis (VCA) algorithm [7], it results that the joint action
of PP the image by means of the RBSPP or the SSPP algorithms
and then extracting the endmembers from the resulting image
takes more time than directly applying the VCA algorithm to
the original nonpreprocessed image, which makes no sense
from a computational point of view [5], [6]. This is mainly
due to the computationally complex nature of the operations
involved in the RBSPP and the SSPP algorithms, as well as to
the fact that both PP stages tend to retain a significant amount
of pixels from the original image.

Third, both algorithms show execution patterns that leave lit-
tle room for introducing parallelism at the programming level,
which is crucial for applications under real-time constraints.
Moreover, the complex operations required by the RBSPP and
the SSPP algorithms also demand a large amount of hardware
resources when mapped onto dedicated hardware computing
platforms, as it is the case of an hypothetical scenario of a
satellite equipped with a hyperspectral imaging sensor, where
linear unmixing could take place on board in order to reduce
the delays in the delivery of Earth observation payload data to
ground processing facilities.

In order to overcome the aforementioned limitations, this
letter introduces a novel spatial–spectral PP module, which is
based on selecting the pixels that are in the spatial edges (SEs)
and in the spectral extremes (SEs) of the hyperspectral image
under analysis. The proposed approach, called SE2PP, solves
the identified drawbacks while maintaining the same degree of
accuracy than RBSPP and SSPP when coupled with traditional
endmember extraction algorithms.

II. REVIEW OF EXISTING PP APPROACHES

This section briefly reviews previous approaches for SPP
prior to endmember extraction, which will be used for quan-
titative validation and comparison with our newly developed
approach.

The SPP [4] estimates, for each input pixel vector, a scalar
factor that is intimately related to the spatial similarity between
the pixel and its spatial neighbors and then uses this scalar
factor to spatially weigh the spectral information associated
to the pixel. The correction is performed so that pixels lo-
cated in spatially homogeneous areas are expected to have a
smaller displacement with regard to their original location in
the data cloud than pure pixels surrounded by spectrally distinct
substances. Resulting from the aforementioned operation, a
modified simplex is formed, using not only spectral but also
spatial information. The modified simplex serves as a guide
for a subsequent competitive endmember identification process
performed by any endmember extraction algorithm.

The RBSPP [5] also uses spatial information 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 by
using a hybrid procedure that combines unsupervised clustering
and orthogonal subspace projection (OSP) concepts in order
to find a set of spatially representative regions with associated
spectra which are both spectrally pure and orthogonal between
them. A standard endmember extraction algorithm is then ap-
plied to the pixels in the resulting spatially connected regions
to produce the final endmembers.

The SSPP [6] first derives a spatial homogeneity index for
each pixel in the hyperspectral image and performs unsuper-
vised 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 candi-
dates for endmember extraction.

III. PROPOSED SE2PP ALGORITHM

This section introduces the SE2PP algorithm proposed in this
letter, whose ultimate goal is to select a subset of pixels from a
given hyperspectral image that will be the input to a subsequent
endmember extraction algorithm. The current section has been
divided into three subsections: The first and second subsections
are devoted to explain how these pixels are chosen from a
spatial and a spectral points of view, respectively, while the
third subsection details how both approaches are combined in
the proposed SE2PP algorithm.

A. Spatial Domain Analysis

The approaches in [2]–[6] are based on promoting the spa-
tially homogeneous areas as the ones in which it is most likely
to find pure pixels where, for the scope of this work, a spatially
homogeneous area can be coarsely defined as a region of the
image in which the dissimilarities between all its pixels are
below a certain—and typically small—threshold.

One of the assumptions on which the SE2PP algorithm is
based is that, theoretically, and if no more information is pro-
vided, all the pixels enclosed in a region identified as a spatially
homogeneous area have the same probability of becoming an
endmember of the image. Moreover, in the surroundings of
the frontier between two of these regions coexist pixels from
both of them. Hence, if, rather than selecting a small amount of
spatially large homogenous areas, a large amount of spatially
small heterogeneous areas are selected at the PP level, the
same extraction accuracy levels can be obtained while a fewer
number of pixels are retained from the original image, as it will
be demonstrated in the next section of this letter.

In order to identify these small heterogeneous areas located
in the frontier between two spatially homogenous areas without
incurring in an excessive computational cost, the following
measurement of the spatial activity (SA) of a region of pixels
is introduced:

SA =

m2∑

i=m1

n2∑

j=n1

|Ravg(i, j)− μ| (2)

where Ravg represents an image that has the same pixels as R
and only one spectral value per pixel obtained as the average
of all the spectral bands of R (i.e., if R has P pixels of N
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Fig. 1. Block diagram of the proposed SE2PP algorithm.

spectral bands each as indicated in (1), then Ravg will have
P pixels of one spectral value per pixel, which is obtained for
each pixel as ravg = ((r1 + r2 + · · ·+ rN )/N)); (m1, n1) and
(m2, n2) denote the absolute spatial coordinates of the region of
the image being processed; and finally, μ represents the average
value of all the pixels enclosed in the targeted region of the Ravg

image.
From the definition mentioned earlier, it can be easily con-

cluded that spatially homogenous areas will have low SA
values, while on the contrary, heterogeneous areas will produce
large values of the SA parameter.

B. Spectral Domain Analysis

Traditional endmember extraction algorithms, such as the
NFINDR algorithm [8], operate in such a way that pixels with
extreme values in any of the spectral bands of the sensed
hyperspectral image are prone to be in the set of the final
endmembers or, at least, prone to show a good match with one
of them. Hence, the proposed SE2PP algorithm takes advantage
of this property by selecting, for each spectral band of R, only
the 1% of the pixels that correspond with the highest values
and the 1% of the pixels that correspond with the lowest values
within each band of the image, following a similar strategy to
the one recently disclosed in [9].

C. SE2PP Algorithm

As it has been mentioned before, the proposed SE2PP algo-
rithm is based on selecting a reduced set of pixels from the orig-
inal image in order to process only those pixels in a posterior
endmember extraction stage. In order to do so, it first computes
the Ravg image from the R image and then divides Ravg into
nonoverlapped square blocks of pixels with the same spatial
dimensions, which means that (m2 −m1) = (n2 − n1) = M .
The SA of each of these blocks is further obtained, selecting
only the pixels corresponding to blocks with a very high
SA value, i.e., with a SA value above a predefined threshold
(SAth), which has been defined in this work as follows:

SAth = M2 · μ · f (3)

where f represents a scaling factor that modulates the amount
of spatial heterogeneity associated to a block of pixels in order
to be selected by the SE2PP algorithm. In particular, we have set
f to 0.05 because this was the value that empirically resulted in
the best compromise between endmember extraction accuracy
and speed for all the synthetic and real hyperspectral images
that were tested in our experiments. In addition, the SE2PP

algorithm also selects those pixels in R that are identified
as spectral extremes according to the procedure described in
the previous subsection. Once this process is completed, the
output (reduced) hyperspectral image provided by the SE2PP
algorithm is obtained by simply combining the pixels retained
by both procedures, and those pixels are then transferred to
the subsequent endmember extraction stage. For the sake of
clarity, Fig. 1 provides a block diagram that summarizes the
whole process carried out by the proposed SE2PP PP stage.

Finally, it is important to highlight two main differences of
the proposed SE2PP algorithm with respect to the PP strategies
described in [4]–[6]. First, all the operations involved in the
SE2PP algorithm are computationally simple which, as it will
be demonstrated in the next section, enables SE2PP to be much
faster than its competitors. Moreover, all these operations can
be easily implemented using a reduced amount of hardware
resources, which is of crucial importance for real-time onboard
systems. Second, the computations in the spatial domain are
independent of the ones to be carried out in the spectral domain.
Furthermore, in the spatial domain, the SA of each block of
pixels can be computed independently from each other, while
in the spectral domain, all the bands can be also independently
processed. All these features clearly distinguish the proposed
SE2PP algorithm as a low cost, computationally simple, and
highly parallelizable algorithm, undoubtedly attractive for on-
board systems under real-time restrictions.

IV. RESULTS

In this section, the performance of the proposed SE2PP
algorithm will be demonstrated. For this purpose, we have used
a set of artificially generated hyperspectral images as well as
the real well-known Cuprite hyperspectral image collected by
the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS).

A. Results Obtained With Synthetic Hyperspectral Images

The synthetic hyperspectral images used in this work were
generated with the Hyperspectral Imagery Synthesis toolbox
for MATLAB available at [10], which allowed us to create a
hyperspectral image of a spatial size defined by the user from
p spectral signatures selected from the U.S. Geological Survey
(USGS) digital spectral library. In particular, we have utilized
images of 400 × 400 pixels and 431 spectral bands each, which
were generated with the default options given by the tool for
generating abundances according to a Legendre distribution
or to two different types of Gaussian functions (Matérn and
Spheric). More concretely, we have generated three images
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Fig. 2. Synthetic hyperspectral images generated with p = 7.

TABLE I
AVERAGE PROCESSING TIMES OBTAINED WITH

ARTIFICIAL HYPERSPECTRAL IMAGES

for each type of function which correspond to three different
values of p (7, 9, and 11). As it is observed in Fig. 2, where
a snapshot of the images is depicted for the case of p = 7, the
generated images have spatially homogenous areas as well as
edges between them, as it is the case of the majority of real
remotely sensed hyperspectral images.

Table I tabulates the average results obtained when running
ten times per image the SE2PP algorithm combined with the
NFINDR (SE2PP + NFINDR) with M = 2 and with M = 4 in
a PC with Intel Quad Core CPU (at 3 GHz) and 4 GB of RAM
memory. As far as the endmembers extracted in all the cases
are perfectly matched with the ones computed by the NFINDR
algorithm without any PP stage, only the results in terms of pro-
cessing time have been reported. As it can be seen from Table I,
the combination of the SE2PP with the NFINDR algorithm is
able to extract the same endmembers from the tested image but
much faster than the NFINDR without a PP stage. Additionally,
it is concluded that better processing times are obtained with
M = 2 than with M = 4, which is completely logical as, in
the second case, when a block of pixels is selected due to its
associated SA value, 16 pixels are retained, while in the first
case, only four pixels are retained per selected block.

B. Results Obtained With the Cuprite Data Set

In order to test the proposed SE2PP algorithm in a more
realistic scenario, the AVIRIS Cuprite image has also been used
in this work. This scene is well understood mineralogically and
has been widely used to validate the accuracy of endmember
extraction algorithms. It consists of 350 × 350 pixels and 224
spectral bands between 0.4 and 2.5 μm. Prior to the analysis,

different bands have been removed due to water absorption
and low SNR resulting in a total of 188 spectral bands. In
order to determine the number of endmembers of the image,
the virtual dimensionality has been estimated by means of
the noise-whitened Harsanyi–Farrand–Chang eigenthreshold-
ing method [11] using the Neyman–Pearson test with the false-
alarm probability set to 10−5, resulting in a total number of 19
different pure materials. This value is in agreement with the
estimates provided by the well-known hyperspectral subspace
identification method (HySime) [12].

For the case of Cuprite and with the purpose of validating the
performance of our proposal in a more general way, the SE2PP
algorithm has been coupled not only to the NFINDR algorithm
but also to the state-of-the-art OSP [13] and VCA endmember
extraction algorithms. Fig. 3 shows (in white) the pixels of
Cuprite selected by the SE2PP algorithm with M = 2 (b) and
with M = 4 (c) together with the original image (a), as well
as the histograms of the SA values obtained for this image with
M = 2 (d) and with M = 4 (e). As it can be seen from Fig. 3(d)
and (e), the amount of blocks with large SA values is very small,
and hence, the proposed SE2PP algorithm retains a reduced
amount of pixels from the original image [Fig. 3(b) and (c)]. In
addition, Table II reports the average results obtained in terms
of extraction accuracy, measured as the spectral angle scores (in
degrees) obtained after comparing the USGS library spectra of
alunite (A), buddingtonite (B), calcite (C), kaolinite (K), and
muscovite (M) with the corresponding endmembers extracted
by the different algorithms from the Cuprite scene, and in terms
of processing time after 100 tests for M = 2 and for M = 4. As
it can be observed from Table II, when the SE2PP algorithm was
combined with any of the three aforementioned endmember ex-
traction algorithms, the achieved average accuracy was roughly
the same than that without using a PP stage for both values
of M . Nevertheless, in all the cases, the endmembers were
extracted much faster when the proposed SE2PP algorithm was
taken into account, particularly for the case of M = 2. This
is clearly inferred from the last column of Table II, where the
speedup achieved for each test case has been displayed.

Table III provides a comparison of the proposed SE2PP
algorithm with respect to the other three state-of-the-art PP
modules, namely, the SPP, RBSPP, and the SSPP algorithms.
As it is observed, the proposed SE2PP algorithm was able
to obtain the same average levels of extraction accuracy than
its predecessors while achieving much higher speedup factors.
Furthermore, the SE2PP algorithm was the only one that, when
combined with the VCA algorithm, provided shorter processing
times than the VCA algorithm by itself. Finally, the rightmost
column of Table III reveals that our proposed approach is, by
far, the most efficient, where a new measure of endmember
extraction efficiency (EEE) has been defined for the scope of
this work as follows:

EEE =
Speedup

Average spectral angle
· 10. (4)

V. CONCLUSION

In this letter, a novel spatial–spectral PP algorithm called
SE2PP has been presented. The proposed method can be com-
bined with existing endmember extraction algorithms (without
modification of such algorithms) to produce solutions with
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Fig. 3. Pixels of the (a) Cuprite image retained by the SE2PP algorithm with (b) M = 2 and with (c) M = 4 together with the SA histograms obtained for
(d) M = 2 and (e) M = 4.

TABLE II
SUMMARY OF THE RESULTS OBTAINED WITH THE CUPRITE DATA SET

TABLE III
COMPARISON WITH STATE-OF-THE-ART APPROACHES

reduced computational complexity while maintaining similar
endmember identification accuracies. The results obtained with
artificial and real hyperspectral images show that this PP
method clearly outperforms other similar algorithms in terms
of computational performance, obtaining similar average levels

of extraction accuracy. Last but not least, the simplicity of
the operations involved as well as their ease of parallelization
validates the proposed SE2PP algorithm for current and future
hardware-based real-time onboard systems.
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